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Physical distribution is one of the key functions in logistics systems, involving the

flow of products from manufacturing plants or distribution centers through the

network of transportation to consumers. The function is very costly, especially for

the distribution industries. During the past decades, the significance of physical

distribution has increased enormously in both economic and managerial aspects.

Several firms have realized that an efficiency improvement and a cost control of

physical distribution would provide a potential for cost reduction and hence profit

improvement. However, the customer satisfaction cannot be disregarded, since the

focus on reducing cost often decreases the customer service level in many cases. A

compromised strategy which lowers the cost of physical distribution and accounts

for customer satisfaction must be sought.

In this research, an effort to improve distribution strategies and reduce the

distribution cost for the multi-product, multi-depot periodic distribution problem is

made, while maintaining the desired customer service levels. In industry practice,

distribution centers typically operate independently within their own territories

only. However, it may be beneficial to allow those distribution centers to operate

interdependently, particularly when the product supplies are limited at some

distribution centers. In such cases, the distributors may satisfy customers' requests
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by delivering products from other distribution centers that hold more supplies. The

interaction of interdependent operations among distribution centers, which have not

been used in the industrial applications so far, is investigated. A mixed-integer

linear programming model is formulated to represent this multi-product, multi-

depot periodic distribution problem. Three tabu-search heuristics with different

applications of long-term memory are developed for solving the problem. The

performance of the heuristics is evaluated by comparing the solutions obtained with

the optimal solutions or lower bounds from the regular branch-and-bound method

and fast lower-bound finding techniques developed in this research. The heuristics

provide good-quality solutions in a much shorter time than those methods.

The performance of the three tabu-search heuristics is compared using statistical

experiments based on the randomized complete block design and Tukey's Honestly

Significant Differences. The experimental results show that the tabu-search

heuristic with the use of long-term memory for diversification process outperforms

the others. The heuristic is further applied to investigate the impact of

interdependent operations among distribution centers. The results reveal that the

interdependent operations among distribution centers provide a significant cost

saving over the independent operations among distribution centers, especially for

large-size problems.
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A MULTI-PRODUCT, MULTI-DEPOT PERIODIC DISTRIBUTION
PROBLEM

CHAPTER 1: INTRODUCTION

Distribution costs are typically the greatest expenses of every logistics systems,

over costs of warehousing, inventory maintaining, order processing, and

administration. A survey presented in l3allou (1992) indicated that logistics costs

averaged at about 10 to 15 percent of the sales for manufacturing industries and at

more than 25 percent of the sales for distribution industries. Approximately 20 to

60 percent of those logistics costs were from distribution costs, depending on

values of products and types of companies. In many industries, the distribution

costs could be as high as 30 to 40 percent of total expenses (Stern et al., 1996). The

control of distribution costs is thus a major concern to the management.

In this research, we focus on improving distribution strategies in order to reduce the

costs while maintaining the service levels for periodic distribution industries under

a multiple-depot environment. Periodic distribution industries, in this case, refer to

industries which deliver products to their customers in a periodic basis, such as

once a week, twice a week and so on. Only few customers would receive deliveries

every day of the planning period. How frequent each customer should be visited in

a period depends on its product usage, storage space, preference and the contract

between the customer and the distributor. Too frequent deliveries with small load

would cost the distributor high total delivery costs while too few deliveries with

large load would incur high inventory carrying costs to the customer or may not be

possible because of the customer's limited storage space. Such distribution

industries include grocery industries, food industries, beverage industries,

petrochemical industries, and pharmaceutical industries, amongst others.
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The problem of constructing delivery routes for periodic distribution industries is

known as a periodic vehicle routing problem. Periodic vehicle routing problem

(PVRP) is a generalization of the vehicle routing problem (VRP). Unlike the

classical vehicle routing problem which works with a single day delivery, the

periodic vehicle routing problem considers designing a set of delivery routes for

every day of a planning period where customers may not receive deliveries on

every day in the period. Each customer specifies a set of allowable delivery patterns

(i.e., combination of delivery days) to the distributor. The distributor selects the

most suitable delivery pattern for each customer and then delivers the required

products to the customer on the days corresponding to the assigned pattern.

The classical version of periodic vehicle routing problem focuses on delivering

products from a single distribution center to a number of customers according to

the assigned pattern at a minimum cost. Delivery frequencies and quantities are

known and fixed. The supplies at the distribution center are assumed to be plenty.

Hence, product backordering is of no concern. Customers are assumed to be able to

receive the product at any time. No delivery time windows are required. Every

vehicle is allowed to make at most one delivery trip per day only.

In this research, we are however interested in a problem of delivering a set of

products from several distribution centers to a number of customers, under the

scenario in which the product supplies are limited at distribution centers, thus

allowing for backordering. The product allocation is therefore important and

needed to be integrated to the periodic vehicle routing problem. The time-window

requirement and the multiple trips of vehicles are also considered.

Including this chapter, this dissertation contains 9 chapters. The literature review is

presented in the next chapter, Chapter 2. Chapter 3 explains the problem

description and industry relevance. Chapter 4 presents the formulation of the

mathematical model for the multiple-product, multiple-depot periodic distribution
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problem. Chapter 5 describes the tabu-search based algorithms for this distribution

problem in detail. An assessment of the quality of solutions determined from the

proposed algorithms is presented in Chapter 6. The comparisons of various tabu-

search heuristics are presented in Chapter 7. Chapter 8 reports the experiments

undertaken to assess the advantages of assigning alternative distribution centers to

customers. Finally, the conclusions and recommendations for future research are

presented in Chapter 9.
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CHAPTER 2: LITERATURE REVIEW

The multi-product, multi-depot periodic distribution problem with limited supplies

at distribution centers is considered in this research. As in the real-world practice,

customers specify combinations of allowable delivery days and delivery time-

windows along with demands. The vehicles may be assigned to more than one

delivery trip on any given day, if needed. The past literature related to this subject

is reviews in this chapter. Section 2.1 investigates various studies on the periodic

vehicle routing problem. Section 2.2 provides a review of the vehicle routing

problem with time windows. Section 2.3 describes the multi-depot vehicle routing

problem. Section 2.4 surveys the multi-trip vehicle routing problem. Finally, the

motivation for the research is given in Section 2.5.

2.1 THE PERIODIC VEHICLE ROUTING PROBLEM

Early studies of the periodic vehicle routing problem arise in municipal waste

collection where a set of vehicles leave a disposal facility to collect the waste at a

number of pickup sites (Beltrami and Bodin, 1974; Russell and Igo 1979). In the

classical version, a service frequency of each customer is usually defined by total

amount of its demand over the period. The decision maker can. assign any service

days to those customer locations. An equal amount of demands are assumed at each

visit. No time window requirement is specified. Only maximum route duration is

restricted. Many heuristics have been proposed in the literature.

Beltrami and Bodin (1974) investigate on the waste collection problem in New

York City. The service frequencies are limited to either 3 days or 6 days per week.

Only three visiting patterns are considered. These include Monday-Wednesday-

Friday and Tuesday-Thursday-Saturday patterns for the frequency of 3 visits per

week and Monday-to-Saturday service pattern for the frequency of 6 visits per

week. Two approaches are proposed for this problem. The first approach is to



construct the routes first and then assign the routes to every collecting day. The

second approach is to cluster the pickup sites by collecting days first and then

construct the routes for those clusters. Heuristics based on the Clarke & Wright

(1964) savings algorithm are used in both approaches.

Russell and Igo (1979) extend the work by Beltrami and Bodin (1974) by

considering more visiting patterns and frequencies. They included patterns that do

not contain totally consecutive delivery days (such as Monday- Wednesday-

Thursday and Tuesday-Thursday-Saturday.) The size of the original problem is first

reduced by gathering the sites that are very close together and considering the

whole as a single pickup site. The collecting days are assigned to the pickup sites

which required waste collecting everyday or on specific days first. The remaining

sites are included to the existing groups, depending on its distance to the center of

the group, and whether their collecting days are compatible. The interchanges of

visiting patterns and links are performed to improve the quality of solutions. Two

approaches, a modfled Russell's MTOUR algorithm (Russell, 1977) and a
modfledClarke & Wright (1964) savings algorithm are considered.

Christofides and Beasley (1984) propose two approaches for a classical periodic

delivery problem. In the median relaxation approach, a center for each delivery day

is identified and scattered from the others as much as possible. The heuristics then

assign to each customer the delivery pattern that generates the least incremental

cost, relative to the distance between the customer and the center. The pattern

interchange procedure is applied afterwards to improve the solution quality. As a

result, most of the routes on the same delivery day tend to head into one geographic

area. For the traveling salesman relaxation approach, the heuristics first assigns

delivery pattern with a least incremental cost to each customer in the order of their

importance. For each day of the period, an initial Traveling Salesman route is

formed using a least cost insertion heuristic and a 2-optimal interchange procedure.

The pattern interchange procedure is implemented on a subset of customers that are



near to the existing routes, but currently routed on different days. The final daily

delivery routes are constructed from the improved Traveling Salesman route. The

latter approach is more efficient, according to the experiments on the test problems.

The generalized assignment model and heuristic for the classical vehicle routing

problem proposed by Fisher and Jaikumar (1981) is extended to solve the periodic

vehicle routing problem by Tan and Beasley (1984). The algorithm first identifies a

seed point for the route of each vehicle on each day of the period and then

computes a distance contribution matrix of inserting customers into the routes

between the distribution center and the seed points. The pattern assignment is found

by solving an LP relaxation of the periodic vehicle routing problem and rounding

up the largest fractional pattern-to-customer-assigning binary variables, which

maintains the solution feasibility. Finally, the corresponding single-day vehicle

routing problems are solved with the Fisher's and Jaikumar's generalized

assignment heuristic.

Russell and Gribbin (1991) propose a multi-phase approach for the periodic vehicle

routing. In the first phase, the pattern assignment problem is approximated into a

generalized network and solved for an initial solution. The interchange heuristic for

the traveling salesman relaxation by Christofides and Beasley (1984) is applied in

the second phase. The third phase considers an interchange heuristic for the actual

vehicle routing problems rather than the traveling salesman relaxation as in the

second phase. An integer programming tour is solved in the last phase for a further

route improvement.

Chao, Ct al. (1995) initially assign patterns to customers by solving a relaxed

integer program that balances the daily demand over the period, and rounding up

the largest fractional pattern-to-customer binary variables. The vehicle capacity

constraint is initially relaxed; thus the resulting assignment may be infeasible. The

solution is improved by a one-point movement procedure, which considers
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removing a customer from its current position and reinserting it into another route,

with or without reassigning a new pattern. The procedure integrates the record-to-

record approach (Dueck, 1993), which allows moves to intermediate inferior

solutions. A 2-optimal exchange and an infeasibility removing procedure are

applied afterwards. The heuristic diversifies the searches through two re-
initialization processes. The first process is to restart the search with a feasible

solution obtained from a mod/ied Clarke & Wright (1964) algorithm. The second

process computes the ratios of the delivery quantity over the distance saved by

removing the customer from the route. The initial solution of this process is

obtained by removing some customers with one delivery per week and reinserting

them in a decreasing order of those ratios. The heuristic reports very good

performance on the test problems.

Cordeau, Ct al. (1997) propose a tabu search metaheuristic for the classical single-

depot periodic vehicle routing problem. This heuristic can also be applied to a

periodic traveling salesman problem and a single-day, multiple-depot vehicle

routing problem. The heuristic starts with identifying an initial solution by

randomly assigning a delivery pattern to each customer and constructs the routes in

a non-decreasing order of the angle that they make with the distribution center and

an arbitrary radius. A neighborhood structure is defined by all solutions that can be

reached from the current solution by either removing a customer from its current

route and reinserting it into another route on the same day, or replacing a

customer's delivery pattern with another. The latter is equivalent to removing and

reinserting the customer to the routes on different days. The customer insertion and

removal is performed by the Generalized Insertion heuristic (GENI) proposed by

Gendreau et al. (1992). Infeasible moves are permitted during the search by

integrating overcapacity and overduration penalties into the cost function. Each

penalty is weighted with a self-adjusting factor. The factor is increased, if the

solution is infeasible subject to the corresponding constraint and decreased

otherwise. The heuristic diversifies the searches by penalizing on the attributes (i.e.,
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the customer-vehicle-day assignments), that are often included in the solution.

From the computational results, the proposed tabu search heuristic outperforms the

other approaches proposed in the literature, with reasonable computational time.

Vianna, et al. (1999) propose a parallel hybrid genetic algorithm for the classical

period vehicle routing problem. The heuristic is based on the genetic algorithm and

the sequential algorithm by Rocha, Ochi and Glover (1998). In this heuristic, the

chromosomes contain the information of customers' delivery patterns and daily

demands. An initial population is generated by assigning alternative feasible

patterns to customers. The fitness level is determined by the objective function

value of the periodic vehicle routing problem. The population of chromosomes is

partitioned into several subpopulations and solved in parallel. After a number of

iterations, the generation renewal is performed by replacing a number of worst

chromosomes with new offspring. The classical crossover and mutation are

employed in this reproduction process. The migration procedure is triggered only

when subpopulation renewal is necessary, due to excessive cost of communication.

The parallel hybrid genetic algorithm provides comparable results to the tabu

search heuristic by Cordeau, Ct al. (1997).

An unequal quantity of delivery at every visit in the periodic vehicle routing

problem is first considered in the reviews of computer uses in routing by Golden

and Wasil (1987) for beverage industry. In the beverage industry, the periodic

vehicle routing problem appears in a driver-sell application, in which a driver visits

a set of customers in his/her territory over a planning period and sells as many units

of products as he/she can to each customer. The customers' demands are unknown

and usually estimated from the historical data. The service frequencies are

determined by the customers' weekly demands. In this application, the dispatchers

list a number of allowable delivery patterns for all service frequencies and use their

experiences to specify unequal fractions of weekly demands to each delivery

pattern. For instance, a pattern may correspond to delivering 45 percent of demands



on Tuesday and the rest on Friday; another may correspond to delivering 25 percent

of demands on Monday, another 25 percent of demands on Wednesday and the rest

on Friday. An algorithm is implemented to assign a proper pattern to each

customer. The service routes are constructed using a commercial vehicle routing

system.

Ball (1988) formulates a mathematical model for a periodic vehicle routing

problem, described in Golden and Wasil (1987). In his model, a customer/pattern

value parameter is introduced to indicate the preference of delivery patterns over

the others. The objective function is to minimize the difference in total cost and the

sum of the customer/pattern values. Ball (1988) suggests a heuristic, which is

modified from those proposed in the past literature. The heuristic first allocates the

customer to delivery days by solving a variant of prize collecting traveling

salesman problem, in which the customer/pattern values are viewed as the prizes.

After the pattern assignment is completed, a set of vehicle routing problems are

solved for daily delivery routes. Computational results are not reported.

Carter et al. (1996) addresses a multi-product, single-depot periodic distribution

problem arising in a grocery distribution in Ontario, Canada. Clearly, the arbitrary

product allocations such as those in the previous research were not efficient and not

applicable to this real-world situation. Carter et al. (1996) thus formulate a

mathematical model that includes the choices of delivery frequency and delivery

patterns as decision variables. Moreover, they consider product insufficiency

(which occurs from time to time at the participating distributor), and delivery time-

window requirement in their model. The original problem is decomposed into two

subproblems, a product allocation problem and a vehicle routing problem with time

windows. The objective of the product allocation subproblem is to assign

appropriate delivery frequency and delivery days, and allocate available product to

each customer, while taking into consideration a pattern preference parameter

(which is similar to the customer/pattern value parameter in Ball, 1988) and the
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number of vehicle used. The allocation subproblem is solved by a heuristic based

on a Lagrangian relaxation method. Then, the corresponding t single-day vehicle

routing problems with time-windows are solved, using a modified version of

Solomon's Ii insertion heuristic (Solomon, 1987). Finally, the solutions are

adjusted using some routines to obtain a feasible solution with balanced daily

workload throughout the planning period.

2.2 THE MULTI-DEPOT VEHICLE ROUTING PROBLEM

The classical multi-depot vehicle routing problem works on designing vehicle

routes from a set of distribution centers to serve a number of customers on a single

day with no time window requirements. Many researchers have contributed to

developing various solution heuristics for the multi-depot vehicle routing problem.

Typically, the heuristics are modified from those proposed for the vehicle routing

problem (Cordeau, et al., 1997). A detailed review on the algorithms in the past

literature can be found in Renaud, et al. (1996).

Renaud, et al. (1996) develop a tabu search heuristic for the multiple-depot vehicle

routing problem. The heuristic initially assigns customers to nearest depots and

applies an improved petal heuristic to solve the corresponding classical vehicle

routing problems. Subsets of intra-depot, inter-depot and three-route interchanges

are considered during the 'fast improvement' procedure. The search is intensified to

seek for better solutions by restarting the search with the best known solution and

executing intra-depot interchanges to each depot. Finally, the search is diversified

by applying the inter-depot interchanges, followed by the intra-depot interchanges

until the maximum number of consecutive iterations without improvement is

reached. The heuristics are compared to the past heuristics and proved to be very

efficient.
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As aforementioned, the tabu search metaheuristic by Cordeau, et al. (1997) for the

periodic vehicle routing problem is also applicable to the multiple-depot vehicle

routing problem. Only a few modifications are needed in the initial solution and the

neighborhood finding mechanisms. In the initial finding mechanism, the heuristic

identifies an initial solution by assigning each customer to its nearest depot and

constructs the routes from each depot in a non-decreasing order of the angle that the

customers make with that depot and an arbitrary radius. The current solution is

perturbed by intra-depot and inter-depot interchanges to generate a set of solutions

in the neighborhood. All other functions are unchanged. The tabu search heuristic

presented also outperforms the other approaches proposed in the literature for

multi-depot vehicle routing problem, including the heuristic by Renaud, et al.
(1996).

Fladjiconstantinou and Baldacci (1998) consider a multi-depot periodic vehicle

routing problem for a utility company. The problem considers dispatching a

number of mechanic teams from several depots to grant preventive maintenances to

a set of customers over a planning horizon. The initial solution is generated by

assigning each customer to its nearest depot. The visiting pattern is assigned to

each customer using the least cost insertion heuristic. The customer with the

highest service frequency and service time is considered first. A tabu search based

heuristic is applied to solve the vehicle routing problem on each day. The visiting

pattern and depot reassignments are perfonned afterwards. The search is diversified

by restarting the algorithm with other initial visiting pattern assignments. Several

simulated scenarios are evaluated.

2.3 THE VEHICLE ROUTING PROBLEM WITH TIME WINDOWS

The vehicle routing problem with delivery time windows is probably the most

attractive variants of the vehicle routing problem to the researchers. In this

problem, the distributor must make deliveries within the time intervals during



12

which the customers specify only. However, earliness and lateness are allowed in

some studies by incurring penalty costs into the objective function (Koskosidis, et

al., 1992 and Taillard, et at., 1997). These problems are known as the vehicle

routing problem with soft time windows. Some selective literature reviews on the

classical vehicle routing problem with delivery time windows are addressed here.

Solomon (1987) proposes several algorithms modified from those for the general

vehicle routing problem. The first heuristic is a modified Clarke & Wright (1964)

savings algorithm with an inclusion ofa time window feasibility check routine. The

second algorithm is a time-oriented nearest neighbor algorithm. The cost matrix

used in this algorithm is evaluated by three weighted parameters, the direct travel

distance between a pair of points, the urgency of delivery, and the remaining route

time. The third algorithm, the insertion heuristic, seeks for the best feasible

insertion for each unrouted customer and selects the best customer to be inserted

into the route at every iteration. Solomon (1987) suggests several insertion criteria,

which take both distance and time into consideration. The last algorithm is a time-

oriented sweep heuristic. From the computational results, the Ii insertion heuristic,

which is designed to favor the feasible insertions with least incremental costs and

time, provides good performances over all test problems. The Ii insertion is often

applied in later literature.

Desrochers, et al. (1992) formulate the vehicle routing problem with time windows

as a set partitioning problem and solve its relaxation with the column generation

approach. The columns are generated by solving a shortest path problem with time

windows and capacity constraints with dynamic programming. The lower bound

for the problem is given at the end of this step. The branch and bound method is

applied afterwards to find the integer solution. The algorithm, implemented on

three Solomon's benchmark problem sets with customer sizes of 25, 50 and 100, is

capable of finding optimum solutions on all of them.
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An algorithm for the vehicle routing problem with time windows based on

Lagrangian relaxation is proposed by Kohl and Madsen (1997). In this algorithm,

the constraint set which requires that every customer must receive a delivery is

Lagrangian relaxed. The problem is decomposed by the Dantzig-Wolfe

decomposition technique. The optimal Lagrangian multipliers are found by solving

the master problem with subgradient and bundle methods. The subproblem

corresponds to a shortest path problem with time windows and capacity constraints.

The algorithm is implemented on a Solomon's benchmark problem set, which is

also used by Desrochers, et al. (1992). However, the Lagrangian-based algorithm

by Kohl and Madsen (1997) finds the optimum solutions relatively faster.

Potvin, et al. (1996) apply a tabu search heuristic to the vehicle routing problem

with time windows. The initial solution is found by the Solomon's Ii heuristic

(Solomon, 1987). The neighborhood solutions are those obtained from two route-

exchange procedures, the 2opt* and Or-opt exchanges (Or, 1976). The 2opt*

exchange considers an exchange of two arcs from two different routes while

preserving the original route orientations. The Or-opt exchange considers removing

and reinserting a sequence of a few customers to another location in the same route

or in another route. The feasibility is maintained throughout the search. A route

saving procedure is applied in an attempt to reduce the number of routes at every

move. The proposed tabu search heuristic provides excellent performance on the

Solomon's test problems.

Potvin and Bengio (1996) develop a heuristic based on genetic algorithms for the

vehicle routing problem with time windows. Feasible offspring solutions are

generated from good parent solutions using two types of crossover operators, a

sequence-based crossover and a route-based crossover. The sequence-based

crossover randomly removes a link of each of a pair of parents. The offspring are

generated by linking the sequence of customers before the breakpoint of one of the

parents to that after the breakpoint of another. The route-based crossover replaces a
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route in one parent by a route in another parent. A repair operator may be necessary

since some customers might be duplicated or become unrouted after the crossovers.

In the case of duplication, the heuristic eliminates those in the old route. In the

unrouting case, the least cost insertion is applied. The heuristic considers three

mutation operators, which are a one-level exchange, a two-level exchange and a

local search mutation. The one-level exchange concerns removing a customer from

its current route and reinserting it into another route. In the two-level exchange, a

customer is removed from its current route and replaces another customer in

another route. The replaced customer is then reinserted into some other route. The

local search mutation considers applying the Or-opt exchange to the current

solution. The computational results are very competitive to the tabu search heuristic

by Potvin, et al. (1996).

2.4 THE MULTI-TRIP VEHICLE ROUTING PROBLEM

Typically vehicles are assumed to make only one trip a day in the classical vehicle

routing problem. However, in industry practice, if a vehicle returns to the

distribution center early, the dispatcher would assign it for another delivery trip.

The consideration of multiple trips of vehicles is not addressed much in the past

literature.

Ball (1988) suggests using artificial vehicle capacities to handle the multi-trip

vehicle routing problem. For example, if a maximum of four delivery trips are

assumed, the standard vehicle routing problem is then solved based on the artificial

vehicle capacity of four times of the real capacity of each vehicle. This technique,

however, cannot be used on the problem with time window requirements.

Taillard et al. (1996) proposed a heuristic for the multi-trip, single-day vehicle

routing problem. The problem assumes a homogeneous fleet of vehicles. Time

windows are not specified. The heuristic first generates a large set of initial good
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vehicle routing problem (VRP) solutions with an unspecified number of vehicles

using tabu search. Then, it selects a subset of the routes in favor of those belonging

to the better VRP solutions. The selected routes are combined to form a set of

feasible vehicle routing solutions. A bin packing heuristic is applied to each vehicle

routing solution to assign a number of routes with various route durations to each

vehicle under a total allowable driving time restriction. Infeasible solutions are

penalized and the best overall solution is selected.

Brandao and Mercer (1997) considered the multi-trip, single-day heterogeneous

vehicle routing problem with time windows. A three-phase heuristic is proposed

utilizing the ideas of tabu search metaheuristic and GENI algorithm by Gendreau et

al. (1992). An initial solution is obtained from an algorithm based on the nearest

neighbor insertion. The initial solution may be infeasible with respect to the time-

window and maximum driving duration constraints. The infeasible routes are

improved by removal and reinsertion of customers or swapping pairs of customers.

The moves are evaluated by a cost function that penalizes the lateness and the

number of late deliveries. The second phase considers customer interchanges

between two different routes in the solution from the first phase. The routes are also

assigned to each vehicle in this phase. The third phase improves the solution

quality by moving customers between two different routes in the solution from the

second phase. The infeasibility is no longer allowed in this phase. The heuristic is

tested on the real-world distribution problem at Burton's Biscuits Ltd. in Great

Britain. It provides the solution with approximately 20% improvement over the

manual solutions.

2.5 MOTIVATION FOR RESEARCH

Most studies on the periodic vehicle routing problem, mentioned in Section 2.1,

consider the classical versions of the problem, in which customers only specify the

frequencies of visits to the distributor. The distributor then selects appropriate
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delivery days for each customer. Typically, only the well-spaced patterns are

considered. Products are assumed to be sufficient so the allocation problem is not

considered. The customers' demands are usually accumulated and considered in

total volumes or total weights, since only the space consumption on the vehicle is

of interest. Time windows are not required. Only the allowable driving duration,

with respect to the regulation on driver safety, is time-constrained. Therefore, the

problem may not be applicable to many real-world situations.

The model formulation presented by Carter et al. (1996) seems to be more

appropriate to the real-world product distribution than the others. The model

considers the problem with limited supplies and time windows. However, it fails to

consider partial backordering, which is common in industrial practice. Moreover,

they consider every possible combination of delivery frequency and delivery days

for every customer, which is unnecessary and time-consuming, since some

customers may accept deliveries on specific days only. Also, some combinations

may not be applicable to some customers. For example, a customer may need at

least 3 deliveries per period because of their limited storage space. The delivery

patterns corresponding to the numbers of deliveries per period less than that can be

discarded. The patterns with totally consecutive deliveries such as Monday-

Tuesday-Wednesday and Thursday-Friday-Saturday are usually undesirable to

customers and can be disregarded as well.

In general, if a distributor owns many distribution centers in a region, it defines an

effective territory for each distribution center and let each distribution center

operate independently from the others (Chung and Norback, 1991;

Hadjiconstantinou and Baldacci, 1998). The territory boundaries are specified and

revised periodically by solving a multi-depot vehicle routing problem as those in

Section 2.4. However, some customers may be located approximately equi-distant

from two or three distribution centers. In such cases, it may be beneficial to

incorporate the choice of the distribution center as a suitable decision variable in
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the development of the model and have the model select the distribution center to

make deliveries from, than it is to assign each customer to a particular distribution

center. Moreover, when the product supplies are inadequate at some distribution

centers and the transportation cost is cheaper than the backordering cost, the

distributor may consider delivering some products from the farther distribution

centers than backorder the customers' requests.

All of the issues above motivate the pursuit of research on multiple-product,

multiple-depot periodic distribution problem, reported in this document. The

problem statement and industrial relevance are further described in the next
chapter.
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CHAPTER 3: PROBLEM STATEMENT AND INDUSTRIAL RELEVANCE

The main objective of this research is to introduce a new distribution strategy,

which reduces the operating costs while maintaining the service levels for multi-

depot periodic distribution industries. As noted in Chapter 2, the distribution

centers of the same distributor usually operate only within their own territories.

However, if product supplies are insufficient at some distribution centers, the

distributor might consider fulfilling some customers' requests from the other

distribution centers. By this strategy, the distributor may be able to reduce

backordering costs and acquire higher levels of customer satisfactions. The key to

this research is the investigation of the impact of interdependent operations among

distribution centers.

In addition, this research also considers several operational issues that are inherent

to most industry practices, but relaxed in the investigation of classical periodic

vehicle routing problems. These are the issues concerning backordering, customer's

time window requirements, and multiple trips of vehicles. The problem description

is stated in Section 3.1 and the industrial relevance is explained in Section 3.2.

3.1 THE PROBLEM DESCRIPTION

A distributor owns 1 distribution centers in a region. Each distribution center carries

p products and must deliver them to a number of customers, corresponding to the

customers' requests, in a (-day planning period. The parameters of the problem,

namely daily demands of customers, the delivery patterns, required time windows,

available initial product supplies, scheduled receipts of supplies and number of

vehicles at distribution centers are assumed known. The objective of this research is

to assign appropriate delivery pattern and distribution center for each customer,

allocate the available products to all customers according to the assigned patterns

and distribution centers, and design delivery routes for fleets of vehicles from all
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distribution centers on every day in the planning period at a minimum total cost.

The customers may receive products from any distribution center, but during the

specified time windows on allowable delivery days only. Backorders are

permissible, but undesirable. Finally, if a vehicle finishes its first trip in a short
time, the vehicle dispatcher may consider assigning it for another delivery trip on

the same day in order to fully utilize the resource.

3.2 INDUSTRIAL RELEVANCE

To construct a model that closely represents the real-world applications, we have

thoroughly researched the existing literature in vehicle routing and scheduling

problems and visited SYSCO Food Services of Portland, Inc., a distributing facility

of SYSCO Corporation. SYSCO Corporation is one of the leading distributors of

food and foodservice products in North America. It supplies products to

approximately 415,000 customers including hotels, restaurants, schools, hospitals,

and others food-related service units through 146 SYSCO operating companies in

the United States and Canada.

During the visit and the conversations afterwards, we discussed several operational

issues that would need to be considered in the development of a mathematical

model with Mr. John Murphy, the Director of Transportation of SYSCO Food

Services of Portland, Inc. Mr. Murphy provided us many useful suggestions and

they have been incorporated in the model presented in Chapter 4. We had also

requested the data from SYSCO Corporation. Unfortunately, SYSCO Corporation

could not provide us the data due to issues of confidentiality. However, a guideline

for data generation was granted and used to generate the test problems in Chapters

6-8.

In Pacific Northwest, there are three SYSCO food services companies: SYSCO

Food Services of Portland, Inc. in Wilsonville, Oregon, SYSCO Food Services of
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Seattle, Inc. in Kent, Washington and SYSCO Food Services of Idaho, Inc. in

Boise, Idaho. The SYSCO Food Services of Portland, Inc. and the SYSCO Food

Services of Seattle, Inc. are less than 200 miles away from each other, while

SYSCO Food Services of Idaho, Inc. is located much farther away. However, in

some highly populated areas, the SYSCO distribution facilities are located closer to

each other. For instance, five SYSCO distributing facilities are located in

California. Those are SYSCO Food Services of San Francisco, Inc. in Fremont,

SYSCO Food Services of Sacramento, Inc. in Pleasant Grove, SYSCO Food

Services of Modesto, Inc. in Modesto, SYSCO Food Services of Los Angeles, Inc.

in Walnut, and SYSCO Food Services of San Diego, Inc. in Poway. The first three

facilities are within a distance of 100 miles from each other, while the last two

facilities are a little over 100 miles from each other.

Currently, the SYSCO distribution facilities are operating independently. However,

there is an opportunity to have a few of them operate interdependently when

needed. For example, when the product backordering becomes necessary at the

SYSCO Food Services of Seattle, Inc., the staffmay consider having the SYSCO

Food Services of Portland, Inc. supply the products to some customers in the

territory of the SYSCO Food Services of Seattle, Inc. The staff may include the

SYSCO Food Services of Idaho, Inc. into the consideration as well, but it might be

less desirable since the facility is located far away from the other two. Likewise, the

three facilities in the Northern California may be considered together as a three-

depot distribution problem and the two facilities in the Southern California may be

considered together as a two-depot distribution problem.
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CHAPTER 4: MATHEMATICAL MODEL FORMULATION

In this chapter, the mathematical model for the multi-product, multi-depot periodic

distribution problem is developed. The objective of this model is to assign
appropriate distribution centers and delivery patterns to customers, allocate

products, and schedule delivery routes from distribution centers to customers on the

day corresponding to their assigned delivery patterns at a minimum cost, subject to

a set of constraints. It is formulated as a mixed integer programming model and

described in the following Sections.

4.1 MODEL ASSUMPTIONS

(1) Daily demand of each customer can be estimated. Typically, each customer

specifies total demands of products that it needs for a whole period to the

distributor. The distributor usually allocates equal amounts of products to

deliver at each visit. However, some customers may require more products on

some days than the others. In such cases, equal amounts of deliveries may not

be justified. Thus, in this model, the customers are asked to estimate their

daily demands instead. The distributor can then deliver only as many units as

the customer needs at each visit.

(2) The demand of every customer is less than one full truckload. In the periodic

product distribution, only a small number of customers need more than one

truckload of products in a planning period. Those customers are usually

located far away from the distribution centers, so only few direct deliveries

per period are economically acceptable. Hence, it is easier for the distributor

to consider them separately.

(3) All products can be delivered by any vehicle. No special kind of vehicles is

required for any particular product.

(4) All delivery routes can be finished within one day of delivery. Overnight

deliveries are not considered in this research.
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(5) The travel distance matrix is symmetric. That is, the travel distance from

customer i to customer j is assumed to be equal to the travel distance from

customerj to customer I. The differences in distances due to one-way streets

in some areas are assumed negligible.

4.2 NOTATIONS

4.2.1 Indices

P a set of products

V a set of nodes; V {V1 u V}
V1 a set of distribution center nodes

V2 a set of customer nodes

T asetofdays; T= {Tju T2}

Ti a set of days in the current period

T2 a set of days in the next period

K asetofvehicles;K={K,uK2u...uKi}
K1 a set of vehicles k, which belong to distribution center 1

R a set of delivery patterns r allowable to customer i

4.2.2 Parameters

Zrt a binary variable equal to 1 if day t corresponds to delivery pattern r; 0

otherwise

hr a penalty cost for assigning delivery pattern r to customer i

MT the maximum number of trips that a vehicle could make in a day

v volume in cubic feet per piece ofproductp

Qk capacity of the vehicle k (in cubic feet)

d demand of customer i for productp on day t (in pieces)
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Dp,rt cumulative demand of customer i for productp from the day of delivery to

the day before the next delivery, according to pattern r

B, per-unit backorder cost of product p at customer i

Z a factor for adjusting the per-unit backorder cost

i;, initial inventory ofproductp at customer i

i;, initial backorder ofproductp at customer i

s,10 initial supply of productp at distribution center 1

Sri scheduled receipts of product p at distribution center 1 on day t

Cyk cost of traveling from node ito nodej by vehicle k

e travel time from node ito nodej

[a1, b] delivery time window of customer i

average loading setup time

Jj average unloading setup time at a customer

gi average loading time per piece

g average unloading time per piece

M a very large number

4.2.2.1 Justification of Parameters

(1) The penalty cost for assigning delivery pattern r to customer i, fly, is included

to account for the customer's preference for a delivery patternover the others.

The patterns that consist of the delivery days that the customers prefer are not

penalized, but all the other patterns. The penalties increase proportionally to

the preference levels of the customer to the patterns. Positive penaltycosts are

charged if the less preferable patterns are assigned to the customers.

(2) In the model, the maximum number of trips that a vehicle could make in a

day, MT, must be specified. The value of MT mainly depends on the

volume of products to deliver on each day and available vehicle capacities. A

simple estimation of MT is presented in Section 4.2.2.2.
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(3) The volume of products, vi,, and vehicle capacities, Qk, are measured in cubic

feet, since the delivery of light products is assumed in this dissertation.

However, if the delivery of heavy products is considered, v,, and vehicle

capacities, Qk, must be measured in weight units (e.g., pounds). The delivery

of some products may require both weight and volume restrictions.

(4) The demand of customer i for productp on day t, is actually used on the

next day, day t+1. Thus, it can be satisfied by the delivery made during the

customer's time window on day t.

(5) The cumulative demand of customer i for product p from the day of delivery

to the day before next delivery, according to pattern r, Dpirt, is the total of

product usage at customer i from the day of delivery to the day before next

delivery, according to pattern r. Dpfrt is equal to the quantity delivered to

customer i on day t, according to pattern r if customer i does not hold any

inventories or backorders. Dpfrt is equal to 0 for every non-delivery day in

pattern r.

(6) The backorder costs, B,,1, are charged only when the distributor fails to supply

the ordered products to the customers. The backorder costs may be

categorized as either visible or hidden costs, depending on the contracts

between the customers and the distributor. If backorder costs are the hidden

costs which reflect customers' dissatisfactions or profit losses, such costs can

be estimated proportionally to the importance of customers or total sales to

customers.

(7) The factor is used to adjust the intensity of penalizing on backordering.

When the estimated backorders is of the current period, the factor 2 is set to

1; otherwise it is set to a small value greater than 0 and less than 1, such as

0.1. Since the product allocation must cover the demands from the day of

delivery to the day before the next delivery, the allocation may have to cover

some demands that are needed for the next period. For example, if a customer

requires one delivery every Wednesday, the delivery quantity on Wednesday

of the current period must cover the demand from Wednesday to next
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Tuesday. When there are insufficient products at the distribution center,

applying the factor gives a higher priority in product allocations to the

demands that are used in the current period. The demands that are not yet

used in the current period (e.g., the demands for next Monday and Tuesday

that will be kept as inventories in the current period) will receive a lower

priority in product allocation, since it may be satisfied later, when the next

period is considered. This is equivalent to delaying the delivery of some

demands and using them to satisfy those which are currently needed first. For

a detail explanation, a small example on the use the factor 2 is given in

Appendix A.

(8) The initial supply of product p at distribution center 1, s,,10, is the supply

available on the dummy day, day 0, prior to the beginning of the period. The

initial inventory of product p at customer i, J, and the initial backorder of

product p at customer i, 1, are also those of the dummy day.

(9) The scheduled receipts of product p at distribution center 1 on day t, Sri, are

the amounts of inbound products delivered to the distribution center 1 on day

t. This parameter is needed for calculating the available supply at the
beginning of each day.

(10) The transportation costs, cUk, consist of the estimates of the costs that are

proportional to mileage (such as fuel costs, depreciation costs per mile,

maintenance costs, road tax and other miscellaneous costs) and the costs that

are proportional to time (such as driver wages). Section 4.2.2.3 explains the

calculation of these costs in detail.

(11) The average loading setup time,fj, is the time spent on preparing the vehicle

and documents before loading. The loading setup time usually does not differ

much from distribution center to distribution center. The average unloading

setup time, J, is the time spent on preparing the documents and the material

handling devices before unloading the products. The unloading setup time

also does not differ much from customer to customer.
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(12) The product may be different in size and weight. Therefore, the average

loading time per piece and the average unloading time per piece may vary

from product to product. However, different products are usually loaded or

unloaded together on the same handling device. It is difficult to estimate the

variable loading and unloading times of each product. Thus, the values of the

variable loading and unloading times are averaged and assumed the same for

all products. The average variable loading time at the distribution center is

usually faster than the average variable unloading time at the customer due to

the efficiency of material handling devices. Lift trucks are usually used at the

distribution center, whereas trolleys are common devices for unloading the

products from vehicles.

4.2.2.2 Estimation of the Maximum Number of Trins

In this mathematical model formulation, the maximum number of trips that a

vehicle could make in a day, MT, must be specified. Too low value of MT will

create an infeasible solution, while too high value will cause the branch and bound

algorithm to become computationally inefficient. The maximum number of trips

mainly depends on two quantities, total daily delivery volumes and available

vehicle capacities. Since the total daily delivery volumes are not known

beforehand, the value has to be estimated. The estimate of the total daily delivery

volumes is obtained as:

i;
The total daily delivery volumes pP FE V, lET

freq

The numerator in the above equation is the total volumes of products that are

expected to be delivered over the period. The total product quantities are estimated
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by the total demands required over the period after taking initial inventories and

backorders into account.

Each customer may specify more than one frequency of deliveries. For instance, a

customer may require 2 or 3 visits per period. The minimum frequency is

preferable to the distributor, if possible, since it usually saves the distributor on the

total transportation costs. Thus, the average of the minimum frequencies of

deliveries of all customers, freq,,.., , is used in the estimation of the total daily

delivery volumes. The MT can be calculated by dividing the total daily delivery

volumes by the total capacities available on each day, Q.
ICEK

-';
pPiV, tT

freq *Q
ICEK

4.2.2.3 Calculation of the TransDortation Costs

As stated above, the transportation costs include fuel costs, depreciation costs per

mile, maintenance costs, road tax, driver wages and other miscellaneous costs.

These costs depend on distances between customers, types and physical conditions

of vehicles, and the states where the distribution centers are located. The

transportation cost, Cqk, is calculated as follows:

C(Jk = Costs proportional to mileage + Costs proportional to time

Distance.-
= (CPMk * Distance) + Wage *

Speedy
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where

CPMk = Estimated cost per mile of vehicle k

Distance Travel distance in miles from customer ito customerj

Wagek = Driver wage per minute on vehicle k

Speedy = Average travel speed in miles per minute from customer i to

customerj

The average cost per mile includes fuel costs, depreciation costs per mile, tire costs,

maintenance costs, and road tax. The average wages is average drivers' wages

weighted with fringe benefits and social security costs. These costs differ from

distribution center to distribution center. In this model, the distribution center to

which the vehicle belongs is indicated through the vehicle index, k.

The average travel speed between customers depends on the distance and areas

where the customers are sited. For simplicity of the model, an interstate truck speed

limit is assumed for a long distance travel (say, over 15 miles), city speed limits are

assumed for a short distance travel (say, under 10 miles), and an average of those

speeds are assumed for a moderate distance travel (say, between 10 to 15 miles).

4.2.3 Variables

a binary variable equal to 1 if customer j is visited immediately after

customer i by vehicle k on its m trip on day t (i j); 0 otherwise

Yir a binary variable equal to 1 if delivery pattern r is assigned to customer i; 0

otherwise

qp,rt quantity of product p (in pieces) delivered to customer i on day t, if pattern r

is assigned to customer i

J inventory ofproductp at customer i after the delivery on day t
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1a backorder of productp at customer i after the delivery on day t

u cumulative quantity of product p that is delivered so far after the visit at

customer i on day t

total quantity of productp on the mth trip of vehicle k on day t

s supply of product p at distribution center 1 at the beginning of day t

c4km, arrival time at customer i (or at distribution center 1) of vehicle k on its mth

trip on day t

4.3 MATHEMATICAL MODEL

Minimize

+ + 7jrYjr
1eV jeV keK,rneMT teT1 1eV2 feT peP ieV2 reR,ji

Subject to:

Y,r1 ViEV2 (1)

Zp.tYjr 0 ViE V2,Vt E (2)
jeV keK1meMT reR,
j'ei

M(ZrtYIr) Vp P, Vi E V , Vr E R ,Vt E T (3)

1+ JW(ZrtYfr) max(0, Dpiri + ';,_) + lW

VpEP,VieV,VrER1,VtET (4)



+ I d1, = i, i;, Vp E P, Vi E V2 ,Vt E T (5)
rER

upjj + qPJ,.1 + M + M Vp E P, Vi,] E V ,Vt E 7 (6)
rR kEK mMT

+ Mx11 L1 + M

Vp P,V1E V2,V1E V1,VkeK1,Vm,Vt T

rER,

spit
keK1 mMT

s,,1, = + Sr111
kK,mMT

vL1 Qkxy
pP iV1jEVji

=0
jV2

X1 0
iV2

x 1
jV2

VpEP,ViEV,VtET1

VpEP,VlEV4,VtE1

VpEP,VlEV,VtE1

Vk K,, Vm, Vt

(7)

(8)

(9)

(10)

(11)

Vi ;Vk K, ;Vm, Vt T1 (12)

Vje;VkK;Vm,Vt1 (13)

Vi V1;Vk K.,Vm,Vt E 7 (14)
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Xjg = 0
iEV jEVih j*h

X1 0
JeW jV

Vh E V; Vk; Vm, Vt E T1 (15)

ViE V1;Vk e K.,Vm,Vt E T1 (16)

et,, +J + + e+ MXk,m+J,t + M
peP

ViE V1,VjE V2;VkE K,,Vm,VtE T

a, +f2 +(g2qpirtJ+ ey+ Mx,
peP reR

ViE V2,VJ e V,i j;Vk,Vm,Vt E

a, x1 c, b, x
1EV jVj, jJ

qpirt, i;,, , I;,,, Spit aikmt 0

Xykmt,Y ,.E {0,1}

4.4 MODEL DESCRIPTION

ViE V;Vk,Vm,Vt E T1

Vp,Vi,Vk,Vm,Vt E

(17)

(18)

(19)

(20)

Vi,Vj,Vk,Vm,Vt E 1,Vr (21)
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The objective function of this mathematical model is to minimize the total

outbound distribution costs of all distribution centers over a planning period. These

costs include transportation costs, backordering costs, and penalty costs of
assigning patterns other than the desirable ones to customers. The planning period

can consist of any number of days. However, only the planning periods of three

days, five days and six days are of interest in this dissertation, since they are

commonly used in the industries.
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Every customer specifies a set of allowable patterns to the distributor. Only one of

those delivery patterns is chosen for each customer. Though the customer may be

served from any distribution center, the deliveries must follow a single delivery

pattern, which is assigned to that customer. Constraint (1) guarantees the one-to-

one assignment of pattern to customer.

Constraint (2) ensures that each customer receives the delivery on the day
corresponding to the assigned delivery pattern only. As in most industry practices

(including SYSCO Corporation), only well-spaced patterns are considered. For

instance, on a six-day period, only the deliveries on Monday-Wednesday-Friday,

Monday-Wednesday-Saturday, Monday-Thursday-Saturday, and Tuesday-

Thursday-Saturday are allowed for the frequency of three deliveries per period.

Appendix B shows the patterns under consideration for three-day, five-day and six-

day periods.

Constraint (3) ensures that the delivery quantity of each product for a customer is

positive only if that customer is scheduled for delivery on that day (i.e., when ZrYfr

equals to 1).

Constraint (4) calculates the quantity of each product that is delivered to each

customer on each day corresponding to the assigned delivery pattern. The

quantities delivered to each customer at each visit must cover the demands from the

day of delivery to the day before the next delivery (unless there are backorders).

Constraint (4) is inactive when equals to 0.

Constraint (5) represents the balance equation of demand, inventory, backorder,

and delivery quantity at each customer. Note that the inventory, I, and the

backorder, I, of a product at a customer in constraints (4) and (5) cannot be

positive simultaneously.
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Constraint (6) represents the balance equation of cumulative quantity delivered,

after visiting each customer. Constraint (6) is inactive when x, equals to
kK mMT

0. Constraint (6) also prevents the subtour formations. This is explained in the next

Section.

Constraints (7) and (8) present respectively the upper and lower bounds of the

cumulative quantity delivered, after visiting customer i, u. The upper bound ofu,,11

is the load of products on the delivery vehicle, while the lower bound is the

quantity of product delivered to that customer. Constraint (7) is inactive when X'lkmt

equals to 0.

Constraint (9) ensures that the amount of each product delivered to all customers on

each day does not exceed the available supply at the distribution center. The

calculation of available supply at the beginning of the day is presented in constraint

(10). The available supply of each product at each distribution center depends on

the amount of supply remaining from the previous day and the supply that is
received at the distribution center on the previous day. Since the product supply

may be received at any time of the day, the scheduled receipts for a particular day

are assumed to be available for distributing to customers on the day after, not on

the day of receipt.

The rest of the constraints are constraints for the vehicle routing problem.

Constraint (11) ensures that the load on each vehicle does not exceed the vehicle

capacity. Constraints (12) and (13) jointly ensure that a vehicle cannot leave and

return to the distribution center other than its home distribution center. Constraint

(14) ensures that, on each trip, each vehicle will leave its home distribution center

at most once.
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Constraint (15) ensures that if a vehicle visits a customer on a particular day, it also

leaves that customer on the same day. No overnight stop is permitted. Constraint

(16) ensures that the mth delivery trip cannot be initialized unless the previous trip,

the (m- l)th trip has been constructed.

Constraints (17) and (18) calculate the arrival times of vehicles at each node. The

quantity J + glLpkm+I, in constraint (17) is the total time spent on loading
)

products on a vehicle, while the quantity f2 + (g9 qpj,) in constraint (18) is
peP rR

the time spent on unloading products at each customer. Constraint (17) is inactive

when Xykm+1,t equals to 0. So is constraint (18) when XUIt equals to 0. The subtour

formations are also prevented by constraints (17) and (18).

Constraint (19) ensures that the delivery is made within the time-window specified

by the customer. No early or late delivery is allowed.

Constraint (20) preserves non-negativity properties for variables qpfr, 1pj( J;j( UJflt,

and Only a are real variables, while the others are general

integer variables. Constraint (21) is a binary constraint for X,/t and Yr.

4.5 SUBTOUR ELIMINATION

Constraint (22) presents the standard subtour elimination constraint, typically used

in past literature on vehicle routing problem and its generalizations. The Skmt in the

constraint is defined as a set of all nodes visited by vehicle k on its mth trip on day t.

S -i Skmg cV2;S, 2; Vk,Vm,Vt (22)
ISmt JSji
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One can see that it is impossible to enumerate all the possible sets of even for a

small-scale problem. Therefore, the standard subtour elimination constraint is

usually relaxed by considering only a limited number of S sets (Toth and Vigo,

1998).

Toth and \Tigo (1998) suggest an alternative form of subtour elimination constraint

which is modified from that proposed for a traveling salesman problem by Miller et

al. (1960). A similar construction is used in constraint (6). An additional variable,

the cumulative quantity of productp that is delivered so far, after visiting customer

i on day t, up,, is introduced into the model. The arrival time constraints, constraints

(17) and (18), also eliminate subtours.

Consider the delivery routes in Figures 4.1 and 4.2. In Figure 4.1, constraint (6)

imposes that u,,1 and constraints (17) and (18) impose that

aDC,i, ,krnl aI,,,km, a1, a14,DC,kflU. The constraints hold; the

delivery routes are hence eligible. In Figure 4.2, constraint (6) imposes that

u,,,,1 u.n,,, and that un,, up,, , which contradict with each other. Likewise, the

contradiction also appears in constraint (18). Constraint (18) imposes that a., ,,

a. a,, ,,, and that a,,,,,,,,, a,,,, kmt The routes with a subtour, as

in Figure 4.2, are therefore not possible.
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Figure 4.1 The route with no subtour
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Figure 4.2 The routes with a subtour
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The subtour elimination can be eliminated either by constraint (6) or jointly by

constraints (17) and (18). However, all of these constraints are still necessary, since

they also serve for other purposes. Constraint (6) is required for the calculation of

product load on each vehicle, while constraints (17) and (18) are necessary for the

arrival time calculations as mentioned in the previous Section.



CHAPTER 5: TABU SEARCH BASED HEURISTIC ALGORITHM

The vehicle routing problem (VRP) is well known as an NP-hard combinatorial

problem (see, Lenstra and Riimooy Kan, 1981, for example). The periodic vehicle

routing problem, which is more complex, is at least as difficult as the VRP (Russell

and Gribbin, 1991). It is thus very hard to solve even small problem instances to

optimality in a reasonable time. Several researchers have proposedmany heuristics

to solve these problems. The reviews of heuristics and metaheuristics for the
vehicle routing problem in past literature can be found in Gendreau et al. (1998),

Golden et al. (1998) and Laporte et al. (1999). Some reviews of the heuristics for

the generalizations of the vehicle routing problem are provided in Chapter 2.

Among those heuristics, tabu search has been proven to be an effective approach

for the vehicle routing problem and its variants (Gendreau et al., 1998 and Laporte

et al., 1999). We take advantage of this insight to propose a tabu-search based

heuristic for the multi-product, multi-depot periodic distribution problem.

5.1 INTRODUCTION

Tabu search is one of the renowned local search metaheuristics. It was proposed

independently by Glover (1986) and Hansen and Jaumard (1990) and has been

successfttlly implemented on a variety of combinatorial problem classes, such as

scheduling, traveling salesman problem, vehicle routing problem and others

(Glover and Laguna, 1993). Tabu search is designed to overcome limitations of

simple local search methods, such as the hill-climbing heuristic. In the hill-

climbing heuristic, the search starts with an initial solution and explores the

neighborhood of the solution for a better one. This neighborhood exploration is

repeated every iteration, until a local optimum is found and no further improvement

can be obtained. Mostly the heuristic terminates at a neither global nor near-global

optimum, since the search does not explore the solution space thoroughly. The tabu
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search metaheuristic, however, continues the neighborhood search, after a local

optimum is reached, by allowing deteriorating moves. As a result, the search

explores into many regions in the solution space and reaches several local optima.

Once a stopping criterion is satisfied, the tabu search terminates and reports the

best local optimum. Memory structures are imposed into the tabu search

metaheuristic to keep the previous search information for evaluating the criteria,

restricting the search to fall back to recently visited solutions and hence preventing

the search from being trapped in some local optima. The memory structures are

also used to intensify the search in the regions that are rigorously explored and

diversify the search in the regions that are rarely visited for a superior solution. The

fundamentals and various refinements of tabu search can be found in Glover (1989

and 1990) and Glover and Laguna (1993).

5.2 TABU SEARCH ALGORITHM

Tabu search begins with identifying an initial solution, as a starting point of the

search. The initial solution can be generated randomly, arbitrarily or by using some

simple heuristics. The feasibility of the solution is not guaranteed. However, the

search tends to reach near-optimal solutions faster if it initiates with a good feasible

solution. Samples of various initial solution finding mechanisms for the periodic

vehicle routing problem and other related problems have been described in Chapter

2. The initial solution finding mechanism for this research is discussed in the next

Section.

Once an initial solution is found, a neighborhood of the solution is identified and

explored. The objective function values of all solutions in the neighborhood are

evaluated. The search then moves from the current solution to the solution with the

best objective function value. An aspiration level or the best objective function

value found so far is updated and the solution is recorded into a candidate list.

Then, the metaheuristic explores into the neighborhood of the new solution and
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moves to the best solution, which may be inferior to the previously found one. If a

local optimum is found, the solution is inserted into an index list. To prevent the

search from being trapped in a local optimum, the moves to the solutions that

contain the attributes of recently visited solutions are temporarily forbidden for a

number of iterations, defined as "tabu duration." This tabu duration is determined

experimentally. Typically, it increases slowly with problem size. The values such

as weighted logarithms or weighted square roots of the problem sizes are often

found suitable (Glover and Laguna, 1993; Cordeau et al., 1997)

Short-term memory keeps the information of the tabu attributes and the iterations in

which they are declared tabu. At every iteration, the best solution is verified

whether any of its attributes is declared tabu. If so, that solution is ignored and the

next best solution that possesses non-tabu attributes is selected instead. This tabu

restriction may b overruled if the move results in a better objective function value

than the aspiration level. In addition, the best solution is also compared to the

solutions in the candidate list in order to avoid exploring the neighborhood that has

already been visited. This search procedure is repeated until one of the stopping

criteria is satisfied.

Besides the short-term memory, long-term memory is usually incorporated to

enhance the metaheuristic in seeking for a superior solution. The long-term

memory keeps the information of the frequency that each attribute appears in the

solutions. The search can be intensified by encouraging the explorations in the

neighborhoods of the solutions with frequently added attributes and diversified by

introducing the search to explore new regions in the solution space. The use of the

long-term memory can be implemented in various ways such as restarting the

search with a new solution with selected attributes (Gendreau, et al., 1994), or

integrating frequency-based incentive or penalty functions into the value

evaluations to intensify or diversify the search, respectively (Glover and Laguna,

1993). In this research, the strategies of incorporating incentive and penalty
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search with new solutions is not considered since it is computationally intensive for
this problem.

5.3 INITIAL SOLUTION FINDING MECHANISM

The process of identifying an initial solution for the multi-product, multi-depot

periodic distribution problem is somewhat complicated, since it requires the
assignments of customers to distribution centers, the assignments of customers to

delivery patterns, the computations of delivery quantities corresponding to the

assigned delivery patterns, and the assignments of customers to vehicle and
delivery routes. In general, a mechanism which identifies a good feasible solution

as an initial solution is preferred since it leads the search to the best solution faster.

The following intuitions are used to identify a good solution for this problem class:

1. Typically, assigning customers to their nearest distribution centers generates a

lower total cost, unless there are inadequate products at the assigned

distribution centers. Thus, each customer is initially assigned to its nearest
distribution center.

2. Assigning customers to its favorable patterns (i.e., the patterns with zero pattern

costs) satisfies the customers the most. Iowever, if a favorable pattern fails to

cover backorders which are carried over from the previous period, another

pattern should be assigned instead.

3. In order to lower the total backordering cost, the customers with large demands

and per-case backordering costs should receive higher priorities in product

allocation.

4. To construct feasible routes, the customer with the earliest upper bound on time

window should be routed first.
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5. The customers that are close to each other should be included in the same route,

if they are scheduled to receive the delivery on the same day and the vehicle

capacity and time-window restrictions are not violated.

The initial solution finding mechanism is given as follows:

1) Assign each customer to its nearest distribution center.

2) Assign each customer to its most favorable pattern or the pattern that covers the

backorders from the previous period, if any.

3) For each day t of the period:

For each distribution center, 1:

3.1) Generate an 'allocation priority list' by listing the customers in a non-

increasing order of estimated backordering costs, if the expected

demands are not delivered. These estimated backordering costs are

equivalent to the sum of the multiplication of per-case backordering cost

and the expected delivery quantities on day t.

3.2) Allocate the products to the customers that are scheduled for delivery on

day t, with respect to their assigned patterns, in the allocation priority

list order. If the products are insufficient, the remaining customers hold

backorders.

3.3) Generate a 'routing priority list' by listing the customers in a non-

decreasing order of the upper bounds on time windows and then the

lower bounds on time windows. Therefore, the customer that needs to

receive the delivery earliest is placed on the top of the list.

3.4) Set the trip number m : 1,

For each vehicle, k:

a) Insert the first customer in the routing priority list order that is

scheduled for delivery on day t into the route. An initial partial

route, which starts from the nearest depot to the customer and back

to the depot, is generated.
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b) Consider inserting the next unrouted customer in the list between a

pair of nodes in the existing route. If the incremental driving

distance of the insertion is higher than the distance of traveling

directly from the distribution center to the inserted customer (i.e.,

the inserted customer is too far away from the considered pair of

nodes), that insertion is discarded. Apply the feasible insertion that

results in the least incremental cost. Continue until all customers

are routed. Start a new route if necessary.

c) If there is no feasible insertion for some customers, search for the

vehicle that returns to the distribution center earliest. Set the trip

number of that vehicle to m : m + 1 and go back to step 3.4 (b)

d) If there are still no feasible solutions for some customers, allow

infeasible insertions and increment the objective function value by

a large positive number, M, to penalize the infeasibility built into

the solution.

4) Apply post-processing procedures, as in the next Section, to improve the

solution quality.

5) The objective function value of the initial solution is set as the aspiration value

or the best found so far.

5.4 POST-PROCESSING PROCEDURES

For this research, two types of the post-processing procedures, Or-opt exchange

(Or, 1976) and two-node exchange are implemented. An Or-opt exchange considers

moving a sequence of a small number of customers to another location in the same

or different route, while preserves the route orientation. The Or-opt exchange is

equivalent to a three-arc exchange. It is very efficient for the vehicle routing

problem with time windows (Potvin et al., 1996). A two-node exchange considers

swapping two customers in two different routes. It belongs to a subset of four-arc

exchanges (Bard, et al., 1998) and is normally used in the traveling salesman
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problem, the vehicle routing problem, and their variants. The saving of each
exchange is computed. The post-processing procedures implement feasible

exchanges in a non-increasing order of the resulting savings and terminate when no

more improvement can be made.

5.5 NEIGHBORHOOD SOLUTIONS

After the initial solution is found, neighborhood solutions are generated by

applying the following perturbations to the initial solution:

1. Distribution Center Interchange: Assign customer i to a distribution

center other than its current one. Customer i is then removed from route (k,

m) of distribution center 2 and inserted into another route (k', m') of another

distribution center 1' on every day that it is scheduled to receive the
delivery.

2. Delivery Pattern Interchange: Assign a new pattern r' to customer i.

Customer 1 must be removed from its current route(s) on the day(s)

corresponding to the current delivery pattern r and inserted into other

route(s) on the day(s) corresponding to the new pattern r'.

When the solution is perturbed, new routes may be generated if necessary. If no

feasible insertion or route generation can be made, an infeasible insertion is

allowed with a penalty cost, iW, added to the objective function value, as in the

initial finding mechanism.

To save computation time, only the promising moves in the search neighborhood

are considered. For the distribution center interchange, a factor of the difference in

travel time from distribution centers to a customer, L\,> 1, is introduced. Let e11 be

the travel time from the currently assigned distribution center ito customer i and ei1

be the travel time from the other distribution center l' to customer i. The
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interchange between distribution center I and distribution center 1' is considered

only if el'1 < *ei1 The distribution center that does not satisfy this condition is

considered too far away and is not economically viable for the distribution center

interchange. The value of is determined experimentally in Section 5.9.1.

For every neighborhood solution, the product allocation must be recalculated and

the delivery routes must be rearranged, with respect to the new pattern/distribution

center assignment. The objective function value of every neighborhood solution is

evaluated. The search selects a non-tabu, unvisited solution with the best objective

function value in the neighborhood. The post-processing procedures are applied to

improve the solution quality. The solution is inserted into the candidate list. The

aspiration level is updated if the new objective function value is lower than the

current aspiration level. If the solution is a local optimum, the solution is inserted

into the index list. If the objective function of the new solution is inferior or equal

to the aspiration level, the number of consecutive iterations without improvement is

increased by one. The neighborhood search continues until a stopping criterion is

satisfied.

5.6 TABU DURATION

To prevent the search to fall back to the previously searched regions, the attributes

of the recently visited solutions are declared tabu for a fixed number of iterations.

This fixed number of iterations is called a tabu duration. After the search moves

from one solution to another, the last number of iteration in which the perturbed

attribute is declared tabu is updated to i + z, where i is the current iteration

number and r is the tabu duration. A move to that perturbed attribute is forbidden

until the iteration number i + r, unless the objective function value of the selected

solution that contains the tabu attribute is superior to the current aspiration level.
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5.7 STOPPING CRITERIA FOR TABU SEARCH

The tabu search algorithm continues exploring the neighborhoods of solutions until

one of the following stopping criteria is met:

- Maximum number of entries in the index list or number of local optima is
reached.

Maximum number of consecutive iterations without improvement is reached.

- All neighborhood solutions are either tabu or visited.

5.8 LONG-TERM MEMORY

In this research, the long-term memory is a frequency matrix, used for tracking the

number of times that each customer is assigned to each delivery pattern and

distribution center. The long-term memory is exploited in diversification and

intensification processes by including penalty and incentive functions, respectively,

into the value evaluations of the algorithm. Sections 5.8.1 and 5.8.2 describe the

implementation of diversification and intensification processes.

5.8.1 Diversification Process

In this process, the search is diversified by incorporating a penalty function into the

objective function to penalize the attributes which are frequently added into the

solutions. This diversification technique is often used in the vehicle routing

problem classes and has shown that it does improve the quality of solutions

(Golden et al., 1998 and Cordeau et al., 1997). The following penalty function,

similar to that in Cordeau Ct al. (1997), is used:

Penalty = ØJn1n2RT * C(S)*I

(i,r,1,t)cS\S 71 )
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c(s) if c(s) is superior to C(S)

F(S):=
c(s)+ Penalty otherwise

where

0 = diversification factor

ft = number of distribution centers

= number of customers

R = number of patterns

T = number of days in the planning period

S = current solution

S neighborhood solution

C(S) = objective function value of the current solution, S

c() = objective function value of the neighborhood solution, S

F(S) = evaluation function for the diversification process

°irlt frequency that customer I is assigned to pattern r and distribution center

1 on day t in the solutions

17 current iteration number

The diversification factor, q$, is found experimentally in Section 5.9.3. The square-

root factor of number of attributes is used in the penalty function because it is

found appropriate for the vehicle routing problem class, based on the previous work

by Taillard (1993) and Cordeau et al. (1997). This penalty is added to the objective

function value, when an unimproved neighborhood solution is encountered. Note

that only the frequencies of the attributes of the neighborhood solution that do not

belong to the current solution are penalized. The unimproved solutions with the

frequently added 'poor' attributes are unlikely to be selected as the next solution.

The search is thus forced to explore into a new region for a higher-quality solution.
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5.8.2 Intensification Process

Unlike the penalty function, the intensification process with an incentive function is

not a popular strategy in vehicle routing problems. However, it is considered in this

research to verify whether it improves the quality of the solution. The strategy is

implemented in a reverse fashion to the diversification process with a penalty

function. The solutions with 'good' attributes are encouraged to be selected by

deducting a specified amount (i.e., an incentive) from the cost (i.e., the original

objective function value). The incentive function, similar to the penalty function in

Section 5.8.1, is applied to the algorithm:

incentive = crjn1n2RT * C(s)*
(i,r,i,i)cS\S

c() if c() is eqaul or inferior to C(S)
G(S):=

incentive otherwise

where

a- intensification factor

n1 number of distribution centers

number of customers

R number of patterns

T = number of days in the planning period

S = current solution

S neighborhood solution

C(S) = objective function value of the current solution, S

C(S) objective function value of the neighborhood solution,

u(s) = evaluation function for the intensification process
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6irlt = frequency that customer i is assigned to pattern r and distribution center

1 on day t in the solutions

The intensification factor, a-, is also found experimentally in Section 5.9.3. The

incentive is given to the objective function value, when an improved neighborhood

solution is found. Only the frequencies of the attributes of the neighborhood
solution that do not belong to the current solution are considered. The improved

solutions with the frequently added good attributes are favored to be selected as the

next solution. The search is intensified in the area of good solutions with several

common attributes.

5.9 PARAMETER FINDING

Three tabu search algorithms are considered in this research. Those are TS 1: the

tabu search algorithm without long-term memory, TS2: the tabu search algorithm

with long-term memory for diversification process, and TS3: the tabu search
algorithms with long-term memory for intensification process. The parameters that

are used in those three tabu search algorithms must be found from performing the

experiments. Those parameters are:

I) Factor of the difference in travel time from distribution centers to a
customer, L

2) Tabu duration, r

3) Diversification factor, 0

4) Intensification factor, a-

5) Maximum number of entries in the index list, MAXElL
6) Maximum number of consecutive iterations without improvement,

MAX IWI



To find the appropriate parameter settings, sixteen test problems are randomly

generated and tested. The structures of the test problems are presented in Table 5.1.

The parameters are tested in the order of their appearances in the tabu-search

heuristics, which are t, r, cu, a; MAXElL, and MAX_IWI, respectively.

Table 5.1 Structures of test problems for the parameter finding

Test

Problem

Number

of

Products

Number of

Distribution

Centers

Number of

Customers

Number

of Days

Number

of

Vehicles

1 2 2 20 3 4

2 2 2 20 3 4

3 3 2 50 3 4

4 3 2 50 3 4

5 15 3 40 5 9

6 15 3 40 5 9

7 10 2 60 6 8

8 10 2 60 6 8

9 5 2 100 5 6

10 5 2 100 5 6

11 6 3 80 6 9

12 6 3 80 6 9

13 4 3 120 6 9

14 4 3 120 6 9

15 7 3 150 5 9

16 7 3 150 5 12
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5.9.1 Factor of the Difference in Travel Time from Distribution Centers to
a Customer, A

The factor of difference in travel time from distribution centers to a customer, A, is

insensitive to the problem size. Thus, it is tested first. The tabu duration is initially

set to 7, since this value is suggested for many problems in literature and also

initially set for finding other parameters in Cordeau et al. (1997). The maximum

number of entries in the index list, MAX_EIL, and the maximum number of

consecutive iterations without improvement, MAX_I WI, should be initially set to a

large number. For this parameter finding process, the MAX_EIL of 10 and the

MAX_I WI of 10 are arbitrarily used in all test problems.

Since the search starts with a solution in which every customer is initially assigned

to its nearest distribution center, the distribution center interchanges in the first

iteration involve assigning farther distribution centers to customers and thus are

considered only if A is set to a value greater than 1. The value of A indicates how

far each distribution center is from a customer, should be considered too far. If A is

set too large, the number of distribution center interchanges in each neighborhood

search will be large and the search will take a long computation time to complete.

The factor A is tested in the range of [1.05, 2.50] with an increment of 0.05 and the

minimum value of A that yields the best objective function value for each test

problem is reported in Table C.1 in Appendix C. The factor of the difference in

travel time from distribution centers to a customer, A, is set equal to the maximum

factor found for all test problem, which is 1.90.

5.9.2 Tabu Duration, r

The tabu duration, z is another parameter that must be carefully determined. If the

tabu duration is set too small, the likelihood of falling back to the previously

searched region is high. On the other hand, if it is set too large, the search becomes
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too restricted and usually results in a long computation time. It is observed that

when the tabu duration is set large, the maximum number of entries in the index list

must be set larger than that of the run with a lower tabu duration, in order to obtain

the solution with the same quality. Therefore, the tabu duration should be tested

before the maximum number of entries in the index list. In finding the tabu
duration, the factor of the difference in travel time from distribution centers to a

customer, i, is set to 1.90, the maximum number of entries in the index list,
MAX_EIL, is set to 10, and the maximum number of consecutive iterations without

improvement, MAX_IWI, is set to 10. The tabu durations that provide the best

solution quality for each test problem is reported in Table C.2 in Appendix C. The

results show that the tabu duration mainly depends on the number of customers and

can be set to the following empirical formula: [i where n2 is the number

of customers.

5.9.3 Diversification factor, 0 and Intensification factor, o

A proper value for the diversification factor,
0, must be determined in order to

properly penalize the frequently added attributes (i.e., not too slightly or overly.) So

does the intensification factor, a. From the initial runs, the ranges of appropriate

tabu durations for the TS algorithm with and without the long-term memory do not

differ much. Thus, the tabu duration formula for the IS without the long-term

memory can be applied to the TS algorithms with diversification and intensification

processes. However, it is observed that higher maximum number of entries in the

index list is usually required when including the use of long-term memory into the

TS algorithm. Thus, these factors are tested before the maximum number of entries

in the index list. The diversification factor and intensification factor are fine tuned

independently, with the factor of the difference in travel time from distribution

centers to a customer, , set to 1.90, the tabu duration, r, set to 1.34j , where
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n2 is the number of customers, the maximum number of entries in the index list,

MAX_EIL, set to 10, and the maximum number of consecutive iterations without

improvement, MAX_IWI, set to 10. The appropriate diversification factor and

intensification factor for each test problem is reported in Tables C.3 and C.4 in

Appendix C, respectively. The results show that both factors 0 and a are
independent of the problem size. They are thus set equal to the maximum factor

found for all test problems. The diversification factor,
0, is set to 0.01, while the

intensification factor, o is set to 0.001.

5.9.4 Maximum Number of Entries in the Index List, MAX_EIL

The parameter tested next is the maximum number of entries in the index list,

MAX_EIL. Typically, the higher the number is set, the higher the quality of the

solution obtained, but the longer it takes to search. Thus, a compromised value

must be sought for. In this testing, the factor of the difference in travel time from

distribution centers to a customer, , is set to 1.90, the tabu duration is set to

[1 where fl2 is the number of customers, and the maximum number of

consecutive iterations without improvement, MAX IWI, is set to 10. The

minimum values of MAX_EIL required for TS 1, TS2 and TS3 are reported in

Table C.5 in Appendix C. From the testing results, the TS algorithms with long-

term memory require higher number of MAX_EIL in most of the test problems.

The maximums of MAXElL among the three TS algorithms in the test problems

are used to estimate the appropriate values of MAX_EIL. The MAX_EIL is found

to be related to number of customers and number of days in the test problems. The

following empirical formula seems appropriate for estimating the MAXElL:

+ 0.30#days *i1, where n2 is the number of customers, and #days is the

number of days.
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5.9.5 The Maximum Number of Consecutive Iterations without
Improvement, MAX_I WI

Typically the tabu search algorithm provides a higher quality solution when it is

tenninated because the maximum number of entries in the index list is reached.

However, the criterion for stopping the search, when the maximum number of

consecutive iterations without improvement is reached, is still necessary, if the
algorithm takes excessively long time to find the required number of entries in the

index list. The maximum number of consecutive iterations without improvement,

MAX_IWI, needs to be set large enough so that the search does not terminate
before good local optima are found. Too large value of the maximum number of

consecutive iterations without improvement causes the search to run unnecessarily

too long. Thus, an appropriate parameter setting is required. In this testing, the

factor of the difference in travel time from distribution centers to a customer, /, is

set to 1.90, the tabu duration is set to 1 .34G
,

and the maximum number of

entries in the index list, MAX_EIL, is set to + 0.3 0*#days * where n2 is

the number of customers, and #days is the number of days. The minimum value of

MAX_IWI required for each test problem is reported in Table C.6 in Appendix C.

The maximums of MAX_IWI among the three TS algorithms in the test problems

are used to estimate the appropriate values of MAX IWI. The results shows that

the MAX IWJ can be set to [7 + 0.025*# days * n2 , where fl2 is the number of

customers, and #days is the number of days.

The test problems are re-run with the parameter settings found from Sections 5.9.1-

5.9.5. The new parameter settings for all test problems are shown in Tables 5.2.

The objective function values of the test problems under the new parameter settings

are reported in Tables 5.3, along with the best objective function values found

during the parameter finding process and the percentages of deviations. The
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percentages of deviations do not provide assessments on the quality of the solution,

but indicate whether the estimated parameter settings are appropriate. The

percentages of deviations are quite small, ranging from 0.00%-3.52%. Most of the

deviations are less than 3.00% and the averages of deviations are less than 1% for

all three algorithms. Therefore, the current parameter settings are acceptable.

Table 5.4 presents the overall best objective function values found during the

parameter finding process, the objective function values of all three TS algorithms,

using the parameter settings in Table 5.2 and the corresponding percentages of

deviations. This table provides a rough comparison of the three TS algorithms.

From Table 5.4, TS2 provides the least percentage of deviation in several test

problems. The average deviations of the three TS solutions from the best objective

function values found during the parameter finding process are however not much

different. The statistical comparison of the three TS algorithms is not performed in

this chapter, but in Chapter 7.
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Table 5.2 Estimates of parameter settings

Test Problem A MAXElL MAX IWI

(For TS2)

U

(For TS3)
1 1.90 6 9 9 0.01 0.001

2 1.90 6 9 9 0.01 0.001

3 1.90 10 11 11 0.01 0.001

4 1.90 10 11 11 0.01 0.001

5 1.90 9 19 12 0.01 0.001

6 1.90 9 19 12 0.01 0.001

7 1.90 11 23 16 0.01 0.001

8 1.90 11 23 16 0.01 0.001

9 1.90 14 21 20 0.01 0.001

10 1.90 14 21 20 0.01 0.001

11 1.90 12 24 19 0.01 0.001

12 1.90 12 24 19 0.01 0.001

13 1.90 15 14 25 0.01 0.001

14 1.90 15 14 25 0.01 0.001

15 1.90 17 18 26 0.01 0.001

16 1.90 17 18 26 0.01 0.001
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Table 5.3 Robustness of parameter settings

No. TSI

(b=Oi=0)
TS2

(=0.01o=0)
TS3

(O;oO.00I)
BestTSl OFVTS1 °!°TSI BestTs2 OFVTS2 %Ts BestTS3 0FVTS3 %1j33

1 330.55 334.56 1.21% 330 55 338.97 2.55% 330.55 334.56 1.21%
2 384.27 384.27 0.00% 384.27 384.27 0.00% 384.27 384.27 0.00%
3 662.47 662.47 0.00% 658.21 662.47 0.65% 662.47 662.47 0.00%
4 663.57 664.38 0.12% 664.38 681.77 2.62% 664.38 676.91 1.89%
5 1777.76 1786.16 0.47% 1777.90 1777.90 0.00% 1786.16 1786.16 0.00%
6 1490.51 1492.44 0.13%. 1477.47 1487.19 0.66% 1490.51 149244 0.13%
7 2450.85 2525.33 3.04% 2450.85 2509.92 2.41% 2450.85 2534.87 3.43%
8 2692.80 2787.50 3.52% 2623.41 2691.62 2.60% 2692.80 2784.75 3.41%
9 2327.77 2327.77 0.00% 2336.84 2336.84 0,.O0°,4 2344.84 2344.84 0.00%
10 2809.68 2817.93 0.29% 2659.30 2659.30 0.O0% 2809.68 2817.88 0.29%
11 2479.01 2483.76 0.19% 2479.01 2503.80 1.00% 2451.56 2451.56 0.00%

12 2312.71 2327.29 0.63% 2307.84 2318.70 0.47% 2321.29 2385.82 2.78%
13 3345.21 3345.83 0.02% 3225.48 3225.48 0.00% 3345.21 3352.74 0.23%
14 3609.07 3629.47 0.57% 3609.07 3636.75 0.77% 3534.75 3534.75 0.00%
15 4215.72 4225.17 0.22% 4215.72 4219.39 0.09% 4215.72 4227.15 0.27%

16 3314.98 3314.98 0.00% 3237.40 3237.40 0.00% 3305.93 3305.93 0.O/.
Average

Deviation

9.65% Average

Deviation

0.86% Average

Deviation

0.85%

%TsI = I 00*(OFVTsl BestTSl)/BestTSl; where OFVTS! is the objective function value and Best151 is

the best objective function value found during the parameter fmding process from the TS without

the long-term memory (i.e., TS 1.)

%TSZ = 100*(OFVTs2_ Bestis2)/Best1s2; where 0FV152 is the objective flmction value and Best1s2

the best objective function value found during the parameter finding process from the TS with the

diversification process (i.e., TS2.)

%1s3 10O(OFVTs3- Best153)/Best153; where OFVTS3 is the objective function value and Best153 is

the best objective function value found during the parameter fmding process from the TS without

the intensification process (i.e., TS3.)



57

Table 5.4 Rough comparison of TS algorithms

Test

Problem

BCStoveraii T81

(= 0; o 0)

TS2

(ô O.U1; r 0)

TS3

( 0; i 0.001)

OFVTS1 OFVTS2 %TSZ OFVTS3 %rs3
1 330.55 334.56 1.21% 338.97 2.55% 334.56 1.21%

2 384.27 384.27 0.00% 384.27 0.00% 384.27 0.00%

3 658.21 662.47 0.65% 662.47 0.65% 662.47 0.65%

4 663.57 664.38 0.12% 681.77 2.74% 676.91 201%
5 1777.76 1786.16 0.47% 1777.90 0.01% 1786.16 0.47%

6 1477.47 1492.44 1.01% 1487.19 0.66% 1492.44 1.01%

7 2450.85 2525.33 3.04% 2509.92 2.41% 2534.87 3.43%

8 2623.41 2787.50 6.25% 2691.62 2.60% 2784.75 6.15%

9 2327.77 2327.77 0.00% 2336.84 0.39% 2344.84 0.73%

10 2659.30 2817.93 5,96% 2659.30 0.00% 2817.88 5.96%

11 2451.56 2483.76 1.31% 2503.80 2.13% 2451.56 0,00%

12 2307.84 2327.29 0.84% 2318.70 0.47% 2385.82 3.38%

13 3225.48 3345.83 3.73% 3225.48 0.00% 3352.74 3.95%

14 3534.75 3629.47 2.68°h 3636.75 2.89% 3534.75 0.00%

15 4215.72 4225.17 0.22% 4219.39 0.09% 4227.15 0.27%

16 3237.40 3314.98 2.40% 3237.40 0.00% 3305.93 2.12%

Average 1.87% Average 1.10% Average 1.96%

Best01 is the overall best objective function value found during the parameter finding process.

OF'VTSI is the objective function value. %Tsl 100*(OFVTSI_ Bestove.ji)/Bestoveran

OFVTS2 is the objective function value. %Ts2 = lOO*(OFVTS2_ Bestrs2)fBestove..ji

OFVTS3 is the objective function value. %1s3 = lOO*(OFVTs3 Bestis3)fBestoverau
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5.10 APPLICATION OF TABU SEARCH ALGORITHM TO A SMALL
PROBLEM

To illustrate the steps of the tabu-search based algorithm for the multiple-product,

multiple-depot periodic distribution problem, a small problem, comprised of two

products, two distribution centers, four customers, three identical vehicles with a

three-day planning horizon is generated and applied to the algorithm. The data of

this small problem is given in Tables 5.5-5.7. None of the customers hold initial

inventories and initial backorders. The per-case backorder costs are assumed to be

identical for all customers ($3 for product 1, and $4 for product 2) and the factors

for adjusting the per-case backorder cost, i% are set to 1 for the days in current

period and to 0.1 for the days beyond the current period. The identical time

windows of [0, 210] minutes are assumed for all nodes. All the possible delivery

patterns for a three-day planning period are provided in Table B. 1 in Appendix B.

Table 5.5 Parameters relating to distribution centers, vehicles and products

)istribution Center DCI DC2

Number of Vehicles 1 2

Vehicle Capacity 50 ft? 50 ft.3

Average Driver Wage $0.20/minute $0.23/minute

Average Cost per Mile $0.50/mile $0.65/mile

Average Loading Setup Time 20 minutes 20 minutes

Average Variable Loading Time 0.25 minutes/case 0.25 minutes/case

Average Unloading Setup Time 5 minutes 5 minutes

Average Variable Unloading Time 0.40 minutes/case 0.40 minutes/case

Products P1 P2 P1 P2

Volume 2 ft.3/case 3 ft.3lcase 2 ft./case 3 ft.3/case

Initial Supply 7 cases S cases 12 cases 13 cases

Scheduled Receipts Day 1: 10 Day 1: 10 Day 2: 15 Day 2: 15



Table 5.6 Estimates of travel time

e DC! DC2 Cl C2 C3 C4

DC! 0 M 15 27 35 40

DC2 M 0 30 21 15 15

Cl 15 30 0 22 30 40

C2 27 21 22 0 20 25

C3 35 15 30 20 0 10

C4 40 15 40 25 10 0

Table 5.7 Daily demands and delivery pattern data

Customer!

Product

Demand Allowable Patterns R,

and the Penalty Cost (flr)Day 1 Day 2 Day 3 Day 4 Day 5

Cl
P1
____

1

______
2 2 1 2

1 ($0), 4 ($0), 5 ($3)
P2 2

______
3

______
1 2

______
2

C2
P1
____

0 2 1 2 1

2 ($0), 1 ($2)
P2

______
0

______
0

______
2 1 3

C3
P1 1 2 1 0 2

l($0), 2 ($0), 3 ($0),4 ($2)
P2 2 1 3 1 1

C4
P1

_____
1 2 3 2 3

1 ($0), 2 ($2), 4 ($0), 6 ($2)
P2

______
2

______
1

______
1 2 3

The maximum number of trips that a vehicle could make in a day, MT, is

calculated using the formula given in Section 4.2.2.2. All the customers have

minimum frequencies of deliveries equal to 1 delivery per period. Thus, the average

of the minimum frequencies of deliveries of all customers, freq, , equals to 1. The

estimate of the total daily delivery volumes is equal to 161 cubic feet. The total of



vehicle capacities available on each day is 150 cubic feet. The MT can be
estimated to 2 trips per day.

Section 5.10.1 explains the initial solution finding mechanism for TS algorithms.

Step-by-step implementations of the TS algorithms are demonstrated in Sections
5.10.2-5 .10.8.

5.10.1 Step 1: Find an Initial Solution

Each customer is initially assigned to its nearest distribution center and its most

favorable delivery pattern. The initial assignments are given in Table 5.8. The
italicized distribution center indicates that a delivery is scheduled for the

corresponding customer. No delivery is scheduled for the customer on the days
with unitalicized distribution center. From the initial assignments, all customers

require one delivery per period. Cl is assigned to DC 1 on Day 1; both C3 and C4

are assigned to DC2 on Day 1, and C2 is assigned to DC2 on Day 2.

The product allocation and route generation corresponding to the initial

assignments are made. On Day 1, Cl is the only customer that requires a delivery

from DC1. Five cases of P1 and six cases of P2 are allocated to Cl and a route

from DC1 to Cl is generated. Both C3 and C4 require the deliveries from DC2 on

Day 1. Since the estimated backordering cost for C3 is higher than that of C4, the

products are allocated to C3 first. Four cases of P1 and six cases of P2 are allocated

to C3, and six cases of P1 and four cases of P2 are allocated to C4 from DC2. The

time windows are identical for all customers, thus a natural index ordering is used

to create a routing priority list. C2 is the only customer that is scheduled for
delivery on Day 2. Five cases of P1 and three cases of P2 are expected at C2, but

there are only two cases of P1 and three cases of P2 available at DC2. C2 thus

expects to hold a backorder of one case of P1 on Day 3, and three cases of P1 on

Day 4 (which is the first day of the next period.) There is no customer scheduled
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for delivery on Day 3. The available supplies and the summary of the initial

solution are given in Tables 5.9 and 5.10, respectively. The objective function

value of this initial solution is $62.59, where the travel cost is $58.69 and the

backordering cost is $3.90. The aspiration level (AL) is set to this objective

function value and the initial solution is recorded as the first entry in the candidate

list (CL).

Table 5.8 Initial assignments

Customer Delivery Pattern Distribution Center

Dayl Day2 Day3
Cl Pattern 1 DC] DC1 DC1

C2 Pattern 2 DC2 DC2 DC2

C3 Pattern I DC2 DC2 DC2

C4 Pattern 1 DC2 DC2 DC2

Table 5.9 Beginning supply on each day in the initial solution

Distribution Center Product Day 1 Day 2 Day 3

DC1 P1 7 7-5+10=12 12

P2 8 8-6+10=12 12

DC2 P1 12 12-4-6 = 2 2-2+15 = 15

P2 13 13-6-4=3 3-3+15=15
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Table 5.10 Delivery routes of the initial solution

Distribution Center Routes

DC1 Day 1: DC1-C1-DC1

DC2 Day 1: DC2-C3-C4-DC2

Day 2: DC2-C2-DC2

5.10.2 Step 2: Update the Frequency Matrix - First Iteration

After the initial solution is found, the frequency matrix is updated. The frequency

matrix is presented in Table 5.11. Since the frequency matrix is very large and

sparse, only the updated frequencies are shown. The frequencies of all other

attributes that are not presented in Table 5.11 are equal to 0.

Table 5.11 Frequency matrix of the initial solution

Attribute Update Frequency

Cl: RI, (DC], Dcl, DC1) 1

C2: R2, (DC2, DC2, DC2) 1

C3: Ri, (DC2, DC2, DC2) 1

C4: Ri, (DC2, DC2, DC2) 1

5.10.3 Step 3: Identify Solutions in the Neighborhood - First Iteration

The solutions in the neighborhood are generated by either assigning new

distribution center or new delivery pattern to each customer. The product allocation

and route generation are repeated over each new assignment, as in step 1. Table

5.12 presents the solutions with new assignments, their corresponding objective

function values and the values for evaluations for TS2 and TS3. The attribute {Rl;
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(DC], DC 1, DC 1)] of Cl in the initial solution indicates that Cl is assigned to

pattern 1 (Ri) and DC1. The distribution centers in the first, second, and third

positions in the inside bracket indicate the assigned distribution centers on days 1,
2, and 3, respectively. As in Table 5.8, the italicized distribution center indicates

that a delivery is scheduled for the customer on the corresponding day. In the
attribute [Ri; (DC], DC 1, DC 1)1 of Cl, pattern 1 corresponds to the plan of
making one delivery per period on day 1 only; therefore the distribution center in

the first position is italic. If Cl is reassigned to R4, which corresponds to the plan

of making two deliveries per period on days 1 and 2, as in the neighborhood
solution 1, the corresponding attribute would be presented as [4, (DC], DC],

DC 1)1. The underlined assignment indicates the perturbed attribute. Note that the

reassignment of DC2 to Cl is not considered in Table 5.12, since the travel time

from DC2 to Ci is greater than 1.90 times (ii) of the travel time from DC1 to Cl.

So do the reassignments ofDCl to C3 and C4, with the same reasoning.

In TS 1, the best solution is identified by the objective function value solely.

However, it is specified by the sum of the objective function value and a penalty,

F(S), in TS2 and by the subtraction of the objective function value and an

incentive, G(S), in TS3. The penalty function and incentive function are as shown

in Sections 5.8.1 and 5.8.2, respectively. The penalties are added to the cost of the

solutions that are inferior to that of the previous solution only, while the incentives

are deducted to the cost of the solutions that are superior to that of the previous

solution. Since the penalties and incentives are proportional to the frequencies of

the attributes that do not belong to the previous solution, and the frequencies of

such attributes are all equal to 0 at the first iteration, the penalties and incentives in

Table 5.12 are equal to 0. All the objective function values, the values ofF(S), and

the values of G(S) are thus the same.



Table 5.12 Neighborhood solutions of the initial solution

Iter. 1 Assignments OFV F(S) G(S)
0 Cl: Ri, (DCI, DCI, Dcl); C2: R2, (DC2, DC2, DC2); $62.59 $62.59 $62.59

(Initial) C3: Ri, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

I Cl: i4. (Dcl, DC], DC I); C2: R2, (DC2, DC2, DC2); $76.09 $76.09 $76.09

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

2 Cl: R5, (Dcl, DC!, DCI); C2: R2, (DC2, DC2, DC2); $79.09 $79.09 $79.09

C3: RI, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

3 Cl: RI, (DCI, DC!, DCI); C2: RI, (DC2, DC2, DC2); $63.69 $63.69 $63.69

C3: RI, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

4 Cl: RI, (DCI, DCI, DCI); C2: R2, (DC2, DC2, DC2); $75.88 $75.88 $75.88
C3: , (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

5 Cl: RI, (Dcl, Dcl, DC!); C2: R2, (DC2, DC2, DC2); $102.11 $102.11 $102.11

C3: , (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

6 Cl: Ri, (Dcl, Dci, DC1); C2: R2, (DC2, DC2, DC2); $82.81 $82.81 $82.81

C3: R4, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

7 Cl: Ri, (Dcl, DC1, DC 1); C2: R2, (DC2, DC2, DC2); $97.49 $97.49 $97.49

C3: Ri, (DC2, DC2, DC2); C4: R2, (DC2, DC2, DC2)

8 Cl: RI, (DCI, Dcl, DCI); C2: R2, (DC2, DC2, DC2); $77.42 $77.42 $77.42

C3: Ri, (DC2, DC2, DC2); C4: R4, (DC2, DC2, DC2)

9 Cl: Ri, (DCI, DC1, DC1); C2: R2, (DC2, DC2, DC2); $92.84 $92.84 $92.84

C3: Ri, (DC2, DC2, DC2); C4: R6, (DC2, DC2, DC2)

10 Cl: RI, DCI, DC1); C2: R2, (DC2, DC2, DC2); N/A N/A N/A

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

II Cl RI (DCI, DCI, DCI); C2: R2, (DC2, DJ.,DC2); $5968 S5968 $5948

C3; RI, (DC2, 0C2, DC2); C4: RI, (DC2,DcZ DC2)
12 Cl: RI, (Dcl, DC!, DC!); C2: R2, (DC2, DC2, DC2); N/A N/A N/A

C3: Ri, DC2, DC2); C4: RI, (DC2, DC2, DC2)

13 CI: RI, (DCI, DCI, DC 1); C2: R2, (DC2, DC2, DC2); N/A N/A N/A

C3: Ri, (DC2, DC2, DC2); C4: Ri, (QcL, DC2, DC2)

OFV is the Objective Function Value.

F(S) is the value for evaluation in the TS algorithm with diversification process (i.e., TS2.)

G(S) is the value for evaluation in the TS algorithm with intensification process (i.e., TS3.)
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5.10.4 Step 4: Select the Next Solution and Update the Tabu Search
Components - First Iteration

From Table 5.12, the best neighborhood solution is identified as {[C1: Ri, (Dcl,
Dcl, DC1)J; [C2: R2; (DC2, DC], DC2)]; [C3: Ri; (DC2, DC2, DC2); [C4: Ri;

(DC2, DC2, DC2)]}, in which C2 is reassigned to DC1 on Day 2. The
corresponding objective function value is $59.68. The following Tabu Search

components are updated, according to this solution.

5.10.4.1 Tabu Duration - First Iteration

The search moves from the initial solution to the solution { [Cl: Ri, (DC], DC 1,

DC1)]; [C2: R2; (DC2, DC], DC2)]; [C3:Ri; (DC2, DC2, DC2); [C4: Ri; (DC2,

DC2, DC2)]}. The tabu duration, r, is set to: [1 It '1 = 3. The

moves that reassign DC2 to C2 will be forbidden for 3 iterations or until the fourth

iteration, unless it provides an objective function value superior to the current

aspiration level.

5.10.4.2 Candidate List and Asoiration Level - First Iteration

The best solution in the neighborhood of the initial solution is selected as the next

solution and recorded into the candidate list (CL). The aspiration level is updated to

the minimum between the current aspiration level and the objective function value

of the selected solution. Though the best F(S) value and the best G(S) value is used

to select the best neighborhood solution in the TS2 and TS3 algorithms,

respectively, the aspiration level is still set to the best-so-far objective function

value. The new aspiration level is set to $59.68.



5.10.4.3 Index List - First Iteration

The objective function value of the selected solution ($59.68) is superior to that of

the initial solution ($62.59). If the objective function value of the next selected

solution (in the second iteration) is inferior to $59.68, this solution will become a

local optimum and will be recorded into the index list (IL).

5.10.5 Step 5: Check Stopping Criteria - First Iteration

Given n2 is the number of customers, and #days is the number of days, the

maximum number of entries in the index list is set to [4 + 0.30*# days * =

[4+0.30*3 * = 6 and the maximum number of consecutive iterations without

improvement is set to [7+ 0.025*#days * n2 1 = [7+0.025*3*41 8. For the

demonstration purpose, the maximum number of entries in the index list is simply

set to 2. At this iteration, both the number of entries in the index list (EIL) and the

number of consecutive iterations without improvement (IWI) are equal to 0.

Therefore, the search can continue to the next iteration.

5.10.6 Step 2: Update the Frequency Matrix - Second Iteration

The frequency matrix is updated and presented in Table 5.13. Again, the

frequencies of all other attributes that are not presented in Table 5.13 are equal to 0.



Table 5.13 Frequency matrix at the second iteration

Attribute Updated Frequency

C1:R1,(DCJ,DC1,DCl) 2

C2: R2, (DC2, DC2, DC2) 1

C2: R2, (DC2, DC], DC2) 1

C3: RI, (DC2, DC2, DC2) 2

C4: Ri, (DC2, DC2, DC2) 2

5.10.7 Step 3: Identify Solutions in the Neighborhood - Second Iteration

Starting with the solution {[C1: Ri, (DC], DC1, DC1)]; [C2: R2; (DC2, DC],

DC2)]; [C3:R1; (DC2, DC2, DC2); [C4: Ri; (DC2, DC2, DC2)}}, the

neighborhood solutions are identified in the same manner as in Section 5.10.3. The

neighborhood solutions, the corresponding object function values, and values of

F(S) and G(S) are presented in Table 5.14.

5.10.8 Step 4: Select the Next Solution and Update the Tabu Search
Components Second Iteration

From Table 5.14, the eleventh solution, {[C1: Ri, (DCI, DCI, DCl); C2: R2;
(DC2, DC2, DC2)J; [C3: Ri; (DC2, DC2, DC2); [C4: Ri; (DC2, DC2,
DC2)]} contains a tabu attribute and has an inferior objective function value

($62.59) to the aspiration level ($59.68). The move to this solution is thus

forbidden and crossed out. The best neighborhood solution without a tabu attribute

is the third solution, {[C1: Ri, (Dcl, DC1, Dcl)]; [C2: Ri; (DC2, DC1, DC2)];

{C3:Rl; (DC2, DC2, DC2); [C4: Ri; (DC2, DC2, DC2)]}. Compared to the entries

in the candidate list, this solution has not yet been visited. Therefore, it is selected

as the next solution. The objective function value of this solution is $63.69.
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In this iteration, note that the objective function value of the eleventh solution

($62.59) is inferior to that of the previous solution ($59.68). A penalty is thus
charged to the objective function value to discourage the selection of this solution

(i.e., diversification), so the value of the evaluation function for TS2, F(S),

becomes $66.45. The F(S) values of all other solutions are same as their
corresponding objective function values, since the frequencies of the perturbed
attributes in those solutions are equal to 0.

Note also that the diversification process is redundant in the first few iterations

because the penalties are only added to the solutions with the tabu attributes, such

as that in the eleventh solution in Table 5.14. However, after a number of iterations,

the penalties will be also added to the solutions without tabu attributes. At the time,

the effect of diversification process would become more obvious.

In TS3, the incentives are not added to the G(S) since all the neighborhood

solutions are inferior to the current solution. The values for evaluation in TS3 are

therefore the same as the objective function values. The tabu search components

are updated in Sections 5.10.8.1-5.10.8.3.



Table 5.14 Neighborhood solutions generated at the second iteration

Iter. 2 Assignments OFV F(S) G(S)
0 Cl: Ri, (DCI, Dcl, DC1); C2: R2, (DC2, DC], DC2); $59.68 $59.68 $59.68

C3: RI, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

1 Cl: (Dcl, DCI, DCI); C2: R2, (DC2, Dcl, DC2); $64.18 $64.18 $64.18

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

2 Cl: R5, (Dcl, DCI, DC]); C2: R2, (DC2, Dcl, DC2); $76.18 $76.18 $76.18

C3: RI, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

3 $6369 $63.69 $63.69

C3 R1 (DC2, 1X2, DC2); C4: R1, (DC2, DC2, DC2)

4 Cl: Ri, (Dcl, Dcl, DCI); C2: R2, (DC2, DCI, DC2); $82.10 $82.10 $82.10
C3: , (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

5 Cl: Ri, (Dcl, DCI, DCI); C2: R2, (DC2, DCI, DC2); $103.10 $103.10 $103.10

C3: R3, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

6 Cl: Ri, (DCI, DC!, DCI); C2: R2, (DC2, Dcl, DC2); $78.33 $78.33 $78.33

C3: R4, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

7 Cl: Ri, (Dcl, Dci, DC1); C2: R2, (DC2, DCI, DC2); $84.10 $84.10 $84.10

C3: Ri, (DC2, DC2, DC2); C4: R2, (DC2, DC2, DC2)

8 Cl: Ri, (DCI, DC!, DC 1); C2: R2, (DC2, DCI, DC2); $76.33 $76.33 $76.33

C3: Ri, (DC2, DC2, DC2); C4: 4, (DC2, DC2, DC2)

9 Cl: RI, (Dcl, Dci, DC1); C2: R2, (DC2, DCI, DC2); $100.75 $100.75 $100.75

C3: Ri, (DC2, DC2, DC2); C4: R6, (DC2, DC2, DC2)

10 Cl: Ri, (DC2, Dcl, DC1); C2: R2, (DC2, Dcl, DC2); N/A N/A N/A

C3: RI, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

44 Cl: Ri, (DCI, Dcl, DC1);-C2: R2, DC2); $62.59 $66.45 $62(DC2, QQ,

C3: RI, (DC2, DC2, DC2);-C4: Ri, DC2, DC2) Tabu Tabu Tabu(DC2,

12 Cl: Ri, (Dcl, DC!, DCI); C2: R2, (DC2, DC2, DC2); N/A N/A N/A

C3: Ri, (QCL, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

13 Cl: Ri, (DC], DC1, DC1); C2: R2, (DC2, DC2, DC2); N/A N/A N/A

C3: RI, (DC2, DC2, DC2); C4: Ri, (D1, DC2, DC2)

OFV is the Objective Function Value.

F(S) is the value for evaluation in the TS algorithm with diversification process (i.e., TS2.)

G(S) is the value for evaluation in the TS algorithm with intensification process (i.e., TS3.)
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5.10.8.1 Tabu Duration - Second Iteration

In the selected solution, the pattern assignment of C2 in previous solution is

perturbed from R2 to Ri. The moves that reassign R2 to C2 will be forbidden for 3

iterations or until the fifth iteration, unless it provides an objective function value

superior to the current aspiration level. At this iteration, there are two tabu
attributes, which are [C2: x; (x, DC2, x)] and C2: R2; (x, x, x)].

5.10.8.2 Candidate List and Asnjration Level - Second Iteration

The third solution in Table 5.14 is identified as the best solution in the
neighborhood and inserted into the candidate list. The aspiration level is updated to

the minimum between the current aspiration level and the objective function value

of the selected solution. The aspiration level is unchanged at this iteration.

5.10.8.3 Index List - Second Iteration

The objective function value of the selected solution ($63.69) is inferior to that of

the previous solution ($59.68). The previous solution is thus a local optimum and

recorded into the index list. The number of entries in the index list is updated to 1.

5.10.9 Step 5: Check Stopping Criteria - Second Iteration

At this iteration, the number of entries in the index list isequal to I. The number of

consecutive iterations without improvement is updated to I, since the selected

solution in this iteration is inferior to the pervious solution. None of the stopping

criteria is satisfied. Thus, the search is continued to the next iteration.
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5.10.10 Repeat the Cycle until One of the Stopping Criteria is Satisfied

Steps 2-5 are repeated until one of the stopping criteria is met. Tables 5.15-5.20

present the frequency matrices, the next two iterations of the three TS algorithms,

and the updated tabu components. In Table 5.16, the objective function value of the

third solution is $59.68, which is superior to that of the previous solution ($63.69).

An incentive is thus deducted from the objective function value, so the value for

evaluation in TS3, G(5), becomes $59.40. The objective function values of all other

solutions are inferior to that of the previous solution. Therefore, their G(S) values

are same as their corresponding objective function values.

Table 5.15 Frequency matrix at the third iteration

Attribute Updated Frequency

C1:Rl,(DCJ,DC1,DC1) 3

C2: R2, (DC2, DC2, DC2) 1

C2: R2, (DC2, DCI, DC2) 1

C2: Ri, (DC2, Dcl, DC2) 1

C3: Ri, (DC2, DC2, DC2) 3

C4: Ri, (DC2, DC2, DC2) 3
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Table 5.16 Neighborhood solutions generated at the third iteration

Iter. 3 Assignments OFV F(S) G(S)

0 Cl: RI, (DCI, Dcl, Dcl); C2: Ri, (DC2, DC!, DC2); $63.69 $63.69 $63.69

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

1 Cl: B.4. (DCI, DCI, DCI); C2: RI, (DC2, DC1, DC2); $77.19 $77.19 $77.19

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

2 Cl: R5, (Dcl, DC!, DC1); C2: Ri, (DC2, DCI, DC2); $80.19 $80.19 $80.19

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

Cl: RI, DCI, DCI); C2: R2, DCI, DC2); $59.68 $59.68 $59.40(DCI, (DC2,

C3: Ri, DC2, DC2); C4 Ri, DC2, DC2) Tabu Tabu Tabu(DC2, (DC2,

4 Cl: RI, (DC], DCI, DC!); C2: Ri, (DC2, DC1, DC2); $86.41 $86.41 $86.41

C3: R2, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

5 Cl:R1,(DCI,DC1,DC1);C2:R1,(DC2,DC1,DC2); $104.11 $104.11 $104.11

C3: R3, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

6 Cl: Ri, (Dcl, Dcl, Dcl); C2: Ri, (DC2, DCI, DC2); $72.81 $72.81 $72.81

C3: R4, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

7 Cl: Ri, (DCI, Dcl, Dcl); C2: Ri, (DC2, DCI, DC2); $79.88 $79.88 $79.88

C3: Ri, (DC2, DC2, DC2); C4: R2, (DC2, DC2, DC2)

8 Cl: Ri, (DC], Dcl, DCI); C2: RI, (DC2, Dcl, DC2); $70.81 $70.81 $70.81

C3: RI, (DC2, DC2, DC2); C4: R4, (DC2, DC2, DC2)

9 Cl: RI, (Dcl, DCI, DCI); C2: RI, (DC2, Dci, DC2); $92.23 $92.23 $92.23

C3: Ri, (DC2, DC2, DC2); C4: R6, (DC2, DC2, DC2)

10 Cl: Ri, DC!, DC!); C2: Ri, (DC2, DC!, DC2); N/A N/A N/A

C3: RI, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

11 C1 Ri, (1 Cl, DCI, I)Cfl; C2 R1,DCJ DCi,DC2); $55.68 $55.68 $55.68

C3 RI, (DC2, DC2, DC2); C4: R1, (DC2, 0c2, DC2)

12 Cl: Ri, (Dcl, Dci, DCI); C2: RI, (DC2, Dcl, DC2); N/A N/A N/A

C3: Rl, (QL DC2, DC2); C4: Ri, (DC2, DC2, DC2)

13 Cl: Ri, (Dcl, DC!, Dcl); C2: RI, (DC2, DCI, DC2); N/A N/A N/A

C3; Ri, (DC2, DC2, DC2); C4: RI, (j, DC2, DC2)

OFV is the Objective Function Value.

F(S) is the value for evaluation in the TS algorithm with diversification process (i.e., TS2.)

G(S) is the value for evaluation in the TS algorithm with intensification process (i.e., TS3.)
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Table 5.17 Updated tabu components after the third iteration

Tabu Component Value

New Entry to the Candidate List [Cl: Ri, (DCI, Dcl, Dcl)],

[C2: RI, (DC], DCI, DC2)],

[C3:R1; (DC2, DC2, DC2)],

[C4: Ri; (DC2, DC2, DC2)]

Objective Function Value $55.68

Aspiration Level minimum ($59.68, $55.68) $55.68

Tabu Attributes [C2: x; (x, DC2, x)],

[C2: R2; (x, x, x)],

[C2: x; (DC2, x, x)]

Number of Entries in the Index List I

Number of Consecutive Iterations 0

without Improvement

Table 5.18 Frequency matrix at the fourth iteration

Attribute Updated Frequency

Cl: Ri, (DC], Dcl, DC1) 4

C2: R2, (DC2, DC2, DC2) 1

C2: R2, (DC2, DC], DC2) I

C2: Ri, (DC2, DC1, DC2) 1

C2: RI, (DC], DC1, DC2) 1

C3: Ri, (DC2, DC2, DC2) 4

C4: Ri, (DC2, DC2, DC2) 3
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Table 5.19 Neighborhood solutions generated at the fourth iteration

Iter. 4 Assignments OFV F(S. G(5)

0 Cl: Ri, (Dcl, DCI, DCI); C2: RI, (Dcl, Dcl, DC2); $55.68 $55.68 $55.68

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

CI: (DCI, DC], DCI); C2 Ri. (DCI, DCI, DC2); $66.18 $66.18 $66.18

3: RI, DCZ D2, D2); 4: RI, (Dc2, Dc2, IX2
2 Cl: R5, (DC], DCI, DC]); C2: Ri, (DC], Dcl, DC2); $69.18 $69.18 $69.18

C3: Ri, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

Cl: Ri, DC!, DC1); C2: R2, DC], DC2); $968 $6h48 $5968(DCI, (DC!,

C3: Ri, DC2, DC2); C4: Ri, DC2, DC2) Tabu Tabu Tabu(DC2, (DC2,

4 Cl: Ri, (DCI, DC!, DCI); C2: RI, (DCI, DC!, DC2); $78.10 $78.10 $78.10

C3: R2, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

5 Cl: Ri, (DC1, DC1, DC1); C2: RI, (DCI, Dcl, DC2); $99.10 $99.10 $99.10

C3: R3, (DC2, DC2, DC2); C4: RI, (DC2, DC2, DC2)

6 Cl: RI, (DCI, DC1, DC1); C2: Ri, (DCI, DC!, DC2); $74.33 $74.33 $74.33

C3: 4, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

7 Cl: Ri, (Dcl, DCI, DC!); C2: Ri, (DCI, DC!, DC2); $80.10 $80.10 $80.10

C3: Ri, (DC2, DC2, DC2); C4: R2, (DC2, DC2, DC2)

8 CI: RI, (Dcl, DCI, DC1); C2: RI, (DCI, Dci, DC2); $72.33 $72.33 $72.33

C3: RI, (DC2, DC2, DC2); C4: R4, (DC2, DC2, DC2)

9 Cl: Ri, (Dcl, DCI, DC1); C2: Ri, (DCI, Dcl, DC2); $96.75 $96.75 $96.75

C3: RI, (DC2, DC2, DC2); C4: , (DC2, DC2, DC2)

10 Cl: RI, (Dc, DCI, DCI); C2: RI, (DCI, DCI, DC2); N/A N/A N/A

C3: Ri, (DC2, DC2, DC2); C4: Ri, (DC2, DC2, DC2)

44 Cl: Ri, (DCI, Dcl, DC1); C2: RI, DCI-, DC2); $63.69 $65.49 $66(Q,
C3: Ri, (DC2-, DC2, DC2); C4i Ri, DC2, DC2) Tabu Tabu Tabu(DC2,

12 Cl: RI, (DCI, DC1, DC1); C2: RI, (DCI, DC!, DC2); N/A N/A N/A

C3: Ri, (Dci. DC2, DC2); C4: RI, (DC2, DC2, DC2)

13 C1:R1,(DCJ,DC1,DC1);C2:R1,(DC2,DCi,DC2); N/A N/A N/A

C3: RI, (DC2, DC2, DC2); C4: Ri, (DCI, DC2, DC2)

OFV is the Objective Function Value.

F(S) is the value for evaluation in the TS algorithm with diversification process (i.e., TS2.)

G(S) is the value for evaluation in the IS algorithm with intensification process (i.e., TS3.)
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Table 5.20 Updated tabu components after the fourth iteration

Tabu Component Value

New Entry to the Candidate List [Cl: R4, (DC], DC], DC 1)1,

[C2: Ri, (Dcl, Dcl, DC2)],

[C3:R1; (DC2, DC2, DC2)},

[C4: Ri; (DC2, DC2, DC2)]

Objective Function Value $66.18

Aspiration Level minimum ($55.68, $66.18) = $55.68

Tabu Attributes [C2: R2; (x, x, x)],

[C2: x; (DC2, x, x)],

[Cl: Ri; (x, x, x)]

Number of Entries in the Index List 2

Number of Consecutive Iterations 1

without Improvement

After the fourth iteration, the specified maximum number of entries in the index list

of 2 has been reached. The search is thus terminated. The summary of the

implementations of the TS algorithms is shown in Table 5.21. Note that the TS1,

TS2, and TS3 algorithms move to the same solution at every iteration for this small

instance. This is, however, not the case for larger-size problems.

The second entry in the index list is reported as the best overall solution with the

objective function value of $55.68, for all three TS algorithms. The corresponding

delivery routes are shown in Table 5.22. This solution is, in fact, the optimal

solution of this instance. Further details on this are provided in the next chapter.



Table 5.21 Summary of the solutions

Iteration CL Tabu Attributes IL AL 1W!
Solution OFV F(S) G(S) Solution

0 (Initial) CI: RI, (DC], Dcl, DCI); $62.59 $62.59 $62.59 $62.59
C2: R2, (DC2, DC2, DC2);

C3: RI, (DC2, DC2, DC2);

C4: Ri, (DC2, DC2, DC2)

I Cl: RI, (DC], DC!, DCI); $59.68* $59.68 $59.68 C2: x; (x, DC2, x) Cl: RI, (Dcl, DCI, Dcl); $59.68 0
C2: R2, (DC2, DC], DC2); C2: R2, (DC2, DC], DC2);
C3: Ri, (DC2, DC2, DC2); C3: Ri, (DC2, DC2, DC2);
C4: Ri, (DC2, DC2, DC2) C4: Ri, (DC2, DC2, DC2)

2 Cl: Ri, (DCI, DCI, DC!); $63.69 $63.69 $63.69 C2 x; (x, DC2, x), $59.68
C2: (DC2, DCI, DC2); C2: R2; (x, x, x)
C3: RI, (DC2, DC2, DC2);

C4: Ri, (DC2, DC2, DC2)

3 Cl: RI, (DC], DCI, Dcl); $55.68* $55.68 $55.68 C2: x; (x, DC2, x), Cl: Ri, (DCI, DCI, DC1); $55.68 0
C2: Ri, (QCj, Dcl, DC2); C2: R2; (x, x, x), C2: RI, (DCI, DCI, DC2);
C3: RI, (DC2, DC2, DC2); C2: x; (DC2, x, x) C3: Ri, (DC2, DC2, DC2);
C4: RI, (DC2, DC2, DC2) C4: RI, (DC2, DC2, DC2)

4 Cl: R4, (Dcl, Dcl, DCI); $66.18 $66.18 $66.18 C2: R2; (x, x, x), $55.68
C2: Ri, (DCI, Dcl, DC2); C2: x; (DC2, x, x),
C3:R1; (DC2, DC2, DC2); Cl: RI; (x, x, x)
C4: RI; (DC2, DC2, DC2)
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Table 5.22 Delivery routes of the final solution

Distribution Center Routes

DC1 Day 1: DC1-Cl-C2-DC1

DC2 Day 1: DC2-C3-C4-DC2

5.11 SUMMARY OF STEP-BY-STEP IMPLEMENTATIONS OF TABU
SEARCH ALGORITHMS

The pseudo codes for the tabu search algorithms are provided in Appendix D. The

step-by-step implementations of the algorithms are illustrated in the flowchart in

Figure 5.1 and summarized as follows:

1. Determine tabu search parameters.

2. Initialize the number of entries in index list, the number of consecutive

iterations without improvement, the frequency matrix and the last iteration that

each attribute is declared tabu.

3. Generate an initial solution.

a. Assign each customer to its nearest distribution center.

b. Assign each customer to its most favorable pattern or the pattern that covers

the backorders from the previous period, if any.

c. Allocate the product according to the assigned delivery pattern and

distribution center.

d. Construct the delivery routes.

4. Insert the solution into the candidate list.

5. Update the frequency matrix by increasing the frequency of each attribute that

appears in the initial solution by 1.

6. Set the aspiration level to the objective function value of the solution.

7. Identify the solutions in the neighborhood of the current solution, S.

8. For each solution in the neighborhood, S, do:
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a. Repeat steps 3c and 3d.

b. Calculate the value for evaluation:

i. TS1: c() : OFV

IC(S) if C(S) is superior to C('S,)

ii. TS2: FS).

tC()
+ [Øn1n2RT * C(S) otherwise

(i,r,1,t)cS\S 1

c(s) if C(S)is equal or inferior to C(S)

iii. TS3: G(S) : - ( 9
c(s)_p o[n1n2RT * C(S)* otherwise

(i,r,1,cS\S 17
)

c. Check the tabu status of every attribute in the solution. If the solution

contains a tabu attribute and its objective function value is inferior to the

aspiration level, discard the solution from the consideration.

9. Select the solution with minimum value for evaluation as the next solution.

10. Insert the selected solution into the candidate list.

11. Update the frequency matrix by increasing the frequency of each attribute that

appears in the selected solution by 1.

12. Update the last iteration that each attribute in the current solution is declared

tabu to 17+ r, where ii is the current iteration number and ris the tabu duration.

13. Check the following conditions:

a. If the objective function value of the selected solution is superior to the

current aspiration level, update the current aspiration level, and reset the

number of iterations without improvement to 0.

b. If the objective function value of the current solution is superior to the

selected solution and its former solution, insert the selected solution into the

index list and increase the number of entries in the index list by 1.

c. If the objective function value of the selected solution is equal or inferior to

the current aspiration level, increase the number of iterations without

improvement by 1.
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14. Check the following stopping criteria and terminate the search if one of these

criteria is satisfied.

a. Check whether the maximum number of entries in the index list has been

reached.

b. Check whether the maximum number of consecutive iterations without

improvement has been reached.

c. Check whether all the solutions in the neighborhood are either tabu or
visited.

15. Repeat Steps 6-12.
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Determine tabu search parameters.
I

initialize CL, IL, AL, EIL, IWI, TIT, and frequency matrix.

Find an initial solution. Insert the initial solution into CL and IL.

Update AL and frequency matrix.

Generate neighborhood solutions

Apply distribution Apply pattern
center interchanges interchanges

Evaluate each neighborhood solution.

TSI: C(S) :OFV
1

- IC(S) if C(S) is superior to Ce'S)
TS2. F(S)

C(S) + penalty otherwise

if C() is equal or mferior to C(S)
TS3 G(S)

C(S) incentive otherwise

.1.

Is the Is the
move value less
tabu? than AL?

YesNo4
Identify the best solution.

Al lB

Figure 5.1 Flow chart of the solution algorithm

Disregard
the solution.
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CI IA

Has the solution Yes
been included in

CL?

No

Move to the best neighborhood solution.

Update CL, IL, AL, EIL, IWI, TIT, and frequency matrix.

criteria
Is any stopping

satisfied?

Yes

I Terminate the search. I

Return the best solution from IL. I

End

EIL = Number of entries in the index list
IWI = Number of consecutive iterations without improvement
TIT Last iteration that each attribute is declared tabu
AL Aspiration level
CL = Candidate list
IL Index list
OFV = Objective function value

C(S) = Total cost (or value for evaluation in TS1)

F(S) = Value for evaluation in TS2

G(S) = Value for evaluation in TS3

Figure 5.1 Flow chart of the solution algoritbm (Continued)
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CHAPTER 6: PERFORMANCE OF THE TABU-SEARCH BASED
HEURISTICS

The multi-product, multi-depot periodic distribution problem is a large-scale mixed

integer program that belongs to the NP-hard problem class. ft would require a great

extent of effort to solve even a very small problem instance optimally. The tabu-

search based heuristics, described in Chapter 5, can be used to substantially reduce

the computation time. However, the solution obtained is not guaranteed to be

optimal. In this chapter, the solutions from the tabu-search based heuristics in

Chapter 5 are compared to the optimal solutions or the best lower bounds of some

problem instances in order to evaluate the quality of heuristics.

6.1 DETERMINATION OF THE OPTIMAL SOLUTIONS AND THE
LOWER BOUNDS

Since the multi-product, multi-depot periodic distribution problem is a very

complex mixed-integer program (MIP), the problem instances that can be solved to

optimality must be sufficiently small. For this quality evaluation, twelve small

problem instances are generated. Table 6.1 presents the structures of those

instances. The instances are formulated into mixed-integer linear programming

models, as presented in Chapter 4, and solved by a linear solver. In this research,

the powerful mixed-integer solver of CPLEX Interactive Optimizer 7.1.0 (ILOG,

2001) is used. The program is performed on Sun E4000 server (with eight 170-

MHz processors and 2 GB of RAM.) Three methods of identifying optimal

solutions and lower bounds are presented in Sections 6.1.1-6.1.3.
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Table 6.1 Structures of problem instances

Problem Customers DCs Products Vehicles Days Allowable

Patterns

per Customer
1 4 2 2 3 3 2-4

2 7 2 2 4 3 2-3

3 10 3 2 3 3 1-3

4 10 2 2 4 3 1-2

5 10 2 3 4 5 2

6 12 3 2 3 3 2-3

7 15 3 3 3 5 2-3

8 15 3 2 4 3 1-3

9 18 2 3 4 5 1-3

10 20 3 3 3 5 1-3

11 20 2 2 4 6 1-2

12 25 3 2 3 6 1-3

6.1.1 Branch-and-Bound Method

The CPLEX mixed-integer solver determines an optimal solution, using the branch-

and-bound method (ILOG, 1997). In the branch-and-bound method, the LP-

relaxation of the original problem is solved and set as the root node. The solver

selects an integer variable with a fractional value that appears in the solution as a

branching variable and generates two subproblems (i.e., two branching nodes) with

more restrictive bounds on the branching variables. If there are still integer

variables with fractional values in the solutions, the branching process is repeated.

If an integer solution is found, its objective function value is set as an upper bound

or "cutoff' value. If a subproblem has an inferior objective function value to this
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cutoff value, the branching process on that node is terminated, since no better

objective function values can be obtained from that node. In CPLEX, this cutoff

value can also be pre-specified by users.

Before the branch-and-bound method begins, CPLEX attempts to reduce the size of

the original problem by calling the CPLEX "MIP Presolve and Aggregator".

During this process, the bounds are strengthened and the number of coefficients is

reduced. Thus, the solution can be found faster. Table 6.2 presents the sizes of the

mixed-integer programs for twelve test instances.

Table 6.2 Sizes of the mixed-integer programs

Problem Constraints Variables

Total Real

Variables

Binary

Variables

General

Integers

1 1367 1230 395 733 102

2 2240 2398 494 1808 96

3 5075 5376 1277 3979 120

4 5996 6541 1076 5297 168

5 8092 6916 1400 5300 216

6 6741 7300 1509 5641 150

7 14517 11259 2295 8673 291

8 11836 14074 2340 11552 182

9 31830 28626 3572 34661 393

10 32655 27701 4590 22721 390

11 24664 26509 2680 23559 270

12 32529 31451 3794 27349 308
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During the branch-and-bound search, CPLEX generates "cuts" or inequalities,
which are added to the problem in order to reduce the number of branches and
assist the search in approaching an integer solution. The user can define the number

of cuts added to the problem. However, the larger the number of cuts, the longer

the time spent in the branch-and-bound search. The default value of 4.0 is used in
this research.

The user can also select different search strategies and define several other

parameters in CPLEX. The details about each search strategy can be found in the

CPLEX user manual (ILOG, 1997). In this testing, the default settings are used.

Several terminating criteria for the branch-and-bound search are available in
CPLEX. Those criteria are to limit the output parameters, such as the number of

nodes solved, number of solutions found, the amount of memory required to store

the branch-and-bound tree and computation time. The default values are set to very

large numbers (co). In this testing, the branch-and-bound computational time is

arbitrarily limited to a reasonable long duration of 8 hours (or 28800 seconds). If an

optimal solution cannot be found within the eight-hour time limit, the search is

terminated and the best-so-far upper bound and lower bound found during the

search is reported. The test results from the branch-and-bound search are presented

in Section 6.1.4.

6.1.2 Selective LP Relaxation

As the problem becomes larger, the MIP solver cannot provide an optimal solution

within the time limit of eight hours. Besides, the gap between the upper bound and

lower bound reported at the terminating point is usually high. Alternative methods

for finding the optimal solutions or lower bounds should be applied. Typically, the

researcher uses Lagrangian relaxation method to identif' a lower bound of the
problem. However, the mixed-integer program of the multi-product, multi-depot
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periodic distribution problem is very complex and contains a large number of

binary and general integers. Even with Lagrangian relaxation, it still requires a very

long computation time. From a trial run on the problem instance 4 (see Tables 6.1

and 6.2), Lagrangian relaxations are applied to constraints 9, 11, 14, 16, and 19 of

the mathematical model in Chapter 4. The descriptions of those constraints are

given in Table 6.3. The MIP solver still takes several hours to find a lower bound

just on the first iteration of Lagrangian relaxation. Thus, the method is not
implemented in this research.

Table 6.3 The relaxed constraints and their descriptions

Constraint Description

9 The amount of each product delivered to all customers on each

day does not exceed the available supply at the distribution

center.

11 The load on each vehicle does not exceed the vehicle capacity.

14 On each trip, each vehicle will leave its home distribution

center at most once.

16 The mth delivery trip cannot be initialized unless the previous

trip (i.e., (m- 1)thi trip) has been constructed.

19 The delivery is made within the time-window specified by the

customer.

The LP relaxation of a mixed-integer problem can provide a lower bound within a

short time. However, the lower bound obtained is very poor in quality. Therefore, a

selective LP relaxation is exploited instead. In this method, some of the binary

variables, are LP relaxed. That is, some of the X,,it are allowed to be

fractional in the bounds of 0 and 1. In this research, the binary properties of the

Xykml associated with the customer nodes (Vi, j E V2) and the trip number greater
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than one (Vm> 1) are selected to be relaxed since most of those variables would be

equal to zero. The binary properties of the associated with the distribution

center nodes are not relaxed because it would result in an inferior lower bound.

Furthermore, the following constraint is added to the model to tighten the bound:

Xi1 O V1EJ/j,ViEV2;VkEK1;Vm,Vt (23)
1eV, jeVji

Constraint (23) states that vehicle k (where k E K1) can visit a number of customers

on its mth trip on day t, only if that trip is activated and the vehicle departs from the

corresponding distribution center 1. Constraint (23) is redundant in the original MIT'

model, since it is already restricted by the indegree-and-outdegree constraint,

constraint (15) (see Section 4.3). However, when the integral properties of some

binary variables are relaxed, the model tends to generate several (fractional)

subtours that do not originate from distribution center 1, in order to minimize the

objective function value of the relaxed problem. An inferior lower bound is thus

obtained. By adding constraint (23), the x1 for Vi, j V2 and Vm> 1 can be

(fractionally) positive, only ifone of the X1II,,,t that corresponds to the same route is

positive. The number of subtours that corresponds to the trip numbers greater than

one is reduced. The lower bound is hence tightened. If all the binary variables are

not fractional, the solution found from selective LP relaxation method is an optimal

solution to the original problem. The results from the selective LP relaxation

method are reported in Section 6.1.4.
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6.1.3 Iterative Selective LP Relaxation

The iterative selective LP relaxation method is an extended version of the selective

relaxation method in Section 6.1.2. After a solution is found from the selective

relaxation method, all the positive relaxed variables (i.e., potential variables) in the

solution are restricted to be binary again. Therefore, the number of binary variables

in the relaxed problem is increased in every iteration. The lower bound obtained is

thus tighter than that from the selective relaxation method. This process is repeated

until the limit on the total computation time of eight hours is reached. The results

from the iterative selective LP relaxation method are also reported in Section 6.1.4.

6.1.4 Summary of the results

The results from the three methods in Sections 6.1.1-6.1.3 are reported in Table 6.4.

The branch-and-bound method can identify the optimal solutions on five of the

twelve test problems within a time limit of eight hours, including the test problem

1, which is the problem instance used in Section 5.10. The solution identified is the

same solution as that reported by tabu-search algorithms in Section 5.10.

The selective LP relaxation can find only four optimal solutions but in much

shorter time than the regular branch-and-bound method. It also reports the tighter

bounds on the larger-size problems. Its extended version, the iterative selective LP

relaxation method, can identif' six optimal solutions and better lower bounds in

some problems.



89

Table 6.4 The optimal solutions or lower bounds of the test problems

Problem Branch Selective Iterative Optimal
and Bound LP Relaxation Selective LP Solution or

Relaxation Best Lower

Bound
1 LFV 55,68* 55,68* 5568* 5568*

Time 20.92 sec. 12.76 sec. 12.76 sec.
2 OFY 266.87* 266.87* 266.87* 266.87k

Time 73.36 sec. 31.15 sec. 31.15 sec.

(1.22 mm.)

3 01W 263.66* 251.72 263.66* 263,66*

Time 500.99 sec. 57.29 sec. 330.21 sec.

(8.35 mm.) (5.50 mm.)
4 OFV WA 227.10 N/A 236.42

(US =315.09 (UB= 259.47
LB=236.42) LB=23466)

Time > 8 hours 8403.36 sec. > 8 hours

(2.33 hours)

5 OFV 277,34* 277.34* 277.34* 277.34*

Time 6807.26 sec. 762.53 sec. 762.53 sec.

(1.89 hours) (12.70 mm.) (12.70 mm.)
6 OW 289.98* 282.51 289.98* 289,98*

Time 22416.13 sec. 3630.11 sec. 14515.33 sec.

(6.23 hours) (4.03 hours)

7 OPV N/A 485.36* 48536* 485.36*

(US =686,66

LB = 469.17)

Time > 8 hours 8866.82 sec. 8866.82 sec.

(2.46 hours) (2.46 hours)
OFV is objective function value.
* indicates the optimal solutions.
Time is the time used to compute the solution on Sun E4000.
N/A indicates that the information is not available.
UB and LB indicates the upper bound and lower bound, reported from the branch and bound search
at the point of termination.



Table 6.4 The optimal solutions or lower bounds of the test problems (Continued)

Problem[ Branch Selective Iterative Optimal
and Bound LP Relaxation Selective LP Solution or

Relaxation Best Lower

N/A 561.13 N/A

Bound

561.138 OFV

CUB = 726.53 (US 585.75
LB = 511.54) LB =526.36)

Time > 8 hours 4991.66 sec. > 8 hours

(1.39 hours)

9 OFV N/A N/A N/A 329.62
(UB=556.13 (U]3=441.41 (UB=441,41
LB = 316.07) LB 329.62) LB = 329.62)

Time > 8 hours > 8 hours > 8 hours

10 01W N/A 'N/A N/A 483.12
(UB 1230.78 (1.18 = 576.24 (US 576.24

LB=458.1O) LB=483.12) LB=483J2)
Time > 8 hours > 8 hours > 8 hours

11 01W N/A N/A N/A 64531
,(UB=1393,67 (UB=893,35 (1.15=893.35

LB 601.44) LB 645.31) LB 645.31)
Time >8 hours > 8 hours >8 hours

12 01W N/A N/A N/A 588.63

(UB= 1338.39 (1.15= 1812.34 (1.18=1812.34
LB 562.7$) LB = 588.63), LB = 588.63)

_Time >_8_hours >_8_hours >_8_hours
OFV is objective function value.
* indicates the optimal solutions.
Time is the time used to compute the solution on Sun E4000.
N/A indicates that the information is unavailable or unnecessary.
UB and LB indicates the upper bound and lower bound, reported from the branch and bound search
at the point of termination.
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6.2 COMPARISON OF OPTIMAL SOLUTIONS OR LOWER BOUNDS
TO THE SOLUTIONS FROM THE HEURISTIC ALGORITHMS

The three TS algorithms are applied to the test problems in Table 6.1. The

programs are written in C and run on the compute nodes of SWARM, a Beowuif

cluster server with 56 dual processor nodes, housed in the Department of Computer

Science at Oregon State University. Each compute node has a Dual Processor 933

Mhz Intel Pentium III with 1024 MB of RAM. The TS parameters are set to the

values estimated from Chapter 5, and are shown in Table 6.5. Table 6.6 presents

the comparison of the solutions from the TS algorithms and the optimal objective

function values or their best lower bounds, found by CPLEX described in Section

6.1. The superscript (1) and (3) indicate that the optimal values or the lower

bounds can be found in the shortest time by the regular branch and bound, selective

LP relaxation and iterative selective LP relaxation, respectively.
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Table 6.5 TS parameter settings

Test Problem A r MAXElL MAX 1 WI

(For TS2)

ci

(For TS3)
1 1.90 3 6 8 0.01 0.001

2 1.90 4 7 8 0.01 0.001

3 1.90 5 7 8 0.01 0.001

4 1.90 5 7 8 0.01 0.001

5 1.90 5 9 9 0.01 0.001

6 1.90 5 8 8 0.01 0.001

7 1.90 6 10 9 0.01 0.001

8 1.90 6 8 9 0.01 0.001

9 1.90 6 11 10 0.01 0.001

10 1.90 6 11 10 0.01 0.001

11 1.90 6 13 10 0.01 0.001

12 1.90 7 13 11 0.01 0.001



Table 6.6 Comparisons between the TS solutions and the optimal objective function values or the lower bounds

Problem Best OFV

from CPLEX

TS1 TS2 TS3

OFV %Dev. Time 01W %Dev. Time (WV %Dev. Time
1 55.68* (2) 55.68* 0.00% <1 55.68* 0.00% <1 55.68* 0.00% <1

2 266.87* 2) 266,87* 0.00% <1 266,87* 0.00% <1 266.87w 0.00% <1

3 263.66* (3) 263,66* 0.00% <1 263.66* 0.00% 1 263.66* 0.00% <1
4 236.42 274.94 16.29% 1 269.63 14.05% <1 274.94 16.29% 1

5 277.34* (2) 277.34* 0. 00% 1 277.34* 0.00% 1 277.34* 0.00% 1

6 289.98* 289.98* 0.00% 1 289.98* 0.00% 1 289.98* 0.00% 1

7 485.36* (2) 485.36* 0.00% 8 500.12 3.04% 5 48536* 0.00% 8

8 561.13 56413 0.53% 2 564.13 0.53% 2 564.13 0.53% 2
9 329.62 (2) 38326 16.27% 5 383.81 16.44% 5 383.26 16.27% 6

10 483.12 (2) 565.05 16.96% 11 565.05 16.96% 9 565.05 16.96% 11

11 645.31 (2) 754.99 17.00% 14 754.99 17.00% 13 754.99 17.00% 13

12 588.63 (2) 730,03 24.02% 33 715.59 21.57% 28 730.03 24.02% 32
Average Deviation 7.59% 7.47% 7.59%

OFV is objective function value.
* indicates the optimal solutions.
Time is the time taken to compute the solution on the SWARM compute node (in seconds).
%Dev. = lOO*(OFV1s. Best OFV)/(Best OFV)



94

From Table 6.6, the TS algorithms are able to identify the optimal solutions for

problems with known optimal solutions. Only TS2 fails to identify the optimal

solution of problem 7. The three TS algorithms report the same solutions in most

problems. TS2 reports inferior solutions in problems 7 and 9, but superior solutions

in problems 4 and 12. The percentage deviations from the optimal solutions vary

from 0% to more than 20%. The average deviations are 7.59% for TS1 and TS3

and 7.47% for TS2. Though the deviations are quite high in the large-size

problems, all of the solutions reported fall within the solution bounds found from

the branch-and-bound method on the original MIP (in Section 6.1.1). The

comparisons between the bounds found from the branch-and-bound method and the

TS solutions are shown in Table 6.7. Note that the MIP bounds for the large-size

problems are not very tight since the branch-and-bound search is limited to eight

hours only.

The TS algorithms are time-wise very efficient. They provide the solutions of all

twelve test problems within less than 1 minute. The solution time is tremendously

different from that of all the methods in Sections 6.1.1-6.1.3. Though the optimal

solutions cannot be guaranteed in the large-size problems, the TS heuristic

algorithms do provide 'good' solutions in much shorter time. The TS algorithms

are thus effective tools for finding the solutions for the multi-product, multi-depot

periodic distribution problem.

Though several test problems in this chapter are large-scale mixed-integer

programs, they are still very small when compared with actual problems

encountered in industry practice. The TS algorithms are implemented on industry-

size problems in the next chapter. The analysis of the performance of the three TS

algorithms is also presented in Chapter 7.



Table 6.7 Comparisons between the bounds found from the branch-and-bound
method and the TS solutions

Problem MIP Bound TS Solution

Upper Bound Lower Bound TS1 TS2 TS3

1 55.68* 55.68* 55.68* 55.68* 55.68*

2 266.87* 266.87* 266.87* 266.87* 266.87*

3 263.66* 263.66* 263.66* 263.66* 263.66*

4 315.09 236.42 274.94 269.63 274.94

5 277.34* 277.34* 277.34* 277.34* 277.34*

6 289.98* 289.98* 289.98* 289.98* 289.98*

7 686.66 469.17 485.36* 500.12 485.36*

8 726.53 511.54 564.13 564.13 564.13

9 556.13 316.07 383.26 383.81 383.26

10 1230.78 458.10 565.05 565.05 565.05

11 1393.67 601.44 754.99 754.99 754.99

12 1338.39 562.78 730.03 715.59 730.03



CHAPTER 7: EXPERIMENTAL RESULTS OF THE TABU-SEARCH
BASED HEURISTICS

In Chapter 6, the tabu-search heuristics with and without long-term memory are

applied to small size problems and have shown their capability of identifying good

quality solutions in very short time. The three TS heuristics provide the same

solutions in most of the small problems in the previous chapter. However, this may

not be the case when solving the larger size problems. In this chapter, the research

questions of interest are: (1) whether the performance of the three heuristics is

statistically different, and (2) which one of those heuristics performs better, as the

size of problem increases. To answer those questions, the problems are categorized

into three sizes: small, medium and large. The details of each problem size and

structure are described in Section 7.1. A set of test problems of each size is

generated using the data generating procedure in Section 7.2 and is solved with the

three TS heuristics. The design of experiment, statistical analyses of test results and

discussion are provided in Sections 7.3-7.5.

7.1 PROBLEM SIZE AND STRUCTURE

In this research, the number of distribution centers in all test problems is limited to

2 or 3 since they are reasonable, according to the geographical locations of

SYSCO's distributing facilities (see Section 3.2.) The number of days in each

planning period is limited to 3, 5 or 6 days, as it is applicable to most industries.

The number of customers of each test problem is randomly chosen in the interval of

20 customers to 250 customers, while the number of products is randomly selected

in the interval of 2 products to 25 products. The number of customers and the

number of products are limited in those ranges, in order to keep the memory usage

at a reasonable level. The number of vehicles at each distribution center is set to the

maximum of the minimum number of vehicles required to serve customers at every

distribution center.
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As the size increases, the problem becomes more complex and requires a long

computation time to obtain a high-quality solution. In this research, the

computational results show that the computation time depends mainly on the

number of customers. The other parameters such as the number of distribution

centers and days do not affect the computation time much because they are limited

to small sets of numbers. The number of products and the number of vehicles do

not affect the number of neighborhood solutions in the TS algorithms; thus the

computational time does not increase exponentially, as those parameters increase.

Therefore, only the number of customers is used to classif' problem size. The test

problems are classified into three sizes - small, medium and large. The appropriate

number of customers for each problem size is determined arbitrarily and shown in

Table 7.10 According to the computational results, most of the small size problems

can be solved within less than 30 minutes, whereas most of the medium size can be

solved within less than four hours. Large size problems require longer than four

hours of solving.

Table 7.1 The specification of small, medium and large size problems

Category Number of Customers Estimated Computation Time

Small [1, 69] <30 minutes

Medium [70, 114] <4 hours

Large [115,ci] 4hours

Two test problems are constructed for each combination of number of distribution

centers and number of days, for each problem size. Thus, a total of thirty-six test

problems (2*2*3*3=36) needs to be generated for the testing. The data generation

procedure is explained in the next Section.
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7.2 DATA GENERATION

The data for the multi-product, multi-depot periodic distribution problem are

generated using the following procedures:

1) Number of Customers and Number of Products: Randomly choose the

numbers of customers (n2) and the number of products (#products) in the

intervals specified in Section 7.1.

2) Distribution Center Nodes: Randomly generate n1 distribution centers in the

continuously distributed [-50, 5012 square (Cordeau, et al., 1997), where n is

the number of distribution centers required for the test problem.

3) Customer Nodes:

The following procedure to generate customer nodes is modified from that in

Cordeau el. al. (1997). The procedure is, in fact, based on the rejection method

for generating a continuous random variable (Ross, 1996). With this procedure,

the probability of accepting a customer that is very far away from its nearest

distribution center is lower than the probability of accepting a customer that is

nearer. Thus, most of the customer nodes are likely to be condensed in the area

close to the distribution centers, as in real practices. The factor K (in step 3b

below) is arbitrarily fixed to 0.05 for all test data sets in Cordeau, et al. (1997).

However, it is randomly chosen from a specified interval of [0.04, 0.071 for

each test data set. The lower the factor K, the higher the probability of accepting

the node that is far from its nearest distribution center. Note that step 3c below,

which prevents the imbalance in workload between the distribution centers, is

not considered in Cordeau, et al. (1997). The 2 customers are generated as

follows:

a. Seti:z1

b. While i fl2, do

- Randomly generate a customer node in the continuously distributed

[-100, 10012 square (Cordeau, et al., 1997).



- Calculate the distance to the nearest distribution center, distance.
- Generate a random number, U1, uniformly distributed over the [0, 1]

interval. If U1 < where K 15 a factor randomly selected

from the [0.04, 0.07] interval, set i := i + 1. Otherwise, discard the

node.

c. Let 1 be the nearest distribution center of the generated customer node.

Generate a random number, U2, uniformly distributed over the [0, 1]
interval. If the number of customer nodes that are located nearest to

distribution center 1 is greater than [i * U2 In1 1' discard the node. By

doing this, the number of customers in the territory of every distribution

center would not be drastically different. The workload on every

distribution center becomes somewhat balanced.

4) Travel Time: The distance between nodes is computed and projected into

travel time, using driving speed limits. The relation between the distance

between nodes and driving speed is presented in Table 7.2.

Table 7.2 The relation between the distance between nodes and driving speed

Distance (miles) Speed (miles per hour)

(0, 51 25

(5, 10] 35

(10, 15] 45

(15,00] 55

5) Daily Demands: Generate a random number, U3, uniformly distributed over
the [0, 1] interval. If U3 is less than a specified probability, pi, the daily demand
of each product for each customer is randomly distributed in the [0,

[0.5 * max_demandl] discrete interval, where max demand is the maximum
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daily demand for each product. Otherwise, it is randomly distributed in the [0,

max_demand] discrete interval. With this implementation, only a subset of
customers would require high quantities of products, which is relevant to the
situation in real practices.

6) Delivery Patterns and Pattern Costs:

For each customer, generate a set of allowable patterns and its corresponding

cost as follows:

a. Identify the frequency of delivery by comparing the total demand of

each customer to the maximum total demand that a customer could

require in a period. The maximum total demand that a customer could

require in a period is equal to (#days)*(max_demand)*(#products),

where #days is the number of days in the period, max_demand is the

maximum daily demand for each product and #products is the number

of products. If the total demand in a period of a customer is greater than

(Fl)*(maxdemand)*(#products) and less than F*(max demand)

*(#products), the frequency of delivery of that customer is then set to F

deliveries per period. Thus, if the total demand in a period of a customer

is less than 1 *(max demand)*(#products), the frequency of delivery of

that customer is then set to one delivery day per period. If the total

demand in a period of a customer is greater than 1*(maxclemand)

*(#products) and less than 2*(max_demand)*(#products), the frequency

of delivery of that customer is then set to two delivery days per period,

and so on.

b. To allow the flexibility of assignments, the frequency of delivery in the

interval of [F-i, F+1} delivery days per period is considered acceptable.

The patterns that correspond to those frequencies of delivery are

randomly chosen as a set of allowable patterns for each customer. The

maximum number of allowable patterns per customer is set to 3

patterns. The probabilities of having 1, 2, and 3 allowable patterns of

each customer are equally set to 1/3.
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c. The cost of the first pattern randomly chosen is set to $0 to indicate that

it is the favorite pattern. The cost of other patterns are randomly chosen

in the [$0.00, $5.00] interval.

7) Initial Inventory and Backorder:

For each customer, generate the initial inventories arid backorders as follows:

a. Identify the earliest delivery day of each customer.

b. For each product:

- If the earliest delivery day is the first day of the period:

In order to simulate a company with a good service level, the initial

backorder should not be set too high. The initial backorder of each

product is thus randomly chosen in the interval of [0,

10.5 * avg demand1J, where avg_demand is the average daily

demand of each product. The initial inventory is also randomly

chosen in the interval of [0, avg_demand] to guarantee the feasibility

of the test problems. If the maximum inventory on the first day of

the period can be as high as the maximum daily demand, the test

problem may be infeasible, since a delivery is not needed on the first

day, while it is indicated as the delivery day. A [0, 1] random

number, U4, is generated to indicate whether or not a customer

would hold an initial backorder or inventory. If U4 is less than a

specified probability, p2. the initial backorder is randomly chosen in

the interval of [0,[0.5 * avg_demandl]. If U4 is greater thanp2, and

less than another specified probability, p, the initial backorder is set

to 0 and the initial inventory is randomly chosen in the interval of

[0, avg_demand]. Otherwise, both the initial backorder and

inventory are set to 0. For this data generation, p2 is set to 0.20, and

p3 is set to 0.60 arbitrarily. That is, the probability that a customer

who requires the delivery on the first day of the period will cany an

initial backorder of a product is equal to 0.20, the probability that
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he/she will carry an initial inventory of a product is equal to 0.40,

and the probability that he/she will carry neither initial backorder

nor initial inventory of a product is equal to 0.40.

- If the earliest delivery day is not the first day of the period:

The initial backorder is set to 0. The initial inventory is randomly

chosen in the interval of [0.5*ti*avg_demand, t1*avgdemandj,

where t1 is the number of days until the earliest delivery day, in

order to guarantee that every customer will not carry the backorder

longer than a few days. For example, if a customer has Wednesday

as his/her earliest delivery day, t1 is equal to 3. The initial inventory

is thus randomly chosen from the interval of [l.5*avg_demand,

3 *avg demand].

8) Backorder Costs: Specify an interval of per-unit backorder costs. Randomly

assign the cost in that range to each product of each customer. The widest

interval of per-unit backorder costs used in this data generation is [$0.50,
$4.00].

9) Initial Supply and Scheduled Receipts: Randomly choose the days of
incoming supply receipts at each distribution center. Randomly generate

percentages of total demand for each product on the initial day (day 0) and

every day of supply receipts at every distribution center, W,. The initial

supply and the schedule receipts are set to * total demandl, where

total demand represents the total demands over the period of the customers that

are nearest to the distribution center. The initial supply must be at least

sufficient to serve the customers in the territory of the distribution center until

the day of next supply receipts. Furthermore, since each distribution center may

have to allocate the products to cover the customers' demands on the days

beyond the current period and to the customers that are not currently in their

territory, the total of over the planning period should be greater than 100%
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of the total demand. In this research, the total is arbitrarily set at least equal to

150% of the total demand, in order to ensure that an amount of supply at the

distribution center is left at the end of the period and carried over to the next

period. The rolling horizons are guaranteed to be feasible (see Chapter 8).

10) Time Windows: According to the federal regulation, the legal maximum

driving time is 10 hours. Thus, for simplicity, the time windows at distribution

centers are also set to ten-hour interval, [0, 600] minutes. The time windows at

the customer nodes are generated using the procedure similar to those in Xu

(1993). Each time window is generated by specifying a window center (center)

and a window half-width (hwidth). The window center is randomly chosen in

the interval of [45, 420] and the half-width is randomly chosen from the

interval of [45, 180]. The lower bound of the time window is set to center

hwidth and the upper bound of the time window is set to center + hwidth. In this

research, some of the customers are assumed to not specify time windows.

Their time windows are thus set to the widest time window, [0, 600] minutes. A

uniform [0, 1] random number, U6, is generated. If U6 is less than a specified

probability, p, the customer's time window is set to [0, 600]. Otherwise, it is

generated using the center and half width as previously described.

11) Vehicle Capacity: Three sizes of trailers with 750, 1000, and 1500 cubic feet

are used at SYSCO. These vehicle capacities are used in this testing.

12) Product Volume: The volume of each product is randomly chosen from the

interval of[0.3, 3.5] cubic feet.

13) Wage: The driver wages usually vary, depending on the type of industry,

company policies, vehicle size, average driving distance and state where the

distribution center is located. The wages can range from $5.88 to more than

$22.50 per hour, based on the statistics reported in 2000 (Bureau of Labor

Statistics, 2003). However, those are just "straight" wages. The benefits and

social security costs should also be considered in the analysis. A good rule of

thumb suggested by SYSCO is to factor the straight wage by 1.35. The
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weighted wage used in this research is randomly chosen in the interval of
[$0.22, $0.40] per minute.

14) Cost per Mile: The average cost per mile includes fuel, lease, depreciation,

road tax, maintenance and insurance. Typical costs per mile, suggested by

InterGis, are $0.35 for a small-size vehicle, $0.70 for the medium-size vehicle,

and $1.25 for a large-size vehicle (InterGis, 2001). For this data generation, the

cost per mile is randomly chosen from the interval of [$0.50, $1.00]. The actual

cost per mile used at SYSCO also lies within this interval.

Note that this data generation procedure is also used to generate the test problems

in Chapters 5 and 6, except the test problem I in Chapter 6. Since the test problem

1 in Chapter 6 is used in the early stage of algorithm development, it is constructed

so that an optimal solution can be found very fast. Note also that the actual vehicle

capacities are not used in the test problem generation in Chapter 6, since those test

problems are very small. The vehicle capacities used in Chapter 6 are hence set to

some numbers smaller than the actual vehicle capacities, which are estimated from

the average daily volumes of delivery.

7.3 DESIGN OF EXPERIMENT

To compare the performance of the three TS algorithms, a single-factor design is

employed. The performance of the algorithms is measured by (1) quality of
solutions (i.e., objective function values or total costs), and (2) computation time.

As presented in Chapter 6, optimal solutions or lower bounds of the multi-product,

multi-depot periodic distribution problem cannot be found in a timely manner even

for small test problems. Therefore, there are no optimal solutions or good lower

bounds available to measure the quality of solutions in this chapter. The quality of

solutions is thus evaluated by comparing the upper bound of solutions found from

each heuristic against the others. The computation time is also assessed under the

same fashion.



105

The test problems are categorized into 3 sizes small, medium and large. Different

problem structures are considered within each size of problems. The problem

structures of all thirty-six instances generated by the data generation procedure in

Section 7.2 are presented in Tables E. 1 -E.3 in Appendix E. Since structures of

problems vary from instance to instance, they can affect variability of experimental

results and hence decrease the precision of the analyses. It is thus necessary to

control the variability from differences in problem structures. A randomized

complete block design is implemented in this analysis for that purpose. By blocking

the problem instances, the variability from different problem instances (i.e., blocks)

can be excluded from the variability of the experimental results. The precisions of

the comparisons among TS algorithms (i.e., treatments) are hence improved.

Further details of the randomized complete block design can be found in the Design

of Experiment Texts, such as Montgomery and Runger (1999) and Kuehi (1994).

The analyses of variance are performed to find if there are statistical differences in

the two measures of performance - quality of solutions and computation time taken

to obtain the solutions from the three TS algorithms, under the same computing

environment. If a difference in any measure of performance is found statistically

significant, the Tukey's Honestly Significant Difference (HSD) tests (see Kuehl,

1994) would be performed to identif' which TS algorithms provide statistically-

different quality of solutions and/or computation time from the others. The

assumptions for the analysis of variance are validated using two diagnostic tools,

the plot of residuals against treatment group means and the normal probability plot

of residuals. The former is used to evaluate the homogeneous variances

assumption, while the latter is used to evaluate the normal distribution assumption.

The details on the statistical analyses of the experimental results are provided in the

next Section.
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7.4 EXPERIMENTAL RESULTS

The three TS algorithms are applied to all thirty-six generated instances and

executed on the SWARM compute nodes, each with a Dual Processor 933 Mhz

Intel Pentium III and 1024 MB of RAM. The parameter setting for each problem

instance is presented in Tables E. 1 -E.3 in Appendix E. The experimental results on

all three sizes of problems are presented in Table F.1-F.3 in Appendix F. The

summary of the results is shown in Table 7.3. Sections 7.4.1 and 7.4.2 discuss the

analyses of results on quality of solutions and computation time, respectively.

Table 7.3 Summary of experimental results

TS
Algorithms

Measures of Performance
. .

Average Objective Function
Value ($)

Average Computation Time
(Seconds)

Small Medium Large Small Medium Large

TS1 2193.58 3485.99 5528.43 553.33 8720.33 180919.58

TS2 2162.59 3473.09 5465.06 366.33 5155.33 93310.33

TS3 2190.86 3469.45 5533.26 570.08 10063.50 220220.33

7.4.1 Quality of Solutions

In this Section, the statistical analyses are performed on quality of solutions or

objective function values of the instances. The plots of residuals against factor

levels and the normal probability plots of residuals of objective function values for

small, medium and large size problems are presented in Figures G. I -G.3 in

Appendix G. All the plots show no severe indication of assumption violation. On

the probability plots of residuals (Figures G. 1 (b)-G.3(b)), several points diverge

from the straight lines of the normal probability plots, particularly in the plot for

medium size problems (Figures G.2(b)). Goodness-of-fit tests are performed to
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ensure that the normal distribution can be assumed for the residuals of objective

function values. The results are shown in Tables G.1-G.3 (Appendix G). The

analyses of variance (ANOVA) on quality of solutions for small, medium and large

size problems are provided in Tables G.4-G.6, respectively. The results from the

ANOVA show that there are significant differences among the TS algorithms for

large size problems (with p-value of 0.0037), but not for small size problems (with

p-value of 0.0160) and medium size problems (with p-value of 0.7353). The

summary of the results from the Tukey's Honestly Significant Differences are

presented in Tables 7.4 and 7.5. Table 7.4 provides pairwise comparisons of the TS

algorithms. Table 7.5 presents homogeneous groups of the TS algorithm, based on

the quality of the solutions. The TS algorithms, which have the "X" signs within

the same group (i.e., shown under the same column) in Table 7.5, are considered

not significantly different from each other.

Table 7.4 Summary of results from Tukey's Honestly Significant Differences on
quality of solutions

Contrasts [niflcant Difference at a. 0.01?

Small Medium Large

TSI&TS2 No No No

TS1&TS3 No No No

TS2 & TS3 No No Yes
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Table 7.5 Homogeneous groups of quality of solutions at a significance level of
0.01

TS Algorithms Small

Average OFV ($) Homogeneous Group
TS2 2162.59 X

TS3 2190.86 X

TS1 2193.58 X

TS Algorithms Medium

Average OFV ($) Homogeneous Group

TS3 3469.45 X

TS2 3473.09 X

TS1 3485.99 X

TS Algorithms Large

Average OFV ($) Homogeneous Group

TS2 5465.06 X

TS1 5528.43 X X

TS3 5533.26 X

7.4.2 Computation Time

In this Section, the statistical analyses are performed on computation time (in

seconds) taken to obtain the solutions from the three TS algorithms on the compute

nodes of the SWARM Server. The plots of residuals against factor levels and the

normal probability plots of residuals of computation time for small, medium and

large size problems are presented in Figures H.1-H.3 in Appendix H. From the

plots of residuals against factor levels, there is a large variability of residuals of

computation time, especially for medium and large size problems. Furthermore,

several points do diverge from the straight lines of the normal probability plots,

especially for the medium size problems. The results from the goodness-of-fit tests
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in Tables H.1-H.3 (Appendix H) also show that the normality assumption is not
valid for the residuals of computation time. This is because the computation time is

likely to increase exponentially, as the size of the problem increases. The
computation time of some instances are thus much higher than that of the others,

even though they are of the same problem-size category (refer to Appendix F.) The

transformation of data can be used to stabilize the variability and make the data

more conforming to the assumptions required for the analysis of variance (Kuehi,
1994). From the empirical testing, a natural logarithmic transformation is found to
be the most appropriate one to use for these experimental results.

The plots of residuals against factor levels and the normal probability plots of

residuals of the logarithm of computation time for small, medium and large size

problems are presented in Figures H.4-H.6 in Appendix H. The variability of
residuals of the transformed data are somewhat constant over the treatment means

(refer to Figures H.4(a)-H.6(a)). The probability plots of residuals of the log-
transformed data (Figures H.4(b)-H.6(b)) still diverges from the straight lines of the

normal probability plots, but much improved over the original plots in Figures

H.1(b)-H.3(b). In addition, the results from goodness-of-fit tests in Tables H.4-H.6

Appendix H) also indicate that the residuals of log-transformed computation time
follow the normal distribution. Therefore, the assumptions for ANOVA are valid.

The analyses of variance (ANOVA) on the logarithm of the computation time for

small, medium and large size problems are provided in Tables H.7-H.9 (Appendix

H). The results from the ANOVA tests show that there are highly significant

differences among the TS algorithms for small size problems (with p-value of
0.000 1), medium size problems (with p-value of <0.000 1), and large size problems

(with p-value of <0.0001). The summary of the results from the Tukey's Honestly

Significant Differences are presented in Tables 7.6 and 7.7. As in Table 7.5, the TS

algorithms, which have the "X" signs shown within the same group in Table 7.7,
are not significantly different.



110

Table 7.6 Summary of results from Tukey's Honestly Significant Differences on
computation time

Contrasts Significant Difference at CL 0.01?

Small Medium Large

TS1 & TS2 Yes Yes Yes

TSI&TS3 No No No

TS2 & TS3 Yes Yes Yes

Table 7.7 Homogeneous groups of computation time at a significance level of
0.01

TS Algorithms Small

Average Time Homogeneous Group

(Seconds)

TS2 366.33 X
J_________

TS1 553.33 IX
TS3 570.08 IX
TSAlgorithms Medium

Average Time

(Seconds)

Homogeneous Group

TS2 5155.33 X

TSI 8720.33 X

TS3 10063.50 X

TS Algorithms Large

Average Time

(Seconds)

Homogeneous Group

TS2 93310.33 X

TS1 180919.58 X

TS3 220220.33 X
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7.5 DISCUSSION

Figures 7.1-7.3 present the plots of objective function values against computation

time spent by the three TS algorithms on small, medium and large size problems,

respectively. The figures and the results in Section 7.4 show that TS2 (TS
algorithm with the diversification process) provides solutions with higher quality

within much shorter time than those from IS1 (TS algorithm without a long-term

memory) and TS3 (TS algorithm with the intensification process) on the large size

problems. This is also true for small and medium size problems, though the quality

of the solutions is shown to be statistically not different at the significance level of

0.01. The results comply with those in the past literature in classical VRP, which

indicate that the diversification process by penalizing the frequent moves in inferior

intermediate solutions does facilitate the tabu search to find higher-quality

solutions than those obtained from the IS algorithm without a long-term memory

(Golden et al., 1998). This may be because the solution space of the large-scale

mixed-integer programs, such as the VRP and its generalizations, is usually huge.

When diversifying the search, the search moves to several regions that are not in

proximity of each other and hence explores the solution space more thoroughly

than the simple tabu search does. The likelihood of finding a superior solution to

the simple tabu search is thus increased. The number of entries in the index list (or

local optima) required to terminate the search also tends to be found faster. As a

result, the computation time of TS2 is much shorter than that of the others two
algorithms.
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Surprisingly, TS3, which employs a long-term memory for intensifying the search,

fails to provide superior solutions to the TS algorithm without a long-term memory

(TS 1) in most instances. It also provides inferior solutions to TS2 in most instances,

even though it takes longer computation time. The reason is probably because the

intensification process, as used in this research, is triggered too early in the search,

while a number of good attributes may not have been found yet. The search is thus

intensified in the region of the solutions that does not contain superior attributes.

When a solution with superior attributes are found later in the search process, it

may become less attractive than the other solutions because of the small incentives

being added to the solutions of the attributes (see Section 5.8.2). The intensification

process, by restarting the search with a new initial solution which contains a set of

frequent moves, is likely to provide superior quality of solutions. However, the

method requires additional computation time on every restart. It is thus not
appropriate for the tabu search application on large-scale mixed-integer programs,

such as the one developed in this research for the multi-product, multi-depot

periodic distribution problem. Another approach to improve the quality of solutions

might be to deduct incentives to frequent moves every fixed number of iterations,

instead of every iteration.

In the next chapter, the experiments to assess the advantages of assigning

alternative distribution centers other than the currently assigned one to customers

are performed. Since the statistical analyses have shown that TS2 provides good

quality solutions in a shorter time than the other two algorithms, only TS2 will be

applied in those experiments.
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CHAPTER 8: IMPACT OF INTERDEPENDENT OPERATIONS AMONG
DISTRIBUTION CENTERS

In practice, the distribution centers of the same distributor typically operate

independently and serve only customers in their territories. The territory of each

distribution center is usually defined by computer programs for solving a multi-

depot vehicle routing problem, and revised after a period of time (say, one year).

However, some advantages might be gained if the distribution centers are allowed

to operate interdependently, especially when products are insufficient at some

distribution centers. In such cases, some customers, especially those who are

located near the boundaries of distribution centers' territories, may receive the

products from alternative distribution centers, instead of carrying backorders from

their current distribution centers. The customer service levels are hence improved.

In addition, there might also be a cost saving from the reduction of the number of

delivery routes if some routes from two different distribution centers can be

combined. In this chapter, the research question of how the interdependent

operations among distribution centers would impact the operating costs is

addressed.

8.1 EXPERIMENTS

The two strategies, independent and interdependent operations among distribution

centers, are tested on the thirty-six test problems in Chapter 7 for two rolling

horizons, using TS2, the TS algorithm with diversification process. The C

programs for TS2 are applied, with the factor of the difference in travel time from

distribution centers to a customer, i, is set to 0, for the case of independent

operations among distribution centers, and to 1.90, for the case of interdependent

operations among distribution centers (see Section 5.5.) For the former case, an

interchange of distribution center assignment to a customer is not permitted. Only

one distribution center serves a customer throughout the two planning horizons. For
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the latter case, an interchange of distribution center assignment to a customer is

considered, if the travel time from the alternative distributioncenter to the customer

is less than 1.90 times the travel time from the current distribution center to the

customer (refer to Sections 5.5 and 5.9.) The programs are executed on the compute

nodes of SWARM server, each with a Dual Processor 933-Mhz Intel Pentium III

and 1024 MB of RAM. The information on customers' inventories, customers'

backorders, and remaining supplies at distribution centers at the end of the first

planning horizon are set as customers' initial inventories, customers' initial

backorders, and initial supplies at distribution centers of the second planning

horizon. The daily demands and the scheduled receipts of the second planning

horizon are generated using the procedure in Section 7.2. All other data (such as

time windows, driver wages, costs per mile, and others) are unmodified in the

second planning horizon. The experimental results and comparison analyses are

presented in the next Section.

8.2 EXPERIMENTAL RESULTS

The experimental results of the independent and interdependent operations among

distribution centers are presented in Tables 1.1-1.3 in Appendix I. The summary of

the results is shown in Tables 8.1-8.3. From the experimental results, the difference

in cumulative costs of independent operations among distribution centers over

cumulative costs of interdependent operations among distribution centers varies

considerably. The difference in costs ranges from 0.00% to 10.15% with an average

of 3.38%, for small size problems, from -1.50% to 5.41% with an average of

1.90%, for medium size problems, and from -2.36% to 22.98% with an average of

7.76%, for large size problems. The graphic presentations of the difference in costs

are shown in Figures 8.1-8.3.



118

Table 8.1 Summary of experimental results for small size problems

Test

Problem

Cumulative Cost

of Independent

Operations among

Distribution

Centers

Cumulative Cost

of Interdependent

Operations among

Distribution

Centers

Difference

in Costs

Percentage

Difference

in Costs

1 2377.83 2290.45 87.38 3.67%

2 3284.79 2951.40 333.39 10.15%

3 2769.88 2693.69 76.19 2.75%

4 5453.47 5331.27 122.20 2.24%

5 4713.24 4713.24 0.00 0.00%

6 7164.51 6898.58 265.93 3.71%

7 3332.90 3182.49 150.41 4.51%

8 4862.51 4857.90 4.61 0.09%

9 4256.09 4009.49 246.60 5.79%

10 3798.57 3698.28 100.29 2.64%

11 5964.94 5755.91 209.03 3.50%

12 5551.95 5469.39 82.56 1.49%

Average 4460.89 4321.01 139.88 3.38%
Percentage Difference in Costs

100
(Cumulative Cost of Independent Operations - Cumulative Cost of Interdependent Operations)

Cumulative Cost of Independent Operations
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Table 8.2 Summary of experimental results for medium size problems

Test

Problem

Cumulative Cost

of Independent

Operations among

Distribution

Centers

Cumulative Cost

of Interdependent

Operations among

Distribution

Centers

Difference

in Costs

Percentage

Difference

in Costs

13 5002.37 4731.50 270.87 5.41%

14 5029.89 4864.63 165.26 3.29%

15 5916.91 5789.57 127.34 2.15%

16 7285.09 7232.80 52.29 0.72%

17 9195.43 9165.11 30.32 0.33%

18 10854.53 10719.35 135.18 1.25%

19 4983.96 4732.99 250.97 5.04%

20 5735.22 5820.99 -85.77 -1.50%

21 6786.36 6665.03 121.34 1.79%

22 7081.50 6979.42 102.08 1.44%

23 7025.68 6894.77 130.91 1.86%

24 7279.39 7206.68 72.71 1.00%

Average 6848.03 6733.57 114.46 1.90%
Percentage Difference in Costs =

100(Cative Cost of Independent Operations - Cumulative Cost of Interdependent Operations)

Cumulative Cost of Independent Operations
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Table 8.3 Summary of experimental results for large size problems

Test

Problem

Cumulative Cost

of Independent

Operations

among

Distribution

Centers

Cumulative Cost

of Interdependent

Operations among

Distribution

Centers

Difference

in Costs

Percentage

Difference in

Costs

25 8321.75 6439.15 1882.60 22.62%

26 3963.47 4056.99 -93.51 -2.36%

27 8810.19 8832.58 -22.39 -0.25%

28 16553.84 14665.11 1888.73 11.41%

29 17657.40 13556.58 4100.82 23.22%

30 16591.33 16520.42 70.91 0.43%

31 7903.34 7757.26 146.08 1.85%

32 6529.23 6267.87 261.36 4.00%

33 15183.79 11693.97 3489.82 22.98%

34 12900.24 12677.24 222.99 1.73%

35 12925.36 12018.37 906.99 7.02%

36 13192.18 13127.21 64.98 0.49%

Average 11711.01 10634.40 1076.61 7.76%

Percentage Difference in Costs =

100
(Cumulative Cost of Independent Operations - Cumulative Cost of Interdependent Operations)

Cumulative Cost of Independent Operations
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Cumulative Costs for Small-Size Problems
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Figure 8.1 Cumulative costs for small size problems
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Figure 8.2 Cumulative costs for medium size problems
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Cumulative Costs for Large Size Problems
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Figure 8.3 Cumulative costs for large size problems

Since the total operating costs of the second planning horizon highly depend on

how products are allocated to customers in the first planning horizon, it is more

appropriate to use the cumulative costs over the two planning horizons than to use

the costs of each planning horizon in comparing the two strategies. The cumulative

costs of independent and interdependent operations among distribution centers are

compared using the paired t-test and the sign test. The former is tested on the

average of the difference in costs, while the latter is tested on the median of the

difference in costs. Under the normality assumption of data, the paired t-test is

more powerful than the sign test. However, the sign test is less sensitive to the

outliers (STATGRAPHICS Plus, 1995; Montgomery and Runger, 1999). The

summaries of the tests are presented in Table 8.4. The 95% confidence intervals of

the averages and standard deviations are shown in Table 8.5. The details of the tests

and the box-and-whisker plots are presented in Appendix J.

From the box-and-whisker plots (Figures J.1-J.3 in Appendix J), the plots for

medium and large size problems are highly skewed. There is a point lying more



123

than 1.5 times the inter-quartile range (IQR) from the lower quartile in the box-and-

whisker plot for medium size problems. The statistics for measures of shape, the

standardized skewness (measure of symmetry of data) and the standardized kurtosis

(measure of flatness/steepness of the distribution), do not indicate significant

departures from normality (i.e., the statistics are within the range of -2 to +2

(STATGRAPHICS Plus, 1995)). However, one should not rely on the comparisons

based only on the paired t-tests.

Table 8.4 Summaries of paired t-tests and sign tests

Problem

Size

Average of

Difference in

Costs

Paired T-Test Sign Test

Significant

Difference?

Significant

Difference?

Small 139.88 Yes (p-value = 0.0007) Yes (p-value = 0.0026)

Medium 114.46 Yes (p-value = 0.00 16) Yes (p-value = 0.0094)

Large 1076.61 Yes (p-value = 0.0261) Yes (p-value = 0.0433)

Table 8.5 95 % confidence intervals for difference in costs

Problem Average Standard 95% Confidence 95% Confidence

Size of Deviation of Intervals for Intervals for
Difference in Average of Standard

Difference Costs Difference in Deviation of

in Costs Costs Difference in
Costs

Small 139.88 104.21 [73.67,206.10] [73.8225,176.937]

Medium 114.46 95.12 [54.02,174.89] [67.3825,161.502]

Large 1076.61 1451.59 [154.31,1998.92] [1028.3, 2464.63]
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The results from both paired t-tests and sign tests indicate that the cumulative costs

of independent and interdependent operations among distribution centers are

significantly different for small, medium, and large size problems. The 95%

confidence intervals show that the average of the differences of the cumulative

costs is higher than zero. Thus, on average, the cumulative costs of independent

operations among distribution centers are higher than those of interdependent

operations among distribution centers. The 95% confidence intervals of the

standard deviations of the difference in costs are very wide, since there is a large

variability in the difference in costs.

8.3 DISCUSSION

From Tables 8.1-8.3, the percentage difference in costs fluctuates from instance to

instance. The difference in costs is very low for some instances (less than 1%),

whereas it is fairly high for other instances (10-20%). Besides, there are some

instances where the interdependent operations among distribution centers do not

provide any savings over independent operations among distribution centers. The

factors that induce this fluctuation can be described as follows:

1) The availability of products at the distribution centers:

The availability of products at the distribution centers can affect the

difference in cost between the two distribution strategies. Typically, if there

are plenty of products at every distribution center, it is preferable to serve

the customers from the ne&er distribution centers, thus saving on

transportation cost. On the other hand, if the product supplies at the

alternative distribution centers are also limited, the backordering costs

cannot be reduced by serving the customers from another distribution

center. With the exception of these two cases, the interdependent operations

among distribution centers would reduce the total operating costs. The
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severe the product shortages, the higher the cost savings, when

interdependent operations among distribution centers are allowed.

2) The number of customers located near the boundaries:

The customers who can receive deliveries from alternative distribution

centers are usually those located near the territorial boundaries of

distribution centers. If most of the customers are located far from the

alternative centers, the transportation costs from the alternative centers may

be higher than the backordering cost. It is thus cheaper to have the nearest

distribution center deliver the products to the customers and let the

customers hold backorders, when the supplies are inadequate. On the

contrary, if several customers are located not too far from two or three

distribution centers, the savings obtained from allowing the interdependent

operations among distribution centers would become considerable.

3) Size of Problems:

From the test results, the difference in costs of large size problems seems to

be higher than those of small and medium size problems. Since the number

of customers in large size problems is higher than those in small and

medium size problems, the number of possible interchanges of the

distribution-center-to-customer assignments tends to be higher as well. The

likelihood of realizing a saving on cost when interdependent operations

among distribution centers are considered is thus increased.

8.4 CONCLUSION

From the statistical tests, the interdependent operations among distribution centers

provide a cost saving over the independent operations among distribution centers.

Though the magnitude of the savings from interdependent operations among

distribution centers may not be very high for small and medium size problems, the

cumulative savings would be large in the long term. Furthermore, as the saving

increases when the problem size becomes larger, the strategy of employing
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interdependent operations among distribution centers would provide a substantial

saving. This is particularly true for large industrial-size problems. More

importantly, the strategy of allowing interdependent operations among distribution

centers decreases the number of customers that are backordered, thus attaining a

higher level of customer satisfaction.
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CHAPTER 9: CONCLUSIONS AND SUGGESTIONS FOR FURTHER
RESEARCH

In this research, the multi-product, multi-depot periodic distribution problem is

considered. Instead of having the distribution centers operate independently as it is

typically done, the investigation of the impact of allowing interdependent

operations among the distribution centers on total operating costs are of concern.

This research question is motivated by the fact that typically a number of customers

are located approximately equi-distant from two or three distribution centers. It

may be beneficial to consider delivering the products to those customers from any

of the distribution centers, instead of assigning them to a specific distribution

center, especially when the product supplies are limited at some distribution

centers. Since backordering is taken into account, the product allocation is as

important as the route scheduling. The problem under consideration is thus an

integration of product allocation and periodic distribution problems. The integrated

problem is formulated as a mixed-integer mathematical program in Chapter 4.

The tabu-search based heuristics are developed in Chapter 5. The research also

considers the effects of including the long-term memory into the tabu-search

heuristics. TS1 is the base heuristic, which contains the short-term memory only.

TS2 considers the use of long-term memory for diversifying the search, while TS3

considers the use of long-term memory for intensifying the search. The long-term

memory is implemented by adding the penalty function to the cost function in TS2

and by subtracting the incentive function from the cost function in TS3. The

appropriate parameter settings for the tabu-search components are found through

experiments.

The performance of the tabu-search heuristics is evaluated in Chapter 6. The

heuristics are applied to the small test problems with known optimal solutions or

lower bounds. The optimal solutions and/or lower bounds are found by solving the
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mixed-integer programs of the test problems with a very powerful linear optimizer,

CPLEX Interactive Optimizer 7.1.0 (ILOG, 2001). The results show that the TS

heuristics are very effective in solving the multi-product, multi-depot periodic

distribution problem. TS1 and TS3 are able to identify all known optimal solutions

of the test problems, while TS2 fails to identify one of them. The average deviation

of the solutions from the TS heuristics is approximately 7.5%. The TS heuristics

are also found very time-wise effective. It takes at most about 30 seconds to solve

all twelve test problems using the TS heuristics, while computation time taken by

CPLEX ranges from several seconds to several hours.

The solutions reported from the three TS heuristics on small test problems in

Chapter 6 are not very different. To compare their performance in solving

problems, the three TS heuristics are tested on larger size problems in Chapter 7.

The performance is measured by the objective function values (to compare the

quality of solutions) and computation time. The test problems are categorized into

three sizes small, medium and large, and different problem structures are

considered within each size. A randomized complete block design with blocking on

the problem instances is used for the comparisons. The statistical analysis shows

that the three heuristics are not significantly different in quality of solutions for the

small and medium size problems, but for the large size problems. For the large size

problems, TS2 provides somewhat better objective function values than the others,

while the results from TS1 and TS3 are found not significantly different from each

other at a significance level of 0.01. From the results based on computation time,

TS2 solves the problem of all sizes significantly faster than the other two heuristics,

especially when the problem size becomes larger. The computation time taken by

TS1 and TS3 is not significantly different for all sizes of problems.

The impact of allowing interdependent operations among the distribution centers

on the total operating costs is investigated in Chapter 8. Since TS2 performs better

than the other two heuristics, it is used in this investigation. TS2 is applied to all
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test problems in Chapter 7 for two rolling horizons, under two scenarios:

distributing products with and without the interdependent operations among

distribution centers. The cumulative costs obtained for two planning horizons are

tested using paired t-test and sign test. The results show that the interdependent

operations among distribution centers provide a significantly lower cumulative cost

for all sizes of problems.

9.1 Significant Contributions

This research on multi-product, multi-depot periodic distribution problem has made

several contributions, which can be summarized as follows:

1) As noted before, it considers the interdependent operations among

distribution centers, which have not yet been addressed in published

research. The mathematical models and efficient solution algorithms for

this multi-product, multi-depot periodic distribution problem with

interdependent operations among distribution centers under limited supply

situation are developed in this study. The model and solution algorithms

consider all the operational issues that are applicable in industry practice,

including the issue of partial backorders, which is relaxed in the single-

depot periodic distribution problem with limited supplies by Carter et al.

(1996), in the product allocation subproblem. This allows the customers to

receive as few units of backorders as possible. An improved customer

service level is thus maintained (Chapters 4 and 5.)

2) Two fast lower-bound finding techniques, the selective LP relaxation and

iterative selective LP relaxation, are developed in Chapter 6. These methods

identify optimal solutions for sufficiently small problems and found viable

lower bounds within shorter time than the regular branch-and-bound

method.
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3) In Chapter 7, the tabu search algorithm with diversification process (TS2) is

identified to be the efficient algorithm for the multi-product, multi-depot

periodic distribution problem, since it can provide good quality solutions

within much shorter computation time for all sizes of problems. The use of

this algorithm is thus recommended in industry practice. The use of long-

term memory in intensification process by giving incentives to frequently

added attributes does not enhance the base algorithm. It, in fact, yields the

same performance measures to the algorithm as that with short-term

memory only (TS 1).

4) So far, none of the industrial applications have considered the

interdependent operations among the distribution centers. They have limited

themselves to applying only independent operations. The research findings

have shown that it is indeed advantageous to apply interdependent

operations among the distribution centers, especially when there are

inadequate supplies at some distribution centers and when there are a large

number of customers near the territories of distribution centers (Chapter 8.)

9.2 Further Research

From the results in chapter 7, one can see that the computation time using the TS

heuristics is very high, especially for the large size problems. This is because multi-

product, multi-depot periodic distribution problem is a complex mixed-integer

problem that is strongly NP-hard. It involves product allocation, the assignments of

pattern and distribution centers to customers, and vehicle routing. The attempts to

reduce the computation time can be further researched as follow:

1) Development of a faster post-processing procedure for routing process:

In this research, the post-processing procedure (for route improvement) is

based on two types of exchanges, Or-opt exchange and two-node exchange.

Both are effective for the vehicle routing problem with time windows.
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However, when applied to the complex vehicle routing problem, which

involves a large number of delivery routes and multi-trips of vehicles as in

this research, the procedure becomes very time-consuming. A trade-off

between the quality of solutions and the computation time may be
necessary.

2) Development of parallel implementation of tabu search:

Parallel implementation of metaheuristics is common in practice for

achieving reasonable computation time. The parallel tabu search can be

implemented in several ways. The reviews of the implementations for the

vehicle routing problem class in the literature can be found in Crainic and

Toulouse (1998). The low-level parallel tabu search is usually implemented

by evaluating the moves to neighborhood solutions in parallel. The higher-

level parallel tabu search can be implemented through problem

decomposition.

In addition, the tabu-search heuristics could be further refined. Researchers may

consider the use of variable tabu duration (or tabu list size) and the use of long-term

memory in diversification and intensification processes. These refinements may

improve both quality of solutions and computation time. The hybrid of

metaheuristics could also be of researchers' interest.

Further research can be performed by extending the operations to twenty-four hours

a day. In this research, only product distribution during daytime (a ten-hour

operation) is considered. However, several large distributors also deliver the

products overnight. The problem becomes more complicated in this case. When

only daytime operation is considered, the product allocation and route scheduling

are implemented day by day, for a t-day planning period. The model formulation

and algorithm development are fairly straightforward. However, that is not the case

for the twenty-four-hour operation. When overnight deliveries are allowed, some

deliveries must be scheduled on the day prior to the day of receipt. The daily
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vehicle routing must take into account the vehicles which leave for and return from

the overnight trips. The model formulation and algorithm development for product

allocation and vehicle routing must be revised.
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APPENDIX A: A SMALL EXAMPLE OF USING THE FACTOR FOR
ADJUSTING THE PER-UNIT BACKORDER COST, 2

The products allocated to customers must be such that they cover the demands from

the day of delivery to the day before the next delivery. The allocation may also

cover some demands that are needed for the next period. However, when the

amounts of products are inadequate at the distribution center, a higher priority

should be given to the demands that are needed in the current period. The priority

can be assigned by introducing the factors for adjusting the per-unit backordering

cost, 2t, into the model, where the factor 2 is set to 1 if t belongs to the current

period and to a small value greater than 0 and less than 1, otherwise.

Consider a small subproblem of allocating a limited product supply (P1) at a

distribution center to two customers (Cl and C2). The demands of those two

customers for two six-day periods are given in Table A. 1. Assume that both of

them are assigned to the same delivery pattern, which is to receive a delivery every

Tuesday. The use of the factor is explained through several scenarios as follows.

Table A.1 The daily demands for a product of two customers for two periods

Demand Period 1 Period 2
M1 T1 W1 TH1 F1 Si M2 T W2 TH2 F2 S2

Cl = 5 3 2 3 3 3 5 3 2 3

C2
'P1,C2,O 3 4 5 4

On the first Monday, the inventory of P1 at Cl, is equal to maximum (0, 5-

5) = 0 unit and the backorder of P1 at Cl, is equal to 0 unit. The inventory

of P1 at C2, '1C21' is equal to maximum (0, 3-4) = 0 unit, and the backorder of P1

at C2, '1C21' is equal to 4-3 = I unit.
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The delivery quantity to both customers on the first Tuesday must cover the

backorder on the previous day (the first Monday) and the demand from the first

Tuesday to the second Monday. Thus, the expected quantity to be delivered to Cl

equals to 19 units, and the expected quantity to be delivered to C2 equals to 24

units.

A.1 CASE 1: CONSIDER THE BACKORDERING COSTS IN THE FIRST
PERIOD ONLY

In this case, the factor L is set equal to 0, for all t that belong to the second period.

Suppose that there is plenty of P1 supply at the distribution center. Since there is no

difference in backordering cost when delivering 19 units or 14 units to Cl and

delivering 20 units or 24 units to C2, the model selects the small numbers. That is,

only 14 units are delivered to Cl and 20 units are delivered to C2.

Thus, in the second period, both Cl and C2 must receive the products on Monday;

otherwise they must carry the backorders for one day because the next delivery is

made on Tuesday (assuming that the assigned pattern is repeated). Suppose that we

now have 100 customers, (not just 2 customers). Almost all of them would need

products on Monday under this scenario. The daily workload would become very

imbalanced, which is an undesirable situation. When there is enough supply to

cover the demands in the second period, the model should select to cover them to

prevent the imbalance in daily workloads, but it does not. The model fails to

acknowledge this because it considers only the backordering cost that is incurred in

the first period.
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A.2 CASE 2: SPECIFY THE SAME PER-UNIT BACKORDERING COSTS
IN BOTH PERIODS

In this case, the factor 2 is set equal to 1, for both periods. Suppose Bpi,c1 $3 and

Bp1,2 = $1 and there are only 35 units of P1 available at the distribution center,

while a total of 43 units are needed to serve Cl and C2.

Tables A.2 and A.3 present the daily inventories and backorders of Cl and C2

under two different scenarios. Case 2.1 considers giving an allocation priority to Cl

and then allocating the rest to C2. Case 2.2 considers fulfilling the demands that are

needed in the current period first. The calculation follows from constraint (5) in

Chapter 4, which represents the balance equation of demand, inventory, backorder,

and delivery quantity.

Table A.2 The daily inventories and backorders of Cl and C2, under Case 2.1

Case 2.1: Deliver 19 units to Cl and 16 units to C2
Demand Period 1 Period 2

M1 W1 TH F1 S1 M2 T2
Cl
'PI,cl,o 5

5 3

qpzcL2 19
2 3 3 3 5 3

0 16 14 11 8 5 0

0 0 0 0 0

C2

'P1,C2,O

4 .4+ 5

gp,cL2

3 3 5 4 4 4

'P1,C2,t
0 11 8 5 0 0 0

'P1,C2,i
1 0 0 0 0 4 8

The total BO cost ($ 1*4 units) + ($ 1*8 units) $12
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Table A.3 The daily inventories and backorders of Cl and C2, under Case 2.2

Case 2.2: Deliver 15 units to Cl and 20 units to C2
Demand Period! Period 2

M1 T W1 TH F1 S1 M2 T2
Cl

5

5 3

qn.e,. IS

2 3 3 3 5 3

'l,Cl,t
0 12 10 7 4 1 0

0 0 0 0 0 4

C2

'P1,C2,O = 3

4 4+J;5
PIcL2 20

3 3 5 4 4 4

'P1,C2,r
0 15 12 9 4 0 0

'F1,C2,t
0 0 0 0 0 4

The total BO cost ($3*4 units) + ($l*4 units) = $16

The model selects to deliver 19 units to Cl and 35-19 16 units to C2 since it is

cheaper. In fact, Case 2.2 is preferred because the product should be allocated first

to the customer that needs it soon, instead of allocating it to the other store, simply

to be kept in inventory. The demand on the second Monday is not needed yet, but

C2's demand on the first Saturday is within the period under consideration. Thus,

the latter should receive a higher priority when considering the product allocation.

A.3 CASE 3: ASSIGN A LOWER VALUE OF A TO THE DEMANDS OF
THE FUTURE PERIOD

In this case, '%t is set to I for all t in the first period and to a small value greater than

0 and less than 1 for all t in the future period (i.e., the second period), so that the

demands of the current period are fulfilled first. Suppose that ) for the second

period is set to 0.1. The per-unit backorder costs are assumed the same as in Case 2.

That is, Bp1 ci $3 and Br.i C2 = $1. Two different scenarios are considered.



143

A.3.1 Case 3.1: There are not enough products at the distribution center.

Suppose that oniy 35 units of P1 are available at the distribution center. The model

will select to deliver 15 units to Cl and 35-15 = 20 units to C2 since it is the

cheapest allocation plan. The daily inventories and backorders are as that in Table

A.3, but the total backorder cost becomes (0.1*$3*4 units) + (0.1*$1*4 units)

$1.60.

A.3.2 Case 3.2: There are plenty of products at the distribution center.

In this case, the delivery should cover the demands from the first Tuesday (the day

of delivery) to the second Monday (the day before the next delivery). The model

should select to deliver 19 units to Cl and 24 units to C2, not just 14 units to Cl

and 20 units to C2 as in Case 1. Since of the future period is assigned to a small

positive value, there would be a small difference in backordering cost, if the

demands of the second period are not covered. The subcase of delivering 19 units

to Cl and 24 units to C2 is shown in Table A.4, while the subcase of delivering 14

units to Cl and 20 units to C2 in Table A.5. The former costs $1.90 less than the

latter; thus it is selected. The demands of the second period are fulfilled.
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Table A.4 The daily inventories and backorders of Cl and C2, under Case 3.2.1

case 3.2.1: Deliver 19 units to Cl and 24 units to C2
Demand Period 1 Period 2

M1 W1 TH1 F1 S1 M2 Tz
Cl

5

5 3
19

2 3 335 3

0 16 14 11 8 5 0

0 0 0 0

C2

'P1,C2,O = 3

4 4+
';;1C2, 5

24

3 5 4

'P1,C2,t
0 19 16 13 8 4 0

'Ji,C2,1
0 0 0 0 0 0

The total BO cost = $0

Table A.5 The daily inventories and backorders of Cl and C2, under Case 3.2.2

Case 3.2.2: Deliver 14 units to Cl and 20 units to C2
Demand Period 1 Period 2

M1 T1 W TH1 F1 S1 M2 j
Cl

5

5 3

qpIc2 14
2 3 3 3 5 3

0 11 9 6 3 3 0

'I,c1,t
0 0 0 0 0 5

C2

'P1,C2,O =

'F1,C2j 5 5 4

'P1,C2,t
0 15 12 9 4 0 0

'P1,C2,i
0 0 0 0 0 4

The total 130 cost (0.1*$3*5 units) + (0.l*$l*4 units) = $1.90
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APPENDIX B: DELIVERY PATTERNS UNDER CONSIDERATION FOR
THREE-DAY, FIVE-DAY, AND SIX-DAY PERIODS

Tables B. 1 -B.3 show the delivery patterns under consideration for three-day, five-

day, and six-day periods, respectively. The values of the binary variables Zn, which

specify whether day t corresponds to delivery pattern r, and the numbers of

deliveries per period are also provided in the tables. The five-day period

corresponds to the period of delivery from Monday to Friday. The six-day period

corresponds to the period of delivery from Monday to Saturday. The three-day

period can be considered as one-half of the six-day period, where the first three-day

period corresponds to the period of delivery from Monday to Wednesday and the

next three-day period corresponds to the period of delivery from Thursday to

Saturday.

As in most real-world practices, the delivery days are spaced as much as possible.

The consecutive delivery days are usually undesirable. For the three-day period,

there are total of 2-1 = 7 possible delivery patterns. All those seven patterns

satisfy the spacing requirement. However, not every possible pattern is acceptable

for the five-day and six-day periods.

Table B.1 The delivery patterns for a three-day period

Pattern ID Number of
Deliveries
per Period

Day I Day 2 Day 3
Mon./Thu. Tue.IFri. Wed./Sat.

I 1 0 0 1

2 0 1 0 1

3 0 0 1 1

4 1 1 0 2
5 1 0 1 2
6 0 1 1 2
7 1 1 1 3
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For the five-day period, there are total of 2-1 = 31 possible delivery patterns. The

question of which patterns satisfy the spacing requirement depends on the number

of days that the customers operate. If a customer operates five days a week as the

distributor does, the pattern such as Monday-Friday delivery is not acceptable,

since the delivery on Monday must cover the demands from Monday to Thursday,

while the deliver on Friday needs to cover the demand on Friday only. The two

deliveries are very imbalance. Likewise, this pattern is also undesirable to the

customer who operates six days a week. However, it is acceptable to the customer

who operates seven days a week, since the deliveries become somewhat balance in

that case. The delivery on Monday covers the four-day demands from Monday to

Thursday, while the deliver on Friday covers the three-day demand from Friday to

Sunday. On the other hand, the pattern such as Monday-Wednesday delivery may

not be acceptable for the customers who operates seven days a week, but for the

customers who operates five days a week. Since the model must be able to apply to

all customers, all the patterns that satisfy the spacing requirement to all customers,

no matter how many days they operate, are taken into consideration. In summary,

all one-delivery patterns and four-delivery patterns are acceptable, while only

patterns with no totally consecutive delivery days are considered for two-delivery

and three-delivery patterns. In other words, the deliveries must be separated by at

least one non-delivery day. With the spacing requirement, the total number of

patterns considered is reduced from thirty one patterns to twenty four patterns.

For the six-day period, there are total of 26_i 63 possible delivery patterns.

Similar to the five-day period, all one-delivery patterns and five-delivery patterns

are acceptable. The patterns which causes imbalance in deliveries are left out of

consideration. Therefore, the patterns with consecutive delivery days are

disregarded for two-delivery and three-delivery patterns, while the patterns with

more than two consecutive delivery days are unacceptable for four-delivery

patterns. The total number of patterns considered is reduced from sixty three

patterns to twenty eight patterns. Note that some patterns in Table B.3 are not
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considered by SYSCO Food Services of Portland, Inc. For example, for the

frequency of three deliveries in a six-day period, SYSCO considers only two

patterns, Monday-Wednesday-Friday and Tuesday-Thursday-Saturday. However,

the delivery patterns such as Monday-Wednesday-Saturday and Monday-Thursday-

Saturday do not result in imbalance deliveries, for the customers who operate seven

days a week. Some customers and distributors may allow such patterns. This study

hence takes them into considerations as well.

Table B.2 The delivery patterns for a five-day period

Pattern ID
Day I Day 2 l)ay 3 Day 4 Day 5
Mon. Tue. Wed. Thu. Fri.

Number of
Deliveries
per Period

1 1 0 0 0 0 1

2 0 1 0 0 0 1

3 0 0 1 0 0 1

4 0 0 0 1 0 1

5 0 0 0 0 1 1

6 1 0 1 0 0 2
7 1 0 0 1 0 2
8 1 0 0 0 1 2
9 0 1 0 1 0 2

10 0 1 0 0 1 2
11 0 0 1 0 1 2
12 1 1 0 1 0 3
13 1 1 0 0 1 3
14 1 0 1 1 0 3
15 1 0 1 0 1 3

16 1 0 0 1 1 3

17 0 1 1 0 1 3
18 0 1 0 1 1 3

19 1 1 1 1 0 4
20 1 1 1 0 1 4
21 1 1 0 1 1 4
22 1 0 1 1 1 4
23 0 1 1 1 1 4
24 1 1 1 1 1 5
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Table B.3 The delivery patterns for a six-day period

ITruIp1 ii a

4 __

__ 4
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APPENDIX C: PARAMETER FINDING

Table C.1 Minimum values of A

Test Problem Minimum Value of A Objective Function Value
1 1.55 330.55
2 1.25 384.27
3 1.05 662.47
4 1.35 667.07
5 1.60 1800.89
6 1.85 1490.51
7 1.05 2530.35
8 1.05 2692.80
9 1.05 2438.56
10 1.05 2815.08
11 1.70 2501.91
12 1.90 2382.04
13 1.35 3380.65
14 1.25 3702.40
15 1.55 4251.85
16 1.25 3375.95

Other parameter settings: r 7, MAX_EIL = 10, MAX WI 10
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Table C.2 Tabu durations, r

Test Problem Tabu Duration Objective Function Value

1 [7,12] 330.55
2 [3, 20] 384.27
3 [1,25] 662.47
4 10 664.38
5 [2, 6] 1789.47
6 [1,8] 1490.51
7 6 2450.85
8 10 2765.69
9 9 2392.70
10 [8,9] 2809.68
11 10 2479.01
12 [19,20] 2321.29
13 11 3345.21
14 17 3609.07
15 [22,25] 4215.72
16 [23,25] 3351.99

Other parameter settings: z = 1.90, MAX_EIL = 10, MAX 1W! 10
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Table C.3 Minimum values of diversification factors, 0

Test Problem Minimum Value of Objective Function Value
1 0.01 336.31
2 0.001 384.27
3 0.001 662.47
4 0.002 681.77
5 0.00 1 1777.90
6 0.001 1493.38
7 0.00 1 2509.92
8 0.001 2834.29
9 0.005 2376.47
10 0.002 2744.29
11 0.001 2503.80
12 0.001 2366.80
13 0.001 3320.27
14 0.001 3701.47
15 0.001 4219.39
16 0.001 3302.55

Other parameter settings: t = 1.90, r=[1.34ij1 , MAX_EIL 10, MAX_lW! 10
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Table C.4 Minimum values of intensification factors, o

Test Problem Minimum Value of Objective Function Value
1 0.001 334.56
2 0.001 384.27
3 0.001 662.47
4 0.001 676.91
5 0.001 1786.16
6 0.001 1492.44
7 0.001 2534.87
8 0.001 2816.80
9 0.001 2433.34
10 0.001 2818.28
11 0.001 2474.02
12 0.001 2401.24
13 0.001 3396.30
14 0.001 3614.42
15 0.001 4252.83
16 0.001 3362.22

Other parameter settings: A = 1.90, [1 MAX_EIL = 10, MAX_I WI 10
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Table C.5 Maximum number of entries in the index list, MAX_EIL

Test
Problem

Without a Long-
Term Memory
(60;o=0)

With Diversification
Process

(q$O.Ol;o0)

Without
Intensification

Process
(b= 0; o 0.001)

MAX_EIL OFV MAX_EIL OFV MAX_EIL OFV
1 5 334.56 10 336.31 5 334.56
2 2 384.27 2 384.27 2 384.27
3 1 662.47 14 658.21 1 662.47
4 14 663.57 5 681.77 18 667.07
5 15 1777.76 4 1777.90 8 1786.16
6 4 1492.44 15 1477.47 4 1492.44
7 21 2523.08 26 2508.98 6 2534.87
8 26 2778.56 24 2623.41 28 2776.55
9 19 2327.77 12 2336.84 15 2344.84

10 7 2817.93 15 2659.30 20 2817.88
11 11 2483.76 23 2488.75 16 2451.56
12 22 2312.71 23 2307.84 18 2385.82
13 8 3345.83 21 3225.48 19 3352.74
14 12 3629.47 29 3615.46 21 3534.75
15 13 4225.17 6 4219.39 23 4227.15
16 17 3314.98 20 3237.40 13 3305.93

Other parameter settings: A = 1.90, [1
'1'

MAX IWI 10
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Table C.6 Maximum number of iterations without improvement, MAX_I WI

Test
Problem

Without a Long-
Term Memory

(q$O;
o=0)

With Diversification
Process

(q$0.01;
cr=0)

Without
Intensification

Process
(q$=0;

o= 0.001)
MAX 1W! OFV MAX IWI OFV MAX_I WI OFY

1 6 334.56 1 338.97 6 334.56
2 2 384.27 4 384.27 4 384.27
3 1 662.47 2 662.47 2 662.47
4 7 664.38 4 681.77 9 676.91
5 12 1786.16 6 1777.90 8 1786.16
6 6 1492.44 8 1487.19 6 1492.44
7 8 2525.33 8 2509.92 7 2534.87
8 13 2787.50 8 2691.62 13 2784.75
9 9 2327.77 5 2336.84 7 2344.84

10 14 2817.93 7 2659.30 9 2817.88
11 6 2483.76 8 2503.80 13 2451.56
12 7 2327.29 6 2318.70 6 2385.82
13 6 3345.83 3 3225.48 6 3352.74
14 10 3629.47 9 3636.75 10 3534.75
15 3 4225.17 9 4219.39 7 4227.15
16 8 3314.98 7 3237.40 11 3305.93

Other parameter settings: i = 1.90, r [1 MAXElL + 0.30 * days *



APPENDIX D: PSEUDO CODE FOR TABU SEARCH HEURISTIC
ALGOITHM

D.1 MAIN PROGRAM

01
02
03

04

05
06
07
08
09
10

11

12
13

14

15

16

17

18
19

20
21
22
23
24
25
26
27
28
29
30
31

32
33
34
35
36
37
38
39

155

Generate the initial pattern and distribution center assignment
Determine the tabu search parameters
Initialize the Candidate List (CL), the Index List (IL), the tabu matrix and the frequency
matrix
Initialize the number of entries in the Index List (EIL) and the number of iterations without
improvement (IWI)
Call subroutine (EVALUATION) with the initial pattern and distribution center assignment
Set the Aspiration Level (AL) to the initial total cost
Update the CL and the frequency matrix
Do

{

The best value for evaluation +-
For each customer
{

Apply a patternldistribution center interchange
If (solution CL), disregard it
Call subroutine (EVALUATION) with the perturbed pattern and distribution center
assignment
If (move tabu) or (move tabu but AL is satisfied)

If (the value for evaluation <the best value for evaluation)
{

CL +- current solution
Tabu move current move
The best value for evaluation +- value for evaluation
If (total cost <AL)

AL *- current total cost

}

Update the tabu matrix and the frequency matrix
If (the best solution == local optima)
{

IL - the best solution
Increment EIL by 1

}

If (the best value for evaluation <the previous best value for evaluation)
IWI 0

Else
Increment IWI by I

Next solution +- the best solution
} while { both EIL and IWI have not exceeded the specified numbers }
Terminate the search
Return the best solution and the best total cost
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D.2 SUBROUTINES - EVALUATION

D.2.1 The EVALUATION Subroutine for TS1

01 Start with the initial pattern and distribution center assignment
02 For each customer
03 {

04 Allocate the products corresponding to the assigned pattern and distribution center
05 Insert the customer to delivery route(s) on the corresponding day(s)
06 }

07 Apply the post-processing procedure
08 Calculate the total cost
09 The value for evaluation *- the total cost
10 Return the solution, the total cost, and the value for evaluation

D.2.2 The EVALUATION Subroutine for TS2

01 Start with the initial pattern and distribution center assignment
02 For each customer
03 {

04 Allocate the products corresponding to the assigned pattern and distribution center
05 Insert the customer to delivery route(s) on the corresponding day(s)
06 }

07 Apply the post-processing procedure
08 Calculate the total cost
09 The value for evaluation +- the total cost + the penalty
10 Return the solution, the total cost, and the value for evaluation

D.2.3 The EVALUATION Subroutine for TS3

01 Start with the initial pattern and distribution center assignment
02 For each customer
03 {

04 Allocate the products corresponding to the assigned pattern and distribution center
05 Insert the customer to delivery route(s) on the corresponding day(s)
06 }

07 Apply the post-processing procedure
08 Calculate the total cost
09 The value for evaluation +- the total cost - the incentive
10 Return the solution, the total cost, and the value for evaluation



APPENDIX E: PROBLEM STRUCTURES AND PARAMETER SETTINGS

Table E. 1 Structures of small-size instances

Test
Problem

Number
of

Products

Number of
Distribution

Centers

Number of
Customers

Number of
Days

Number
of

Vehicles

A r MAXElL MAX 1W! q

(For
TS2)

o-

(For
TS3)

1 24 2 38 3 6 1.90 9 10 10 0.01 0.001
2 12 2 60 3 6 1.90 11 11 12 0.01 0.001
3 16 2 28 5 6 1.90 8 12 11 0.01 0.001
4 11 2 56 5 6 1.90 11 16 14 0.01 0.001
5 9 2 45 6 6 1.90 9 17 14 0.01 0.001
6 22 2 55 6 8 1.90 10 18 16 0.01 0.001
7 10 3 37 3 6 1.90 9 10 10 0.01 0.001
8 15 3 68 3 9 1.90 12 12 13 0.01 0.001
9 8 3 56 5 9 1.90 11 16 14 0.01 0.001
10 14 3 34 5 6 1.90 8 13 12 0.01 0.001
11 6 3 66 6 9 1.90 11 19 17 0.01 0.001
12 9 3 54 6 9 1.90 10 18 16 0.01 0.001

= Factor of the difference in travel time from distribution centers to a customer
Diversification factor

a- = Intensification factor
Tabu duration

MaxElL Maximum number of entries in the index list
Max IWI = Maximum number of consecutive iterations without improvement



Table E.2 Structures of medium-size instances

Test
Problem

Number
of

Products

Number of
Distribution

Centers

Number of
Customers

Number of
Days

Number
of

Vehicles

A z- MAX_EIL MAX LW! ft
(For
TS2)

a
(For
TS3)

13 18 2 83 3 12 1.90 13 13 14 0.01 0.001
4 9 2 104 3 14 1.90 14 14 15 0.01 0.001
5 13 2 116 5 14 1.90 15 21 22 0.01 0.001
6 8 2 92 5 12 1.90 13 19 19 0.01 0.001
7 19 2 70 6 8 1.90 12 20 18 0.01 0.001

18 7 2 102 6 12 1.90 14 23 23 0.01 0.001
19 6 3 111 3 12 1.90 15 14 16 0.01 0.001
20 21 3 96 3 12 1.90 14 13 15 0.01 0.001
21 12 3 85 5 12 1.90 13 18 18 0.01 0.001
22 8 3 90 5 12 1.90 13 19 19 0.01 0.001
23 16 3 78 6 9 1.90 12 20 19 0.01 0.001
24 7 3 93 6 12 1.90 13 22 21 0.01 0.001
A Factor of the difference in travel time from distribution centers to a customer
0 Diversification factor
a Intensification factor
r = Tabu duration
MaxElL = Maximum number of entries in the index list
Max IWI = Maximum number of consecutive iterations without improvement

I1

00



Table E.3 Structures of large-size instances

Test
Problem

Number
of

Products

Number of
Distribution

Centers

Number of
Customers

Number of
Days

Number
of

Vehicles

A r MAXElL MAX_IWI b

(For
TS2)

(For
TS3)

25 24 2 133 3 10 1.90 16 15 17 0.01 0.001
26 7 2 140 3 10 1.90 16 15 18 0.01 0.001
27 5 2 198 5 16 1.90 19 26 32 0.01 0.001
28 16 2 222 5 22 1.90 20 27 35 0.01 0.001
29 12 2 157 6 16 1.90 17 27 31 0.01 0.001
30 6 2 178 6 22 1.90 18 29 34 0.01 0.001
31 8 3 165 3 18 1.90 18 16 20 0.01 0.001
32 11 3 234 3 21 1.90 21 18 25 0.01 0.001
33 9 3 194 5 21 1.90 19 25 32 0.01 0.001
34 3 3 207 5 21 1.90 20 26 33 0.01 0.001
35 12 3 129 6 15 1.90 16 25 27 0.01 0.001
36 7 3 187 6 18 1.90 19 29 36 0.01 0.001

= Factor of the difference in travel time from distribution centers to a customer
0 Diversification factor
a = Intensification factor

Tabu duration
Max_EIL Maximum number of entries in the index list
Max_I WI = Maximum number of consecutive iterations without improvement
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APPENDIX F: EXPERIMENTAL RESULTS OF THREE TABU-SEARCH
HEURISTICS

Table F. 1 Experimental results for small-size instances

Test TS1 TS2 TS3
Problems OFV Time OFY Time OFV Time

1 1207.16 45 1207.16 45 1207.16 48
2 1558.30 572 1514.94 295 1558.30 583
3 1339.87 48 1339.36 32 1339.51 55
4 2817.03 822 2776.32 382 2877.70 670
5 2517.23 271 2460.66 186 2505.07 286
6 3598.21 1293 3511.88 1029 3501.28 1461
7 1545.84 17 1560.23 24 1545.84 18
8 2048.59 507 2022.50 318 2048.59 527
9 2139.61 455 2050.45 375 2142.72 435
10 1834.78 104 1838.87 81 1872.79 98
11 2893.04 1774 2903.04 1123 2893.51 1898
12 2823.31 732 2765.64 506 2797.88 762

Average 2193.58 553.33 2162.59 366.33 2190.86 570.08
OFV is the objective function value.
Time is the time used to compute the solution on SWARM compute nodes in seconds.

Table F.2 Experimental results for medium-size instances

Test TS1 TS2 TS3
Problems OFV Time OFV Time OFV Time

13 2467.47 4373 2341.80 2659 2199.93 4252
14 2536.69 9520 2574.30 5672 2541.12 12691
15 2941.06 10105 2922.11 5457 2941.06 10319
16 3650.81 14972 3652.52 11419 3652.55 13951
17 4684.17 2748 4625.07 2271 4623.48 2816
18 5542.77 34338 5543.90 15889 5551.21 49151
19 2335.42 5873 2313.71 2830 2375.36 5057
20 2982.18 1842 3133.50 1139 2987.78 1929
21 3470.90 3564 3410.52 4555 3475.26 3709
22 3666.99 6913 3689.05 3168 3667.05 6945
23 3705.94 3973 3694.57 2392 3771.10 3410
24 3847.54 6423 3776.04 4413 3847.54 6532

Average 3485.99 8720.33 3473.09 5155.33 3469.45 10063.50
OFV is the objective function value.
Time is the time used to compute the solution on SWARM compute nodes in seconds.
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Table F.3 Experimental results for large-size instances

Test TS1 TS2 TS3
Problems OFV Time OFV Time OFV Time

25 3410.48 24263 3318.44 23392 3410.48 25391
26 2079.99 30546 2079.99 30618 2051.00 59737
27 4601.69 50004 4509.35 15510 4591.72 51399
28 7750.09 450517 7506.36 208207 7720.92 607604
29 7185.04 158275 7067.28 78145 7142.10 262509
30 8460.09 353739 8396.09 211336 8465.56 466740
31 3977.21 79407 3926.67 45452 4006.43 62505
32 3336.49 112871 3398.29 58522 3317.63 81076
33 6108.13 99872 6074.85 67472 6079.87 213189
34 6622.75 580301 6571.99 265464 6622.75 590479
35 6221.03 22717 6144.10 8752 6331.47 18517
36 6588.21 208523 6587.37 106854 6659.13 203498

Average 5528.43 5465.06 _5533.26 180919.58 93310.33 220220.33
OFV is the objective function value.
Time is the time used to compute the solution on SWARM compute nodes in seconds.



APPENDIX G: ANALYSIS OF EXPERIMENTAL RESULTS
(QUALITY OF SOLUTIONS)
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Figure G. 1 Diagnostic plots of residuals of objective function values for small-size
instances
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(b) Normal probability plot of residuals

Figure G. 1 Diagnostic plots of residuals of objective function values for small-size
instances (Continued)
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Figure G.2 Diagnostic plots of residuals of objective function values for medium-
size instances
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Normal Probability Plot
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(b) Normal probability plot of residuals

Figure G.2 Diagnostic plots of residuals of objective function values for medium-
size instances (Continued)
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Residual Plot for Cost
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(a) Plot of residuals against factor levels

Figure G.3 Diagnostic plots of residuals of objective function values for large-size
instances
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Normal Probability Plot
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(b) Normal probability plot of residuals

Figure G.3 Diagnostic plots of residuals of objective function values for large-size
instances (Continued)
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Table G.l Goodness-of-fit test on residuals of objective function values for small-
size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

at or below -22.4694 4 5.14 0.25

-22.4694 -11.9117 5 5.14 0.00

-11.9117 -3.78878 9 5.14 2.89

-3.78878 3.78878 5 5.14 0.00

3.78878 11.9117 3 5.14 0.89

11.9117 22.4694 5 5.14 0.00

above 22.4694 5 5.14 0.00

Chi-square 4.05559 with 4 d.f.; p-value = 0.398535

Table G.2 Goodness-of-fit test on residuals of objective function values for
medium-size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

at or below -45.6416 2 5.14 1.92

-45.6416 -24.1957 6 5.14 0.14

-24.1957 -7.69562 8 5.14 1.59

-7.69562 7.69673 6 5.14 0.14

7.69673 24.1968 6 5.14 0.14

24.1968 45.6427 5 5.14 0.00

above 45.6427 3 5.14 0.89

Chi-square 4.83326 with 4 d.f.; p-value 0.304838
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Table G.3 Goodness-of-fit test on residuals of objective function values for large-
size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

atorbelow -41.3143 5 5.14 0

-41.3143 -21.9016 3 5.14 0.89

-21.9016 -6.96595 7 5.14 0.67

-6.96595 6.96706 8 5.14 1.59

6.96706 21.9027 5 5.14 0

21.9027 41.3154 4 5.14 0.25

above 41.3154 4 5.14 0.25

Chi-square = 3.66633 with 4 d.f.; p-value 0.453042

Table G.4 ANOVA on objective function values for small-size instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean

Square

F-Ratio P-Value

Main Effect:
Heuristics___________

7069.81 2 3534.9 5.02 0.0160

Block Effect:
Test Problems

1.75045E7 11 1.59132E6 2258.08 0.0000

Residual 15503.9 22 704.722

Total (Corrected) 1.75271E7 35

All F-ratios are based on the residual mean square error.
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Table G.5 ANOVA on objective function values for medium-size instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean

Square

F-Ratio P-Value

Main Effect:
Heuristics___________

1813.48 2 906.74 0.31 0.7353

Block Effect:
Test Problems

2.94978E7 11 2.68161E6 922.12 0.0000

Residual 63977.9 22 2908.09

Total (Corrected) 2.95636E7 35

All F-ratios are based on the residual mean square error.

Table G.6 ANOVA on objective function values for large-size instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean

Square

F-Ratio P-Value

Main Effect:
Heuristics____________

34754.7 2 17377.3 7.29 0.0037

Block Effect:
Test Problems

1.30189E8 11 1.18354E7 4967.13 0.0000

Residual 52420.3 22 2382.74

Total (Corrected) 1 .30276E8 35

All F-ratios are based on the residual mean square error.
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APPENDIX H: ANALYSIS OF EXPERIMENTAL RESULTS
(COMPUTATION TIME)
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(a) Plot of residuals against factor levels

Figure H. 1 Diagnostic plots of residuals of computation time for small-size
instances
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Normal Probability Plot
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Figure H. 1 Diagnostic plots of residuals of computation time for small-size
instances (Continued)
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Residual Plot for Time
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(a) Plot of residuals against factor levels

Figure 11.2 Diagnostic plots of residuals of computation time for medium-size
instances
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Figure H.2 Diagnostic plots of residuals of computation time for medium-size
instances (Continued)
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Residual Plot for time
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(a) Plot of residuals against factor levels

Figure H.3 Diagnostic plots of residuals of computation time for large-size
instances
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Normal Probability Plot
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Figure H.3 Diagnostic plots of residuals of computation time for large-size
instances (Continued)
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Table H. 1 Goodness-of-fit test on residuals of computation time for small-size
instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

at or below -38.6956 0 5.14 5.14

-38.6956 212.817 13 5.14 12.00

212.817 406.325 6 5.14 0.14

406.325 586.842 7 5.14 0.67

586.842 780.35 3 5.14 0.89

780.35 1031.86 2 5.14 1.92

above 1031.86 5 5.14 0.00

Chi-square = 20.7777 with 4 d.f.; p-value 0.000350477

Table H.2 Goodness-of-fit test on residuals of computation time for medium-size
instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

atorbelow -3907.74 1 5.14 3.34

-3907.74 -2071.6 1 5.14 3.34

-2071.6 -658.92 10 5.14 4.59

-658.92 658.924 12 5.14 9.14

658.924 2071.6 8 5.14 1.59

2071.6 3907.74 3 5.14 0.89

above 3907.74 1 5.14 3.34

Chi-square = 26.2213 with 4 d.f.; p-value 0.0000285543
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Table H.3 Goodness-of-fit test on residuals of computation time for large-size
instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

at or below -62418 10 5.14 4.59

-62418 -33089.6 0 5.14 5.14

-33089.6 -10524.9 5 5.14 0

-10524.9 10524.9 5 5.14 0

10524.9 33089.6 5 5.14 0

33089.6 62418 6 5.14 0.14

above 62418 5 5.14 0

Chi-square 9.88899 with 4 d.f.; p-value = 0.0423398
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Residual Plot for LOG(Time)
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(a) Plot of residuals against factor levels

Figure H.4 Diagnostic plots of residuals of log-transformed computation time for
small-size instances
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Normal Probability Plot
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(b) Normal probability plot of residuals

Figure H.4 Diagnostic plots of residuals of log-transformed computation time for
small-size instances (Continued)
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(a) Plot of residuals against factor levels
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Figure H.5 Diagnostic plots of residuals of log-transformed computation time for
medium-size instances
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Normal Probabifity Plot
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(b) Normal probability plot of residuals

Figure H.5 Diagnostic plots of residuals of log-transformed computation time for
medium-size instances (Continued)



Residual Plot for LOG(Time)

0.38

U)

a0 02

-0.22

-0.42

S
S

S

S

S I S
S

S S
S

$

S

TSI TS2 TS3

Heuristic

(a) Plot of residuals against factor levels

183

Figure H.6 Diagnostic plots of residuals of log-transformed computation time for
large-size instances
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Figure H.6 Diagnostic plots of residuals of log-transformed computation time for
large-size instances (Continued)
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Table H.4 Goodness-of-fit test on residuals of log-transformed computation time
for small-size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

atorbelow -0.141512 4 5.14 0.25

-0.141512 -0.0750194 7 5.14 0.67

-0.0750194 -0.0238617 3 5.14 0.89

-0.0238617 0.0238616 6 5.14 0.14

0.0238616 0.0750192 9 5.14 2.89

0.0750192 0.141511 4 5.14 0.25

above 0.141511 3 5.14 0.89

Chi-square = 5.99994 with 4 d.f.; p-value 0.199153

Table H.5 Goodness-of-fit test on residuals of log-transformed computation time
for medium-size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

atorbelow -0.16371 4 5.14 0.25

-0.1637 -0.08679 6 5.14 0.14

-0.0868 -0.02761 5 5.14 0

-0.0276 0.027605 7 5.14 0.67

0.02761 0.086788 6 5.14 0.14

0.08679 0.163712 4 5.14 0.25

above 0.163712 4 5.14 0.25

Chi-square = 1.72201 with 4 d.f.; p-value 0.786715



186

Table H.6 Goodness-of-fit test on residuals of log-transformed computation time
for large-size instances

Chi-Square Test

Lower Limit Upper Limit Observed

Frequency

Expected

Frequency

Chi-Square

at or below -0.21263 6 5.14 0.14

-0.21263 -0.11272 5 5.14 0

-0.11272 -0.03585 5 5.14 0

-0.03585 0.035854 4 5.14 0.25

0.035854 0.112722 4 5.14 0.25

0.112722 0.212632 6 5.14 0.14

above 0.212632 6 5.14 0.14

Chi-square = 0.944556 with 4 d.f.; p-value = 0.918083

Table H.7 ANOVA on log-transformed computation time for small-size instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean Square F-Ratio P-Value

Main Effect:
Heuristics__________

0.88 1484 2 0.440742 15.77 0.0001

BlockEffect:
Test Problems

65.8785 11 5.98896 214.25 0.0000

Residual 0.614973 22 0.0279533

Total (Corrected) 67.3 75 35

All F-ratios are based on the resiaual mean square error.
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Table H.8 ANOVA on log-transformed computation time for medium-size
instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean Square F-Ratio P-Value

Main Effect:
Heuristics__________

1.80597 2 0.902983 24.14 0.0000

Block Effect:
Test Problems

20.3227 11 1.84752 49.38 0.0000

Residual 0.823062 22 0.0374119

Total (Corrected) 22.9517 35

All F-ratios are based on the residual mean square error.

Table H.9 ANOVA on log-transformed computation time for large-size instances

Source of Variation Sum of

Squares

Degree of

Freedom

Mean Square F-Ratio P-Value

Main Effect:
Heuristics_________

3.78968 2 1.89484 30.02 0.0000

BlockEffect:
Test Problems

41.0348 11 3.73043 59.11 0.0000

Residual 1.38845 22 0.063 1113

Total (Corrected) 46.2 129 35

Aill-ratios are based on the residual mean square error
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APPENDIX I: EXPERIMENTAL RESULTS ON INDEPENDENT AND
INTERDEPENDENT OPERATIONS AMONG DISTRIBUTION CENTERS

Table 1.1 Experimental results for small-size instances

Test
Problems

Independent Operations
Amoup Distribution Centers

Interdependent Operations
Amonp Distribution Centers

Period 1 Period 2 Cumulative
Cost

Period 1 Period 2 Cumulative
Cost

1 1253.49 1124.34 2377.83 1207.16 1083.29 2290.45
2 1702.12 1582.67 3284.79 1514.94 1436.45 2951.40
3 1400.41 1369.47 2769.88 1339.36 1354.33 2693.69
4 2851.31 2602.16 5453.47 2776.32 2554.95 5331.27
5 2460.66 2252.58 4713.24 2460.66 2252.58 4713.24
6 3607.22 3557.28 7164.51 3511.88 3386.70 6898.58
7 1615.19 1717.71 3332.90 1560.23 1622.27 3182.49
8 2081.19 2781.32 4862.51 2022.50 2835.40 4857.90
9 2243.86 2012.23 4256.09 2050.45 1959.04 4009.49
10 1936.23 1862.34 3798.57 1838.87 1859.41 3698.28
11 3032.50 2932.44 5964.94 2903.04 2852.87 5755.91
12 2787.18 2764.77 5551.95 2765.64 2703.75 5469.39

Average 2247.61 2213.28 4460.89 2162.59 2158.42 4321.01

Table 1.2 Experimental results for medium-size instances

Test
Problems

Independent Operations
Among Distribution Centers

Interdependent Operations
Amonp Distribution Centers

Period 1 Period 2 Cumulative
Cost

Period 1 Period 2 Cumulative
Cost

13 2498.09 2504.28 5002.37 2341.80 2389.69 4731.50
14 2608.76 2421.13 5029.89 2574.30 2290.34 4864.63
15 2978.48 2938.43 5916.91 2922.11 2867.46 5789.57
16 3671.21 3613.88 7285.09 3652.52 3580.29 7232.80
17 4691.21 4504.21 9195.43 4625.07 4540.04 9165.11
18 5506.37 5348.16 10854.53 5543.90 5175.45 10719.35
19 2446.03 2537.92 4983.96 2313.71 2419.28 4732.99
20 3056.12 2679.10 5735.22 3133.50 2687.50 5820.99
21 3539.14 3247.22 6786.36 3410.52 3254.50 6665.03
22 3735.52 3345.98 7081.50 3689.05 3290.37 6979.42
23 3823.82 3201.86 7025.68 3694.57 3200.20 6894.77
24 3813.18 3466.21 7279.39 3776.04 3430.63 7206.68

Average 3530.66 3317.36 6848.03 3473.09 3260.48 6733.57
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Table 1.3 Experimental results for large-size instances

Test
Problems

Independent Operations
Amon? Distribution Centers

Interdependent Operations
Amony Distribution Centers

Period 1 Period 2 Cumulative
Cost

Period 1 Period 2 Cumulative
Cost

25 3353.76 4967.99 8321.75 3318.44 3120.71 6439.15
26 2078.37 1885.11 3963.47 2079.99 1977.00 4056.99
27 4437.79 4372.40 8810.19 4509.35 4323.23 8832.58
28 7644.24 8909.59 16553.84 7506.36 7158.75 14665.11
29 7279.80 10377.60 17657.40 7067.28 6489.30 13556.58
30 8465.66 8125.66 16591.33 8396.09 8124.33 16520.42
31 4133.63 3769.70 7903.34 3926.67 3830.59 7757.26
32 3393.71 3135.52 6529.23 3398.29 2869.58 6267.87
33 5870.63 9313.16 15183.79 6074.85 5619.12 11693.97
34 6530.78 6369.45 12900.24 6571.99 6105.25 12677.24
35 6591.03 6334.33 12925.36 6144.10 5874.27 12018.37
36 6813.44 6378.75 13192.18 6587.37 6539.84 13127.21

Average 5549.40 6161.61 11711.01 5465.07 5169.33 10634.40
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APPENDIX J: BOX-AND-WHISKER PLOTS AND TWO-SAMPLE
COMPARISON ANALYSIS

Box-and-Whisker Plot for Small-Size Problems
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Figure J. 1 Box-and-whisker plot for small-size instances

Box-and-Whisker Plot for Medium-Size Problems
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Figure J.2 Box-and-whisker plot for medium-size instances
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Box-and-Whisker Plot for Large-Size Problems
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Figure J.3 Box-and-whisker plot for large-size instances
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Table J. 1 Comparison analysis for small-size instances

Summary Statistics of Difference in Costs

Count= 12

Average = 139.883

Variance = 10859.9

Standard Deviation 104.211

Minimum = 0.0

Maximum = 333.39

Range = 333.39

Standard Skewness 0.671281

Standard Kurtosis -0.431275

95.0% Confidence Intervals

95.0% confidence interval for mean: 139.883 ± 66.2126 [73.6699,206.095]

95.0% confidence interval for standard deviation: [73.8225,176.937]

Paired t-Test

Null hypothesis: mean 0.0

Alternative: not equal

Computed t statistic = 4.64987

P-Value = 0.000705232

Reject the null hypothesis for alpha = 0.05.

Sign Test

Null hypothesis: median = 0.0

Alternative: not equal

Number of values below hypothesized median: 0

Number of values above hypothesized median: 11

Large sample test statistic = 3.01511 (continuity correction applied)

P-Value 0.00256896

Reject the null hypothesis for alpha = 0.05.
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Table J.2 Comparison analysis for medium-size instances

Summary Statistics of Difference in Costs

Count = 12

Average = 114.458

Variance = 9047.8

Standard Deviation = 95.1199

Minimum = -85.77

Maximum = 270.87

Range 356.64

Standard Skewness -0.43 3874

Standard Kurtosis =0.725196

95.0% Confidence Intervals

95.0% confidence interval for mean: 114.458 ± 60.4364 = [54.0211,174.894]

95.0% confidence interval for standard deviation: [67.3825,161.5021

Paired t-Test

Null hypothesis: mean = 0.0

Alternative: not equal

Computed t statistic = 4.16834

P-Value = 0.0015671

Reject the null hypothesis for alpha = 0.05.

Sign Test

Null hypothesis: median = 0.0

Alternative: not equal

Number of values below hypothesized median: 1

Number of values above hypothesized median: 11

Large sample test statistic = 2.59808 (continuity correction applied)

P-Value = 0.00937481

Reject the null hypothesis for alpha 0.05.
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Table J.3 Comparison analysis for large-size instances

Summary Statistics of Difference in Costs

Count 12

Average 1076.61

Variance = 2.10713E6

Standard deviation = 1451.59

Minimum -93.52

Maximum = 4100.82

Range = 4194.34

Standard Skewness = 1.80648

Standard Kurtosis = 0.29858

95.0% Confidence Intervals

95.0% confidence interval for mean: 1076.61 ± 922.301 = [154.3 13,1998.921

95.0% confidence interval for standard deviation: [1028.3,2464.63]

Paired t-Test

Null hypothesis: mean 0.0

Alternative: not equal

Computed t statistic 2.56924

P-Value 0.0260857

Reject the null hypothesis for alpha = 0.05.

Sign Test

Null hypothesis: median 0.0

Alternative: not equal

Number of values below hypothesized median: 2

Number of values above hypothesized median: 10

Large sample test statistic = 2.02073 (continuity correction applied)

P-Value 0.0433079

Reject the null hypothesis for alpha 0.05.




