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Estimation of lateral vibration of rail vehicle body based on frame state measurement

WANG Daozhong LI Guang SONG Yadong YAO Yuan
( State Key Lab of Traction Power Southwest Jiaotong University Chengdu 610031 China)

Abstract:  Here aiming at the measuring problem of vibration state of rail vehicle in actual line operation a
sliding mode observer designed based on sliding mode theory algorithm was proposed to use measurable vibration data for
estimating vehicle vibration state in real time. A simplified lateral dynamic model of rail vehicle was established. Based on
the simplified lateral model a robust sliding mode observer was designed. Through real-time measuring transverse velocity
and shaking angular velocity of frame vehicle body’ s lateral vibration displacement and vibration state were estimated. In
order to verify the effectiveness of the designed observer a whole train simulation model of a certain type domestic high—
speed train with 54-DOF was established using SIMPACK dynamic software. The actual operation process was simulated
through dynamic calculation. The vehicle body vibration state estimation obtained with the proposed method was compared
with the simulation results. The results showed that the estimation accuracy with the designed observer for lateral vibration
velocity and displacement of vehicle body under straight line condition is higher while the accuracy for lateral vibration
velocity of vehicle body on curves can meet requirements; the scientific nature and feasibility of the proposed sliding mode
observer are demonstrated.
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Tab.1 The main dynamic parameters of the train

m, [t 36.4
m, /kg 2 600
I/(kg*m) 1.67 x10°
1,/( kg *+ m%) 2 800
l,/m 1.18
l,/m 1
I./m 8.75
I,/m 1.25
k,/(N+m™) 5.49 x 10°
k, /(N+m™) 13.7 x 10°
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Fig. 12 The measurable output and state estimation of front
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Fig. 13 The measurable output and state estimation of latter

frame after wheel wear
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Fig. 14 The state estimation of carbody after wheel wear
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