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Optimization models and solving approaches in relief distribution concerning victims' satisfaction: A review

Using machine learning algorithms to solve optimization problems is an emerging technological topic. To the best of our knowledge, only three articles have tried to adopt machine learning algorithms to solve relief distribution optimization models while only [66,67] care about Moreover, all of these studies focus on Q-learning-based algorithms overlooked. Q-learning has been proven to converge toward the optimal solution. However, it is hard to guarantee that its variants converge to the optimal solution while some of them even do not guarantee convergence. Although the aforementioned results display that Q-learning-based algorithms obtain better solution quality than heuristic algorithms and save more execution time than exact algorithms, it fails to overcome any of them from all metrics. Therefore, it is still hard for machine learning algorithms to replace exact or heuristic algorithms in this field.

  , and total cost were concerned.Li et al. [58] adopted the improved simulated annealing algorithm to improve the calculation efficiency when solving an emergency resource dispatching model with the objective to minimize total travel time and constraints to decide the routes that need to be repaired first.Onoda et al. [59] proposed a reactive tabu search-based optimal vehicle routing method in the distribution area when a natural disaster occurred where the total distribution time and the maximum time of one distribution were both considered. Chen et al. [60] designed an improved differential evolution algorithm to solve a bi-level programming model for natural disaster relief concerning distribution time minimization and allocation fairness maximization. Ferrer et al. [61] addressed a humanitarian aid distribution model taking into account the cost and time of operation, the security and reliability of the routes, the equity and priority of aid handed out, and solved it by a GRASP-based metaheuristic. Victoria et al. [62] presented a mixed-integer linear program and a two-phase heuristic method based on multi-start iterated local search for solving the VRP with time-dependent demand in humanitarian logistics and total arrival time minimization. Davoodi et al. [63] developed an integrated model to minimize the late arrival of relief vehicles that cross points en route to disaster locations and solved this issue through hybrid benders decomposition and variable neighborhood search. Attempting to improve demand fulfillment policy, Alem et al. [64] established a two-stage stochastic network flow model for logistics planning in disaster relief and proposed a simple two-phase heuristic to solve it within a reasonable computing time. Lei et al. [65] studied a heuristic algorithm based on mixed-integer programming to find an inventory allocation and production plan with a shipping schedule for emergency operations scheduling so that total tardiness is minimized.Simulated annealing, tabu search, GRASP, iterated local search, and variable neighborhood search are widely used heuristic algorithms for solving optimization problems. All of them can be adapted to generate feasible solutions for relief although the number of work that we have found in this field is limited. Instead of being used independently, most of them are cooperative with other methods, particularly variable neighborhood search. In addition to existing heuristic algorithms, some researchers have also tried to construct customized heuristic algorithms for specific applications. Computational experiments have verified their efficiency against commercial solvers while a further discussion between the proposed heuristics and existing heuristics is deserved.Yu et al.[66] developed a Q-learning algorithm, a type of reinforcement learning method, to address resource allocation in humanitarian logistics using three critical performance indicators: efficiency, effectiveness, and equity. Several small-scale instances were tested in numerical experiments and showed that the execution time of the Q-learning algorithm was faster than that of an exact algorithm and the accuracy was higher than that of a heuristic algorithm. Keeping the same objective functions as[66],Fan et al. [67] applied Markov decision process to establish the formulation of the emergency supply distribution problem and designed a Deep Q-Network-based approach to tackle this issue. Computational results verified that the proposed algorithm could be a good compromise choice of the exact algorithm and the heuristic algorithm if solving speed and solving accuracy were both considered.Yang et al. [68] studied a heuristic multi-agent Q-learning scheduling algorithm, ResQ, to schedule a rapid deployment of volunteers to rescue victims in dynamic settings with the objective to minimize total distance. Compared with five classical search methods, ResQ had the best overall performance.