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A systematic framework for the integration of short-term scheduling and dynamic optimization (DO) of batch processes is
described. The state equipment network (SEN) is used to represent a process system, where it decomposes the process into
two basic kinds of entities: process materials and process units. Mathematical modeling based on the SEN framework
invokes both logical disjunctions and operational dynamics; thus the integrated formulation leads to a mixed-logic dynamic
optimization (MLDO) problem. The integrated approach seeks to benefit the overall process performance by incorporating
process dynamics into scheduling considerations. The solution procedure of an MLDO problem is also addressed in this
article, where MLDO problems are translated into mixed-integer nonlinear programs using the Big M reformulation and
the simultaneous collocation method. Finally, through two case studies, we show advantages of the integrated approach
over the conventional recipe-based scheduling method. © 2012 American Institute of Chemical Engineers AIChE J, 58:

3416-3432, 2012
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Introduction

Batch processes have received considerable attention over
the past few decades. Inherent flexibility enables batch proc-
essing to be widely applied to the manufacture of a great va-
riety of chemical and pharmaceutical products. Traditionally,
scheduling and dynamic optimization (DO) of a batch pro-
cess are approached independently. In the scheduling phase,
a production schedule is designed on the basis of fixed rec-
ipes, in which operating policies for all processing stages of
a batch process are stipulated, such as processing times and
control inputs. In this approach, called recipe-based schedul-
ing, batch operations are permissible to be modeled by linear
equations in terms of material balance, and their dynamic
nature has been circumvented. With a few exceptions (e.g.,
Chachuat et al."), dynamic optimization of batch operations
has been investigated only within a single unit environment,
in the absence of complete manufacturing sequences. How-
ever, the rapidly changing global markets and intensive com-
petitive environment urge drastic modifications in current
production strategies. Integrated decision-making approach is
currently playing a crucial role for many chemical compa-
nies for the sake of flexibility and information availability at
all levels of production.2

A vast body of the aforementioned recipe-based schedul-
ing problems has been considered over the past two decades.
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For a batch process to be scheduled, its flow sheet is usually
represented by networked structures utilizing Dbipartite
graphs, e.g., two prevalent representation schemes called the
state task network (STN) proposed by Kondili et al.> and
resource task network (RTN) proposed by Pantelides.* Opti-
mization formulations based on these structures are mostly
posed as mixed integer linear programs (MILPs),”™ or in
certain circumstances, with a few nonlinearities.”' The dis-
crete variables primarily account for tactical decisions such
as unit-task assignment and task sequencing. With the fruit-
ful development of formulation techniques and state-of-the-
art MILP solvers, a practitioner is able to handle fairly large
instances within reasonable computational times. However,
recipe-based scheduling methods pertain to suboptimal and
unreliable production schedules for real-world problems due
to the rigid operating strategy. A batch production sequence
is not completely optimized at the operation level in this
approach, because important degrees of freedom have been
discarded from the process. Meanwhile, a schedule remains
feasible only if every comprised processing stage has been
executed precisely according to its recipe, which, often is
unrealizable in the face of process disturbances and uncer-
tainties.!! As a matter of fact, a trivial variation or delay of
an operation may incur sharp profit losses or even failure of
an manufacturing facility, when no adjustments of down-
stream operations are allowed.

A foreseeable solution to mitigate the problem is to
recover the dynamic characteristics of batch operations, and
directly incorporate them into scheduling considerations.
Bhatia and Biegler'? proposed an integrated formulation for
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the simultaneous design, scheduling and optimal control of
multiproduct batch plants. In this work, the scheduling prob-
lem was discussed in the scope of flowshop plants and a spe-
cial class of transfer policies, and fixed batch recipes were
replaced with detailed dynamic models, which contributed to
the improvement of profitability at a remarkable level. A
more recent work was presented by Mishra et al.,'* where
they compared the so-called standard recipe approach (SRA)
with the overall optimization approach (OOA) in optimizing
general batch plants. The scheduling model was formulated
per the unit-specific continuous-time STN representation,14
where different kinds of transportation and storage policies
can be handled. They fitted dynamic models of the reaction
tasks into the STN framework in the OOA, discretized the
resulting mixed-integer dynamic optimization (MIDO) prob-
lem using a finite difference method and solved it as a
mixed-integer nonlinear program (MINLP). They tested both
the SRA and the OOA in two case studies. In the results, the
OOA achieved better solutions than the SRA. However, as
the authors also highlighted, computational load became the
bottleneck of the OOA that prohibited its practical use.

The objective of this article is to propose a systematic and
computationally efficient approach that applies to the inte-
gration of scheduling and dynamic optimization of batch
processes. To start, we first elucidate how both facets can be
tied together in the context of a state equipment network
(SEN), which is a flow sheet superstructure we rely on to
account for the graphical and also mathematical representa-
tion of a process. In addition, we show the development of a
hybrid discrete-continuous model based on the SEN that
eventually gives rise to a mixed-logic dynamic optimization
problem (MLDO)."® Solution methods of MLDOs are dis-
cussed along with reformulation techniques for disjunctions
and differential algebraic equations (DAEs). Many successful
research studies on discrete dynamic systems have been
reported from various fields, e.g., integrated design and con-
trol,'® synthesis of rice drying processes'’ and simultaneous
scheduling and control optimization in polymer grade transi-
tions.'®!” In this work, we elaborate on a procedure to trans-
late MLDOs to MINLPs, which is coupled with the Big M
reformulation approach20 and the simultaneous collocation
strategy.21 Thus, the problem can be solved with the help of
off-the-shelf MINLP solvers. Finally, two illustrative exam-
ples are studied to demonstrate the strengths of the inte-
grated approach.

Problem Statement

The integrated approach aims at improving the overall per-
formance of a batch process by simultaneously optimizing its
production schedule and corresponding control profiles of the
process units involved. The problem can be stated as follows:

Given:

Plant configuration

® a set of process units and their usages

e feed materials, intermediate and final products and their
constituents

e information on production sequences or steps

Scheduling preknowledge

e a fixed scheduling time horizon (except for makespan
problems)

e target performance index, e.g., maximum profitability,
Minimum makespan or earliness

e transfer policy for each material

AIChE Journal November 2012 Vol. 58, No. 11

Published on behalf of the AIChE

® procurement price of raw materials

e market price, demand and quality requirements of final
products

e market price of utilities consumed in batch operations

Process dynamics

e dynamic (or simplified) models of process operations

® bounds on state and control variables corresponding to
possible process operations

e additional constraints regarding safety and quality issues

Determine:

e optimal production sequences and timings of all batch
units

e optimal control profiles of batch units

e optimal performance index value

Admittedly, a desired comprehensive scheduling formula-
tion is expected to handle many aspects of manufacturing
considerations: order fulfillment, product transitions and
shared resources, to name a few. Albeit simplified, we will
restrict our problem to a more concise status, where the
objective is to maximize the net profit at the end of schedul-
ing horizon with no change-over delays and fulfillment dead-
lines, while the unlimited intermediate storage (UIS) policy
is assumed. Nonetheless, extensions can be carried out
within the SEN infrastructure, using similar techniques
developed for the STN and the RTN.*

The state equipment network

Conventionally, short-term chemical batch process sched-
uling problems have been represented via network structures
using the “task” as one of their basic elements. The term
task refers to any abstracted process operation that is able to
change chemical or physical properties of process materials
for manufacturing purposes, e.g., heating, reaction and sepa-
ration. Production schedules are designed by allocating all
possible tasks over the time domain under the guidance of
product recipes and scheduling algorithms. The rationale for
introducing the task concept is to avoid the inclusion of
complex dynamic details of equipment units and their opera-
tions, and therefore one can easily focus at the tactical level
decisions of a process. But in the integrated scheme, process
equipment becomes a better reference for the description of
process dynamics than processing tasks. Because in this cir-
cumstance of existing equipment, it is conducive to specify
the configuration of equipment first, and leave the selection
of process operations for each unit as a second stage deci-
sion. And also, process variables are directly associated with
concrete process units rather than conceptually built process-
ing tasks; mathematically, all state and control variables in
dynamic models persist as physically meaningful entries
only when they are defined with respect to batch units. Thus,
to open the door to integration, an alternative equipment-ori-
ented perspective is needed. The state equipment network
framework suits the context. In the SEN, complete connec-
tivity of all process units is postulated and these units are
described in the form of rigorous models without preas-
signed tasks.”> The SEN was originally intended for process
design and synthesis problems, and quickly found its way
into a wide array of applications, particularly in continuous
chemical processes.”**> One of its major advantages is that
it provides a consistent modeling strategy and proper han-
dling of units that operate under different operating modes.

The original SEN framework adopts a directed graph with
two basic types of nodes to represent a batch process. These
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Figure 1. An illustrative example of applying the state equipment network.

nodes are namely, the state nodes, including all sorts of
materials involved in the process; and the equipment nodes,
containing all processing units in the plant. However, a strik-
ing feature of batch plants is their capability of flexible man-
ufacturing, which invokes discrete time-varying behavior of
process units, such as switching between different opera-
tions, start-ups and shut-downs. As a result, the mathematical
description of an equipment node is subject to change over
time as well as the connectivity of a SEN graph. Therefore,
an additional temporal dimension of combinatorial decisions
has to be incorporated into the original SEN to designate the
status of equipment nodes. As equipment and material state
nodes are connected by directed edges alternatively, a sched-
uling problem can be reinterpreted as routing material flows
through the network. Last but not least, since a batch unit
may accommodate multiple operations, the term state here
can also be defined as an operational status of the unit. To
avoid ambiguity, we will use the term operating state to
indicate operation and the term material to refer to material
state.

To better interpret how the SEN tackles a batch schedul-
ing problem, a simple instance of a single-stage batch plant
is depicted in Figure 1. The unit serves for two different
manufacturing purposes. It converts the corresponding feed
material to the product, if switched to a particular operating
state. This plant has three possible setups, shown in Figures
la-c. The SEN representation drawn in Figure 1d is able to
capture all these three potential configurations of the system
and postulate them together with disjunctive propositions
(the idle state is included implicitly).

By definition, the SEN disaggregates a process flow sheet
into materials and equipment with time variant operating
modes to attack batch scheduling problems. Therefore,
designing a schedule can be also conceived as managing the
sequence of equipment operating states along with material
distribution. As a result, a production schedule declares
when and how to switch unit operating states while material
transportation is executed instantaneously as an accompani-
ment of state transitions. In certain occasions where the exe-
cuting times for material transfers cannot be neglected, the
transfer operations can be treated explicitly as unit operating
states.

Model formulation
The discussion of the integrated formulation is staged into
two steps. First, starting with considering the problem as a
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whole, we show how the scheduling approach use the SEN
to sequence, size and time batch operations. Most of the
efforts are devoted to issues like material balance in net-
work, assignment of operating states and measurement of
material qualities. These site-wide level decisions are essen-
tial to line up a manufacturing sequence. In the next section,
dynamic models of operating states are explored to disclose
further details in the operation phase, and dynamic optimiza-
tion of unit operations is performed with these models.

Scheduling using the SEN

Time representation, as a key criterion to distinguish
scheduling formulations, is open to many choices.?’ It deter-
mines the skeleton of the resulting optimization models. To
better suit the equipment control perspective, the model in
this article adopts the unit-specific event-based continuous-
time representation,28 where a scheduling horizon is divided
up into a finite number of event slots for each unit. These
slots are named in the sense that they have the capability to
turn operating states on and off at the beginning and the end
of them, respectively. These slots can be asynchronous from
one unit to another, thus the scheduling formulation asks for
a group of sequencing constraints to adjust the global
sequencing behavior among different pieces of equipment.
Moreover, for each process unit, its operating states in event
slots are labeled with a series of binary variables w;,. The
remainder of this section will take the reader through the
five major aspects of scheduling considerations in the SEN.

Assignment Constraints. In these constraints, operating
states are allocated in both units and time horizon.

S wa <1 VjeTneN )

SES;

In Eq. 1, binary variable w;, indicates unit j is in operat-
ing state s in current time slot n, if equal to 1. In the SEN
representation, operating states of the same unit are exclu-
sive of each other because equipment can not be shared. In
addition, it is also possible that the unit is not occupied by
any operating states during certain periods of time such that
all binaries are equal to 0. In short, the assignment of operat-
ing states allows at most one operating state to be active in
a unit per event slot.

Material Balance. An event point is defined as the time
point where an event slot starts. At such a point, balance
equations are enforced for every material r to keep track of
its available amount, before moving into the next time
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interval. Moreover, at event point n, materials that are not
used by any process operation executed in event slot n are
termed as excess materials E, .

E,A,n = E,',n—l + Z Rj’),r,n_1 - Z R;ia‘,r1

Vre R,neN,n>1

= jeT
(2a)
Ey=Eog—Y R, — VreR (2b)
ey
Eo=E  VreR CR (2¢)

Equation 2a states that the amount of excess material r at
event point n equals its value at the previous event point n
— 1 adjusted by the amount consumed within slot n, and
produced within slot » — 1; however, at the first event
point, no production is yet to be obtained (Eq. 2b). A pro-
cess material can be generated or consumed by one or sev-
eral units, denoted as subsets J2 and J, respectively. The
initial amount of material r (E,() may be specified accord-
ingly as stated in Eq. 2c. Usually, the initial amounts of
intermediate and final materials are assigned to the given
parameters E., while the amounts of raw materials of
procurement cost remain variables, i.e., in Eq. 2c set
R = R\ Riaw-

Capacity Constraints. Typically, the extent of a batch
operation is limited by the vessel size of the equipment used
and also pertinent process safety considerations. Equation 3
helps enforce these restrictions on the batch size b; .

D> WisaBM < iy <Y wiBM Ve TJ,neN (3)

SES; SES;

Meanwhile, the amount of excess material £, must stay
within a certain range that is stipulated by regulations such
as safety stock, storage limit and so forth (Eq. 4). Like other
unit-specific formulations, £, does not necessarily agree with
the material inventory in real time, since event points of
units are most likely asynchronized. In this formulation, we
avoid this problem by assuming the UIS policy. Neverthe-
less, rigorous treatment of other operational policies can be
amended at the cost of additional variables and constraints.?

EMN <E,,<E™  VYreRneN )

Timing Constraints. In this continuous-time formulation,
the nth event point of batch unit j is denoted as T, and the
associated processing time of the unit is called Tp;,. Since the
number of these timing variables is proportional to the number
of batch units, the SEN generally leads to smaller size models
compared to the conventional task-oriented formulations. To
sequence operations, Eq. 5 is first applied to individual units.
Here, no overlapping is allowed for any neighboring pair of
event slots of a unit, i.e., the starting time of an event slot can-
not be earlier than the time when its precedent slot ends.

TjJH»l Z’Tj,n‘i'ij,n Vjej,l’leN,}’l <N (5)

Besides, to obtain appropriate alignments of event slots of

different units that use the same intermediate material, a sec-
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ond group of constraints is introduced. For instance, if mate-
rial r is produced by unit j at the end of time slot n, and
another unit j has active operating state s’ in event slot n’ (n
< n') that consumes the material, then event point n" of unit j
should be placed after the end of slot n of unit j in real time.

Tpo 2 Tjn+Tpjn —H| 2= 3 wisn—
se§NSP

VreR,jeTP, €T j#] nn eNin<n <N (6)

E Wi

s ES// NSy

This constraint is only enforced when both the production
and consumption actions take place, thus it is relaxed by a
big M term with constant H, which is the given scheduling
horizon. And also, all processing operations should be com-
pleted within the specified time horizon for a valid schedule.
For this reason, a group of bounding constraints are intro-
duced as Egs. 7 and 8.

T, <H VYjeJne~N (7

Tin+Tpjyn <H vjieJ 3)

Quality Measurement. This set of variables and con-
straints does not appear in conventional batch scheduling
models, due to the assumption of well-executed recipes.
Under this assumption, no quality giveaways will occur after
running a batch for multiple times, and therefore there is no
need to retain quality information. However, when operational
strategy varies in time, it consequently results in variations in
material quality, such as concentration distribution in a mix-
ture. To account for this in the integrated scheme, we define
N,.n as the fraction of component ¢ in excess compound ma-
terial 7 at event point n, as well as its counterpart ¢;, ., for
material r produced by unit j at the end of event slot n. Mate-
rial flows coming from different sources are likely to have
nonidentical composition distributions. A way to deal with
this is to assume a blending before using regulation, that is,
newly produced materials are fully blended with inventories
before they are used in the next processing stage. Under this
circumstance, an excess mixture after blending has the aver-
aged composition of all source flows, and the quality of the
materials is measured by the mean value as shown in Eq. 9.

p
(nigc',nflEl‘,nfl + Zjejﬁ (bj,r,c‘nfle?r,n—l)

(EI‘JI*I + Zjej}? R/}').nn—l)
VireR,ce€ConeN,n>1 9)

’1;3,(-‘,;1 =

On the other hand, to ensure specific requirements of
material quality, especially for final products, additional con-
straints are enforced to restrict 7, .,. These constraints can
be generally written as Eq. 10.

H('/Ir,c,na ﬁr,(') > 0

Without a doubt, many other quality targets can be
applied, such as physical and mechanical properties. This is
permissible through the use of the SEN, because the quality
of a (final or intermediate) product can be essentially related
back to the operating condition of associated operating
states. Mathematically, the quality can be written as a

VreR,cc€CneN  (10)

DOI 10.1002/aic 3419



function of the state and control variables of a dynamic pro-
cess model, which we discuss in the following section.

DO in the SEN

Dynamic optimization for a given batch operation batch
operation determines its optimal control profile in continuous
time. To date, numerous rigorous optimization applications
have been successfully practiced in continuous process indus-
tries. However the extension to batch processes encounters
great challenges, due in part to the discrete nature of batch
operations. The SEN-based framework offers a great opportu-
nity to model such a hybrid discrete-continuous system. For
an operation, the dynamic model is couched in continuous
time with a finite time length. In terms of process scheduling,
the discrete decisions are represented via discrete events tak-
ing place at distinct time points. Logical disjunctions are
applied to tie the discrete and the continuous parts together.
On the other hand, it is also worth to note that dynamic mod-
els at different knowledge levels of process details are gener-
ally applicable in the SEN, from the most sophisticated first-
principle dynamic models®® to reduced order models®' of var-
ious degrees of accuracy. An appropriate choice among these
models is also a critical issue to balance the information cov-
erage and the computational complexity of an integrated
model. In this article, we use first-principle dynamic models,
by virtue of their accuracy over wide operating ranges.

Dynamic Models of Operating States. The residence time
of a batch operation is finite but unknown in advance, which
means, DO of an active operation state is performed within
a receding time horizon of a variable length. Transforming
the time coordinate into unit length includes normalizing the
integration time to 7 € [0, 1] and applying the chain rule to
all time derivatives. With this, we can further write the
dynamic model of a operating state as a generic DAE system
with bounded states, controls and processing times.

dzj (1)
dt

= 152 (0), 370 (), jn () TP

gi,s(z.i-n.(f)vy./ln(f)v Ujn(t)) =0
Zst < zja(T) < 2
yi < yia(t) <y
Wi < (1) < Wl

Tpi\" < Tpja(t) < Tpi*

VieJ,s€S,neN

(1)

In Eq. 11, all the variables are defined over unit j. How-
ever for different operating states of the unit, the dynamic
models are constructed in dissimilar manners. Furthermore,
the dynamic DAEs used here are preferred to be of index
one and reformulation is recommended for higher index sys-
tems, so as to guarantee solution uniqueness and numerical
robustness.*

In addition to Eq. 11, the initial condition of the differen-
tial state variable z;,, must be specified. Both the batch size
and the inlet material quality are considered as the input var-
iables to the dynamic system, given in Eq. 12.

Z.fvil(o) = Zj',s (bj-na nr,(',n)
VieJ,seSreR,ceC,neN (12)

Material production and consumption are important varia-
bles that link the intrinsic dynamic system of a batch unit

3420 DOI 10.1002/aic

Published on behalf of the AIChE

to external plant environment. Often in practice, input
materials are considered to be consumed at the beginning
(t = 0) while output products become available when an
operation ends (t = 1). And over the time interval, the
batch unit is occupied. Here, material inputs and outputs
are described via functions of state variables as shown in
Eq. 13. However, for semi-batch operations where feed
materials are continuously transferred into a unit, the con-
sumption functions can be integrals over the residence
time.

Ri)',n = R_?s(zjyﬂ(l)vyj-"(l))
R]C',r,n = RJC,Y (ij" (0)7y1”(0))

VieJ,seS,re R, neN
VieTJ,seS,reRi,neN
(13)

Likewise, product quality can be written as functions of
state variables as well. Moreover, a quality measurement
function may be path dependent, i.e., in the form of an inte-
gral over time t = [0, 1]. In general, Eq. 14 is able to repre-
sent product quality with proper definitions of state varia-
bles.

qu.r‘c.,n = ¢j,x(z_/,n(f)ay./‘-n(f)>
VieJ,seS,reRl,ceC,neN,te€(0,1] (14)

Like excess materials, a product material of an operation
may also be subject to certain quality standards, given by pa-
rameter qu‘,.,L.. Usually, quality giveaways are allowed only
within a tolerance and quality restrictions are enforced (Eq.
15).

d)j‘s(d)j,)‘,(‘,n7$j,r,(‘) >0 V] €J,s€ S]?" € ’R’E7C €Chne N

s)

Taking the operating cost of an operation into account is
also important for the integrated formulation, since it is one
of the major concerns in running a batch plant. In particular,
utility charges are a dominant fraction of the total cost, so
that in this study we consider them as the main subject. In a
deterministic scenario without price fluctuation, the cost of
running unit j within slot n (F;,) depends on the operational
conditions: the active operating state, process control inputs,
execution times and batch size.

Fj‘,, = Fjﬁs(uj,n(f)aij,mbjﬁn) V] S j,S S Sj,l’l S N,’L' S [07 l]
(16)

Disjunctions of Batch Units. As we described earlier, in
contrast to task-oriented networks, the SEN regards different
operating states as individual dynamic systems inside dis-
juncts but with a consistent variable definition. Therefore,
the disjunction for a unit comprises the disjuncts of the oper-
ating states that the unit can perform. Besides, one additional
disjunct is added to account for equipment idling. In the idle
state, no dynamic equations are needed to describe the
behavior of the unit, and all of the interfacing variables such
as material production and consumption are fixed to zero.
The modeling approach is usually addressed as generalized
disjunctive programming (GDP).*? It recasts discrete optimi-
zation problems into logic-based models, offering structural
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advantages both in model formulation and solution.** In the
context of the SEN, a disjunction captures the essence of
exclusive choices between operating states with the assis-

Wijsn = 1

= fis(20(0), 3in (), 40 (2)) T
8j5(Zin (1), Yjn(7), n (7)) = O
2 <z, (1) < 2
YR < yia(t) <
)

mm < l/t/ n(.L. < Mmdx

dzj (1)
dt

Tp}‘flln < Ipju(r) < Tp™
21n(0) = Zj.s(bjn, Ny c.n)
R}, =R} (z1a(1),yjn (1))
R/Cz n= chys(zjm( ), ¥in(0))
¢j,r,c.n = d)j‘x(z_l]ﬂ( ), Yjn(1))
Fin = Fis(un(t), Tpjn; bjn)

q’ﬁs(‘l”j,r,o,n,d’j,r.c) >0 5€S;

—_—

Integrated scheduling and DO

In the integrated formulation, the objective function is to
maximize the revenue for a given scheduling horizon, which
is equal to product sales minus raw materials and operating
costs. The total amount of products that are made to sell are
counted at the end of the last event slot. Meanwhile feed-
stock is purchased in advance and cost of unit operations is
accumulated along the time horizon. On the other hand, the
constraints of the integrated formulation come from both the
scheduling and unit operation respects. In sum, the problem
can be stated as Eq. 18.

max Z P.(E:n + ZRf)rN) - Z P.E.o— Z Fin

7€ Roprod jeg? 7€ Rraw JET neN
Assignment constraints Eq. 1
Material balance Eq. 2
Capacity constraints Egs. 3,4
S Timing constraints Egs. 5—8
Material quality Egs. 9,10
Unit operation Eq. 17
(18)

Tightening Constraints. A good lower bound from solving
relaxed problems is always preferable for solving a mixed-inte-
ger program. For this reason, a number of redundant constraints
are recommended to be added to the foregoing formulation.
These auxiliary constraints help improve the tightness of the
formulation and therefore accelerate optimization search.

Tightening timing constraints. As studied in the context of
conventional batch scheduling problems in linear form, tim-
ing constraints are a critical determinant of the tightness of
the corresponding relaxed linear programs.”’ We keep the
use of a good tightening constraint, which states that the
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tance of assignment constraints. With this approach, dynamic
models of operating states are organized by disjunctions as
Eq. 17 states.

i Z Wisn = 07

sES;
R =
V| o | YedneN e, (17)
Jr,n
Tpjn =0
L Fj,n:O

summation of processing times of any unit over all event
slots needs to be less or equal than the length of the schedul-
ing horizon.

vieJd (19)

Z ij,n < H

neN

Mass balance of a unit. Although the production and con-
sumption of materials are (generally nonlinear) functions of
state variables, the linear mass balance relationship still
holds for each process unit. The rationale for preserving the
mass balance equations is to assure the material conservation
law for the relaxed problem, where the integrality require-
ment on binary variables is dismissed. In Eq. 20, balance
equations are written with respect to individual units.

ZRIVN ZRIVI'I

rE’RP reRrs

VieJ,neN (20)

Overall Formulation. With all the elements at hand, the
overall formulation is ready to be demonstrated. It presents
as an MLDO problem, including Eqgs. 18-20. The formula-
tion carries out scheduling and DO simultaneously, and there
are two important factors that need attention when applying
this formulation. First, as pointed out in Li and Floudas,* a
proper number of event points is conducive to balance
between the optimality and the computational complexity of
an event-based scheduling formulation. Second, the scale of
dynamic models used in the formulation is of equal impor-
tance in determining its performance.

Reduced Models of Recipe-Based Operating States. For
batch units that do not require dynamic optimization in the
SEN, the recipe-oriented strategy can still be accommodated
by reducing dynamic models. As the process control inputs
and processing times are fixed according to recipes, state
profiles are only functions of initial conditions of

DOI 10.1002/aic 3421



BigM Simultaneous
MLDO - . MINLP
Reformulation Collocation

Figure 2. Reformulation of MLDOs into MINLPs.

differential variables. Therefore for a dynamic model of an
operating state, its performance indices such as production,
consumption and operating cost can be reduced to functions
of the batch size and quality variables. These functions are
often in simple algebraic form. Furthermore, quality meas-
urements of materials become constants and constraints on
quality measurements can be simplified or even discarded,
when all operation sequences are restricted by recipes.
Under this circumstance, the batch size variables are the
only ones left to quantify the performance of operating
states, where linear equations are frequently encountered.
This gives rise to a reduced problem without dynamic and
quality variables. The reduced problem can be conceived as
a typical recipe-based batch scheduling problem and recast
as an MILP. It is also worth to note that any solution of
the reduced problem completed with the constant values of
the dynamic and quality variables is still a feasible solution
of the corresponding full space problem. In fact, the best of
these solutions is often a good initial guess to start with for
solving the full problem.

Solution Strategy. The integrated model is in the MLDO
form which requires reformulation so as to be solved by
existing optimization algorithms and solvers. On one hand,
one needs to cope with DAE systems; on the other, disjunc-
tions also demand relevant treatments. Several approaches
with complementary strengths are developed for these two
purposes, as discussed below.

There exist two ways to reformulate logical disjunctions,
namely, the Big M method and the convex hull relaxation
(CHR). The convex hull relaxation generally leads to a
tighter relaxed problem at cost of a larger problem size,
compared with the Big M method. Hence, the performance
of these two approaches is problem dependent. In the inte-
grated SEN formulation, however, dynamic models of oper-
ating states are generally nonlinear and nonconvex, such that
applying the CHR risks cutting off the feasible region of an
MLDO. In addition, the Big M method can avoid disaggre-
gating continuous variables that mainly consist of the states
and controls of dynamic models. Furthermore, we choose an
enhanced version of the Big M method called the Multi-M
reformulation. In this approach, nonidentical Ms are allowed
to be associated with different equations in a disjunct, and
they are set to values as small as possible, while being suffi-
ciently large to preserve equivalent feasibility. This tech-

Reactor

Filter Distillation

nique provides a tighter reformulation than the conventional
Big M approach without increasing the size of a problem.*

An integrated scheduling problem is translated to MIDO
form after transforming disjunctions. In practice, MIDOs can
be solved either in a decomposed manner or in a discretized
full space. Decomposition techniques, such as the general-
ized Benders decomposition (GBD) and the outer approxi-
mation (OA), split an MIDO instance into two parts: a mas-
ter MILP problem and a primal dynamic optimization (PDO)
problem. The dynamic subproblem is usually addressed with
sequential approaches,37 and the overall problem is solved in
a loop via a sequence of MILPs and PDOs.*® On the other
hand, in the simultaneous collocation method, all input and
state variables in DAEs are discretized over finite elements
and this results in a large set of sparse nonlinear equations
that are tractable for nonlinear solvers.>’ By this means,
MIDOs are converted to MINLPs.

In this study, we obtain reformulated MINLPs that can be
highly nonconvex with the procedure depicted in Figure 2.
For a nonconvex MINLP, the global optimum is usually
very expensive to compute, even for medium-scale applica-
tions. Therefore, we accept good local solutions identified by
local algorithms within reasonable solution times. The
method of choice here is the nonlinear branch and bound
(B&B) approach. In addition, we develop an initialization
phase to accelerate the optimization algorithm: it first starts
with obtaining the optimal solution of the recipe-based case
(often MILP), then a continuous nonlinear optimization of
the integrated model is carried out via fixing production
sequences (binary variables) to the recipe solutions. Finally,
the integrated model is solved departing from the solution
generated by the previous step that is consistent with
dynamic models with controls fixed.

Case studies

We test the integrated formulation in comparison with the
recipe-based approach to show the benefits of incorporating
dynamics into scheduling. In the recipe-based approach,
batch recipes are given in advance which contain fixed val-
ues of control inputs and processing times of operating
states. With these, we reduce the integrated models to their
equivalent linear counterparts. The reduced models are recast
and solved as MILPs (see the appendix for details) to deter-
mine the corresponding optimal schedules for the recipe-
based case. Nonetheless, the integrated models maintain full
degrees of freedom in control, covering detailed dynamic
and quality information. In this work, we create all the mod-
els in the GAMS* environment and apply CPLEX*' as the
MILP solver, while SBB*? is used to solve MINLPs using

Distillation|Column

Reaction

Feed
A

Filtration

2

Prod
1 1
9 ------- jation
Distillation

Figure 3. State equipment network for the flowshop plant.
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Figure 4. Gantt charts of the flowshop plant case.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 5. Optimal operating profiles for Reactor.

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

CONOPT* as the nonlinear subsolver. All these calculations
are performed on a 64 bit Windows system with Intel Core
i7 CPU 2.8 GHz and 9 GB RAM. Two case studies are con-
sidered. In the first, a simple three-stage two-product process
is studied; next, we test the integrated approach on a more
complex jobshop plant. These two examples are typical
batch processes and the models are based on typical batch
unit models such as in Bhatia and Biegler,12 as well as other
literature references. For detailed information including
scheduling parameters and unit dynamic models, please refer
to the appendix.

A Flowshop Plant. The flowshop plant in this case study
consists of a batch reactor, a filter and a distillation column.
Two species of products that differ only in purity are pro-
duced following the same three-stage procedure described by
the following material and operating states

Distillation1
—  Productl
—Recyclel

Filtrati
IntABC ' —="" Int
—WasteC

Reaction

FeedA — AB

Distillation2
—  Product2
—Recycle2

IntABC "™ Int

— WasteC

Reaction

FeedA — AB
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To represent the flow shop using the SEN framework,
there need to be three units (Reactor, Filter, Distillation Col-
umn) with four operating states (Reaction, Filtration, Distil-
lation 1, Distillation 2) and eight material states (FeedA,
IntABC, IntAB, WstC, Rcyl, Rcy2, Prodl, Prod2) in the
graph as shown in Figure 3. For the two distillation states,
Distillation 1 lasts longer with a smaller constant reflux ra-
tio. Thus, distillate Product 2 is purer than Product 1. As a
typical reaction-separation process, reaction and distillation
states are recognized as the key stages where process dy-
namics can expect considerable benefits, so we embed
dynamic models for all these stages and operate the filter
without optimization of the control.

The time horizon of interest lasts for 7.5 hours, and
Product 1 and 2 are produced once for each within the
time window. The number of event slots are determined by
running the recipe-based MILP model, where the total
number of event slots increases from a small value until no
improvement on the objective can been achieved by adding
more slots. In the integrated formulation, the same number
of slots is used to align with the recipe-based model,
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Figure 6. Optimal operating profiles for Distillation Column.

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

though a larger number may improve the optimum. In this
example, both models adopt four event points to capture
the sequencing behavior. Besides, the integrated model pro-
vides both discrete-time and continuous-time control strat-
egies for operational decisions. To approximate the dynam-
ics accurately, eight finite elements are used inside each
event slot, along with a two-point Radau collocation
scheme.

We solve both the integrated and the recipe-based formu-
lations and draw the optimal schedules as Gantt charts in
Figure 4 for comparison. Active operating states are depicted
as patterned slots. In each slot, the number within brackets
indicates the corresponding event number, and the following
number is the batch size. In this example, the sequences of
operations are the same for both formulations, but the tim-
ings are dissimilar. In both optimal schedules, the reaction
and the distillation states are executed twice. However in the
integrated case, the processing times show run-to-run vari-
ability in both dynamic operating states. In addition, the
optimal control profiles of the two dynamic units are drawn
in Figures 5 and 6. The dotted lines sketch the simple oper-
ating strategy specified by the recipe, while the solid lines
represent the optimal dynamic curves obtained from the inte-
grated model. It can be seen that an operating state may be
executed differently in its individual appearances in the inte-
grated model, such that the degrees of freedom in unit opera-
tions are fully explored by this method.

Some important data from the model statistics and solu-
tion are listed in Table 1. Because the same number of event
slots is used, the two models have equal numbers of binary
variables. However, the integrated model requires an addi-
tional group of continuous variables and constraints to
account for the process dynamics that the recipe model has
not taken into account. These variables and constraints con-
sequently increase the problem size and bring in nonlinearity
and nonconvexity. Since the scale of this example is rather
small, both models can be solved fully such that the gap
between the original problem and its relaxation is closed. In
the recipe case, the optimum is even found at the presolve
stage by CPLEX. On the other hand, SBB explores 88 nodes
and finds the best solution at node 64 for the integrated
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model. In terms of the objective value, the net profit gained
by the integrated approach is 36.0% higher. This improve-
ment of profitability is very promising, though additional
control devices may need to be invested to implement the
dynamic control strategies. As an outcome of the integrated
decision-making approach, the reactor and the column are
operated cooperatively. For instance, in the manufacturing
sequence of Product 2, the reactor prepares a purer intermedi-
ate material compared with that of the recipe-based model by
using a longer processing time (2.24(hr) vs. 2(hr)*) and a
dynamic temperature curve (Figure 5). To be more specific,
after removing waste component C by the filter, the purity
levels of intermediate product IntAB are 90.7% and 89.5%
(the concentration of component B) for the integrated and the
recipe-based approaches, respectively. As a consequence, the
distillation column is able to run with a 17.3% longer process-
ing time and a reflux profile that has a smaller average value
than the recipe value (see Figure 6), but the products still
meet the quality requirement on purity, which is at least
99.7% for both cases. In the integrated solution, more Prod-
uct 2 can be obtained from the distillation (26.3(kg) vs.
21.3(kg)), even though the batch size of the distillation oper-
ation is slightly less than that of the recipe-based schedule
(see Figure 4). To account for the manufacturing costs, the
same amount of raw materials are consumed in both cases,

Table 1. Comparison of Results for the Flowshop Example

Statistics
Nonlinear
Model Type  Var.(Discrete) No. Var. No. Cons. No.
Recipe-based MILP 153 (16) 0 499
Integrated MINLP 1789 (16) 1240 4338
Solution
Node
Model Profit (MU) CPU time (s) (Best) No. Gap (%)
Recipe-based 407 0.11 0 (0) 0.0
Integrated 554 46.92 88 (64) 0.0

*The former value comes from the integrated solution and the latter is from the
recipe-based solution, and the following pairs follow the same order.
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the integrated model

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

while the operating costs are higher in the integrated case
(512(MU) vs. 457(MU)"). In this example however, the
increment in product sales more than compensates for the
increased cost. There are probably other opportunities for
trade-offs between product sales and manufacturing costs by
adjusting operational level and scheduling level decisions.
The integrated approach is able to take advantage of these
opportunities, and therefore improves the profitability of the
overall process considerably.

A Jobshop Plant. In a jobshop plant, products follow dis-
similar routes of processing steps such that sequencing is no
longer trivial for a scheduler. In this example, the set of
units in the plant contains one heat exchanger, two reactors,
two filters, one distillation column, and two packaging lines.
Three different varieties of products are produced via proce-
dures described by the following material and operating
states.

Reactionl Filtration1 Distillation1 Packagingl
FeedA — IntABC — IntAB  — Rprodl — " Productl
—WasteC —Recyclel
Heating Reaction2 Filtration2 Distillation2 Packaging2
FeedA — HotA — "IntADE — IntDE  — Rprod2 — " Product2
—WasteA —Recycle2
Heating Reaction2 Filtration2 Packaging3
FeedA — HotA — "IntADE — IntDE — " Product3
—WasteA

Both reactors operate Reaction 1 and 2, and similarly, the
packaging lines and the distillation column work for multiple

"These numbers are the total operating costs for the production sequence.
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purposes, but the heater and the filters have dedicated func-
tions. Again, we embed dynamic models for the reaction and
distillation states. The SEN representation of this problem is
shown in Figure 7. In this figure, parallel units that share the
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Figure 9. Optimal operating profiles for Reactor 1.
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Table 2. Comparison of Results for the Jobshop Example

Statistics
Nonlinear
Model Type  Var.(Discrete) No. Var. No. Cons. No.
Recipe-based  MILP 676 (90) 0 1079
Integrated MINLP 4978 (90) 2292 12,507
Solution
Node
Model Profit (MU) CPU time (s) (Best) No. Gap (%)
Recipe-based 1374 0.366 288 (199) 0.0
Integrated 1935 9564 5000 (1602) 67.9

same set of operating states are depicted in a combined
manner, since the possible connections are the same. In this
example, schedules are designed to predict a time horizon of
10 hours, within which six event points are defined. The
optimal schedules of the recipe-based and the integrated
approaches are compared in Figure 8. The optimal operating
profiles of the three dynamic units are depicted in Figures 9—
11, and important data are listed in Table 2. In the Gantt charts
(Figure 8), it can be seen that a larger number of operations are
executed in the integrated case, e.g., one more slot for Reaction
2 of Reactor 1. In the recipe-based schedule, Packaging 2
occurs only once and Packaging 3 takes place twice; but it is
the opposite in the integrated schedule so that the production of
Product 2 is much higher in this case. As described earlier, the
production sequence of Product 2 requires an additional distil-
lation operation than that of Product 3. As a result, Product 2 is
purer (Product 2: 99.3% vs. Product 3: 74.0%) and of a higher
market price (Product 2: 50(MU/kg) vs. Product 3: 20(MU/
kg)). The integrated schedule leads to a better production of
Product 2 that consequently contributes to the increase of profit
(see Table 2), and one should notice that this schedule is not
optimal nor even feasible for the recipe scheme. The result
here shows when controls are allowed to vary, the design of
batch schedules becomes more flexible. For this reason, one
may obtain a product portfolio that differs from the recipe-
based method, and the portfolio can be more profitable as well.

There are three units that operate with dynamic operating
states in this example: Reactor 1, Reactor 2 and Distillation
Column. In the optimal integrated schedule, Reactor 1 con-
ducts Reaction 1 once and Reaction 2 three times consecu-
tively in its first four event slots. For these four active operat-
ing states, the temperature profiles vary with time, while stay-
ing within different feasible regions due to different
restrictions of operations. Again, the integrated model is much
larger in size and better in profitability. In this more complex
example, we observe significant increase of computational
times for the integrated model as the number of discrete vari-
ables grows. Moreover, it becomes prohibitively expensive to
reduce the remaining gap to a small value. During the branch
and bound procedure, integral feasible incumbents are only
discovered at or just above the leaf nodes, so the improve-
ment of the lower bound is rather slow and pruning large size
subtrees is hardly observed. However, SBB is able to discover
good feasible solutions in reasonable times with its default
tree search algorithm. For instance, in the result of this exam-
ple, it finds a good solution at node 1602 after a 3022 CPUs
search, and spends the rest of the time closing the gap until
the maximum node limit 5000 is exceeded. From the objec-
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tive function, the net profit of the integrated approach is
40.8% higher than the recipe-based model, which is even
more promising than the previous flowshop case.

Conclusions

The integrated formulation for scheduling and dynamic
optimization has been developed within the state equipment
network framework and serves for multiproduct and multipur-
pose batch plants. The basic elements of the SEN we use in
this work are identified as material state, equipment and oper-
ating state. With this definition, we focus on the allocation of
operating states over a scheduling horizon and process units to
design batch schedules and provide optimal control strategies
for the execution of active operating states. In the formulation,
scheduling considerations and unit operations are tied to-
gether. Besides, a number of redundant constraints on timing
and mass balance are introduced for the sake of better solution
performance. With this, the problem is modeled as an MLDO
program to best capture the essence and practice of process
integration between the site level and the unit level.

To solve the optimization problem, we convert MLDOs to
MINLPs by sequentially applying Big M reformulation of
disjunctions and simultaneous collocation of DAEs. The
resulting problem incurs nonconvexity from combinatorial
and continuous nonlinear variables. We accept satisfactory
feasible solutions from branch and bound algorithms because
of the low computational load, in comparison with global
MINLP algorithms. To better facilitate the tree search, a
good starting point is obtained via the initialization phase,
where the counterpart recipe-based problem is solved. The
proposed formulation is tested on flowshop and jobshop case
studies and shows advantages over the recipe-based
approach, because dynamic optimization of unit operations
leads to better overall performance of batch units.

Future developments of this work can be elaborated in
several areas. As a two-fold problem, both more sophisti-
cated and comprehensive scheduling rules and better
dynamic models demand our attention. Furthermore, solving
large-scale applications remains difficult for the integrated
formulation, since the resulting nonconvex MINLPs are
computationally expensive. In particular, when solved as
relaxed NLPs, the problem involves a large number of
redundant constraints coming from inactive operating states,
and these constraints burden the NLP subsolver with non-
convexity and degenerate constraints. On the other hand,
branch and bound on integer variables becomes inefficient
when dealing with large systems or long horizon problems,
which have a considerable number of binaries. Therefore, a
decomposition method for solving the integrated problem is
in the scope of our further development.

Notation
Indices

Jj € J units

r € R materials

s € S operating states

n € N event slots/points (staring points of event slots)
¢ € C chemical components

k € K finite elements

g = q € Q collocation points

OIS v N~
([

Sets
J = units
R = materials
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Rproa = final products
Riaw = raw materials
S = operating states
N = event slots
Js = units that have operating state s
J? = units that produce resource r
J¢ = units that consume resource r
RP = materials produced in operating state s
RS = materials consumed in operating state s

RY = materials produced in unit j

R{ = materials consumed in unit j

51]- = operating states that appear in unit j

SP = operating states that produce material r
S¢ = operating states that consume material r
C, = components of material r

K = finite elements

Q = collocation points

Parameters

N = cardinality of set A/
P, = price of material r
H = scheduling horizon

B;™ B™" = upper and lower bound of batch size for unit j
E™ E,™" = upper and lower bound of excess material r

E, = initial amount of material r

hy. = length of finite element k

Q, = collocation coefficients in Runge-Kutta basis
1,1 = initial concentration distribution of r
11, = quality requirement for excess material r

;e = quality requirement for material r produced by unit j

Variables

Wj s, = binary variable indicate state of unit j within event slot n

F;,, = operating cost of unit j within event slot n

E,, = amount of excess material at event point n

E,, = amount of material r at the beginning of time horizon
RP, = production of r by unit j at the end of slot n
= consumption of by unit j at event point n

) = batch size of unit j in state s within event slot n

T;,, = beginning time of event slot n
Tp;,, = processing times of unit j within event slot n

z;,, = differential state variables of unit j within slot n

¥j» = algebraic state variables of unit j within slot n

u;,, = control variables of unit j within slot n

7 = normalized time

1, = fraction of component ¢ in r at event point n
¢ r.en = fraction of component ¢ in r produced by j at the end of
n
Superscripts

min = minimum
max = maximum
p = production
¢ = consumption
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Appendix A: The Flowshop Plant Example
Models of operations

Reaction. The description of reaction kinetics is based on
Arrhenius equation. For simplicity, all the subscripts are
neglected.

Material state transition:

FeedA—IntABC
Reaction formula:
ALLB
B2 C
DAE system:
dc
7: = —uc’ ca(0) =1
deg 2 o
E:MCA—ﬁM cg ¢cp(0)=0 (AD)
d s
% = pucs ce(0) =0

where scaled temperature u is defined to substitute rate constants

ky

, and k,, and the unit used here is m3/(kg hr). While there is no

energy balance equation, the differences in activation energy
can largely affect the trends of the operating temperature as we
can observe from the case study results. The costs of reactions
come from the usage of heating utility of unit price p. The cost

fu

nction of reactors can be described as Eq. A2.

Tp
F :pb/ u(r)dt (A2)
0

Important parameters are tabulated as follows:

Reaction P o TITi" T;’nux Tr)ecipe umin Mmax urecipe
(MU/kg) (hr) m’/(kg-hr)

03 2 3875 15 3 2 1.8 7.9 5
x 1073

AIChE Journal

November 2012 Vol. 58, No. 11

Published on behalf of the AIChE

Distillation. Material state transitions:

Disl : IntAB — RawProd1l + Recyclel
Dis2 : IntAB — RawProd2 + Recycle2

The dynamic models of the distillation states are based on
a simplified tray-type binary distillation column model (four
trays in our study), which has been set up by making follow-

ing assumptions:
e Binary distillation
® Negligible tray holdup

® Tray equilibrium with constant relative volatility o

e Equimolar overflow (constant vapor rate V)

Differential equations:

S=L-V S(0) =b
xh:% (0) =

Constant vapor flow:

V =kb

Composition balance for each tray:

LXl'+Vyl' :LX,'Jr] +Vy,-,1 Vi=2..NT — 1
Lxy + Vyy = Lxa + Vyn-1
Lxy +Vyy =Ly, + Vyp
Phase equilibrium:
o
;= : Vi=1...NT
YT (o0 — 1)x; !
yh_l—i—(oc— 1)x,
At the top of the column:
L
R=—
D
L+D=V

Average purity:
t
X_d/ Ddt = Soxg — S(t)xh(t)
0

Requirements for manufacturing:

Rmin S R S Rmax

.XTd 2 x—dmm

The cost function is defined as below in Eq. A10.

F =pVT,

(A3)

(A4)

(A5)

(A6)

(A7)

(A8)

(A9)

(A10)

According to this model, x; is always decreasing with
time. Hence, to maintain a high product purity, the reflux ra-
tio profiles are generally increasing with time as we can see
in the case study results. The differences between the two
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operating state models lie in some process indices listed in
the following table.

Distillation p o kT s precipe grin gmax grecipe
MU/(m>hr)  mi/kg (h)

1 15 2461646 15 3 2 2 7 4

2 15 24616461.12525 15 2 7 5

Filtration. The goal of a filtration operation is to completely
remove waste components from the resultants of its anteced-
ent reaction operation. We assume the filter is operated on the
basis of established recipes, where processing times are
approximated as linear functions of batch sizes. Besides, pro-
ductions and consumptions are algebraic functions of the
amount and the composition of feed materials. If the preced-
ing reaction is operated identically, then the feed composition
can be treated as a constant. Otherwise, it remains a variable
and the filtration model is nondynamic but nonlinear.
Material state transitions:

IntABC — IntAB + WasteC

Production and consumption:

R?ntAB =(1- ’hmABc,C)b

Ry = Nnase,cb (A11)
R?ntABC =b
Operating cost:
F = Riyap + 4R%c (A12)

Reduced MILP Formulation. The recipe-based models we
use to compare with the integrated formulation are linear
without dynamic variables, quality variables or correspond-
ing constraints. The reduced problem can be reformulated as
an MILP and solved for the same objective function as the
integrated formulation. Here, instead of the original disjunc-
tive DAEs, unit operations are described through Eq. A13.

Wi = 1 _
R, =bi, (VreR?) g Wisn =0
R_/C',r.n = lu_;‘:,sbfﬂ (Vl‘ € R?) RP — 0

J,r.n
R =0 (VrgRP :
i,)ﬁn ( U ¢ i) \/ R_]?.l‘,n =0
Rj,r.n =0 (v" & Rs) Tpjn = 0
Tpjn = %js + Bysbjm [ Fin=0
_Fj,n = Vj,gbj,n B
VieT,neN (A13)

The parameters (a,f,y,4°,u) are obtained via simulation
based on predefined recipes which in this study we deter-
mine manually. For each sequence of operations to make a
product, we start with simulating the first stage with known
controls, processing times and initial conditions according to
the recipe of the operation. Then the procedure is repeated
for the subsequent stages, using the information from the
recipe and the calculated precedent stage. Parameters for this
example are listed as follows:

3430 DOI 10.1002/aic
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Ret Fil Disl Dis2

ou(hr)
Reactor 2
Filter 0.8
Column 2 1.5
p(hr/kg)
Reactor 0
Filter 0.02
Column 0 0
7(MU/kg)
Reactor 3
Filter 1.405
Column
1E(+-)
FeedA -1
IntABC 1 -1
IntAB 0.865 -1 —1
WstC 0.135
Reyl 0.342
Rcy2 0.589
Prod1 0.658
Prod2 0.411

4.938 3.704

Scheduling parameters. Material information:

Component Parameter

P EO Emax Emin
Material A B C 0 (MU/kg) (kg) (kg) (kg)
FeedA v 5 var 400 O
IntABC v/ v v 0 0 400 0
IntAB v v 0 0 400 0
WstC 0 0 400 0
Prodl v v B > 99.5% 30 0 400 O
Prod2 v v B>99.7% 45 0 400 0
Reyl v v 0 0 400 O
Rey2 v v 0 0 400 0
Equipment information:

Unit Operating States B™™ (kg) B™™ (kg)
Reactor Rcet 60 30
Filter Fil 60 30
Column Disl1,Dis2 60 30

Appendix B: The Jobshop Plant Example
Models of operations

Reaction. 1In this jobshop example, Reaction 1 is the same
as the reaction operation in the flowshop case, and dynamic
model for Reaction 2 can be written out similarly, wherein
the unit of rate constants is per hour.
Material state transition:
HotA — IntADE

Reaction formula:

AD
AMLE
DAE system:
Y+ pu)es ea(0) =1
— = —\Uu u )c C =
dt A A
dc
7;) = ucy CD(O) =0 B1)
‘%E = Butc c£(0) =0
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Important process data:

Reaction 2 p o Tnin max precipe g min g max - recipe
(MU/kg) (/hr)
3 2 05 1.5 2 03 15 07

Distillation. The dynamic models are in the same form as
the flowshop case with different constituents of the binary

mixtures, and parameters for Distillation 1 and 2 are listed

IntADE — IntDE + WasteA

Production and consumption:

R{,mDE = (1 = NinapEa)b
RngtA = NintaDEAD

c — b
IntADE b7

Operating cost:

F= R})mDE + 4Rgvm

(B2)

(B3)

Heating and Packaging. These operations are described via
linear equations based on mass balance. Information on deter-
mining processing times and operating costs can be found in the

as follows:
Distillation 14 o k T;)nin e T]r)ecipe RMin pmax precipe
MU/(m*hr)  (m’/kg) (hr)
1 1.5 246 1.646 302 2 7 4

L5 320 1.646 112525 15 2 7 3

Filtration. Filtration 1 is the same as the flowshop case.

For Filtration 2:
Material state transition:

Reduced MILP formulation

reduced MILP formulation, discussed in the following section.

Unit operations are described through Eq. A13, where the

parameters are listed as follows:

Hting

Rctl

Ret2 Fill Fil2

Disl

Dis2 Pckl Pck2

Pck3

o(hr)
Heater 1
Reactorl
Reactor2
Filter1
Filter2
Column
Linel
Line2
B(hr/kg)
Heater
Reactorl
Reactor2
Filterl
Filter2
Column
Linel
Line2
y(MU/kg)
Heater 1
Reactorl
Reactor2
Filter1
Filter2
Column
Linel
Line2
W)
FeedA -1
HotA 1
IntABC
IntADE
IntAB
IntDE
WstC
WstA
RProdl
RProd2
Reyl
Rey2
Prod1
Prod2
Prod3

0.0125

(5]

0.0125
0.0125

4.2

1.405
1.453

0.865

0.849
0.135

0.151

4.938

0.658

0.342

0.667
0.667

0.667
0.667

0.0167
0.0223

0.0167
0.0223

3.704

0.9 0.9

0.617 -1

0.383

0.667
0.667

0.0167
0.0223

0.9
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Scheduling parameters
Material information:

Component Parameter
Material A B C D E 7 P (MU/kg) Eo(kg) E™(kg) E™"(kg)

FeedA v 5 var 400 0

HotA 4 0 0 400 0
IntABC v v v 0 0 400 0
IntAB v v 0 0 400 0
IntADE v v v 0 0 400 0
IntDE v v 0 0 400 0
WstA v 0 0 400 0
WstC v 0 0 400 0
Rprod1 v v 0 0 400 0
Reyl 4 v 0 0 400 0
Rprod2 v v 0 0 400 0
Rey2 v v 0 0 400 0
Prodl v v B >99.5% 30 0 400 0
Prod2 v 4 D >99.3% 50 0 400 0
Prod3 v v D > 74.0% 20 0 400 0
Equipment information:

Unit Operating states B™(kg) B™"(kg)
Heater Heating 80 40
Reactorl Retl, Ret2 35 17.5
Reactor2 Rectl, Ret2 45 22.5
Filterl Fill 80 40
Filter2 Fil2 80 40
Column Disl, Dis2 60 30
Linel Pckl, Pck2, Pck3 50 25
Line2 Pckl, Pck2, Pck3 60 30
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