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A Semisupervised Arbitrary-Oriented SAR Ship
Detection Network Based on Interference
Consistency Learning and Pseudolabel Calibration

Yue Zhou ¥, Xue Jiang

Abstract—The rapid development of deep learning cannot be
achieved without the support of abundant labeled data. However,
obtaining such a large amount of annotated data needs the support
of professionals in the field of synthetic aperture radar (SAR) image
understanding, which leads to the scarcity of SAR datasets with an-
notations. The scarcity of annotations poses a bottleneck in the per-
formance of SAR ship detectors based on deep learning. Recently,
semisupervised learning has become a hot paradigm, which can
mine effective information from unlabeled data to further improve
the performance of SAR ship detectors. However, existing semisu-
pervised SAR ship detection studies all adopted multistage semisu-
pervised frameworks, which are complex and inefficient. In this
article, we first design an end-to-end semisupervised framework for
SAR ship detection. To overcome the strong interferences resulting
from the imaging or quantization processes in SAR, we introduce
the interference consistency learning mechanism to enhance the
model’s robustness. To solve the complex background in the inshore
scenario, a pseudolabel calibration network is designed to calibrate
the pseudolabel according to the context knowledge around the
ships. Based on the high-resolution SAR images dataset (HRSID)
and the other four datasets, the superiority of the proposed ap-
proach over several state-of-the-art semisupervised frameworks
has been evaluated under various labeling ratios, i.e., 1%,5%, 10 %,
and 100%.

Index Terms—Arbitrary-oriented synthetic aperture radar
(SAR) HRSID, ship detection, semisupervision.

1. INTRODUCTION

YNTHETIC aperture radar (SAR) [1] ship detection plays
S a pivotal role in interpreting SAR images, which has been
widely applied in maritime traffic safety and battlefield recon-
naissance. Traditional SAR ship detectors can be divided into
the following four categories:
1) threshold-based approaches [2], [3];
2) saliency-based approaches [4], [5];
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3) hand-crafted feature-based approaches [6], [7];

4) statistical modeling-based approaches [8], [9].

With the emergence of deep learning, convolutional neural
networks (CNNs) [10] and graph convolutional networks [11]
have been applied in remote sensing and have shown great
advantages against handcrafted features. These deep learning
detectors outperformed the traditional methods in SAR ship
detection tasks [12], [13], [14], [15]. However, these are horizon-
tal bounding box (HBB) based detectors. Ships have arbitrary
orientations and elongated shapes. HBB is not an effective
representation of ships, particularly when ships are densely
arranged near the wharf. To solve this problem, the oriented
bounding box (OBB) is used to locate the target in remote
sensing image (RSI) [16],[17],[18],[19],[20], [21]. At the same
time, more and more high-resolution SAR datasets with OBB
annotations have emerged [22], [23], [24], [25], which has led to
significant progress in deep learning based SAR ship detectors.
Cui et al. [26] and Su et al. [27] adapt the novel attention mecha-
nism and deformable convolution to enhance the model’s ability
to extract key information from complex backgrounds. He et
al. [28] designed a polar encoding to solve the problem of angle
discontinuity in oriented SAT ship detection. Zhou et al. [29]
attempts to replace CNN with transformer to introduce the global
attention mechanism, which can further improve the detection
performance of SAR ships in complex scenarios.

The above-mentioned models that must be trained with la-
beled data belong to supervised learning (SL). The dependence
on the labeled data becomes the bottleneck of the existing CNN-
based SAR ship detectors in real applications. On one hand, the
data labeling of SAR is difficult. It can only be done with the
support of professionals with the corresponding backgrounds.
Researchers have attempted to use optical, infrared, and other
sensor data to assist in improving the performance of models on
SAR images [30], [31]. However, this requires paired annotated
data, which is difficult to meet in some practical applications.
On the other hand, massive SAR images are produced every day.
These unlabeled data account for a much larger proportion than
labeled data. Without labeling the targets in time, these massive
SAR images cannot be used effectively. If considering the prac-
tical applications of the SAR ship detection tasks, the unlabeled
data containing useful information cannot be neglected.

Recently, semisupervised learning (SSL) has become a hot
paradigm, which can mine effective information from unlabeled
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Fig. 1. Compared with SL, which only uses labeled data, SSL uses unlabeled
and labeled data to train the network jointly. Since the high labeling cost and
the existence of a massive number of unlabeled images, SSL is very suitable for
SAR images.

data to further improve performance. Fig. 1 shows the difference
between SL and SSL. Compared with SL, the training process
of SSL involves unlabeled data, which means that the SSL
paradigm has potential application value in some actual scenar-
ios where massive unlabeled SAR image data can be obtained.
Wang et al. [34] directly tried to apply the SSL based image
classification to a SAR ship detection task. Chen et al. [35]
designed a cross-domain coattention feature correlation module
that addresses the domain adaptation problem. Hou et al. [36]
designed an adversarial network to make the local features of
the SAR ship in the unlabeled images closer to those in the
marked images. However, existing SSL applications [32], [33]
in SAR ship detection all adopt the multistage framework, which
limits the training efficiency and performance. On one hand,
the training process of the multistage framework is complex.
As shown in Fig. 2, it includes three stages. It needs to train
the teacher model first and then train the student model, so
the training time is much longer than SL. On the other hand,
the performance of the detector will be limited by the initial
pseudolabels. Once pseudolabels of multistage frameworks are
generated, they will not change throughout the entire training
process. The errors in the initial pseudolabels will mislead the
student model’s learning.

Unlike the multistage methods, [37] introduced an end-to-end
training strategy into an SSL, which has one training stage.
During each iteration, the teacher model’s parameters are
updated by the student model’s exponential moving average
(EMA). As the pseudolabels of the end-to-end framework update
dynamically, the quality of the generated pseudolabels will be
improved gradually. However, various interferences may be
introduced in SAR imaging and quantization, e.g., speckle noise
and scattering interference [38]. Once the ship in the unlabeled
image has been contaminated, it is difficult to detect it. The
number of pseudolabels will be significantly reduced, and the
potential information in unlabeled data cannot be fully mined.
The quality of pseudolabels will also decrease, which may
mislead the model’s learning. These interferences are unique to
SAR images and have not been discussed in previous end-to-end
semisupervised frameworks. Moreover, SAR ships in inshore
scenes are subject to serious background interference, which can
impact the accuracy of pseudolabels and lead to false alarms,
such as wharf buildings with shapes similar to ships. To solve
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these issues, we propose an end-to-end semisupervised network
for arbitrary-oriented SAR ship detection based on interference
consistency learning (ICL) and pseudolabel calibration network
(PLC). ICL enhances the model’s robustness to different
interferences in SAR images, thereby improving the quality
of pseudolabels in interference scenarios. PLC is designed to
calibrate the pseudolabel according to the context knowledge
surrounding ships. It can alleviate the error caused by inaccurate
pseudolabels in inshore scenarios, further improving detection
accuracy. Previous SAR ship semisupervised work has not
attempted to use contextual information to improve the quality
of pseudolabels in inshore scenarios.

The main contributions of this work are summarized as fol-
lows.

1) We propose the first end-to-end semisupervised frame-
work for SAR ship detection, which is more efficient than
existing multistage semisupervised frameworks.

2) The ICL is introduced to enhance the model’s robustness
under strong interferences resulting from the imaging or
quantization processes in SAR.

3) The PLC is introduced to calibrate the incorrect pseudola-
bel introduced by complex inshore backgrounds.

4) The experimental outcomes across high-resolution SAR
images dataset (HRSID) and four other datasets demon-
strate that our proposed approach outperforms several
prevalent frameworks.

The rest of this article is organized as follows. The related
works are introduced in Section II. In Section III, the SAR-
Teacher is introduced, whose experimental results compared
with other state-of-the-art methods are given in Section IV.
Finally, Section V concludes this article.

Notations: Throughout the article, matrixes, vectors, and
scalars are represented by bold uppercase letters X, bold low-
ercase letters a, and regular letters x, respectively. The primary
notations used in this article are listed as follows.

Symbol Definition
Ls The supervised loss
Lo The unsupervised loss
Ls The classification loss
Lioc The location loss

Ly The supervised loss of PLC
X An unlabeled SAR image
B The set of rotated box (z,y,w, h,0)

N; The number of proposals from labeled image

Ny, The number of proposals from unlabeled image

o(+) The teacher model

w() The student model

S(+) The operation to subject simulated interference on SAR image
F() The confidence threshold filter

o The interference consistency coefficient
The intersection over union between two rotated boxes

II. METHODOLOGY
A. Multistage Versus End-to-End Frameworks

This section compares the mainstream paradigms of mul-
tistage and end-to-end semisupervised frameworks for object
detection, which are shown in Fig. 2.
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Fig. 2.

The multistage semisupervised object detection framework
consists of the following three stages [37]:
1) Instage I, the teacher detector utilizes the labeled data for
supervised training, whose loss is defined as follows:

1

- N Z Les (B ti) + i Z Lioc (i, vij)

i=1 jeB

Ly

1
where j belongs to the set of (x,y,w, h,0). The center
coordinates, width, height, and angle of a rotated bounding
box are represented by z, y, w, h, and 6, respectively. N,
represents the number of proposals from labeled images. ¢;
is a binary value (¢; = 1 for ship, ¢; = 0 for background),
t; denote the predicted probability value of ship class. v; j
and ©,; represent the ground truth and the predicted value
of the ith rotated bounding box offsets. The location and
classification loss are defined as follows:

Ecls = —t;- log (ﬂ) - (1 - ti) . log (1 - 2?1) (2)

~ 2
,C]OC _ {05 (Uij — Uij)

Vi — 05| <1
| J ]| (3)

|0i; — vij| — 0.5 otherwise.

2) In stage II, there is no training process. The teacher de-
tector uses the model weights obtained in stage I to infer
unlabeled images and generate pseudolabels. Usually, a
detection score threshold is manually set here to ensure the
pseudolabel’s high quality. For multistage semisupervised
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Comparision of multi-tage and end-to-end semisupervised framework for object detection.

frameworks, once the pseudolabels are generated, they no
longer change.

3) In stage III, the unlabeled images, with pseudolabels, and
the labeled images, with grounded truth, work together in
training the student model. The overall loss of stage III
can be formulated as

L=Ls+ L, 4)

where L, represents the supervised loss of labeled images,
which is the same as stage I given in (1). £, represents
the unsupervised loss of the unlabeled images, which is

defined as
1
Lu= Lot (B, 1) + 1 Y Lioc (1798, )
U jeB

&)
where NN, represents the number of proposals from unla-
beled images. The superscript p indicates that the variable
is a pseudolabel. The aim of most semisupervised frame-
works is to design the unsupervised loss £,,. However, the
multistage semisupervised framework includes multiple
training stages, and the training process is redundant and
inefficient.

End-to-end frameworks have the same overall loss as the stage
III of multistage frameworks, but the main difference lies in the
joint optimization of student and teacher models [37]. Fig. 2
illustrates that the training process for end-to-end frameworks
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Fig. 3. Overall architectures of the proposed semisupervised framework.

involves a single stage. In each iteration, the training data batch
consists of the following two parts: 1) labeled and 2) unlabeled
images half and half. The student model is then trained using
both the labeled and unlabeled images. Upon completion of each
iteration, the teacher model is updated through the EMA of the
student model. This joint optimization strategy has the potential
to improve the pseudolabel’s quality dynamically, which is
significant for SSL.

To our best knowledge, there are no existing works designing
SAR ship detectors based on the end-to-end semisupervised
framework for SAR ship detection. Due to the scattering inter-
ference and speckle noise in SAR images, the credibility of pseu-
dolabels will be reduced. Incorrect pseudolabels will mislead the
student model, damaging the ship detection performance. Thus,
directly applying the end-to-end semisupervised frameworks
designed for optical images cannot provide satisfactory results.
We demonstrate the proposed end-to-end semisupervised frame-
work for arbitrary-oriented SAR ship detection. The core is to
improve the pseudolabel’s quality for the application in SAR,
including interference consistency learning and pseudolabel
calibration, which is shown in Fig. 3.

B. Interference Consistency Learning

Previous SAR ship semisupervised work did not discuss the
impact of various interference in SAR images on pseudolabels.
However, in practical applications, these interferences cannot be
ignored. They will increase the feature differences between the
targets, leading to the model being prone to missing interfered
targets. To suppress various interferences introduced in the imag-
ing or quantization process of SAR images, we introduce inter-
ference consistency learning. First, we construct the interference
consistency constraint by conducting interference simulations
on SAR images. Then, we gauge the model’s confidence about
the pseudolabels by the interference consistency coefficient. We
will introduce these two parts one by one.

Pseudo Label
Calibration
Network

Y

Refined
Pseudo —>(X, y,w, h, 9, )
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1
1
v
Confidence Threshold Filter ‘ F
/ : o
1
1
1
1
1

i P(8(X);0)F (o (X;7))

Interference Consistency Constraint

1) Interference Consistency Constraint: The end-to-end
semisupervised framework of this article adopts the teacher—
student paradigm. We first feed the original unlabeled SAR
images into the teacher model to generate pseudolabels. Then
feed the same SAR image after simulated interference into the
student model. Since the simulated interference does not change
the position of the target, the pseudolabels generated by the
teacher model can be directly used to provide supervision in-
formation for the student model. In this way, the framework can
use unlabeled SAR images to construct interference consistency
constraints.

For convenience, we mark the teacher model as ¢ and the
student model as ¢. Given an image X, the teacher model output
the results as follows:

¢(X;7) = {Va}i, (6)

where 7 represents the trainable parameters of the teacher model.
D denotes the number of detection results. v, represents the dth
predicted rotated bounding box vector. After passing through
the filter F' (e.g., a fixed confidence threshold), v; will become
the pseudolabel v/}"“. Then, we implement the simulation inter-
ference on the same image to obtain the S(X), and construct a
constraint as follows:

p(5(X);9) F(o(X;7)) ©)

where § represents the trainable parameters of the student model.
S(+) represents the operation to subject simulated interference on
unlabeled SAR images, which are composed of seven different
interference simulations as shown in Fig. 4:

1) speckle noise;

2) solarization;

3) sharpness;

4) posterization;

5) equalization;

6) contrast;

supervision
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Fig. 4. Interference simulations of SAR images.

7) brightness.

We train the student model under the simulation interference
S(X) to promote the student to learn the consistency of SAR im-
age interference. This consistency knowledge will be transmitted
to the teacher model as it is updated, thereby improving the
quality of pseudolabels in unlabeled SAR images with speckle
noise or scattering interference.

2) Interference Consistency Coefficient: In the previous
methods, unsupervised loss treats all pseudolabels equally. How-
ever, there is a possibility of errors in pseudolabels. We need
to pay more attention to reliable pseudolabels. Therefore, we
introduce an interference consistency coefficient o to measure
the credibility of pseudolabels under severe interference, which
ranges from O to 1. Each pseudolabel has a corresponding in-
terference consistency coefficient. The larger the coefficient, the
more confident the teacher model is in the current pseudolabel.
On the contrary, smaller coefficients indicate a higher probability
of the pseudolabel being incorrect.

Deep learning-based detectors allocate multiple proposals for
each ground truth box. If the location of a target is uncertain,
the model may generate multiple scattered proposals near the
ground truth box. Conversely, if the model is certain about the
location of a target, the generated proposals will be concentrated
around the ground truth box. We aim to gauge the model’s
confidence about the pseudolabels by the proposals as follows:

ZzN:pl ToUjg

ok = == ®)

p

where ¢ € [0,1). N, denotes the number of positive samples
assigned to the kth pseudolabel. IoUy; denotes the rotated IoU
between the 4th positive sample and the kth pseudolabel. IoU
is defined as the overlap area divided by the union area of two
rotated boxes.

Next, o is used to weight the unsupervised loss of the un-
labeled images L£,. The larger the o, the greater the £,,, and
vice versa. Thus, the o can reduce the attention of the model to
uncertain pseudolabels, and put more attention on pseudolabels
with higher reliability.

C. Pseudolabel Calibration Network

Another challenge in SAR ship detection is the presence of
numerous small ships overwhelmed by complex surrounding
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backgrounds in inshore scenes. The complex background can
blur targets’ boundaries, leading to inaccurate positioning and
reducing pseudolabel’s quality, hampering the student model’s
performance. It has been proven that exploiting the context
knowledge around small objects is beneficial to locate their
bounding box accurately [46]. However, previous SAR ship
semisupervised works did not attempt to use contextual informa-
tion to improve the quality of pseudolabels in inshore scenarios.
Motivated by this idea, we have designed a pseudolabel calibra-
tion network, which can calibrate the pseudolabels based on the
context knowledge around the ship and improve the quality of
the pseudolabel.

The structure of the pseudolabel calibration network is shown
in Fig. 5. First, we enlarge each proposal with factors {2,4},
and get two additional proposals. Second, we feed these three
proposals into the rotated region of interest (Rol) Align op-
erator [45] to obtain multiple contextual features, which con-
tain information from the target and surrounding background.
Then, we concatenate the three features and feed them into a
lightweight information fusion module. This module consists
of a convolutional layer and three fully connected layers. By
calculation, the computational complexity of the lightweight
information fusion module is 20.875 GFlops. Finally, we can
obtain the pseudolabels after calibration.

We use the labeled SAR images to train the PLC network in
a supervised method. The PLC loss £,, can be formulated as

£, =~ > (1-10U7) ©)

where IoU; denotes the rotated IoU between the ¢th positive
sample and the ground truth assigned to it. It should be noted
that PLC loss only applies to the training of labeled images.
Then, we update its weight in the student model to the teacher
model for calibrating pseudolabels.

PLC can appropriately mitigate the deviation between the
pseudo labels and the ground truth and improve the quality
of pseudolabels. It is worth mentioning that PLC is only used
during training phase and can be removed during testing phase.
Therefore, PLC does not increase the computational complexity
and inference speed of the testing phase.
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Fig. 6.

Example of an HRSID dataset.

D. Loss Function

Finally, the loss of the proposed end-to-end framework can
be formulated as

L= Lo+ Lo+Ly

N;
1 N
N > | Lais (Fists) +t: D> Lioe (045, vi5)
i=1 jeB

Ny,
1 )
Ni Z ok | Las tlw +pk Z Lioe ( Ukj Uzj)

U =1 jeB

>~

N;

1
— 1 —IoU?
—I—Nl;( ol)

where 0¥ denotes interference consistency coefficient of the kth
pseudolabel, which reduces the possibility of student models
being misled by incorrect pseudolabels. S(0y;) are the predicted
offsets of the ¢th rotated bounding box of simulated interference
SAR images. Since the proposed simulated interferences are
invariant to the box coordinates, the operation S does not need
to apply on the vy .

The proposed end-to-end framework uses the EMA strategy
to update the teacher model after each iteration. This joint
optimization strategy can dynamically improve pseudolabel’s
quality.

(10)

III. EXPERIMENT AND ANALYSIS
A. Dataset Description and Implementation Details

Experiments are performed on the HRSID [23], which is a
ship detection dataset from high-resolution SAR images with
massive ship samples. As can be seen from Fig. 6, it includes
both offshore scenes with clean backgrounds and inshore scenes
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with complex backgrounds. It also has various scattering inter-
ferences and speckle noise. In addition, the other four SAR ship
datasets are also used as unlabeled in the extended experiments.
It contains three OBB datasets [22], [24], [25] and one HBB
dataset [44]. It should be noted that we did not use the annotation
of these four datasets during the whole experiment. The detailed
information of these open-source SAR ship datasets is shown in
Table I.

Our algorithm implementation and hyper-parameters settings
are based on a unified rotated object detection tool-box (MMRo-
tate) [45]. For all datasets, the image shape for network input is
800 x 800 pixels. Our experiments were conducted on a CentOS
7.3 system with an RTX 3090Ti graphics processing unit (GPU).
The variance of speckle noise is set to 1. We referred to the
[33] and used the following two experimental settings in this
article: 1) partially labeled data and 2) fully labeled data. We will
introduce the setting details of them below, which has significant
differences.

In the partially labeled data setup, we randomly sample 1%,
2%, 5%, and 10% images from the HRSID training set as labeled
training data, and the images that are not selected are considered
as the unlabeled data. The overall number of HRSID training set
images is 3623, which means that 1% of the training set has only
36images. Therefore, this experimental setup can verify the few-
shot learning ability of the model. To guarantee the experiment’s
rigor, we randomly choose five different data folds for each data
proportion, and the final performance is calculated as the mean
of the five folds. The training process involves running each
model for 6 k iterations on one GPU with stochastic gradient
descent (SGD) as the optimizer training. The learning rate equals
to 0.0025 and decreased by a factor of 10 after 4 k and 5.5 k
iterations. Each batch comprises of four images, which includes
two labeled and two unlabeled samples. Moreover, weight decay
and momentum are set at 0.0001 and 0.9, respectively, for all
models.

In the fully labeled data setup, the fully HRSID training set
is utilized as labeled data, and supplement it with unlabeled
data from other SAR ship datasets. The goal is to verify the
performance of semisupervised models on large-scale unlabeled
samples. It is more consistent with real-world application sce-
narios and more challenging. Each model is trained for 65 k
iterations on one GPU. The learning rate equals to 0.0025 and
decreased by a factor of 10 after 43 k and 60 k iterations.

B. Evaluation Metrics

We use average precision (AP) to quantitatively evaluate the
detection performance and the latency per image to evaluate
inference speed

Ny
pP=_"r (11)
Npred
Ny
R=—", (12)
Ntargets
1
AP = / P(R)dR (13)
0
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TABLE I
DETAILED INFORMATION OF THE OPEN-SOURCE SAR SHIP DATASETS USED IN THIS ARTICLE

Dataset Year  Sources Resolution(m) Image Size # of Images  # of Ships  Classes  Annotations
RadarSat-2
SSDD 2017  TerraSAR-X 1~15 214~668 1160 2540 1 OBB
Sentinel-1
Sentinel-1
HRSID 2020 TerraSAR-X 0.5,1,3 800 5604 16951 1 OBB
LS-SSDD-v1.0 2021 GF-3 5 x 20 24000 x 16000 15 6016 1 HBB
SRSDD-v1.0 2021  GF-3 1 1024 666 2884 6 OBB
RSDD-SAR 2022 éeFr_“;‘SAR'X 220 512 7000 10263 1 OBB
TABLE II TABLE IV

DEFINITION OF THE METRICS USED IN THE EXPERIMENTS

Definition
Time cost of model training.
Hard disk space occupied by the model
training weight file.
Hard disk space occupied by the model
inference weight file.
GPU memory space occupied by the
model during training.
GPU memory space occupied by the
model during inference.
Time cost for each iteration of a data
batch during the training process.
Number of SAR images detected by the
model per second.

Metric
Training time (s) [13]
Training weight (MB) [14]

Testing weight (MB) [14]

Training memory (GB) [14]

Testing memory (GB) [14]
Iteration time (s) [13]

FPS (Images/s) [13]

TABLE III
COMPARISON OF MULTISTAGE END-TO-END FRAMEWORKS ON HRSID (1%
PARTIALLY LABELED DATA)

Method APso | Training time
Supervised (RetinaNet-OBB) 32.5 0:23:26
Multi stage (RetinaNet-OBB) 32.7 0:52:23

E2E (RetinaNet-OBB) 35.5 0:28:39
Supervised (ORCNN) 54.3 0:40:27
Multi stage (ORCNN) 53.4 2:23:56

E2E (ORCNN) 59.9 1:10:09

The bold items denote the optimal values for RetinaNet-OBB
and ORCNN.

where Npeq represents the total number of predicted boxes, Ny,
is the number of targets correctly detected, Ny ger denotes the
actual number of targets, P(R) is precision-recall curve, and
AP is mean AP.

To measure the efficiency performance of different models
more comprehensively, we also adopt seven evaluation metrics
in Table II.

C. Experiments and Analysis

1) Effect of End-to-End: We compare the end-2-end method
with the multistage framework on 1% partially labeled HRISD as
shown in Table III. When using RetinaNet OBB as the detector,
the performance of the multistage semisupervised framework
is only 0.2 points higher than that of the supervision frame-
work, while the performance of the end-to-end framework is
3.0 points higher than that of the supervision framework. Next,
we replace the detector with the oriented RCNN (ORCNN) and
repeat the above experiment. The E2E method also outperforms
the multistage framework and supervised framework. However,
the performance of ORCNN’s multistage framework is even

ABLATION EXPERIMENT OF VARIOUS INTERFERENCES ON HRSID (1%
PARTIALLY LABELED DATA)

Simulated interference transforms Speckle noise APso
59.9

v 62.5

v 62.2

v v 63.2

The bold items denote the optimal value in the column.

TABLE V
EFFECT OF INTERFERENCE CONSISTENCY LEARNING ON INSHORE AND
OFFSHORE SCENES (PARTIALLY LABELED DATA)

ICL Scene 1% 2% 5% 10%
Inshore 18.1 228 268 293

v Inshore 215 262 296 321
Offshore | 80.9 853 87.6 88.5

v Offshore | 82.5 86.0 874 88.5

The bold items denote the optimal values for inshore
and offshore scenes.

TABLE VI
ABLATION EXPERIMENT OF SAR-TEACHER ON HRSID (PARTIALLY LABELED
DATA)
ICL PLC 1% 2% 5% 10%
59.9 65.0 67.7 71.0
v 61.0 66.4 68.2 71.8
v 63.2 67.2 69.3 72.8
v v 63.9 67.9 69.8 73.5

The bold items denote the optimal value in the columns.

worse than the supervised framework. Meanwhile, the train
time of the end-to-end semisupervised framework is only half
that of the multistage semisupervised framework, significantly
improving training efficiency. Compared with SL, the train-
ing time of end-to-end semisupervised framework increased
slightly. This experiment verifies that the end-to-end scheme
is not only superior to the multistage scheme in performance
but also more versatile for the different detectors. To make
the results of the semisupervised algorithm more competitive,
we use the ORCNN as the baseline detector in our following
experiments.

2) Ablation Experiment: We conducted ablation experi-
ments on different interference combinations, and the experi-
mental results are shown in Table IV. The experimental results
show that the speckle noise can be used with random color trans-
formations for better performance. The quantitative comparison
of ICL is shown in Table V. We can see that the AP5y of ICL
is highest in both offshore and inshore scenes. The AP5, of 1%



5900

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

TABLE VII
COMPARISON WITH STATE-OF-THE-ART METHODS (PARTIALLY LABELED DATA)

Proportion Training Testing

Detector Method
1% 2% 5% 10% | Weight Memory Iteration time | Weight Memory  FPS
RetinaNet [39] Supervised 325 474 543 549 | 140.0 1.94 0.23 140.0 0.14 36.4
FRCNN [40] Supervised 47.1 520 602 693 | 159.1 2.30 0.36 159.1 0.16 8.0
ORCNN [41] Supervised 543 619 646 709 | 159.1 2.30 0.37 159.1 0.16 6.6
LSKNet [42] Supervised 60.7 649 669 68.8 | 119.3 4.22 0.49 119.3 0.12 7.7
ORCNN MeanTeacher [43] | 492 61.0 658 702 | 317.6 4.48 0.87 159.1 0.16 6.7
ORCNN SoftTeacher [37] 548 629 665 70.8 | 317.6 4.21 0.90 159.1 0.16 6.3
LSKNet Ours 67.2 70.7 69.1 70.1 | 3463 9.12 1.08 119.3 0.17 9.6
ORCNN Ours 639 679 698 735 | 425.2 5.36 1.00 159.1 0.21 9.8

The bold items denote the optimal value in the columns.

train set outperforms the baseline by 3.4 points in the inshore
scenario. And ICL finally increases the AP5y of 1% train set
by 1.6 points in offshore scenes. The experimental results show
that ICL shows more vital ability in complex backgrounds. The
ablation experiment of ICL and PLC is shown in Table VI.
The experimental results show that PCL can be used with ICL
to enhance the performance of our semisupervised framework
further.

3) Comparison with Representative Methods: This part
compares SAR-Teacher with several state-of-the-art end-to-end
semisupervised frameworks for object detection. The quanti-
tative comparison between the proposed framework and other
frameworks on the partially labeled data is given in Table VII.
The AP of the proposed framework is the highest in 1%, 2%,
5%, and 10%. We can also find that the two-stage detector, Faster
RCNN (FRCNN) and ORCNN, has better learning ability than
the single-stage detector (RetinaNet) when the train data are less.
MeanTeacher performs poorly when the proportion of labeled
data is low. SoftTeacher’s performance on the SAR dataset is
subpar, which highlights the significant gap between SAR and
general optical images. Therefore, it is essential to devise a
semisupervised framework specifically for SAR images. More-
over, we add the large selective kernel network (LSKNet) [42]
detector to validate the effectiveness of the proposed method.
Compared to ORCNN, LSKNet has a significant improvement
effect when the proportion of labeled data is low, while its im-
provement effect is not as good as ORCNN when the proportion
of labeled data is higher. Therefore, in the fully labeled data
experiments, we chose ORCNN as our basic detector.

Besides AP under different proportions of labeled data, we
also used six metrics to measure the efficiency performance
of different models more comprehensively. Among them, train
memory and iteration time belong to the training phase, while
the other three metrics belong to the inference phase. According
to Table VII, although the proposed semisupervised framework
has higher spatial complexity, its time complexity is similar to
other semisupervised methods.

Although the semisupervised object detection framework
based on the student—teacher architecture has two object de-
tectors during the training phase, only the student detectors
need to be retained during the testing phase. Therefore, we used

two sets of indicators to separately evaluate the computational
complexity and speed of the model during the training and
testing phases. Although our proposed framework will increase
the model complexity of the training process, it will not affect the
model’s inference speed and memory usage during the testing
phase.

We also compare the qualitative results of the proposed
method to those of the supervised baseline under 1% HRSID
train set are shown in Fig. 7. By comparing the yellow and
green ellipses in the figure, it can be found that SAR-Teacher has
detected many targets that are missed in the supervised baseline.

4) Validation on Full Labeled Data: In our previous ex-
periment, a portion of the HRSID training set was employed
as the labeled dataset, while the remaining images acted as
unlabeled data. To verify the performance of this semisuper-
vised framework on the full HRSID dataset, we conducted a
comparative experiment on the other four unlabeled datasets,
which are shown in Table VIII. When SSDD is used as the
unlabeled dataset, the semisupervised framework is 1.4 points
higher than the fully supervised model. The advantages of the
semisupervised framework become more evident as the number
of unlabeled samples increases. When three SAR datasets are
used as unlabeled datasets, the semisupervised framework is
2.5 points higher than the fully supervised model. This shows
that the semisupervised framework proposed in this article has
the ability to mine information from massive unlabeled SAR
images, which can reduce the time spent by researchers on
labeling images.

5) Validate on Data Including Pure Background Images:
The images in the above datasets are obtained after being cut
and filtered by researchers. Each picture slice contains at least
one target, virtually reducing learning difficulty. However, in
the actual application scenario, the obtained images are usually
large-scale SAR images, and we need to split them into slices.
Because we do not have annotations, we cannot filter out slices
without targets. To verify the performance of this semisupervised
framework in real application scenarios, we conducted a com-
parative experiment on whether the unlabeled dataset contains
pure background images. We selected the large-scale SAR ship
detection dataset, LS-SSDD, as the unlabeled samples for the
experiment. We split the original images into 800 * 800 slices
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GT 1% supervised

Fig. 7.

1% SAR-Teacher

Qualitative results of our semisupervised method on HRSID (1% partially labeled data).

TABLE VIII
VALIDATION ON FULLY LABELED DATA

Method Labeled dataset Unlabeled dataset APs5q
Supervised HRSID (100% training set) - 80.7
SAR-Teacher | HRSID (100% training set) SSDD 82.1
SAR-Teacher | HRSID (100% training set) {SSDD, SRSDD} 83.0
Soft-Teacher | HRSID (100% training set) | {SSDD, SRSDD, RSDD} 81.4
SAR-Teacher | HRSID (100% training set) | {SSDD, SRSDD, RSDD} 83.2

The bold items denote the optimal value in the columns.

TABLE IX
COMPARATIVE EXPERIMENT ON WHETHER THE UNLABELED DATASET
CONTAINS PURE BACKGROUND IMAGES

Labeled dataset Unlabeled dataset APs50
HRSID (100% training set) | LS-SSDD (w/o pure background) 81.3
HRSID (100% training set) LS-SSDD 824

The bold items denote the optimal value in the column.

(try to keep consistent with the train set of HRSID). There
are a total of 9000 slices, of which 1859 contain ships. The
experimental results are shown in Table IX. The first experiment
only used 1859 slices with ships, and the second used 9000
slices. The experiment proves that the pure background images
do not weaken the training processing of the semisupervised
framework but improve the detector’s performance by 1.1 points.
Itis exciting because it also means that the semisupervised frame
proposed in this article can be applied to SAR ship detection in
real scenes. Unfortunately, due to the limited number of images

in the open-source SAR ship datasets, it is difficult to further
improve the performance of our semisupervised algorithm.

6) Limitations of SAR-Teacher: We have conducted the full
data experiments on the other four datasets separately, and the
results are shown in Table X. The number of unlabeled samples
does not play a decisive role in the results. Although SRSDD
has the smallest number of images, it significantly improves
the semisupervised model. On the contrary, the RSDD dataset,
which has the largest number of images and ships, brings
limited improvement to the semisupervised model. We believe
that the resolution and image size play a decisive role. Only
when the image of the unlabeled dataset is resized to make
the ship size close to the labeled dataset, can the performance
of the semisupervised framework be maximized. This shows
that SAR-Teacher cannot accurately produce pseudolabels
for unlabeled datasets with large differences in resolution.
Therefore, we recommend that SAR images with the same
resolution be used as unlabeled samples in the actual application
of the SAR-Teacher. However, if there are no unlabeled samples
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TABLE X
ANALYZE THE CHARACTERISTICS OF UNLABELED SAMPLES AND THEIR IMPACT ON THE RESULTS

Dataset Type Sources Resolution(m)  Image Size  # of Images # of Ships | APsg
Sentinel-1
HRSID Labeled TerraSAR-X 0.5,1,3 800 5604 16951 -
RadarSat-2
SSDD Unlabeled | TerraSAR-X 1~15 214~668 1160 2540 82.1
Sentinel-1
SRSDD-v1.0  Unlabeled | GF-3 1 1024 666 2884 82.9
RSDD-SAR  Unlabeled gﬁf;‘SAR'X 220 512 7000 10263 82.4

The bold items denote the optimal value in the column.

TABLE XI
EXPERIMENT SETTINGS OF KNOWLEDGE FORGETTING AND ERROR ACCUMULATION ON HRSID DATASET

Experiment

Labeled training set

Unlabeled training set Testing set

Normal semi supervised
Knowledge forgetting
Error accumulation

1% training set
1% training set
1% training set

99% training set
99% training set
99% training set

All testing set
1% training set
99% training set

of the same resolution, we can also improve the model’s
performance by increasing the number of unlabeled samples.
As shown in Table VIII, more unlabeled samples can also
improve the performance of semisupervised models.

IV. DISCUSSION
A. Knowledge Forgetting and Error Accumulation Issues

As shown in Table XI, the experimental setup in this section
is slightly different from the experimental section above. To
explore the knowledge-forgetting problem of the model, we
replaced the testing set with a 1% training set to see if the
model had forgotten the initial supervised data. To examine the
problem of error accumulation in the model, we replaced the
testing set with 99% of the training set, which can show whether
the performance of the model on unlabeled data will gradually
decrease.

The problem of knowledge forgetting in deep learning
models was first discussed in [47]. When a trained model
on a task is trained on a new task, previous knowledge may
be severely forgotten. To verify whether the semisupervised
object detection framework will suffer from sample forgetting,
we conduct an experiment as shown in Fig. 8. From the
experimental results, both semisupervised frameworks improve
detection accuracy compared to supervised models. For the
multistage semisupervised framework, the introduction of
pseudolabels not only does not cause knowledge forgetting
but also improves the detection accuracy of labeled data. It
indicates that the semisupervised detection framework does not
have the problem of knowledge forgetting.

Error accumulation is another issue that pseudolabels may
cause, which was also first discussed in [47]. The main
manifestation is that as the training progresses, the detection
performance of the model decreases due to being misled by false
labels. For multistage detection frameworks, once pseudolabels
are generated, they are invariant. According to Fig. 9, it can be
seen that both semisupervised frameworks improve detection
accuracy compared to supervised models. For the multistage
semisupervised framework, the number of erroneous labels does
gradually decrease as training progresses. It indicates that the

ORCNN

FRCNN

0.78 0.8 0.92

AP50

End-to-End W Multi-Stage Supervised

Fig. 8. Evaluation knowledge forgetting on 1% labeled data.
semisupervised detection framework does not have the problem
of error accumulation.

V. CONCLUSION

In this article, an end-to-end semisupervised framework,
SAR-Teacher, is proposed for arbitrary-oriented SAR ship de-
tection. It can significantly reduce the detector’s demand for
labeled SAR images, which can break through the bottleneck of
SL SAR ship detection. Specifically, we designed ICL to con-
struct interference consistency constraints, which can prompt
the learning ability of the model for ship detection from SAR
images. Moreover, we propose a PLC network that utilizes
contextual knowledge around the ship to calibrate incorrect
pseudolabels and reduce the negative impact of complex inshore
backgrounds. The superiority of the proposed semisupervised
framework is verified through experiments conducted on only
1% labeled and fully labeled data.

Semisupervised technology is crucial for the intelligent in-
terpretation of synthetic aperture radar ships. In the future, we
will attempt to improve the efficiency of the semisupervised
object detection framework and consider different application
scenarios. On one hand, not all unlabeled images have a learning
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Evaluation error accumulation on 99% unlabeled data.

necessity, such as duplicate or similar images. Therefore, we
can incorporate active learning techniques to select unlabeled
images that are more worthy of learning and improve the training
efficiency of the semisupervised target detection framework. On
the other hand, this article only utilizes rotated box annotations.
In fact, we can also utilize other SAR datasets with annotation
difficulty lower than that of rotated box detection tasks, such as
horizontal box detection tasks and scene classification tasks. The
datasets for these tasks are easier to obtain online. In this way,

the

framework can fully utilize various labeled and unlabeled

data, further expanding its application scenarios.

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

REFERENCES

Y. Cui, G. Zhou, J. Yang, and Y. Yamaguchi, “On the iterative censoring
for object detection in SAR images,” IEEE Geosci. Remote Sens. Lett.,
vol. 8, no. 4, pp. 641-645, Jul. 2011.

H. Dai, L. Du, Y. Wang, and Z. Wang, “A modified CFAR algo-
rithm based on object proposals for ship object detection in SAR im-
ages,” IEEE Geosci. Remote Sens. Lett., vol. 13, no. 12, pp. 1925-1929,
Dec. 2016.

O. Pappas, A. Achim, and D. Bull, “Superpixel-level CFAR detectors for
ship detection in SAR imagery,” IEEE Geosci. Remote Sens. Lett., vol. 15,
no. 9, pp. 1397-1401, Sep. 2018.

F. Gao, F. Ma, J. Wang, J. Sun, E. Yang, and H. Zhou, “Visual saliency
modeling for river detection in high-resolution SAR imagery,” IEEE
Access, vol. 6, pp. 1000-1014, 2018.

Y. Zhao, L. Zhao, B. Xiong, and G. Kuang, “Attention receptive pyramid
network for ship detection in SAR images,” IEEE J. Sel. Top. Appl. Earth
Observ. Remote Sens., vol. 13, pp. 2738-2756, 2020, doi: 10.1109/JS-
TARS.2020.2997081.

X. Leng, K. Ji, X. Xing, S. Zhou, and H. Zou, “Area ratio invariant feature
group for ship detection in SAR imagery,” IEEE J. Sel. Top. Appl. Earth
Observ. Remote Sens., vol. 11, no. 7, pp. 2376-2388, Jul. 2018.

H.Lin, S. Song, andJ. Yang, “Ship classification based on MSHOG feature
and task-driven dictionary learning with structured incoherent constraints
in SAR images,” Remote Sens., vol. 10, Jan. 2018, Art. no. 190.

G. Gao, K. Ouyang, Y. Luo, S. Liang, and S. Zhou, “Scheme of parameter
estimation for generalized gamma distribution and its application to ship
detection in SAR images,” IEEE Trans. Geosci. Remote Sens., vol. 55,
no. 3, pp. 1812-1832, Mar. 2017.

X.Wu,D.Hong,J. Tian, J. Chanussot, W. Li, and R. Tao, “ORSIm detector:
A. novel object detection framework in optical remote sensing imagery
using spatial-frequency channel features,” IEEE Trans. Geosci. Remote
Sens., vol. 57, no. 7, pp. 51465158, Jul. 2019.

J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look once:
Unified, real-time object detection,” in Proc. IEEE/CVF Conf. Comput.
Vis. Pattern Recognit., 2016, pp. 779-788.

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]
[25]

[26]

(27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

(35]

5903

D.Hong, L. Gao, J. Yao, B. Zhang, A. Plaza, and J. Chanussot, “Graph con-
volutional networks for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 59, no. 7, pp. 5966-5978, Jul. 2021.

Y. Zhou, X. Jiang, Z. Li, and X. Liu, “SAR target classification with limited
data via data driven active learning,” in Proc. IEEE Int. Geosci. Remote
Sens. Symp., 2020, pp. 2475-2478.

Z. Sun et al., “An anchor-free detection method for ship targets in high-
resolution SAR images,” IEEE J. Sel. Topicss Appl. Earth Observ. Remote
Sens.,vol. 14, pp. 7799-7816,2021, doi: 10.1109/JSTARS.2021.3099483.
Z. Deng, H. Sun, S. Zhou, and J. Zhao, “Learning deep ship detector in
SAR images from scratch,” IEEE Trans. Geosci. Remote Sens., vol. 57,
no. 6, pp. 4021-4039, Jun. 2019.

Y. Liu, M. Zhang, P. Xu, and Z. Guo, “SAR ship detection using sea-land
segmentation-based convolutional neural network,” in Proc. Int. Workshop
Remote Sens. Intell. Process., 2017, pp. 1-4.

Y. Long, X. Jiang, X. Liu, and Y. Zhang, “SAR ATR with rotated region
based on convolution neural network,” in Proc. IEEE Int. Geosci. Remote
Sens. Symp., 2019, pp. 1184-1187.

Y. Zhou, X. Jiang, Z. Li, and X. Liu, “Arbitrary-oriented SAR ship
detection via frequency learning,” in Proc. IEEE Int. Geosci. Remote Sens.
Symp., 2021, pp. 4552-4555.

J. Wang, C. Lu, and W. Jiang, “Simultaneous ship detection and orien-
tation estimation in SAR images based on attention module and angle
regression,” Sensors, vol. 18, Aug. 2018, Art. no. 2856.

S. Chen, J. Zhang, and R. Zhan, “R2FA-Det: Delving into high-quality
rotatable boxes for ship detection in SAR images,” Remote Sens., vol. 12,
no 12, Jun. 2020, Art. no. 2031.

Z. Pan, R. Yang, and A. Zhang, “MSR2N: Multi-stage rotational region
based network for arbitrary-oriented ship detection in SAR images,”
Sensors, vol. 20, no 8, Apr. 2020, Art. no. 2040.

Q. An, Z. Pan, L. Liu, and H. You, “DRBox-v2: An improved detector
with rotatable boxes for object detection in SAR images,” IEEE Trans.
Geosci. Remote Sens., vol. 57, no. 11, pp. 8333-8349, Nov. 2019.
T.Zhang, X. Zhang, J. Li, and X. Xu, “SAR ship detection dataset (SSDD):
Official release and comprehensive data analysis,” Remote Sens., vol. 13,
no 18, Sep. 2021, Art. no. 3690.

S. Wei, X. Zeng, Q. Qu, M. Wang, and J. Shi, “HRSID: A high-resolution
SAR images dataset for ship detection and instance segmentation,” JEEE
Access, vol. 8, pp. 120234-120254, 2020.

S. Leietal., “SRSDD-v1.0: A high-resolution SAR rotation ship detection
dataset,” Remote Sens., vol. 13, no. 24, Dec. 2021, Art. no. 5104.

X. U. Congan et al., “RSDD-SAR: Rotated ship detection dataset in SAR
images,” J. Radars, vol. 11, no. 4, pp. 581-599, 2022.

Z.Cui, X. Wang, N. Liu, Z. Cao, and J. Yang, “Ship detection in large-scale
SAR images via spatial shuffle-group enhance attention,” IEEE Trans.
Geosci. Remote Sens., vol. 59, no. 1, pp. 379-391, Jan. 2021.

N. Su, Z. Huang, Y. Yan, C. Zhao, and S. Zhou, “Detect larger at
once: Large-area remote-sensing image arbitrary-oriented ship detection,”
IEEE Geosci. Remote Sens. Lett., vol. 19, Jan. 2022, Art. no. 6505605,
doi: 10.1109/LGRS.2022.3144485.

Y. He, F. Gao, J. Wang, A. Hussain, and H. Zhou, “Learning polar
encodings for arbitrary-oriented ship detection in SAR images,” IEEE
J. Sel. Topics Appl. Earth Observ. Remote Sens., vol. 14, pp. 3846-3859,
2021, doi: 10.1109/JSTARS.2021.3068530.

Y. Zhou, X. Jiang, G. Xu, X. Yang, X. Liu, and Z. Li, “PVT-SAR: An arbi-
trarily oriented SAR ship detector with pyramid vision transformer,” IEEE
J. Sel. Topics Appl. Earth Observ. Remote Sens., vol. 16, pp. 291-305,
2023, doi: 10.1109/JSTARS.2022.3221784.

D. Hong et al., “More diverse means better: Multimodal deep learning
meets remote-sensing imagery classification,” IEEE Trans. Geosci. Re-
mote Sens., vol. 59, no. 5, pp. 4340-4354, May 2021.

X. Wu, D. Hong, and J. Chanussot, “UIU-Net: U-Net in U-Net for infrared
small object detection,” I[EEE Trans. Image. Process.,vol. 32, pp. 364-376,
2023, doi: 10.1109/T1P.2022.3228497.

J. Jeong, S. Lee, J. Kim, and N. Kwak, “Consistency-based semi-
supervised learning for object detection,” in Proc. Conf. Neural Inf.
Process. Syst., 2019, pp. 10759-10768.

K. Sohn, Z. Zhang, C.-L. Li, H. Zhang, C.-Y. Lee, and T. Pfister, “A
simple semi-supervised learning framework for object detection,” 2020,
arXiv:2005.04757.

C. Wang, J. Shi, Z. Zou, W. Wang, Y. Zhou, and X. Yang, “A semi-
supervised SAR ship detection framework via label propagation and
consistent augmentation,” in Proc. IEEE Int. Geosci. Remote Sens. Symp.,
2021, pp. 4884-4887.

S. Chen, R. Zhan, W. Wang, and J. Zhang, “Domain adaptation for semi-
supervised ship detection in SAR images,” IEEE Geosci. Remote Sens.
Lett., vol. 19,2022, Art. no. 4507405, doi: 10.1109/LGRS.2022.3171789.


https://dx.doi.org/10.1109/JSTARS.2020.2997081
https://dx.doi.org/10.1109/JSTARS.2020.2997081
https://dx.doi.org/10.1109/JSTARS.2021.3099483
https://dx.doi.org/10.1109/LGRS.2022.3144485
https://dx.doi.org/10.1109/JSTARS.2021.3068530
https://dx.doi.org/10.1109/JSTARS.2022.3221784
https://dx.doi.org/10.1109/TIP.2022.3228497
https://dx.doi.org/10.1109/LGRS.2022.3171789

5904 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

[36] B.Houetal., “A neural network based on consistency learning and adver-
sarial learning for semisupervised synthetic aperture radar ship detection,”
IEEE Trans. Geosci. Remote Sens., vol. 60, 2022, Art. no. 5220816,
doi: 10.1109/TGRS.2022.3142017.

[37] M. Xu et al., “End-to-end semi-supervised object detection with soft
teacher,” in Proc. Int. Conf. Comput. Vis., Montreal, QC, Canada, 2021,
pp. 3040-3049.

[38] L. Chen, X. Jiang, Z. Li, X. Liu, and Z. Zhou, “Feature-enhanced speckle
reduction via low-rank and space-angle continuity for circular SAR tar-
get recognition,” IEEE Trans. Geosci. Remote Sens., vol. 58, no. 11,
pp. 7734-7752, Nov. 2020.

[39] T. Lin, P. Goyal, R. Girshick, K. He, and P. Dolldr, “Focal loss for dense
object detection,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 42, no. 2,
pp. 318-327, Feb. 2020.

[40] S.Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards real-time
object detection with region proposal networks,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 39, no. 6, pp. 1137-1149, Jun. 2017.

[41] X. Xie, G. Cheng, J. Wang, X. Yao, and J. Han, “Oriented R-CNN for
object detection,” in Proc. Int. Conf. Comput. Vis., 2021, pp. 3500-3509.

[42] Y. Li, Z. Zheng, M. Chen, J. Yang, and X. Li, “Large selective kernel
network for remote sensing object detection,” 2023, arXiv:2303.09030.

[43] I. Guyon et al., “Mean teachers are better role models: Weight-averaged
consistency targets improve semi-supervised deep learning results,” in
Proc. Conf. Neural Inf. Process. Syst., vol. 30, 2017, pp. 1195-1204.

[44] T. Zhang et al., “LS-SSDD-v1.0: A deep learning dataset dedicated to
small ship detection from large-scale sentinel-1 SAR images,” Remote
Sens., vol. 12, no. 18, Sep. 2020, Art. no. 2997.

[45] Y. Zhou et al., “Mmrotate: A rotated object detection benchmark using
pytorch,” in Proc. ACM Int. Conf. Multimedia, 2022, pp. 7331-7334.

[46] X. Yang, J. Yang, J. Yan, Y. Zhang, and K. Fu, “SCRDet: Towards more
robust detection for small, cluttered and rotated objects,” in Proc. Int. Conf.
Comput. Vis., 2019, pp. 8232-8241.

[47] M. Toneva et al., “An empirical study of example forgetting during deep
neural network learning,” in Proc. Int. Conf. Learn. Representation, 2019,
pp. 1-18.

Yue Zhou received the B.S. degree in electronic and
information engineering from Beijing University of
Posts and Telecommunications, Beijing, China, in
2017. He is currently working toward the Eng.D.
degree in electronics and information with the School
of Electronic Information and Electrical Engineering,
Shanghai Jiao Tong University, Shanghai, China.

He is the leading contributor to the MMRotate
open-source project for oriented object detection. His
research interests include deep learning, image pro-
cessing, and radar object detection and recognition.

Xue Jiang (Senior Member, IEEE) received the M.S.
degree in acoustics and signal processing from the
Chinese Academy of Sciences, Beijing, China, and
the Ph.D. degree in electrical engineering from Mc-
Master University, Hamilton, ON, Canada, in 2007
and 2014, respectively.

From 2007 to 2010, she was a Research Engineer
with Sunplus Inc., Beijing. From 2014 to 2015, she
held a Postdoctoral Fellow position with McMaster
University. From 2015 to 2016, she was a Postdoc-
toral Fellow with Arizona State University, Tempe,
AZ, USA. Since 2016, she has been a Professor with the School of Electronic
Information and Electrical Engineering, Shanghai Jiao Tong University, Shang-
hai, China. Her research interests include array processing, robust beamforming,
sparse and low-rank learning, data science, and numerical optimization, with
applications to radar, sonar, and remote sensing.

Dr. Jiang was one of the finalists of the Best Student Paper Award of the
IEEE 2013 Radar Conference. She was the recipient of the McMaster University
International Excellence Award in 2012 and 2013. She is also an Associate Editor
for IEEE TRANSACTIONS ON SIGNAL PROCESSING. She serves as the Editorial
Board Member for IET Radar, Sonar and Navigation.

Zeming Chen received the B.S. degree in automation
from the Dalian University of Technology, Dalian,
China, in 2020. He is currently working toward the
Eng.M. degree in computer technology with Shen-
zhen International Graduate School, Tsinghua Uni-
versity, Shenzhen, China.

His research interests include semisupervised
learning and object detection.

Lin Chen received the B.S. degree in electronic engi-
neering from the University of Electronic Science and
Technology of China (UESTC), Chengdu, China, and
the Ph.D. degree in information and communication
engineering from the Shanghai Jiao Tong University
(SJTU), Shanghai, China, in 2017 and 2022, respec-
tively.

He is currently a Senior Engineer with the Wire-
less Network Research Department, Huawei Tech-
nologies Company, Ltd., Shanghai, China. His re-
search interests include machine learning and tensor
decomposition.

Xingzhao Liu (Member, IEEE) received the B.S. and
M.S. degrees from the Harbin Institute of Technology,
Harbin, China, in 1984 and 1992, respectively, and
the Ph.D. degree from the University of Tokushima,
Tokushima, Japan, in 1995, all in electrical engineer-
ing.

From 1984 to 1998, he was an Assistant Profes-
sor, an Associate Professor, and a Professor with the
Harbin Institute of Technology. Since 1998, he has
been a Professor with Shanghai Jiao Tong University,
Shanghai, China. His research interests include high-

frequency radar and synthetic aperture radar signal processing.


https://dx.doi.org/10.1109/TGRS.2022.3142017


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


