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Abstract

The travelling salesman problem (TSP) is a classigaroblem in discrete or
combinatorial optimization and belongs to the NPraplete classes, which means that
it may require an infeasible processing time to belved by an exhaustive search
method, and therefore less expensive heuristicggapect to the processing time are
commonly used in order to obtain satisfactory sadutts in short running time.

This paper address the optimization of a TraveliBglesman Problem using the Tabu
search heuristic, also implementing Tabu Search ngi Visual basic.Net
programming language to optimize the Traveling Sstean problem.

To test the performance of the proposed methodja@ty symmetric TSP Problem is
solved using the data collected for the city-citigtdnces. The implementation of the
proposed algorithm was done using the Visual Baliet programming language and
the experimental results show that the proposedosithm provides better compromise
between CPU time and effectiveness among some teglgorithms for the TSP.
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Nomenclature

TS
TSP-
aTSP
mTSP
sTSP
N*(x)

X*

xl-]-
z(x)
z(x')
Z(x*)

1.0

Distance value between cities

Tabu Search

Travelling salesman problem

Asymmetric travelling salesman problem
multi-travelling salesman problem
Symmetric travelling salesman problem
Neighbor solutions of

Number of nodes (cities)

Decision variable that indicates whether the padinfcity i to city jis
Current solution

Improve current solution

Best solution

Cost of traveling route from city | to city |
summation of distance of solution x
Summation of distance of improved solution
Summation of distance of best solution

Introduction

One of the key roles of a Production or Manufaatyrrindustry is to minimize it resources, time, costvailable material
and improve productivity with efficiency while dtdelivering its goods or services in a more effectway at a cheaper and
lesser time of delivery to suite the customerandeds and needs. The challenge faces by majoritncafstries when
dealing with optimization of service and goods d&ly to its esteem costumer is the Optimizatiorbfmm well known as
the Traveling Salesman Problem.
Given n is the number of cities to be visited, thil number of possible routes covering all citas be given as a set of
feasible solutions of the TSP and is given as {f21)
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Broadly, the TSP is classified as symmetric trawglisalesman problem (sTSP), asymmetric travelliaigsman problem
(aTSP), and multi travelling salesman problem (mJT $®wever, when there is a single salesman, themiT SP reduces to
the TSP [1].

The TSP has been applied to drilling of printeatwitr boards and mask plotting in PCB production f@]overhauling gas
turbine engines [3], to analysis of the structurergstals X-Ray crystallography [4 - 6] reportedfgecial case of connecting
components on a computer board, to the order-gickioblem in warehouses. This problem is associaftigid material
handling in a warehouse [7]; to vehicle routing [8]

The mTSP has been applied to printing press scimgdpkoblem [9]; School bus routing problem [10yéstigated the
problem of scheduling buses as a variation of th&kwith some side constraints; crew schedulinglpro: An application
for deposit carrying between different branch baiskeported in [11]. The application of the mT3Pmission planning is
reported by [12 - 14].

There have been several types of approaches talgaiving the TSP. They include:

Memetic algorithms [15], Ant colony optimizationsd, 17], Simulated annealing [18,19], Genetic &dthars [20], Neural
networks [21].

The proposed algorithm for solving the TSP in tiwsrk is Tabu Search Algorithm. Tabu Search Algonti(TS) is a
compact and robust technique, which provides eswelolutions to single and multiple objective optiation problems
with a substantial reduction in computation time.

1.1 Traveling salesman Problem (TSP).

The TSP is a problem where a salesman is requirisitaa list of n-city in a closed complete tohese are linked together at
different distances and he is mandated to visih €#tees only once. As the salesman tour acrossdiies it is ideal for him
to search for the optimal route of traveling beesitisaves him less distance to cover, time andemon

The TSP can be defined on a complete undirectgthgtd = (VE) if it is symmetric or on a directedagh, H = (VA) if it is
asymmetric. The setV ={1,. . ., n} is the vertst,

E={(,)):i.,j €V,i<j}isanedgesetand A={(i,j):i gV, i#}isan arc set.

A cost matrix C = (g is defined on E or on A. The cost matrix satisfiee triangle inequality whenever<cy + g, for all

i, j, k.

In particular, this is the case of planar probldarsvhich the vertices are points

Pi= (X, Y) in the plane, ane; = \/(Xi - Xj)2 + (Yi =Y, )2 is the Euclidean distance.

The triangle inequality is also satisfied jfis the length of a shortest path fromi to j on H.
1.2 Formulation of the Symmetric TSP (sTSP)
Many TSP formulations are available in literaturet here, we adopt the formulation in [22] whiclassfollows:

. m m
min Zj:lZizldinij (1)
m
s. t. ijl Xj =lfori=1..m
m

i=1 Xij :1f0rj:1___ m
ZisKZjSKXH < [K|-1 forall K LI(1... m)

x; =0or1foralli,ji ]

For the symmetric travelling salesman problem,dinection traversed is immaterial, so thatdd;. Moreover, the decision
variable (x) equals one if the salesman goes from city ityjciand zero otherwise.

The importance of the TSP is that it is represerganf a larger class of problems known as comioimait optimization
problems [23]. The TSP problem belongs in the clascombinatorial optimization problems known as -hérd.
Specifically, if one can find an efficient algonith(i.e., an algorithm that will be guaranteed twlfthe optimal solution in a
polynomial number of steps for the travelling salaa problem, then efficient algorithms could benfduor all other
problems in the NP-complete class. If there ar#i@sg the number of possible tours is given byl(r /2 [24].

2.0  The Tabu Search Methodology

Tabu search (TS) was first published in the lat@01425].

Tabu search uses a local or neighborhood seardeguce to iteratively move from a solution to amotholution until some
stopping criterion has been satisfied. To explegans of the search space that would be left Uneag by the local search
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procedure and by doing this escape local optimatéilyu search modifies the neighborhood structéiesaoh solution as the

search progresses.

21 Basic Tabu Search Algorithm

The most basic form of the Tabu search algorithnmsists of the following:

1- A methodology for generating an initial solution

2- A mechanism for generating a neighboring sotutbthe current solution.

3- A function that measures each neighboring smuti

4- A tabu list in order to prevent cycling and Isdlle search to unexplored regions of the solugjzte.
5- An aspiration criterion (if a tabu move satisftbe aspiration criterion, it is considered adihls3.

2.2 General Framework of Tabu Search Algorithm

A general framework of tabu search is given below:

Begin

Stepl: Initialization:

- Input the number of cities n, anditllistances that are between them.

- Input the stop criterion it; {stopigi after a number of iterations}.

-Set tabu tenure t; {is number ofatésn for move will be kept tabu
where t= sqrt(n)}.

- Initialize tabu list is empty; {tablist = [position of cityl position of city2
..... position of city n ], thereforebtalist becomes = none

Step2: Use Greedy procedure to find best solutfomith objective function z*

at the same time is consider as cusgelattion x as follows:

Let x, current solution.

Let x* = x, the best solution.

Let z* = z(x), where z* = {summation distance for x solution}.

Step3: Iteration:

While stop criterion is not satisfied Do

Begin

- Identify Neighborhood set by creatingny solutions with used

Move operation. The move operation inT$® is making swap between
any two cities randomly of the currenusion x:

each x 1 X has an associated Neighboriedl X.

Step3.1: Select best admissible move from N(x)Hmyosing the solution that
has minimum z(x) from this is transferminto x' T N(X) and
objective function value transforms{g') and add its attributes to
the tabu list
Check x' is Tabu:

IF No Goto step 3.2
Else step 3.3
Step3.2: Perform exchange:
X=X, z(x) = z(xX).
If z(x) < z* then
z*=z(X), X* = X.
End if
Gotostep 4
Step 3.3 Check x' is Aspiration
IF Yes Goto step 3.2
Else
Check Neighbor set.

Step 4: Record tabu for the current move in tagtilie. update the tabu
list. By change the contents of tabuds following:

- If solution not tabu add solutiontétou list by change the position

of city from zero to t For exampléhg problem consist of 5 cities

and solution that resulted from (swip 4 &city 3) is not tabu the

tabu list must be [0 0 0 t 0].in thexhiteration the tabu tenure
decreases by one.

Journal of the Nigerian Association of Mathematic&hysics Volume 35, (May, 2016), 149 — 154

151



Using Tabu Search Technique... Amiolemhen and Okpowo J of NAMP

End while
Step 5: Result: solution x* has length of tour mastminimum of all

determined solutions, with objectivedtian value z*.
End

2.3 Initial Solution (Configuration)

The initial configuration specifies where the sédbegins in the search space. In this researckrtergte the initial solution
we used Greedy algorithm, below Greedy algorithm:

1- Sort all edges.

2- Select the shortest edge and add it to ouritdudoesn't create a cycle with less than E edgeicreases the degree of
any node to more than 2.

3- Do we have E edges in our tour? If No,repegixste

2.4 Neighborhood Structure

The neighborhoods they define contain all the fdagioute configurations that can be obtained ftbencurrent solution. In
neighborhood search such solutidd X has an associated set of neighbors, N(X) called the neighborhood of x, each
solution x’ OON(x) can be reached directed directly from x byogeration called Move. And X is said to move townkien
such an operation is performed.

The neighborhood generally consists of solutioramtgd by making small changes in the previous soluin the present
research a Neighborhood configuration by makingngle swap of current values of two randomly citi€eere are many
possible ways of selecting the best neighbor, dioly first, choosing the first neighboring solutithat improves objective
function. Second, considering a subset of the m@ighand selecting the best of the set. Third,uatalg the whole set of
neighboring solutions and selecting the best tarhtke objective functions. The neighborhood is agtatic set, but rather a
set that can change according to the history ohiiery of the search.

In our implementation in the present research, rs@eoethod is used for selecting the best neighbor.

2.5 Swapping
The swap move mechanism, which is used from thist pmward, replaces a selected distance betweerities by another
distance. Or the swapping operation neighborhoodiders each possible exchange of two (citied)émproblem.

2.6 Aspiration Criterion

In order to override the tabu list when there goad tabu move, aspiration criterion is used, taburmove is accepted if it
produces better solution than the best obtainddrso

2.7  Termination Criterion
In most commonly used stopping criteria in tabuceare:

1- Terminate the search after a number of iterations.

2- After some number of iterations without an improegrnin the objective function value.

3- When the objective reaches a pre-specified thrdshalue. In this research the first criteria isdi$er stopping
criteria.

3.0  Numerical Experiment with Tabu Search (TS)

Using the travelling distance chart below involvisig cities (Benin, Abuja, Calabar, Enugu, Ibadamd Jos).We apply the
Tabu Search heuristic to find the optimal touratise.

Table 1: Travelling Distance Chart for Six Cities (in kilotees)

Beninl | Abuja2 | Calabar3 Enugu4 Ibadanp Jos |6
Benin 1 0 493 490 254 300 758
Abuja2 493 0 729 393 645 297
Calabar3 490 729 0 276 518 870
Enugu 4 254 393 276 0 558 608
Ibadan 5 300 645 518 508 0 928
Jos6 758 279 870 608 928 0
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4.0 Results and Discussion

This study isfocus at creating a model for which the travel salan can use to ensure an optimal tour distandesi
Traveling salesman Problem. Considering the Tragelsalesman problem as stated above, the optimal was
implemented using a Visual Basic.Net framming language and the optimal tour was achigvi#dn the shortest possib
time.

The optimal route that was developed from the irmgistation i<

1 5 3 4 2 1

That is:

Benin —— Ibadar—>  Calabar—~> Enugu——> Jos— > Abuja—> Benin

(Benin - Ibadan) + (IbadanGalabar) + (Calabé Enugu) + (Enugu - Jos) + (Jos - Abuja) + (Abugeanin).

Therefore the total distance: 300km + 518km + 218k&G8km + 297km + 493km = 2492 km.

Tabu S e Ei |C h

1234561

(a) Input Interface (b) Init@olutior

1-5-3-4-6-2-1

2492(Km)

(c.) Travelling Distance Chart for Six Cities(d) Final Solution
Fig.1: Solution to a 6 city problem

5.0  Conclusion

In this paper we briefly state the Traveling salasnProblem and explain the Tabu search heuristic also an explici
method tosolve an optimization problem. In genénal complexity of the Traveling salesman Problenrdases with th
number of routes (cities).This paper has shown basy and effective a Traveling Salesman Problembeaoptimize in :
short time when implemented on a Visual Basic paogning languag
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