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Most sophisticated planning and scheduling approaches for the process industry con-
sider a fixed time horizon and assume that all data is given at the time of application.
Planning and scheduling approach for a continuous and dynamic decision process
where decisions have to be made before all data are available is proposed. As an inspi-
ration we have a real world problem originating from a complex pharmaceutical enter-
prise. The approach is based on a hierarchically structured moving horizon framework.
On each level optimization models are proposed to provide support for the relevant
decisions. The levels differ regarding the time scope, aggregation, update rate and avail-
ability of data at the time applied. The framework receives input data piece by piece and
has to make decisions with only a partial knowledge of the required input. Solution pro-
cedures have been developed and the optimization models have been validated and
tested with data from the real world problem. The solution procedures were able to
obtain good solutions within acceptable computational times. It is believed that multi-
scale dynamic online procedures are more suitable than traditional offline procedures
for many specific types of planning and scheduling problems found in the process indus-
try and should be explored further. � 2006 American Institute of Chemical Engineers AIChE
J, 52: 4133–4149, 2006

Keywords: production planning, scheduling, real-time optimization, mixed integer pro-
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Introduction

The pharmaceutical industry has become a very competitive
and unpredictable industry where customers constantly seek
low price as well as high service levels and flexibility. Flexi-
ble multi–product production processes have become com-
monly used as they help companies to respond to changing

customer demand and increase plant utilization, but the
greater complexity of these processes together with the altered
market conditions have rendered the relatively simple plan-
ning and scheduling techniques previously used insufficient. It
is, thus, very important to improve production plans and
schedules in order to strive for superior utilization of resour-
ces, increased flexibility and reduced response time at the
same time as cutting down the cost of production. The general
objective of planning and scheduling is to decide what to pro-
duce, where and when and how to produce it. The planning
activity aims to optimize the economic performance of the
enterprise and match production to demand in the best possi-
ble way, while the production scheduling translates the eco-
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nomic imperatives of the plan into a sequence of actions to be
executed on the plant. It can be hard to distinguish between
planning and scheduling problems and problems are often a
combination of both as in the case we consider here.

There is an extensive body of literature dealing with planning
and scheduling problems in the process industry. Recent reviews
of planning and scheduling problems have, for example been
written by Floudas and Lin,1 Kallarath,2 Pinto and Grossman,3

and Shah.4,5 The problem under consideration in this article is
composed of two main components which are to create a cam-
paign plan and schedule the orders within the campaigns. Exam-
ples of campaign planning problems are presented by Grunow
et al.,6 Papageorgiou and Pantelides,7,8 Shah and Pantelides,9 and
Tsirukis et al.10 and examples of scheduling problems are pre-
sented by Christofides et al.,11 Dematta and Guignard,12 Harjun-
koski and Grossmann,13 Hui and Gupta,14 Jain and Grossman,15

Kondili et al.,16 Mendez and Cerda,17 Neumann and Schwindt,18

Pinto and Grossman,19 and Schwindt and Trautmann.20

The approaches found in the literature on planning and
scheduling may be differentiated by the representation of time
(see Figure 1). Some of the research uses a discrete time axis
while some uses a continuous time axis. With a discrete time
axis the horizon is divided into a number of equally spaced
intervals, but with a continuous time axis the horizon is di-
vided into fewer intervals, and the spacing decided as part of
solving the problem. The discrete approaches generally have a
common grid used for all resources in the plant but the contin-
uous approaches have either an individual resource grid or a
common grid. The choice of time representation is an impor-
tant factor in the structure and character of a model, and can
be used for classification.

The models based on a discrete time representation are in
general known to be very flexible and capable of accounting
for many planning and scheduling features and different plant
layouts. The drawbacks are the approximate time domain rep-
resentations, and the very large number of binary variables and
constraints that result when actual industrial problems are mod-
eled. An approach based on a continuous time representation
generally results in a lower number of binary variables and
constraints compared to traditional approaches based on a dis-
crete time representation. The constraints required in the con-
tinuous time approaches can, however, be more complicate as
they do not rely on an uniform time grid and often require addi-
tional variables to express temporal relations of tasks, for
example, if order 1 is produced before or after order 2. Because
of the more complex structure the continuous time approaches
can result in greater computational complexity despite having a
lower number of variables and constraints compared to the dis-
crete time approaches. So far there is no general opinion in the
literature suggesting that either continuous time approaches or
discrete time approaches are more computationally efficient or

suitable for the real world planning and scheduling problems
found in the process industry.

The majority of the approaches found in the literature have
a drawback for real world applications in order driven produc-
tion plants such as in the secondary pharmaceutical manufac-
turing plant under consideration in this paper. The approaches
can all be classified as ‘‘offline’’ approaches where the ideal
case is assumed and regarded that all data of the problem are
given or that the data is subjected to given stochastic uncer-
tainties. In these approaches a fixed time horizon is also
assumed instead of considering the problem as a continuous
dynamic process where new information can become available
throughout the process. The ideal case is of course not very
common, and in this article we propose a planning and sched-
uling approach for a continuous and dynamic decision process
where decisions have to be made before all data are available.
As an inspiration we have a real world problem originating
from a complex pharmaceutical enterprise. Online scheduling
as a special case of (combinatorial) online optimization,
makes decisions, based on past events and current data with-
out information about future events relevant for the current
decision problem and many decisions have to be made before
all data are available, and decisions once made cannot be
changed.2 Order-driven production planning and scheduling in
the pharmaceutical industry is a critical example of an online
optimization problem. Current process data, updated demand
forecasts and customer orders are available, but customer
orders that will enter the system in the near future, and within
the horizon of the current schedule to be determined are not
available. The schedule has to be improved step by step where
the decision maker does not have access to the whole input
instance, unlike the offline case. Instead he or she sees the
input piece by piece and has to react to the new requests with
only a partial knowledge of the input. The major difference
between the online and offline approaches is not in the basic
mathematical structure of the models, but rather in the way
they are embedded in the overall approach. With some modifi-
cations most of the offline models can be used in an online
fashion by revealing data periodically and resolving the model
with some parts of the schedule frozen to respect previously
made decisions. These modifications would involve changes
or additions in mathematical formulation, most likely increas-
ing the size and complexity of the models, and as a result
affecting the proposed solution procedures.

The literature on online planning and scheduling problems
is not extensive. A review of heuristics for theoretically ori-
ented online scheduling problems is presented by Sgall.21 In
the review, problems are classified into four different catego-
ries, based on which part of the problem is given online. The
chosen categories are: the problem of scheduling jobs one by
one, the problem with unknown running times, the problem
where jobs arrive over time, and the problem where interval
scheduling is involved.21 Real world applications can belong
to one of these categories, be a combination of more than one
of these problems or even possess more complicated charac-
teristics than the categories described.

Some practical online scheduling approaches are also de-
scribed in the literature. Sand and Engell22 and Sand et al.23 de-
scribe online scheduling algorithms from an industrial multi-
product batch plant producing expandable polystyrene, where
demand and yields are subjected to stochastic uncertainties.

Figure 1. Different time grids used in planning and
scheduling models.

4134 DOI 10.1002/aic Published on behalf of the AIChE December 2006 Vol. 52, No. 12 AIChE Journal



Engell et al.24 structure the overall, problem hierarchically into
a ‘‘long-term’’ stochastic linear planning problem, and a ‘‘short-
term’’ deterministic nonlinear scheduling problem subject to
uncertainty in demand and yield. Sand and Engell22 use a rolling
horizon, two-stage stochastic programming approach to schedule
the production subject to uncertainty in processing times, yields,
capacities and demands. The uncertainty in processing times and
yields is considered ‘‘short-term’’, and the uncertainty in capaci-
ties and demands is considered ‘‘medium-term’’. A hierarchical
scheduling technique is used where a master schedule deals with
medium-term uncertainties, and a detailed schedule with the
short-term ones. The uncertainties are represented through dis-
crete scenarios and the two-stage problem solved using a decom-
position technique. Engell et al.24 also introduce conceptual con-
siderations concerning online scheduling and suggest an interest-
ing telescopic decomposition approach with a number of layered
submodels of different degrees of temporal aggregation for solv-
ing online scheduling problems in multiproduct batch plants.

Dynamic scheduling in multiproduct batch plants is consid-
ered by Mendez and Cerda,25 and resource constraints also
included by Mendez and Cerda.26 Their approach is based on a
continuous time model that takes into account the schedule cur-
rently in progress, the updated information on old production
batches still to be processed and new-order arrivals, the present
plant status and the availability of renewable discrete resources.
The approach is based on a model presented by Mendez et al.27

To avoid full-scale rescheduling, the approach only allows par-
tial modifications to the schedule in progress by iteratively solv-
ing the MILP problem until no further improvement on the cur-
rent schedule is obtained, and, hence, does not guarantee the
optimal solution although a good one should be possible in
many cases. This approach is able to cope with some of the
dynamic features involved in the order-driven production pro-
cess. However the number of orders and the complexity of our
secondary pharmaceutical planning and scheduling processes
with its campaign production make the approach unsuitable for
the problem under consideration here. The difference here
between dynamic and online scheduling is the attempt to see
beyond the existing data.

Problem Description

Our study is based on a real world problem originating from
a pharmaceutical enterprise whose competitive advantage relies
on cutting down time to market and delivering a fast response
to customers with high-service level and reliability. At the
same time the manufacturer strives to reduce production costs
and maximize the utilization of assets in order to increase mar-
gins. We focus on single plant production planning and sched-
uling for a secondary production facility with order-driven mul-
tistage, multi-product flowshop production. The plant consists
of a large number of multipurpose production equipment items
at each production stage, operated in batch mode. When
switching between batches containing products from different
product families large sequence dependent setup and cleaning
times are required but these are much smaller when switching
between batches containing products within the same product
family. The plant, therefore, uses campaign production, where a
campaign is an ordered set of batches containing products from
the same product family produced consecutively by the same
machine. Each product has a number of different feasible pro-
duction routes through the plant as shown in Figure 2, and as the
number of product families is over 40, and product variations
more than 1,000, the process of planning and scheduling the
production in an optimal way becomes extremely complicated.

The overall goal of the problem is to determine a campaign
plan and to schedule customer orders within the campaigns. The
customers request certain delivery dates for their orders and the
plant attempts to meet those requests. In order to make the plans
and schedules feasible the most important constraints from the
operational environment must be respected. These constraints
include allocation constraints, sequencing constraints, delivery
constraints, capacity constraints, campaign constraints, mutual
exclusivity constraints, and so on. The general objective of the
plans and schedules is to meet the quantity and delivery date of
customer orders and minimize the unproductive production time
in order to maximize the economic performance of the com-
pany. For a further description of pharmaceutical production
plants and supply chains see Shah.28

Modeling Approach

Online and dynamic characteristics of the problem

It is our goal to develop a state of the art approach including
models that are realistic and can be applied in actual circum-
stances. To do that it is necessary to acknowledge and cope
with the continuous dynamic decision process involved, and
the online characteristics of the problem under consideration.
Order driven production planning and scheduling in the phar-

Figure 2. Production process and the possible produc-
tion routes for one single product through the
process.

Figure 3. Explanation of how information becomes avail-
able as the time horizon moves closer to the
present time point and as a result the uncer-
tainty in the decision problem decreases.
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maceutical industry is a critical example of a continuous and
dynamic online optimization problem. The production is an
ongoing process that is affected by several uncertain inputs; the
most important one is the demand from customers.

The first task of the planning process is to create a cam-
paign plan for long-term planning purposes. The campaign
structure has to be decided on earlier than when the orders
become available and demand predictions are used instead of
the actual orders. The material requirement planning and pur-
chasing of raw materials from suppliers is based on the cam-
paign plan, and needs to be performed before the orders
become available as the suppliers’ lead-times are often longer
than the promised lead-time of the production. Also mainte-
nance, shifts, launches of new products and other events must
often be planned in advance of orders being placed.

Then the plant receives new customer orders each week
with a requested delivery date, and the orders need to be
scheduled and feedback given to customers with a confirmed
delivery date. When the orders are scheduled within the cam-
paigns the decision maker does not have the information about
other orders that will be added to the campaigns but have not
been received yet. The current orders can change, and other
unanticipated orders may appear later with earlier due dates,
larger quantities or higher priorities which can make it neces-
sary to change the current schedule. However the confirmed
delivery dates that have already been promised to customers
must be respected if at all possible.

The decision maker does not have access to the whole input
instance at the time decisions need to be made and instead he or
she sees the input piece by piece and has to react to the new
requests with only a partial knowledge of the input. Once deci-
sions have been made it can be difficult to change them later
on. As more information becomes available the uncertainty of
the decision problem decreases (Figure 3), and as a result all
decisions should generally be made as late as possible though
respecting interactions and relationships with other decisions
and requirements. In addition to the uncertainty involved in the
demand, there are some other sources of uncertainty, such as
uncertainty in processing times, setup and cleaning times and
uncertainty caused by machine breakdowns, employees’ ab-
sence, quality failures etc. However, the uncertainty caused by
the demand is the most significant factor in this case.

Modeling techniques

We apply mathematical programming techniques in our
approach. One of the major difficulties in building mathemati-
cal programming models is to keep the size of the models,
that is, the number of variables and constraints, within reason-
able limits. When the model size becomes very large it can be

difficult to obtain results in an acceptable computational time.
However, the accuracy of the models should not be sacrificed,
and the models must capture the required details to make valid
decisions for each optimization problem. Realworld schedul-
ing tasks belong to the class of NP-hard problems, that is,
there are no known solution algorithms of polynomial com-
plexity in the problem size. To solve real-world scheduling
problems efficiently, simplification, approximation or aggrega-
tion strategies are most often necessary.6,24

We propose an aggregation strategy with a hierarchically
structured approach for planning the campaigns and schedul-
ing the orders for the real-world problem under consideration.
The decisions that need to be made differ by level of detail,
scope and time horizon and the relevant data differ by its
degree of certainty and aggregation and, hence, a hierarchi-
cally structured approach as explained in the next section
should be well suited for the problem.

Hierarchically structured framework

To cope with the continuous dynamic decision process we
propose a multiscale hierarchically structured framework
shown in Figure 4. On each level of the hierarchically struc-
tured framework we propose optimization models to provide
support for the relevant decisions. The levels differ regarding
the scope and the availability of information at the time when
they are applied.

This is a continuously moving framework as the nature of
the actual decision problem, and the models are used with a
different frequency depending on their level of aggregation
and the update rate of their input factors. The most detailed
decisions are made as late as possible when more information
is available and the uncertainty has decreased. It does not
make sense in general to create detailed decisions over the
full horizon since uncertainties make detailed decisions obso-
lete soon after they are created, and as a result will they not
be used. By solving problems and obtaining results that will
not be used, optimization effort is wasted which reduces the
overall efficiency in real-time applications.

Levels in the Framework

Campaign planning at level 1

At the top level in the hierarchical framework an aggre-
gated optimization model is used to optimize the long-term

Figure 4. Hierarchical framework drawn together with
the representation of uncertainty and avail-
ability of information with regard to time.

Figure 5. Campaign plan for level 1.

[Color figure can be viewed online in the online issue, which
is available at www.interscience.wiley.com.]
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campaign plan with the objective to fulfill demand and mini-
mize cost of production. This level can be regarded as the first
step in the planning process. The input for this model is
mainly based on a combination of sales forecasts, and long-
term customer orders, as well as information regarding prod-
ucts, production process, performance and current status of
production. The output from the model is a campaign plan
that includes all machines on all production stages and speci-
fies the starting time of campaigns, the product family to be
produced in the campaign, the quantity, the duration of the
campaign and the machine where the campaign will be oper-
ated (see simplified campaign plan in Figure 5). The campaign
plan is used for making raw material procurement plans and
for other long-term planning purposes.

The time horizon of this model is 12 months, and it is
updated every 3 months or more often if new sales forecasts
or other aggregated high-level information becomes available.
We use mathematical programming techniques to formulate
the model, and propose a novel and efficient mixed integer
linear program with a discrete representation of time.

Campaign planning and order scheduling at level 2

At the middle level in the hierarchical framework an opti-
mization model is used to revise the campaign plan and allo-

cate orders and other production tasks, within the campaigns.
The campaign plan is now based on more accurate input infor-
mation compared to the earlier level as the customer orders
are more or less available here. The output from the model is
a revised campaign plan and a production schedule for the
orders (see Figure 6). The production schedule specifies in
which campaign each order is produced on every production
stage, and it also specifies the latest allowed completion time
for the order which is used to report to customers the con-
firmed delivery date of the order. After the delivery dates
have been confirmed it is important to respect them although
the production schedule can be changed in many other ways.

The time horizon for this level is three months, and the
optimization model is used once every week when customer
orders are scheduled and their delivery dates confirmed, or
when needed as new information becomes available. For this
level we also propose a novel and efficient mixed integer lin-
ear program with a discrete representation of time.

Detailed scheduling at level 3

At the lowest level in the hierarchical framework is an opti-
mization model used for the detailed scheduling of production
tasks. The optimization is based on confirmed-customer orders
together with the newest possible information each time it is
used, and the resulting production schedule specifies on which
machine and in which campaign each order is produced on
each production stage, the production sequence of the orders,
the precise start time and duration of processing tasks and the
setup tasks required between orders (see Figure 7). The model
accounts for sequence dependent setup times between the cam-
paigns, as well as between the orders within the campaigns.

The time horizon is one month and the model should be
used every day if some new information has become available
that affects the feasibility or optimality of the last production
schedule. For this level we propose a continuous-time model
which allows a detailed resolution of time.

Integration of levels

There is a directed flow of information between levels.
Results from the higher level models are transferred and used
as input for the lower level models as can be seen in Figure 8.

Figure 6. Campaign plan and order allocation for level 2.

[Color figure can be viewed online in the online issue, which
is available at www.interscience.wiley.com.]

Figure 7. Campaign plan for level 1.

[Color figure can be viewed online in the online issue, which
is available at www.interscience.wiley.com.]

Figure 8. Directed flow of information in the hierarchical
structure.
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From the first level the campaign plan is transferred and used
as input for the second level. The second level is, however,
not required strictly to respect the campaign plan, and is
allowed to restructure it if it results in an improved schedule.
The campaign plan and confirmed delivery times are trans-
ferred to the third-level together with allocation of orders in
the campaigns, which the third level model can change to
improve the schedule and react to more detailed information.

When the flow of information between hierarchically struc-
tured levels is directed it is very important to ensure that the
results transferred from higher-levels provide feasible input
for lower-levels. If that is ensured, monodirectional integra-
tion should be sufficient. However if not, it may be necessary
to transfer information from the lower levels and develop
bidirectional integration of levels through some feedback
loops. The feedback loops can in principle deliver first and
second-order information about infeasibilities, constraints that
are violated, sensitivity information and other knowledge that
will make the framework consistent.

Optimization Models

Campaign planning for level 1

Here, we employ a discrete-time model at a weekly level of
resolution.

Variables

Continuous Variables. ei ¼ Continuous variable for delay
of order i, equal to 0 if no delay will occur for order i, else
equal to the difference between estimated completion time of
order i and the due date for the order (ei � 0)

Binary Variables. Xi,w,j ¼ decision variable equal to 1 if
order i is processed in week w on machine j, else equal to 0.

Zw,j ¼ decision variable equal to 1 if setup work is needed
in week w for machine j, else equal to 0.

Yf,w,j ¼ decision variable equal to 1 if product family f is
produced in week w on machine j, else equal to 0.

Constraints

Allocation Constraints. Every order should be allocated to
exactly one machine on each production stage s [ SiX

j2 Ji;s

X
w2Wi;j

Xi;w;j ¼ 1 8 i 2 I; s 2 Si (1)

where Xi,w,j ¼ 1 if production of order i takes place in week w
on machine j, else 0. Xi,w,j is only defined for weeks where the
correct product family will be produced and only for machines
j that can produce order i on each production stage.

Sequencing Constraints. The production activities on each
production stage must be performed according to a correct pro-
duction route and sequence, and production of an order must not
start on certain stage before it is finished on the preceding stageX
j2 Ji;j

X
w2Wi;j

Xi;w; j � ðwþ pi; j þ qi;sÞ

�
X

j2 Jisþ1

X
w2Wij

Xi;w;j � w 8 i 2 I; s 2 Sinslasti ð2Þ

where w is the week number, pi,j is the production time of
order i on machine j, and qi,s is the time that needs to pass af-

ter each production stage for example, to allow for quality
inspections. To ensure the correct sequence of production
stages we assume that each order can only be processed at
one production stage in each time bucket (week). A campaign
containing one or more orders of the same product family f
can however take place at stages s and s þ 1 in the same
week w. To reduce the possible minimum time span of pro-
duction when an order requires more than one week of pro-
duction time at some or all stages, the order is divided into
two or more linked orders that each require less than one
week of production time. The resolution of the time scale for
the long term planning at level 1 was chosen to be one week
which limits the accuracy of the model but is an appropriate
compromise between computational efficiency and accuracy.
Further explanation of campaigns, orders and time related pa-
rameters can be found in Figure 9.

The production of orders cannot start before the orders have
been released or before the production process is ready, speci-
fied by the earliest start time ri

ri �
X
j2 Ji; s

X
w2Wi; j

Xi;w; j � w 8 i 2 I; s ¼ sfirsti (3)

Other sequence related constraints are not included at this
level of the hierarchical structure.

Delivery Constraints. The production plan is supposed to
respect the due dates specified by the demand forecast. If that
is not possible the variable ei in constraint (Eq. 4) measures
the delay.X
j2 Ji;s

X
w2Wi; j

Xi;w; j � ðwþ pi; j þ qi;sÞ � di þ ei

8 i 2 I; s ¼ slasti ð4Þ
di is the delivery time of order i, ei is lateness of the delivery,
and qi,s here represents the time required for quality checks
and other mandatory activities before the order can be shipped
to the customer.

Capacity Constraints. The structure of the models allows
straightforward formulation of various capacity constraints.

Figure 9. The structure of campaigns and orders at dif-
ferent production stages and also explains the
use of various parameters in the models.

Setup times between campaigns are included in the models
proposed for level 1 and 2, and in addition to that are setup
times between individual orders within each campaign
included in the model proposed for level 3.
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Here we include constraints for limited capacity of each
machine and limited capacity of the factory as wholeX

i2 Ij

Xi;w;j � pi;j � ptmax
j;w 8 w 2 W; j 2 Jw (5)

ptj,w
max is the total time available for production in each week w

on machine jX
j2 Jw

X
i2 Ij

Xi;w;j � pij � ptmax
w 8 w 2 W (6)

ptw
max is the total production time available in the factory each

week. If a single order requires more than one week of produc-
tion time at some or all stages then the order is divided into two
or more linked orders that require less than one week of produc-
tion time and constraints Eqs. 5 and Eq. 6 will still be feasible.

Campaign Constraints. To define the binary variable
Yf,w,j, indicating that product family f is produced on machine
j in week w we use constraint (Eq. 7).

Yf ;w;j � Xi;w;j 8 f 2 F; i 2 If ; j 2 Jf ;w 2 Wi;j (7)

Constraint (Eq. 8) activates the binary variable Zw,j indicating
that a new campaign is starting and setup work is needed in
week w on machine j.

Zw;j � Yf ;w;j � Yf ;w�I; j 8 f 2 Fj; j 2 Jf ; w 2 Wnwfirst (8)

It is often required that only one product family is produced
in each week on each machineX

f

Yf ;w;j � 1 8 w 2 W; j 2 Jw (9)

A constraint can also be used to avoid intermediate weeks in
campaigns with no production. If nothing is produced in the
week then the campaign will finish, and a setup will be needed to
start the production again. If this constraint is not included and
the capacity is not restricted then the model may suggest long
campaigns with sparse production in order to reduce setup cost.

Yf ;w;j �
X
i2 If

Xi;w;j 8 f 2 F;w 2 W; j 2 Jf (10)

A maximum and/or minimum number of campaigns on
each production stage should be respected

zmin
s �

X
w

X
j2 Js

Zw;j � zmax
s 8 s 2 S (11)

where zs
min and zs

max are, respectively, the minimum and maxi-
mum number of campaigns on stage s.

Mutual Exclusivity Constraints. It may be forbidden to
produce a certain pair of products (orders) at the same time on
the same production stageX

Js

Xi;w;jþ
X
Js

Xi0;w;j � 1 8 i2 I; i0 2 ISi;i0 ;s2 Si;w2W (12)

where ISi,i0 is a set of orders that are not allowed to produced
at the same time on the same production stage. It can also be
forbidden to produce a certain pair of products at the same
time in the entire plantX

J

Xi;w;jþ
X
J

Xi0;w;j � 1 8 i2 I; i0 2 IEi;i0 ;w2W (13)

where IEi,i0 is a set of orders that are not allowed to produced
at the same time in the entire plant.

Objective Function

The objective function includes minimization of delayed
deliveries of orders and the setup time needed for starting new
campaigns

min a �
X
i2 I

ei þ b �
X
j2 J

X
w2W

uj � Zw;j (14)

where a and b are parameters to adjust the weight of each cri-
teria in the objective function, and uj is a parameter for the av-
erage setup time for machine j.

Campaign Planning and Order Scheduling
for Level 2

Here, we employ a similar model to that at level 1, but with
actual individual customer orders and more accurate timing
constraints.

Variables

Continuous variables

ei ¼ continuous variable for delay of order i, equal to 0 if
no delay will occur for order i else equal to the difference
between estimated completion time of order i, and the due
date for the order (ei � 0).

Binary variables

Xi,w,j ¼ decision variable equal to 1 if order i is processed
in week w on machine j, else equal to 0.

Zf,w,j ¼ decision variable equal to 1 if setup work is needed
in week w for machine j, else equal to 0. A new dimension
has been added to the variable compared to the formulation of
the model at level 1.

Yf,w,j ¼ decision variable equal to 1 if product family f is
produced in week w on machine j, else equal to 0.

Constraints

For the constraints that are identical to those in the model
used on level 1 we refer to the number of the corresponding
equations in the previous section.

Allocation Constraints. The allocation constraint is identi-
cal to Eq. 1, stating that every order should be allocated to
one single machine on each production stage s [ Si. The dif-
ference is in the data used because here are orders from cus-
tomers used instead of the demand forecast which is more
aggregated.

Sequencing Constraints. Constraints 2 and 3 are used for
ensuring the correct sequence of production stages, and the
release time of orders. As an addition to the sequencing con-
straints used in the model on level 1 the production of an order
should not end too early with respect to the delivery date for
example, because of products’ maximum lifetime.

ðdi þ eiÞ �
X
j2 Ji;s

X
w2Wij

Xi;w;j � ðwþ pi;j þ qi;sÞ � ei

8 i 2 I; s ¼ slasti ð15Þ
ei is the maximum duration from the end of producing order i
to the actual delivery calculated by (di þ ei).
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Also as an addition to the model of level 1 the ‘‘flow time’’
of orders is limited by a specified maximum value fti.X
j2 Ji;maxlast i

X
w2Wij

Xi;w;j � w�
X

i2 J
i;s¼max firsti

X
w2Wij

Xi;w;j � w � fti

8 i 2 I ð16Þ
Delivery Constraints. Since the model structure involves

an overlapping moving horizon time framework, customer
orders may either be ‘‘old’’ or ‘‘new’’, that is, their delivery
time may have already been confirmed to the customer or not.
When orders are first added to the production schedule it
should be tried to respect the requested delivery date but if
that is not possible a reply is given with a new delivery date
to the customer. However, once the order delivery dates have
been confirmed it is very important to respect them. The pro-
duction of the order can be moved if the change results in an
earlier or the same finishing time but not a later finishing timeX
j2 Ji;s

X
w2Wi;j

Xi;w;j � ðwþ pij þ qi;sÞ � di þ ei

8 i 2 Inew; s ¼ slasti ð17ÞX
j2 Ji;s

X
w2Wi;j

Xi;w;j � ðwþ pij þ qi;sÞ � dTi

8 i 2 Iold; s ¼ slasti ð18Þ
Inew and Iold are, respectively, the sets of new orders and the
set of orders that have already been scheduled but not yet
been produced.

Capacity Constraints. In this model we increase the accu-
racy of the capacity constraints used earlier. Here we include
constraints for limited capacity of each machine and limited
capacity of factory, as whole and now we include the time
used for work on setupX

i2 Ij

Xi;w;j �pi;jþ
X
f 2Fj

Zf ;w;j �uj;f � ptmax
j;w 8w2W; j2 Jw (19)

ptj,w
max is the total time available for production in each week w

on machine jX
j2Jw

X
i2Ii

Xi;w;j �pi;jþ
X
j2Jw

X
f 2Fj

Zf ;w;j �uj;f � ptmax
w 8w2W (20)

ptw
max is the total production time available in the factory each

week.
In this model we also include a constraint for renewable

resources such as number of employees available each week

X
j2 Jw

X
j2 Iw;j

Xi;w;j � pi;j � nei;j þ
X
j2 Jw

X
f2Fw;j

Zf ;w;j � puf ;j � neuf ;j

� tnew � whw 8 w 2 W ð21Þ

(nei,j0 pi,j) is the number of working hours (number of employ-
ees times the production time) needed for producing order i
on machine j, (puf,j� neuf,j) is the number of working hours
(number of employees times the production time) for setup of
machine j for product family f, and (tnew � whw) is the total
number of available working hours each week. This constraint
can be broken up in order to allow for specific employees,
that is, specific employees for setup operations (mechanics),
and specific employees for production (machine operators).

Campaign Constraints. To activate the binary variable
Yf,w,j, indicating that product family f is produced on machine
j in week w we use constraint (Eq. 7). The variable Zf,w,j has
received an additional dimension as it now also defines the
product family f for which a new campaign is intended. Con-
straint (Eq. 22) activates the binary variable Zf,w,j indicating
that a new campaign of product family f is beginning and
setup is needed in week w on machine j.

Zf ;w;j � Yf ;w;j � Yf ;w�1:j 8 f 2 Fj; j 2 Jf ;w 2 W=wfirst (22)

It is often required that only one product family is produced in
each week on each machine; this can be ensured with con-
straint (Eq. 9). To avoid empty campaigns we refer to Eq. 10.

A maximum and/or minimum number of campaigns on
each production stage should be respected

Zmin
s;f �

X
w

X
j2 Js

Zf ;w;j � zmax
s;f 8 s 2 S; f 2 F (23)

where zs,f
min and zs,f

max are respectively the minimum and maxi-
mum number of campaigns on stage s.

For the occasional instances when it is required that some
certain orders are produced during the same time period we
have constraint Eq. 24X
j2 Js

Xi;w;j ¼
X
j2 Js

;Xi0;w;j 8 i 2 ISCi;i0 ; i
0 2 ISCi;i0 ; s 2 Si;w 2 W

(24)

Mutual exclusivity constraints

The mutual exclusivity constraints are the same as in the
level one model apart from the orders used. Equation 12 pre-
vents the production of certain pairs of orders at the same
time on the same production level, and Equation 13 prevents
production of certain pairs of orders at the same time in the
entire plant.

Objective Function

The objective includes minimization of delays, and setup
time for each product family f on each machine

min a �
X
j2 I

ei þ b �
X
F w;j

X
j2 Jw

X
w2W

uj;f � Zf ;w;j (25)

a and b are parameters to adjust the weight of each criterion
in the objective function, and uj,f is a parameter for the aver-
age setup time for family f on machine j.

Detailed Scheduling of Production
Tasks for Level 3

Here, we utilize a continuous time model because we are
interested in the actual timing of activities. Our formulation is
based on a formulation proposed by Mendez, Henning and
Cerda.27

Variables

Continuous variables

STi,s ¼ The start time for production of order i on stage s [
Si (STi,s � 0).
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Ti ¼ the difference between estimated completion time of
production of order i, and the delivery date for order i (Ti � 0).

Binary variables

Xi,j ¼ binary variable ¼ 1 if order i is processed on machine
j, else ¼ 0.

Yi,i0,s ¼ Binary variable ¼ 1 if order i is processed before
order i0 on production stage s, else ¼ 0, s [ Si,i0.

Qi,c ¼ Binary variable ¼ 1 if order i is produced in cam-
paign c, c [ Ci.

Wi,s,i0,s0 ¼ Binary variable ¼ 1 if stage s0 of order i0 has
been completed after starting stage s of order i.

Constraints

Allocation Constraints. Each order i should be allocated
to exactly one machine j on each production stage s

X
j2 Ji;j

Xij ¼ 1 8 i 2 I; s 2 Si (26)

Sequencing Constraints. Production of order i0 on stage s
cannot start before order i is finished or conversely, if both
orders i and i0 use the same machine j. It must also be ensured
that there is sufficient time for setup work to be done in
between orders

STi;sþ pi;jþ ui;i0;j � STi0;sþM � ð1�Yi;i0;sÞþM � ð2�Xi;j�Xi;jÞ
STi0;sþ pi0;jþ ui0;i;j � STi;sþM �Yi;i0;sþM � ð2�Xi;j�Xi;jÞ

�

8i; i0 2 I; s2 Si;i0 ; j2 Ji;i0;s ð27Þ
These constraints are only active if order i and i0 use the

same machine (then the term (2 � Xi,j � Xi0,j) becomes equal
to zero). The first constraint is for the case when order i is
scheduled earlier than order i0 (Yi,i0 ¼ 1) while the second con-
straint is for the case when order i is scheduled later than
order i0.

The correct sequence of production stages for each order
must be respected and it must be ensured that a production
stage cannot start before its predecessor has finished

STi;s þ
X
j2 Ji;s

Xi;j � pi;j þ qi;s � STi;sþ1 8 i 2 I; s 2 Sinslasti ð28Þ

Production cannot start earlier than the first possible start time
of production on the first production stage, for example, because
of availability of material, documentation or equipment.

ri � STis 8 i 2 I; s ¼ sfirsti (29)

ri is the earliest start time for production of order i.
The production of an order must not end too early with

respect to delivery date for example, because of products’
maximum lifetime.

ðSTi;s þ
X
j2 Jis

Xi;j � pi;j þ qi;sÞ � ðdTi þmax
�
0; Ti

�Þ � ei

8 i 2 I; s ¼ slasti ð30Þ
ei is the maximum duration from the start of producing order i
to the actual delivery calculated by (di � ei). This constraint is

rarely needed on this level as the time horizon is short and the
orders will all be delivered within a relatively short period.
The value of the variable Ti is calculated by Eq. 32.

The flow time of orders is limited with a specified maxi-
mum value fti

STi;s¼slasti
þ

X
j2 J

iJ¼slast
i

Xij � pij þ qi;s¼slasti

8>>>>>>>:
9>>>>>>>;� STi;s¼sfirst � fti

8i 2 I ð31Þ

Delivery Constraints. A state variable Ti is used in the
model for the difference between the planned completion time
of production of order i, and the confirmed delivery date for
order i. If the variable is positive then the confirmed delivery
will be delayed

Ti ¼ STi;s þ
X
j2 Ji;j

Xi;j � pi;j þ qi;s � dTi 8 i 2 I; s ¼ slasti (32)

STi,s is the starting time of order i on stage s, Xi,j is a binary
variable that takes the value 1 if order i is allocated to
machine j, pi,j is the production time of order i if machine j is
used, qi,s is the time that needs to pass after each production
stage and dTi is the confirmed delivery date for order i.

Capacity Constraints. The limited capacity of the individ-
ual machines is already included in the sequencing constraints
(Eq. 27) and (Eq. 28) where it is ensured that each task must fin-
ish before the next can start, and, thus, always at most one task
can be processed on a particular machine at a particular time.

The number of employees is limited, and here it is assumed
that production of order i on production stage s, needs a cer-
tain amount of employees, and this does not depend on the
machine used for the production.

Wi;s;i0;s0 �M > ðSTi0;s0 þ
X
j2 Ji0 ;s0

Xi0;j � pi0;jÞ � STi;s

8 i; i0 2 I; i0 6¼ i; s 2 Si; s 2 Si0 ð33Þ

nei;s þ
X

i02I;i 6¼i0

X
s02Si0

nei0;s0 ðWi;s;i0;s0 þWi0;s0;i;s � 1Þ � tne

8 i 2 I; s 2 Si ð34Þ
Constraint (33) activates the binary variable Wi,s,i0,s0, which takes
a value of 1 if stage s0 of order i0 is completed after starting stage
s of order i. For each order i and stage s, constraint (34) sums
the number of employees used simultaneously to produce all
other orders i0 at the corresponding stages s0, and adds to nei,s
which is the number of employees needed for producing order i
on stage s. On the right hand side is tne, which is the total number
of available employees and the constraint, thereby ensures that the
available number of employees is respected. Orders i and i0 are
simultaneously processed to some extent only if Wi,s,i0,s0 þ
Wi0,s0,i,s ¼ 2, and Wi,s,i0,s0 þ Wi0,s0,i,s is never less than 1.

Campaign Constraints. The campaigns generated at level 2
are used as input for this model. Constraints (35) to (37) ensure
that order i is produced in an appropriate campaign c on each
production stage s. It is assumed that a setup can be started and
finished before the start of the campaign if the machine is not
being used for some other production task. If there is insufficient
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time between campaigns to do the required cleaning and other
setup activities on the machine, then the sequencing constraints
guarantee that the setup can be done

Qic � scc � STis 8 i 2 I; c 2 Cis; s 2 Si (35)

STisþ
X
j2Jis

Xij �pij� eccþM � ð1�QicÞ 8 i;c2Cis;s2Si (36)

X
Cis

Qic ¼ 1 8 i; s 2 Si (37)

Qi,c is a binary variable that takes the value of 1 if order i is
allocated in campaign c, scc and ecc are respectively the start-
ing and finishing time for campaign c.

The campaign constraints described here can in general be
considered as optional. If the campaign constraints are disre-
garded the model will in fact also decide the structure of the
campaigns.

Mutual Exclusivity Constraints. As mentioned earlier, the
campaign plan used in this model is created by the model on
level 2 in the hierarchical framework. When the campaign plan
is created it is ensured that pair of orders (or campaigns) with cer-
tain properties will not be produced at the same time on the same
production level or even not at the same time in the entire plant
and hence mutual exclusivity constraints are not needed here.

Objective Function

The objective used in this model is to minimize late deliv-
eries, that is, the priority weighted difference between comple-
tion time of orders and the confirmed delivery date of orders

Min
Xn
i¼1

pri max
�
0; Ti

�
(38)

where pri is a priority weight of orders. If the production of
the order is completed later than the confirmed delivery date
the value of Ti is positive, however, if there is no delay it will
be negative and the term max(0, Ti) will give the value zero.

Solution Approaches

Planning and scheduling problems, in particular scheduling
problems, are known to be very difficult to model and solve in
an efficient manner.2 Our objective is to provide realistic and ac-
curate models solvable within acceptable computational times.
This is very difficult in practice for complex and comprehensive
real-world problems such as the one we are working with.

Decomposition Algorithm

Problem dynamics

When decomposition methods are applied the problem is bro-
ken into smaller parts that are solved separately although possi-
ble interactions between the subproblems should be taken into
account. The campaign planning problems found in the litera-
ture are in some instances decomposed into two parts; the first
one deciding the length and number of campaigns (campaign
sizing), and the second one assigning machines to the cam-
paigns and deciding the sequence of the campaigns on the
assigned machines. This approach has limitations which may
cause infeasible solutions or compromise the optimality of the
solution obtained. The main limitation with this kind of decom-

position is that the two different problems (or even three) are
highly connected, and the divided decisions highly influence
each other. It decreases the quality of the solution to solve the
campaign sizing problem without assigning products to
machines as the machines have different capacities and avail-
ability. It is also not promising to solve the assignment problem
without sequencing, because of changeovers or to solve the
sequencing without the campaign sizing because there are com-
plex temporal relationships between campaigns, especially in
multistage production facilities. It is, therefore, desirable to
solve the campaign planning problem without this kind of
decomposition, that is, solving first the problem of deciding the
length and the number of campaigns and then the problem of
assigning machines to the campaigns and deciding the sequence
of the campaigns on the assigned machines. In the case under
consideration in this research the capacity is highly restricted.
Due to the high demand the factory has to utilize its capacity as
well as possible, and the utilization is more important than
keeping the inventory levels of intermediate or finished products
as low as possible, as is often considered important in the litera-
ture. This fact makes it even more desirable to solve simultane-
ously the different parts of the campaign planning problem.

Decomposition of Production Stages

After standard solution methods failed to provide solutions
to the problem at level 1 and 2, we developed and imple-
mented a decomposition heuristic. Problem sizes are given in
Table 1.

The decomposition heuristic is inspired from the production
performance problems found in the plant we are working with.
When we started analyzing production data and schedules from
the plant, it was obvious that there were two bottlenecks in the
overall production process, at the first production stage (granu-
lation) and at the last production stage (packing). The capacity
on those stages was barely sufficient for the scheduled produc-
tion and the schedule was, therefore, volatile due to unseen
events. The capacity on the two intermediate production stages
did not restrict the overall production capacity.

Because of the limited capacity at the first and the last pro-
duction stage we decomposed the problem into two main
components:

1. First, solve the problem for stage 1 and stage 4
2. Then, solve the problem for stage 2 and stage 3
The underlying assumption is that the production stages

causing the bottlenecks were most important to plan in an opti-
mal way and should, therefore, have higher-priority in the plan-
ning process, while the production stages with sufficient or su-
perfluous capacity should have lower-priority, and be planned
with regard to the requirements from the others. This follows
the ideas of the ‘‘theory of constraints’’ (see, for example,

Table 1. Maximum Number of Variables, Continuous
Variables, Integer Variables and Constraints for the Largest
Test Cases Experienced with Standard Solution Methods at

Each Level of the Hierarchical Framework

Level Total Variables Cont. Variables Int. Variables Constraints

1 51738 9894 41844 47468
2 39524 7798 31726 44478
3 9117 300 8817 22258
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Luebbe and Finch29 for a comparison between this and optimi-
zation).

Structure and Implementation

When decomposition methods are applied and the problem
components solved separately, it is important to take possible
interactions among them into account. In order to make the
production schedule for production stages 1 and 4 feasible as
input for solving the problem for production stages 2 and 3,
we defined an ‘‘expected flow time’’ for stages 2 and 3. The
flow time is the expected time required for setup, production,
waiting and all other tasks required from finishing production
on stage 1 until starting production on stage 4. By including
the flow time while solving for production on stage 1 and 4,
the model should be able to account for the intermediate pro-
duction tasks. When the problem is solved for stages 2 and 3,
the finishing times from stage 1 and starting times from stage
4 create a gap or time interval defining when the production is
allowed to take place as shown in Figure 10.

The flow time for stage 2 and 3 was estimated from the pro-
duction data as the minimum time period possible for the pro-
duction of each order. The flow time depends on the products
being produced as well as on the machine selected for the pro-
duction because some of the products do not need coating on
stage 3 and the machine capacity depends on the product. The
actual machine for each order will not have been selected
when the flow time is estimated, and, thus, an average value
must be used. The flow time also depends on the quantity
specified by customer orders. However, if the machines on
stage 2 and 3 are heavily loaded it may not be feasible to let
the production go directly through the stages without waiting
and being finished in the minimum possible time. In such
cases the flow time must be readjusted according to the results
from infeasible production on stage 2 and 3, and the problem
solved again for stage 1 and 4. This is thus an iterative process
which should not be terminated unless the flow times have
been correctly adjusted and the production schedule becomes
feasible for all production stages. After that has been achieved
the order allocation and sequence is solved simultaneously for
all production stages with the campaign structure fixed
according to the results obtained from solving the previous
models. If the flow time becomes greater than the planning
horizon then there is either no feasible solution or the algo-

rithm is off track and should be terminated. The algorithm can
be summarized in the following steps.

Step 1

Initialize values for flow time and solve campaign plan-
ning and scheduling problem for production stage 1 and 4.

Step 2

Calculate earliest possible starting and latest possible finish-
ing times for production on stage 2 and 3 from the results
obtained in step 1.

Step 3

Initialize values for starting and finishing times and solve
campaign planning and scheduling problem for production
stage 2 and 3.

Step 4

If the result from step 3 is infeasible increase flow time and
repeat step 1 and 2, else go to step 5. If the flow time for any
of the orders is larger than the planning horizon then stop the
algorithm.

Step 5

Solve the campaign planning and scheduling problem for
all stages with fixed campaign structure from step 1 and 2.

The algorithm is illustrated with a flowchart shown in
Figure 11.

When the decomposition algorithm is used the number of
variables and constraints is greatly reduced in the individual
models and thereby large savings made regarding computa-
tional effort when solving the individual models. There are
however some evident drawbacks of the decomposition algo-
rithm. The major drawback is involved in the integration
between the two main components of the algorithm. If the gap
provided for production of order i on stages 2 and 3 is not
large enough for obtaining feasible solutions then the algo-
rithm increases the flow time for the order and makes iteration
as shown in Figure 11. This should in principle be an effective
method for guaranteeing a feasible solution for each order i,
however, if and only if it is the only order to be produced on
certain machine. When the flow time is increased for one
order it can have an effect on all other orders that share the
same machines on one or more of the production stages. If the
gap is increased for one order it may open some new sequenc-
ing options for other orders that may already have an
increased gap, and, thus, the overall flow time for those orders
can not be decreased back to the original value. The algorithm
can, thus, make the gap for orders unnecessarily large and
thus obtain solutions far from optimal.

Lower bounds improved with valid inequalities

When the models were tested for the real world case under
consideration it became evident that they suffered from a poor
LP relaxation, and, therefore, an increased solution time. The
same occurrence has been reported in some other research
available in the literature on resource constrained scheduling
problems and in some cases this has made them very difficult

Figure 10. Illustration of the intended gap between pro-
duction of stages 1 and 4 where production
on stages 2 and 3 is fitted in.
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or even impossible to solve with MILP methods.2 The reason
for this poor relaxation is mainly because resource constraints
can easily be fulfilled with fractional values of the binary vari-
ables used in the discrete time formulations, and as a result
the lower bounds become very weak.

To improve the lower bounds two kinds of valid inequalities
where added to the models as described in the next sections.

Minimum Number of Campaigns Required

The most effective method to improve the lower bounds for
the models at level 1 and 2 is to add a constraint for the mini-
mum number of campaigns needed for feasible solutions. The
minimization of setup cost is one of the criteria in the objec-
tive function as can be seen in Eqs. 14 and 25. Introducing a
minimum value for the number of campaigns, that is, the
number of times a setup is needed, directly creates a lower
bound for the objective function and improves the LP relaxa-
tion. The constraint specifies the minimum number of cam-

paigns needed for each product family on each production
stage over the entire planning horizon

zmin
s; f �

X
w

X
j2 Js

Zf ;w;j 8 s 2 S; f 2 F (39)

where zs,f
min is the minimum number of campaigns for product

family f on stage s. The minimum number of campaigns depends
on the production data for the case under consideration but it is
not always easy to estimate it. Two methods were considered for
the estimation of the minimum number of campaigns.

Simple data analysis to estimate minimum
number of campaigns

Data analysis was conducted to estimate the minimum num-
ber of campaigns required for fulfilling the product demand
defined by customer orders. The data analysis routine counts
the number of product families included in the order domain.
If the feasible production intervals for all the orders of the
same product family intersect then the data analysis routine
concludes that one campaign on each production stage is suffi-
cient, otherwise more than one campaign is needed. The data
analysis routine also uses the maximum amount of product
that can be produced in each campaign to decide the minimum
number of campaigns.

Heuristic method to estimate minimum
number of campaigns

A simple heuristic was also developed for the estimation of
the minimum number of campaigns required. The heuristic is
based on the following steps.

Step 1

Calculate D̂f ¼
P

j2 If
Di�MiP

j2 If
Mi

as the mass weighted due date

for each family f and Tfs
p as the production time (duration) for

all orders in each family f on the first production stage. Mi is

the amount in each order.

Step 2

Select the family with the lowest D̂f value as the one to be
produced first. The start time of that family will be Tfs ¼ 0.

Step 3

Select the family with the lowest D̂f value from the families
that have not already been selected as the one to be produced
next. The start time for that family will be Tfs ¼ Tfs

last þ Tfs
p

where Tfs
last is the starting time of the last family that was

selected before this one (the predecessor on the same
machine).

Step 4

Repeat step 3 until all families on first production stage
have been located.

Step 5

Locate campaigns on stage 2–4. Calculate the start time for
the family with the lowest D̂f value as Tfs ¼ Tf(s�1) þ Tf(s�1)

p

and for other families selected in a sequence corresponding to

Figure 11. Flowchart illustrating the structure of the
decomposition algorithm.
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the D̂f value Tfs is the larger of Tfs ¼ Tf(s�1) þ Tf (s�1)
p or Tfs ¼

Tfs
last þ Tfs

p. Also calculate the end time Tf
finish for the last stage

of each family.

Step 6

Calculate the difference between the end time and the mass
weighted due date of family f Tf

D ¼ Tf
finish � D̂f

Step 7

If Tf
D > 0 then the production of family f needs to begin

earlier. If the campaign of the predecessor is larger than the
minimum time length then split that campaign into two halves
on each stage and put the orders with the earliest due dates in
the first half. Check this for all families and split if necessary.

Step 8

If Tf
D < 0 for all families in step 7 then this algorithm has

finished, otherwise proceed to next step.

Step 9

Repeat steps 1–5 to relocate all the campaigns.

Step 10

Repeat step 6–8 to check if there are delays.

Step 11

If Tf
D < 0 for all families in step 7 or all the campaigns

have been broken into minimal sizes then this algorithm has
finished.

This algorithm is also illustrated in the flowchart shown in
Figure 12.

The heuristic is, however, not guaranteed to provide strict
lower bounds for the minimum number of campaigns. The
heuristic can result in too many campaigns as its only objec-
tive is to avoid delays and it does not consider the cost of set-
ups. Since the setup cost is also part of the objective function
this heuristic can in some cases give a higher number of cam-
paigns than the actual optimization model will deliver.

Minimum Unavoidable Delays

The lower bounds for the models on level 1 and 2 in the
hierarchical framework can also be improved by adding con-
straints for the minimum delays that will occur in feasible sol-
utions. Minimization of delays is one of the criteria in the
objective functions seen in Eqs. 14 and 25. Introducing a min-
imum value for the delays creates a lower bound for the objec-
tive function and improves the LP relaxation.

To obtain the value for the minimum unavoidable delays a
simple algorithm is used based on first solving a relaxed
model where constraint (9) is relaxed. The constraint ensures
that only one campaign can be produced on each machine in
each week. From the output of the relaxed model we obtained
the value for the minimum delays. This constraint was relaxed
because it makes the solution of the model considerably more
difficult for the test cases, as there are some orders constitut-
ing of low-quantities of products that do not share product
families with any of the other orders (products). Therefore, a

campaign needs to be constructed entirely for each of these
orders and a machine reserved for the whole week as one
week is the minimum time unit used. This reduced the utiliza-
tion of the machines and resulted in more delays and thus by

Figure 12. A flowchart illustrating the structure of the
heuristic for estimating minimum number of
campaigns.
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relaxing the constraint we were able to obtain a valid lower
bound for the delays of the complete model.

A simple constraint was added to the complete model to
implement the lower bound for the minimum delays

emin �
X
i

ei (40)

where emin is the total delays obtained from the relaxed model.
The algorithm can be described with the following simple steps

Step 1

Solve the model with constraint (9) relaxed

Step 2

Read results and use as input for next step

Step 3

Solve the complete model with the additional constraint for
the minimum delays

Results

Test cases

The optimization models and solution algorithms have been
implemented and tested with real world data from the problem
under consideration. The production process is illustrated with
a flowsheet shown in Figure 13.

Several fullscale test cases were created from data collected
in the pharmaceutical production plant which reflect the deci-
sion problems at each level in the hierarchical framework (see
main dimensions of test cases in Table 2).

Results

The results obtained indicate that the models and solution
procedures for the hierarchical framework are capable of
obtaining solutions of good quality within an acceptable com-
putational time for very difficult real world problems. The
model for the detailed scheduling at the lowest level was

Figure 13. Flowsheet illustrating the production process under consideration.

Table 2. Table Shows the Main Dimensions of the Test Cases.

Test Case no.
Horizon
[months]

No. of New
Orders

No. of Confirmed
Orders

Total No.
of Orders

No. of
Machines

No. of Products /
P. Families

1 1 0 25 25 16 24/4
2 1 3 47 50 19 45/9
3 1 3 72 75 23 66/12
4 3 6 94 100 24 86/14
5 3 17 133 150 26 130/19
6 3 32 168 200 27 160/25
7 6 32 193 225 27 177/26

The delivery dates of the orders are within the specified horizon. New orders are orders that are new in the system and have not already been scheduled and their
delivery dates have not been confirmed yet. Confirmed orders have been scheduled before and their delivery dates confirmed; they are rescheduled if needed.
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solved for all the test cases it was designed for within 6 min
of computational time. The model will sometimes be used
more than once per day and should, therefore, be very fast.
The model for the simultaneous campaign planning and order
scheduling at the middle level was solved for all its target test
cases within 9 h of computational time which is an acceptable
solution time as it is usually only used once per week. The
model for the campaign planning at the top level in the hier-
archical framework was solved for its target test case within
14 h of computational time which is acceptable as the long-
term campaign planning is usually only done every 3 months.
However, it must be mentioned that the target test case for the
top level is not sufficiently large to fully reflect the challenge

in the real world problem. The computational time as a func-
tion of number of orders is shown in Figure 14 and more de-
tailed solution statistics are given in Table3.

In order for the optimization models and solution procedures
to be practical they must offer quality results in acceptable so-
lution times. The definition of acceptable solution time depends
on the intended use of the models. For long term campaign
planning at level 1 of the hierarchical framework it is fully ac-
ceptable to wait over one night, that is, for approximately 12 h.
For the campaign planning and order scheduling model at level
2 it is also acceptable to wait over night as the customer orders
are never confirmed on the same day as they are submitted to
the factory. However, for the purpose of demand management
and to answer CTP questions required by customer service (ca-
pable to promise), it is preferable to obtain some solution in
one hour or less although that is very difficult. The customer
service function can, however, also use visual Gantt charts rep-
resenting the planned campaigns and unallocated amounts of
each material available in each campaign, to get approximated
answers to these kind of questions. Approximate answers can
also be provided with acceptable accuracy by the use of simple
heuristics or data analysis methods. For the detailed scheduling
at level 3 of the hierarchical framework it is acceptable to wait
for 1 h or less (for example, during lunch) as the schedule must
often be reconsidered once or even more often per day when
new information becomes available.

The hierarchical framework is well suitable to be embedded
in decision support systems for planning and scheduling. The
efficiency of the models and solution procedures used in the
framework is really important for real world applications

Figure 15. An example of a solution illustrated with a Gantt chart.

Each bar represents one campaign and the shadings of the bars represent a certain product group. The circles show an example of a path of one
order through the production stages. [Color figure can be viewed in the online issue, which is available at www.interscience.wiley.com.]

Figure 14. Computational time as a function of number
of orders.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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where new plans and schedules are often needed quickly as

new information become available. The recent research found
in the literature on planning and scheduling in the process

industry focuses on solution efficiency and techniques to
render ever larger problems tractable. There remains work to
be done on both model enhancements and improvements in

solution algorithms if industrially relevant problems are to be
tackled routinely, and software based on these are to be used

on a regular basis by practitioners in the field. The quality of
solutions is also vital factor for the acceptance of practitioners

in the field. The results obtained with the optimization models
have been presented for the production management division
in the factory that provided the test cases. Their impression

was that the results are more or less in accordance with the
operational environment and the results respect the operational

constraints required. The production management division
also confirmed that the results seemed sensible in terms of
optimality of the plans. It can, thus, be concluded that the

results are practical in terms of quality.
Figure 15 gives an example of a solution obtained with the

optimization models and solution algorithms that we have
described. The figure only presents the campaign plan for the
solution, and it does not show allocation or the exact schedule
of the orders within each of the campaigns which is a very
complicated part of the problem and adds to the complexity of
the problem.

Conclusions and Future Work

A large amount of research has been accomplished in plan-
ning and scheduling for the process industry. However, a fixed
time horizon is usually considered and it is assumed that all
data is given. We believe that multiscale dynamic online pro-
cedures are more suitable for many specific types of planning
and scheduling problems found in the process industry and

should be further explored.
This research examines production planning and scheduling

for a real world problem originating from a pharmaceutical
manufacturer in a very competitive business dealing with a
continuous and dynamic decision process where decisions

have to be made before all data are available. We have pro-
posed a hierarchically structured framework for tackling the
decision process and efficient optimization models and solu-
tion approaches to solve the relevant decision problems at
each level. The optimization models and solution approaches
have been validated and tested with several actual test cases
from the real world problem under consideration. The results
obtained so far indicate that the models and solution proce-
dures are capable of obtaining solutions of good quality within

an acceptable computational time for very difficult real world
problems.

A significant amount of work remains on improving the inte-
gration and flow of information between the levels in the hier-
archical framework and different strategies need to be eval-
uated with the objective to capture the imperatives and respect-
ing the dynamics of the decisions problem. It is also of interest
to evaluate and perhaps introduce statistical uncertainty in the
models as there are many different sources of uncertainties that
affect the problem. We also aim to collect data over a longer
period, for example, a period of one year and both collect the
input data as well as output data, such as the production plans
and the final result after random events have affected the plans.
This type of dataset is fundamental in order to evaluate the
potential benefits of hierarchical framework in its genuine
operational environment characterized by the continuous roll-
ing horizon and the dynamic decision process.
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Notation

Indices

i = orders
i0 = orders
j = machines
s = production stages
c = campaigns
f = product families/groups
w = weeks (the number of each time slot)

Sets

I = set of orders, i [ I and i0 [ I
J = set of machines, j [ J
Js = set of machines on production stage s, Js ( J
Ji = set of machines that can process order i, Ji ( J
Ji,s = set of machines on production stage s that can process order

i, Ji,s ( Js
Ji,i0 ,s = set of machines on production stage s that can process both

order i and i0, Ji,i0 ,s ¼ Ji,s \ Ji0 ,s
Jw = set of machines that can be used in week w, Jw ( J
S = set of stages, s [ S
Si = set of stages required for production of order i, Si ( S
Si,i0 = set of stages that are common for order i and i0, Si,i0 ¼ Si \
Si,s
C = set of campaigns, c [ C
Ci = set of campaigns suitable for production of order i, Ci ( C
Ci,s = set of campaigns suitable for production of order i on stage s,

Ci,s ( C
W = set of weeks, w [ W
Wi,j = set of weeks possible for production of order i on machine j,

Wi,j ( W

Table 3. Statistics Representing Results from Solving Test Cases with the Proposed Models

Test Case no. Level Number of Orders LP Solution Objective Value Solution Time [CPU seconds] Gap [%]

1 3 25 17.11 17.11 10.39 0
2 3 50 17.11 17.11 64.04 0
3 3 75 17.11 17.11 311.71 0
4 2 100 13.15 14.05 643.10 6.4
5 2 150 20.17 20.39 7297 1.1
6 2 200 28.91 29.51 32364 2.0
7 1 225 29.87 32.84 49503 9.0

The models were solved with CPLEX 9.0 running on Unix based machine with 2GB of RAM and 2.0 GHz Pentium IV CPU.
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F = set of product families, f [ F
If = set of orders i that belong to family f, If ( I
If = set of orders i that can be produced with machine j, Ij ( I
Iold = set of orders i that have already been placed on plan, Iold ( I
Inew = set of orders i that have not been placed on plan earlier, Inew ( I
If,w,j = set of orders i in family f that can be produced in week w on

machine j, If,w,j ( I
Fw,j = set of families that can be produced on machine j in week w,

Fw,j ( F
ISi,i0 = set of orders that are not allowed to be produced at the same

time at the same production stage in the plant
IEi,i0 = set of orders that are not allowed to produced at the same

time in the entire plant
ISCi,i0 = set of orders that are supposed to be produced in the same cam-

paign

Parameters

si
first = first production stage for order i

si
last = last production stage for order i

di = requested delivery date for order i, (i [ Inew)
dTi = confirmed delivery date for orders that have already been

scheduled on the planning horizon under consideration (i [
Iold)

pi,j = processing time of order i when machine j is used
qi,s = the time for order i that needs to pass on stage s before it is

possible to start to work with it on next stage s þ I or to
deliver the order to the customer

uj = average setup cost for machine j
uj,f = average setup time for machine j and product family f
ui,i0 ,j = sequence-dependent setup time between orders i and i0
scc = start of production slot for campaign c
ecc = end of production slot for campaign c
pri = priority weight of order i ranging from minimum priority 1 to

maximum priority 10
nei,s = average number of employees needed for processing order i

on production stage s
nei,j = number of employees needed for processing order i on

machine j
neuf,j = number of employees needed for setup of machine j for prod-

uct family f
tne = average total number of available employees
tnew = total number of available employees each time period
whw = total number of available working hours from employees in

each time period
ri = earliest start time for production of order I
lci = last possible completion time for production of order i
ei = Maximum time duration from the finish of production of

order i to the delivery date of the order
fti = maximum flow time of order i (time from start to finish of

production of order)
ptj,w

max = maximum capacity for machine j in each week w
ptw

max = maximum capacity for factory in each week w
zs
min = minimum number of setups on stage s
zs,f
min = minimum number of setups on stage s for product family f
zs
max = maximum number of setups on stage s
zs,f
max = maximum number of setups on stage s for product family f
M = very large number
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