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Survey of object detection in optical remote
sensing images based on deep learning
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Engineering University-Shijiazhuang, Shijiazhuang 050003 , China)

Abstract: Object detection is the core part of optical remote sensing image interpretation, which has wide applications
in intelligence reconnaissance ,land resource utilization, urban planning and other fields. In recent years, the matura-
tion of deep learning has led to significant improvements in the accuracy and efficiency of optical remote sensing ob-
ject detection. In this paper,the general target detection algorithms based on deep learning is reviewed first. Secondly,
the current commonly used optical remote sensing image object detection data set is introduced and the development
trend of the data set based on the data characteristics is analyzed. Then,according to the difficulties of remote sensing
image detection, the optimization scheme of the algorithm is sorted out in detail from five aspects:arbitrary direction,
multi-scale, small target,dense distribution,and complex background. Finally,the development direction of optical re-
mote sensing image object detection research is prospected.
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Fig. 1 Generic object detection models
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Tab. 1 Comparison of object detection approach

Approach Principle

Advantages Disadvantages

Two stage

Anchor-based

Regression and classification of the regions of interest

High detection accuracy | Slow detection speed

One stage

Direct classification and regression of the whole image

Real-time detection Low detection accuracy

Anchor-free

Generate bounding boxes by searching the key points

of the object( corner points or center points)

High adaptability to Slow model

multiple targets convergence

Transformer-based .
on self-attention

Predict targets using encode-decode structure based

Strong capability of High consumption of

feature extraction computing resources
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Tab. 2 Public object detection datasets of optical remote sensing image

Dataset Year Resolution/m Image Instance Class Annotation
FAIR1M!¢] 2022 0.3~0.8 15 266 1 020 000 5(37) OBB
DIOR!?] 2020 — 23 463 192 472 20 OBB
RSD-GOD'2! 2019 — 18 187 40 990 5 HBB
LEVIR'?! 2018 0.2~1.0 22 000 11 000 3 OBB
DOTA>! 2018 0.1~1.0 2 806 188 282 15 OBB
HRSC2016%) 2016 0.13 1070 2976 1 OBB
NWPU VHR-10:24] 2014 0.08,0.5~2.0 800 3775 10 HBB
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Fig. 2 Characteristic of optical remote sensing images
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Tab. 3 Performance comparison of typical optical remote sensing image object detection algorithms

Dataset Algorithm Backbone |Arbitrarydirection| Scale diversity | Tiny objects | Dense objects | Complex background mAP
AFO-RPN!?!] Res-101 v 80. 68
ADT-Det! %] Res-152 v v v 79.95
OrientedRep 2] Swin-T v 77.63
DCLM8! Res-152 v 77.37
SCRDet ++ 4! Res-101 v v v v 76. 81
R’ Det!?) Res-152 v v 76. 50
DOTA

AFC-Net!3! Res-101 v v v 76.27
csL Res-152 v v v 76. 17
Mask OBB[3¢! ResNeXt v v 75.33
Gliding Vertex! ') Res-101 v v v 75. 02
SPH-YOLOv5 %! CSPD-53 v 71. 60
Rol Trans! 3! Res-101 v v 69. 56
SPH-YOLOv5 4 CSPD-53 v 98. 00
LFPN4! Res-101 v 93.23

NWPU -
CANet!*] Res-101 92.20

VHR-10 :
SCRDet 3 Res-101 v v v v 91.75
Sig-NMS!17) VGG16 82.90
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