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Remote sensing images matching based on ResNet and RF-Net
LIAO Mingzhe'”, WU Jin'?", ZHU Lei'*

(1. School of Information Science and Engineering ,
Wuhan University of Science and Technology, Wuhan 430081, China ;
2. Engineering Research Center of Metallurgical Automation and Measurement Technology »
Ministry of Education, Wuhan 430000, China)

Abstract: Aiming at the problems of shallow network and lack of high-level semantic information in
Receptive Fields Network(RF-Net), a new network based on Residual Network(ResNet) and RF-Net
is proposed for the matching of remote sensing images. Firstly, the new remote sensing image
datasets are setup, which consist of images and homography matrices. The images are obtained by
cropping, illumination changing and affine transforming of the original remote sensing images. The
matrices are obtained by calculating the homography between different images of one sequence. Sec-
ondly, a dual-channel network structure is proposed for the keypoints detection. Specifically, the dual-

channel network composed by Receptive Fields Detection(RF-Det) and ResNet, respectively extracts
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receptive feature maps with detail information, and the deep layer feature maps with semantic infor-

mation. The L2-Net is introduced at descriptor extraction module to obtain the 128-dimension feature

vectors as description of keypoints. Lastly, the strategies of the nearest neighbor, nearest neighbor

with a threshold and nearest neighbor distance ration are used to match the descriptors. Experiments

on remote sensing images show that the matching scores of the proposed network are 0.002, 0.117,

0. 104, higher than RF-Net, when testing on different datasets. It outperforms on keypoints detection

and matching accuracy.

Key words: image matching; keypoints detection; feature descriptor extraction; affine transform; fea-

ture vectors
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A T BB S AR He 6 4 P RE L T DL 4 b 1 ]
T G AR IL L

T IR AR DE L AT LUK R A A R B AN () s (]
QNGRS € S b/ G S E S
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PR VETC B 1 Aty 25, o ] LASE W &2 2% 1 3 e 10
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