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Using Model Predictive Control and Hybrid
Systems for Optimal Scheduling of
Industrial Processes
Anwendung von modellbasierter prädiktiver Regelung und Methoden der hybriden
Systeme zur optimalen Produktionsplanung

Eduardo Gallestey, Alec Stothert, Dario Castagnoli, Giancarlo Ferrari-Trecate and Manfred Morari

Optimal (re)scheduling of production in industrial processes increases economic efficiency
through timely and optimal use of limited resources. In this article an approach to sched-
uling based on the use of hybrid systems and model predictive control is presented. Modelling
flexibility, acceptable computational times, and optimal disturbance rejection are the key
advantages of the approach. The main ideas are illustrated with two industrial applications.

Durch optimalen Einsatz der vorhandenen begrenzten Ressourcen kann Produktionsplanung
die ökonomische Effizienz industrieller Anlagen erhöhen. In diesem Beitrag wird ein Ver-
fahren zur Berechnung von optimalen Plänen präsentiert, welches auf prädiktiver Regelung
und Modellierung mit Hilfe hybrider Systeme beruht. Flexibilität, kurze Rechenzeiten und au-
tomatische Behebung von Störungen der Produktionsabläufe zeichnen das Verfahren aus. Die
Ideen des Beitrages werden an Hand von zwei industriellen Anwendungen erläutert.
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1 Introduction

Operators of modern industrial processes are increasingly
confronted with disparate goals which, at a first sight,
seem to exclude each other. For example there is enormous
pressure on operators and owners to increase profit and
margins while at the same time there is considerable pub-
lic interest on sustainable and environmentally friendly use
of natural resources. These concerns are often expressed
through legislation, either in the form of environmental
restrictions (hard constraints) or in the form of market sys-
tems such as “cap and trade” (combination of soft and
hard constraints). Combined, these facts create the need
for production planning tools that guarantee satisfaction of
not only technological and contractual, but also environ-
mental constraints. Thus, plant owners find themselves in
a situation where quick reactions to continuously changing

conditions, while still meeting various and often conflicting
objectives, is crucial for survival.

It seems obvious that economically optimal schedules of
industrial processes must play a fundamental role in this
constellation as they increase economic efficiency of pro-
duction through timely and optimal use of the enterprise’s
limited resources. In the past automatic computation of op-
timal schedules has not been extensively used. Reasons
for this center around the fact that industrial processes are
such that their complexity often led to mathematical pro-
gramming problems that could not be solved in reasonable
amounts of time. Further, the value of such optimal sched-
ules was questionable – the main reason being that during
actual operation deviations from the original plan always
appear. Reacting to these perturbations is thus an important
problem to solve. For instance, for organizational reasons
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(human resource planning, delivery and supply orders, etc.)
it is clear that introducing completely new schedules after
every deviation is not acceptable.

In our opinion three developments might be the key
to overcoming these restrictions. Firstly, the maturity of
hybrid systems modelling techniques provide a uniform
framework for efficient modelling of complex industrial
systems [1]. Secondly, and the main contribution of this
paper is related to this issue, the application of Model Pre-
dictive Control (MPC) ideas [4] to scheduling of industrial
processes. Thirdly, the successes achieved in mixed-integer
programming technology that allows efficient and robust
means for solving the posed problems, see [2].

In this article we present a system theoretical approach to
the optimal (re)scheduling of plant operations. It is based
on two model predictive control devices working in cascade
– outer loop MPC and inner loop MPC.

1. The outer loop MPC computes reference schedules
based on functionals related to the plant economic goals
(minimal cost, maximal profit, while taking into ac-
count contractual constraints). In other words, by using
forecasts of the external variables to drive the system
dynamics (e. g. customers orders, supply of raw mate-
rials, etc.), the MPC algorithm computes the optimal
schedule. The result is a trajectory in time for both the
system states and inputs, and represents the desired op-
timal schedule. Clearly, an important issue is how to
select the time horizon for the optimization. If it is too
short the quality of the schedule can be low, if it is too
long computational times might become unacceptable.
Typically, the receding horizon in the outer loop would
range from one to several weeks, with eventual updat-
ing (recomputation) of the strategy every two or more
days.

2. The inner loop’s goal is to react to deviations from the
plan in such a way that the plant adapts to changing
conditions while still staying as close as possible to
the original schedule. Again we use model predictive
control techniques, but with a cost functional designed
to penalize deviations from the optimal plan computed
by the outer loop MPC. In this mode, using real time
plant data, actions are computed online. They are then
implemented either automatically via the plant control
system or manually via the plant operators. The reced-
ing horizon here would be of several hours with strategy
updates every hour or two.

An important point with respect to the applicability of this
approach is the time that plant operators will have for
the implementation of the scheduler recommendations. In
other words, it is necessary that the plant operator knows
within some minimum time the actions to be implemented.
For this reason, we introduce a modification in the usual
model predictive control strategy that ensures this capabil-
ity. Let T0 be the time delay desired and T the overall
receding horizon, with 0 < T0 < T . Then, at any time t,
plant data are measured and previously planned control

actions for the period [t, t + T0) are collected. Further, stan-
dard model predictive control is applied to the plant model,
with the planned actions for the period τ ∈ [t, t + T0) added
as hard constraints to the problem. From this MPC step
only the control actions at time t + T0 are integrated into
the plant schedule and implemented at the corresponding
time.

In addition to flexibility of modelling and acceptable
computation times, this approach ensures that short term
rescheduling and production plan corrections are handled
with minimum changes to the overall plant schedule, and
in a way suitable for implementation under real conditions.
Again, it must be stressed that this fact is especially import-
ant for scheduling applications where the actuators include
slow “devices” such as human resources, delivery orders,
production lines, etc. These ideas should become clearer
in Section 2, where the notational apparatus and the main
theoretical facts are introduced.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces notation, describes the approach adopted
in more detail and highlights the key steps of the approach.
Section 3 describes how the approach has been applied to
scheduling of a combined cycle power plant, while Sec-
tion 4 presents an application to the production planning
of cement grinding activities. This discussion rounds out
the theoretical material and illustrates the advantages of
efficient production scheduling. Section 5 summarizes the
salient points and concludes the article.

2 Mathematical Basis

Model predictive control [3] is a well known technique and
probably needs no detailed presentation. Thus, here we just
introduce the basic concepts and notation needed for the
explanation of our approach.

Consider a plant of the form

x(t +1) = f(x(t), u(t)), x(0) = x0, (1)

where t > 0 denotes time, x(t) ∈ X defines the system state
and u(t) ∈ U denotes the inputs to the system. Here X and
U are suitably defined spaces.

Further, let us consider feedback control laws k : X → U .
The associated closed loop system is then

x(t +1) = F(x(t)) = f(x(t), k(x(t)), x(0) = x0. (2)

Model predictive control computes feedback control laws k
as follows.

Algorithm 1.

1. Given T > 0, a cost functional is selected

J[x̂(·), û(·)] =
T−1∑
τ=0

f0(x̂(τ), û(τ)), (3)
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which must be well defined for each

x̂ : [0 : T −1] → X, û : [0 : T −1] → U.

2. Then, at time t > 0, with x(t) ∈ X the current state of the
plant, we choose

k(x(t)) = u∗(0),

where the function u∗ : [0 : T −1] → U is given by

u∗ ≡ argmin J[x̂(·), û(·)], (4)

subject to

x̂(τ +1) = f(x̂(τ), û(τ)), τ ∈ [0 : T −2],
x̂(0) = x(t).

There is extensive literature on the properties of con-
trollers obtained via this procedure. In particular, stability,
robustness and measurement feedback control under these
conditions are well covered issues, see [7] for a survey.

MPC is often used for control and optimisation of industrial
processes. For instance, in power generation these algo-
rithms compute optimal setpoints for temperatures, pres-
sures and fuel feed rates during the startups and shutdowns
of large generating units [6]. Similarly, model predictive
control is one of the building blocks of today’s state-of-the-
art industrial plant operation. See [8] for an example in the
chemical industry.

Usually, the use of these techniques for real plants in-
cludes the development of (nonlinear) mathematical models
describing the process, and the selection/design of a suit-
able cost functional which takes into account the goals to
achieve. For instance, the functional might penalize de-
viations from given desired operating points, or represent
operating costs. The optimal inputs to the system are cal-
culated via minimization of this functional, subjected to the
constraints defined by the mathematical model.

Note that cascade structures (such as the outer and inner
loops mentioned in Section 1) are also widely used in these
applications. Usually the inner loops are executed by sim-
ple PID controllers, which are responsible for keeping the
plant at the setpoints set by the outer loop MPCs.

Scheduling of industrial process differs from the applica-
tions mentioned above by at lest three facts, namely:

1. the controlled variables (inputs) are often discrete val-
ued variables (switch on/off, produce this or the other
product, etc. . . . ) rather than continuous valued vari-
ables (pressures, temperatures, etc.),

2. the models must include logical relationships among the
states of the system (e. g., steam can be delivered only
if the boilers have been in operation for at least four
hours),

3. the control actions available are slow: they include
heavy equipment, human resources, sales, delivery
orders and trading.

From the conceptual point of view this might be seen as
a minor difference. However, for real applications it implies
big challenges. Indeed, the first point means that the state
of the system is such that x ∈Rnc ×{0, 1}nl , where nc, nl

denote the number of continuous valued and discrete valued
states, respectively. The second point implies translations of
logical relationships (propositional calculus into inequali-
ties on continuous and integer variables, see [5]. Finally,
the last point forces us to take into account issues related
to human-machine interactions.

For a scheduling-oriented modelling of industrial processes
we have adopted the extensive use of hybrid systems in
the Mixed Logic Dynamical (MLD) form [1]. Briefly, this
means working with a plant model described by the equa-
tions

x(t +1) = Ax(t)+ B1u(t)+ B2δ(t)+ B3z(t), (5)

y(t) = Cx(t)+ D1u(t)+ D2δ(t)+ D3z(t), (6)

−E5 ≤ E1u(t)− E2δ(t)− E3z(t)+ E4x(t), (7)

where x = {xc; xl}, with xc ∈ Rnc and xl ∈ {0, 1}nl . In
the same way, u = {uc; ul} represents the continuous and
boolean inputs to the system, while y = {yc; yl} the contin-
uous and discrete measurements. The variables δ(t) and z(t)
are integer ({0, 1}) and continuous auxiliary variables, re-
spectively. Finally, A, B1, . . . ,E5 are matrices of suitable
dimensions. In order to be well posed the system (5), (6),
(7) must be such that for any given x(t) and u(t) the values
of δ(t) and z(t) are defined uniquely. Note that relationships
of the form (7) appear naturally when logical statements
are written as propositional calculus expressions, or when
bounds on the states are set explicitly.

Using the MLD formulation is natural for several rea-
sons: First, it includes continuous and boolean states and
inputs. Further, it contains the description of all logical
relationships of the process. Last but not least, there is
a standardized way to treat model predictive control ex-
ploiting MLD models [1].

At this point we give more details on the cascade approach
to scheduling introduced in Section 1. The critical issue is
to choose two cost functions f 1

0 and f 2
0 , see (3). f 1

0 is
directly related to economical considerations

f 1
0 = costs(x, u)− revenues(x, u), (8)

while f 2
0 is written as in a disturbance rejection problem,

e. g.,

f 2
0 = ||xnom − x||Q +||unom −u||R. (9)

The first function f 1
0 is used in the outer loop for the com-

putation of optimal schedules in the period of interest. Note
that this is implicitly a sort of “divide and conquer” ap-
proach in time. Obviously, this approach can be useful only
if the process dynamics are such that relatively small T can
be applied.
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The outer loop schedule is then used on the plant floor
together with the inner loop model predictive control de-
vice. Via MPC with cost functional f 2

0 , this loop computes
optimal actions which reject deviations from the original
schedule. Moreover, the inner loop must be implemented in
such a way that plant operators have enough time to imple-
ment their actions. As mentioned in Section 1, we propose
the following procedure.

Algorithm 2.

1. Fix T0, T , 0 < T0 < T −1, and the function

uplan : [t : t + T0 −1] → U. (10)

2. Select a cost functional

J[x̂(·), û(·)] =
T−1∑
τ=0

f0(x̂(τ), û(τ)), (11)

which must be well defined for any

x̂ : [0 : T −1] → X, û : [0 : T −1] → U.

3. At time t and for any x(t) ∈ X we choose

k(x(t)) = u∗(T0),

where the function u∗ : [0 : T −1] → U is given by

u∗ ≡ argmin J[x̂(·), û(·)]. (12)

subject to

x̂(τ +1) = f(x̂(τ), û(τ)), τ ∈ [0, T −2], (13)

x̂(0) = x(t), (14)

and

û(τ) = uplan(t + τ), τ ∈ [0 : T0 −1]. (15)

Note that the control u = k(x(t)) = u∗(T0) is implemented
at time t + T0. Further, a basic analysis of Algorithm 2 re-
veals that x̂(T0) is uniquely defined by x(t) and uplan . It
follows that an efficient implementation of this algorithm
would first compute x̂(T0) via forward simulation, and then
use the standard MPC Algorithm 1 with initial condition
x(t + T0) = x̂(T0). This results in an optimization problem
of lower dimension, namely T − T0 instead of T .

A thorough discussion on the stability properties of this
procedure is beyond the scope of this paper and will be
tackled in later publications. At this point simply notice the
obvious fact that this closed loop system can only work
successfully if, during each time interval [t : t +T0], the dis-
turbances are not big and/or persistent enough to bring the
system to regions where operation is not feasible. For ex-
ample, in a production line unexpectedly large orders can
always produce feasibility problems.

Sections 3 and 4 illustrate these steps with two real appli-
cations.

3 Scheduling of Combined Cycle Power
Plants

In its simplest form a combined cycle power plant (CCPP)
consists of three main components: gas turbine, heat recov-
ery steam generator, and steam turbine. The exhaust gases
from the gas turbine are used in the heat recovery steam
generator to produce steam which is then used to produce
electrical power via (a set of) steam turbines. CCPPs have
become wide spread in Europe and the USA for a num-
ber of reasons. They are relatively compact and have a high
overall efficiency, they can react quickly to changes in
power demand (as opposed to, for example, nuclear plants),
they can potentially burn different fuel types (oil or natu-
ral gas), and they can produce both electrical and thermal
power.

Operation of a CCPP focuses on deciding when to turn
the plant on or off, which type of fuel to use and what
portion of thermal or electrical energy to produce. Primar-
ily these decisions are driven by economic considerations.
Given a forecast price at which fuel can be purchased and
prices at which electricity or thermal power can be sold,
a plant operating schedule is selected. Such schedules are
typically defined for short term periods of approximately
one week, and depending on circumstances, operating ac-
tions for each hour, half-hour, or quarter-hour interval are
defined.

In the rest of the section the material described in Section 2
is applied to this scheduling problem.

3.1 Modelling of a CCPP for scheduling

In order to develop a framework suitable for model based
CCPP scheduling optimization at least two components are
necessary. First, an objective functional is needed which
models the market environment and how the plant owners
obtain profit. In a second step, mathematical expressions
are necessary to express process related constraints. Both
issues are discussed below.

The objective function to be maximized is a revenues minus
cost function. Embedded in this functional are descriptions
of the plant cost structure (fuel usage, personal costs, etc.)
and the revenues obtained from electrical and thermal en-
ergy sales. In most cases, the objective function must be
extended to include special aspects such as startup and
shutdown costs, ageing costs, etc., see for example [10]. As
a rule, the cost function itself contains little information
about the CCPP.

The objective function described above must be optimized
while taking into account the constraints that define the op-
eration of the CCPP. If the MLD system approach is used,
a model of the form of equations (5), (6), (7) must be de-
veloped for the CCPP. This model must capture all relevant
physical operating constraints, for example:

• Fuel consumption at given electrical and thermal energy
output.
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• Minimum and maximum electricity/steam production
constraints.

• Rate constraints on electricity/steam production.
• Logical constraints on start up and shut down, e. g., the

difference between cold, warm, and hot startups.
• Process constraints, e. g., steam production can only take

place after the gas turbine has been operating for a min-
imum period.

• Resource constraints, e. g., a limited amount of fuel.

The basic format of the developed model is shown in Fig-
ure 1 where,

• u1 is the set-point for the gas turbine load and ul1 the
on/off command for the gas turbine.

• u2 is the desired steam output and ul2 is the on/off com-
mand for the steam turbine.

• y1 is the fuel consumed by the gas turbine and y3 the
electric power generated by the gas turbine.

• y2 is the electric power generated by the steam turbine
and y4 the steam delivered.

For the CCPP the relationship from inputs u, to outputs y,
is modelled via steady-state equations (possibly piecewise
linear). The use of steady-state relationships is appropriate
since the schedule sampling period (e. g. one hour) is longer
than the process time constants. These equations provide
a portion of the basic MLD model, equations (5)–(6).

For brevity, no complete CCPP MLD model will be pro-
vided here. However, the approach to modelling gas turbine
start up times gives an example of the procedure involved.
This is a crucial issue related to the technological fact that,
in order to produce power, there is always a preparation
time related to the time for which the turbine has been off.

Indeed, in order to take startup times into account it is
necessary to introduce three clocks with reset (state vari-
ables), five auxiliary logic variables δ, and three auxiliary
real variables z. These clocks are defined as follows:

Figure 1: CCPP
Model.

• ton, stores the consecutive time during which the turbine
produces electric power. If the turbine is producing elec-
tric power, this counter is increased by dt, otherwise it is
kept equal to zero.

• toff stores the consecutive time during which the turbine
does not produce electric power. If the turbine is off or if
it does not produce electric power as in a start up phase
it is increased by dt, otherwise it is kept equal to zero.

• td (if positive) stores the delay that must occur between
the “turn on” command and the actual production of
electric power.

In our implementation td decreases by dt for each interval
that the turbine is turned on. However, and this is a crucial
point, energy generation only begins when td < 0. Further,
if the turbine is off td stores the delay corresponding to the
current type of start up (cold, warm, or hot). The counter
td needs three auxiliary binary variables, δc, δw, δh in order
to express its dynamics. These binary variables are neces-
sary to distinguish the different types of startups and they
are dependent on toff.

δh = 1 ⇐⇒ {toff ≥ 8 hrs, }
δw = 1 ⇐⇒ {toff ≥ 60 hrs, }
δc = 1 ⇐⇒ {toff ≥ 120 hrs.}

At time t +dt the state td is defined by

td(t +dt) =
{

if (ul1 = 1) then td(t)−dt
else δc + δw + δh.

As mentioned above, energy production depends on the
condition td < 0. This is modelled via a logical variable δd

given by

δd = 1 ⇐⇒ {td < 0} .

Next δon is defined so that it represents the condition “tur-
bine is on and produces electric power”.

δon = 1 ⇐⇒ {ul1 = 1 ∨ δd = 1} .

Then, the dynamics of the clocks ton and toff can be written
as

ton(t +dt) = (ton(t)+dt)δon(t),

toff(t +dt) = (toff(t)+dt) (1 − δon(t)) .

These clocks are used to enforce constraints on the inputs.

{0 < toff ≤ MinDownTime} → ul1 = 0,

{0 < ton ≤ MinUpTime} → ul1 = 1,

and indirectly for the computation of the gas turbine power
output y3.

y3 =
{

if (δon = 1 ∨u1 > MinLoad) then f(u1)

else 0.

Once these relationships have been developed, the introduc-
tion of appropriate auxiliary variables z and the usage of
propositional calculus [5], [9] results in inequalities of the
form (7).
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In this simple form, the size of the CCPP MLD model
is relatively small. If features such as lifetime consump-
tion and/or input ramp constraints are included the model
size grows rapidly. The interested reader is referred to [10]
and [11] for more details.

Finally, for the reader’s convenience, a simplified version of
the cost function J used is presented in Equation (16).

J =
t+T−1∑

τ=t

pelec(τ) (y2(τ)+ y3(τ))+
(16)

psteam(τ)y4(τ)− pfuel(τ)y1(τ),

where pxxx denote appropriate prices, t the current time,
and T the horizon length.

3.2 CCPP scheduling examples

Using the model and cost functional described above MPC
based CCPP scheduling is possible. The scheduling process
uses forecast prices and energy demands as input and re-
turns an operating schedule indicating when the gas and
steam turbines should be turned on/off and what production
level should be selected.

The scheduling period for a CCPP is typically one week.
However, as prices are not know exactly, the schedule is
updated on a daily basis. For instance, a typical procedure
is to compute, and then fix, the operating schedule every
day at a fixed time (6 o’clock for instance).

In a liberalized energy market the producer has the op-
tion of influencing the price at which electricity is sold by
submitting a bid to the electricity market. A bid consists
of a volume and a price. In this environment the sched-
uler can be used to formulate bids, i. e., the plant operator
chooses the price he would like to bid at and the scheduler
determines the optimal volume. Here, the operator would
then make multiple bids based on the output of different
scheduler runs.

Again, for the sake of brevity, detailed discussions of the
schedule results are omitted and only typical results are
presented, see Figures 2 and 3. These pictures are related
to a configuration where trade with power and fuel is car-
ried out simultaneously. In the first picture, schedules for
switching the turbines on and off are given together with
the corresponding power outputs. In the second picture,
associated recommendations regarding fuel supply are de-
picted. The price forecasts (given as normalized curves in
the same graphics!) are such that power prices are high in
the middle of the period (1 day) and low at the beginning
and end of it. Fuel prices however are kept constant. As
expected, this constellation results in maximal power gen-
eration during the day at the “cost” of less fuel sales, and
vice versa during the night.

The schedule above represents the “outer loop” while the
“inner loop” role is played by a standard nonlinear MPC

Figure 2: Power generation schedule.

Figure 3: Fuel supply schedule.

application as described in [6]. The time horizons used here
are one week and several hours respectively. An alternative
would be to compute a trajectory (in time) for the lifetime
consumption as the reference schedule, and apply an inner
loop of the form described in Section 4 and [11]. The time
horizons to use in this case would be months and weeks,
respectively.

As indicated in Section 2, the MPC horizon influences the
optimality of the schedule. Table 1 compares the results of
schedules for a one week period. As can be seen the re-
sulting profits of the schedules are similar, indicating that

Table 1: Effect of MPC horizon on CCPP scheduling.

T Computation time Profit

3 38 7.55
6 124 7.96
9 311 7.96
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a horizon of T = 6 is appropriate. This result matches well
the “time constants” of a combined cycle power plant.

4 Scheduling of cement grinding plants

During the final stage of cement manufacturing, clinker is
ground with additives to obtain cement. Cement types (or
grades) differ from each other either by chemical compo-
sition or by particle size. The grinding process takes place
in huge rotating machinery (mills), where steel balls crush
the material until the required grain size distribution is
reached. Based on the cement type, the output of the mills
is conveyed to different silos where it is stored until it is
packaged or shipped to customers.

Cement mill scheduling implies deciding when to pro-
duce a certain cement grade and on which mills. Currently,
scheduling is done manually using heuristic rules and op-
erator experience. On the other hand, due to the number
of mills, grades, silos and the various operating constraints,
the problem is quite complex. Often the operator choices
are thus far from optimal.

There are several reasons to model this process in a hy-
brid system framework. Firstly, the actuator action is given
by discrete inputs to the mills, namely, the command to
start/stop producing a certain cement grade. Secondly, in
our context mills are just finite state machines that associate
different energy consumptions and throughput depending
on the cement grade they are producing. Furthermore, mill
operation cannot be arbitrarily short: once the production of
a grade has started it has to go on for a given minimal time.
Finally, there are fixed startup times and switching from
one cement grade to another also takes predefined amounts
of time.

Using customer orders and energy price forecasts an outer
loop MPC is executed (at least once a week) and its out-
put is used as a reference schedule for mill operation. Here
the functional f 1

0 (see (8)) represents costs associated with
electricity consumption and the amount of low grade ce-
ment produced (cement produced during the switch from
one grade to another). Electricity cost reduction is achieved
by committing the production to time periods where the
electricity tariffs are lower, and by managing the mills in
such a way that contracted thresholds of maximum elec-
trical power are not exceeded. Reductions of low grade
cement are obtained by penalizing the number of produc-
tion switches. The cost functional also includes components
related to soft constraints.

However, as discussed in Section 1, unplanned events such
as component failures or unexpected sales are frequent.
Thus, an inner loop MPC is used to react to these dis-
turbances. In this phase state variables are the silo lev-
els, while the control variables are the switching com-
mands to the mills, see Equation (9). The cost functional is
a weighted sum of deviations from the values given by the
outer loop MPC reference schedule. The typical sampling
time is one hour.

In addition to physical constraints (silo capacity and mill
availability) the following constraints must be fulfilled:

• Transition time: Whenever there is a change of grade
being produced by a mill, there might be a time delay
during which the mill throughput is conveyed to a spe-
cial silo.

• Order satisfaction: As input, the optimization algorithm
requires sales forecasts for every grade. If the com-
plete sales forecast cannot be fulfilled, the algorithm will
choose which grade to produce first according to a given
ranking.

• Conveyor belts: There are constraints on the conveyor
belt system for transporting the cement from the mills to
the silos. For example, there might be three mills but just
two independent conveyor belts. However, multiple mills
can simultaneously discharge the same cement grade to
the same conveyor belt. On the other hand, belts can
serve only one silo at a time, and vice versa, silos can
be served by only one belt at a time.

• Silo content: Clearly, only one cement type can be
stored in a given silo.

An example of rescheduling is illustrated in Figure 4. The
solid line shows pre-computed reference levels for Silo 1
and Silo 2, while the cross line represents the actual silo
levels as measured by online sensors. At time t = 57 there
is a deviation from the reference in Silo 1, caused by a sale
larger than the forecasted one. The inner loop MPC re-
sponse is shown in Figures 5 and 6 for Mill 1 and 2,
respectively. In these figures the new control sequences (up-
per panel) are compared to the pre-computed ones (lower
panel). Note how the inner loop MPC reacts immediately
to the disturbance, committing at time (t = 58) both mills
to the production of grade 1. At t = 74 similar disturbances
are detected in Silo 2. This time the controller response is
not immediate and the deviation is compensated later, at
t = 87. The reason is that the new schedule must fulfill

Figure 4: Silos level.

291



at 6/2003 ANWENDUNGEN

Figure 5: Mill 1: on/off control sequence.

Figure 6: Mill 2: on/off control sequence.

all problem constraints, in this case minimum consecutive
production and transition time.

The following example illustrates Algorithm 2 of Section 2
regarding “user friendly” implementation delays. The con-
troller response to a disturbance occurring at t = 50 h can
be seen in Figure 7. A delay T0 = 3 h was chosen. Note
the difference with the response depicted in Figure 8 where
T0 = 0 h. In the former, the controller reacts immediately at
t = 51 h, while in the latter modifications of the reference
control sequence start only at t = 54 h.

5 Conclusions

In this paper model predictive control and hybrid systems
theory in its Mixed Logical Dynamical system form have
been combined to produce a unified approach for schedul-

Figure 7: Silo level, T0 = 3 h.

Figure 8: Silo level, T0 = 0 h.

ing of industrial processes. Briefly, the main concept is to
design two MPC loops in cascade: an “outer” one respon-
sible for long term economic goals, and a faster “inner”
one ensuring optimal reactions to deviations from the ori-
ginal plan. The ideas have been applied to two industrial
examples and their viability was proven. Finally, in order to
address certain human-machine interface issues a modifica-
tion of the standard MPC algorithm has been proposed. The
theoretical implications of this modification will be matter
of future research.
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