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Abstract

This thesis considers the traveling salesman problem incorporating order delivery.
There is a set of nodes to be visited and each node belongs to a specific group. The
completion time of a group is the moment when all nodes belonging to it have been
visited. The problem is to determine a visitation sequence of the nodes such that the
weighted sum of completion times over, all groups is minimized. We present a binary
linear programming modelito formulate the studied problem and then develop an O(n?2")
dynamic programming. algorithm for determining optimal solutions. To produce
approximate solutions within an acceptable time; we design-a tabu search algorithm, an
iterated local search algorithm-and a genetic algorithm. Computational experiments are
conducted to study the performance of the proposed model and algorithms. Numerical
statistics suggest that the binary linear program.can reach optimal“solutions faster than
the existing model, and the iterated local search algorithm outperforms other approaches
when the number of nodes increases,

Keywords: Traveling salesman problem, order delivery, weighted completion time,

dynamic programming, approximate solution
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Chapter 1 Introduction

This thesis considers a variant of the traveling salesman problem by incorporating
order delivery into the problem setting. In classical scheduling problems, the identities
in the objective functions are jobs, which may consist of several tasks or operations.
The concept of order delivery lies in the fact that many applications define the objective
functions in terms of higher-level entities through aggregation. In the scheduling
problem addressed in this thesis, jobs belonging to the same order or group will be
delivered as a single batch, and the objective function considers order completion times
instead of job completion times. The completion. of san order is determined by the
completion of the last job of that order. A set of jobs-are grouped, in a disjoint sense, as
different orders in .a single-machine scheduling environment. There exists a
sequence-dependent setup time between any' two consecutive jobs, and job processing
times are negligible, The objective Is to determirie a job processing sequence so as to

minimize the weighted sum of completion.times over all groups.

The problem setting originates.from.a.simplified model of the satellite imaging
problem, although applications.in many: other-areas are possible.:Several requests/orders
of various numbers;of photographs need to be fulfilled via satellite imaging operations.
Each order may consist;of several photos; and is: associated with a weight that
characterizes the importance or the ‘degree of urgency. The satellite should adjust the
imaging angle of the camera for the next photo shooting upon the completion of the
current photo shooting. Such alternation of camera lens requires great accuracy with
technical concerns, and takes a much longer processing time compared with the photo
shooting time. Therefore, various setup times are indispensable between any two
consecutive imaging operations, while the shooting time may be ignored. For example,
the Ministries of Defense, Agriculture, and Energy may place orders which demand
various numbers of photos. The objective is to accomplish all requests according to a

photo shooting schedule which minimizes the weighted sum of completion times over



all orders.

This model may be adopted by some other applications under different scenarios,
such as in vehicle routing problems (VRP). The customers to be served may actually
belong to different companies, and the service provided to a company is fulfilled only
when all the subsidiary sites of that company are served. In addition, such concept
involving change-over setup costs with batch delivery may also be applied as a variation
of the traveling salesman problem. If the constraint of the order delivery is removed, the
studied problem is equivalent to the classical deliveryman problem or the minimum
latency problem, which determines the visitation sequence of nodes with the objective
of minimizing the sum of completion times of nodes on the network. Nevertheless, the
incorporation of order.delivery is essential to certain practical applications. For example,
an order may make sense to a customer.only. when all, of the components are
accomplished; or some orders may-have much higher degree of urgency than the rest of
the orders do. Some other transportation problems, such.as VRP, may also incorporate
with the concept of order delivery in order-to capture and interpret complicated
down-to-earth'problems in real life.

In this thesis, we denote the studied by the TSP-WOCT (Weighted Order
Completion Times). The TSP-WOCT conjoins the classical deliveryman problem with
batch delivery scheduling on single machine to compose a new model. The deliveryman
problem is similar to the well-knewn traveling-salesperson problem with differences in
the objective functions. The total delay over all nodes is deliberated in the deliveryman
problems while the TSP considers only the total length. The TSP is studied from an
aspect of internal efficiency and the deliveryman problem focused instead on customer
satisfaction. It is interesting that deliveryman problem has been studied under different
titles, such as “the traveling repairman problem” (Afrati et al., 1986; Garcia et al., 2002)
and “deliveryman problem” (Minieka, 1989; Fischetti et al., 1993). Some recent
researches about the minimum latency problems actually cope with the same problems
(Blum et al., 1994; Wu 2000). Such minimum latency problems are also proven to be
NP-hard, and the polynomial time algorithms can only be applied for some specific

graphs, such as paths (Afrati et al., 1986, Garcia et al., 2002), edge-unweighted trees
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(Minieka, 1989), tree of diameter 3 (Blum et al., 1994). Wu et al. (2004) proposed an
exact algorithm by applying a dynamic programming algorithm along with branch and
bound technique for the small-scale problems. In addition, some researches developed
approximation algorithms for the minimum latency problems (Archer and Williamson,

2003; Goemans and Kleinberg, 1998).

In single machine scheduling with batch delivery, a set of jobs are to be scheduled
and the jobs may be grouped as batches, and a batch contains contiguously scheduled
jobs. All jobs in the same batch are delivered to the customer as a whole upon the
completion of the last job in the batch. Cheng and Kahbacher (1993) first considered the
problem with the objective to 'minimize the sum of.the total weighted batch delivery
time. They also propased another objective of minimizing the total weighted earliness
and a batch delivery penalty depending on the number ‘of batches. The general version
of the proposed problem was demonstratedto be ordinary NP-hard in the same article.
For the sameproblem, Cheng et al. (1996) later proved that.it is strongly NP-hard. They
also proposed: palynomial algorithms for.special cases with equal: processing times or
equally weighted batches. Although'a.dynamic programming algerithm was applied by
Cheng and Gordon (1994) to'solverthergeneral version of the'single machine with batch
delivery scheduling problem, Cheng et al. (1996) further clarified that this problem can
be formulated as “a .classical parallel machine scheduling problem. Therefore, the
exact/approximate algorithms and complexity analyses for the corresponding parallel
machine scheduling problem can be easily extended to the problem. Cheng et al. (1997)
proposed another objective function to the batch delivery scheduling problem by
minimizing the total weighted earliness and mean batch delivery time. They proved the
strong NP-hardness of the problem and provided polynomial algorithms for some
special cases. Yang (2000) studied the single machine scheduling problems with
generalized batch delivery dates and earliness penalties, which is proven to be strongly
NP-hard. He also suggested a polynomial time solvable case, even for general earliness
penalty function, when all processing times are equal. An exact algorithm for such case,

while weighted earliness functions being considered, was provided by Yang in the same
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article. Recently, Ji et al. (2007) considered a scheduling problem with batch delivery
property, that is, jobs are delivered in batches and the delivery date of a batch
determined by the completion time of the last job in the batch. The objective is to
minimize the sum of the total weighted flow time and delivery cost. They proved the
problem to be strongly NP-hard and applied a dynamic programming algorithm that
runs in pseudo-polynomial time for the cases with bounded numbers of batches. They

also proposed optimal algorithms for two special cases.

The rest of this thesis is organized as follows. In Chapter 2, we formally define the
studied scheduling problem. A binary integer programming model will be presented to
describe the problem. In Chapter 3, an exact algorithm is developed by the dynamic
programming approach. A special case is also studied. In*Chapter 4, we design a tabu
search algorithm, an iterated local search algorithm and a genetic algorithm to produce
approximate solutions within an acceptable period ‘of, time. In Chapter 5, a series of
computational.experiments are conducted to.scrutinize the performance of the proposed
algorithms. ;Finally,” 'some conclusions:and suggestions for further research are

addressed in Chapter 6.



Chapter 2 Problem Formulation and Mathematical Model

In this chapter, we present formal statements of the scheduling problem. An
binary integer programming model is also proposed to given a mathematical

formulation.

Formerly, the TSP_WOCT can be described from the perspectives of scheduling

theory as follows. There are K orders 8= {0O,,0,...,0, } to process on a single-machine.

Each order Oy, 1<k <K consists of ng jobs and has a non-negative weight wy. Let
n+n+--+n, =n andin =) 0 ={J,,J,,....J, |~ defiote the set of all jobs from the

K orders. The processing time ofgany job-of .N is negligible. However, there is a
non-negative sequence-dependent setup time dj i1f job J; immediately follows job J;,
regardless of.which orders-they belong to. Ansinitial job Jo Is-given to specify the
machine status for ‘defining the setup required by the job scheduled first. Given a
processing sequence of all jobs, the completion time Cy of order O'is the moment when

its last job isifinished. The objective.is.to.minimize the weighted completion times

> ¢ w0, overallorders.

Example: There are five jobs Ji, J2, J3, J4, Js belonging to two orders O; and O, such
that O; = {J1, Jo, J3} and O, = {J4, Js}. Order weights are w; = 8 and w, = 5. The

sequence-dependent setups are given in the following table.

di | h L J X s
b | 3 5 2 3 4
L lo 3 8 6 2
J |10 0o 4 2 12
3 | 7 6 0 8 5
1 4 7 0 7
s |13 5 11 4 0




J,J,J. . The completion times of the jobs are

47375

Consider the processing sequence S =J,J

1

5, 15, 21, 28 and 33, respectively. The completion times of order O; and order O, are

subsequently C; = 28 and C, = 33, respectively. Thus, the weighted completion time is

8x28+5x33=389.

In Fischetti et al. (1993), an integer programming formulation was proposed for

the latency TSP. In their model, integer variable x; is used to indicate the status of the
arc from city i to city j. If x;; = 0 then arc (i, j) is not used. If x;; = n—k+1, then it is in

the k-th position on the Hamiltonian tour. There are O(n®) integer variables and O(n?)

constraints. The model is shown below:

IP_Latency TSP

Minimize anzn:dijxij

i=1 j=l
Subject to
-1, 1<i<n; (1)
j=1
Zyijzl, 1< jsn; (2)
i=1
yije{oll}! 1S|aJSn1 (3)

2% =1, (4)

C C 1-n (k=1

Zl: Xic ‘Z; g = {1 ((2§k)£n) ()
i= j=

X; 20, 1<i,j<n; (6)
X ST Yy 1<i,j<n; (7)



1, ifj=1;
Where F; =3 n, ifi=1
n-1 otherwise.

The program IP_Latency_ TSP has been widely adopted in the literature for related
researches on TSP-related problems because it provides theoretical structures that
facilitate the development of approximation algorithms and lower bounds. In this thesis,
we consider another alternative for formulating the latency problem because knowing
the position of an arc (i, j) in a Hamiltonian cycle does not provide sufficient

information to calculate the contribution.arc (i, j) makes to the objective function.

In the new formulation, we use binary variable xj, 1<i= j<n,2<l<n, to

indicate whether arc (i, J) from job.Jito J; is the |-th edgesin the TSP sequence and

variable ug;, 1=.j<n, indicates whether job J; is scheduled first or not. Let auxiliary

variable t; denote the completion time of job.J;.

BIP_Latency TSP

MinimizeiZ = Zn“znlzn:[xm x(n=1 +1)xc;]

i=1, j=1 1=
Subject to
n
ZXOjl =1, (8)
j=1
n n
D %y =1, 1<l<n; ©)
i=1 j-1
n n
3 x, =1, 1<i<n. (10)
j=1 1=1
n n
Xy =1, 1<j<n; (11)
i=1 I=1
n n
;xijl =Z_1:in(|+1>, 1<l<n-1, 1<j<n; (12)



x; €{0,1}, 1<i, j,I<n; (13)
The binary integer program BIP_Latency TSP (8-13) does not explicitly embed
the contribution of each arc in the decision variable xi;. Therefore, the actual

contribution is implicitly calculated in the objective function by multiplying n—j+1.

Constraints (12) indicate each job J; is the start node of the I-th arc if and only if it is
the end node of the (I+1)th arc. No arc and no job will be ignored by constraints (8-11).

In our formulation, O(n®) decision variables and O(n?) constraints are involved.

With the new binary integer program, we can accordingly design a binary integer
program in the following. Auxiliary variables tjare used to specify the completion time

of job Jj and Cy the completion time of order Ok.

Problem TSP-WOCT

K
Minimize“Z = > w,C,

k=1

Subject to

n.‘n

2% =1 0<l<h; (14)
i=0 j=0
n

Xijl=1, 0<i=j<n; (15)
1=0
n n

Xijl = in(l+1) ) 1S|Sn_21 1< an’ (16)
i=1 i=1
n n

X =4, 0<i<n; (17)

j=0 1=0
n n
i=0 1=0
n

%oio =1, (19)
j=1
n

XiOn :1, (20)



n n |
tj+(1_zxijl)M zzzzxuwdw, 0<I<n-1 1<j<n; (21)

C >t J, €0,; (22)
t; >0, 1< j<n; (23)
C, >0, 1<k <K; (24)
x; €{0,1}, 1<i,j<nl<I<n-1; (25)

In the above formulation, constraint set (14) specifies that each position can
accommodate exactly one edge, and constraint sets(15) on the other hand restricts each
edge to be assigned to.at most one position. In constraints (16), if node J; is the end
point of the I-th edge of the schedule, then it must be the start node of the (I+1)-th edge.
Constraints (17) and (18) are given to ensure eachnade will be the start node of some
arc and the end node.of anther arc exactly once. Constraints (19)“and (20) are defined
the initial state and the final state. Constraint set (21) confines the completion time of
job J;. If it is scheduled as the end.node’ of the I-th edge, then its.completion time is no
less than the sum of travel distancepassing throughrits predecessors. Constrain set (22)
defines the completion times of all orders. The remaining constraints dictate the
characteristics of the.decision and auxiliary variables. This program also uses O(n®)

decision variables and O(n?) constraints:



Chapter 3 Dynamic Programming and Special Case

In this chapter, we discuss a special case that can be solved in polynomial time.
For the general NP-hard problem, a dynamic programming algorithm will be developed

for producing optimal solutions.

The TSP-WOCT is similar to the deliveryman problem and the minimum latency
problem, which are known to be NP-hard. It is very likely to require a long computing
time for producing optimal solutions. Still, we seek to find a systematic way to the
generation of optimal schedules. In this thesis, wesadopt the dynamic programming
approach, which is. one of the most widely adopted implicit enumerative methods.
Following the standard design technique, Wu (2004) designed a dynamic programming
algorithm for the minimum-latency problem. However,.the completion times of interest
in the TSP-WOCT is calculated over orders. As the two problems demonstrate many
similar features, we adapt the existing dynamic programiming algorithm to develop an
exact solutionsmethod for the TSP-WOCT. The dynamic programming algorithm is

described in the following. Notation used in the algorithm is defined first.

Notation

® N c N: asubset of scheduled jobs;

® H n+, - the set of all sequences of jobs of N” with job J; e N scheduled last;

[ S(N',Jj): a particular sequence in HN.YJJ_ ;

® L (S(N',J))): length of sequence S(N',J;).

® 9(N)): the subset of orders that are already completed in N;

® C,(S(N,J))): the completion time of order Oxin S(N',J;) for O, €9(N');

® For each partial sequence S(N, J;), define its contribution to the objective

function by
10



W(ESINLI )= D WC(SIN,IN+LS(N I Nx D w,.

0,0(N') 0,€0\0(N')

The first part is the cost already incurred, and the second part is due to the cost that

the partial sequence will make to the unfinished orders.

s, =J,,3,J, S, =J3,3,3,3,3. W(S,)=W(S)+dsx > w,

0,€0\0(N')

S,=3,33,J; S, =3,353,3,3; W(S,)=W(S,) +dsx > w,

0,€0\0(N)

As the table shows, if we know that W(S;) =W(S;), we can also confirm that

W(S1)=W(S;). So we cai say that S, can be elimidated by S. It is because when we

add the job to the partial sequence every recursion. The extra contribution to the
objective function of the new-jobs only depends on the last job of original partial
sequence. For'S;and S,, we'say that they have the same configuration (N, J;). For each

possible configuration, we only need to keep one partial sequence. For example, for

N ={J,,J,,J;: 33 Ja}, it has five configurations S(N,2),S(N 2),S(N,3:S(N',4),S(N',5)

With the above: notation, we can then'design a dynamic programming algorithm.

For each subset N andjob J; e N', define function
f(N,J;)= Ml W (s(N'3))}.

The value of f(N‘,Jj) can be computed by a recursive formulation if we know the
values f(N'\{3},9,) for all jobs J,eN\{J;}. The dynamic programming

algorithm and figure is given as follows:

DP_WOCT:

Initial conditions:

11



oo, otherwise.

f(N-,Jj)z{O’ TN = {3y} and =0

Recursion:

f(N',J.)= min

]

Goal:

JGN\{J}{f (NI\{Ji}"]i)+dijx Z Wk}.

0,€60\6(N')

Determine min, { f (N,Jj)}.

Figure 1: Recursion

G 10(n) !

The number of possible
last vertex visited is n

Figure 2: Complexity of the DP

12

— f(N\{3,},3,)+d,,x D w,

0, €0\0(N)

\{J.3,3,)+dy x D w,

0,E€6\0(N)

4)"‘d41>< Z W,

0, €0\0(N)

-dg, x Z W,

0,€0\0(N)



Regardless of whether job J; finishes its order when it is appended to the sequence

of f(N\{J;},Ji), an extra cost of disz w, is introduced to the remaining

0,e0\9(N') K
unfinished orders. With the initial condition f({Jo},Jo) = 0, we want to find

min, _ {f (N,Jj)} . As the figure2 shows that there are O(n2") entries, each of which
can be computed in O(n) time if Z w, foreach N < N is known in advance.

0,e0\9(N') K

Therefore, the overall computing time is O(n?2").

While the general version of the studied problem is NP-hard, we consider a
restricted case where the, setup.time for each job,J;, 1<j<n, is independent of its

predecessor, i.e. dij,= dj. Denote this case by TSP-WOCT g, -4 . In this case, we can

treat the setup time for-each job-as its processing time. as in classical scheduling theory.

Lemma 1: Inan optimal schedule of TSP-WOCTq, -4, except:for the job processed

first, jobs belonging to the same orderaresscheduled consecutively:

Proof: The validity can be established by the standard job-interchange argument.

Let P = Z d; . the total processing length of order O, . By assigning a specific

J;€0,

job Jj to the first position, all the remaining jobs of N -{J,} can be scheduled order

by order. Therefore, each order can be considered as a composite job and the following

property follows.

Lemma 2: There is an optimal schedule of TSP-WOCT g, - 4, that schedules the orders

by the WSPT (weighted shortest processing time) rule, i.e. the orders are sequenced by

: W,
non-increasing —~.
Pk

13



Theorem 1: The TSP-WOCT{, =4, problem can be solved in O(n log n) time.

PROOF: The time complexity is dominated by the sorting stage, which takes O(n log n)

time.

14



Chapter 4 Approximate Solutions

As the TSP-WOCT is NP-hard, when the problem size increases, the required run
time will grow exceedingly fast for producing optimal solutions. Although a dynamic
programming algorithm was developed in the previous chapter, it is impractical for
implementation because the required memory and computing time are not affordable
when the problem size is large. In this chapter we consider several approximation
methods that can produce quality solutions in a reasonable time. The approximation

algorithms include local search;tabu search, genetic algorithm and iterated local search.

4.1 Local Search

We design the first approximation method H1-LS' based. on local search with
2-Opt. The original concept-is to first randomly construct an initial solution S,
followed by swapping two edges in every iteration in order to reach a better solution. If
the new solution S; has a better objective value, the local search approach retains this
solution S;, and the same process.will_proceed.to.the next solution S; based on solution
S;. If solution S; does not have an objective value better than Sy, this solution is
discarded. The process iterates until no more improvement through swapping is possible.
In order to get better solutions to-the problem, we modify some steps as follows. We
construct an initial solution by a greedy'method,; that is, the algorithm selects some node
as the first one, and successively determines the next node, from among the
unscheduled jobs, with the minimum setup time until all nodes are scheduled. Having
the initial solution, the algorithm starts the local search phase. The search process will
terminate after all feasible pairs of edges have been examined. When the local search
stops, the algorithm decides another initial job and constructs another initial solution
again. Following that, the process begins local search by 2-Opt again until all feasible

initial solutions have been examined.

15



Algorithm H1-LS:

Set incumbent value z = oo.
For j = 1 to n do the following three steps
Stepl: Designate job Jj to be scheduled first.
Step2: Construct initial solution Sy by the greedy method. Set z = Z(Sy).
Step3: For each feasible pair of edges in Sp
3.1: Swap the two edges and generate new solution S;.
3.2: If Z(S;) < zthen Sp=S; and z = Z(S,).

The second heuristic method H2-LS is similar to H1-LS. It is also based on local
search, but utilizes 2-Exchange as.the swappingsstrategy. This approach swaps the
sequence of two nodes in each improvement iteration: *Except this alteration, other
procedure details‘are identical to H1. Bath 2-Opt'and 2-Exchange have been commonly
applied to the"TSP. We [design heuristic H1-LS and H2-LS not only to study their
effectivenesssbut will also deploy the two approaches in_the design of tabu search to

define the neighborhood structures.

4.2 Tabu Search

Tabu Search_approach was first proposed by Glover (1989) and has been used to
solve numerous combinatorial optimization problems.The:principle of tabu search is to
impose some restrictions:solas to guide-a search process to cover a wide domain of
possible solutions and avoid being trapped by local optimum. In the search process, it
usually starts from a selected initial solution Sp and generate a set of neighbors {S’} by a
heuristic swapping. The objective value is evaluated for each S’ and the best neighbor
becomes a new current solution. The next iteration will be triggered based on the
current solution. These procedures are repeated until certain stopping conditions are
satisfied. Moreover, a “tabu list”, the essence in tabu search, is generated in order to
avoid cycling in the search process. A tabu list contains solutions that have been
considered as a “current solution” in the recent past. The size of a tabu list is defined

according to some experience rules. For different designs for different problems,

16



specific details need to be specified. The following is the components of our tabu search

algorithm.
Initial solution
The initial solution is constructed by a greedy method, same as that used by

H1-LS and H2-LS.

Neighborhood structure

In this thesis, we respectively adopt two types of swaps, 2-Opt and 2-Exchange.
We can generate a set of neighbors by the swapping operations. However, even though
the probability of finding the global optimum 1" larger as the number of neighbors
increases, the run‘time nevertheless also increases. Therefore, we determine the number
of neighbors by computational experience to compromise between the search quality

and the execution time.

Select the best.neighborhood solutien and the tabu list

In the search. proceSs, aset of neighbors.is generated for iteration. First, we
compute the objective function for each neighbor and record it in the memory. Second,
we sort these objective values -in non-decreasing ‘order." Then we can find the best
neighborhood solution easily. Moreover, we should‘check the tabu list in order to bypass
local optima. If the best neighborhood solution is already in the tabu list, we will choose
the next one. Finally, the selected neighborhood solution should be recorded in the tabu

list.

The size of the tabu list can be fixed or variable. In general, the size is set to be
seven by experience and we adopt the size in our implementation. When the tabu list is
full and a new solution is encountered, the earliest solution recorded in the tabu list will
be deleted and the next new solution will be appended to the list. Therefore, the tabu list

Is maintained by a queue with the first-in-first-out mechanism.

17



Aspiration criterion

The aspiration criterion is important for helping a tabu search method probe the
solution space to locate better solutions. It is used to determine when the tabu restriction
can be overridden. Our search procedure utilizes the standard form of aspiration
criterion, called “global aspiration”, in which the search process overrides the restriction

of the tabu list when a new solution encountered is better than the current one.

Local search

Since the tabu search approach uses a random search method, its performance
may exhibit fluctuation.” Therefore, we add a deterministic method to keep its
performance more censistent. When it reaches a solution that is better than the current
best solution, the local search method is invoked. This step cah guarantee the solution

we find by tabu:search is the-best selution in its localineighborhoed area.

Stopping criterion

We adopt a simple stopping criterion. The search process:is terminated after a
certain number of Iterations. The number-of -iterations is‘determined by preliminary

experiments. We will introduce the details in the next chapter;

4.3 Genetic Algorithm

In the early 1970s, John Holland introduced the concept of genetic algorithms
borrowing the principle of evolution from the nature. The result of such a simulation is a
series of optimization algorithms, usually based on a simple set of rules. Optimization
iteratively improves the quality of solutions until an optimal, or at least feasible,
solution is found. Some merits of GA are that it can be implementing easily, search the

solution globally, and adapt to the changing conditions in the problem.

Despite of these advantages, since GA does not use unequivocal rules of how to

search for the solutions, it is often slower than conventional methods such as heuristic
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methods or local search methods. For this reason, we can adapt hybrid methods that
combine GA with other conventional techniques. In this thesis, we adapt a method that
combines GA and Local Search method [9]. The Local Search method used to be the
mutation operator of GA; but the local search methods easily let the solutions falls into
local optimum. To avoid the situation occupied, the crossover operator provides the
capability of jumping out form the local optimum. The algorithm consists of the

following steps.

Initialization

Generate a population ‘of chromosomes and calculate the fitness of each

chromosome. The size of population is denoted by M.

Natural Selection

Set the.  crossover probability P.. Within each generation, M*(1 — P.%)
chromosomes_ are selected to stay «in “the new population  without crossover.
Chromosome selection is based.en their fitness values. The others/that are not selected

are going to produce the offspring which can be added to the new population.

Reproduction

Choose M*P:% chromosomes ‘randomly and produce an offspring from each pair

of individuals.

Mutation by local search

Set the mutation probability Py,. Then choose M*P% chromosomes randomly
and improve them by 2-Opt. The individuals that stay in the new population by natural
selection are always chosen. This can help the search process find the optimum more

quickly.
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The followings describe the detail of each of the above steps.

Initialization

Chromosome coding and representation are the most crucial to the design of
genetic algorithms. Clear represent the problem solution in chromosomes and
easy-to-compute definition of fitness functions are not trivial to achieve. Because
the studied problem is a variant of the TSP, we adapt the sequence representation

to encode the chromosome. Examples are given in the following.

1 3 2 4 6 5 7

After the chromosome coding, we need to generate the initial population:
Initial population :
For greédy method
— [Pick up the initial-nodes ofieachsolution randomly
— __Construct an initial solution by greedy fashion
—  Generate M .chromosomes
To avoid the solution fall into local optimum too early, we generate the half
of initial population randomly.
Natural Selection
Each generation.we should pick up-M*(1-P.%) chromosomes to stay in
the new population without crossover. The chance of survival is defined by the
fitness value. It can avoid dropping the chromosome which is better than other
ones. We first sort the individuals in fitness value order and then compare the
fitness values and pick up the first M*(1-P.%) chromosomes. Each selected

chromosome is improved by the mutation operator.

Crossover in Reproduction
When we apply the local search to a solution, it often falls into a local
optimum. It this needs some method to jump out from the local optimum. Let’s

consider the two chromosomes which have fallen into local optimum. Each of
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them may have some best genes for different parts of the chromosome. It is
possible to get a better chromosome if we combine the two chromosomes which
have fallen into local optimum. Beside it may get better chromosome, the search
process also can have the capacity jumping out the local optimum. Although we
can not sure which parts of chromosome is good, we can expect the solution to

be located in the valley of the global optimum.

We propose a new crossover operator named “head-tail crossover (HTC)”.
By using the HTC, we can not only keep some sub-gene of the origin
chromosomes but also4jump out fromythe local optimum. In the HTC, for
example, the chromosome of parents are ga= (1,3,.2, 4,6, 5,7),0,=(2, 7,5, 4, 3,

1, 6). The process of crossover.is shown insFig.2 and algorithm as following.

Firstly, we pick up the gene from g.In position 0; and then add the selected
geneto new, chromosome from head to tail. On the other hand, we pick up the
gene form g, in position 6, and then add the selected geneito new chromosome
from tail to head. If the selected gene which have add into'the new chromosome,
discard the selection and pick up:next. gene from its, process. This kind of
construction skill can not only avoid to get a infeasible solution but also remain

the partial structure of the parents.

Algorithm: head-tail crossover
Chromosomes of parents g, = (ao, ai, az, ..., an-1), 9o = (bo, b1, b2, ..., bp.1), the
offspring chromosome g. = (Co, C1, C, ..., Cn-1).

Procedure crossover (ga, b Jc)
begin
a_index=20
b_index = n-1
c_head =0
c_tail =n-1
round =0
While round less than n
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begin
if (round mod 2) = 0 then
while ag_index does not have placed on g
a_index++
Cc_head = a-a_index
a_index++
c_head++
else
while by_index doesn’t have placed on g
b_index--
Cc_tail zbb_index
b_index--
c_tail--
round++
end

Mutation by Local Search

experiments.

The 2opt we have-introduced in the local search and-tabu search. In the GA,
we still need to use the local search.to-sure the solution is the best of its local
area._In genera, GA use the crossover operator to keep the good parts of the
parents that search process.can find the better solution; then use the Mutation
operator to try jumping ‘out the local optimum. But in the hybrid method we use,
the mutation by local search is the main idea to find local optimum. We use the
crossover toavoid the search process fall-into local optimum. Therefore, when
we define the parameter of GA, the crossover rate and the mutation rate is not

like the traditional design. We should define the parameter by the computational

4.4 lterated Local Search

Iterated local search (ILS) is a simple and powerful meta-heuristic that iteratively
applies local search to modify the current solution. The original concept is based on the
observation that local search are trapped in local optimum easily. To resolve this problem,
there are two major mechanisms in ILS, i.e. perturbation and acceptance criterion.

Instead of restarting the local search from a random initial solution while it can’t improve
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any more, ILS moved to a neighbor solution by some random rule in the search process.
Perturbation is introduced to help local search escape from local optima and does not
always start from an independent random initial solution. The acceptance criterion is used
to determinate which solution can be kept and then generate the next solution by the
perturbation. Following is the pseudo code of an iterated local search procedure. Then

we will show the detail for all operators used for the ILS to the TSP-WOCT.

Procedure Iterated Local Search
Let S be an initial solution.
Let S” =be the solution obtained from applying local search on
So.
Repeat
S’ = Pertuifbation (S")
S2= LocalSearch (S°)
If Z(S)<Z(S*) then S'= S* and Z(S) = Z(S*") I*
Acceptance Criteria */
Until termination condition is met
End

Initial Solutien

The initial solution is canstructed by a greedy method, same.as that used above.

Local search

In general, any local search algorithm can be"used, but the chosen will affect
solution quality and computing time of the ILS algorithm. Preliminary experiments
suggest that 2-Opt is better than 2-exchange in computation, so we choose 2-opt to be
the local search algorithm. For large-scale problems, the computation time for local
search still grows fast. To resolve this difficulty, we use a modified local search strategy
to replace the original algorithm. The new strategy is called best-improvement local
search algorithm; that is, for each randomly chosen edge we examine all possibilities for
swapping and if one or more better neighbors are found, we chose from among them the

one with the greatest improvement and execute the swapping.
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Perturbation

The adoption of perturbation is important, since it should be strong enough to
allow the search process leave the local optimum and to find another better one.
Moreover, it also should be control to keep some characteristics of the current optimum.
It is not only allow the search process to run fast but also avoid the perturbation of the
current optimum is so large that the search process is similar to starting from a new,
randomly solution.

For perturbation on our problem, we consider a simple modification to change the
solution structure. It contains two swap-move and one 2-exchange. The swap-move will

swap the jobs at positions i and+i#1, where i i randomly selected.

Acceptance Criterion

For acceptance criterion, 'we_consider the traditional . choice that the ILS

applications only accept the better local optimum.
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Chapter 5 Computational Experiments

This chapter is to examine the efficiency and effectiveness of the proposed
algorithms. We designed a series of computational experiments. The algorithms were
implemented in Java and tested on a personal computer with a Pentium D 2.8GHz CPU
and 512 MB memory running Microsoft Windows XP. The test data were obtained by
randomly generating points with real coordinates on a 100x 100 square plane. The costs
(setup time between jobs) are thereby defined in the Euclidean distance (rounded to
integer).

To analyze the efficiency of our binary integer. program, we use CPLEX to
implement the twoformulations IP_Latency TSP and BIP" Latency TSP to delivery
man problem which mentioned-in' Chapter 2. For each problemsize, five instances were
executed. The'results are shown on:the Tablel. The “optimal’™ row indicates the number
of instances out of each five that were optimally solved, and the “Avg Time” row gives
the average execution time for each five instances. It is clear that the binary formulation
permits shorter execution times.than-the integer program. Although our binary program
is faster than the integer program, we do not claim-absolute superiority. As mentioned in

Chapter 2, the integer program provides good structures for other research purposes.

The second part” of jour experiments IS to .investigate the efficiency and
effectiveness of the dynamic programming algorithm and the proposed approximation
approaches. The number of the orders is a given constant and the weight of each order
w; is generated from the uniform interval [1, 10]. Each job is also randomly distributed

to the orders.

In the computational study, there are different numbers of nodes represented by n
and different numbers of orders represented by K. One hundred instances were
generated for each case, and the average of these one hundred instances was presented
as the computational result. The experiment analysis basically consists of three parts of

comparisons. The first part is the performance comparison between the dynamic
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programming algorithm and all other meta-heuristic methods. Two performance indices
are used: the elapsed run time and the relative errors (Jopt-apprx|/max{opt,apprx})
(Ausiello et al., 2005). Due to the difficulty of obtaining optimal solutions, within a
reasonable time frame, by the dynamic programming algorithm as the problem size
increase, the second and third parts only conduct the performance comparisons among
the specified meta-heuristic methods. The numerical statistics are displayed through

Tables 2 to 9.

Small-scaled problems, n = 10, 14, 18, 20, 22, or 24 and K = 3 or 5, are shown in
Table 2 and Table 3. The tables illustrate the average run time of each case by different
algorithms adopted in the research. Because the exact dynamic programming algorithm
could provide the optimal solutions within a reasonable time frame for small problems,
error ratio and hit-frequency of approximate algorithms are also depicted in the tables.
The local search methods, both H1 LS and H2 LS, tend to be easily trapped in the local
optima in thelexperiments. Consequently, the owverall hit frequencies and error ratios of
the local search approaches appear to be inferior to other methods. In addition, if we
examine the computational results.closely, we may observe the superiority of the 2-Opt
strategy for constructing neighborhood-structurestinithe local search approaches. Similar
verification could also be applied to the tabu search algorithm. Therefore, for
simplification, we ‘only adopt TS _2Opt to represent.tabu search for the rest of all the

computational analyses.

Tabu search method demonstrates the ascendancy, in hit frequency, for
small-scaled problems. Optimal solutions could be obtained for most of the test cases by
the tabu search method. On the other hand, for GA and ILS, they both exhibit high hit
frequencies with low error ratios, but they work less efficiently than the tabu search in
terms of runtime. As the number of jobs rises (n exceeds 18), the exact dynamic
programming algorithm requires a longer run time than all approximation methods. The
low error ratios are below 0.3 percent for all heuristic methods. This implies that the
number of orders does not affect the performance of these algorithms when the problem

size is small.
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Tables 4 to 6 exhibit some medium-scaled problems, as the number of nodes is
greater than twenty (n = 30, 40, 50, or 60, K = 3, 6, or 15). Because the dynamic
programming algorithm fails to produce optimal solutions within a desirable time frame,
the performances of the heuristic methods are compared with each other. The “win”
columns in the tables indicate how may times a heuristic method is able to provide the
best approximate solution. The “deviation” columns display the deviation of each
individual approximation solution away from the “best” one. Some observations, for

various n and various K, are listed as follows.

1. Different numbers of nodes, n: The numbers recorded in the “win” columns drop as
n increases for*GA and tabu search methods; oen* the contrary, ILS has the
ascendancy with n. When n = 30, tabu’ search was able to obtain the best
approximation most often, while "'GA and ILS could also provide the solution more
than 50 times with.the deviation bounded within 1%. When n= 40, ILS ascended as
the leader among all tested heuristic.methods. Such phenomenon is aggrandized as
the number of nodes increases.

2. Different'numbers of iorders, K" Therrunrtimestand deviations for all three heuristic
methods increase. with the humber of orders. Moreaver, GA provided less “best”
solutions as the number of orders increases. This implies that GA performs worse
when more orders are received. On the contrary, such performance deterioration

along with ascending K is not evident for either tabu search or ILS.

Tables 7 to 9 summarize the statistics for the large-scaled cases. We examined four
different numbers of nodes (n = 70, 80, 90, or 100), along with various numbers of
orders (K = 6, 15, or 25). It is easy to see that ILS outperforms all other meta-heuristic
methods when coping with large-scaled cases. While genetic algorithm failed to
improve the solution qualities for large scaled problems, it also required a much longer
execution time in comparison with other meta-heuristic approaches adopted in the

research. Tabu search seems to work efficiently by accomplishing one hundred jobs in
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ten seconds. However, tabu search also failed to improve the solution even if the
number of iteration is raised to 100,000 times. This fact implies that the tabu search
might not find a better neighbor solution when the problem size increases. Therefore,
compared with the tabu search approach, ILS effectively improves the solution quality

with a moderate compromise of elapsed run time.
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Chapter 6 Conclusion

In this thesis, we considered a variant of the latency TSP by including order
delivery. We first gave a binary integer programming model that is different from the
integer program known in the literature. To produce optimal solutions, a dynamic
programming algorithm was devised. The complexity is O(n?2"), which still exhibits an
exponential growth of computing time with respect to the problem size. A special case
that can be solved in polynomial time was also identified. By the complexity nature of
the problem, several approximation approachesyiincluding local search, tabu search and
genetic algorithms, were designed for producing approximate solutions in an acceptable
time. From the statistics, it is clear-that-iterated local search outperforms all other
approaches injterms. of solution!quality. The superiority becomes stronger when the
number of jobs Increases. If we consider the time elapsed for producing solutions, tabu
search dominates other approaches. Comparing different neighborhood structures, we
find that 2-OPT is better than 2-Exchange. Genetic algorithm seems to be inferior in all
settings. We need to emphasize that.the experiments.are not designed and conducteded
to claim the superiority of one method-over: others for ithe ‘studied, but to provide

preliminary investigations of the deployment of these methods.

For further research, seeking quality lower. bounds for the development of
branch-and-bound algorithms to optimally solve the TSP-WOCT can be an interesting
direction. Moreover, the existence of sharp bounds will also provide theoretical insights
into the studied problem and give underestimates of optimal objective values for
evaluating the approximation approaches. The concept of order delivery also exhibits
significant room of research for incorporating aggregation of individual entities (jobs,

nodes, elements) in numerous optimization problems.
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APPENDIX

Table 1: CPLEX implementations of IP_Latency TSP and BIP_Latency TSP.

n 8 10 12 14 16 18 20 22
integer | binary | Integer | binary | integer | binarys|linteger | binary fsinteger | binary | integer | binary | integer | binary | integer | binary
optimal 5/5 5/5 5/5 5/5 0/5 515 0/5 515 0/5 5/5 05 5/5 0/5 5/5 0/5 5/5
Avgtime | 0418 | 0.038 | 20.366 | 0.366 - 0.466 - 3.818 : 4764 - 17.95 58.294 148.872
Table 2 Small size, order=3
DP LS-2exchange LS-20pt TS-20pt TS-2exchange GA ILS
n | time | time hit error time hit error time hit error time hit error | time hit error | time hit error
10 | 0.00 0.00 | 36.0% | 3.7% 0.00 52.0% 1.7% 3.86 100.0%' | -0.0% 3.61 100.0% 0,0% | 0.02 | 99.0% | 0.0% | 0.05 | 99.0% | 0.0%
14| 0.04 0.00 | 15.0% | 5.7% 0.00 35.0% 2.3% 4.26 100.0%{--0:0% 3.88 89.0% 02% | 0.08 | 99.0% | 0.0% | 0.15| 97.0% | 0.0%
18 | 1.87 0.01 | 10.0% | 8.1% 0.01 24.0% 3. 7% 4.46 100.0% | 0.0% 4.07 65.0% 05% | 0.26 | 86.0% | 0.1% | 0.33 | 88.0% | 0.2%
20 | 12.37 | 0.02 2.0% 7.6% 0.01 10.0% 4.8% 4.65 99.0% 0.0% 427 43.0% 08% | 046 | 85.0% | 0.1% | 0.46 | 86.0% | 0.1%
22 | 76.19 | 0.01 3.0% 9.4% 0.01 13.0% 4.9% 4.94 98.0% 0.0% 4.54 32.0% 13% | 0.64 | 820% | 0.1% | 0.60 | 79.0% | 0.2%
24138691 | 0.01 | 1.0% 9.8% 0.01 0.0% 6.5% 5.02 94.0% 0.0% 4,61 17.0% 20% | 1.08 | 650% | 03% |0.85| 720% | 0.3%
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Table 3 Small size, order=5

DP LS-2exchange LS-20pt TS-20pt TS-2exchange GA ILS

n time | time error time hit error time hit error time hit error | time hit error | time hit error
10| 0.00 | 0.00 | 33.0% | 4.0% | 0.00 | 53.0% 1.5% 392 | 100.0% | 0.0% 3.67 100.0% | 0.0% | 0.02 | 99.0% | 0.0% | 0.06 | 99.0% | 0.0%
14| 0.04 |0.00| 13.0% | 56% | 0.00 | 32.0% 2.3% 437 | 100.0% | 0.0% 4.01 94.0% 0.1% | 0.10 | 98.0% | 0.0% | 0.17 | 94.0% | 0.1%
18| 186 |0.01| 2.0% | 86% | 001 | 11.0% 4.5% 472 |.400.0% || 0.0% 432 61.0% 0.6% | 035 | 87.0% | 0.1% | 0.38 | 91.0% | 0.1%
20| 12.08 [ 0.02 | 4.0% | 7.9% | 0.01 5.0% 5.2% 478 11100.0% | 0.0% 439 54.0% 05% | 0.58 | 91.0% | 0.0% | 0.56 | 86.0% | 0.2%
22 | 75.78 | 0.01 | 4.0% 5.9% 0.01 6.0% 9.3% 5.27 100.0% 0.0% 4.80 24.0% 14% | 097 | 70.0% | 0.2% | 0.74 | 77.0% | 0.3%
24 | 395.02 | 0.01 | 1.0% 9.7% 0.01 3.0% 6.2% 5.0 89.0% 0.0% 4.61 25.0% 1.6% | 1.52 | 61.0% | 03% |091| 72.0% | 0.3%

Table 4 mid size, order=3

TS-20pt TS-2exchange GA ILS

n | time win deviation | Time: | win deviation time win deviation time win deviation

30| 5.17 72 0.13% 4.66 0 3.78% 3:27 52 0.42% 1.58 62 0.49%

40 | 5.84 37 0.67% 5.31 0 6.71% 15.05 25 0.76% 3.80 61 0.61%

50| 648 22 1.25% 5.85 0 8.97% 20.47 16 1.52% 7.68 66 0.43%

60| 7.23 14 2.12% 6.52 0 10:45% 34.96 10 2.28% 13.39 77 0.22%
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Table 5 mid size, order=6

TS-20pt TS-2exchange GA ILS
n | time win deviation time win deviation time win deviation time win deviation
30| 555 60 0.22% 5.04 0 3.47% 6.08 32 0.46% 1.90 55 0.74%
40 | 6.46 27 1.04% 5.85 0 5.66% 18.76 23 1.16% 4.62 55 0.71%
50 | 6.82 23 1.64% 6.22 0 1.89% 9.22 63 0.48%
60 | 7.58 14 3.13% 6.84 0 84 0.25%
Table 6 mid size, order=15

TS-20pt ILS
n | time win deviation win deviation
30| 623 69 0.15% 53 0.62%
40 | 7.14 28 1.02% 58 0.53%
50 | 7.88 14 2.03% 7 0.46%
60 | 8.89 10 2.81% 81 0.34%
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Table 7 large size, order=6

TS-20pt TS-2exchange GA ILS
n time win deviation time win deviation time win deviation time win deviation
70 | 8.51 7 4.03% 7.59 0 11.45% 35.34 2 5.15% 26.78 91 0.14%
80 | 9.15 7 4.68% 8.18 0 12.01% 64.67 6 4.93% 40.61 88 0.16%
90 | 10.1 0 5.77% 8.90 0 13.01% 53.92 1 6.10% 56.77 99 0.01%
100 | 10.84 3 6.07% 9.64 0 14.23% 82.32 2 6:27% 80.65 95 0.04%
Table 8 large size, order=15
TS-20pt TS-2exchange GA ILS
n time win deviation time win deviation time win deviation time win deviation
70 | 937 9 4.04% 8.62 0 10.91% 66.28 ] 5.47% 33139 90 0.11%
80 | 10.18 3 5.52% 9.25 1 12.02% 100.77 2 6:28% 50.42 94 0.11%
90 | 11.07 3 6.33% 9.99 0 12.82% 100.36 1 7.24% 72.60 96 0.06%
100 | 12.15 0 6.95% 10.81 0 14.59% 93:07 0 7.52% 100.88 | 100 0.00%
Table 9 large size, order=25
TS-2o0pt TS-2exchange GA ILS
n time win deviation time win deviation time win deviation time win deviation
70 | 10.29 7 4.59% 9.45 0 14.56% 82.93 2 5.75% 4123 91 0.13%
80 | 11.38 5 0.61% 10.27 0 17.06% 133.82 0 5.75% 61.22 95 0.02%
90 | 11.95 1 9.31% 10.73 0 19.89% 163.79 0 6.57% 86.86 99 0.00%
100 | 12.77 0 10.55% 11.37 0 19.99% 197.84 1 6.93% 21.74 99 0.00%
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