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Abstract: To improve the detection accuracy and reduce the complexity of optical remote sensing of target
images with a complex background, a global context detection model based on optical remote sensing of tar-
gets is proposed. First, a feature encoder-feature decoder network is used for feature extraction. Then, to im-
prove the positioning ability of multi-scale targets, a method that combines global-contextual features and tar-
get center local features is used to generate high-resolution heat maps. The global features are used to achieve

the pre-classification of targets. Finally, a positioning loss function at different scales is proposed to enhance
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the regression ability of the model. Experimental results show that the mean average precision of the pro-
posed model reaches 97.6% AP* and 83.4% AP” on the NWPU VHR-10 public remote sensing data set, and

the speed reaches 16 PFS. This design can achieve an effective balance between accuracy and speed. It facil-

itates subsequent porting and application of the algorithm on the mobile device side, which meets design re-

quirements.

Key words: computer vision; object detection; remote sensing image; feature encoder-feature decoder; glob-

al-contextual feature
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Fig. 1 Framework of the feature encoder-feature decoder
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Fig. 2 Overall framework of the global-contextual detection model
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Tab. 1 Structures of ResNet18 and Root-ResNet18
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JRy B R SR Y T

(5)MSDN #2754 : 75 R AF H2 B 4% ResNet50
()i J — gl Ak 22 B R AT AR TE B, LIS
ROETEAFLRURFE, 78 3 NFAER_EBEF T3

(6) MSCNN #5 %1, 2% F| RetinaNet iy 4k 42
¥y, TP 4%k ResNet50, ¥ 8 T — g 4 4E
S8 Tr UARL S RFAE

X HLA 1, BIEA 0.5, 45 BARSLIR 25 Ak 3
fitrn . Hd SSD % H mmdetection™! 46 HE S|
25, YOLO v3 ¥ 1] darknet HEZ2 . RICAOD #4i %!
1 MMDFN #5254 35 Sy 19 By B A 1 ) 4% v ol 5 )y
#B LT SCRHIE, MSDN A A Fl MSCNN £ #4348
il 22 ROBERRAE S I 325 (%) BBy B s T A 78,
ALY GCDN W2 3 B i Be e i v il 5 42 J)
T SCHRAEASIN AN A T B AR B AR

%3 TREIERIEHIEE NWPU VHR-10 EHTFIREHRE XL
Tab.3 Comparison of mean average precisions of different models in the NWPU VHR-10 dataset

R BN AL AR GhEE BeEklp WIBRg Wk MR B0 MR W TIRFIEZ@mAP)

RICAOD AlexNet 0.9970 0.9080 0.9061 0.9291 0.9029 0.8031 0.9081 0.8029 0.6853 0.8714 0.8712
SSD VGG16 0.9839 0.8993 0.8918 0.9851 0.8791 0.8481 0.9949 0.7730 0.7828 0.8739 0.8912
YOLOvV3 Darknet53 0.9091 09091 0.9081 0.9913 0.9086 0.9091 0.9947 0.9005 0.9091 0.9035 0.9243
MMDFN VGG16 0.9934 09227 0.9918 0.9668 0.9632 0.9756 1.0000 0.9740 0.8027 0.9136 0.9504
MSDN ResNet50 0.9976 09721 0.8383 0.9909 0.9734 0.9991 0.9868 0.9719 0.9267 0.9010 0.9558
MSCNN ResNet50 0.9940 0.9530 0.9180 0.9630 0.9540 0.9670 0.9930 0.9550 0.9720 0.9330 0.9600
GCDN Root-ResNet18  0.9991 0.9983 0.9677 0.9916 0.9991 0.9759 0.9988 0.9412 0.9224 0.9636 0.9757




%6

AR B, S T 62 B ERREG 4 b T SOR MR i 1309

i 3 28 A LA Y, MMDEN 45 R4 0 42 2%,
T BT RGEWNFHERL G, 7ER0I0 5 2% B At
SRR A 207 185 B B BRI AR LEAS o 34
YOLOV3 fii % T SSD (14 22 RUEEFRAE 42 HURRAE,
SR FH 22 RUBE T N 22 5 e LU 0000 A 75 v 5 s, T
PR TR FE . H I H AR T 25 R ACK HoAr A
AN, SR R R SO AR OR T8 AR T
TEHE . A< SCI) GCDN R AN A B A 19 7 =K,
F T M4 H Root-ResNetl8, ZH K VGG16 /)
HJEH I ResNet50 7%, 2545 faj &,

WIS AT LA B, LR SRR S
RS EX AV E NG R il € S OE 7= s 7 S
MMDFN X F-JifE . AR AU 1 A RS B A
WA R, R T R B SO SCRRAE I P
MSDN #5254 i ~F- 246 RS 2 3K 95.6%, TEBH T 4%
TE 2 FUTE R AE SR B 285 10 8 R0k, 0 L g o
)RS IORG B2 A5 iy o AR SCHT B2 GCDN B AL & T
IR ARG R N SCREIE, i — 204 M T4
18 % AR AR IORG B2, S M BE IR BN LE S
TR R B 97.57%, A L ST 7774 MSCNN,
BT 1.57%.
44 FEESCI
4.4.1 RE) & E AL 22k

SRy BB b R o SRR B AR ARy X TR
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fR 27 > RIS, IR, AR SCHR B y o 0.45,
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A2 (3) AT AR T R A v AR 2 R BT SOk
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v IBUEIEFTE 0, 0.5) Z 0. A AT
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Fig. 6 Effects of different y values on results
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Fig. 7 Effects of different v values on results
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X TGRS 2 S 3E, AP T A RCITAY 4% 114
S RENLRE ST, T AP™ DI B R Sz e 4% 1) [l 512K
B, DU i AE 5 BARHERY 2205, R, A SC
B 1, BESRE 2 0.75, IERH T A S 7 kT 41
Fe R P 2 (9 T U R ) o AR SCIR R 4 SR E S
B8, I3 9] Ay FE 2R TG e AEAG I Y 2% CenterNet, il
TEAE KGN 90 2% MSCNN, A4 Ja) b T SCERE 4
B GCDN-woGC FIH il 4 Jiy b F SCHHAE
HiBIEIHLE) GCDN, SCEa25 RNk 4 Fis .

ZEA3 4 5B LIE H, CenterNet A1 GCDN-
woGC 1) AP™ ¥J{&F MSCNN R4, {5t BH .0 s
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A 7 3% A (o] U AT s g €, T3 A AG: 0 1)
% A SO S il fE — @ B2 L R AMZ A

J&, GCDN % MSCNN #5551 1.0% AP”, fx &
AJ Ik 35 A A I AR 245 2 A R e

*F 4 NEE 0.75 THARHEE FIEHEXTEL

Tab.4 Comparison of mean-average precision of different models under the 0.75 detection threshold

. SEIER R (AP) SERTHER R (AP)(15,=0.50:0.95) SER A E R (AR)(1,=0.50:0.95)
o Iou=0.50:0.95 Iow=0.50  I5y=0.75 /NE R hHEE  KHEAR /NHER T H AR KHER
CenterNet 0.663 0.968 0.768 0.576 0.669 0.704 0.630 0.725 0.741
MSCNN 0.706 0.960 0.824 0.547 0.578 0.701 0.600 0.605 0.700
GCDN-woGC 0.679 0.973 0.775 0.572 0.690 0.750 0.639 0.744 0.786
GCDN 0.705 0.976 0.834 0.612 0.727 0.706 0.683 0.773 0.740

4.4.4  FmatiE st

SR R A ST HRAR TR 114 S ISR R SR, AR
SCHHER T AR T A T 1 P 2R I B, 3 et
K MG TTALEE | 1o 26 A ) T4 J b RS ] 22
F1, 35 RICAOD ##1  MMDFN £571 | YOLOv3

P A MSDN FEAIYEFT X L, 255U 5 Fw .

&5 TREMREEN T MR E) X EE
Tab.5 Comparison of the average detection times with

different models

AR ARG Hifa) /s
RICAOD 400%x400 2.89
MMDFN 400%x400 0.75
YOLOV3 640%640 0.13

MSDN 600%800 0.21
GCDN 640%640 0.06

M3 5 ATRUA Y, A D7 IR TR, 72446

RCNN., R-FCN, YOLOv2 7l SCFPN-scf®,
Hrr Faster-RCNN 1 R-FCN by 2 B fi 3 X 35k 11
XU BE SR, R 1 3= I 4% 3524 ResNet101,
YOLOV2 1) £+ M 2% & GoogleNet, SCFPN-scf
S R T 50 B SCRAE SR T /938 ny PR LA 53
i, HAEH ARG T R IR 4 5738 BB BRI 1)
4. TEEER NG 6 PR, AlA A ST 7 ik
{14 S~ T A R DA A e 2 L ARG T P 4%, [ B
TE BT SCRAE 4 1 J7 T8 AT 38 58 B B: SCFPN-
scf W&, FHA R0 TR BT,

* 6 TREIMREERIEE DOTA LRI FIEFRETLL

Tab. 6 Comparison of the mean-average precisions with

different models in the DOTA dataset

B AT IR B 16FPS, 35 B SEPRI T K o BOWHY
B RICAOD 5 MMDFN i, K61l s B A 45
KARTE, 5B B I YOLOvV3 Il MSDN # Lt
LoRIUBE TR A A e W SIE Y (W o T
SEFRR) BB LA G TR HERS R R et
4.5 DOTA BURERMNLER

Sy itk — 25 B UE AR SC T R A 0, B AR
SCHT BRI E R AV E R 4E DOTA v1.0 #1750 E,
LB{EE 0.5, RBUILAERT H 256 Y Faster-

sl ET M SIS EE (mAP)
YOLOv2 GoogleNet 39.20
R-FCN ResNet101 52.58
Faster-RCNN ResNet101 60.46
SCFPN-scf ResNet101 75.22
GCDN Root-ResNet18 75.95

4.6 FMHLER

] 8 Ay i HRABE AL (1) 3 o R I BCR, Tk 10 A
HeEIE IR E bR . MW LA ), PR sl &
R 42 2275 5 T SRR BB, A R i 0 AE
Al SRR AT T HARA, S — 20 UEN] 1 i fR AL Y
AR



# 6 é'{ﬁfﬁ%f%, S5 R 8 B H AR 4 = B SCR A R et 1311

'8 GCDN T ALK IR
Fig. 8 Visual detection results of the GCDN
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