Annals of Pure and Applied Mathematics

Vol. 16, No. 2, 2018, 265-281 Aol of
ISSN: 2279-087X (P), 2279-0888(online) .
Published on 5 February 2018 Pure and Applied
www.researchmathsci.org :
DOI: http://dx.doi.org/10.22457/apam.v16n2a2 Mathe—n‘atlcs

Special TSPs Considering Conveyances and Routes
Through a Hybrid Algorithm

Aditi Khanra', Manas Kumar Maiti%, Tandra Pal® and Manoranjan Maiti*

'Bohichberia High School(H.S.), Bohichberia, Purbaditipur
India, Email:aditikhanra@gmail.com
2Department of Mathematics, Mahishadal Raj Collegahighadal, Purba-Medinipur
India. E-mail: manasmaiti@yahoo.co.in
®Department of Computer Science & Engg., NIT, Dutgapndia.
Email: tandra.pal@gmail.com
“Department of Applied Mathematics with Oceanologgl €omputer Programming
Vidyasagar University, Midnapore, India, Emailmaiti2005@yahoo.co.in
'Corresponding author

Received 7 December 2017; accepted 16 January 2018

Abstract. In this paper, Travelling Salesman Problems (TSPs)formulated as profit
maximization problems with a time constraint anbyed using a hybrid algorithm. Here,
in TSPs in addition to usual costs and times, betwgvo cities, there are several
paths/routes and conveyances for travel. Thesemedeas are given and known. A
Travelling Salesman (TS) visits all the cities, rsg® some times at each city and earns
some revenues depending upon his/her spent tirbldhn for a TS is to design a total tour
program selecting the travel paths and vehiclesdsat two cities and spend time at each
city. Till now, this type of profit maximization ofD TSP is not formulated so far. The
model is solved using a hybrid algorithm consistifighnt Colony Optimization (ACO)
and Particle swarm optimization (PSO). These dlgms are used for the objective
function successively and iteratively. The problerbroken into two parts - the tour
program and spend time in cities which are detezththrough ACO and PSO respectively
so that total profit out of the system is maximunder a time constraint. The models are
illustrated numerically. Some behavioural studiéshe model and convergence of the
proposed hybrid algorithm with respect to iteratimmbers and cost matrix sizes are
presented. As particular cases, 3D and 2D TSPalsoeformulated and their results are
presented.

Keywords: Ant colony optimization, Particle swarm optimizatj TSP, Hybrid algorithm
AMS Mathematics Subject Classification (2010): 90B06

1. Introduction

TSP [2] is a NP-hard and also one of the most cemglbmbinatorial optimization
problem which cannot be solved exactly in polyndrirae. The aim of this problem is to
find a shortest path passing through each citytgxaoce, where set of cities are given.
Different types of TSPs have been extensively stlidin the literature. In general, the
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salesman, in two dimensional (2D) TSP, travels feonity to another incurring a cost or
time. In this case, it is assumed that there ig onk route and one conveyance for travel
[11] between any two cities. If several conveyanaesach city are considered, the
corresponding TSP is called three dimensional {BER or solid TSP [4]. Generally, in 2D
and 3D TSPs, distance between two cities are ceresidcas fixed. However there may be
several routes between two cities. If between titvescdifferent types of conveyances and
different types of routes are considered, theedimmes four dimensional (4D) TSP.

The ACO is a technique of problem solving inspibgdthe behaviour of ants in
finding paths from nest to food. Dorigo and Gambk#ead[9] described an artificial ant
colony capable of solving the TSP. Stutzle and Hot®duced Max-Min ant system
(MMAS)[20], a modification of an ant system appltedl SP. In 2007, Cheng and Mao [5]
presented a modified ant colony system for soltiregTSP with time windows. Gaifang
Dong et al.[8] presented cooperative genetic astesy for solving TSP in 2012. Bai et al.
[3] proposed a model for Asymmetric TSP which iglglumax-min ant colony
optimization in 2013.

PSO is a swarm intelligent technique that is iregpivy the flocking behaviour of
birds. Here all the particles depend on the expeeis of their neighbours to search for the
optimal solution. Kennedy and Eberhart [10] firspposed PSO algorithm and has
received significant attention. Recently many P3@brithms have been developed to
solve TSP [18, 15]. Moreover, most existing PSOhoés are modified to improve the
performance of PSO by variable parameters [19pd¢hange the updating equation [21].

The new features of the present profit maximizadbnTSP investigation are:

* In this TSP, a salesman travels from one city totler through different routes
using different vehicles available at differentast Though graphical formulation
of this type of TSPs is possible, to the best ofkmowledge, none has investigated
mathematically 4D TSP.

* Though the visit of a salesman is organised in rotdeget a return for the
company, most of the TSPs are concerned with tménization of tour cost or
travel time. Moreover, for selling or canvassingraduct, a TS has to spend some
time at each city and incurs some expenditure ffiis. tThis has also been
overlooked by the TSP researchers.

* Normally, a TS is asked by his/her company to firiiee entire activities including
the tour (travel and stay times) within a specifiiede limit. This constraint has
been taken into account in the present investigatio

e Though ultimate goal of a company is to make a iprbirough the sales
representative, till now, no TSP has been formdlate a profit maximization
problem considering returns and expenditures.

* In order to bridge the above mentioned gaps, ome4iz TSP is formulated and
solved by a developed hybrid algorithm consistihgh@O and PSO which are
operated successively and iteratively.

These are real assumptions and may be appliedfénetit fields such as in book
publishing firm or medicine firms for sealing or kgishing their materials by
representatives or salesmen. For a publishing fignerally a representative or salesman
is said to make a tour within a limited time fohsols in town. To maximize the benefit of
a tour, any one fixes the order of cities and ddjus time spending in city for sealing
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products. He/she incurs some costs for travel, fiaystay at stations and earns indirectly
through Govt./public schools by canvassing andepriadion. All these are done within the
limited time fixed by the publishing firm. The proged TSP with the above assumptions
are most appropriate for the real life publishirau$e problems and considered in the
proposed model.

In this research paper a 4D TSP is proposed, vtherproblem involves a set of
cities which has to be travelled by the salesmatwBen any two cities there are several
roots (paths) and through each path different cgsvees (vehicles) are available. Cost (

Cjy) and time ¢, ) to travel from city-i to city-j through route-ksing vehicle-v is

known. At each city the salesman spends some timeanvassing and depending that
time he/she incurs some profit. Also there are setag expenditure at each city which
depends upon the stay time (t). Return and expaweddt each city are assumed in a
functional form of t. For a total tour salesman l@saximum time limit. Here tour
schedule is to determine including the routes attcles and also the stay time at different
cities so that total profit from the system will @enaximum in time constraint. Only travel
cost and only travel time are determined in paldicoase to compare the result with the
original problem. Numerical examples for the Modais illustrated.

Here the proposed TSP has two additional dimensi@asveyances and routes
over the dimensions of a conventional TSP. In¢hise, choice of routes and vehicles are
important as travel times through different rouded conveyances are different and total
operational time is previously fixed. This modelshavo optimization part one is to
minimize of total travel costs between the citiagl aecond one is the allocation of stay
times at different cities. These two part of thedelomakes a trade off so that the total
outcome of the proposed problem is maximum. Fosghevo sub-optimization TSP
problem, a hybrid algorithm combining the algorithof PSO and ACO is designed and
applied successfully. Here PSO and ACO are usedessively and iteratively in a
generation using one’s result for the other. Thisice of hybrid algorithm (ACO-PSO) is
done as ACO is most suitable for discrete formatatind PSO for continuous ones. The
proposed TSP is illustrated with numerical exampfxsme behaviours of the proposed
model are presented with cost matrices of diffesires. It does not make more profit if
any one spend more time at same station. Some ptiastudies of the proposed hybrid
algorithm with respect to size of cost matrix ateddtion numbers are also represented.

Rest of the paper is organized as follows. In eac®, Models are formulated. In
section 3, Hybridization of ACO-PSO system is désat. Experimental results are
represented in section 4. Section 5 contains fatio and illustration of some particular
models. Finally a brief discussion of models’ beberal studies and conclusions are
respectively presented in sections 6, 7 and 8.

2. Model formulation

2.1. Proposed 4D TSP for minimum total travel costModel 1A)

In a classical 2D TSP, TSP can be represented aphgG = (Vt,E) , where
Vt=1,2,...N is the set of nodes and E is the set of edgeslésman has to travel

cities at minimum cost. It is an extension of deasTSP, where only one path and one
vehicle are available between the cities for travel the objective is to minimize the total
cost. In the proposed model, between any two nties are different routes and through
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each route there are different vehicles. To trdr@h a city to another, the salesman
choices a particular route and a particular vetgol¢hat total cost to complete his tour is
minimum. In this tour, salesman starts from a ciigjts all the cities exactly once and

comes to the starting city incurring minimum expéme. Let c;, be the cost for
travelling from i —th city to j—th city using r —th route andv-th vehicle. Then
the model is mathematically formulated as :

Determine x;,,,i =1,2,...N., j=1,2,..N.,r=12,.R,v=12.V.
tominimize Z, = iiiixﬁwqw,
i=1 j=1r=1v=1
subject to ZN:ZR:ixJW =1, j=1.2,..N;
i=1r=1v=1

N R V (1)

I DI KX =1, i=12,..N;

j=1r=1v=1

zzii“xjw <|S|-1,0s0W,

i0S jOSr=1v=1

Xijrv D{O!l}

where X;,, = 1 if the salesman travels from cityto city- j following r-th route using
v-th vehicle, otherwisex;,, = 0

Let (X, X,,...,Xy, %) be a complete tour of a salesman, wh&rél{1,2,..,N}
fori=1, 2,...,N and allx 's are distinct. Then the above model reduces to
Determinea completetour (X, X,,...,Xy, %) along with routes (r,r,,...,ry)

and corresponding conveyancetypes (V,,V,,...,Vy)
N-1

to minimize Z. = iZ:l:cxi s Cx oy 2

wherer, J(1,2,...R) for i=1,2,...N

and v, J(1,2,...V) fori=1,2,..N.

Here the salesman travels from nogeto X, through router, using vehiclev, for
i=1,2,...,N-1. andX,, to X, following route r using vehiclev, .

Proposed 4D-TSP with time for minimum total traveltime (Model 1B)
Let t. ~ be the time for travelling from —th cityto j—th city using r —th route and

ijrv

v—th vehicle. In this case, the model formulation ie #ame ag3) except that the
objective function is replaced b{) given below
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To minimize Z = ZZZZXIJTV ijrv (3)

i=1 j=lr=1v=1

All other constraints remain unaltered.
Let (X, X,,...,Xy, %) be a complete tour of a salesman, wharél{1,2,..,N}

fori=1, 2,...,N and allx 's are distinct. Then the above model reduces to

Determine a completetour (X, X,,...,Xy, %) using routes (r,,r,,...,ry)
and corresponding conveyancetypes (V;,V,,...,Vy)

Tominimize Z, = >t

+t .
— 540 XN INYN

(4)

2.2. Proposed 4D-TSP for maximum profit (Model 2)

Here a model is considered where the salesman sgente time at each city to convince
the customers and hence due to this, makes sorfiegmt incurs some expenditure also.
Amounts of profit and expenditure depend on thetlom of time he spends in that city.
He bears some expenditure and makes profit petiom@tat each city due to his/her stay.

Let ¢, andt.  be the cost and time respectively for travellingnf i —th city to

ijrv ijrv
j —th city using r —th route andv—th vehicle, t; the spent time ini—th city,
o(t) the output/return,g(t) the expenditure, whereo (t)=a +bt —ct’> and
e (t;) = e,;t; for spendingt; time by TS in thei —th city. Here a constraint on the total

time used by the salesman is imposed. Let he/shatgaost use H units of time for his/her
total tour. So the model is mathematically formetaas:

Determine x;,,, and t;,i =1,2,..N, j-12 N, r=12,.R v=12.V.

to maximize Z = Z(o(t) e(t)) - ZZZZXJW v

i=1 j=lr=lv=1

subject to ZZZ)Q"V =1, j=1,2,..N;

i=lr=1lv=1

I DI KX =1, 1=12,..N; )

j=lr=1v=1

ZZii‘)ﬁm <|S[-1,0S0wt

i0S jOSr=1v=1

Xurv D{O 1}

such that ZZZZerV it t <H,

i=1 j=lr=lv=1
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where X, = 1 if the salesman travels from cityto city- | through r-th route using j-th
conveyance, otherwisg;,, = 0, H=total allowable time for the entire tour.

Let (X,X%,....Xy,X%) be a complete tour for the salesman, where

x 0{1,2,..,N} fori=1,2,..,N and allx 's are distinct. Then the above model reduces
to (8) as follows

Determinea completetour (X, X,,...,Xy, %) and (t,t,,...ty)
alongwithroutes(r,,r,,...,r,,) and correspondng conveyanceypes(V;,V,,...Vy )

TomaximizeZ = (0,(t1)+0,(t2)+....+ 0y (tN)) _[_Nicg
(el(t1)+|%—1(t2)+ . N (tN))] i=1
subjectto Zt

+C +
K+ Y NLINYN

(6)
XX Y +th'xl'rN N LA, +At)sH

wherer, J(1,2,...R) fori=1,2,...N
andv J(1,2,..V) fori=1,2,..N.

The defined single objective optimization probléanthe 4D TSP is solved by a hybrid
algorithm developed for this purpose in section 3.

3. Hybridization of ACO-PSO system

Recently, ACO and PSO algorithms are inspired byirah habits are used to solve
optimization problem. ACO approach, inspired byfivaging behaviour of real ants, has
become more popular to solve different type of p&dblems [9, 5, 20, 8, 12, 3]. During

the last decade, many PSO algorithms [14, 18, ¢ teeen developed inspired by the
behaviour laws of bird flocks, fish schools and lamrcommunities, for solving TSP

problems.

There are some merits and demerits of ACO and R8Qdlving TSP. Here a
hybrid algorithm is proposed to solve TSP in somadified form by combining the
features of ACO and PSO algorithm. In the prop@dgdrithm, at fast ant colony system is
used to produce a set of paths (tours) along witkerbetween nodes and vehicles used for
the salesman. Then PSO operation is done for @athyof the salesman (ant) to determine
optimal stay times at different nodes for the reige path. The hybrid ACO-PSO system

is presented below. In the algorithmy,, represents amount of pheromone lies on the
path between nodé and node | following r-th route using v-th vehicldgtnl and itn2
represent iteration countergiaxiterl and maxiter2 respectively represent maximum
iteration number of the ACO algorithm and maximuardtion number in PSO part

represent number of ants or population size &hdrepresents number of nodes/cities in

the problem. Here a set of particles of sigke is used. The algorithm of the hybrid
ACO-PSO is as follows
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Proposed Hybrid Algorithm (HA) :

* Initialize maxiterl, maxiter2 and Setitn1=0.

* pheromoner,,, initialization for i=1,2,...N, j=1,2,...N,

r=1,2,..R andv=12..V.

* Do

 Generate path ofi ants, i.e., construch tour schedule{X,,R,V,),
here X; = (X, X0 %n: %0) s R = (Mg figseeafin) s Vi = (Vip Vg, M) s 112,000
using 7;,, . where X; represent sequence of cities to be visited ustgnd V,
respectively represent corresponding routes anitieeh

I*For the k-th pathX, = (X, Xc21--- Xy » Xa) We consider the spend times at

different cities i.e., particl OST,,,OST,,,..., OSTKN) for profit maximization of the

tour using PSO.*/
« Do for each pattk
e Generate randomliM size particles for thek -th path

ST = (STiias STiizs-STin) »

« 1=1,2,.M,value of ST; [1(0.0001,1) ST isi-th particle for the
swarm of path X, .

» eachSI; i.e., stay time of j-th node is calculated as
ty; =T xST;/(ST, + ST, +...+ ST,y ), where j=1,2,..N and i=1,2,...,M. Here
T =H —-T, which is sum of all stay time at different citiekl is the total tour time and
T, is travel time for pathX, . So stay time at different cities for k-th pathiépresented
by the vectort,; = (t,;;, b0+ tiin) -

* For each particléST,; do

* Initialize V,;, i.e., velocity .

* Profit calculation(X, , R.,V,, ST, the objective value ofST;

» End for

« itn2=0

* Do

* For each particléST,; do

 Find PBSI,;, the personal best position .
» End for
» Find GBSI,, the global best position of the swarm.

 For each particlé&sT,; do
* Update velocityV,; .
 Update positiorST; .
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* Profit calculation(X,, R.,V,, ST,;), the objective value ofST

» End for

e itn2=itn2+1

« while(itn2 < maxiter 2).

» From GBSI,, Determine stay times oK,
End Do.

Pheromone are evaporated.

Pheromone Updating for all the paths.
Find best solution.

o itnl=itnl+1

» While (itnl < maxiterl).

 Qutput: The best solution.

» End of Algorithm.

3.1. Procedures for the proposed hybrid algorithm

(a) Representation of a SolutionHere N cities are consider for a complete tour along
with route schedule and vehicle schedule represepath of an ant, i.e., a solution for the
ACO part of the proposed algorithm. Threen’ dimensional integer vectors’,

Xk:(xkl'XkZ""'XkN)' Rk:(rkl’rkZ""’rkN)' Vk:(vkl'VkZ""’VkN)’ are used to

represent a solution, wheng,;, X, ..., X representN consecutive cities of a tour,
M Mool represent routes of travel from,, X, , ... , Xo - ViasVior Vi
represent vehicle type used to travel froxy,, X, , .. , X, respectively and

k=1,2,...n where nis number of ants.

(b) Initialization of Pheromone: Here the TSP problem is designed for maximize the
profit of a tour, so cost of the tour is minimizéaok;, that the pheromone initial value is set

as Z-ijrv = 1/C|Tr\5/ '
(c) Construction of Path: A path (X,,R.,V,) for k-th ant is generated as using the

following steps :
e Let ND={1,2,...,N}, RE={1,2,...,.R}, VE={1,2,...V},and| =1

* Arandom elemenk,, is selected from the se¥ID .

* Now, let ND =ND —{x,}

* Let current position of the ant is nodei.e., X, =i. Then the ant select the
next node j , where j D ND, using probability P, Which is given in the following
expression,

a

Z-ijrv

pi‘rv = ~ O g !
DI 3% M

jONSrORSVIVS
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where r is the selected route and v is the selegthitle i.e,r, =r, v, =V and a

positive constantr is used for control the influence of pheromonecemtrations. Here
Roulette-Wheel selection procedure [16] is usedHerproposed algorithm.

. |:|+l, rklzr’VkI:V'XkI:j'

e if | <N goto step (iii).

* From X, to X, is travelled using vehicle v, through route r, ethare selected
using

a
XkN xklrv

P TS S 0
XkN Xker

jONSroRSvivS
after selection of r and v, séf, =1 and Vv, =V,
n-such paths are constructed for ants.

(d) For each path (X,,R.,V,), following operations are done:

* Initialization of Swarm : For represent a swarm of the path, a sel/bf
particles are generated randomly. Here a part&leonsidered as a set of stay times
proportion at different nodes. To improve the pgrofi the tour, the PSO operations are

done on this swarm. I, is the time for travel ok -th path (X, ,R,,V,), then the total
spend time at different nodes/cities is calculated’ =H —T, , where H is the total
tour time which is given. N component vector is used to construct
ST = (ST1, STyizs...,. STy ) » Where eachST,; [1(0.0001,1) The velocity for each
particle is initialized between the value ¥, andV,,,. For eachSI, stay time at
different nodes are calculated af; =T x(STy;)/(STy, + ST, +...+ST) for
j=1,2,.N and i=1,2,...,M. sd; = (t,;;,tipr---tiin) -

« Search for global best position: Firstly profit for the tour scheduldR,
is calculated due to different particl&ST,; . The initial value of GBSI, is considered as
the maximum profit given by the particle&BST, is updated if after each iteration
particles get new better positions.

» Search for personal best position: Personal best positio®BST,; is
initialized with the initial position of a particléf new position after each iteration gives
better profit, thenPBST,; is replaced by the new position.

» Velocity Updating : stay times at different cities i.e., for everytje of a
path, velocity updation is done by following exywies.

Vi (t+1) =wxV (t) +Cyry; [PBST; = PPBy; ]+ C,r,;, [GBST,; — PPB;]
Where PPB,; represent the position df-th particle of swarmk, at time stept the
velocity of particlei in ] -th dimension is represented g (t) . Attime stept +1 the
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velocity of particlei in j -th dimension is represented ¥, (t +1). Here two positive

acceleration constants are taken, wh&ge=1.49618, C,=1.79618 and weight
w=0.7298. Two random values betweef0,1] are considerr(t) and r,;(t)
:U(0,1)

« Updating position: Updation of Each particle ok -th swarm is done by

using the following expression
PPB, (t +1) = PPB, (t) +V, (t +1)

(e) Pheromone Evaporation:To evaporate pheromone, the following equatiamsid

Tijrv = (1_ p)rijrv
Here the value of constanp is in [0,1]. The p specifies the rate of pheromone
evaporation, which helps ants to forget the previdecisions.

() Pheromone Updating : After construction of all paths, pheromone is #&ged on
paths through which the ants move. The tour phenamis increased by the following
rules.

« If B, be the profit of tour schedul&R, , then for this pathr is

ki *i+1"ki Vi
increased byl/P?, where the parametef is used to best fit the updating function.

4. Numerical experiments
For ten cities (N=10) using 3 routes and 3 typegeticles, the models are illustrated. The
assumed values of travel costs and times betwdfemetit cities through different routes

and vehicles are randomly generated within someiféget values, (¢,c,) and (t;,t,)

(using a relation with travel cost for the preserdblem). The return and expenditure of
the i-th city are time dependent, i.e.,

0.(t) =a +ht—ct® and & (t) = &t} (7)

4.1. Experiment-1: Data for different models (1A, B and 2)
As the input data for costs and times againstmifferoutes and conveyances are required,
it becomes a huge data. For this reason, to itestthe proposed model clearly, we
consider a small 4D TSP consisting of 3 citiepe&s and 3 vehicles. The configuration
and required data are given in Figure 1.

With these data, we formulate the Models 1A, 1B arfdllowing Eq. 2, 4 an 6
respectively and solve using ACO-PSO algorithm gméed in section 3. The optimum
results are given in Table 1.

PN | H | path TT | ST TC | R E Profit
1A | - 3‘% 1%:%3 27 | - 50 |- R N

1B | - 3%:21%3 10 | - 23t | - - -

2 3C| 2112321 |22 | 8.89,3.78,7.3 | 70 | 549.5( | 32.82 | 446.6¢
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2 |43 27 | 8.006.00,2.01 | 50 | 638.0( | 68.0C | 520.0(
2 |50 30 |8.89,3.78,7.3 | 50 | 646.9( | 87.5¢ | 509.3:

Table 1. Total tour times (H hours), Optimum paths, Stajmd (ST hours), Travel
costs (TC in $), Travel Time (TT hours), Returns(B}penditure(E) and Profit (in $)for
different models of 3 size problem.

—

(]

>
Kafed | wafes
] (9%
(5] [%]
—

palea | wles

i

Pl

4.2. Experiment-2: Data and result for models (1A1B, 2) of different cities
Now, we demonstrate our model formulation and atlgor for large 4D- TSP problems-

say ((10x10),(20% 20),(40x 40),(60x 60) and (100x100)x3x3) with some virtual
data.
The values of return® (t)'s and expenditures (t)'s for first 10 cities are

given in Table 2. For other cities, returns andeexfiture values are obtained by repeating
the these values in the same order.

i/ 0O |1 2|3 4] 5| 6] 7 8 9
a |15C]60|14C|70|80|11C| 90| 10C| 6C | 14C
by | 24 |33| 60 |47|65| 64 |31] 18 | 11C| 11€
Ci 2 11131423 ]2]1 4 5
()| 8 | 9112 |7 13|10 7] 8 |14 ]| 6

Table 2: Returns (0) s with constantsa ,b , ¢ and Expenditurég;; ) in different cities.

TSP with virtual data set

Here we generate large TSP problems with virtutd det, travel cost§c,,) and travel

jrv
times (t;,,) for 20, 40, 60 and 100 cities. These values andamly generated within

some specified valuegg,c,) and (t,,t,) (Normally, when travel time is less (high),

then travel cost is high (less). The feature ilfeed in some cases during the creation of
these data). The above ranges differ for diffepeoblems. Random data sets are generated

using rand() function in C++ language. For the enéproblem,t. =~ s are obtained as

t.
ijrv
where t, =0,t, =5 and c, = 200. The returns and expenditures at different citds

ijrv

=random number in [t,,t,]+(c,/c,,).

large TSPs are assumed respectively as the refhs and expenditure® (t)s at the
i-th city following the earlier Eq. 7 .
With these data, TSPs of different orders are sblve the proposed hybrid

algorithm. The detailed results including paths anshicles are given only for
((10x10)x3x3) TSP in Table 3.

For other large TSPs, only the main results arergia Table 4.
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PN | H Path TT | ST TC [ R E Profit

1A 3711173 4153¢1734301 98
UT7§1§2T4T57371‘1("1)T” 20

1B aglad 17 725
5§6T138TU§45}3?TJTh§5

2 | 140 4—0—1—8—3—?—5—0— éqli 73 | 9.67,1.97,8.86,10.52,4.12| 145 | 42775 667.6] 3464.9

3.04,7.95,10.28,4.46,6.13

2 | 160 371435139191 29lg3, | 80 | 5.457.631211,8.881143, 80 | 4477.3] 797.3] 3599.9
3°271°172°1°2°3°1°3 4.47,4.22,11.22,3.98,10.63

2 | 180 4351g391439l0a7L 391y | 98 | 12.69,8.80,11.84,483,567, 70 | 45035 818.4| 3615p
1127183 117212 10.88,3.70,4.38,11.39,7.8(

2 | 183 98 | 5.03,12.00,8.00,13.01,9.00, 70 | 4533 | 846.1| 3617
?? |T234T5 T8?3T'539TGT? 11.99,5.00,6.00,11.00,3.97

2 | 186 0_?_1_3_5_4_ _|lﬁgg10 103 | 3.83,4.80,4.86,11.89,8.84, 70 | 4512.7| 826.67 3616.1
T'T72°T71 7371 12.64,7.83,11.61,5.78,10.9p

2 [ 200 5,1 3 103 | 9.82,14.24,8.81,14.47,7.22, 70 | 4613.7| 956.3] 3587.4
]T -0-73335191% 337| 11.49,5.24,7.49,5.63,12.61

2 [ 220] |391()371334L034153g1 | 108 17.56,9.84,6.8,10.5,6.37,) 95 | 4631.5| 1094.3 3442.p
"2 1'2°3 1°7T'1°2°1 8.8,12.12,15.78,10.83,13.3

Table 3:H,ST, TC,TT, R, E and Profit for different models of 10 size problesing
3 root and 3 vehicle.

Sl problem | H TT ST TC Returns(R) | Expenditure(E) | Profit
no size
30C 19¢ | 10z | 20t | 7142.C 1593.% 5343.«
1 20 350 | 236 | 114 | 164 | 8390.2 1723.6 6502.6
40C 28z | 11€ | 14& | 8512t 1995.9: 6368.¢
75C 42z | 32€ | 62€ | 15102. 3196.¢ 11276.
2 40 800 | 458 | 342 | 498 | 15050.7 3335.2 11216.7
85C 494 | 35€ | 481 | 15218. 3452.¢ 11284.:
100C | 47C | 53C | 117:% | 24248.. 4711.0 18364..
3 60 1100 | 504 | 596 | 999 | 24335.1 4827.35 18508.8
120C | 954 | 54€ | 100: | 24829.¢ 5321.1i 18435.-
180C | 833 | 97¢€ | 1241 | 36918.¢ 8321.: 21879.3.
4 100 1900 | 1218| 682 | 1298 | 38075.9 8491.2 27723.64
200C | 106F | 935 | 1312 | 39038.¢ 8645.; 26111.:

Table4: H, ST, TC
problem.

, 1T, R, E and Profit for different Models of different city

5. Particular models: formulation and illustration

Formulation

From these 4D TSPs (Models - 1A, 1B and 2), inipaldr, two 3D TSPs and one general
(2D) TSP for each model are formulated and solved.
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3D TSP with single route multiple conveyance (Modsl- 1A-3a, 1B-3a, 2-3a)
In the above expressions of Models - 1A, 1B anpuing r =r, (i,e. choosing only one
route), we get the 3D (solid) TSP with cities aiftedent conveyances.

3D TSP with multiple route single conveyance (Modsl- 1A-3b, 1B-3b, 2-3b)
As before, puttingv =V, (i,e. choosing only one vehicle), in Eq. 2, 4 &)dwe get
another type of solid TSPs with cities and diffénentes.

2D general TSP (Models - 1A-2, 1B-2, 2-2)
Putting r =1, and v=V, (i,e. choosing only one route and one vehicl&jdn2, 4 and 6
in mathematical representations of general/congeatiTSPs are obtained.

5.1. Experiment-3: Pictorial representations of 3Band 2D TSPs of ((3x3)x3x 3)
The Models-1A-3a, 1B-3a, 2-3a, 1A-3b, 1B-3b, 2-8H Models- 1A-2, 1B-2, 2-2 for the

((3x3)x3x3) TSP are depicted in Figures 2, 3 and 4 respegtiféle optimum results
of these models are obtained by the proposed hghgatithm and placed in Table 5.

al bl el el
w0 2 3 4 bt
. s 00 2 3 4
VI=30/4,V2=20/5,V3=15/7
VI=3014,V2=205,3=157
: v1=s0'6
Vi=40/4, vae0is
=30/6, Va0
g

W Vam10
/ 7
V18l K2
— ¢
vi=s018
vz
Vi=3010
va=s0E
fee)

Figure 1: ((3%x3)x3x3) TSP Figure 2: ((3x3)x1x3) TSP for
for Models 1A, 1B, 2 Moddls-3a, 1B-3a, 2-3a

al bl cl el
00 52 3 4
V1=30i4

. ™.
zansg, e Ny
s m,
4,—=-;\ B2 L/
15 2 B 2
100 28 2 4
VI1=30/10

Figure 3: ((3%x3)x3x1) TSP for Figure 4: ((3x3)x1x1) TSP for
Models 1A-3b, 1B-3b, 2-3b Models 1A-2, 1B-2, 2-2

277



Aditi Khanra, Manas Kumar Maiti, Tandra Pal andridranjan Maiti

PN H Path TT | ST TC R E Profit
1A-3z | - | 1537251 |21 - 108 | - - -
1B-3e | - | 1431211 |11 - 228 | - - -
2-3z | 37| 3L21143 21| 2.0,6.0,8." | 10| 63C| 88 | 43¢
1A-3b| - ]%3%3%] 21 - 90 | - - -
1B-3b | - ]%3%2%] 16 - 195 | - - -
2-3b | 37 3%2% 1 %3 21| 2.0,6.0,8." | 165 | 62C | 92 | 365

- - - E - - -
1A-2 ]%3%2%1 16 19t
1B-2 | - ]%3%2%1 16 - 198 | - - -
2-2 |32 3%2% 1 %3 16 | 2.0,6.0,8.0 | 195 | 57C | 92 | 28%

Table 5: H,ST, TC,TT, R, E and Profit for different models of 3 size problem.

5.2. Experiment-4: Ten cities 3D and 2D TSPs
As before, the input data of(10x10x)3x3) size 3D and 2D TSPs are randomly

generated within two bounds (30, 85) and the optimesults of different TSP are
obtained and given in Table 6.

Maodel no. H pallt TT ST TC K E Profit
TA-Ja - IT4LEI5 1726132910512 96 - 124 - - -
IB-3a - 11324202827293225263 | 25 - 745

160 310174216151911141813 88 11.66,8.71.4.45.11.02.4.22,10.89.4.90,6.16.8.04.11.95 129 444235 813.98 3482.37
170 317314224151849101613 86 5.01,4.84,11.84.7.97.12.92.8.79.11.97.10.92.3.86,5.87 134 452364 837.22 355241
2-3a 180 9iel3l7isisglalnlilols 94 11.05.5.98.5.06.5.73.8.95,11.95.12.75.8.12,12.36.4.07 124 4539.10 853.97 3562.13
190 412111019131617151814 99 13.57.8.38,13.25,4.60,11.26,5.31,6.64,6.28,9.39,12.31 127 4580.1 900.67 3552.44
200 7431ei211101914181517 101 §.05,5.95,7.92,9.38,13.67.5.55,12.01,13.68,12.75,10.04 141 46128 970.6 3500.2
1A-3b - 938153412213347163019 94 - 100
1B-3b - 113141018171932151631 25 - 690
160 716313214351820101307 88 3.00,5.06,9.12,7.10,10.71.8.27,10.70.10.67.3.14.4.22 123 436435 T17.98 3524.37
175 71630192825341238 13317 94 4.21.5.66.3.86.10.78,11.83.8.90.11.77.7.81,11.29.4.89 100 448864 806.22 3581.41
2-3b 185 s613212214251839102716 101 5.90.4.95.11.80.7.94,12.91.8.93,11.94.10.96,3.80.479 100 452310 836.97 3586.13
190 3%1321425182010871643 101 5.21.12.82.8.26.13.38,9.19,12.21,11.13.4.40,6.02.,6.39 100 4566.1 882,67 3583.44
200 815343910471346123118 106 12.48,10.04,12.99.11.24,570,7.50,5.50,7.07.8.54,12.94 100 45898 923.6 3565.2
1A-2 - 013lsi7isiztadnirdolo 93 - 155
1B-2 - 1134420i8l719d2d516l1 3 - 689
160 1%4%5%%%9}0%6%3%?% 1 %l 86 7.31,11.65.7.79.11.82,9.99.3.56,4.87 4.4,3.52.9.09 159 4403.43 745.08 3498.35
168 5%8}9%0%1%.%;%6% 3%? %5 88 8.6.11.78,10.78.3.55.10.93,7.69.12.52.5.5.4.75.3.82 156 448229 800.69 3526.59
22 180 2%4%8%5%?%&%3%0% 9% 1 %2 95 8.6,1273.11.91.8.91,5.27.5.9,5.04 4.06,11.10,11.98 155 4530.54 843.37 353117
190 71lsl3zlploljlplylglsly 95 7.09.7.1,5.54.5.03.11.38,14.00.8.7.14.00,12.54.9.59 155 4604.24 93771 351161

171 10] 1'1717'17171
200 412111019131617151814 97 14.8026.1535.6.13.11.75887.80.873,10.25,1200 168 463101 101148 345253

Table6: H, ST, TC, TT, R, E and Profit for different models of 10 size problem

6. Discussion
Expected results are obtained from Models 1A andatiich is given in Table 3. In Model
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1A, travel cost is minimized. Here the obtainedimimm travel cost is 70$ but the travel
time is high i.e., 98 hrs. reverse condition océarglodel 1B. Here the total travel time is
minimum i.e.,17 hrs but the travel cost is high58R In Model 2 the total time of a tour
(H) is fixed. As the problem is of profit maximima, so, salesman tries to earn much by
adjusting the time spend in different cities. Asfiif time for total tour is less i.e., upto
H=80, TS adopts the minimum travel time. After thidd is increased, TS makes a tread
off between the travel cost and savings due todpenities. Now for reducing the travel
cost, TS increases the travel time. So taking rrareel time rather than minimum travel
time TS manages the rest time of the total toue tim spending at different cities due to
availability of more tour time. Here profit incressupto H=183 hours. If H is more, profit
decreases because stay at different cities is nofitgble any more, this is more clearly
explained in Figure 5.

7. Model’s behavioural studies

In this section, behaviour of the models by chaggiome model's parameters, are
determined and these are graphically represented .

Profit vs tour time: Maximum profits for 10 cities problem are calcelhtoy Model 2,
against different total tour times and is plottedfigure 5. Here it is observed that
maximum profit is at the tour tim&T =183. The interesting behaviour of the model is
that with the increase of total tour time profs@increases upto certain TT and after that
certain time even the TT increases the profit desge. In this evolutionary process, TS
makes maximum total return by allocating the tef@nd time at different cities and then
suitable tour path is selected. If more time isilalée for travel, the TS adopts the
comparatively minimum travel cost path. But if fRi€ is very high, then TS selects the
minimum travel cost path and rest of the time erghbfor stay time. Here we know that, if
the stay time at each city exceeds a certain tiimen return is less because of more
expenditure. So in this model after certain toaretiprofit goes down. From this study,
manager can fix the total tour time for a salesmhith is very helpful in real life.

3700
3600
/ B \

3500 7 T \
. "
3400 - | —+—Series: 1
/\ —E—seriesz

3300 C
\ \ Series; 3
3200 \ -\\ Seriesd
\
3100 \ L .
3000

Figure 5: Tour time Vs. Profit of 10 cities

8. Conclusion

Till now, in the literature, profit maximization 4DSP with cities, routes and vehicles are
not formulated and solved. Here, a new real worBPTis proposed and solved. The
conventional TSPs such general TSP(2D) and soliE(313) can be derived from the
presented model as particular cases, moreoverit pnaiimization of TSP which is
realistic and practicable in the field of salesnseformulated and solved. Here, a hybrid
algorithm a combination of ACO and PSO are itesdyiapplied for the minimization tour
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cost/tour time and maximization of profit at thées. Here, TSP Models are formulated as
maximization problems. The model is illustrated hwitumerical examples and some
interesting expected results are derived. For ih& fime, a hybrid algorithm- a
combination of ACO and PSO has been successfytiyeapfor the above mentioned TSP.
Here, the model formulation and algorithm are qgéeeral. The proposed algorithm can
be modified by An Alternative Method to Find InltiBasic Feasible Solution [13]. The
algorithm can also be designed for the transporigtroblems [1] and assessing problem
[22]. The present TSP can also be extended to F&aaygh, Fuzzy-rough, Random etc.,
environments. TSPs with time windows also can befibated and solved by the present
algorithm.
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