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ABSTRACT: Synthetic aperture radar (SAR) ship detection plays a significant role in ocean monitoring. However, the current SAR ship
detection methods face limitations in detecting small and dense ships. To address these issues, a novel SAR ship detection method
based on multi-scale feature cross-fusion (MFCNet) is proposed in this paper. In the proposed model, a feature extraction network with a
spatial fusion attention mechanism (FESNet) is designed to improve the capability of the backbone network in feature extraction. Amulti-
intersection spatial pyramid pooling (MISPP) module is proposed to expand the receptive field and enhance the semantic information.
Furthermore, a feature cross-fusion network (FCFNet) is designed to comprehensively integrate features of different scales for enhancing
SAR ship detection performance. Experimental results demonstrate that the proposed model achieves high detection performance on the
SSDD and HRSID datasets, providing more reliable technical support for ship detection in maritime environments.

1. INTRODUCTION

SAR ship detection [1–5] is an important application area in
SAR image detection. Traditional methods for SAR ship

detection typically utilize image preprocessing and target fea-
tures. For example, Xu and Liu [6] utilized visual effects and
gradient histograms for ship detection. Lee et al. [7] con-
sidered that ship detection algorithms are affected by weather
and terrain, and combined relevant information from electro-
optical satellite images to enhance detection accuracy. Wu et
al. [8] improved the representation ability of ship features by
fusing multi-level feature information. Yang et al. [9] intro-
duced a unified algorithm that integrates a constant false alarm
rate with temporal analysis techniques. Yang et al. [10] stud-
ied the geometric optimization method for SAR ship detection
and proposed a three-stage detection algorithm based on the
relationship among statistical features. However, these tech-
niques only yield accurate detection results under calm sea con-
ditions. When the sea surface is crowded with ships or con-
tains small targets, the detection performance deteriorates sig-
nificantly. Therefore, traditional ship detection methods are no
longer sufficiently effective.
The rapid development of deep learning technology has pro-

moted its widespread application in various fields, such as
speech recognition and image processing. Object detection is
an important task in image processing. With the development
of convolutional neural networks (CNN), object detection tech-
nology has also seen significant improvements. Object detec-
tion methods mainly include two types: two-stage and single-
stage object detection. The two-stage detection methods usu-
ally achieve high detection accuracy but are relatively slow.
Conversely, the single-stage detection methods improve detec-
tion speed and simplify the process, which make them appro-
priate for real-time applications. The activities of ships on the
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ocean are complex and variable, and object detection technol-
ogy enables rapid and accurate identification of ships at sea.
This technology not only offers essential data insights for mar-
itime management but also drives advancement in the shipping
industry. Therefore, it holds substantial theoretical and prac-
tical significance by applying object detection technology to
ship detection. Chen et al. [11] effectively utilized the Gaussian
mixtureWasserstein generative adversarial network (GAN) and
improved it on the generated artificial sample data of small
ships. To increase the detection speed, Chen et al. [12] designed
a novel network, which detected tilted ships in images through
a bidirectional feature network, attention mechanism, and rota-
tion decoupling operation. To address the challenges of ship de-
tection on mobile platforms, Feng et al. [13] constructed a real-
time detection network. Shan et al. [14] designed a dense atten-
tion detection network to address the impact of inherent speck-
les in SAR images. In addition, they proposed a new ship de-
tection algorithm aimed at improving both detection speed and
accuracy. Considering the potential impact of restricted areas
on object detection precision, Li et al. [15] constructed a multi-
scale ship detection algorithm using a significance estimation
technique. Bai et al. [16] applied the feature enhancement pyra-
mid and shallow feature reconstruction module to design a new
SAR ship detection network. Lu et al. [17] established a bright-
ness temperature model for offshore ships and proposed a four-
step ship detection tracking algorithm. Niu et al. [18] proposed
an efficient encoder-decoder network to extract features. Si et
al. [19] considered the diversity of maritime ships and the in-
fluence of the sea surface on ship detection. Zhou et al. [20]
proposed an edge semantic decoupling module that considers
the overlap phenomenon between nearshore marker boxes of
ships. Moreover, a semantic segmentation branch was intro-
duced to accurately identify ship targets.
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Xu et al. [21] designed a real-time high-speed ship detection
system that effectively utilized algorithms and hardware. Pan et
al. [22] effectively utilized scattering mechanisms on ship de-
tection. CNN-based SAR ship detection has been extensively
utilized in recent research. However, challenges remain due to
high noise in SAR images, which makes it challenging to dis-
tinguish ships from their surroundings. The multi-scale nature
of ships, particularly small and dense ships, can result in nu-
merous false negatives. To address these issues, a coordinate
attention module was introduced by Yang et al. [23] to lessen
the interference of backgrounds on ship detection. Li et al. [24]
proposed an improved method addressing the blurring of ship
contours caused by SAR imaging. This method integrates se-
mantic information through four feature layers and effectively
utilizes the channel attention mechanism for feature enhance-
ment. Cui et al. [25] considered that current object detection
algorithms have low detection efficiency for small ships and
used refined cascaded feature maps to highlight significant fea-
tures at specific scales. Shan et al. [26] designed a dense multi-
layer deep network to extract feature information and used an
anchor mechanism for classification regression estimation. To
tackle the challenges of multi-scale and dense ship detection in
complex scenarios, Ma et al. [27] proposed an anchor-free de-
tectionmethod based on keypoint estimation and incorporated a
keypoint estimation module to improve detection performance.
Li et al. [28] proposed an adaptive superpixel-level detection
method to address the challenge in detecting dense ships near
the shore. Sun et al. [29] focused on small ships and designed
a dual-branch activation network, utilizing feature encoding to
obtain more fine-grained features. Ren et al. [30], considering
the difficulty of separating targets from backgrounds in com-
plex SAR images, designed an efficient feature extraction net-
work to capture image information and utilized a bidirectional
attention module to enhance the extraction of information on
small ships. Cui et al. [31] proposed an anchor-free ship detec-
tion network that enhances semantic features through a spatial
enhancement attention module and utilized keypoint estimation
to locate targets. Xie et al. [32] designed an efficient feature
pyramid network tomodelmulti-scale dependency and enhance
feature representation, aiming to strengthen the dependency in
the feature fusion process. Huang et al. [33] designed a fea-
ture connection module to distribute semantic features and in-
troduced a self-attention mechanism to enhance feature extrac-
tion capability. Xiao et al. [34] combined image pyramid and
convolutional neural network to detect surface defects in im-
ages and generated image masks within bounding boxes. Gao
et al. [35] considered that previous multimodal fusion methods
often overlooked inter-layer differences and proposed a per-
ceptual refinement network to preserve the hierarchical infor-
mation of multimodal data. Although the above methods have
improved the detection performance for dense ships, there are
still missed and false detection when facing dense and small
ships. To tackle these issues, we present a novel SAR ship de-
tection method multi-scale feature cross-fusion (MFCNet) in
this study. The primary contributions are as follows:

• To improve the capability of the backbone network in fea-
ture extraction, a feature extraction network with a spatial

fusion attention mechanism (FESNet) is designed in this
paper. Moreover, to eliminate the interference of complex
backgrounds on ship features, the spatial fusion attention
(SFA) mechanism is proposed and embedded into FESNet
by utilizing the cross-dimensional interaction.

• To mitigate the problem of positional ambiguity and loss
for small and dense ships in SAR ship detection, a multi-
intersection spatial pyramid pooling (MISPP) module is
proposed to expand the receptive field and enhance the
semantic information. By employing pooling convolu-
tions at different ratios, MISPP expands the receptive field
while maintaining high resolution.

• To comprehensively integrate features of different scales
for enhancing SAR ship detection performance, a feature
cross-fusion network (FCFNet) is proposed in this paper.
The proposed FCFNet adopts two fusion paths and intro-
duces cross operations within these paths to fully leverage
information from different levels of features.

The remaining sections are organized as follows. In Section
2, we review the relevant work and provide detailed descrip-
tions of the MFCNet network. Section 3 describes the experi-
ments conducted in this study, along with their results. Based
on these results, we will analyze the model’s performance to
further summarize the MFCNet network structure. We will dis-
cuss this in Section 4.

2. PROPOSED METHODS

2.1. Overall Network Structure
As one of the mainstream single-stage object detection algo-
rithms, the YOLO series has seen gradual improvements in per-
formance with each version update. YOLOv7l, one of the most
advanced versions of the YOLO series, is chosen as the baseline
to address the challenge of recognizing small and dense ships
in SAR ship detection.
Figure 1 depicts the entire network structure of the MFCNet.

First, the input image is passed to the feature extraction net-
work FESNet. In FESNet, the efficient feature extraction block
(EFE-Block) is designed for feature extraction. Moreover, to
eliminate the interference of complex backgrounds on ship fea-
tures, the spatial fusion attention (SFA) mechanism is proposed
and embedded into FESNet. The refined downsampling (RDS)
module is introduced to more accurately locate and identify tar-
get ships. Additionally, to more effectively address the chal-
lenge of identifying small ships and dense ships, the feature ob-
tained from FESNet is transmitted to MISPP to better capture
features of different scales. Next, the feature cross-fusion net-
work (FCFNet) is used to perform up-bottom, bottom-up, and
cross-path fusion on the feature layers obtained by the feature
extraction network. This operation could integrate features of
different scales Furthermore by introducing residual path, the
problem of gradient vanishing can be solved while accelerat-
ing model convergence. The residual structure also allows the
network to directly combine low-level features with high-level
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FIGURE 1. Overall structural framework of MFCNet.

features through skip connections, preserving fine-grained in-
formation and improving the accuracy of the model in complex
scene detection.

2.2. Feature Extraction Network with Spatial Fusion Attention
Mechanism FESNet

A feature extraction networkwith spatial fusion attentionmech-
anism FESNet was designed to improve the capability of the
backbone network in feature extraction.
Figure 2 depicts the entire architecture of the FESNet. It is

mainly composed of EFE-Block modules, RDS modules, SFA
attention modules, convolution layers, and normalization lay-
ers. Unlike other images, SAR images have a significant por-
tion of background pixels, which reduces the effectiveness of
the model in identifying target features. To reduce computa-
tional complexity and improve feature extraction ability, EFE-
Block module is designed as an efficient feature block for fea-
ture extraction. Furthermore, by stacking multiple EFE-Block
modules, the backbone network can learn more feature repre-
sentations, thereby enhancing the SAR ship detection perfor-
mance. In addition, the SFA mechanism is incorporated into
the FESNet to enhance detection performance.
By utilizing the cross-dimensional interaction, the SFA

mechanism strengthens the ability of the backbone to extract
critical information and suppress unimportant features, im-
proving model performance in complex environments. The
EFE-Block is composed of two paths. The first is the residual
path, which accelerates network convergence while promoting
effective information transmission and fusion. Furthermore, it
improves detection performance by preserving original feature
information. For the second path of the EFE-Block module,
a 7 × 7 depthwise separation convolution is first used to
greatly reduce the number of parameters. Moreover, the 7 × 7

depthwise separation convolution captures a large receptive
field, helping to extract richer image features.
The layer normalization is then performed to standardize the

features, thus ensuring that the inputs of the subsequent lay-
ers have a consistent distribution to stabilize and accelerate
the model training. Later, the linear transformation is realized
through the linear layer, and the input features are mapped to
another feature space. Then, GELU combines the nonlinear
characteristics of ReLU and the Sigmoid to give themodelmore
expression ability and better capture the complex mode. After
that, the linear transformation is realized again to further map
and reconstruct the features. Finally, the layer scale is used
to scale each characteristic channel, and the drop path layer
helps prevent overfitting by randomly discarding certain paths.
Moreover, to more accurately locate and detect ships, the RDS
module is constructed to enhance the downsampling capability
during the feature extraction. This module first applies layer
normalization, followed by a convolution operation with both
kernel size and stride set to 2, and finally through a maximum
pooling layer. This design reduces internal covariate shift while
enhancing the network representation capability, thereby better
capturing small and dense ships in complex backgrounds.
The structure of SFA is shown in Fig. 3. SFA utilizes four

parallel paths to extract attention weights for grouped feature
maps. To ensure the uniform distribution of spatial semantic
features, the SFA reconstructs some channels into the batch
dimension and groups the channel dimension into many sub-
feature groups. Specifically, SFA enhances the feature extrac-
tion capability by introducing cross-dimensional interaction.
In SFA, two parallel paths are located in the 1×1 convolution

branch, the third path is in the 3×3 convolution branch, and the
fourth path is in the 5 × 5 convolution branch. To capture de-
pendencies among all channels and reduce computational com-
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FIGURE 2. The structure of FESNet module.

plexity, we model the interaction of cross-channel data in the
direction of the channel. For the input X ∈ RC×H×W , SFA
partitions X into G sub-features to learn different semantic in-
formation. The feature in the 1 × 1 branch can be represented
as X1x ∈ RC//G×1×W and X1y ∈ RC//G×H×1, which are
encoded along the two spatial directions separately using 1D
global average pooling. Subsequently, the features from these
two directions are fused using the concatenate function. The
fused feature then undergoes 1 × 1 convolution to extract fea-
tures and increase the channel dimensions. Then, a nonlinear
sigmoid function is applied to compress the input values be-
tween 0 and 1, fitting them to approximate a two-dimensional
Gaussian distribution over the linear convolution. Afterward,
the fitted features are multiplied with the grouped input fea-
tures using matrix multiplication to obtain a new feature map.
Finally, the output feature Xω can be obtained through group
normalization operation. This process can be represented by

Xω = GN(θ(nsf(c1(p)), X0 ∈ RC//G×H×W )) (1)
p = Concat(gap(X1x), gap(X1y)) (2)

where X0 represents a residual network after channel-wise di-
vision; gap(.) represents 1D global average pooling opera-
tion; Concat(., .) represents concatenation operation; c1(.) rep-
resents 1×1 convolution operation; nsf(.) represents nonlinear
sigmoid function operation; θ(., .) represents the matrix multi-
plication; and GN is the GroupNorm operation.

The features for the 3×3 branch and 5×5 branch can be rep-
resented as X2 ∈ RC//G×H×W and X3 ∈ RC//G×H×W , re-
spectively. The featureX2 undergoes convolution with a 3× 3
kernel to produce X∂ , and the feature X3 undergoes convolu-
tionwith a 5×5 kernel to produceXσ , which can be represented
by

X∂ = c3(X2), Xσ = c5(X3) (3)
where c3(.) represents the convolution with a 3× 3 kernel, and
c5(.) represents the convolution with a 5× 5 kernel.
Then, the output features of the three branches are aggre-

gated by cross-dimensional interactions to enhance the feature
extraction capability. The final output can be represented by

X∗ = θ(nsf(Ω(a, b, c))) (4)
a = θ(Θ(mp(Xω)), X∂) (5)
b = θ(Θ(mp(X∂)), Xω) (6)
c = θ(Θ(mp(Xσ)), X∂) (7)

where mp(.) represents the 2D global maximum pooling opera-
tion;Θ(.) represents the softmax function operation; θ(., .) rep-
resents the matrix multiplication; Ω(·) represents the effective
feature fusion operation; and nsf(.) represents the nonlinear
sigmoid function operation.
By leveraging the collaborative efforts of these modules,

FESNet can effectively handle ship images within complex
backgrounds, significantly enhancing the accuracy of SAR ship
detection.
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FIGURE 3. The structure of SFA module.

2.3. Multi-Intersection Spatial Pyramid Pooling MISPP
Dense ships and small ships are crucial components in SAR
ship images, but their positional information may become in-
creasingly ambiguous or even lost as the depth of the net-
work [27–30]. Conventional spatial pyramid pooling networks
divide the image into blocks for pooling, which reduces spatial
resolution and leads to loss of fine-grained image details [31–
34]. To address the aforementioned issues, the MISPP mod-
ule is proposed to expand the receptive field and enhance the
semantic information. By employing pooling convolutions at
different ratios, MISPP expands the receptive field while main-
taining high resolution. Moreover, intersection pooling enables
better capture of correlations among different features, allow-
ing the network to more accurately understand and differentiate
between different classes. By incorporating intersection pool-
ing, the MISPP can maintain detailed information while pre-
serving the receptive field, thereby enhancing the capacity to
identify small and dense ships.
Figure 4 depicts the architecture of the MISPP. First, three

convolution operations are applied to the input feature map X
to obtain the feature mapX1. Each convolution operation com-
prises three parts. Feature extraction and downsampling are

obtained through a 3 × 3 convolutional kernel. Batch normal-
ization is used to normalize each batch of data, which helps
prevent model overfitting. The SiLU activation operation en-
ables the network to better recognize complex data and aids
faster convergence while mitigating issues. Next, the feature
map X1 undergoes two-dimensional (2D) maximum pooling
with a kernel size of 5 to produce a new feature map, which is
then concatenated with X1 to form the feature map Y1. Subse-
quently, Y1 undergoes 2D maximum pooling with a kernel size
of 7 to produce a new feature map, which is then concatenated
with X1 to form Y2. Then, features Y3 and Y4 can be obtained
through similar operations. This process can be expressed by

X1 = dbs(X) (8)
Yi = Concat(Ci(Yi−1), X1), i = 1, 2, 3, 4 (9)

where dbs(.) represents a set of convolution operations; Ci(.)
represents the corresponding 2D maximum pooling operation;
and Concat(., .) represents the concatenation operation.
Each feature map obtained above contains different feature

information, and the information in each feature map is inter-
related. Therefore, performing cross-fusion operations on the
different feature maps can better capture the location informa-
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FIGURE 4. The structure of MISPP module.

tion of small and dense target ships. The fused feature Y5 can
be expressed by

Y5 = Concat(Y1, Y2, Y3, Y4, X1) (10)

where Concat(., .) denotes the concatenation operation.
After obtaining the feature map Y5, it undergoes two sets

of convolution operations to obtain Y6, which contains higher-
level semantic feature information. Then, by introducing a
residual structure, the input feature map X is fused to acquire
the final outputXN . The calculation process of the final output
XN is given by

XN = dbs(Concat(dbs(dbs(Y5)), dbs(X))) (11)

where dbs(.) represents a set of convolution operations, and
Concat(.,.) represents the concatenation operation.

2.4. Feature Cross-Fusion Network FCFNet

In object detection, different levels of feature maps are gener-
ated after feature extraction. Low-level features might lack se-
mantic information, while high-level features might lose object
details. Combining features from different levels helps in better

understanding the image content, thereby enhancing object de-
tection performance [35–38]. Therefore, a feature cross-fusion
network FCFNet is proposed in this paper. This module adopts
two fusion paths and introduces cross operations within them.
These paths fully leverage information from different levels of
features, improving detection performance. Moreover, the dual
downsampling residual path (DDRP) module and the multi-
branch learning network (MLN) are designed and embedded
into FCFNet during feature fusion to enhance detection perfor-
mance. Themain role of the DDRPmodule is to perform down-
sampling by adopting a three-branch structure, which prevents
gradient vanishing and enrich feature extraction. The MLN is
constructed to learn more features and better capture complex
image information by controlling the shortest and longest gra-
dient paths, thus improving the accuracy of SAR ship detection.
Figure 5 illustrates the architecture of FCFNet. First, feature

C3 is passed through the MISPP module to acquire P1. Next,
feature P1 undergoes convolution and upsampling, and the re-
sulting feature is fused with the convolved feature map C2 to
obtain a new feature. This new feature then passes through the
MLN module to capture complex image information, resulting
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FIGURE 5. The structure of FCFNet module.

in feature P2. Similarly, the feature P3 is obtained. Features
P2 and P3 can be represented by

P2 =mln(Concat((Up(Conv(mp(C3)))),Conv(C2))) (12)
P3 =mln(Concat(Up(Conv(P2)),Conv(C1))) (13)

where mp(.) represents the operation of the MISPP module;
Conv(.) denotes the convolution operation; Up(.) is the upsam-
pling operation; Concat(., .) denotes the concatenation opera-
tion; and mln(.) represents the operation of the MLN module.

Then, to generate more accurate results, a bottomup feature
fusion path is introduced, incorporating skip connection and
weighted operation for feature fusion. Firstly, feature map P3

undergoes the DDRPmodule to obtain a new feature map. Sub-
sequently, to fuse more features this new feature is fused with
P2 using skip connection and further passed through the MLN
module to capture complex image information. Additionally,
weighted operation is performed on different features during
this process to discern the influence of various features.
The resulting feature is then fused with the upsampled fea-

ture map P1 to produce feature N1. Then, feature N2 is ob-
tained through a similar operation. Features N1 and N2 can be
represented by

N1 = Concat(mln(q), ω23Up(Conv(P1))) (14)
q = Concat(ω21ddrp(P3), ω22P2) (15)

N2 = mln(Concat(ω31ddrp(N1), ω32P1)) (16)

where ωij represents the weights of different feature paths,
ranging between 0 and 1; ddrp(.) represents the operation of
the DDRP module; Concat(., .) represents concatenation oper-
ation; Up(.) represents upsampling operation; and mln(.) rep-
resents the operation of the MLN module.
In the FCFNet network, the structure of the DDRP module

is depicted in Fig. 6. There are three branches in the DDRP
module, which are two downsampling branches and one resid-
ual branch. The residual path is introduced as the third branch,
directly merging from the input to interact with the other two
branches. The introduction of the residual path is crucial as
it ensures easier gradient propagation during backpropagation,
alleviating gradient vanishing issues in deep networks. This
three-branch design facilitates downsampling to enhance fea-
ture fusion and improve gradient propagation paths, thereby
preventing gradient vanishing and enriching feature extraction.
The MLN module is illustrated in Fig. 7. The MLN mod-

ule controls gradients through different path lengths, enabling
the network to learn more features. The final feature is gen-
erated by fusing the features from different paths. This multi-
branch structure improves the model performance across vari-
ous scenarios, enhancing the accurate detection of complex tar-
gets. Moreover, in SAR ship detection, the MLNmodule could
effectively identify different sizes of ships, reducing detection
errors caused by overlapping effects.
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FIGURE 6. The structure of DDRP module. FIGURE 7. The structure of MLN module.

(a)

(b)

FIGURE 8. Some typical images of SSDD and HRSID datasets. (a) Typical images of SSDD, (b) typical images of HRSID.

3. EXPERIMENTS

3.1. Datasets
Experiments on SSDD [39] and HRSID [40] datasets are car-
ried out to verify the performance of the proposed MFCNet
model.

In the area of SAR ship detection, SSDD dataset is frequently
utilized. The SSDD dataset comprises a total of 1160 images
containing 2456 ships. Additionally, the SSDD dataset anno-
tates only ships with a pixel count greater than 3. In the ex-
periments, we divide the SSDD dataset into a training set, val-
idation set, and testing set with a ratio of 7 : 2 : 1. Figure 8(a)
displays typical ship images from the SSDD dataset.
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TABLE 1. The performance comparison with raw YOLOv7l on SSDD dataset.

Method F1 (%) P (%) mAP (%) R (%) GFLOPs (G) FPS
YOLOv7l 93 93.24 93.46 92.16 106.5 36.5
MFCNet 96 96.52 96.89 95.87 187.3 18.2

HRSID dataset is a high-resolution dataset used not only
for ship detection but also for instance segmentation. Com-
pared to low-resolution SAR ship datasets, HRSID has more
detailed ship characteristics and better feature representation.
The HRSID dataset is split with a ratio of 6.5 : 3.5 into the
training and test sets for the experiments. Figure 8(b) displays
typical ship images from the HRSID dataset.

3.2. Experimental Details
Experiments were carried out on aWindows 10 system using an
NVIDIA GeForce RTX 3060 12GB graphics card and an Intel
Core i5-12490F processor. With Python version 3.8 and CUDA
version 11.8, the batch size was set to 4. The learning rate was
initially fixed at 0.01.

3.3. Evaluation Metrics
To evaluate the overall performance of MFCNet effectively
and intuitively, six metrics are used: precision (P), recall (R),
mean average precision (mAP), giga floating-point operations
per second (GFLOPs), frames per second (FPS), and F-measure
(F1). Their definitions are as follows

P =
NTP

NTP +NFP
(17)

R =
NTP

NTP +NFN
(18)

mAp =
1

Q

∑N

j=1
APj (19)

F1 =
2× P ×R

P +R
(20)

where NTP , NFP , and NFN denote the number of true posi-
tives, false positives, and false negatives, respectively;Q is the
total number of classes; j represents the j-th class; and AP is
the average precision.

3.4. Experiments on SSDD Dataset
The experimental outcomes of theYOLOv7l [41] and theMFC-
Net on the SSDD dataset are displayed in Table 1. As can
be seen from the data comparison in Table 1, in contrast to
YOLOv7l, although GFLOPs have increased by 80.8G, and
FPS has decreased by 18.3, the MFCNet has shown a detec-
tion performance improvement by 3% in F1 score, 3.28% in
precision, 3.43% in mAP and 3.71% in recall. Next, the vi-
sualization results obtained from the SSDD dataset are shown
in Fig. 9. In the visualization results, yellow boxes indicate
false positives; blue boxes represent false negatives; and red

boxes represent true positives. The visualization experiment
conducted a comparative analysis using images from four sce-
narios. In the scenarios far from the coast, such as the third
group of images, there are no other disturbances besides ships
in the image, and both the YOLOv7l and MFCNet can work
well. However, due to the ships being too small, the YOLOv7l
has one missed detection, whereas our proposed MFCNet suc-
cessfully detected all target ships. Furthermore, from the com-
parison of the first group images, it can be seen that detec-
tion becomes significantly more challenging near the dock due
to background interference. The YOLOv7l missed detections
twice, whereas our proposed MFCNet performed better in de-
tection. Although there was also one missed detection, the de-
tection performance of MFCNet is better than YOLOv7l. From
the comparison of the second group of images, it can be ob-
served that the detection difficulty increased at the image edges
due to the lack of ship information. The YOLOv7l missed one
detection at the edge of the image, failing to recognize the ship
information, while our proposed MFCNet accurately identified
all target ships. In dense ships and complex background sce-
narios such as the fourth group of images, the YOLOv7l had
several false positives, whereas our proposed MFCNet model
accurately detected all ship targets without missing any or pro-
ducing false positives. The comparative analysis of the images
above demonstrates that the proposed MFCNet exhibits strong
detection accuracy in complex coastal backgrounds, as well as
scenarios involving small and densely packed ships.
In addition, a more thorough performance comparison of the

MFCNetwith other excellent models is shown in Table 2. Com-
pared with the SSD, although GFLOPs has increased by 87.8G,
FPS has decreased by 3.5, the MFCNet has shown an improve-
ment by 9% in F1 score, 9.95% in mAP, 5.47% in P. Even
compared to the suboptimal YOLOv8l although GFLOPs has
increased by 21.9G and FPS decreased by 8.9, the MFCNet
has shown an improvement by 1% in F1 score, 1.07% in mAP,
and 0.31% in P. Based on the above analysis, it can be seen
that although the computational complexity has increased, our
MFCNet has shown more excellent detection accuracy in SAR
ship detection than other single-stage ship detection methods.

3.5. Experiments on HRSID Dataset
Table 3 shows the performance comparison results of MFCNet
and YOLOv7l on the HRSID dataset. Compared to YOLOv7l,
although GFLOPs have increased by 80.8G, and FPS has de-
creased by 18.4, the performance metrics F1, P ,mAP , and R
of MFCNet have been significantly improved. Among them,
F1 score increased by 4%; P increased by 2.2%; mAP in-
creased by 3.96%; and R increased by 4.38%. Then, the visu-
alization operation is performed, and the results are displayed
in Fig. 10.
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TABLE 2. Comparison of the performance metrics of different models on SSDD dataset.

Method Backbone F1 (%) mAP (%) P (%) GFLOPs (G) FPS
SSD VGG-16 87 86.94 91.12 99.5 21.7

RetinaNet ResNet-50 90 91.83 92.95 175.4 19.9
CenterNet ResNet-50 91 90.45 92.63 45.3 22.3
YOLOv8s CSPDarkNet 93 93.82 94.65 28.8 90.6
YOLOv8m CSPDarkNet 94 94.51 95.27 79.1 45.1
YOLOv8l CSPDarkNet 95 95.82 96.21 165.4 27.1

RT-DETR [42] ResNet-50 95 93.57 92.68 103.4 25.3
YOLOv9 [43] CSPDarkNet 94 94.62 95.12 102.1 28.4
MFCNet (Ours) FESNet 96 96.89 96.52 187.3 18.2

TABLE 3. The performance comparison with raw YOLOv7l on HRSID dataset.

Method F1 (%) P (%) mAP (%) R (%) GFLOPs (G) FPS
YOLOv7l 86 92.84 89.56 80.85 106.5 36.0
MFCNet 90 95.04 93.52 85.23 187.3 17.6

FIGURE 9. SAR ship detection results on SSDD dataset. FIGURE 10. SAR ship detection results on HRSID dataset.

The visualization results are compared in four different sce-
narios. From the results, we can see that YOLOv7l has both
missed and false detections for scenes with complex back-
grounds of near-coastal ships. In the first group of images, two
false negatives and two false positives appear in the detection

result of YOLOv7l. However, our proposed MFCNet is able
to accurately detect all the target ships without any false detec-
tions. In addition, for ships moored in the harbor, the complex-
ity of the image background information and the diverse scales
of the ships lead to greater interference in ship detection. Such
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TABLE 4. Comparison of the performance metrics of different models on HRSID dataset.

Method Backbone F1 (%) mAP (%) P (%) GFLOPs (G) FPS
SSD VGG-16 87 85.14 90.07 99.5 21.5

RetinaNet ResNet-50 88 87.23 91.45 175.4 19.2
CenterNet ResNet-50 89 88.65 91.82 45.3 20.8
YOLOv8s CSPDarkNet 87 90.81 92.09 28.8 89.2
YOLOv8m CSPDarkNet 89 91.16 93.64 79.1 44.9
YOLOv8l CSPDarkNet 90 92.23 94.17 165.4 27.4
RT-DETR ResNet-50 88 90.92 92.68 103.4 24.6
YOLOv9 CSPDarkNet 90 92.76 94.35 102.1 27.9

MFCNet (Ours) FESNet 90 93.52 95.04 187.3 17.6

TABLE 5. The ablation experiment results on SSDD dataset.

FESNet MISPP FCFNet F1 (%) P (%) mAP (%) R (%) GFLOPs (G) FPS
— — — 93 93.24 93.46 92.16 106.5 36.5
✓ — — 94 93.87 94.37 93.36 175.4 21.6
— ✓ — 94 94.36 94.95 93.24 108.6 38.9
— — ✓ 94 94.72 94.88 93.68 126.4 30.5
✓ ✓ — 95 95.07 95.12 94.84 179.6 23.2
✓ ✓ ✓ 96 96.52 96.89 95.87 187.3 18.2

as in the third group of images, YOLOv7l shows one false neg-
ative and three false positives, while MFCNet accurately iden-
tifies all the target ships near the harbor. Especially, the de-
tection effect of MFCNet is much better than that of YOLOv7l
for the areas with dense small ships, such as the second and
fourth groups of images. Due to the large number and con-
centrated distribution of tiny ships in the images, the detection
results of YOLOv7l are very unsatisfactory, with many false
negatives and false positives. However, our proposed MFC-
Net has obvious advantages over YOLOv7l, although it also
has several false negatives and one false positive. The results
demonstrate that our MFCNet successfully improves the per-
formance of SAR ship detection.
Amore detailed performance comparison between ourMFC-

Net and other excellent models is given in Table 4. From Ta-
ble 4, it can be concluded that MFCNet outperforms other mod-
els in F1, mAP, and P metrics. Compared with SSD, although
GFLOPs has increased by 87.8G, FPS has decreased by 3.9, the
MFCNet has shown an improvement by 3% in F1 score, 8.38%
in mAP, and 4.97% in P. Even compared to the suboptimal
YOLOv9, mAP is 0.76% higher, and P is 0.69% higher. From
the comparison of the above results, it can be concluded that
although the computational complexity has increased, MFC-
Net has achieved the optimal performance in F1, mAP, and
P, demonstrating its better detection accuracy for dense and
small ships in SAR images. This is mainly because the FES-
Net and SFA successfully suppress the interference of complex
background on ship features, thereby improving the accuracy
of feature extraction. Moreover, to tackle the challenge in de-
tecting small and dense ships in SAR images, the proposed
MISPP module expands the receptive field while maintaining

high resolution, enhancing the semantic information of small
ships and significantly reducing positional ambiguity and target
loss. In addition, the FCFNet integrates features from different
scales, further improving the performance of the model in com-
plex scenarios. Experimental results on the SSDD and HRSID
datasets demonstrate that the proposed method effectively re-
duces the missed and false detections of small and dense ships.

3.6. Ablation Experiment

In this ablation experiment, we evaluated the three key mod-
ules of the model, FESNet, MISPP, and FCFNet, one by one,
to analyze the independent contribution of each module in per-
formance improvement. Table 5 shows the performance of the
model on different indicators after adding these three modules
one by one. It can be seen that whether adding modules sepa-
rately or combining modules, the performance of the model has
been improved in F1, mAP, and P metrics. This indicates that
the introduction of FESNet significantly enhances the ability
of the model to extract basic features and improves its ability
to capture small targets. The MISPP module effectively en-
hances the multi-scale perception ability of the model, making
it more robust in dense target scenes. FCFNet module achieves
more accurate localization and recognition of targets in com-
plex backgrounds through feature cross-fusion. In addition,
when the three modules are combined and used in the model,
they exhibit good complementarity amongmodules, further im-
proving the overall detection performance. This indicates that
these modules not only independently demonstrate advantages
in their respective design goals, but also achieve collaborative
gains when being used together. This ablation experiment de-
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sign helped us verify the independent value of each module and
demonstrate its organic combination effect in improving model
performance.

4. CONCLUSION
There are some deficiencies in accurate localization and tar-
get recognition for SAR ship detection, and it is easy to miss,
misjudge, and lose information in complex nearshore and small
ship concentration scenarios. To overcome these deficiencies,
a novel SAR ship detection network MFCNet is proposed in
this paper. The FESNet module enhances the feature extrac-
tion ability, while the SFA and RDS modules are added to bet-
ter capture and handle small and dense ships in the complex
background. Meanwhile, the MISPP module is introduced to
expand the range of the receptive field and enhance the posi-
tioning accuracy in the high-level features. At last, the FCFNet
module is introduced to further enhance the performance of ship
detection by making full use of the information of different fea-
ture levels. Various experiments were carried out on the SSDD
and HRSID datasets to verify the performance of the model.
On the SSDD dataset, P reached 96.52%, and mAP reached
96.89%. On the HRSID dataset, P reached 95.04%, and mAP
reached 93.52%. In addition, our proposed MFCNet model can
effectively detect multi-scale ships in SAR images, especially
small ships and ships near the coastline. However, there is still
shortcoming in this paper. The computational complexity of
MFCNet is a little high. In future research, we plan to explore
lightweight SAR ship detection model that improves model ac-
curacy while enhancing model detection efficiency.
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