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We built and deployed a decision-support system for schedul-
ing paper manufacturing and distribution, an extremely com-
plex task with multiple stages of production and strong inter-
action between stages. In contrast to earlier approaches, our
system considers multiple scheduling objectives and multiple
stages of production and distribution simultaneously using
multiple evaluation criteria. Our system functions as an intelli-
gent assistant to the schedulers and generates multiple good
scheduling alternatives using a portfolio of algorithms and di-
rect human-expert input. The successful deployment of our
system at several paper mills in North America has resulted in
significant savings, greater customer satisfaction, and im-
proved business processes.

The manufacture of paper products is
a major worldwide industry. The

sales volume of paper and allied products
in the United States was over $160 billion
in 1997 [Beck et al. 1998]. Paper manufac-
turing is a capital-intensive business, with
equipment and facilities for a new produc-

tion line costing about half a billion US
dollars. To compete, paper companies
must use their capacity efficiently, respond
to customer demand, deliver on time, and
provide short lead times. This requires
scheduling production to minimize pro-
duction and distribution costs, inventory
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levels, and manufacturing disruptions
[Shaw 1998]. The relative importance of
these competing objectives varies with the
state of the production environment and
market conditions. The complexity of the
problem is compounded by interactions
wherein the scheduling of each stage of
the production process affects downstream
production or shipping.
In 1993, Madison Paper Inc.’s CEO ap-

proached IBM about using artificial intelli-
gence and advanced scheduling tech-
niques to increase production at its mill in
Madison, Maine, without having to invest
in new manufacturing equipment. At IBM
Research, we took up the challenge and
began studying the current state of paper-
mill scheduling, looking for opportunities
not only to use new scheduling algo-
rithms, but also to improve the informa-
tion available to the decision makers to
improve the quality of their scheduling
decisions. As a result, we developed a co-
operative multiobjective decision-support
system, which is currently used by several
mills in North America.
Paper Manufacturing
The paper industry manufactures many

kinds of paper to satisfy the diverse needs
of printing and packaging. Paper produc-
tion consists of several stages, which may
vary depending on the kind of paper be-
ing produced, but the overall process is
generally the same (Figure 1).
The first step in paper manufacturing is

the production of pulp from logs, wood
chips, recycled paper, and other sources of
fiber. The pulp is fed into a paper machine
along with other ingredients that make up
the “recipe” for a particular grade and ba-
sis weight of paper, that is, a product. The

grade of paper is determined by physical
and optical characteristics, such as
smoothness, oil absorbency, gloss, and
shade. The basis weight is the weight of a
specified area of paper or paperboard. A
paper machine produces large reels of pa-
per. The width of the reel, called the deckle,
is fixed for each machine. Another ma-
chine called a winder unwinds the reel
while slicing it into narrower strips that it
then rewinds to form rolls. The process of
cutting a reel to make rolls is called trim-
ming and the portion of the deckle that is
not consumed by the rolls is the trim loss.
The arrangement of the slitting knives on
the winder constitutes a trim pattern. Typi-
cally, several rolls are made from each
reel. The widths and diameters of these
rolls must match the customer require-
ments. Detailed plans, which include the
selection of patterns and their sequencing,
for cutting a set of large reels of paper into
smaller rolls are called trim sheets. As the
rolls are produced, they are wrapped for
shipping or temporary storage. In the case
of cut-sheet paper products, the rolls are
loaded onto a sheeter, which unwinds the
roll and slices the paper into sheets of the
desired size. The sheets are then wrapped
and packaged for shipping. (We do not
consider cut-sheet production in this pa-
per.) Finally, the end products are loaded
onto trucks and rail cars for shipment to
customers, warehouses, and ports.
Bierman [1993] gives further details on pa-
per production.
Most paper manufacturers produce to

order because the large number of combi-
nations of product type and roll size
makes it impractical to stock enough in-
ventory. Each customer order specifies a



MULTIOBJECTIVE DECISION SUPPORT

September–October 1999 7

Figure 1: Paper machines use raw materials such as pulp and fillers to produce large rolls of
paper (often called reels), which are trimmed and rewound onto rolls. The rolls may be
shipped directly to customers, or they may be trimmed into sheets, which are packaged and
shipped on pallets.

quantity (in tons or number of rolls), a
product type, roll dimensions (width and
diameter), due date, and shipping destina-
tion. While customers prefer to have their
orders filled exactly, there is typically a
standard tolerance, for example, plus or
minus three percent, on the quantity that
can be produced to satisfy an order. To
improve efficiency, manufacturers some-
times take advantage of this tolerance and
produce more or less than the ordered
amount. The amount produced in excess
of the order quantity is called overrun.
Similarly, any production shortfall is
called underrun. The paper manufacturer is
usually responsible for the freight cost
from its mill to the customer’s location,
which can constitute as much as 15 per-
cent of the selling price. To reduce trans-
portation costs, manufacturers try to pro-
duce orders in mills close to the orders’
final destinations.
A typical large paper-manufacturing en-

terprise has several mills in different loca-
tions, each having one or more paper ma-
chines. Each paper machine is capable of
producing a subset of the company’s
products at different production rates. Pa-
per production is a continuous process in
which a machine can make only one prod-
uct at a time because each product has its
own unique recipe. When a machine
switches from one product to another, it
continues to operate, but the paper it pro-
duces is of poor quality for some time af-
ter the change is initiated. The length of
this transition time or setup time depends
on the products being produced before
and after the transition; transitions be-
tween similar products are shorter than
transitions between dissimilar products
(that is, the setup times are sequence de-
pendent). The setup times between prod-
ucts can also be machine dependent. The
production between two consecutive set-
ups is called a run. Often there is a restric-
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tion on the minimum length of a run since
very short runs are likely to produce pa-
per with quality problems.
Scheduling of Paper Manufacturing
Given a set of firm orders and a fore-

casted demand, the schedulers must de-
cide how to allocate orders to mills and
machines, sequence the orders on each
machine and form a sequence of runs,
trim the reels of paper to create rolls of the
right size for each order, and load the rolls
into vehicles for shipping to the customers
and distribution centers in order to maxi-
mize profit by minimizing trim loss, trans-
portation costs, and inventory carrying
costs; maximize on-time delivery by mini-
mizing both early and late deliveries; min-
imize manufacturing disruptions; and
maximize customer satisfaction by mini-
mizing violations of customer preferences.
Most problems in schedule generation are
variations of well-known NP-complete
problems. For example, run formation and
sequencing is an extension of the multima-
chine job-sequencing problem with
sequence-dependent setup times, trim-
ming is an extension of the cutting-stock
problem, and loading falls into the domain
of the multiple-knapsack problem.
The traditional approach to paper-mill

scheduling is to schedule each stage in the
process independently. Typically, paper
manufacturers allocate orders to paper
machines and sequence them manually.
They then use one software package for
trim scheduling and another for outbound
logistics scheduling. Each package focuses
on one process step and tries to optimize
the schedule based on local objectives.
Since these applications do not interact,
the complete schedule obtained by com-

bining the subschedules is usually of very
low quality. For example, a trim schedule
that minimizes trim loss may cause vehi-
cles to be loaded inefficiently, unaccepta-
bly increasing shipping costs. To improve
the loading schedule, the scheduler must
make extensive changes in the trim sched-
ule. This process is time- and labor-
intensive since posing what-if scenarios
requires moving between applications. To
make the process more manageable, com-
panies adopt business rules, such as taking
orders only in full vehicle loads and re-
quiring trim schedules to produce exactly
the amount ordered. This simplifies sched-
uling but reduces the company’s ability to
respond to customer requests, thereby
lowering customer satisfaction and reduc-
ing efficiency. In addition, most schedul-
ing packages combine multiple objectives
into a single objective function and pro-
duce a single schedule that attempts to op-
timize this composite objective function
[Pickard 1997]. Since the importance of the
underlying objectives may not be precisely
known, this approach rarely generates a
satisfactory solution [Bennett 1998; Das
1998; Goodwin et al. 1998; Steuer 1989].
Furthermore, presenting schedulers with a
single take-it-or-leave-it choice does not
show the trade-offs between competing
objectives needed to make an informed
decision. To explore the solution space,
schedulers repeatedly modify the objective
function and rerun the scheduling applica-
tion to see other possible schedules [Yu
1985].
In contrast, our new scheduling system

considers all stages of paper production
and distribution simultaneously and gen-
erates multiple enterprise-wide schedules.
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Each schedule contains an allocation of or-
ders to machines, a sequencing of orders
on the machines, a trim schedule for each
production run, and a loading schedule.
The schedules are created by algorithms
that take into account the interactions be-
tween the process stages and focus on
enterprise-wide objectives. The algorithms
we developed use such approaches as in-
teger programming, linear programming
with and without rounding, network flow,
and heuristic methods. By combining mul-
tiple approaches and considering interac-
tions between processes, our system im-
proves solution quality compared with
earlier approaches. It evaluates each gen-
erated schedule in terms of multiple objec-
tives and presents the best schedules to
the scheduler. It treats business rules as
objectives rather than constraints; there-
fore, some schedules may violate the rules
to improve customer satisfaction or manu-
facturing efficiency. (These schedules can
be shared with manufacturing and cus-
tomer service representatives and serve as
a basis for negotiating exceptions to busi-
ness rules.) The system also allows sched-
ulers to work with the software to im-
prove schedule quality and generate
additional alternatives. By examining
these schedules and comparing the alter-
natives, schedulers gain an understanding
of the trade-offs to be made and can select
a solution that balances conflicting
objectives.
Decision-Support Using the
Asynchronous Team Architecture
Our approach to decision support is to

augment the skills of the schedulers by of-
fering an intelligent assistant [Reddy 1996]
capable of providing the information they

need to make good decisions. The schedu-
lers who use our system are experts and
have intimate and extensive knowledge of
the production environment, operating
procedures, and company policies.
Through years of experience, they have
developed heuristics to quickly identify
promising schedules. However, these heu-
ristics search only a small part of the solu-
tion space and overlook opportunities for
alternative and possibly better solutions.
By combining advanced solution tech-

niques with the domain expertise of the
schedulers, our system produces high-
quality alternative solutions for considera-
tion. We believe that the scheduler’s ex-
pertise cannot be fully captured in
software. As stated by Wagner [1969, page
9], “an operations research model is never
sufficient unto itself: it cannot become en-
tirely independent of judgment supplied
by knowledgeable managers. . . .The ques-
tion is not when to apply science and
when to rely on intuition, but rather how
to combine the two effectively.” Our sys-
tem allows schedulers to create new
schedules or modify existing schedules at
any level of detail to provide expert guid-
ance. Unlike some earlier approaches [Yu
1985], the iterations in the solution-
generation process are not based on
changing the objective weights but on
more detailed input from schedulers about
the solutions. The schedules generated by
schedulers, like those generated by the
system, serve as a basis for further search
and refinement by our system. This con-
trasts with many other systems, where
once a scheduler edits a solution, the sys-
tem cannot further improve it. There are
cooperative expert systems, such as
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Scheiker [Numao and Morishita 1991],
where the cooperation between the sched-
uler and the system is similar to our ap-
proach; however, the rules that these sys-
tems employ are far less capable of
making useful improvements to scheduler-
generated solutions than the direct-
improvement methods we employ.

The traditional approach is to
schedule each stage
independently.

To summarize, the components of our
decision-support approach include gener-
ating multiple alternative solutions, evalu-
ating the alternatives in business terms, se-
lecting a small subset of these alternatives
and presenting them to the decision
maker, collaborating with the decision
maker to generate new or improved alter-
natives, and helping the decision maker to
understand the trade-offs and select the
“best” alternative.
To implement our approach to decision

support, we employ the asynchronous-
team (A-team) architecture. An asynchro-
nous team is a team of software agents
that cooperate to solve a problem by dy-
namically evolving a shared population of
solutions [Murthy 1992; Talukdar, Pyo,
and Mehrotra 1983; Talukdar, deSouza,
and Murthy 1993]. The agents work asyn-
chronously and embody their own meth-
ods for deciding when to work, which so-
lutions to work on, and how to generate
new or improved solutions. Agents do not
explicitly coordinate their activities with
one another. Cooperation is achieved by
sharing results in populations; agents can
work on solutions created by other agents.

The best solution alternatives are usually
the result of contributions made by many
agents embodying multiple problem-
solving approaches [Salman, Kalagnanam,
and Murthy 1997].
An A-team has three types of agents:

constructors, improvers, and destroyers
(Figure 2). Constructors take only the
problem definition and create new solu-
tions. Deterministic constructors attempt
to run only once, while constructors that
use randomized algorithms may run many
times to add a variety of solutions to the
population. Improvers try to improve
upon the current set of solutions in the
population by modifying or combining ex-
isting solutions to create new solutions.
Destroyers try to keep the population size
in check and focus the improvers’ efforts
by removing bad solutions from the popu-
lation. Within the population, each solu-
tion is evaluated with respect to multiple
objectives. Typically, solutions to schedul-
ing problems are evaluated in terms of
cost, timeliness, customer satisfaction, and
manufacturing disruptions. As a group,
the agents in an A-team evolve the popu-
lation of solutions to provide a set of good
alternatives that illustrates important
trade-offs among the competing objectives.
Because the agents share access to the
population of solutions, an A-team is like
a blackboard system but without a central
controller [Erman et al. 1980]. In a black-
board system, a central memory, or black-
board, is used to post problems and sub-
problems and to post possible solutions. A
central controller activates knowledge
sources to work on these problems and
post solutions or new subproblems. A-
teams also have certain characteristics of
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Figure 2: In the A-team architecture, various algorithms are encapsulated as constructor, im-
prover, or destroyer agents. These agents cooperate by working on a common population of
solutions, and they evolve the population toward a pareto-optimal frontier.

genetic algorithms in that a population of
solutions evolves over time [Holland
1975]. However, unlike genetic algorithms,
the mechanisms for altering individual so-
lutions may be highly directed because
they take into account domain-specific
knowledge, rather than depending upon
random mutation or crossover.
To solve multicriteria optimization

problems, classical search and optimiza-
tion methods convert multiple-objective
functions into one scalar function, and can
at best find one Pareto-optimal solution at
a time. To create multiple Pareto-optimal
solutions, these methods are applied re-
peatedly, each time varying the user-
defined parameters for aggregating objec-
tives. In contrast, the A-team approach,
which is an evolutionary method, can find
multiple Pareto-optimal solutions simulta-
neously, using its population-based

search. Because of this parallel searching
and freedom from user-defined parame-
ters, the A-team approach has an advan-
tage over classical methods in solving
multicriteria optimization problems. For
difficult optimization problems, any single
algorithm is not likely to produce high-
quality solutions in a reasonable time for
all problem instances. The agents in an A-
team constitute a portfolio of algorithms
that is more robust than any single algo-
rithm [Huberman, Lukose, and Hogg
1997; Lee at al. 1996; Murthy 1992]. Be-
yond the benefits of using multiple algo-
rithms independently, the A-team archi-
tecture allows the agents to cooperate
synergistically and leads to higher quality
and more diverse solutions. Individual
agents may focus on optimizing different
objectives and explore different parts of
the search space for feasible solutions.
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The simplicity and modularity of the A-
team architecture make it well suited for
creating systems that are used daily in
production environments. Modularity al-
lows new algorithms, in the form of
agents, to be added to an A-team without
making major modifications to the existing
system. Algorithms can be incomplete,
since partial solutions can be added to the
population to serve as seeds for improv-
ers. As a practical matter, modularity al-
lows a customer-support engineer to con-
figure and tune the system easily at
installation time by turning agents on or
off.
The A-team architecture originated at

Carnegie Mellon University [Murthy 1992;
Talukdar, Pyo, and Mehrotra 1983;
Talukdar, deSouza, and Murthy 1993]. It
has been used to solve a variety of prob-
lems, including traveling-salesman prob-
lems [deSouza 1993], design of robots
from task specifications [Murthy 1992], de-
sign of fault-tolerant power networks
[Chen 1992], and train-scheduling prob-
lems [Tsen 1995]. At IBM, we have ex-
tended this work by implementing the
first A-team–based solutions for real in-
dustrial problems. Ours is also the first ap-
plication of the A-team architecture to
multiobjective scheduling. The problems
we consider are larger and more complex
than any of the problems considered in
previous A-team applications. As a result,
our application necessitated the use of
more powerful agents that perform di-
rected search toward the Pareto frontier.
One of our key extensions to the A-team
architecture was to add decision makers as
agents in the A-team. A scheduler can take
on the role of an agent by adding new so-

lutions to the population or by removing
or improving existing solutions. Previous
work on A-teams had already shown that
the architecture enables synergistic cooper-
ation between agents. We found that the
human-as-agent paradigm pushed this co-
operation to a new level.
Recently it has been shown that agent-

based architectures hold promise for solv-
ing complex multiobjective optimization
problems. Liu and Sycara [1996] have
shown the benefits of a tightly coupled
agent architecture in solving the job-shop-
scheduling problem. Beck and Fox [1994]
presented a mediated approach to multi-
agent coordination in the context of a
supply-chain management system. A
model of the supply chain in which each
of the key players in the chain is encapsu-
lated in an autonomous agent is described
by Swaminathan, Smith, and Sadeh [1996].
Smith et al. [1990] use a blackboard-style
architecture for generating and revising
factory schedules, selectively employing a
set of distinct methods to generate, revise,
or analyze specific components of the
overall schedule.
Using the A-team architecture, we built

the following multiobjective decision-
support tools for scheduling paper
production:
(1) A global scheduling package that,
given a set of orders, provides multiple
candidate enterprise schedules, each of
which specifies an allocation of orders to
machines, a sequence of runs or orders on
each machine, a trim sheet for each run,
and a loading schedule;
(2) A detailed run-formation and sequenc-
ing package that, given a machine and an
allocation of orders to that machine, pro-
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vides multiple sequencing and run-
formation alternatives;
(3) A detailed trim package that, given a
set of orders in a run, provides multiple
candidate trim sheets for that run; and
(4) A detailed load-planning package that,
given inventory and a production sched-
ule, provides multiple candidate loading
schedules.
The objectives of the A-team can be con-

figured by a consultant when the system is
installed. Typically there are four objec-
tives: maximizing profit, maximizing on-
time delivery, maximizing customer satis-
faction, and minimizing manufacturing
disruptions.
Algorithm Overview
Orders are allocated to paper machines

based primarily on transportation-cost
considerations. Machines are geographi-
cally distributed, and producing an order
on a machine close to the order’s final des-
tination saves transportation costs. Order
allocation should also consider the due
dates of the orders and the load balance
on each machine to ensure on-time deliv-
ery. We use the following approaches for
allocating orders: linear programming, in-
teger programming, network flow models,
and dispatch algorithms. The order-
allocation methods create partial solutions
in which orders are allocated and given an
initial sequence on each machine. The ini-
tial sequence of orders defines a sequence
of runs on each machine. The problem we
consider at this stage generalizes other
machine-scheduling problems studied [Ho
and Chang 1991; Lee and Pinedo 1997]. It
can be characterized as scheduling orders
on parallel nonidentical machines, subject
to job-machine restrictions, machine- and

sequence-dependent setups, batch-size
preferences, job-machine assignment costs,
and earliness and tardiness penalties, with
additional implications on downstream
processes. Akkiraju et al. [1998] discuss
further details of our approach for solving
this complex scheduling.
The linear-programming and network-

flow-based models are fast, but they create
allocations in which some orders may be
split between mills and machines. In some
cases, splitting orders across multiple ma-
chines may be undesirable, especially if
the machines are geographically dispersed
(which complicates order tracking) or if
they produce papers of different quality.
In these cases, we “fix” the resulting allo-
cation by merging or partially merging
some of the split orders. We use several
heuristic approaches for fixing allocations
with order splitting. The idea is to merge
pieces of an order while considering trans-
portation cost, due dates, and the utiliza-
tion of the machines.
In dispatch algorithms, the method is

first to sort the orders according to some
criteria and then to allocate each order in
the list to a machine based on a priority
index of the order-machine pair. The dis-
patch approach does not split orders
across mills and machines. Sort criteria are
based on combinations of order properties,
such as due date, processing time, and tar-
diness penalty. For example, we sort or-
ders in increasing order of their due dates,
and then we sort orders with the same
due date by grade. In our implementation,
we use several combinations of primary
and secondary sort criteria for sorting. We
calculate the priority index by combining
several measures of an order-machine
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pair, such as order-completion time, earli-
ness, tardiness, transportation cost, and
processing times.
For each order-machine allocation, we

create new sequences for the orders on
each machine, as alternatives to the initial
sequence generated by the order-allocation
agents. In order sequencing, the goal is to
produce the orders on time, to ensure
smooth transitions between grades, and to
obtain good trim efficiency from the re-
sulting runs. The sequencing problem, at
this stage, falls into the domain of single-
machine sequencing with sequence-
dependent setups with the objective of
minimizing weighted tardiness [Abdul-
Razaq, Potts, and Van Wassenhove 1990;
Du and Leung 1990; Koulamas 1994; Lee,
Bhaskaran, and Pinedo 1997]. We use dis-
patch algorithms for sequencing orders on
a given machine; the idea is to select one
job at a time from the set of remaining
jobs, based on some priority index, and
schedule the job with the highest priority
as the next job on that machine. We calcu-
late the priority index by combining dif-
ferent properties, such as earliness, tardi-
ness, and processing and setup times. We
have several algorithms that follow this
framework but use different priority indi-
ces. We also use some priority rules from
the literature, such as the ones described
by Panwalkar, Smith, and Koulamas
[1993] and Holsenback and Russell [1992].
When we sequence the orders to form
runs, we also consider downstream impli-
cations on trim efficiency and shipping.
We compute estimates of the trim effi-
ciency and shipping cost, and modify the
runs as necessary.
To improve order allocation and se-

quencing, our improvers change the se-
quence of orders on a machine or swap
orders between mills and machines. Some
improvers move only one order at a time,
whereas others may move a group of or-
ders, for example, a whole run, to a new
position. Order-allocation improvers focus
mainly on reducing the transportation cost
and balancing the load on the machines
while considering the impact of any move
on other measures, such as tardiness. Se-
quencing improvers focus on reducing tar-
diness and setups while considering the
impact of any move on other measures,
such as transportation cost and trim effi-
ciency. We also have some improvers that
try to reduce the number of very short
runs and setups. Having very short runs is
undesirable because they may violate the
minimum-run-size requirements and they
are more likely to have poor trim effi-
ciency. These improvers may merge two
different runs of the same grade or move
some orders from a long run into a short
run to decrease setups or the number of
short runs and to improve trim efficiency.
Again, they consider the impact of these
moves on other measures, such as the
transportation cost and tardiness.
During each production run, a paper

machine produces a set of reels. Cutting
the reels into smaller rolls of ordered sizes
is called trimming. For example, a reel of
width 200� can be cut into four rolls of
width 43� and one roll of width 27� result-
ing in one inch of trim loss (200 � (4)(43)
� (27) � 1). Some of the constraints we
consider in trimming are the maximum
cutting-pattern deckle (which must not ex-
ceed the machine’s deckle), the maximum
number of rolls in a pattern, and the maxi-
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mum number of narrow rolls in a pattern.
The main objective in trimming is to mini-
mize the trim loss while minimizing devi-
ations from the quantities ordered.
Our agents first generate a set of effi-

cient patterns that maximizes the use of
the deckle. They then select a subset of
these patterns to produce the rolls for that
run. We use a randomized procedure to
generate patterns to ensure that the gener-
ated patterns exploit the diversity of roll
widths in the run. To select the patterns to
use and the repetitions of each pattern,
some of the agents use integer program-
ming, whereas others use linear program-
ming with rounding. Having selected the
patterns and their repetitions, the agents
sequence the patterns with a combination
of objectives, such as making high-priority
orders first, finishing orders in the se-
quence of their due dates, minimizing pat-
tern changes (winder setups), minimizing
diameter changes, and minimizing the
number of orders in process.
The pattern-selection problem with the

objective of minimizing trim loss is the
well-known one-dimensional cutting-stock
problem (CSP) [Gilmore and Gomory
1961, 1963; Pierce 1964]. Several heuristic
procedures have been proposed for CSP,
mostly based on sequential pattern gener-
ation or LP rounding, or a combination of
both [Ferreira, Neves, and Castro 1990;
Haessler 1988a, 1988b; Stadtler 1990;
Vahrenkamp 1992]. Some researchers also
considered lower and upper bounds on
ordered quantities and winder setups
[Goulimis 1990; Haessler 1971, 1988a;
Wascher 1989]. For reviews on cutting-
stock problems, see Golden [1976],
Haessler and Sweeney [1991], Hinxman

[1979], and Dyckhoff [1990]. To the best of
our knowledge, the trim problem we solve
by simultaneously considering all the con-
straints and trading off all the objectives
has not been considered before.
Keskinocak et al. [1998] give further de-
tails of our solution approaches and addi-
tional references on trim-related problems.
Some improver agents increase trim effi-

ciency by modifying runs that have rela-
tively low trim efficiency. Such agents
may move orders or rolls from one run to
another, possibly on different machines.
The two modified runs are then
retrimmed again. If the resulting trim is
improved, the change is kept. We have
several methods for selecting orders or
rolls to be moved. In one method, we ex-
amine the trim patterns having the lowest
efficiency in the trim sheet and select an
order that is made in those patterns. In an-
other method, we look for a roll size that
makes up a large fraction of all the rolls to
be made in the run. If this roll size does
not trim well, we move some of its orders
to another run. We repeat this operation
using different combinations of runs and
orders in an attempt to improve the trim
efficiency of the entire schedule.
In many paper mills, rolls are loaded di-

rectly onto vehicles as they emerge from
the wrapping machine. Loading is the pro-
cess of deciding which vehicles to use and
how to load them. The choice involves se-
lecting the mode of transportation, select-
ing the sizes of vehicles to use, and decid-
ing how to load the rolls into the vehicles.
Mode choices typically include rail and
truck. Rail is generally less expensive but
has longer transit times. For each mode,
the available vehicles come in fixed sizes
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with weight and volume limits. There are
also limits on the number of vehicles that
can be loaded in a shift and the number
and types of vehicles that are available per
day. In addition to the physical limita-
tions, insurance regulations restrict load-
ing alternatives. To be insured for ship-
ment by rail, one must place the rolls in
the vehicle following a prescribed loading
pattern. Because of the restriction on load-
ing rail cars, determining whether a set of
rolls can be loaded into a given vehicle is
a variant of the multiple-knapsack prob-
lem, which is known to be NP-complete
[Martello and Toth 1990]. To improve ve-
hicle utilization, one can mix rolls going to
different locations in the same vehicle.
However, mixing rolls going to different
locations incurs drop-off charges and
extra distance charges and may increase
tardiness due to increased transit
mes.
The loading problem is similar to a

multiple-knapsack problem [Martello and
Toth 1990] with multiple sizes of knap-
sacks, knapsack availability constraints,
and complex rules for determining legal
combinations of items in a knapsack. To
address this problem, we use two basic
approaches: traditional knapsack-packing
algorithms and algorithms that work with
a set of legal loading patterns. Our greedy
knapsack-packing algorithms select vehi-
cles based on cost or on-time delivery and
load the vehicles until the weight or vol-
ume limits are reached. The results are
then checked to ensure that the rolls can
be loaded following prescribed loading
patterns. These algorithms work best for
trucks, where this check almost always
succeeds.

The second class of algorithms generate
and share a set of legal loading patterns. A
pattern generator enumerates subsets of
rolls that meet weight and volume con-
straints for each type of vehicle and then
filters the set to remove the subsets of rolls
that cannot be loaded into a vehicle using
a prescribed loaded pattern. The loading
problem is then reduced to selecting how
many of each pattern to choose to ship all
the items. We use a combination of mixed-
integer-programming algorithms and
greedy algorithms to select patterns. This
second approach is most effective for rail
cars.
In addition to these two basic ap-

proaches, we also make use of local im-
provement routines. These algorithms look
for opportunities to reduce costs, reduce
drop shipments, and improve vehicle utili-
zation by swapping items between vehi-
cles and changing vehicle sizes. They per-
form a stochastic hill climbing and explore
the area around the solutions generated by
the first two types of algorithms, looking
for improvements. Further details about
our load-planning solution methods can
be found in the appendix and in
Keskinocak et al. [1998].
Assembled in the A-team framework,

these algorithms cooperate synergistically
to generate high-quality, complete enter-
prise schedules (Figure 3). Initially, the al-
location agents create a population of allo-
cations. Run formation and sequencing
agents take promising solutions from the
population of allocations and create se-
quenced allocations. Trim agents create
trim sheets for promising sequenced allo-
cations and load-plan agents create load
plans for promising sequenced allocations
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Figure 3: Solutions in the population evolve as different agents work on them. In this figure,
the rectangles correspond to populations of solutions (or partial solutions) and the arrows cor-
respond to agents that create or modify solutions.

with trim sheets. Improver agents attempt
to improve the (partial) solutions in each
population. Improver agents also provide
feedback by using information obtained
from trim sheets and load plans to create
modified or improved allocations and se-
quenced allocations. In addition, destroyer
agents remove solutions from the popula-
tions that are far from the Pareto frontier
to keep the population size in check
Facilitating Cooperation Between the
Scheduler and the Software
In our decision-support approach, we

promote cooperation between the schedu-
ler and the system to improve solution
quality and the decision-making process.
While interacting with the system, the
scheduler can suggest alternatives and un-
derstand and modify solutions. The sys-
tem can take guidance from the scheduler,
offer solution alternatives, and point out
constraint violations. Schedulers can sub-
mit manually created or modified solu-
tions back to the scheduling system for
evaluation and comparison with other so-
lutions, as well as for further improve-

ment by the system. By working with the
system to explore the solution space, the
schedulers gain insight that gives them
confidence in their final decision. To coop-
erate, the scheduler and the system need
to communicate effectively.
Our graphical user interface (GUI), de-

veloped specifically for paper-mill sched-
uling, allows the schedulers to explore the
particulars of a scheduling problem and
its solutions. The interface facilitates com-
munication by providing multiple views
of the data at different levels of granular-
ity and uses the scheduler’s own graphical
language as a basis for direct manipula-
tion of a schedule. The views provided by
the interface include the following:

—A summary of results presents the ob-
jective function evaluations for each enter-
prise schedule in the nondominated set.

—A detailed view of each enterprise
schedule for all the machines in the sched-
ule shows the duration of each run and
the run sequence.

—A detailed view of each machine sched-
ule in a given enterprise schedule shows
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Figure 4: Using the trim sheet editor, schedulers can examine and manipulate trim sheets. The
grid on the upper right side gives order specifications including widths, diameters, and the
number of rolls. The grid on the lower right shows a graphical representation of a trim sheet
solution, which the scheduler can directly manipulate. Each line shows the placement of the
slitting knives and the assignment of the resulting rolls to orders. Within the trim sheet, the
background color changes for each pattern that requires a new knife setup. Also, selecting an
order highlights its position in the trim sheet. Finally, the grid on the left summarizes the set of
alternative trim solutions and their evaluations. Each trim sheet has 35 evaluations that mea-
sure its quality, such as the number of setups, and downstream consequences, such as the num-
ber of open vehicles.

the duration and product type of each run
and the run sequence on the machine.

—A detailed view of a run in a given ma-
chine schedule (Figure 4) shows the orders
in the run and the trim sheet.

—A detailed view of a loading schedule
shows how orders are loaded onto
vehicles.
Figure 4 illustrates our approach to user

interaction. To understand how the inter-
face is used, consider a typical scenario in

which a scheduler is trying to create a trim
sheet for a production run and initially
has the system generate a set of candidate
solutions. Such is the case in Figure 4
where the system has produced multiple
solutions and presented a set of 24 non-
dominated solutions. The scheduler has
then narrowed the set by using the criteria
boxes at the bottom of the grid to view
only solutions with no more than seven
setups and no more than two orders un-
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der tolerance. Clicking on a column, the
scheduler can sort the solutions by a par-
ticular evaluation. In this case, the schedu-
ler has sorted by “orders under tolerance,”
which is the number of orders for which
the quantity produced is under the mini-
mum order quantity. Double clicking on a
solution shows its details on the right-
hand side and allows the scheduler to de-
termine which orders are being overrun
and by how much. In this case, orders
4020-1 and 3961-1 are being overrun by
one and six rolls, respectively. To improve
the solutions and explore alternatives, the
scheduler can directly manipulate the trim
sheet by dragging rolls between patterns,
reordering, adding, or deleting patterns.
Once the scheduler finalizes a trim sheet,
it can be attached to the production run as
its current trim sheet using the button at
the top of the screen and released for pro-
duction using the check box at the bottom
of the screen.
By allowing direct manipulation of the

graphical representation of a schedule and
by providing multiple levels of detail, our
interface enables the communication that
is required for effective cooperation be-
tween the scheduler and the system.
System Requirements and
Performance
In a typical installation for a paper com-

pany, master schedulers located at the
company headquarters use the global
scheduling package to create long-term,
enterprise-wide schedules that allocate or-
ders to mills and perform initial-run for-
mation, sequencing, trimming, and load-
ing. Schedulers located at each mill take
the resulting enterprisewide schedule and
use the detailed trim-and-load-plan com-

ponents to perform detailed optimization
for each paper machine, each trim sheet,
and each load plan. The running time for
the A-team is a parameter of the system
that can be set to reflect the size of the
problem and the amount of optimization
required.
To get an idea about the performance

and running time, consider an example
consisting of 5,000 orders to be scheduled
on nine machines located in five mills.
Running the A-team for one and a half
hours on a single processor IBM RS/6000
Model 591 (256MB of memory) generates
approximately 100 enterprisewide solu-
tions, from which about 10 solutions be-
long to the nondominated set. Our discus-
sions with the scheduling personnel at the
mills indicate that generating a single en-
terprise schedule for an instance of this
size would take an experienced scheduler
more than a week, if order allocation and
run formation was done manually (or
given) and a software package was used
for trimming. While trimming a run, most
of the trim packages consider only the or-
ders in that run, which requires the sched-
uler to make a lot of manual changes to
the composition of the runs. One of the
main advantages of our system is that it
changes the composition of the runs auto-
matically to improve trim efficiency while
meeting other objectives. Hence, the one-
and-a-half-hour running time is quite rea-
sonable, given the size and the complexity
of the problem. In our system, optimiza-
tion of a single trim sheet or load plan
takes less than a minute. Evaluating the ef-
fects of a manual change, like reordering
the patterns in a trim sheet, is almost
instantaneous.
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Business Impact
Our paper-mill-scheduling system has

significantly improved the scheduling and
decision-making process for our custom-
ers, giving them substantial monetary re-
turns. Improvements come from the
higher quality of the solutions that our
system generates and from positive
changes in business processes that our ap-
proach to decision support fosters. In
terms of solution quality, one paper com-
pany, Madison Paper Industries, reports a
reduction in trim loss of six tons per day
and a 10-percent reduction in freight costs
[Hoffman 1996; Shaw 1998]. Each of these
savings amounts to $2 to $3 million per
year. Our system has allowed other cus-
tomers to change their business practices
to achieve perfect trim (no trim loss) con-
sistently and to improve their ability to
negotiate with customers when accepting
orders.
Customarily, the value of a scheduling

system is determined only by the quality
of the schedules it produces. The sched-
ules our system generates for each stage of
the process improve upon the state of the
art in scheduling. Adam Stearns of Madi-
son Paper Industries reports, “We would
use our old trim package, throw orders
into it, and let it trim them the best it
could. Then we would let the IBM module
take the same orders and manipulate them
to come up with a trim. We saw that the
IBM package was consistently saving over
two inches [of trim loss]—just an incredi-
ble amount. . . .Testing shows that we are
getting about 10 percent savings annually
on distribution costs from the load plan-
ning piece alone, which amounts to mil-
lions of dollars. . . .We expected the sys-

tem’s GUI to make load planning easier,
but we didn’t expect to gain these efficien-
cies” [Shaw 1998, page 75].
Our system also achieves a global per-

spective that results in further schedule
improvements by considering options for
changing a schedule for one stage of pro-
duction to improve the schedule for subse-
quent stages. Schedulers have long recog-
nized that such changes could produce
dramatic improvements. However, the ef-
fort needed to explore such options was
prohibitive when incompatible software
packages were used to schedule the vari-
ous stages and each scheduler was famil-
iar with only the software used to sched-
ule his or her stage of production. To
illustrate how our scheduling system takes
advantage of this global perspective, we
will describe an example that involves
moving orders between mills, machines,
and production runs to reduce trim loss.
It is often possible to improve trim effi-

ciency by adding orders to a run to get
better trim patterns. The difficulty is in
identifying potentially good orders to
move and in determining the impact of
the move on the rest of the schedule. Mov-
ing an order to an earlier run can increase
inventory costs, reduce paper quality if the
length of the future run becomes too short,
and increase tardiness by delaying the
start of subsequent runs. Moving an order
between mills can increase shipping costs
and shipping times. Without an integrated
system, determining the extent of such im-
pacts can be difficult and time consuming.
To reduce complexity, schedulers often
use simple business rules to limit their
searches and the impacts they need to con-
sider. Such rules might include looking
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only at orders already assigned to the
same machine and scheduled for produc-
tion in the next month. With such a limita-
tion, schedulers can ignore impacts on in-
ventory cost, shipping cost, and load
balance and consider only whether the
move increases tardiness for the other or-
ders assigned to the same machine in the
next month. Our integrated software al-
lows these business rules to be relaxed.
Both the scheduler and the software can
explore a larger set of alternatives to im-
prove the quality of the schedules.
Improving schedule quality has obvious

impacts on profitability. However, just as
important are the opportunities to change
business processes that our system affords
by showing multiple good alternatives,
some of which may violate some con-
straints. These solutions can suggest good
opportunities to look for alternative means
of production and can suggest when it
would be profitable to negotiate to change
customer requirements or business
policies.
One of our customers regularly achieves

perfect trim by using solutions with un-
derruns that violate the minimum order
quantity for one or more orders. At this
mill, orders can be filled from production,
from inventory, or from a combination of
inventory and production. The mill keeps
a small inventory of rolls that it can retrim
to meet the specifications of a particular
order. The problem for the schedulers is to
determine when to use the inventory. Us-
ing our software, the schedulers look for
solutions that give perfect trim and try to
complete underrun orders from inventory.
Overruns become new inventory.
Scheduling software generally views or-

der specifications and manufacturing poli-
cies as hard constraints that a schedule
must meet. However, these constraints are
often negotiable if doing so improves fi-
nances or customer service. For example,
some mills have a policy that limits the
number of setups on a winder to at most
one per hour. However, the production
manager may be willing to violate the pol-
icy if it substantially increases trim effi-
ciency or reduces order tardiness. Simi-
larly, customer service representatives can
negotiate with a customer to change the
specifications of an order but would do so
only if it would substantially benefit an-
other order or significantly reduce ex-
penses: “. . .when our sales staff calls with
an order for a specific tonnage, roll size
and destination, we can enter this into the
scheduling system as ‘pending’ and it will
tell us when we can do it and what it is
going to cost if we do it. That is powerful,
powerful information for sales to provide
a customer” [Shaw 1998, page 80]. If the
solution suggested by the system under-
runs a pending order, then the sales staff
may offer to split the order, filling the rest
of the order at a later date. If a solution
overruns an order, the sales staff may of-
fer a volume discount if the customer
takes the extra production.
Finally, the global perspective of our

scheduling software has sped up the
scheduling process and improved commu-
nications among schedulers since they can
share schedules and see the impact of their
changes on other stages of production.
This reduces the time needed to generate a
new schedule and allows production to re-
act more quickly.
Our scheduling system has been well re-
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ceived in the marketplace because it helps
paper manufacturers satisfy the needs of
their customers while reducing costs. Im-
provements in schedule quality result in
measurable monetary returns that give our
system a payback period of less than one
year [Shaw 1998]. Other improvements,
such as reduced scheduling time and
changes in business processes, are harder
to quantify but are appreciated by paper
manufacturers as they operate in a highly
competitive market.
APPENDIX
Order Allocation Based on Linear
Programming
To model the order-allocation problem

as a linear program, we divide our plan-
ning horizon into time buckets (for exam-
ple, a bucket can be a week or a day). In
the formulation, we use the following in-
dices: j for orders, k for machines, i for
mills, b for time buckets.
The following quantities are input to the

model:
demand( j ) : quantity (e.g., tons) of order

j;
duedate( j ) : due date (number of time

buckets) for order j (this is the desired
date to ship the order);
fixedcost( j,k) : fixed cost (for example,

transportation cost per ton) of assigning
one unit of order j to machine k;
req( j,k) : required capacity to produce

one unit of order j on machine k;
cap(k,b) : capacity of machine k in bucket

b;
earlycost( j ) : penalty for producing one

unit of order j early for one bucket;
latecost( j ) : penalty for producing one

unit of order j late for one bucket;
M( j ) : set of machines eligible to

produce order j;
revenue( j ) : revenue from satisfying

order j;
ucost( j ) : penalty per unit of unmet

demand j.
The following variables are used in the
formulation:
X( jkb) : quantity (tons) of order j pro-

duced on machine k in bucket b;
P( jb) : total quantity (tons) of order j

produced in bucket b;
inv( jb) : positive inventory of order j in

bucket b (b � duedate (j));
backlog( jb) : negative inventory (backlog)

of order j in bucket b (b � duedate(j));
U( j ) : unsatisfied quantity of order j.

Using the variables and input parameters
above, we model the allocation problem as
a linear program as follows:

Min fixedcost( jk) X( jkb)� � �
j k b

� earlycost( j ) inv( jb)� �
j b

� latecost( j ) backlog( jb)� �
j b

� [revenue( j ) � ucost( j )] U( j )�
j

subject to

X( jkb) � P( jb)�
k�M( j )

for every pair ( j,b), (1)

P( jb) � U( j) � demand ( j )�
b

for every order j, (2)

X( jkb)req( jk) � cap(kb)�
j

for every pair (k,b) (3)

inv( jb) � P( jt) for b � duedate( j )�
t�b

and for every pair ( j,b), (4)

backlog( jb) � demand( j ) � P( jt)�
t�b

for b � duedate( j ) and for every j. (5)

All variables are nonnegative.
The objective is to minimize cost minus

revenue (or equivalently maximize profit)
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while meeting the demand as much as
possible within the given time buckets.
Constraints (1) compute the quantity of or-
der j produced in bucket b. Constraints (2)
ensure that the total quantity of order j
produced plus any unsatisfied quantity is
equal to the quantity of demand j. Con-
straints (3) ensure that, for each machine,
the production amount does not exceed
the available machine capacity. Con-
straints (4) and (5) compute the amount of
inventory and backlog for each order in
each bucket. Note that variables P( jb),
inv( jb), backlog( jb), and U( j ) can easily be
eliminated from the formulation but are
included for clarity.
The summation �bX( jkb) in the solution

to the above linear program denotes the
total quantity of order j allocated to ma-
chine k. In this allocation, some orders
may be split among different mills or ma-
chines. Typically, allocating parts of an or-
der to different machines is undesirable
due to quality and order tracking consid-
erations. To prevent order splitting across
machines or across mills, one approach is
to add 0–1 variables to the formulation
and an additional set of constraints. Un-
fortunately, in that case the resulting for-
mulation becomes an integer program
[Nemhauser and Wolsey 1988]. In a typi-
cal application, we may have about 1,000–
5,000 orders to be allocated to five to ten
machines in three to six mills over four to
12 buckets (weekly buckets in a one-to-
three month horizon). For such large in-
stances, it becomes impractical to solve the
integer program. Therefore, we usually
solve the linear programming relaxation
and “fix” the resulting allocation by merg-
ing some of the split orders. We use sev-
eral heuristic approaches for fixing alloca-
tions with order splitting. The idea is to
merge pieces of an order, which are allo-
cated to different machines, while consid-
ering transportation cost, order due dates,
and load balance on the machines. We say

that an order needs fixing if it is split in
the current allocation and if this splitting
is undesirable due to the reasons men-
tioned above. Here is the basic framework
for the fixing heuristics we use:
(1) Pick an order that needs fixing.
(2) Select k pieces of this order and allo-
cate them to the same machine.
(3) If there are still orders that need fixing,
go to Step 1.
While we select an order that needs fix-

ing (in Step 1), we consider the number of
pieces the order is split into, the number
of different machines to which the order is
allocated, and the maximum distance be-
tween any two mills to which the order is
allocated. If some or all of these quantities
are large for some order, that order gets
priority for being fixed. Each of our fixing
heuristics considers different combinations
of the quantities above for selecting the
next order to fix.
Trim Solution Methods
To generate trim solutions for a produc-

tion run, trim construction agents first
separate the run into subruns, then they
create a set of cutting patterns to produce
the rolls in the subrun, and finally they
merge and sequence the patterns from all
the subruns. A sequenced collection of
patterns that has been selected to produce
and cut the reels in a run is called the trim
sheet (for that run).
Before we create a trim sheet for a run,

we first divide the run into subruns. Each
subrun is a group of orders whose charac-
teristics, such as core type, diameter, and
wind direction, would allow them to be
cut together in the same pattern on a
winder. The partitioning of a run into sub-
runs is usually not unique, and the choice
of partitioning can have a major impact on
the trim efficiency of the run. Using ran-
domized grouping algorithms, the subrun
formation methods explore the possibili-
ties, which results in a variety of trim
solutions.
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Let b � (b1,. . ., bk) denote the demand
vector for a subrun, where bi is the num-
ber of rolls demanded of width i, k is the
number different widths, and {w1,. . ., wk}
is the set of widths in the subrun. Let bmin

and bmax be the vectors that represent the
tolerances in the ordered amounts, where
bmin � b � bmax. A pattern can be repre-
sented as a vector a � (a1,. . ., ak), where
the ith entry denotes the number of repeti-
tions of ith width in the pattern.
To create a trim sheet for a subrun, our

agents use the following framework. The
agents first generate and store for reuse a
large number of good, feasible cutting pat-
terns. These patterns must obey machine-
and order-specific constraints, such as
maximum number of rolls and roll posi-
tion. They then select a subset of these pat-
terns and decide how many of each pat-
tern to use to create a “good” trim sheet.
We use several selection policies, which
we explain below. Finally, they allocate
rolls to orders so as to minimize devia-
tions from ordered amounts.
A large population of patterns is gener-

ated by one of several means. For small
problems, complete enumeration of all fea-
sible patterns can be done very efficiently.
For large trim problems, we estimate the
number of feasible patterns based on the
set of distinct widths and the maximum
deckle, and we invoke either the enumera-
tive pattern generator or a random pattern
generator to create the target number of
patterns.
The random pattern generator follows

this procedure:
Step 0: Combine all constraints on the
maximum number of rolls of each width
allowed in a pattern.
Step 1: Set the remaining width R equal to
the deckle of the machine. Mark all the
widths green.
Step 2: If the set of green widths is empty,
go to Step 5. Otherwise, from the set of
green widths, select a width, say w, ran-

domly. Let x be the maximum number of
additional rolls of width w we can put in
this pattern, where x is the lesser of R/w
and the maximum number of rolls al-
lowed of this width.
Step 3: If x � 0, mark this width red. If x
� 0, select an integer y randomly between
1 and x and include an additional y repeti-
tions of width w in this pattern.
Step 4: Update the remaining width R by
setting R � R � yw. Return to Step 2.
Step 5: If the generated pattern is not al-
ready in the set of patterns we generated
earlier, include it in the set. Otherwise,
discard the pattern.
We have also implemented a proprie-

tary algorithm to generate patterns in the
presence of defects in the reels.
Each time an agent runs, a different sub-

set of the patterns in the population is se-
lected randomly as input to the pattern-
selection process. The pattern-selection
algorithms decide how many of each pat-
tern to use to create a “good” trim sheet.
Each of the several trim-constructor agents
uses a different formulation of an LP or
MIP. We have found that the groups of
patterns selected by repeated solution of
the linear relaxation of the integer pro-
gram are a valuable resource for repeated
invocations of the trim-constructor agents.
We store these useful patterns in a pattern
cache from which agents that use integer
program methods can randomly choose.
Let R denote the deckle of the machine.

The trim loss Lj of a given pattern j repre-
sented as (aj1,. . ., ajk) can be calculated as
follows:

L � R � w a .j � i ij
i

The constructors that strongly discour-
age deviations from ordered quantities use
the following formulation:

Min cx � P s � P e subject to1 2

Ax � s � e � b, x integer (IP 2)
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where P1 and P2 denote the penalty for
negative and positive deviations from or-
dered quantities, respectively. The cost of
pattern j, denoted by cj, can be equal to
the trim loss Lj of that pattern, or another
related quantity.
Other constructors assign lower penal-

ties for deviations within bounds and
higher penalties for deviations outside
bounds. The following integer program
models this situation:

Min cx � P s � P e � P s � P el1 1 e1 1 s2 2 e2 2

minsubject to b � Ax � s � s � e � e1 2 1 2

max max� b e � b � b,1

mins � b � b , x integer. (IP 3)1

In (IP 3), s1 and e1 measure the negative
and positive deviations within the lower
and upper bounds on ordered quantities,
whereas s2 and e2 measure the additional
deviations that are outside the bounds.
The penalties Ps1 and Pe1 for deviations
within bounds are smaller than the penal-
ties Ps2 and Pe2.
Next we discuss some of our pattern-

selection algorithms. Note that in succes-
sive invocations of these algorithms, the
input patterns are selected from the popu-
lation randomly, and thus different solu-
tions are likely to result.
Pattern Selection Algorithm 1: Randomly
select a subset of patterns from the popu-
lation to form matrix A. Solve the linear
programming relaxation of (IP 2); round
each variable to the nearest integer.
Pattern Selection Algorithm 2: Same as Al-
gorithm 1 except use (IP 3).
Pattern Selection Algorithm 3: Randomly
select a subset of patterns from the popu-
lation to form matrix A. Solve the linear
programming relaxation of (IP 2); round
each variable to the nearest integer. Add
the patterns corresponding to nonzero xj
to a cache (to use in successive invocations
of this algorithm). Create a new matrix A�
using a randomly selected subset of the

patterns in the cache. Solve (IP 2) by re-
placing A with A�.
Pattern Selection Algorithm 4: Same as Al-
gorithm 3 except use (IP 3).
For small problems, we may solve (IP 2)

and (IP 3) exactly, but exact solution be-
comes impractical for larger problems. We
have several other algorithms for pattern
selection, which follow similar approaches
with small variations. For example, they
modify the objective function weights, al-
low for positive deviations only, allow for
negative deviations only, or alter bmin and
bmax depending on order priority.
The A matrix, which defines the linear

program solved by a pattern-selection al-
gorithm, is predefined by the generated
patterns. We do not use column genera-
tion to solve the linear program. The dis-
advantage of this approach is that, espe-
cially for large problems, generating all
possible patterns up front may be imprac-
tical, and using only a limited number of
patterns may result in suboptimal solu-
tions. On the other hand, we have experi-
enced better results with this approach in
practice compared to the column-
generation approach, due to the numerous
restrictions on feasible patterns in real-
world instances and due to our ability to
use the generated collection of patterns in
multiple pattern-selection agents.
The final step in creating a trim sheet is

sequencing the trim patterns to try to meet
the objectives. Each agent can be config-
ured to apply a predefined pattern-
grouping and sequencing strategy. Each
strategy can perform grouping and multi-
key sorting of the trim patterns. The
grouping and sorting criteria include
grouping trim patterns to keep similar
patterns together (minimizing setups),
grouping trim patterns to keep like diame-
ter patterns together, sequencing trim pat-
terns to produce high priority orders first,
sequencing trim patterns to produce or-
ders in the sequence of their due dates,
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and sequencing trim patterns to minimize
the number of open vehicles.
Minimizing open vehicles is an issue

when the loading-dock or staging area is
limited; the schedule should avoid the
partial production of many orders at any
moment. This can be achieved by sequenc-
ing trim patterns to complete orders soon
after they are started.
Load Planning
Load planning assigns rolls to vehicles

while satisfying a set of loading con-
straints. The loading constraints include
constraints on which orders can be com-
bined in the same vehicle; constraints on
the vehicle types that can be used for an
order; the restriction that only trucks can
do drop shipments; and constraints on the
weight and volume of items that can be
put into a vehicles. The primary objectives
of load planning are to minimize transpor-
tation costs and minimize tardiness. Sec-
ondary objectives include minimizing
loading dock disruptions, which include
drop shipments and excessive numbers of
open vehicles, and satisfying customer
preferences for particular types of vehicles.
In forming loads, we use a divide and

conquer strategy in which orders are first
partitioned into groups and then loads are
created for each group. We model the
grouping problem as a set-partitioning
problem in which we minimize the maxi-
mum distance between destinations within
each set and ensure a minimum total
weight in each set.
In defining the grouping problem, we

use the following indices: j for orders and
g for groups. The following quantities are
input to the model: the number of rolls for
order j, the weight of one roll for order j
(weight( j )), and the destination of order j
(destination( j )).
The following functions are used in the

model:
weight(g) � �j�g

weight( j ): the weight of the rolls for group
g

distance(g): Maxj1, j2�g

distance(destination( j1), destination( j2)).

We use G( j, g) � (0,1) to indicate if or-
der j is in group g. Each order is assigned
to one group, that is, �gG( j, g) � 1 for
each order j.
The objective is to find a partitioning of

orders into a minimal set of groups of suf-
ficient size (weight(g) � Threshold; for all
groups) that minimizes the maximum dis-
tance between destinations within a group
(minimize �g (distance(g)).
To find a solution to this grouping prob-

lem, we use a merging algorithm, which
coalesces orders to form groups. Initially,
a group is formed for each order. Then
groups with orders going to the same cus-
tomer location are merged. The algorithm
then greedily selects the smallest group
and merges it with its nearest neighbor
until all the undersized groups have been
merged. Group distance is measured by
the amount of increase in �g

max(distance(g)) that merging two groups
would create.
To avoid repeatedly performing the le-

gality check, we first create a set of legal
vehicle loads and transform the load-
planning problem into the problem of se-
lecting loads from this set of known legal
vehicle loads. This is similar to the ap-
proach used for trimming subruns.
The only significant constraint for trucks

is the weight constraint. Rail cars are not
weight limited but volume limited. Insur-
ance regulations are also much more strin-
gent and dictate loading patterns required
for load insurance against damage. The
loading patterns for rail cars are based on
floor spots and height limits. Rolls are
shipped standing on end and stacked to a
maximum height that depends on the size
of the rail car. For a given roll diameter,
there is a fixed pattern of floor spots on
which rolls can be stacked and each spot
has a maximum height. Only rolls of the
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same diameter, but different widths, can
be mixed in the same rail car.
To accurately determine whether a set

of rolls could be legally loaded into a rail
car could entail checking all possible com-
binations of roll stackings, which would
prove prohibitive for a large set of roll
widths. Instead, we use a conservative ap-
proximation. We first check to see that
there are enough rolls to fill the minimum
number of floor spots (�j p( j ) � minFloor
Spots(v)) and then check that the sum of
the roll widths is less than the sum of the
floor-spot heights (�j width( j ) p( j ) � �s

height(s, v)). If either of these tests fails,
the loading pattern is rejected.
We then use a greedy packing algorithm

to stack the rolls on the floor spots until all
the rolls are loaded or until a roll cannot
be loaded. If all the rolls are loaded, then
the pattern is accepted. If the rolls are all
of a single width, then we can conclude
that there is no legal packing since re-
arranging the rolls would not allow more
to be packed into the vehicle. If there is a
mixture of roll widths, we do an addi-
tional check. We first create a set of stacks
of rolls up to the height of the highest
floor spot. We begin by generating all pos-
sible stacks of a single roll width, then all
stacks of two-roll widths, all stacks of
three-roll widths, and so on until the com-
binations are exhausted or the number of
stacks reaches a threshold, usually 200.
These stacks are then sorted by height,
and a greedy algorithm is used to select
stacks of rolls until the rolls or floor spots
are exhausted. If a packing is found, then
the load pattern is accepted. Otherwise,
the pattern is rejected.
The set of legal patterns, P, can be rep-

resented as a two-dimensional matrix A �
(aij), where aij denotes the number of rolls
of order i in pattern j. Let xj denote the
number of repetitions of pattern j in the
selected load plan x, and let bi be the num-
ber of rolls in order i. The total cost is the

sum of the costs for each load pattern:
Cost(x) � �jcjxj � cx where cj is the cost

of pattern j.
Similarly,
Tardiness(x) � �jtjxj � tx where tj is the

tardiness of pattern j.
Disruptions(x) � �jdjxj � dx where dj is

the number of disruptions or mixed orders
in pattern j.
The problem can be formulated as an
integer-programming problem:

Min a cx � a tx � a dx (IP 4)1 2 3

subject to Ax � b x integer.

The coefficients, a1, a2, and a3, give the
relative weight for each objective. By vary-
ing the coefficients, we can find solutions
along the efficient frontier.
We use many of the same algorithms

developed for selecting trim patterns to se-
lect load patterns as well, using (IP4) and
its linear-programming relaxation. We also
have the following greedy load-pattern-
selection algorithm.
Use a greedy algorithm to select pat-

terns. First sort the patterns by cost per
ton, with secondary sorts based on tardi-
ness and disruptions. Greedily select pat-
terns until all the rolls are loaded.
Variations on the load-pattern-selection

algorithms include modifying the objective
function weights, restricting A to include
only patterns that use a single mode of
transportation, restricting A to include
only patterns that have zero tardiness,
zero disruptions, or both, and changing
the sort criteria for the greedy algorithm.
Local load-plan-improvement algo-

rithms attempt to improve a load plan by
changing the set of selected patterns and
possibly introducing new patterns and
generally take the form of heuristics that
have proven useful. These include swap-
ping trucks for trains to reduce cost, swap-
ping trains for trucks to reduce tardiness,
resizing vehicles to reduce dead freight,
and combining vehicles to reduce dead
freight.
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