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Table 1 Comparison of detection accuracy on DOTA dataset

1%
Tk #F PL BD BR GIF SV LV SH TC BC ST SBF RA HA SP HC mAP
DRN H-104 889 802 435 634 735 707 849 90.1 839 841 50.1 584 676 686 525 707
R3Det R-101 888 83.1 509 673 762 803 867 907 846 832 619 613 669 706 539 737
RSDet R-101 89.8 829 486 652 69.5 70.1 702 905 856 834 625 639 656 672 680 722
DAL R-50 886 765 450 668 67.0 767 797 908 795 784 577 622 69.0 731 60.1 714
S*ANet R-50 89.1 828 483 71.1 781 783 872 908 849 856 603 626 652 69.1 579 74.1
SCRDet R-50 89.9 80.6 520 683 683 603 724 908 879 868 650 66.6 662 682 652 72.6
Faster-RCNN  R-101 884 73.6 448 590 732 714 77.1 90.8 789 839 485 629 621 649 561 69.0
CAD-Net R-50 87.8 824 494 735 711 635 766 909 792 733 484 609 620 67.0 622 69.9
FAOD R-101 902 79.5 454 764 731 682 795 90.8 834 846 534 654 741 69.6 648 732
CenterMap ~ R-50 88.8 812 531 60.6 786 665 781 888 778 836 493 661 721 723 587 717
RetinaNet ~ R-101 88.6 77.6 41.8 581 745 716 79.1 902 82.1 743 547 606 625 69.6 60.6 68.4
Mask OBB R-50 89.6 850 51.8 729 752 732 855 903 820 850 557 683 716 698 663 748
Dual-RCNN ~ R-50 899 854 548 78.6 803 847 883 909 883 853 666 657 757 726 657 782
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Fig.7 Visualization of Dual-RCNN on DOTA dataset. Group prediction with blue rectangle, single prediction with other color
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Fig. 8 Visualization comparison of constraint
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Fig. 9 Comparison of object detection results of different

methods on group object detection
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Table 2 Comparison of object detection results of
different scales

1%
5k /N BB mAP K HAR mAP
DRN 70.88 70.57

R3Det 74.65 73.06
RSDet 68.16 74.88
DAL 69.98 72.34
SANet 74.43 73.87
SCRDet 68.00 75.66
ICN 65.41 69.88
CAD-Net 66.81 71.95
FAOD 70.06 75.28
CenterMap 72.03 71.47
FR-Est 73.06 74.95
Mask OBB 73.41 75.72
Dual-RCNN (A 3¢) 71.67 78.56
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Table 3 Effect of group center constraint on mAP

1%
RO 2R mAP
&l 76.51
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Table 4 Results of different nums

numsl nums2  mAP/% nums 1 nums2 mAP/%
5 20 77.34 5 25 77.37
5 30 76.64 5 35 76.95
10 20 77.19 10 25 77.39
10 30 76.56 10 35 77.14
15 20 76.87 15 25 77.42
15 30 76.97 15 35 76.90
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Table 5 Effect of different annotation methods and

distance parameters on results

b= dis1 dis2 L ES mAP/%
L/4 L2 — 76.89
L/4 3L/4 — 76.97
FH L3 21/3 — 77.42
L3 3L/4 — 77.35
— — 50 77.11
— — 75 7821
iz — — 100 77.98
— — 125 78.03
— — 150 77.30
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A group object detection framework for remote sensing image
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Abstract: Optical remote sensing is a widely used technology in aerospace reconnaissance and geological exploration. Visible light images
captured by this technology provide a wealth of information and have important applications in intelligence gathering, object monitoring,
and situational forecasting. Considerable progress in remote sensing image object perception has been achieved, particularly in ship and
airplane detection. However, technical challenges, including with large object-scale variations and numerous small objects, in remote
sensing image object perception remain. Existing work has mainly focused on improving boundary box representations, and single-object
detection models fail to fully exploit spatial correlation information from surrounding or similar objects. To address the inherent inefficiency
of existing remote sensing image object detection algorithms that detect different objects independently, this paper proposes a novel
detection framework called group object detection. By detecting the state information of a group object, our framework alleviates problems,
such as insufficient perception information and poor reliability of single-object perception, generating reliable multi-object detection results.
This paper introduces a concept of group objects and proposes an automated annotation scheme for group objects. By analyzing existing
labels on a public dataset, the proposed scheme obtains annotated information with group object labels without manual annotation. Based on
the automated annotation of group targets, a group target detection algorithm is presented, which enhances single-object detection results by
utilizing the spatial constraints of group objects. Experimental results on the DOTA dataset, a widely-used remote sensing object detection
benchmark, demonstrate that the proposed group target detection algorithm outperforms state-of-the-art methods.

Key words: remote sensing image, image object, group object detection, automatic annotation, DOTA, object sensing, multi object
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