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Multidocation Emergency Rescue Route Optimization

under the Condition of Natural Disaster Considering Safety and Time Cost

GUO Peng-hui' ZHU JianGun' WANG He-hua’

(1. College of Economics and Management Nanjing University of Aeronautics and Astronautics Nanjing 211106 China;

2. School of Business Jinling Institute of Technology Nanjing 211169 China)

Abstract: This paper studies the emergency rescue routing problem in which multiple locations are affected by disasters. A rescue

routing optimization model considers safety risk and time expenditure is established for the case where multiple groups of rescuers

can be dispatched from the departure point and return to replenishment point simultaneously. Based on the multi-objective evolu—

tionary algorithm this paper proposes a genetic algorithm for solving the preceding model. The crossover and mutation procedure

ensure the path obtained is always feasible. The loop clearing algorithm cleared all non-beneficial loops. The elite preservation

strategy chooses optimal solution among the Pareto non-dominated solutions. Experiments show that the algorithm does well in both

result and efficiency. In summary this paper proposes the emergency rescue routing problem with multiple rescue team and multi—

ple disaster areas in which the safety risk and time cost of roads is considered. The corresponding algorithm is designed as well.

Key words: Emergency Rescue; Multi-objective Rescue Routing Problem; Genetic Algorithm; Pareto Dominance



