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(LMI) aprroach were designed. This process was proved to be feasible by the example of an intelligent

cantilever plate.

Keywords intelligent plate H- vibration control linear matrix inequality state feedback controller

Stability of Milling System with Variable Radial Depth of
Cut Considering Runout Effect

Song Qinghua Ai Xing Wan Yi Tang Weixiao
(School of Mechanical Engineering, Shandong University Jinan, 250061, China)

Abstract A dynamic model of a milling system with variable radial depth of cut was proposed, which was
a periodic equation, including the effect of runout. The semi-discretization method was used to fit the
stability limit of the milling system. The results show that with the increase of radial depth of cut, the
stable axial depth of cut decrease rapidly at first, and then keep constant after about 2@ radial
immersion. For the processing of variable radial depth of cut, under conditions of this study, the axial
depth of cut should select its stability limits corresponding to radial cut with less than 2006 immersion to

ensure the stability of milling processes. The analytical results are validated by milling experiments.

Keywords variable radial depth of cut chatter runout stability material removal rate

Structural Damage Identification Method Based on
Adaptive Particle Filtering

Tang Heshengl Zhang Wei' Chen Rongl Xue Songtaol’2 Yang Xiaonan'
(" Research Institute of Structural Engineering and Disaster Reduction, Tongj University Shanghai, 200092, China)
(?> Department of Architecture, School of Science and Engineering, Kinki University Osaka, 577-8802, Jpan)

Abstract For conventional particle filters the sample size is rather hard to determine for identifying a non—
stationary dynamic system with abrupt changes in system parameters. To solve this problem, an adaptive
particle filtering ( APF) method was proposed. Inthe APF, thesampling size was updated according to the
K-L distance between the system posterior probability density and current probability density of sampling
particles set, which decreased the computational load but did not affect its precision in the system
identification process. Hence it would be more suitable for online tracking in structural parametric
identification. Numerical simulation results show that the identification time required by APF is only a
quarter of that by the conventional one, which proves the effectiveness of the proposed method in the

online structural damage identification.

Keywords structural damage identification particle filtering K-L distance adaptive

Application of Hilbert-Huang Transform to Arrival Time
Extraction of Multi-Mode Lamb Waves

Zhang Haiyan Fan Shixuan L Donghui
(School of Communication and Information Engineering, Shanghai University Shanghai, 200072, China)

Abstract  According to the advantage of precise time resolution in Hilbert—-Huang transform ( HHT) and
the characteristic of multi-mode lLamb waves, the HHT method was applied to arrival time extraction of
complex waveforms in Lamb wave tomography. First, the original signals were decomposed into intrinsic
mode functions( IMF) by performing empirical mode decomposition ( EMD), then the Hilbert transform

was performed to. the IM F, and the resulted peak values of the envelope were used as the arrival time of



