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Fig.9 EEMD fractal feature identification results
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associated with rock falls, thunderstorms, and wind turbulences in

Identification of Debris Flow Types by Infrasound Signals Based
on EEMD Fractal and LS-SVM

HU Zhihua'?, YUAN Lu’, MA Dongtao' , HU Yuhao', LI Mei’

(1. Institute of Mountain Hazards and Environment, CAS, Key Laboratory of Mountain Hazards and Earth Surface Process, CAS,
Chengdu 610041, China;2. University of Chinese Academy of Sciences, Beijing 100049, China;
3. Construction Investment and Management Co. Lid. , CDCI , Chengdu 610037, China;

4. CCTEG Chongqing Engineering Co. Lid, Chongqing 400016, China; 5. China University Of Geosciences, Beijing 100083, China)

Abstract. Infrasound signals produced by travelling debris flow are informative in recognizing debris flows. The
waveform feature of the signals sampled by non-contact method can provide rich information in determining and pre-
warning of debris flow types and magnitudes. In this study, by using signals collected at 65 debris flows with high
and medium, as well as low viscosities, it extracted the principal components of the Intrinsic Mode Function (IMF)

by the method of the Ensemble Empirical Mode Decomposition ( EEMD), and compared the Short-Time Fourier
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Transform (STFT) distribution between the extracted signals and original signals. Then the box dimension of the
principal components was input as eigenvalue in the Least Squares Support Vector Machines ( LS-SVM) to train and
classify the infrasound data for distinguishing debris flow types. It is found that: (1) The principal IMF component
signal reconstructed by EEMD had excellent time-frequency focusing performance under STFT , which improved the
accuracy and availability of signal recognition; (2) The original infrasound signals presented different fractal-box
dimensions for debris flows with low, medium, and high viscosity, respectively of 1. 625, 1.578 and 1. 519.
Through LS-SVM model training, the type recognition achieved accuracy of 87% . In conclusion, this research had
realized the identification of debris flow types based on a non-contact infrasound signals and it will provide a novel

way for monitoring and early warning of debris flow disasters.

Key words: debris flow; type; infrasound; the Ensemble Empirical Mode Decomposition ( EEMD) fractal; the
Short-Time Fourier Transform ( STFT) ; the Least Squares Support Vector Machines ( LS-SVM)



