0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 200800002

ETUHUSZHIEIMENE SR GETYHIREN

mMEE BBFKk  BMAT HEE BArg

1 AMAFRHZAFERHAFR AN 450052

2 HMAFEELIAEFER AN 450001
SHEAZHEFAARMMAFALAARLLHALHE M 450052

ot

i E SZoMEEABRBRGAAYBERANER LR HBREN FERTEFARAES LG EANE A2 b TEKBS
FRAL AR DAFGHR s WP HREE T TR S AR ERTHNES, D RAEAYE AL SR FRM, 435X
— B, R T B E AR GRS W % (VAF-Net) . % 7 4 adiE & BAR E S ae M AE 5, 27 2 3 % 3 7% 35 W % U-Net
#ATE BT RS RGBHEAFALHFAR, RANT ABMNEFI PO T RIS R; RN, B ML A3 L AHakd
RE,EINAE R MR ERES, > F A RE A6 B4 B, % % % £ Massachusetts Buildings 23 & L3477 5286, 2
& Bl FAe Fl-score 4 A A 2] T 82.1%,82. 5% #» 82. 3% , 45445 4% Fl-score #8b T AR ML T %4 6%, VAF-Net A 5L
RETHMABERNEN THI VR ALY B AFAENAE 509 L IRk, LA RAF6) 5 A ML,

IR B AR AR GRS AV B R 45 5 i G 4 A U-Net

HREESES TP391.4

High-resolution Image Building Target Detection Based on Edge Feature Fusion

HE Xiao-hui' , QIU Fang-bing® ,CHENG Xi-jie’ , TIAN Zhi-hui' and ZHOU Guang-sheng®
1 School of Earth Science and Technology,Zhengzhou University,Zhengzhou 450052, China
2 School of Information Engineering,Zhengzhou University, Zhengzhou 450001, China

3 Joint Laboratory of Eco-Meteorology,Chinese Academy of Meteorological Sciences,Zhengzhou University, Zhengzhou 450052, China

Abstract High-resolution remote sensing image building target detection has a wide range of application value in territorial plan-
ning , geographic monitoring, smart city and other fields. However,due to the complex background of remote sensing images, some
detailed features of building targets are less distinguishable from the background. During the task,it is prone to problems such as
distortion and missing of the building outline. Aiming at this problem.an adaptive weighted edge feature fusion network (VAF-
Net) is designed. This method is aimed at remote sensing image building detection tasks, expands the classic codec network
U-Net network,and makes up for the lack of detailed features in basic network learning through the fusion of RGB feature maps
and edge feature maps. At the same time,relying on network learning to automatically update the fusion weight,adaptive weigh-
ted fusion can be achieved,and the complementary information of different features can be full made use of. This method is tested
on the Massachusetts Buildings data set,and its accuracy,recall and Fl-score reach 82.1% ,82.5% and 82. 3% ,respectively. The
comprehensive index Fl-score increases by about 6% compared to the basic network. VAF-Net effectively improves the perfor-
mance of the codec network for high-resolution image building target detection tasks,and has good practical value.
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