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Abstract - This paper illustrates results obtained by a
new metaheuristic approach, GreedyRandomized Adaptive
Search Path Relinking, applied to solwe static power trans-
mission network designproblems. This new approach con-
sistsof a generalization of GRASPsconceptsto explore dif-
ferenttrajectories betweentwo “high-quality” solutions. The
results presentedwere obtained from two real-world case
studiesfrom Brazilian systems.
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1 Intr oduction

HIS PAPERwiIll presentresultsobtainedby a new

metaheuristicsapproach — Greedy Randomized
Adaptive Path Relinking, see [3], applied to solve
long term power transmissiometwork designproblems.
GreedyRandomizedAdaptive Path Relinking — or just
GRAPR - consistsof a generalizationof GRASPS ba-
sic mechanismgo managethe trajectory exploration of
PathRelinkingapproactj14]. GRASPwasformalizedby
FeoandResenden [11] andits basicmechanismsarea
greedyrandomizedconstructionphase wherea feasible
solutionis iteratively built througha greedyrandomized
procedure;and local searchphase,wherethe neighbor
hoodof the constructiorphasesolutionis explored.

TheideabehindGRAPRIs to improvetheexploration
characteristicef thePathRelinkingapproachwhich con-
sistsin the generationof just one pathto connecttwo
“high-quality” solutions.However, averylargenumberof
differentpathsexist and,hence severaldifferentsolutions
couldbereachedxploring thesedifferenttrajectories.

Static power transmissionnetwork designproblems
consistsn choosing,from a pre-de nedsetof candidate
circuits,thosethatshouldbebuilt in orderto minimizethe
investmentand operationakosts,andto supplythe fore-
casteddemandalonga planninghorizon. This problemis
dynamicbecausedt aimsto determinethe stage-by-stage
transmissionexpansionplan. A subproblemof the dy-
namicversionis the static problem,which aimsto deter
mine, for a givenyearin the future, whele andwhattype
of new transmissiorfacilities shouldbe installed,i.e. the
timing consideratioris relaxed.

This paperaddresseshe static version of the trans-
mission designproblem, which is also a combinatorial
problem. Becauseof its combinatorialnature, nding an
optimal solutionis a very hardtask. Both, combinato-
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rial techniquesand heuristicapproachesould be used,
but the use of combinatorialtechniquess restrictedto
smallor medium-scalénstanceslueto its complexity. On
the otherhand, heuristicapproachesould provide high-
quality, but not necessarilyoptimal, solutionsin an ac-
ceptablecomputationatime, evenfor large-scale.How-

ever, working with goodfeasiblesolutionsis not bad,be-
causethe problembeingsolvedis just a small part of the
whole, muchmorecomple, power transmissiometwork
designproblem. Severalmetaheuristicenethodshave al-
readybeenproposedo dealwith this problem,Simulating
Annealing[17, 13], GRASP[5, 4], Talu SearcH12, 20],

GeneticAlgorithms[12, 7].

Thepaperaimsto showv theeffectivenes®f GRAPRIn
solving power transmissiometwork designproblemsand
is organizedasfollows: Section? presentsheformulation
of thestaticpowertransmissiometwork designproblems.
Section3 introduceghe conceptof GreedyRandomized
Adaptive Path Relinkinganddiscusse#s similaritiesand
differencewwith its antecessor§&;RASPandPath Relink-
ing. Sectiond illustratesthe resultsobtainedby GRAPR
in solving two real world casestudiesof power trans-
missionnetwork expansionproblems. Finally, section5
draws someconclusionsandpresentsomedirectionsfor
futuredevelopmeniandinvestigation.

2 Static power transmissionnetwork design
problems

Denotingby N the setof all nodes(cardinalityof N
is written asjN j), by E the setof existing branchesand
by C the setof all candidatebrancheghat may be added
to theinitial network, the staticlong-termpowertransmis-
sionnetwork designproblemcanbeformulatedas

minimize z = X Ck| Xk| ; Subjectto: (1a)
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wherecy, is theinvestmentostto build candidatébranch
kl. B andC representhe setof all existing and candi-
datebranchedlirectly connectedvith busk. Superscripts
indices® (*) arereferencedor existing (candidate)et-
work variablesrespectiely. Usingthisnotation f | isthe
power o w in thebranchkl, gy is theactive generatiorat
nodek, , stateshebranchsusceptancir branchkl, g
is thek-nodevoltageanglef ,, andg, staterespectiely,
kl-branchcapacityandk-nodegeneratiorimit.

The objective function correspondso the investment
costs of new transmissionfacilities. In this formula-
pon the operationcostsare neglected,otherwisea term

won G20k, Wherec? representshe unit costof gener
ation at bus k, mustbe introducedin the objective func-
tion. Constrainty1b) arethe power o w balanceequa-
tionsfor all nodesof thenetwork, andconstraintg1c)and
(1d) arethe linearizedpower o w equationsfor the ex-
isting and candidatenetwork. The remainingconstraints
are operationallimits and integrality conditions. Con-
straints(1h) representhe integrality conditionsover the
decisionvariablesx. Notethatif thekl candidatebranch
is not built, i.e xx; = 0, the correspondindranch ow
overthiscandidatéranchis requiredto bezerobecausef
constraint(1f). Also, the secondKirchoff law (1d) should
not be enforcedfor this branch.On the otherhand,when
Xkl = 1,i.e.thekl-th candidatdranchis built, thesecond
Kirchoff law is madevalid, the branch o w is limited by
f . andconstraini(1c) mustbeenforced.

Theproblem(1)isamixednon-linear(0 1) program-
ming problem.Solvingit by classicalcombinatorialopti-
mizationapproachege.g. branch-and-bounds very dif-

cult. Onealternatve is to employ heuristicapproaches,
which canprovide goodfeasiblesolutions,but not neces-
sarily the optimal. Examplesof heuristicapproachesare
greedymethodghatselectonecandidatesircuit to be built
atatime, i.e. the vectorx is iteratively constructed.Let
thevector® representhis partialsolution.If we substitute
x = R in (1) wewill getthefollowing LP problem,

X
minimize 2 = rg; subjectto: (2a)
X k2N
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wherery is the unsuppliedoad in the k-th busand?2 is
theamountof unsuppliedoadin the network. Notethan,
2 canbe usedasa measuraf network infeasibility for the
trial transmissiorexpansiorplan(R). In caseof 2 = Othe
trial solution® is afeasiblesolutionof problem(1), i.e. ®
is afeasibletransmissiometwork expansionplan.

3 Greedyrandomized adaptive Path Relinking

Greedyrandomizedadaptve Path Relinking consists
of a generalizatiorof GRASPconceptdn orderto better
explore pathslinking two guiding solutions,or the paths
endpoints. Thus, initially we will describethe GRASPs
conceptsisedandthe Path Relinkingapproach.

The GRASPmetaheuristi¢11] is a multi-startandit-
eratve approachin which eachGRASPiterationis com-
posedof two phases:constructionandlocal search.The
best,overall solution,is reportedasthe nal solution. A
genericpseudacodeof GRASPIs illustratedin Figurel,
whereMaxlter is thenumberof GRASPiterationsand
Seed is the initial seedfor the pseudo-randonmumber
generatar

procedure GRASPMaxlter,
1 Readlnput() ;

Seed)

3 ®
4 R
5 X
6 enddo,
7 return x
end GRASP

RandomConstruction(Seed) ;
LocalSearch( %) ;
UpdateSolution( R);

Figure 1: Generalescriptionof GRASP

Thebasicmechanismsf GRASPareconstructiorand
local searchphases.In the constructionphase a feasible
solution must be built by a randomizedadaptive greedy
algorithm. Thus,theimplementatiorof the GRASPcon-
structionphaserequiresthe selectionof a greedyfunction
for theproblembeingsolved. Thelocalsearctphasestarts
from the solutionprovidedby the constructiorphase Us-
ing an enumerationprocedurethe neighborhoodof this
solutionis explored. Improvementsfound by this phase
in the currentsolutionshouldcausea restartof the local
searctphase.

Path Relinking was originally proposedas an inten-
si cation strat@y to explore trajectoriedinking two elite
solutions. The ideabehindPath Relinking is to mix at-
tributes of both guiding solutions, exploring the search
spacebetweerthemwith theobjective of discoveringnew,
and better solutions. The processof introducingargu-
mentsin asolutioncharacterizeamovementn theneigh-
borhood,andan iterationof Path Relinking,i.e. make a
movementcheckfeasibility andoptimality, make amove-
mentandsoforth, until theguidingsolutionis reached.

In the original Path Relinking approachmovements
are selectedbasedon a given greedyfunction, i.e. all
movementsfrom a solution should be analyzedand the
bestone,accordingto a greedyfunction, is selectedo be
done. Thus, Path Relinking approacicanbe viewed asa
greedyprocedureaccordingto the objectie of exploring
trajectorieshetweerntwo givensolutions.

To improve the explorationcharacteristiof Path Re-
linking, we are proposingapplying GRASP construction
phaseconceptdo randomizethe selectionof whatmove-
ment shouldbe selectedat eachiteration of a path con-
struction, thus introducinga degree of diversi cation in



the search. Remarkthat now mary trajectoriescan be
explored linking the two guiding solutions,but compu-
tational time will also be higher As this new approach
inheritsits characteristicfom bothGRASPandPathRe-
linking, we denominatét GreedyRandomizedAdaptive
PathRelinking,or just GRAPR.

3.1 Implementation

First we will presenthow we have implementedPath
Relinking to solve power transmissionnetwork design
problems. We use,asguiding solutions,thei th iterate
solutionfound by a GRASPapproachand an elite solu-
tion selectedat randomfrom an elite setE (size(E) =
EliteSize ), andinsertanew phase-PathRelinking
—in themainloop of GRASR asillustratedin Figure2. In
line 7 thecurrentGRASPsolutionis relinkedwith anelite
solution,andvice-versain line 8. Further GRASP+PRp-
proachneedsanadditionalparameterthe sizeof elite set,
andtwo new procedurespneto insertnew solutionsinto
the elite set,line 5, andanotherto selectanelite solution
from theelite set,line 6.

procedure GRASP+PRMaxliter,Seed,EliteSize )
1 Readlnput() ;
2 fork = 1;:::; Maxlter do
3 R RandomConstruction(Seed) ;
4 R LocalSearch( R);
5 E UpdateEliteSet( R) ;
6 E SelectSolution( E);
7 2R PathRelinking( % E;%);
8 ®  PathRelinking(  E;%; R%);
9 x UpdateSolution( %) ;
10 endda
11 return x
end GRASP+PR

Figure 2: GRASPwith PathRelinkingpseudo-code.

To becomean elite solution, the solution® mustbe
eitherbetterthanthe bestmemberof E, or betterthanthe
worstmemberof E andsufciently differentfrom all other
elite solutions(how differentit mustbeis anuserparam-
eter). Initially this setis emptyandthe costof the worst
elite memberis arbitrarily setto in nity , andis kept set
toin nity until the rst EliteSize elite transmissiorex-
pansiomplansareincludedin theelite set.

The rst functionthatmustbe donewhenimplement-
ing a Path Relinking procedurds onethat builds a struc-
ture of all movementghat,whenappliedto theinitial so-
lution, will lead to the guiding solution. This function
(Diff ), line 3 of Figure3, comparesolutionsgS andg '
returningtwo vectors 2 (and ') containingtheindex of
all candidatecircuitsthat shouldbe addedto (or removed
from) ®S to reachthesolutionk” .

The secondkey point of arny Path Relinking imple-
mentationis the movementselection,which, is donein
lines6 and 10. In the rst case,a candidatecircuit be-
longing to the setof circuits that mustbe removed from
initial 85, T, is selectedo beremaved. Theindex used
to rankthesemovementss theinvestmentost,suchthat
theremoval of themostexpensve candidatecircuitin - '

is the greedymovement,madein lines 6 and7. Follow-
ing, the candidatecircuit removal, the infeasibility of the
resultingnetwork mustbe recomputedline 8) and,if the
network remainsfeasible,i.e. 2 = 0, the working solu-
tion ® is candidateo betheresultof PathRelinking
procedurelines14 and15.

procedure PathRelinking(  ®S;2T;2R)

1 Zmin = min cost (&S);cost (*7); cost (RR) ;
kmin - k‘R,

2 R = %S;

3( @ ") Diff (85;87);

4 whilej @[ "j 2do

5 if "= returngf™n ;

6 kl=argmaxj. rfcjg;

7 Ra=0, r= rnkl;

8 Solve program (2);
9 while2>0and 26 ; do

10 kIl = argmaxj2 afhjg;

11 Rl = 1, &= ankl,

12 Solve program (2);

13 enddg

14 if 2= 0andcost (R) < Zmin

15 Zmin = COSt (R); Xmin = %,

16 enddg

17 return R™"

end PathRelinking ;

Figure 3: PathRelinking pseudo-code.

Oncethe network is infeasible,i.e. 2 > 0, candi-
datecircuits mustbe added.n orderto selectwhich ad-
dition movementshouldbe done,line 10, we useanin-
dex basedon the sensitvity of the operationproblem(2)
with respectto the branchsusceptancd,e. %. It was
shawvn in [9] that one can estimatethis sensitvity index
by =8 Ok 1);8kl 2 C where {isthe
Lagrangemultiplier (dual variables)of constraint(2b) in
problem(2) Usually this index is negative indicatingthe
maiginal bene t of addinga new branchto the network.
To take into accountthe investmentcosts,we de ne the
greedyfunctionhy, in function of the feasibility sensitv-
ity , dividedby thecostof eachcandidatebranch,i.e.

hg = —K:8kl2C 3
i ~ 3

Then,the greedychoicefor the additionmovementin
PathRelinking proceduras to selectandaddthecan-
didatebranchin 2 with the highesthy, value,asindi-
catedin lines10 and11 of Figure 3. Following the addi-
tion movement,the infeasibility of the resultingnetwork
mustbe recomputedline 8) and, if the network remains
infeasiblea new additionmovementshouldbe done.Oth-
erwise,if 2 = 0, thenew working solution® is againcan-
didateto bethesolutionof PathRelinking procedure,
lines14and15.

Insteadof taking always greedy movements,which
couldjeopardizethe power of Path Relinking,in GRAPR
the movementselectionis choserat randomfrom thelist



of movements " or 2. Inthe rst case(removal move-
ment), the candidatecircuit to be removed is randomly
selectedrom therestrictedcandidatdist,

RCL= kl2 "je R@® © o ©T; 4

where R is a parameterc = max;j > « fcj gandc =
minj 2 - fcj g. weuse R = 1.

In the secondcase(addition movement),the move-
ment selectionis made basedon the greedy function
hq;8kl 2 2 Dening h = maxyqz a(hg) and
h = maxy2 r(hg), the restrictedcandidatdist of ad-
dition movementgRCE) canbe computedby

RCE= kl2 3jh R h h hg h: (5

Using standardGRASP conceptsthe movementse-
lectionis alwaysmadeatrandom.However, it wasshoved
in [4] that the useof linear bias functions, insteadof a
randomfunction, produceetterresultsfor a GRASPfor
this problem. Then,in GRAPRwe alsoimplementeda
linear bias function de ned as bias(k) = %;k 2 RCL.
where jRCL. is the size of the RCL Let rank(kl) and
bias(rank(kl)) denote, respectiely, the rank and the
value of thelinear biasfunction for the candidatebranch
(kI). The probability of selectingthis candidatebranch
from RClLis,

Py = P blas(rfank(kl)) . ©)
(i y2 rePias(rank(ij ))
Introducing these modi cation in the Path Relink-
ing pseudo-codeijllustratedin Figure 3, we obtain the
GRAPRprocedureijllustratedin Figure4.

procedure GRAPRpias, 25; %7 ; ®R)
1 Zmin = min cost (%%); cost (RT); cost (R) ;

Rmin - R‘R;
2 2= 2%S;
3( % ") Diff (R%;RT);
4 whilej 2[ "j 2do
5 if "= returng™n ;
6 Build RCL according to (4)
7 kIl = RandSelection(bias;RCL);
8 R =0, r= rnkl;

9 Solve program (2);
10 while2> 0and 26 ; do
11 Build RCE according to (5);
12 kIl = RandSelection(bias; RCE);
13 Rl = 1, a=ankl;
14 Solve program (2);
15 enddg
16 if 2= 0andcost (R) < Zmin
17 Zmin = COSt (R); Xmin = &,
18 endda
19 return RMin ;
end GRAPR

Figure 4: Greedyrandomizedadaptve Path Relinkingpseudo-code.

4 Computational results

The GRASPfor transmissiometwork expansiorplan-
ning wasimplementedisingC andFortranprogramming
languagesandtheresultsreportedvereobtainecdbnaPC-
Pentiumlll, 500MHz with 192Mbytesof memory

Two power transmissiorexpansioncasestudieswill
be presentedo illustrate our approach. The rst case
studycorrespondso a two-high voltagelevel network of
the reducedsouthernBrazilian system. It hasbeendis-
cussedn mary referencesincluding[6, 4, 16, 10, 9, 18,
19]. Thesecondtasestudyrefersto thereducedoutheast-
ernBraziliansystemwhich hasbeenstudiedin [4, 15, 8].
Datafor thesecasestudiescanbe obtainedby emailor in
referencd2].

Both, Path Relinkingand GRAPRwereimplemented
besidesa GRASPapproachwith anelite setof solutions.
Guiding solutionswere the GRASP iterate solution and
an elite solution,which is selectedat random. To assess
theeffectof PathRelinkingandGRAPRwithin a GRASP
approactfour casesvereformulated:traditional GRASR
GRASPwith PathRelinkingandGRASPwith GRAPR.In
thislastcasetwo instancesvereused,10and50iterations
of GRAPR.EachcasewasprocessedOtimes,with linear
andrandombiasfunctionand ve differentinitial random
seedsThenumberof GRASPIterationswas500, the size
of the elite setwas20, GRASP parametewasadjusted
by a reactve approachusing = 1, cardinality of set
A = 10andk blockvalue50. Neighborhoodtructuran
the GRASPIlocal searchwasl exchangeAdditional de-
tails of GRASPparametersasthereactve approactused
to self-adjust canbeobtainedn referencd4].

4.1 TheReducedouthermBrazilian Network

ThereducedsoutherrBrazilian network has46 nodes
(2 of themarenew generatiorunitsandmustbeconnected
to thenetwork, nodes28and31), 62 existingbranchesand
17 new rightsof way (corridors). Thenumberof candidate
circuitsis 237(3 (62 + 17)). Figurel givesanideaof
the topologyof this power systemandillustratesexisting
circuits (solid lines). Circlesandarrowns areusedto indi-
cate,respectiely, the mainload andgeneratiorbuses.If
we formulatedthis problemasproblem(1), it would have
237 binary variables,437 linear variables,and 345 con-
straintsexcludingboundson variables.

The optimal solutionfor this casestudywas rst pub-
lished, asa bestknown upperbound,in [18] but it was
provedto bethe optimal solutionin referencd6]. Its in-
vestmentcostis US$15426 millions, which corresponds
to theadditionof 16 candidatesircuits. Tablel andFigure
5 presentrespectiely, thelist of candidatecircuitsadded
andthe resultingnetwork whereall 16 additionsarerep-
resentedy dashedines. Investmentostsobtainedin all
runsof this casestudyaresummarizedn Table2.

Remarkthatin all caseghe optimal solutionwasob-
tained.Analyzingtheaveragevalueswe canseethatusing



linearbiasfunction producedetterresultsthatusingran-
dom bias function. Further mixing GRASPwith either
Path Relinking or GRAPR also producedimprovements

in theaveragevalues.
Table 1: Bestknown solutionfor thereducedsoutherrBraziliansystem.

From To #add. | From To #add.
26 29 3 19 25 1
42 43 2 46 6 1
24 25 2 31 32 1
29 30 2 28 30 1

5 6 2 20 21 1

Table 2: Solutionvaluesfor all GRASPcasedor thereducedsouthern
Braziliansystem

linearbias randombias
avg. best avg. best
GRASP 154.26|| 154.26| 154.26| 158.34
GRASP+PR 154.26 || 154.26| 154.26| 156.20

GRASP+GRAPR-10| 154.26 || 154.26 || 154.26| 156.98
GRASP+GRAPR-50| 154.26 || 154.26 || 154.26| 156.20

TheaverageCPUtime requiredto processll caseof
GRASPwasabout8:5min whenlinear biasfunctionwas
applied,and11:5min whenusinga randombiasfunction.
Using GRASP+PRcauses little increaseof CPU time,
in the rst caseit wasabout10; 7min andin the second
around14; Omin. GRASP+GRAPRconsideringlO path-
constructionat eachGRASPiteration,consumesround
17:2min and21min in the second Finally, GRAPRbuild-
ing 50 pathseachGRASP iteration requiresmuch more
time thanin the prior casestudy 42:2min wererequired
in the caseof linear biasfunction and43min in the case
of randombiasfunction. The differenceobsenedin the
elapsedCPUtime regardinglinearandrandombiasfunc-
tionsis becausehe constructiorphaseusingtheformeris
muchmoreobjective thanthelatter

4.2 TheReducedoutheasterBrazilian Network

The reducedSoutheasterBrazilian network has79
nodesand 155 existing branches. Figure 6 shavs the
network systemjllustrating existing circuits (solid lines),
main consuming(circles) and main generation(arrons)
regions. Formulating this problem as problem (1), it
would have 429 (3 143 binary variables,821 linear
variablesand 663 constraintsgxcluding boundson vari-
ables. This probleminstanceis much more dif cult to
solve, not only becausehe numberof candidatecircuits
is higherbut alsobecausaét is necessaryo selectcandi-
datecircuits among ve differentvoltagelevels (750kV,
500V, 44KV, 33kV and23V).

The optimal solutionfor this casestudyhasaninvest-
mentcostof US$422millions obtainedwith the construc-
tion of 24 candidatecircuits. This solutionwas rst pub-
lished(asanupperbound)in ref. [4] but proved optimal
in the work [1]. Table 3 and Figure 2 presentsrespec-
tively, thelist of candidatecircuitsaddedandtheresulting
network wheredashedinesrepresenthecandidatesircuit
additionsneededInvestmentostsobtainedn all runsof
this casestudyaresummarizedn Table4.

Table 3: Bestknown solutionfor thereducedsoutheasterBraziliansys-
tem.

From To #add.| From To #add.
224 227 2 210 41 2
255 259 2 220 242 2
226 242 2 220 250 1
234 237 1 221 224 1
245 253 1 245 239 1
244 245 1 226 259 1
211 246 1 226 227 1
250 251 1 207 206 1
207 209 1 249 250 1
216 215 1

Table 4: Solutionvaluesfor all GRASPcasedor thereducedsoutheast-
ernBraziliansystem

linearbias randombias
avg. || best| avg. || best
GRASP 431.8|| 424 || 454.0 || 443

GRASP+PR 429.0 || 424 || 446.4|| 430
GRASP+GRAPR-10|| 427.6 || 424 || 447.6 || 443
GRASP+GRAPR-50|| 423.6 || 422 || 445.8 || 443

First,it canbeseernthattheoptimalsolutionwasfound
only onetime, usinga GRASP+GRAPRapproactwith 50
pathgenerationandlinearbiasfunction. Regardingto the
biasfunctions,the remarksarethe sameof the prior case
study i.e. constructionphaseusing linear bias function
producedetterresultsthanusinga randombiasfunction.
Analyzing averagesolutionsvalues,we canseethatlink-
ing GRASPandelite solutionsbuilding justonepath(case
of Path Relinking) or several paths(caseof GRAPR)im-
provedtheresults.

Concerningto the CPU time, it was requiredabout
25min in averageto procesall 5 casestudiesof GRASP
with linearbiasfunctionand38min to procesgherandom
bias function casestudies. When GRASP and Path Re-
linking is used theaverageCPUtime increaseso around
22min and41min. Building 10 pathswith GRAPR each
iterationof GRASPrequiresabout32min in the rst case
and53min in the second Finally, building 50 pathsin the
GRASP+GRAPRapproachconsumesin average42min
with alinearbiasfunctionand79min with arandombias
functionof CPUtime.

5 Conclusions

Greedy randomized adaptve Path Relinking —
GRAPR-is anew metaheuristi@pproactto solve com-
binatorial problems. It consistsof a generalizationof
GRASPconceptsn orderto improvetheexplorationchar
acteristicof PathRelinkingapproachInsteadof building
justonepathbetweerntwo guidingsolutionsasin the Path
RelinkingapproachGRAPRrandomizeghe selectionof
movement,generatingseveral paths. Hence,the search
spacsds betterexplored.

In this work we have illustratedthe resultsobtained
by GRAPRIn solving two different casestudiesof real
world staticpower transmissiometwork designproblems



with Brazilian network systems.In both casesthe appli-
cationof GRAPRwasa successFor thereducedsouthern
Brazilian southernsystem,jmprovementsmadewere not
signi cant but GRAPRachievedthe optimalsolution. For
the reducedsoutheasterBrazilian system,GRAPRim-
provedthe solutionprovided eitherby a GRASPor by a
GRASPwith PathRelinking.

Basedon the resultsshaved, we can concludethat
GRAPR can be appliedto solve real world instanceof
static power transmissiometwork designproblems. Fu-
ture work will be madewith the objective of reducing
the CPU time requiredby GRAPR approach. Also, we
will checkif GRAPRcanreplacethe GRASPIlocal search
phase,which is the most time consumingphasein a
GRASPprocedure.
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