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Abstract: Ship classification using synthetic aperture radar (SAR) images is a 

challenging problem in maritime surveillance. Due to the limitation of SAR imaging 

mechanism, SAR images can only provide limited discriminative information, and ship 

targets in SAR images mostly show large intra-class variability and small inter-class 

differentiability, in addition, the serious imbalance in the number of ship types brings 

difficulties to design effective ship target classification algorithms. In this paper, based 

on the traditional Softmax loss function and Island loss function, a new loss function 

is proposed to guide the learning of deep convolutional neural networks. Extensive 

experiments and in-depth analysis show that the proposed method can effectively 

improve the inter-class separability and intra-class tightness in SAR images, thus 

improving the performance of fine-grained ship classification in SAR images, and 

outperforming most of the most advanced methods. 

 

Keywords: Fine-grained, SAR, image classification, loss function. 

 

1. Introduction 

Vessel surveillance helps in various maritime matters such as combating illegal ships, 

protecting the marine environment, searching for missing ships, and coordinating 

maritime traffic. In recent years, satellite-based synthetic aperture radar (SAR) has 

been widely used for maritime ship monitoring due to its ability to provide wide-area, 

day/night and weather independent images [1]. With the launch of new generation 

satellite missions, the increase in the number of medium- and high-resolution SAR 

images has further evolved the task of maritime ship monitoring from providing the 

geographic location of ship targets to ship detection and identification. Carrying out 

SAR image ship classification research is beneficial to better maritime activities and is 

important for maritime ship management, real-time monitoring of sea surface 

activities, marine fisheries management, and maritime rescue. 

In recent years, supervised learning methods, both traditional machine learning 
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methods [2-6] and emerging deep learning methods [7-10], have achieved impressive 

results on ship image classification problems. However, despite this, there are still 

many challenges to be solved. ship classification in SAR images is a typical fine-grained 

classification problem [11]. As shown in Fig. 1, which illustrates the comparison of 

natural and SAR image slices of three classes of cargo ships, oil tankers, and fishing 

vessels, it can be clearly observed that each class of ship targets presents different 

characteristics in SAR images, with different sizes of various types of ships, differences 

in position orientation, and variability in scattering characteristics, while SAR ship 

images belonging to the same class also have different scattering characteristics. This 

phenomenon of relatively large intra-class variance and relatively small intra-class 

variance is very common in SAR images. 

To address the above challenges, most researchers have worked on designing 

identification features and classifiers to improve the performance of ship classification 

in SAR images.Margarit and Tabasco [12] combined scattering features (average radar 

scattering cross section) and geometric features (length and width of a ship) to classify 

ships based on fuzzy logic decision rules; Lang et al [13] proposed a joint feature and 

classifier selection method by integrating a classifier selection strategy into a wrapper 

feature selection framework, proposing a joint feature and classifier selection 

method.Lin et al [14] proposed a streaming learning SAR-HOG feature and task-driven 

dictionary learning framework with structured non-coherent constraints.Li [15] et al. 

mitigated the dataset imbalance problem by an improved residual conditional 

generation network, building a residual convolution-based based block to remove 

detailed textures from different types of targets, and then use gradient penalty and 

Wasserstein loss as discriminators to improve the similarity between real samples and 

the internal diversity of the generated images.Xu [16] used a new transfer metric 

learning TML method, called geometric transfer metric learning, which method 

achieves distinction information retention, geometric structure retention, and 

simultaneous processing of domain shifts by integrating pairwise constraints, joint 

distribution adaptation, and transforming stream regularization into a unified 

optimization function, aiming to improve SAR ship classification performance by 

leveraging their complementary properties. 

Based on this, this paper conducts a methodological study on the impact on ship 

classification accuracy around the problem that ship targets in SAR image ship target 

classification tasks mostly present large intra-class variability and small inter-class 

differentiability as well as class imbalance in the dataset. The traditional Softmax loss 

function to optimize the intra-class feature variability ignores the intra-class feature 

variability. Island loss function is inspired by the Center loss function in face recognition 

task, which increases the inter-class distance based on adding penalty terms to the 



Volume 9 Issue 5 2022 
 

   34 

distance between features and corresponding classes, which not only compresses the 

clusters, but also increases the distance between cluster centers. In this paper, an 

improved algorithm model is proposed for the SAR image ship classification task by 

combining Island loss and Softmax loss function. The method proposed in this paper 

can effectively improve the classification accuracy. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 1 Natural and SAR image slices of three types of ship targets are shown 

 

2. Mechanical Analysis 

2.1 SAR image ship classification model 

In this paper, we comprehensively consider the target features of SAR image ships 

and use ResNet-50 [17] as the base network to improve it for the practical problems 

in SAR image ship classification. First, to overcome the problem of class imbalance in 

the dataset, a self-supervised pre-training method is introduced to migrate the 

information learned from pre-training to the downstream classification network, and 

then a soft attention module is added to the classification network to improve the 

value of important features, while two fully connected layers are connected at the end 

of the network structure, and the Island loss function is calculated according to the 

output of the first fully connected layer, and the output of the second fully connected 

layer is calculated Softmax loss function is calculated based on the output of the first 

fully connected layer, and Softmax loss function is calculated on the output of the 

second fully connected layer. The network can further improve the classification ability 

of the learned features and improve the classification accuracy by reducing the intra-

class distance through the attribute auxiliary function, in addition to alleviating the 
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impact of data set imbalance. The ship classification network model is shown in Fig.2 

 

Fig. 2 Network Structure 

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 input into the 

convolutional layer with a convolutional layer size of 7 × 7 and a step size of 2. After 

64 such convolutional layers, a feature map of size 112 × 112 × 64 is obtained; then, 

through the pooling layer, a feature map of size 56 × 56 × 64 pooled features, and 

the features are sequentially passed through the residual structure to obtain a 7 × 7 

× 2048 feature map, and then the 1 × 1 × 2048 feature vector is obtained through 

the average pooling; finally, the feature vector is fed into the fully connected layer and 

then the rotation angle of the SAR ship image is recognized by the Softmax function. 

In the SAR ship image classification stage, the ResNet-50 network is used, and the 

last three layers of the network are frozen in the training using self-supervised pre-

training weights, and the labeled 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, and then the feature is passed through the soft attention module 

to obtain The 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. In order to standardize the 

output of the attention layer, a dropout layer with a coefficient of 0.5 is also added 
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after the activation unit, and then a feature vector of size 1 x 1 x 4096 is obtained by 

averaging pooling; finally, constraints are added through the loss function to calculate 

the target value and the actual output error as well as the feature error to complete 

the forward propagation of the network. The deviation and feature error are judged 

to be within the tolerance range, the weights are updated by back propagation, and 

the parameters are saved after the training. 

2.2 Improve the Loss Function 

From the algorithmic point of view to address the problem of small inter-class distance 

and large intra-class dispersion of SAR ship images resulting in unsatisfactory classifier 

classification, Island loss function is added to improve the performance of the network 

model classifier. When the target classification network is optimized using the softmax 

loss function, the Softmax function constrains the misclassified samples, and the 

learned features form clusters corresponding to the different expressions in the feature 

space using different classes of feature expressions as shown in Fig.3(a) However, the 

features in each class tend to be scattered due to the large intra-class variation. In 

addition, the clusters overlap because of the high similarity between classes. Therefore, 

Island loss function is introduced on the basis of softmax loss function to pull the 

features of the same expression toward the center, while expanding the inter-class 

distance to improve the discriminative ability of the learned deep features, and the 

feature expression is shown in Fig. 3(b) 

 

(a) softmax loss       (b) Island loss 

Fig. 3 Network Structure 

Island loss is defined as the sum of the central loss in the feature space and the 

pairwise distances between class centers, and the loss function is expressed as follows. 
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where iy  is the category label of the ith sample; ix denotes the feature vector of the 

ith sample obtained from the fully connected layer before the decision layer; c
iy  

denotes the center of all samples with the same category label as iy ; m is the number 

of small batch samples and N is the set of expression labels; ck andc j  denote with L2 
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paradigm respectively, the ith and jth center of 
2|| c ||k
 and

2|| c ||j
;（·）denotes the dot 

product. 

Where the first expression is used to constrain the distance between the sample and 

its corresponding center, and the second is used to constrain the similarity between 

the expressions. 1  is used to balance these two terms. By minimizing the Island loss 

function, samples with the same expressions in the data are made closer together and 

samples with different expressions will be separated. 

 In this paper, the overall loss function for convolutional network training is given by 

Equation 2. 

maxsoft ILL L L 
                                          (2) 

The hyperparameters  are used to balance the two functions.  

 

3. Experiment Analysis 

3.1 Experimental Setup 

The dataset used in this study is OpenSARShip [18], which contains 11,369 SAR ship 

targets containing 14 categories collected from Sentinel-1 with both VV polarization 

and VH polarization. There is a serious imbalance in the amount of data between the 

different categories. Among them, there is a large amount of noise interference in the 

images. In this paper, six of these categories are selected for training, which are cargo 

ships (Cargo), dredging ships (Dredging), fishing ships (Fishing), other ships 

(OtherType), oil tankers (Tanker), and tugboats (Tug), and Fig.4 shows some images 

of the dataset. In the experiments, the images with VH polarization method were 

selected for classification according to the recommendations of the literature [19]. All 

images were resized to 224 × 224, training set, validation set according to 8:2 as 

division. 

 

Fig. 4 Partial SAR Images 

Meanwhile, in order to improve the classification accuracy and reduce the 

computational cost, the data normalization operation is performed for the input images 

of the ResNet-50 network as follows: 

ˆ x

x

x
x






                                                 (3) 

where, x and x̂  denote the values of unnormalized and normalized pixel points, x  
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and x denote the mean and standard deviation of the corresponding ship images, 

respectively. 

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, 

using deep learning framework Kears, pytorch. , Python 3.6, and the experimental 

result curves are visualized using matplotlib module. In the training process, Adam 

optimizer is used to optimize the model, the total learning rate is set to 0.001, and the 

learning rate of Island loss is set to 1. After several experiments, the batch-size is set 

to 16 and the epoch of the whole network training is set to 120. 

3.2 Analysis of Experimental Results 

In this paper, a grid search is used to determine the best combination of the 

hyperparameters  , 1 The test values of the two coefficients  ={0.01, 0.005, 0.001, 

0.0005}, 1 T= {10, 1, 0.1, 0.01}. Fig. 5 shows that the average classification accuracy 

is highest when the parameters   is 0.01 and 1 is 10. 

 

 

 

 

 

 

 

 

 

 

Fig. 5 The average accuracy of different parameters  , 1  

To verify the effectiveness of the method in this paper, 2,000 samples were randomly 

selected from the test set of six categories and extracted using only ResNet-50, 

SSP+ResNet-50 using the model proposed in this paper but the loss function is only 

the Softmax function, and SSP+ResNet-50+IL using the method proposed in this 

paper on the logits layer, respectively. features, visualized using t-SNE [58]. t-SNE is 

widely used for high-dimensional data visualization. The visualization results are 

shown in Fig.6 
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(a) ResNet-50                 (b) SSP+ResNet-50                   (c) SSP+ResNet-50+IL 

Fig.6 Feature visualization distribution map 

From Fig.6, it can be seen that when only using ResNet-50 to classify SAR image ships, 

the features have some classes overlapping together and there is no separation 

between classes; when using SSP+ResNet-50 method, the feature classes basically do 

not overlap and show some dispersion between classes; while the features after using 

Island loss function method have higher The features with the Island loss function 

method have higher compactness in each clustering class and more dispersion 

between classes, so the discriminative effect is better. 

To further demonstrate the discriminative ability of adding Island loss, the cosine 

distance between data centers was analyzed. The distances between the centers of 

each pair of ships were calculated for ResNet-50, SSP+ResNet-50, ResNet-50, and 

SSP+ResNet-50+IL, respectively. The final cosine distance is obtained by averaging 

the distances between all pairs. As shown in table 1, the method proposed in this 

chapter achieves the maximum distance between centers, which indicates the 

widening of interclass differences. 

 

Table 1 Data Center Cosine Distance 

Method ResNet-50 SSP+ResNet-50 SSP+ResNet-50+IL 

Inter-class 

distance 
0.3523 0.3745 0.4423 

 

In addition, the cosine distance between each sample and its corresponding center 

was also calculated between the three methods. As shown in Table 2, the methods 

proposed in this chapter produce the smallest sample center distances, which 

demonstrates effectiveness in reducing intra-class variation. The effectiveness of 

image classification depends to a large extent on the quality of the extracted features. 

The feature quality depends on the separability features, and good separability 

features have large inter-class distance and small intra-class variation, so adding 

Island loss is proved to be beneficial in improving the image classification accuracy by 
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the table. 

Table 2 Data Center Cosine Distance 

Method ResNet-50 SSP+ResNet-50 SSP+ResNet-50+IL 

Intra-class 

distance 
0.0736 0.0683 0.0574 

 

The effectiveness of image classification depends to a large extent on the quality of 

extracted features. And feature quality depends on separability features, and good 

separability features have larger inter-class distance and smaller intra-class variation; 

therefore, in summary, the method in this chapter has the properties of enhanced 

intra-class aggregation and increased class spacing, which are beneficial to improve 

image classification accuracy. 

 

Fig.7 SSP+ResNet-50 vs. SSP+ResNet-50+IL Accuracy Curve and Loss Curve 

As can be seen from the figure, both can converge quickly as the number of iterations 

increases. Compared with the SSP+ResNet-50 network, the loss function of the 

network after adding Island loss decreases more quickly and the curve is relatively 

less volatile. And the classification accuracy has a small increase from the original one. 

To test the classification performance of the algorithms in this chapter, this paper 

compares the training of the dataset using only the basic ResNet-50 network at the 

dataset imbalance index (the ratio of the number of categories with more samples to 

the number of categories with fewer samples in the dataset) ρ=100, 50, 20, 1, and 

with the ResNet-50+CB-Loss method, respectively. ResNet-50+Focal-Loss, and 

center-loss [47] for comparison. After training each network model, a test set with 

different dataset imbalance indices was used to calculate the average classification 

accuracy of each algorithm. This is shown in table 3 below. 
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Table 3 Classification accuracy of different algorithms 

Imbalance 

Ratio(𝜌) 
100 50 20 1 

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

SSP+ResNet-

50 
83.5%±0.25 86.45%±0.33 90.3%±0.27 92.4%±0.45 

SSP+ResNet-

50+CL 
83.72%±0.34 86.48%±0.26 90.45±0.24 92.73%±0.36 

SSP+ResNet-

50+IL 
84.46%±0.22 86.96%±0.12 91.78±0.21 92.73%±0.31 

 

According to the comparison of different algorithms, we can see that: the worst 

classification accuracy is obtained by using only ResNet-50 network training, which is 

due to the existence of infrequent classes ignored during network training due to the 

unbalanced number of classes in the dataset, and the problem of fine-grained 

classification of SAR ship images makes the final average classification accuracy 

decrease; the classification model proposed in this paper makes the average 

classification accuracy increase by 5%, and the addition of Island loss function, so 

that the average classification accuracy of the network has a small increase, at the 

same time, we also compare with the commonly used central loss function algorithm, 

because the central loss function only focuses on intra-class variation, ignoring the 

influence of inter-class distance, resulting in the final classification accuracy is not high. 

 

4. Conclusion 

To address the problems of large intra-class variation and small inter-class 

differentiability of ship targets and unbalanced data sets of ship targets in SAR images 

due to the complex imaging conditions of SAR images and the characteristics of the 

ships themselves. With ResNet-50 as the basic network framework, the network 

classification model is made to learn better initialized feature information independent 

of label information from unbalanced datasets by introducing a self-supervised pre-

training method, and the Island loss function is introduced into the classification 

network. After improving the loss function, the ship target samples of the same class 

are closer and more compact in the feature space, and the ship target samples of 

different classes are more dispersed, which greatly alleviates the problem of small 

inter-class distance and large intra-class distance of SAR ship images and improves 

the classification performance of the model. Therefore, the method proposed in this 

paper is applicable to the problem of fine-grained classification of SAR ship images. 

The network model proposed in this section, with high execution efficiency, can be 
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applied to the actual SAR image ship target classification system. 
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