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A solution to the problems of resource allocation and scheduling of loading and unloading operations
in a container terminal is presented. The two problems are formulated and solved hierarchically.
First, the solution of the resource allocation problem returns, over a number of work shifts, a set of
quay cranes used to load and unload containers from the moored ships and the set of yard cranes to
store those containers on the yard. Then, a scheduling problem is formulated to compute the loading
and unloading lists of containers for each allocated crane. The feasibility of the solution is veri®ed
against a detailed, discrete-event based, simulation model of the terminal. The simulation results
show that the optimized resource allocation, which reduces the costs by 13, can be effectively adopted
in combination with the optimized loading and unloading list. Moreover, the simulation shows that
the optimized lists reduce the number of crane con¯icts on the yard and the average length of the
truck queues in the terminal.
Keywords: Intermodal terminals, ¯exible job shop, resources allocation, containers optimization

1. Introduction
Intercontinental cargo transport has been continuously
increasing since the advent of container shipping in
the 1950s. Nowadays 95% of world cargo is moved by
ship. Ports play the role of exchange hubs where
containers are moved from ships to trains and trucks
and their ef®ciency is fundamental to sustain the
mounting cargo traf®c. To cope with increased traf®c
demands and with decreasing pro®t margins the
terminal operators need to improve the management
of terminal processes such as ship berthing, ship
loading and unloading, straddle crane routing,
resource allocation, yard space management.
All of these problems are strictly interrelated; for
instance, the choice of the position of the containers
on the yard impacts on the decisions made regarding
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the allocation of resources, the allocation of resources
constrains the scheduling of loading and unloading
operations, and so on. The complexity of these
processes makes it necessary to use ef®cient methods
for the optimization of the overall system: operations
research techniques and simulation have been proven
particularly apt to solve these kinds of problems (see,
for instance, Kozan and Preston, 1999; Kim and Bae,
1999; Kim and Kim, 1999; Magnanti and Wong,
1984).
The approach currently adopted by most terminal
managers splits the problem by treating each ship as
an independent entity: a ship planner is dedicated to
plan loading and unloading operations for a single
ship and to allocate the needed resources in terms of
quay cranes, yard cranes, lifters and manpower. Since
there is no cooperation among different ship planners,
this method is a source of con¯icts and performance
degradation mainly in the case of resources that must
be shared among parallel loading and unloading
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activities. The complexity of the process leads to the
separation of management activities, but even from
the mathematical point of view formulating a single
problem is not viable, given the complexity of the
resulting model.
This paper proposes a methodological approach
(Section 3) to solve the problem which still considers
the interactions among the ship planners, but reduces
the problem complexity by iteratively modeling it at
different levels of detail. At the highest level,
container moves during loading and unloading
operations are seen as a ¯ow inside the terminal.
The goal is to determine the best allocation of
resources (RA) on the yard with the objective of
minimizing the costs of the terminal. This is done very
ef®ciently by modeling the problem as a network
design problem and by using a mixed-integer linear
program solved by a branch-and-bound search
(Section 4). At the lowest level, given the exact
position of containers in the yard, the goal is to
schedule the sequence of loading/unloading operations (LUL) in order to optimize the use of the
allocated resources and to make sure that the
predicted ¯ow is sustainable. The problem at this
level is modeled as a scheduling problem and solved
using a new neighborhood function and a new selftuning tabu search (Section 5). Last, a simulation
module is used as a test bench to evaluate the overall
policies produced by the optimization modules
(Section 6). The application of the computergenerated policies to the simulated model (Section
7) of La Spezia Container Terminal (LSCT) shows a
noticeable increase in terminal performance: the same
amount of work can be performed by only spending
about 67% of the resource costs originally planned at
the terminal, while still respecting the deadlines
imposed on the load/unload operations (Section 2).
2. The intermodal container terminal
An intermodal container terminal is a place where
containers enter and leave by multiple means of
transport, as trucks, trains and vessels. In the
following we consider the case of the LSCT, which
is exempli®ed in Fig. 1.
The terminal is composed of the yard, where
containers are stocked, and of the piers, where ships
dock. Ships are served by quay cranes; quay cranes on
the same pier can slide on rails to serve different
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Fig. 1. A schematic view of the La Spezia container terminal.

sections of a ship, the bays. The position of a container
(on ship and on yard) is identi®ed by the triple bay,
row (the second planar coordinate, besides the bay),
and tier (the position in the container stack).
Shuttle trucks move containers from the quays to
the yard areas and back. The terminal yard is divided
into ®ve areas: CA, CB, CC, A and R, which are used
for temporary storage of containers. Containers in the
R area are accessed by front lifters. The remaining
areas are served by yard cranes. Yard cranes can only
move over the related area. Their task is to load
containers into the area from shuttle trucks (the cranes
in CA and CB do it also from trains) and vice versa. In
the LSCT there are ten front lifters and ten yard cranes
(four on CA, two on CB and CC, two on A).
When a ship arrives in the terminal, it is ®rst
unloaded by a set of quay cranes. The unloaded
containers will be stored in sub-regions of the yard
areas, named import areas, where they can be stored
by shuttle trucks, by yard cranes or by front lifters.
When the unloading operations are completed the
loading stage can start: containers which must be
loaded on the ship are ®rst discharged from the yard,
loaded on shuttle trucks using yard cranes or front
lifters, then each shuttle truck carries one container at
a time to the ship where it will be loaded by using a
quay crane.

3. The methodology
The problem of resource allocation is the most
important since the terminal costs are a function of
the resources (i.e., the quay cranes, the yard cranes,
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the front lifters and the related operators) used to
move the containers. The objective is to minimize the
costs by properly allocating resources, while
respecting the ships' deadlines. The solution to this
problem must be found over a time horizon of one
week without knowing in advance the exact positions
of the containers in the yard.
The terminal is modeled as a network of ¯ow
(Papadimitriou and Steiglitz, 1982), the nodes of
which represent yard areas, cranes, or ships. These are
connected by arcs whose capacities depend on the
allocated resources, which are decision variables. The
containers to be moved are ¯ows in the network. The
graph of the network extends over all the work shifts
in order to represent the model overtime. Deciding
which and how many resources to allocate means
®nding the right balance between moving containers
while saving resource costs. This corresponds to
®nding the best set of capacities of the arcs, which is
referred to in literature as network design (Ahuja et
al., 1993; Magnanti and Wong, 1984). We formulate
the problem as a mixed-integer linear program. This is
approximately solved in a short time by a branch-andbound search (Papadimitriou and Steiglitz, 1982).
The scheduling of ship loading and unloading deals
with the same problem but at a different level of
detail. A few hours before the arrival of an incoming
ship, the terminal receives detailed information about
its stowage, i.e., containers that are to be stored in the
yard (import containers), and about the list of
containers which are to be loaded on the ship
(export containers). This information allows the ship
planners to generate the unloading list and the loading
list. The unloading list speci®es the order by which
containers are to be unloaded from the ship in order to
guarantee the ship stability (Sha, 1985). There is an
unloading list for each quay crane serving the ship.
Thus, the goal is to move the containers to and from
the ship, but at this stage the resources have been
already allocated and the container positions are
®nally known. Containers are usually stacked up in
piles, so that computing the right sequence of
operations is crucial to increase performances and to
avoid deadlocks among resources. This optimization
problem has been modeled as an extension of the
¯exible job shop problem (Mastrolilli and
Gambardella, 2000) where groups of containers are
jobs, single containers are operations and resources
are machines. The objective is to execute the loading
and unloading operations with the given resources so
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that the makespan is minimized. The scheduling phase
does not take into account economic factors, since the
expenses have already been taken into account in the
resource allocation stage. On the other hand, solving
the scheduling problem with the allocated resources
guarantees that the hypotesized container ¯ows are
sustainable in practice, when we consider single
container moves and not ¯ows. The problem of
scheduling loading and unloading operations is
heuristically solved by local search techniques
(Aarts and Lenstra, 1995) and, in particular, by the
tabu search paradigm (Glover, 1989). In this paper a
deep investigation of our extended neighborhood
function for the ¯exible job shop and our new selftuning tabu search is presented. Using the neighborhood function and the tabu search in succession, it is
possible to quickly (a few minutes on a Pentium
266 MHz) compute scheduling policies that increase
the terminal performance. Notice that being able to
obtain a good solution in a very short time makes the
algorithm very attractive for terminal operators
because it means that it is usable in real time.
Coupling simulation with optimization techniques
plays a fundamental role both in testing the impact of
proposed policies and to convince the terminal
operators of their validity (Gambardella et al.,
1998): in fact the policies are produced under
deterministic assumptions, while a terminal is clearly
a stochastic environment. A simulator can act as a test
bench to show that the policies are sustainable and
robust. Different authors have developed discreteevent simulation models of port terminals (Hayuth
et al., 1994; Young and Seok, 1999). We also have
developed an object-oriented, process-oriented, discrete-event simulator of the container terminal of La
Spezia in Italy to which our study is applied.
The simulation model is therefore the place where
the two optimization modules are used together (Fig.
2) to provide a solution to the integrated management
of the terminal (Gambardella et al., 1998). The
resource allocation module provides resources over
an horizon of one week RA Di ; Di  6, where Di is
day number i), but it is re-run at the end of every day,
with the updated terminal state (current state)
produced by the simulation of one day of work, that
is, of four work shifts (I, II, III, IV). The allocated
resources (Resources of Day i) are then used as input
by the scheduling module (LUL) that computes the
loading and unloading lists (L/U list) for each crane
for the next work shift. It is then the simulator (SIM)
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conventionally divided into four shifts of six hours.)
The ``Deadline'' column reports the shift by which a
ship must have been served. The last ®ve columns
display the yard distribution of all the containers to be
moved for a ship. We do not distinguish between the
in¯ow and the out¯ow because the allocation of
resources is not concerned with the direction of
moves.
A standard workplan describes a temporal horizon
of one week (28 shifts). The workplan is a forecast
that involves a degree of uncertainty that increases
with time. For this reason, the resources are allocated
only for the following day and the 1-week time
window is updated daily. The time window is needed
to balance the short-term and the mid-term information.
An algorithm solves the resource allocation
problem by providing a set of resources for each
shift in the workplan, as in Table 2. Now each row
represents a shift: e.g., the ®rst row suggests to
allocate 1 quay crane at Pier West, 1 yard crane in CA,
1 in CB, 1 in CC and 2 front lifters (area R).
Fig. 2. Schema of the simulation-optimization loop; the modules
are executed in a hierarchical way, from resource allocation to
scheduling and simulation.

that uses these lists to perform terminal operations
(containers moved), updating the terminal state. By
repeating this ``allocate±schedule±simulate'' loop it
is possible to assess the performance of the optimized
policies in the integrated management of the terminal.

4. Resource allocation
Resource allocation is made on the basis of a
workplan, like that presented in Table 1. Each row
of Table 1 refers to a ship.
The ``Eta'' column reports the time at which the
ship is expected. This is expressed as a shift number
and the hour and minutes in such a shift. (A day is

4.1. The resource allocation model
We model the terminal as a network of ¯ow
(Papadimitriou and Steiglitz, 1982). Consider, for
the moment, the ®rst shift in Table 1: a total of 100
containers must transit from the areas to the ship
through the quay cranes at Quay 1. The graph in Fig. 3
describes this process.
The square nodes, which are sources of ¯ow,
represent the yard areas; the circle node stands for the
quay cranes to be assigned to S1 and the rectangular
node represents the ship (the sink of ¯ow). The graph
represents the paths that containers can follow to
reach the ship. Arc labels denote arc capacities, i.e.,
the maximum number of containers that can ¯ow
through an arc during one shift. Capacities are
proportional to the number of resources allocated for
the related node. Deciding which and how many
resources to allocate determines the structure of the

Table 1. An example workplan that represents the arrival of two ships
Name

Quay

Eta

Deadline

CA

CB

CC

A

R

S1
S2

1
2

Shift 1 at 1:0
Shift 2 at 7:0

3
3

10
20

15
5

30
14

0
10

45
9

An optimization methodology for intermodal terminal management
Table 2. An example of allocation of resources for the
workplan in Table 1
Shift

Pier west

Pier east

CA

CB

CC

A

R

1
2
3

1
1
1

0
0
0

1
1
0

1
0
1

1
0
1

0
0
1

2
1
0

¯ow network. This problem is known in literature as
network design (Ahuja et al., 1993; Magnanti and
Wong, 1984).
Figure 4 reports the ¯ow network extended to all
the shifts (arc capacities are not shown).
Observe that the structure of the subnetwork over
the upper dashed line is the same graph as that in Fig.
1. The nodes are renamed by adding superscripts for
shift numbers and subscripts for ship names: e.g.,
CA1S1 is the subset of containers stored in CA, at the
start of shift 1, for ship S1. In this way, we regard each
area of the yard as a set of logical sub-areas related to
the shift and to the ship under consideration.
The vertical arcs are temporal arcs that lead to the
next shift. For instance, the arc CA1S1 ?CA2S1 gives the
chance of delaying part of the moves of the 10
containers in CA to shift 2. Time arcs are uncapacitated because any number of containers can be
postponed to the next shift. Observe that the graph
does not extend beyond the third shift, thus forcing the
service of S1 to be completed by its deadline.
The presence of two separate graphs in shift 2 is due
to the presence of two ships at the terminal; the right
side of the graph is used for S2. The two graphs are
related by the resources shared between the ships:
e.g., the cranes allocated in CA must be shared in
order to direct the containers both to QC2S1 and to
QC2S2 . This connection is made by using capacity
constraints: in the preceding example we must require
that the sum of the two ¯ows does not exceed the
overall capacity of the allocated area cranes.

Fig. 3. The network of ¯ow for the ®rst shift in Table 1.
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We want to compute the cheapest allocation of
resources. This corresponds to optimally dimensioning the network to sustain the container ¯ows.
The amount of ¯ow on the arcs is a by-product of the
solution; in particular, the information about the load
state of each ship at each shift is also available. This,
together with the allocation plan, is used later by the
scheduler (Section 5).
The graph model, further enhanced to include more
details (such as the treatment of trains and trucks, see
Zaffalon and Gambardella, 1998), is formalized as a
mixed-integer linear program (Papadimitriou and
Steiglitz, 1982), whose objective is the minimization
of resource costs and solved using the branch-andbound algorithm by the commercial solver Cplex 6
(Ilog, 1998).

5. Scheduling of loading/unloading operations
We formalize the unloading/loading problem as
follows. A set V  fv1 ; v2 ; . . . ; vn g of n ships is
given and every ship vj [ V has a known arrival time
rj  0. We de®ne a set of q quay cranes QC 
fqc1 ; qc2 ; . . . ; qcq g and a set YC  fyc1 ; yc2 ; . . . ;
ycm g of m yard cranes and front lifters. (In the
following we include also front lifters in the yard
crane set since in our model the only difference is the
time that they need to move containers.) The sets QC
and YC are determined by the resource allocation
module (see Section 4). When a ship vj arrives we
assume, without loss of generality, that there is only
one quay crane qcj that works for vj , for j  1; . . . ; n
(the general case where more than one quay crane
works for vj is immediately obtained by considering
one ®ctitious ship for every other quay crane available
for vj ). The set of containers is partitioned into classes
according to their features: in our example, we
consider weight, destination and size as distinctive
features. Each class has a ®nite set of positions where
containers of the given class can be stored or picked
up. We assume that each yard position can be accessed
by a unique yard crane. We also assume that for each
quay crane there is one truck that can carry containers
from (to) quay crane to (from) location (in Remark 5.1
we show how the case in which there are more than
one truck for each quay crane can be handled by using
our model). We distinguish between the unloading
and the loading stage.
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Fig. 4. The ¯ow network for the 2 ships described in Table 1.

5.1. The unloading stage
For each shift, according to the resource allocation
module and the unloading list, every ship vj has a list
U vj   cj;1 ; cj;2 ; . . . ; cj;kj  of kj containers (kj is
computed according to the resource allocation
module, see Section 4) to be unloaded in the given
order, i.e. container cj;i is unloaded before cj;i  1 , for
j  1; . . . ; kj 1. It is out of the scope of this paper to
discuss how this list is determined, we only say that it
is computed to ensure ship stability. The set U vj  of
containers is partitioned into classes according to their
characteristics. Each class has a ®nite set of potential
positions in the yard where containers belonging to
that class can be stored. The unloading stage problem
is to assign each container to a unique free yard
position (hence to a unique yard crane according to
our assumption) and to de®ne the processing order of
each yard crane such that the maximal ®nishing time
(makespan) is minimized. More precisely, each
container cj;i has to be: (Step 1) unloaded from the
ship vj by using quay crane qcj , loaded on a truck and
moved to the chosen yard position; (Step 2) loaded in

Fig. 5. Step order.

the selected yard position by using the associated yard
crane. We assume that Step 1 can start only when a
truck is available. Moreover Step 2 can start only after
step 1 is completed. We represent the described steps
as a chain of operations (see Fig. 5).
In Fig. 5 the following notation is adopted:
operations 0 and * are dummy and are used to
represent the start and the end; operations of ship vj
can start after rj time units (release time); Cji1 and
Cji2 denote Step 1 and Step 2 for container cji ; pji1
denotes the required time for Step 1; pji2 denotes the
required time by the yard crane to make the truck
free plus the time required by the truck to come back
from the yard area where cji is stored to qcj . Let pji3
denote the time required by a yard crane to move
container cji . For instance, assume that a yard crane
processes, in the order, containers cx , cj2 and cy . That
situation can be represented by using a graph as in
Fig. 6.
Note that the values of pji1 ; pji2 and pji3 depend on
the chosen position for container cji . Since the yard
crane that moves the considered container is close to
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Fig. 6. Graph model.

the chosen position we approximately assume that
pji1 ; pji2 and pji3 depend on the yard crane associated
with the chosen position. We claim that this
assumption can be easily removed at the cost of a
more computational expensive model. In our example
we observed that pji2  pji3 , and we will assume this
in the following.

5.2. The loading stage
Every ship vj has a ®xed set of containers to be loaded
and its loading list L vj   cjkj  1 ; cjkj  2 ; . . . ; cjmj 
speci®es that mj kj containers have to be loaded on
ship vj and the ith loaded container belongs to class cji ,
for i  kj  1; . . . ; mj . Note that here, unlike the
unloading stage, cji does not represent a container, but
a class; we will see that this will allow us to describe
the whole problem without distinguishing between the
unloading and loading stage. The order in the loading
list is computed according to ship stability and
containers destination. For each class there is a ®nite
set of yard positions where containers of that class can
be retrieved. This set of alternatives is an input of our
algorithm that depends on where the containers of that
class are placed during the considered shift.
The loading stage problem is to determine for each
class cji the yard position from which a container of
class cji can be retrieved and to de®ne the processing
order of each yard crane such that the maximal
®nishing time (makespan) is minimized. When a yard
position for cji is chosen, the ith loaded container on

ship vj is the one stored in that position, for
i  kj  1; . . . ; mj . For each chosen container: (Step
1) a truck has to go from ship vj to the chosen yard
position; (Step 2) the container has to be moved from
the position where it is stored and loaded on the truck
that carries it to ship vj . Interestingly, the described
steps can be represented in the same way as in the
unloading stage, see Fig. 5, when the following
notation is adopted: Cji1 and Cji2 denotes Step 1 and
Step 2 for the chosen container of class cji ; pji1 denotes
the time required for Step 1; pji2 denotes the time
required by the yard crane to move the container of
class cji in the chosen position to the truck plus the
time required by truck to come back from the yard
area to qcj . In the remainder cji denotes also the
corresponding container when a yard position is
chosen for class cji . Let pji3 denote the time required
by yard crane to move container cij . Suppose for
instance, that a yard crane processes, in the order,
containers cx ; cj2 and cy . By using the loading stage
symbol interpretation that situation can be represented
as in Fig. 6. Again, like for the unloading stage, we
approximately assume that pji1 ; pji2 and pji3 depend on
the chosen yard crane for container cji . Note that
pji2  pji3 by de®nition.

5.3. A comprehensive model
In the remainder we present a graph-based model of
the problem and we will see that by using the adopted
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model there is no distinction between the unloading
and the loading stage.
We call each pair
Cji1 ; Cji2  operation
Oji ; 1  j  n and 1  i  mj . For each ship vj there
is a corresponding job Jj that is a sequence of
operations to be performed in the order
Ji  Oj1 ; Oj2 ; . . . ; Ojmj . For each operation Oji
there is a non-empty set of machines (yard cranes)
Mji ( YC that can perform that operation. For each
y [ Mji three processing times pyji1 ; pyji2 ; pyji3  are given
(they are retrieved from LSCT data). A schedule is a
pair m; s that de®nes for each operation Oji a unique
machine y  m Oji , where y [ Mji , on which Oji is
processed and a pair of starting times sji  sji1 ; sji2 
of Steps 1 and 2, respectively. When a machine
assignment is de®ned, the position where a container
is stored is the ®rst available that is served by the
chosen machine; while for the loading stage the
picked up container is the ®rst available of the
required class in the area that is served by the chosen
machine. A machine assignment m is feasible:
(Condition 1) if m Oji  [ Mji , for each Oji ; (Condition
2 for the unloading stage) if there exists an allowed
free position for each container that is processed
according to m; (Condition 2 for the loading stage) if
for each operation Oji assigned to an allowed machine
y [ Mji there exists a container of class cji that can be
moved by y. A schedule is feasible if the machine
assignment is feasible and the starting times for each
operation satisfy the described precedences. The
length Cmax (or makespan) is the earliest time at
which all operations are completed. The problem is to
®nd an optimal schedule, i.e., a feasible schedule of
minimum makespan.
It is possible to represent each feasible schedule
m; s by using a directed acyclic graph G m; s, as
described above. The makespan of m; s is equal to
the length of a longest (also called critical) path from
0 to * in G m; s. Note that the sji1 and sji2 correspond
to the length of the longest path from 0 to Cji1 and Cji2
in G m; s, respectively. In the remainder pyji1 ; pyji2 ; pyji3
will be written without superscript y, if it is clear what
yard crane y processes operation Oji . In addition, tail
times tji1 and tji2 are de®ned. It corresponds to the
length of a longest path from Cji1 and Cji2 to node *,
respectively. Denoting the value of one of the longest
paths from node i to j in G(m; s by l i; j, it is,
sji1  l 0; Cji1 ; sji2  l 0; Cji2 ; tji1  l Cji1 ; *  and
tji2  l Cji2 ; * . An operation Oji is critical if, and
only if, sji2  tji2  Cmax . For any given feasible
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schedule, the labeling algorithm of Bellman can be
used in order to compute the makespan and all values
of sji1 ; sji2 ; tji1 and tji2 in time O N, where N is the
number of operations.
Remark 5.1 It was assumed in Section 5 that there is
only one truck for each quay crane. This assumption
can be avoided to some extent by adding a new job for
each new truck and by partitioning the set of
operations of each ship among trucks. We remark
that the presented model can deal with that extension
if quay cranes can be considered as non-bottleneck.
An examination of real data supported our hypthesis.
Another way to deal with that situation is to make a
proportional increase in trucks speed.
5.4. Solving the scheduling problem
Our approach to solve the LUL is based on local
search (Aarts and Lenstra, 1997). Consider the
minimization problem minf f x j x [ Xg, where f is
the objective function and X is the search space, i.e.
the set of feasible solutions of the problem. The
neighbourhood function is a mapping n : X?2X ,
which de®nes for each solution x [ X a subset n x of
X, called neighborhood. Each solution in n x is
called a neighbor of x. A local search algorithm starts
from some initial solution and moves from neighbor
to neighbor as long as possible while decreasing the
objective function value.
In the following we relax Condition 2 of the
machine assignment feasibility. We will consider this
condition in the search procedure (see Section 5.4.3).
Note that when rj  pyji1  0 and pyji2  pyji3 1 
j  n; 1  i  mj ; y [ Mji  the problem is equivalent
to the ¯exible job shop problem (Mastrolilli and
Gambardella, 2000). Therefore, the loading/
unloading problem is NP-hard since it is a generalization of the classical job shop problem (Garey et al.,
1976). In the following we propose a new neighborhood function that is able to handle this more general
problem. The neighbor of a solution s; m in the
proposed approach, is based on moving an operation.
Suppose that a feasible solution of the LUL is given
and let G be the corresponding solution graph.
Moving an operation Oji is done in two steps:
(Step 1) delete Oji from its current machine sequence
by removing all its machine edges; (Step 2) Assign Oji
to a machine k [ Mji and choose the position of Oji in
the processing order of k. Let G be the graph
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obtained from G at the end of step 1 and let Oji denote
the operation to be moved. Notice that, for each node
x in G , it is l 0; x  l 0; x and l x; *  l x; *,
since the removal of an operation from a machine
cannot increase the starting and tail times.
5.4.1. Feasible move
A move is feasible if it does not create a cycle in the
resulting graph at the end of Step 2. Clearly G is
acyclic since G is already acyclic. We denote the new
machine of Oji by k, where k [ Mji . Now, let Qk be the
set containing all the operations processed on k, in
G Oji 6 [ Qk . If Qk  ; then no task is performed by
machine k and no cycle is created at the end of Step 2.
Otherwise, inserting operation Oji in machine k means
deciding what is the subset of Qk that is to be
processed before Oji . Hence, any partition of Qk into
disjoint sets of predecessors Pk and successors
Sk  Qk nPk de®ne an insertion of Oji in k. Let us
denote such a reinsertion by Oji ; Pk . The corresponding solution graph GPk is obtained from G by
adding arcs u; Oji  for all u [ Pk , and arcs Oji ; w for
all w [ Sk . If a path from x to Oji exists in G , then x
must be scheduled before Oji in order to obtain a
feasible solution, otherwise a cycle is produced.
Similarly, if a path from Oji to x exists in G , then x
must be scheduled after Oji . Finally, if no path
between x and Oji exists in G , then every insertion of
Oji just after or before x leads to a feasible solution. In
the following suf®cient conditions for feasibility are
presented. By using these conditions we can compute
a set of feasible moves which de®ne the neighborhood
of the current solution.
Let us de®ne two subsets of Qk as follows,
Rk  fx [ Qk j sx2  px3 > sji1 g and Lk  fx [ Qk j
tx2 > tj i11 g. By de®nition of Rk there is no path
from any task of Rk to Oji in G . If x is a task of
Qk Rk then sx2  px3  sji1 . It follows sx2 5sji1
pji1 . The latter entails that there is no path from
Oji to any operation of Qk Rk in G (therefore neither
in G ). Analogously, by de®nition of Lk there is no
path from Oji to any task of Lk in G . If x is a task of
Qk Lk then tx2  tj i11 . The latter entails that there
is no path from any operation of Qk Lk to Oji in G
(therefore neither in G ). We distinguish between two
cases, i.e., Lk \ Rk 6 ; and Lk \ Rk  ;. If
Lk \ Rk 6 ; then Vx [ Lk \ Rk no path from Oji to x
to Oji exists in G . If Lk \ Rk  ;, Vx [ Qk Lk Rk ,
no path from Oji to x and from x to Oji exists in G .
We only consider sets Pk and Sk for which

Lk

Rk (Pk

5:1

Rk

Lk (Sk

5:2

Theorem 5.2
Any insertion Oji ; Pk  that satis®es conditions (5.1)
and (5.2) is a feasible insertion.
5.4.2. Neighborhood function
In this section we present a neighborhood function
n S which can be used in local search methods for
the LUL.
Moving an operation produces a neighbor of a
current solution S. In order to minimize the makespan,
it may be pro®table to consider only neighbors which
are obtained by reinserting operations that belong to
some critical path P in the solution graph of the current
schedule. Consider reinserting an operation that does
not belong to a longest path in the solution graph of the
current schedule. This produces a neighbor whose path
is at least as long as the longest path in the solution
graph of the current schedule. The reason for this is that
the longest path of the current schedule remains present
in the solution graph of such a neighbor.
Now, Vv [ P consider every machine k [ Mv and the
set Fvk of feasible insertions of v in k, that satisfy that
conditions of Theorem 5.2. Our new neighborhood
function n(S) is de®ned as the set of every Fvk, for
each operation v [ P and each machine k [ Mv .
5.4.3. Tabu search procedure
Our search procedure is based on local search
implemented by using a tabu search mechanism
(Glover, 1989). Tabu search allows the search to
explore solutions that do not decrease the objective
function value only in case when these solutions are
not forbidden. This is usually obtained by keeping
track of the last T (where T is a parameter) solutions in
term of action used to transform one solution to the
next. This list of actions represents the tabu list of size
T associated with the search mechanism. A solution is
forbidden if it is obtained by applying a tabu action to
the current solution. In the case of the present work, an
action is composed by the couple Oji ; k where Oji is
the task that has been moved and k is its original yard
crane before the move. In order to keep track of the
actions performed, we use a N6m matrix TM. Each
time, action Oji ; k is performed, TM Oji ; k is set to
iter  T, where iter is the current iteration number and
T is de®ned in the following. An action Oji ; k is tabu
if TM Oji ; k4 iter. The tabu status length T is crucial
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to the success of the tabu search procedure, and we
propose a self-tuning procedure based on empirical
evidence. T is dynamically de®ned for each operation
v and each solution. It is equal to the number of
operations of the current critical path P plus the
number of alternative machines available for operation Oji , i.e., T : jPj  jMji j. We choose this
empirical formula since it summarizes, to some
extent, the features of the given problem instance
and those of the current solution. For instance, there is
a certain relationship between jPj and the instance
size, between jPj and the quality of the current
solution. In order to diversify the search it may be
unpro®table to repeat the same action often if the
number of candidate actions is ``big'' or the solution
quality is low, in some sense, when jPj is ``big''.
Furthermore, the tabu status length of Oji is
augmented by jMji j in order to diversify the machine
assignment of Oji .
We denote as best move the one with the smallest
estimated length of the new longest path passing
through the moved task. If some non-tabu moves
exist, the next one is stochastically chosen between
the best two non-tabu moves. This method is useful to
decrease the probability to generate cycles. In order to
explore the search space in a more ef®cient way, tabu
search is usually augmented with some aspiration
criteria. The latter are used to accept a move even if it
has been marked tabu. In the present case a move of
task Oji is always accepted if the estimated length of
the new longest path passing through Oji decreases the
best found makespan (when several moves satisfy the
previous condition, the best one is chosen). The last
situation happens when only tabu solutions are
available. In this case, the chosen solution is the ®rst
introduced in the tabu list.
We have relaxed Condition 2 of the machine
assignment feasibility in Section 5.4, in order to
take into consideration also this condition we modify
the search procedure as follows. Each time the
machine assignment feasibility is not satis®ed, a
penalty is added to the objective function value. In
this way the search procedure moves from solution to
solution which could be feasible or unfeasible.
6. Simulation
The solution of the resource allocation and scheduling
problems produced some very promising results, as
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outlined in the previous sections. These need to be
veri®ed in a complex stochastic environment: we
designed and implemented a simulator to be used as a
test bench to evaluate the management policies
produced by the optimization modules (Gambardella
et al., 1998).
6.1. The simulation model
The simulation model has been designed according to
the object-oriented analysis and design paradigm
(Booch, 1994): simulation agents and components
are modeled as objects that store and exchange
information on terminal inputs, states and outputs
and which perform actions according to their local
behavior (Zeigler, 1984, 1990).
There is a hierarchy of simulation objects according
to the importance of the decisions they take. Planners,
such as yard and ship planners are at the top, since
they take decisions on resource and space allocations.
Crane operators (yard and quay) and shuttle truck
drivers occupy the middle layer, and at the bottom,
there are the terminal components, such as yard areas,
containers, and other agents such as ships, trains and
trucks, whose behavior is imposed as an external
constraint and it is not directly controllable by the
terminal operator.
The simulation module has been implemented in
Modsim III (CACI, 1996), a specialized objectoriented simulation language, which supports the
process-oriented view of discrete-event simulation
(Erard and DeÂgueÂnan, 1996). A detailed description of
the simulation model we have implemented can be
found in Gambardella et al. (1998). In the remainder
we summarize the main characteristics of the model,
with respect to its use as a tool to assess the
performance of the optimized terminal management
policies.
External input events, such as ship, truck, and train
arrivals, generate responses by the simulation agents
which in turn operate on simulation components.
These events are generated by a specialized module,
the arrival generator, which reads ship and train
arrivals from the database, since they are known in
advance, while truck arrivals are generated according
to known statistical distributions. We are therefore
performing a ``trace-driven'' simulation.
The responses of simulation agents are determined
according to the policies which can either be
generated by the optimization modules or by an
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algorithmic representation of the experience of
terminal operators. We have therefore identi®ed two
principal usage modes of the simulator: model
calibration and validation and policy evaluation.
In the model calibration mode, the simulation
model has been designed to replicate the actual
behavior of the ship and yard planners. Their
work¯ow has been studied and transferred into a
computer model. In this model a grand total of 2950
containers is moved over 10 work shifts and a set of
11 experiments (simulations) was performed. Each
experiment is identi®ed by a different combination of
the calibration parameters. In order to ®nd the best
combination of parameters among the different
experiments, the sum of the absolute weighted
errors over the examined work shifts for each quay
crane and yard crane is computed. Aggregating the
performance indicators over the quay and yard cranes,
we obtained a ``global'' simulation error equal to 12%
in calibration and to 18% in validation. More
information on the model calibration and validation
can again be found in Gambardella et al. (1998).
In the policy evaluation mode (Section 7), some
procedures in the models of the ship and yard planners
have been substituted by the optimized policies we
have obtained in the resource allocation and the
operation scheduling phases. In particular, the ship
planner uses the scheduling algorithm to compute the
loading and unloading lists that are then given for
execution to all the cranes, both yard and quay ones.
7. Experimental analysis
We tested our methodological approach against the
complex stochastic environment provided by the
simulated terminal, by using two weeks of real data
provided by LSCT. These data describe the activity
of LSCT in great detail, in such a way that every
container movement and the time required to move
it was logged. Furthermore, the data set tracks the

activity of every transport means entering and
leaving the terminal (ships, trucks and trains). For
the considered period we also obtained data
describing the real resources allocated, the time of
each loading/unloading operation, the origin, the
destination and the transport means of each
container movement.
The economic parameters are the costs originated
by the resources and they are usually the sum of a
number of factors, like the salary of the human
operators and the cost for maintaining the resource
active. Table 3 summarizes the unitary costs (in
®ctitious units) for each type of resource. Notice that
the costs are different for day or night shifts, the latter
(from 7 pm to 7 am) being more expensive.
As for the workplan, this consists of 11 ships to be
served in the ®rst week and about 12,400 containers to
be moved.
To test the effectiveness of our procedure we
consider two types of experiments: in the ®rst
experiment, for each considered shift we use the
same initial status and resources allocated by LSCT
(Table 4). The goal is to test the effectiveness of our
scheduling policy under the same conditions and the
same containers to be moved. In Fig. 7, the original
scheduling by LSCT is reported and displayed by
the graphical user interface of our optimization
software. The yard cranes are listed on the y-axis,
while time (in seconds) on the x-axis. Each box
represents an operation (a container move), its width
being the time taken to complete the operation. The
numbers associated with each box identify the quay
crane that has performed that operation. In Fig. 8,
the same representation displays the optimized
schedule for the same set of cranes in the same
shift, where the makespan is reduced from 20,640 s
to 17,980 s. On average we observed that all the
tasks are completed about 1 h before the end of each
considered shift.
In the second experiment, we test whether our
scheduling policies are able to move the same

Table 3. Unitary resource cost per shift
Cranes

Daily
Night

Front lifters

CA, CB, CC

A

QC

45,177
52,344

48,901
56,067

14,566
18,827

17,057
59,651
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Fig. 7. The Gantt chart represents the scheduling problem adopted by LSCT.

containers by considering the same initial status but a
reduced set of resources, as computed by the resource
allocation module. The resources are computed by a
large mixed-integer linear program (e.g., about 2000
variables, 2000 constraints), solved by the commercial solver Cplex 6 (Ilog, 1998). Cplex turns out to be
very effective in ®rstly reducing the size of the
problem by default pre-processing by an average

factor 0.05. The search space is then explored by the
method of branch and bound. We found the following
search strategy to be particularly effective: exploring
the tree by depth-®rst search; choosing a branch
related to the ceiling of a fractional resource variable
®rst.
Cplex is used as a way to get approximate solutions
by stopping the search after a time limit, because a

Fig. 8. The Gantt chart represents the optimized schedule, proposed by the optimization program.
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Table 4. Summary of the computer-generated plan of resource allocations
Cranes
CA CB  CC

Daily
Night
Total

Front lifters

A

QC

LSCT

RA

LSCT

RA

LSCT

RA

LSCT

RA

96
72
168

63
38
101

11
2
13

14
3
17

36
31
67

36
14
60

63
45
108

46
12
58

complete search in the tree does not seem viable. The
approximate solutions are very satisfactory: 1 min
computation on a pentium 133 MHz is suf®cient to
produce integer feasible solutions whose average
relative distance from the continuous bound is about
6.7%; and they outperform the real policies implemented at the terminal by allowing, on average, a
reduction of costs of about 13.
Table 4 summarizes the LSCT and the computergenerated resource allocations.
The comparison of the two allocation plans outlines
the effectiveness of the computed allocations. The
overall number of resources is much lower than that of
the real allocation. Also, there is a more convenient
partition of the resource between daily and night
shifts, with the computed plan that better exploits the
cheaper shifts. Therefore, by having the global view
of the terminal, the module shares the resources
among different tasks in a more convenient way than
the real terminal does, where the decisions are taken
independently by operators related to different ships.
Starting from the resources allocated by the RA
module, loading and unloading sequences have been
computed by LUL. These solutions show notable
advantages over the real solutions implemented at the
terminal. The computer-generated allocations do not
impose a quay crane intensity (number of container
moved per hour) higher than the one normally attained
by the real world terminal. We observed an average
crane intensity of 20.4 containers/h in the real world,
against a crane intensity of 21.2 in the simulation with
the optimized policies. We found that the improvement is instead due to a better organization of the yard
crane work. In fact, it turns out that optimized loading/
unloading lists allow a more ef®cient use of yard
cranes, thus increasing their intensity from 6.7
containers/h to 9.9. This increase of the intensity is
actually possible since the yard crane ``con¯icts'' (i.e.

when two yard cranes try to access two containers
which are very close at the same time) are
dramatically reduced.
Another desirable side effect of optimization is the
average reduction of queue lengths under yard cranes.
This leads to faster round-trip times for shuttle trucks,
thus increasing the container ¯ows from quay to yard.
This effect has been observed using the detailed
discrete-event based simulation model. Such a model
allowed to evaluate and assess the effects of the
designed policies on a more accurate model of the
terminal, enhancing the managers con®dence in the
goodness of the computer-generated policies. The
simulator has been therefore used not only as a
workbench to evaluate the policies in front of
stochastic unexpected events, but also as a communication tool to interact with the terminal managers.
8. Conclusions
The paper presents a methodological approach to the
optimization of an intermodal terminal. The problem
of resources allocation and scheduling of containers is
solved by using two different but strictly interconnected modules. The resources allocation module
remarkably reduces the number of resources typically
required by the terminal. The optimized plans tend to
exploit the resources to their limit, so that only an
effective scheduler, as the one presented, can cope
with the increased complexity of this task. The
scheduler achieves such a result by reducing the
con¯icts of the yard cranes, allowing their throughput
to be dramatically increased.
The complexity of the scheduling problem required
state-of-the-art local search techniques and tabu
search to be used. The local search implemented is
based on a set of neighborhood solutions that can be
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computed very ef®ciently by using the formal
properties provided in this paper. We have also
implemented an innovative ``self-tuning'' tabu
search where the only parameter of the search
algorithm, i.e. the tabu status length, is automatically
tuned according to the problem instance under
consideration.
The feasibility of the overall optimized management of the terminal has been assessed thanks to a
discrete-events based simulator, which has been
previously validated and calibrated on a large set of
real data. The simulator showed all the computergenerated policies to be sustainable in such a complex
stochastic environment, thus emphasizing the robustness of the proposed approach.
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