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Abstract

This paper considers vehicle routing problems (VRP) whastamer locations and service times are
random variables which are realized dynamically duringh@gecution. It studies a multiple scenario
approach (MSA) which continuously generates plans cardistith past decisions and anticipating
future requests, and compares it with the best availabladt®s on dynamic VRP problems that model
long-distance courier mail services [13]. In addition, ibposes a least-commitment refinement of
MSA (MSA-LC), which also uses stochastic information toajeVehicle departures opportunistically.
Experimental results shows that MSA, and MSA-LC in par@eunay significantly decrease travel times
(while not degrading service) and is robust with respeceésonably noisy distributions.

1 Introduction

The vehicle routing problem (VRP) is a difficult combinagroptimization problem with many important
applications in distribution and transportation systelnisas received considerable attention for many years
and sophisticated local search methods are quite effeatii@ding good quality solutions in reasonable
amounts of time. In more recent years, technology has addasu that it is now possible and practical to
address dynamic and/or stochastic versions of the probl&éese new versions are motivated by the inherent
uncertainties that arise in many everyday VRPs and advanaasboard computers and communications
systems that allow modification of routing plans even aftdrieles are deployed.

Most of the existing work has focused solely on stochastidyoramic versions of the problem exclu-
sively. In stochastic optimization, the expected cost oblatsn is optimized with respect to a recourse
function which restores feasibility during plan executiomdynamic optimization, various data items, such
as customer requests, are unknown and are only revealedsafte decisions are taken. Techniques here
tend to focus on optimizing with respect to the current stdi@formation (e.g. [9]). How to combine the
two approaches is a research topic that is often mentiongd [4, 7, 9, 12]).

This paper considers the multiple scenario approach (M8égntly proposed in [2]. Its key idea is to
continuously generate plans that are consistent with pagsidns but anticipate future requests by sam-
pling the distributions of the stochastic variables. Atrgvexecution step, the algorithm makes decisions
according to a distinguished plan which is selected fronmctireent pool by a ranking function. A prelim-
inary version of MSA [2] was shown to be effective on highlyastrained dynamic vehicle routing with
time windows, where each customer had a certain probabilityaking a request at its location within its



time window. On these problems (which closely model prattpplications [6]), MSA was shown to im-
prove customer service by missing significantly fewer amgtorequests. It was also shown that a consensus
function was most appropriate to rank the scenarios.

The goal of this paper is to study the behavior of MSA on lopsehstrained problems derived from the
models in [13] to capture long-distance courier mail sesicThe problems have a fundamentally different
structure. On the one hand, they are more stochastic, sirsterser, customer locations, and service times
are now random variables. On the other hand, the main foaus ke objective function, i.e., minimizing
travel distance, since the problems are unconstrainedoselp constrained. In contrast, the time windows
in [2] makes the problems tightly constrained and custoraerice, not travel distance, becomes the main
focus. In addition, the paper proposes a least-commitmefiriement of MSA (MSA-LC) which uses
stochastic information to delay vehicle departures oppustically in order to accommodate new requests
“predicted” by the stochastic model.

The experimental results, which compare several appreace particularly interesting and contain
a few surprises on competing approaches. They indicatd\iB#t approaches typically service the same
number of customers as earlier approaches but may redwes tiatance significantly. In addtition, the
travel distance reduction may be particularly drastic WRESA-LC is used. The experimental results also
indicate that MSA is robust with respect to reasonably ndisyribution (i.e., when the actual data does not
follow the assumed distribution) and that it is beneficiab#éoopportunistic. The contributions of this paper
are threefold.

1. It shows that MSA is an effective approach to exploit séstic information in loosely-constrained
dynamic vehicle routing applications. Since it also preddignificant benefits for highly constrained
problems [2], the new results indicate the generality andatdity of MSA. Interestingly, MSA con-
tributions are radically different in the two settings. IhMSA improves service on highly con-
strained problems, it improves travel distances (witheedrdding service) on loosely constrained
problems. The results also indicate the benefits of sophtsti optimization techniques.

2. It presents a least-commitment refinement of MSA (MSA-@jch produces significant advantages
over the standard MSA for loosely constrained problems Hyeig travel distance dramatically.

3. It indicates that MSA is robust in noisy environments ahnal tit is beneficial to be optimistic in
estimating stochastic information.

2 Problem Formulation

We briefly describe the general setting and notations fodtiramic vehicle routing problems considered
in the paper. The specifics of the actual problems are pregémthe section on experimental results.

Each problem containd’ customers, numbered 1 ..N,. The depot is represented by the number 0.
The travel cost between sitésindj is represented by;;. The travel costs satisfy the triangle inequality,
i.e.V;k(cik < c¢ij + cji). Requests have a demagd> 0 and a service time; > 0. Each problem has up
tom > 1 identical vehicles available for use, with capadity> 0.

A vehicle route, or route for short, starts at the depot, s®some number of customers at most once,
and returns to the depot. Formally, a route is a sequéhes, ..., v,,0], wherel < »; < N and allv;



are distinct. For a customet, the route of that customer is denoted Byute(c). The demand of a route is
denoted byy(r) = > 7", ¢;. The travel cost of a route is denoted by:(r) and is the cost of visiting all of
its customers, i.e(r) = coy, + Coyvy + -+« + Co, 1w, T Co0-

A routing plan, or plan, is a set of rout¢s,, . .., r,, } servicing each customer exactly once. A routing
plan assigns a unique successor and predecessor for eémmeud-or a plany, the successor of customer
i is denoted byucc(i, o). The travel cost of a plan is denoted iy ), i.e. ¢(o) = >~ ¢(r). The depot
has a deadlindy, which represents the latest time a vehicle can return. Angylanc implicitly specifies,
for each customet, an earliest departure time, denoteddmyr(o, ¢), and a latest departure time, denoted
by LDT(e, ¢), to meet the deadline. Once specific times are chosen, ttiagqlan also specifies a return
time a(r) for each route-.

A solution to the problem is a routing plan= {rq,...,r,} that satisfies the capacity and deadline
constraints., i.e.q(r;) < Q & a(r;) < Iy forall 1 < i < m. The objective function lexigraphically
maximizes the number of serviced customers and then miaesnjz).

In the dynamic VRP, a number of requests are available ligitizhile others become available during
the plan execution. In the applications considered in tlaigep, a request consists of the location of a
customer and a service time, both of which are random vasabliVe assume that the distribution of the
requests, or some approximation thereof, is availablechvis typically the case in practical applications.
For each incoming request, a dynamic algorithm must declusthver to accept or reject it. Once a request
is accepted, it must be serviced. Problems are generalhacteaized by their degree of dynamism (DOD),
i.e., the ratio ounknown customeftetal customerswhich measures how dynamic they are [13].

3 TheMultiple Plan Approach

The Multiple Plan Approach (MPA) is a fundamental geneedlan of many modern approaches. Its key
idea is to maintain a set of plans at every execution step. MRBR# motivated by the work of [9] which
proposes a parallel tabu search algorithm organized anmwutiiple solutions in an adaptive memory. MPA
here generalizes their approach by making it independetiteo$earch procedure. In short, MPA continu-
ously generates plans that are compatible with the curtateé sf information and removes those that are
not. In addition, since decisions must be made with respeatspecific plan to guarantee servicaistin-
guishedplan is maintained via a ranking function. We will discussgble ranking functions later in the
section.

More precisely, MPA handles four types of events (1) custoraquests, (2) vehicle departures, (3)
plan generations, (4) timeouts. Customer requests upldateet of plans to accommodate the new request.
Vehicle departures may render some routing plans invalite Jeneration of a new plan may change the
distinguishedplan. Finally some plans may become invalid over time. This accur if thedistinguished
plan indicates a return to depot, causing the vehicle to,vaail another plan that sends the vehicle to a
customer becomes infeasible during the wait. Timeoutsucaphese events.

At each timet, MPA maintains a set of plansy;, and a distinguished plaw, . For each event, we
specify how to computé; ., ando;,, from past decisions§; ando;. Each event is specified in isolation,
although several of them may occur simultaneously. It ig &asrder them appropriately when this happens
by selecting the events in the following order: timeoutgnpyeneration, customer requests, and vehicle
departures. We make use of a set of functifit® rank the plans. Given a timeand a plar, f;(o) returns



a real value. Finally, observe that the implementation enedriven. In other words, although we specify
Sy ando; for all ¢, the implementation only considers the times where an betat occurs.

Customer Request For a customer request, at timet¢, MPA must determine which plans ifi; can
accommodate. If none can, the request is rejected. Otherwise, the rédgiascepted and;; is the set
of plans where the requests has been inserted to minimiza trest.

F := {INSERT(0,¢) | 0 € S; & FEASIBLEINSERT(0, ¢)};

if F # () then

St41 1= F;

ofy1 = argmaz(o € Sii1) fi1(0);
else

Sty1:= Sy;

ol = 0}

FEASIBLEINSERT(o, ¢) returns true iff there is an insertion pointdnfor customere that satisfies the con-
straints andNSERT(o, ¢) returns a plam’ (if it exists) wherer has been inserted into satisfy the constraint
and minimize travel cost.

Vehicle Departure When planc* specifies that vehicle must depart from customer it is necessary to
remove all plans irb; that are incompatible with this departure.

Siy1:= {0 € S; | COMPATIBLE(0, 0}, 1) };
ofpq = argmaz(o € Siy1) fr41(0);

COMPATIBLE(o, 0}, t) is true ifo is compatible withy; up to timet. More formally, COMPATIBLE(o, o}, t)
holds iff Ve € DEPART(%) : succ(o}, ¢) = suce(o, c), whereDEPART(t) denotes the set of customers from
which a vehicle departed before or at time

It is important to specify how the departure times are comguh MPA. The key idea is to delay the
return of the vehicle as long as possible in order to acconateothe new requests. This leads to the
following definition of departure times

DT(o,s) = Iy — cs0 IF succ(o, s) = 0;
EDT(0,s) OTHERWISE

which are also recomputed continously using the distirigrdsplan.

Plan Generation When a new plang, is generated a timg it is added taS; and the newdistinguished
plan is recomputed. Note that plans are guaranteed to beatiintepwith thedistinguishedplan, since
they include all existing decisions and plan generatioraizceled whenever customer requests and vehicle
departures occur.

Sip1 =5 U{o};
ofpq = argmaz(o € Sii1) fi(o);



Timeout At time ¢, some plany may become infeasible. This happens when a vehigtewaiting at a
customere, while plano specifies that is the latest departure fer

Siy1:={0 € S; | FEASIBLE(0,1)};
Oi41 7= 04

whereFEASIBLE(o, t) holds if o is feasible at timé: V¢ € DEPART(t) : LDT (o, succ(o,¢)) < t.

4 TheMultiple Scenario Approach

The Multiple Scenario Approach (MSA) generalizes MPA bysidaring both existing and potential future
requests during plan generation. Future requests araeltbhy sampling their distributions. Once a routing
planc is discovered, MSA stores the routing plan obtained by removing future requests fremAs a
result, plano— leaves room to accommodate future requests, should thegllgcinaterialize. This ability
to anticipate the future is the strength of MSA. Note thatnévendling in MSA is similar to MPA.

5 Ranking Functions

Both MPA and MSA are parametrized by a ranking functjpnwhich selects thdistinguishedblan at each
time ¢. We will evaluate two ranking functions for nominatiag in this paper. The obvious first choice
for f, would be to select the plan with the smallest travel cosofitlyns MPA' and MSAY). In [2], it was
shown that it is possible to do substantially better in pcacbn highly-constrained problems by using a
consensus function which selects the plawjrihat most resembles all the plansSn Since the resulting
plans do not depart from other plans too dramatically, thesensus function may be also viewed as a least
commitment strategy [19]. More precisely, at each tigtbe algorithm maintains a two-dimensional matrix
M; where M,[v, ¢] denotes the number of plans $ where vehiclev departs for customer next. More
formally, the matrixM, is defined as\/;[v, ¢| = #{o € S; | succ(o,LDC(v)) = ¢}, whereLDC(v) is the
last customer from which a vehicle departed in the plan di@tuThe consensus functigiais then defined
asfi(o) = >0 My[v, succ(o,LDC(v))] (algorithms MPA and MSK).

6 The Multiple Scenario Approach With Least Commitment

The MSA approach uses stochastic information to find a rgytlan of the known requests which is more
likely to accommodate future requests easily. However,stbehastic information is not used to deduce
vehicle departure times, which are computed only from knoequests. A close analysis of the behavior of
MSA on loosely constrained problems indicated that thegplad a tendency to commit too quickly to the
next customer and that it could be beneficial to delay vehlefgartures in order to reduce travel distance.
MSA-LC is a refinement of MSA whose main motivation is to useckastic information to suggest
more “flexible” departure times. MSA-LC keeps pairs of pldas, o), whereo, also called the sampled
plan, contains both known and sampled customerssanis the projection ot on known customers. The
event handlers are essentially unchanged, since they adliwterms of projected plans. The main novelty
is in using the complete plans to choose the departure timesmally speaking, the key idea is to delay a



vehicle departure at customeas long as there are sampled customers betiwaead itsknownsuccessor.
By delaying the departure, the plan is more likely to accomat® such requests, should they materialize.
The sampled customers will either be replaced by actualestquor they will not materialize and hence
will be removed from the plan. We now specify the departurees and the adaptions of the event handlers
more formally. Although the event-handlers work in termspudjected plans, they also need to update the
complete plans to remove and/or replace sampled customers.

Departure Times The departure time for a customieaind a pair of plango—, o) are specified as follows:

DT(o ,0,i) = Iy — cip IF succ(o,i) = 0;
min(LDT (o, 1), EDT(0o, pred(o, succ(o™,i)))) OTHERWISE

The second terraDT(o, pred(o, succ(o ™, 1))) captures the least-commitment approach: it specifieshiat t
vehicle should not depart from customieuntil all sampled customers betweéand its known successor
have disappeared, since this term represents the deptinigref the last sampled customer. The first term
LDT (0, 1) is necessary to ensure the feasibility of the plan.

Customer Request  As mentioned earlier, the event-handlers are similar in M$*as in MPA and MSA.
However, it is necessary to specify how the complete plaasupdated as well, since they are used to
compute the departure times. For the feasible insertiorcastomer:, the intuition is to update the sampled
plan by substituting in place of its nearest sampled customer. More formallygmyiz pair of plango —, o)
and a new requestsuch thaFEASIBLEINSERT o, ¢) holds, MSA-LC computes a new pdif,, , 0, ), where

0, = INSERT(0™,¢)
on = REPLACENEAREST(o,pred(c, o, ), succ(c, o, ),c)

whereREPLACENEAREST(a, p, s, ¢) returns a plam’ wherec replaces its nearest sampled customer sched-
uled between customegsand s or insertc between customers and s if no such customer exists. It is
important to note that the resulting plap is not necessarily feasible, although the operation is appfied

to projected plang — that can accommodate Restoring feasibility may require removing some sampled
customers as in the timeout handler described next.

Timeout Attimet, some plans may become infeasible as before. Moreover, samgled customers may
not be able to be serviced any longer. This can occur if tharde time of a sampled customer passes.
The set of pairs that are kept at tihare given by the instruction

{{o7,FILTER(0,t)) € S; | FEASIBLE(0,t)}

whereFILTER(o,t) returns the plan where all sampled customessich thateDT(o,i) < t have been re-
moved.

Ranking Function The consensus function for MSA-LC is slightly differen¥/; contains an additional
column for the samples. The additional coluni;[v, N + 1] counts the number of plans ify, where
vehiclewv’s is waiting, i.e., its next known customer is preceded bmgiad customer.
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7 Optimization

It remains to specify how MPA, MSA, and MSA-LC optimize pldis our applications. Both of them use
large neighborhood search (LNS), which has been shown teheeffective for vehicle routing [1, 18].
LNS combines the advantages of branch and bound, congprajpagation, and local search. Its key idea is
to removec customers from the best-known solution and to reinsert tteepnoduce a better solution. The
customers are reinserted according to a heuristic and,nargk limited discrepancy search [10] is used to
bound the number of times the heuristic can be violated. cTtiestomers are removed randomly using a
relatedness function, which is parametrized by a detesmiriactor. When LNS is not able to improve the
best solution by removingcustomers for some iterations, it increases the numberstdmers to remove to
¢+ 1. In addition to using LNS, we also use a nearest neighboigiemsras in [13]. This makes it possible
to see the effect of using more sampling on a less sophisticgitimization procedure.

8 Experimental Results

We now report some experimental results on a variety of nsoaled discuss the robustness of MSA when
the stochastic data is noisy.

8.1 TheModels

The starting point of this research was the experimentalainiod[13], where customers are uniformly
distributed in a 10km 10km region and must be served by a single vehicle with umifspeed of 40 km/h.
Service times for the customers are generated accordinp¢praormal distribution with parameters (.8777,
.6647). With this distribution, the mean service time is 3inrand the variance is 5 min. The service times
were chosen to mimic the service times of long-distanceieouorail services [13]. We use to denote the
expected number of customers dfido denote the time horizon which is 8 hours. Problems arergtst:
with a degree of dynamism (DOD) (i.e, the ratio of known costos over stochastic customers) in the set
{0%,5%,...,100%}. For a DODz, there aren(1 — z) known customers. The remaining customers are
generated using an exponential distribution with paramgte “7 for their inter-arrival times. It follows
from the corresponding Poisson distribution (with paramefl’) that the expected number of unknown
customers isuz, the expected number of customersiisand the expected DOD is. We generated 15
instances for each configuration, which gives about 315Ienab for each model to be described. All
results are the average of 5 runs on each instance.

Several models are used to evaluate the various approadesfirst two models, M1 and M2, use
a single vehicle. Model M1 is the basic model with 40 cust@r(ail other parameters have been given
already). Model M2 is similar to M1, except that the regiom@sv 40kmx40km. The objective function
consists of minimizing the travel distance, since theseuamnstrained models. MSA-LC is not applied
to these models, as the optimal strategy simply waits uliititisstomers have requested service before
deploying the vehicle. Thus, there is an implicit constrémat forces the vehicle to service any unserviced
customer, so MSA-LC cannot be applied here.

The next two models are multiple-vehicle models. Model M&is basic model with 4 vehicles, 160
customers, and a 20kw20km. Each vehicle can serve at most 50 customers and thelesemist return to
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Figure 1: Example of M4 Customers

the depot by the time horizon. Model M4 is similar to M3, exictat the customers are generated using
2-D Gaussians centered at two points in the region. For tHeptedvehicle models, the objective function
consists in minimizing the number of missed customers amihnizing the travel distance. Such an example
may more accurately model what could be seen in real lifeurigid shows an instance of this model. It is
possible that some customers be left unserviced, sincelmblBeand M4 have capacity constraints, as well
as a hard deadline.

8.2 Setting of the Algorithms

We now describe the configuration of our algorithms used tainlihe experimental results. Initially, 25
different scenarios are created and optimized by our lacgée neighborhood search (LNS) for 1 minute.
These initial solutions are used to determine the first costdor each vehicle. An additional 25 scenarios
are created and optimized for 1 minute with the first custenfized. It was verified experimently that this
second step improves the quality of the final solutions.

Subsequent scenarios are optimized for about 10 seconuy LINIS. The parameters for LNS are as
follows: 30 for the maximum number of customers to removera time, 100 attempts at removirng
customers without improvement before removing 1 customers, 15 for the determinism factor of the
relatedness function, and 4 discrepancies.

8.3 Single Vehicle Results

Reference [13] tested various heuristics on Model M1 andrted extensive experimental results. Their
best heuristic is nearest neighbor (NN), where a pool ofwitsed customers is maintained and the vehicle
is sent to the nearest customer in the pool once it servediitert request. Interestingly, in Model M1,
the vehicle is able to service customers faster than théyearAs a consequence, all “reasonable” heuris-
tics converge towards a first come, first serve (FCFS) styaaeghe DOD converges to 100%. This same
behavior is also exhibited by our approaches. LNS optinunatas some benefits for low DODs. Overall,
exploiting stochastic information provides only margibahefits in Model M1. In Model M2, which has
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Figure 2: Experimental Results on M2

a larger region, the vehicle is not able to service custoragrguickly and the heuristics do not converge
to FCFS as quickly. Figure 2 depicts the experimental resudlhey indicate that the MPA and MSA ap-
proaches may bring significant benefits, especially for Idw3. In general, MSA approaches are slightly
superior to MPA approaches. Only MSA(NN3 not effective, indicating the value of optimization oese
problems.

8.4 Multiple Vehicle Results

We now turn to the multiple vehicle models M3 and M4. Recalltihhese models have capacity and deadline
constraints and that the objective function consists df fiigimizing the number of missed customers and
then the travel distance. The NN heuristics was generatizedoviding guarantees on servicing customers.
Whenever a request arrives, the NN algorithm is simulatedetermine if it can accommodate the new

request. If it cannot, the request is rejected.

Figure 3 describes the experimental results concerningndingber of serviced customers for various
degrees of dynamism. The results clearly indicate that t8& Mpproaches are superior to MPA, as MPA is
unable to service as many customers. A detailed look atdlse tf the decisions performed by MPA indicate
that MPA waits too long to deploy some of the vehicles. Thizsisause optimal solutions use as few vehicles
as possible to minimize travel distance and MPA believeantuse fewer vehicles than necessary until late
in the simulation. The remaining approaches service a coabfmnumber of customers when compared to
the best available heuristic. With higher degrees of dysamithe benefits of using a consensus function
for ranking are clear, as it reduces the number of missediests significantly compared to using travel
distance. MSA approaches do not bring significant benefitsrims of serviced customers. MSA(NN) is
generally superior to NN, while MSAs roughly similar to NN (except for very high degrees of dymsm).
Note that MSA-LC does not perform as well as MSA for these Vegj degrees of dynamism.

Figure 4 depicts the results for the travel distance. Nolteswe given for the MPA approaches, since
they are far from being competitive for customer servicee figsults indicate that MSA significantly reduces
travel distance compared to NN. The results are partiguiarpressive for MSA-LC, whose travel distance
is essentially not affected by the degree of dynamism (teablove 80% are not shown because its quality of
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Figure 4: Travel Distance Results for M3

service is not comparable to other MSA approaches). Obsdseehat the comparison between MSA(NN)
and the other MSA approaches tend to indicate that it seems bemeficial for these problems to use a
more sophisticated optimization algorithms on fewer sasthan a weaker method on more samples.

Figures 5 and 6 show the same results under the M4 model. Tigeses confirm much of what was
seen in model M3. An interesting aspect is that the gap inruitsel customers between MSA-L@nd the
other approaches has narrowed, while the large gap in tistehce was preserved. This seems to indicate
that the value of using this approach increases under mairedvéand perhaps more realistic) customer
distributions.

8.5 Robustness

It is natural to question how MSA behaves when the stochasticmation is not entirely accurate. This
situation could arise from faulty historical data, preiios, and/or approximations in machine learning
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Figure 7: Robustness Results

algorithms. Figure 7 shows some results when run or2€@¥% and 50% dynamism instances of M3 (32
and 80 expected new customers respectively). It is iniagesd see that, in both cases, it is better to be
optimistic when estimating the number of dynamic customiées example, o20% dynamism, MSA-LC

is able to service roughly the same number of customers whexpéects between 20 and 100 dynamic
customers. However, it performs the best in terms of traighdce when it expects 50 dynamic customers,
slightly more than the 32 of actual problem sets themselveaddition, these results show that, even in the
presence of significant amounts of noise, MSA approachesldedo still achieve good results.

9 Reated Work

There are a limited number of papers that incorporate sstichiaformation into dynamic VRPs. In general,
most papers focus on one or the other exclusively. The resear stochastic VRPs focuses on minimizing
the expected travel distance with a simple recourse fumdtie. returning to the depot) when feasibility
is violated. See [8] for a general overview of the models gogt@aches considered. More recently [20]
has looked at preemptively using the recourse functionrbefonstraints are violated. There is also some
work in approximating solutions using reinforcement léagrtechniques in [16]. The research in dynamic
VRP tends to mostly ignore any stochastic or historical tlzimay be available. The most relevant work
occurs in [9] which pioneers the approach of keeping mangng@l solutions available for incorporating
new requests. The models used in this paper are inspired3pyvdich evaluates many simple heuristics
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against different objectives, like minimizing travel @iste or customer wait time. A survey on other work
in the field can be found in [14]. A sample of more recent wotudes [5], [11], and [15].

As mentioned previously, very little work has addressedaiiporating stochastic information into dy-
namic vehicle routing, though it has received more attantiarecent years. [17] considers a problem with
stochastic demands and a single vehicle. The customerd &reman ahead of time and they apply a roll-
out algorithm to approximate expected good solutions etigrg new information becomes available. An
interesting paper by [6] considers using stochastic infdiom to determine whether it is profitable to accept
a customer request in light of what may occur in the futurealdd uses a technique resembling the MPA
approach described in this paper. A preliminary version &Avexhibited very good results, especially
using the consensus function, on problems with time windamgshigh DOD [2]. The model in [2] is very
similar to that of [6] and it would be interesting to combihe two approaches. Preliminary work for MSA
on the model addressed in this paper was described in [3].

10 Conclusion

This paper considered vehicle routing problems (VRP) wheigtomer locations and service times are
random variables that are realized dynamically during jeteecution. It reconsidered a multiple scenario
approach (MSA) that continuously generates plans comsigtéh past decisions and anticipating future
requests. It also proposed a new least commitment refineafddSA (MSA-LC) that uses stochastic
information to choose the vehicle departure times and tedasommitting too soon to a known request.
MSA and MSA-LC were were compared to the best available b&csi on dynamic VRP problems that
model long-distance courier mail services [13]. It was shdlat MSA may substantially decrease travel
times (while not degrading service). MSA was also shown sbladnen the distribution is reasonably noisy,
in which case it seems beneficial to be optimistic in predgctustomer requests. The results also show the
value of optimization inside a MSA framework.

There are several interesting directions for future worka t@e one hand, it seems important to in-
corporate stochastic information to decide whether to gtcaecustomer request. Our current algorithms
are greedy in that respect, while [6] has shown the benefitsiofy stochastic information on that aspect
of the problem as well. On the other hand, it is worth stregsirat MSA is domain-independent. As a
consequence, applying these ideas to other domains is amtampavenue for future research.
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