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Abstract. Synthetic aperture radar (SAR) has the characteristics of all-weather,
all day and multi-application observation. In recent years, ship target detection
based on SAR image has been widely concerned by relevant researchers. In this
paper, based on the object detection method of deep learning algorithm, the detec-
tion performance of ship target in SAR image is studied by using YOLOV3 algo-
rithm. In order to solve the problem of increasing error rate of ship target detection
in complex background, YOLOvV3 algorithm is improved. By adding a prepro-
cessing layer in the front of the input layer, the accuracy of the ship detection is
improved from 92.17% to 95.80%. The algorithm can be applied to other target
detection in SAR image.
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1 Introduction

Synthetic aperture radar (SAR) has the characteristics of all-weather, all-day and multi-
purpose observation. It can make high-resolution imaging of the observation area, and
has a wide range of applications in environmental protection, disaster monitoring, marine
observation, resource exploration, precision agriculture, geological mapping and other
fields [1]. Therefore, for SAR images, it is particularly important to achieve fast and
accurate target detection.

With the rapid development of global economy and society, the trade between coun-
tries is increasing, the demand for shipping is growing rapidly, and ships are getting
bigger and faster. Safety has become an important research content in the field of mod-
ern ship research [2]. With the increase of the number of ships, the increase of ship
size and tonnage, the risk of ship navigation is also increasing. In March 2021, “Ever
Given”, a super large freighter of Taiwan Evergreen Marine Corp, ran aground in the
Suez Canal. It led to the whole river blocked for several days, resulting in huge economic
losses. Therefore, it is of great significance to realize the ship target detection in SAR
image for ship monitoring (Fig. 1).

With the continuous progress of SAR imaging technology, the ability to obtain high-
resolution and massive data has been greatly improved. Ship target detection based on
SAR image has been paid more and more attention by relevant researchers and engineers,
and has become one of the important research contents in the field of marine remote
sensing technology [3].
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Fig. 1. The “Ever Given” stranded in Suez Canal

2 Current Situation of Ship Target Detection

Object detection is one of the basic researches in the field of computer vision. In recent
years, with the continuous improvement of computer computing ability, the research
of object detection based on deep learning has developed rapidly. The target detection
algorithm has also changed from the traditional algorithm based on artificial features
to the deep neural network detection technology. In just a few years, many excellent
algorithm technologies have emerged in the top-level conference of machine vision.
From R-CNN and OverFeat proposed in 2013 to the following Fast R-CNN, SSD and
YOIO series, the network structure has changed from two levels to one level, and the
algorithm performance has changed from PC oriented to mobile oriented (Fig. 2). The
object detection algorithm based on deep learning shows strong detection effect and

performance [4].

R-CNN— OverFeat —» MultiBox —» SPP-Net —> MR-CNN — DeepBox —> AttentionNet —>
2013.11 ICLR’ 2014 CVPR’ 2014 ECCV’ 2014 ICCV’ 2015 ICCV’ 2015 ICCV’ 2015

Fast R-CNN —» DeepProposal —» RPN —» Faster R-CNN —» YOLO vl — G-CNN —» AZNET —»

ICCV' 2015 ICCV’ 2015 NIPS’ 2015 NIPS’ 2015 CVPR’ 2016 CVPR’ 2016 CVPR’ 2016
Inside-OutsideNet(ION) —» HyperNet —» OHEM —» CRAFT —» MutiPathNet(MPN) —> SSD —»
CVPR’ 2016 CVPR' 2016 CVPR' 2016  CVPR’ 2016 BMVC’ 2016 ECCV’ 2016

GBDNET —> CPF —» MS-CNN — R-FCN —» PVANET — DeepID-NET —» NoC—> TDM —>
ECCV’ 2016  ECCV’ 2016 ECCV’ 2016 NIPS’ 2016 NIPSW’ 2016 PAMI’ 2016 TPAMI’ 2016  CVPR’ 2017

FPN —> YOLOV2Z —» RON —» DCN—> DeNET —» CoupleNET —* RetinaNet —»
CVPR’ 2017 CVPR’ 2017 CVPR’ 2017 ICCV’ 2017 1CCV’ 2017 ICCV’ 2017 IcCV’ 2017

Mask R-CNN —» DSOD —» SMN —» YOLO v3 —» SIN —> STDN—> RefineDet —> RFBNet —»
Iccv’ 2017 ICCvV’ 2017 ICCV’ 2017 Arxiv’ 2018 CVPR’ 2018 CVPR’ 2018 CVPR’ 2018 CVPR’ 2018

Fig. 2. The history of object detection
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The core of ship target detection research is image technology. Through the acqui-
sition of the ship target image, the object detection technology is used to recognize the
ship target in the complex environment. The existing methods are mainly divided into
two categories: traditional image processing technology or artificial intelligence deep
learning technology. Different methods are different in the specific processing process
[3], but these methods have general characteristics. The details are shown in the figure
below (Fig. 3).

Original remote sensing image containing ship target

|

Image preprocessing
| Deep learning technology

Traditional image processing

L v
Image segmentation CNN feature extraction
Feature extraction Deep learning neural network
Object detection Object detection model
Result

Fig. 3. Flow chart of ship detection

The method of target detection based on deep learning uses convolution neural net-
work or other deep learning models to extract the deep features of the image. Then the
network structure is used to transfer the feature map layer by layer to complete the accu-
rate prediction of the target location. In this paper, YOLOv3 algorithm based on deep
learning is used to detect ship targets in SAR images. More than 1000 SAR images are
trained and tested in SSDD dataset, and the detection effect was evaluated by calculating
mAP(mean Average Precision). At the same time, through the improvement of yolov3
algorithm, the detection performance is improved.

3 YOLO v3 Algorithm

The target detection methods based on convolution neural network can be divided into
two categories, one is two-stage detection method, the other is single-stage detection
method. The two-stage target detection usually starts with region proposal correction
and background elimination, and then carries out region proposal classification and
bounding box regression; The single-stage target detection algorithm integrates the two
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processes, and achieves the framework by anchor points and classification refinement
[4].

Each of the two methods have their own advantages and disadvantages. The two-
stage detection has some advantages in detection accuracy and performance, but its
speed and real-time performance are still far behind the single-stage detection. The
single-stage detection method only needs one feed-forward network calculation, which
greatly improves the detection speed and it is more conducive to the on orbit application
in the case of limited satellite resources.

YOLO is the first single-stage target detection method and it is also the first method
to realize real-time target detection. The detection speed can reach 45 frames per second,
and the mAP is more than twice that of other real-time detection systems.

YOLO algorithm regards the detection problem as an end-to-end regression problem,
so the process of image processing is very simple and direct. In 2018, YOLO v3 was
officially proposed. On the basis of YOLO v2, it adopts a deeper network structure and
extends darknet-19 to darknet-53. The model has 106 layers of network. The network
structure of Yolo V3 is shown in the following figure (Fig. 4):

[Z] convolution layer

9
[C] up-sample layer a 103
[C] Route layer
[C] etection layer U
Further layers 106,
@ Addition ﬁ
@® Concatenation

Fig. 4. The network structure of YOLO v3

As shown in the figure above, the number represents the number of layers, and its
network structure includes Input layer, Convolution layer (including residual bloack),
Up-sample layer, Route layer and Detection layer. As can be seen from the figure, YOLO
v3 model realizes three kinds of different scale detection in the detection layer, which
are located in the 82nd, 94th and 106th layers. The characteristic maps are 13 x 13,26 x
26 and 52 x 52, which can detect targets of different sizes.In addition, YOLO v3 uses a
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total of nine anchor boxes, and each anchor box has three sizes, which can predict more
frames [4]. In YOLO v3, the loss functions of predicted and true values are calculated
as follows:
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Where S2 is the number of grids, and B is the number of bounding boxes in each grid.
The means that when the jth bounding box of the ith grid is responsible for predicting
the target. If the target is detected, the, otherwise it is 0. The first term in the formula
represents the loss of the center point of the bounding box, the second term represents
the loss of the width and height of the bounding box. The parameter C is the confidence
score. The p is the probability of ship class.

4 Ship Detection in SAR Image Based on YOLOvV3

4.1 Experimental Environment

In order to verify the ability of YOLOV3 algorithm in ship target detection of SAR
image. In this paper, the framework of deep learning is Tensorflow2.4.0. Tensorflow
is a widely used framework developed and maintained by Google for deep learning. It
has a training visualization component Tensorboard, which can visualize the network
structure and training process, and it is convenient for long-term and large-scale training
of the network. Our framework was developed on Windows 10 operating system and
Intel (R) core (TM) processor i5-8400cpu@2.80 Ghz. The GPU version is NVIDIA
GTX 1060 which contains 5G RAM. The memory capacity is 8G and the programming
language is python.

4.2 Experimental Dataset

The common dataset called SSDD used in this paper contains 1160 SAR images and
2456 ship targets. The dataset contains ship targets under various conditions, which is
commonly used in this field (Fig. 5).

The dataset in this article uses the same format as the PASCOL VOC dataset, which
store the data content in three folders called Annotation ~ JPEGImages and ImageSets.
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Fig. 5. The SSDD dataset

- <annotation verified="no">
<folder>JPEGImages</folder:
<filename>000001 </filename>
<path=/home/ljw/FRCN_ROOT/data/VvOCdevkit2007/V0C2007/IPEGImages/000001.jpg</path=

- <source>
<database>=Unknown</database>
</source>
- <size>
<width>416 </width>
<height>323</height:>
<depth>1</depth>
</size>
<segmented>0</segmented:>
- <object>
<name>ship</name:
<pose=Unspecified</pose>
<truncated=0</truncated>
<difficult>0</difficult>
- <bndbox>
<xmin=>208</xmin=
<ymin>50</ymin:
<xmax>273</xmax:>
<ymax>151</ymax>
</bndbox>
</object>
</annotation>

Fig. 6. The Label data format

The JPEGImages folder is used to store images, and the Annotation folder is used to store
label files corresponding to each image. The XML file format is shown in the following
figure (Fig. 6):

The label content includes the category (name) of the target in the bounding box, as
well as the width, height and position (Xmin, Xmax, Ymin» Ymax) Of the bounding box. The
dataset is divided into training set, validation set and test set according to the ratio of
8:2:1.6.

4.3 Model Training

The weight adjustment method of model training is gradient descent method. The training
batchsize value is 4, epoch value is 100, the initial learning rate value is 0.01, and the
attenuation weight of learning rate value is 0.0001. The training generates CKPT model
file and node file, which saves the weights in the network structure. The weight parameter
file occupies about 240 MB of storage capacity. The figures below show the process of
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the loss value changing with the number of iterations in the training process. With the
increase of training times, the training error gradually decreases, and the network fitting
effect is getting better and better (Fig. 7).

loss/conf_loss loss/giou_loss loss/prob_loss loss/total_loss
tag: loss/cont_Joss tag:loss/glou_ios tag: loss/prob_Joss tag:loss/total_Joss
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Fig. 7. The process of loss reduction in training

4.4 Experimental Results Analysis

In this paper, mAP (average precision) is used as the measurement index. Since the data
only contains lable like ship, the AP value of the ship is mAP value of the experimental
results, and the calculation formula is as follows:

AP = }P(R)dR (2
0

Fig. 8. Research on ship detection effect of SAR image based on YOLOV3 (fishing boats)

The parameter P represents the accuracy rate and the parameter R represents the
recall rate.
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The ship target detection algorithm based on YOLO v3 has achieved good results
on SSDD dataset. The test set contains 188 images, including 348 ship targets, with
an average accuracy of 92.17%. The specific test results are shown in the figure below
(Fig. 8 and Fig. 9).

class: 92.17% = ship AP
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Fig. 9. P-R curve of test results (accuracy 92.17%)

However, the effect of this algorithm is not good in the detection of complex back-
ground, and it is easy to mistakenly detect the background as a ship, as shown in the
figure below (Fig. 10).

Fig. 10. Weak detection in complex background
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S Ship Detection in SAR Image Based on Improved Algorithm

5.1 Algorithm Improvement

Because there are a lot of coherent noises in SAR images, especially in complex back-
ground, it is easy to cause interference to the network, which leads to the false detection
of the background as the target and reduces the accuracy. To solve this problem, this
paper adds a preprocessing layer before the input layer of the network structure (Fig. 11).

. Preprocessing Layer
SAR images > (median filtering) YOLO v3 > Output

Fig. 11. Improved network structure

Before network training, median filtering is performed on the preprocessing layer.
Median filtering is a non-linear smoothing technique, which sets the gray value of each
pixel to the median value of all pixels in the neighborhood window. If the filter window
length value L is equal to 2N 4 1, the calculation formula of window filter output is as
follows:

y(@) = Med[x(i —N),--- ,x@), - ,x(+N)] 3)

Median filter is very effective for removing salt and pepper noise, while preserving
the edge details of the image. The figures below show a comparison of SAR image before
and after median filtering (Fig. 12).

It can be seen from the above figure that the filtered SAR image effectively sup-
presses the background noise, and the target is more prominent. After preprocessing all
training images, the network model is retrained according to the settings in Sect. 4.3.
The experimental results have been effectively improved.

5.2 Experimental Results Analysis and Comparison

Meanwhile, 188 images in the testset of SSDD are used to test the improved algorithm
model in this paper. The average accuracy value was 95.80%. Compared with single
YOLO network, the accuracy is improved by 3.63%. The specific test results are shown
in the figure below (Figs. 13 and 14).

It can be seen from the above figures that the proportion of correct prediction is
significantly improved after median filtering, which indicates that the network can better
identify the image target after preprocessing and the proportion of the correct predicted
quantity value has been greatly increased. Especially in the complex background, the
accuracy of the method has been greatly improved (Fig. 15).
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(© (d)
Fig. 12. Comparison of SAR image (Cargo Ship) before and after median filtering: (a) and (c)
original image, (b) and (d) after median filtering image
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Fig. 13. The P-R curve of the improved algorithm (accuracy 95.80%)
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Fig. 14. The proportion change of correct prediction number before and after the improvement

of the algorithm: (a) The correct proportion number of the original algorithm; (b) The correct
proportion number of the improved algorithm

(©) (d)

Fig. 15. Comparison of detection results before and after improved algorithm model: (a) and (c)

The detection results of the original algorithm; (b) and (d) The detection results of the improved
algorithm
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6 Conclusion

To solve the problem of ship detection in SAR image, the YOLOV3 algorithm is applied
to detect ship targets in SSDD dataset. Through the training and optimization of its
network parameters, the accuracy of the test results only reached 92.17%. According
to the specificity analysis, the main reason for the decrease of detection accuracy is the
interference of complex sea background. Therefore, in this paper the network structure
of YOLO v3 is improved. Specifically, we add a preprocessing layer before the input
layer of the network structure. In this new layer, the image data is processed by median
filtering, so that the data can be enhanced by suppressing the background clutter, then
the network parameter training is optimized. Compared with YOLOv3 algorithm, the
ship detection accuracy is improved to 95.80% based on the improved algorithm in this
paper. The algorithm can be applied to other target detection in SAR images.
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