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Abstract

The purpose of this paper is to present a new method for solving the Vehicle Routing Problem with Time Windows (VRPTW). VRPTW can be described as the problem of designing least cost routes from one depot to a set of geographically scattered points. The routes must be designed in such a way that each point is visited only once by exactly one vehicle within a given time interval; all routes start and end at the depot, and the total demands of all points on one particular route must not exceed the capacity of the vehicle. A new hybrid evolutionary algorithm is presented to obtain feasible solutions. The proposed algorithm is based on hybridization of a genetic algorithm and evolutionary algorithm consisting of several local search and route construction heuristics. Results are reported for the standard 100 node data sets of Solomon (1987). The findings indicate that the proposed procedure outperforms other genetic algorithms, and that the results are very competitive with the results of the best metaheuristics found in the literature. In addition, it is shown that the evolutionary algorithm may significantly improve results obtained with our genetic algorithm. The proposed evolutionary algorithm may also be used as an efficient post-optimization technique in combination with a wide variety of VRPTW algorithms.
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1   Introduction

A typical Vehicle Routing Problem (VRP) can be described as the problem of designing least cost routes from one depot to a set of geographically scattered points (cities, stores, warehouses, schools, customers etc). The routes must be designed in such a way that each point is visited only once by exactly one vehicle, all routes start and end at the depot, and the total demands of all points on one particular route must not exceed vehicle capacity. 

     Vehicle routing problems are all around us in the sense that many consumer products such as soft drinks, beer, bread, snack foods, gasoline and pharmaceuticals are delivered to retail outlets by a fleet of trucks whose operation fits the vehicle routing model. In practice, the VRP has been recognized as one of the great success stories of operations research and it has been studied widely since the late fifties. Besides, being one of the most important problems of operations research in practical terms, the VRP is also one of the most difficult problems to solve. It is quite close to one of the most famous combinatorial optimization problems, the Traveling Salesperson Problem (TSP), where only one person has to visit all the customers. TSP is a NP-hard problem. It is believed that one may never find a technique that will guarantee optimal solutions to large problem instances given reasonable computational time. The VRP is even more complicated and therefore untractable. Even for small fleet sizes and a moderate number of transportation requests, the planning task is highly complex. 

     The Vehicle Routing Problem with Time Windows (VRPTW) is a generalization of the VRP involving the additional constraint that every customer must be served within a given time window. Furthermore, hierarchic objective function is used, where the minimization of vehicles is the primary criterion, whereas total traveled distance and total duration of routes are considered as secondary objectives. New complexities encountered in VRPTW formulation are itinerary constraints (maximum length of route) arising from depot time windows and, the cost of waiting which is incurred when a vehicle arrives too early at a customer location.

     VRPTW has been the focus of intensive research. The reader may consult special purpose surveys of VRPTW which can be found in Golden and Assad (1986), Desrochers et al. (1988), Golden and Assad (1988), Solomon and Desrosiers (1988), Desrosiers et al. (1995) and Desaulniers et al. (1999). 

     Here we focus on heuristic and metaheuristic approaches. Details about optimization methods can be found for example in the last two of the above mentioned survey papers and excellent Ph.D. theses by Kohl (1995) and Larsen (1999). For the most successful implementations, see for example Kohl et al. (1999) and Cook and Rich (1999). Because of NP-completeness, the majority of research has focused on heuristics. Construction algorithms and local search heuristics can be found for example in Solomon (1987), Potvin and Rousseau (1993), Russell (1995), Potvin and Rousseau (1995), Cordone and Wolfler-Calvo (1998) and Caseau and Laburthe (1999).

     Metaheuristics are at the core of many recent developments. For successful implementations, see Barnes and Carton (1995), Carlton (1995) and Chiang and Russell (1997), which describe reactive tabu search that dynamically adjusts its parameter settings, based on the current search status. Rochat and Taillard (1995) present a probabilistic technique that uses adaptive memory to record the best routes produced during the search. Also Taillard et al. (1997) employ adaptive memory, but they use a different neighborhood structure, based on exchanges of consecutive customers (or segments) between routes. Potvin et al. (1996) describe a standard tabu search heuristic based on specialized local search heuristics described in Potvin and Rousseau (1995). Schulze and Fahle (1999) use a special shift-sequence neighborhood based on the ejection chains by Glover (1991, 1992) within parallel tabu search framework. Brandão (1999) and Cordeau et al. (2000) introduce simple tabu searches that allow infeasible solutions during the search process.

     Chiang and Russell (1996) use simulated annealing for solving VRPTW. De Backer et al. (2000) test four iterative improvement techniques (2-opt, relocate, exchange and cross) within a constraint programming framework. The techniques are coupled with two metaheuristics (a simple tabu search and guided local search) to avoid the search being trapped in local minima. Guided local search is a metaheuristic based on penalties. The method works by adding a penalty factor to the objective function based on the experience the search has gained. For details, see Voudouris (1997) and Voudouris and Tsang (1998). Kilby et al. (1999) report similar research, but without tabu search and constraint programming. Liu and Shen (1999) develop a new route-neighborhood-based metaheuristic which constructs routes in a nested parallel manner. Gambardella et al. (1999) use a technique based on multiple colonies of artificial ants. Rousseau et al. (2000) test a variable neighborhood descent scheme introduced by Mladenovic and Hansen (1997) and new large neighborhood operators within a constraint programming framework. 

     Genetic algorithms (GA) are of particular interest to us. Thangiah (1995) uses GA to find good clusters of customers, within a ”cluster-first route second” problem-solving strategy. Individuals encoding (chromosome) are represented by a sequence of neighboring sectors originating from the central depot, forming clusters of customers. Once the clusters are formed, customers within each sector are routed using the cheapest insertion method of Golden and Stewart (1985). Finally the solution obtained is improved using a local post-optimization procedure similar to the 2-opt procedure. Thangiah et al. (1995) use the same approach to solve vehicle routing problems with time deadlines. The algorithm proposed by Blanton and Wainwright (1993) consists of encoding individuals by representing a chromosome as a sequence of customers. Search is driven toward suitable orderings of customers based upon precedence relationship (temporal, spatial, mixed), as well as a fixed a priori global precedence order defined over customer time window lower bounds. Genetic operators are proposed to generate new customer sequences or orderings from previous ones. The decoding procedure relies on a greedy heuristic reminiscent of the bin-packing algorithm, in which ordered customers from the chromosome are successively inserted into the solution. Thangiah et al. (1994) develop a hybrid method in which a genetic algorithm is used only to produce initial solutions. The initial solution is improved using (–exchanges either with a first-best or a global-best strategy. Simulated annealing with a non-monotonic cooling schedule is used to guide the local search and finally tabu search is used to maintain a candidate list of solutions. The main feature of the local search procedure is that infeasible solutions with penalties are allowed, if considered attractive. 

     In the algorithm proposed by Potvin and Bengio, (1996) genetic operators are simply applied to a population of solutions. New offspring are created by connecting two route segments from two parent solutions to create a feasible route or by replacing the route of parent-solution two by the route of parent-solution one. Mutation is then used to reduce the number of routes and to locally optimize the solution. Berger et al. (1998) present a hybrid genetic algorithm that exploits a priori knowledge about expected solutions during the recombination and mutation phases of the algorithm. Individuals are encoded as a chromosome formed of multiple segments that represent a feasible route. Recombination is based on removing certain customers from their routes and then rescheduling them with well-known route-construction heuristics. The mutation operators are aimed at reducing the number of routes by rescheduling some customers and at improving routes by locally reordering customers. 

     Bräysy (1999) continues the study by Berger et al. (1998) by creating new crossover and mutation operators and by testing the significance of initial solutions. A crossover operator that randomly selects segments of consecutive customers, removes them from their routes and tries to replace the removed customers with some other customers is found to perform best. The mutation operators are based on identification of the shortest routes and on trying to eliminate them by inserting the customers into other longer routes and on identification and insertion of customers probably in wrong routes into other routes. Finally it is found that only minor emphasis should be put on creating good initial population. Homberger and Gehring (1999) propose two evolutionary metaheuristics based on the class of evolutionary algorithms called Evolution Strategies and three well-known simple route improvement operators by Or (1976), Osman (1993) and Potvin and Rousseau (1995). Gehring and Homberger (1999) use similar approach with parallel tabu search implementation.

     The main contribution of this paper is the development of a new solution strategy for VRPTW. The proposed algorithm is based on hybridization of a genetic algorithm and an evolutionary algorithm consisting of several new local search and route construction heuristics. Flexible, the proposed evolutionary algorithm can also be used as a post-optimization technique to improve results obtained with different routing algorithms.

     The remainder of this paper is organized as follows. Section 2 introduces the basic problem-solving methodology emphasizing the combination of a hybrid genetic algorithm and a new evolutionary approach. An overview of the solution strategy is first given, and then, the genetic algorithm used to create initial solutions is described. Second, the general principles of the proposed evolutionary method to improve initial solutions are introduced. The basic local search techniques used in computing new solutions are then depicted. Then, a computational experiment assessing the value of the proposed approach is presented in Section 3. Accordingly, a comparative performance analysis involving various genetic algorithms and alternate metaheuristics is briefly reported. Finally, Section 4 concludes the paper. 

2 Problem Solving Methodology
2.1  An Overview

Past work on the VRPTW has shown that most of the problem solving strategies lack robustness. The best published solutions are obtained using several different methods. None of the developed methods is able to give the best published solutions to all of the Solomon’s (1987) benchmark problems. Therefore it is reasonable trying to get better results by hybridizing several strategies. In this paper, a two-phase procedural approach is presented. In the first phase a genetic algorithm based on hybridization of well-known route-construction heuristics is used to obtain a feasible solution. In the second phase the solution is improved using a new evolutionary approach.  Having a structure similar to genetic algorithms, the approach involves 6 different local search and route construction heuristics. Both phases are detailed below.

2.2   The Hybrid Genetic Algorithm

The hybrid genetic algorithm
 (HGA) used in the first phase of our method is based on studies by Berger et al. (1998) and Bräysy (1999). The basic differences compared to previous studies are new recombination and mutation operators as well as the evaluation criterion. The algorithm was built on top of Galib – (MIT genetic algorithm library (Wall, 1995)) and uses well-known heuristics to drive the search process. 

Classical genetic algorithms work on a population of chromosomes that encode the characteristics of the corresponding individuals. However, it is very difficult to encode multiple routes on a chromosome, and to design crossover operators that would generate feasible offspring at the coding level. Accordingly, HGA directly applies the genetic operators to solutions. More precisely a solution is represented by a set of feasible routes, an individual being implicitly encoded as a chromosome formed of multiple segments. A chromosome segment (sequence of genes) represents a feasible route referring to a sequence of customers to be visited by a vehicle. Admissible genes are therefore defined by indexed customers and separator symbols. The initial population for HGA is created with a random heuristic that selects and inserts customers into routes in a totally random manner. The random strategy is used, because it is fast, it creates a fairly diversified initial population, and according to Bräysy (1999) the quality of the initial solutions for HGA remains insensitive. HGA and its components are depicted in detail below. The algorithm is:

1.  
Construct randomly 50 solutions for 2 populations using heuristics and encode them as chromosomes of the initial populations

2.
Define the initial populations as current populations

3.
For 600 generations and for 2 populations repeat steps 3.1. ( 3.5. 
3.1. 
Calculate individual fitness using equation (1)                    

3.2.
Move best computed individual (best fitness value) directly into the next population

3.3.
While next population size is smaller than 50 repeat steps 3.3.1.( 3.3.4.

3.3.1.
Select two individuals from the current population using roulette-wheel scheme and 

          
define them as parent solutions

3.3.2.
Apply a crossover operator. Create two offspring from parent solutions using IB_X(k)  

(40% probability for R2; 30% otherwise) and IRS_X (40% probability for R2; 30% otherwise). As part of the IB_X(k) crossover operator a customer removal strategy is applied (random: 25%, distance-based: 25% and largest waiting time: 50%)

3.3.3.
Apply a mutation operator with a 60% probability. If the best  fitness value improves from one generation to the next, then apply RSS_M(k), else apply with a 50% probability the LNS_M mutation operator 

3.3.4.
Generate the offspring into the next population

3.4.  
Migrate from each population the 5 best individuals according to fitness 

3.5.  
Define the next population as current population

4.
Decode and return the best individual of the first population.

Selection.  The selection process consists of choosing two individuals (parent solutions) within the population for mating purposes. We use a roulette-wheel scheme. In this stochastic scheme the probability to select an individual is proportional to its fitness value. An individual fitness value is computed as follows. For a given individual i
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where

ri  
=  
the number of routes in individual i,

rm 
=  
the number of routes in the best individual in the population,

rt  
=  
adjustable parameter (initially, rt = 1),

di  
=  
the total distance of routes in individual i,

dm =  
total distances of the routes in the best population member.


     The proposed fitness expression indicates that better solutions include fewer routes and smaller total traveled distance. Balancing contributions from number of routes and traveled distance respectively, the parameter rt depends upon the average number of customers per route depicted by the best computed solution. As soon as the average number of customers per route computed for the best solution increases over a certain threshold (e.g. 7 customers/route), then rt=5. This new fitness scheme tends to create more competition between solutions having near similar values in terms of the number of routes and total traveled distance. In addition, as best computed solutions start stabilizing (same number of routes), contribution of total traveled distance to individual fitness becomes more significant.

Recombination.   The recombination phase mainly involves two crossover operators, namely IB_X and IRS_X(k). Both operators are applied with the same probability. The insertion-based IB_X crossover operator creates an offspring by combining iteratively various routes r1 of a parent solution P1 with a subset of customers, formed by r2 nearest-neighbor routes from parent solution P2. The routes r1 are selected randomly and the probability for selecting r1 is proportional to its relative total waiting time. IB_X(k) is a natural extension of IB_X in which the procedure is repeated for k routes from P1. 

     A removal procedure is first carried out to remove from r1 some key customers believed to be suitably relocated within some alternate routes. These customer nodes will be considered for insertion in the future route constructions of the child solution. Then an insertion-based routing heuristic inspired from Solomon (1987) is applied to build a feasible route, considering the modified partial route r1 as the initial solution and unrouted customers in routes r2 for insertion. A standard heuristic is coupled to a random customer acceptance procedure, in order to insert one of the best candidate customers into the route. For each new customer insertion into the partial route, the random acceptance method successively examines the sequence of best candidate nodes determined during the current iteration of the standard heuristic, until one is inserted. The method includes principles somewhat reminiscent of the simulated annealing technique to further explore search space, and escape local minima. Once a route construction is completed, the overall process is repeated for a random number of different routes r1 of P1. Parameters of the routing heuristic are selected randomly for each crossover execution. The child then inherits the remaining altered routes of P1 if necessary, and any unrouted customers simply form additional one-customer routes. The process is reiterated to generate a second child by interchanging P1 and P2.

     Routes whose centroids are located within a certain range of r1 (centroid) determine the neighboring routes of r1. The average distance separating r1 from its neighbor r2 routes primarily determines this range. A distance measure between two routes is defined by the Euclidean distance or travel time separating their respective centroid. A route centroid corresponds to a virtual site or customer whose coordinates refer to the average position of its specific routed customers. 

     The customer removal procedure is stochastic and it involves three kinds of strategies. The approaches consist in removing either randomly specific customers, rather distant customers from their successors based on average route successors distance, or customers with waiting times (or alternately with large time windows) above route customer average. Strategies are chosen randomly by the removal procedure based on a user-defined a priori probability distribution.

     As for the IRS_X(k) (insert related Solomon) operator, it removes k (20) “related” customers from a parent solution P1 and creates an offspring by combining iteratively various routes r1 of P1 with a subset of customers formed by r2 nearest-neighbor routes from parent solution P2. Customer “relatedness” refers to customers which can somewhat be interchanged on the basis of similar selected features such as position, near similar time intervals and/or visit time. The insertion procedure used is a variant of the LNS (large neighborhood search) method proposed by Shaw (1998), in which exhaustive search is limited to r1 and insertion cost is defined according to Solomon (1987). The basic principle lies in selecting the customer having the largest insertion cost among the smallest insertion costs for each possible customer insertion, and then, for the chosen customer, exploring exhaustively the reduced search space using a simple route construction heuristic to find the best solution. 

Mutation.   The mutation phase mainly emphasizes two strategies. On the one hand, it consists in eliminating routes having only a few customers and, on the other hand, eliminating related customers and trying to reinsert them into alternate routes. Two mutation operators are proposed for that purpose, namely, RSS_M(k) and LNS_M.

     The insertion-based RSS_M(k) (standing for reinsertion shortest Solomon) mutation operator attempts to move customers from the k (2) smallest routes (small number of customers) of a solution, into alternate existing routes in order to reduce the number of routes, using the insertion-based routing technique described earlier. Alternate routes to be examined for customer insertion are randomly selected. The alternate LNS_M mutation operator consists first in removing a random number of related customers from the current solution (individual) and then using the LNS procedure inspired from Shaw (1998) to reinsert those customers into alternate routes. Given its computational cost, the LNS_M operator is mainly applied when the best computed solution no longer improves. 

2.3   Evolutionary Algorithm

The evolutionary algorithm (EA) is best illustrated with principles of genetic algorithms, by considering each feasible route as an individual. After creating the initial solution (with HGA), its routes are stored into a route pool, which forms the initial population. Thereafter, the routes are put in a random order and all possible pairs of two routes (two-route combinations) are picked according to this order. So at first, first and second routes are selected, then first and third routes are selected and so on for all alternate combinations. The selection is continued up to the first and last routes. Then again, starting from the beginning, second and first routes and second and third routes are selected and so on. Once a pair (combination) of routes is selected, one out of the four local search operators or route construction heuristics designed for two routes is applied randomly based on user-defined probabilities. Finally, offspring routes generated by these crossover operators are mutated according to a user-defined probability. Mutation is specifically achieved by selecting randomly one out of two operators according to a user-defined probability distribution. Selecting each possible pair of routes based upon a random order, mating and mutation operators are repeatedly applied for a certain number of generations, and finally a feasible solution is constructed using the routes in the pool. To quarantee a feasible solution, recombination and mutation operators of EA are not allowed to lose any customers i.e. the offspring routes must contain the same customers as the parent routes, or otherwise parent routes are stored into the route pool instead of offspring routes. The algorithm is:

1.
Read in the best solution found with HGA

2. 
Store the routes of the initial solution into the route pool

3.
Repeat steps 3.1. (3.2. for 15 generations

3.1.

Order routes in the pool randomly

3.2.

Repeat steps 3.2.1. – 3.2.3. for each possible pair of routes in the route pool

3.2.1.  
Select a pair of routes according to the order and mark them as current parents


3.2.2.  
Mate the current parents with 20% probability using I_X, 15% probability using R_X, 


15% probability using RR_X or 50% probability using CE_X

3.2.3. 
Mutate the offspring with an 80% probability with 78% probability using P_M, 

          
or 22% probability using R_M

4. 
Construct and return a feasible solution.

      The local search procedures use “first accept” strategy, that is once a better solution is found according to an acceptance criterion, the routes are modified and the search is continued using the modified routes. The acceptance criterion for the moves is the following: If the number of routes is reduced, the move is always accepted. Otherwise a move is accepted if the value of the routes currently in process is improved in terms of a specified measure. The specified measure is the sum of total route distances and total route waiting times in process multiplied by a parameter. The value of this parameter varies between 0(0.2, depending on the current generation. 

     Finally EA uses the principles of Guided Local Search (GLS) in trying to escape local minima. As stated earlier, the basic principle of GLS is to penalize certain “bad features” in order to guide local search procedures. Here we penalize arcs longer than average. Therefore, if the distance between a pair of consecutive customers is longer than average distance between consecutive customers in routes in the route pool and certain threshold value (0.25( average distance between consecutive customers), that particular arc is penalized. The penalty factor is the number of times that particular arc emerged in previous routes during the search. However, each time the solution value is improved, the penalty factors are set to zero. Thus we try to diversify the search only when the algorithm is not able to improve the solution value. In the last three generations the diversification is not allowed in order to return local minimum.

Recombination.   The recombination phase involves four crossover operators, namely, CE_X, I_X, R_X and RR_X. Those operators are randomly applied, based upon a user-defined probability distribution. The cross-exchange operator CE_X is based on cross-exchanges described in Taillard et al. (1997). The idea is to select segments of various lengths from two routes and exchange the route of the customers within the selected segment. The length of the segments was derived experimentally and it varies between 0-3. Thus, this operator can do both insertion (if segment lengths of the routes are not the same) and swapping of customers. Based upon our experience it is not reasonable for problems with time windows to spend costly efforts in trying to insert customers from the beginning of the first route into the end of the second route or conversely.
 Therefore we consider only positions within a (10 customer positions neighborhood from the start of the segment in the first route as insertion positions in the second route. 
     The insertion operator I_X tries to insert one customer at a time into another route. First, the route from which customers are examined for insertion is selected randomly. Then, customers from the first (selected) route are randomly looked at for feasible insertion into all possible places of the second route. This is done repeatedly for all customers of the first route. If the value of the routes is improved due to insertion, routes are immediately updated. This operator is basically proposed to check insertions disregarded by the CE_X operator. 

     The rebuilding operator R_X is based on cheapest insertion heuristic. All customers in both routes are first marked as unrouted. Then both routes are rebuilt with cheapest insertion heuristic that considers two routes simultaneously. In each phase a customer and its insertion place are determined according to a specified evaluation measure inspired from Solomon (1987). The parameter values used by the evaluation measure depend on the average tightness of the time windows of the problem. The tighter the windows the more time is emphasized in selecting the best insertion place. 

     The random rebuilding RR_X operator is quite close to R_X. It deals with the problem of inserting customers into routes in the right order. First, customers in both routes are marked as unrouted. Customers are then randomly inserted one at a time into the best place available according to an evaluation measure inspired from Solomon’s (1987) insertion heuristics. The parameters’ values of the heuristic depend on the problem the same way depicted above for R_X. Also, the route in which a chosen customer is inserted, is selected randomly. Should the insertion in the selected route not be possible, an alternate route will be examined. Route selection and insertion are continued until all customers are routed. 

Mutation.   The permute operator P_M is applied to a single route at a time and it is based on Or-opt (Or, 1976) exchanges. As a first step, it attempts to insert all possible segments of three consecutive customers between all possible pairs of consecutive customers in the route. Then, segment of two and one customers respectively are examined for insertion to alternate places in the route. 

     It is worth noticing that this operator may be used with any possible maximum segment length. Reinsertion of segments up to maximum length of 10 without gaining significant improvements in solution quality was considered. However, as problem size grows, larger values might provide better results, but at the expense of additional computational cost.

     The reorder operator R_M is also applied to a single route at a time. The basic idea is to focus on reordering customers whom can be serviced in various orders. More precisely, the customers for whom time windows are tight are first inserted into the route, based upon the initial order they had in the original route. The tightness criterion is defined by the user (we used value 30). Then, the remaining customers are inserted using Solomon’s (1987) insertion heuristic, specifying parameter values biased toward distance attributes for the insertion cost. The motivation for introducing this operator is primarily related to feasibility requirements and the following premise: Customers whose time windows are tight are already in the best (only) possible order after the creation of the initial solution. The main drawback of sequential insertion heuristics though, is its myopic nature, ignoring the impact of future customer insertions on solution quality while constructing a route. Here, the insertion sequence is mainly determined by inserting customers having few possible insertion places first. Remaining customers are inserted in such a way that total traveled distance is minimized.
3   Computational Experiment
3.1   Problem Data 

To analyze the performance of our algorithm, an experiment was conducted over 56 VRPTW problem instances partitioned in six data sets denoted R1, C1, RC1, R2, C2 and RC2 (Solomon, 1987). The problems vary in fleet size, vehicle capacity, travel time, spatial and temporal customer distribution (position, time window density, time window width, and service time).

     Each problem instance involves a central depot of vehicles, one hundred customers to be serviced, as well as constraints imposed on vehicle capacity constraint, customer visit or delivery time (time windows), and total route time. C1 and C2 data sets are characterized by a clustered customer distribution whereas R1 and R2 refer to randomly distributed customers. Data sets RC1, RC2 represent a combination of a random and a clustered customer distribution. Instances describing two classes of problem (1 and 2) involve identical customer locations and vehicle capacity. The former (C1, R1, RC1) includes short scheduling horizon and small vehicle capacity problems, and typically require 9 to 19 vehicles. The latter (C2, R2, RC2), more representative of “long-haul” delivery with longer scheduling horizon and larger vehicle capacity does require fewer vehicles (2(4). Travel time separating two locations is given by Euclidean distance. Implemented in C++ and Java respectively, HGA and EA were studied by running five computer simulations for each of the 56 problem instances using a Pentium Celeron 366 MHz computer. 
3.2   Computational Results

Table 1 shows some results obtained over a certain number of generations using EA. To make relative comparison easier, an average number of vehicles and total distance were calculated for data sets R1, R2, RC1 and RC2. Average EA run-times over 15 generations are 43 seconds for R1, 87 seconds for R2, 44 seconds for RC1 and 91 seconds for RC2 respectively. Given limited potential for improvement, results for C1 and C2 have not been reported. It turns out that EA proves being able to improve results provided by HGA in a few cases, even though the difference remains insignificant regarding C1 and C2. 

Table 1: Minimum, average and maximum results obtained with our HGA+EA method

NUMBER OF
R1
R2

GENERATION
MINIMUM
AVERAGE
MAXIMUM
MINIMUM
AVERAGE
MAXIMUM

0
12.3*  

1243.2
12.5  

1269.5
12.7  

1290.0
3.0  

1062.4
3.0  

1099.8
3.1  

1130.5

5
12.3  

1221.8
12.5  

1234.2
12.7  

1242.3
3.0  

984.2
3.0  

1005.9
3.1  

1040.8

10
12.3  

1217.8
12.5  

1225.6
12.7  

1230.9
3.0  

980.6
3.0  

996.9
3.1  

1023.6

15
12.3  

1216.1
12.5  

1223.4
12.7  

1228.5
3.0  

974.7
3.0  

989.5
3.1  

1004.6

NUMBER OF
RC1
RC2

GENERATION
MINIMUM
AVERAGE
MAXIMUM
MINIMUM
AVERAGE
MAXIMUM

0
12.1  

1395.8
12.2  

1426.1
12.3 

 1456.0
3.4 

 1279.0
3.5 

 1356.9
3.8 

 1385.4

5
12.1  

1375.2
12.2 

 1398.9
12.3 

 1420.3
3.4 

 1196.2
3.5 

 1231.1
3.8 

 1246.2

10
12.1  

1369.6
12.2 

 1393.6
12.3 

 1413.0
3.4 

 1165.4
3.5 

 1209.3
3.8 

 1228.1

15
12.1  

1366.2
12.2 

 1390.8
12.3 

 1409.9
3.4 

 1165.4
3.5 

 1205.4
3.8 

 1223.4

*Average number of vehicles and average total distance.

     The most significant enhancement is obtained for R2 and RC2 data sets. Improvements concern total traveled distance, which in some cases was reduced by almost 20%. Table 1 also shows that most improvements appeared very early during the first few generations, even though EA still improves solutions over future generations for all data sets. Finally, by comparing minimum and maximum (best and worst results) columns in Table 1, it can be seen that the results vary in terms of both the number of vehicles and the total distance, and that variance decreases with the number of generations. This indicates that EA is able to stabilize the variance of the initial solutions produced by HGA by improving worse solutions more often than good solutions. Generally, EA shows quite good performance on average while keeping the variance relatively small.

     We believe that our EA can also be used with any algorithm developed for VRPTW as post-optimization technique to optimize solutions regarding distance. Given the unavailability of accurate results obtained with other algorithms, validating this hypothesis is very limited. However, we tested EA with a few best published solutions reported by Rochat and Taillard (1995) and found that EA was also able to improve them, even though the improvement remained quite modest (varying between 1(2%). 

     Table 2 compares the best solutions found with different genetic algorithms and other well-known metaheuristics. To ease the comparison, an average result for each data set was calculated. The HGA+EA column refers to the best result obtained by running the algorithm five times using fixed parameter setting. A hierarchical objective function used to define solution quality is typically associated with all procedures studied. That is, the number of routes is first minimized and then, for the same number of routes, total traveled distance is minimized. An exception is found in PB, where the second objective is to minimize the total duration of all routes. Comparative results shown in Table 2 involve only methods for which results were reported for all data sets Solomon (1987) examined. This is because robustness is, in our opinion, one of the most important properties of an algorithm solving VRPTW’s. A technique generating excellent solutions for some problem instances but delivering poor results for others may not be regarded as an efficient problem-solving procedure. We contend that a good algorithm must consistently be able to generate acceptable solutions to a wide variety of problem instances for every run.

Table 2: Comparison between best solutions found with different genetic algorithms and other good metaheuristics. For each method the average number of vehicles and average total distance over the problems in each six data sets of Solomon are given. CNV and CTD refer to cumulative number of vehicles and cumulative total distance over all test problems.

PROB.

SET
HG
TH
BE
PB
BR
TA
LS
GTA1
HGA+EA

R1
11.92
1228.06
12.75 

1300.25
12.58 

1261.58
12.58 

1296.83
12.58 

1272.34
12.25 

1216.70
12.17 

1249.57
12.38 

1210.83
12.33 

1216.08

C1
10.00 

828.38
10.00 

892.11
10.00 

834.61
10.00 

838.00
10.00 

857.64
10.00 

828.45
10.00 

830.06
10.00 

828.38
10.00 

828.75

RC1
11.63 

1392.57
12.50 

1474.13
12.13 

1441.35
12.13 

1446.20
12.13 

1417.05
11.88 

1367.51
11.88 

1412.87
11.92 

1388.13
12.13 

1366.16

R2
2.73 

969.95
3.18 

1124.73
3.09 

1030.01
3.00 

1117.70
3.09 

1053.65
3.00 

995.38
2.82 

1016.58
3.00 

960.31
3.00

 974.68

C2
3.00 

589.86
3.00 

749.13
3.00 

594.25
3.00 

589.90
3.00 

624.31
3.00 

590.30
3.00 

591.03
3.00 

591.85
3.00

 591.31

RC2
3.25 

1144.43
3.38 

1411.13
3.50 

1284.25
3.38 

1360.60
3.38 

1256.80
3.38 

1165.62
3.25 

1204.87
3.33 

1149.28
3.38

 1165.38

CNV

CTD
406

57989
429

65079
424

60539
422

62572
423

60962
416

57993
412

59317
418

57583
419

57814

The authors in Table 2 are:

HG: (Homberger and Gehring, 1999), TH: (Thangiah, 1995), BE: (Berger et al., 1998), PB: (Potvin and Bengio, 1996), BR: (Bräysy, 1999), TA: (Taillard et al., 1997), LS: (Liu and Shen, 1999), GTA: (Gambardella et al., 1999), HGA+EA: Our hybrid evolutionary algorithm.

1 Average result over three independent runs.

     Run-time comparison for different methods is difficult as heterogeneous hardware and software were used. In Table 2 all algorithms except EA (in JAVA) and LS (in Fortran 77) are coded in the C-language. TH is clearly the fastest, requiring only 127 seconds on Solbourne 5/802 on average. BE reports 60(600 seconds, depending on problem instance, whereas PB needs 1500 seconds on the average using a similar computer, namely a Sun SPARC 10. BR refers to an average of 1020 seconds on Sun Ultra Enterprise 450 (300 Mhz). Then, computational results for HG are obtained running the procedure 780 seconds on a Pentium 200 Mhz, whereas the results for TA require run-time of 14 882 seconds on a Sun Sparc 10. As for the alternate techniques, LS requires 1141 seconds on HP-9000/720 workstation in comparison to 1800 seconds for GTA on a Sun UltraSparc 1 (167 Mhz) Finally, average computation time recorded for HGA+EA is 903 seconds on Celeron (366 Mhz) PC. Run-time is mostly spent on HGA. EA run-time is relatively low, 69 seconds on average. 

     The reported computational experiment generally shows that the proposed HGA+EA approach is competitive with the best known metaheuristics, even though it failed to precisely match any of the best published results so far. But, the procedure seems to perform better than previously designed genetic algorithms. General observations on the various approaches can also be made with reference to Table 2. For instance, for all explored data sets, HG appears to be slightly better than other algorithms. However, the differences regarding the number of vehicles are in general small. In that respect, the algorithms reported in Table 2 differ by about 4%, and the results depicted for HGA+EA are within 3% on the average from the best reported results. When comparing total distances, it can also be seen that, on average, GTA is slightly better than other algorithms. But still, the difference in total distance between GTA and our HGA+EA remains generally very small, 0.4% on the average. Finally, it is interesting to notice that the worst results recorded in terms of number of vehicles and total traveled distance, are clearly provided by TH. For example, the difference in total distance between HG and TH may be over 20% for RC2, which point out potential limitations on performance behavior and cost-effectiveness for some procedures.

4    Summary And Conclusions

The purpose of this study was to create a new hybrid evolutionary algorithm for solving vehicle routing problems with time windows. The proposed algorithm is based on hybridization of a genetic algorithm and new a evolutionary algorithm consisting of 6 different local searches and route construction heuristics. Computational testing of the proposed method was carried out with 56 test problems of (Solomon, 1987). 

     The hybrid genetic algorithm used to create initial solutions for our EA is based on usage of a priori knowledge/characteristics about expected solutions during the recombination and mutation phases of the algorithm and it uses well-known heuristics to drive the search process. The crossover operators are based on identifying and removing some customers that should suitably be located within some other route and replacing these customers with ones from nearest routes of the alternate parent solution. The mutation operators were aimed at reducing the number of routes for computed solutions by eliminating routes having only a few customers and at locally reordering the customers.

     The evolutionary algorithm is as well based on principles of genetic algorithms. Routes of the initial solution are considered as individuals and crossover and mutation operators are applied directly to them. The selection is not based on fitness values. Instead all pairs of routes are considered in random order. The crossover operators are based on swapping segments of varied size of consecutive customers between parent routes, on insertion of customers in random order into other routes, and on usage of cheapest insertion heuristic to insert customers into the best possible places in parent routes according to a certain evaluation measure. One of the two mutation operators is based on Or-opt (Or, 1976) exchanges and it is used to reorder customers within each route. The other mutation operator focuses on customers who have several possible service orders and reinserts them into the route so that additional detour is minimized. 

     In the end, the best results obtained with our algorithm were compared with the best results obtained by other genetic algorithms and with other metaheuristics providing excellent results. Generally it can be concluded that the results obtained with our algorithm are competitive with the results obtained with other approaches. Future research will explore usage of different diversification and intensification techniques in order to escape local minimum and to further reduce the number of routes. 
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