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Abstract: Ship detection is an important topic in the task of understanding remote sensing images.
One of the challenges for ship detection is the large length-width ratio of ships, which may weaken
the feature extraction ability. Simultaneously, ships inclining in any direction is also a challenge for
ship detection in remote sensing images. In this paper, a novel Oriented Ship detection method is
proposed based on an intersecting Circle and Deformable region of interest (OSCD-Net), which aims
at describing the characteristics of a large length—-width ratio and arbitrary direction. OSCD-Net is
composed of two modules: an intersecting circle rotated detection head (ICR-head) and a deformable
region of interest (DRol). The ICR-head detects a horizontal bounding box and an intersecting circle
to obtain an oriented bounding box. DRol performs three RoIAlign with different pooled sizes for
each feature candidate region. In addition, the DRol module uses transformation and deformation
operations to pay attention to ship feature information and align feature shapes. OSCD-Net shows
promising performance on public remote sensing image datasets.

Keywords: deep learning; object detection; oriented bounding box; ship detection; remote sensing image

1. Introduction

Remote sensing technology, as one of the core earth observation technologies, plays
an important role in the progress of human science and technology. At present, remote
sensing technology involves many fields, such as land and marine resource surveys, urban
change and vegetation surveys, port detection and so on. Benefiting from the development
of remote sensing technology, there are more and more remote sensing images of ship,
which makes ship detection develop rapidly. However, because the direction of the ship is
usually inclined in any direction and the length—width ratio of the ship is overlarge, this
task is quite challenging.

Object detection has always been an important task in the field of remote sensing
technology. In recent years, with the development of deep learning, many researchers [1-6]
have made great contributions to object detection in remote sensing images. However, ships
manifest some special characteristics (complex background, different sizes, inclination at
any angle, obvious geometry, etc.) in remote sensing images compared with other objects,
which makes detection more difficult. Therefore, according to the characteristics of ships,
many meaningful methods have been proposed. The factors that make the background
of ship images complex and diverse include ports, ocean, land, weather conditions and
day and night conditions. Aiming at the complex background of ships in remote sensing
images, many researchers use feature fusion [7-9], attention mechanism [10-12] and other
methods [13-15] in popular object detection [16-20] methods to enhance the features of
ships and make the detection effect better. The types of ships or the height of aerial photos
make the sizes of ships different in remote sensing images, and the unique geometry of ships
will also increase the difficulty of the task. Therefore, many researchers have conducted
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significant research on the size of ships. For example, Xie et al. [21] and Kan et al. [22]
conducted a profound study on small ship detection; Zhu et al. [23] and Sun et al. [24] used
the anchor-free method to alleviate the problems caused by ship scale; Chen et al. [25] used
a multiscale adaptive recalibration network to detect multiscale and arbitrarily oriented
ships. Affected by the shooting angle or geographic environment, many ships tilt at any
angle, and using the horizontal box will lead to too much redundant information. More
seriously, if the targets are densely arranged, the intersection over union (IoU) of adjacent
targets may be too large, which may lead to missed detection (Figure 1a). Therefore,
the oriented bounding box is more suitable for rotated object detection (Figure 1b). In order
to solve the problem of object rotation, researchers have performed a lot of meaningful
research on the problem of rotated object detection [26-30]. How to represent orientation
information is a difficulty in rotated object detection. In view of this difficulty, many
researchers have made many contributions. For example, some researchers obtained
object rotation information by detecting the rotation angle 0 of an object relative to the
horizontal axis of the image [23,27,31]; Xu et al. [32] use eight-parameter representation
to obtain rotation information of the object; Liu et al. [33] use trilateral representation to
detect rotating rectangles; Xue et al. [34,35] also regard angle information as classification
information. Therefore, ship detection is suitable for rotated object detection. Many
researchers have performed some interesting research in the field of rotated ship detection.
For example, Shao et al. [36] proposed a rotated balanced feature-aligned network; Cui et al.
and Yu et al. [37,38] used the anchor-free method to detect rotated ships; Zhu et al. [39]
proposed a rotated RetinaNet with considerable accuracy.

Figure 1. (a) The situation of missed detection due to too dense targets. The yellow box indicates the
detected targets, and the red box indicates the missed targets. (b) The result of using the oriented
bounding box.

However, the ship in the remote sensing image also has obvious geometry, and the ob-
ject rotation is still a problem worthy of discussion. For the method [37,40] of using rotation
angle 0 to detect directional ships, there is a boundary discontinuity problem [34], and the
characteristics may be the same for some specific angles, which makes the learning unstable.
The eight-parameter method [32,41] has the problem of too many parameters. In addition,
in order to alleviate the resistance in water, the ship design is mostly a slender shape, which
makes the length-width ratio overlarge, resulting in difficult feature extraction.

In this paper, we propose the OSCD-Net to solve the problems of ship inclination
in any direction and an overlarge length-width ratio. OSCD-Net contains two modules:
intersecting circle rotated detection head (ICR-head) and deformable region of interest
(DRol). In ICR-head, we intersect an oriented bounding box by detecting a horizontal
rectangle, a circle and incline direction prediction. In addition, ICR-head also uses the
form of double-heads [42] to reduce the coupling between classification and regression
tasks. At the same time, we are inspired by the Rol poolings of different pooled sizes
method of R2CNN [26] in the field of text detection. This method can effectively solve the
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problem of a too large length-width ratio of text by turning the feature pool into different
proportions of region of interest poolings. This method may also be applicable to ship
detection. However, the ship length-width ratio is far less than that of words. Therefore,
according to the characteristics of ships, we designed a DRol module. DRol performs three
RoIAlign [43] with different pooled sizes for each feature candidate region, and a self offset
matrix is used to enhance the feature information of ship. Then, the deformation operation
is carried out to obtain three features of the same size and concatenate them.
In summary, our main contributions are as follows:

*  We develop an intersecting circle rotated detection head for detecting rotated ships
in remote sensing images. This detection head is also suitable for detecting other
rotated targets.

*  We designed a DRol module, which can obtain features of different pooled sizes. DRol
is used to solve the problem that the ship length-width ratio is overlarge.

*  Anew end-to-end algorithm framework for oriented ship detection in remote sens-
ing images.

2. Methods

This section describes OSCD-Net for ship detection, which contains the overall architec-
ture of OSCD-Net, ICR-Head, deformable Rol module, multitask loss, and inference stage.

2.1. Overall Architecture of OSCD-Net

The OSCD-Net’s main framework is depicted in Figure 2. As the baseline of our
network, we use the two-stage detector Faster R-CNN [17]. The reason why the two-stage
network is selected is that the two-stage network’s module is disassembled more carefully,
and the space for change is large according to the characteristics of the object compared
with other methods. OSCD-Net recodes the rotated ship labels and then extracts the feature
map. We use the better performing ResNet-101 [44] as the backbone network. The residual
structure of ResNet can solve the problem of gradient disappearance or gradient explosion
caused by network deepening. For feature enhancement and adaptation to multi-scale ships,
FPN [45] is also used in our network. The feature maps can be obtained by ResNet and
FPN. The feature map is then forwarded to the region proposal network (RPN) network to
acquire the Rol. The DRol module then pools the feature map and Rol into three deformable
features and uses transformation and deformation operations to transform and deform
the features before fusing them. Finally, ICR-head is used for classification and regression
and obtains a rotated rectangle by detecting a circle, a horizontal rectangle and incline
direction prediction.

ICR-head

Rol Features | @

— Rol Align
=gl T O
TRPN

mE
i

DRol

Feature Maps

© Concatenation operation @ Transformation operation Transformation and deformation operation

Figure 2. Overview of the our proposed OSCD-Net. Feature extraction and RPN are located on the

left. The DRol module is an intermediate grid rectangle used for enhancement to form the final
detection feature. ICR-head on the right is used to detect the horizontal rectangle and a circle, which
is decoded into a rotating rectangular box.
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2.2. ICR-Head
ICR-head is a rotated detection head, which obtains a rotated rectangle by detecting

a circle, a horizontal rectangle, and incline direction prediction. In addition, in order to
alleviate the coupling between classification and location, we use double-head structures
in ICR-head. Classification and incline direction prediction is performed utilizing fc-head.
Conv-head is used to perform regression tasks. Here, we mainly describe three parts:
obtaining a rotated rectangle through a horizontal rectangle and an intersecting circle
(RHC), the encoding and decoding of a rotated rectangle and the use of double-heads

in ICR-head.

2.2.1. Obtaining a Rotated Rectangle
If the rotated box label of a regular inclined object (rectangle-like) is known, the hori-

zontal box label, which is the circumscribed horizontal rectangle of the spinning box, may
be simply acquired and is unique. If we know a regular rectangle, on the other hand, we
try to find its inscribed rectangle (a rectangle whose four vertices are on its edges). As long
as we use the rectangle’s center point as the the center of a circle, we can draw a circle inter-
secting the rectangle’s four edges, link these intersections and obtain the normal rectangle’s
inscribed rectangle. Because the diameter of a circle to any point on the circumference is a
right triangle. However, the circle intersects with the regular rectangle, and the inscribed
rectangle is not one, but four (Figure 3a). If a circle is drawn from the top edge of a regular
rectangle to its first intersection, only two rectangles are produced (Figure 3b). Therefore,
when using a binary classification, we can determine a unique inclined rectangle, which
is the target box we want. The final representation parameters are (x,y, w, h, R, S), where
(x,y) is the center point of the horizontal rectangle and also the center of a circle. w and h
are the width and length of the horizontal rectangle, respectively. R is the distance from
the vertex of the upper corner of the rectangle to the intersection of the circle and the
uppermost edge of the rectangle, which can determine the only circle. S is the inclined
direction prediction of the inclined rectangle, which can determine the only rotated box.

A F B

Figure 3. (a) The circle marked with the radius of the circle. The circle and the horizontal rectangle will
intersect into four inclined rectangles. (b) The vertex of the horizontal rectangle and the intersection
with the circle, and explains that there are only two inclined rectangles using AF to draw the circle.

2.2.2. Encode and Decode
At present, the annotation form of most labels for rotated object detection are (x, y, w, h, 6)

or (x1,Y1, X2,Y2,X3,Y3, X4, Y4), no matter which annotation is used, they can be converted
to each other. Where 6 is the angle of the ship relative to the horizontal axis of the image,
and (x;,y;) (i = 1,2,3,4) is vertex coordinates. Here, we recode (x1, Y1, X2, Y2, X3, Y3, X4, Y1)

to obtain (x,y,w,h,R,S):
w=x2—x4 , h=y3—1 1
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7X2—|—x4 fy1+y3
pomtn e @)
o _ [0 -y
R=x1—x , S= { 1 otherwise ®

Decode is what we know (x,y,w,h, R, S) to solve (x1,y1, X2, Y2, X3,Y3, X1, Y1), Where
r = AF,let X = AE and X is unknown, as shown in Figure 3b.
According to AAEF ~ ABFG, FB/ AE = BG/ AF, with formula:

Formula (4) can be converted into a binary quadratic equation:
X?>—hX+wR—-R*=0 (5)
The solution is:
¥ h4 \/h? — 4(wR — R?) ©)

2
Obviously, % < Ity —A(wr=RY) W < hand0 < ho /- 4(wR-R?) < % Therefore, we use

2
h/2 as the boundary to define S. When the predicted value of Sis 1, X = w.

. . h++/h2—4(wR—R?)
When the predicted value of Sis 0, X = ———%——-.
Finally, the coordinates of the horizontal rectangle ABCD can be obtained according

to (x,y,w, h):
A= (x4+w/2,y—h/2)
B=(x—w/2,y—h/2) @)
C=(x—w/2,y+h/2)

D= (x+w/2y+h/2)
and the coordinates of the rotated rectangle EFGH can be obtained according to ABCD and
X, R as follows:
(x+w/2,y—h/2+X)
(x—w/2+R,y—h/2)
(x—w/2,y+h/2—X)
H=(x+w/2—-R,y+h/2)

E—
F=
. ®)

The meaning of each parameter is shown in Figure 4:

Figure 4. Schematic diagram of the rectangle in the coordinate axis. (x,y, w, , R, X) are known, and
vertex coordinates (A, B, C, D, E, F, G, H) are unknown.
2.2.3. Double-Heads

Full connection is sensitive to spatial location and is more suitable for classification
tasks, while convolution has a better effect on object information extraction and is suitable
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for regression tasks [42]. Because there are both classification parameters and regression
parameters in our rotated box coding method, in order to reduce the coupling between
the classification and regression tasks, we use two branches to detect classification and
regression respectively. The fc-head is used for the confidence and inclination direction
S of the ship. We use conv-head to predict horizontal rectangles and R. In Figure 5, we
show the specific process of ICR-head. The fc-head structure uses two 1024 x 7 x 7 full
connection layers connected in series. The conv-head structure uses 1 X 1 conv to convert
the feature map to 7 x 7 x 1024 and finally avgpool it to 1 x 1 x 1024. The features extracted
by classification and regression are different. Using two branches is beneficial for different
detection heads to pay more attention to their own tasks.

E [P D

: ﬂ Full Connection ]

[} [}

o ] [}

> — i : i

| Conv Layer |

77%1024 : :

: Average Pooling :

> - ' "

1 - ]

77768 o xywh ! Sigmoid i
1*1*%1024 | :

75741024 : - Network Output |
\ U

o cococcocoooo -

Figure 5. Illustration of the process of the ICR-head module. Each part is marked in the red box on
the right.

2.3. Deformable Rol

In the traditional two-stage object detection algorithm, the region proposal output
through the RPN network is mapped into the feature map, and Rol will be pooled into 7 x 7
feature areas using Rol pooling or RolAlign. However, because the length—width ratio of
ships is usually too large, the features of ships cannot be evenly obtained by pooling them
into 7 x 7 feature areas. Therefore, we use RolAlign to divide the region of interest in the
feature map into feature regions with three different dimensions: 7 x 7,12 x 4 and 4 x 12
(Figure 6). The reason for this is that the 3:1 ratio can adapt to most ships, so that their
features can be extracted evenly. Secondly, the 7 x 7 grid divides the feature into 49 parts,
and the 4 x 12 grid divides the feature map into 48 parts. We fill a zero pixel behind it to
obtain 49 parts, so as to deform it into a 7 x 7 grid and fuse the three feature maps. In the
process of fusion, we use transformation and deformation operations. Transformation uses
a self-learning offset matrix to pay attention to the useful information in the feature map.
The specific steps are shown in Figure 7a. Deformation is to squeeze 4 x 12 or 12 x 4 into
one dimension, followed by a pixel, then expand it into 7 x 7 two-dimensional features (see
Figure 7b). The expression of the transformation and deformation operation is as follows:

F:Za(wi~Ami- Fi+ﬁ) 9)

where Am; is self-learning attention matrix, and w; is the weight ratio of this matrix. i
is the index, and i = 1,2,3. F; represents the features of different shapes after pooling.
The multiplication of these three parameters indicates the transformation operation. f is
the supplementary 0 pixel point. o() is a deformation operation designed to rearrange the
features of each small part to form a 7 x 7 size. ) means concatenate the three features.
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®  Multiply

© Concatenate

Figure 6. Illustration of process of DRol module. DRol module uses three transformation operations
and two deformation operations. Transformation operation and deformation operation are circled
with red frames.

offset —>| sigmoid
48X1X C

' conv3 X 3
49X1X C
- 12X4X C ' N
index TXTX C |

V

W

X

(@) (b)

Figure 7. (a) The step of transformation operation; (b) The process of deformation operation.

A 4

2.4. Multitask Loss

OSCD-Net is a two-stage network. The first stage is RPN, which is used to extract
candidate regions. The loss here is the same as in [17]:

LrpN = N ZLcls Pi, Pl +/\1 EPI Lreg (10)
i

Here, N.s and Nyey are the number of total proposals and positive proposals in a
mini-batch fed into the head. 7 is the index of an anchor and p is the predicted probability.
p; is the ground-truth label, the positive sample is 1 and the negative sample is 0. In the
second stage, there is the loss of classification and orientation parameters (x,y, w,h,R,S),
of which the fc-head loss is:

Leis(p,u) = —log pu (11)
Ls(s,s*) = —[s"log(s) + (1 —s")log(1 —s)] (12)

where L is a classification loss used to judge the confidence of the ships, and Lg is used
to identify unique box. s is the predicted value, and s* is the ground-truth label. The
conv-head loss is:

Lreg = Ly + ALy (13)
L, = smoothy (r —1*) (14)
Ly= Y. smoothy, (v; — vf) (15)

i=(xy,w,h)
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in which
0.5x2, |x] <1

16
|x| — 0.5, otherwise. 16)

smoothr, (x) = {
where Ly, is the loss for horizontal box regression, v} is the normalization of the ground-
truth of the horizontal box regression and v; is the predicted value. r* is the ground-truth of
the intersection circle, and r is the predicted value. A, is a super parameter used to balance
the total loss.
The total loss is:
Liotar = LrPN + Lreg + Les + ALs (17)

In the experiment, the values of A1, A, and A were 1, 2, and 1.

2.5. Inference

In the inference stage, we first use horizontal NMS to eliminate some candidate boxes,
and then use directional NMS to further screen the candidate boxes. In the process of
inference, we find that there is no solution for ships placed horizontally. Through analysis,
the reason is that /> — 4(wr — r?) < 0, which leads to the non-intersection of the predicted
circle and the regular rectangle on the vertical edge, as shown in Figure 8a. The blue box
is the ground-truth label. At this time, the circumscribed circle of the ground-truth is
just tangent to the horizontal rectangle. When the predicted R is slightly larger, the circle
and the horizontal rectangle cannot intersect (see the red circle of Figure 8a), resulting in
no solution. For this case, we treat h?> — 4(wr — r?) as equal to 0. At this time, X = h/2.
What is drawn here is a parallelogram, as shown in Figure 8b. When calculating the IoU,
find its minimum circumscribed rectangle. The entire process of the OSCD-Net is briefly
summarized in Algorithm 1.

Algorithm 1 The pseudocode for OSCD-Net.

Input: Ship image X and its labes boxes B(x1,y1, X2, Y2, X3, Y3, X4, Y1)
Output: The score of the proposals C, the coordinates of the proposals
S(x1,Y1,X2,Y2,X3,Y3, X4, Y1)
Initialize: Initialize the pre-training weight w for network;
Decode B into O(x,y,w, h, R, S). Feed X and B into the network to extract feature maps.
Use RPN to get the proposal boxes and map it to the feature maps to get the feature
candidate region F.
fori=1to3 do
Obtain F; by using RolAlign pool F.
Obtain F/ by TD operation.
end for
Obtain F’' by fusing F], F}, F},and get O’ (x',y/, w', I/, ) through ICR-head.
Obtain S; and S by decoding O’
if S < & then

S=25;
else
S=25,

end if
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(b)

Figure 8. (a) The case where the short side of the horizontal rectangle does not intersect the circle.
(b) The parallelogram obtained by connecting the midpoint and intersection of the short side of the
horizontal rectangle.

3. Experiment

In this section, we first introduce the experimental datasets, evaluation metrics and
implementation details in detail. Then, we conducted an ablation study to analyze our ICR-
head and DRol mouble. Finally, we compare other recent methods with several examples.

3.1. Datasets

(1) HRSC2016 [46]: HRSC2016 is a public dataset of remotely sensed ships, including
1070 pictures and 2976 examples. The pictures are collected from Google Earth. There
are 2886 ships standing under the port with complex background, including warships,
aircraft carriers, cargo ships, fishing boats, etc. The image resolution ranges from 2 m
to 0.4 m, and the image size ranges from 300 x 300 to 1500 x 900, most of which are
larger than 1000 x 600. In the experiment, we use the HRSC official division of the
trainset and the testset. A total of 646 pictures are used for training, and 444 pictures
are used for testing.

(2) DOTA-Ship: DOTA [47] is a large-scale dataset with 15 object categories for object
detection in remote sensing images. It uses four vertex coordinates for annotation
and contains 2806 aerial images from different sensors and platforms. The size of the
images ranges from around 800 x 800 to 4000 x 4000 pixels. For DOTA-Ship, we manu-
ally extract all ship images on the DOTA trainset and verset, with a total of 434 images,
including 39028 instances. We randomly divided the trainset and testset according to
the ratio of 6:4. During the training, we cut the picture to 1000 x 1000 pixels.

(3) SSDD+ [14]: SSDD is the first dataset published at home and abroad for ship object
detection in SAR images. There are a total of 12 images and 2456 images for each ship.
In order to detect ship targets with rotating frame, the label of SSDD is improved,
and the rotation angle information is added on the basis of category and position. This
data set is called SSDD+. In order to verify the robustness of our algorithm, we also
use SAR images to evaluate the algorithm, using SSDD+ with rotation annotation. We
randomly divided the trainset and testset according to the ratio of 7:3.

3.2. Evaluation Metrics

For the detection accuracy of ship inspection, we use the average accuracy (mAP) as
the evaluation standard, which is consistent with Pascal VOC 2007 (AP(07)) [48] and VOC
2012(AP(12)). AP is the average value of precision based on different recall rates. The form
of Precision and Recall is as follows:

TP
TP+ FP
TP

Recall == m (19)

Precision = (18)
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Here, TP, FP and FN represent the number of correct numbers, false positives and
false negatives, respectively. TP means that the intersection over union (IoU) between the
predicted bounding box and the object is higher than 0.5. AP and is defined as:

AP = /01 p(r)dr (20)

where p represents precision, r represents recall and p is a function that takes r as a
parameter, which is equal to taking the area under the curve. AP(07) is used to select
the precision maximum value of 11 points with recall greater than 0-1 and then take the
average. Compared with AP(07), the recall of AP(12) is no longer 11 points, but all recall
values. In order to highlight the gains achieved by our method over the current existing
similar techniques, we added the Precision (P), Recall (R) and F1-Score (F1) evaluation
metrics. F1 is the harmonic mean of the Precision and Recall, which is defined as:

2PR

Fl =
P+R

(21)

3.3. Training Details

In order to verify the effectiveness of our innovation, we used ResNet-101 and FPN
in the feature extraction, which can be consistent with other methods. We use ResNet-101
pretrained on ImageNet as the feature extractor. Our network is based on the pytoch
framework and trained on two NVIDIA Geforce GTX 2080 Ti GPUs. We use the SGD
optimizer [49] to optimize our network. The momentum and weight attenuation are set
to 0.9 and 5 x 1073, respectively. The initial learning rate is 7.5 x 103, and the learning
rate is reduced once every 10 iterations. For the HRSC2016 and DOTA-Ship datasets, our
training model is 20 K steps, and the learning rate decays in {14 K, 18 K}. For the SSDD+
dataset, our training model is 12K steps, and the learning rate decays in {8 K, 10 K}.

3.4. Ablation Study

In order to verify the effectiveness of our method as a directional object regression
method, we designed the same Faster R-CNN + FPN as baseline, using five parameters
(Figure 9a), eight parameters (Figure 9b) and our representation (x,y, w, h,r,S) (Figure 9¢)
as the output parameters of the model to detect rotating ships. Table 1 shows the number of
prediction parameters of three different rotated object detection methods and their effects on
HRSC2016 dataset. RHC is our representative method, which is to obtain a rotated rectangle
through a horizontal rectangle and an intersecting circle. In Faster R-CNN + five parameters
(EP), we obtained an AP(07) of 80.9%. Here, the five parameters are (x,y,w, h,0). (x,y) is the
center of the rotating ship, and w and & are the width and length of the ship, respectively. 8 is
the included angle between the rectangle and the positive half-axis of the X-axis. The range
of @is (—7%, 7% ). For eight parameters (EP), the representation is (x,y, w, 1, &1, ap, a3, a4).
(x,y,w, h) are the parameters of the horizontal boxm and («1, a3, a3, a4) are the offset of
the orientation box from the horizontal box. For specific operations, please refer to [32].
The mAP of Faster R-CNN + EP is 88.2%. Compared with Faster R-CNN + FP, the mAP of
Faster R-CNN + EP is improved by 7.3%, so it is usually better to use boundary information
than angle information to detect directional objects. However, its parameters have also
increased. Faster R-CNN + RHC is our representation. We use five regression variables
(x,y,w,h,r) and one classification variable (S) to obtain a orientation box. Compared
with method of five parameters, we did not increase the number of regression parameters
but only added a classification variable. However, we greatly increase the accuracy, with a
7.7% improvement for mAP. Meanwhile, compared with the Faster R-CNN + EP, we reduce
the number of regression parameters from eight to five, and mAP is also increased slightly.
Moreover, the accuracy of S is more than 98.9%. Therefore, the increase in S will hardly
affect our accuracy. This experiment proves that our method has a good improvement
in precision compared with the FP method. At the same time, compared with the EP
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method, we predict fewer parameters, and the accuracy of our method has also been
slightly improved. It is worth noting that we have added a classification parameter, but it
is easier to perform the classification task than the regression task.

Table 1. Performance comparison of Faster R-CNN under different rotated box representations.
The highest value is indicated by bold numbers (%).

Method Num S AP(07) AP(12)
Faster R-CNN+FP 5 - 80.9 82.9
Faster R-CNN+EP 8 - 88.20 89.0
Faster R-CNN+RHC (ours) 5 98.9 88.6 89.2

ap
—_— A
H
a3
w, . I
(x,'y) x,»)
L3
; {
A s
(@ (b) (0

Figure 9. (a) The tilt target represented by (x,y,w,h,0); (b) the tilt target represented by
(x,y,w,h,a1,00,x3,04); (c) the tilt target represented by (x,y, w,h, R, S).

Simultaneously, we also designed the ablation study of each module, which is based
on Faster R-CNN + RHC, as shown in Table 2. ICR-head uses the form of double-heads on
the basis of Faster-RCNN + RHC. From the experimental results, double-heads improves
the AP(12) of our method by 2.89%, which indicates that branch decoupling is more suitable
for our detection head. The addition of the DRol module also further improves the AP. It
can be seen from the experiment that both the ICR-head and DRol modules play a role
in the network model, and mAP reaches the highest value when they are used at the
same time. In addition, we comparatively show some of the effective detection results in
Figure 10. It can be seen from this experiment that Faster-RCNN OBB’s angle prediction
is not very accurate, leading to the offset of some detection boxes. There are also some
small ships missing detection. When we use ICR-head, the inclination angle of the ship is
more accurate, and some small ships can be detected. As can be seen from the last column,
the boundary of the ship is proposed more accurately after the DRol module is added.
For some slender ships, the IoU of the ground truth and detection results is improved.
In this ablation experiment, we found that ICR-head can more accurately capture the
position information of the ship, so as to improve the AP. The DRol module can further
refine the boundary information, and is more accurate for ship detection with a large
aspect ratio.

Table 2. Ablation study of OSCD-Net on the HRSC2016 dataset. The highest value is indicated by
bold numbers (%).

RHC ICR-Head DRol AP(07) AP(12)
Vv 88.60 89.21
v v 89.17 92.10
v v 89.21 91.73
v v v 89.98 93.52
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Figure 10. Comparison of ablation study methods. In the first column, we mark the ground truth
with green boxes. The second column shows the detection results of Faster-RCNN OBB. The detection
result in blue boxes are the effect of our use of ICR-head. In the last column, the yellow box shows
the detection results used by both the DRol module and ICR-head.

3.5. Comparison with Others

In this part, we use AP(07) and AP(12) to compare our method on three datasets,
and partial detection results of each dataset. In addition, we also draw the precision-recall
curves of the partial comparison method.

1. Experiments on HRSC2016: To further prove the effectiveness of the proposed
OSCD-Net, we compared it with other deep learning ship detection methods popular in
recent years: Faster R-CNN oriented bounding box (OBB), RetinaNet OBB, R2CNN [26],
RRPN [31], Rol transformer [27], Gliding vertex [32], CSL [34] and RITSD [50], as shown
in Table 3. Among them, except R2CNN, all use data enhancement. The main data
enhancement methods are horizontal flip and vertical flip, random rotation, random
clipping, deformation and scaling. It is worth noting that all detectors adopt ResNet-101
pretrained on the ImageNet, except for RRPN adopting VGG-16 [51]. In addition, except for
R2CNN and RRPN, FPN structure is used for others. It can be seen from the experiment that
the mAP of adding OBB directly on Faster-RCNN and RetinaNet is low. The structures of
R2CNN and RRPN are so simple that the mAP is not high. Rol transform proposes a rotated
Rol, which makes the AP(07) reach 86.22% and the AP(12) reach 87.18%. Gliding vertex
uses the offset of the vertex instead of the angle 6 on the basis of Faster R-CNN, and the
AP(07) reaches 88.20%. CSL uses angle classification instead of traditional 8, and AP(07)
reaches 89.62%. RITSD adds the third stage of rotation on the basis of the traditional second
stage, and the AP(07) reaches 89.70% and the AP(12) reaches 92.98%. Our OSCD-Net
reaches 89.98% in AP(07) and 93.52% in AP(12). Experiments indicate that, compared with
the recently proposed deep learning object detection methods, OSCD-Net has an advanced
performance. Except for taking AP as the evaluation metric, we also added the comparison
method with Precision, Recall and F1. As shown in Table 4, compared with other methods,
OSCD-Net has obvious advantages in Precision and Recall. In Figure 11, we show the
results of some comparison methods. Among them, the yellow box is the detection box,
and the blue box and the red box are some ships that we manually marked as inaccurate
detection and missing detection, respectively. Faster R-CNN OBB and the Rol transformer
use FP representation to detect rotating rectangles, and it can be found that there are many
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ships with inaccurate detection in these two methods. In the third panel of Figure 11, the
Rol transformer and Gliding vertex are missed when the two ships are close to each other.
In addition, we also show the precision-recall curves of Faster R-CNN OBB, Retinanet OBB,
Rol transformer and Gliding vertex, as shown in Figure 12.

Table 3. Performance evaluation of nine different methods on HRSC2016 dataset. The highest value
is indicated by bold numbers (%).

Method Data Aug Backbone FPN AP(07) AP(12)

Faster R-CNN OBB vV ResNet101 N4 80.90 82.91

RetinaNet OBB Vv ResNet101 vV 79.17 82.10

R2CNN - ResNet101 - 72.36 74.35
RRPN Vv VGGl16 - 79.60 -

Rol transformer Vv ResNet101 Vv 86.22 87.18

Gliding vertex Vv ResNet101 Vv 88.20 89.02
CSL v ResNet101 v 89.62 -

RITSD v ResNet101 v 89.70 92.98

OSCD-Net (ours) vV ResNet101 4 89.90 93.52

Table 4. Performance evaluation with Precision(P), Recall(R) and F1 on the HRSC2016 dataset. The
highest value is indicated by bold numbers (%).

Method P R F1
Faster R-CNN OBB 86.24 87.17 86.70
RetinaNet OBB 87.12 85.21 86.15
Rol transformer 88.01 90.15 89.07
Gliding vertex 89.81 92.67 91.22
OSCD-Net (ours) 90.12 94.54 92.27

oo,

e

Ground Truth (d

Figure 11. Comparison experiment detection results on HRSC2016 dataset. The green box in the

first column represents the ground truth. The yellow box indicates the detection result. The red box
indicates the missed detection area, and the blue box indicates the inaccurate detection area. (a) The
detection result of Faster R-CNN. (b) The detection result of Rol transformer. (c¢) The detection result
of Gliding vertex. (d) The detection result of OSCD-Net.
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Figure 12. Precision—recall curve of different methods on the HRSC2016 dataset.

2. Experiments on DOTA-Ship: Compared with the HRSC2016 dataset, the ships in
DOTA-Ship are smaller and more dense, which makes the detection task more challenging.
We randomly divided the DOTA-Ship dataset into a 6:4 trainset and testset. Table 5 shows
the comparison and ablation experiments of our method on DOTA-Ship. Here, we compare
our method with Faster R-CNN OBB, R2CNN, RRPN, Rol transform and Gliding vertex.
These methods all use data enhancement and FPN structure, except R2ZCNN, and the
backbone network is ResNet-101. OSCD-Net adds ICR-head to the baseline and OSCD-Net*
adds ICR-head and DRol module. The results indicate that the mAP of our method is also
significantly improved compared with other popular ship detection methods. Compared
with baseline (Faster R-CNN OBB), our method is improved by 9.46% in the DOTA-Ship
dataset. In Table 6, we conducted a comparative experiment on the DOTA-Ship dataset
with Precision, Recall and F1 as evaluation standards. Our method has obvious advantages
in Recall and higher Precision than other methods. In Figure 13, we show the comparison
of detection results of some methods on DOTA-ship dataset. We can find that the detection
boxes of Faster R-CNN OBB have a significant offset in the first two figures, which will
lead to the reduction in the IoU. However, using edges to detect rotating ships does not
have such a problem. Both the Rol transformer and Gliding vertex have a serious problem
of missing detection. OSCD-Net can also miss for partial small and dense ships, but this
is less of a problem than other methods. We also show the precision—recall curves on the
DOTA-Ship dataset in Figure 14.

Table 5. Performance evaluation of nine different methods on DOTA-Ship dataset. The highest value
is indicated by bold numbers (%).

Method Data Aug FPN AP(07)
Faster R-CNN OBB Vv Vv 58.49
RetinaNet OBB N4 Vv 56.21
R2CNN - - 52.12

Rol transformer Vv Vv 63.75
Gliding vertex Vv Vv 66.53
OSCD-Net (ours) Vv Vv 67.62
OSCD-Net* (ours) Vv vV 67.95
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Table 6. Performance evaluation with Precision(P), Recall(R) and F1 on the DOTA-Ship dataset.
The highest value is indicated by bold numbers (%).

Method P R F1
Faster R-CNN OBB 62.92 70.19 66.36
RetinaNet OBB 62.81 68.25 65.42
Rol transformer 64.89 75.10 69.62
Gliding vertex 69.01 77.50 73.01
OSCD-Net (ours) 69.04 78.15 73.31

Ground Truth | (a)' : | (b) | (c) | | (d)‘ |

Figure 13. Comparison of experiment detection results on the DOTA-Ship dataset. The green box in
the first column represents the ground truth. The yellow box indicates the detection result. The red
box indicates the missed detection area, and the blue box indicates the inaccurate detection area.
(a) The detection result of Faster R-CNN. (b) The detection result of Rol transformer. (c) The detection
result of Gliding vertex. (d) The detection result of OSCD-Net.

PRC for ship
[
0
%]
'G — OSCD-Net (our)
GL) 0.4 Gliding vertex
o .
—_— Rol transformer
0.2 —_— Faster R-CNN
— RetinaNet
0.0 - . - - ,
0.0 0.2 0.4 0.6 0.8 1.0

Recall
Figure 14. Precision-recall curve of different methods on the DOTA-Ship dataset.

3. Experiments on SSDD+: Because the SSDD+ is an SAR image dataset and the SAR
image has the characteristics of inconsistent azimuth and range resolution, prominent
target geometric characteristics, strong noise, low definition and large image difference
when the pitch angle and azimuth angle change, the SSDD+ dataset tests the robustness
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of the model. We adopt the data enhancement strategy of image flipping. We randomly
divided the SSDD+ dataset into a 7:3 train set and test set. The comparison methods and
experimental parameters here are the same as in the DOTA-Ship dataset. As shown in
Table 7, compared with other popular ship detection methods, the mAP of our method is
also significantly improved. OSCD-Net adds ICR-head to baseline and OSCD-Net* adds
ICR-head and the DRol module. In Table 8, the recall of OSCD-Net is higher than other
methods, and the precision is also higher than other methods except Gliding vertex. In the
precision-recall curves on the SSDD+ dataset (Figure 15), the precision of our method is
worse than other methods when the recall is low. However, with the improvement in the
recall, the precision of our method gradually exceeds that of other methods. Our method is
also better than the other methods in terms of the F1, which is the standard to measure the
combination of precision and recall. In the resulting images of the comparison (Figure 16),
Faster R-CNN OBB and the Rol transformer detect multiple ships as one because many
ships are close to each other in the first image. This is due to feature extraction errors.
Although the Gliding vertex is able to extract features correctly, there is a missing detection.
In the second picture, the missed detection of Faster R-CNN OBB is serious, and the
detection of Rol transformer and Gliding vertex targets is not accurate enough (marked
with blue box). The OSCD-Net detection results are obviously close to the real marking of
ships and less redundant information.

Table 7. Performance evaluation of nine different methods on the SSDD+ dataset. The highest value
is indicated by bold numbers (%).

Method Data Aug FPN AP(07) AP(12)
Faster R-CNN OBB Vv vV 75.95 77.45
RetinaNet OBB V 69.17 72.18
R2CNN - - 67.78 68.95
Rol transformer Vv vV 78.32 79.82
Gliding vertex Vv Vv 81.22 83.20
OSCD-Net(ours) 4 Vv 81.01 83.49
OSCD-Net*(ours) Vv Vv 82.90 84.52

Table 8. Performance evaluation with Precision(P), Recall(R) and F1 on the SSDD+ dataset. The
highest value is indicated by bold numbers (%).

Method P R F1
Faster R-CNN OBB 85.24 83.42 84.32
RetinaNet OBB 84.10 81.93 83.00
Rol transformer 88.23 87.15 87.69
Gliding vertex 90.04 88.24 89.13

OSCD-Net (ours) 89.25 90.45 89.85




Remote Sens. 2022, 14, 4749

17 of 21

PRC for ship

o
o

OSCD-Net (our)

Gliding vertex

Precision
o
»

e Rol transformer

— Faster R-CNN

o
[N}

I—— RetinaNet

0.0 - - " . :
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 15. Precision—recall curve of different methods on the SSDD+ dataset.

L .
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Figure 16. Comparison of experiment detection results on the SSDD+ dataset. The green box in the
first column represents the ground truth. The yellow box indicates the detection result. The red box
indicates the missed detection area, and the blue box indicates the inaccurate detection area. (a) The
detection result of Faster R-CNN. (b) The detection result of Rol transformer. (c¢) The detection result
of Gliding vertex. (d) The detection result of OSCD-Net.

It can be seen from the comparative experiment that the accuracy of our model has
been improved on the three datasets. In addition, we show the partial testset results of
the three datasets in Figure 17. It can be seen from the renderings of the testset that in
HRSC2016 and SSDD+, the detection results of our network are relatively good, and most
pictures can be detected correctly. However, for dense and small ships in the DOTA-Ship
dataset, our network has missed detections. This may be because our network is not very
suitable for small and dense ships. We will try our best to overcome this problem in the
follow-up work.
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Figure 17. Some detection results on the test datasets.

4. Conclusions

Because deep learning is able to automatically learn the essential features of a large
amount of data, it has achieved good results in the field of computer vision and image
processing. The same is true for ship detection in the field of remote sensing. In this paper,
a novel oriented ship detection method is proposed based on a intersecting circle and a
deformable Rol. Ships in remote sensing images have the problems of inclination in any
direction and large length-width ratios. To address these problems, ICR-head and a DRol
module were designed by us. ICR-head is a rotated detection head, which can obtain
the rotation information of the ship. DRol pools candidate features into multiple shapes
and recombines features through transformation and deformation operations, so as to solve
the problem of the large length—width ratio of ships.

Our method focuses on solving the ship’s arbitrary tilt and excessive length-width
ratio. We are also solving the problem from a geometric point of view. In the future, we
will try to solve the two challenges of arbitrary ship tilt and excessive length-width ratio
at the feature point of view. Of course, these are not the only challenges of ship detection.
The complexity of the background and the size of the ship are also important challenges in
ship inspection. This is also one of the main tasks of our future work. With the continuous
development of remote sensing technology, whether in optical remote sensing image or
SAR remote sensing image, there are a lot of data available for us to use. There is a certain
similarity as long as it is the same species. We believe that remote sensing image ship
detection has a good prospect in the future.
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