R iF L8 http: /www. jsjkx.
1+ﬁ-*ﬂ13+¢ ttp:// isj com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 240100058

ETWNEREZSBRIERSE @ B 7%

' O®R HSEER S xiE =HFF
I RI¥REREFERETEFK A M 450007
2BFHRBEAFHINIRFR KA 610000

(dy@zut. edu. cn)

W E BTZ2RABRIAREAEES G KWL FEHIF 5B LA 5, RO IER A E L RATA LSER A,
FHARPH R ZEERINGAGAFENEERS, ATHELERFE . RET A TRERL S RGELA G B AFE
Myik, BARBERERLE SR RR A B AR B R KA KK FF b eg 1238 48 3 ok, 38 33 HE F 4k (AP-Loss) # & 3] #l &
(UP-Loss) & R ABAR B ARG E R E . AR ZAFREHRERBEE; RE A TRREE T oL TE S LG EHFIE,ZITT A
FAEFG B ALY (FEM) , S A TR S HME AE R, LB AR B, E & B 455 &R EEKLGE N &G .%F
T—ARAERF S E(LCO RS , ZAR BRI R LS F o R ESFORMFEE TR M, ARG LTS5 09 XA 4E,
GRS RALZ A6 R —F P, £ 3 AT oERA & B AR M8 3% % DOTA, HRSC-2016 #= DIOR-R L# 477 X
TR ERERIENT R T EOA R, B TIA RS &,

FEER ERBE A A B AR R EAFE B R — 5P A R A R it

mESERS TP751

Remote Sensing Orineted Object Detection Method Based on Dual-label Assignment
DONG Yan'?,WEI Minghong' ,GAO Guangshuai' , LIU Zhoufeng' and LI Chunlei'

1 School of Information and Communication Engineering,Zhongyuan University of Technology.Zhengzhou 450007, China

2 School of Automation Engineering, University of Electronic Science and Technology,Chengdu 610000, China

Abstract Due to the inherently diverse distribution characteristics of remote sensing image objects,such as their arbitrary orien-
tation,large aspect ratio,and densely arranged, the utilization of preset anchor boxes makes it difficult to accurately match all real
objects. This limitation results in low detection accuracy, particularly for oriented objects with large aspect ratios and densely ar-
ranged. To address this issue,an oriented object detection method in remote sensing images based on dual label assignment is pro-
posed. Firstly,a dual-label assignment strategy is proposed to assign candidate boxes with maximum and suboptimal intersection
union ratios to the real object. Then, the candidate boxes of adjacent objects are constrained by repulsion loss(AP Loss) and at-
traction loss(UP Loss) to improve the probability of correct object matching. In addition, to extract robust features suitable for
classification and regression branches,a Feature Enhancement Module(FEM) is designed. This module constructs adaptive fea-
tures based on polarization functions, which can effectively enhance the feature expression ability required for classification and
regression tasks. Finally,a localization-guided classification(LLGC) module is designed.,which guides the sampling position of the
classification task through localization tasks, performs localization refinement.and obtains key features of the classification task,
thereby alleviating the inconsistency between classification and localization. A large number of experiments were conducted on
three publicly available oriented object detection in remote sensing datasets,namely DOTA,HRSC-2016,and DIOR-R. The exper-
imental results demonstrated the effectiveness of the proposed method and its accuracy(mAP) is better than existing mainstream
methods.
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%A1 68073 A3 i), M5 7% 11 738 I IR A 124 445 4~
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3.2 HEZI
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2016 Al DIOR-R ##i 4 L # 47 T — RFI A 1L 520, 006
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YIRS B (AP) VR V-39 45 B (mAP) LA & HRSC-2016 ¥ 4

B APS0 SEPEREAE AR . SCIO AN AR R W], A SO B AR A A
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DFEM BEREEE IR . 2 1 M 2 551501 T FEM B
£ DOTA fl HRSC-2016 %44 L 945 K. FEM # He 52 jiti
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1. 81% , Mi#£ HRSC-2016 %44 £4£ I+ 9 mAP Hl AP50 43 5| #
T 9. TIYOR 2. 1%, ks L SR IR 8l K 00 s 07 ok 4i
A 5326 SR AT 58 50T 6 (4% 43 2 RR E 3 TT 8 g R 0 6% 109
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3) APUP-Loss By . /R 5 2% 1 7] A1, APUP-Loss 3£ i
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2. 28 Yo MABIE . ke 2 g, 78 HRSC-2016 ¥4 FCHl T
89. 60 % ) AP50 #l 52. 33% A9 mAP, 43 A T 1. 17% 1
3.20% . 21 v BE AR E 2 ) CAN AT /DN Y R A L R A A A R
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Table 1 Ablation experiments on DOTA dataset
Dataset FEM LGC APUP-Loss PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
— — — 88.90 76.38 46.55 70.11 77.62 75.09 86.06 90.89 78.10 81.86 59.00 64.46 66.23 68.76 52.64 72.18
N - - 89.53 81.00 49.11 70.63 78.90 78.01 87.36 90.89 82.20 83.19 60.68 64.54 71.35 71.06 55.73 74.28
DOTA N - 89.10 78.48 50.71 69.54 78.85 78.13 87.04 90.88 81.51 83.45 59.60 67.49 71.70 71.14 52.08 73.99
- N 89.40 79.11 51.66 70.58 78.48 78.16 87.20 90.86 80.44 83.94 61.61 65.57 73.77 71.23 54.86 74.46
N/ N N 89.22 79.19 52.17 72.44 79.08 78.10 86.79 90.90 84.53 83.73 61.44 66.70 72.50 70.39 53.84 74.74
# 2 HRSC B4R b #1H ah 52 5
Table 2 Ablation experiments on HRSC dataset
Dataset FEM LGC APUP-Loss mAP AP50
— — — 45.06 87.80
N - 52.70 89. 60
HRSC - N - 54.77 89.90
— — N/ 52.53 89. 60
/ N N 56.03 89.90

Fig. 7 Comparison of detection results for diversity distribution objects
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Table 3 Comparison with advanced methods on DOTA

Methods backbone PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
Two-stage

CADNeth30] R-101 87.80 82.40 49.40 73.50 71.10 63.50 76.60 90.90 79.20 73.30 48.40 60.90 62.00 67.00 62.20 69.90

SCRDet!31] R-101 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61

Rol transformert11] R-101 88.64 78.52 43.44 75.92 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56
One-stage

RetinaNet-OL20] R-50 88.67 77.62 41.81 58.17 74.58 71.64 79.11 90.29 82.18 74.32 54.75 60.60 62.57 69.67 60.64 68.43

DRNL32] H-104 88.91 80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70

R3 Det[3] R-101 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79

Ploulss] DLA-34 80.90 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50

RSDetl31] R-101 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00 72.20

DALL1S] R-50 88.68 76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 78.45 57.71 62.27 69.05 73.14 60.11 71.44

S2 A-Netl1] R-50 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12

Ours R-50 89.11 79.23 50.10 71.00 78.94 76.28 87.04 90.90 81.66 83.28 59.63 66.66 67.43 70.63 52.57 73.63

Ours R-101 89.22 79.19 52.17 72.44 79.08 78.10 86.79 90.90 84.53 83.73 61.44 66.70 72.50 70.39 53.84 74.74

el ks

| 8

2)7E HRSC-2016 £ 4 1 A 45 1T . HRSC-2016 %
A2 A AT 7 0 40K A0 Xt 42, 530 A6 2 H
TH KA PR . AL ASCTE HRSC-2016 £045 4 LY
SZES i JH T PASCAL VOC 2007 F1 COCO #i A~ 48 4%, BI
AP50 il mAP, A< SCR T $ 5 1 5 3% 4 v (i oA i S i 5 ik
AT T IER . SR E5 R R UL A A mAP A% 56.03%,
16 AP50 T BYIRHIZR A 89. 90 % 4 F HAl r B By IRHI R, #%
LTSS A 9 PR .

# 4 HRSC $d4E b o BT X L
Table 4 Comparison of advanced models on HRSC dataset
Methods Backbone AP50
RepPointst36. R-101 85.16
Rol-Transformert11! R-101 86. 20
GLIDING VECTORS13] R-101 88. 20
R3Detl5] R-101 89. 26
DALLIS] R-101 89.77
PloUL33) DLA-34 89. 20
Ours R-101 89.90

5D [ 5R [l e[l sv [ ov [l su

TC

sCc [l sT

F8 DOTA Hufi4E b aynl Bife
Fig. 8 Visualization on DOTA dataset
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BRI R AP AR IEW] T R W
BEAT H AR AW AT 55 00 A R RS R, i, FE AL 2 )
i, Faster R-CNN-OY%), RetinanNet-O"", Gliding Ver-
tex""*) ,Rol-transformer™" 1 AOPG7) ity 6 1] A i 3% 43 71 1
H 26.80%,28.52% ,28. 87% ,37. 88% 1 37. 79% . 1AL
D5 ¥ T LIERAS 45. 50 %19 mAP. 5 Hiflb 5 R LA HL A W B
Pw. RS HUEM T 0T A AP L A T Ak 4 AR
B 10 fraR .

HRSC #ffi 4 1 9 T Bl
Visualization on HRSC dataset
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# 5 DIOR $HE4E I 508 75 B (4 X L

Table 5 Comparison with excellent models on DOTA dataset
Methods Backbone APL APO BF BC BR CH DAM ETS ESA GF GTF HA OP SH STA STO TC TS VE WM mAP
F s
aster R-50 62.79 26.80 71.72 80.91 34.20 72.57 18.95 66.45 65.75 66.63 79.24 34.95 48.79 81.14 64.34 71.21 81.44 47.31 50.46 65.21 59.54
RCNN-OL33
NRe;l)r[l;]O] R-50 61.49 28.52 73.57 81.17 23.98 72.54 19.94 72.39 58.20 69.25 79.54 32.14 44.87 77.71 67.57 61.09 81.46 47.33 38.01 60.24 57.55
et
GLIDING _
R-50 65.35 28.87 74.96 81.33 33.88 74.31 19.58 70.72 64.70 72.30 78.68 37.22 49.64 80.22 69.26 61.13 81.49 44.76 47.71 65.04 60.06
VECTORS 3]
ROI-
R-50 63.34 37.88 71.78 87.53 40.68 72.60 26.86 78.71 68.09 68.96 82.74 47.71 55.61 81.21 78.23 70.26 81.61 54.86 43.27 65.52 63.87
TRANS, [11]
AOPG! [27] R-50 62.39 37.79 71.62 87.63 40.90 72.47 31.08 65.42 77.99 73.20 81.94 42.32 54.45 81.17 72.69 71.31 81.49 60.04 52.38 69.99 64.41
Ours R-50 70.30 42.70 71.50 81.50 41.10 77.40 21.40 69.00 77.40 74,80 80.70 43.30 55.80 80.80 69.40 69.40 81.50 54.70 48.90 64,60 63. 80
Ours R-101 68.80 45.50 71.80 81.40 41.90 74.90 29.60 70.20 79.90 78.10 79.30 43.70 56.00 80.80 67.90 69.30 81.60 57.10 48.70 65.60 64. 60
e
i ‘:%-‘{,
g, |
I} ‘
B lro e Msc MWk Bcee loav PWesa Pers GT
W err HA [or [llst [Wlsta [sto [Tc s [ive B wm
& 10 DIOR %44 byl # 4k
Fig. 10 Visualization on DIOR dataset
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