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ABSTRACT

The traditional Open Vehicle Routing Problem (OVRP) assumes that the
client’sdemand can not be split and the type of vehiclesisthe same, but in
the practical logistics distribution, the type of vehiclesis not exactly the
same, sometimes the transportation cost can be reduced by splitting the
demand of clients to make the best of the loading capacity of vehicles.
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Thispaper proposesthe Split Delivery Open Vehicle Routing Problemwith
Heterogeneous Vehicles (SDOVRPHV) presents mathematic model with
the integer programming, solves the problem with Tabu search algorithm
and improves the generation of initial solution and neighborhood struc-
ture in the algorithm, By experiments, the effectiveness of model is vali-
dated, and the results are compared with the traditional OV RP which indi-
cates that the algorithm can reduce effectively the transportation cost.
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INTRODUCTION

Open VehicleRouting Problem (OVRP) inthere-
aity hasawiderangeof applications, the current OVRP
researchesmainly have: theliteraturd givessomesug-
gestionsto improvethe CW savingagorithm. Litera-
ture? putsforward sometabu search dgorithmsto solve
OVRPwith capacity and path length constraint. Litera-
ture’® putsforward aninteligent optimization dgorithm
with method of threshold acception, under the guid-
ance of threshold value T to search solution space, in
order to get the best solution structure under the con-
straint conditions. Literaturé putsforward accurate
agorithmto solvethistype of problem, thisisan accu-

rate algorithm based on abranch section method. Lit-
erature’® putsforward aforward greedy algorithm to
solve OVRPwithtimewindows. Literature® presents
agenetic agorithmto solve open vehiclerouting prob-
lem by loading capacity constraint.

Inthetraditional OV RP, the clients’ demand can
not besplit, vehicletypeisthe same, thiscan causethe
vehide’sempty loading rate higher, resultinginwaste of
vehicleresources, and therefore, solving thevehicle
routing problemwith split delivery hasbetter practical
significance. Thispaper presentsakind of Split Deliv-
ery Open VehicleRouting Problem with Heterogeneous
Vehicles (SDOVRPHV) to establish aninteger pro-
gramming modd of thisproblem, designatabu search
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agorithmto solvethe problem, comparesand andyzes
theresults.

DESCRIPTION OF SDOVRPHV PROBLEM

Explaining research chronological, including re-
search design, research procedure (intheform of algo-
rithms, Pseudocode or other), how to test and data
acquisition™d, Thedescription of thecourse of research
should be supported references, so theexplanation can
be accepted scientifically24,

SDOVRPHYV isanextenson of OVRP, it refersto
agroup of different type of vehicles starting from the
depot to visit each client with known demand, when
vidtingadient, client’sdemand isnot necessarily com-
pleted by onetruck, but al so by many trucksto com-
pletetogether, that is, multipletrucks can split thecli-
entsneed to completeaclient demand servicetogether,
finaly don’t return back to theorigina depot. Because
of flexible condition that client’sdemand can be split
and different kindsof vehiclesareprovided, vehicle’s
full load can belargely realized, |oading capacity can
befully utilized. Therefore SDOVRPHV iswith mini-
mal cost of vehicles, thelargest useof vehicleloading
capacity and minimum driving distance cost to meset the
needsof dl dlientsto determinethevehicleroute. Among
them, minimizing the cost of vehiclesisthefirst god,
maximizing vehicleloading ability isthesecond godl,
and minimizing the cost of vehicletraveling distanceis
thethirdgod.

For convenience, supposing the split ddliveryisan
integer’s split, the number of depot isO, theclient’s
numbersarel, 2, ..., N. Thevariables are defined as
follows

1 represents vehicle v fromclient i to client |
w70 otherwise

e
% 0

g’ representsthedistribution quantity of vehiclev

fromtheclienti. Thentheinteger mathematical pro-
gramming model can bedescribed as:
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Intheexpressions, y isthe number of vehicles, C
isthemaximum loading of vehiclev; 4 istheunit load
cost of vehiclev, that isthemaximum |loading cost of
vehiclev, maximum load of vehiclev; K isthedistance
fromdlientitoclientj; u isunitdrivingdistancecost of
vehiclev; d isthedemand of clienti; C_isthesmallest
load of different kindsof vehicles.

Inthemodel, expression (1) isthe objectivefunc-
tiontominimizeall used vehiclesand thetotal cost of
vehicledistance, hereinto, thefirstitemisthe cost of
used vehicles; thesecond itemisthe additiona punish-
ment item cost on theresidual load whilethevehicleis
not full, which makesthevehicleto maximizeloading
ability; thethirditemisthecos of used vehicletraveling
distance, whileinthetraditional OV RP, the objective
functiononly hasitem 1 and item 3; Expression (2) and
expression (3) limit vehiclesmust start from thedepots,
andfinally don’t need to returnto depots; Expression
(4) and expression (6) limit at least onetruck canreach
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to each client, and provide them with the serviceand
then leave; expression (7) limitseach client’sdemand
must be satisfied; expression (8) limitsvehicle’sload
should not exceed the maximum |oad of vehicles; ex-
pression (9) limitsthetotal |oad provided by vehicles,
expression (10) limitsthe split delivery must beinteger
split; expression (11) and expression (12) limit al the
vehides

THE DESIGN OF TABU SEARCH
ALGORITHM

Tabu search algorithm(™¥ isakind of global itera-
tiveoptimization dgorithmwith strong loca seerch abil-
ity, by introducing aflexible storage structure and the
corresponding tabu criterion to avoid detour search,
and through thedespising criteriontoforgive someta
boo good states, ensuring that thediversified effective
exploration canfinaly realizegloba optimization.

Initial solution

Tabu search dgorithm startsto search processfrom
aninitial solution, according to the characteristics of
SDOVRPHYV, thispaper adoptsanimproved heuristic
agorithmto generatetheinitia solution*”. For conve-
nient expression, thefollowing variablesaredefined: N
isthedlientsset; T istheclientsset without completing
sarvice; Vistheset of provided vehicles; C istheload
of vehiclesV; RC isthecarrying capecity that vehicles
V candsoload currently, e isthesatisfied delivery quan-
tity of clienti, and e <d; g, isthecurrent load of ve-
hiclev. The specific process of algorithmisdescribed
asfollows

Step 1 : InitidizationT=N—-{0},q,=0,RC =0,¢e
=0(i=12, .. N).

Step 2 : If Tisnot null and V is empty, thereisno
initiad solution, quit; Otherwisein T randomly
select client i, and choose vehiclev with the
largest load in V'to provideclient service, g,
=min{C,,d—-e},RC =C -q,6=€+q,

Step 3 : Ifd —e =0, theninTtheclienti isdeleted.

Step 4 : If g =C, then turn to step 8; otherwiseto
step 5.

Step 5 : InTrandomly select next client j, vehiclev

travelsfromtheclienti to client j to supply
theservice, q,=q, +min{RC,,d —e}, RC,

BioTechnology —

=C,-0q,e=e+min{RC,d —e}.

Step 6 : Ifdj—eJ:O,theninTthecIientj isdeleted.

Step 7 1 If C =q, thenturnto step 8; otherwisei =j,
turnto step 5.

Step 8 : Inset Vddetev, updatetheset T,i.e,, V=V
—{v}.

Step 9 : Repeatsthestep 2to step Quntil settisempty.
Neighborhood structure

Neighborhood structureisoneimportant concept
in the optimization of tabu search algorithm™, andits
functionishow to guideto produceagroup of solution
by asolution. InVRPand OV RP, generdly 1-opt and
2-opt methods are used to produce new solutions. 1-
opt usually choosesaclient point in onepath, and in-
sertsit into another path; 2-opt usualy in 2 pathsre-
spectively choosesaclient point, to do exchange be-
tween two client point positions. Duetotheclient de-
mand can be split in SDOVRPHYV, 1-opt and 2-opt
cannot bedirectly used inthisproblem, therefore, based
on 1-opt and 2-opt this paper does someimprovement
to adapt to the need of questions.

(@) Improved 1-opt

Improved 1-opt is based on 1-opt, randomly se-
lectsaclient point and insertsinto another path, the
position of the minimum distanceincrease caused by
insertingtheclientistaken astheinsertion point, a the
sametime, according to the current requirementsof cli-
ent and the different situations of therest loading ca-
pacity of vehicles, whileintheinsertion, therearetwo
methodsfor selection, direct insertion or at the same
timeto split or mergethedlient’sdemandtoredizethe
reasonable split of client demand, and reducethetotal
cost of vehicdleandtraveling distance. Theformaization
descriptionisasfollows:

Step 1 : Initidization, incurrent solution randomly se-
lect client i andtwo vehiclesv, andv,, which
are corresponding to two paths, v, is re-

questedto carry theload0 < RC, <C, , dli-
entiisintherouteof vehiclev,, thecarrying

load of v, at client point i is g, and
¢ =min{q*,RC,}.
Step 2 : If v, doesn’t passclient pointi and 6 = g,
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theni isinserted into the position that pro-
duces minimum distanceincreaseintheroute
of vehiclev,, i isdeleted fromtherouteof v,,

q'=0,q" =
. If v, does’ tpasschent pointiand9=RC ,
theni isinserted into the position that pro-
ducesminimum distanceincreaseintheroute
of vehiclev,, i isdeleted fromtherouteof v,,

q| 9 q|2_q| 0

. If v, passesclient pointi and 6 = g% , theni

Step 3

Step 4
isdeleted fromtherouteof v,, g* = q* + 6
q* =0.
(b) Improved 2-opt
Improved 2-opt is based on 2-opt that randomly
choosestwo pathsin current solution, inthesetwo paths
respectively and randomly selects a client, and ex-
changes these two clients. In the exchange process,
according to theloading capacity of vehiclesand split
conditionsof client demand, thesplitswhicharenotin
favor of optimization solution are merged, direct ex-
changesthe clientswho do not involveinthe split de-
mand, in order to reducethetotal cost of vehiclesand
traveling distance. Theformalization descriptionisas
follows
Step 1 : Initidization, incurrent solutionsrandomly se-
lect clienti andtwo vehiclesv, andv,, which
are corresponding to two paths, inthe paths
of v, and v, oneclienti or j israndomly se-

lected, thecarryingload of vehiclevis g* a
client pointi, thecarryingload of vehiclev is
q;? aclient pointj.

. If v, doesn’t passclient point j and v, passes
client point i, then deletethei fromtheroute
of vehiclev,, thecarryingload of vehiclev,

Step 2

toclientiis g2 =q" +q*, insertj into the
position of client i in the route of path v,,

Vi — V2

T
. If v, passesclient point j, and v, doesn’t pass
client i, then delete the j from the route of
vehiclev,, thecarrying load of vehiclev, to

Step 3

clientjis i =

sition of client j in the route of path v,,
VZ _ ql

: valpassesclientpointj,andvzpassasclimt

point i, then deletethei from theroute of ve-
hiclev,, thecarryingload of vehiclev, tocli-

[ +0?, inserti intothe po-

Step 4

entiis g% =q* +q", deletethej fromthe
route of vehiclev,, the carrying load of ve-
hiclev, toclientjis q L.

. If v, doesn’t passclient point j, and v, doesn’t
passclient pointi, inserti into the position of

Vi _

Step 5

clientj intherouteof pathv,, g = qg*,in-
sertj intothepositionof clienti intheroute of
pathv,, qi* =

Taboo object, taboo Iength, thecandidatesolution,
despisingcriterion and termination criterion

Intheagorithm, thispaper putseach iterative opti-
mal solution astaboo object into thetabu list; the selec-
tion of tabu length depends on the problem scale, it
wastaken asthe squareroot of the problem scale; the
candidate solutionisselected in thefield of current so-
lution, selectsrespectively thefive optima ascandidate
solutionfromthefield of every state; despisingcriterion
adoptsthe criteriabased on the adaptivevalue; theter-
mination criterion adoptswhen iterationsreach to a
specified value, or inagiven continuousiteration steps
the current best solution has no changeto terminatethe
dgorithm.

SIMULATION

To describethe complexity and uncertainty inthe
redity, intheexperiment the coordinatesof client points
usethe method of random generation, client’sdemands
also adopt the same way, and threetypes of vehicles
aresupposed to provide delivery service.

Molded validation
Tovalidatethe validity of model, this paper pre-
sents an exampl e specification with number of 10 cli-

ents, thedient’sdetailed informationisshownin TABLE
1, among thetable, the client Oisdepot; threekinds of
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vehicleload are 50, 40, and 30, and in thetraditional
OVRPd| vehidesloadish0; dl thevehicle’sunitload
cost 4 =15, driving distance cost u = 10.

TABLE 1: Thebasicinfor mation of 10 clients

clients X Y demand
0 50 50 0
1 17 28 45
2 36 14 49
3 33 81 36
4 36 22 47
5 40 72 46
6 87 20 10
7 14 77 33
8 42 12 22
9 18 71 9
10 7 50 20

Inthe experiment, intheliterature? adopting tabu
searchdgorithmfor thetraditional OV RPthetota cost
is 10547, in this paper the total cost solving
SDOVRPHYV is 9882, which indicates that
SDOVRPHYV canreducevehicletraveing distanceand
total cost, al so verifiesthe effectivenessof themodd.
Theoptimal path resultsare both shownin TABLE 2,
hereinto, T-OV RPrepresentsthetraditiond OVRPpath
table; SDOVPRHYV represents OV RP path tablewith
split demand and different kindsof vehicles, TV repre-
sentsthevehiclescorresponding to SDOV PRHV.

TABLE 2: Theoptimal routeresultsof 10 clients

T-OVRP SDOVRPHV TV
0-2(49) 0-7(33)-10(17) 50
0-9(9)-7(33) 0-8(22)-2(25) 50
0-1(45) 0-9(9)-3(41) 50
0-3(44) 0-4(40) 40
0-10(20) 0-4(7)-2(24)-1(5)-10(3) 40
0-5(46) 0-1(40) 40
0-4(47) 0-5(30) 30
0-8(22)-6(10) 0-6(10)-5(16)-3(3) 30

Parameter settings

Inthispaper, five experiment examplesarerespec-
tively donewith clients number 10, 20, 30, 40, and 50
toA={1 =15u =10},B={1 =15,u =15},C=
{4,=10,u =15} comparingwiththetraditiona OVRP
resultsin literature? adopting tabu search agorithm,
whichareshowninTABLE 3. When/ =15,u =10

and the client number are 10, 20, 30, 40,50, thea go-
rithm result isthe best, therefore, inthefollowing ex-
periments, al thevehicle’sunit|oad cost areset as/, =
15, the unit running cost u, = 10.

TABLE 3: Thesaving cost of SDOVRPHYV under different
parameters

Clients 2, =15, 2, =15, 2, =10,

number u,=10 u,=15 u,=15
10 1015 359 -910
20 1233 533 -1552
30 1612 712 -2285
40 1237 -519 -3084
50 97 -1069 -4354

Analysisand comparewith thetraditional OVRP

Based ontheexperiment exampleswith client num-
bers 10,20,30,40, and 50, comparing with the tabu
searchdgorithminliterature? of traditional OVRPre-
sults, theresultsare shownin TABLE 4, each column
showsasfollows: N isclient’snumber; D isthetota
client’sdemand; T isthetypeof vehicles, SD isthefind
assembly capacity to clientsprovided by vehicles; T-
OVRPisatotd cost of traditiond OVRP, SDOVPRHV
istheOVRPtotd cost of different kind of vehicleswith
split demand; GAPisthesaving rate of thetota cost.

TABLE 4 : Compare of experiment results between
SDVORPHYV andtraditional OVRP

No N D T SD SDOVPRHV T-OVRP GAP/ (%)
1 10 159 504030 170 5750 6867 16
2 10 203 504030 210 8176 9308 12
3 10 268 504030 270 9519 10634 10
4 20 432 1008060 440 14122 15454 9
5 20 463 1008060 480 13800 15324 10
6 20 501 1008060 520 14975 16897 11
7 30 560 15012090 600 17376 19314 10
8 30 688 15012090 720 21001 22843 8
9 30 893 15012090 930 22519 24693 9
10 40 712 15012090 780 22050 23518 6
11 40 863 15012090 930 24666 25954 5
12 40 1147 15012090 1230 31840 31091 -2
13 50 967 15012090 1050 29660 30034 1
14 50 1174 15012090 1260 32606 32651 0.2
15 50 1488 150 120 90 1560 41769 40591 -3

TABLE 4 showsin the above examples, compar-
ing SDOVRPHYV and traditional OV RP, thetotal cost
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reducing rangeisabout -3% to 16%, inaverageit re-
ducesby 6.8%, itisshown SDOVRPHYV can savethe
total cost. Intheexperimenta results, totheclient num-
ber being 10, 20, 30, thesaving rate of total costisin
8%-16%, to the exampleswith client number being 40
and 50, thetotal cost saving ratesis between -3% to
6%, but the SDOVRPHYV total cost isgreater than the
traditional OVRPtotal cost, and comparing with the
examplesof client number being 10, 20, and 30, the
savingrateof total cost of SDOVRPHYV isrdativede-
creased.

InTABLE 4 there appearsnegative saving ratein
theexamples 12 and 15, thefollowing alarge scal e of
experimentsaredoneto theexampleswith dients’ num-
ber 40 and 50.

M [—=SpovRrAY :
12 |—@— OVPFR
el M-SDOVRPHY
0k
"‘a‘ *
8 n}
=
] N
S %
ut
fran
20 1 b L 1 1 L L L L L

I 2 3 4 = & 7 g % 10
Number of examples

Figure1: The compareresults of exampleswith clients’
number 40

4Tr

—4+— SDOVRPHY
44~ | —8— OVPR

wemedr== WS DOVRPHY

41

18

Total Cost

15

29 1 L L L L
1 2 3 4 5 6 T 8 9 (3]

Example number
Figure 2 : The compare results of examples with client’s
number 50

Thispaper chooses 10 examplesto do experiments,
fromfigure 1 and 2; thetotal cost of SDOVRPHYV is

greater than thetraditional OV PR total cost to some
examples. Infigure 1, to the 10 exampleswith client
number being 40, there are four SDOVRPHYV total
costsgreater thanthetota cost of traditional OVRP. In
figure2, tothe 10 exampleswith client numbersbeing
50, thereareeight SDOVRPHYV totd costsgrester than
thetraditional OVRP.

Inthe exampleswith clients number being 40 and
50, this paper adjuststhe mode! parameter C_asC_/
2inexpression (9), strengthensthe constraintsof pro-
vided vehicleassembled capacity, reducesvehicle cost,
makesthe split rationalization, and compareswiththe
traditional OVRP, the results are shown as
SDOVRPHV and OVRPinfigure 1 and 2, hereinto
the SDOVRPHYV tota cost of 10 exampleswith client
number 40islessthantraditional OV RPtotal cost; the
9 SDOVRPHYV totd cost from 10 exampleswith client
number 50islessthan traditional OVRPtota cost; in
general, good resultsare obtained.

CONCLUSION

This paper studiesthe open vehiclerouting prob-
lem of different kindsof vehicleswith split demand, the
problem isdescribed, based on theinteger program-
ming to establish itsmathematical model, and designs
thetabu search algorithm for the problem, comparing
theresultswith thetraditionad OV RP problems, thegood
results are obtained. Thusin certain circumstances
throughthesplit delivery, maximizing theuseof vehide
load can reducethetota cost of vehiclesand traveling
distance, these provide certain referencefor futurere-
searchwork andin practiceto solvethevehiclerouting
problem.
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