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Abstract

Moderntransportatiorproblemsare highly dynamicandtime critical. A plan-
ning systemfor transportatiorproblemsmustthereforeincludeefficient andflexible
planningandreplanningstratgies. In this paperwe introducea generalagent-based
framework for highly dynamicorderbasedtransportatiorplanningproblemswhere
atacticalplannerandseveral operationaplannergonefor eachtransportagent)are
distinguishedIn particularwe discusgherole of thetacticalplannerresponsibldor
dynamictask allocationof ordersand we presentsomepreliminary resultsof task
allocationheuristican suchdynamicervironments.

1 Introduction

Thetransportatioproblemwewill discussonsistof anumberof (transportationggents
capableof moving cargo units containingfreight. Theseagentscanbe cooperatie (the
scenariowhich we are primarily interestedn), or competitve. Customersare placing
transportatiororders. Someof theseordersmaybe known far in advance someof them
haveto beexecutedalmostimmediately Customersrealsofreeto retractor modify their
orders.Associatedvith anordero thereis a specificatiorof its time windows, its profit if
it is executedwithin the time windows andits penaltiesf it is rejectedor the agentail
to executeit within the time windows specified: Finally, thereis a staticinfrastructure,
representedy locations,roadsbetweenthem, global travel times, and distance®n the
roads.

The questionis how to assignordersplacedby the customergo the transportagents
in sucha way that the total cost, which is dependenbf time, distanceand the penal-
ties assignedijs minimized? Even simpler problemsthanthis one are easily shavn to
be intractable[4]. Thereforeary practicalsolution mustbe basedon clever heuristics,
i.e., problemsolving methodsthat produceacceptablesolutionsbut not necessarilythe
optimalones.

We modelthis problemusinga hierarchicalgent-basedpproach(seeFigurel). On
the higher level, we have a tactical planning agent responsiblefor handlingincoming

1Thereis atime window for pickupandatime window for delivery of theorder

2The problemdescriptioncanbe easilyextendedto includenon-constanpenaltiesdynamicinfrastructure,
variablenumberof transportagentsandcaigo units, andvariablecapacities.However, sinceplanningis com-
plicatedenoughasit is, we have choserto excludetheseaspectgor now.



ordersandallocatingthemto individual transportagents. On the lower level, we have
the transportagentstaking careof the operationalplanningandits execution. Sucha
transportagent/operationgdlannemmaybeatruck driver or acomputemprogramrunning
onanAutomatedGuidedVehicle(AGV). Eachoperationaplanneris only awareof those
planspartsassignedo it by thetacticalplanner

Ordersplacedby customersarereceved  orders cost function
by thetacticalplannerandcontaininforma- l i
tion aboutwhich freight hasto be moved,
whenandwhereit shouldbepickedup,how
muchtime the loadingtakes, similar infor-
mation aboutthe delivery and the penalty
thatis incurredwhenthe orderis not exe-
cuted(in time). The tactical planneruses
this information, togetherwith its knowl-
edgeof theinfrastructureandthe costfunc-
tion usedby the transportagents,;to com-
puteaplan,consistingof orderassignments.
Theseorderassignmentsonstituteasequence
of ordersfor eachagentA, thatit would normally be ableto execute* Theseorderas-
signmentsarecommunicatedo the correspondingransporiagent.

Eachoperationalplanneris responsibldor executingthe ordersassignedo it. It is
alsoresponsibldor communicatingary (expected)deviationsfrom the orderswhencon-
tingenciesoccur, suchthatthe tactical plannercanadequatehadjustplansif necessary
Sinceoperationaplannersoperateon aninfrastructurethey may have meango commu-
nicatewith theinfrastructurege.g. for AGVsto claim partsof aterminal,or for trucksto
obtaintraffic information(see[1] for moredetails).

In this paperwe will concentraten heuristicsfor the tactical planner. We startby
giving a detailedlook at the tacticalplannerand presenipossibleheuristicsfor it. Next,
we describesomeinitial experimentghathave beenperformed.Theseexperimentsvere
limited to a staticervironmentwherenoincidentsoccurandgive anindicationof theper
formanceof the developedheuristics.Finally, we presentheresultsof thesepreliminary
experimentandconclusions.
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Figurel: Plannetierarchy
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2 Thetactical planner

Thetacticalplannerfocuseson efficient distribution of the orders.Of coursejt couldbe
realizedusinga general-purposplannerandreplannersuchas[3] and[6]. However, due
to the specificnatureof the planningtaskandthe environmentin which this modulewill
be embeddedwe have choserfor a special-purposplanningmodule.

For eachtransportigentthetacticalplannerstoresalist of theordersthatarecurrently
assignedo thatagent.Thisis asimplesequencef pairsof pickupanddeliverylocations,

S3Thetacticalplanner doesnot have to literally copy the orderdatainto an orderassignmentFor example,
it mightrestrictthetime window of anordersuchthata laterordercanbe senedontime. It mightevencreate
additionalordersby itself, for exkampleto move atransportagentwithoutfreight to the pickup placeof the next
order

4Thatis, if noincidentsoccur



alongwith their associatedime windows > Theslad betweertwo consecutie locations
is theamountof time thatcanbewastedduringthetravel, while still beingontime atthe
next location. For example,if the distancebetweenocationsA andB is 3 andanagent
shouldvisit A attime 1 andB attime 6, the slackwould be 2.8 The slackof anordero,
in asequence,_,,0;,0,_, is thetime thatcanbelostfrom themomentof deliveringo,_,
to the momentof pickupup o, ;. This slackis animportantfactorin tacticalplans: if
the averageslackbetweenwo actionsin a planis small, the planis efficient. However,
alarge averageslackmakesthe plan morerobustfor disruptions:thereis moretime for
recoveringerrors.Hence theamountof slackdetermineshetrade-of betweerefficiency
androbustnessn plans.

An orderis atuple o = (f,s,Ts,ws,d, T, wy, p) describinga freight f thatis to be
pickedupatasourcdocations, within atimewindow Ts, andto bedeliveredatdestination
d within atime window T,. Also includedarethetimesws to load andw, to unloadthe
freight, asis the penalty p for not executingthe order o within the giventime. Upon
receiptof anorder, the plannerfirst triesto insertthe new orderin betweentwo existing
(alreadyassignedprders.If thisfails,theplannerhasto reshufle ordersin orderto come
up with aschedulén which all ordersareincluded.

The generatecplan is communicatedo the agentsby meansof order assignment
messagesEachsuchmessagdells the agentthat it hasto move from onelocationto
anotheyandwhich cago-unitandfreight areto be transferredif ary). Note thatempty
rides aregeneratedvhennecessaryi.e., whenezer the destinationocationof oneorder
differsfrom the pickup locationof the subsequentrder, an additionalorderassignment
is communicatedhat tells the agentto go from oneplaceto another This allows for a
standardorm of communicationdetweerthetacticalandoperationaplanner

The tactical planneralso receves order changes Theseoriginate from either the
customeror an operationaplannerdetectingan incidentthat cannotbe resohed within
the giventime windows. Changesarriving from customersaneitherbe changewithin
orders(suchasanew pickuptime window or deliverylocation)or completecancellation
of orders. In the latter case,the orderis simply removed from the plan. In the former
casewe have to examinetheimplicationsof the changeon theplan.

Orderchangeghat are dueto contingenciesletectedby an operationalplannerare
communicatedhroughstatusmessges Suchmessagegreportthe progresof anopera-
tional plannewheneverit finishes(partof) anorderor whenit detectdncidentsit cannot
handleon its own. Thesemessagesontain(a) the currentpositionof the agent,(b) the
typeof incidentand(c) anestimateof the delaytheagentexpectsfor his orderto bedeliv-
ered.Thisinformationis usedby thetacticalplanneno decidewhatto do with this order
andthe otherordersassignedo thatagent.For example,if anorderis delayedsuchthat
anagentcanstill carry outits next assignmenin time, the tacticalplannermight decide
to justlet theorderbedelayednsteadof trying to rescheduléhe orderto anotheragent.

SEmptyridesbetweerordersarenotincludedin this list. They arehawever sentto theoperationabgents.
61n this paperwe will assumehatthe speecf vehiclesequalsonedistanceunit pertime unit.



maximizeSlack(orden, agentsh) minimizeSlack(ordeo, agentsA)

1. for eachagenta € A calculatethe
slackfor o whenit is included,i.e.,
the time that can be lost when exe-
cuting o while a is still in time for
thenext order

1. for eachagenta € A calculatethe
slackfor o whenit is included

2. assigno to the agentwith the small-
estslackvalue.

2. assigno to theagentwith thegreatest
slackvalue.

Figure2: Slack-basetheuristics

3 Theplanning heuristics

Thetacticalplannerhasto selectagentgo executeorders. To reachan optimal solution
thiswouldrequiretheplannerto considetevery possibledistribution of ordersoveragents.
This would then have to be computedover and over againfor eachnew orderarriving

in the system,causingan exponentialblow-up of computationtime. To overcomethis

problem,we considertwo heuristicapproachesonefor cooperatie agentgthe casewe

areprimarily interestedn) andonefor competitve agents.

3.1 Cooperative agents

The cooperatie heuristiciteratively examineseachorderthat arrivesin the system. It
consistof two phasesagentselectionandreplanning

In phasel, anagentis selectedor assigninganorderto. Phase? is entered
if no suchagentcanbe foundin phasel. In thatcasea replanningmethod
consistingof areallocationof ordersto agentss performed.

Ad 1: Asanew orderarrivesin thesystemgachof theindividualtransporiagentplans
(possiblypartial) is inspectedfor a placewherethe new order canbe insertedwithout
affectingthe existing ordering. If found, the new orderis assignedo the corresponding
agent.Sinceslackis animportantdeterminanof trade-of in robustnessersusefficiency,
we distinguishtwo selectionheuristicsbasedon slack: sladk maximizingandsladk mini-
mizing Theseheuristicsaredescribedn Figure?2.

Ad 2: In casethereis notransporiagentto assignranorderto usinganagentselection
heuristic existing ordershave to berescheduleéh orderto make roomfor thenew assign-
ment,if possible. Thereschedulindneuristicfirstremovesall schedule@rdersthatarenot
beingexecutedyet andthenscheduleshemagainover the agents. This time, however,
the orderswill be orderedfirst, accordingto heuristicsfor the well-known bin-pading
problem’ Note that this problemclosely resembleghe problemof distributing orders
over agentsusingasfew agentsaspossible making heuristicsfor bin-packingsuitable

"Thebin packingproblemis thefollowing problem:givenanumberof binsof sizeSanda numberof items
Uy, ... ,Um Of sizes(u) € Z*, find adistribution of theitemsover the bins, suchthatno bin containsmoreitems
thatit canhold andtheleastnumberof binsis used.



for use.With respecto thebin-packingheuristicst is well-known thattheorderin which
theitemsareexaminedis importantfor the quality of the solution. For example,by sort-
ing theitemsby sizein decreasing@rder, the quality of thesolutioncanbeincreasedrom
about70%off the optimalto about22% off for anumberof well-known heuristicsto this
problem(e.g. First Fit and BestFit), see[2, 4]. Similar to thesebin-packingheuristics,
we will first rearrangehe ordersandthentry to allocatethemto the differentagentsas
if theseordersjust arrived (all existing ordersthatare not (aboutto) beingexecutedare
thusremovedfrom the scheduledirst). The orderswill be sortedin decreasingize(de-
terminedby the load andunloadtimesandthe distancebetweerpickup anddestination
locations)andthenby priority. Therefore,orderstaking a long time to executewill be
assignedo agentdirst, allowing thesmalleronesto "fill thegaps”.In casenotall orders
canbeassignedtheordersthatcannotbefulfilled areexaminedseparatelyto seeif there
is anorderwith lower priority includedin the planthatcanberemovedto make roomfor
anordernot includedbut with a higherpriority. If so, we replacethe orderwith lower
priority by theonewith the higherpriority, thustrying to optimizethe scheduldor higher
priority orders

The main task of the planningalgorithm describedabove is to find a suitableplan
wheneer a new orderarrives. This includesdealingwith incidents In casea transport
agentreportsa failure, the tactical plannerhasto determinewhich plannedactionsare
affected.Theseactionsthenareremovedfrom the plansof theagentsaandthe systentries
to addthemagainasdescribedabore. Hence theseactionsaresimply concevedasnewn
ordersto beexecuted.

Heuristicsfor competitive agents

Competitve agentsare primarily focusedon performingwell on their own, and not as
muchon theirjoint performanceFor eachorderthatarrives,atacticalplanneroperating
in suchanernvironmentcollectsbidsfrom thetransportagentsaandawardsthe orderto the
highestbidder(if ary). It is possiblethatfor someordersnoneof theagentamakesa bid,

because¢herewardsof the orderdo not outweighthe costsof executingit. Thereforepne
may expectpoorergroupperformanceBy letting the agentsegotiateaboutexchanging
orders,someof theselimitation may be overcome asthey cantry to adjusttheir plansto

includeanew order

4 Experiments

To getafirstimpressiorof thebehavior of the developedheuristicswe focussedn their
planningperformancei.e. we simplified the problemasfollows: no incidentsoccurand
ordersare either scheduledn time or not at all. As costis largely determinedby the
distancetravelledandthe penaltiesncurredthesearethe aspectshatweremeasured.
Before presentinghe resultsof the experimentswe first discussthe setup. The ex-
perimentswere conductedasfollows: first we randomlygenerateglansfor the agents
basedon the following parametersthe numberof agentsinvolved, the rangesfor load
and unloadtimes and penalties the length of the plansandtheir density® The higher

8The densityof a planis theratio of thetime an agentspendson executingordersin a planversusthetotal
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Figure3: Schematiaescriptionof theran- Figure 4: Numberof orderssuccessfully
domizationprocess scheduledor differentplandensities.

the density the moredifficult it is to find a schedule.The processof generatingplans
this way is illustratedin Figure 3. This visualizesthe processof generatinga plan for
oneagent.The horizontalline | denoteshe densitylevel that shouldbe achieved. Steps
1 to 4 shawv how randomlygeneratedrdersare addedtightly to the plan, to just belon
the densitylevel. (Thefirst orderthatis generatedriolating the densitylevel stopsthis
process.)Thenwe increaseandomload andunloadtimes,until the plan hasthe desired
density Finally, theidle time in the planis (randomly)distributed over the whole plan.
For problemsconsistingof morethanoneagent this processs repeatedor eachagent.
Notethatthe generategbrobleminstancesio nothave to be optimal (in ary sense?.

For eachplanthatwasgeneratedye usedthedifferentheuristicgo computea sched-
ule. Thiswasdonefor thefollowing heuristics:

o [Coopefative] Orderswere assignedo agentsbasedon a slack maximizing and
minimizing heuristicand one basedon distance. In casean order could not be
assigneda reorderingheuristicwas usedthat orderedthe ordersbasedon their
lengthandpriority. Orderswerethenreassignedtyy the sameheuristicaswasused
beforeto selectagents.

e [Competitive] Orderswere assignedo the agentwith the highestbid (basedon
distance(cost) and reward). When orderscould not be assignedagentstried to
exchangeorders,but only if this decreasethe costof the planfor bothagents.

Oncean agentwas determinedthe calculationof the new schedulewas performedby
generatinghe setof constraintgor theseorders(suchasthetime windowsin which they
have to be performedhow muchtime thereshouldbe betweerordersto allow for travel,
etc). This setof constraintavasthengivento ILOG Solver, a constraintprogramming
enging[5], thatsolvedtheproblem.

4.1 Cooperating heuristics

Theproblemsnstancesveregeneratedisingthefollowing parametersagents:, 3, or 5;
plandensities:10,20,...,70,75,80,85,90,95,100%; (un)loadtimes:in therange[0, 5];

time spentin aplan(includingidle time).
9Frequentlyexchangingordersbetweerthe agentcanimprove the quality of the plans.
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Figure5: Averagedistanceof executedor- Figure 6: Number of orderssuccessfully
dersfor differentplandensities. scheduledor differentplandensities.

andpenaltiesn therange[0,10]. As infrastructurewe useda fully connectedyraphof
7 locations with distancedbetweer3 and6. For eachsetof parametersye averagedhe
resultsover 25 generategblans.

In Figure 4 we shav the performanceof the differentheuristicsfor problemsof 3
agents.For eachplandensity it shavs how mary ordersthe problemconsistedf, and
how mary were successfullyscheduledby eachheuristicl® As canbe seenin the fig-
ure, the heuristicsminimally differ in the percentagef ordersthey canschedule.Con-
trary to what we expected,the slack-maximizingheuristicdid not perform betterthan
the slack-minimizing.However, the main strengthof this heuristiclies in dynamicsitua-
tions. Experimentswvith suchsituationswill have to shaw if this heuristiclivesup to its
expectations.Also, all threeheuristicshave problemswith very denseplans. For these
situations,otherheuristicsmay be developed. Thereis a differencein the averagedis-
tancethatis neededo executeanorder As illustratedin Figure5 (which shows results
for 5 agents)the distance-basedndslack-maximizingheuristicsalways performbetter
thantherandomlygenerategblan. Theslack-minimizingperformednotaswell, andgen-
eratedslightly longerplans.This is explainedby noticingthattraveling greaterdistances
reducegheslackin aplan, sincelesstime remainsto completethe order Theexecution
timesof the differentheuristicswere equal. Executiontimesdid not exceed15 seconds
for problemswith a densityof 90 % or less. For densermlans,the timeswentup to a
maximumof 60 secondgor someof the problemswith a 100% density

Thefirst large-scalexperimentseento agreewith theabove findings. For example,
problemswith 50 agentsanda total of 50000rders(75% density)canbe solvedin up to
10 minutes.In thesecases96.9%of theordersis succesfullyscheduled.

4.2 Competitive heuristics

Competitve heuristicaveretestedwith thesameanputsasthecooperatindieuristics Fig-

ure 6 compareghe averagecooperatie performancewith the performanceof the com-
petingagents.As expectedthe competitve agentsare outperformedy the cooperatie
heuristics. Thisis dueto two obviousreasons{1) someordersarenotrewardingenough
for anindividual agentto executeand(2) fewer ordersareexchangedetweeragentsas

10Note thatthe plandensitiesarenot evenly distributed, sothe x-axisis not either



they only exchangdf thereis animmediatebenefitfor bothagents.

5 Conclusions

We have sketchedhow a multi-level tactic canbe usedfor schedulingransportatioror-
ders. A high-level tactical plannerdetermineswvhich orderis executedby which agent,
andlower-level operationaplannerscarryouttheir orders.Thetacticallayeris described
in moredetail,andsomepossibleheuristicsfor dividing the ordersover the agentswere
developed.Usingtheseheuristicswe have conductedexperimentgo evaluatethe differ-
entstratgies. In contraryto our expectationsjt turnsout that the evaluatedheuristics
have a smallimpacton the percentagef ordersthatcanbe scheduledn a staticenviron-
ment. However, the slack-maximizingheuristicwas developedwith dynamicsituations
in mind. Experimentsith suchsituationshave to showv whetherour expectationsretrue
underthoseconditions.Also, all suffer from seriousperformancdosswhentheplansare
very dense(95-100%). It hasto beinvestigatedf thereare otherheuristicsthatdo per
form well in this range.Whenthe distanceperorderis investigatedthe performanceslo
differ. Thedistance-baseleuristicperformedbetter(ascouldbe expected) whereaghe
slack-minimizingheuristicwasthe worstperformer Whencomparingcompetingagents
to cooperatingagentsthe cooperatinggroupwasshawn to outperformthe others.

Futurework includesrefiningthestrateyiesfor incidenthandling.Furtherexperiments
will haveto shon how theheuristicgperformin suchadynamicervironment.A simulator
is currentlybeingdevelopedwhichwill beableto graphicallyshav the performancef a
tacticalagentworking togethemwith several operationalbgents.The simulatorwill then
beusedto assesshevalidity of our technique.
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