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Object Detection Algorithm of Optical Remote Sensing Imagery
Based on An Improved FCOS Network
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710054, China)

Abstract: Aiming at the problem of low detection accuracy caused by complex background and small objects in remote sensing im-

ageries, a remote sensing imagery object detection algorithm PARF-FCOS based on FCOS network is proposed. The algorithm con-

structs a position attention module, and uses the module to reconstruct the feature extraction network to enhance the ability of the

network to extract target information; In the feature fusion stage, RFB (receptive field block) is used to enhance the shallow feature

map, and the target context information is used for auxiliary judgment to improve the detection ability of the network for small-scale

objects; During training. DIOU loss (distance intersection over union loss) is introduced for boundary box regression. By optimizing

the distance between the center point of the target box and the prediction box, the regression process is more stable and accurate. Ex-

periments are carried out with public dataset DIOR. Compared with the original FCOS, the mean Average Precision of the algorithm
is improved by 4. 3%, up to 70.4%, and the detection speed is 23. 2 FPS.

Keywords: remote sensing imagery processing; object detection; convolutional neural network; attention mechanism; anchor-free
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% SE-Net #1l CBAM-Net"™ ¥t 47 7 4f tb, H b SE-Net Al
CBAM-Net £ 7756 PA-Net Hrif) PA S 4 sURH R 19 TE &
N, HARMESHIREE -8 LwmEERINE 5 .
JRIEP 2 BUE T 66. 1% B mAP {1 28.7 FPS, %] SE-
Net, CBAM-Net fl PA-Net J54r W E8 7 67.9% . 68.4%
F169. 3% (1 mAP (., 43T T 1.8%. 2. 3% 1 3.2%.
H B 1 K60 S R 43 )k 27. 6 FPS, 21.7 FPS i 24. 1 FPS,
5 SE-Net fftt, >R PA-Net i) mAP 4875 17 1. 4%, #
HEENRET 3.5 FPS, Ui Es WA EAF B A FIF B brfs kg
FER BT, PA BEHGE i 0 B4y S A SR T A
[ AR S . 35 TR PEGE, (HE PA BEHUY T
SE #EHCE BRI, S 3ok # A K. 5 CBAM-Net
M, R PA-Net J5H mAP #2557 0.9%, Il 4 B $2
" T 2.4 FPS, AlLLE . MHE T CBAM {fi f & KA1
JRR S AL E K FR . PA BUHGE i — 487 2 Ak i 98 46 2K 2]
FHRAREMEN 2 RMGERFE, WA T MM IRTT.
I H PA B R R R T D, Ao e BT

F#5 S RGEN G

LIPS g acEs mAP/ % FPS/(frame « s~ ')
1 ResNet50 66. 1 28.7
2 SE-Net 67.9 27.6
3 CBAM-Net 68. 4 21.7
4 PA-Net 69.3 24.1

3.6 KB ATHNK

h T E M R R A UL R R I AR AR SO 22
T ERR ISR TR, WE 6 iR,
Hr 6 (a) Jy FCOS Wyl AL 45 R, 6 (b) Sk gl itk 5 7
PARF-FCOS iy /] # b 45 2R . B H 7] LI E . PARF-
FCOS (RN 25 4 FCOS (16 I 25 80 Ry v, 78 200 it
BTl HeEINLR, % LT I FTR . FCOS i
THGTH/NER RE” M LT FHE (R B R
), T PARF-FCOS BeB &Mkl i ok 5 2658 2 47 % L &
Hi, FCOS f=/4k TR & I IURHE, 1 PARF-FCOS 91 HE
TR 7E5S 3 ATAS R, FCOS ¥ By “3rz
BE” U0 CHREET, O CTRAL” BN KL
FRHD . i PARF-FCOS 4 fE 1F %) /9 3L 50 1 X 28 H 4x i 2
e WTRVE W, AR EHEEER, AR R
TR . RE 258 KM B AR K KRR IS 8 7 1
AR

2 \ p—
(a) FCOS ™ 43 il 45 (b) < SCPARF-FCOS ¥ % £ ] 25 5
B 6 A 45 % b

4 HERIE

PP MpiE R R T AR DEREE SRR
MR R, $2 18T —F 3T FCOS it i H 5 K
MR PARF-FCOS, @i #4380 8 1 & B, 22 R4
TR AR B &R oG W B B AUE , 58 1 B ARFRAE S0 5
FRAE; {8 F REB AL 2 R 1B RAKE sz 5, 3R H Ax
RS R BRI R B AR R BE s Y g SR AT DI-
oU loss 2 1 E A5 2% s 5, 1 30 4E [l U5 5 2 B P A2
WS, @il DIOR Z8i 4 L sei i &8, AR 3%
AR E T BAR R IR B, E 2K B LIS TR &
PR INDORG B3, SRR X TN B AR R RS B b B B R 4R T
BGAIE T A SCH R 1A S50 R A R . AR SCHR Y Y ) 4% A
HEARARE TR EE . {0 PA BEHURI RFB 25 W 46 3% Jin 1 i)
AR . 405 K DA X% B B HE %, 22 3R R 46 AL
TERRGY . W4 IR SR R BOR B R AT
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