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Abstract: The study of train speed profiles plays a crucial role in optimizing the train operation process for urban
rail train. To achieve better optimization results of train speed profiles, aiming at the three goals of train running
punctuality, running energy consumption and passenger comfort, an approach based on an improved multi—objec-
tive differential evolution algorithm is proposed. Firstly, a multi—objective optimization model for urban rail tran-
sit trains is established based on the train operation process. Then, by adopting an elite mirror initialization
strategy, ntroducing parameter adaptation and multi-mutation strategies, the performance of the multi—objective
differential evolution (MODE) algorithm is improved, and by comparing with the IGD values obtained by the oth-
er 6 comparison algorithms on the ZDT series test functions, the superiority of the proposed algorithm is verified.

Finally, combined with the real line data of Nanchang Metro Line 1, the simulation results show that the im-
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proved MODE algorithm has certain advantages in comprehensive performance compared with the comparison al-

gorithm, and has strong practicability in train energy—saving optimization problems.
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Tab.1 IGD values obtained by comparison algorithms in five test functions

Algorithms Indicator ZDT1 ZDT2 ZDT3 7ZDT4 ZDT6
IMODE Mean 5.432e¢-03 5.288e-03 6.109e¢-03 5.367e-03 5.230e-03
Std 2.439e-04 1.683e-04 3.018e-04 3.333e-04 2.453e-04
Mean 1.073e-01 9.491e-02 1.499e-01 1.245e-01 8.041e-02
MOGWO
Std 6.533e-02 7.021e-02 9.314e-02 7.158e-02 4.575e-02
NSGALTI Mean 2.382e-02 3.309e-02 3.654e-02 5.672e+00 4.455e-03
o Std 2.248e-02 3.203e-02 2.247e-02 5.493e+00 4.327e-04
Mean 1.078e-02 2.236e-01 2.203e-01 8.082e-03 2.562e-01
NSGA-TII
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Std 1.083e-01 1.570e-01 1.235e-01 7.393e+00 1.383e-01
CiEA Mean 2.222e-01 1.471e-02 4.052e-02 2.065e-01 6.215e-03
r
Std 8.811e-02 1.547e-02 4.278e-02 1.360e-01 3.896e-04
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Tab.2 Multi—objective optimization results based on IMODE algorithm in interval A-B

Energy
v—s curve Condition change point/m Running time/s  Comfort/ (m/s*) consumption/
(kW-h)
1 10 950.89 11 459.00 12 669.94 141.20 0.61 16.07
2 10 918.87 11 290.87 12 679.51 149.41 0.51 13.54
3 10 950.89 11 526.37 12 671.33 138.9 0.82 17.12
100 10 913.37 11 280.50 12 681.38 149.90 0.52 13.35
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