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This paper addresses the problem of assigning drivers to cover tasks when the tasks are the movements of containers. The tasks
must be started within certain time windows and their servicing times are uncertain while the decisions are made over time. These
decisions can be changed if new information is received. The problem is formulated in a stochastic optimization framework with
the objective of minimizing the costs of current driver-task assignment and the expected future costs. A time-window sliding
solution procedure is developed to estimate the expected future costs by solving the minimum cost flow problems iteratively.
Furthermore, the results of the numerical experiments that assess the efficiency of the algorithm and the benefits of considering

uncertainty in the model are reported.

1. Introduction

This paper addresses the problem of assigning drivers to
cover a set of tasks that represent short-haul in-land
container movements. The resecarch is motivated by the
drayage problem in Hong Kong, a city that handled over
16 million 20-foot equivalent units of containers in 1999.
In the drayage problem, a task can be a container vard
move that involves moving a loaded container out of the
container yard at a terminal to a consignee’s warchouse,
waiting for the unloading of goods from the container,
and taking the empty container to a container storage
site. This type of task involves a movement and some
intermediary activities. Another task can be shuttling that
represents a movement of a container between two lo-
cations (such as the container terminal and the rail yard)
without involving any intermediary activity. There are
several characteristics of a drayage problem. First. tasks
have to be started within some time windows. Because of
the very limited parking space in Hong Kong, there is a
waiting cost for a driver who arrives at a task’s starting
location before the task can be started. This cost is lo-
cation dependent. Second, task service times can be
uncertain and have various degrees of uncertainty. For
example. the container yard move involves many inter-
mediary activities and the service time involves a large
time variation whereas the shuttling is relatively simple
and its service time has a small variation. Third, not all
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the tasks have to be covered by a company’s own fleet
because uncovered tasks can be outsourced to a third
party carrier through payment of a premium. Finally. the
drivers’ routes are not fixed and the decisions on assign-
ing drivers to tasks are made over time.

In this paper, the problem is formulated in a frame-
work of stochastic dynamic optimization. The cost of
assigning a driver to a task is the sum of the transpor-
tation cost from the finishing location of a task to the
starting location of another task, the waiting cost before
starting the task, minus the reward obtained by covering
the task. The objective is to minimize the driver-task as-
signment costs for the currently available drivers and the
expected future driver-task assignment costs. In this
study, the planning horizon is divided into evenly dis-
tributed time intervals (for example, 30 minutes). Time
parameters and variables are multiples of these intervals.

The literature related to this research can be grouped
into three areas. The first area is the literature on deter-
ministic task scheduling with and without a time win-
dow. Fischetti er al. (1987, 1989) consider the bus driver
scheduling problem and formulate the problem in the
framework of machine scheduling. They show that the
problem is NP-hard and develop lower bounds and dom-
inance criteria that are embedded in a branch-and-bound
process for obtaining the optimal solution. Desrosiers
er al. (1984) study the routing and scheduling problem
with time window constraints and propose a column
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generation method. In their method, columns (of the
constraint matrix) represent vehicle paths that can be ob-
tained by solving time-constrained shortest path problems.
Desrosiers et al. (1995) present a unified solution frame-
work for various deterministic routing and scheduling
problems that is based on path-flow formulations and the
Dantzig-Wolfe decomposition. Path-flow formulations
allow us to incorporate complex work rules. In the context
of driver-task assignment, Powell er al. (2000) develop an
adaptive labelling algorithm in which a set of labels are
used to represent the possible histories of drivers and an-
other set of labels are used to represent some possible tours
of the drivers in the future. The matching of the two sets of
labels can produce new tours with lower costs. The algo-
rithm, however, does not consider the uncertainty of ser-
vice times. In practice, the uncertainty can make a
previously determined tour infeasible.

The second related research area is the research on
Stochastic Vehicle Routing Problems (SVRP) as our
problem can be considered as a special type of SVRP in
which vehicles have unit capacity and the service times are
random. In SVRP, the stochastic component can be the
travel time (Laporte er al., 1992). the customer demand
(Bertsimas, 1992), or the existence of customers (Gend-
reau ¢t al., 1995; 1996a). If our problem is formulated as
SVRP. then we need to consider the service time-window
constraint. permit tasks to be rejected, penalize early ar-
rivals at customer sites, and allow routes to be formed
dynamically. To our knowledge, such a problem has not
been studied explicitly in the literature on SVRP. The
problem can also be considered as a stochastic program
with recourse (see Birge and Louveaux (1997) for a re-
view). Solution methods for general stochastic pro-
grams with recourse include scenario-based methods
(Rockafellar and Wets, 1991) such as the integer L-shaped
method (Laporte and Louveaux, 1993), sampling-based
methods (Ermoliev, 1988) such as the Bayesian approach
(Jagannathan. 1985) for two-stage stochastic programs.
dynamic programming (Secomandi, 1998). and tabu
search methods such as the one for stochastic vehicle
routing (Gendreau et a/., 1996b). Similar to Jagannathan
(1985). the method proposed in this paper involves sam-
pling. However, unlike Jagannathan (1985), this paper
deals with a multistage stochastic program in which even
the start time of a stage is a random quantity. Further-
more, the probability mass functions used for generating
samples are not given in advance but are iteratively esti-
malted throughout the solution process.

The third related area is the research on dynamic ve-
hicle allocation problems (Frantzeskakis and Powell,
1990) where a number of vehicles need to cover a set of
loads (or tasks. in our terminology) over time. In the
problem, the availability of a load is a discrete random
variable. The start times of the loads are fixed. Cheung
and Powell (1996) formulate the problem in a dynamic
network with random arc capacities and develop a de-

Cheung and Hang

composition method to solve the problem. Different from
the dynamic vehicle allocation problem. our problem has
random task service times and tasks can be started within
some time windows.

In the motivating application, immediate solutions are
required. Therefore, our focus is on approximation
techniques. Our contributions lie in formulating the
problem in a stochastic dynamic optimization framework
and in developing a new solution procedure that assigns
drivers to tasks at decision time points over the planning
horizon. This procedure depends on the ability to esti-
mate the expected costs of covering tasks in the future.
The concept of assignment time windows is presented
that mimics the actual practices in making driver-task
assignments. By sliding such a time-window backward
from the end of the planning horizon to the current time.
the costs of starting tasks at different time points are es-
timated. These estimates are then used for making the
dynamic driver-task assignments.

The paper is organized as follows. Section | provides
the problem formulation. Section 2 presents the time-
window sliding solution procedure. Section 3 describes
the steps of cost estimation for a given time-window.
Section 4 reports some numerical experiments and Section
5 provides concluding remarks.

2. Formulation

To simplify the discussion, first consider the example of a
deterministic driver-task assignment problem with two
drivers and three tasks, as shown in Fig. 1. The available
time and the remaining duty time for each driver are
given. For each task. the starting time-window, the rev-
enue generated by this task, and the service duration are
shown. Solid arcs are used to represent the deadhead
movements between the current locations of the drivers
and the starting locations of the tasks to be covered.
Dashed arcs are used to represent the returns of drivers to
the depot. The numbers next to the solid arcs are the
transportation costs and the travel times. If the objective
is o minimize the cost or to maximize the revenue, then
the optimal solution is to let driver 1 take tasks 1, 2, and 3
in sequence, finishing at 16:30 and to let driver 2 go back
to the depot directly.

The mathematical formulations of the deterministic
model and the stochastic dynamic model are described
next.

2.1. The deterministic model

Assume that there are N drivers to cover / tasks over a
planning horizon of T periods. Define
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Task 2 (From F to D)
Cost: 180 Window: 13:30 - 16:00
Time:1.5 hrs Value: 370 [

Duration: 0.5 hr

Driver 1
Available at: 12:00
Remaining: 6 hrs

Caost; 90
yme:1 hr

Cost: 200
Time:2 hr

Cost: 120

Driver 2

Time:1 hr

Cost: 50
Time:0.5 hr

Task 3 (From Cto E)
Window: 15.00 - 16:00
Value: 280
Duration: 1 hr

" Cost: 40

% Cost: 175
= Time: 1.5 hrs

Available at: 12:00
Remaining; 6 hrs

Task 1 (From C to B)
Window: 12:30 - 13:30
Value: 350
Duration: 0.5 hr

Fig. 1. A deterministic driver-task assignment example.

In the problem, after a driver covers a task, the driver will
become available again. This newly available driver is
called a future driver and we say that the driver is gener-
ated by the task just covered. The drivers initially available
are assumed to be generated by some dummy tasks whose
finishing locations are at the depot. The ending of the
driver routes can likewise be represented by dummy tasks
whose starting locations are at the depot. Let

4" = the set of dummy tasks for the initial drivers;

4" = the set of dummy tasks that represent the end of
driver routes.

For each task i. let

a; = the carliest possible starting time:

h; = the latest possible starting time;

9; = the set of possible starting times = {aj..... bi}:

7; = the service duration;

F; = the set of possible finishing times:

r; = the reward attained from covering the task.

For the tasks in .#" and .#”, @; and b; are the beginning

and the end of the planning horizon respectively. The

service times and rewards for tasks in .#' or .#"” are zero.
The distances and costs are defined as follows:

t;; = the travel time from the finishing location of task 7
to the starting location of task j, i€ U7, je
N AR e

¢;j = the travel cost from the finishing location of task i
to the starting location of task j. i€ #'U.Z, j€
EANE

¢¥ = the minimum of the waiting cost per unit time at
task i's finishing location and that at task /s
starting location.

The decision variables are:

| il the driver that finishes task 7 at time f
= starts task j at time s,
Y feEFiscied U, jesuI" i#].
0 otherwise.

The following three variables are defined for the conve-
nience of describing the model:

s; = the starting time of task j, j € .# U.7" (if task j is
covered);

f; = the finishing time of task i, i € #' U J (if task i is

covered):

if the driver that finishes task 7 starts task
JeS UL, je FUI" i#)
0 otherwise.

1
Xij =

In terms of the decision variables, the dependent variables
can be expressed as

f .
= F, 2, ) w (1)
lef'US fEF seY;
fi=si+1, (2)
- 3
=3 S o
JEF €
The constraints of the problem are:
e UF
N :
2 Y= Z Xjt Vje .7, (5)
ey lefus”
S Y s, ©
e jefus”
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Jittj—s; <(l —xy)M Vies Vs jesrurs”, (1)

a<s;<h Vield, (8)
e{0 1} Vief U jefUS" feF, sc 5Py
(9)

Constraint (4) ensures that each task is covered at most
once. Constraint (5) is the flow conservation constraint: a
driver who covers a task will be available later. Con-
straint (6) indicates that the number of drivers that cover
tasks cannot exceed the number of available drivers.
Constraint (7) requires that a task’s starting time be later
than the time when the driver arrives at the task’s starting
location. Constraint (8) ensures that all the starting time
windows of tasks are satisfied. Constraint (9) is the in-
tegrality requirement.

The objective of the problem is to minimize the total
assignment costs minus the total rewards. The assignment
cost for the driver who finishes task / and then starts task
J» denoted by &;, consists of the travel cost and the
wiliting cost:

Cij = ¢y + max{s; — (f; + 1), O}c:;
Therefore. the problem can mathematically written as:
min Z Z (€7 — ry)xij. (10)
e fIUF jesusr”

subject to (1)-(9).

2.2. Stochastic dynamic model

If the service times are random quantities. then a static
route obtained by solving the integer program defined by
(1)-(10) can become infeasible because constraint (7)
could be violated. Consider the revised example shown in
Fig. 2 where each of the five tasks has several possible
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service durations with some known probabilities.
Suppose all tasks take the minimum service durations.
then the route, driver 1 — task 1 — task 2 — task 3 —
depot, is feasible. However, if the service times for both
task 1 and task 2 are | hour, then the driver will arrive at
the starting location of task 3 at 16:30. 30 minutes later
than the latest start time and the route is not feasible.
Therefore, under an uncertain environment, the routes
for the drivers need to be formed in different time stages.

To describe the model better, consider the time-space
representation of the dynamic assignment problem shown
in Fig. 2. Assume that driver 1 is assigned to cover task 2
and driver 2 is assigned to cover task I and both the
actual service times for tasks | and 2 are 0.5 hour. In
Fig. 3, the vertical axis is for location, the horizon axis is
for time and the planning horizon has 12 intervals (30
minutes each). Assume that all drivers are initially
available at time 0. For uncovered tasks, small triangles
are used to represent their possible starting times and
circles are used to represent their possible finishing times.

2.2.1. Decision buffer and assignment window

There are two special characteristics of the driver-task
assignment in the motivating application. First, when a
driver becomes available. the dispatcher will make an
assignment not only for this driver, but also for the
drivers who will be available within a time buffer. This
bufler is referred to as the decision buffer. The model as-
sumes that at a given time if the remaining time of a task
is expected to be shorter than the length of the decision
buffer, then the actual finishing time of the task is known.
In practice, the actual remaining time can be estimated
quite accurately if the real-time information to trace the
status of the task is available and when the length of the
buffer is short. This is particularly true for the model
since decisions are made on discrete time points. For
example, in Fig. 3. if the decision buffer is two time units

Fig. 2. A stochastic driver-task assignment example.

Cusi 45 Task5 [Fram F 10 D)
Task 2 (Fiorm F1a [j im0 5 hr Window! 1530 - 16:30
Window; 13:30 - 16.00 Velye: 425
UL Duralion: 15 hr 0.5
e Value: 370 25hr 04
Fire 1. Duralion: 0.5 hr. 0.4 i
e L5 Iy
10hr 08
Driver 1 CIsE 50
Available at 12.00 " TuneNy54f | Task3 (From Clo E)
Remaining: Ghrs |\ oo I’“ “ant: 2440 : Window: 15:00 —18:00 G- 400
del b Timie:1 § by Vilue- 280
costidan Duratior: 1.0fr 05
T LA 120 1.5hr 05 : Y
L TR hir O B e 4
Driver 2 t Gags  NCost 155
Available al: 12200 | | Cosu 175 Task 1 (From C to/B) Fime 1 i e | he
Remaining: 8 hrs L Time 15 hys | Window: 12:30= 13:30
Valye: 350 Task4 {Fom At C)
Duraton: 050t 02 Tosr: 118 Window: 15:30 = 16:30
1.0hr 0.6 “Fiiine-l b Valie; 285 N
15hr 0.2 Duration: 1.5hr 0.5 3 ¥
Cost: 4 30h 05 ety S &
Lozr 40 4 Cuast Nh( v
- Cost: 60 ) = .
Cost= 30 = - S T i
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Decision buffer
Assignment himit for driver 2

Assignment limit for driver |

Assignment window

Locations

P w00 m

Depot

Driver 2
01 2 3 4 5 6

7 8 9 10 11 12 Time (period)

A Possible starting times of tasks

@
@

Possible finishing times of tasks

Available drivers

Fig. 3. A time-space representation of the driver-task assignment problem.

(1 hour). then both drivers | and 2 will be in the decision
buffer starting at time 3. When the length of this buffer is
zero, decisions are made for each individual driver (or
multiple drivers il they are available at the same time).

Second, if there is no task that can be started within a
certain time limit after a driver becomes available. for
example 2 hours. then the driver will go back to the de-
pot. The reason is that the driver can perform other in-
ternal tasks or take rests at the depot. In the motivating
application, the depot is located at the container terminal
where drivers can help handle some internal movements
of containers at the terminal. This time period is referred
to as the assignment limir. In Fig. 3, if the assignment limit
is 2 hours, then task 4 is not within the assignment limit
for driver 1 but it is within the assignment limit for driver
2, whereas task 5 is not within any of the assignment
limits. We define the assignment time window, or simply
the assignment window, as the period from the beginning
of the decision buffer to the latest task starting time
(latest available time of the drivers in the decision buffer
plus the assignment limit). In the example. the assignment
window is from three to eight. Thus. task 4 is within the
assignmentl window whereas task 5 is not.

2.2.2. Formulation
In the stochastic model. 7; is a random variable. Let

7 ; = the set of possible service times of task i
pi. = the probability that the service time of task 7 is
L€ Fh

I = the time index that represents the beginning of an
assignment window;
wp = the length of the decision buffer.

For the assignment window starting at time /. define

wy,; = the length of the assignment window;

.,’f,[.) = the set of tasks that may be finished within the

decision buffer:

.F'f‘ = the set of tasks that may be started within the
assignment window:
Y';1 = the set of possible starting times of task j (that is,
' the elements of .%;) that are within the assign-
ment window:
7 = the set of possible finishing times of task 7 (that is.

the elements of .#; ) that are within the decision
bufTer.

The set .7} generates drivers who will be available in the
decision buffer. These drivers will cover the tasks in %/
within the assignment window. Notice that if the end of
the decision buffer is bevond the end of the planning
horizon. 7. the length of the decision buffer will be
shortened (if [ +wp > T, we set wp = T — /).

Let €; be the probability space for the decision stage
starting from time /. An outcome w; € €, represents the
history of the drivers™ available times before time / + wp
(the end time of the current decision buffer). Suppose the
duration of task / for a given iy is written as t;{w;). The
objective function of the optimization problem in this
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stage consists of two parts. The first part is the total as-
signment cost minus the total reward within this stage
and the second part is the expected total cost from the
next stage to the end of the planning horizon. The start
time of the next stage, denoted as /', is the finishing time
of the first task that finishes after / + wp. Mathematically
speaking, the time is given by

P = mm{f, where f; > I +wp and j€ U # } (11)
1<t

Since f; = s; + 7;{ewy). the start time of the next stage de-
pends on the outcome ;. Therefore, unlike many mul-
tistage problems where the start times of the stages are
known in advance. the start time of a stage in our
problem is a random quantity and is known only after the
decisions in previous stages are made and some random
service times are realized.

The optimization problem of the current stage for the
given «y is written as:

o1, ) X’,, + EQUI', yp),

(12)

subject to constraints. (])—(6), (8)(9) and
si+ (o) +ty—s; < (1 —xp)M Vie IP.je F.
(13)

Notice that constraint (7) 1s replaced by (13) in this sto-
chastic formulation. The last term in (12) represents the
expected future cost from the stage starting at time /. Ifa
driver finishes a task and becomes available at /" after
time 7. this driver is assumed to return to the depot.
Thus. for I" > T, EQ(]
the returning trips. Finally, the objective function for the
initial stage problem can be written as:

minz Z (€1 — r)xi; + EQUI', ey,

e’ jedi

(14)

where /' = min{f; where f; > wp}.

3. The window sliding procedure

The deterministic model has a large number of integer
decision variables and is difficult to solve computationally.
In the stochastic model, the objective function in (12) in-
volves a recursive embedding of the optimization in ex-
pectations, making the model even more difficult to solve.

We now consider a procedure that approximates the
complex function EQ(/, @) by a linear term. This linear
term captures the impact of starting a particular task at a
particular time. Let

!

vt = the expected future cost of starting task j at time 7.

The term EQ(!', cy) is then approximated by

' ay) are set to the travel costs of
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IO/

s /n]( I\“'(“

Consequently. the objective function (12) is approxima-

ted by
min Z Z (@5 — ri)xi + Z Z Zt xi. (15)
= w‘[ j’\‘n v

iegP jes)

The future value of starting a task at a given time depends
on whether this task will be covered, when it is to be
covered, and the future value that the driver who covers
this task will generate.

Define for each task i. i € .?‘:’

u, = the e‘{pecled future cost of finishing task 7 at time ¢
and ¢ € &, ;

g = the Chtlmdted probability that task 7 is finished at
time ¢ and 1 € F,:
p; = the estimated probability that task 7 is started at

time ¢ and r € .¥;;
pi = the estimated probability that task /is covered by a
driver;
the number of times that the starting time of task i
is §; In our samples.

For given pf, the probability ¢/ can be determined as

di=Y g

TET

(16)

The procedure iteratively estimates the values of ¢/ and
the probabilities p/ and p;. We assume that all tasks are to
be covered initially and each task has the equal chance to
start at each of its possible starting times (see Step WS
below for the corresponding mathematical expressions).
The procedure consists of multiple passes of sliding the
assignment window from the end of the planning horizon
towards the beginning of the planning horizon one period
at a time. In each pass. we estimate v}, [ € .7 P during the
sliding process and update p! and p; at the end of the pass.
The estimation of ¢! involves drawing samples on possible
task finishing times within the decision buffer and solving
a network flow problem for each of the samples. The
details of how the network is constructed and how the
values of v} are computed are provided in Section 4.

To update the probabilities p; (the likelihood of when
task / will be covered). we consider the ratio of Z g X,
to ) . ,.:Z‘U, #,. The qucmmy 2 iscon Ry represents the
number of times that task 7 is covered in lhc samples. If
this number is larger for task / than lor task ¢, then task i
is more likely to be covered than is task /. On the other
hand, to update the probabilities p!. we consider the ratio
of ¥, to 3., %, This ratio indicates the number of times
that a task is started at a particular time ¢ over its possible
start times. The weighted averages of these two ratios
over the previous passes are then used to update p; and p!
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through two smoothing parameters, ff, and f,. that are

between zero and one as follows:
p; = By +(1 —ﬁp)—jf—‘. Yie ¥y, NMie s, (17)
Zrﬁ'i. X
2.\‘.:‘ i} vaf. (]8)

Pi= ﬁp’-Pi i (l — ﬁp’) 0 3
Zu—j 9‘:1 L‘\-(C Sy -'\,v‘
The procedure is summarized below.

Procedure: Assignment Window Sliding (WS)

Step WSI. Set n =0,
g, =0, Yig f1=1,..., T,

7 = g W HE F, HES,
P = I, Wie.7.
Step WS2. Set n=n+ 1.

Set ¥, =10, Mi€ S, 5p€ P

Reset the starting time assignment window:

l=F—w.

Repeat
Define .#P and .77,
For the assignment window starting at /.
use the cost estimation (CE) procedure
(described in Section 4) to update the val-
ues of ¢/ and x;.

Step WS3.

Set f=1=1.
Until /=0
Step WS4. The probabilities p; and p; are updated using
(17)-(18).

Step WS5. The Steps WS2 to WS4 are repeated for a

predefined number of passes.
4. Assignment window subproblem

To estimate v/, i € .9 for a given set of ¢!, i € .9} and p/,
ie .5/',) in step WS3, random samples on the finishing
times of tasks in .!/f) are drawn using the set of proba-
bilities ¢/. For each sample, a network flow problem is
generated and then it is solved. Next, the optimal dual
prices obtained are used to estimate the costs «!, which in
turn are used to estimate v!. Section 4.1 shows how the
network flow problem is created and Section 4.2 shows
the steps of the cost estimation.

4.1. Assignment network

For each task in .¥ P a set of finishing nodes are created to
represent the possible finishing times and. for each task in
JN. a set of starting nodes are created to represent the
possible starting times. These times are defined if they are
within the assignment window. For each task in .4}, a
capacity node is also created. Finally, for the whole net-
work, a super-sink node is created for representing the
end of the planning horizon. Denote
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n;, = the starting node for starting task j at time s;;
n; = the finishing node for finishing task i at time f;:
n; = the capacity node of task j;

n, = the super-sink node.

The cost of leaving from the destination of task /i at the
specific time f and arriving at the origin of task j at the
specific time s is written as:

elf . 8) = ey (.7 —f

— f,',.j){‘:-:-.

There are four types of arcs created in the networks.
First. for each task jin .#%, there is a summation arc from
each of its n,, to n; with a cost of zero and no capacity
restriction. Second, for each n;, there is a capacity are 10
ny with zero cost and capacity one. This arc and the
summation arcs of a task together ensure that constraint
(4) for this task is satisfied. Third. for each n . there is an
assignment are from it to a starting node ny of each task j
where

s’ =arg min{(()‘;—‘.s') o rf; | s'&eFyy, § - = [,-J-}.
(19)

Equation (19) says that il a driver available at time /; will
cover task j (which is feasible only if s — f; = ;). then this
driver will choose the start time with the lowest cost. The
arc cost is set to ¢(fi. &) —r; + U;'-' and the arc capacity is
one. Finally. there is an arc [rom each n; to ng,. reflecting
that a driver always has the option of returning to the
depot. The arc cost is the transportation cost from the
task’s finishing location to the depot and the arc capacity
1s one.

The nodes and arcs for tasks 1, 2. 3 and 4 in our ex-
ample are shown in Fig. 4. The supplies for the nodes n;,
and n; are zeros. The supply of ny, is either one or zero
depending on whether task 7 is being covered and when
the task finishes. Finally. we define n; as the dual price at
node ny after the network flow problem is solved opti-
mally.

4.2. Cost estimation

Assume that the network flow problem described in
Section 4.1 is available and K samples are used. For each
sample. a network is generated. The networks differ in the
pattern of node supplies. The cost estimation involves
three major steps for each network: generate the supplies
to the nodes; sclve the network flow problem to obtain
the optimal duals, and use the duals to estimate v;. The
supplies depend on the tasks that will finish within the
decision buffers. Let m be the number of such tasks and m
should not exceed both the number of drivers initially
available and the number of tasks that can be finished in
the decision buffer. That is. we have

m = min( |.f})

N). (20)
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FIT

Finishing nodes of task2 .~
-

Finlshing nodes of Task 1

Depot b

BN
~. ~ \
Starting nodes of task 3 Mg B
, .//E/a
Staring nodes of lask 4 /.’/// l/
V.
4
\\\ Ny ////
% ~ g g,
P="x s . Ry e P 7
i = ~ &
e T =T
\“--.___ Bl _’/I
6 7 8 Time (period)

end
finishing node
starting node
capacily node
super-sink node

Le

=3

® 0> Oy

O—————p/\  assignment arc
A »O summation arc
@ —p@ capacity arc
Oo—— -»@ returning arc

Fig. 4. Nodes and arcs in an assignment network.

I VP| > m. then m tasks are selected randomly ac-
cording to the probabilities p;. The finishing time of one
of these tasks, say /, is selected according to ¢!. Then, the
supply of the corresponding finishing node is set to one.
Since the total supply to the network is n2, the demand of
the super-sink node is set to m.

After the node supplies are set, the network flow
problem is solved (by any standard algorithm such as the
network simplex algorithm). The dual price, 7. obtained
from the optimal solution for the network problem
measures the downstream impact of having an additional
flow going into the finishing node 7. Thus, the average
dual prices over the K samples are used to update u}
where #} measures the impact of finishing task / at time .
At the same time, we update the number of times that a
particular task is started at a particular time (that is, x;,).
This number is used in Step WS4 of the (WS) procedure.

Given u}, we measure the impact of starting this task i
at a given time (that is, v{) using the relationship:

il I+T
U= E Pizt; (

TES j

%]

When it is the first time that ¢} is considered in the entire
(WS) procedure, Equation (21) is used. This happens only
when it is in the first pass and task 7 has not been in the
decision buffers of the previous assignment windows. The
condition can be mathematically expressed as n=1;
i€ 7P and ig.#P | hold. If ¢! has been calculated before,
then the value of ¢} is set as the weighted average of the
immediate past estimate and the new estimate. We use a
parameter, x. that is between zero and one as a smoothing
parameter to update vf:

Q= | I+T
vy = ot 4+ (1 —2) E Dix ;-
=T

The steps of the procedure for cost estimation are sum-
marized as follows.

(22)

Procedure: Cost estimation (CE)

Step CEI. Create the network as described in Section 4.1.

Step CE2. Set k=0, m= min(|.f})‘.N} and set the sup-
ply of ny to —n.
Set ul' = 0,Yf; € F, i€ IP.

Step CE3. For tasks in |¢,D| select m tasks randomly
according to p;.
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Step CE4. For a selected task, generate a finishing time /
according to g'.

If f; € 7). set the supply of n; to one.

Solve lht. network flow problem.

For cach finishing node ny, obtain the dual
price, 7y, and set

Step CES.

|

fe B
u; =u; —I—Enﬁ.

For each #, . if the inbound flow is one, then

R =% + 1.

Step CE6. Set k =k + | and repeat Steps CE3 to CES
until & = K

Step CE7. Given the values of uf: the expected future

cost v} can be determined as follows:
Ifn=1. r'E 5/5’ and i ¢ f,DH‘ then apply (21)
to obtain 1]

Else if i € ﬂ’[ and i € .77, then apply (2
obtain vl

2) to

5. Numerical experiments

Numerical experiments were conducted to evaluate the
benefit of modeling the uncertainty of the service times
explicitly and the efliciency of the proposed procedure on
some randomly created problems. We describe the char-
acteristics of the test problems, consider the implemen-
tation of the algorithm, and offer a discussion of the
computational results.

The algorithm is implemented in Javal.2 and all tests
are performed on a personal computer with PITT 600 MHz
CPU and 128 MB RAM. For simplicity, let U(/.u) be the
distribution of a discrete, uniform random variable that
takes any integer between / and wu inclusively unless
specified. The time unit is 10 minutes. There are several
parameters to be set. The problem sets differ in size and in
the percentage of tasks that have starting time windows.
A task without time windows can only be started at a
particular time. The planning horizon has 72 periods and
the driver-task assignments take place within a 12-hour
period.

5.1. Problem sets

Test problems are generated for different combinations of
the number of tasks. the number of drivers, and the
percentage of drivers that have time-window require-
ments. The number of tasks can be 15, 20, 30 and 50
tasks. The number of drivers for each problem is set to
one-fifth of the number of tasks. The percentage of tasks
with starting time windows can be 25, 50 or 75%. For
each time-window. the middle peint is randomly gener-
ated according to U(0,72) and the width follows
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U(12,36). However, if any part of a start time window is
beyond the planning horizon, the time-window is trun-
cated and only the part that is inside the planning horizon
is considered.

To compute the travel distances and times between
tasks, the origin and destination ol each task are ran-
domly generated in a 100 by 100 units square. The travel
distance between the two locations with coordinates
(xy.v) and (x1.15) respectively is calculated by |xs — x| +
> — w |, whereas the travel speed is set to 100 distance
units per hour (or 16.7 distance unit per time unit). For
each task, there are two possible service durations in
which the probability of the first duration used is uni-
formly between zero and one. Each of the two service
durations is the sum of the travel time and the time re-
quired for intermediate activities (such as loading and
unloading), which is generated by U(2,12).

The travel cost is set to 150 per unit time and the
waiting cost to 75 per unit time. The reward for finishing
each task depends on its expected service time and is set
to 180 per unit time.

5.2. Implementation issues

To evaluate the impact of random service times in the
model on the solution quality, three versions of the al-
gorithm are considered:

1. Myopic version (denoted as (WS-M)): All expected

future costs are set to zero. This version aims at

minimizing the current assignment cost but ignores the

downstream impact.

Deterministic version (denoted as (WS-D)): The ser-

vice time of each task is set to its rounded expected

value.

3. Stochastic version (denoted as (WS-S)): This imple-
mentation considers both future costs and uncertain
task service times.

=]

For a given problem size and a given percentage of tasks
that have time windows, we randomly generate a problem
and then generate randomly 1000 possible scenarios (on
the combinations of service times) for the problem. For
cach scenario and for each version of the algorithm, the
assignment cost, denoted by C, is obtained using a rolling
horizon implementation as follows:

Step 1. Apply (WS-M). (WS-D) or (WS-S) to obtain ¢!
(in the case of (WS-M). tf = 0).

Set #=10, € =0.

Assign the drivers in the decision buffer starting
at time ¢ by solving an assignment problem:

mlnz Z Z Z(c,, 1,+v)

iesD jeghfe 7

397

Step
Step 3

e
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cost o
-5000
-10000 ;\"—’\0—0—0 —— 15 tasks
-15000 \\"._—._- —— 20 tasks
-20000
-25000 + v a
0 1 2 3 4 5
pass
number
Fig. 5. The impact of the number ol passes on average costs.

subject to constraints (1)=(4). (6). (8). (9) and
(H) The durations 7;(¢;) in (13) are given. Let
be the optimal solution.
F)xg -

SetC—C-I- e N Z(
ﬁ" g e sed

Execute the dec1smn r,’f for 1hc current stage.

Advance 1 to the first task finishing time after the

current decision bufTer,

Repeat Steps 36 until 7 > 7.

Step 4.

Step 5.

Step 6.

15 considered when

* is not

In Step 3. the estimated luture cost !
making the driver-task assignment: in Step 4.
used in computing the actual assignment cost.
The parameters used in the (WS) procedure and the
(CE) procedure are set as follows: the width of the deci-
sion buffer is set to 2 hours and the assignment limit 1§ set
to 4 hours. The updating scalars, fi,. f#, and 2, are all set
to 0.5. To select the number of passes required in the
(WS) procedure. the total assignment costs in 1000 ran-
domly sampled scenarios of the 15-task and the 20-task
problems (50% tasks with time windows) at different
passes are compared. The results shown in Fig. 5 indicate
that when the number of passes is larger than three. the
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marginal cost reduction is very small. Therefore, the
predefined number of passes in Step (WS5) is set to three.
[n the (CE) procedure, the sample size, K. is the minimum
of 500 and the number of possible combinations of the
available driver times in the decision buffer. For example,
if we have four tasks in the decision buffer and each task
has four possible starting times, then there are 256 com-
binations and K is set to 256. If each task has five possible
starting times, then there are 1024 combinations and K is
set to 500.

5.3. Compurational results

Table 1 shows the computational results on the randomly
generated problems of different sizes and different per-
centages of tasks that have time windows. Columns | and
2 describe the number of drivers and tasks for the test
problems. Column 3 shows the percentage of tasks that
have time windows. Columns 4-6 report the assignment
costs for (WS-M). (WS-D), and (WS-S) respectively.
Columns 7-9 show the number of scenarios, out of 1000,
for which a particular implementation gives the best as-
signment cost. For example. the last number in the first
row means that in 781 out of the 1000 cases, (WS-S)
produces the best results. Notice that for some problems,
the total of the last three numbers exceeds 1000. This
happens because more than one implementation may
produce the best cost in a scenario.

The computation results show that the costs obtained
by (WS-S) are, on average., 6.4% lower than those by
(WS-D). The costs obtained by (WS-D) are in turn 55.7%
lower than those by (WS-M). With respect to the number
of scenarios for which a particular implementation gives
the best costs, (WS-M) is the best only in a very small
number of cases while (WS-S) is better than (WS-D) at a

Table 1. Summary of average driver-task assignment costs
Problem size Time Average cost Number of scenarios that performs the best
window
pereentage

Number Number (%) (WS-M) {WS-D) {WS-5) [ WS-M ) (WS-D) ( WS-S)

of drivers of tasks

3 15 25 —6640 —7470 —~7577 33 390 781
50 —7560 —9504 =10111 26 310 688
A —8105 —9913 —10225 61 546 708

4 20 25 —10745 — 16869 — 18057 0 212 788
50 —12289 —19026 —19373 0 501 583
75 —13344 —23288 —24917 0 292 714

6 30 25 —18346 —27982 — 28848 0 472 561
50 —19101 —30562 =39822 0 225 777
75 —23982 ~39439 —40023 0 432 671

10 50 25 —32974 —52074 54484 0 400 604
50 —38841 =52253 —56031 0 356 650
75 —45525 —61390 —63525 0 303 697
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Table 2. Summary of computation times [or cost estimation

Problem size Time for cost estimation

(seconds)

Number Number {WS-D) [ WS-5)
of drivers of tasks

3 15 13 14

4 20 14 17

6 30 21 24

10 50 31 33

ratio of 2:1. It is clear that considering the downstream
impact when making the current assignment decisions
is essential. The additional consideration of uncertainty
explicitly can further improve the solution quality.

Finally. it is observed that by increasing the number of
tasks that have time windows, the assignment cost is quite
significantly reduced. The more flexibility that we allow
for when a task can be started, the lower the assignment
cost.

The computation time consists of two parts: the time
for cost estimation (that is, computing r}) and the time for
making driver-task assignments. For the first part, Table 2
gives the average times required by (WS-D) and (WS-S).
which range from 13 to 33 seconds. Given the complexity
and the size of the problems, these times are consid-
ered short. For the second part. the computation times
for making the actual driver-task assignments (that is,
Step 2 to Step 6 in the rolling horizon implementation)
are less than 0.1 seconds in all scenarios for any problem
size.

6. Conclusions

The goal of this paper is to develop a procedure for dy-
namic driver-task assignments in short-haul land con-
tainer transportation, where stochastic task service times
and task starting time windows are considered. The
problem is formulated in a stochastic optimization
framework with the objective of minimizing the costs of
the current stage driver-task assignment and the expected
future costs. An assignment window sliding procedure is
proposed to estimalte the future cost ol starting a task at a
particular time. The procedure involves solving minimum
cost flow problems for different samples of available
driver times. Numerical experiments are conducted to
evaluate the benefit of modeling the uncertainty explicitly
and the efficiency of the solution procedure. The experi-
ment results indicate that the model and the procedure
take benefits from considering both the future assignment
costs and the stochastic service times when making as-
signment decisions. In terms of CPU time, the procedure
can produce solutions efficiently.
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