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Abstract: Ship detection using synthetic aperture radar (SAR) images is widely applied to marine
monitoring, ship identification, and other intelligent maritime applications. It also improves shipping
efficiency, reduces marine traffic accidents, and promotes marine resource development. Land
reflection and sea clutter introduce noise into SAR imaging, making the ship features in the image
less prominent, which makes the detection of multi-scale ship targets more difficult. Therefore, a
cross-scale ship detection network for SAR images based on efficient receptive field and enhanced
hierarchical fusion is proposed. In order to retain more information and lighten the weight of the
network, an efficient receptive field feature extraction backbone network (ERFBNet) is designed,
and the multi-channel coordinate attention mechanism (MCCA) is embedded to highlight the ship
features. Then, an enhanced hierarchical feature fusion network (EHFNet) is proposed to better
characterize the features by fusing information from lower and higher layers. Finally, the feature map
is input into the detection head with improved bounding box loss function. Using SSDD and HRSID
as experimental datasets, average accuracies of 97.3% and 90.6% were obtained, respectively, and the
network performed well in most scenarios.

Keywords: synthetic aperture radar; ship detection; deep learning; attention mechanism; feature
fusion

1. Introduction

SAR is a coherent imaging system that can produce high resolution remote sensing
images without time constraints and regardless of extreme weather conditions, such as
cloud cover [1]. Having high adaptation to ocean monitoring with fluctuating climate [2],
SAR has growing importance for the detection of military and civilian ships [3], with roles
such as controlling sea traffic, fisheries monitoring, protection of marine ecology, disaster
relief, and other applications. SAR image ship detection can effectively improve ship
transportation efficiency and reduce maritime traffic accidents. However, because of the
disturbance of sea surface clutter and land building reflection, the ship features in SAR
images are weakened. Coupled with the large differences in the size of ships, it is difficult
to detect them all at the same time, so the detection of ships in SAR images has always been
a research hotspot in remote sensing image processing.

Most of the early SAR image ship target detection methods used constant false alarm
rate detector (CFAR) [4], which is based on the principle of constructing mathematical and
statistical models of sea surface and ship targets, and the process is simple and efficient.
However, in real situations different sea surfaces have different statistical properties, and
objects that are not the ship targets can also affect the accurate modeling. Therefore,
some improved CFAR algorithms have been proposed, one of which is based on the
implementation of more optimal statistical distributions, such as Lognormal, Gamma, or
Alpha distributions [5–7]. There is also one that utilizes wavelet transform and template
matching [8,9] for ship target detection. These methods are more suitable for fixed sea
surface scenes with less interference, and require a lot of preliminary work to analyze the
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characteristics of the target and the background. Because of high parameter sensitivity, it is
difficult to make satisfactory detection performance in complex environments. In addition
to the CFAR method, a saliency-based ship detection method for SAR images has also been
proposed [10]. Wang et al. [11] studied the dissimilarity and the similarity between the
target and background pixels to construct a pattern recursion-based saliency ship detector,
which was experimentally shown to be robust even in complex backgrounds. Although
the saliency-based methods have achieved better detection results, they still have some
shortcomings. For example, it is difficult to distinguish between the background and the
target when they are weakly differentiated, so the detection accuracy is reduced. And
the saliency map can only show the rough range of the target and cannot provide precise
location and shape information.

In recent years, deep learning has been used in SAR image ship detection. Neural
network models can automatically extract target feature information from images by
reading a large amount of annotation data, carry out optimization learning, and finally
output prediction results. Compared with the traditional methods, it has the advantages of
high detection accuracy and efficiency, strong anti-interference, etc. which has become the
commonly used method of SAR ship detection. Generally, it can be divided into one-stage
and two-stage detection networks. The two-stage detection network gives the pre-selected
box of the region of interest before performing the prediction box regression computation,
and the representative network is Faster-RCNN [12]. Wang et al. [13] evaluated the regions
generated by Faster R-CNN, using the maximum stability extreme region method, which
optimized the original threshold decision method and reduced false positives of the model.
Lin et al. [14] added the SE attention mechanism to the Faster-RCNN network, which
gives different weights to different locations in the channel through the weight matrix
to highlight important features and enhance the detection performance in the nearshore
region. For the irregularity of the ship shape and to better extract the geometric features of
the ship, Ke et al. [15] used deformable convolution to construct a Faster R-CNN network.
Jiao et al. [16] proposed a thickly-linked network based on Faster-RCNN in order to
improve the adaptability of the model in different scenarios by combining one feature
map with each other and merging them together. However, constructing the network was
time-consuming. Xu et al. [17] designed a grouped feature fusion module to achieve the
information interaction between different polarization features. It not only improves the
multi-scale feature extraction ability of the model, but also makes full use of the differences
between various polarization features.

The one-stage detection network eliminates the region suggestion generation part,
simplifying the object detection problem to a regression problem, which is character-
ized by a high rate, and the representative networks are YOLO series [18] and SSD [19].
Liu et al. [20] introduced coordinate attention to the YOLOv7-tiny model and improved
the spatial pyramid pool (SPP) and SIoU loss function to strengthen detection performance.
Cheng et al. [21] used non-local mean as a denoising method for SAR images to preprocess
detected images, and then proposed a feature thinning module to suppress background
interference and improve the positioning performance of the model. Zhang et al. [22]
designed five modules to form a high-precision detection network called HyperLi-Net.
Most of these approaches are aimed at improving the detecting precision, but ignore the
fact that the complexity and computational load of the model will increase as the network
goes deeper.

To lighten the model, some scholars introduce the lightweight network module. Draw-
ing on the idea of GhostNet, Tian et al. [23] put the ghost module into the backbone of
the RetinaNet network as a shallow convolutional layer to generate only some of the new
channels, and at the same time decrease the number of deeper convolutional layers to
reduce the overall computation of the network. Zhang et al. [24] built the lightweight
ship detector ShipDeNet-20 for real-time detection, whose model size is less than 1 MB.
Although it used fewer convolutional layers and smaller convolutional cores, it ensured
the original detection accuracy through a feature enhancement module and a scale sharing
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module. Kong et al. [25] chose YOLOx-Tiny as the baseline model and parallelized three
different convolutions to form a lightweight feature extraction module, while using the
more computationally efficient SPPF module to decrease the number of parameters. Most
of the above methods use convolutional modules with fewer parameters to build models,
which makes the backbone network inevitably lose some pixel information during feature
extraction. For ship targets in SAR images, the pixel area difference between targets is large
due to the different ship sizes, resulting in weak detection capabilities of small targets.

To overcome multiple targets in SAR images, more than one approach has been
presented. Suo et al. [26] fused low-level spatial information with high-level semantic
information across hierarchical levels to solve the problem of difficult detection due to
large changes in ship size. Li et al. [27] designed multiple pyramid modules, and each
contained a different combination of convolutional layers. They cascaded and juxtaposed
them to obtain contextual fusion information. Zhu et al. [28] repeatedly concatenated two-
pyramid networks, each with the same feature fusion structure, and finally connected the
two outputs, which shortened the path of the same feature flow and facilitated multiscale
feature fusion. Zhang et al. [29] constructed four different feature pyramid modules and
cascaded them in a certain order to form Quard-FPN, which performs multi-scale feature
fusion and improves the multi-scale detection ability of the model. In addition, they
proposed the concept of balanced learning [30] for the first time, solving the imbalance
problem of four different angles in SAR image ship detection and improving the detection
accuracy.

Although advances in deep learning have significantly enhanced the accuracy and
efficiency of detection, SAR image ship detection continues to present substantial challenges.
In general, most of the current ship detection networks can achieve high-precision detection
in a simple background. When sea conditions are variable, however, ships may be moored
at the shore or entering and exiting the harbor, in this case, buildings in the near-shore
area can cause interference. And detection will be more difficult if the ships are densely
arranged. Consequently, most models fail to locate ships adequately, resulting in more
missed detections. On the other hand, since the network performs multiple down sampling
when extracting features, feature information of targets that occupy less pixel area is lost,
which leads to a serious problem of missed detection of small-scale ships. Especially
when large ships are present, it is easy to misidentify small ships as noise, so improving
multi-scale detection accuracy is also a problem that needs to be solved.

To address the above issues, CSEF-Net, a new SAR image ship detection network
based on large receptive field and cross-scale feature fusion is proposed. Compared with
the baseline YOLOv7 network, the capability of feature extraction and fusion is improved,
and the loss function of boundary box regression is optimized. The experimental results on
the SSDD dataset, the HRSID dataset and the LS-SSDD dataset show the effectiveness of
the proposed method. Our contributions can be categorized as follows:

1. The CSEF-Net network is proposed to enhance the accuracy of detecting ships across
different scales in SAR images under complex scene conditions.

2. To improve the feature extraction ability of the backbone network without adding
too many parameters, an efficient receptive field feature extraction backbone network
(ERFBNet) is designed to enlarge the receptive field and retain more effective infor-
mation. Meanwhile, an effective attention mechanism and a lighter convolutional
aggregation module are introduced.

3. To promote the flow of features on different scales and merge contextual information,
an enhanced hierarchical feature fusion network (EHFNet) is designed. This network
aims to provide more accurate location and semantic information, which includes
weighted fusion and a skip layer connection. Moreover, a new down sampling module
is designed.

4. Based on the characteristics of cross-scale ship targets, a more effective loss function
of boundary box regression is designed, which is conducive to the detection of target
position and improves the overall detection accuracy of the network.
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2. Methods
2.1. Overall Network Structure of the CSEF-Net

YOLOv7 [31] is a relatively mature single-stage detection network of the current
YOLO series, which balances the detection accuracy and detection speed very well and
shows excellent performance in many target detection tasks. There are several versions of
YOLOv7, such as YOLOv7-tiny, YOLOv7x, YOLOv7e6, and YOLOv7w6. Basic YOLOv7
is selected as the baseline model to build the CSEF-Net network. The overall network
framework is shown in Figure 1. According to the classical network architecture, it is
divided into three parts: backbone network, feature fusion network, classification and
prediction network. Firstly, the backbone network extracts the key characteristics of the
input image, followed by the output of three different scale feature maps. Secondly, the
three feature maps are multi-scale fused via the feature fusion network. Then, the detection
head is used for training and prediction, and the prediction results along with the real
labels are fed into the loss function for calculating and optimizing. Finally, the accurate
ship target position is obtained by eliminating the redundant detection frame through
non-maximum suppression.
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Specifically, CSEF-Net mainly includes three parts: efficient receptive field feature
extraction backbone network ERFBNet, enhanced hierarchical feature fusion network
EHFNet and detection head with improved bounding box loss function. Firstly, an efficient
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receptive field module, ERFM, is designed to construct ERFBNet. By introducing depthwise
separable convolution and partial convolution, the computation is reduced, making the
model lightweight. At the same time, three dilated convolutions are parallel to expand the
receptive field and retain more image information. A multi-channel coordinate attention
mechanism (MCCA) is created, which has the ability to emphasize target features and
minimize background noise. Then it is embedded in the ERFM module to improve the
feature extraction capability of the backbone network.

Then, to improve the multi-scale feature fusion capability and cross-scale target detec-
tion accuracy of the network, a top-down and bottom-up enhanced hierarchical feature
fusion network EHFNet is constructed. Specifically, weighted nodes and feature multiplex-
ing connections are introduced in the downward feature fusion process to screen more
important information, and improve the information mobility and shorten the path be-
tween different layers. To optimize the feature fusion upward process, an improved down
sampling module is incorporated to effectively preserve more channel information and
decrease the loss of target information, especially for small targets. After the input feature
map passes through EHFNet, the fusion feature map with richer location and semantic
information will be obtained.

Finally, the fused three feature maps of different scales are input into the detection
head network for training to predict the ship target. The model parameters are optimized
by the loss function, where the new bounding box regression loss function consists of
Wise-IOU and NWD metrics. Moreover, non-maximum suppression (NMS) is used to filter
the prediction boxes and suppress the redundant detection boxes.

2.2. Efficient Receptive Field Feature Extraction Backbone Network (ERFBNet)

The structure of ERFBNet is shown in Figure 1. The input image is first sampled twice
by four CBS convolution modules. The image size becomes a quarter of its original size.
Then, three different scale feature maps are output after stacking four efficient receptive
field ERFM modules and three down sampling MP modules. The second and third ERFM
modules are embedded with the multi-channel coordinate attention mechanism MCCA to
form the ERFM-Att module.

2.2.1. Efficient Receptive Field Module (ERFM)

Belonging to an integral component of the backbone network, the ERFM module
influences the feature extraction proficiency of the entire network. Its detailed structure
is shown in Figure 2, incorporating two branches N1 and N2. In target detection, when
the receptive field of the convolutional kernel exceeds the feature region of the target to
be tested, that part of the features cannot be extracted, and the target is recognized as
background. When the receptive field cannot cover the feature region of the target to be
tested, the global information will be ignored, and the features extracted by the network
are limited to the local space. Dilated convolution is a convolution kernel with expansion
rate. With no augmentation in convolutional parameters, the convolution kernel size and
receptive field can be enlarged. Hence, the N1 branch constructs convolutional kernels with
diverse scale receptive fields through different dilated rates, utilized to obtain multi-scale
feature maps with large receptive fields, thereby the detection network can adapt to targets
of different sizes. The N2 branch reduces the number of parameters brought by ordinary
convolutional stacking by lightweight convolutional modules. Firstly, the input features
are routed to the N1 branch, which encompasses three parallel dilated convolutional
layers with distinct sampling rates. The dilated rates are 2, 4 and 8, respectively, and
the equivalent receptive field of the current layer are 5, 9 and 17. The features extracted
from each convolutional layer are subsequently processed in a separate branch and fused
to culminate in the final output. Concurrently, the input features are routed to the N2
branch, which successively passes through the conventional convolutional module CBS, the
partial convolution [32] (PConv) module PBS, and the depthwise separable convolution [33]
(DSC) module DBS to comprehensively extract features. There exists a residual connection
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between PBS and DBS, thus enabling the features to detour to the output layer. Therefore,
the latter layer can directly learn the residual to protect the integrity of information, and
simplify the learning complexity of the network. Finally, all the output feature maps of
N1 and N2 branches are spliced according to the channels. Then the number of channels
is reduced by dimensionality reduction through the convolution layer with convolution
kernel of one to get the final output. After the above steps, the ERFM-Att module further
extracts the features through the multi-channel attention module MCCA.
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The depthwise separable convolution consists of two segments, as shown in Figure 3.
Initially, depthwise convolution is utilized to carry out operations with the input features.
The implementation process is that one convolution kernel corresponds to one channel,
that is, a channel only performs convolution operations on its corresponding convolution
kernel. The quantity of convolution kernels and the count of output feature graph channels
are congruent with the number of input feature graph channels. Subsequently, pointwise
convolution is used to do operations with feature maps. Its operations are similar to
conventional convolution operations, but its convolution kernel size is 1 × 1. Essentially,
the feature maps of the previous step are weighted and combined in channel dimension
to generate new feature maps, and the number of convolution kernels is identical to the
number of channels in the output feature maps. But it may fluctuate from the number of
input feature graph channels. Compared to conventional convolution, the computational
volume ratio of DSC to conventional convolution is:

1
N

+
1

D2
F

(1)

where DF is the size of the convolution kernel of the depthwise convolution, and N is its
number.
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Partial convolution selects a portion of channels from the input feature map for convo-
lution operation, and the remaining channel information is retained and merged with the
new channels that have been computed, as shown in Figure 3. PConv usually considers
the first or the last consecutive channel as representative of the whole feature map for
calculation, which can avoid a large amount of information loss during the convolution
process and retain the integrity of the channel information. Therefore, PConv can effec-
tively decrease the model’s parameter count and computational overhead by reducing
the number of unnecessary computations and memory accesses, which makes the FLOPs
only one sixteenth of the ordinary convolution and the memory accesses only one quarter
of the ordinary convolution. In addition, the normalized BN layer and SiLU activation
function are added to form the DBS and PBS convolution blocks, which can enhance the
nonlinear representation of the network, maintain the diversity of features, and improve
the generalization ability of the network.

2.2.2. Multi-Channel Coordinate Attention Module (MCCA)

Inspired by the fundamental coordinate attention mechanism [34], a multi-channel
coordinate attention MCCA module is proposed with its detailed architecture illustrated
in Figure 4. This module can learn to obtain the azimuth perception, concentrate on the
significant coordinates, and disregard the invalid coordinates, thus effectively capturing
features of ships of interest, suppressing the background clutter noise, and improving the
efficiency of informational transmission. The basic coordinate attention module firstly
calculates the average of the input features for every channel along the horizontal and
vertical coordinate axes separately to yield a pair of direction-conscious attention maps,
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which can not only capture the extended dependence along one spatial dimension, but also
preserve the precise position information along the other spatial dimension.
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The direction-conscious attention can be expressed as:

Xh = YAvgPool(Fin) (2)

Xw = XAvgPool(Fin) (3)

where AvgPool(·) indicates average pooling based on vertical coordinates, XAvgPool(·)
represents average pooling based on horizontal coordinates, and Fin denotes input features.

After that, the feature maps in two directions are cascades, and the channel dimension
is reduced through convolution. Subsequently, the feature maps are divided back to the
original two directions along the spatial dimension, restoring the number of channels to its
original state through convolution. Finally, after sigmoid activation, the final coordinate
attention weights are obtained, which can be expressed as:

W1 = CS(Splith(CBH(Concat(Xh, Xw)))) (4)

W2 = CS(Splitw(CBH(Concat(Xh, Xw)))) (5)

hswish(x) = x
ReLU(x + 3)

6
(6)

where Concat(·, ·) and Split(·) represent the join and the segmentation operation respec-
tively. CBH(·) means that the input is convolved first, then normalized BN, and then
passed through the h_swish activation function. CS(·) indicates the convolution and
sigmoid activation function.

The integration of the coordinate attention mechanism allows the network to pay more
attention to the spatial characteristics of features. However, the interaction information
between the original channels of feature maps is also worth concentrating on. Therefore,
another global channel attention branch is added. Firstly, it compresses the feature map
in the global space dimension, including global average pooling and global max pooling.
Then, after the one-dimensional convolution module, dimension reduction is avoided, and
cross-channel interaction information is effectively captured. Finally, the output results are
added and activated by sigmoid. The global channel weight can be expressed as:

W3 = Sgm(Add(OConv(GAP(Fin), GMP(Fin)))) (7)

Xout = W1 × Xin + W2 × Xin + W3 × Xin (8)
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where Sgm(·) represents the sigmoid activation function, Add(·) indicates add by element
operation, OConv(·) denotes one-dimensional convolution, GAP(·) and GMP(·) represent
global average pooling and global maximum pooling respectively.

Firstly, the input features pass through the global channel attention submodule to
obtain the feature map with the global channel interaction information weight, and then
multiply with the coordinate attention weight. In this way, the features can be captured from
multiple perspectives, and the model can focus on crucial information while discarding
redundant data. Using the proposed ERFM module and MCCA attention mechanism
to construct the backbone network can achieve the goal of extracting features efficiently
without increasing the number of required parameters. It should be noted that among the
four ERFM modules in the backbone network, only the middle two ERFM modules are
embedded with the MCCA attention mechanism. The output features are passed into the
subsequent feature fusion network to highlight the location information of the target and
suppress the background noise.

2.3. Enhanced Hierarchical Feature Fusion Network (EHFNet)

As can be seen from Figure 1, the backbone network generates three feature graphs
of different sizes C3, C4 and C5 as output, among which the low-level feature contains
stronger location information and the high-level feature carry richer semantic information.
In order to make full use of information at different levels, a hierarchical feature fusion
network is needed to fuse different features. The enhanced multi-scale feature fusion
network EHFNet is composed of two aggregation paths, top-down and bottom-up, which
realizes bidirectional feature fusion, and fuses the feature graph of the previous path in the
current path. Specifically, in the process of top-down feature fusion, the weighted node
mechanism and feature reuse connection are introduced, which can efficiently aggregate
important features and shorten the information path at the same level. In the process of
bottom-up feature fusion, an improved down sampling module is used to avoid the loss
of important target information, especially small target features. The specific feature flow
diagram of EHFNet is shown in Figure 5.
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2.3.1. Weighted Feature Fusion Nodes and Feature Multiplexing Connection

In order to facilitate subsequent classification and prediction, the fusion of features at
different scales usually results in the direct and simple corresponding addition of different
features. However, this will lead to the non-discriminative fusion of texture information at
the lower level and semantic information at the higher level, ignoring the importance of
information at different levels. Therefore, it is necessary to introduce a weighted feature
fusion mechanism. This allows the model to learn the importance of input features at
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different levels and to differentiate between input features at different resolutions. The
weighted fusion mechanism used in this paper is as follows:

O = ∑i
wi ∗ Ii

∈ +∑j wj
(9)

where Ii is different input features, wi is its corresponding weight, ∈ is a small positive
value to avoid the situation where the denominator is 0. Using this method, the output
range can be reduced to between [0, 1], and the training speed is fast. At the same time,
to reduce the amount of computation, EHFNet only adds a weighting mechanism in the
top-down fusion process.

The sizes of the three different feature maps output by the backbone network are
C3: 20 × 20, C4: 40 × 40, and C5: 80 × 80, respectively. Since the feature map of the
middle layer, 40 × 40, is generated by the sub-sampling of the low-level feature map and
the source of the generation of the high-level feature map, which contains more contextual
information, we choose to add layer skipping connections to it, as shown in Figure 6. By
making it skip the intermediate information path and directly fuse with the subsequent
feature maps, a fast channel between layers of the same size is established, and the flow
of multi-scale information is enhanced. In addition, the skip layer connection can recover
part of the information lost in the subsequent down sampling process, which is beneficial
to further improving the cross-scale detection performance of the model. After a series of
operations, the processed output features contain a higher concentration of low-level local
spatial and high-level global semantic information.
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2.3.2. Efficient down Sampling Module (EDS)

In the process of bottom-up feature fusion, two down sampling operations are per-
formed, and the spatial information contained in the feature map decreases as it shrinks.
When the resolution of the SAR image is too low or the detection of the target pixel is
small, the fine-grained information will be lost and the model learning features will be
insufficient. However, SAR images not only have much speckle noise, but also most ship
targets occupy only a small part of the pixel value relative to the background. To avoid the
loss of spatial position information of small targets during down sampling, a better down
sampling module is proposed. The specific structure is shown in Figure 6.

As the general pooling layer is based on the pixel value in the local neighborhood for
the overall calculation of subsampling operation, it will inevitably lose a lot of information
in the feature map. To solve this problem, the SPD module is used instead of the general
pooling to verify the current subsampling function. Inspired by image conversion technol-
ogy, the SPD layer subsamples the input feature map, divides it into four different feature
blocks with the same number of channels according to the length and width directions of
the input feature, and splits it with the channel as the basis, so that the length and width of
the original input feature map is scaled to one half, but the number of channels is increased
to four times. In this way, all information in the channel dimension can be retained, so no
information is lost, as shown in Figure 7. Then, a convolution module CBS without step
size and with convolution kernel size of one is used to reduce the number of channels,
reduce the number of channels increased by SPD layer, and carry out information fusion
between channels. In addition, the original input feature map is passed through another
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branch consisting of two convolutional modules, CBS, and the Efficient Channel Attention
(ECA) mechanism, and the output information is fused with the output information passing
through the SPD branch. The principle of ECA is shown in Figure 8. Input features are first
homogenized globally to obtain one-dimensional features with the same size as the number
of channels, and then one-dimensional convolution is used to capture cross-channel inter-
action information. In this way, not only is the resolution of down sampling guaranteed,
but also the importance of features of different channels is preserved.

Remote Sens. 2024, 16, x FOR PEER REVIEW  11  of  26 
 

 

directions of the input feature, and splits it with the channel as the basis, so that the length 

and width of the original input feature map is scaled to one half, but the number of chan-

nels is increased to four times. In this way, all information in the channel dimension can 

be retained, so no information is lost, as shown in Figure 7. Then, a convolution module 

CBS without step size and with convolution kernel size of one is used to reduce the num-

ber of channels, reduce  the number of channels  increased by SPD  layer, and carry out 

information fusion between channels. In addition, the original input feature map is passed 

through another branch consisting of two convolutional modules, CBS, and the Efficient 

Channel Attention (ECA) mechanism, and the output information is fused with the output 

information passing through the SPD branch. The principle of ECA is shown in Figure 8. 

Input features are first homogenized globally to obtain one-dimensional features with the 

same size as the number of channels, and then one-dimensional convolution  is used to 

capture cross-channel interaction information. In this way, not only is the resolution of 

down sampling guaranteed, but also the importance of features of different channels is 

preserved. 

 

Figure 7. The structure of the SPD module. 

F1 Global-Average
Pooling

One-dimensional
Convolution ×

Sigmoid

1×1×C 1×1×C

F2

Input

Output

K=5

 

Figure 8. The ECA attention mechanism. 

2.4. Bounding Box Loss Function 

The loss function of bounding box regression (BBR) directly affects the localization 

performance of the model. The BBR loss function used in the original YOLOv7 model is 

the CIoU loss function. It comprehensively considers the overlap degree, center point dis-

tance, and aspect ratio difference between  the predicted  frame and  the real frame. The 

formula is as follows: 

𝐿 1 𝐼𝑜𝑈
𝜌 𝑏, 𝑏

𝑐
𝛼𝑣  (10) 

Figure 7. The structure of the SPD module.

Remote Sens. 2024, 16, x FOR PEER REVIEW  11  of  26 
 

 

directions of the input feature, and splits it with the channel as the basis, so that the length 

and width of the original input feature map is scaled to one half, but the number of chan-

nels is increased to four times. In this way, all information in the channel dimension can 

be retained, so no information is lost, as shown in Figure 7. Then, a convolution module 

CBS without step size and with convolution kernel size of one is used to reduce the num-

ber of channels, reduce  the number of channels  increased by SPD  layer, and carry out 

information fusion between channels. In addition, the original input feature map is passed 

through another branch consisting of two convolutional modules, CBS, and the Efficient 

Channel Attention (ECA) mechanism, and the output information is fused with the output 

information passing through the SPD branch. The principle of ECA is shown in Figure 8. 

Input features are first homogenized globally to obtain one-dimensional features with the 

same size as the number of channels, and then one-dimensional convolution  is used to 

capture cross-channel interaction information. In this way, not only is the resolution of 

down sampling guaranteed, but also the importance of features of different channels is 

preserved. 

 

Figure 7. The structure of the SPD module. 

F1 Global-Average
Pooling

One-dimensional
Convolution ×

Sigmoid

1×1×C 1×1×C

F2

Input

Output

K=5

 

Figure 8. The ECA attention mechanism. 

2.4. Bounding Box Loss Function 

The loss function of bounding box regression (BBR) directly affects the localization 

performance of the model. The BBR loss function used in the original YOLOv7 model is 

the CIoU loss function. It comprehensively considers the overlap degree, center point dis-

tance, and aspect ratio difference between  the predicted  frame and  the real frame. The 

formula is as follows: 

𝐿 1 𝐼𝑜𝑈
𝜌 𝑏, 𝑏

𝑐
𝛼𝑣  (10) 

Figure 8. The ECA attention mechanism.

2.4. Bounding Box Loss Function

The loss function of bounding box regression (BBR) directly affects the localization
performance of the model. The BBR loss function used in the original YOLOv7 model is the
CIoU loss function. It comprehensively considers the overlap degree, center point distance,
and aspect ratio difference between the predicted frame and the real frame. The formula is
as follows:

LCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αv (10)

v =
4

π2

(
arctan

wgt

hgt − arctan
w
h

)2

(11)

α =
v

(1 − IoU) + v
(12)

where ρ2(b, bgt) is the distance between the predicted box’s center point and the actual
box’s center point, c is the diagonal distance of the smallest rectangular box containing two
boundary boxes, v is utilized to assess the degree of alignment between the aspect ratio of
the prediction box and the target box, and α is a balance factor that increases with IoU.
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On the basis of CIoU, EIoU treats height and width as penalty terms respectively to
avoid the limitations brought by fixed aspect ratio. The formula is as follows:

LEIoU = LIoU + Ldis + Lasp= 1 − IoU +
ρ2(b, bgt)

c2 +
ρ2(w, wgt)

c2
w

+
ρ2(h, hgt)

c2
h

(13)

where cw and ch are the minimum width and height of the outer frame that encloses the
two bounding boxes, w and h are the width and height of the predicted box, and wgt and
hgt are the width and height of the real box.

Both CIoU and EIoU do not calculate the directional error between the true and
predicted boxes, which leads to slower convergence of the model and deterioration of the
results. SIoU adds the angle penalty metric, so that the predicted box and the true box
can quickly align in the center, and only need to return to one coordinate, which greatly
reduces the convergence time. Combined with the distance penalty term and the shape
penalty term, the formula is as follows:

LSIoU = 1 − IoU +
∆ + Ω

2
(14)

∆ = ∑t=x,y

(
1 − e−γρt

)
, ρx,y =

(
bgt

cx,y − bcx,y

cw,h

)2

, γ = 2 − Λ (15)

Λ = 1 − 2 ∗ sin2
(

arcsin(x)− π

4

)
, x =

ch
σ

= sin(α) (16)

Ω = ∑
t=w,h

(
1 − e−wt

)θ (17)

where Λ is the angle penalty term, ∆ is the distance penalty term, Ω is the shape penalty
term, wt Indicates the width/height difference of the two frames and the ratio of the
maximum width/height of the two frames, α is the minimum angle between the central
point of the two boxes and the X-Y axis, ρx,y is the distance between the predicted box’s
center point and the actual box’s center point.

Considering the existence of ship targets of different scales and the phenomenon of
dense array and partial occlusion in SAR images, a new boundary box loss function WN-
Loss is designed to improve the positioning accuracy of the model. WN-Loss is composed
of Wise-IoU [35] and normalized Wasserstein distance (NWD) [36] measures. Wise-IoU
defines a dynamic FM β by estimating the outlier value of the anchor box, and then assigns
different gradient gains, so that BBR can focus on the anchor box with ordinary mass.
Wise-IoU is divided into WIoUv1, WIoUv2, WIoUv3 versions, WIoUv1 version of the
formula is as follows:

LWIoUv1 = RWIoU LIoU (18)

RWIoU = exp(

(
x − xgt

)2
+
(
y − ygt

)2(
W2

g + H2
g

)∗ ) (19)

where Wg and Hg are the size of the minimum closed box. WIoUv2 uses Focal loss for
reference to introduce the monotonic FM mechanism, effectively reducing the contribution
of ordinary samples to the loss value, and setting the Focusing coefficient γ. The calculation
formula is as follows:

LWIoUv2 = Lγ∗
IoU LWIoUv1, γ > 0 (20)

LWIoUv2 = (
L∗

IoU

LIoU
)

γ

LWIoUv1 (21)
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On the basis of the above WIoUv2 version, the WIoUv3 version introduces dynamic
non-monotonic FM; the formula is as follows:

β =
L∗

IoU

LIoU
∈ [0,+∞) (22)

LWIoUv3 = rLWIoUv1, r =
β

δαβ−δ
(23)

where β is the outlier of the anchor frame, and anchor frame mass increases as β decreases.
When a smaller gradient gain is assigned to an anchor frame with a large outlier, it will
effectively prevent large harmful gradients from low-quality samples.

In BBR, a common occurrence is to use IoU as the regression loss of the detect head,
but the sensitivity of IoU to targets of different scales varies greatly. As shown in the
Figure 9, assuming that the IoU threshold is 0.5, there are targets of different scales in one
graph at the same time, and the position deviation of the targets is the same. For a small
target of 6 × 6 pixels, a very small position deviation will also cause the IoU to drop from
0.53 to 0.06, which is a significant decrease, so that the target sample does not meet the
threshold conditions and is incorrectly assigned as a negative sample. For a larger object of
36 × 36 pixels, the IoU decreases from 0.90 to 0.65, which is still within the threshold range.
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However, the size of ship targets have multiple scales, and using only IoU measure-
ment will cause the problem of unbalanced sample distribution. In order to alleviate the
above problems, normalized Wasserstein distance (NWD) loss is introduced as the BBR
loss measurement. The NWD metric replaces the standard IoU by the Wasserstein distance.
Specifically, the bounding box is first modeled as a two-dimensional Gaussian distribution,
and then the similarity of the Gaussian distribution of the bounding box is measured using
the normalized Wasserstein distance. The primary benefit of the Wasserstein distance is that
it allows for the measurement of distribution similarity even when the actual box and the
predicted box do not overlap or when the degree of overlap is minimal. Moreover, NWD is
not impacted by objects of different scales, making it more applicable for measuring the
similarity between small ships. The NWD loss calculation formula is as follows:

LNWD = 1 − NWD
(

Np, Ng
)

(24)

NWD
(

Np, Ng
)
= exp(−

√
W2

2
(

Np, Ng
)

C
) (25)

W2
2
(

Np, Ng
)
= ∥ ([cxa, cya,

wa

2
,

ha

2
]T , [cxb, cyb,

wb
2

,
hb
2
]T) ∥2

2 (26)

where ∥ · ∥ is the Frobenius norm, W2
2
(

Np, Ng
)

is the Wasserstein distance between the real
box and the predicted box, Np and Ng are the corresponding two-dimensional Gaussian
distributions, respectively, and NWD

(
Np, Ng

)
is the new metric normalized using the
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exponential form. The final BBR loss function is composed of Wise-IoU and NWD loss
multiplied by the corresponding weight coefficient respectively. The formula is as follows:

Lossbbr = λ1LNWD + λ2LWIoU (27)

When λ1 is 1 and λ2 is 0, it means that only Wise-IoU is utilized to the bounding frame
loss function; when λ1 is 0 and λ2 is 1, it means that only NWD loss measure is utilized to
the bounding frame loss function. In the experiment of this paper, λ1 is 0.7 and λ2 is 0.3.

3. Experiment and Results
3.1. Experimental Platform

The experimental environment relied on PyCharm 2022.3.3 IDE to build, and the deep
learning framework consisted of PyTorch 2.0.1, CUDA 11.8 and CUDNN 8.9. The CPU
was 12th Gen Intel(R) Core(TM) i7-12700 2.10GHz and the GPU was NVIDIA GeForce GTX
3060 12G. The PC operating system was Windows 11.

3.2. Datasets

(1) SSDD:

SSDD is a public ship dataset published by Li et al. [37]. It contains 1160 SAR images,
including HH, HV, VV and other polarization modes, with a resolution between 1–15 m. A
total of 2456 ships were built, the smallest being 7 × 7 and the largest 211 × 298, with a
ratio of 60.2%, 36.8%, and 3% of small, medium, and large ships, respectively. There are
multiple offshore simple scenes and offshore complex scenes in the dataset. In addition,
the dataset provides annotation information in PASCALVOC format.

(2) HRSID:

The HRSID dataset [38] was released in 2020 and widely used. The original image
was 136 large-scale SAR satellite images, which were then cropped into 5604 SAR images
with a size of 800 × 800. A total of 16,951 ships were built, with a ratio of 54.5%, 43.5%, and
2% of small, medium, and large ships, respectively. And its image resolutions ranged from
0.5 m to 3 m. There are multiple offshore simple scenes and offshore complex scenes in the
dataset. In addition, the dataset provides annotation information in MS COCO format.

(3) LS-SSDD:

The LS-SSDD dataset [39] is a large-scale SAR ship detection dataset published by
Zhang et al. in 2020. It consists of 15 large 24,000 × 16,000 images from Sentinel-1,
including both VV and VH polarization modes, which were then trimmed to 9000 smaller
800 × 800 images. There are a total of 6015 ships, with the ratio of small, medium, and
large ships being 99.80%, 0.20%, and 0, respectively. In addition, the dataset provides
annotation information in PASCALVOC format.

3.3. Model Evaluation

In this experiment, target detection evaluation indexes were used to evaluate the model
performance, including Precision, Recall, Average Precision (AP), small target accuracy
APS, medium target accuracy APM, large target accuracy APL, and F1 score. Accuracy and
recall rates are defined as follows:

Precision =
TP

TP + FP
(28)

Recall =
TP

TP + FN
(29)

TP, FP, and FN refer to the number of correctly detected vessels, false alarms, and missed
vessels, respectively.
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AP is the area surrounded by the curve of the relationship between precision rate and
recall rate, which is defined as:

AP =
∫ 1

0
P(R)dR (30)

F1 scores combine accuracy and recall as follows:

F1 = 2 × Precision × Recall
Precision + Recall

(31)

According to the number of pixels contained in the ship target position prediction box,
ships are divided into small ships, medium ships, and large ships according to the COCO
index definition to calculate their detection accuracy. Some COCO index definitions are
shown in Table 1.

Table 1. The definition of some COCO indicators.

Metric Meaning

AP AP for IoU = 0.50:0.05:0.95
AP50 AP for IoU = 0.50
APS AP for small targets (area < 322)
APM AP for medium targets (322 < area < 962)
APL AP for large targets (area > 962)
FPS Frames per second

3.4. Experimental Results
3.4.1. Ablation Experiment

The ablation experiment was conducted on the SSDD dataset. To verify the validity of
each module in the model and observe the detection performance of the CSEF-Net model,
F1 score, mAP, and different scale accuracy indexes APS, APM, APL were used as evaluation
indexes of the ablation experiment. All experiments adopted the same parameter settings,
and the parameter values refer to the official YOLOv7 training settings. Specifically, epoch
was set to 300, batch_size was set to 8, initial learning rate was set to 0.01, final OneCycleLR
learning rate was set to 0.1, optimizer weight decay was set to 0.0005, SGD momentum was
set to 0.937, and the performance data were test set results. The specific ablation experiment
results are shown in Table 2.

Table 2. Results of ablation experiments.

Experiment ERFBNet EHFNet WN-Loss F1 mAP APS APM APL

1 — — — 0.848 0.902 0.561 0.54 0.047
2

√
— — 0.920 0.961 0.636 0.673 0.41

3
√

—
√

0.933 0.968 0.657 0.667 0.413
4

√ √
— 0.928 0.963 0.639 0.647 0.357

5 —
√ √

0.888 0.941 0.617 0.601 0.183
6

√ √ √
0.941 0.973 0.653 0.702 0.41

“
√

” indicates that the current module was used, and “—” indicates that it was not used.

Different module combinations were used in experiments 1–6. The baseline model
was built in experiment 1, and the CSEF-Net model was built in experiment 6. It can be
seen that the mAP of baseline model on SSDD dataset is 90.2%, F1 is 0.848, but APL is only
4.7%, indicating that the cross-scale detection ability is weak. In experiment 2, ERFBNet
was integrated as the backbone network, and all indexes were improved compared with the
baseline model. In experiment 3, after WN-Loss was added, only APM decreased slightly
and APS reached the highest value of 65.7%, indicating that WN-Loss had a good effect on
small target detection. Experiment 4 added EHFNet on the basis of experiment 2, the F1
and mAP were slightly improved while APM and APL were slightly reduced. The model
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detection performance of experiment 5 was the worst except for the baseline model, indicating
that after removing ERFBNet module, the feature extraction ability of the backbone network
was significantly diminished leading to a poor detection effect. All modules were used in
experiment 6, and a good balance effect was achieved in various indexes. Compared with the
baseline model, mAP increased from 90.2% to 97.3%, F1 reached the highest value of 0.941,
and the detection accuracy of ship targets of different scales was significantly improved, but
APS and APL decreased by 0.4% and 0.3% compared with experiment 3.

The PR curve shows the relationship between the precision and recall of the model in
training, and usually the closer the curve to the upper right the better performance of the
model. Figure 10 demonstrates the comparison of PR curves for ablation experiments on
the SSDD dataset. As can be seen from the figure, CSEF-Net performs best with the largest
curve enclosure area relative to the baseline model YOLOv7.
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On the basis of experiment 4, we experimented with the weighting coefficients in
WN-Loss to obtain the optimal settings and the results are shown in Table 3. After analyzing
the experimental results, λ1 was set to 0.7 and λ2 was set to 0.3. We also conducted compar-
ative experiments on the different boundary box loss functions mentioned in Section 2.4,
including the performance results of three different versions of Wise-IOU without NWD
measurement, and the performance results of the combination of NWD measurement and
different IOU, as shown in Table 4. It can be seen that WN-Loss, composed of the NWD
measure and Wise-IOU v2 version, performs best, with a mAP of 97.3%, and has the highest
accuracy rate on small and medium ship targets.

Table 3. Experiments with different weighting coefficients for WN-Loss.

λ1 λ2 P R mAP

0.9 0.1 0.913 0.883 0.944
0.7 0.3 0.921 0.895 0.952
0.5 0.5 0.921 0.879 0.947

Table 4. Experimental results of different boundary box loss functions.

Lossbbr F1 mAP APS APM APL

Wise-IOU
V1 0.9283 0.963 0.651 0.692 0.404
V2 0.9348 0.974 0.640 0.680 0.310
V3 0.9281 0.961 0.645 0.660 0.107

NWD

+CIOU 0.9078 0.952 0.632 0.673 0.503
+EIOU 0.9081 0.951 0.632 0.616 0.177
+SIOU 0.9145 0.961 0.642 0.665 0.369

+V2 0.941 0.973 0.653 0.702 0.41
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3.4.2. Comparison with Other Target Detection Algorithms

To further validate the performance of the model algorithm proposed in this paper,
a comparison experiment was conducted on SSDD dataset and HRSID dataset under
the same conditions with other detection algorithms. In the experiment, seven classical
target detection algorithms were selected for comparison, these are the two-stage detection
algorithm Faster R-CNN [12], the one-stage detection algorithms YOLOv5_n, YOLOv7 [31],
SSD [19] and EfficientDet [40], and the anchor-free detection algorithms RetinaNet [41]
and CenterNet [42]. In addition, five other SAR ship detection methods were also selected
as comparative. They are I-YOLOv5 [43], Pow-FAN [44], Quad-FPN [29], BL-Net [30],
and I-YOLOx-tiny [25], where Quad-FPN, BL-Net, I-YOLOx-tiny are multi-scale detection
networks. The specific experimental results are shown in Table 5.

Table 5. Experimental results of comparative experiments.

Method
SSDD HRSID

FPS
Params

(M)
FLOPs

(G)P R F1 mAP P R F1 mAP

Faster-RCNN 0.502 0.944 0.66 0.851 0.378 0.560 0.45 0.454 13 41.3 251.4
SSD 0.936 0.552 0.69 0.899 0.928 0.438 0.60 0.681 92 23.7 30.4

EfficientDet 0.959 0.533 0.69 0.713 0.969 0.331 0.49 0.484 29 3.8 2.3
YOLOv5_n 0.925 0.833 0.87 0.897 0.890 0.717 0.79 0.776 95 1.9 4.5

YOLOv7 0.928 0.782 0.84 0.902 0.847 0.724 0.78 0.819 56 37.1 105.1
RetinaNet 0.976 0.623 0.76 0.698 0.980 0.395 0.56 0.534 34 36.3 10.1
CenterNet 0.948 0.604 0.74 0.785 0.948 0.696 0.80 0.788 48 32.6 6.7
I-YOLOv5 0.883 0.934 0.90 0.950 0.843 0.845 0.84 0.851 13 - -
Pow-FAN 0.946 0.965 0.95 0.963 0.885 0.837 0.86 0.897 31 136 -
Quad-FPN 0.895 0.957 0.92 0.952 0.879 0.872 0.87 0.861 11 - -

BL-Net 0.912 0.961 0.93 0.952 0.915 0.897 0.90 0.886 5 47.8 417.8
I-YOLOx-tiny 0.960 0.930 0.94 0.961 0.936 - - 0.867 49 1.4 5.7

CSEF-Net 0.967 0.918 0.94 0.973 0.927 0.801 0.85 0.906 43 37.3 104.1

The experimental results on SSDD and HRSID show that compared with the other
seven classical methods, although the precision and recall of CSEF-Net are not the highest
among all algorithms, the mAP is best. Compared with the baseline YOLOv7, the mAP
of CSEF-Net is improved by 7.1% on the SSDD dataset and 8.7% on the HRSID dataset.
It proved to be effective in ship detection using SAR images. The performance of the
Faster-RCNN network is the worst, because the two-stage detection network first generates
the preselected frame, and there is a lot of speckle noise in SAR images, which affects
the accurate generation of the preselected frame. In addition, the FPS of the two-stage
algorithm is also the lowest. Among the single-stage detection algorithms, SSD and
EfficientDet have high precision, but the recall rate is not satisfactory, even below 50%
on the HRSID dataset, and the F1 score of the YOLO series network indicates a better
balance of precision and recall, and a higher mAP. In the anchor-free algorithm, there is no
prior anchor box generation and only one box is predicted for each location, which may
cause some overlapping or obscured areas to be undetected, so the recall rate and mAP of
RetinaNet and CenterNet decreases. Compared to the five other methods, CSEF-Net has
the highest mAP on both the SSDD and HRSID datasets. And it had the highest average
accuracy on the HRSID dataset at 90.6%. What is more, the algorithms perform worse
on the HRSID dataset than the SSDD dataset. The HRSID dataset contains more complex
scenarios. For example, ships in ports are closely arranged, multiple small targets enter
ports at the same time, and the cross-scale difference of ships is large, which makes the
network performance challenging. However, CSEF-Net still performs better than other
algorithms, and it can be seen that CSEF-Net can extract cross-scale features of ships as
well as possible even in the case of more noise.

To evaluate the complexity and detection speed of the model, we used Params, FLOPs
and FPS metrics. As shown in Table 5, the FPS, params, and FLOPs of CSEF-Net are 43,
37.3, and 104.1, respectively. This indicates that even though CSEF-Net achieves better
accuracy at the cost of increasing complexity by introducing the attention mechanism and
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adding additional parameters, it can still meet the requirements of real-time detection.
However, the number of parameters and the number of floating-point operations of the
model can be decreased, and we will consider further optimizing the complexity of the
model in subsequent work.

3.4.3. Experimental Results in Different Scenarios

To validate the performance of the models in different scenes, the test set images of
the SSDD dataset were divided into offshore and inshore scenes. In the offshore scene,
ship targets are mostly located in the sea without interference from other objects, and the
background is simple and easy to detect. In the inshore scene, ship targets are mostly
docked at ports or coastlines, surrounded by interference from other objects, and the
background is complex and difficult to detect. The CSEF-Net model was compared with
the YOLOv7 model, and the specific performance results are shown in Table 6.

Table 6. Experimental results of different scenes.

Scene Method F1 mAP APS APM APL

Offshore
YOLOv7 0.929 0.977 0.604 0.664 0.190
CSEF-Net 0.982 0.993 0.672 0.767 0.700

Inshore
YOLOv7 0.647 0.683 0.443 0.327 0.026
CSEF-Net 0.850 0.9 0.604 0.587 0.074

It can be seen that the performance of the CSEF-Net model in the offshore scene is
better, F1 is 0.982, mAP is 99.3%, and the precision of various scales is relatively balanced.
In the nearshore scenario, the model performance decreased somewhat, but it was still
improved compared with the YOLOv7 model. F1 was 0.85 and mAP was 90%, indicating
good robustness. However, APM and APL declined more than APS, this was especially
true of APL, which was only 7.4%. This shows that the model loses more information to
medium and large ships in complex scenes, and retains better information to small targets.
The anti-jamming ability of the model can be further improved.

In order to visually demonstrate the detection effect of the proposed algorithm in
different scenarios, six typical representative scenarios were selected from the test sets of
the SSDD dataset and the HRSID dataset, respectively, for experimental comparison, as
shown in Figures 11 and 12.
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Figure 11. Detection results of typical scenarios in the SSDD dataset. The bounding box in the figure
shows the real labels in the first column, the original YOLOv7 detection results in the second column,
and the CSEF-Net detection results in the third column: (a) a small number of discrete small targets;
(b) multiple discrete small targets; (c) targets that are more dispersed when docked; (d) overlapping targets
that are distributed when docked; (e) small targets with discrete distribution in a complex background
during port entry; (f) small targets with dense distribution in a complex background when entering port.
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Figure 12. Detection results of typical scenarios in the HRSID dataset: (a) a small number of discrete
small targets; (b) multiple discrete small targets; (c) multiple cross-scale targets in a dense array while
docked at shore; (d) multiple small targets with dense distribution with a complex background when
entering port; (e) the real box has a lot of overlap when docked on the shore; (f) a situation where the
size of a large ship differs greatly from that of a small ship.
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As can be seen from Figure 11a,b and Figure 12a,b, in the offshore scenario, the
background is simple, the ship target is easy to detect, and the algorithm model in this
paper has higher confidence for the same detection target. However, in the nearshore
scenario, ships will be disturbed by complex shore buildings when docked or entering the
port, and there are dense arrangements of ship targets of different scales at the same time,
which makes detection more difficult. As can be seen from Figure 11d,f and Figure 12c,d,e,
the detection performance of the YOLOv7 model is not good in the case of dense or
overlapping ship targets, and the miss and error detection rate of the proposed algorithm
model is lower, which indicates that the proposed algorithm model can better distinguish
and extract ship features, and has strong anti-interference performance. As can be seen
from the result diagram in Figure 11c, when the cross-scale difference of ship targets in the
image is small, the model can still detect targets of different scales well; however, when
there are targets with large cross-scale differences at the same time, as shown in Figure 12f,
the YOLOv7 model fails to detect the large-scale ship in the lower left corner, resulting in
an error detection situation. Although there are some omissions in the algorithm model,
two different scales are correctly detected.

3.4.4. CSEF-Net’s Performance in Other SAR Images

To verify the robustness and generalization of the model in other scenarios, we tested
the performance of the CSEF-Net by conducting experiments directly on the untrained
public dataset SAR-Ship-Dataset [45]. It is used for SAR ship detection in complex back-
grounds with 39,729 images including 59,535 ship examples. Ultimately, CSEF-Net has
a precision of 75.7%, a recall of 68.3%, and an average precision of 70.2% on this dataset.
Figure 13 shows the partial visualization of test results. From these results, it can be seen
that CSEF-Net has a small number of omissions and misdetections, and the generalization
performance of the model can be further improved.
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Figure 13. Detection results of typical scenarios in the SAR-Ship-Dataset. The image on the left is
the real label and on the right is the detection result of CSEF-Net: (a) mass noise; (b) large scale ship
targets; (c) nearshore interference; (d) large number of discrete targets.

In addition, we also selected a large-scale image from the Sentinel-1 satellite in the
untrained LS-SSDD dataset and conducted experiments. The size of the original image is
24,000 × 16,000, limited by the hardware of the computer, the image size was compressed
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to 8000 × 8000 when testing the whole image, and the segmented sub-images were tested
separately. The detection results are shown in Figure 14. It shows that although some very
small targets are missed, most ship targets can still be accurately detected.
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3.5. Discussion of Error Detection and Leakage Detection

From the experiments in this chapter, it can be seen that although CSEF-Net has good
detection performance in most cases, there are still some cases of missing and wrong
detection. When there is a large number of overlapping boundary boxes, as shown in
Figure 11d, the boundary boxes of three ships overlap each other, the boundary between
features is not clear, and there are a large number of repeated redundant features in the
extracted features, resulting in the inability of the middle ship to be detected, indicating
that the model is not capable of distinguishing and refining features. When the ship targets
are densely packed and there are many small targets, as shown in Figures 11f and 12c,d, the
SAR image resolution is low and there is speckle noise on a similar scale to the small target
ships, which is not conducive to detection. Coupled with the interference of land buildings
and sea clutter, the model takes noise and interference as target error detection. This shows
that the anti-interference performance of the model needs to be improved. To sum up, in
order to improve the practical application effect of CSEF-Net, further improvements are
needed in terms of enhanced feature extraction capability and refinement differentiation,
as well as robustness and generalization in complex scenes.

4. Conclusions

In this paper, we note the problems of existing models, which have difficulty detecting
cross-scale targets and are subject to complex background interference, and thus propose
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the CSEF-Net ship detection algorithm. The algorithm utilizes ERFBNet to construct an
efficient sensor field feature extraction backbone network, introduces the MCCA attention
mechanism to highlight the target location, and promotes information flow by fusing
different scale features through EHFNet. Experimental results on the SSDD and HRSID
datasets demonstrate that the method shows effectiveness and better performance for ship
target detection in SAR images. In addition, generalization experiments were performed
on the untrained dataset. Despite the improvement in missed and false detections in the
case of a dense arrangement and a large number of small targets, there are still some targets
that are not detected correctly. Future research directions include extending the dataset to
improve generalization, optimizing the model to improve detection accuracy and speed,
and exploring the change from vertical to rotating detection boxes to better characterize
ship positions. Moreover, we will also consider the tasks of ship classification and instance
segmentation when ships are detected.
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