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Abstract 
Ship classification using synthetic aperture radar (SAR) imagery is a challenging 
problem in maritime surveillance. Due to the unbalanced distribution of ship targets in 
SAR images, and problems such as image noise. In this paper, an improved algorithm for 
ship identification from SAR images is proposed. Firstly, the label information is 
discarded and self-supervised pre-training (SSP) is performed on the data. The pre-
training network is trained by constructing an auxiliary task to predict the rotation angle 
of the input image, and the SAR image is randomly rotated by 0,90,180,270 degrees and 
input into the classification network, and the network predicts the rotation angle of the 
input image to obtain the pre-training model. The model parameters obtained above are 
then used to train the ship classification network, while a soft attention mechanism is 
added to the network to improve the value of important features and suppress noise 
interference induced features. The experimental results show that the algorithm in this 
paper has a great improvement in the accuracy of classification under different 
imbalance ratios of data sets. 
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1. Introduction 

As the most important vehicle for human activities at sea, ships play an important role in various 
maritime matters such as border control, environmental protection, traffic surveillance and search and 
rescue. With these needs in mind, it is very important to monitor the status of ships at sea by any 
means possible[1]. The role of SAR in maritime ship monitoring has been widely accepted due to its 
ability to provide powerful local/global monitoring capabilities with fewer constraints due to 
meteorological phenomena and atmospheric conditions. With the launch of the new generation of 
satellite missions, the number of medium and high resolution SAR (MR-SAR and HR-SAR) ship 
images has gradually increased, allowing the task of maritime ship monitoring to evolve further from 
providing the geographical location of ship targets (i.e. ship detection) to identifying ship classes (i.e. 
ship classification).  

In recent years supervised learning methods, including the traditional machine learning approach[2-
6] and the emerging deep learning approach[7-8] , have shown good results in classification tasks of 
SAR ship images. Nevertheless, there are many challenges that need to be addressed. In real sea 
situations, the types of ships at sea are mainly cargo ships and tankers, while the number of other 
types of ships is low. The significant imbalance in the number of ship types, as well as the noise 
interference in the SAR images, and the small inter-class differences all have an impact on the 
accuracy of SAR ship classification. 
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To address such problems, most researchers have worked on data preprocessing, using different loss 
functions, and designing recognition features and classifiers to improve ship classification 
performance in SAR images.Zhang [9] proposed a combination of dynamic weighted sampling and 
soft threshold shifting.Cui [10] proposed a category balancing loss function, introducing a weighting 
factor that uses the number of valid samples per category to rebalance the loss, and this factor is then 
inversely proportional to the number of valid samples to produce the category balancing loss.Li [11] 
et al. mitigate the dataset imbalance problem by an improved residual conditional generation network, 
building a block based on residual convolution to remove detailed textures of different types of targets, 
and then using gradient penalty and Wasserstein loss as discriminators to improve the real sample-
to-sample similarity and internal diversity of the generated images.Xing [12] et al. proposed to 
combine different geometric features (length, aspect ratio, shape complexity, center of mass and 
covariance coefficient) and scattering features (local density of multiple parts of the ship) to construct 
a representative feature vector to build a dictionary and classify the ship using sparse representation; 
Xu [13] used a new migration metric learning (TML) method, called geometric transfer metric 
learning (GTML), which implements distinction information retention (DIP), geometric structure 
retention (GSP), and simultaneous processing of domain shifts (DS) by integrating pairwise 
constraints (PC), joint distribution adaptation (JDA), and transforming stream shape regularization 
(MR) into a unified optimization function, aiming to fully exploit their complementary properties to 
improve SAR ship classification performance. 

Based on this, this paper conducts a methodological study on the impact of class imbalance and noise 
suppression in SAR ship image dataset on ship classification accuracy. First, the imbalance in the 
number of labels naturally imposes "label bias" in the deep learning process, and the classifier will 
bias the classification boundary toward a few classes in order to improve the overall accuracy of 
classification, resulting in the increase of classification space for most classes and the difficulty of 
identifying samples from a few classes, which leads to the unsatisfactory final results. Therefore, in 
order to overcome the inherent label bias, in this paper, in the first stage, the label information is 
dropped and self-supervised pre-training (SSP) is performed. The purpose of this process is to learn 
better initialized feature information independent of label information from the unbalanced dataset. 
Then, the parameters of the self-supervised pre-training model obtained from the training are 
migrated to the SAR ship classification network and fine-tuned, and a soft attention module is added 
to the classification network to improve the value of important features, suppress image noise 
interference, and increase inter-class differences. The experimental results show that the method 
proposed in this paper can effectively improve the classification accuracy under different data set 
imbalance ratios. The method in this paper can be effectively used in marine ship monitoring and 
other aspects. 

2. Relation 

2.1 Self-supervised Learning 

Self-supervised learning is essentially a method of unsupervised learning, where a "Pretext tasks" are 
usually set up to train a network model by constructing Pesdeo Labels based on some characteristics 
of the data. The model obtained through self-supervised training can be used as a pre-training model 
for other learning tasks, providing it with better initial weights for training. Thus, self-supervised 
learning can also be seen as an attempt to learn a generic visual representation of an image. Due to 
this property, self-supervised learning is applied in the classification of unbalanced datasets[14]. 

To verify the effectiveness of the self-supervised pre-training method in an unbalanced data set, first 
assume a d-dimensional binary classification problem with data distribution 𝑃  conforming to a 
mixed Gaussian model. Second, assume that the negative class is the dominant class, and when the 
probability of 𝑌 = +1  is 𝑝 , the probability of 𝑌 = −1  is𝑝 = 1 − 𝑝 where 𝑝 ≥ 0.5 .When 
𝑌 = +1 , X is a d-dimensional isotropic Gaussian distribution, at which time X obeys 𝑋|𝑌 =
+1~Ν(0, 𝜎 𝐼 ). Similarly, when 𝑌 = −1, X obeys 𝑋|𝑌 = −1~Ν(0, 𝛽𝜎 𝐼 ) , where 𝛽 is a constant 
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and 𝛽 > 3 makes the negative sample variance larger. The training set may be highly unbalanced, 
and the number of positive and negative samples is denoted by 𝑁  𝑎𝑛𝑑 𝑁  respectively. Suppose a 
linear classifier is trained in the presence of self-supervision: 

 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(〈𝜃, 𝑓𝑒𝑎𝑡𝑢𝑟𝑒〉 + 𝑏, 𝑏 > 0)                           (1) 

 

The performance of the classifier 𝑓(𝑥) is also measured using the standard error probability: 

 

𝑒𝑟𝑟 = ℙ( , )~𝑃 (𝑓(𝑋) ≠ 𝑌)                               (2)                                   

 

In the presence of self-supervision, feature  in equation (1) can be expressed as Ζ = Ψ(𝑋), where 
Ψ denotes the representation of features learned from the self-supervised task, and for convenience, 
assume a correctly designed black-box self-supervised task such that the learned representation can 
be expressed as: 2

1 2 2|| ||Z k X k   At this point 1 2, 0k k  . At this point equation (1) can be expressed 
as: 
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At this point consider a linear classifier with self-supervised learning, and for any  𝛿 ∈ (0, ), with 
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From equation (4) it can be seen that: firstly, dropping the unbalanced labels and expressing the 
information through self-supervised learning yields a classifier that works well 𝑓  with 
exponentially decaying error probabilities in d-dimensions. The probability of such classifiers grows 
exponentially with respect to the dimensionality of the data and the amount of data. Since modern 
data has extremely high dimensionality, good classifiers can be obtained with proper self-supervised 
training even for unbalanced data; secondly the unbalance of the training data affects our ability to 
obtain good performing classifiers, only more or less balanced data (or just more data) increases the 
accuracy of the classifier, however, since the correlation is in exponential form, even for unbalanced 
training data, self-supervised learning can still help train to a satisfactory classifier. 

2.2 Soft Attention Mechanisms 

The attention mechanism is essentially a mechanism that emphasizes regions of interest while 
suppressing irrelevant background regions by means of a set of weighting coefficients learned 
autonomously by the network and "dynamically weighted". One of the soft attention mechanisms 
uses 3D convolution [15] to focus and identify the most important features responsible for the 
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classification. For a given 3D output 
x x xx h w df R   and a size of 3 × 3 × 𝑑  of the 3D kernel 𝑔 is 

convolved to produce a feature map 1
3

x xh w
df R   .There are K such kernels representing K attention 

heads, and a feature map 3

x xh w K
df R   is generated. Next, each of the K feature maps in turn is 

normalised and aggregated to calculate a soft attention score: 
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At this point 3 ( )xdf g f , normalised to assign an importance score to the relevant location in the 

feature map. Then, xf multiplying with  to obtain xf , scales the value of the salient position.Finally, 

o is calculated by adding xf to the product of xf and w .where w  is the learnable scalar. 

3. Self- supervised Image Classification Model based on SAR Ship Imbalance 
Dataset 

3.1 Self-supervised Pre-training Models 

Imbalance in data is very common in SAR image ship classification, and unbalanced labels can 
impose "label bias"in which decision boundaries may be significantly driven by most categories 
during classifier learning, resulting in poor classification of images. In this paper, we apply self-
supervised pre-training to SAR ship image classification, taking into account the need to use 
imbalanced labels, and introduce self-supervised pre-training in the classification of SAR ship 
imbalance dataset with out using any additional data to mitigate the negative impact of label 
imbalance on classification results. 

In this paper, based on the basic situation of the dataset, the self-supervised method used for 
comprehensive consideration is the rotation prediction (Rotation) method mentioned in Spyros 
Gidaris et al.[16] . By predicting the rotation angle of the input image to train the network, the pre-
training network can fully understand the location and type of the SAR ship image, so that the network 
can fully learn the initial feature information independent of the label. In this paper, the input image 
is randomly rotated by 0,90,180,270 degrees and input into the classification network. The network 
predicts the rotation angle of the input image to be 0, 1, 2, 3 and obtains the objective function as: 
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where K=4, four rotation angles, and 𝜃 represents the network parameters, ,i yX  represents the first 

𝑖 image is rotated by (𝑦 − 1) × 90° , and 𝑙(. ) denotes the cross-entropy loss. 

3.2 Soft Attention Model 

The soft attention mechanism increases trust in the classification model by multiplying the 
corresponding feature mappings with low weights, making irrelevant regions of the image 
untrustworthy. In the soft attention mechanism model discussed in this paper, the feature vector (t) 
flowing down the deep neural network is used as input. The output is obtained as: 
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The feature vector 𝑡 ∈ ℝ × ×  is input to the 3D convolution layer with the weights: 𝑊 ∈
ℝ × × × , where K is the number of 3D weights. The output of this convolution is normalized using 
the softmax function to generate K=16 attention maps,the specific flow chart is shown in Figure 1. 

 

 

Figure 1. Soft attention unit 

 

These attentional maps are aggregated to produce a unified attentional map that acts as a weight 
function α. This α is then multiplied by t to precisely scale the salient feature values, which are further 
scaled by the γ learning scalar. Finally, let the scaled features 𝑓  be connected to the original feature 
t in the form of a residual branch. During training, γ is initialised from 0, allowing the network to 
slowly learn to adjust the attention required by the network.  

3.3 Network Model 

ResNet-50[17] was proposed by Kai-Ming He et al. in 2015 and has achieved very good results on 
image classification tasks such as ImageNet and CIFAR-10, and the residual network also converges 
faster with the same number of layers, and this paper uses ResNet-50 as the underlying architecture 
for training the network. In this paper, a self-supervised pre-training and soft attention model is 
embedded in ResNet-50. The specific structure design is shown in Figure 2. 

As shown in Figure 2, firstly, in the self-supervised pre-training stage, the unlabeled SAR ship image 
of size 224×224×1 is randomly rotated by 0, 90, 180, 270 degrees and inputted to a 112×112×64 
feature map after 64 convolutional layers with a convolutional kernel of 7×7 and a step size of 2; then 
it is passed through a maximum pooling of step size 2 to obtain a feature of size 56×56× 64 pooled 
features, and the features are stacked by 16 residual modules (1×1 convolution, 3×3 convolution with 
step size 2, 1×1 convolution) to obtain a 7×7×2048 feature map, and then the 1×1×2048 feature vector 
is obtained by averaging pooling; finally, the feature vector is fed into a fully connected layer of size 
(4, 2048) and then recognized by the Softmax function rotation angle of the SAR ship image. Then 
the last three layers of the network are frozen using self-supervised pre-training weights, and a 
labelled SAR ship image of size 224 × 224 × 1 is fed into the network, and a feature map of size 7 × 
7 × 2048 is obtained after passing through five convolution blocks, which is then passed through the 
soft attention module to obtain a feature map of size 4 × 4 × 4096, where the size of the feature map 
is 7 x 7, The soft attention layer is followed by a maxpool layer of size 2x2, and the connected layer 
is followed by the relu activation unit. To normalize the output of the attention layer, a dropout layer 
with a factor of 0.5 is added after the activation unit, and a feature vector of size 1 x 1 x 4096 is 
obtained by averaging pooling; finally, the feature vector is fed into the fully connected layer of size 
(6, 4096) and the SAR image is classified by the Softmax function.  
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Figure 2. Network structure 

4. Model Training 

4.1 Experimental Environment 

The experiment is based on 64-bit Windows 10 operating system, Inter(R)Core(TM) i7-
7800XCPU@3.5GHz Processor, 16GB RAM, NVIDIA GeForce GTX3080 graphics card, and 
Kears,pytorch deep learning framework. Pycharm, Python 3.6, and matplotlib module were used to 
visualize the experimental results curves. 

4.2 Introduction to the Data Set 

The dataset used in this study is OpenSARShip[18] , which contains 11,369 SAR ship targets in 14 
categories collected from Sentinel-1, and some of the data distribution is shown in Figure 3 below. 
There is a significant imbalance in the amount of data between the different categories. There is a 
large amount of noise interference in the images. In this paper, six of these categories were selected 
as Cargo,Tanker,OtherType,Tug, Fishing,Dredging was performed for training, and Figure 4 shows 
the images of part of the dataset. In the experiments, all images were resized to 224*224, and the 
training set, and the validation set were divided according to 8:2 as the division. To verify the 
effectiveness of the proposed method in this paper, the proposed dataset category imbalance index𝜌 , 
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expressed as the sample size of the most frequent (head) category divided by the sample size of the 
least frequent (tail) category. In this paper, we discuss the data set category imbalance index when 
the data set category imbalance index 𝜌 = 100, 50, 20 and 0 for the classification accuracy of SAR 
ship images. 

 

 
Figure 3. OpenSARShip distribution of the number of categories 

 

 
Figure 4. Selected SAR ship images. (a) Cargo; (b) Dredging; (c) Fishing; (d) Other Type; (e) 

Tanker; (f) Tug 

4.3 Experimental Hyperparameter Design 

In the training process, a large number of experiments are needed to find the most suitable 
hyperparameters, and different hyperparameters can have an impact on the experimental results. 
Therefore, after several experiments, the hyperparameters for this experiment were set as follows: the 
batch-size was set to 16, the Adam optimizer was used to optimize the model because of its 
advantages of fast convergence and easy tuning, and the learning rate was set to 0.0001. the loss 
function was CrossEntropyLoss, and the epoch of the whole network training was set to 120. The 
epoch for the whole network training was set to 120.  

5. Analysis of Experimental Results 

5.1 Network Training 

 
Figure 5. Training loss and accuracy 
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In order to verify the improvement of the classification accuracy of SAR ship images by adding the 
self-supervised pre-training and soft attention modules, this paper uses the category imbalance index 
𝜌 = 100 After 120 training iterations using the ResNet-50+SSP+SA method, the accuracy and loss 
function convergence trends of the training network were obtained as shown in Figure 5. 

From Figure. 5, it can be seen that the network loss converges rapidly during training, and gradually 
stabilizes with small fluctuations by 100 steps, and the network loss basically stabilizes at 0.12 at 120 
steps. the training accuracy gradually increases before 100 steps and finally stabilizes at about 82%. 
Therefore, the average recognition rate reaches 83% for the training of samples with serious 
imbalance of data categories, and achieves good results for the classification of six types of SAR 
image ships. 

5.2 Comparison of Different Algorithms 

In order to verify the effectiveness of the self-supervised pre-training method proposed in this paper, 
comparison experiments with different algorithms are conducted separately. In this paper, we 
compare respectively the training of the dataset at the dataset imbalance index𝜌 =100, 50, 20, 0, using 
only the basic ResNet-50 network for training the dataset, and with ResNet-50+CB-Loss[10] method, 
ResNet-50+Focal-Loss[19] respectively , and the average recognition rate results are shown see Table 
1. 

 

Table 1. Comparison of different algorithms 

Imbalance Ratio(𝜌) 100 50 20              0 

ResNet-50 72.24%±0.24 76.3%±0.12 80.9%±0.05      84.87%±0.22 

ResNet-50+CB-Loss 76.56%±0.23 78.9%±0.21 81.32%±0.15     86.7%±0.17 

ResNet-50+Focal-Loss 74.21%±0.50 75.64%±0.50 80.95%±0.23     84.23%±0.46 

SSP+ResNet-50 78.4%±0.15 81.79%±0.24 84.6%±0.45      88.83%±0.63 

SSP+ResNet-50+SA 83.5%±0.75 86.45%±0.63 90.3%±0.27      92.4%±0.45 

 

According to the comparison of different algorithms, it can be seen that the worst classification 
accuracy is obtained by using only ResNet-50 network training, which is due to the imbalance in the 
number of categories in the dataset that causes the existence of infrequent classes to be ignored during 
network training, making the final average classification accuracy lower; CB-Loss increases the 
weight of infrequent classes by introducing a weighting factor that is inversely proportional to the 
effective samples, thus making the average Focal-Loss aims to solve the category imbalance problem 
by reducing the weights of frequent classes, which makes the contribution of frequent classes to the 
final loss smaller, and also makes the use of Focal-Loss method to improve the imbalanced data set 
the least, and the average classification accuracy only increases by about 1%. At the same time, after 
adding the soft attention module to the SAR ship image classification network, the average 
classification accuracy increases by about 5.6% compared with the method after only self-supervised 
pre-training, which effectively suppresses the effect of SAR ship image noise and makes the final 
classification accuracy greatly improved. 

Meanwhile, this paper analyzes the specific classification accuracy of each class when comparing the 
above different algorithms for classifying SAR ship images at the data set imbalance index 𝜌 = 100, 
as shown in Figure 6, it can be seen that the recognition rate of all six classes is improved by the 
method of this paper, especially the most infrequent class Tug,Dredging in the data set, and the 
method of this paper further improves the classification of the rare class accuracy. 
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Figure 6. Different algorithms for various types of accuracy 

 

Since the self-supervised pre-training is independent of the algorithm used in the subsequent training 
phase of the classification network, the method is compatible with any existing imbalance learning 
algorithm. In this paper, we compare the classification accuracy after training 120 times at an 
imbalance index 𝜌 = 100, using only the CB-Loss algorithm and the Focal-Loss algorithm with the 
addition of self-supervised pre-training for both, and the comparison results are plotted in Figure 7 
below shown. 

 

 
Figure 7. With or without SSP classification accuracy.(a) CB-Loss; (b) Focal-Loss 

 

As can be seen from Figure 9, the classification accuracy of both the CB-Loss and Focal-Loss 
algorithms is higher than that of the CB-Loss and Focal-Loss algorithms alone after adding self- 
supervised pre-training. The average increase in classification accuracy was about 4% for CB-loss 
and 3.2% for Focal-loss after adding the self-supervised pre-training. Since the purpose of self- 
supervised pre-training is to learn features that are not related to label information, it can be combined 
with existing imbalance algorithms to further improve the recognition rate, further validate the 
compatibility of the methods proposed in this paper, and provide ideas for subsequent research. 

6. Conclusion 

To address the problem of imbalance in the SAR ship image dataset and the presence of a large 
amount of noise interference affecting the images, this paper proposes a method based on a 
combination of self-supervised pre-training and soft attention. To overcome the inherent label bias 
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caused by label imbalance on training, this paper uses a self-supervised pre-training method that 
discards label information and allows the network to learn better initialization information from 
unbalanced datasets. Also, since the self-supervised pre-training method is independent of the 
learning method employed in the subsequent normal training phase, the method in this paper can be 
applied to most current neural network-based SAR image recognition algorithms. In this paper, we 
choose to add a soft attention module in the subsequent training stage to alleviate the SAR noise 
interference problem of ship images to expand the inter-class differences and improve the 
classification accuracy. The effectiveness of this paper's algorithm is verified on the OpenSARShip 
dataset, and the recognition rates are improved by 11.26%, 10.15%, 9.4%, and 7.53% when the 
dataset imbalance index is 100, 50, 20, and 0, respectively. 

In this paper, we focus on the problems of data set imbalance and image noise and achieve good 
results, but there are still problems of fine-grained classification such as limited labeled samples, large 
variance in the same category and small variance between different categories in SAR ship image 
classification, and the algorithm will be improved in the future to further enhance the recognition rate 
of SAR ship images.follow the “checklist” your paper will conform to the requirements of the 
publisher and facilitate a problem-free publication process. 
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