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: Railway Dynamics(B X a3 593}), Experimental Design(2 @A 8), Neural Network(XN7 3]

21, Back Propagation(€#%}), Differential Evolution(XH£213}), Suspension(d7FEA]),
Optimization(# A 3}), Ride Comfort{(£2}7}), Derailment Quotient(2412%). Unloading Ratio
(3 74), Performance Index(A%5 A7), Stability(SHAA)), Design Variable( A Al )

ABSTRACT

Computer simulation is essential to design the suspension elements of railway vehicle. By computer

simulation, engineers can assess the feasibility of given design variables and change tiem to get a

better design. Even though commercial simulation codes are used, the computational time and cost

remains non-trivial. Therefore, many researchers have used a meta model made by sampling data

through simulation. In this paper, four meta-models for each index group such as ride comfort,

derailment quotient, unloading ratio and stability index, are constructed by use of neural network.

After these meta models are constructed, multi-objective optimization are achieved by using the

differential evolution. This paper shows that the optimization of design variables using the neural

network model is very efficient to solve the complex optimization problem.
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Table 1 Design variables

Table 2 Performance indicles

No Bogle Design variables Index Responses Diast ',fl'}ﬂ:i()n
X1 Elas’qc J,Omt Kx. Kz Rid r1~15 |Lateral acceleration of trailer
X2 | Primary suspension | Elastic joint Ky ! fe ;
X3 | of MTB and ATB| Elastic joint Kt, Kw comiort 1 y6~110 |Vertical acceleration of trailer
X4 Elastic joint Kp Derailment | 4; - 439 |Ratio of lateral and
X5 | Primary suspension | Double coil spring Kz quotient vertical force of right wheel
X6 of MTB Vgrtlcal' oil damper Cz Unloading wl~wl? Dynamic whezl force
X7 Alr spring Kx. Ky ratio of left wheel
X8 Air spring Kz .
7 o Lateral displacement
X9 Vertical cil damper Cz Stability | sl~sl2 ofav?/ﬁieel lggri;rren
X10 Secondary Vertical oil damper Cx
X11|suspension of MTB| Anti-yaw oil damper gl
X12 Anti-vaw oil damper g2 %o ;
X13 Anti-yaw oil damper g3 800 - - SZZTQZJ?ZLM
X14 Anti—yaw oil damper 24 700 | Un!c.a.dir!g ratio
X15 Primary suspension Double coil spring Kz c 600 L 7 Stesliy index
X16 of ATB Vertical oil damper Cz ~§ ool
X17 Alr spring Kx, Ky i—”
X18 Air_spring Kz g T
X19 Secondary Anti-yaw oil damper gl c% 300 -
X20| suspension of ATB| Anti-yaw oil damper g2 200
X21 Anti-yvaw oil damper g3 100 |
X22 Anti-yaw oil damper g4 o e
X23 Fixed and carrier ring Kx o 2 4 & 8 M0 12 14 16 BN
Xod| , Fixed and carrier ring Ky Number of clusters
xo5| Fixed ?;Illdg carner | moed and carrier ring Kz Fig. 7 Clustering result for performance index
X26 Fixed and carrier ring Kt models
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e A=rold Hg] AlAZ 2 292
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Table 3 Errors for performance index models
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