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Table 15 Comparison of object detection algorithms in optical remote sensing images based on transfer learning
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Table 17 Comparison of object detection algorithms in optical remote sensing images based on prior knowledge
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Table 18 Parameters of commonly used optical remote sensing datasets
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Table 19 Object detection evaluation indexes
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Table 20 Confusion matrix
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o
Abstract: In all kinds of applications of optical remote sensing image, object detect?(jn has always been paid more attention by researchers.
It has a very wide application prospect in military and civilian aspects. This paper reviews the research progress of object detection
algorithms in optical remote sensing images based on deep learning. The characteristics of remote sensing objects are different from those of
conventional objects. Firstly, remote sensing equipment has a long imaging distance, so it can cover a large range. There may be objects with
large scale and shape changes in the images. Secondly, in remote sensing images, the background tends to occupy a large area. This leads to
the object often submerged in the complex background, which makes it difficult for the detectors to distinguish the objects effectively.
Thirdly, in remote sensing images, the objects are not only reflected in the aspects of small size and changeable direction. Sometimes the
remote sensing objects are often densely distributed, which brings some challenges to the detection of optical remote sensing objects.Firstly,
this paper introduces the development process of optical remote sensing object detection algorithms from template matching, prior
knowledge, and machine learning to deep learning. Then, the process of optical remote sensing object detection based on deep learning is
introduced in detail, including data preprocessing, feature extraction, detection and post-processing. Thirdly, the classical deep learning-
based object detection algorithms, including the one-stage algorithms represented by YOLO and SSD as well as the two-stage algorithm
represented by Faster RCNN are summarized. Fourthly, according to the characteristics of optical remote sensing image object s, various
improved algorithms are systemati summarized for optical remote sensing image object detection problems of scale divers'eﬁection
diversity, shape diversity, sn}%d/%ture similarity, background complexity, distribution density and weak features 'ﬁ;ly, non-strong
supervised learnin; Pg‘qd i emﬁ%ﬁnsing image object detection methods and other advanced algorith 4s transformer based
algorithms, @@ lea,xtfég a%-:: ms, knowledge graph based algorithms and prior knowlec@aﬂ@orithms are summarized. In
additio@tﬁ% ow&;}ce tigal ote sensing image datasets and the performance of objec N Ealuation indexes are introduced.
At present, 18% @ ed algorithms in NWPU-VHR10 dataset can reach more than . For DOTA dataset, mAP of each advanced
algorithm h; &e}\»éased significantly, and the advanced algorithms proposed in recent years still continue to improve the performance of this
datﬁ . Iti-scale fusion with feature pyramid network has become the mainstream method of advanced algorithms, which can detect

Sy

improved algorithms have been proposed and good detection results have been achieved. However, there is still a lack of research on object

scale objects effectively. In order to solve the problems of optical remote sensing image object detection mentioned above, many

detection of large scale remote sensing images and similar objects detection between classes. At last, this paper proposes future development
directions, such as improved deep learning networks, lightweight networks, weakly supervised learning, small object detection, and
improved rotary detection mechanism.

Key words: optical remote sensing image, object detection, object characteristics, object detection process, object detection framework,
deep learning, dataset, incomplete supervised learning, evaluation index

Supported by National Natural Science Foundation of China (No. 61573183)



