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Abstract. In the SAR ship data under complex backgrounds, especially in the
coastal area, the horizontal bounding box detection algorithm makes a large num-
ber of coastal noise interference targets feature extraction andboundingbox regres-
sion. In addition, the horizontal boundingbox cannotwell reflect the characteristics
of large aspect ratio of ships. Therefore, this paper proposes an improvedYOLOv3
detection algorithm based on the rotational bounding box, which increases the
encoding method of the angle parameter, and generates the prediction bounding
box at a fixed angle interval. Different angle intervals will have different effects.
Focus loss function is used to solve the problem of positive and negative sample
balance and difficult sample feature learning. The experimental results show that
the average precision of the R-YOLOv3 algorithm based on the rotational bound-
ing box on the SAR ship data set is 87.3%, which is a 13.5% gain compared with
the classic YOLOv3, which reflects the high precision of the ship targets.
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1 Introduction

Ship detection is one of the main technologies for maritime surveillance, which is
extremely important for maintaining maritime security, monitoring maritime transporta-
tion and improving the capability of maritime defense and early warning [1]. At present,
the data sources of ship detection are mainly optical sensors, infrared sensors and SAR
sensors. Synthetic aperture radar ( SAR) [2] is an active side microwave imaging sensor.
Compared with infrared and optical passive sensors, it has the advantages of penetrating
clouds and working day and night. It can collect large-area data anytime and anywhere
under any weather conditions such as daytime, nighttime and foggy days, and generate
high-resolution images by comprehensive utilization of signal processing, pulse com-
pression and synthetic aperture principle. The traditional methods of target detection in
SAR images can be divided into threshold-basedmethods [3], salient region-basedmeth-
ods [4], texture-based methods [5] and statistical analysis-based methods [6]. Among
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these methods, Constant False Alarm Rate (CFAR) [7] and its variants are most widely
used. In recent years,withmore andmore successful launchofSARsatellites, SAR image
acquisition becomes more and more easy and high-resolution image data increases. The
development of high-precision and high-efficiency target detection system has attracted
much attention. Deep learning algorithm has a broad application prospect in ship target
detection and image classification [8, 9] due to its strong autonomous learning ability
[10] and feature representation ability [11]. At present, the algorithms based on convolu-
tional neural network are Faster R-CNN [12], YOLOv1 [13], YOLOv3 [14], SSD [15],
RetinaNet [16], etc. Subsequently, more and more improved algorithms are applied to
SARship target detection. For example, in 2017,Kang et al. [17] proposed a region-based
R-CNN target detection algorithm based on multi-scale feature fusion, which combines
shallow and deep features and is conducive to eliminating false alarms. Li et al. [18]
constructed the first public dataset SSDD in the field of ship target detection in SAR
images in 2017, and proposed an improved detector based on Faster R-CNN based on
multi-technology fusion. Then Kang et al. [19] proposed a new Faster R-CNN detection
network by combining CFAR algorithm and Faster R-CNN algorithm. Faster R-CNN
uses the sliding window generated by CFAR algorithm as a candidate region to detect
small ship targets, and obtains better detection performance.

Ship detectionwill have recognition problems.Usually, the direction of ship targets in
SAR images is diverse. Most of the ship detection in the offshore area will only receive
the influence of sea clutter, and the detection task is simple. However, in the coastal
area, the scene is complex, and the ship arrangement is very dense. The annotation
method of horizontal box cannot distinguish the target from the target, as well as the
target and the background. The background interference is serious, and it is easy to cause
missed detection. It is difficult to distinguish small ship targets from speckle noise, which
intensifies the difficulty of ship target detection. Therefore, based onYOLOv3, this paper
proposes a ship target detection algorithm based on rotational boxes in SAR image.
Firstly, R-YOLOv3 uses ResNet-50 as the backbone network of feature extraction, and
improves the extraction of complex features by residual module [20]. Secondly, in order
to improve the detection precision of small SAR ships, R-YOLOv3 draws on the idea
of FPN [21] to perform multi-scale fusion and independent prediction of the extracted
features. Then, in viewof the characteristics of ship direction diversity and the problemof
large background interference in coastal areas, the detection algorithm adds the encoding
method of angle parameters, and generates the prediction boundary box according to
the fixed angle interval, and improves the calculation method of rotational boxes cross-
parallel ratio to solve the influence of angle change on the detection accuracy. Finally, the
algorithm uses the focus loss function to reduce the weight of the samples that are easy
to classify, so that the model focuses on learning the characteristics of the foreground
objects with less difficult classification and improves the detection precision of themodel
for ships.
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2 Methods

2.1 Overall Scheme of R-YOLOv3

The one-stage detector R-YOLOv3 proposed in this paper uses the idea of residual
network structure and RPN multi-scale feature fusion to realize the boundary anchor
box regression with angle information. The structure of our method is shown in Fig. 1.

Firstly, the SAR image to be detected is used as the input of the feature extraction
network. The feature of the ship target is extracted through the ResNet50 backbone
network, and the feature mapping of five layers with different sizes is obtained. The
features of three different sizes extracted from the last layers of the feature extraction
network, and are fused to achieve the regression of the border on the fused feature map.
In the bounding box prediction stage, the box is predicted by the coordinate and angle
information of the target. Considering the sensitivity of the intersection ratio to the angle
change, a new intersection ratio strategy is adopted. The selection of loss function has
an important influence on the performance of the algorithm. The Focal Loss function
is used to solve the imbalance of positive and negative samples and the problem of
difficult to classify samples, reduce the weight of easy to classify samples, and make
the model focus on learning the characteristics of foreground objects with less difficult
classification.

Fig. 1. Structure of R -YOLOv3 based on ResNet-50

2.2 Backbone Network for Feature Extraction

R-YOLOv3 uses ResNet-50 as the backbone network for extracting target features, and
its structure is shown in Fig. 2. ResNet-50 is mainly composed of multiple residual
units. Each residual unit contains the jump connection from input to output and the
output obtained by three convolution operations. The convolution kernel sizes of the
three convolution layers are 1 × 1, 3 × 3 and 1 × 1. This residual structure solves the
problem of gradient disappearance and model detection accuracy reduction after net-
work deepening. In order to improve the small target detection precision of the model,
R-YOLOv3 draws on the idea of FPN feature fusion, and ResNet-50 has carried out five
down-samplings. Therefore, the whole feature extraction process is divided into five
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stages (conv1, conv2, conv3, conv4, conv5). The output characteristic figure of the last
layer of each stage is (C1,C2,C3,C4,C5).Because the number of pixels of the target
is reflected by the resolution information, the large-scale feature map extracted by the
shallow network has high resolution, less semantic information, small network recep-
tive field and accurate location information, which can better detect small targets. The
semantic information extracted by the deep network is rich in low-resolution features,
and it feels rough about the large position information. Small targets are easy to miss.
R-YOLOv3 performs up-sampling and concat respectively on the extracted features at
three different scales. The features at different scales are fused with each other, and
finally are predicted on the feature maps at three scales. The sizes of the three feature
scales output are 32, 16 and 8 times the down-sampling of the input image resolution,
and the size of the feature map output is 10 × 10, 20 × 20 and 40 × 40.

Fig. 2. Network structure of ResNet-50

2.3 Rotational Boundary Box Prediction

In the detection algorithm based on rotational box due to the increase of the angle param-
eter, the rotational anchor box generated at a certain anchor point is arranged at a cer-
tain angle interval, as shown in Fig. 3. Then, by calculating the intersection ratio between
the angled anchor box and the ground truth, the anchor box with the largest intersection
ratio is assigned to the ground truth. However, there will be a problem with this calcula-
tion method. At this time, the anchor box on the matching through the maximum cross-
over ratio is not the optimal boundary box. Assuming that two anchor boxes A and B, the
length andwidth size of anchor boxA is, the length andwidth size of anchor boxB is, and
the angle interval set by anchor box is 45°. The size of the real box C is, and its angle is
20°. At this point, when the angle value of anchor box A is 0°, the intersection ratio with
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the real box reaches the maximum, which is 0.40; When the angle of anchor box B is 0°,
the intersection ratio with the ground truth reaches themaximum, which is 0.45. Accord-
ing to the above matching criteria, the anchor box B matches the real box C at the angle
of 0°. However, under the same angle deviation, the size deviation between anchor box
B and real box C is 10, while there is no deviation between anchor box A and real box.
Therefore, anchor box A is more suitable for allocation to real box C.

Fig. 3. Multi-angle rotational anchor box

Therefore, the matching result between the anchor box with angle and the ground
truth is not completely optimal by directly using the above intersection and union ratio
calculation.

ArIoU (A,B) =
area

(
Â ∩ B

)

area
(
Â ∪ B

) |cos(θA − θB)| (1)

Among them, the first half of the formula is IoUbetween horizontal boxes, the second
half is to measure the angle deviation between the two boxes, and the value range after
the product is [0, 1].

R-YOLOv3 uses K-Means clustering algorithm to calculate the clustering results of
the data set annotation box as the target prior box. The feature map of each scale matches
three prior boxes, and nine prior boxes are obtained by three dimensional copolymeriza-
tion classes. In the prediction boundary box stage, each cell on each feature map predicts
three boundary boxes. The regression network learns the boundary box offset of the tar-
get according to the input characteristics. In addition to the four values of the center
point coordinates, the angle parameter is also added. The predictive value conversion
formula of rotational boundary box is defined as.

bx = σ(tx) + cx

by = σ
(
ty

) + cy

bw = pwe
tw

bh = phe
th

bθ = (tθ + i)pθ

(2)
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bx, by, bw, bh, bθ is the center coordinate, width, height and angle of the prediction
boundary box. cx, cy is the offset of the grid where the target center is located and the
upper left corner of the feature map. i represents the angle interval of the anchor box.

2.4 Loss Function

In the R-YOLOv3 model, the size of the input image is 320 × 320.6300 prediction
boxes will be generated. Most of them do not contain ship targets, and the distribution
of positive and negative samples is unbalanced. In the training process, there will be a
problem of uneven distribution of positive and negative samples, and the background
contains a lot of noise interference. Compared with the foreground ship targets, it is
very small and difficult to classify the samples. It is difficult to effectively train the
model. Although the positive and negative sample imbalance problem is adjusted by
setting the Ignore _ thread threshold and reducing the confidence of the boundary box
that does not contain the target. However, the imbalance between positive and negative
samples and the difficulty in classifying samples still exist. Therefore, the R-YOLOv3
algorithm further uses the Focal Loss function [22] to solve this problem, reduce the
weight of the easy-to-class samples, make themodel focus on learning the characteristics
of the foreground objects with less difficult-to-class numbers, and improve the detection
accuracy of the model for ships. The loss function of YOLOv3 algorithm is the sum of
coordinate loss, confidence loss and classification loss function.

loss = bboxloss + confidenceloss + classloss (3)

The class loss function used in YOLOv3 is the direct summation of the cross entropy
loss function [23] of various training samples. It is defined as.

CE(pt) = − loga(pt) (4)

Where,pt =
{
p y = 1
1 − p y = 0

,ppredicts the probability of the sample output category,

y represents the label of the category.
In order to extract the features with more information from the model, the cross-

entropy loss function is usually multiplied by a weight coefficient α inversely propor-
tional to the probability of target existence, which weakens the contribution of a large
number of negative samples to the model and increases the weight proportion of positive
samples.

CE(pt) = −αt loga(pt) (5)

αt =
{

α y = 1
1 − α y = 0

(6)

Although the weight parameter solves the problem of imbalance between positive
and negative samples in the training process, the ship targets in the distant waters in the
ship data set are easy to detect, while the background noise in the coastal area is large,
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and it is difficult to distinguish the ship from the background. Therefore, in the Focal
Loss calculation formula, a modulation parameter is introduced to reduce the weight of
simple samples through this super parameter, so that the model focuses on the learning
of difficult-to-class samples.

FL(pt) = −(1 − pt)
γ loga(pt) (7)

Where, γ ≥ 0. It is the standard cross entropy loss function when γ= 0.

3 Experiments and Results

3.1 Dataset

The experimental data in this paper are SARShipDetectionDataset (SSDD). SSDDdata
set is the first open dataset for SAR ship target detection created by Naval Aeronautics
and Astronautics University in 2017. The dataset has a total of 1160 images, containing
2456 ship targets, only including the ship category. The experimental data set mainly
adopts the rotational box labeling method. Different from the horizontal box data that
are represented by the upper left and the lower right, the parameters of the rotational box
are the coordinates of four points. For the ship target near the coast, the rotational box
divides the target and background pixels, reduces the interference of artificial targets
in the coastal area on the ship target detection, and the length-width ratio of SAR ship
target is larger than other targets. The annotation method of the rotation box well reflects
the real shape and size of the ship, and the length-width ratio and size of the horizontal
box and the real shape of the ship, as shown in Fig. 4. In this paper, the partition ratio of
the experimental training set and the test set is 8: 2.

Fig. 4. Two target labeling methods

3.2 Evaluation Indicators

In the experiment of this article, three typical evaluation indicators in the target detection
algorithm are used to evaluate the performance of different ship detection algorithms.
They are accuracy, recall and average precision (AP).
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(1) Accuracy. Also known as the precision rate, it is expressed as the probability of
the true positive sample among all the samples predicted to be positive samples,
reflecting the correctness of the detection target.

precision = TP

TP + FP
(8)

(2) Recall. Also known as recall rate, it is expressed as the probability that all positive
samples that are correctly detected account for all positive samples.

recall = TP

TP + FN
(9)

(3) Average accuracy. Because both the precision rate and the recall rate have single-
point value limitations and cannot reflect the complete performance of a detection
model, the average precision is generally used to evaluate the pros and cons of the
model. Use the accuracy rate of all detected images as the value of the ordinate and
the recall rate as the value of the abscissa to draw the accuracy-recall rate curve
(PR curve). The average accuracy is the area enclosed by the PR curve and the two
coordinate axes.

AP =
∫ 1

0
P(R)dR (10)

3.3 Detection Results

Since the size of the final extracted feature map of the R-YOLOv3 feature network is 32,
16 and 8 times of the down-sampling of the original image, the size of the input image
should be an integer multiple of 32. The image size of the SSDD + dataset used in this
section is not fixed. Therefore, first, the long side is cut into a square according to the
short side of the image, and then the side length is filled with resizing to form a fixed size.
This method can retain the original size of the ship as much as possible, especially the
small target of the ship, reduce the deformation of the target and reduce the loss of feature
information. Considering the distribution characteristics of the simple background and
the complex background of the data set, the test set selects the images with the number 1
and 9 at the end of the image name, so as to ensure the uniform distribution of the target
in the simple distant sea area and the target in the offshore complex background, and
better evaluate the performance of the detection model. Before the training of the model,
nine prior boxes were generated by K-Means clustering according to the true values of
the tilt boundary box with angle information marked by the dataset, which were (5, 7),
(7, 12), (8, 18), (9, 24) (11, 36), (15, 33), (17, 55), (27, 87) and (42, 142).

The picture size is 320 × 320. The batch size set by the training is 4, and the initial
learning rate is 0.001. The SGD algorithm is used to optimize themodel. Themomentum
coefficient is 0.9, and the weight attenuation rate during training is 0.0005. The IoU
threshold set by the NMS is 0.5, and the confidence threshold is 0.01. The angle interval
of the generated anchor box is 45◦. All the samples in the training set achieve one-time
training, which is called epoch. Each experiment trains 50 epochs.
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Fig. 5. SAR ship detection results. (a) Ground truth. (b) SSD. (c) Faster R-CNN. (d) Original
YOLOv3. (e) R-YOLOv3

The detection visualization results ofYOLOv3, SSD, Faster R-CNNandR-YOLOv3
are shown in Fig. 5. The observation results show that the three detection algorithms
based on horizontal box have false detection, especially the interference of coastal back-
ground has a negative impact on the detection accuracy. In addition, Faster R-CNN has
a good detection effect on large ships, but there is a missed detection of small ship
targets. R-YOLOv3 separates the ship target from the coastal background, clusters the
real target information to generate a more accurate priori box, provides more accurate
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target location information, reduces the risk of missed detection and false detection, and
improves the detection accuracy of the model.

Table 1. Comparison of evaluation metrics of different methods

Model Backbone Precision Recall AP

SSD VGG-16 62.8 76.2 70.7

Faster
R-CNN

VGG-16 66.0 80.1 74.6

YOLOv3 DarkNet-53 64.5 78.0 73.8

R-YOLOv3 ResNet-50 80.8 90.1 87.3

The quantitative results of the four network models are shown in Table 1. It can
be seen from the comparison of the results in the table that the detection algorithm of
the rotating box not only retains the aspect ratio and shape characteristics of the ship
target, but also reduces the interference of the redundant background near the coast and
reduces the difficulty of detecting the ship target near the coast. R-YOLOv3 improves
the accuracy of 13.5% compared with the algorithm YOLOv3 based on the horizontal
box, and obtains 12.7% and 16.6% gains respectively compared with Faster R-CNN and
SSD. The ships in SSDD data set have the characteristics of multi-direction. The grid
on each feature map extracted by the R-YOLOv3 model predicts the boundary box at
different angles, which will have different effects on the detection model. The detection
results of different angle intervals are shown in Table 2. Since the ship ‘ s orientation
angles are mostly near the SSDD dataset, the model has better performance when the
angle interval is set. There are fewer horizontal and vertical ship targets in the data set,
so when the angle parameter is set to be, the accuracy of the predicted boundary box
information is low, and the detection performance of the model is poor.

Table 2. Detection result of different angle intervalls

Angle Precision Recall AP

30 81.2 88.0 84.2

45 80.8 90.1 87.3

60 80.0 86 82.7

90 80.7 84.8 80.2

3.4 Detection Results of Different Backbone Networks

In order to test the advantages and disadvantages of different backbone networks and
the influence on the detection performance of the model, this section completed the R-
YOLOv3 detection model based on the extraction characteristics of different backbone
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networks. The extracted backbone networks mainly include DarkNet-53, MobileNetv2,
ResNet-50 and ResNet-101.

In addition, the experiment also verifies the ability of the focus loss function to solve
the imbalance problem of positive and negative samples and the classification problem
of difficult samples.

Table 3. Comparison of evaluation metrics of different backbone networks

Backbone Loss Precision Recall AP

DarkNet-53 CE 70.7 84.3 81.7

DarkNet-53 Focal Loss 73.2 89.8 85.3

MobileNetv2 Focal Loss 63.1 87.0 81.8

ResNet-50 Focal Loss 80.8 90.1 87.3

ResNet-101 Focal Loss 83.7 90.8 87.8

According to the results shown in Table 3, it can be concluded that in the R-YOLOv3
network model based on the same backbone network DarkNet-53, the focus loss func-
tion reduces the probability of negative samples by improving the balance of positive
and negative samples, and accelerates the convergence rate of the model. At the same
time, it enhances the learning ability of the model for SAR ship samples with complex
backgrounds, especially for offshore targets, so that the model is effectively trained.
From the evaluation index, the AP value of the R-YOLOV3 detection model using the
focus loss function is nearly 4% higher than that of the model based on the cross entropy
function, and more accurate results are obtained in the detection accuracy. The recall
rate of the detection model is greatly improved, and the leakage rate of the ship target in
the complex background is reduced, indicating the effectiveness of the focus loss func-
tion. In the R-YOLOv3 network model based on different backbone network extraction
features, compared with the lightweight network MobileNetv2, the multi-scale fusion
detection structure of DarkNet-53 combines the low-level features and high-level fea-
tures well, enhances the feature expression ability, improves the detection ability of the
model for small ship targets, and obtains a 4.7% gain. The R-YOLOv3 framework based
on the residual network ResNet-50 and ResNet-101 shows that the expansion of network
depth makes the model easier to train and learn the target characteristics. ResNet50 and
ResNet101 improve the detection performance by 2% and 2.5% respectively compared
with the model based on DarkNet-53.

4 Conclusion

The characteristics of large length and width ratio and direction diversity of ships in the
sar image make it possible to detect the rotating frame. This paper presents an improved
YOLOv3 algorithm for SAR ship detection. In order to improve the accuracy of small
target detection, ResNet-50 is selected as the feature extraction network of YOLOv3. In
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view of the large aspect ratio and background interference of SAR ships, the boundary
box prediction with angle information is introduced. The improved rotational box cross-
parallel ratio strategy is adopted to reduce the influence of angle parameters, and the
Focal Loss function is used to solve the imbalance between positive and negative samples
exacerbated by the anchor box and the difficulty of sample learning. The experimental
results show that the average accuracy of the improved YOLOv3 algorithm based on the
rotational box on the SAR ship data set has been improved to some extent, but there are
still missing and false positives for the difficult samples in the coastal area. In the future,
the detection algorithm needs to be improved to improve the detection precision.
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