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Abstract—The rapid detection of ships within the wide sea
area is essential for intelligence acquisition. Most modern deep
learning-based ship detection methods focus on locating ships in
high-resolution (HR) remote sensing (RS) images. Seldom efforts
have been made on ship detection in medium-resolution (MR)
RS images. An MR image covers a much wider area than an
HR one of the same size, thus facilitating quick ship detection.
To this end, we propose a tiny ship detection method namely,
Degraded Reconstruction Enhancement Network (DRENet), for
MR RS images. Different from previous methods that mainly
focus on feature fusion strategies to improve the expression
ability of the detector, we design an additional network branch,
i.e., degraded reconstruction enhancer, to learn to regress an
object-aware blurred version of the input image in the training
phase. Our intuition is that the proposed reconstruction branch
may guide the backbone to focus more on tiny ship targets
instead of the vast background. Moreover, we incorporate a
CRoss-stage Multi-head Attention module in the detector to
further improve the feature discrimination by leveraging the self-
attention mechanism. To fill the gap of lacking a large-scale MR
ship detection dataset, we introduce Levir-Ship, which contains
3876 GF-1/GF-6 multi-spectral images and over 3K tiny ship
instances. Experiments on Levir-Ship validate the effectiveness
and efficiency of the proposed method. Our method achieves
82.4 AP with 85 FPS, which outperforms many state-of-the-art
ship detection methods. Our code and dataset are available at
https://github.com/WindVChen/DRENet.

Index Terms—Convolutional neural network (CNN), ship de-
tection, deep learning, optical image, remote sensing.

I. INTRODUCTION

SHIP detection in optical remote sensing (RS) images
refers to locating ships in RS images and giving their

positions and sizes automatically. As the main carrier of sea
transportation, ship plays a very important role in the military
and civilian fields [1]. The accurate and fast detection of ships
in RS images has been a hot research topic.

With the rapid development of RS technology in recent
years, research on ship detection in optical images is more
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active because of its content-rich and expression-intuitive fea-
tures [2]–[6]. Traditional ship detection methods often require
complicated hand-craft features extraction, and cannot adapt
to changing environments [7], [8]. Nowadays, deep learning
(DL) techniques, especially convolutional neural networks
(CNN), have been widely applied in RS image ship detection.
Compared with traditional methods, DL-based methods can
learn robust multi-level features and classifiers in an end-
to-end manner. Inspired by the great success of DL-based
detectors in the field of computer vision (CV), in recent years,
considerable works have introduced DL techniques into RS
ship detection tasks [9]–[17], which confirmed better detection
performance in terms of accuracy and stability than traditional
counterparts.

The existing DL-based ship detection methods are mostly
modified based on the object detectors in CV. Recent advances
in optical RS ship detection include fusing the ship shape
priors [18], extracting features from ship prow and stern
[12], and applying the orientation information of ships [19].
However, most of these methods focus on high-resolution
(HR) images, thus benefiting from the rich textures and clear
edges.

Despite the great success in ship detection in HR RS images
[19]–[21], seldom efforts have been made in ship detection in
relatively lower resolution RS images, e.g., medium-resolution
(MR, about 16m/pixel) RS images.1 Considering the urgent
need for monitoring and early warning over a wide area of
sea in practical applications [22], [23], ship detection in MR
images is critically important. We argue that MR RS images
are more suitable than HR ones for quick ship detection in
vast sea areas, because an MR image can cover a much wider
area than an HR image of the same size. For instance, to
detect ships in a fixed sea area, supposed we need 1 hour in
16m/pixel MR images (GF-1), then it means we need 256
hours, about 10 days, to finish the same task in 1m/pixel HR
images (SkySat-1). The time cost is apparently unbearable,
especially in such a big data era.

Ship detection in real-world MR RS images has several
challenges. First, ship detection in MR RS images can suffer
from scarce textures and hazy edges of ships. For example, in
a GF-1 image (16m/pixel), a ship may only occupy 20 pixels.
Second, in the real scenario, an RS image may be covered by
massive fractus clouds. The complex imaging conditions may

1Please refer to the website (https://doc.arcgis.com/en/imagery/workflows/
resources/managing-medium-resolution-satellite-data.htm) for detailed defini-
tions of high resolution and medium resolution.
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Fig. 1. Samples of 512�512 size from different datasets. (a): Samples from Airbus Ship Detection Competition dataset2 with a spatial resolution of 2m and
higher. (b): Samples from Levir-Ship dataset with a spatial resolution of 16m.

also induce many false positives in a conventional detector.
Fig. 1 gives an intuitive comparison of HR images and MR
ones. The ships in MR images are difficult to be recognized
(zoomed for best view) and also hard to be distinguished from
fractus clouds. Most detection networks focus on improving
the feature expression ability of the backbone or the neck by
feature fusion [11], [24] and cross-stage connection [21], [25].
We argue that such feature enhancing methods are struggling
to extract discriminative features of tiny ship targets.

To solve the above problems, we propose a degraded recon-
struction enhancement ship detection network called DRENet
- Tiny Ship Detection Based on Degraded Reconstruction
Enhancement in Remote Sensing Images, which contains an
efficient backbone to extract robust feature representations, a
degraded reconstruction enhancer to help the backbone learn to
distinguish ships from irrelevant backgrounds, and an object
detector to locate ships. The pipeline is depicted in Fig. 2.
Different from previous methods that mainly focus on feature
fusion strategies [11], [24] to improve the expression ability
of the detector, we design an additional network branch, i.e.,
degraded reconstruction enhancer, to learn to regress an object-
aware blurred version of the input image in the training phase.
In the enhancer, we design an image processing operation
called “Selective Degradation” to blur the background. Our
intuition is that the proposed reconstruction branch may guide
the backbone to focus more on tiny ship targets instead of
the vast background (e.g., fractus clouds). Please note that our
proposed enhancer is only used in the training phase and is
computing-free in the inferencing phase. Moreover, we incor-
porate a CRoss-stage Multi-head Attention (CRMA) module
in the detector to further improve the feature discrimination
by leveraging the self-attention mechanism.

To the most of our knowledge, there is still no public dataset
for MR RS image ship detection. Therefore, we propose a
dataset named “Levir-Ship” to promote our research. Levir-
Ship contains 3876 images of 512�512 pixels collected from

2https://www.kaggle.com/c/airbus-ship-detection/overview.

GaoFen-1 and GaoFen-6 satellites with the spatial resolution
of 16m/pixel. We conduct experiments on Levir-Ship and the
results show the effectiveness and efficiency of our method.

The contribution of our work can be summarized as follows:
� We propose an effective method (DRENet) for efficient

tiny ship detection. A degraded reconstruction enhancer
is leveraged to guide the backbone to focus more on
the target instead of the background, and the cross-stage
multi-head attention is introduced to further improve the
discrimination ability of the detector.

� We introduce the Levir-Ship detection dataset, consisting
of 3876 GF-1/GF-6 images (each size of 512�512 pixels
with the spatial resolution of 16m/pixel) and more than
3K tiny ship instances.

� Extensive experiments on the Levir-Ship validate the
effectiveness and efficiency of the proposed method. Our
method achieves 82.4 AP with 85 FPS, and surpasses
several state-of-the-art ship detection methods.

The rest of the paper are organized as follows. Related
work is introduced in section II. In section III, we give a
detailed description of our method. Section IV describes Levir-
Ship dataset and the comparison with other ship detection
datasets. Experimental results are reported in section V, and
the conclusion is drawn in section VI.

II. RELATED WORK

Ship detection has been extensively studied for decades.
Generally, traditional methods perform a multi-stage coarse-to-
fine process to obtain detection results [28]–[32]. The detection
process can often be divided into two steps - region proposal
and region refining, and make use of hand-craft features.
Although achieving some good results in certain scenarios,
these methods are vulnerable to complex situations, together
with the limitation of heavy reliance on prior and complex
operating procedures.

In recent years, benefiting from the development of hard-
ware and big data, many effective DL object detection methods


