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Highlights

What are the main findings?

• Propose a Frequency-aware Modulation and Perturbation Network (FMP-Net) in-
tegrating adaptive wavelet attention and Frequency-Guided Perturbation, which
selectively enhances ship high-frequency features while suppressing speckle noise
and background interference.

• Achieve state-of-the-art performance on four benchmark datasets (LS-SSDD-v1.0,
SSDD, SAR-Ship-Dataset, AIR-SARShip2.0) with a lightweight design (2.78M param-
eters), outperforming 18 existing methods, especially in complex nearshore and sea
clutter scenes.

What are the implications of the main findings?

• Provides a lightweight, high-performance practical solution for SAR ship detection
in complex sea areas like nearshore and sea clutter scenarios, which can improve the
efficiency of practical tasks including maritime surveillance and maritime security.

• Verifies the effectiveness of the technical idea combining “frequency-domain modula-
tion + perturbation” with attention mechanism in SAR image denoising and target
feature enhancement, offering new technical references for subsequent algorithm
design of SAR target detection.

• The proposed FMP-Net can be easily integrated into existing object detection frame-
works with minimal computational cost, providing a versatile tool for enhancing SAR
ship detection across various applications.

Abstract

Synthetic Aperture Radar (SAR) has unique advantages in ship monitoring at sea due
to its all-weather imaging capability. However, its unique imaging mechanism presents
two major challenges. First, speckle noise in the frequency domain reduces the contrast
between the target and the background. Second, side-lobe scattering blurs the ship outline,
especially in nearshore complex scenes, and strong scattering characteristics make it difficult
to separate the target from the background. The above two challenges significantly limit
the performance of tailored CNN-based detection models in optical images when applied
directly to SAR images. To address these challenges, this paper proposes a modulation and
perturbation mechanism in the frequency domain based on a lightweight CNN detector.
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Specifically, the wavelet transform is firstly used to extract high-frequency features in
different directions, and feature expression is dynamically adjusted according to the global
statistical information to realize the selective enhancement of the ship edge and detail
information. In terms of frequency-domain perturbation, a perturbation mechanism guided
by frequency-domain weight is introduced to effectively suppress background interference
while maintaining key target characteristics, which improves the robustness of the model
in complex scenes. Extensive experiments on four widely adopted benchmark datasets,
namely LS-SSDD-v1.0, SSDD, SAR-Ship-Dataset, and AIR-SARShip-2.0, demonstrate that
our FMP-Net significantly outperforms 18 existing state-of-the-art methods, especially in
complex nearshore scenes and sea surface interference scenes.

Keywords: SAR ship target detection; frequency-domain adaptation; modulation;
feature perturbation

1. Introduction
Synthetic Aperture Radar (SAR) is crucial for maritime ship detection, ocean obser-

vation, and maritime security because of its capability to provide images regardless of
weather or time of day [1]. SAR is particularly beneficial for detecting maritime entities
as it can penetrate challenging weather conditions like clouds, rain, and fog, allowing
for continuous marine surveillance [2]. Nonetheless, SAR’s specialized imaging method
presents various hurdles, complicating the ship detection process [3]. Firstly, speckle noise
in SAR imagery poses a significant challenge. This noise originates from the coherent
interference between radar and scattered waves on target surfaces [4], spreading widely
across the frequency domain. The presence of speckle noise introduces random grainy
textures in images, diminishing the contrast between targets and their backgrounds, thereby
complicating detection [5]. As depicted in Figure 1a, background noise from waves, ocean
currents, and sea surface clutter makes small targets more susceptible to noise disruption
or being obfuscated by clutter. Secondly, scattering leakage from side lobes can render
the ship’s external outlines incomplete and indistinct. As illustrated in Figure 1b,c, differ-
entiation between target and background becomes more challenging in complex inshore
environments due to intense side-lobe leakage and robust scattering from coastal and
port infrastructures.

(a) (b) (c)

Figure 1. Several typical SAR target detection challenges: (a) sea clutter interference, (b) strong
side-lobe interference leading to shape and edge blur, (c) complex scenes near the shore.
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Traditional ship detection methods in SAR imagery, such as the constant false alarm
rate (CFAR) statistical approaches [6–8], frequently rely on predetermined thresholds based
on a specific statistical model for the background noise. These methods function well in
largely uniform backgrounds, but in more intricate maritime and coastal regions, noise
and target distribution uncertainties make target–background differentiation problematic.
Object detection models leveraging Convolutional Neural Networks (CNNs), such as the
Faster R-CNN [9] and YOLO versions [10–16], can independently extract image features
through comprehensive training and have been proven effective in object detection tasks.
However, as illustrated in Figure 2, there is a significant discrepancy between the imaging
qualities of SAR and optical images [3]. This disparity often results in difficulties when these
models are applied, as they encounter issues with speckle noise and complex background
interference, leading to reduced performance. These deep learning models, in particular,
find it challenging to distinguish ship targets from other highly scattered objects in complex
settings and have trouble adapting to variable backgrounds, especially near ports and
coastlines, resulting in increased false positive rates.(a) (b)

(a) (b)

Figure 2. Examples of optical and SAR images from the same view. (a) Visible image. (b) SAR image.

Incorporating frequency-domain information offers a powerful means of addressing
these challenges. Within SAR imagery, ship targets’ edge and detailed features typically
manifest as high-frequency components, whereas the background is primarily located in
the lower-frequency range. Consequently, frequency-domain analysis can adeptly separate
the target’s frequency elements from the background, thereby enhancing target detection
accuracy. Nonetheless, speckle noise infiltrates not only the low-frequency regions but also
disrupts the image details within the high-frequency zones. This noise reduces the contrast
between targets and backgrounds, compounding the difficulty of object detection. The
presence of high-frequency noise necessitates not just attention to the targets’ edges and
details during high-frequency feature extraction but also requires effective discrimination
between beneficial high-frequency data and noise. Although conventional frequency
domain filtering techniques, such as high-pass filtering, succeed in isolating high-frequency
components, they fail to differentiate between target characteristics and noise, potentially
escalating high-frequency noise and impairing the efficacy of the detector.

This paper introduces a Frequency-aware Modulation and Perturbation Network
(FMP-Net) aimed at improving SAR ship detection. As shown in Figure 3, the core of FMP-
Net is the two successive Frequency-aware Modulation and Perturbation (FMP) stages,
composed of two crucial components: the multiscale Frequency-aware Modulation and
Perturbation (MS-FMP) module and the Adaptive Wavelet Frequency-aware Downsam-
pling (AWFDown) module, whose detailed architectures are illustrated in Figure 4. Within
the MS-FMP module, the input feature map initially undergoes a multiscale convolution
process. Subsequently, these features flow into the Adaptive Frequency-aware Modulation
and Perturbation (AFMP) module for further refinement. The AFMP module features
two branches: one for capturing and adjusting high-frequency features, and the other
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for diminishing background interference. The first branch employs an Adaptive Wavelet
Frequency-aware Attention (AWFA) module to detect high-frequency data across vari-
ous directions. Concurrently, to prevent undue enhancement of high-frequency noise,
a variance modulation strategy is employed, adjusting high-frequency features based on
their variance to minimize false detections in complex backgrounds. The opposing branch
houses the Frequency-Guided Perturbation (FGP) module, which perturbs feature maps
within the same batch. Unlike random perturbation, this method uses frequency domain
weights from the AWFA module to guide perturbation, maintaining essential details and
textures while suppressing less critical features and improving the model noise resistance,
as illustrated in Figure 5. To the best of our knowledge, this is the first time feature per-
turbation has been introduced into the field of SAR target detection. In the AWFDown
module, the AWFA module is additionally integrated to preserve high-frequency edges
and textures during downsampling, ensuring critical features remain intact while reducing
resolution. The contributions of the paper can be summarized in three key aspects:

• We introduce an innovative Frequency-aware Modulation and Perturbation Network
that effectively leverages the frequency domain characteristics of SAR images to
thoroughly explore target features, thereby enhancing the precision and resilience of
ship detection.

• Our developed Frequency-aware Modulation and Perturbation module employs a
dual-branch structure to improve the model’s resistance to noise: the first branch
is designed to modulate crucial frequency components through a tailored AWFA
module, while the second branch perturbs the feature maps guided by frequency
weights generated by AWFA.

• Our approach significantly surpasses baseline methods and attains state-of-the-art re-
sults across four SAR ship target detection benchmark datasets, namely LS-SSDD-v1.0,
SSDD, SAR-Ship-Dataset, and AIR-SARShip-2.0. Moreover, the method can be easily
integrated into existing object detection frameworks with minimal computational cost.
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Figure 3. The overall framework of our proposed FMP-Net.
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Figure 5. The detailed architecture of our proposed Frequency-Guided Perturbation (FGP) module.

The remainder of this paper is organized as follows: Section 2 provides a summary of
the related work discussed in this study. Section 3 details the components of the proposed
approach. As discussed in Section 4, we performed comprehensive experiments on four
widely adopted benchmark datasets to demonstrate the advantages of our method and
evaluate the contributions of its individual components. Finally, Section 5 presents the
conclusions of this study.

2. Related Work
2.1. SAR Ship Object Detection

Due to significant differences in feature distribution and noise characteristics between
SAR images and optical images, the effect of the general target detection model applied
directly to the SAR images is sub-optimal. To this end, researchers have improved these
models to adapt to the characteristics of SAR images. For example, Fu et al. [17] proposed
an anchor-free detection framework for multiscale SAR ship detection to eliminate the
influence of anchors by directly learning the encoded bounding boxes. Yang et al. [18]
introduced a coordinate attention module (CoAM) into the backbone for multiscale ship
detection with complex backgrounds in massive SAR images. Hong et al. [19] improved
YOLOv3 [10] according to the characteristics of the ships and introduced a Gaussian model
to output the uncertainty of each predicted bounding box to improve detection accuracy.
Hu et al. [20] proposed the Feature Interaction Network (FINet), which considers the
interaction of different subtasks at different scales from the object level and the pixel level
to improve the localization and classification ability in complex scenes. Zha et al. [21]
proposed a network based on Salient Region Extraction (SRE) and Multi-branch Attention
(MBA) to enhance the saliency of ships and improved the detection accuracy of small ships.
Muhammad et al. [22] combined a CNN and non-linear regression to extract ship geometric
features from SAR images and improved Mask R-CNN [23] and ViTDet [24] models to
generate high-quality object masks for accurate localization. Shen et al. [25] used an
anchor-free detector, decomposed large kernel convolutions to capture global information
and long-range dependencies, adaptively selected convolution kernels based on target
features, and improved multiscale feature representation. Muhammad et al. [26] proposed
SwinYOLOv7 by combining YOLOv7 [27], a Feature Pyramid Network (FPN) [28], and
the Swin Transformer to reduce the influence of background clutter. Besides intensity-
based SAR detectors, polarimetric and decomposition-based methods have also been
explored to exploit scattering information for ship-related analysis. Zhang et al. [29]
proposed a PolSAR ship detection metric based on sub-look decomposition and H/A/α

analysis to suppress sea clutter. Wang et al. [30] developed a PSO-based fine polarimetric
decomposition with explicit physical meaning for ship scattering characterization. These
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physics-driven approaches typically rely on full-polarimetric measurements and explicit
decomposition procedures. In contrast, our method targets conventional SAR intensity
images and improves ship detection robustness within a lightweight CNN detector under
speckle noise and complex backgrounds.

In addition, some recent works [31–33] have investigated the use of frequency domain
information to enhance the feature enhancement of the SAR image target. In contrast, we
propose a Frequency-aware Modulation and Perturbation strategy that not only selectively
enhances high-frequency target features through adaptive modulation but also introduces
Frequency-Guided Perturbation to suppress background interference, enabling more robust
detection in complex SAR scenes.

2.2. SAR Target Detection Based on Frequency Domain

Considering the frequency characteristics of SAR images, some studies have begun to
focus on the application of frequency domain features for SAR target detection. Li et al. [34]
manually constructed the rotation-invariant frequency domain feature of the ship target
with the polar Fourier transform to improve the detection of multiscale ships in complex
SAR scenes. Qiao et al. [35] proposed Multi-frequency Aggregation (MFA), which uses
Discrete Cosine Transform (DCT) to aggregate frequency information and suppresses back-
ground interference by selecting the optimal frequency response feature. Zhang et al. [31]
introduced the frequency attention mechanism (FAM) to suppress the interference of sea
clutter through the end-to-end adaptive processing of frequency-domain information from
SAR images. Wang et al. [32] used the Haar wavelet transform to convert the original
image into the frequency domain and obtained the spatial and frequency characteristics
of the target ship to effectively separate the key features and useless noise of the SAR
image. However, the above frequency-domain methods do not fully use high-frequency
information. For SAR intensity imagery, high-frequency components simultaneously en-
code discriminative ship edges and textures as well as speckle- and background-induced
interference, so indiscriminate high-frequency enhancement tends to amplify noise and
reduce reliability. Therefore, simply amplifying the high-frequency information will cause
the background noise to be amplified at the same time, thus reducing the detection accuracy
and reliability. The variance modulation mechanism introduced in this paper adaptively
adjusts the high-frequency features through global statistical information to achieve the
goal of selectively enhancing high-frequency features and suppressing background noise.
In summary, our FMP module differs from prior frequency-domain-based detectors in three
aspects. First, we model directional high-frequency responses via wavelet-aware weighting,
rather than using a single global frequency representation. Second, we introduce variance
modulation to adaptively balance enhancement and suppression in the high-frequency
branch, which avoids indiscriminate amplification of noisy responses. Third, beyond deter-
ministic enhancement, we incorporate frequency-guided feature perturbation to improve
robustness against speckle noise and complex background interference.

2.3. Feature Perturbation

In the realm of object detection, feature perturbation has been proven to effectively boost
a model’s ability to generalize [36,37]. Modifying input features prevents the model from
heavily depending on specific local traits, thereby enhancing its resilience across varying
conditions [36–44]. For instance, Zhou et al. [42] introduced AMSP Vortex Convolution
(AMSP-VCONV) to alter the noise pattern and strengthen feature extraction. Fan et al. [43]
devised the Normalized Perturbation (NP) method to create diverse latent styles by modify-
ing channel statistics of low-level source-domain features, enabling the model to recognize
various latent domains. Zhou et al. [44] introduced Mixstyle, which in training combines
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feature statistics from two random samples in one pass to improve domain generalization
performance. While feature perturbation based on spatial features has been effective in
detecting targets in optical images, its usage in SAR image target detection remains limited.
SAR images, often complicated by speckle noise and intricate backgrounds, face the challenge
of noise interference, which may result in false detections and missed targets. This study
presents a feature perturbation module founded on high-frequency information enhancement,
which further augments the model’s adaptability in cluttered and noisy settings.

3. Approach
3.1. Overall Framework

The overall architecture of our proposed FMP-Net is depicted in Figure 3. It com-
prises three primary components: backbone, neck, and detection head. In this work, we
adopted YOLOv8n as the baseline detection framework. Initially, SAR images, denoted
as I ∈ RH×W , are introduced as input data and processed by the backbone network. This
backbone is made up of two CSP stages and two Frequency-aware Modulation and Pertur-
bation (FMP) stages. The CSP stages handle the extraction of low-level features, whereas
the FMP stages are responsible for capturing higher-level semantic features. Each FMP
stage consists of an Adaptive Wavelet Frequency-aware Downsampling (AWFDown) mod-
ule and a Multiscale Frequency-aware Modulation and Perturbation (MS-FMP) module,
as illustrated in Figure 4. The AWFDown module maintains the image’s high-frequency
information during downsampling via wavelet decomposition, ensuring that essential
details are retained despite the reduction in the map’s size. The MS-FMP module generates
multiscale features through the Adaptive Frequency-aware Modulation and Perturbation
(AFMP) module, primarily comprising an Adaptive Wavelet Frequency-aware Attention
(AWFA) module and a variance modulation module. The AWFA module captures edge
and detail information of the image to ensure precise contour extraction of targets, whereas
the variance modulation utilizes global statistical characteristics to dynamically adjust
high-frequency features, preventing false detections in complex environments or with
significant noise. Moreover, the Frequency-Guided Perturbation (FGP) module within the
AFMP module aids in mitigating background interference on the target by introducing dy-
namic disturbances during training, thereby enhancing detection robustness. Subsequently,
the SPPF [45] module further refines these features to bolster computational efficiency and
eliminate redundant data. The PAN-FPN [46] structure is employed to merge multilevel
features from the backbone, enabling the model to detect both detailed and global features
effectively. Ultimately, the detection head utilizes features obtained by the neck to perform
object classification and localization, providing the final detection results.

3.2. Frequency-Aware Modulation and Perturbation (FMP)

As shown in Figure 4a, the FMP stage consists of two main parts: the MS-FMP and
AWFDown modules, which successively process the input features in order to retain high-
frequency information while downsampling, selectively enhancing and perturbing high-

frequency features. Given the input feature map Fl−1 ∈ R
H

2l−1 ×
W

2l−1 ×Cl−1 , l ∈ [3, 4] denotes the
number of stages that are first downsampled by the AWFDown module to obtain the feature

map Al ∈ R
H
2l ×

W
2l ×Cl . Then, Al is processed by the MS-FMP module, which further enhances

and perturbs high-frequency features, resulting in the output feature map Fl ∈ R
H
2l ×

W
2l ×Cl , i.e.,

Fl = MS_FMP(AWFDown(Fl−1)). (1)

Adaptive Wavelet Frequency-Aware Downsampling (AWFDown). Due to the
possible loss of important information in detail during the sampling operation, we introduce
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AWFDown to effectively preserve high-frequency information during the downsampling
process. As shown in Figure 4b, AWFDown consists of AWFA, Conv3×3(·), and Conv1×1(·):

Al = Conv3×3(Conv1×1(AWFA(Fl−1))), (2)

where the AWFA module can enhance the edges and details in the feature map, so as to
retain important detail information in the subsequent downsampling process. Conv1×1(·)
represents a convolutional layer with a kernel size of 1 × 1, and Conv3×3(·) represents a
convolutional layer with a kernel size of 3 × 3. In Section 3.3, we discuss the implementation
of the AWFA module in detail.

Mutiscale Frequency-Aware Modulation and Perturbation (MS-FMP). As mentioned
in Section 1, unlike general target detection, SAR target detection is susceptible to strong
scattering and speckle noise, making it difficult to distinguish the target from the back-
ground. In order to solve the problem of the ambiguous boundary between the background
and the object, as shown in Figure 4c, we introduce the MS-FMP module to capture
multiscale texture features. Formally, the MS-FMP module within the l-th stage can be
represented mathematically as

Z(i)
l = AFMP(DWConvki×ki

(Al)),

ki = {3, 5, 7}, i = {1, 2, 3},

Fl = Conv1×1(Concat(Z(1)
l , Z(2)

l , Z(3)
l )) + Al .

(3)

3.3. Adaptive Frequency-Aware Modulation and Perturbation (AFMP) Module

In SAR images, important information about the target, such as edge and texture, often
appears in the form of high-frequency features, and background noise may also appear
as high-frequency interference. Therefore, as shown in Figure 4d, we designed the AFMP
module to achieve selective enhancement of high-frequency features and suppression of
background noise.

Adaptive Wavelet Frequency-Aware Attention Module (AWFA). As shown in
Figure 4d, the AWFA module first applies a one-level Haar wavelet transform to the

input feature map A(i)
l ∈ R

H
2l ×

W
2l ×Cl , where i ∈ {1, 2, 3} denotes the i-th scale, to extract

high-frequency information that is indicative of boundaries and structural details. Through
Haar wavelet decomposition, we retain only the three directional high-frequency compo-

nents: the horizontal detail component XLH
l ∈ R

H
2l+1 ×

W
2l+1 ×Cl , the vertical detail component

XHL
l ∈ R

H
2l+1 ×

W
2l+1 ×Cl , and the diagonal detail component XHH

l ∈ R
H

2l+1 ×
W

2l+1 ×Cl . The ratio-
nale for using XLH

l , XHL
l , and XHH

l jointly is that ship boundaries, wakes, and corner-type
scattering structures may appear at arbitrary orientations. Accordingly, different boundary
segments can yield stronger responses in different directional components, and using only
one component may miss edges with other orientations. By aggregating these three com-
ponents, AWFA forms a more complete edge-enhancement representation, which facilitates
target–background separation in both offshore scenes and nearshore scenarios with complex
clutter. This behavior is illustrated in Figure 6, where the combined magnitude of LH+HL+HH
highlights ship boundaries more clearly than any single directional component.

These high-frequency components can be obtained through convolution with the
following Haar filter kernels:

fLH =
1
2

[
1 −1
1 −1

]
, fHL =

1
2

[
1 1
−1 −1

]
, fHH =

1
2

[
1 −1
−1 1

]
, (4)
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where fLH, fHL, and fHH are used to extract high-frequency information in horizontal, vertical,
and diagonal directions, respectively. In implementation, the Haar transform is realized by
fixed 2 × 2 Haar filter kernels with a stride of 2 applied over the entire feature map, and thus,
the transform window is inherently 2 × 2 for a one-level decomposition. This design does
not introduce an additional patch-wise window-size hyper-parameter; instead, it performs
dense local filtering across the whole feature map with minimal computational overhead. By
applying these filters with a stride of 2, high-frequency components in the horizontal, vertical,
and diagonal directions can be obtained from the input feature map A(i)

l ,

[XLH
l , XHL

l , XHH
l ] = Conv([ fLH , fHL, fHH ], A(i)

l ). (5)

Figure 6. Visualization of one-level 2D Haar DWT subbands on a representative SAR image. LL
denotes the low-frequency approximation. LH, HL, and HH denote the directional high-frequency
detail subbands.

To capture frequency features at different scales, we apply multiscale pooling to the
high-frequency components XLH

l , XHL
l , and XHH

l . Specifically,

X(i)
l,avg = ∑

h∈{LH,HL,HH}
AvgPool(Xh

l ),

X(i)
l,max = ∑

h∈{LH,HL,HH}
MaxPool(Xh

l ),

X(i)
l,min = ∑

h∈{LH,HL,HH}
MinPool(Xh

l ),

(6)

where X(i)
l,avg, X(i)

l,max, and X(i)
l,min ∈ R1×1×Cl represent the average, maximum, and mini-

mum pooling results, respectively. These operations smooth, emphasize, and suppress
high-frequency features to enhance texture details, highlight structural edges, and reduce
background noise. The pooled features are then fused by applying a 1 × 1 convolution to
each pooled output and summing the results, as follows:

λ
(i)
l = σ

 ∑
p∈{avg,max,min}

Conv1×1(X
(i)
l,p)

,

X(i)
l = λ

(i)
l ⊗ A(i)

l ,

(7)
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where X(i)
l ∈ R

H
2l ×

W
2l ×Cl denotes the output of the AWFA module. The weight of the

frequency domain λ
(i)
l ∈ R1×1×Cl , obtained through the sigmoid activation function σ,

dynamically modulates the strength of the high-frequency features in different regions of
the feature map. “⊗” represents element-wise broadcasted multiplication. This adaptive
weighting mechanism enables the model to selectively enhance the high-frequency details
in the target regions.

Variance modulation. In SAR images, high-frequency information not only includes
target edges and details but also contains a significant amount of noise. Direct enhancement
of all high-frequency features may lead to excessive amplification of noise. Variance modu-
lation dynamically adjusts the expression of high-frequency information by combining the
global statistical information of the feature map with local salient features.

Firstly, by calculating the variance of the feature map, we can quantify the global
variation range of each channel of the feature map, which can reflect the strength of the
high-frequency features in the image.

v(i)
l = Var(X(i)

l )

=
1

HW

H

∑
p=1

W

∑
q=1

(
X(i)

l,pq − µ(X(i)
l )

)2
,

µ(X(i)
l ) =

1
HW

H

∑
p=1

W

∑
q=1

X(i)
l,pq.

(8)

where µ(X(i)
l ) represents the mean of the feature map X(i)

l . Next, to capture prominent
local high-frequency features, we apply adaptive maxpooling to extract significant local
details. We then combine the global variance v(i)

l ∈ R1×1×Cl with the locally pooled feature
through a linear combination, weighted by learnable parameters α and β, to balance the
influence of global and local high-frequency information. The combined features undergo
a linear transformation with a learnable weight matrix W (i)

l ∈ R1×1×Cl and are then passed
through a GELU activation function. The modulation process can be calculated as follows:

X(i)′

l = X(i)
l ⊗ GELU(W (i)

l ⊙ (α · MaxPool(X(i)
l ) + β · v(i)

l )), (9)

where “⊙” represents the Hadamard product. This formulation ensures an adaptive balance
between local and global information, enhancing the representation of high-frequency
details while suppressing noise.

Frequency-Guided Perturbation (FGP). The abundance of speckle noise in SAR im-
ages leads to random intensity variations caused by the coherence among small scatterers.
This noise generates texture interference within the image, obscuring the boundary be-
tween the target and the background, making it easy to misinterpret background noise as
significant features, thereby compromising the precision of target detection.

As shown in Figure 5, the FGP module standardizes the feature map and adjusts the
feature mean and variance to a unified scale.

µ
(i)
l,ori =

1
HlWl

Hl

∑
p=1

Wl

∑
q=1

A(i)
l,pq,

σ
(i)
l,ori =

√√√√ 1
HlWl

Hl

∑
p=1

Wl

∑
q=1

(
A(i)

l,pq − µ
(i)
l,ori

)2
,

A(i)
l,normed =

A(i)
l − µ

(i)
l,ori

σ
2,(i)
l,ori + ϵ

.

(10)
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where µ
(i)
l,ori, σ

(i)
l,ori, and A(i)

l,normed denote A(i)
l , meaning the results of the mean, standard

deviation, and standardization, respectively. Assuming the size of the training batch is B,

we randomly rearrange the features A(i,b)
l ∈ RB× H

2l ×
W
2l ×Cl within the batch. Specifically, we

firstly randomly shuffle the sample order within the batch to obtain a new permutation
index perm:

A(i,b)
l,perm = RandPerm(A(i,b)

l ), (11)

Here, A(i,b)
l,perm represents the permuted features with an average of µ

(i)
l,perm and a stan-

dard deviation of σ
(i)
l,perm, indicating the modified feature distribution. This random mod-

ification obscures background information, compelling the model to depend on global
characteristics instead of local signals to identify the target. Subsequently, we employ
weighted adjustment to merge the mean and standard deviation of the original with those
of the permuted features, resulting in the adjusted mean µ

(i)
l,adjusted and the adjusted standard

deviation σ
(i)
l,adjusted as demonstrated:

µ
(i)
l,adjusted = γ

(i)
l · µ

(i)
l,ori + (1 − γ

(i)
l ) · µ

(i)
l,perm,

σ
(i)
l,adjusted = γ

(i)
l · σ

(i)
l,ori + (1 − γ

(i)
l ) · σ

(i)
l,perm.

(12)

γ
(i)
l = 1 − λ

(i)
l , (13)

Here, γ
(i)
l ∈ R1×1×Cl signifies the perturbation coefficient, a parameter that dictates

the level of disturbance applied. This coefficient γ
(i)
l is influenced by the weight in the

frequency domain, denoted as λ
(i)
l , after which characteristic disturbances are adaptively

adjusted. A large value of λ
(i)
l signifies that high-frequency information within the image is

crucial and heavily weighted for the detection task. To prevent excessive alterations to these
details, it is essential to diminish the perturbation coefficient. Conversely, if the detailed
information presently has a minor role in the task, or if the background information is more
intricate, enhancing the perturbation coefficient can help mitigate the impact of background
noise. The resulting perturbation features are represented as follows:

A(i)′

l = A(i)
l,normed ⊗ σ

(i)
l,adjusted + µ

(i)
l,adjusted. (14)

It combines A(i)
l,normed with µ

(i)
l,adjusted and σ

(i)
l,adjusted to ensure that the output feature

map not only retains the necessary high-frequency details but also focuses more on global
features when the background noise is complex. This dynamic adjustment mechanism en-
ables the FGP module to deal with the dependence of the target on background information
in different scenarios.

The final output of the AFMP module is

Z(i)
l = A(i)′

l + X(i)′

l . (15)

3.4. Loss Function

The final loss function is composed of a weighted binary cross-entropy loss Lw
BCE,

a weighted CIoU loss Lw
CIoU , and a distribution focal loss Lw

DFL, where each component has
a specific weight to ensure an appropriate influence on the total loss. The resultant loss
function can be formulated as

L = λclsLw
BCE + λiouLw

CIoU + λd f lLw
DFL. (16)
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4. Experiments
4.1. Dataset and Experimental Setup

(1) The LS-SSDD-v1.0 [47] is constructed from Sentinel-1 SAR data released by the
European Space Agency. The dataset is composed of Sentinel-1 acquisitions in the interfer-
ometric wide swath imaging mode. It contains two polarization channels, VV and the VH,
which are the default polarimetric combinations over maritime surveillance areas. Follow-
ing the official setting, large-scene images are cut into 9000 sub-images of 800 × 800 pixels,
where ships are usually small and thus challenging to detect. According to the official
division, 6000 sub-images are used for training and 3000 for testing.

(2) SSDD [48] integrates SAR images collected from three sensors, namely RadarSat-2,
TerraSAR-X, and Sentinel-1. It includes multiple polarization modes, namely HH, HV, VV,
and VH. The dataset contains 1160 SAR images of 500 × 500 pixels with 2358 ship instances,
and the spatial resolution spans from 1 m to 15 m. The official split uses 928 images for
training and the remaining images for testing.

(3) SAR-Ship-Dataset [49] was built from Gaofen-3 and Sentinel-1 data and contains
43,819 ship chips of 256 × 256 pixels covering 59,535 ship instances. The dataset involves
multiple SAR acquisition modes, including ultrafine strip-map, fine strip-map 1, fine strip-
map 2, quad-polarization strip-map 1, S3 strip-map, and interferometric wide-swath. It
provides samples with multiple spatial resolutions, including 3 m, 5 m, 8 m, 10 m, and 25 m,
and it supports single-polarization, dual-polarization, and full-polarization settings. Since
no official split has been released, we randomly split the dataset into training and testing
sets at a ratio of 8 to 2 following common practice in comparative methods.

(4) AIR-SARShip-2.0 [50] was collected from Gaofen-3 high-resolution SAR imagery.
According to the dataset description, Gaofen-3 data are acquired under strip-map imaging
mode and spotlight imaging mode, and the dataset provides meter-level resolutions, includ-
ing 1 m and 3 m, with single-polarization measurements. It contains 300 SAR images of
1000 × 3000 pixels covering various complex scenes, including ports, islands, reefs, and open
sea surfaces. Since no official split standard is provided, the dataset was randomly divided
into training and testing sets at a ratio of 8 to 2 following the settings in other methods, which
is suitable for high-resolution SAR ship detection under complex backgrounds.

We performed experiments on four NVIDIA GeForce GTX3090 Gpus with 24 GB of
memory with Pytorch-1.12.1 and python 3.9, with the batch size set to 96. The size of
the training images was 640 for the LS-SSDD-v1.0, SSDD, and AIR-SARShip-2.0 datasets
and 256 for the SAR-Ship-Dataset. We trained the model 300 times in total, and the
Adam optimizer was used with an initial learning rate of 0.001, and the weight decay and
momentum were set to 5 × 10−4 and 0.9. To ensure a fair comparison, all comparative
methods were trained and evaluated under the same protocol on each dataset, including
the same data splits, input resolution, batch size, training epochs, and the same data
augmentation pipeline (random flipping, random scaling, and mosaic augmentation).

4.2. Evaluation Metrics

In order to systematically evaluate the performance of the model in the ship detection
tasks on SAR images, this study used the precision, recall and F1 score, along with the
mean average precision (mAP), as primary evaluation metrics. mAP is widely used in
object detection tasks, as it comprehensively measures the performance of a model in
terms of precision and recall, reflecting the stability of the model across different detection
thresholds. mAP calculates the average precision (AP) for each class by taking the area
under the precision–recall curve. The metrics are defined as follows:

Precision =
TP

TP + FP
, (17)
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Recall =
TP

TP + FN
, (18)

F1 = 2 × Precision × Recall
Precision + Recall

, (19)

where TP denotes the number of correctly detected targets, FP represents regions that are
incorrectly detected as targets, and FN represents the number of missed targets. AP is
calculated as follows:

AP =
1
n ∑

r∈{ 1
n , 2

n ,...,1}
P(r), (20)

where n represents the number of sampling points on the recall curve used to calculate AP,
and P(r) represents the precision of a recall of r. The mAP is defined as the average of the
AP values in all categories, as follows:

mAP =
1
N

N

∑
k=1

APk, (21)

where N denotes the total number of target categories, and APk represents the average
precision for the k-th category. To comprehensively assess the detection performance of the
model, AP is calculated under various IoU thresholds, including AP50 (IoU = 0.5), AP75

(IoU = 0.75), and AP50−95, which is the mean AP across IoU thresholds from 0.5 to 0.95
with a step size of 0.05. In this study, since the detection target is limited to the category of
the ship, the calculation of mAP simplifies to the AP value for this single class.

4.3. Comparison with State-of-the-Arts Methods

(1) Quantitative evaluation: Tables 1–4 present the detailed comparison results
of our proposed FMP-Net against 18 other state-of-the-art methods in multiple bench-
mark datasets. These methods include the following: one-stage object detection net-
works: Atss [51], CenterNet [52], Fcos [53], Gfl [54], Retinanet [55], YOLOv3n-tiny [10],
YOLOv5n [11], YOLOv6n [12], YOLOv9t [13], YOLOv8n [14], YOLOv10n [15], and
YOLOv11n [16]; two-stage object detection networks: Cascade-RCNN [56], Faster-
RCNN [9], Grid-RCNN [57], and Libra-RRCNN [58]; and end-to-end networks: Dino [59]
and RTDetr-ResNet50 [60]. It can be seen that our method significantly outperforms these
comparison methods on all benchmark datasets and achieves higher detection performance.
Among them, our proposed FMP-Net achieves the best or second-best performance in
several evaluation metrics, demonstrating excellent advantages. In particular, our method
maintains a lightweight architecture with only 2.78M parameters and 7.8G FLOPs, which
are significantly lower metrics than those of most comparison methods.

On the LS-SSDD-v1.0 dataset. As shown in Table 1, we performed a detailed analysis
on inshore and offshore scenarios, which represent different levels of detection difficulty.
In inshore scenarios, FMP-Net achieves a precision of 67.7%, a recall of 51.1%, and an F1
score of 58.2%, significantly outperforming other methods. Compared to the second-best,
YOLOv8s, the F1 score is improved by 2.1% (from 56.1% to 58.2%), and AP50 is increased
by 4.2% (from 52.8% to 57.0%). This superior performance is attributed to the Frequency-
aware Modulation and Perturbation strategy, which effectively distinguishes ships from
strongly scattering harbor facilities and coastal structures. In offshore scenarios, AP75 is
significantly higher than the second-best, YOLOv5n (an increase of 1.8%), where AP50
and mAP reach 93.1% and 40.6%, respectively. This indicates that the method has a strong
detection ability in offshore background. It should be noted that while most methods show
better performance in offshore scenarios than inshore scenarios, the proposed FMP-Net has
a smaller performance gap (36.5% difference in AP50) between these two scenarios than
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other methods (for example, YOLOv6n shows a 47.3% gap). This shows that the proposed
method maintains a more consistent performance under different environmental conditions.

Table 1. Quantitative comparison of FMP-Net with 18 SOTA methods for SAR ship detection on
the LS-SSDD-v1.0 dataset. Bold indicates the best performance, and underline indicates the second-
best performance.

Methods
All Inshore Offshore

Params (M) FLOPs (G)
P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75

Atss [51] 84.2 66.0 74.0 73.3 28.9 13.5 60.5 34.8 44.2 39.5 13.5 5.2 88.3 86.6 87.4 89.9 36.8 18.1 32.11 80.5
Cascade-RCNN [56] 83.5 62.9 71.8 73.9 30.5 17.6 59.1 30.9 40.6 44.5 18.2 10.2 86.7 83.8 85.2 88.6 36.5 18.0 69.15 118.7
CenterNet [52] 82.8 69.9 75.8 71.1 25.8 10.4 61.1 41.3 49.3 39.9 12.9 4.0 89.1 87.7 88.4 86.5 32.8 14.6 32.11 78.6
Dino [59] 82.0 67.0 74.0 73.6 27.8 11.1 63.3 41.2 49.9 44.6 15.1 5.2 86.4 84.5 85.5 88.1 34.8 15.2 47.54 118.8
Faster-RCNN [9] 87.9 64.7 74.5 76.1 31.4 17.5 68.0 32.4 43.9 48.3 20.2 11.1 89.9 86.3 88.1 90.4 37.1 20.6 41.35 90.9
Fcos [53] 84.4 66.8 74.6 72.4 27.1 11.3 57.9 37.4 45.4 37.9 12.4 4.8 89.2 87.8 88.5 89.2 34.9 15.7 32.11 78.6
Gfl [54] 85.6 62.2 72.1 69.9 28.1 13.5 58.2 30.4 40.0 35.1 13.0 5.8 89.0 84.9 86.9 89.2 36.5 17.9 32.26 81.7
Grid-RCNN [57] 82.6 63.1 71.5 72.4 29.5 15.9 54.0 34.3 42.0 41.0 16.2 9.6 90.0 80.9 85.2 22.3 36.2 19.4 - -
Libra-RCNN [58] 79.7 63.2 70.5 71.5 29.2 15.4 52.4 33.7 41.0 37.5 14.3 7.9 87.0 82.3 84.6 88.5 36.6 19.2 41.61 92.6
Retinanet [54] 78.0 61.7 68.9 67.0 24.5 9.1 45.0 29.1 35.3 27.4 9.1 3.2 87.4 85.3 86.3 87.9 33.3 13.3 36.33 81.6
YOLOv3-t [10] 81.3 63.3 71.2 73.0 30.3 17.3 54.2 37.2 44.1 40.9 15.5 7.9 87.7 81.8 84.7 88.9 38.0 22.5 12.13 18.9
RTDetr-ResNet50 [60] 69.9 58.2 38.8 58.2 25.3 12.1 45.8 33.6 38.8 31.3 11.7 5.1 75.4 75.5 75.4 82.5 33.2 16.2 - -
YOLOv5n [11] 85.9 68.4 76.2 77.0 31.9 17.7 60.7 42.6 50.1 47.3 18.0 8.6 90.6 87.5 89.0 92.7 39.6 23.1 2.50 7.1
YOLOv6n [12] 83.5 68.9 73.7 76.4 30.7 15.4 56.5 42.4 48.4 43.7 15.0 6.5 89.6 85.3 87.4 91.0 38.2 20.6 4.23 11.8
YOLOv9t [13] 85.5 68.2 75.8 77.6 31.6 16.6 61.9 45.3 52.3 50.0 18.4 7.7 89.1 87.4 88.2 92.1 38.7 22.1 1.97 7.6
YOLOv9s [13] 83.1 72.1 77.2 79.0 32.5 18.1 66.1 47.3 55.2 52.5 19.6 8.6 91.0 86.4 88.6 92.5 39.5 23.0 7.2 27.4
YOLOv8n [14] 84.1 67.7 75.0 75.6 29.8 14.5 64.7 49.2 52.5 49.2 17.5 6.2 88.8 86.1 87.4 89.6 36.6 19.6 3.01 8.1
YOLOv8s [14] 83.8 69.9 76.3 78.7 31.7 16.6 66.1 48.7 56.1 52.8 19.3 8.5 88.5 87.3 86.2 91.6 38.5 22.1 11.13 28.4
YOLOv10n [15] 80.7 67.8 73.7 76.7 31.5 16.8 62.9 46.3 53.4 51.2 19.6 9.6 85.2 83.5 84.4 90.2 38.0 21.3 2.27 8.2
YOLOv10s [15] 80.7 67.7 73.7 75.7 30.8 16.4 61.5 44.0 51.7 49.4 18.1 8.1 86.4 83.1 84.7 89.8 37.8 21.3 8.1 24.8
YOLOv11n [16] 84.7 70.1 76.7 78.1 31.5 16.6 63.6 47.2 54.2 51.5 18.8 8.2 89.2 87.2 88.2 91.9 38.7 22.1 2.58 6.3
YOLOv11s [16] 87.4 67.3 76.0 78.0 32.4 17.8 64.6 44.6 52.8 49.0 18.8 8.5 90.9 87.6 89.2 93.3 39.9 23.7 9.4 21.5

Ours 85.9 72.8 78.8 81.0 33.6 18.1 67.7 51.1 58.2 57.0 21.0 7.7 91.2 88.2 89.7 93.1 40.6 24.9 2.78 7.8

Table 2. Quantitative comparison of FMP-Net with 18 SOTA methods for SAR ship detection on the
SSDD dataset. Bold indicates the best performance, and underline indicates the second-best performance.

Methods P R F1 AP50 mAP AP75

Atss [51] 93.5 87.2 90.2 93.8 65.0 78.1
Cascade-RCNN [56] 95.6 85.2 90.1 94.5 66.7 74.1
CenterNet [52] 90.7 84.8 87.6 90.0 52.9 56.5
Dino [59] 93.0 82.1 87.2 91.7 62.2 73.1
Faster-RCNN [9] 93.3 81.1 86.8 91.3 46.8 43.2
Fcos [53] 95.1 87.7 91.3 93.5 55.7 61.9
Gfl [54] 91.7 83.2 87.3 90.3 55.0 56.0
Grid-RCNN [57] 95.1 85.0 89.7 92.6 56.0 56.0
Libra-RCNN [58] 92.2 88.8 90.5 94.9 64.8 78.2
Retinanet [54] 82.7 82.1 82.4 87.2 42.3 35.9
YOLOv3-t [10] 95.5 89.1 92.2 95.3 63.5 75.6
RTDetr-ResNet50 [60] 91.0 88.9 89.9 95.0 61.7 73.5
YOLOv5n [11] 95.2 95.9 95.2 97.7 66.2 78.1
YOLOv6n [12] 95.5 94.4 95.2 97.2 64.4 73.9
YOLOv9t [13] 97.6 93.3 95.2 97.0 66.7 77.9
YOLOv9s [13] 95.9 96.0 95.8 97.2 66.0 77.3
YOLOv8n [14] 94.6 94.2 94.8 97.1 65.6 75.5
YOLOv8s [14] 96.8 96.8 95.8 97.7 66.2 77.8
YOLOv10n [15] 94.9 93.4 94.5 97.8 65.4 77.8
YOLOv10s [15] 92.7 95.4 94.0 97.4 65.0 76.0
YOLOv11n [16] 95.6 93.9 95.1 97.5 65.5 79.5
YOLOv11s [16] 95.3 95.0 95.1 96.9 66.0 77.1
Ours 97.7 96.2 97.0 98.3 67.4 79.3

On the SSDD dataset. As shown in Table 2, our method achieves an AP50 of 98.3%
and mAP of 67.4%, outperforming all comparison methods. Specifically, compared with
the second-best method, YOLOv8s (mAP: 66.2%; AP75: 77.8%), our mAP and AP75 are
improved by 1.2% and 1.5%, respectively. The F1 value reaches 97.0%, which is 1.2% higher
than that of YOLOv8s. Additionally, our precision reaches 97.7% and recall reaches 96.2%,
demonstrating the superior and balanced detection capabilities of FMP-Net.
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Table 3. Quantitative comparison of FMP-Net with 18 SOTA methods for SAR ship detection on
the SAR-Ship-Dataset. Bold indicates the best performance, and underline indicates the second-
best performance.

Methods P R F1 AP50 mAP AP75

Atss [51] 95.2 93.9 94.6 96.9 67.1 79.2
Cascade-RCNN [56] 89.4 89.6 89.5 93.7 57.7 62.9
CenterNet [52] 94.3 93.8 94.0 96.7 64.2 74.6
Dino [59] 96.5 95.2 95.8 96.5 67.0 80.7
Faster-RCNN [9] 92.5 88.9 90.7 94.4 57.4 63.4
Fcos [53] 95.7 95.0 95.3 97.5 67.8 80.6
Gfl [54] 95.7 94.5 95.1 97.3 67.8 80.2
Grid-RCNN [57] 91.0 87.4 89.1 84.0 56.5 62.6
Libra-RCNN [58] 94.6 93.3 93.9 96.7 67.1 80.6
Retinanet [54] 92.9 93.1 93.0 96.3 64.5 74.5
YOLOv3-t [10] 91.8 86.5 89.1 93.6 56.5 61.4
RTDetr-ResNet50 [60] 92.6 93.2 92.9 95.5 59.9 67.2
YOLOv5n [11] 90.8 90.4 90.6 94.8 58.5 64.7
YOLOv6n [12] 93.8 91.6 92.7 95.6 61.5 70.6
YOLOv9t [13] 91.2 90.6 90.9 94.8 57.9 64.3
YOLOv9s [13] 92.1 91.4 91.7 95.7 61.0 69.4
YOLOv8n [14] 93.0 92.4 92.7 96.4 62.4 71.9
YOLOv8s [14] 94.6 93.7 94.1 97.3 67.3 80.0
YOLOv10n [15] 91.2 88.9 90.5 94.6 57.5 63.4
YOLOv10s [15] 90.4 91.0 90.7 94.8 58.9 66.1
YOLOv11n [16] 90.9 91.3 91.1 95.1 60.3 68.9
YOLOv11s [16] 92.1 92.7 92.4 96.3 63.3 73.2
Ours 96.0 94.6 95.3 97.8 68.9 82.0

Table 4. Quantitative comparison of FMP-Net with 18 SOTA methods for SAR ship detection on
the AIR-SARShip-2.0 dataset. Bold indicates the best performance, and underline indicates the
second-best performance.

Methods P R F1 AP50 mAP AP75

Atss [51] 68.5 59.9 63.9 64.5 27.4 17.9
Cascade-RCNN [56] 71.2 71.0 71.1 73.2 32.5 32.5
CenterNet [52] 48.2 44.3 46.2 41.6 13.3 3.5
Dino [59] 54.6 60.8 53.8 53.8 26.1 22.1
Faster-RCNN [9] 71.0 66.4 68.6 72.3 35.9 29.0
Fcos [53] 57.1 60.6 58.8 59.0 22.2 10.2
Gfl [54] 59.3 57.4 58.3 58.1 25.5 14.6
Grid-RCNN [57] 68.3 68.2 68.2 68.5 30.2 20.5
Libra-RCNN [58] 60.1 59.7 59.9 59.0 24.0 12.4
Retinanet [54] 59.2 57.8 58.5 57.7 20.6 6.5
YOLOv3-t [10] 79.4 68.2 74.0 75.5 75.5 38.9
RTDetr-ResNet50 [60] 63.0 67.9 65.4 66.2 32.9 27.1
YOLOv5n [11] 80.9 77.6 79.2 81.8 45.0 47.4
YOLOv6n [12] 74.3 71.2 72.8 75.2 38.9 34.3
YOLOv9t [13] 78.6 79.5 79.1 81.7 45.8 42.7
YOLOv9s [13] 81.9 72.8 77.1 80.2 43.6 41.2
YOLOv8n [14] 78.1 77.1 77.6 80.2 46.2 46.8
YOLOv8s [14] 76.3 72.4 74.3 80.3 42.9 41.0
YOLOv10n [15] 78.5 80.9 79.6 81.0 46.8 48.6
YOLOv10s [15] 67.6 69.8 68.7 72.6 37.4 33.0
YOLOv11n [16] 77.7 80.9 79.0 80.8 47.6 47.1
YOLOv11s [16] 76.1 77.6 76.8 80.5 44.2 43.9
Ours 79.5 79.4 79.4 83.0 48.5 51.9

On the SAR-Ship-Dataset dataset. As shown in Table 3, for AP75, our FMP-Net
achieves 82.0%, exceeding the second-best Dino (80.7%) by 1.3%. The strong AP75 score
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indicates our model’s exceptional ability in precise target localization. In terms of mAP,
which evaluates detection performance across different IoU thresholds, our method reaches
68.9%, surpassing Dino (67.0%) by 1.9%. The F1 score reaches 95.3% with 96.0% precision
and 94.6% recall, indicating balanced detection performance.

On the AIR-SARShip-2.0 dataset. As shown in Table 4, our FMP-Net achieves su-
perior performance across all evaluation metrics. For AP75, our method reaches 51.9%,
notably outperforming the second-best YOLOv10n (48.6%) by 3.3%. This significant im-
provement in AP75 demonstrates our model’s enhanced capability in accurate target
localization. In terms of AP50, our approach attains 83.0%, surpassing the second-best
YOLOv5n (81.8%) by 1.2%. For mAP, which evaluates detection performance across var-
ious IoU thresholds, our method achieves 48.5%, exceeding YOLOv10n (46.8%) by 1.7%.
The remarkable improvement in AP75 (3.3% higher than that of the second-best method)
highlights the effectiveness of our frequency-aware modulation and perturbation strategy
in accurately localizing targets, even in complex scenarios like ports, islands, and reefs.

(2) Qualitative evaluation: In Figure 7, we show the qualitative comparison of our
method to several representative SOTA methods in some challenging cases, with correctly
detected targets, missed targets, and false alarms marked blue, red, and yellow, respectively.
Our method FMP-Net achieves more competitive visual performance mainly in the following
aspects: Regarding small objects in sea clutter interference (first row), traditional detection
methods often struggle in this scene due to the high background noise level, and our method
has better prediction and localization ability for small objects. In the complex inshore scene
(second, third, and fourth rows), the traditional model is prone to false detections, while
our method suppresses irrelevant interference and maintains the accuracy in recognizing
the true target. In strongly scattering, side-lobe interference scenarios (fifth and sixth rows),
which usually lead to false detections due to stacked reflections, our method achieves robust
performance even in highly scattering environments. More accurate detection of the target is
realized in the low-contrast scene (seventh row). These qualitative results demonstrate the
effectiveness of our approach in a variety of challenging SAR image scenarios.

(i) Grid-Rcnn(b) GT(a) Input (c) Ours (d) YOLOv8 (e) YOLOv10 (f) YOLOv6 (g) RTDetr (h) Faster-Rcnn

Figure 7. Visual comparison of our method with six representative state-of-the-art methods. Our
method is capable of tackling challenging cases (e.g., small objects under sea clutter (first row),
complex inshore scene (second, third, and fourth rows), strong scattering (fifth and sixth rows), and
low-contrast scene (seventh row)).
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4.4. Ablation Study

This section delves into the ablation study conducted on the LS-SSDD-v1.0 and SSDD
datasets. Note that the three proposed techniques are not independent plug-ins. Specifically,
the variance modulation is defined on the directional high-frequency weights extracted by
AWFA, and the FGP module was designed for Frequency-Guided Perturbation that relies
on the AWFA-derived frequency weights.

(1) The effect of the modulation strategy. As shown in Table 5, on LS-SSDD-v1.0,
the AP50 and AP75 of the model also increased from 75.6% and 14.5% to 77.7% and
17.8% after adding AWFA, respectively. After adding variance modulation to the basis
of the AWFA module, the AP50 and AP75 of the model improve to 78.8% and 18.3%,
respectively. Similarly, on SSDD data, AP75 improved from 75.5% to 76.7% after adding the
AWFA module and then reached 78.5% after adding variance modulation. This indicates
the synergistic effect of the AWFA module and modulation. Firstly, the AWFA module
enhances the high-frequency features in the SAR images, making the model more sensitive
to boundaries and details. The variance modulation further dynamically adjusts the
high-frequency features so that the model can extract effective information from complex
backgrounds and suppress irrelevant noise.

Table 5. The effect of the modulation strategy.

AWFA Modulation
LS-SSDD-v1.0 SSDD

Params (M) FLOPs (G)
P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75

84.1 67.7 75.0 75.6 29.8 14.5 94.6 94.2 94.8 97.1 65.6 75.5 3.01 8.1
✓ 84.6 67.2 74.9 77.7 32.0 17.8 96.6 93.2 94.9 97.7 65.7 76.7 3.00 7.9
✓ ✓ 85.7 70.7 77.5 78.8 32.6 18.3 95.3 95.7 95.5 97.8 66.3 78.5 3.10 8.0

(2) The effect of the FGP module. As shown in Table 6, on LS-SSDD-v1.0, F1 and
AP50 improved from 77.0% and 78.4 to 78.3% and 80.2% after adding the FGP module,
respectively. Similarly, on SSDD, F1 and AP75 improved from 95.1% and 78.2% to 96.0%
and 79.0%, respectively. This indicates that the FGP module forces the model to pay
more attention to the essential characteristics of the target and weakens the influence of
background information during the learning process by imposing dynamic disturbances
on the feature space.

Table 6. The effect of the FGP module.

FGP Status
LS-SSDD-v1.0 SSDD

Param (M) FLOPs (G)
P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75

w/o FGP 84.3 70.8 77.0 78.4 32.4 18.0 96.0 97.6 95.1 97.6 66.4 78.2 3.10 8.0
w/ FGP 84.4 73.0 78.3 80.2 33.2 18.6 97.0 94.9 96.0 97.9 67.2 79.0 3.10 8.0

(3) The strategy for selecting the interference coefficient γ in the FGP module. As
shown in Table 7, we explore the effect of different values of the interference coefficients
γ on the performance of the model. In the experiment, three schemes were compared:
no disturbance, random disturbance coefficient selection, and dynamic adjustment of the
disturbance coefficient according to the frequency weight. After using random values
such as γ, in the LS dataset, although AP50 increased slightly, AP75 decreased by 0.7%.
This indicates that random perturbations introduce some uncertainty, and inappropriate
perturbations can degrade the performance of the model. When γ = 1 − λ, compared to
randomly selected γ in LS-SSDD-v1.0, AP50 improves by 1.5%, AP75 improves by 1.3%, and
F1 improves by 1.0% in SSDD. The experimental results show that the dynamic adjustment
strategy based on frequency weight has more advantages than random disturbance, so that
the model can weaken the interference of irrelevant background while maintaining the
attention to the important features of the target.
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Table 7. The strategy for selecting the interference coefficient γ in the FGP module.

γ
LS-SSDD-v1.0 SSDD

P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75

base 84.3 70.8 77.0 78.4 32.4 18.0 96.0 97.6 95.1 97.6 66.4 78.2
random 85.7 70.7 77.6 78.7 32.3 17.3 94.6 94.6 95.0 97.4 66.6 79.0

1 − λ 84.4 73.0 78.3 80.2 33.2 18.6 97.0 94.9 96.0 97.9 67.2 79.0

(4) Effectiveness analysis of the AWFDown and MS-FMP module. As shown in Table 8,
adding only the AWFDown module increases the mAP model in LS-SSDD-v1.0 by 2.9%
and AP75 by 3.0% compared to the baseline. In SSDD, AP75 improves by 3.1%. When only
the MS-FMP module is introduced, AP75 and F1 improve by 3.4% and 3.3%, respectively,
in LS-SSDD-v1.0, and by 3.5% and 2.2% in SSDD. When the two modules are combined,
the model achieves the best detection performance. Compared to the baseline, the F1, AP50,
and mAP in LS-SSDD-v1.0 increase to 78.8%, 81.0%, and 33.6%, respectively. In SSDD,
the F1, AP50, and mAP increase to 97.0%, 98.3%, and 67.4%, respectively. The AWFDown
module effectively reduces the loss of high-frequency details during feature downsampling
by preserving high-frequency information in the image. Based on this, MS-FMP further
enhances these high-frequency features and effectively suppresses the interference of
background noise, thereby improving the SAR target detection ability of the model in
complex backgrounds.

Table 8. Effectiveness analysis of AWFDown and MS-FMP modules.

AWFDown MS-FMP
LS-SSDD-v1.0 SSDD

Params (M) FLOPs (G)
P R F1 AP50 mAP AP75 P R F1 AP50 mAP AP75

84.1 67.7 75.0 75.6 29.8 14.5 94.6 94.2 94.8 97.1 65.6 75.5 3.01 8.1
✓ 84.2 70.2 76.6 77.8 32.7 17.5 95.6 93.8 95.0 97.4 66.0 78.6 2.69 7.8

✓ 84.4 73.0 78.3 80.2 33.2 18.6 97.0 94.9 96.0 97.9 67.2 79.0 3.10 8.0
✓ ✓ 85.9 72.8 78.8 81.0 33.6 18.1 97.7 96.2 97.0 98.3 67.4 79.3 2.78 7.8

(5) Effectiveness comparison of FPM stage in different object detection networks. The
FPM stage improves the detection accuracy across different types of networks, including
one-stage models (e.g., CenterNet, YOLOv5, YOLOv6, YOLOv9, YOLOv10), two-stage
models (e.g., Faster-RCNN, Grid-RCNN, and Librar-RCNN), and end-to-end models
(e.g., RTDetr-ResNet50 and Dino). For example, as shown in Table 9 on LS-SSDD-v1.0,
integrating the FPM stage into Faster-RCNN improves AP50 by 1.8% and mAP by 2.0%.
For RTDetr-ResNet50, AP50 is improved by about 10.1%. Integrating the FPM stage into
YOLOv5n improves AP50 by 2.8%. These improvements show that the FPM stage, as an
effective plug-and-play module, can significantly enhance high-frequency feature extraction
capabilities across different detection architectures, and is an important component in
improving the robustness and accuracy of detection in complex environments.

4.5. Visualization of Feature Activation Maps

To better understand the effectiveness of the proposed method, we visualize the feature
activation maps in Figure 8, where brighter colors indicate stronger activation responses.
We selected four representative challenging scenarios for analysis. As shown in the first row,
with strong coastal interference, our method produces a more focused activation for ship
targets while effectively suppressing coastal background interference, while the baseline
shows a distraction of background structure. In the second row of the offshore scene
with sea clutter interference, our method produces a more focused and stronger activation
for the ship target, while the baseline shows a relatively weak and ambiguous response
due to the influence of sea clutter. For the multi-ship case of different sizes (third row),
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the baseline exhibits relatively weak and ambiguous responses, and our method maintains
consistent and precise activation patterns regardless of the target scale, which demonstrates
the effectiveness of our method. In a complex scene with strong scattering interference
(fourth row), our method generates clearer and sharper activation maps for each target,
indicating excellent discrimination in challenging environments. These visualizations
provide intuitive evidence that our Frequency-aware Modulations and Perturbations help
the network focus on essential ship features while effectively filtering out background noise
and reducing interference.

Table 9. Performance comparison of inserting FPM stage into different object detection networks.

Models P R F1 AP50 mAP AP75 Params (M) FLOPs (G)

Two-stage

Faster-RCNN 87.9 64.7 74.5 76.1 31.4 17.5 41.34 90.898
Faster-RCNN w/FPM Stage 85.8 65.6 74.3 77.9 34.4 21.9 29.70 81.216
Difference −2.1 +0.9 −0.2 +1.8 +2.0 +3.4

Grid-RCNN 82.6 63.1 71.5 72.4 29.5 15.9 - -
Grid-RCNN w/FPM Stage 86.2 63.8 73.3 75.1 32.5 19.7 - -
Difference +3.6 +0.7 +1.8 +2.7 +3.0 +3.8

Libra-RCNN 79.7 63.2 70.5 71.5 29.2 15.4 41.61 92.6
Libra-RCNN w/FPM Stage 83.8 64.5 72.9 76.8 34.7 20.0 29.97 83.0
Difference +4.1 +1.2 +2.4 +5.3 +5.5 +4.6

End2end

RTDetr-ResNet50 69.9 58.2 63.4 64.1 25.4 12.1 41.93 125.6
RTDetr-ResNet50 w/FPM Stage 78.1 66.1 71.6 74.2 28.6 12.2 30.31 106.4
Difference +8.2 +7.9 +8.2 +10.1 +3.2 +0.1

Dino 82.0 67.0 74.0 73.6 27.8 11.1 47.54 118.8
Dino w/ FPM Stage 84.1 70.3 76.6 75.6 27.9 11.6 32.36 108.77
Difference +2.1 +3.3 +2.6 +2.0 +0.1 +0.5

One-stage

CenterNet 82.8 69.9 75.8 71.1 25.8 10.4 32.11 78.56
CenterNet w/FPM Stage 83.1 72.0 77.2 73.6 27.1 11.3 20.47 70.13
Difference +0.3 +2.1 +1.4 +2.5 +1.3 +0.9

YOLOv5n 85.9 68.4 76.2 77.0 31.9 17.7 2.50 7.1
YOLOv5n w/FPM Stage 85.7 71.2 77.8 79.8 33.0 17.7 2.80 8
Difference −0.2 +2.8 +1.6 +2.8 +1.1 0.0

YOLOv6n 83.5 68.9 73.7 76.4 30.7 15.4 4.23 11.8
YOLOv6n w/FPM Stage 82.7 70.3 76.0 78.0 30.8 16.4 3.35 9.6
Difference −0.8 +1.4 +2.3 +1.6 +0.8 +1.0

YOLOv9t 85.5 68.2 75.8 77.6 31.6 16.6 1.97 7.6
YOLOv9t w/FPM Stage 85.5 70.0 77.4 80.2 33.1 16.8 1.92 7.6
Difference 0.0 +1.8 +1.6 +2.6 +1.5 +0.9

YOLOv10n 80.7 68.7 73.7 76.7 31.5 16.8 2.36 8.2
YOLOv10n w/FPM Stage 82.3 69.8 75.5 78.3 32.0 17.7 2.36 6.5
Difference +1.6 +2.0 +1.8 +1.6 +0.5 +0.9

(a) GT (b) Baseline (c) Ours

Figure 8. Cont.
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(a) GT (b) Baseline (c) Ours

Figure 8. Feature activation map visualization comparison. (a) Ground truth (GT). (b) Baseline.
(c) Ours. The rows represent different challenging scenarios: coastal interference, sea clutter interfer-
ence, multiscale ships, and complex scattering scenes.

5. Conclusions
This paper introduces FMP-Net, a novel Frequency-aware Modulation and Perturba-

tion network for detecting SAR ships, employing a strategy that enhances high-frequency
features and reduces background noise. The AWFA module targets high-frequency data in
diverse directions, while variance modulation fine-tunes feature description to minimize
false detections in complex scenes. The FGP module, guided by frequency domain weights,
concentrates on crucial target features while minimizing background effects. Additionally,
the AWFDown module maintains high-frequency information during downsampling to
retain critical details. These innovations allow FMP-Net to achieve state-of-the-art results
in multiple benchmarks with a lightweight design. It excels in both offshore and inshore
conditions, especially in challenging circumstances like sea clutter and complex coastlines.
The FMP stage shows significant generalization ability, enhancing performance across
various detection frameworks. Future research may apply this frequency-aware strategy to
other remote sensing tasks and explore its potential in multi-modal fusion.
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