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Abstract

Multi-scenario optimization problems involve multiple scenarios that need to be optimized simul-
taneously, each with specific conditions and multiple objectives to optimize. The goal is to find a set
of public compromised optimal solutions (PCOS): feasible in all scenarios and achieving a balanced
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optimization effect. The multi-scenario capacitated vehicle routing problem (MSCVRP) considers
uncertainty disturbances in real-world delivery, with few effective measures for this problem in
existing research. In this paper, a multi-scenario capacitated vehicle routing optimization algorithm
based on the parallel evolution framework is proposed. The knee solutions and extremal line of
each scenario are used to construct a solution transfer strategy, thus achieving information transfer
between different scenarios. Besides, an adaptive operator selection strategy is designed to im-
prove the quality of PCOS. The effectiveness and superiority of the proposed algorithm are verified
through comparative experiments.
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R—A2Z B8 & 2 M AFE R 5, W€ O 2 3 st 8] @ (Multi-scenario optimization
problem, MSOP), X2 4K HEL I — MBS . MSOP 15 £ AT 4% 4k il i (Multi-task optimization problem,
MTOP)ZEAL, #W K SR ZAESS . SRTT, XHIAET MTOP AR AMES5 Sl — LA A 7 %6,
1M MSOP 5 1E4K | —HIL R IR R TT 5, LG 2 AN A3 5 H A o 7 28 5 295K 1 22 4 % A2 ) /I CVRP) [ 5]
NI Z Hirdla i 8, & R I R B 0 2R AR R doe /M S AT R B B A, RN A2
FRORMEMAEL R . 23500 A8 MR AL H B(MSCVRP)Z CVRP M e, 8 7 ARBLEY
SRRSO . REFNMRATEASFENZA, EEIEKR RN BEA AR KRR, Bk, A
DERE AR P AT R AR, MEZS ARSI RESEIRIC R EUE . Fl, BT RIFR
B S RAZ AR EEF AN, B Sl AZIMZESR, RIFRAMESRAALL
W SN AFIBCIE 5. X T MSOP, RERSAERTA &35 o AL B4 A3 O F SEIL T s AU e B A 4
AR ie A AT TR AR f#(Public compromise optimal solution, PCOS) [6] [7].

fift tk MSCVRP )25 fi 7] LLE S5 01T «

1) WREEfE ] AFEE L9 PCOSAE A 15 AR L Y R4 WSSO AN 22 R PR O T AR E S PCOS,
FE— N PRI RAFEAE T — A 5 P R BUAEE AR A Y PCOS.

2) WfTERAF PCOS. FATHEML LB I T RN 2 M5, AR A2 AR, AR
Yy A ) FRRGEAS A B T4k 3 PCOS.

3) iR PCOS MRt X T F— Mg, HylFE s i & B EERm PCOS M E. A
[ 2 XA BB H AR RS 3 S AR R, A8 45 2 B8 0 AR DL AL RE A SR 35 R

N TR EIR SRR ), AR SCER Y T — R T IR AT BEACAE SR K 2 1 S A B R R AR AL A
(Multi-scenario capacitated vehicle routing optimization algorithm based on parallel evolution framework, PEF-

MSOA), ZHEEMT AT Z AN 5. £ PEE-MSOA ) —Vasdr, it 7 —FrE e sl i # 55
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Figure 1. An illustration for determining knee solutions in KnEA for a bi-objective optimization problem
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Figure 2. The flowchart of multi-scenario optimization algorithm based on parallel evolution framework
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Figure 3. Schematic of the transfer strategy of knee points between two scenarios
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Figure 4. The flowchart of CM1 operator
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Figure 7. Optimized solutions for different transfer strategy in objective space
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Figure 8. Optimized solutions for different operators in objective space
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