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Research Progress of Local Feature Extraction for Image Matching

LIU Xiang-zeng,XU Xue-ling,LIU Ru-yi, SONG Jian—feng , MIAO Qi-guang
(School of Computer Science and Technology, Xidian University,Xi’ an 710071 , China)

Abstract: As an important research direction in the field of computer vision,image matching is widely used in image registration,image
fusion, change detection, visual navigation,3D reconstruction, simultaneous visual positioning and map construction (SLAM) and other
fields. Among them,accurate and robust local feature extraction is the prerequisite and a key step to achieve efficient feature matching.
Guided by image matching research, the local feature extraction methods are classified and summarized from traditional feature design to
modern feature learning. Firstly ,in order to enhance the understanding of modern local feature extraction methods, we focus on the related
methods based on traditional feature design,then review the methods based on classic machine learning, build a bridge from traditional
methods to deep learning methods,and finally discuss in detail based on modern feature extraction methods for deep learning. In view of
the requirements of image matching under cross—sensor, multi-view ,and different time periods,the advantages and disadvantages of ma-
instream methods at each stage are comprehensively analyzed, and the current problems and challenges of local feature extraction in image
matching are put forward,and corresponding research recommendations are proposed. It provides a basic reference for related researchers
to fully understand the topic of local feature extraction and improve the results with deep learning.
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