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Effect of combinations of texture and waveform features

on airborne LiDAR data classification

Zhang Aiwu, Li Tao, Li Hanlun, Duan Yihao, Meng Xiangang

(Key Laboratory of 3D Information Acquisition & Application, Ministry of Education,
Capital Normal University, Beijing 100048 )

( Engineering Research Center of Spatial Information Technology, Ministry of Education,
Capital Normal University, Beijing 100048 )
Abstract

Texture and waveform features were applied to LIDAR data classification, and the best combination of texture

and waveform features was researched. Firstly, the waveform feature information of elevation, echo width, ampli-

tude and number of echo times were extracted from LiDAR full-waveform data, and they were transferred into a

waveform feature image. Then, multiple texture feature images were extracted by gray histogram and gray-level co-

occurrence matrix ( GLCM ), and these images were overlapped with the waveform feature image to generate a

multi-dimensional feature image. Finally, the impact of different combinations of texture and waveform features on

the classification was analyzed, and the best combination was found. The adaptability of the different classifiers to

combinations was also explored. The experimental results show that some texture features can improve the classifica-

tion accuracy, but this does not mean more features leads to better classification accuracy. Only the best combina-

tion can take advantage of texture and waveform features and make a high classification accuracy.

Key words: LiDAR, waveform feature image, texture, classification



