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A remote sensing image object detection algorithm
with improved YOLOVSs

ZHAO Wenqingl’z, KANG Yijinl, ZHAO ZhenbingS, ZHAI Yongjie1

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of the Ministry of Education for Intelligent Computing of Complex Energy System, Baoding 071003, China; 3. School
of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: Aiming at the low average target detection accuracy in remote sensing images caused by obscure features in
the objects of interest, complex background information, and multiple small targets, we propose a new remote sensing
image object detection algorithm with improved YOLOVSs (Swin-YOLOVSs). First, an efficient channel attention struc-
ture is added to the convolutional block of the backbone feature extraction network to suppress the interference of irrel-
evant information; second, cross-scale connection and contextual information weighting operations are performed to en-
hance detection target feature extraction on the basis of multiscale feature fusion, and the fused feature maps are com-
posed into a new feature pyramid; finally, the Swin Transformer structure and coordinate attention mechanism are used
to further enhance the semantic information and global perception ability of small targets. The result of a feature fusion
elimination experiment performed on the DOTA and RSOD datasets shows that the proposed algorithm can signific-
antly improve the average accuracy of object detection in remote sensing images.

Keywords: remote sensing images; objects of interest; object detection; feature extraction; efficient channel attention

structure; multiscale feature fusion; contextual information; Swin Transformer; coordinate attention mechanism
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Fig. 1 Network structure of remote sensing image object detection algorithm with improved YOLOvSs
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Table 1 Comparison of ablation experimental results
of the algorithm in this paper on the DOTA

dataset %
Trik mAP
YOLOVSs 69.5
YOLOvS5s+CECA 71.4
YOLOvVSs+CA 71.2
YOLOv5s+CECA+CA 72.0
YOLOvV5s+WFPN 71.0
YOLOVSs+C3STR 71.6
YOLOvV5s+WFPN+C3STR 71.8
YOLOvV5s+CA+WFPN+C3STR 72.8
YOLOvV5s+CECA+CA+WFPN+C3STR 73.6
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A et B 77 R R AR AR YOLOVSs AL, 4
K1 mAP (HIFF T 4.1%, HAT mAP F 73.6%.
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# SSD. RetinaNet, YOLOv3, YOLOv4, YOLOVS5s.,
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Table 2 Test results of different algorithms on the DOTA dataset
AR % i
Sk Rk e i K Bk WEER B R e
KL i3 e g ML - 20T % (g
Y Y WO B WY i AL
ssp™*! 80.9 703 182 687 22.0 584 346 880 612 235 653 32.5 708 384 535 524 38
Faster R-CNN' 747 664 140 637 88 380 132 84.6 532 17.4 573 282 563 257 278 420 8
RetinaNet” 862 79.6 260 689 29.7 62.0 50.7 943 67.5 292 669 552 708 69.7 667 61.6 15
YOLOV3'™ 905 53.0 272 477 683 69.9 827 943 528 60.7 50.7 31.6 77.8 78.6 82.0 645 18
YOLOv4" 942 771 421 428 708 71.1 883 946 559 685 42.9 387 819 740 838 684 17
YOLOvSs 915 73.4 439 63.6 63.0 849 87.0 93.0 63.6 669 513 592 83.0 61.0 569 695 38
FMSSD™ 891 815 482 679 692 73.6 769 907 827 733 527 675 724 80.6 602 724 16
TPH-YOLOVS"" 918 777 495 68.1 66.6 847 872 937 647 69.7 53.1 627 841 633 539 714 18
VIT-YOLO"™ 947 792 488 60.7 684 72.7 89.1 948 588 702 53.1 579 840 77.8 858 73.1 16
Swin-YOLOvSs 934 795 50.6 672 69.6 892 88.6 945 674 712 562 629 857 656 629 73.6 23
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Table 4 Comparison of detection results of different algorithms on the RSOD dataset

B IMNUER R/ % . .
Bk BT M4 mAP/% A/ (£ )
KL HiA SACHTE g

ssp™*’ VGG16 52.1 96.6 56.7 100.0 76.4 46
Faster R-CNN'" VGG16 63.1 84.1 76.9 97.8 80.5 7
YOLOv3!" Darknet53 62.2 95.1 70.4 98.6 81.6 30
YOLOv4"” CSPDarknet53 81.3 98.1 71.7 100.0 87.8 28
YOLOVSs CSPDarknet 80.7 794 714 94.0 83.6 48
Swin-YOLOvSs ~ Modified CSPDarknet 904 85.8 81.5 97.9 88.9 35
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Fig. 6 Visualization detection results on the DOTA dataset
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