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ABSTRACT

The optimization of ethylene fi.u-nace operations using cfd-based simulations has

been addressed. The optimization problems have been cast into various formulations: the

Multidisciplinary feasible (MDF) approach, the All-At-Once (AAO) approach and the

Individual discipline feasible (IDF) approach. These approaches mainly differ in their

handling of the state equations as constraints, and hence some of the formulations place

restrictions on the methods used to solve the state equations. For ethylene fi.umace

simulators, the MDF formulation was shown to be the most flexible. Two methods,

which can be used to solve the optimization problem, were implemented. One method

was a gradient-based method, the Quasi-Newton method, which is essentially Newton’s

method applied to a quadratic model of the objective fimction with a secant

approximation for the Hessian. The other method was a direct method, the Parallel Direct

Search (PDS) method, which is a simplex-based method and which relies only on

objective function information to achieve the optimum. Both these methods were tested

on and the PDS method was shown to be more efficient. A demonstration case was

shown for attaining uniform coil outlet temperatures in the ethylene fknace. The

optimization used zone fwing and varying flow rates through the tubes as parameters. A

decrease in objective fimction value was obtained using 2-zone firing, however 4-zone

firing and varying tube flow rates provided no more control.



INTRODUCTION

1.1 Background

Turbulent reacting flows are of primary importance to chemical process industries,

power generation utilities and metallurgical process industries. These flows can be well

simulated using computational fluid dynamics (CFD) coupled with sophisticated models

representing turbulence, reaction kinetics, radiation heat transfer, thermodynamics, etc.

These simulations can provide valuable insights into the controlling mechanisms and

physics involved in such processes, and can be used off-line for problem-solving and

design.

Optimization of the above processes is critical in order to achieve both economic

and environmental objectives. However, the objectives of the plant, some operating

conditions, and some constraints continually change. Thus, depending on the frequency

of these system disturbances, maintaining optimum operation can involve a range of

optimization strategies. These include design optimization, off-line optimization and on-

line optimization. Figure 1 shows a schematic of the various optimization strategies that

can be used in an ethylene plant.

Design optimization uses design variables as independent variables to obtain an

optimum design of new equipment or to retrofit an existing unit to improve system

performance. This type of optimization is used in response to disturbances in the
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Figure 1 A schematic of the

an ethylene plant
various optimization strategies applied to

operation which occur infrequently. The time required to perform the optimization is not

very critical. The independent variables are usually more expensive to change, but

significant benefits are expected.

Off-line optimization varies from design optimization in that the independent

variables change from the design variables to the operating conditions. The results from

the optimization are used to establish operational set-points for the plant. The time

required to perform the optimization analysis becomes more critical. The disturbances
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addressed by this

weeks to months.

type of optimization occur more frequently, of the order of a few

On-line optimization addresses disturbances which occur in the frequency range of

a few hours to a few days. This on-line optimizer sets operating variables to fulfill

certain objectives as operating conditions change. It does not treat the high frequent y

dynamics of the system which are addressed by the process controller itself. This type of

optimization is necessary due to disturbances that occur from periodic feed changes,

weather changes, downstream process constraints, etc. These disturbances cause the

optimum operating conditions to shift in a pseudo steady state fashion. The optimum

results need to be fed to the process controller at a frequency commensurate with the

time required by the system to reach ‘steady state’.

Traditionally, simplified models have been used to simulate these processes for

optimization. However, these models do not provide enough physics and chemistry for

the true optimum to be found. On the other hand, any attempts at optimization using

detailed simulation models have been based on trial and error. This report is aimed at

performing optimization using sophisticated models to represent the process, thus

retaining the physical insight offered by the models, and at the same time achieving

specific objectives. This integration of a detailed simulation model with optimization

methods will boost the power of CFD as a practical design tool and will be able to

determine optimum design and operation in terms of specific criteria. It concentrates on

design and off-line optimization, i.e. the independent parameters are the design variables

and the operating conditions. There are several technical challenges associated with this

problem. For the simulation model, there are issues of the sensitivity of the CFD
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solutions to the degree of convergence due to the large amounts of computer resources

required for a single point design solution. Also analytical derivatives are frequently

unavailable and numerically generated gradients may have noise embedded in them.

Also, the objective and constraint functions may not be smooth or well-behaved, i.e. the

response surfaces may be severely nonlinear. For the optimization methods, there are

issues of robustness and speed of convergence in order to minimize the number of flow

solutions required.

1.2 Report Outline

The goal of this report is to choose and implement a suitable optimization method

to be coupled with a model capable of simulating complex chemical processes. The

resulting code should be able to specify optimum operating parameters which satisfy

certain criteria.

Chapter 2 describes the simulation model used in some detail. The equations

involved, the various sub-models incorporated, and the solution procedure used are

enumerated. Chapter 3 describes the different approaches that can be used for

multidisciplinary optimization, namely the Multidisciplinary feasible approach, the All-

at-Once approach and the Individual discipline feasible approach. A comparison

between the different approaches, their solution requirements and their applicability is

discussed. Based on these considerations, a choice between these approaches is made.

Chapter 4 describes, in detail, some of the methods that were used for optimization for

the approach chosen. Chapter 5 describes the test cases considered and the results

obtained. Chapter 6 provides overall conclusions and recommendations for future work.



SIMULATION MODEL USED

2.1 Background

The simulation model used in this research was BANFF *, a steady-state, turbulent,

incompressible, reacting flow code. BANFF is capable of describing a variety of reactive

and non-reactive flows. It solves the N’avier Stokes equations in three-dimensional

Cartesian and cylindrical coordinates. Turbulence is accounted for in both the fluid

mechanics equations and the combustion scheme. Radiation from gases and walls is

taken into account using a discrete ordinates method. Major gas-phase reactions are

modeled assuming instantaneous local equilibrium.

2.2 Gas Phase Fluid Dynamics

It is widely accepted that all the turbulent flow physics is contained in the full

Navier Stokes equations along with the continuity equations for all relevant species, in

the unsteady forrn.2 However, since turbulence is characterized by a broad spectrum of

length and time scales, all these relevant scales need to be resolved in order to simulate

turbulence. This approach is considered impractical for high Reynolds number flows,

and hence flow properties are described in terms of time averaged, rather than

instantaneous values. The most common computational approach used is to decompose

all variables into their mean and fluctuating components and to time average the
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resulting equations. This statistical approach, however, leads to more unknowns than

equations, the well-known “closure” problem in turbulence.3

For a statistically stationary flow filed, the mean value of any variable $ is given

by

where the overbar denotes time averaging. In reacting flows, where density fluctuations

are typical, it is convenient to use density-weighted (Favre) averaging.4 Favre averaging

leads to the elimination of density-velocity cross products in the momentum equations

and is similar to constant density, conventional (Reynolds) averaging. The Favre average

of a random variable @ is given by

where the tilde denotes Favre averaging.

(2)

For turbulent reacting flows, the Favre averaged conservation equations for mass

and momentum are given by

(3)

(4)
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BANFF assumes the flow to be time-steady. The fluid is assumed to be Newtonian and

incompressible,

2.3 Turbulence

The decomposition of variables into their mean and fluctuating components

generates Reynolds stress terms, u~’j in the momentum equations. The turbulent

closure problem addresses the modeling of these stresses. Most turbulence models

represent these stresses as a fimction of mean gradients (Boussinesq hypothesis); thus it

is assumed that

(5)

The eddy diffusivity Vt is obtained from the Prandtl Kolmogorov relationship

Cp . ‘2
‘t = (6)

E

and the specific turbulent kinetic energy, k, and the rate of dissipation of k, E, are

obtained by solving their respective transport equations

~k+- 8’ = 8 ‘~ 8’

at ‘“q. G(<”z’i)-’’’g’-’ (7)

(8)

This is commonly known

boundary layer equations

as the k– E model.6y7 In order to avoid solving parabolic

up to the wall, boundary conditions for the three velocity
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components and the kinetic energy and dissipation are obtained from the logarithmic law

of the wall for turbulent boundary layers. 1 Since these involve the velocity components

and the shear stress, they are iterative boundary conditions.

2.4 Gas Phase Reactions

Turbulent motion plays an important role in mixing the reacting species on a

microscopic level for chemical reactions to take place. It is assumed that this

micromixing process is rate limiting and not the chemical kinetic process, i.e. the

chemistry is fast enough to be considered in local instantaneous equilibrium. 8 The

degree of “mixedness” at a point can be described by a conserved scalar, ~, which is

equal to the mass fraction of fluid atoms originating in the primary stream.

f= ‘pM-p+ MS
(9)

where the subscripts P and S refer to the primary and the secondary streams,

respectively. However, since reactions take place on the molecular level, the turbulent

fluctuations of this variable are needed to characterize the reaction process. To describe

the statistics of this mixing process, the mean mixture fraction ~, the variance about this

mean ~f, and the shape of the probability density distribution (PDF) are needed. A

commonly used approach is to prescribe the shape of the PDF (e.g. Gaussian, clipped

Gaussian, Beta

their respective

distributions etc.). 9-11 The mean and variance are obtained by solving

transport equations.

(lo)
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(11)

Thus, for any variable which is a unique function of the mixture fraction, the average

value can be obtained by convolution over the PDF. The energy level, pressure, and the

elemental composition are the only required information for a Gibbs-free-energy

reduction scheme for chemical equilibrium. For adiabatic operation, these are functions

of ~ alone. For non-adiabatic operation, the energy equation needs to be solved also.

@ + ‘@?z;-qhv?z) = o (12)

In this case, the properties become functions of both ~ and h, and convolution over a

joint PDF is needed.

2.5 Radiation

Radiative heat transfer is the dominant mode of heat transfer in combustors and

gasifiers. Within the scattering-absorbing medium present, the intensity 1 of radiation is

a function of position and direction. The change in intensity of the incident beam with

respect to the path length dz is

<1.

dl JmwwQ)dQ– (Ka + KJl+ KJb + ~ (13)

4X

This integral-differential radiation transport equation is solved in a number of directions

spanning the full range of solid angles using the discrete ordinates method. 12 The

angular integrals of intensity are evaluated by numerical quadrature.
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2.6 Solution Technique

All the equations listed above (except the radiation equations) for any variable @

can be cast into one standard format

A basic problem in CFD concerns the evaluation of the pressure gradient term in the

momentum equations, since pressure does not appear explicitly in the continuity

equation. SIMPLER (Semi-Implicit Methods for Pressure Linked Equations-

Revised) 13)14based algorithms use the momentum equations to transform the continuity

equation into a pressure equation which can be solved for the pressure, and a pressure

correction equation which can be solved to update the velocity field.

After finite differencing the above equations on a staggered grid and evaluating the

coefficients at previous values, a set of linear, algebraic equations are obtained which are

of the form

Ap$p= AE$E+Ap@w+ AN$N+A~$S+ A~T+AB@B+ SW (15)

where E, W, N, S, T, B denote the east, west, north, south, top and bottom nodes

neighboring node P. The linear system is solved iteratively in a plane-by-plane fashion

enabling the use of the tri-diagonal matrix solution algorithm. These iterations are called

“micro-iterations”. The equations for each variable are solved in succession in a

decoupled manner. A “macro-iteration” is completed when all the equations are solved.

Coupling of the equation set is achieved through the macro-iterations.



PROBLEM FORMULATION

3.1 Background

The simulation tool described in the previous chapter performs simulations which

involve the coupling of several disciplines (i.e. fluid mechanics, mixing, reactions,

radiation, etc.). This is commonly known as a multidisciplinary analysis (MDA).

Coupling of such a multidisciplinary analysis with optimization is known as

multidisciplinary optimization (MDO). Due to the complexity of most MDO problems,

there exist different formulations which have different interdependencies on

optimization algorithms. The significance of problem formulations have been well

known since 1982.15 The disciplinary analyses of MDO - the simulations of the response

of the physical system to those parameters that we can control - can be viewed as

equality constraints in the optimization problem. 16 Thus, the MDO problem can be

viewed as a nonlinear programming problem in which the set of constraints is dominated

by the equations representing the different disciplinary analyses. These constraints can

be partitioned into a number of blocks which represent the contributions of the various

disciplines to the overall model. This bIock structure and the role of constraints in the

optimization algorithm forms the basis of the classification of problem formulations.

Specifying a formulation of a MDO problem involves specifying the objective, the

constraints and the independent or optimization variables.
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3.2 Example - Thrbulent Mixing of TWOStreams

A specific problem is very useful in understanding the different formulations

involved in MDO. An example reported in the literature is that of aeroelastic

optimization. 17-18A more relevant example is the turbulent mixing of two streams of

different densities. The two analysis disciplines involved are CFD (i.e. fluid mechanics

and turbulence, DCFD ) and mixing (D~zX). The problems in these disciplines are solved

by individual analysis codes, the SIMPLER method for CFD, and the Prescribed PDF

method for mixing. A schematic of the flowchart involved is shown in Figure 2.
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Suppose that both the CFD and the mixing codes have been given a description of

the geometry and mesh involved. The CFD code requires the densities at the node points
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(Mc) and produces as output the pressures, velocities, etc. ( YC). The mixing code

requires as input the velocities ( ikf~ ) and produces as output the mixture fractions

( Y~ ). We have single discipline feasibility for CFD when the CFD code (ACFD ) has

successfully solved for the pressures and velocities, given the geometry and the

densities. Similarly, we have single discipline feasibility for mixing when the mixing

code (AMIX) solves for the mixture fractions, given the geometry and the velocities. The

two analysis codes interact at interfaces E and F which map information from one

analysis code into a form which can be used by the other analysis code. For example,

ACFD is followed by F MC which can represent a spline fit to the grid values generated,

and 17~C can represent a spline evaluation to generate values at points needed by AMIX.

In this specific example, FCM represents the conversion of the mixture fraction values

generated by A MIX to density values required by ACFD. All these maps E. F = G are

called interdisciplinary mappings. They represent the coupling between the disciplines

in an MDA problem.

Multidisciplinary feasibility in this example is achieved when individual discipline

feasibility is achieved in both CFD and in Mixing, and when the input of each

corresponds to the output of the other via the interdisciplinary mappings. It corresponds

to the simulations in Figure 2 being in equilibrium, i.e. none of the values of the

variables change upon execution of all the mappings, regardless of the order.

Next, optimization can be added to the above example. The design variables could

be the flow rates of the input streams. The objective function might be to achieve a

particular velocity profile or density profile at the outlet. There may be design
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constraints such as limits on the flow rates allowed, along with the analysis equations as

constraints.

3.3 A Framework for Describing MDO Problems

A framework for describing MDO problems can be described by generalizing the

above example to several disciplines, several interdisciplinary mappings, etc. However,

as such a generalization is straightforward, it is easier to focus attention only on the

above example of turbulent mixing of two streams.

U denotes the original design variables, such as the flow rates, chosen to achieve

optimality. The variables controlled by the optimizer always contain U , but in some

formulations, they might include some other variables as well. Y denotes the vector of

state variables, and contains the velocities YC and the mixture fractions Y~ in this

specific example. The constraints in the optimization problem are denoted by C( U, Y) .

The original equations to be solved CD( U, Y) are always components of C, but C can

include some other constraints as well. We say that a single discipline analysis has been

carried out for a particular discipline Di when

‘i{ ‘> ‘i, ‘i) = O (16)

has been solved to yield Yi for the given inputs U , Mi. This would probably be done

by executing an analysis code Ai for the given input. Thus, individual discipline

feasibility has been achieved when every discipline is independently feasible, i.e. in the

residual form

W(U, M,Y) = o (17)
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We have multidisciplinary feasibility, or MDF, when, in addition to individual discipline

feasibility, the interdisciplinary variables match. Thus,

Jv(u, ik?, Y) = o

and ill = G(U, Y)

(18)

(19)

They can be combined in one form

W(U, G(U, Y), ~ = O (20)

For the example of turbulent mixing of two streams, individual discipline feasibility is

achieved when

~cm(u J’fc,y=) = o (21)

and W~I~ U, kl~, Y~) = O (22)

The interdisciplinary constraints are

Alc = Gc~ U, YM) (23)

and ik?~ = G~c( U, Yc) (24)

In multidisciplinary feasibility, (2 1), (22), (23) and (24) are simultaneously satisfied, i.e.

~cf’d u)GCA4u YM),Yc) = o (25)

and JV~I~ U, GMC( u, Ye), YM) = o (26)
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Thus, the difference between individual discipline feasibility and multidisciplinary

feasibility is the matching of interdisciplinary input and output variables to reflect

equilibrium.

3.4 Formulations for MDO Problems

In the previous section, a framework was established to describe various kinds of

feasibilities for the coupled MDA system. This section extends this discussion to include

optimization. Depending on the role of the constraints in the optimization problem, three

broad classes of formulations of MDO problems can be identified:

● The Multidisciplinary feasible (MDF) formulation,

● The All-at-once (AAO) formulation, and

● The Individual discipline feasible (IDF) formulation.

These formulations differ in the kind of discipline feasibility maintained at every

objective fhnction, constraint, or sensitivity evaluation needed during each optimization

iteration.

3.4.1 The Multidisciplinary Feasible (MDF) Formulation

The most common way of posing MDO problems is the Multidisciplinary feasible,

or MDF, formulation. In this formulation, the vector of variables controlled by the

optimizer consists only of the original design variables, U . This is provided to the

coupled system of analysis disciplines and a complete MDA is performed to obtain

values of the system output variable, Y(U) , which is used to evaluate the objective

fi.mction, ~. It is an example of a “variable reduction” approach, in which we use the

equality constraints to define some of the variables as functions of others, and eliminate

them as independent variables. 19The formulation can be expressed mathematically as



minimize ~( Uj Yc( V, y~u) with respect to U

17

(27)

where Y=, Y~ are obtained by establishing multidisciplinary feasibility, i.e. by solving

(25) and (26). Thus, at each optimization iteration, the optimizer chooses U and the

analysis outputs, Y(U) , are obtained by solving the design equations. This is shown

schematically in Figure 3.

I Optimizer (controls calculation of U) I
1u

Analysis code solvers

1

I I
I ECM I I
I I I
I +MC I I
I I I
I I I
I AcF~ I I
I I I
I I I
I I
I I
I
I ‘MC

I I

I I

1‘CFD I
L ——— — ——— — A

~MC

Figure 3 A Schematic of the Multidisciplinary Feasible (MDF) Approach

This approach treats the state variables, Y, as dependent on the control variables,

U , via the constraint equations and eliminates Y as a variable in the optimization
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problem, i.e. ?7 is treated explicitly, and Y along with the other variables that arise in

the MDA part of the problem are implicit. Thus, MDF can be considered to be similar to

a reduced basis formulation20 in which U is the nonbasic vector and everything else is

a basic vector.

The MDF approach has some attractive features:

“MDF leads to the smallest optimization problem of the three formulations, as the

only variables the optimizer controls are U .

GThe existing solver codes for the disciplines can be used as black boxes. Thus,

existing solvers can be re-used and newer improved models added to the disciplines

do not change the optimization method and structure.

● Each MDF iterate is a feasible design

equations. Thus, each successful iterate is

i.e. it satisfies the coupled system of

closer to the optimum than the previous

one, and the system can be taken slowly towards its optimum operating conditions.

●MDF is the MDO version of the generalized reduced gradient algorithm21, which is

a common tool used for nonlinear programming.

Its disadvantages are:

● Each finction value in MDF requires a complete multidisciplinary analysis.

● If a gradient based method

complete MDA solutions.

is used, sensitivities also need to be computed at

cThe time it takes to solve the optimization problem is closely linked to the efficiency

with which the MDA can be solved.
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Thus, ingeneral, ttisapproach till beexpensive since ateve~valueof U considered

bythe optimization iteration, we need to solve forthe state vector, Y, that

simultaneously satisfies all the disciplines.

3.4.2 The All-At-Once (AAO) Formulation

If the feasibility of the disciplines is treated as a constraint, the All-At-Once

(AAO) formulation is obtained. Here, the control variables, U , and the state variables,

Y, are all considered to be independent and are treated explicitly by the optimizer. Thus,

the variables controlled by the optimizer are U and Y, increasing the dimensionality of

the problem tremendously. Mathematically, this can be expressed as:

minimize J( U, Yc, YM) with respect to U , Yc, and Y~ (28)

subject to ~cF~( U, Gc~ U, YM), Yc) = 0 and

~Mzfi u> GMC( ‘Z Ye)> Yj/f) = o (29)

Thus, in the AAO formulation, no feasibility is attempted to be sought (individual

discipline or multidisciplinary). Feasibility and optimality are achieved at the same time,

when the minimum is found and the constraints are satisfied, Thus, we no longer need to

perform an MDA to obtain Y as a function of U . Both are considered as independent

variables and are specified by the optimizer. The optimizer only requires the residuals

from the individual disciplines. This formulation is shown schematically in Figure 4.

The advantages of the AAO formulations are:

cIn the AAO formulation, which allows for infeasible optimization iterates, the

additional degrees of freedom gained by expanding the parameter space from U to
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u, Yc, YM

CFD Residual
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~
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Computation

w~

● ▼

Figure4 ASchematic of the Ail-At-Once (AAO) Approach

U, Y=, YM enables ustomove more quickly towards anoptimal solution.16It

would thus require fewer optimization iterations.

● It is considerably cheaper than the other formulations, since feasibility is never

maintained until the optimal solution is formed.

● The required sensitivities are relatively inexpensive.

However, its disadvantages are:

● The AAO leads to a much larger optimization problem than the other approaches. A

large number of constraints (the discrete equations from all the analysis disciplines)

and a large number of optimization variables ( n u + ~.yj ) are involved.

i
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● AAO does not easily handle analysis algorithms that adaptively change the number

of state variables, such as adaptive mesh refinement methods22, since the state

variables appear as optimization variables.

● The analysis code simply evaluates the residuals of the analysis equations, rather

than solving them. Thus, the optimization method, which is given the task of

attaining optimality and feasibility, should contain any special techniques that the

analysis solvers contain. General “equality constraint satisfaction schemes” like

Newton’s method usually used to solve optimization problems are given the task of

solving the equations involved in the analyses.

Thus, although the AAO formulation is relatively inexpensive and hence attractive, it

has limited applications in practical reacting flow cases.

3.4.3 The Individual Discipline Feasible (IDF) Formulation

The Individual Discipline Feasible (IDF) approach is a compromise between the

MDF approach where complete multidisciplinary feasibility is maintained at every

iteration, and the AAO approach where no feasibility is maintained. In this approach, the

individual disciplines are maintained feasible, while the optimizer is given the task of

finding the optimum and attaining complete multidisciplinary feasibility. Thus, at each

optimization iteration, we have a “correct” CFD analysis and a “correct” mixing

analysis, but these analyses use the optimizer’s next iterate as a new guess, rather than

the output of the other discipline. The variables controlled by the optimizer

original design variables, U , and the interdisciplinary mappings, k?. It

expressed mathematically as

are the

can be
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Minimize jl( U, Yc, YM) with respect to U , Mc, MM (30)

subject to ikfC = Gc~( U, y~) (31)

and AZM= GMC( u? Yc) (32)

and YC, Y~ are obtained by establishing single discipline feasibility, i.e. by Solving

equations (21) and (22). It is shown schematically in Figure 5. The space of optimization

variables has been expanded to U , Me, MM and the coupling of various disciplines

has been expressed explicitly as equality constraints. Its advantages are:

● IDF allows partial use of existing disciplinary solvers.

● The size of the optimization problem is much smaller than that of the AAO

approach.

● Sensitivities need to be computed at single discipline solutions, and are hence

cheaper than those in the MDF approach.

● It has more degrees of freedom than the MDF approach to exploit.
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Optimizer (Controls calculation of U~, MC, MM)

CFD Analysis

i

‘MC I

—

I
U~, MM

Mixing Analysis

I GCM

d v
Figure 5 A Schematic of the Individual Discipline Feasible (IDF) Approach

Its disadvantages are:

● The sensitivities are more expensive than in an AAO formulation.

.Function evaluations are more expensive than in the AAO approach.

●Although existing single discipline solvers can be reused, any special methods

required to handle cross disciplinary consistency must be built into the optimizer.

Thus, in the IDF formulation, commonly used optimization methods like Newton’s

method are given the job of calculating the interdisciplinary variables involved in the

problem.
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3.5 A Method for Solving Constrained Optimization Problems

The choice of a formulation depends, to a large extent, on the methods commonly

to solve these problems. Methods used for the MDF formulation will be discussed

in the next chapter. The AAO and the IDF formulations lead to constrained optimization

problems; all the equations governing the multidisciplinary analyses forming the

constraints in the AAO formulation, and the interdisciplinary consistency conditions

forming the constraints in the IDF formulation. A common technique reported in the

literature of solving these constrained optimization problems is the sequential quadratic

programming method,23-25 variations of it,26 and the augmented Lagrangian method.27

The difficulties involved in applying such methods to the optimization of reacting flows

can be illustrated by considering the mathematical formulation of one such method, the

sequential quadratic programming (SQP) method using the AAO formulation. Using the

same notation introduced earlier in the formulations, the problem can be posed

mathematically as

(33)

(34)

minimize X Y, U’)

subject to C( Y, U) = O

28 for the above problem is given byThe Lagrange fimction

L(x, k) = f(x)+ L*C(x) (35)

where X denotes the vector of independent variables, and in this case is composed of the

states, Y, and the controls, U. ~ denotes the vector of Lagrangian multipliers. If X* is
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the solution of the above optimization problem, then there exist L* such that the

following f~st order necessary conditions for optimality hold:

VuL{X*, L*) = v&(x*)+ CU(X*)TA* = o (36)

VYL(X*, I*) = vyj(x*) + c&Y*)Tk* = o (37)

VLL(X*, I*) = C(X*) = O (38)

where CY denotes the Jacobian of the constraints C with respect to Y, and Cu denotes

the Jacobian of the constraints with respect to U. Equation (38) represents the state

equations, Equation (37) represents the adjoint equations which determine the co-states

L and the left hand side of equation (36) is called the reduced gradient. SQP involves the

application of Newton’s method to the system of nonlinear equations defined by (36),

(37) and (38). At each iteration, the following system needs to be solved for the steps

Sx-, Sk.

(39)

This system can be interpreted as the necessary optimality system for a quadratic

approximation to the objective fimction and a linear approximation to the constraints,

hence the name.

This is a general

formulated especially

description of the SQP method. A reduced SQP method can be

for optimal control problems where the number of controls is

much smaller than the number of states. 24,29,30Using



Sx = (Sy, Su)

the linearized state equation

CX(X)SX = –C(X)

can be written as

Cy(x)sy+ c&qs~ = –-w-)

Thus, the set of solutions for the linearized constraint is given by

Sx = r(X)+ w(X)s~

where

r(x) = [-c~a-’ c(x)--

26

(40)

(41)

(42)

(43)

(44)

(45)

1 I

The matrix W(X) characterizes the null space of CflX). Using (43), (44) and (45), we

can rewrite (39) in the reduced form

[ 1[][Su
vxxq~ k) w(x) cflxf Sk 1= – VflA7) + C~X)~L + VHL(X, L)r(x) (46)

Multiplying (46) with W(X)~ from the left and using



w(xycfixf = o

yields

Su = –H(X, L)-l lV(~~[V~(x) + VH-(X, L)r(X)]

where H(X, A) represents the reduced Hessian.
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(47)

(48)

(49)

The Hessian H(X, k) is usually approximated by a Quasi-Newton formula and the

vector VnL (X, k)r(X) in (48) is also approximated by a vector J(X) using only lower

order derivatives. 31’-34One possibility is to approximate G?(X) by zero, as r(X)

becomes zero at convergence. Thus, one possible algorithm for the SQP method is:35

Initialization:

Given XO and HO, HO positive definite, set k = 0

Step k:

1) Solve the adjoint equations (37) to get the Lagrangian multiplier estimates.

2) Compute the reduced gradient W(X) TVflX) .

3) Solve (48) for SU.

4) Solve (42) for SY.

5) Decide whether to accept the step.

5) Update H

6) Check for convergence.
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If adjoint equations are not available or if CfiX)~ cannot be computed, the Lagrange

multiplier estimates in Step 1 cannot be obtained. However, these estimates are only

used to compute the Lagrangian which is used in Step 5, i.e. in deciding whether to

accept or reject the step. This problem can be circumvented by manipulating the

Lagrangian fimction. 36 Substituting equation (37) into equation (35) and letting

SY* = –c#f’)-l c(x)

we get

L(x-, L) = f(x) – (Cflxyj-%jl(x)c(x)

(50)

(51)

Jqz 1) = f(x)+ vj(x)Tsy* (52)

Thus, Step 1 in the above algorithm can be replaced by solving equation (50) which can

then be used to obtain the Lagrangian fimction needed for Step 5.

3.6 Choice Between Various Formulations

The applicability of each formulation to BANFF, the simulation code used for the

optimization, needs to be evaluated. As discussed in Chapter 2, BANFF consists of

several complex models representing different disciplines. It uses a solution technique

called SIMPLER in which additional equations called the pressure and the pressure

correction equations are added to the momentum equations. These, along with the

equations involved in other disciplines, are solved sequentially with the values just

obtained used to obtain coefficients for the next discipline. The structure and solver used

in BANFF is one of the most widely used and reliable methods available for simulating
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turbulent reacting flows in complex geometries. Thus, the formulation chosen for

optimization should not completely change the structure of BANFF and should retain its

nonlinear solver.

As discussed in the previous section, the SQP method is a popular method to solve

constrained optimization problems arising from applying the IDF and the AAO

formulations to optimal control problems. Some relevant optimization problems that this

approach has been applied to include problems in aerodynamics,37-41 chemical

kinetics42 and fluid dynamics. 43’44 However, in all the above problems, Newton’s

method or inexact Newton methods45 have been used to solve the state equations. In the

above formulations, the optimizer is given the task of achieving optimality and

feasibility at the same time and is hence expected to solve the necessary conditions for

optimality and the state equations together. It is natural to assume that these should be

solved by the same method, a popular one being Newton’s method. Although research is

ongoing on the application of inexact Newton methods to solve some of the state

equations in BANFF46, research has to be done before it can completely replace the

cument nonlinear solver. Hence, the AAO and the IDF formulations were not chosen and

the MDF formulation was the one chosen to solve optimal control problems. Thus, the

states are considered to be functions of the controls and are eliminated from the

optimization problem. Feasibility of the states is maintained at every optimization

iteration. Given this formulation, there are two broad classes of methods which can be

used to solve the problem: direct methods and gradient-based methods. These will be

discussed in the next Chapter.



OPTIMIZATION METHODS USED

4.1 Background

The optimization problems arising from applying the MDF approach to optimal

control problems be stated as:

Minimize ji(Y(U), U) with respect to U (53)

where Y represents the states and U represents the controls, Y is expressed as a function

of U through the state equations. Thus, the state equations are eliminated as explicit

constraints, though additional constraints may exist. The variables controlled by the

optimizer are U, hence the dimensionality of the system is small. This problem can be

solved by a number of different methods. They can be divided into two broad classes:

direct methods and gradient-based methods. Gradient-based methods are the traditional

methods used and are known to be reliable and have a good convergence history.

However, the solution obtained by numerically solving the system of equations

introduced in Chapter 2 is subject to noise. Also, since analytical derivatives are not

available, finite differences would have to be used to approximate the gradient. Since the

accuracy and reliability of these gradients are unknown, methods involving no gradients

were also explored. These are called direct methods and rely only on function

information to obtain the minimum.
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4.2 Direct Methods

The term “direct search” describes the sequential examination of trial solutions

involving comparison of each trial solution with the best obtained up to that time

together with a strategy for determining (as a function of earlier results) what the next

trial solution will be.47’48 Lately, this term has come to refer to any method that neither

requires nor estimates derivatives to solve the optimization problem. Direct methods

have the advantage of being simple to understand and execute. While they are usually

slower to converge than derivative-based methods, they are usually much more robust in

situations where the function values are subject to noise, analytic gradients are

unavailable, or finite difference approximations to the gradient are unreliable. 49 They

have been proven to be useful for problem that exhibit many of the difficulties found in

solving MDO problems:50

● They can be used when the function is either non-differentiablesl or the derivative

(sensitivity) information proves to be reliable.

● They can be used when the function is computed to low accuracy.

● They can be effective when the function is highly nonlinear.

● Since they search in multiple directions, some of which might be up-hill, they can be

usefil in situations where there are many local minimizers. 52

However, these methods are not as efficient as higher-order methods are when reliable

sensitivity information is available. Also, they suffer from the so-called “curse of

dimensionality,” though they have been used successfully on problems with up to twenty

parameters.53
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A specific direct search method used was the Parallel Direct Search (PDS). It is a

multidirectional search algorithm, i.e. the optimizer searches in several directions and

chooses the best one with the least objective function value. A basic algorithm can be

illustrated by referring to Figure 6.54

rl
el

4 \

e2

Figure 6 Parallel Direct Search (PDS): Three possible steps in two
dimensions

Consider an example in two dimensions. An iteration begins with a simplex S with

vertices VO,VI and V2. The best vertex is VOfor which ji(vO) <~(vj) . The first move of

the iteration is to reflect VO, v ~, V2 through the best vertex to get the reflected vertices

r, and r2. If a reflected vertex gives a better function value than the best vertex, then the

reflection step is successful and the algorithm tries an expansion step. The expansion

step consists of expanding each reflected edge rj – V. to twice its length to get e 1 and
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e2. This would be accepted only if some expansion vertex was better than all the

reflection vertices. If the reflection step was unsuccessful, a contraction step is taken

with c ~, Cz being the contraction vertices. If none of the steps give decrease, then the

next iteration begins with a step in the same direction as the previous iteration, only half

as long. If any of the steps result in function decrease, the best vertex is updated and the

above steps are repeated until the simplex is too small to continue.

In an extension of this algorithm, several of the above steps are carried out

simultaneously. Thus, instead of trying the expansion step only if the reflection step is

accepted or trying the contraction step only if both the reflection and the expansion steps

are rejected, several of these steps can be carried out at the same time. In fact, the

possible steps are not restricted to the above ones, but also to the contraction, expansion

and reflection steps of any of the vertices considered. This results in a multidirectional

search method with several “look-aheads” in which the optimizer looks ahead to several

vertices, samples them and chooses the vertex with the least function value as the best

vertex. This method is especially well suited to parallel machines as the number of look-

aheads can be chosen depending on the number of processes available. The algorithm

used was:

● Speci$ the number of look-aheads i.e. select the number of vertices the optimizer

should sample at each iteration.

● Start with VO and generate the complete core step (the union of the reflection,

contraction and the expansion steps) associated with it. Consider each vertex in the

order in which it was added to the list and generate the core step associated with that

vertex. Continue till the limit on the number of vertices is reached.
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expansion step.

34

to the reflection step, then the contraction step, and then the

● Sample the function independently at these vertices, and choose the one with the

least function value. The new simplex is the one which created this vertex.

It is reported that computing additional function values at each iteration can reduce the

total number of function evaluations required to reach a solution since the number of

iterations may be reduced. 54 Thus even though more work is being done at eachY

iteration, so much more is being learnt about the function that better iterates are being

produced and fewer iterations may be needed. Global convergence results for these

methods have been reported.55-57

4.3 Gradient-based Methods

Several gradient-based methods are available for solving minimization problems.

Only one of them, the Quasi-Newton method will be discussed here. The optimization

problem is given mathematically by:

Minimize ~(Y( U), U) (54)

where Y is related to U via the state equations. The necessary condition for a minimum

is that the gradient of the objective fimction with respect to the independent variables is

zero, i.e.

g = Vufly(q)> q) = o (55)

and the Hessian of the objective function with respect to the independent variables is

positive definite, i.e.
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~ = Vu2f( Y(U), U) is positive definite (56)

Newton’s method solves the system of nonlinear equations defined by (55) at step k

using

Itsk = -gk (57)

(58)

The system of equations (57) is solved using a Cholesky decomposition58 of the Hessian

since H is symmetric and positive definite.

This method is usually combined with a globally convergent strategy such as a line

58 In a line search strategy, the new iterate is given bysearch or a trust region strategy.

(59)

A starting value of cxk is 1, i.e the full Newton step is tried first to get ~+ 1, and if the

objective iimction value does not decrease, backtracking towards ~ is carried out. The

value of ctk is obtained by minimizing a model off. At ~ where ak = O, we know

two pieces of information about f(& +ctksk):the values off(d) and VT’ ~)sk .

After the Newton step, we know the value of f(d +Sk).From these three pieces of

information, we can make a quadratic interpolation to get a value of ctk where the

28ieobjective function f(a)has a minimum, . .

VTf(U’jskct=–
2~( d + Sk)–f(d)–d’f(u’jsk]

(60)
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After a~ isobtained, ifadditional backtracking isneeded, cubic inte~olation can be

carried out. Thus, in a linesearch strategy the search direction is retained but the step

length is reduced if the Newton step is unsatisfactory.

In a trust region

selected and then the

strategy, when the full Newton step fails, a shorter step length is

search direction is determined. The name refers to the region in

which the quadratic model can be “trusted” to represent ~(U) . The concept is to

estimate the length of a maximal successfid step from ~ such that ~ <0, the bound

on the step. Next, a curve is determined with an initial direction of steepest descent so

that the tentative point ~+ 1 lies on this curve and is less than o. The trust region is

updated and the sequence is continued.28

Since second order information was not available, the Hessian H in equation (57)

was approximated by a secant technique. An initial guess for the Hessian (usually

# = 1 with appropriate scaling) was given and it was updated by a positive definite

secant update called the Broyden, Fletcher, Goldfarb and Shanno (BFGS) update.28

(61)

The gradient g in equation (57) cannot be approximated by secant approximations

since the gradient must be known accurately in minimization algorithms, both for

58 There are several methods ofcalculating descent directions and for stopping tests.

obtaining the gradient. One way is to employ finite differences, i.e.

df _ f(ui+&)–f(ui)—.
aUi &

(62)
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Another way is to use the adjoint formulation. The gradient can be written as

(63)

The term i?Y/d U can be replaced using the constraints assg

Cu+cy.g.o

leading to

(64)

(65)

Thus, the gradient can be written as

VJ(Y(U), u) = .g+ CUTA (66)

where the costates 1 satisfj the adjoint equations

(67)

Equation (67) can be solved for k which can be used to obtain the gradient by equation

(66). The adjoint equations can be derived from the original state equations.60y61 This is

an efficient way to obtain gradients. However, although adj oint equations for the Navier-

Stokes equations have been derived, 35 they have been derived using no-slip boundary

conditions. Adjoint equations for the other equations involved in BANFF and for the

Navier-Stokes equations using wall models have not yet been derived. Yet another
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method of obtaining gradients is to implicitly differentiate the original state equations in

their infinite dimensional or difference form to give sensitivity equations which can

then be solved to get gradients. 62 However, the number of equations involved in BANFF

and their complexity makes this approach impractical. Hence, finite differences were

chosen to obtain the gradients.

The state equations are eliminated as explicit constraints in the MDF formulation.

However, there might be additional constraints such as bounds involved. These were

treated using the active set method. 20 A bound constraint is considered “active” when a

variable is equal to one of its bounds. A typical iterate ~ can be partitioned into its free

(non-active) components UF~ and its fixed (active) components UFX. A reduced

gradient g~~ corresponding to U~R is obtained and the reduced Hessian is obtained

from an expression similar to equation (61) with g~~ replacing g and U~R replacing

U. Changes in the working set involve fixing a variable on a bound when a constraint is

added, and freeing a variable from its bound if a constraint is deleted.



RESULTS AND DISCUSSION

5.1 Background

In Chapter 3, the formulation chosen to solve the optimization problem, the

Multidisciplinary feasible (MDF) approach was described. In this approach, every

optimization iterate is a feasible point, enabling each successful iterate to be used as a

new setpoint moving towards the optimum. In Chapter 4, two methods which can be

used to solve the optimization problem generated by the MDF approach were discussed.

A gradient-based method, the Quasi-Newton method, was described. This method is

simply Newton’s method applied to a quadratic model of the objective function with the

Hessian approximated by a secant approximation. The gradient of the objective function

was obtained by finite differences. Since the accuracy of the gradients was open to

question, a direct method which relied only on objective finction values, the Parallel

Direct Search (PDS) method, was also described. This method starts with an initial

simplex, samples the objective function in several directions and updates the simplex

based on the minimum objective function value. Both these methods were tested in a

simple optimization case: that of pipe flow with sudden expansion at the inlet. Based on

the results obtained from this case, one method was chosen to solve a more difficult

optimization case: that of an ethylene fiunace.
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5.2 Square Pipe with Sudden Expansion

The first case considered was simple: a square pipe with sudden expansion at the

inlet. The flow was turbulent and cold, i.e. the only two disciplines involved were those

of fluid flow and turbulence. The geometry of the pipe is shown in Figure 7.

L=2.Om

W= H= O.2m

Y

Figure 7 Geometry of the square pipe with sudden expansion

The fluid entering was air at 300 K. This case was simulated using a 12 x 12 x 12 grid.

Initially, an entering flow rate of air of 0.4 m/s was chosen, the flow simulated and the

outlet velocity profile Uout* was obtained. The x-directional velocity profile obtained at

the outlet is shown in Figure 8. Next, the inverse problem was posed. The required

velocity profile at the outlet was uOUt*. The parameter (independent variable) chosen to
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achieve this objective was the inlet flow rate, flo win . Mathematically, the problem can

be written as

where uOUlwas

Minimize (uOUt– UOUI*)2 with respect to j70win (68)

obtained as a function of j70win by solving the Navier-Stokes and

turbulence equations using BANFF.
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Figure 8 The x-directional velocity profile required at the outlet of the pipe

Both the PDS and the Quasi-Newton methods were used to solve this problem. An

initial guess of 0.1 m/s was used for j70win . Velocity, turbulent kinetic energy and

turbulent energy dissipation profiles from the previous iterations were used as initial

guesses in the subsequent iterations. Results from the PDS method with three look-
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aheads, i.e. with three fimction evaluations at each iteration, are shown in Figure 9.

Figure 9 shows the objective function history as a function of the inlet flow rate at each

function evacuation
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Figure 9 Objective function history as a function of the inlet flow rate using the
Parallel Direct Search (PDS) method

The PDS method required21 function evaluations to reach the optimum inlet flow rate

of 0.4 m/s. Several different values of look-aheads were explored, however no

substantial reduction in the number of fimction evaluations was obtained. Results from

the Quasi-Newton method are shown in Figures 10 and 11. Figure 10 shows the

objective fiction history as a function of the inlet flow rate at each function evaluation,

including those for the gradient approximation. Figure 11 shows the variation in the

outlet velocity profiles with iteration number.
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Figure 10 Objective function history as a fi.mction of the inlet flow rate
using the Quasi-Newton method
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Figure 11 Variation in outlet velocity profiles using the
method
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Thus, the Quasi-Newton method required only 8 iterations compared to the 21 of the

PDS method. This proved that accurate gradients from BANFF could be obtained by

finite differences.

5.3 An Ethylene Furnace

Having tried out both methods on a simple case like a square pipe with sudden

expansion, and having confirmed that the Quasi-Newton method was much more

efficient than the PDS method since accurate gradients could be obtained by finite

differences, the Quasi-Newton method was tried on a tougher case: an ethylene furnace.

The geometry of the furnace is shown in Figure 12.

Figure 12 Geometry of the ethylene furnace
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The furnace has 12 identical, serpentine, “M” shaped coils, is totally floor-fired

and is designed to process 65,000 lb/hr of LPG. The overall dimensions of the fhmace

are approximately 40 ft high x 10 ft wide x 60 ft long. Only half the furnace was

modeled with appropriate boundary conditions at the plane of symmetry. The fireside

was modeled using the comprehensive equations introduced in Chapter 2. The tubeside

was modeled using a simplified kinetic model representing the cracking. The coil outlet

temperatures (COTS) for the base case are shown in Figure 13.

1113
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Figure 13 Variation in coil outlet temperatures for the base case

The COTS vary by a maximum of 10 K between the coils. This difference is due to the

differences in local gas temperatures and wall temperatures in the furnace. Furnace flow

patterns show several recirculation zones, local hot and cold regions near the burners,

and other variations which contribute to the nonuniform distribution of gas temperatures.

This also causes spatial variations in wall temperatures, resulting in a spatially varying
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radiation field and heat flux to the coils, i.e. each coil is heated in a different manner.63

The yield of e%hylene is maximum if the COTS are uniform at 1107.5 K. Thus, the

objective function was to minimize the difference between the COTS and the required

temperature.

Minimize ~ (COT.CO,,- 1107.5)2 (69)

?lc/)i/= 1

This furnace was modeled with a 114 x 28 x 21 grid. A general strategy that can

followed for optimization of such complex processes is to reduce the evaluation time

be

by

coarsening the grid and selecting the minimum number of parameters to control the

process. The results obtained could then be used as initial guesses to solve a more

complex optimization problem with more parameters and a finer grid.64’65 However, a

finer grid such as a 77 x 14x 13 grid did not capture the physics of the flow. As shown in

Figure 14, the COTS show a uniform distribution and are of a different magnitude than

the actual COTS. Thus, the original grid, though fine, was used to simulate the flow.

However, at each optimization iteration at which the COTS were needed at specific

values of parameters, BANFF was not converged to a very tight convergence criterion.

Even though several iterations (of the order of 2000) were needed to be done to converge

the case very well, the COTS did not change very much after the few initial iterations.

Figure 15 shows the change in the COTS with iteration number when a very poor initial

guess for the velocities, temperatures, etc. was used. Thus, a reasonable estimate of the

COTS could be obtained after about 200 iterations. It was found that using a better initial

guess, such as the flow field obtained from the previous optimization iteration, reduced
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Figure 14 Variation in coil outlet temperatures using a coarse grid

the number of iterations needed to about 150. Thus, although simulating the furnace and

resolving all the variables involved was expensive, the optimization process itself was

not very much more expensive due to the loose convergence criteria used in BANFF.
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Initially, a minimum number of parameters was chosen to control the furnace. In

the base case, all the burners on the floor of the furnace have the same fiel and air flow

rates through them. The burners were divided into two zones as shown in Figure 15, i.e.

2-zone firing was chosen to control the COTS. Thus, one zone had 6 burners and the

other had 12 burners associated with it. The flow rate of the fuel through these zones was

controlled.

I I
I I
I

ZONE 2 ZONE 1

Figure 16 Top view of the fimace showing the two zones for zone firing

Only the Quasi-Newton method was used to solve the optimization problem, since the

present operating parameters were not very far away from the optimum and gradient-

based methods are known to be much more efficient than direct-methods for precise

convergence. Figure 17 shows the decrease in objective function value from the base

case to the minimum. Figure 17 only shows the BANFF calls for the objective function

evaluations, not for those required to evaluate the fh-iite difference gradient or for

backtracking. These seven optimization iterations involved a total of 23 function

evaluations. Thus, since a maximum of 150 BANFF iterations were performed at each of
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these function evaluations, a total of 3450 BANFF iterations were performed to achieve

the minimum. This is not a very large number compared to the 2000 iterations required

to fully converge BANFF for the furnace. A decrease in objective function value from

about 105 in the base case to about 41 with 2-zone firing was achieved. Figures 18 and

19 show the variation in flow rates required to achieve this value, and Figure 20 shows a

comparison of the COT values between the base case and the 2-zone firing case.
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Figure 17 Decrease in objective fimction value using 2-zone firing

In an attempt to reduce the objective fi-mction further, two more parameters were

chosen. The burners were now divided into four zones, i.e the

zones were controlled independently. Figure 21 shows the

fuel flow rates of four

zones involved. This

optimization problem was also solved using the Quasi-Newton method. However, no

further reduction in objective function value was obtained, i.e. the four zones provided

no more control over the COTS than the two zones.
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Figure 18 Variation in the zone 1 flow rate towards the minimum
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Figure 21 Top view of the fhrnace showing the four zones for zone firing
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Since four-zone firing did not reduce the objective function any further, the feed

flow rates through the tubes were considered as parameters. The burners were divided

into the same two zones as shown in Figure 16 and the tubes were also divided into two

zones in a manner similar to zone firing. The tube zone corresponding to the first firing

zone had four tubes associated with it, and the tube zone corresponding to the second

firing zone had two tubes. Thus, four parameters were considered: the fuel flow rates

through the two burner zones, and the feed flow rates through the two tube zones. These

parameters also did not reduce the objective function lower than 41, i.e. the tube zones

chosen to vary the feed flow rate did not provide any more control over the COTS.



CONCLUSIONS AND RECOMMENDATIONS

A technique for coupling combustion simulation with optimization was developed.

Several optimization approaches were reviewed, such as the Multidisciplinary feasible

(MDF) approach, the Individual discipline feasible (IDF) approach and the All-At-Once

(AAO) approach. It was concluded that the IDF and the AAO approaches which allow

infeasibility with respect to the constraints require a Newton-based method for the

solution of the state equations. Hence, since the simulation model used, BANFF, did not

use such a method, the MDF formulation was preferred. Two methods were used with

such a formulation, a direct method called the Parallel Direct Search (PDS) method

which relies only on function information to find the optimum and a gradient-based

method called the Quasi-Newton method. Both methods were first tested on a simple

case: that of varying the irdet flow rate into a square pipe in order to obtain a particular

velocity profile. The Quasi-Newton method was more efficient than the PDS method

even though the gradient was obtained by finite differences. This method was then used

to optimize an ethylene furnace in order to achieve uniform coil outlet temperatures.

Zone firing was used to achieve this objective, two zones lead to a decrease in the

objective function value, and four zones did not improve on this result. Variations in the

tube flow rates were also used as parameters, but no improvement in the uniformity of

the COTS was obtained.
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An important breakthrough in this field could be achieved if Newton-based

methods could be used efficiently and robustly to simulate reacting flows. The AAO

approach combined with the Sequential quadratic programming (SQP) method has been

used successfully to solve a number of optimization problems in the literature, and

seems to be a promising technique for the optimization of cases involving complex state

equations. The IDF approach seems to be an important bridge between the MDF and the

AAO approaches. The technique of retaining individual discipline solvers and having a

Newton-like method to maintain interdisciplinary feasibility is a promising one. If the

MDF approach were to be still the preferred approach, efficient methods of obtaining

gradients instead of finite differences need to be explored.


