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A strategy for  the automatic synthesis of plant operating procedures, through the 
integration of artificial intelligence and mathematical modeling tools is discussed. 
This “predicative/numerical” modeling paradigm integrates qualitative and quan- 
titative aspects of the problem in a same framework. It uses a ‘@-ocess-centered” 
qualitative modeling approach together with MILP optimization techniques to au- 
tomatically generate operating strategies. The operation procedures net work ( OP- 
Net),  formulated in terms of processes from a generic library, describes abstract 
( hardware-independent processing paths leading to the desired operational goals. 
In this approach, the model assumptions, conservation expressions and data are 
described at the same level of abstraction, using the same formal representation. 
This permits the direct, automatic generation and modification of operation pro- 
cedures in situations involving changes in basic assumptions and initial scenarios. 
Thus, flexibility, an essential feature of batch processing, is safeguarded. 

Introduction 
The chemical process industry is increasingly interested in 

relatively small-scale, high-value, short-life-cycle products. This 
shift in industry perspective, justifies a fresh look at the way 
processing equipment is designed, programmed, and operated 
in order to ensure its flexibility. Flexibility of operation allows 
for the manufacture of different products using the same basic 
equipment. It also prolongs the useful life of a production 
facility beyond the short life cycle of a particular product. 
Exploiting the inherent flexibility of such plants gives rise to 
difficult operation problems. Although programmable logic 
controllers provide effective automation and sequencing of 
tasks, they are “hardwired” in the sense that they must be 
reprogrammed for each new production cycle. This raises the 
cost of flexibility and limits their effective capacity to adjust 
to plant upsets. In addition, as the size of the plant increases, 
the programming of these controllers become more involved. 
The automatic generation of batch plant procedures has there- 
fore emerged as an important issue. 

The analysis and synthesis of process operations require 
models of the considered problem. The models developed for 
the operation of flexible production facilities should be flexible 
themselves (that is, they should be easily modified in order to 
mirror changes in the plant or manufacturing conditions). Tra- 
ditional modeling techniques are not explicit enough to meet 
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this requirement, while those based on artificial intelligence 
show promise (Stephanopoulos et al., 1990; Piela et al., 1991). 
The need for explicit methods becomes apparent when the size 
of mathematical models grows and makes their development 
and understanding difficult. This is the case when we must 
deal with models consisting of thousands of variables and 
constraints. 

Recently, there has been interest in the integration of arti- 
ficial intelligence (AI) and operations research (OR) techniques 
for the solution of MI(N)LP [mixed integer (non)linear pro- 
gramming] models. OR methods are useful for the efficient 
solution and analysis of numerical optimization problems. 
However, A1 methods may provide two main avenues of po- 
tential benefit: (1) they provide modeling methodologies to 
simplify the generation, correction, and reuse of the process 
OR models; (2) they may reduce the computational load by 
systematically exploiting the problems logical structure and the 
accumulated experience. Previous works were based on prop- 
ositional logic and concentrated on aspects related with the 
second avenue. Two examples are the generation of proposi- 
tional logic models from the design superstructures considered, 
or the use of the logic relationships to aid the branch and 
bound search in the solution of MI(N)LP problems (Raman 
and Grossmann, 1991, 1992). However, propositional logic is 
not a satisfactory language for the development of explicit 
process models. In this work, we shall discuss its limitations 
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and the advantages that are gained when predicative logic is 
used. The formal framework proposed aims to facilitate the 
integration of tasks from the generation of the model to the 
systematic accumulation of experience. The approach is im- 
plemented for the synthesis of operation procedures. 

The automatic generation of operation procedures was first 
considered by Rivas, Rudd, and Kelly (1974). A1 tools were 
first employed by Fusillo and Powers (1987), who introduced 
the means-ends planning paradigm, the use of functional op- 
erators, and the concept of “stationary states.” A framework 
for the automatic synthesis of operating procedures was dis- 
cussed by Stephanopoulos and Lakshmanan (1988a, b), based 
on a general object-oriented modeling structure and a nonlinear 
planning approach. Recently, a methodology for the evalua- 
tion of operating strategies, relying on the stability of the 
“stationary states” has been also proposed (Aelion and Pow- 
ers, 1992). Crooks and Macchietto (1992) were the first to 
consider the specific problems associated with the synthesis of 
batch plant procedures. Their approach combines logic and 
the so-called state task network (STN) representation for 
scheduling (Kondilis et al., 1993). MILP is successfully em- 
ployed as a subgoaling strategy (that is, when and where each 
task must be activated), while the synthesis of detailed control 
sequences for each subgoal relies on specific rules and logic 
inference. The hierarchical strategy adopted appears to be very 
effective. However, this approach relies on an arbitrary as- 
signment of tasks to processing units (that is, unit suitability). 
This is detrimental to model maintenance and reusability. 

In this article, a formal framework for the integration of 
artificial intelligence and mathematical modeling techniques is 
presented, and we present the theoretical background. Rea- 
soning methods and their relation to optimization techniques 
are described. The limitations of propositional logic as a mod- 
eling language are then discussed and qualitative process theory 
(QPT) (Forbus, 1984) is proposed as an adequate represen- 
tation technique. Here, QPT is used as a representation lan- 
guage and not as a tool for qualitative simulation as originally 
suggested by Forbus. Then, the integration of different tasks 
such as diagnosis (Grantham and Ungar, 1990), qualitative 
simulation (Crawford et al., 1990), numerical simulation (For- 
bus and Falkenhainer, 1990), and operation planning in a same 
framework using a common database is possible by applying 
different aspects of the QPT structure for the various objec- 
tives. 

The approach is implemented on the automatic synthesis of 
batch plant operating procedures. We present an overview of 
the approach, and the desired properties for process operation 
models are discussed. A new “predicativehumerical” mod- 
eling paradigm is introduced with the potential of fulfilling 
operation synthesis needs. The proposed extended QPT library 
is used to model batch recipes, the symbolic/parametric rea- 
soning strategy is discussed, and the MILP formulation em- 
ployed for the modeling of batch operation problems is 
summarized. Finally, the software implementation and a case 
study are described. 

Background 
Parametric and symbolic reasoning 

Reasoning is the process by which conclusions are obtained 
from statements about a problem under consideration. These 

statements describing the system being considered constitute 
the model of the problem. Two levels of reasoning can be 
distinguished according to the domain of the variables involved 
(Post and Sage, 1990a): parametric and symbolic. 

In parametric models, the domain 
of variables consist of numbers or truth values. The variables 
represent the system state, such as the truth value of a prop- 
osition in a set of logical formulae, the temperature in a chem- 
ical reactor, or the activation state of a task in a scheduling 
production problem. All parameters and formulae must be 
predefined because no mechanism for defining new ones is 
supported. The interpretation of the parameters is inaccessible 
because tokens are only related by arithmetic or logical rela- 
tionships. For example, given the propositional tokens 
Path-Ul-U2 and Path-U2-U3, both having logical values 
of TRUE (or l), one cannot as a consequence infer that there 
exists a path between U1 and U3. 

The work we are about to present employs a mapping from 
propositional logic models to those suitable for input to integer 
programming procedures. A (M1)LP optimization problem can 
thus be defined by expressing propositional formulae mathe- 
matically as sets of linear constraints (Cavalier and Soyster, 
1987) and adding a cost function. This can provide a tool for 
automatic theorem proving (Hooker, 1988), or for minimizing 
contradictions in expert systems decisions and default reason- 
ing (Post and Sage, 1990b). In addition, in MIP numerical 
problems, one can systematically add logical data and heuris- 
tics both for the problem formulation and to guide its solution, 
as is necessary in process synthesis (Raman and Grossman, 
1991, 1992). 

Predicative calculus uses proposi- 
tional functions. A propositional function is expressed by means 
of a predicate symbol which specifies a relation between its 
arguments, a list of undetermined (generic) individual uari- 
ables. The domain of these variables consists of all the objects 
in the modeled system. When a propositional function is in- 
stantiated, its generic values are set to represent specific ob- 
jects. Then, it becomes a proposition. If the proposition is 
true, then the objects satisfy the corresponding relation. 

In symbolic reasoning, the semantic content of a formula 
is accessible. Thus, an automatic reasoning procedure can infer 
a connection between a unit Ul and other units by finding all 
the elements ?u for which the proposition path (Ul, ?u) is 
satisfied. Symbolic reasoning permits the introduction of quan- 
tified variables in the atomic formula. First-order predicative 
calculus utilizes the universal (v) and existential ( C )  quantifying 
symbols allowing a single formula to stand for several prop- 
ositions. Those are instantiated in a particular scenario by 
appropriate symbol substitution. For example, from the for- 
mula: 

Parametric Reasoning. 

Symbolic Reasoning. 

V(x, y ,  z)Path(?x, ?y)APath(?y, ?z)  = Path(?x, ?z) 

and a scenario consisting of the atomic formulas: 

Path(U1, U2) 
Path(U2, U3), 

a new proposition can be inferred: Path(U1, U3). 
A symbolic reasoning procedure can be divided into two 

steps (Post and Sage, 1990a). The first step is unification, a 

AIChE Journal October 1994 Vol. 40, No. 10 1651 



MILP 
I I 

Symbolic Parametric 

Figure 1. Symbolic and parametric reasoning steps. 

pattern matching procedure for the instantiation of general 
formulae in the scenario of interest. This transforms the generic 
propositional functions into specific propositions. The second 
step is a parametric solution procedure. These steps can be 
applied recursively as new formulae are generated (see Figure 
1). 

In summary, the approach benefits from the strengths of 
each of the reasoning steps. On the one hand, working with 
symbolic models allows the explicit declaration of assumptions 
concerning the participating objects while also avoiding the 
declaration of all formulae and parameters beforehand. On 
the other hand, the transformation to a parametric model 
allows the integration of logical (qualitative) and numerical 
considerations in the same framework. 

The predicative formalization of knowledge requires a state- 
ment of the objects, either abstract or physical, that we are 
considering and their interrelationships. Qualitative process 
theory (QPT) appears to be a suitable modeling method for 
our problem on both accounts. 

Qualitative physics (QP) and qualitative process theory 
Qualitative physics models the world in qualitative terms on 

the basis of fundamental physical laws. A review on the subject 
has been recently published (Ungar and Venkatasubramanian, 
1990). Two fundamental approaches can be distinguished in 
QP: “device-oriented” and “process-oriented.” The former 
assumes that physical systems can be represented by intercon- 
nections between devices whose output represents the system 
behavior. The latter concentrates on processes as the agents 
for change in the world of interest and is the basis for QPT. 

The world of interest is formally described in QPT as a set 
of physical and abstract objects such as substances, hardware 
(for example, a vessel), relevant physical variables (for ex- 
ample, a vessel temperature), and their derivatives along with 
the processes that are taking place. QPT formalizes knowledge 
usually left implicit in conventional modeling, thereby adding 
flexibility in diagnosis, hazard operational analysis, process 
operation, and design. 

Quantities-Describing Parameters Values. In QPT, a 
quantity is made up of an amount and a rate of change. Both 
are numbers in a quantity space subdivided into intervals by 
relevant landmarks. Quantities exist either within an interval 
or on a landmark. For example, the temperature, T, of a 
substance may be: T< Tmell, T =  T,,,,,,, Tmell< T< Tboil, T =  Tboil 
or T> Tboil. Processes may be initiated or stopped whenever a 
changing variable quantity crosses a landmark. 

Relations in a dynamic 
environment may change in time as a function of the situation. 
For example, the concept of a liquid level is only valid as long 
as a liquid is contained in a vessel. In QPT, a situation is 
described by the activation state of individual views and proc- 
esses. Individual views (IV) represent relations between world 
objects, whose activation state is determined by three groups 

Describing the Physical Situation. 
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of conditions: (a) individuals: objects that constitute the world 
of interest; (b) preconditions: nonquantitative conditions ex- 
pressed as predicates; (c) quantity conditions: ordering rela- 
tions in the quantity space. An individual view is considered 
to be active when all the individuals, preconditions, and quan- 
tity conditions are consistent with our world description (scen- 
ario). Then, the relations between variables specified in its 
structure become true. Processes are similarly described. Vari- 
ables change as the result of perturbation or by propagation. 
Perturbations are described by influences, which are relations 
that arise only as the result of an active process. Propagations 
are the effect of change by one variable on another. They are 
modeled by qualitative proportionality relations. The descrip- 
tion of the world of interest is based on “words” taken from 
a QPT vocabulary. A rich language enhances reasoning. An 
advantage of QPT is its focusing of our attention on vocabulary 
details and structures. A basic “chemical plant” vocabulary 
has been presented by Catino et al. (1991). 

Approach Overview 
Detailed planning of an operation can be extremely costly 

in terms of time and computational load. Hierarchical planning 
strategies (Sacerdoti, 1974) attempt to reduce this load by di- 
viding the decision space into a hierarchy of abstraction spaces. 
Planning is then conducted from higher to lower levels of 
abstraction, delaying the consideration of concrete actions as 
late as possible. First, the structure- and hardware-related con- 
siderations are taken into account to determine the physical 
phenomena that can potentially take place. For example, if a 
pump is needed for the transport of material between two 
vessels, but does not exist in the defined scenario, then for all 
practical purposes that process cannot take place. Next, de- 
cisions are made concerning the requirements of the process 
and their rate of activation. Data such as the maximum pump- 
ing rate of the pump involved are taken into account. Finally, 
the plan of concrete operators required to implement the re- 
quired transitions is elaborated. For example, the need to ac- 
tivate the pump is identified. 

The strategy adopted for the synthesis of operation proce- 
dures is summarized in Figure 2. The operation procedures 
network (OPNet) is introduced as a modeling tool for the batch 
processing steps, where nodes in the network are described by 

1 I Optimization I 

Mapping to  I 

Figure 2. Overall planning strategy. 
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means of QPT processes and phenomena. The OPNet is dis- 
cussed in more detail later. 

shall now enumerate and define model attributes which facil- 
itate the development and maintenance of process models: 

Assumptions about the described system ( a )  Declarative. 

Step I :  OPNet generation 
Whenever a production recipe is considered, its description 

in terms of the developed QPT vocabulary (that is, processes 
and IVs) is necessary. Alternatively, given a production goal 
expressed at a high level of abstraction (for example, produc- 
tion of substance B) it is required to find the physical processes 
(abstract operators) necessary to achieve it. The automatic 
synthesis of an OPNet still needs to be developed. However, 
this task was assigned a low priority because while being dif- 
ficult to automate, the manual generation of an OPNet is quite 
straightforward (Rotstein et al., 1992). 

Step 2: symbolic/parametric mapping 
At this stage, the predicative model is mapped into a par- 

ametric equivalent. The unification of the OPNet with the plant 
scenario is implemented. This involves a pattern matching pro- 
cedure that finds all the possible instances of the desired proc- 
esses in the scenario. Step 2 corresponds to the translation 
from a symbolic to a parametric representation. After all the 
instances have been identified, a MILP multiperiod model of 
the system is obtained. In the resulting model, the logical 
constraints (with some preprocessing for efficiency) are com- 
bined with the numerical constraints that arise from logical 
decisions. Additional information (such as the capacity of the 
units involved and the duration of processes that modify com- 
position) is required at this stage. 

Step 3: MILP optimization 
The MILP model is now solved. An advantage of the ap- 

proach is that if some part of the plant equipment is taken 
off-line, the corresponding instances are easily eliminated from 
the model with no further reference to the OPNet. Heuristic 
information, preferences, or partial ordering characteristics of 
the OPNet structure can be added to reduce the computational 
load (Rotstein et al., 1994). 

are stated explicitly as an integral part of the model, and 
separately from the procedural aspects of problem solving 
(Stephanopoulos et al., 1990; Piela et al., 1991). This should 
include different classes of knowledge, such as plant structure, 
the expected physical processes, or the user preferences. This 
property is needed not only to simplify model updating, but 
also to facilitate the analysis of the results obtained. 

Allows the model to be easily modified to 
account for changes in the processing routes or in the physical 
plant where they are implemented. In general, there is a strong 
correlation between model declarativeness and its flexibility. 

Models that are being developed can be used 
as a basis for the description of new plants or processes (Piela 
et al., 1991). 

Models for different operating tasks, 
such as the simulation, diagnosis, scheduling or control of the 
process, and sharing the same database. Thus, information 
can be easily exchanged between the tasks. 

A distinction is made between the 
description of the physical phenomena and that of the physical 
equipment in which they take place. This enhances model flex- 
ibility and its adaptability to serve different objectives. For 
example, planning would involve a search for the physical 
phenomena that should be implemented (Rotstein et al., 1992), 
while fault diagnosis would involve searching for unexpected 
phenomena and the corresponding structural changes that could 
explain an abnormal behavior (Grantham and Ungar, 1990). 

( b )  Flexible. 

(c) Reusable. 

( d )  Multipurpose. 

( e )  Process-Oriented. 

Predicativehumerical modeling approach 
Traditionally, the process modeling paradigm has relied on 

a parametric approach. However, parametric models suffer 
on the one hand from the need to explicitly state all formulae 
a priori and, on the other hand, the model assumptions are 
left implicit and hidden. They obviously lack in the desired 
properties Iisted above. In general, parametric models are tai- 
lored to a particular problem and their modification is there- 
fore more involved. Furthermore, the creation of high level 
declarative languages requires symbolic manipulation which 

The implementation of an operation procedure requires that 
it be detailed in terms of concrete operator actions. A partially 
ordered set of concrete operators can be derived from the 
OPNet and the results of step 3 by extracting the preconditions 
in every activated instance at the various levels. 

The development of adequate models is a central issue in 
the automation of any process operation task. Before going 
into further details on the synthesis procedures, we shall now 
discuss in some detail the modeling strategy here proposed. 

Process Modeling 

cal” paradigm for process operation models is proposed in 
order to avoid the limitations of the parametric approach. The 
model has initially the form: 

where P,ib is a library of predicative description of the processes 
that can take place, the conditions required for their activation 
and their effect. Here, an extended version of QPT is adopted, 
in which each process structure includes a description of the 
constraints associated with it. These constraints stand for the 

Desired properties 
The lack of adequate development tools and methodologies 

makes modeling an expensive and time-consuming task (Ste- 
phanopoulos et al., 1990). Badly selected model characteristics 
often impede the success in achieving the desired goals. We 
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modifications or additions to a parametric model of the system 
whenever a given process can potentially be activated. hlib is a 
library of generic heuristics valid for the whole class of con- 
sidered problems, p ,  is a predicative description of the scenario 
structure and hardware, h, represents scenario (problem spe- 
cific) heuristics, f, represents scenario equality constraints, g, 
represents scenario inequality constraints, and u, x ,  and c are 
generic individual variables, generic process state variables, 
and generic process parameters, respectively. V represents in- 
dividual constants representing plant hardware and structure, 
X represents scenario instantiated state variables, and C, rep- 
resents scenario parameters. 

The goals are expressed as: Pgoal(x, u, c, X ,  V ,  C,) where 
Pgoal is a predicative description. Variables in lowercase letters 
in Model-1 indicate generic (noninstantiated) variables, while 
those in capital letters represent specific ones. For example, 
“p” may indicate a generic pressure variable while “P-TI” 
may stand for the instantiation of p for container TI.  One 
should recognize that the generic libraries in Model-1 include 
a statement of the technologies that will be considered in the 
eventual model. 

The key step in the mapping 
from the symbolic to the parametric representation is the uni- 
fication of the generic expressions with those specified in the 
given scenario. This results in a numerical/propositional model. 
The two-stage reasoning approach extends naturally to nu- 
merical functions and variables. For example, the expression: 

Connecting to the Real World. 

Container(?x) 3 Temperature(?x) 

indicates that given any vessel ?x there is a generic variable 
temperature(?x), its temperature. Unification of this expres- 
sion with some particular scenario will yield specific variables: 
temperature(Al), temperature(A2), . . . , temperature(An), 
corresponding to the temperature at various plant locations. 

The unification stage is critical, since subsequent to this step, 
the space of feasible solutions for the problem considered is 
completely defined. A typical example from the area of process 
design is the concept of the superstructure (Grossmann, 1990), 
a representation that aims to contain all the candidates that 
are to be considered for the optimal solution of the considered 
problem. At the unification stage, one has essentially two main 
options. One option is to include all the feasible instances at 
a considerable computational cost that will show up in con- 
sequent solution steps. Alternatively, one may apply problem 
specific knowledge and heuristics to trim the solution space. 
In the relatively small examples shown in this presentation, we 
choose to adopt the former approach and consider all options. 
The alternative approach is discussed elsewhere (Rotstein et 
al., 1994). 

After unification, Model-1 will have been transformed into: 

Converting into a Standard Solvable Form. As a final stage, 

the propositions in Model-2 must be reduced to numerical 
form (Post and Sage, 1990b; Raman and Grossmann, 1991) 
obtaining the classical mathematical programming formula- 
tion. stated as: 

(3) 

where PC(l ibU,y)  are constraints representing the propositional 
expressions and terms coming from the scenario and library 
descriptions, hc(libUsl are constraints representing the heuristics 
coming from the scenario and library descriptions, Iv are vari- 
ables representing the propositional terms coming from the 
scenario and library descriptions, p is a penalty for the violation 
of the heuristic induced constraints, & , U s )  are the L H S  of a 
set of equations added by instantiation of library processes in 
the considered scenario, combined with the scenario specific 
constraints, and g( , ibUs)  are the L H S  of a set of inequalities 
added by instantiation of library processes in the considered 
scenario, combined with the scenario specific constraints. 

Corn bined qualitative/quantitative process library 
In order to account for both the quantitative and qualitative 

aspects of a problem, the original QPT processes structure was 
extended to include quantitative constraints. These are the 
changes that are introduced to a parametric model of the system 
whenever a possible instantiation for a library process is found 
in the scenario of interest (see Appendix I, under constraints). 
The logical format of a process structure is: 

A a,(x, u ,  c )  =&(x, u, c ) ,  i= 1, . . . , n predicates (4) 
I 

where a is a set of n predicates implied by the process and 
which describe the conditions under which the constraints 
are active. The convention A implies the logical AND operating 

on the predicates, as illustrated in the following example: 
, 

I f  Substance(?s)AContainer(?x) 
* Mass(?s, ?x) I Capacity(?x) ( 5 )  

and (?s=A, ?x= U I )  is an instantiation of the process in the 
scenario, then the constraint: 

Mass-A-Uls Capacity-U1 

is obtained. Note that the convention used to name the state 
variables and parameters involved inAib is based on the names 
of the concrete objects in the scenario as well as the instances 
at which the process is instantiated. Also note that in the 
accepted formulation, the data is generated in the form of a 
matrix inequality (Ax5 b) ,  expressing the constraints in Eq. 
3. The constraints describe the potential effects of process 
activation on the instance state variables, as well as the process 
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activation requirements. Their form depends on the model 
structure. Here, we adopt a QPT compatible multiperiod for- 
mulation for the batch plant scheduling problem (see the next 
section). Other formulations are possible. 

The generation and modification of the constraints, requires 
the definition of an appropriate compiling vocabulary that 
facilitates the modular, automatic construction of a parametric 
model. The vocabulary elements constitute the building blocks 
employed for the description of the process constraints sec- 
tions. The following are examples of vocabulary elements gen- 
erated: 

(1) (relax-mass-balance-constraints ?substance ?container 
?relative-rate). When a process is activated, it becomes pos- 
sible to modify the amount of substance ?substance in vessel 
?container by a quantity arising from ?relative-rate. 

( 2 )  (Add-constraints ?direction). This adds new con- 
straints with the (in)equality sign ?direction (1 = s, g e  ?, 
e l  =). 

(3) (Add-parameters ?variable-form ?parameter ?time- 
shift). This adds ?parameter to the corresponding ?variable- 
form matrix column and to the rows defined by the last add- 
constraints statement. The ?time-shift (in time units) specifies 
a lead or lag time between the task activation instant and the 
variable time. 

A typical extended qualitative/quantitative process structure 
is shown in Figure 3. The relations and influences sections are 
omitted from the figure. 

Up to this point, we have presented a new predicativelnu- 
merical paradigm for model formulation, and discussed its 
relation to classical mathematical programming. An extended 
version of QPT was defined and developed to permit its im- 
plementation. A complete account of the implementation is- 
sues is presented elsewhere (Rotstein, 1993). The potential of 

aetf lcanpomn&pumpiq (make-procaul 

:form 

: I.V. a 

: individ&cmmt. 

'( I-component-pumping ?SIC ?dst ?pump) 

'((contsincd-I-eamponent-liquid ?sl ?c)) 

'((container ?dst) 

(pump ?pump) 
ican-pump ?a1 ?pump) 

(can-contain ?sl ?dst)) 

: individd-anditiom 

'((fluid-connected ?e ?pump) 

(fluid-connected ?pump ?dst)) 

:pmnditionu '((connect ?c ?pump) 

(connect ?pump ?dst)) 

:wn&&b '((relax-masecon.lraints ?sl ?c -1) 

(relax-maseconslraints ?sl ?dsl I) 

(add-constraints '8) 

(add-parameters (maas-variable-form ?a1 ?c) 1 0) 

(add-parameters (masevariable-form 'all ?c) -1  0) 

(add-parameters (taak-variable-form) (- (parameter 'Cmax ?c))  0 )  

(add-rhs (- (parameter 'Cmax ?c) ) )  

(add-constraints 'I) 
(add-parameters (ratevariable-farm) 1 0) 

(add-parameters (task-variable-form)(-(param~t=~ 'RMsx ?pump)) 0 )  

1)) 

Figure 3. Example of an extended QPT process descrip 
tion. 
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Figure 4. Simplified task network. 

QPT as a tool for the modeling of batch processing recipes 
and for the planning of operations will now be discussed. 

OPNet Representation 
In batch processing, a raw material undergoes a series of 

transformations in order to yield a desired product. There may 
exist several alternative paths leading from an initial (or in- 
termediate) state to a goal (or subgoal). Each path is initiated 
by physical actions causing changes in the activation status of 
processes. In conventional batch operation terminology (Bris- 
tol, 1985), transformations are grouped into procedures, con- 
sisting of one or more phases, which in turn are formed by a 
collection of simple steps. Phases are delimited by points where 
processing may be held for external intervention or where there 
are changes in the required processes or resources. A common 
abstract representation for batch procedures is a directed task 
network, where the task nodes denote phases. A simple ex- 
ample is presented in Figure 4 where the objective is to produce 
B starting from material A through the catalytic reaction: 
A -% B. Traditionally, batch phases have been modeled as 
an activation sequence operating on the processing units. This 
requires predetermination of the production paths in the par- 
ticular plant considered. In addition, the effects of the acti- 
vation of different phases are described employing inflexible 
subsets of (in)equalities. The "process-oriented" approach 
adopted here focuses on the various physical phenomena that 
need to take place and their partial ordering in time. The 
phenomena are modeled using the QPT vocabulary. Phases 
are described as combinations of QPT processes (processes are 
the source of change) and IVs, grouped into a detailed node- 
arc structure, termed the operation procedures network (OP- 
Net). Each process adds its particular set of constraints to the 
phase description, whose mathematical structure is therefore 
flexible. The relationship between the OPNet and conventional 
batch operation terminology is shown in Figure 5 .  

The OPNet representation is divided into two hierarchical 
levels of abstraction. The higher level is a digraph, whose nodes 
(task nodes) represent a set of physical phenomena lumped 
into a single batch phase, and whose arcs indicate their required 
order of execution. Next, each task node is further detailed as 
a new digraph, expanding the task to expose its processes and 
individual views (OPNet nodes). Those are connected by di- 
rected arcs which specify partial time ordering (Rotstein et al., 

operator 

operator) QPT Instance[s/} OPNet 1 1 ::::] Phase} - operator QPT Instance s 

Phase QPT Instance s 
step Phase Recipe 

Figure 5. Vocabulary used. 
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REACTION c 
Figure 6. OPNet example. Figure 8. Reaction plant example. 

1992). The two-level network model has been implemented 
using (object-oriented) LISP syntax (Rotstein, 1993). This ap- 
proach maintains flexibility in the level of abstraction; the 
individual elements appearing as arguments of processes or 
IVs may be specified as generic or specific, thus permitting the 
association of a task with particular hardware. The activation 
of a phase requires all nodes within it to be active. 

At this stage, nothing is stated with respect to unification, 
that is, the association of all task nodes to particular plant 
hardware items. This will be done at a later stage. Clearly, the 
size of the optimization problem that will be eventually gen- 
erated depends on the generality of the OPNet formulation. 
One may reduce the solution space as well as avoid unnecessary 
or incorrect task instantiation by implanting case-dependent 
information in a task node. This is accomplished in two ways: 
(a) by stating task-specific ontological conditions or precon- 
ditions, or (b) by replacing generic variables with plant-specific 
items. However, this must be done with care to avoid missing 
promising production strategies. 

Figure 6 shows the expanded OPNet for the task-network 
presented in Figure 4. It provides an abstract, process-oriented 
description of the procedure without relating it to a particular 
plant scenario or to hardware availability. The network de- 
scribes a “physical phenomena sequence” rather than a se- 
quence of processing units. At this level, issues such as unit 
connectivity or suitability to processing tasks are disregarded. 
These are modeled explicitly within each phase, through the 
individuals specified in the QPT library for the relevant proc- 
esses and individual views. For example, the individuals re- 
quired by the feeding phase retrieved from the library are 
summarized in the next subsection discussing unification. 

A case that highlights the modular nature of our modeling 
approach is the representation of a distillation task. The sep- 

I I 

Figure 7. OPNet description for task: Disfiilafion GH. 

aration between two hypothetical components G and H is 
modeled in Figure 7 using five QPT structures. Three processes 
must take place simultaneously: the distillation itself, and heat- 
transfer processes in the reboiler and the condenser. 

An attempt can now be made to implement the OPNet on 
the example plant illustrated in Figure 8 and modeled in as- 
sociation with the predicativehumerical scenario given in Fig- 
ure 9. 

Symbolic to Parametric Mapping 
The mapping from the predicative to the parametric de- 

(1) The unification of the OPNet description of the proc- 

(2) The compilation of the constraints listed in the library 

(3) The inference of disjunction constraints [V y,*Z yiC 1, 

y&(O, I)] from the hardware requirements specified in the 
individuals section. 
We shall now consider each of these three steps in detail. 

scriptions is implemented in three steps: 

essing steps with the processing plant (scenario); 

description of the processes used; and 

I , 

Unification 
This step corresponds to the mapping from Model-1 to 

Model-2. Operation phases are described by means of QPT 
processes. The various possible instances for each phase are 
found using the following algorithm: 

(i) Select a new phase z.  
(ii) Extract its individual elements and individual conditions 

from Bib, the library description of the processes and IVs 
involved. The set of predicates a , (@,  representing the re- 
sources required by the phase z is obtained. Add the task 
specific conditions, if defined. 

Individuals Ontological Conditions 

Initial mass of A 200 kg 
Capacity T1 500 kg Capacity T2 100 kg 
CapacitylPlI 50 kg/time unit CapacitylPZ] 25 kg/time unit 
Conversion 25 kg/time unit Reaction time 2 time units 

Time Horizon, H,5 time units (arbitrary) 

Figure 9. Predicativelnumerical scenario for the reactor 
system. 
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(iii) Unify a,( u,) with the corresponding scenario descrip- 
tion P,( V ) .  An instance of z is a set of values V,C V s.t. 
a,( V,) GPs(  0. 

(iv) Repeat steps i to iii for all phases. 
In our simple example, the only process required to realize 

the task node “Feed-A” is the 1-component-pumping process 
(see Figure 6 ) .  On performing step ii of the algorithm, we 
extract the following list of individual-elements: 

aFeed - A(V&d-A) = ( (container ?dst) 

(Pump ?pump) 
(can-pump ?sl ?pump) 
(can-contain ?sl ?dst) 
(substance ?s 1) 
(can-contain ?sl ?c) 
(fluid-connect ?c ?pump) 
(fluid-connect ?pump ?dst) 1. (6) 

Finally, in step iii, aFeed A(VFeed A) is unified with the scenario 
P,( V )  described by Figure 9. Two instances are obtained: 

( ? c = T l ,  ?dst=T2, ?pump=Pl,  ? s l = A )  (7a) 

1 ?c = T1, ?dst = T2, ?pump = P2, ?sl = A  1 (7b) 

Compilation of Constraints 
Each time a phase instance, a,, is obtained, a set of con- 

straints &) is added to the parametric model. These are ex- 
tracted from the constraints sections of the processes describing 
the task. For the instance (Eq. 7a) of the pumping process in 
our example, the following constraints are extracted (see also 
Figure 3): 

(relax-mass-constraints A T1 - 1) 
(relax-mass-constraints A T2 1) 
(add-constraints ’g) 
(add-parameters (mass-variable-form A T1) 1 0) 
(add-parameters (mass-variable-form ’all T1) - 1 0) 
(add-parameters (task-variable-form) (- (parameter ’Cmax 
TI)) 0) 
(add-rhs ( -  (parameter ’Cmax Tl))) 

(add-constraints ’1) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form)( - (parameter ’RMax 
P1)) 0) 

The first of these constraints states that by activating that 
particular instance one reduces the amount of A in T1 by an 
amount specified by the rate variable. The last three statements 
constrain the magnitude of this variable according to the pump- 
ing capacity of P1. In addition, task “Feed-A” must be 
activated before any change can take place. The eventual com- 
piled constraint resulting here takes the form: 

Task-Rate(Feed-A, t) - RMax-P1 

x Task-State(Feed-A, t) 5 0 (8) 

Inference of disjunction constraints 
The assumption set of phase 2 ,  a,, can be divided into two 

different subsets. One, a!, consists of statements that represent 
ontological impositions on the plant scenario (for example, 
that a container is suitable to contain a particular substance). 
The other, 4, declares availability demands (for example, that 
a unit cannot serve simultaneously two tasks). These require- 
ments give rise to disjunction constraints in the parametric 
model. 

Blind application of the two-stage reasoning strategy (that 
is, unification followed by solution) could lead to an un- 
necessarily large problem size. It would assign a binary variable 
to each statement in a, at every time increment. However, one 
can recognize in the problem structure means for a considerable 
reduction of its size (See Appendix 11). Specifically: 

Ontological conditions need be considered only at the 
unification step, when the plant scenario is checked. It is as- 
sumed that these conditions remain unchanged along the se- 
lected time horizon. 

The availability of units for the various task instances at 
any time instant, need not be expressed by independent binary 
variables. These variables can be lumped into one (binary) task 
instance variable representing the instance activation state along 
the desired horizon. 

The unification step and the inference of disjunction con- 
straints steps carry out the translation from Model-1 to Model 
- 3. The MILP model thus obtained describes the physical 
changes that can take place when the OPNet is implemented 
in the particular scenario. The MILP optimization procedure 
will then yield the decisions concerning the activation of tasks 
in space and time. 

MILP Multiperiod Formulation of the Batch Plant 
Operation Problem 

To keep the problem tractable, we adopt a linear multiperiod 
approach, similar to the state-task network (STN) formulation 
used by Kondili et al. (1993). The time horizon of interest (that 
is, for which a plan is being developed) is divided into periods 
of equal duration. Three items are central in our formulation: 
the tasks to be activated, the hardware, manpower and energy 
resources available to implement those tasks, and the mass of 
the materials that are being processed in the plant. The state 
of these items must be considered at the boundary of each time 
period. These are achieved through the following variables: 
mcjt is the mass of component c in unit j (jW) at time t ,  his, 
is the rate of mass change introduced by instance s of task i 
at time t ,  and Zi,, is defined as the activation state of instance 
s of task i at time interval t (1 or 0). For a horizon of H time 
intervals, the time periods will be numbered from 0 to H. Task 
activation or deactivation is possible only at the start of those 
periods, allowing synchronization between the tasks. The value 
of mass variables at time t + 1 is a result of the processes active 
between t and t +  1. 

In MILP modeling, logical considerations are represented 
by binary variables. Operational decisions require the modeling 
of constraints that become active subject to specific logical 
conditions. In addition, the quantitative effect of those deci- 
sions must also be described. These aims are achieved by ex- 
pressing the relevant constraints in terms of a combination of 
real and binary variables. The model consists of: 
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Component mass balances. 
Allocation constraints, which express conflicts in resource 

Container holdup limitations. 
Task rate limitations. 
Limitations on soft resources (for example, energy or 

Initial mass fraction required and expected conversion 

Required task activation interval. 
Plant Initial conditions. 

assignment. 

manpower). 

rates. 

The mass balances constitute the skeleton of the proposed 
model formulation. The change on the mass contents of a 
component A at unit j can be stated as: 

m,( t + d t )  - mAj( t )  

where iAis is component A modification rate for instance s of 
task i as a function of the concentrations, temperature and 
pressure at unit j and time t ,  and Zi,( t )  is the activation state 
for instance s of task i at time t .  

These constrain the possible changes in the mass of each 
component in each container along the time horizon of interest. 
If no physical process take place in a particular unit, its mass 
contents remain unchanged. Activating a task in particular 
equipment items relaxes the corresponding constraints up to 
an amount dictated by the selected task instances. For example, 
the activation of the flow of a substance from one vessel to 
another using a given pump permits a change in the mass of 
the substance in both vessels up to an amount determined by 
the pump characteristics. Then, optimizing any cost function 
from t =O to the time horizon H, subject to the mass balances 
shown above, gives rise to a MINLP problem. However, the 
multiperiod approach facilitates model linearization by lump- 
ing the effect of nonlinearities as global linear changes along 
the selected time period: 

P j ( t )  and T , ( t )  are given for each task 
Decisions only at discrete times (multiperiod model). 

Assume 

Then, the general form of the mass balances is: 

i s  

where RAjs is the maximum rate of change for component A 
by the activation of instance s of task i along At time units. 

The instances s of tasks i are part of a set of task instances 
that can modify the mass contents of cin unitj. Each activation 
of an instance of relax-mass-balance-constraints (as defined 
earlier) for component c and unit j ,  will add an additional 
term to the sum on the right side of Eq. 10. 

If Ri, is not a function of the concentrations, xcj, Eq. 10 is 
already linear. Otherwise, additional inequalities are added to 
specify the desired initial concentrations and rate profile when 
the task is executed. In the formulation proposed, the form 
and number of the model constraints vary from task to task, 

Sctnarlo Library 

Compiler u rl Model 

Operstlon 

Solver 

Figure 10. Structure of S2P. 

depending on the processes that are activated at each particular 
phase. It is therefore useful to have an automatic compiler to 
simplify the construction of the MILP data files. 

Software Implementation and Case Study 
The modeling and the symbolic-parametric mapping meth- 

ods have been implemented as a CommonLisp program named 
S2P. The resulting MILP models are solved using 
CPLEX(1991), a commercial LP, and MILP optimization 
package. The software’s data and procedural structure are 
described in Figure 10. The program compiles the Process 
Library, the plant scenario and the OPNet description into an 
MPS model of the system. The MPS format is a widely used 
standard for the definition of LP and MILP problems. A case 
study is presented below. 

Case study 

ucts can be obtained: 
The example is a multiproduct problem in which three prod- 

z12 
M1 -+ M2 

Exothermic 
M l + M 3  -+ M4+MS 

M2+M3 2 M6 

Here, one of the products, M2, can be recycled (blended) to 
obtain an additional salable material, M6. The first step in 
solving this problem according to the proposed strategy is to 
write down a task network. This is shown in Figure 11. 

Next, the tasks must be modeled in terms of the library 
processes and individual views required to activate them (see 
Appendix I for a description of selected items in the extended 
qualitative/quantitative library). This results in the OPNet de- 
scription of the processing steps. Task specific conditions and 
preconditions must also be included at this stage. Figure 12 
illustrates a typical exothermic reaction task in the network. 

Modeling tasks such as Store-M2 or Reaction-M1 requires 
a single process and individual view from the library. On the 
other hand, the representation of the task for the exothermic 
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Figure 11. Task network for case study. 

reaction of M I  and M3 demands a combination of two proc- 
esses, one describing the reaction and the other the heat-trans- 
fer process required for cooling. 

Finally, the description of the batch recipe is completed by 
defining the process constraints’ parameters and the predicates 
describing expected chemical materials and processes. After 
specifying the OPNet, the plant must be modeled. Both plant 
topology and process constraint parameters are specified in 
the predicativehumerical scenario data file, shown in Figure 
13. Figure 14 illustrates the flowsheet of the plant considered. 

The next step in the planning strategy demands the instan- 
tiation of the tasks and the generation of the corresponding 
model (in)equalities. In the example, the program recognizes 
that the task “reaction-M1” can only take place in T2, since 
this is the only vessel equipped to handle the catalyst 212. 
Similarly, the exothermic “Reaction-M1 + M3” can only take 
place in T5, since it is the only vessel equipped with a cooling 
system. On the other hand, there are three different instan- 
tiations for the task “Store-M2.” The individual conditions 
corresponding to the pumping process involved in storing M2 
are satisfied by pump P3 (T2-T3 or T5-T3) and by pump 

As mentioned previously, the number of feasible instantia- 
P2 (T3-T5). 

M l M 3  

Figure 12. OPNet description for task node: Reac- 
tion-Mf + M3. 

(wmtamex T I )  
(-.contain Mi T i )  
(cont.inex T3) 
(car.cont.in M2 T3) 
(cmi.in” T2) 
(car.contain MI TZ) 
(car-conlin MZ T2) 

(car-pump M3 P I )  
(car-pump M1 P I )  
(container T I )  
(car-conlain M3 T I )  
(substance Ml)  
(substance M2) 
(.ubstarcc Ma) 
(substance MI) 
(.ubstarcc M5) 
(substance M6) 
(Catdyii 212) 

(Cmar-T1 250) 
(Cmu-TZ1W) 
(Cmx-Tf  2W) 
( C m x - T I  1W) 
(Cmm-TS 1W) 
(Cnur-TB 2W) 
(C-x-T’l 2w) 

(Init-MlLTl 250) 
(Inii-M3-T4 l w )  
(RMax-Pl 50) 

(RMax-PZ 50) 

(RM..-P3 200) 

(Pump PI) 

(Pm..X-Cl sm) 

(fluid-samcrr TZ P3) 
(nuid-comur P 3  T3) 
(nuid-connut P i  T I )  
(nuid-connect T5  P3) 
(nuid-connut P 3  T6) 
(nuid.connut TI P i )  
(nuid-comut T3 Pz) 
(nuid-connut P2 75)  
(nuid-connut P 3  T7) 
(nuid-connut T i  P i )  
(nuid-connect P i  T2) 
(container T5) 
(car-contun M6 T5) 
(car-contun MZ TI) 
(can-contin M5 T I )  
(car-contin M3 TS) 
(a-conrain MI T I )  
(car-contain MI TO)  
(contain” T7) 

[Cod-MlLReackion-Mk 1) 
(Cd-M2_Rcul ion_ML 1) 
(X_MlLReaclion_Ml 1) 

(Phi-Reaction-MI-0 0.5) 
(Phi-Reaction-MI-1 0.5) 
(RMax-Reaction_Ml 0.5) 
(X-MZ-BImdLMZM3 0.5) 
(X_M3_BImd_MZM3 0.5) 
(X-M6-BImd-MZM3 0 )  
(Phi_Blend_MZM3_0 0,s) 
(Phi_Blend-M2M3_I 03) 
(RMar-BIcnd-MZMJ 0,s) 
(X-MI_Stom_MIMS 0.5) 
(X-M5_Sfore_MIMS 0.5) 

(rmtai- T6) 
(mn-confdn MI 76) 
(--contain M I  T6) 

(--pump MZ PZ) 

(car.pump M5 P3) 
(-.pump MI P3) 
(-pump M2 P3) 
(car.pump M6 Pa) 
(mixcrat TS) 
(reaction-2-2 MI M3 MI M5) 
(c.oob“riLity CI j 
(her -connut  TS C1 Ts)  

(mirerat TZ) 
(catdysr-for 212 Mi M1) 
(can-mrmduce 212 Tz) 
(car-contain M6 T7) 

(Ccef-MI-Reactmn-MlM3 0.5) 
(Co=f_M3_Reaction_MlM3 0 5 )  

(Coef-MI-Reaction~MlM3 0 5 )  
(Caf-MlLFkaction-MlM3 0.5) 
(X-MlLFkaclion-MLMJ 0.5) 
(X_M3LReaclmn-M1M3_0 0.6) 

( P h i - R e ~ . t i . m - M l M ~ o  0.5) 
(Phi-Fkactim_MlM3-1 0.3) 
(Phi-Reaction-MIM3-2 0.2) 
(RMax_Ructmn_MiM3 0.5) 

(CoolDcm-Reaction~MlM3 2) 

(.HORIZON* 12) 

(Pump p.4 

(P-P P3) 

(Blmd M2 M3 M6) 

(6 0.25) 

Figure 13. Predicativelnurnerical scenario for case study. 

tions for a task can be reduced by sacrificing some of the 
OPNet’s generality. In the example, one instance of the task 
“Store-M2” can be eliminated by specifying that M2 can 
only be stored in T3. This specification would prevent the 
activation of the Blending task, which would then remove M6 
as one of the potential products of the plant. 

The task instances are automatically found by S2P, using 
the algorithm described in the section on symbolic to para- 
metric mapping resulting in a MILP model. In the present case 
study with a time horizon of 12 h, a model consisting of 91 
binary variables, 771 constraints and 234 continuous variables 
was generated. 

Before the optimization problem can be solved, the objec- 
tives (preferences and goals) must be stated. A methodology 
to facilitate this step is under development (Rotstein et al. 
1994). Here, the case study is optimized on the basis of an 
arbitrary cost function that maximizes the production of all 
three products, with the price of M6 assumed to be three times 
that of M2 and of M4/M5. The branch and bound procedure 

I I 

Figure 14. Case study batch plant. 
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Figure 15. Gantt chart for case study. 

required the solution of 111 LPs and took 71.9 s CPU time 
on a SPARC2 machine. 

The results are summarized as a Gantt Chart (in Figure 15) 
and as a partially ordered plan of actions (in Figure 16). The 
Gantt chart describes the tasks activated at each time, the units 
and utilities involved and the amount of material being proc- 
essed. 

The MILP results can also be translated into a partially 
ordered plan of actions. This relies on the connection that has 
been established between the predicative and the numerical 
aspects of the process model (discussed earlier). The required 
actions are extracted from the library processes preconditions. 
The actions are qualified by the initiation and stopping times 
of the relevant processes. Figure 16 illustrates a plan for a 
simple example in which only M2 is produced. This example 
involved the examination of 221 nodes, and took 94.4 s. 

The computational load could have been further reduced by 
eliminating all the constraints and variables associated with 
tasks that are irrelevant for the production of M2. This was 
done by recompiling the MILP model for the case in which 
only the task “Store-M2” is connected to the node “END” 
in the directed graph in Figure 11. These steps reduced the 
branch and bound tree to 24 nodes, whose optimization took 
2.5 s. 

Conclusions 
The integration of artificial intelligence and optimization 

methods, relying on the “predicative/numerical” modeling 
paradigm, appears to be a powerful approach. Its application 
permits the generation of models that can be easily modified 
and reused. These properties are particularly important for the 
flexible synthesis of batch plant operation procedures. They 
facilitate the implementation of model modifications that can 
account for changes in the processing routes or in the physical 
hardware where they are implemented. 

The process-oriented approach and the OPNet description 
introduced here facilitate the complete decoupling of the ab- 
stract processing steps required from any specific plant im- 
plementation. The conservation expressions, the basic 
assumptions in which they rely, and the actions required to 

Time=O 
Activate Feed-M1 

(connect T1 P i )  
(connect P1 T2) 
(activate P I )  

Timc=2 
Stop Feed-MI - (connect T1 PI)  - (connect P1 T2) - (activate PI)  

(connect-mixer T2) 
(introduce-catalyst 21 2 T2) 

Activate Reaction-MI 

Times4 

Stop React ion- M 1 - (connect-mixer T2) 
Activate Store-M2 

(connect T2 P3) 
(connect P3 T3) 
(activate P3) 

Time=S 
Stop Store-M2 - (connect T2 P3) - (connect P3 T3) - (activate P3) 

(connect T1 P1) 
(connect PI T2) 
(activate PI)  

Activate Feed-M1 

The=? 
Stop Feed-M1 - (connect T1 PI)  

-(connect P1 T2) - (activate PI)  

(connect-mixer T2) 
(introduce-catalyst Z12 T2) 

Activate Reaction-M1 

The=9 
Stop Reaction-M1 - (connect-mixer T2) 

(connect T2 P3) 
(connect P 3  T3) 
(activate P3) 

Activate Store-M2 

Time=lO 
Stop Store-M2 - (connect TZ P3) - (connect P3 T3) - (activate P3) 

Process 100 units 

Process 100 units 

Process 100 units 

Process 100 units 

Process 100 units 

Process 100 units 

Figure 16. Partially ordered plan of actions. 

set them active are all modeled by one homogeneous repre- 
sentation using an extended version of QPT. The particularities 
of process operations synthesis can then be combined with the 
modified QPT structure to define an adequate order of ab- 
straction spaces. The overall method involves the generation 
of the OPNet, its transformation to a parametric MILP model, 
and its mapping to a sequence of concrete simple operators. 
The method has been realized in the program S2P, which 
automatically generates a MILP model of the problem. The 
program requires three data files: one for the “predicative/ 
numerical” scenario, one describing the proposed OPNet, and 
one containing a generic quantitative/qualitative process 
library. 

Some issues require additional attention. For one thing, 
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accounting for case-specific knowledge at the unification stage 
could relieve the computational load on the MILP solution 
step (by reducing the number of task instances). This can be 
achieved at the expense of increasing the load on the OPNet 
instantiation step and has the potential risk of losing promising 
alternative operational paths. There is clearly a tradeoff be- 
tween the model generality and the tractability of the solution 
procedure. Another important issue is the need to deal with 
multiple objectives. Both of these topics are discussed in Rot- 
stein et al. (1994). 

Acknowledgment 
This research was supported by the Basic Research Foundation 

administered by the Israeli Academy of Sciences and Humanities and 
by the Fund for the Promotion of Research at the Technion. 

Notation 
C, = subset of components involved in task i 
F, = fixed resource task requirements 

P,,,, = description of the objectives 

Subscripts 
c = component 
i = task number 
j = unit number 
s = task instance number 
t = time instant 
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Appendix 1: Sample Entries in Extended QualitativelQuantitative Process Library 
Processes 
(setf 2-component-pumping 
(make-process 

:form ’(2-component-pumping ?src ?dst ?pump) 
:IVs ’((contained-2-component-liquid ?sl ?s2 ?c)) 
:ind-elements ’((Container ?dst) 

(pump ?pump)) 
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Appendix 1: Sample Entries in Extended QualitativelQuantitative Process Library (continued) 

:ind-conditions '((fluid-connect ?c ?pump) 
(fluid-connect ?pump ?dst) 
(can-pump ?sl ?pump) 
(can-pump ?s2 ?pump) 
(can-contain ?sl ?dst) 
(can-contain ?s2 ?dst)) 

(connect ?pump ?dst) 
'((relax-mass-constraints ?sl ?c(-(parameter 'x ?sl *task * ))) 
(relax-mass-constraints ?sl ?dst (parameter 'x ?sl *task *)) 
(relax-mass-constraints ?s2 ?c (-(parameter 'x ?s2 *task *))) 
(relax-mass-constraints ?s2 ?dst (parameter 'x ?s2 *task *)) 
(add-concentration-constraints ?sl ?c 0) 
(add-concentration-constraints ?s2 ?c 0) 
(add-constraints '1) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) (-(parameter 'RMax ?pump)) 0) 
(add-constraints '8) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) (-( * (parameter 'RMax ?pump) * Eps * )) 0))))) 

:preconditions '(connect ?c ?pump) 

:constraints 

(setf reaction-2-2 
(make-process 

:form '(reaction-2-2 ?react ?prodl ?prod2) 
:IVs '((contained-2-component-liquid ?sl ?s2 ?c)) 
:ind-conditions '((reaction-2-2 ?sl ?s2 ?prodl ?prod2) 

(can-contain ?prod 1 ?c) 
(can-contain ?prod2 ?c) 
(mixer-at ?c)) 

'((relax-mass-constraints ?sl ?c (-(parameter 'coef ?sl *task *))) 
(relax-mass-constraints ?s2 ?c (-(parameter 'coef ?s2 *task * ))) 
(relax-mass-constraints ?prodl ?c (parameter 'coef ?prodl *task * )) 
(relax-mass-constraints ?prod2 ?c (parameter 'coef ?prod2 * task * )) 
(add-task-initial-concentration-constraints ?sl ?c) 
(add-task-initial-concentration-constraints ?s2 ?c) 
(add-task-rate-profile ?sl ?c) 
(add-constraints ' I )  
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form)(-( * (parameter 'RMax *task * ) 
(add-constraints 'g) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) (* (parameter 'RMax *task * ) 

:preconditions '(connect-mixer ?c) 
constraints 

(parameter 'CMax ?c))) 0) 

(parameter 'CMax ?c)) * Eps * )) 0)))) 
(setf catalytic-reaction- 1 - 1 
(make-process 

:form 
:IVs 
:ind-elements 
:ind-conditions 

:preconditions 

:constraints 

'(catalytic-reaction-1-1 ?react ?prodl ?cat) 
'((contained- 1 -component-liquid ?s 1 ?c)) 
'((catalyst ?Cat)) 
'((catalyst-for ?cat ?sl ?prodl) 
(can-introduce ?cat ?c) 
(can-contain ?prodl ?c) 
(mixer-at ?c)) 
'(connect-mixer ?c) 
(introduce-catalyst ?cat ?c) 
((relax-mass-constraints ?sl ?c (-(parameter 'coef ?sl *task * ))) 
(relax-mass-constraints ?prodl ?c (parameter 'coef ?prodl *task * )) 
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Appendix 1: Sample Entries in Extended QualitativelQuantitative Process Library (continued) 

(add-task-initial-concentration-constraints ?sl ?c) 
(add-task-rate-profile ?sl ?c) 
(add-constraints ' 1) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form)(-( * (parameter 'RMax *task * ) 
(add-constraints 'g) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) 

(parameter 'CMax ?c))) 0) 

(-( * (*(parameter 'RMax *task * ) 
(parameter 'CMax ?c)) * Eps * )) 0)))) 

(setf cooling-utility-heat-transfer 
(make-process 

:form 
:ind-elements 

And-conditions 
:preconditions 

:constraints 

(setf Blending-2 
(make-process 

:form 
: IVS 
:ind-conditions 

:preconditions 
:constraints 

(setf distillation-2 
(make-process 

:form 
:IVs 
:ind-elements 
:ind-conditions 

:constraints 

'(cooling-utility-heat-transfer ?cooler ?src ?dst) 
'((cool-utility ?cooler) 
(container ?src) 
(container ?dst)) 
'((heat-connect ?src ?cooler ?dst)) 
'(connect ?src ?cooler) 
(connect ?cooler ?dst) 
'((add-relative-resource-demands ?cooler 

(Parameter 'CoolDem *task *))))) 

'(Blending-2 ?components ?mixture) 
'((contained-2-component-liquid ?sl ?s2 ?c)) 
'((blend ?sl ?s2 ?mixture) 
(mixer-at ?c)) 
'(connect-mixer ?c) 
'((relax-mass-constraints ?sl ?c (-(parameter 'x ?sl *task * ))) 
(relax-mass-constraints ?s2 ?c (-(parameter 'x ?s2 *task * ))) 
(relax-mass-constraints ?mixture ?c 1) 
(add-task-initial-concentration-constraints ?sl ?c) 
(add-task-initial-concentration-constraints ?s2 ?c) 
(add-task-rate-profile ?sl ?c) 
(add-constraints ' 1) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) (-( * (parameter 'RMax *task * ) 
(add-constraints '8) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) 

(parameter 'CMax ?c)) * Eps * )) 0)))) 

(parameter 'CMax ?c))) 0) 

(-( * (*  (parameter 'RMax *task *) 

'(distillation-2 ?cond ?reb ?column) 
'((contained-2-component-liquid ?sl ?s2 ?cl) 
'((column ?column)) 
'((reboiler ?cl ?column) 
(condensor ?c2 ?column)) 
'((relax-mass-constraints ?sl ?cl (-(parameter 'coef ?sl *task * ))) 
(relax-mass-constraints ?s2 ?cl (-(parameter 'coef ?s2 * task * ))) 
(relax-mass-constraints ?sl ?c2 (parameter 'coef ?sl *task *)) 
(relax-mass-constraints ?s2 ?c2 (parameter 'coef ?s2 *task * )) 
(add-task-initial-concentration-constraints ?sl ?cl) 
(add-task-initial-concentration-constraints ?s2 ?cl) 
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Appendix 1: Sample Entries in Extended QualitativelQuantitative Process Library (continued) 

(add-task-rate-profile ?sl ?cl) 
(add-constraints '1) 
(add-parameters (rate-variables-form) 1 0) 
(add-parameters (task-variable-form) (-( * (parameter 'RMax *task *) 

(add-constraints '8) 
(add-parameters (rate-variable-form) 1 0) 
(add-parameters (task-variable-form) 

(parameter 'CMax ?cl))) 0) 

(-( * (*(parameter 'RMax *task *) 
(parameter 'CMax ?cl)) * Eps * )) 0)))) 

Individual views 
(setf contained-3-component-liquid (make-I.V. 
:form '(contained-3-component-liquid ?sl ?s2 ?s3 ?c) 
:ind-elements '((container ?c) 

(substance ?sI) 
(substance ?s2) 
(substance ?s3)) 

ind-conditions '((can-contain ?sl  ?c) 
(can-contain ?s2 ?c) 
(can-contain ?s3 ?c)))) 

Appendix 2: Size Reduction of MILP Model 
The complete propositional formulation for the activation 

of an instance of any task z at time t ,  Instance,(t) is: 

can-activate(Instance, ( t ) )  0 u;Auf( t )  (A2) 

Z, ( r ) :  activation state of Instance z .  
That is, in order to activate the Instance, at any time t ,  it 

should be possible to activate it at that time. The instance can 
be activated if the instance assumptions are true at the instant 
considered. The truth value of the assumptions u: is checked 
at the unification step. If they are not satisfied by the scenario 
then the truth value of I, ( t )  will be false (that is, zero) for all 

the time horizon, and it is unnecessary to include a binary 
variable to indicate the activation state of that instance. On 
the other hand, if a," is found to be true, then only the @ ( t )  
assumptions should be checked along the time horizon. Under 
this assumption we can simplify Eqs. A2 and A1 to: 

Whenever I ,  ( f )  is activated, u:( t )  will be given a truth value 
of one. We can therefore conclude that the binary variables 
representing the truth value of a:( t )  at the disjunction con- 
straints can be replaced by the binary variable I ,( t)  for the 
corresponding task instance. 
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