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Abstract

This paper compares technologies for a dynamic truckload pickup and delivery problem
in a competitive environment using sequential auctions. In this environment, demands
arrive randomly over time and are described by pick up, delivery locations and hard time-
windows. Upon demand arrival, carriers compete for the loads in a second price auction.
Four fleet assignment technologies with different degrees of sophistication are tested
using simulations. The technologies differ n how they dea with the combinatorial and
stochastic elements of the online problem. A one-step look-ahead dynamic vehicle
routing technology which tries to estimate the impact of current decisions on serving
future loads (not yet arrived) is introduced. The performance of each technology is
analyzed in relation to different demand characteristics.

KEYWORDS: Freight Transportation, Online Vehicle Routing Problem, Carrier
Management Strategies, Carrier Profitability, Information Technology, Electronic
Commerce, Auctions

Word count: 5500



INTRODUCTION

The principal focus of this research is to compare and evaluate the performance of
dynamic vehicle routing (DVR) technologies in a competitive environment. This
investigation covers the truckload pickup-and-delivery problem, entailing the dynamic
operation of trucking fleets that provide service to a general pattern of stochastic time-
sensitive customer loads. The research uses an innovative approach, comparing DVR
technologies in a marketplace environmert; each arriving load triggers an auction where
carriers compete with each other to win the right of servicing the load.

On the demand side, the motivation for this work is two-fold. The growing
demand for customer-responsive, made-to-order manufacturing is increasing the time-
sengitivity of customer demands This trend is shifting the logistics and transportation
process from one that relies on long planned lead times to real time operations. The
operation of Dell Computersin Texas exemplifies this trend.

The explosive growth in B2B electronic commerce, whichis changing the way
business is conducted, motivates the usage of marketplaces A specific example of these
changes is the increasing use of private exchanges, where a company invites selected
suppliers to interact in a real time marketplace, compete, and provide the required
services. Private exchanges are growing. A report published in mid 2002 estimated that
asof June 2003, 15 percent of all Fortune 2000 companies would have set up private
exchanges (1). Furthermore, the same source indicated that an additional 28 percent of all
Fortune 2000 companies planed to implement one by the end of 2003. These narket
changes have produced a recent shift away from fixed pricing and toward flexible
pricing. The typical dynamic pricing mechanisms are auctions, where prices and
allocations are based on bids.

On the supply side, the use of different DV R technol ogies reflects the asymmetric
nature of competition. Even though carriers may compete in the same market, they are
“endowed” with inherently different resources ranging from physical assets such as fleets
and facilities to communication and decision support systems. Furthermore, the adoption
of communication technology and expertise by carriers may vary greatly (2). This

research presents the results of simulation experiments performed to test different DVR



technologies. These technologies can be reduced to algorithms when simulated, however
they are herein referred to as “technologies’ as their real life implementation requires
much more than implementing an agorithm. Implementation may require upgrades in
communication and decision support systems, software, computational power, trained
personnel, aswell as understanding of the natureand complexity of the DV R problem

The paper is organized as follows. the next section describes the marketplace
framework and operation. Previous related work to the dynamic vehicle routing problem
is discussed in the third section. Section four describes different DVR technologies
simulated in this paper. Section five describes the simulation framework developed to
illustrate and evaluate technologies through numerical experiments. The experimental
results are analyzed and discussed in section six, followed by concluding @mments in
the final section.

M ARKET DESCRIPTION
This paper focuses on the performance of different DVR technologies in

sequential auction transportation marketplaces. The marketplace enables the sale of cargo
capacity based mainly on price, yet still satisfies customer level of service demands. The
specific focus of the study is the reverse auction format, where shippers post loads and
carriers compete over them (bidding). The auctions operate in rea time and transaction
volumes and prices reflect the status of demand and supply. A framework to study
transportation marketplaces is presented by Figliozzi, Mahmassani, and Jaillet (3).

The market is comprised of shippers that independently cal for shipment
procurement auctions, and carriers, that participate in them (we assume that the
likelihood of two auctions being called at the same time is zero). Auctions are performed
one at a time as shipments arrive to the auction market. Shippers generate a stream of
shipments, with corresponding attributes, according to predetermined probability
distribution functions. A shipment attribute is its reservation price, or maximum amount
that the shipper is willing to pay for the transportation service. It is assumed that an
auction announcement, bidding, and resolutiontake place in real time, thereby precluding

the option of bidding on two auctions simultaneously.



The auction type used is the second price or Vickrey auction The second price
auction for one load operates as follows:
I.  Each carrier submitsasingle bd

ii.  Thewinner isthe carrier with the lowest bid (which must be below the
reservation price; otherwise the auction is declared void)

iii.  Theitem (shipment) is awarded to the winner

iv. ~ Thewinner ispad either the value of the second lowest bid or the
reservation price, whichever is the lowest

v.  Theother carriers(not winners) do not win, pay, or receive anything

A powerful characteristic of (one item) Vickrey auctions is that the optimal
strategy is smply to bid the true cost of serving the shipment. In economic terminology,
this property is called a truth revealing mechanism. Furthermore, this paper assumes that
the mechanism implemented in the marketplace for the sequence of bidsis truth revealing
at each bidding instance. This powerful assumption is necessary because the objective of
the paper is to compare different DV R technologies. Bidding strategies therefore are
reduced to marginal cost bidding, removing any strategic or speculative element from the
results obtained. The reader interested in the latter, might refer to Krishna’s work (4) for
a genera treatment of auctions and to Figliozzi, Mahmassani and Jaillet §) for an

analysis of carrier bidding and behavior in transportation auctions.

FORMULATIONSAND SOLUTIONSOF THE DVR PROBLEM
The DVR problem is a relaxation of the static vehicle routing problem, where

information about the demand or shipments to be served unfolds over time Stochastic
arrival times and shipment characteristics differentiate the DV R problemfrom the vehicle
routing problem Stochasticity transforms a NP hard combinatorial optimization problem
(with complete information) into a decision making problem under uncertainty (partial
information), while preserving al the intricacies associated with the origina NP hard
problem. Powell, Jaillet, and Odoni (6) present an extensive discussion of dynamic
network modeling problems that arise in logistics and distribution systems, including a-

priori optimization and online decision policies for stochastic routing problems.



Regan, Mahmassani and Jaillet (7-9) analyze the opportunities and challenges of
using real time information for fleet management. They aso formulate and evaluate
(using smulations) various heuristics for the dynamic assignment of vehicles to loads
under real-time information. Subsequent work by Yang, Jaillet and Mahmassani (10,11)
introduces a static optimizationbased approach and tests it against the previously
developed heuristic rules. Their approach solves static snapshots of the DVR problem
with time windows using an exact mathematical programming formulation (which is the
basis for two of the technologies studied in this paper). As new input occurs, static
snapshot problems are solved repeatedly, alowing for a complete reassignment of trucks
to loads at each arrival insance. Mahmassani, Kim, and Jaillet ((2-14) study DVR
strategies for fleet size operations, where computational and response times are important
constraints. They also study strategies for DV R under high arrival rates and “priority”
loads.

A growing body of work focuses on the solution of the stochastic DVR problem
Powell proposes a formulation based on a Markov decision process and several
formulations using stochastic programming (15-18). Gendreau et al. (19) and Ichoua et.
al. (20) use tabu search to solve a DVR problemwith soft time windows. Gendreau et al.
(19) suggest the use of information about future requests to solve the DVR problem This
paper delves further into this idea, presenting a methodology that uses information about
future requests to estimate the cost of servicing a new load. More recently, Larsen et al.
(21) study the DVR problem with different degrees of dynamism (defined as the
percentage of demands that carrierstypically do not know in advance).

DVR TECHNOLOGIES

Carriers have to keep in mind the marginal cost for each transaction especialy in
a sequential auction that implements a truth revealing mechanism. The loaded distance is
not included in the marginal cost because it is assumed that all carriers have the same cost
per mile, therefore adding/subtracting a constant to/from al the bids (e.g. the loaded
distance of an arriving shipment) does not alter the ranking of bids. Besides, if all carriers
include the loaded distance in their bids, that term cancels out when computing profits

(the payment, in this case the second bid, and the winner’'s cost include the same



congtant: the shipment loaded distance). Shippers reservation prices do not include the
loaded distance either.

In real time situations, this is an increasingly difficult task when optimal
decision making involves the solution of larger NP hard problems and the necessity of
taking into account the stochastic nature of future demands. This paper presents four
levels of DVR technologies These technologies are presented in an order that shows an
increasing level of sophistication.

1. Base or Naive Technology: this type of carrier smply serves shipments in the order
they arrive. If the carrier has just one truck, it estimates the marginal cost of an
arriving shipment “s” simply as the additional empty distance incurred when
appending “s” to the end of the current route. If the carrier has more than one truck,
the margina cost is the cost of the truck with the lowest appending cost. This
technology does not take into account the stochastic or combinatorial aspect of the
cost estimation problem and is considered one of the ssimplest possible. Nonethel ess,
it provides a useful benchmark against which to compare the performance of more
complex and computationally demanding technologies

2. Static Truck Optima (STO): this carrier optimizes the static vehicle routing problem
at the truck level. If the carrier has just one truck, it estimates the marginal cost of an
arriving shipment “s” as the additional empty distance ncurred when inserting or
appending “s” to the current route. If the carrier has more than one truck, the marginal
cost is the cost of the truck with the lowest inserting or appending cost. Like the
previous technology, it does not take into account the stochastic nature of the
problem. This technology roughly stands for “the best” a myopic (i.e. ignoring the
future but with real time information) truck driver can achieve.

3. Static Fleet Optimal (SFO): this carrier optimizes the static vehicle routing problem at
the fleet level. If the carrier has just one truck, the technology is equivalent to the
previous case. If the carrier has more than one truck, the margina cost is the
increment in empty distance that results from adding “s” to the total pool of trucks

and loads yet to be serviced. If the problem where static, this technology would



provide the optimal cost. Again, like the two previous technology, it does not take
into account the stochastic nature of the problem. This technology roughly stands for
“the best” a myopic (as ignoring the future but with real time informatior) fleet
dispatcher can achieve. A detailed mathematical statement of the MIP formulation
used by SFO is given in (10, 11). STO is a specid case of the genera SFO
formulation.
. One step Look ahead Fleet Optimal (1LFO): as the previous carrier, this carrier
optimizes the static vehicle routing problem the fleet level. This provides the static
marginal cost (smc) for adding “s’. However, this carrier also knows the distribution
of load arivals over time and their spatia distribution (this paper does not discuss
how the carrier has acquired this information). Hence, the carrier can simulate
whether and how much winning “s" affects the margina cost of serving the next
arriving load; this is thedynamic marginal cost (dmc) of serving “s”. Unlike previous
types, this carrier takes into account the stochasticity of the problem to estimate the
static cost of serving “s’ and the effect on the marginal cost of serving the next
arriving shipment (“one step look ahead”). This technology roughly stands for what a
fleet dispatcher with real time information and knowledge of future (yet unrealized
probabilistic demands) can do. However, 1LFO is not an “optimal” technology, rather
it is a heuristic that tries to estimate how serving “s’ affects the cost of serving the
next shipment.
Defining:
L, the set of loads (won bids) yet to be serviced by the carrier when “s” arrives
cL? A, afunction that given a set of loads and current fleet deployment return the
minimal empty distance required to serve al the loads included in L
S={ s, . s}, smulated set of nloads. Each of these |oads represents a realization
of the next unknown arriving load (mmediately after “s’) using probability
distribution functions that the shippers use to generate loads.

Then:
smc(s) = ¢(L+s)—c(L)
dmc(s)= Si[c(L+s+s)—c(L+s)] /n s1S



Using (1LFO) technology, the marginal cost used to bid is the average between smc
(s) and dmc (s). The average is taken to “correct” the static estimation of the static
marginal cost (smc) taking into account the impact of serving “s’ on the next bid.
Three cases are possible:

a smc (9 < dmc () : serving the arriving demand leads to a fleet deployment
that causes a higher dmc (relative to the current smc), therefore the bid is
increased

b) smc (s) > dmc (s) : serving the arriving demand leads to a fleet deployment
that causes a lower dmc (relative to the current smc), therefore the bid is
decreased

0 smc(s) = dmc () : serving the arriving demand leads to a fleet deployment
that do not affect the value of dmc (relative to the current smc), therefore the
bid is equa to smc (s)

Response or solution time is a key consideration in real time applications.
However, given that the objective of this paper is to analyze how much can be gained
using different technologies, it is assumed that carriers have enough computational power
asif they can always bid before another request comesiin.

In al cases it is assumed that a carrier bids only if a feasible solution has been
found. If serving “s” unavoidably violates the time window of a previously won
shipment, the carrier ssimply abstains from bidding or submits a high bid that exceeds the

reservation price of “s.”

SIMULATION FRAMEWORK

This paper studies truckload carriers that compete over a square geographic
region. It is assumed that the length of the square sides isequa to 1 unit of distance. For
convenience, trucks travel at constant speed equal to one unit of distance per unit of time.
Demands for truckload pickup-and-delivery arise over this area and over time. Origins
and destinations of demands are uniformly distributed over the square area, so the

average loaded distance for a request is 0.52 units of distance. All the arrivals are



random; the arrival process follows a time Poisson process. The expected inter-arrival
timeis E[T] = V (K1), where | is the demand request rate per vehicle and K is the total
market fleet size. Roughly, the average service time for a shipment is 0.77 units of time
(approximately | = 1.3). The service time is broken down into 0.52 units of time
corresponding to the average loaded distance, plus 0.25 units of time that approximate the
average empty distance (average empty distances vary with arrival rates and time
windows considered). Three different Poisson arrival rates per truck per unit of time are
simulated:

| =0.5 (uncongested)

| =1.0 (congested)

| =2.0 (extremely congested)

The shipments have hard time windows. Three different time windows are
simulated. In all cases it is assumed that the earliest pickup time is the arriving time of
the demand to the marketplace. The latest delivery times (LDT), in an order that reflects
increasing “dlackness’, are the following:

LDT1 =arriva time + 1 x (shipment loaded distance+ 0.25) + 1 x uniform (0.0, 1.0)
LDT2 = arriva time + 2 x (shipment loaded distance + 0.25) + 2 x uniform (0.0, 1.0)

LDT3 = arrival time + 4 x (shipment loaded distance + 0.25) + 4 x uniform (0.0, 1.0)

The respective time windows are respectively called TW1, TW2, and TW3. The
first type of time windows (TW1) provides hardly enough flexibility of scheduling. The
opposite can be said about the last type (TW3). All the shipments have a reservation price
distributed as uniform (1.42, 1.52). In all cases reservation prices exceed the maximum
margina cost possible (therefore highest bid) in the simulated area ¢1.41 units of
distance). It is also assumed that all the vehicles and loads are compatible; no special
equipment is required for specific loads. In al the simulations, four carriers are
competing for the demands. Out of the four carriers, three compete using the Base or
Naive technology, the other carrier uses one of the more sophisticated technologies.

Multiple performance measures are used to evaluate the various technologies. The

first istotal profits, which equal the sum of al payments received by won auctions minus



the empty distance incurred to serve all won shipments (it was aready mentioned that
shipment loaded distances are not included i n the bids, |oaded distances cancel
out when computing profits). The second performance measure is number of auctions
won or number of shipments served, an indicator of market share. The third is the
carrier’s average empty distance or the average distance from the destination of one load
to the origin of the next load served. Average empty distance is a measure of the
schedul i ng efficiency of the DVR technology. The fourth performance measure is
average shipment (served) loaded distance.

ANALYSISOF EXPERIMENTAL RESULTS

Figure 1 compares the absolute performance of STO and SFO technologies. The
graphs in the two columns have comparables scales to facilitate visual comparisons. The
results correspond to a marketplace with four carriers, three of them naive and one more
sophisticated (either STO or SFO). Each carrier has a fleet of two trucks. Figure 1 shows
how SFO outperforms STO in number of won bids and average empty distance, for the
most part with wider time windows and slightly congested arrival rates. With wide time
windows (TW4) and congestion (AR=8) SFO outperforms STO in all four performance
measures.

From a competitive point of view, it is essentia to see their relative performance
with respect to naive carriers. Fgure 2 compares the relative performance of STO and
SFO against the naive carriers. As expected, sophisticated technologies outperform the
naive one in general. However, relative performance critically depends on the arrival rate
and time windows that characterize the demand. Shorter time windows have clearly a
negative effect on profit performance. The first type of time windows (TW1) is so short
that provides few opportunities to improve schedules. The plots of won bids and profits
look like flat lines. As time windows get larger, there are more opportunities for
swapping loads service orders and swapping loads among trucks. For wider time
windows, plotting won bids vs. arrival rates bring about a concave looking curve.

Under low arriva rates, optima formulations hawe few shipments to work with.

Under very high arrival rates, al the carriers fleets are fully utilized irrespectively of



their intrinsic technology or efficiency. Therefore there is an “optimal” arrival rate that
maximizes the competitiveness of static optimization techniques.

Average loaded distance is included as a performance measure because it reveals
the working of the “optima” static technologies. The MIP formulations manage to join
together a larger number of short loaded distance shipments. As shipments arrive one a a
time, the likelihood of a small shipment to “fit” into the existing routes does increase as
its loaded distance decreases. In this paper, marketplace setting reservation prices are
independent of shipments’ loaded distances. A different marketplace, where shipment
reservation prices strongly depend an loaded distances, would surely exhibit a different
profit performance for the sophisticated technologies, though won bids, loaded distances,
and empty distance could remain by and large unchanged.

Figures 3 and 4 depict similar graphics but illustrating the absolute and relative
competitiveness of technologies SFO and 1LFO. The knowledge about the stochastic
nature of the demand makes an obvious difference in the number of won bids (see figure
4). Averaging smc and dmc seem to more accurately reflect the “true” marginal cost of
serving a shipment. However, the relative performance of 1LFO decreases with
increasing arrival rates. Under very high arrival rates (ar = 32 in figures 3 and 4) the
respective performances of SFO and 1LFO are comparable. This seems to suggest that at
high arrivd rates, smc » dmc.

Figures 5 illustrates the results of a SFO type carrier competing against three STO
carriers. The graphs on the left represent the absolute performance of the SFO carrier, the
graphs on the right represent the relative performance of the SFO carrier against the STO
cariers. The same patterns discussed above regarding figures 1 and 2 hold here.
Optimization at the fleet level is more competitive a8 moderately congested conditions
and wider time windows. However, unlike the previous case, the average loaded distance

does not vary as much except for the case of high arrival rate and wide time windows.

CONCLUSIONS
A sequential auction framework was used to compare the competitiveness of
different DVR technologies. The technologies were evaluated under different éemand

conditions. It was shown that under severely constrained DV R problems the performance



gains obtained with sophisticated technologies are scarce. Mgor performance gains are
obtained under moderately congested conditions as well asample time windows.

The proposed methodology to test DVR technologies seems adequate to evaluate
competitive performance, especiadly in logistics and transportation problems embedded in
dynamic stochastic environments or supporting e commerce marketplaces and activities.
The paper also introduced a DVR strategy that assumes knowledge about the shipment
arrival and other characteristics distributions. Simulation results show that this new
strategy outperforms myopic ones, particularly in uncongested marketplaces However,
further research is needed to fully tap on the competitive edge provided by knowledge

about the stochastic nature of future demand arrivals.
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Comparing SFO (left)and 1L FO (right)
% Change over Naive Carriers
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Figure5

Comparing SFO and STO

SFO absolute values (left) and SFO % change

over STO Carriers (right)

Profits
60%
50%

== T\W1
e T2

| A
30% wa / \
/ N\

20%
10% 9
0% 9

-10% T T
4 8 16
Arrival Rate




