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Abstract

Modern transportationproblemsarehighly dynamicand time critical. A plan-
ning systemfor transportationproblemsmustthereforeincludeefficient andflexible
planningandreplanningstrategies. In this paperwe introducea generalagent-based
framework for highly dynamicorder-basedtransportationplanningproblemswhere
a tacticalplannerandseveral operationalplanners(onefor eachtransportagent)are
distinguished.In particularwe discusstherole of thetacticalplannerresponsiblefor
dynamictask allocationof ordersandwe presentsomepreliminary resultsof task
allocationheuristicsin suchdynamicenvironments.

1 Introduction

Thetransportationproblemwewill discussconsistsof anumberof (transportation)agents
capableof moving cargo units containingfreight. Theseagentscanbe cooperative (the
scenariowhich we areprimarily interestedin), or competitive. Customersareplacing
transportationorders. Someof theseordersmaybeknown far in advance,someof them
haveto beexecutedalmostimmediately. Customersarealsofreeto retractor modify their
orders.Associatedwith anordero thereis aspecificationof its timewindows,its profit if
it is executedwithin thetime windows andits penaltiesif it is rejectedor theagentsfail
to executeit within the time windows specified.1 Finally, thereis a staticinfrastructure,
representedby locations,roadsbetweenthem,global travel times,anddistanceson the
roads.

Thequestionis how to assignordersplacedby thecustomersto thetransportagents
in sucha way that the total cost, which is dependentof time, distanceand the penal-
ties assigned,is minimized.2 Even simplerproblemsthanthis oneareeasilyshown to
be intractable[4]. Therefore,any practicalsolutionmustbe basedon clever heuristics,
i.e., problemsolving methodsthat produceacceptablesolutionsbut not necessarilythe
optimalones.

We modelthis problemusinga hierarchicalagent-basedapproach(seeFigure1). On
the higher level, we have a tactical planningagent responsiblefor handlingincoming

1Thereis a timewindow for pickupanda time window for delivery of theorder.
2Theproblemdescriptioncanbeeasilyextendedto includenon-constantpenalties,dynamicinfrastructure,

variablenumberof transportagentsandcargo units,andvariablecapacities.However, sinceplanningis com-
plicatedenoughasit is, wehavechosento excludetheseaspectsfor now.



ordersandallocatingthemto individual transportagents.On the lower level, we have
the transportagentstaking careof the operationalplanningand its execution. Sucha
transportagent/operationalplannermaybea truck driveror a computerprogramrunning
onanAutomatedGuidedVehicle(AGV). Eachoperationalplanneris only awareof those
planspartsassignedto it by thetacticalplanner.

Orders,placedbycustomers,arereceived
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Figure1: Plannerhierarchy

by thetacticalplannerandcontaininforma-
tion aboutwhich freight hasto be moved,
whenandwhereit shouldbepickedup,how
muchtime the loadingtakes,similar infor-
mation aboutthe delivery and the penalty
that is incurredwhenthe order is not exe-
cuted(in time). The tactical planneruses
this information, togetherwith its knowl-
edgeof theinfrastructureandthecostfunc-
tion usedby the transportagents,to com-
puteaplan,consistingof orderassignments.3

Theseorderassignmentsconstituteasequence
of ordersfor eachagentA, that it would normally be ableto execute.4 Theseorderas-
signmentsarecommunicatedto thecorrespondingtransportagent.

Eachoperationalplanneris responsiblefor executingthe ordersassignedto it. It is
alsoresponsiblefor communicatingany (expected)deviationsfrom theorderswhencon-
tingenciesoccur, suchthat the tacticalplannercanadequatelyadjustplansif necessary.
Sinceoperationalplannersoperateon aninfrastructure,they mayhavemeansto commu-
nicatewith theinfrastructure,e.g. for AGVs to claim partsof a terminal,or for trucksto
obtaintraffic information(see[1] for moredetails).

In this paperwe will concentrateon heuristicsfor the tactical planner. We startby
giving a detailedlook at the tacticalplannerandpresentpossibleheuristicsfor it. Next,
we describesomeinitial experimentsthathavebeenperformed.Theseexperimentswere
limited to astaticenvironment,wherenoincidentsoccurandgiveanindicationof theper-
formanceof thedevelopedheuristics.Finally, we presenttheresultsof thesepreliminary
experimentsandconclusions.

2 The tactical planner

Thetacticalplannerfocuseson efficient distribution of theorders.Of course,it couldbe
realizedusingageneral-purposeplannerandreplanner, suchas[3] and[6]. However, due
to thespecificnatureof theplanningtaskandtheenvironmentin which this modulewill
beembedded,wehavechosenfor aspecial-purposeplanningmodule.

Foreachtransportagent,thetacticalplannerstoresalist of theordersthatarecurrently
assignedto thatagent.This is asimplesequenceof pairsof pickupanddeliverylocations,

3Thetacticalplanner, doesnot have to literally copy theorderdatainto anorderassignment.For example,
it might restrictthetime window of anordersuchthata laterordercanbeservedon time. It might evencreate
additionalordersby itself, for exampleto movea transportagentwithout freight to thepickupplaceof thenext
order.

4Thatis, if no incidentsoccur.



alongwith their associatedtimewindows.5 Theslack betweentwo consecutive locations
is theamountof time thatcanbewastedduringthetravel, while still beingon timeat the
next location. For example,if thedistancebetweenlocationsA andB is 3 andanagent
shouldvisit A at time 1 andB at time 6, theslackwould be2.6 Theslackof anorderoi
in asequenceoi � 1

� oi � oi
�

1 is thetime thatcanbelost from themomentof deliveringoi � 1
to the momentof pickup up oi

�
1. This slack is an importantfactorin tacticalplans: if

theaverageslackbetweentwo actionsin a plan is small, theplan is efficient. However,
a largeaverageslackmakestheplanmorerobust for disruptions:thereis moretime for
recoveringerrors.Hence,theamountof slackdeterminesthetrade-off betweenefficiency
androbustnessin plans.

An order is a tuple o � �
f � s� Ts � ws � d � Td

� wd
� p� describinga freight f that is to be

pickedupatasourcelocations, within atimewindow Ts, andto bedeliveredatdestination
d within a time window Td. Also includedarethetimesws to loadandwd to unloadthe
freight, as is the penalty p for not executingthe ordero within the given time. Upon
receiptof anorder, theplannerfirst triesto insertthenew orderin betweentwo existing
(alreadyassigned)orders.If this fails,theplannerhasto reshuffle ordersin orderto come
up with aschedulein which all ordersareincluded.

The generatedplan is communicatedto the agentsby meansof order assignment
messages.Eachsuchmessagetells the agentthat it hasto move from one location to
another, andwhich cargo-unitandfreight areto be transferred(if any). Note thatempty
ridesaregeneratedwhennecessary, i.e., whenever the destinationlocationof oneorder
differsfrom thepickup locationof thesubsequentorder, anadditionalorderassignment
is communicatedthat tells the agentto go from oneplaceto another. This allows for a
standardform of communicationsbetweenthetacticalandoperationalplanner.

The tactical planneralso receives order changes. Theseoriginate from either the
customeror an operationalplannerdetectingan incidentthat cannotbe resolvedwithin
thegiventime windows. Changesarriving from customerscaneitherbechangeswithin
orders(suchasa new pickuptime window or delivery location)or completecancellation
of orders. In the latter case,the order is simply removed from the plan. In the former
case,we haveto examinetheimplicationsof thechangeon theplan.

Orderchangesthat aredueto contingenciesdetectedby an operationalplannerare
communicatedthroughstatusmessages. Suchmessagesreporttheprogressof anopera-
tionalplannerwheneverit finishes(partof) anorderor whenit detectsincidentsit cannot
handleon its own. Thesemessagescontain(a) thecurrentpositionof theagent,(b) the
typeof incidentand(c) anestimateof thedelaytheagentexpectsfor hisorderto bedeliv-
ered.This informationis usedby thetacticalplannerto decidewhatto dowith thisorder
andtheotherordersassignedto thatagent.For example,if anorderis delayedsuchthat
anagentcanstill carryout its next assignmentin time, thetacticalplannermight decide
to just let theorderbedelayedinsteadof trying to rescheduletheorderto anotheragent.

5Emptyridesbetweenordersarenot includedin this list. They arehowever sentto theoperationalagents.
6In this paperwewill assumethatthespeedof vehiclesequalsonedistanceunit pertime unit.



maximizeSlack(ordero, agentsA)

1. for each agenta � A calculatethe
slack for o when it is included,i.e.,
the time that can be lost when exe-
cuting o while a is still in time for
thenext order.

2. assigno to theagentwith thegreatest
slackvalue.

minimizeSlack(ordero, agentsA)

1. for each agenta � A calculatethe
slackfor o whenit is included

2. assigno to the agentwith the small-
estslackvalue.

Figure2: Slack-basedheuristics

3 The planning heuristics

Thetacticalplannerhasto selectagentsto executeorders.To reachanoptimalsolution
thiswouldrequiretheplannertoconsidereverypossibledistributionof ordersoveragents.
This would thenhave to be computedover andover againfor eachnew orderarriving
in the system,causingan exponentialblow-up of computationtime. To overcomethis
problem,we considertwo heuristicapproaches:onefor cooperativeagents(thecasewe
areprimarily interestedin) andonefor competitiveagents.

3.1 Cooperative agents

The cooperative heuristiciteratively examineseachorder that arrivesin the system. It
consistsof two phases:agentselectionandreplanning:

In phase1, anagentis selectedfor assigninganorderto. Phase2 is entered
if no suchagentcanbe found in phase1. In that casea replanningmethod
consistingof a reallocationof ordersto agentsis performed.

Ad 1: As anew orderarrivesin thesystem,eachof theindividualtransportagentplans
(possiblypartial) is inspectedfor a placewherethe new ordercanbe insertedwithout
affectingtheexisting ordering. If found, thenew orderis assignedto thecorresponding
agent.Sinceslackis animportantdeterminantof trade-off in robustnessversusefficiency,
we distinguishtwo selectionheuristicsbasedon slack:slack maximizingandslack mini-
mizing. Theseheuristicsaredescribedin Figure2.

Ad 2: In casethereis no transportagentto assignanorderto usinganagentselection
heuristic,existingordershaveto berescheduledin orderto makeroomfor thenew assign-
ment,if possible.Thereschedulingheuristicfirst removesall scheduledordersthatarenot
beingexecutedyet andthenschedulesthemagainover the agents.This time, however,
the orderswill be orderedfirst, accordingto heuristicsfor the well-known bin-packing
problem.7 Note that this problemclosely resemblesthe problemof distributing orders
over agents,usingasfew agentsaspossible,makingheuristicsfor bin-packingsuitable

7Thebin packingproblemis thefollowing problem:givenanumberof binsof sizeSandanumberof items
u1 �	�	�	�
� um of sizes� u��
 Z � , find a distribution of theitemsover thebins,suchthatno bin containsmoreitems
thatit canhold andtheleastnumberof binsis used.



for use.With respectto thebin-packingheuristicsit is well-known thattheorderin which
theitemsareexaminedis importantfor thequality of thesolution.For example,by sort-
ing theitemsby sizein decreasingorder, thequalityof thesolutioncanbeincreasedfrom
about70%off theoptimalto about22%off for anumberof well-known heuristicsto this
problem(e.g. First Fit andBestFit), see[2, 4]. Similar to thesebin-packingheuristics,
we will first rearrangetheordersandthentry to allocatethemto thedifferentagents,as
if theseordersjust arrived(all existing ordersthatarenot (aboutto) beingexecutedare
thusremovedfrom theschedulesfirst). Theorderswill besortedin decreasingsize(de-
terminedby the loadandunloadtimesandthe distancebetweenpickupanddestination
locations)andthenby priority. Therefore,orderstaking a long time to executewill be
assignedto agentsfirst, allowing thesmalleronesto ”fill thegaps”.In casenot all orders
canbeassigned,theordersthatcannotbefulfilled areexaminedseparately, to seeif there
is anorderwith lowerpriority includedin theplanthatcanberemovedto makeroomfor
an ordernot includedbut with a higherpriority. If so, we replacethe orderwith lower
priority by theonewith thehigherpriority, thustrying to optimizetheschedulefor higher
priority orders

The main taskof the planningalgorithmdescribedabove is to find a suitableplan
whenever a new orderarrives. This includesdealingwith incidents: In casea transport
agentreportsa failure, the tacticalplannerhasto determinewhich plannedactionsare
affected.Theseactionsthenareremovedfrom theplansof theagentsandthesystemtries
to addthemagainasdescribedabove. Hence,theseactionsaresimply conceivedasnew
ordersto beexecuted.

Heuristics for competitive agents

Competitive agentsareprimarily focusedon performingwell on their own, andnot as
muchon their joint performance.For eachorderthatarrives,a tacticalplanneroperating
in suchanenvironmentcollectsbidsfrom thetransportagentsandawardstheorderto the
highestbidder(if any). It is possiblethatfor someordersnoneof theagentsmakesa bid,
becausetherewardsof theorderdonotoutweighthecostsof executingit. Therefore,one
mayexpectpoorergroupperformance.By letting theagentsnegotiateaboutexchanging
orders,someof theselimitation maybeovercome,asthey cantry to adjusttheir plansto
includea new order.

4 Experiments

To getafirst impressionof thebehavior of thedevelopedheuristics,we focussedon their
planningperformance,i.e. we simplified theproblemasfollows: no incidentsoccurand
ordersare eitherscheduledin time or not at all. As cost is largely determinedby the
distancetravelledandthepenaltiesincurredthesearetheaspectsthatweremeasured.

Beforepresentingthe resultsof the experiments,we first discussthe setup.The ex-
perimentswereconductedasfollows: first we randomlygeneratedplansfor the agents
basedon the following parameters:the numberof agentsinvolved, the rangesfor load
andunloadtimesandpenalties,the lengthof the plansand their density.8 The higher

8Thedensityof a planis theratio of thetime anagentspendson executingordersin a planversusthetotal
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Figure 4: Number of orderssuccessfully
scheduledfor differentplandensities.

the density, the moredifficult it is to find a schedule.The processof generatingplans
this way is illustratedin Figure3. This visualizesthe processof generatinga plan for
oneagent.Thehorizontalline l denotesthedensitylevel thatshouldbeachieved. Steps
1 to 4 show how randomlygeneratedordersareaddedtightly to the plan, to just below
the densitylevel. (The first orderthat is generatedviolating the densitylevel stopsthis
process.)Thenwe increaserandomloadandunloadtimes,until theplanhasthedesired
density. Finally, the idle time in the plan is (randomly)distributedover the wholeplan.
For problemsconsistingof morethanoneagent,this processis repeatedfor eachagent.
Notethatthegeneratedprobleminstancesdo not have to beoptimal(in any sense).9

For eachplanthatwasgenerated,weusedthedifferentheuristicsto computeasched-
ule. Thiswasdonefor thefollowing heuristics:

� [Cooperative] Orderswereassignedto agentsbasedon a slackmaximizing and
minimizing heuristicand one basedon distance. In casean order could not be
assigned,a reorderingheuristicwas usedthat orderedthe ordersbasedon their
lengthandpriority. Orderswerethenreassignedby thesameheuristicaswasused
beforeto selectagents.

� [Competitive] Orderswere assignedto the agentwith the highestbid (basedon
distance(cost)and reward). Whenorderscould not be assigned,agentstried to
exchangeorders,but only if this decreasesthecostof theplanfor bothagents.

Oncean agentwasdetermined,the calculationof the new schedulewasperformedby
generatingthesetof constraintsfor theseorders(suchasthetimewindowsin which they
have to beperformed,how muchtime thereshouldbebetweenordersto allow for travel,
etc). This setof constraintswasthengiven to ILOG Solver, a constraintprogramming
engine[5], thatsolvedtheproblem.

4.1 Cooperating heuristics

Theproblemsinstancesweregeneratedusingthefollowingparameters:agents:1, 3,or 5;
plandensities:10� 20��������� 70� 75� 80� 85� 90� 95� 100%; (un)loadtimes: in therange � 0 � 5� ;
timespentin aplan(includingidle time).

9Frequently, exchangingordersbetweentheagentscanimprove thequalityof theplans.
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andpenaltiesin the range � 0 � 10� . As infrastructure,we useda fully connectedgraphof
7 locations,with distancesbetween3 and6. For eachsetof parameters,we averagedthe
resultsover25 generatedplans.

In Figure 4 we show the performanceof the differentheuristicsfor problemsof 3
agents.For eachplan density, it shows how many ordersthe problemconsistedof, and
how many weresuccessfullyscheduledby eachheuristic.10 As canbe seenin the fig-
ure, the heuristicsminimally differ in the percentageof ordersthey canschedule.Con-
trary to what we expected,the slack-maximizingheuristicdid not performbetterthan
theslack-minimizing.However, themainstrengthof this heuristiclies in dynamicsitua-
tions. Experimentswith suchsituationswill have to show if this heuristiclivesup to its
expectations.Also, all threeheuristicshave problemswith very denseplans. For these
situations,otherheuristicsmay be developed. Thereis a differencein the averagedis-
tancethat is neededto executeanorder. As illustratedin Figure5 (which shows results
for 5 agents),thedistance-basedandslack-maximizingheuristicsalwaysperformbetter
thantherandomlygeneratedplan.Theslack-minimizingperformednotaswell, andgen-
eratedslightly longerplans.This is explainedby noticingthattravelinggreaterdistances
reducestheslackin a plan,sincelesstime remainsto completetheorder. Theexecution
timesof the differentheuristicswereequal. Executiontimesdid not exceed15 seconds
for problemswith a densityof 90 % or less. For denserplans,the timeswent up to a
maximumof 60 secondsfor someof theproblemswith a 100% density.

Thefirst large-scaleexperimentsseemto agreewith theabovefindings.For example,
problemswith 50 agentsanda total of 5000orders(75%density)canbesolvedin up to
10 minutes.In thesecases,96.9%of theordersis succesfullyscheduled.

4.2 Competitive heuristics

Competitiveheuristicsweretestedwith thesameinputsasthecooperatingheuristics.Fig-
ure 6 comparesthe averagecooperative performancewith the performanceof the com-
petingagents.As expected,thecompetitive agentsareoutperformedby thecooperative
heuristics.This is dueto two obviousreasons:

�
1� someordersarenot rewardingenough

for anindividualagentto executeand
�
2� fewerordersareexchangedbetweenagents,as

10Notethattheplandensitiesarenotevenly distributed,sothex-axisis not either.



they only exchangeif thereis animmediatebenefitfor bothagents.

5 Conclusions

We have sketchedhow a multi-level tactic canbeusedfor schedulingtransportationor-
ders. A high-level tacticalplannerdetermineswhich order is executedby which agent,
andlower-level operationalplannerscarryout theirorders.Thetacticallayeris described
in moredetail,andsomepossibleheuristicsfor dividing theordersover theagentswere
developed.Usingtheseheuristics,we haveconductedexperimentsto evaluatethediffer-
ent strategies. In contraryto our expectations,it turnsout that the evaluatedheuristics
havea smallimpacton thepercentageof ordersthatcanbescheduledin a staticenviron-
ment. However, the slack-maximizingheuristicwasdevelopedwith dynamicsituations
in mind. Experimentswith suchsituationshaveto show whetherourexpectationsaretrue
underthoseconditions.Also, all suffer from seriousperformancelosswhentheplansare
very dense(95-100%).It hasto be investigatedif thereareotherheuristicsthatdo per-
form well in this range.Whenthedistanceperorderis investigated,theperformancesdo
differ. Thedistance-basedheuristicperformedbetter(ascouldbeexpected),whereasthe
slack-minimizingheuristicwastheworstperformer. Whencomparingcompetingagents
to cooperatingagents,thecooperatinggroupwasshown to outperformtheothers.

Futurework includesrefiningthestrategiesfor incidenthandling.Furtherexperiments
will haveto show how theheuristicsperformin suchadynamicenvironment.A simulator
is currentlybeingdevelopedwhichwill beableto graphicallyshow theperformanceof a
tacticalagentworking togetherwith severaloperationalagents.Thesimulatorwill then
beusedto assessthevalidity of our technique.
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