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Webb, Daniel Martin (Ph.D., Chemical and Biological Engirieg)
Hybrid Dynamic Modeling and Identification

Thesis directed by Prof. W. Fred Ramirez

A new technique for identifying hybrid mechanistic/emgal dynamic models
was demonstrated, as well as several new techniques foovimgrthe speed and con-
vergence properties of the iterative dynamic programmptgal control algorithm.

A hybrid dynamic model is a mechanistic model developedgiamunderstand-
ing of the underlying system combined with an empirical mMptgically a neural
network. Models of this type have been used for several yieaosoreactor model-
ing research because the conservation equations andreatdichiometry are usually
known but the reaction kinetics usually are not. The neugbdlark part of these hybrid
dynamic models is challenging to identify because theretismlirect link between the
neural network weights and the error (measured vs. pretigteges).

A new more general technique for identifying these systeras imtroduced
where the neural network outputs are treated as controla mp&mal control prob-
lem, and the optimal control objective function minimizke error between measured
and predicted states. Once the neural network outputs anel fasing optimal control,
the neural networks can be trained as usual. This methotifieera model where one
state had only five data per run without using a state estimato

Iterative dynamic programming (IDP) was the optimal cohaitgorithm chosen
for this technique because of its lack of model restrictjdms it suffers from two seri-
ous problems for this application: computational expemseeisy control trajectories.
A new two-step method was proposed where basic IDP is usemve the problem to
some tolerance, then a modified IDP is used to solve the protde higher tolerance.

The modified IDP used in the second step includes controtifijeand/or damping
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methods which quickly reduce control noise. Several newhoug were developed
for control smoothing as well as an improved algorithm fagswise linear continu-
ous controls and a new algorithm for stagewise linear diseoaus controls. These
methods decreased computation time several orders of tmdgrior the Park-Ramirez

bioreactor optimal control problem with 50 control stages.
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Chapter 1

Introduction

The original goal of this study was to improve modeling teghes for optimiza-
tion and control of industrial fed-batch bioreactors. Tharéactor modeling problem
is a very difficult one because any model of the process isy@wavery crude approx-
imation of the real biological system.

While some (Domach et al., 2000) have attempted highly ldetamechanistic
models, these models are not typically useful in an indaistetting because the sim-
plifications and assumptions necessary to create the maddetshold in an industrial
setting. For instance, in the stationary phase there arbanéamns of growth inhibition
and cell death that are not well understood, so purely mesti@abioreactor models
typically do very poorly in the stationary phase.

Some others (Xiong and Zhang, 2005) have gone to the othemnegtand created
purely empirical models, such as neural network models.l&\these purely empirical
models will be successful if enough data are available, #aye the weakness of all
empirical models of poor extrapolation. In addition, evieaugh the mass and energy
balances are known for this problem, these models throwiuhidamental information
away. The model will recapture this information from theajdiut only where sufficient
data are available.

A middle ground between these two modeling philosophigsasit/brid dynamic
model (Psichogios and Ungar, 1992). In a hybrid dynamic madaechanistic model
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is combined with an empirical model. This can be in parafiet €xample, a neural
network could represent an error term that is added to a mestiamodel), or in
series (for example, a neural network could represent dioga@te term in a set of
reaction mass balance equations). A series model whergomegate terms are replaced
with neural networks was called a parameter function neneaork by Tholudur and
Ramirez (1996) because the neural networks capture therdgmaodel parameters in
conservation equations.

An interesting and difficult problem is how to identify theparameter func-
tions, especially if data are noisy or limited or both as igwfthe case with biological
systems. Good results were obtained by Tholudur et al. ({lB@@reating curve-fits
through the experimental data, obtaining the state deresfrom the curve-fits, and
using this to solve directly for the values of the parametgictions. This technique
is useful, but is not possible if any states are unmeasurechofe general technique
is introduced in Chapter 6 where the hybrid model identiitcaproblem is treated as
an optimal control problem. This leads to difficulties of @t&n, because the optimal
control problem can be ill conditioned and computationatypensive in the general
case.

The iterative dynamic programming (IDP) optimal contrayj@ithm of Luus
(1990) described in Chapter 3 was chosen to solve the id&tidn optimal control
problem because of its robust behavior and lack of restriston the system. However,
IDP is generally very computationally expensive and somesi leads to active (noisy)
controls, and both of these problems are harmful for thetifiestion problem.

To reduce the active control and speed problems, a new wyogsbcedure is
introduced where regular IDP is used to solve the problenomaesspecified tolerance
or number of iterations, then a modified IDP is used to soleegdioblem to some
additional tolerance or number of iterations. The modifie® used in the second step

includes control filtering and/or damping methods whichuathe control activity



much faster than regular IDP.

Chapter 4 explores improvements to the first part of this $tep process by
considering the effect of control tolerance on achievapkinwal control performance,
introducing several new methods for adaptive control negidjustment, and discussing
methods for deciding when to stop IDP.

Chapter 5 develops the second part of the two-step IDP pupedry comparing
several new and existing methods for control smoothing WiR. An improved im-
plementation of stagewise linear continuous control @iszation is given, as well as
a new algorithm for stagewise linear controls that allowscdntinuity at each control
stage boundary.

The model of Park and Ramirez (1988) is introduced in Chahtdrhis model
was designed for optimal control studies in order to maxarsecreted heterologous
protein from a yeast system. The mechanistic version ofrtloslel is used as the
optimal control problem to illustrate efficiency and smanthin Chapters 4 and 5. The
hybrid version of this model, with reaction rate terms repthwith neural networks, is
used to illustrate the optimal control identification teiciue in Chapter 6.

Chapter 6 explores the hybrid dynamic model identificatiambfem. The current
methods are described along with their limitations, whiedds to the proposal of the
new Webb-Ramirez technique where the hybrid model ideatiba problem is treated
as an optimal control problem, with the parameter functialues as the controls. The
practical consideration of maintaining feasible statdh #iis method is discussed, fol-
lowed by an example of the method using artificial data froenRark-Ramirez model.
The effect of IDP parameters on the first part of the methotudied, then both parts
of the method are used to identify the parameter functiomalexetworks from the ar-
tificial data. Finally, the optimal controls of the mechaitignd the identified models
are compared to further test the quality of the identifigatio

Chapter 7 presents a flux-balance model for an industriée $ed-batch bioreac-
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tor. This model addresses the original goal of improvingistdal fed-batch bioreactor
performance but is not directly related to the hybrid moggdraach in the other chap-
ters. The flux-balance model is a mechanistic model basedeombdel by Lin et al.
(2001) which was designed to model growthEafcoli along with respiratory condi-
tion and acetate production. This model attempts to pretetglucose and oxygen
flux through the cell respiratory chain in order to predicygen starvation leading to
acetate production, along with the changes in yields thaalgng with a shift from
aerobic to anaerobic growth.

Software implementation of everything described in thiskne available under
the GNU GPL free software license (Free Software Foundaligal) at

http://dani el webb. us/research.

Main contributions to the state of the art

¢ Introduced and demonstrated a new technique to identifyichglynamic mod-

els using an optimal control algorithm.
e Improved the iterative dynamic programming (IDP) algantim several ways:

x Developed a new two-step procedure to quickly obtain theatper-
formance index and a smooth control profile (Section 3.7 anapr

8).

x Added three new ways to adaptively shrink the control redection

4.5).
«x Demonstrated a new test for early stopping (Section 4.5.3).

x Demonstrated a new test control that extracts performaarrstsity for

each stage and control (Section 4.6).

x Introduced a new stochastic filter that improves smoothnégsmuch
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less effect on the performance index than the current filgeteéchnique

(Section 5.1.4).

Demonstrated a new type of test control that greatly spealgecgence

for smooth problems (Section 5.1.6).

Improved the algorithm for stagewise linear continuousticas so that

multiple state grids can be used (Section 5.2).

Introduced a new algorithm for stagewise linear discor@usicontrols
for problems where many control discontinuities are exga¢Section

5.3).

Demonstrated a new way to use variable stage lengths requirie less

dimension than the previous method (Section 5.4).



Chapter 2

The Park-Ramirez bioreactor model

The Park-Ramirez bioreactor model (Park and Ramirez, 1€188¢ribes cell

growth and heterologous protein production and secretorgénetically-engineered

yeast. It has been widely used (Franco-Lara and Weuster-R005; Balsa-Canto

et al., 2005; Sarkar and Modak, 2004) in optimal control gsidecause it has multiple

separate singular arcs.

The state equation is the set of ordinary differential eignat

q
uX—vX
g
fpx—\ﬂlpr 2.1)
@(Pr —Fu) — P

q



where
X is cell concentration

S  issubstrate (glucose) concentration

is total protein concentration

is system volume

Pr

Pv is secreted protein concentration

\%

Y isthe substrate yield per cell growth
Il

is specific cell growth rate
fp  is specific protein production rate
@ is specific protein secretion rate
g issubstrate feed rate

S  is substrate feed concentration

Initial conditions (timetp) are

Pr(to) = 0.0 (2.2)

and the kinetic parameters are

21.87S

W= (s704)(St625) (2:3)

fp — 2.4
P 0.1+S (2.4)
4,75

® = o12tu (2:5)

Figures 2.1, 2.2 and 2.3 are graphguoffp, and@ respectively. Table 2.1 gives

the parameter values for all model parameters used fortilniy.s
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Xo 1.08
S (optimal control) 50b
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Table 2.1: Park-Ramirez model parameters.
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Figure 2.1: Kinetic parametegrfor the Park-Ramirez bioreactor model.
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Figure 2.2: Kinetic parametdp for the Park-Ramirez bioreactor model.
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The optimal control problem for this model is to maximize tio¢éal mass of
secreted protein at the final time. The optimal control pentmnce indexp (see Section
3.1) is thus

® = Pu(t) V(). (2.6)

Figure 2.4 is the optimal control for the Park-Ramirez béater model. The so-
lution is a period of growth at the maximum growth ratSat 5.02, a zero feed period
until Sfalls to the maximum protein production concentrationSct 0.1%, a period
where feed maintains the maximum protein production camagan, and finally a pe-
riod of maximum feed rate to stimulate as much protein sexrets possible before the
final time. The optimal performance index for this probler82s76g to four significant

figures. The performance index will be reported withoutsifor the rest of the study.

g (Substrate feed rat.)

0 ] ] ] ] ] ] ]

Time (hr)

Figure 2.4: Optimal control of the Park-Ramirez bioreachadel.

The optimal control problem for the Park-Ramirez model Wwélused in Chap-

ters 4 and 5 to illustrate a new two-step approach to soliagptimal control problem

using iterative dynamic programming, and the hybrid versibthis model with kinetic
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parameters replaced with neural networks will be usedustilhte a new hybrid model

identification technique in Chapter 6.



Chapter 3

Iterative dynamic programming

In this chapter, the optimal control problem is describadoaerview of cur-
rent solution methods is presented, and the basic iterdyiwvamic programming (IDP)

optimal control algorithm is introduced.
3.1 The optimal control problem

We will consider the continuous dynamic model describedhgyvector differ-

ential equation
dx
dt

wherex is an(l x 1) state vector is an(J x 1) control vector, anc(t = 0) is known.

=f(x,u,t) 3.1)

Each control has a fixed bound. The performance index is dkfine

@ = P(x(t)) (3.2)
wherey is an arbitrary function antl is the final time.

The optimal control problem is to choose the control poligy) in the time
interval 0< t < t; that minimizes or maximizes the performance index. AltHotlge
performance index is only a function of the final states fgoathmic simplicity, this
is still a general formulation since any performance fusctp can be transformed into
a function ofx at the final time using pseudo state variables. The termsrmainand
‘local minima’ will refer to extrema and local extrema foethest of the study, whether

the performance index is being maximized or minimized.
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3.2 Overview of solutions to the optimal control problem

There are two basic types of methods for solving the optiadrol problem: in-
direct methods and direct methods. Indirect methods (Brgsw Ho, 1975; Ramirez,
1994) use the classical necessary conditions for optiyndliirect methods discretize
the infinite dimensional problem into finite elements and ifalo three basic types:
control parametrization methods (Kraft, 1985), where dhé/controls are discretized,
collocation methods (Neuman and Sen, 1973; Tsang et al5)1@here both the con-
trols and the states are discretized, and iterative dyngnoigramming. A non-linear
programming technique such as sequential quadratic prognag is used to find the
parameters for the discretized model for control paramregion methods. There have
also been attempts to use stochastic techniques such asgeongramming (Upreti,

2004) although these methods are not commonly used.

3.3 Introduction to IDP

Iterative dynamic programming (IDP) is an optimal contrigaaithm that ex-
tends the concept of Bellman’s dynamic programming (Belind®57) to the optimal
control problem for discrete or continuous systems (Lu@90). In general, IDP is
a very robust algorithm that places fewer restrictions andysstem and is simpler to
use than other algorithms (Luus, 2000). IDP only required the model be inte-
grable, while control parametrization methods must exsaasitivity information us-
ing derivatives. IDP does not take derivatives of the modeise costate or sensitivity
equations. Luus and Bojkov (1994) found that IDP consistdatind the global opti-
mum for a bifunctional catalyst problem when control paraiimation using sequential
guadratic programming found numerous local optima.

The main weaknesses of IDP relative to other optimal comethods are high

computation cost and non-smooth control trajectories [(fdwr and Ramirez, 1997).
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Fikar et al. (1998) compared IDP with control parametr@matnethods for two distil-
lation problems. IDP took approximately 4 and 12 times ashmamputer time as
control parametrization methods for the two problems. Bhisuld not be surprising
since IDP is a stochastic approach instead of a gradienbaplpr For systems where a
large number of stages are needed the difference betweearn®®€ontrol parametriza-
tion is likely to be even greater. While a stochastic appnoait never match the speed
of a gradient approach for a smooth problem, the speed ireprents introduced in
this study narrow the performance gap between IDP and grawiethods. These two
weaknesses of IDP are especially harmful to the solutiomefRark-Ramirez biore-
actor optimal control problem and to the solution of the Inglolynamic identification
problem examined in Chapter 6, so the changes to IDP explor€thapters 4 and 5
focus on reducing these problems.

The basic idea behind IDP, like any application of dynammgpamming, is to
break up the optimal control problem into a series of simplésproblems which are
then solved separately. This is done by breaking the optomadrol problem into a
multistage decision problem with the control as a timeesesiequence of decisions.

This work is presented as a practical explanation of the I[gBriaghm and im-
provements to it. The derivation of IDP from dynamic prognaimg principles is cov-
ered more fully by Tholudur (1998), and the authoritativierence for the IDP algo-
rithm is the book by Luus (2000). The explanation here walrsby describing the
basic IDP algorithm with stagewise constant controls irti8as 3.4-3.6, then develop

several modifications in the following chapters.

3.4 Basic IDP algorithm

The foundation of dynamic programming and IDP is Bellmaniaétple of Op-

timality (Bellman, 1957):
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An optimal policy has the property that whatever the inisitdte and
the initial decisions are, the remaining decisions musstitute an
optimal policy with regard to the state resulting from thstftecision.

In other words, if you know where you need to end up, you cart atahe end
and work backwards. This concept allows you to break up ad#figult problem into
many smaller, less difficult problems. In the case of therogticontrol problem, the
problem is broken int& stages of length, and the controls for the last stage are found
first. The last stage start and end times are known, but ttesstaithe beginning of the
last stage are not. The two questions to answer are “whatssiatbegin the last stage

with?” and “how to choose the controls to try for the last stag

3.4.1 State and control grids

At the start of each iteration of IDP, two grids are createth for states and one
for controls. The control gridestControlGrid is chosen first: for each stage, each
of R test controls is chosen using some random distributionecedton the previous
iteration optimal control. The exception to this is that firet test control uses the
previous iteration’s best control. The “best control” ag tktart of the algorithm is
arbitrarily chosen, such as the midpoint of the control témi

Once the control grid is chosen, the model is integrated fstart to finish for
each ofS state grids to create th&tateGrid data structure. The control froifest
ControlGrid used for a state grid integration is the corresponding cbfrsm the test
control grid (ie. controls for the integration to fifgtateGrid state point 2 come from
TestControlGrid test control 2). Therefore, there must be at least as mahgdetols

as state grids.
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3.4.2 Finding the best control for a state grid at each stage

OnceTestControlGrid andStateGrid are created there are options for the con-
trols to use and the states to start the last stage with. Fbr €tate grid, the states
stored inStateGrid are used as the initial condition for the last stage. The inigde
integrated from the start of the last stage to the final timegdor each of the possible
test controls infestControlGrid , and the one that results in the best final performance
index is stored irOptimalControlGrid .

The algorithm then moves back to stdge 1. The initial state condition for each
state grid is obtained fror8tateGrid at stagek — 1. For each state grid, all test controls
in TestControlGrid are evaluated to integrate the model across $agé.. Since we
only want to choose between the test controls for the custege, the previously found
optimal for the state grid closest to the current systenessatised to integrate across
stageK. The test control with the best final performance index isexston Optimal -
ControlGrid .

The algorithm continues working backwards through theegamtegrating just
the current stage for each of tigestate grids using th& possible test controls and
then continuing to the model final time using previously fddrest controlsOptimal -

ControlGrid is built up for each state grid and stage in this manner.

3.4.3 Iteration optimal

Once the best controls for all state grids are found andgto@ptimalControl -
Grid, the model is integrated from start to finish to find the iterabptimal control.
As each stage boundary is passed, the state grid closest ttuthent system state
is chosen to be the state grid for that stage. The control fogtimalControlGrid
corresponding to that state grid is used for that stage. €lkestrols are saved in

OptimalControl and are the iteration optimal control.



17

3.44 Continuing iterations

After each iteration, the allowed range for controls is i@t by the control
region contraction factoyc. Typically yc is in the range of 0.90 to 0.98. After a
certain number of iterations, the control region is incegagsing a region restoration
factionyg, which brings the control region partway back to its origjgiae. The control
region size thus follows a descending saw pattern, whiclsl(2000) used instead of
a single continuously decreasing control region to prepeemature collapse of the
control region. Typicallyr is in the range of 0.6 to 0.9. A group of iterations between

restoration is called a pass.

3.5 IDP basic algorithm - subalgorithms

The complete IDP algorithm is broken into several sub-atigors in this pre-
sentation. Several variations of the algorithm presentethis work have common
subparts, and this allows the presentation of each vamiébitbe complete and precise

without redundancy.

Algorithm 1 Initialization algorithm
1. Choose the number of test contréls
Choose the number of state gris
Choose the initial control region sizggfor each contro
Choose the region contraction facter
Choose the region restoration facygr
Choose the number of iterations per pAss
Choose the number of pasdgs

Noo kb

3.6 Stagewise constant IDP

The complete IDP algorithm for stagewise constant consmislar to the one
given by Luus (2000) is started by executing the pass alguor{tAlgorithm 2), which

calls Algorithm 5 for each iteration. The code implementinig algorithm is described



18

Algorithm 2 Pass algorithm
1. Execute Algorithm 1 (initialization algorithm)
2. for passb from 0..B—1do
3. for each controlj from 1..J do

4 for iterationa from 0..A—1do

5. Set control region sizg = Y&yRr; o

6. end for

7 Execute Algorithm 5, 7 or 8 (single iteration algorithm)
8 end for

9. end for

Algorithm 3 Grid generation algorithm

1. Divide the time interval0,t;] into 1..K time stages, each of length
2. for stage 1K do

3. Center control region;rfor each controlj on the previous iteration optimal
control (or 1 o if the first iteration)
4. Set the first test control ifestControlGrid to the previous iteration optimal
control for this stage
5. for test controlj from 2.Rdo
6. Set TestControlGrid for this stage and test control using the uniform
distribution within the control regionr
7. end for
8. end for
9. for state grid from 1Sdo
10. for stage 1K do
11. At beginning of stage, record statesStateGrid for this state grid
12. Choose controls frorfiestControlGrid corresponding to this state grid
13. Integrate to the next stage
14. end for
15. end for

Algorithm 4 ExtractOptimalControl from OptimalControlGrid algorithm
1. for stage 1K do

2. At the beginning of the stage, pick the state gridStateGrid closest to the
current system state

3. Find the control irOptimalControlGrid corresponding to the state grid from
the previous step

4, save the control i©ptimalControl

5. Integrate to the next stage using the control

6. end for
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in Appendix A.

Algorithm 5 Iteration algorithm for stagewise constant controls
1. Execute Algorithm 3TestControlGrid andStateGrid generation algorithm)
2. for each stage backward frokh.1 do
3. for each of theS state gridslo

4. Choose the state condition at the start of the stage 8tateGrid
5. for each of theR test controlsdo
6. Integrate the current stage using test control fi@stControlGrid
7. for each of the remaining stagde
8. Choose the state grid BtateGrid whose state is closest to the
current system state
9. Choose the controls fror@ptimalControlGrid correspond-
ing to the state grid in the previous step and integrate to the
next stage
10. end for
11. If performance index is the best of the test controls beirsduated,
store test control iOptimalControlGrid for this stage and state
grid
12. end for
13. end for
14. end for

15. Execute Algorithm 4 to extra@ptimalControl from OptimalControlGrid
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3.7 A two-step method for efficient IDP

In the early iterations of the solution process when thercbmégion is large,
IDP is more robust than gradient-based algorithms becatsst$ many combinations
of control paths, instead of just finding the overall dowhdtitection and following it.
Once the performance index is close enough to the optimuntoitel minima are not a
concern, the tables turn. Gradient-based algorithms cftexerge increasingly rapidly
to high precision as a solution is approached. IDP, on therdihnd, still converges
slowly because there is no assumption of smoothness nesoliltéeon.

A naive solution to this problem is to use IDP until the pemance index fails to
decrease for some number of iterations, then stop. Thid igasible for problems with
low control sensitivity (such as both the problems in thigdg) because the controls
remain far from the optimal controls until the performanugex has converged to very
high precision.

Another potential solution is to use IDP until the perforro@mndex is close to
the solution, then use a gradient-based algorithm to cgewee. However, IDP can
solve problems that gradient-based algorithms can’t, sostiill does not fully solve
the problem.

The method advocated here is a two-step procedure: firsg bsisic IDP with
adaptive region size updates (Section 4.5) until suffitrezibse to the solution (Sec-
tion 4.3), then using one of the control smoothing techrsgintem Chapter 5 until
controls are stable. The first step is needed because thalingmethods in Chapter
5 often lead to local minima, and the second step is needgebtriconvergence of the
control profile. This two-step approach retains the adwgegaf IDP while making it
computationally more competitive with gradient-baseaetgms.

The two-step method will be developed throughout Chapte6s then a sum-

mary of the method and recommendations will be presentedhapt@r 8.



Chapter 4

Iterative dynamic programming efficiency

IDP is a computationally expensive algorithm, requirindlioms of complete
system integrations to find the optimal control for problemith low control sensitivity
such as the Park-Ramirez optimal control problem. This @hagieals with general
ways to speed up the IDP algorithm that are applicable to éisecbDP algorithm and

both steps of the two-step procedure introduced in Sectibn 3

4.1 Choosing IDP parameters

Understanding how IDP parameters affect computation sostportant in order
to reduce it. The limiting step in IDP is the model integratiwhile evaluating each
test control (steps 6 and 9 in Algorithm 5). To simplify thebysis, all integration will
be considered equivalent for an equal amount of time. Famele 15 integrations of
the model betweeh= 14 andt = 15 will be considered equivalent to one integration
betweert = 0 andt = 15. This assumption could be inaccurate with a variablesstep
integrator since some control paths may require a smalkyage stepsize than others.
However, it is approximately correct and allows an estinuditdhe order of computa-
tion for each parameter. It also allows a better compariban processor time when
comparing results using different programming languadefgrent processor speeds,
and different processor architectures (see Section 5.7).

There are five parameters that affect computation time wi¢ghkdasic IDP al-
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gorithm: number of passes (B), number of iterations (A), hamof state grids (S),
number of test controls (R), and number of stages (K). Thelbmurof equivalent inte-

grationsleq follows directly from the IDP algorithm and is given by

I BASRK_ll K 4.1
eq_~<-k;—i> (4.0)

K (K —21)5- R) |

which simplifies to

leg= B~A(1+ (4.2)

4.1.1 Number of passes and iterations

The number of passes and iterations can more effectivelyhbsen by using

adaptive region size determination (see Section 4.5).

4.1.2 Number of state grids

Luus observed that even some very difficult problems can bedavith one
state grid (Luus et al., 1992), although a basic fed-batorebictor problem needed a
minimum of 23 state grids to solve (Hartig et al., 1995) and@bjem so simple it
can be solved by common-sense reasoning required 25 stdge(guus, 1998). In
another study, Bojkov and Luus (1993) concluded that maaa three state grids did
not increase the convergence rate or chance of finding thlbptimum. Obviously

only one state grid should be used if possible.

41.3 Number of test controls

In the early work on IDP (before the multi-pass method wasothiced), the
number of test controls was balanced with the region comtratactor to prevent early
region collapse. With adaptive region size (Section 4%, iumber of test controls
is balanced with the number of history iterations to preveaty region collapse. In

general, a small number of test controls is likely to be mdfieient (Luus, 2000).
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This study uses 5 test controls for the Park-Ramirez optomiadrol problem and 6 test

controls for the hybrid Park-Ramirez identification prahle

4.1.4 Number of stages

The most important IDP parameter with respect to computaticost by far
is the number of stages. This is true not only because of tingbeu of equivalent
integrations in Equation 4.2, but because of the effectrdest in Section 5.1 where
problems with low sensitivity have increasingly active ttohpolicies as more stages

are used.

415 Number of controls

Although not strictly a parameter of IDP but a parameter efdptimal control
problem, it should be mentioned that the single most impbparameter with respect
to computation is the number of controls. Bellman (196 1leckihe effect of the num-
ber of controls on computation the “curse of dimensionalifis curse can be simply
illustrated by imagining sampling 10 points along a line (e-@imensional space).
To get equivalent coverage of a ten-dimensional spact¥, ddmpling points would
be required. The beauty of IDP is that it reduces this curggesdat by limiting the
allowable control domain using state grids, but the cursstiliswith us. Imagine an
optimal control path for a single control that is only acdelesfrom 1% of the control
region. To reach that path with a high probability, the nundfeiterations times the
number of test controls should be several hundred beforeethien is reduced beyond
the path. If there were three similar controls, the numbéeadtions times the number

of test controls would need to be in the millions.
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4.2 Parallel implementation of IDP

Although the implementation used in this study is a singl@spssor implemen-
tation, one way to speed up IDP is to create a parallelizediaerof the algorithm
(Hartig et al., 1999) which runs on multiple processors. IBDRmost easily parallelized

in two ways:

e Each state grid evaluation (step 3 of Algorithm 5 for stagewionstant con-

trols) is performed on a separate processor.

e Each test control evaluation (step 5 of Algorithm 5 for steige constant con-

trols) is performed on a separate processor.

For most problems which require only one state grid, onlysheond option makes
sense. However, a large number of test controls is lessegfitthan a small number, so
the expected return on investment for parallelization idlapproximately one order
of magnitude for problems with a single state grid and twoeoscbf magnitude for
problems with many state grids.

Using a parallel version of IDP may make sense if a computatioluster is
available using standard parallelization libraries sueP¥M (Sunderam et al., 1994)
or MPI (Gropp et al., 1996) since these clusters typicallytam 10 to 100 processors.
As of this writing, multiprocessor single machines typigdlave 8 or less processors,
but there are designs announced by chip manufacturers thaupposedly produce
tens or possibly even hundreds of processor ‘cores’ on desprgcessor die. If these
products do come to market, a parallelized version of IDP pvdbably be needed to

take advantage of these multiple cores.
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4.3 Control precision and error

In an industrial setting, a control can only be set within gaia tolerance. In
the case of a fed-batch bioreactor such as the Park-Ranptemal control problem,
controlling the substrate feed rate to within a few perceotid be considered good
control. A reasonable question to ask is: “how much will cohtolerance affect the
achievable performance index?” For example, for onlinenogit control it makes no
sense to obtain the optimal performance index to within @0flcontrol precision
limits the attainable performance index to within 1% of tipdimal.

To explore how imperfect control affects the Park-Ramingizroal control prob-
lem, two cases were examined: noisy controls and contreebffTo test how control
noise affects the performance index, the optimal contrafijerwas obtained normally,
then a second control profile was created by adding Gaussiae to the first. The
system was simulated with both sets of controls to find the fiegormance index for
each case and obtain the relative performance index etigurd=4.1 shows the relative
error in performance index caused by control noise. Sulesteed noise of 2% will
lead to a performance index error of approximately 1%.

Another common problem in an industrial setting is contritdet. To examine
the effect of control offset on performance index, the optisontrol profile was ob-
tained normally, then a second control profile was createddualng a relative offset
to the first. The system was simulated with both sets of ctstoofind the final per-
formance index for each case and obtain the relative pedocmindex error. Figure
4.2 shows this result. Control offset of 2% will lead to a pemance index error of
approximately 0.1%, indicating that control offset is pably less serious than control
noise for this problem.

An analysis of the control error’s effect on achievable perfance index is one

way to decide how many iterations to use for the first step éntitp-step procedure.
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Figure 4.1: Effect of Gaussian control noise on performandex error for the Park-
Ramirez optimal control problem. The standard deviatiothefGaussian noise is the

control value times the relative control noise.
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Figure 4.2: Effect of relative control offset on performanodex error for the Park-
Ramirez optimal control problem.
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For this study, a relative control noise of 2% will be assupssdduring the first step
of the two-step procedure the basic IDP algorithm will be fmamenough iterations to
get within 1% of the optimal performance index. The numbeitexitions needed to

do this will be found in Section 4.5.

4.4 Integrator tolerance

A custom Runga-Kutta 4/5 integrator was used for the modefnation. It is
important with all integrators to choose appropriate etoterances so that the proper
balance is struck between solution accuracy and speed. fbloedqure for obtaining

reasonable integrator tolerances used here was:

(1) Start with a very small absolute tolerance so that neddtlerance dominates

at all times during the integration.
(2) Choose a reasonable relative tolerance, balancingl spekaccuracy.
(3) Increase the absolute tolerance if needed.

An absolute tolerance of 1! was initially chosen. At this small value, relative tol-
erance will dominate throughout the model integration. Wargamining the effect of

integrator relative tolerance, there are three importaestjons:
e How does the relative tolerance affect the performancexitde
e How does the relative tolerance affect the control profile?
e How much computation is used versus relative tolerance?

Figure 4.3 shows the performance index for simulations fhiterations using a
wide range of integrator relative tolerance. Surprisintiig final performance index is

nearly identical except for the case where relative tolegdaa 101, The computation
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Figure 4.3: Effect of integrator relative tolerance on parfance index for the Park-
Ramirez optimal control problem.
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Figure 4.4: Computation time vs. integrator relative taiere for the Park-Ramirez
optimal control problem. Absolute tolerance was 10
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times corresponding to the simulations are given in Figudeahd demonstrate the
importance of picking the integrator tolerance wisely.

Figure 4.5 shows the effect of integrator relative toleeana a stagewise lin-
ear continuous solution of the Park-Ramirez optimal cdigroblem. In line with the
finding that the performance index is very insensitive tegnator relative tolerance,
the control profile also seems to be very insensitive. Basethese results, an in-
tegrator relative tolerance of 10 was conservatively chosen for all solutions of the
Park-Ramirez optimal control problem.

Once relative tolerance was chosen, the computationaiteffeabsolute toler-
ance (Figure 4.6) was found to be insignificant, so the albsdblerance was left at

1011,
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4.5 Adaptive control region size

45.1 Adaptive control region size methods

The basic IDP algorithm uses a predetermined control regin@& sequence,
which often leads to many iterations where no progress isentetause the region
is either too large or too small. Mekarapiruk and Luus (1998posed that the region
size for a control at each stage be equal to the change inahabtduring the previous
pass, shown as Equation 4.3. Also, a lower limit for regi@e svas chosen to keep the
control region from collapsing to zero.

The Mekarapiruk-Luus method is evaluated at the end of eask @nd is

% start end
Mk = Uik — Uik

Ml i=1...,J andk=1,... K (4.3)

where 'fk is the new control region size for the next pass, is the value of contro|
at stagek, ujstﬁ‘”is the best value aij i at the start of the previous pass aITgF,I(d is the

best value oll; x at the end of the previous pass. This method has three wesslsies

¢ Itonly changes the region size once per pass, and some prebbln be solved
in so few iterations using the two-step method that thisltesu irregular re-
gion size updates. This is a minor cost for most problemseatisr being stud-
ied, but if problems with very expensive model evaluatiomerseing studied

this could be important.

e It only contracts the control region and never expands it ¢obnceivable that
the ideal control action at a given stage could increasemaégone during the
solution. This effect is in fact observed during the solntdthe two problems

in this study.

e It has been observed by watching animations of IDP proghegsbntrols tend

to “bounce,” especially when pivot point test controls (8®t5.1.6) are used.
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It is possible for a control to have the same value at the atatttend of a pass
while bouncing to other values during the pass. With the Mabiauk-Luus
method the region size will collapse permanently to the mum in one pass

if this happens.

Three similar new methods are proposed here for adaptiveatoregion size
update. All store a history of the optimal control for the\pogis Ay iterations and
update the region size after every iteration. Passes angsedtfor these methods. All
methods also have a minimum relative control region sizeanthximum decrease
in region size per iteration for each control and stage. Themum relative control
region size is

ljmin="0r-Tjo (4.4)

where § min is the minimum region size for contrg) a, is the minimum relative region
parameter, and;p is the initial region size for controj. For this studya, is always

0.001. The maximum decrease in region size per iteration is

r‘]-"Il’mi” =13 exp [In’iﬁr)} (4.5)

where fﬁl’mm is the smallest allowed region size for the next iteratiod @nis the
minimum fraction the region size can contractAp iterations. For this studf; is
always 001. This allows the region to shrink most of the way to the munin region
size inAy iterations.

The Maximum Delta Method chooses the new region size to bendsdmum
change of a control between any two consecutive iterationsgl the history, specifi-

cally
a+l a—n a—n—1
e = K- - MAX ( i U )

Nn=0,...A4—2;j=1,.... k=1,... K. (4.6)
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The Average Delta Method chooses the new region size to bavirage change of a

control between all pairs of consecutive iterations dutimghistory, specifically
B = ke AVG(Jul T —ut M),
n=0,....Aqy—2;j=1....3; k=1,....K. 4.7)

The Span Method chooses the new region size to be the maxiemge 1of a control

between any two iterations during the history, specifically

B = ke (MAX (W) - MIN (")),

n=0,....Au—1j=1,....J k=1... K. (4.8)

For all three methodsfi 1is the new control region for the next iteratian- 1 for
control j and stage, k; is the region contraction factom;]-{k is the value of controj
at stagek for iterationa, J is the number of control¥ is the number of stages, AVG
is the average operator (iterated only overnhadex), MIN is the minimum operator
(iterated only over tha index), and MAX is the maximum operator (iterated only over
then index).

The Mekarapiruk-Luus method has only one parameter (iterajper pass) but
to allow equivalent comparison with the three new methods# also assumed to use
a region contraction factor and was multiplied lgyas with the other methods. Also,

Ay will mean the iterations per pass for the Mekarapiruk-Luweshad.

45.2 Adaptive control region parameters

The adaptive control region size methods replace the fixgamecontraction
(vc) and restorationyR) factors withAy andk,, so it is helpful to study the effects of
these two parameters. In general, it is known that ugi@ndyr that cause the region
to contract too rapidly will lead to local minima being fountlis expected, then, that

combinations oAy andk; which cause the region to contract too rapidly will also lead
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to local minima. The expected effect is that if region cociiicn is too aggressive poor
solutions will result, but if the region contraction is tdows it will be less efficient.

To compare the four methods and determine suitable valudiségarameterl
andAy for the Park-Ramirez optimal control problem, several peettic studies using
five values ofAy and five values ok, were performed. Table 4.1 shows the number
of iterations required to reach 99% and 99.9% of the optiredigpmance index for 25
stages, and Table 4.2 shows the number of iterations rebianeeach 99% and 99.9%
of the optimal performance index for 50 stages.

The case with 25 stages does not have a clear pattern to fprdaia local min-
ima will be found, although most of the local minima are fowvith the Mekarapiruk-
Luus and the Span methods, which are the two methods modasiceinceptually.
The problems with the Mekarapiruk-Luus method are mostpeeted to cause over-
contraction of the control region which can lead to local imia or less efficient solu-
tion because the region is at its minimum for much of the run.

The case with 50 stages follows the expected trend of findiogl Iminima when
the number of history iterations is small, although kheloes not always have a large
effect. Interestingly, for the 50 stage case the Mekar&giuus method works as well
as the new methods despite its poor performance in the 26 stag.

In Section 4.3, it was decided that step one of the two-stepguture should
obtain the performance index within approximately 1% of tmimal performance
index. The Mekarapiruk-Luus and Span methods were ruledootlhis because they
found several local minima in the 25 stage case, and the MaxiiDelta method was
chosen over the Average Delta method because it seems neatietpble in the 50
stage case. However, this selection was somewhat arbgnace all of the methods
were fine withAy = 27 orAy = 35.

Based on these results, 40 iterations using the MaximumaDe#thod with

Ay = 27 andk; = 1.5 was chosen for step one of the two-step procedure. The full
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Target®

O‘gg(bop[lmal O.ggm)optlmal

0 Ay Ay
§ 9 | 14|20/ 27|35 9 |14]20]| 27 | 35
2 0.7/29( 232324 24 0.7/82[65[57| 62 | 62
2 1.0 24242324 24 1.0/ 86|68 64| 81 |69
& | k 15|21 24|25 24| 24 ke 15| —[67[75] 81 |72
S 2.0 — 2626|2424 20— 95| —] 82|75
2 40|37]29[30[24]24 40| — 87| —[100] 79

A A
© 9 |14]20] 27|35 9 | 14|20 27|35
D 1.0 [24| 25| 24|24 24 1.0 [37]40| 46| 43|45
a 2.0 (25|24 24|24 24 2.0 42|30 43] 47|50
2| k4.0 [22]23]24]24]24 ke 4.0 [31]32]39|57|54
3 8.0 (29|25[24|24]24 8.0 56|31]65]72]61
< 16.0( 25| 27| 26| 24| 24 16.0| 41| 63| — | 75| 68

A An
S 9 |14]20|27]35 9 |14| 20 | 27 | 35
A 0.7/22| 242324 24 0.7/28]46| 51 | 65 |54
= 1.0] 232324 24| 24 1.0[39[31| 43| 70 |78
2| k 15[22[25(25| 24 24 k- 15|33|45] 62 | 78 | 80
E 2.0/19| 242524 24 2.0[33[36| 70 | 79 | 86
p= 40(29[32]27| 24|24 4.0[ 7796|101 108| 99

AH AH
9 | 14|20/ 27|35 9| 14 |20| 27 | 35
0.7/22| 25|24 24 24 0.7/45| 44| 65| 71 | 64
3 1.0| 22| 25] 25| 24| 24 1.0/36] 61 [ 58] 65 | 57
@| k 15|21|25|25| 2424 ke 15|54 37| —| 80| 78
2.0/20(25[ 2924 24 20[32[ 53| —|81] 81
40(28[31[31]24]24 4.0[64]110| — | 108] 100

Table 4.1: IDP iterations required to reach 99% or 99.9% efdptimal performance
index ®oPimal for the 25 stage Park-Ramirez optimal control problem. Qagegyrid
and five random test controls were used. A ‘—’ indicates thgetaperformance index
was not reached within 200 iterations.
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Target®

O‘ggcbop[lmal O.ggm)optlmal

0 Ay Ay
3 9]14|20]27]|35 9]14| 20 | 271 35
2 0727252727 27 0.7/ 55| 50| 48 |42 45
2 1.0| 2926|2627 27 10|61 41| 41 |41 44
& | k 15]26|52]27]27]27 ke 15|57 | — | 48 | 45| 44
g 20(29( 472727 27 20|56 — | 45 |45 42
2 4.0|83|83]28[27]27 40| —|—[127[52] 43

A A
< 9]14|20]27]|35 9]14|20]27]|35
© 1.0 | 28|25 27|27 27 1.0 |39 33[49]49] 49
2 2.0 [37]26]|26]| 27| 27 20 (43| — | —[37] 46
S|k 40 [25[26]27]27|27 |k 40 [38[42]—|40]49
o 8.0 | 50| 60| 28] 27| 27 80| — | — 46| 40|45
< 16.0| 57| 30| 29| 27| 27 16.0| — | 51| 45| 46| 40

A A
8 9 |14] 20| 27] 35 914|201 27|35
5 0.7 2443|2627 27 07| — | — 444145
£ 1.0| 23 (54| 27| 27| 27 1042 — [ 4443 44
2| k 15[48[99|28] 2727 ke 15| —|—|38]39]46
E 20147692927 27 20| — | — 494243
= 40 72]76]30]27] 27 40— | — | 66| 43] 43

AH AH
9 |14]20]27]| 35 9 |14|20|27|35
0.7/32(60] 26| 27 27 0.7/36| — | 41| 38] 48
G 1.0| 2851|2927 27 10| — | — 35|42 48
& | k 15|64|54] 26|27 27 k 15| —|— |41|42|51
20[57|75|30]| 27| 27 20— | —[44]51]49
40| 712928 27| 27 40| — | 7172|4356

Table 4.2: IDP iterations required to reach 99% or 99.9% efdptimal performance
index ®oPimal for the 50 stage Park-Ramirez optimal control problem. Qagegyrid
and five random test controls were used. A ‘—’ indicates thgetaperformance index
was not reached within 200 iterations.



38

set of parameters used for step one of most two-step sodufiborihe rest of the study
are in Table 4.3.

In general, the history iterations should be large enougttttere is a high prob-
ability that several representative control changes happthin the history. This can
be determined by running IDP on the model and observing htendést controls are
chosen. Unless high efficiency is very important, it is eaaiel safer to err by picking

the history iterations too large.

Stage control discretization Stagewise constant
Stage length mode Fixed uniform stage length
Iterations 40
State grids 1

Random test controls 5

Adaptive control region method Maximum Delta

Adaptive control region history 27 iterations

Adaptive control regiok, 1.5

Table 4.3: Default IDP parameters for step one of the twp-gtecedure for the Park-
Ramirez optimal control problem. Model parameters are wda.1 (page 8).
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4.5.3 Stopping criteria

For the original IDP algorithm with a fixed number of iterattoand passes, the
stopping criterion was simply that the number of iteratiansl passes was complete.
For adaptive region size, it can be useful to have stoppibgra so that the algorithm
can finish as soon as possible.

One possible method would be to stop when the performanes ifadls below
some threshold, but this is problematic because the bdstrpeance index will change
as model parameters change. A better method is to stop IDR tifeeperformance
index stops improving. The relative improvement stoppiagmeteystopis defined as

oH — o

Ystop= 55 Ac As (4.9)

where®" is the performance index furthest back in the stopping hist? is the
current performance index, aig is the number of stop history iterations.

Stopping works well when there is continuous and predietafiprovement
(such as the Park-Ramirez optimal control problem to reaslenprecision), but not
for high precision or difficult problems, because improvetsemay be sudden after
many iterations with little or no improvement. For theselpems a fixed number of
iterations is still advised. Also, most solutions in thisdst use a fixed number of it-
erations for presentation simplicity. Figure 4.7 presémal solutions for a range of
Ystop Notice that more stages require a smajlgyp to obtain a smooth control profile,

as explained in Section 5.1.1.

4.6 Performance index control sensitivity

If two additional test controls are added, one slightly leigand one slightly
lower than the current optimal control, performance indemtol sensitivity informa-
tion can be extracted during each IDP iteration. IDP alwaysgrates the model to

the final time and obtains the performance index for everydestrol evaluation, so
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Figure 4.7: Effect of stopping parameigi,p on the two-step IDP solution of the Park-
Ramirez optimal control problem. Table 4.3 (page 38) gihedDP parameters for the
first step. The IDP parameters for the second step were the aanhe first except for
using 3 random test controls and 2 pivot point test conti®éc{ion 5.1.6).A; is the
number of iterations for step two to reagdop
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this is trivial to implement. In the current implementatiohe forward and backward
sensitivities are used instead of a central differenceétsso that information about
which controls have reached a bound does not have to be stored

The forward and backward normalized performance indexrobsensitivities

o, andé g, for each control and stage are defined as

£, = | My K (4.10)
du Mo (uj — Auj)
and
AD-My, K
o 411
i ‘qu(uj“‘ﬂuj) 1)

whereA® is the change in performance index corresponding to cocliageu;, Mo

is a typical or maximum value of the performance index usedainalize the term,
My; is a typical or maximum value of contraj used to normalize the term, aidis
the number of stages. For this stully; = 0.00IM,,. Because sensitivity calculation
is only run once at the end, the integrator relative tolegamas conservatively chosen
to be 10 for sensitivity calculation.

Figure 4.8 shows the normalized performance index conémsisivities for the
Park-Ramirez optimal control program. The sensitivities @ot particularly low, as
might be expected given the discussion of the active copnaitlem in Section 5.1.1.
A more precise explanation is that active controls are alpmhwhere the sensitivity
to the specific values of the controls are low even if the $iemtgito the average val-
ues of the controls are not. In other words, any model that tacfilter the effect of
active controls will have this problem, so any problem whaeeeffect of a control is
integrated will have this problem to some degree. Many agitoontrol problems have
this characteristic, so if a large number of stages are nkted@solve a control profile

accurately, this will generally be a problem with IDP.
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Figure 4.8: Optimal substrate feed (top) and normalizetbp@ance index sensitivity
(bottom) for the Park-Ramirez optimal control problem. Hhand x symbols are the
forward and backward difference sensitivities respebtive



Chapter 5

Iterative dynamic programming control smoothing

This study proposes a two-step approach, introduced indpe8t7, to solve
the optimal control problem as rapidly and robustly as gaesiwhere the problem
is first solved with the basic IDP algorithm using adaptivatcol region size to a cer-
tain point, then solved the rest of the way using IDP with cargmoothing techniques.
This chapter discusses the second step in this process tiytileg several methods for
IDP control smoothing and using them during the second dtépeawo-step method
for the Park-Ramirez optimal control problem. A summaryhede methods and rec-
ommendations for their use in the context of the whole prodéegjiven in Chapter
8. Stagewise linear controls are also discussed here diegecn obtain a smoother

control profile for a given number of stages.

5.1 The active control problem

For certain problems, IDP tends to find highly active conpolicies unless a
large number of iterations is used. As more stages are usegroblem becomes even
more severe. An examination of this problem in Section 5aiillibe followed by an
evaluation of techniques designed to address it: a conlerifig algorithm in Section
5.1.3, a new simulated annealing control filter in Sectidn4g.control damping using
modifications to the performance index function in Sectidn% and a new kind of IDP

test control in Section 5.1.6. Stagewise linear controSention 5.2 can also decrease



44

the average deviation of the calculated optimal contrahftbe true optimal control,
and can also decrease the active controls problem indiregttequiring fewer stages

for a given control resolution.

5.1.1 Examination of the active control problem

The objective of the optimal control problem is to minimizes tperformance
index (Equation 3.2). The basic IDP algorithm always cheasmtrols that decrease
the performance index at every decision, which can somstiess to situations where
the performance index quickly approaches the optimal valiehe controls at each
stage are not similarly close to their optimal value untilnparders of magnitude
more computation. The short explanation for this behawothat the performance
index sensitivity for any given control at a stage may be Vewy; and thus its precise
value doesn't affect the performance index much. BecauBad@ stochastic algorithm
that tries controls randomly across the control regiors, phoblem affects it much more
severely than gradient algorithms, which normally try igasontrols.

Consider the simple fed-batch bioreactor described by

X = g(S)—\ﬂ/x

L 1 q

S = —Ju9+y(S-9 (5.1)
V =g

whereX is cell concentrationg(S) is a growth rate function with a maximum at some
concentration of substraf&, q is the substrate feed rat8, is the substrate feed con-
centrationy is the growth yield on substrate, axds the system volume.

If the objective is to maximize final cell concentration, tinéuitively obvious
solution is to controf] so thatS= S* at all times in order to maximizg(S) at all times

and thus maximum final cell concentration.
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To discover why IDP has trouble with active controls in these, suppose that
Figure 5.1 is part of the substrate state and substrate feadot profiles when the
performance index is close to the optimum. The final stagepeasented blg, andg*
is the optimal control. The control values at stalges2 andk; are higher than optimal,

and at stageks — 3 andk; — 1 are lower than optimal.

q
y
[
kf—3} ki — 2 | ki —1 | ks

Stage

Figure 5.1: State and control for intermediate IDP solutba simple bioreactor prob-
lem.

First consider how the IDP algorithm could improve the cohfor the final
stageks for the case of a single state grid. Because the final perfocenandex of the
last stage is only affected by the choice of control for tre fdage, any change must
decrease the overall deviation 8from S* over stagei;. However, it is clear that any
significant decrease in the control for the last stage wilteéase this deviation and will
not be chosen.

IDP works backwards from the final stage, so after choosieghéw control at
stagek;, the control at stagk — 1 is found. Since the optimal for stagewas already

chosen too high, the value of control for stdge- 1 will need to be too low in order to
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keep from increasing the deviation 8from S.

In other words, because IDP only looks at one stage at a ttrisestuck for this
type of model once it gets reasonably close to the optimatrabrin practice, because
the objectivés= S" is not quite met, there is a small window of control change dokw
with, but it is obvious that it will take a very large numberitdrations to smooth the
control. This effect is the reason for the unexpected resplorted by Tholudur and
Ramirez (1997) that increasing the number of stages inesel@P’s control activity.
As the number of stages increases, the window of possibleatahange narrows,
increasing the effect described above.

For the case of multiple state grids, the situation is morapex. In that case,
state grids other than the first are generated with testalsntistead of the previous
stage optimal control, so it becomes possible that the atagtagek; allows a control
move towards the optimal at stage— 1. However, the computational load of IDP
is directly proportional to the number of state grids (Equa#.2), so increasing the

number of state grids is not a good solution to this problem.

5.1.2 Solving the Park-Ramirez optimal control problem using basic IDP

Figures 5.2 and 5.3 present the basic IDP solutions to tHeRamirez optimal
control problem for several combinations of stages andatiins. Each subfigure of
Figures 5.2 and 5.3 is a separate IDP solution; they do nat shprogression of a
single run through more and more iterations. All subfigufes|@ark-Ramirez optimal
control solution figures share the same x and y scaling throwithis study.

As expected from the discussions in Section 3.7 and 5.1€lp#sic IDP al-
gorithm quickly finds a performance index within 1% of theetraptimal, but with
active controls when using 25 or more stages. Clearly a Emygunt of computation is
needed to obtain the correct control trajectory for the FRaiknirez bioreactor problem

with the basic stagewise constant IDP algorithm.
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Figure 5.2: Solutions to the Park-Ramirez optimal controlgbem using the basic IDP
algorithm. Table 4.3 (page 38) gives the IDP parameters eseept for the number
of iterations which is shown on this figure. The dashed linthéstrue solution to the
problem with® = 32.76. All subfigures share the same X and Y scale.
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Figure 5.3: Solutions to the Park-Ramirez optimal controlgbem using the basic IDP
algorithm. Table 4.3 (page 38) gives the IDP parameters eseept for the number

of iterations which is shown on this figure. The dashed linthéstrue solution to the
problem with® = 32.76. All subfigures share the same X and Y scale. An integrator
relative tolerance of 10 was used for this figure.
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Stages lterations Equivalent integrations Computer Tsee)(

10 60 14 x 104 3.5
25 1000 15 % 10° 420
50 4000 24 % 107 3700

Table 5.1: Computational cost of the basic IDP algorithmhtam a visually smooth
control profile for the Park-Ramirez optimal control prableTable 4.3 (page 38) gives
the IDP parameters used except for the number of iteratidnshws shown on this
table. The processor used was an AMD Athlon 2100+. Equivaftegrations were
found using Equation 4.2.

Although all other solutions of the Park-Ramirez optimaittol problem in this
study use an integrator relative tolerance of 40a relative tolerance of 16 was
required for the cases in Figure 5.3 to obtain smooth coptailles, especially with 50
stages. This is probably because the available controlawrfdr smoothing described
in Section 5.1.1 was so small that a higher relative tolezamas required to find it,
although this hypothesis was not tested.

Notice that the basic IDP algorithm with 10 stages finds alstadntrol profile
with just 60 iterations, although the performance indexearty 2% from the true
optimal performance index (Figure 2.4), and the control®lzelarge average deviation
from the true optimal control because of the coarse dis@agtin. Table 5.1 displays
the computational cost and actual computer time for thealigismooth solution for
10, 25, and 50 stages. This demonstrates again what a pobéftact the number of

stages has on the solution to the optimal control problern ikiP.

5.1.3 Control filtering

Tholudur and Ramirez (1997) proposed smoothing overactiagrols by apply-
ing a first-order or median filter to the control policy aftexch IDP iteration. The
general idea is that by forcing the control to a suboptimaldsaoother policy after

each iteration, the controls that are moved towards thengpiwill stay there while the
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controls that are moved away from the optimal by the filtet a&l moved back by the
regular IDP algorithm.

The first-order filter for a single control is

U™t = Brug + (1 Brug_y k=2,....N (5-2)

wherek is the stage indexy@™ is the control for the next iteration at stageu? is

the control for the current iteration at stalgeandf3; is an adjustable tuning factor. If
Bf = 1.0, the filter has no effect, and as the filter moves towards (iltiee is more
active. Tuning factor values in the range of 0.90 to 0.99%&al.

The median filter replaces each control by the median of thresndingF con-
trols, whereF is an adjustable filter window. The median filter is less dffecthan the
first-order filter and is not considered further.

Figures 5.4, 5.5 and 5.6 show the effect of the first-ordetrobfilter on the
Park-Ramirez optimal control solution for 10, 25, and 5@etarespectively. The filter
works well, and is much better than unfiltered IDP at retugrarsmooth control profile.
However, because the filter changes the control outsideegétjular IDP algorithm and
normally harms the performance index, there is a balancedeset too much and not
enough filtering. The ideal selection of the first-order fittening parametes; depends
on the problem, number of stages and number of iterations. filtlr is applied every
iteration so the more iterations, the more filtering. Theffiharametefs should be
adjusted along with the number of iterations or the expentadber of iterations if
using a stopping criterion other than a fixed number of itenst

When first-order filtering is used throughout the IDP solutfeiithout the two-
step method), the case in Figure 5.6 Wdth= 0.99 reaches a local minima ¢f = 32.19
even though the control profile appears similar to the othses (results not shown).
This problem with local minima was seen for all the smoothiechniques to some

degree but it was worst with first-order control filtering ac@htrol damping. If a
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solution is needed as quickly as possible with the leastafi$ikding local minima, the

simulated annealing filter (Section 5.1.4) is a better ahoic
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Step two iterations
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Figure 5.4: Two-step IDP solutions to the 10 stage Park-Randptimal control prob-
lem using first-order control filtering during the secondstéable 4.3 (page 38) gives
the IDP parameters for the first step. The IDP parametershioisécond step were
the same as the first except for using first-order controkifiigewith 3 shown on this
figure and the number of iterations shown on this figure. Theheéd line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.
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Figure 5.5: Two-step IDP solutions to the 25 stage Park-Randptimal control prob-
lem using first-order control filtering during the secondstéable 4.3 (page 38) gives
the IDP parameters for the first step. The IDP parametershioisécond step were
the same as the first except for using first-order controkifiigewith 3 shown on this
figure and the number of iterations shown on this figure. Theheéd line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.
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Figure 5.6: Two-step IDP solutions to the 50 stage Park-Randptimal control prob-
lem using first-order control filtering during the secondstéable 4.3 (page 38) gives
the IDP parameters for the first step. The IDP parametershioisécond step were
the same as the first except for using first-order controkifiigewith 3 shown on this
figure and the number of iterations shown on this figure. Theheéd line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.
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514 Simulated annealing control filtering

The IDP algorithm with filtering alternates between redgcihe performance
index and smoothing the control profile, which are often gopg goals. While work-
ing with the filtering technique, it was seen that sometirmeasspof the control profile
that were important and correct were changed when the fdt@of was high enough to
quickly get a smooth profile. The simulated annealing fikean attempt to modify the
effect of filter smoothing so that it smooths more vigoroushere the negative effect
on performance index is less. In keeping with the stochastiare of IDP, it is also
randomized, and the most obvious way to do that is with a sitedlannealing type
algorithm.

The simulated annealing filter is implemented by modifyihg tteration algo-
rithm at the point where the best test control is chosen (igjothm 5 step 11 for
stagewise constant controls). The test control selectemis modified from “choose
the test control with the best resulting performance indexAlgorithm 6. A test con-
trol is considered smoother in step 5 of Algorithm 6 if it iDsér to the average of
the controls at the stage before and after it. For the firsastirdtage, a test control is

smoother if it is closer to a line drawn through the closest itwerior points.

Algorithm 6 Test control selection for simulated annealing filter
1. if any test controls result in an improvement over the previqignal performance
indexthen
choose the test control with the best performance index asalo

. else
for each test contralo
if test control leads to a smoother control profile than theetumptimal
controlthen
6. Assign this test control the selection indg¥rom Equation 5.3
7. end if
8 end for
9. Choose the test control with the largest selection index
10. end if

ok wn
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The equation for the selection indgxis

T -Mo

Ys = exp[ } —R(0,1) (5.3)

whereA® is the change in performance index for the test conirag the temperature,
Mg is atypical or maximum value of the performance index usetbtmalize the term,
andR(0,1) is a random number between 0 andM¢ was chosen to be 3D for the
Park-Ramirez optimal control problem as a typical valuéefggerformance index seen
during the course of the solution.

The temperatur& cools with the control region size and iteration:

T T
T=[2Y -+
[szo

J

[1+2@a-1)] (5.4)

whereT; is the initial temperaturej is each ofJ controls, | is the region size for
control j averaged over all stageg,oris the initial region size for controj averaged
over all stagesa is the current iteration indeX is the number of iterations, aru

is the iteration cooling parameter. The first term in Equabot cools the temperature
as the control region shrinks, and the second term coolsthpdrature as iterations
progress. The second term in Equation 5.4 will equaht the final iteration. For the
Park-Ramirez optimal control problean was chosen to be 0.5. This value is small
enough that smoothing has lessened at the end of the salogwavent it from picking

a poor control during the final iterations, but large enouglednverge as quickly as
possible.

The first test control always contains the previous iteradiptimal control, s&A®
will be 0 and the exponential term in Equation 5.3 will be 1thié temperature is very
low, any test control which decreases the performance imdlegause the exponential
term to tend towards 0 and won't be selected. If the tempexatuvery high, the
exponential term will tend towards 1 and the test control élchosen randomly from

those that smooth the control profile, regardless of theeffe performance index.
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5.1.4.1  Simulated annealing filtering with the two-step mdtod

Figures 5.7, 5.8 and 5.9 show the effect of the simulatedamggfilter for 10,
25 and 50 stages respectively. An initial temperature inrémge of 0.0005-0.001
worked best for all cases examined. Lower temperatures demooth the control
profile, while higher temperatures lead to wild oscillatcaused when poor choices

made by the filter are over-corrected.

5.1.4.2  Simulated annealing filtering without the two-stepnethod

The simulated annealing filter was the smoothing method liady to find the
most common local minimum for the 25 and 50 stage cases wheehwithout the two-
step procedure (results not shown). It is the best choicatbafisolution quickly with
a good performance index if control smoothness is not atitithe control will not be
as smooth as with pivot point test controls (Section 5.16)jt seems to be much less

likely to find local minima.
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Step two iterations
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Figure 5.7: Two-step IDP solutions to the 10 stage Park-Randptimal control prob-
lem using simulated annealing control filtering during teeand step. Table 4.3 (page
38) gives the IDP parameters for the first step. The IDP paemnéor the second step
were the same as the first except for using simulated angeadimrol filtering withT;
shown on this figure and the number of iterations shown orfitjuse. The dashed line
is the true solution to the problem with= 32.76. All subfigures share the same X and
Y scale.
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Figure 5.8: Two-step IDP solutions to the 25 stage Park-Randptimal control prob-
lem using simulated annealing control filtering during teeand step. Table 4.3 (page
38) gives the IDP parameters for the first step. The IDP paemnéor the second step
were the same as the first except for using simulated angeadimrol filtering withT;
shown on this figure and the number of iterations shown orfitjuse. The dashed line
is the true solution to the problem with= 32.76. All subfigures share the same X and
Y scale.
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Figure 5.9: Two-step IDP solutions to the 50 stage Park-Randptimal control prob-
lem using simulated annealing control filtering during teeand step. Table 4.3 (page
38) gives the IDP parameters for the first step. The IDP paemnéor the second step
were the same as the first except for using simulated angeadimrol filtering withT;
shown on this figure and the number of iterations shown orfitjuse. The dashed line
is the true solution to the problem with= 32.76. All subfigures share the same X and
Y scale.
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5.1.5 Control damping
5.1.5.1  Fixed control damping

Another way to reduce control activity is to punish it in therformance index
function, by adding the control damping tenng to the regular performance index
functiony in Equation 3.2. The control damping term used in this stsdje normal-

ized discrete second derivative

J [ Bu K
%ﬁ?z M—li:,-k;,‘uj,kJrUj,kZ_zui?kl‘ (5-5)

whereMg is a typical or maximum value of the performance inde€xs the number
of stagesj is each ofJ controls,By; is a non-negative damping factor for each control
uj, My is a typical or maximum value of contrg) anduj  is the value of contro] at
stagek. Larger values oBy; will lead to smoother control policies.

Because the control damping term changes the problem, ésistb use a small
amount of damping. Much like the tolerances of an integratauld be tested by
changing them to see if the solution changes, the contropdagrshould be varied to

make sure that it isn’t changing the solution.

5.1.5.2  Relative control damping

A problem with the control damping technique described enghevious section
is that because the damping tediyy is added to the performance index, the effect of
the control damping facto8,; depend on the value of the performance index. The
value of the performance index can be very different evedift@rent runs of the same
model due to different initial conditions, so unlédsy is updated for each new case,
the damping will be inconsistent.

To deal with this problem relative damping is used, wherefiked damping

factorsp,; are adjusted after each iteration so that the control dagnigirm yq is
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some fraction of the performance index. The first-order stdpent equation is

a
atl _ na Yj Bud)'cb_ i1 ] 56
BUJ' uj+TuA[ und :| J ( ' )

Where[3f}j+1 is the value of3; for the next iteration[,’;ﬁj is the value of3,; at the current
iteration,tya is the first-order time constant (in iterations), gh@ is the desired value
of Yyq as a fraction ofb. This formula requires initial values for all tifiy; and keeps

the ratio between them fixed. For this stugi = 5 and the initia,, were 10719,

5.1.5.3  Control damping with the two-step procedure

Figures 5.10, 5.11 and 5.12 show the effect of relative cbtamping on the
Park-Ramirez optimal control solution for 10, 25 and 50 stagspectively. This tech-
nique is effective for smoothing the Park-Ramirez optin@iteol problem using the
two-step procedure. However, simulated annealing coffiittet and pivot point test
controls lead to a smooth control profile with less roundifigh@rp but correct control
changes at discontinuities, so this technique is not a firsice for smoothing. It is

recommended in combination with other methods \@igh < 10~3.

5.1.5.4  Control damping without the two-step procedure

Control damping is not recommended above a minimal amouatwied through-
out the IDP solution (without the two-step procedure). Dgriesting of these tech-
niques using many different combinations of parameteis, tédchnique often found
local minima and poor control profiles when used Wik > 1073, so it is not rec-
ommended above this amount. It is hypothesized that thigeause large damping

severely limits the potential control paths.
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5.1.5.5  Control damping for subtle smoothing

Even if other techniques are used to address the activeot@nablem, a small
amount of damping may be useful if a smooth control policyrefgrred over a non-
smooth control policy. Figure 5.13 illustrates this effe@oth subfigures of Figure
5.13 have 50 stages, stagewise linear continuous contrdlglantical IDP parameters
exceptBue. They are both solved to convergence. The zigzag in the upedroase
moves the transition from exponential to zero feed sligttttyard in time. The perfor-
mance index payoff for the more optimal transition time ighta@r than the cost for the
suboptimal zigzag, so the algorithm chooses it. With a saralbunt of damping this
balance is shifted, and the algorithm chooses to move thsitran forward in time by
reaching zero feed a stage later. The performance indeluirg the damping term)
is only 0.01% worse for the damped case, but the control prifitlearly smoother.
However, this only addresses the goal of control smoothmegof control profile ac-
curacy. The control profile in the damped case is probablyiesec to the optimal con-
trol profile than the undamped case. Control damping in thged 04 < Bue < 103

seems useful for this kind of smoothing effect.
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Figure 5.10: Two-step IDP solutions to the 10 stage ParkiRamoptimal control
problem using relative control damping during the secomg.sfTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step
were the same as the first except for using relative contralpdag with 3o shown on
this figure and the number of iterations shown on this figutee dashed line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.
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Figure 5.11: Two-step IDP solutions to the 25 stage ParkiRamoptimal control
problem using relative control damping during the secomg.sfTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step
were the same as the first except for using relative contralpdag with 3o shown on
this figure and the number of iterations shown on this figutee dashed line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.



(2}

6

Step two iterations

off

0.001

®=3269 |

0.0025

Buo

©=3268 | ©=3268 |

& =3267

—_—

0.005

®=3261

-

~
~

Nl

C
CTCI

0.025

I
NN

Figure 5.12: Two-step IDP solutions to the 50 stage ParkiRamoptimal control
problem using relative control damping during the secomg.sfTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step
were the same as the first except for using relative contralpdag with 3o shown on
this figure and the number of iterations shown on this figutee dashed line is the true
solution to the problem witkb = 32.76. All subfigures share the same X and Y scale.
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Figure 5.13: Example of the effect of minimal control dangpon the Park-Ramirez
optimal control problem with 50 stages and stagewise liceatinuous controls. The
damped case performance index is 0.01% worse than the uedarape.
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5.1.6 Pivot point test controls

The examination of why IDP may have difficulty smoothing aetcontrol pro-
files in Section 5.1.1 led to an observation: once close tofienal control, theaver-
agevalue of the control needs to remain approximately the saotehespecificvalues
at a given stage need to change. A new kind of test contrdgctal “pivot point” test
control, is added to the test control gridstControlGrid in the IDP algorithm to ac-
complish this.

If a control is assumed to be near optimal and the averageatdrdjectory is
assumed to be correct, a natural way to try to improve thecbistto increase the value
of the control at the current stage while decreasing theevafuhe control at the next
stage by the same amount (or the inverse). This will be callgavot point” control
strategy in this study. For pivot point test controls, thetcol for the stage immediately
following the test stage is derived from the test stage obimstead of using the value
in OptimalControlGrid . This control is changed the same amount from the optimal
as the current test control under consideration, but in gip@site direction. For stages
after that, the controls are found as normal fr@ptimalControlGrid .

Because the use of pivot point test controls assumes thageeontrol trajec-
tory is correct, control dependency is discounted and eaalrd is tested indepen-
dently. This is accomplished in the algorithm by giving egiVvot point control in
TestControlGrid % odds (where] is the number of controls) of being active for any
given stage and control. Inactive pivot point test contigde the previous iteration
optimal fromOptimalControl .

Half of the time, this strategy causes adjacent stage dsrtyonove closer to-
gether, and half the time to move apart. This is a good thirgabee discontinuities
can also become stuck in the same way as described for snuttols.

It's important that the pivot point strategy works withinethDP philosophy of



69

testing several alternative control strategies and reneeimdp the one that reduces the
performance index the most. Unlike control filtering, it do& force the controls into
suboptimal trajectories, and unlike control damping, islwt change the problem by
changing the performance index function. Finally, it is tmdy parameterless method
of smoothing active controls with IDP. While the fraction tefst controls that are
pivot points can be considered a parameter, the choice ®i#thue is not critical. If
this value is chosen poorly, an increase in iterations wadkeup for the poor choice,

unlike control filtering where increasing iterations caadeéo over-filtering.

5.1.6.1  pivot point test controls with the two-step procedre

Figures 5.14, 5.15 and 5.16 show the effect of pivot poirit ¢estrols on the
Park-Ramirez optimal control solution for 10, 25 and 50 etagespectively. Pivot
points converge to smooth trajectories for this problememguickly than filters or
damping, and without the rounding effect seen at the endeoegponential arc with
damping. Approximately 50% pivot point test controls seembe a good fraction,

although there is clearly a large range where the techniguikswvell.

5.1.6.2  pivot point test controls without the two-step proedure

When used without the two-step procedure, pivot point testrols converge
the 25 stages case to a smooth control profile itk 32.50 in just over 20 itera-
tions and the 50 stages case to a smooth control profile @ith32.55 in just over
60 iterations (results not shown). Unfortunately, pivoirnpdest controls converge so
quickly that they can lead to local minima. The two-step rodtivas originally devised
to address this problem with pivot point test controls anelsisecially successful with
them because they always improve the original performamaexiin Equation 3.2, un-
like all other smoothing methods in this study. Because #réopmance index always

improves, pivot point test controls used with the two-stegthnd will never find any
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local minima that the basic IDP algorithm has passed in tisé $tep of the two-step
procedure.

Another interesting effect seen when pivot point test adstare used without
the two-step procedure is that the solution may go througremsely active control
trajectories in early iterations when the control regiaress large, sometimes even
alternating values to the control limits. This is possibde&use the algorithm always
finds a control policy with a lower performance index, andwtitis particular problem

high control activity doesn't hurt the performance indexamu
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Figure 5.14: Two-step IDP solutions to the 10 stage ParkiRamoptimal control
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problem using pivot point test controls during the secomg .stTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step

were the same as the first except for using pivot point testralsnwith fraction of

test controls that are pivot point test controls shown os figiure and the number of

iterations shown on this figure. The dashed line is the trigisa to the problem with

® = 32.76. All subfigures share the same X and Y scale.
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Figure 5.15: Two-step IDP solutions to the 25 stage ParkiRamoptimal control
problem using pivot point test controls during the secomg .stTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step
were the same as the first except for using pivot point testralsnwith fraction of
test controls that are pivot point test controls shown os figiure and the number of
iterations shown on this figure. The dashed line is the trigisa to the problem with
® = 32.76. All subfigures share the same X and Y scale.
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Figure 5.16: Two-step IDP solutions to the 50 stage ParkiRamoptimal control

problem using pivot point test controls during the secomg .stTable 4.3 (page 38)
gives the IDP parameters for the first step. The IDP paraméberthe second step

were the same as the first except for using pivot point testralsnwith fraction of

test controls that are pivot point test controls shown os figiure and the number of

iterations shown on this figure. The dashed line is the trigisa to the problem with

® = 32.76. All subfigures share the same X and Y scale.
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51.7 Solo test controls

IDP random test controls choose random values for all centihen there is
more than one control, the curse of dimensionality meansatisat of test controls is
much less likely to improve the performance index as the rermabcontrols increases.
If the control profile is assumed to be close to the optimatrabprofile (as with step
two of the two-step method), it may greatly increase cormecg speed if only one
control is tested at a time. “Solo” test controls choose @oamtest value for a single
control, but use the previous iteration optimal control flee other controls. Which
control will have a test value is chosen randomly. This metiscnot demonstrated for
the Park-Ramirez optimal control problem since it only has control, but the method
was found to increase convergence speed for multi-contatdlems and was used in

the hybrid identification problem in Chapter 6.

5.2 Stagewise linear continuous IDP

In addition to control filtering, control damping, and piyaint test controls, an-
other potential way to decrease the average deviation afalwelated optimal control
trajectory from the real optimal control trajectory is tceustagewise linear controls
instead of stagewise constant controls. Luus (1993) ptedem algorithm for stage-
wise linear continuous controls which is also detailed imgtlkr 7 of his bookterative
Dynamic ProgrammingLuus, 2000). That algorithm requires only a minor change in

the basic stagewise constant IDP algorithm, but has twoideéies:

e The initial and final controls for the final stage are both @msimultane-
ously, so the final stage is dimensiod idstead of dimensiod for the rest
of the stages. This problem becomes more severe as the nofrdmetrols]

increases.

e Because the control for the start of the last stage is alrehdgen when the
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next to last stage is being considered, there is no way to wse than one

state grid.

Algorithm 7 is a replacement for Algorithm 5 that solves tive problems above
and implements stagewise linear continuous controls fét. I0The main difference
between this algorithm and the stagewise linear continaongol algorithm by Luus
is that the first stage instead of the last stage has bothliaitd final controls chosen.
This may seem like a trivial change, but in fact requires shahanges to the algorithm
and solves both the problems of the original algorithm. Tdgedo implement this new
algorithm is also slightly more complex than for the alguomtby Luus.

For stagewise linear control, there are two controls fohestage: one at the
start of the stage and one at the end of the stage. In this rggwithim, the end of
stage control is the control under decision, and the stastagfe controls are obtained
in several ways as detailed in the algorithfestControlGrid , OptimalControlGrid
andOptimalControl contain start and end controls for stage 1, but only end otantr
for the remaining stages. With this scheme, all control glens are of dimensiod,
and multiple state grids may be used.

Figure 5.17 presents solutions to the Park-Ramirez optioretol problem using
stagewise continuous controls. The performance indexevasiing stagewise linear
continuous controls is roughly the same as with stagewisstaat controls. With 10
stages, the exponential feed part of the control profile ishmmore accurate, but the
transitions and zero-feed parts of the control profile arerpdhe 25 and 50 stage
cases illustrate that stagewise linear controls may s#ldna high number of stages to
accurately match the optimal control profile, but the cdmprofile accuracy is higher
than with stagewise constant controls for the same numbestagies. There was no
downside to using this method for the two problems in thislgtand it is used for all

the remaining examples.
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Algorithm 7 Iteration algorithm for stagewise linear continuous colstr

1. Execute Algorithm 3TestControlGrid andStateGrid generation algorithm)
2. for each stage backward frokh.1 do

3. for each of theS state gridglo
4 Choose the state condition at the start of the stage 8tateGrid
5. for each of theR test controlgio
6 Choose the start of stage controls fradestControlGrid using the
test controls used to generate the current state grid
7. Choose the end of stage controls frdestControlGrid for the cur-
rent test controls
8. Integrate the test stage
9. for each of the remaining stagdse
10. Choose the start of stage controls to be the end side controls
from the previous stage
11. Choose the state grid BtateGrid whose state is closest to the
current system state
12. Choose the end of stage controls fré@ptimalControlGrid
corresponding to the state grid in the previous step
13. Integrate to the next stage
14, end for
15. If performance index is the best of the test controls beirauated,
store test control iMOptimalControlGrid for this stage and state
grid
16. end for
17. end for
18. end for

19. for each of theR test controls {stage 1 start side controtk}

20. Choose the start of stage controls fraestControlGrid

21. Choose the end of stage controls fr@ptimalControlGrid corresponding
to state grid 1

22. Integrate to the next stage

23. Integrate the remaining stages as in steps 9 — 14

24, If performance index is the best of the test controls beiraduated, store test
control inOptimalControlGrid for this stage and state grid

25. end for

26. Execute Algorithm 4 to extracptimalControl from OptimalControlGrid
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Figure 5.17: Two-step IDP solutions to the Park-Ramiremogitcontrol problem us-
ing stagewise linear continuous controls. Table 4.3 (p&)@B®es the IDP parameters
for the first step with the exception that stagewise lineatiooous controls are used.
The IDP parameters for the second step were the same as tiségfirexcept that 3 ran-
dom test controls and 2 pivot point test controls were usextrol damping was used
with Bue = 104, and the number of iterations is shown on this figure. Theeththe

is the true solution to the problem with= 32.76. All subfigures share the same X and
Y scale.
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5.3 Stagewise linear discontinuous IDP

Section 5.2 presented a version of the single iterationritkgo using stagewise
linear continuous controls. That algorithm requires a ic@us control policy so that
only one value of control is required per stage, as with thgestise constant controls
algorithm. If many discontinuities are expected it mayl b#lan advantage to use stage-
wise linear controls instead of stagewise constant cas)tinlt without the restriction
that they be continuous.

Algorithm 8 is a replacement for Algorithm 5 that uses stagevinear controls
with discontinuities at the stage boundaries. This reguim® values of control for each
stage since there must be a starting and ending control ébr #age, s@estControl-
Grid, OptimalControlGrid and OptimalControl contain start and end controls for
all stages. Because there are two values of control for e@ge sstagewise linear
discontinuous problems have twice as many effective stegepared with a stagewise
constant or stagewise linear continuous problem with threesaumber of actual stages.

Figure 5.18 presents solutions to the Park-Ramirez optiorarol problem with
stagewise linear discontinuous controls. Notice that itheal discontinuous case de-
velops very active control policies compared with the lmaantinuous case, even with
many more iterations. Part of the reason is that there acetas many test controls for
a given number of stages, but the effect is too large to beaegd only by the increase
in effective stages. Interestingly, the 25 stage lineatahtinuous case has an equiv-
alent control profile and higher performance index than thetage linear continuous
case in Figure 5.17, although the total number of iteratwas significantly higher for
the 25 stage linear discontinuous case.

The 50 stage linear discontinuous case is a very poor solutith poor perfor-
mance index and control profile. This is caused by poor cgarere during step one,

even if step one iterations were increased to 180 iterafi@ssilts not shown). This al-
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Algorithm 8 Iteration algorithm for stagewise linear discontinuoustools

1. Execute Algorithm 3TestControlGrid andStateGrid generation algorithm)
2. for each stage backward frokh.1 do

3.
4.

10.

11.

12.
13.
14.

15.
16.
17.

18.

19.
20.
21.

22.
23.
24. end for

for each of theS state gridslo
Choose the state condition at the start of the stage (&tiagGrid for
this state grid
for each of theR test controls {Find the best end side contradi}

Choose the start of stage controls fr@estControlGrid using the
test controls used to generate the current state grid
Choose the end of stage controls frdestControlGrid for the cur-
rent test controls
Integrate to the next stage
for each of the remaining stagdse
Choose the state grid BtateGrid whose state is closest to the
current system state
Choose the start of stage and end side controls fomtimal -
ControlGrid corresponding to the state grid in the previous
step
Integrate to the next stage
end for
If performance index is the best of the test controls beirsuated,
store test control iOptimalControlGrid for this stage and state
grid

end for
for each of theR test controls {Find the best start side contradi&}

Choose the start of stage controls framstControlGrid for the
current test controls

Choose the end of stage controls fr@ptimalControlGrid corre-
sponding to the current state grid

Integrate to the next stage

Integrate the remaining stages as in steps 9 — 13

If performance index is the best of the test controls beirsuated,
store test control iOptimalControlGrid for this stage and state
grid

end for

25. Execute Algorithm 4 to extracptimalControl from OptimalControlGrid
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gorithm is not discussed further because the problemssrstbdy do not have a large
number of discontinuities.

Stage discretization Stagewise linear discontinuous
Iterations 80
State grids 1
Random test controls 5
Adaptive control region method Maximum Delta
Adaptive control region history 40 iterations
Adaptive control regiotk, 1.5

Table 5.2: IDP parameters for step one of the two-step proeefbr the stagewise
linear discontinuous Park-Ramirez optimal control prabléModel parameters are in
Table 2.1 (page 8).
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Figure 5.18: Two-step IDP solutions to the Park-Ramiremogitcontrol problem us-
ing stagewise linear discontinuous controls. Table 5.8€[&0) gives the IDP parame-
ters for the first step. The IDP parameters for the secondastefhe same as the first
except that 3 random test controls and 2 pivot point testrotmtvere used, control
damping was used withye = 1074, and the number of iterations is shown on the fig-
ure. The dashed line is the true solution to the problem Wwith 32.76. All subfigures
share the same X and Y scale.
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5.4 Variable stage lengths

Bojkov and Luus (1996) introduced a modification to the b#sFe algorithm to
allow variable stage lengths. This was accomplished byragiie stage length as an
additional control and transforming the ODE equation sa ¢haew adjusted time is
used. For the fixed final time case, a punishment factor issalded to the performance
index as a way to force the final time to be correct. Their teqmn allows variable
stages with only one additional dimension added to the prabl

However, for some problems even a single additional dinsensiay be a bur-
den. For this reason, a variation proposed here is to ateearaiteration improving
the controls with an iteration improving the stage lengthikis approach doubles the
number of iterations but does not increase the dimensioheobptimal control prob-
lem. If stage lengths are found sequentially after the abtnstead of simultaneously
with the controls, the assumption must be made that the @mold smooth with respect
to the interaction between the two. Also, the stage lengitfaiton only uses a single
state grid, since the assumption of problem smoothnesgisttige length implies that
a single state grid will be sufficient.

This study is concerned with obtaining the best performandex and most
accurate control profile with the least amount of computetar fixed final time prob-
lems, so variable stages are only used during the seconthsteptwo-step procedure.
However, the cases presented in this section were all triddvariable stages during
both steps of the two-step procedure and no difference weas (sesults not shown).
For minimal-time optimal control or other problems where fimal time is not fixed,
variable stages may need to be found simultaneously wittrasrfor both steps of the
two-step procedure since the stage length is part of thdgroland not just a way to
get a more accurate switching time for discontinuities.

The stage length region size used with variable stages essdaptive region size
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update analogous to the adaptive control region size updrtethis study, all cases
with variable stage lengths updated the stage length resjrars after each iteration
using the Maximum Delta method of adaptive region size adjaat with 27 history
iterations and;, = 1.0.

One additional parameter needed for variable stage lengtiine stage length

initial region sizes;:
Bt
STK

(5.7)
wherefs is the stage length initial region parameters the model final time, anH is
the number of stages. B = 1 thens will be the same as the initial value of the stage
lengths, so reasonable valueq3gfare between 0 and 1.

Figures 5.19 and 5.20 show variable stage length IDP solsitad the Park-
Ramirez optimal control problem for 10 and 25 stages resmdgt The reason to
try variable stage lengths for this problem is to reduce timaler of stages, so only
the 10 and 25 stage cases were evaluated. Variable stagedeshguld allow the stage
boundaries to move to discontinuities and for stagewisealircontinuous controls it
should allow the length of the stages crossing the disconigés to shrink. This can
be seen clearly in Figure 5.20 with 60 iterations, where #régomance index is sig-
nificantly closer to the optimal performance index than wiked stage length linear
continuous controls with 50 stages (Figure 5.17 on page Thg high performance
index indicates that the switching time is found more adelyasince the performance
index is very sensitive to the discontinuity switching tsnélowever, the control pro-
file is not as close to the optimal control profile as the 50 estese with fixed stage
lengths and linear continuous controls. For this probleaniable stage lengths help
achieve a higher performance index, but do not help redueentimber of stages if

control profile accuracy is important. With 10 stages, tidwes not appear to be any

difference between variable stage lengths and the comlpéiaéd stage length case in



Figure 5.17.
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Figure 5.19: Two-step IDP solutions to the 10 stage ParkiRanoptimal control
problem using variable stage lengths solved sequentifily eontrols. Table 4.3 (page
38) gives the IDP parameters for the first step with the exaephat stagewise linear
continuous controls were used. The IDP parameters for ttensestep were the same
as the first except that variable stage lengths solved sagligmfter controls were
used, 3 random test controls and 2 pivot point test contr@sewsed, the number
of iterations is shown on this figure, and the variable stayampetes is shown on
this figure. The dashed line is the true solution to the problath ® = 32.76. All
subfigures share the same X and Y scale.
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Figure 5.20: Two-step IDP solutions to the 25 stage ParkiRanoptimal control
problem using variable stage lengths solved sequentifily eontrols. Table 4.3 (page
38) gives the IDP parameters for the first step with the exaephat stagewise linear
continuous controls were used. The IDP parameters for ttensestep were the same
as the first except that variable stage lengths solved sagligmfter controls were
used, 3 random test controls and 2 pivot point test contr@sewsed, the number
of iterations is shown on this figure, and the variable stayampetes is shown on
this figure. The dashed line is the true solution to the problath ® = 32.76. All
subfigures share the same X and Y scale.
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5.5 Adaptive control region parameters for the two-step praedure

Section 4.5.2 examined the adaptive control region parméor the first part
of the two-step procedure, but it is also interesting to beg effect on the complete
procedure. The goal of the two-step procedure is not onlybtaio a performance
index close to the optimal performance index, but also to alstain a control profile
that is close to the optimal control profile, so a simple tdgperformance index as
in Section 4.5.2 is not sufficient. Instead, each test casecampared to a reference
control profile generated using a conservative applicatibthe two-step procedure
with a fixed region size program. The reference control prafibs generated using a
first step of 4 passes of 40 iterations per pass ygth 0.95 andyr = 0.72 and 5 random
test controls. The second step was 6 passes of 50 iterat@vnsaps withyc = 0.95,
yr = 0.8, 3 random test controls and 2 pivot point test controls.

Each tested combination of adaptive region size methgdandk; resulted in a
normalized sum squared error between the test case comiebthie reference controls:

ssh—:,—ijiK(u* —uj )? (5.8)
_J-KzMu,-ZZ jk T Mk .

whereJ is the number of controls is the number of stagebly, is a typical or maxi-
mum value of controf used to normalize the terrg;  is the value of reference control
j at stagek, andu;  is the value of test case contrpht stagek.

Tables 5.3 and 5.4 show the two-step normalized sum squaradfer 25 and
50 stages, respectively. For the 25 stage case, the errenésally lowest after 20 step
two iterations using\y = 9. This indicates that the control region g > 9 is larger
than needed, leading to more test controls which are natteele On the other hand,
the results for 20 step two iterations usiyg = 9 are the most variable, so there seems
to be a tradeoff between efficiency and stability. For 60 stepiterations, there is very
little difference among methods and parameters.

For the 50 stage case with 20 step two iterations a similadieseen foAy = 9
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where some values &f led to the lowest error but some led to higher error. The best
results for the 50 stage case are with 60 step two iteratiothdiq > 9. This is expected
since the 50 stage problem is more difficult and a lavyereads to a more gradual
region contraction. The Mekarapiruk-Luus method has gdlyepoor results in this
case except sty = 35. Itis interesting that the Mekarapiruk-Luus method giadair
result atAy = 14 andk, = 0.7 ork; = 4.0 but not intermediate values ky.

These results suggest that the number of history iterat®oasmore important
parameter thak,. For basic IDP or two-step IDP, faster solution may be pdssibing

small values oAy, but large values ohy are more likely to get a good solution reliably.
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SSE x 10" after 20 step 2 iteration$ SSE, x 10" after 60 step 2 iteration$
0 Ay Ay
§ 9 | 14| 20]27] 35 9 |14]20| 27|35
3 0.7|22[19[ 18] 18] 18 0.7/10[10[ 10| 10| 9
2 1.0 32| 9 [18] 18|18 1.0/10[ 10| 11|10 10
& | k 15[23]47[18]18]18 k 15/10[15] 9 [13]13
IS 20| 8 (86| 18] 18] 18 20/10| 1416|1012
2 40(11] 4 [18] 18] 18 40[10[13] 9 |10 11
A A
© 9 |14]20] 27|35 9 |14]20] 27|35
5 10| 9 |52]18[ 18] 18 1.0 [10]10[ 10|10 11
2 20| 9 [52]18]18] 18 20 [10[10[ 10| 10] 11
2|k 40(20[52]18[18[18 |k 4.0[10[10[10[10]11
o 8.0 8 [52]18] 18] 18 80 [10|11] 9 [10] 11
< 16.0| 8 | 52| 18] 18] 18 16.0( 10| 10| 10| 11 11
A An
8 9 | 14| 20]27] 35 9 |14]20| 27|35
A 0.7/ 135218 18] 18 0.7/10[10] 10| 10] 11
£ 10| 7 |52 18| 18|18 1.0[10[ 11| 9 [10] 11
2| k 15[15(55| 18| 18] 18 ke 15[10| 10| 12|11 11
E 20| 7 [41]18] 18] 18 20(10| 10|10 1211
= 40(26]23[18] 18] 18 40(10(11]11] 2410
A A
9 |14]20]27] 35 9 14| 20| 27|35
0.7| 8 [52[18] 18] 18 0.7/10[10] 9 | 10] 11
3 1.0| 8 |52 18|18 18 1.0[10[ 11| 9 [10] 11
& | k 15[ 4 |55| 18] 18] 18 ke 1.5[10[ 10| 12| 11|11
20| 7 [41]18] 18] 18 20(10| 10| 10| 1211
40(26]22[18] 18] 18 40(10(11] 8 [ 24|10

Table 5.3: Adaptive region size method and paramé{grandk, effect onSSE (Equa-
tion 5.8) for two-step IDP solutions to the 25 stage Park-Rexroptimal control prob-
lem. Table 4.3 (page 38) gives the IDP parameters for thestept The IDP parameters
for the second step were the same as the first except for usargd®m test controls, 2
pivot point test controls, and the adaptive region sizerpatars shown on this table.
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SSE x 10" after 20 step 2 iteration$ SSE, x 10" after 60 step 2 iteration$
0 Ay Ay
§ 9 114|120 27| 35 9 114, 20| 27|35
v 0.7,45|32| 32| 32| 32 0.7124| 13|14 | 24| 13
2 1.0|33(44|32| 32| 32 1.0/29|20| 26| 23| 14
g ke 1.5(54]40|32|32]| 32 ke 15(22|19|22|24|13
g8 2.0144|55|32| 32| 32 2.0/123|143|26|24 |13
g 4076|146 | 32| 32| 32 40164 | 15| 27| 27| 24
Ay Ay
© 9 |14 ,20| 27| 35 9 1420|2735
© 1.029|29|32| 32| 32 10|12 5| 5 (16|12
a 20]29]29,32|32| 32 201121 6 | 5|16|12
2| k 40 27]29|32|32|32 kk 40 |11| 6 | 5 |16| 12
§ 80 |47]31,32|32| 32 80 |37]12| 5 |16|12
< 16.0/ 52| 34| 32| 32| 32 16.0{ 19| 13| 16| 12| 12
Ar An
8 9 114|120 27| 35 9 114, 20| 27|35
8 0.7/23|29|32| 32| 32 0.7(13|14| 5 |16 12
£ 1.0|25(29|32| 32| 32 10|14 5 |12| 16|12
§ ke 1.5(42]30|32|32]| 32 ke 15]15|10| 3 |12 13
= 2.0/30[35[32|32|32 2.0[10[ 14| 4 |10] 20
= 40(52|59|32|32]| 32 40(16| 20|14 |19 13
Ay Ay
9 14|20 27| 35 9 114,20| 27| 35
0.7/22|29|32| 32| 32 0711214 5 |16 12
T 1.0|25(29|32| 32| 32 10| 9 12|12| 15|12
UD)' ke 1.5]|18|28|32|32]| 32 ke 15|10 7 | 3 | 3 |13
20125|36|32| 32| 32 2011114 3 |19|19
4.0/33[63[32|32]32 40[23|11[14] 9 |13

Table 5.4: Adaptive region size method and paramé{grandk, effect onSSE (Equa-
tion 5.8) for two-step IDP solutions to the 50 stage Park-Rexroptimal control prob-
lem. Table 4.3 (page 38) gives the IDP parameters for thestept The IDP parameters
for the second step were the same as the first except for usargd®m test controls, 2
pivot point test controls, and the adaptive region sizerpatars shown on this table.
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5.6 Two-step conclusions

This section presents a conservative guideline for findisigmaoth solution with-
out finding local minima. Although conclusions drawn on tbkiton of one model are
limited, a few suggestions may be useful. The two-step nuktteas clearly superior to
basic IDP with smoothing techniques for the Park-Ramireimogd control problem, so
the two-step method should be used. In general, stagewisarlcontinuous controls
should be used since they appear to have no downside. A lomteymediate number
of stages should be tried (10-20), only increasing this &f phoblem requires it. For
the second step, two random test controls and two pivot pesttcontrols should be
used. If more smoothing is needed add control damping Rgéh= 10~%, simulated
annealing filter withT; = 103 andaa = 0.01, and increase the number of iterations.

If these suggestions do not work, a more intuitive feel fa tBP algorithm
will probably be needed to know what to try next. A more cortgkummary of IDP

recommendations is in Chapter 8.

5.7 Comparison with previously reported results

5.7.1 IDP Implementation

Part of this study is a new C library implementation (WeblQ&0of all the IDP
variations presented. All options (ie. control stage diization, filter modes, etc.)
are built into a single dynamically-linked library and deasie via runtime settings.
The code is written in 1ISO1999 C in an object-oriented styld eeleasetl under a
free software license (Free Software Foundation, 1991j},is@asy to extend, and the
extended versions can also be freely distributed.

For the Park-Ramirez optimal control problem, the IDP Cdrgrdeveloped for

this study is approximately 9 times slower than the FORTRAiplementation used

1 See Appendix A
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by Luus (2000). The C library performs about 300 equivalatggrations per second
of the Park-Ramirez bioreactor model on a Pentium 11/36@@ssor when used with
a Runga-Kutta 4/5 integrator with a relative tolerance of®l0Based on the results
reported in Luus (2000), the FORTRAN code used in that stwdfjopms about 2700

equivalent integrations per second on a Pentium 11/350gm®ar. Part of this difference
is the price paid for using an abstract library implemeptadf the algorithm, with its

large volume of pointer passing and function calls, whiclulddoe expected to reduce
the speed of an abstract C library compared to a FORTRAN img@h¢ation somewhat.
Part of the difference may also be explained by the observatiat the Runga-Kutta
4/5 integrator used in this study often overestimates tballcelative error and thus
solves at higher precision than requested (results notrshamd that Runga-Kutta 4/5
may not be as efficient as the integrator used by Luus.

This difference should not be too surprising to someonéegkih computer pro-
gramming. Problems implemented in FORTRAN are nearly asaffand-optimized
assembler code; the lack of pointers and other featurew all6ORTRAN compiler
to highly optimize the resulting machine code. C progranguire more manual op-
timization effort to achieve a similar performance, andretleen will not match the
performance of FORTRAN. The C library implementation hasham much optimiza-
tion work, and there is probably room for improvement.

On the other hand, IDP implemented in the high-level intetgul language Mat-
lab was approximately 20 times slower than the C libraryultesnot shown). The C
library is a middle ground between the extensibility andsedility of an interpreted
language implementation and the speed of a FORTRAN implé&atien. For problems
where the model evaluation is expensive, the differencedet implementations will
rest almost entirely on the efficiency of the model evaluatiad integrator, since the

model integration accounts for almost all computation.



Stages _ Iterations Equ_ivalent Integrations Computer Time (sec
Basic IDP| Two-step| Basic IDP| Two-step | Basic IDP| Two-step
10 60 60 1.4x10* | 1.4x 10 3.5 5.0
25 1000 70 15x10° | 1.1x10° 420 25
50 4000 100 | 24x10" | 6.1x10° 3700 57

Table 5.5: Computational cost of the basic IDP algorithm pared with the two-step
method using pivot point test controls to obtain a visuaityosth control profile for

the Park-Ramirez optimal control problem. The basic IDRedaddentical to Table

5.1 (page 49). The two-step IDP case is the same as the baicdfe except with
2 pivot point test controls and 3 random test controls duthrgy second step. The
processor used was an AMD Athlon 2100+, and equivalent iategs were found

using Equation 4.2.

5.7.2 Two-step method

To compare algorithmic efficiency independently of impletagion efficiency,
algorithmic cost will be reported in “equivalent integats” (leq). See Section 4.1
(page 21) for the definition of equivalent integrations aad they are calculated. Table
5.5 compares the basic IDP algorithm with the two-step ntetiging pivot point test
controls. For this particular problem where performanaiiis only expected within
0.1% of the optimal, the two-step method greatly reducesdngoutation cost of many
stages.

Chapter 9 of Luus (2000) explores the Park-Ramirez optimatrol problem ex-
tensively using the basic stagewise constant controls I§#tithm. The initial solution
was with 15 stages and 2000 iterationslfgr= 1.0 x 10°. In order to get a completely
smooth control profile iterations were continued for an &ddal leq= 2.5 x 108. A
case with 20 stages was then discussed, with a very smodtioborofile atleq > 7.1 x 10°.
These values are consistent with the equivalent integratiequired to obtain a visually

smooth control profile using the basic IDP algorithm impletee for this study.



Chapter 6

Hybrid dynamic model identification

Hybrid mechanistic/empirical dynamic models are a way taleha system when
some information about the system’s structure is well kndwih some information is
poorly known. An example of this is in bioreactor modelingjete it is common to
know the functional form of the reaction stoichiometry bt the functional form
of the reaction rates. Splitting the model into known andngvin structures brings
more information into the model than a strictly empiricalaeg with less work than
developing a comprehensive mechanistic model. Howevedeindentification can be
more difficult than with purely empirical models or purely chanistic models, and this
topic has not been fully explored.

Section 6.1 discusses the two methods currently used faichgipnamic model
identification along with their limitations. Sections 6.2da6.3 introduce a novel and
more general identification technique where the identificgproblem is treated as an
optimal control problem. The hybrid Park-Ramirez modebisntified using artificial

data and this new method in Sections 6.4—-6.8, and a discusdiows.
6.1 Identification methods

Consider the simple one-dimensional ODE hybrid dynamicehod
X = v(X,w) X (6.1)

X(t=0) = Xo
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whereX is the state variable and X, w) represents a neural network or other function
estimator that takeX and a vector of static parametersas its input. The function
estimatow will be called a “parameter function” because it is used agrgachic model
parameter to be identified using data.

The identification problem for this model is to find the valwéghe static pa-
rametersw given a set of measured stadg, vs. time data. This set may come from
multiple system runs with different state initial conditifor each run. The basic dif-
ficulty of this problem is that it is not immediately obviousviato link the parameters
w with the state errors (measured state values vs. predita¢e \walues) since there
is an intermediate mathematical step (the ODE integrati@tbyeen them. There are

currently two methods to identify: the derivative method and the integral method.

6.1.1 Derivative method

If only a single run is considered, Equation 6.1 can be reged to
v(t) = <. (6.2)

We call this method the derivative method because the kgyistebtaining the state
derivative estimate from the state data. The state derevaistimate is normally ob-
tained by curve-fitting the data and taking the derivativéhef curve-fit. This means
there are really two identification steps with the derivatiwethod: first the(t) iden-
tification for each run using curve-fitting, then ttadentification using the results of
thev(t) identification.
To identify w usingv(t), a discrete set of input-output training data is extracted

from thev(t) data for all runs along with the corresponding states. Theali@etworks

v(X, w) are then be trained normally on the input-output set.
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6.1.2 Limitations of the derivative method

One disadvantage of the derivative method is that noiseci#tta amplifies the
uncertainty of theX estimate (Himmelblau, 1970). State estimators can be lsed,
the problem of accurately estimatiXgs still theoretically a problem with this method
if data are noisy, especially if the number of data for eachiswery limited (Oliveira,
2004). Tholudur et al. (1999) overcame this problem by d®yiely an accurate curve-
fit method for the system they studied. Laursen et al. (200fained good results
using the derivative method with smoothing spline fits tojvresisy industrial data. The
problem of noise therefore can be addressed successfullydalerivative method.

A more important limitation of this method is that it reqigrall states be mea-
sured and to have sufficient data for curve-fitting. For thetesyp modeled by the Park-
Ramirez bioreactor model, the total protein concentrasoexpected to be more dif-
ficult to measure than the secreted protein, so an integegtiestion is if the model

parameters can be identified with very little or no total pnoiconcentration data.

6.1.3 Integral method

Another way to identifyw is to minimize the sum squared error between the

measured state data and the model prediction:

zZ PR
2
E=3 3 (Xh-X7) (6.3)

whereZ is the number of rung, is the number of data for each ranX? is the mea-
sured state value for sampbeandXP is the model predicted state value corresponding
to samplep.

The integral method findgg so that thew which minimizes can be found
using standard minimization techniques such as Levenldamguardt. It is called the
integral method because the sensitivity information whigks w andE is obtained

during a model integration that has additional sensitiggyations.
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The integral method can be broken into four parts:

(1) Take the partial derivative of Equation 6.3 with resgecX to getzs.

(2) Take the partial derivative of the model equation witbprect tov to get 5.
This results in the sensitivity equation, which for Equat®l is

dG
G = VGHX (6.4)

whereG = ‘3—{5 The sensitivity equation is integrated together with thedsd
equation with the initial conditio® = 0 since the state at the initial condition

is fixed and thus does not dependwon

(3) Take the partial derivative of the parameter functionith respect taw. For

the case of feedforward neural networks the backpropaggihnique gives

v
ow*

(4) The multiplication chain rule for derivatives gives

TN (6.5)
The integral method is executed by integrating the modeheos and the sensitivity
eqguations once for each data run to build a final valu%ioat the end of all integra-
tions. The evaluation 0% is called by a nonlinear parameter identification algorithm
such as Levenberg-Marquardt to solve darThis is a direct method, whetegis iden-
tified directly from E, unlike the derivative method and the Webb-Ramirez method
proposed in Section 6.2.

This method would seem to be a better training method thatetieative method
because it avoids noise amplification during derivativenestion and can handle un-
measured states. Oliveira (2004) found it superior to thévakive method for two
problems with noisy data. There are also other examplessoifrtathod in the literature

(Psichogios and Ungar, 1992; Teixeira et al., 2005).
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6.1.4 Limitations of the integral method

The integral method is not possible if the partial derivesiin steps 2 or 3 cannot
be evaluated. An example of a model Wh%ﬁéeis difficult to evaluate is the bioreactor
model by Xu et al. (1999), where logic elements within the eladake it difficult to
obtain numerical or analytical derivatives.

An example of a function estimator whegg is difficult to calculate is a radial
basis function (RBF) neural network when some states ama&tstd. RBF training
starts by executing a clustering algorithm on the input .ddtaany estimated states
are input for the RBF neural network, these states must coome the model, which
changes each iteration as the training progresses. Themhgsalgorithm must oper-
ate on changing states, so the derivagé‘gecan’t be calculated because the clustering
algorithm has no derivative. RBF neural networks are paldity attractive for the hy-
brid dynamic identification problem, because they can hatie & training data density
estimator and an output confidence bound for all predict{tiesnard et al., 1992).
These confidence indicators are important because thay alladel-based optimiza-
tion to avoid parts of the state domain where data densityegtigtion confidence is
low.

Finally, the integral method requires that the model stagesontinuous. If states
have discontinuities, the sensitivity equation becomeanmmgless and there is no way
to link parameter weights with the error. A practical caseerehstate discontinuity is
useful for identification will be shown in Section 6.8.8. diugh state discontinuity is
not currently common in dynamic models, optimization of edxontinuous/discrete

systems is an active topic of research (Barton et al., 1998).
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6.2 Optimal control for identification (Webb-Ramirez method)

The more general formulation of the hybrid model identifmatproblem is:

given the model

gX,X,v(X,w)) = 0 (6.6)

X({t=0 = Xp (6.7)
find the static parametecsthat minimize the error
z
E pu—
2

whereX is a state vector (X, w) is a vector of functions which také andw as input,

(XR—XP)? (6.8)

o\ T

Z is the number of run<, is the number of data for each ranX}p, is the vector of
measured state values for sampj@ndXP is the vector of model predicted state values
corresponding to sampje

The Webb-Ramirez method proposed here to idendify:

(1) Identifyv(t) for each run by treating Equations 6.6—6.8 as an optimakabnt
problem wherev(t) are the controls, Equation 6.6 is the system model and

Equation 6.8 is the objective function to be minimiz€d-€ E).

(2) Identify w with v(t) and state data from step 1 using normal identification
methods forv(X,w), such as backpropagation for feed-forward neural net-

works.

If IDP is the optimal control algorithm used in step 1, there ao limitations on the
system model or the parameter functions except that thest bmian algorithm to
move the model states forward in time (ie. an ODE integratorah ODE model, a

DAE integrator for a DAE model, etc.).
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Algorithm 9 Limit enforcement algorithm for state low limit during optal control

1. Qx =0
2. Qg =0
3. if X > X then
4. return
5. end if
6. if X < X_ then
7. Q=1+ XL)(LX
8. X = XL
9. if X <Othen
10. Qy=-X
11. X=0
12. end if
13. return
14. end if
15. if X < Othen
16. A= 2—exp[ln(2)H}
17. X =AX
18. Qx=1-A )
19. Qy=A-1)X
20. end if
symbols:
X  state value (from integrator)
X, state soft limit
X state hard limit
X state derivative (from model equation evaluation)
A state derivative adjustment
Qyx state punishment term

Qy derivative punishment term
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6.3 Ensuring feasible states for dynamic models

For many dynamic models, states are all self-limiting. B@neple, with bioreac-
tor models the cell concentration can never run away becaussrate limits the max-
imum growth rate. Substrate concentration can’t fall catgdy to zero because cells
take up less substrate as the substrate concentrationaiatisso on. With the Webb-
Ramirez identification scheme, states can run away becaesmadel is no longer
self-limiting. The IDP algorithm may choose the maximumueafor the growth rate
even when substrate is gone, which will lead to runaway ogltentration and negative
substrate concentration if substrate concentration iimaed.

This causes two problems with numerical integrators. Fé@mne models are not
defined for some state values, such as negative values abealéntration or substrate
concentration for a bioreactor model. When states are ngnavay, the derivative of
other states may be so high that the integrator takes stepd@gal values of the state
during test steps. More importantly, runaway states castere stiff model even if the
model is normally non-stiff. This stiffness will cause afi@ént non-stiff integrator
such as Runga-Kutta 4/5 to slow down immensely.

States should be limited within a reasonable range regardiEthe parameter
function values. Algorithm 9 is the limit enforcement algom, and is always executed
after the system model equation (Equation 6.6) is evaluakbd allows it to modify
the state derivatives or states seen by the integrator. dordhm 9, there is a “soft”
and “hard” limit for each statX. States are never allowed to go beyond the hard limits.
Between the soft and hard limits the states are not changehéderivative is adjusted
towards zero.

For example, if substrate concentration in the Park-Ranfii@eactor model has
a soft lower limit of 0.01% and a hard lower limit of 0.00%, an integrator that calls the

model function with a substrate concentration of 0.0@()Bill have the substrate con-
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centration changed to 0.0C%land the derivative returned will be zero. If the integrator
calls the model with a substrate concentration of O.@Oﬂwe substrate concentration
will not be changed, but if the derivative is negative it ok adjusted towards zero
(Algorithm 9 step 17). This provides a gradual adjustmerthefderivative instead of
a sharp cutoff to avoid numerical problems.

The soft and hard low limits were 16 and 10, and the soft and hard high
limits were 20 and 25 for all states except volume for the FRalknirez model. Volume
can never run away for this model if the feed rate is boundeatbdomits were needed.

Additionally, there may need to be a way to encourage themgbttontrol algo-
rithm to move the parameter function away from the hard Bmitthis is accomplished
by adding the state punishment variablg and the derivative punishment varialle
to the performance index:

P =P - Qx—Qx (6.9)

and using the modified performance indék. The punishment variables are propor-
tional to how far past the limit a state or derivative is, dut specific magnitude of
these punishments should not be critical since the optinslzeuld move away from
them by the end of the optimization anyway for the identifmaproblem. This punish-
ment method is similar to the method used by Mekarapiruk andgl(1997), with the
exception that all boundary punishment is combined intanglsipunishment state in
this implementation. For the Webb-Ramirez identificatibthe Park-Ramirez model,
punishment was found to harm the results by finding poor logalma, and was not
used. A hypothesis for the reason is that punishment linatergial solution paths,
much like control damping is hypothesized to harm the ogticoatrol solution by
limiting solution paths.

An addition comment should be made here on the state charsiepr8 of Al-

gorithm 17. Because most integrators do not allow the stativatives user routine
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to change the values of the states, a custom version of thgaRKintta 4/5 integrator
was created which allows states to be changed by the usemdstavatives function. A
runtime option in the library can also disable the state ghaso that other integrators

can be used.

6.4 Identifying the hybrid Park-Ramirez model

The Park-Ramirez bioreactor model introduced in Chaptsra2hybrid dynamic
model if the three reaction rates are replaced with neuraor&s. This model was

used to explore hybrid dynamic model identification with thiowing steps:

(1) Generate artificial state data sets for one or more rung tise Park-Ramirez
bioreactor model and the mechanistic parameter functibgsdtions 2.3, 2.4,

and 2.5). Noise may be added to this data.

(2) Using the artificial state data runs from step 1, identiifg parameter func-
tion values with respect to time(t) using the Webb-Ramirez identification

technique with IDP for each run.

(3) Usingv(t) values for all runs from step 2 simultaneously, identify plagam-

eter function neural networkg X, w) using backpropagation training.

(4) Compare the identified neural network parameter funstigX, w) with the

mechanistic parameter functions from step 1.

(5) Compare the optimal substrate feed profile found for tleehlanistic model

with the optimal substrate feed profile for the identified mlod

6.5 Avrtificial data

Generating artificial data means the parameter functionsgatd values will be

known, so the identification technique can be evaluated reasdy than if real data
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are used. There are five basic decisions to make when gerteaatificial data for this

evaluation:
(1) How many data runs are created?
(2) What are the initial state values for each data run?
(3) How many state data are recorded for each data run?
(4) What is the control profile for each data run?
(5) How much noise is added to the state data?

To reduce the complexity of the identification study, thdiahistate values used for
all runs of the Park-Ramirez bioreactor model were idehaca are given in Table
2.1 (page 8). To generate an artificial data run, the ParkiRamodel equations were
integrated using contraf-(t) from Figure 6.1 whereis the run index. The mechanistic
parameter functions were used during this integrationwtiraate (1, Equation 2.3),
protein production rateff, Equation 2.4), and protein secretion rapeEquation 2.5).
Gaussian white noise was added to the state data when gegeha artificial

data sets. The noisy state valiéis
X*=X+N(u=0,0=0onX) (6.10)

whereX is the state value, N is a random variable of the normal igtion, 1 is the
mean of N, ana is the standard deviation of N. The standard deviation pataray

is 0 or 0.01 for this study.
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Figure 6.1: Park-Ramirez model substrate feed rate useghtergte artificial state data
for identification studies. Each control proféécorresponds to data rum
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6.6 |dentifying the hybrid Park-Ramirez model parameter functionsv(t)

6.6.1 Evaluating the effect of IDP parameters on Webb-Ramgzv(t) identifi-

cation

In Sections 6.6.2—6.6.5, the hybrid Park-Ramirez modepater function val-
uesu(t), fp(t), and@(t) are identified using one run of artificial data generated with
control profileq® from Figure 6.1. Since the initial state values, controlfiepand
data generation parameters were all constant, the saneedstiat set was used for all
cases. This allowed the effect of IDP parameters on the ViR&bhirez identification
technique to be determined for the Park-Ramirez model.

The first step in the overall process was to determine theoapjpte adaptive
region update parameters for IDP. By observing the changeriormance index and
through some trial and error, the history iterations wereseim to be 100, 150, and
200 iterations for 10, 25, and 50 stages respectively. Thases are much larger than
for the Park-Ramirez optimal control problem because theeethree “controls” and
the identification problem is much more difficult. The adeptiegion parametek;
was chosen to be 1.5, although it was determined in Secttog that the value of this

parameter is probably not critical as long as it is within@sa@nable range.

6.6.2  Webb-Ramirezv(t) identification using basic IDP

Figures 6.2, 6.3, and 6.4 present tfe) identification using basic IDP for 10, 25,
and 50 stages respectively. The performance index for ViRdrbirez identification is
the state sum squared error (Equation 6.8), so the algdsithmly objective is choosing
parameter functions that get the state lines through the déda points in Figures 6.2—
6.4. This objective was mostly accomplished after 180@&itens for 10, 25, and 50
stages. The total protein is not fit perfectly because ther®o Py data. However, the

real goal of the identification is to obtain the correct pagten function values, and
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that goal was not accomplished f&¥ or ¢ for any of the cases. Notice that the 25 and
50 stage cases have the kind of control action seen with thie HaP solution of the
Park-Ramirez optimal control problem (Figures 5.2 and 5.pages 47 and 48).

The value of the growth rate parameter functiois very important for the per-
formance index since all states are strongly affected bycéleconcentration, so the
growth rate parameter function fits much better than therdtin@ parameter functions.
The protein production rate parameter functfpris more important to the state fit until
the last one third of the run, so it fits relatively well untilein. The protein secretion
rate parameter function is the least sensitive and is vdiiguli to capture since it only
affects one state. Also, for the middle three-fourths ofrtive the value of the protein
secretion rate parameter function doesn't affect the sta#, so its value is essentially

random. This problem will be discussed more in Section 6.7.1

Number of state data (excet) 100
Number ofPr data 0, 5, or 100
Data noise (Equation 6.10)on = 0 orony = 0.01
Stage control discretization Stagewise linear continuous
Stage length mode Fixed uniform stage length
Iterations (for single-step IDP) 1800
Iterations (first step for two-step IDP) 600
Iterations (second step for two-step IDP) 1200
State grids 1
Random test controls 6
Adaptive control region method Maximum Delta
Adaptive control region history (10 stages) 100 iterations
Adaptive control region history (25 stages) 150 iterations
Adaptive control region history (50 stages) 200 iterations
Adaptive control regiotk, 1.5

Table 6.1: Data generation and IDP parameters for the hjgaik-Ramirez identifica-
tion problem. Model parameters are in Table 2.1 (page 8).
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Figure 6.2: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), and@(t) from artificial dataX, S, andPy using basic

IDP with 10 stages The data generation and IDP parameters used are in Table 6.1
(page 107) wittD Pr data andoy = 0.01. Controlg! from Figure 6.1 (page 105) was
used to generate the artificial state data for the run in thigdi, which are represented

by the+ symbol. Only every fifthX, S, andPRy datum is shown for for clarity. Dashed
lines are the parameter function and state values duringrtifecial data generation,

and solid lines are the identified parameter function vales their corresponding
states. Th& plot shows the performance index vs. iterations and the fiedibrmance
index.
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Figure 6.3: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), and@(t) from artificial dataX, S, andPy using basic

IDP with 25 stages The data generation and IDP parameters used are in Table 6.1
(page 107) wittD Pr data andoy = 0.01. Controlg! from Figure 6.1 (page 105) was
used to generate the artificial state data for the run in thigdi, which are represented

by the+ symbol. Only every fifthX, S, andPRy datum is shown for for clarity. Dashed
lines are the parameter function and state values duringrtifecial data generation,

and solid lines are the identified parameter function vales their corresponding
states. Th& plot shows the performance index vs. iterations and the fiedibrmance
index.
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Figure 6.4: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), and@(t) from artificial dataX, S, andPy using basic

IDP with 50 stages The data generation and IDP parameters used are in Table 6.1
(page 107) wittD Pr data andoy = 0.01. Controlg! from Figure 6.1 (page 105) was
used to generate the artificial state data for the run in thigdi, which are represented

by the+ symbol. Only every fifthX, S, andPRy datum is shown for for clarity. Dashed
lines are the parameter function and state values duringrtifecial data generation,

and solid lines are the identified parameter function vales their corresponding
states. Th& plot shows the performance index vs. iterations and the fiedibrmance
index.
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6.6.3  Webb-Ramirezv(t) identification using basic IDP with smoothing

This section presents th¢t) identification using basic IDP with smoothing (sim-
ulated annealing filter and control damping). The casesdanetical to Section 6.6.2,
except that IDP smoothing techniques were used with the #rnimgpparameters in Ta-
ble 6.2. Figures 6.5, 6.6, and 6.7 show tie) identification results for 10, 25, and 50
stages respectively. The states fit approximately the samélaout smoothing, but the

parameter function identification is clearly superior,exsally for fp.

Random test controls 2
Solo test controls 2
Pivot point test controls 2
Control damping Bue = 0.001
First-order filter off
Simulated annealing filter T; = 0.01,a, = 0.01
Performance index magnitudeVip = 5 x 107°

Table 6.2: IDP smoothing parameters for the hybrid Park-iRamdentification prob-
lem. Parameters in this table supersede those in Table & kdth are used.
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Figure 6.5: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functionsgi(t), fp(t), and @(t) from artificial dataX, S and Py using
smoothed basic IDP withO stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) &kh data andoy = 0.01. Control

gt from Figure 6.1 (page 105) was used to generate the artifitigé data for the run

in this figure, which are represented by thesymbol. Only every fifthX, S, andPy
datum is shown for for clarity. Dashed lines are the paranfetetion and state values
during the artificial data generation, and solid lines areitientified parameter func-
tion values and their corresponding states. ®haot shows the performance index vs.
iterations and the final performance index.
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Figure 6.6: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functionsgi(t), fp(t), and @(t) from artificial dataX, S and Py using
smoothed basic IDP witR5 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) &kh data andoy = 0.01. Control

gt from Figure 6.1 (page 105) was used to generate the artifitigé data for the run

in this figure, which are represented by thesymbol. Only every fifthX, S, andPy
datum is shown for for clarity. Dashed lines are the paranfetetion and state values
during the artificial data generation, and solid lines areitientified parameter func-
tion values and their corresponding states. ®haot shows the performance index vs.
iterations and the final performance index.
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Figure 6.7: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functionsgi(t), fp(t), and @(t) from artificial dataX, S and Py using
smoothed basic IDP witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) &kh data andoy = 0.01. Control

gt from Figure 6.1 (page 105) was used to generate the artifitigé data for the run

in this figure, which are represented by thesymbol. Only every fifthX, S, andPy
datum is shown for for clarity. Dashed lines are the paranfetetion and state values
during the artificial data generation, and solid lines areitientified parameter func-
tion values and their corresponding states. ®haot shows the performance index vs.
iterations and the final performance index.
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6.6.4  Webb-Ramirezv(t) identification using two-step IDP

The two-step method for IDP introduced in Section 3.7 fouptnoal control
profiles with less likelihood of finding local minima than @P with smoothing, so
it is interesting to see if this method obtains similar restd basic IDP with smoothing
for the Park-Ramirez identification problem.

For the Park-Ramirez optimal control problem, the numbestep one iterations
was chosen based on obtaining the performance index witmregolerance. Here,
however, itis more important to obtain the correct paranfetection profile, so instead
of using the performance index as a guide, the step oneidrsaivere chosen based
on the control profile activity during the solution shringisome arbitrary amount. Ob-
serving that the control profiles of the runs in Section 6r&2onger changed much
after 600 iterations, step one of the two-step IDP methodoasen to have 600 itera-
tions.

Figures 6.8, 6.9, and 6.10 present the Webb-Ramifegidentification using
two-step IDP for 10, 25, and 50 stages respectively. The tataber of iterations
for each of the four cases presented in each figure is the sainetlze previous two
sections, but they are split into 600 step one iterations pR0O0 step two iterations.
The control profile used for these studies was comtdrom Figure 6.1, and the data
generation parameters used are given in Table 6.1Ryite 0 andoy = 0.01.

Although Webb-Ramirez identification was presented as a twagentify the
parameter functions when some states are unmeasuredpitmsagic. In Figure 6.9,
the total protein concentration is very poorly identifiearhg in the middle of the run.
This does not hurt the performance index because the mebsiate data are still fit
very well. The problem is that the missify data allows the alternate (and wrong)
combination offp too high around 7 hours angltoo low between 9 and 15 hours. In

optimization terms, the system must still be observableetoggod results no matter
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what identification method is used.
The two-step IDP method appears to give similar resultssehbBP with smooth-
ing, although the difference is not significant. Howevarngcsithe number of iterations

is the same, the two-step method should be preferred sirwasitess likelihood of

finding local minima.
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Figure 6.8: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP withl10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wittPr data andoy = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.9: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wittPr data andoy = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.10: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wittPr data andoy = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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6.6.5  Webb-Ramirezv(t) identification using two-step IDP andPr data

In the previous section it was discovered that although tebBRamirez identi-
fication method works well with two-step IDP, the system is fodly observable with
total protein concentration unmeasured. This sectionatspihe cases from the pre-
vious section except with Br data per run. Figures 6.11, 6.12, and 6.13 present the
Webb-Ramirex (t) identification using two-step IDP for 10, 25, and 50 stagepee-
tively for these new cases wiffy measured.

There are still some identification problems when onli¢5data are used. In
Figure 6.13,fp is much too low andp is much too high at the beginning of the run.
As when noPr data were measured, the lack®f data at the beginning allows the
underdetermined dependency between these two parametéegtade the solution.
However, even this small amount Bf data greatly improves the(t) identification
overall and allows all the model parameter functiofX, w) to be identified as will be

seen in Section 6.8.
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Figure 6.11: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wihPr data andoyn = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.12: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wihPr data andoyn = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.13: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wihPr data andoyn = 0.01. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thiesymbol. Only every fifthX, S, andPy datum is
shown for for clarity. Dashed lines are the parameter fomcéind state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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6.7 ldentifying v(X,w) usingv(t) data

6.7.1 Parameter function sensitivity for improved identification

For either the derivative method or the Webb-Ramirez mettiusl first step is
to identify parameter functiom(t) values for each run. These identifiedt) values
are then used along with the corresponding states to tragueahnetwork or other
universal function approximator to represent the paranfetetion.

However, there may be parts of the time domain whte is identified but is
meaningless. For example, for the Park-Ramirez bioreawtatel, protein secretion
requires a driving force of higher total protein concemntrathan secreted protein con-
centration in the broth. If this driving force does not ex@tparts of the time domain
then the identified secretion parameter function value ismmgless since any value is
as good as any other. If these meaningless data are usedhta tnaural network to
represent the parameter function, the resulting neuralor&twill be degraded.

The method used here to deal with this problem is to replieéXe w) training
data more where(t) has more effect on the err&rin Equation 6.8. Analytical values
of %ﬁ) could be used via a sensitivity equation analogous to thsitegty equation
used with the integral method, but since part of the reasoproposing the Webb-
Ramirez method was to avoid the analytical sensitivity #qunat makes more sense to
use the numerical approach from Section 4.6 (page 39) whialheady easily available

when using IDP. The forward and backward sensitivities f@action 4.6 are used in

Algorithm 10 which is described in the next section.
6.7.2  Extractingv(X,w) training data from identified v(t) data andv(t) sensi-
tivity
The second step of the Webb-Ramirez identification methad isin the pa-

rameter functions (X, w) usingv(t) data from the first step. How to best extract the
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training data is an open question, but it was accomplishetthi® study with Algorithm

10. Algorithm 10 integrates the model through each runaexing input-output train-
ing pairs for eactv(X,w) identification. The training pairs are created at IDP stage
midpoints, which results in significantly less noise thatiné training pairs are created
at the stage boundaries. Training pairs are replicatedoptiopally to their sensitivity,

so that more sensitive parts of the set receive more empthaisigy training.

Algorithm 10 can use predicted or data state values for Hieitrg inputs. Nor-
mally, predicted state values should be used since theses/are always available,
even for unmeasured states. Also, if predicted state valteeso bad that using data
state values is necessary, it is important to make sure (hedentification is good
enough to produce a meaningful identificationwdX, w). In the case of the Park-
Ramirez model studied here, the parameter functions neled identified over a sub-
strate concentration of approximately five orders of magtet(1032-10*2). For very
low substrate concentration, even slight errors in the graate function will lead to
huge relative errors in the substrate concentration, sastlvetter to use substrate data

values for this model.

6.7.3 Neural network domain transformation

Neural networks are best at handling inputs with a domainr-df 1) or (0,1), so
another consequence of the large range of substrate coab@mused for this model is
that the neural networks needed a logarithmically tramséal substrate concentration

S°. Substrate concentration was transformed so that
S=10°% = =0

and

S=1¢% = =1
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Input neurons 1

Output neurons 1
Hidden neuronsy) 5
Hidden neuronsfp) 4
Hidden neuronsg) 3
Input neuron activation function Linear
Hidden neuron activation function  Logistic sigmoid
Output neuron activation function Linear
Training epochs 20,000

Table 6.3: Neural network parameters for Park-Ramirez i€ w) identification.

using the transformation
_ log;¢S+3

s 5

(6.11)

6.7.4 Neural network training

Once the input-output set is created using all runs, it isl usdrain the param-
eter functionsv(X,w) with an appropriate identification technique for the paitc
function estimator used. Feedforward neural networks weeel in this study, and the
FANN neural network software library (Nissen, 2003) wasdugetrain the neural net-
works using the parameters in Table 6.3. A naive applicatioreural network training
was used, without generalization techniques such as vialidand early stopping. Al-
though these technigues might improve the parameter fumctapture somewhat, a
better way to improve results may be to use an outlier detectlgorithm since the
Webb-Ramirez identification method produced many outlierthe v(X, w) training

sets shown in the remainder of the chapter.

6.8 ldentifying v(X, w) for the Park-Ramirez model

The parameter function neural network identification fi68’, w1 ), fp(S’, wy),

and@(S’, wz) was explored using several scenarios:
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Algorithm 10 Algorithm to extract (X, w) input-output training data from(t) data.
1. for each data rudo

2. Initialize the system model

3 for each stagdo

4. for each parameter functiado

5 Create training point using predicted or data state valoesputs

andv(t) for output

6. Replicate training poinBr times
7. Integrate to the next stage usin@) parameter function values
8. end for
9. end for
10. end for
For this study:
i . )
Be(l) = MIN |Lfoor PaG - MAX [Eau (&) )| (612

ts
t—t
Be(@) = MIN [Lfoor (Ba(e)- - MAX [Eay(0) Eiu(@] ) | (6.0

BR(fp) = MIN -1,floor <[3A(fp)- MAX [E(;u(fp), $u(fp)})} (6.13)

The normalized performance index control sensitivifigs and&,, are described in
Section 4.6 (page 39Mq in Equations 4.10 and 4.11 is510~°. The training data
replication Equations 6.12—6.14 were chosen so that dat®ha 1 replicates. The
term with final timet; and timet compensates for the fact that earlier data points af-
fect states for more of the simulation. The data replicatidjustment tern8a is an
arbitrary adjustment term for each parameter function. thisrstudy,Ba(p) = 0.001,
Ba(fp) =0.08, andBa(®) = 0.2. These values were chosen manually by reducing each
one until the corresponding data lost most obvious outlieng floor operator converts

a floating point value to the integer value closest to zero.
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No Pr Data
Noiseless Data Section 6.8.1 (page 129)
Noisy Data Section 6.8.2 (page 134)
5 Pr Data
Noiseless Data Section 6.8.3 (page 136)
Noisy Data Section 6.8.4 (page 141)

Noisy Data, no Sensitivity Section 6.8.5 (page 143)

100Pr Data
Noiseless Data Section 6.8.6 (page 145)
Noisy Data Section 6.8.7 (page 150)
Discontinuous Substrate Section 6.8.8 (page 155)

Noisy data had 1% noise added as described in Section 6.8 {j#). The eight
control profiles in Figure 6.1 (page 105) and the data geloarparameters in Table 6.1
(page 107) were used to generate eight artificial data rurthiéocases in this section.
The first step of the Webb-Ramirez identification technigas applied to each of the
data runs, then the eight runs of identifigd) data were used to create an input-output
data set and each parameter function neural netwfkw) was trained following the
method in Section 6.7.2. Unless otherwise specified, theitdgty data replication
scheme was used during the creation of the input-outpuaheatwork training set.

To provide a quantitative way to compare identification gu&br different cases,
Equation 6.15 was used to give an arbitrary but consisteasore of the goodness of fit
between the parameter functions used to generate the dhthaientified parameter
functions. Itis integrated across the logarithmicallysformed substrate so that good-
ness of fit is important across all five orders of magnitudeutissrate concentration.

This measure is shown for each parameter function in theefsgur

1 2
SSE— /O V(S ) real— V(S )mode] 20S° (6.15)
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6.8.1 Identifying Park-Ramirez v(X,w): 0 Pr data, no noise

Given the results of the(t) identification withoutPr state data in Section 6.6.4
(page 115), thqu and fp parameter function neural networks were expected to do a
reasonably good job of capturing the mechanistic kinetefianctions with nd?r data,
but theg parameter function was not. The first step of the Webb-Ranentification
is shown for run 1 of the 8 artificial data runs in Figures 6845, and 6.16 for the
10, 25, and 50 stages IDP cases respectively. Figure 6.1sghe original parameter
function values, the input-output training data from thegarss described in Section
6.7.2 (page 6.7.2), and the trained parameter functionah@etworks. The growth
rate neural network(S’, o) captured the mechanistic kinetic rate function very well
because growth rate does not dependPpriata, but surprisinglyfp is also captured
very well, probably becaud®, follows Py very closely most of the time. As expected,

the unresolved dependency betwdgrandg severely degraded the identificationgf
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Figure 6.14: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP withl10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) Witk data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.15: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) Witk data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.16: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) Witk data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.17: Hybrid Park-Ramirez model parameter funatiearal network identifica-
tion. The data generation and IDP parameters used for(thédentification are given
in Table 6.1 (page 107) and 6.2 (page 111) WitAr data andoy =0. The dashed lines
are the mechanistic parameter functions (Equations B3—Reural network training
data from Algorithm 10 are marked with symbols, and the solid lines are the neural
network outputs. SSE is a measure of the goodness of fit bettkeemechanistic pa-
rameter functions and the identified functions, and is ddfimg Equation 6.15 (page
128).
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6.8.2 ldentifying Park-Ramirez v(X,w): O Pr data, with noise

This section repeats the case in Section 6.8.1 except thatrtiiicial data was
generated usingy = 0.01 instead ofoy = 0. The first step of the Webb-Ramirez
identification for run 1 of the 8 artificial data runs is the gaas the case in Section
6.6.4 (Figures 6.8—6.10 starting on page 117), andytie w) input-output data and
training is shown in Figure 6.18.

Thev(X, w) identification results for the case with noise are similah®noise-
less case in the previous section. The 50 stage case is niestedf which is not

surprising since the 50 stage case is more prone to noiseerae
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Figure 6.18: Hybrid Park-Ramirez model parameter functiearal network identi-
fication. The data generation and IDP parameters used for(thédentification are
given in Table 6.1 (page 107) and 6.2 (page 111) Wifr data andoy =0.01 The
dashed lines are the mechanistic parameter functions {iege&.3-2.5). Neural net-
work training data from Algorithm 10 are marked withsymbols, and the solid lines
are the neural network outputs. SSE is a measure of the gepdréit between the
mechanistic parameter functions and the identified funstiand is defined by Equa-
tion 6.15 (page 128).
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6.8.3 Identifying Park-Ramirez v(X,w): 5 Pr data, no noise

This section repeats the case from Section 6.8.1 excepfwéPr data per run
instead of none. The results of thé) identification for run 1 of the 8 artificial data
runs are shown in Figures 6.19, 6.20, and 6.21 for the 10,2658 stages IDP cases
respectively, and the(X, w) training is shown in Figure 6.22.

As expected, the small amountBf data dramatically improved the capture of
the (S, u3) neural network. Although the capture is not perfect, it asenably good
considering only 8 data runs were used and the large ranggbsfrate concentration
captured by the model. One remaining deficiency in the ifleation is that for

S> 1% is not captured because there is no training data in thatmegi
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Figure 6.19: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wBtl; data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.20: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wBtl; data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.21: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) wBtl; data andoy = 0. Controlg! from Figure
6.1 (page 105) was used to generate the artificial state dathd run in this figure,
which are represented by thesymbol. Only every fifthX, S andPy datum is shown
for for clarity. Dashed lines are the parameter function atade values during the
artificial data generation, and solid lines are the identifjarameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.22: Hybrid Park-Ramirez model parameter funatiearal network identifica-
tion. The data generation and IDP parameters used for(thédentification are given
in Table 6.1 (page 107) and 6.2 (page 111) \&itAr data andoy =0. The dashed lines
are the mechanistic parameter functions (Equations B3—Reural network training

data from Algorithm 10 are marked with symbols, and the solid lines are the neural

network outputs. SSE is a measure of the goodness of fit bettkeemechanistic pa-
rameter functions and the identified functions, and is ddfimg Equation 6.15 (page
128).
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6.8.4  Identifying Park-Ramirez v(X,w): 5 Pr data, with noise

This section repeats the study of Section 6.8.3 except hleaartificial data was
generated usingy = 0.01 instead ofoy = 0. The first step of the Webb-Ramirez
identification for run 1 of the 8 artificial data runs is the gaas the case in Section
6.6.5 (Figures 6.11-6.13 starting on page 121), and {few) input-output data and
training is shown in Figure 6.23.

For the 5Py cases, noise seems to degrade the training data slighttihda25
and 50 stage cases, but makes no noticeable difference 19 thiage case. In general,

these results suggest that fewer IDP stages should be ugsatbasoise increases.
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Figure 6.23: Hybrid Park-Ramirez model parameter functiearal network identi-
fication. The data generation and IDP parameters used for(thédentification are
given in Table 6.1 (page 107) and 6.2 (page 111) \wifAr data andoy =0.01 The
dashed lines are the mechanistic parameter functions {iege&.3-2.5). Neural net-
work training data from Algorithm 10 are marked withsymbols, and the solid lines
are the neural network outputs. SSE is a measure of the gepdréit between the
mechanistic parameter functions and the identified funstiand is defined by Equa-
tion 6.15 (page 128).
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6.8.5 Identifying Park-Ramirez v(X,w): 5 Pr data, with noise, no sensitivity

To see the difference made by the sensitivity data reptinascheme in Algo-
rithm 10, the neural network training for the case in the s section (Figure 6.23)
was repeated using one data replicate for all data pointégarahm 10 3r = 1). The
neural network training for this case is shown in Figure 6.24

The p and fp data and neural network appear to be similar whether or not se
sitivity data replication is used, but tlggdentification changes drastically. The points
missing from theptraining set were verified to be from parts of the run data wiser
cretion was low, so this method appears to accomplish the sdiect as an analytical

sensitivity would.
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Figure 6.24: Hybrid Park-Ramirez model parameter functiearal network identi-
fication without sensitivity data replication. The data gextion and IDP parameters
used for thev(t) identification are given in Table 6.1 (page 107) and 6.2 (debgB

with 5 Pr data andoy =0.01 The dashed lines are the mechanistic parameter func-
tions (Equations 2.3-2.5). Neural network training dabafrAlgorithm 10 are marked
with 4+ symbols, and the solid lines are the neural network out@®&E is a measure

of the goodness of fit between the mechanistic parametetidunscand the identified
functions, and is defined by Equation 6.15 (page 128).
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6.8.6 ldentifying Park-Ramirez v(X,w): 100 Pr data, no noise

This section repeats the case from Section 6.8.3 exceptMitHPr data per
run instead of 5. The results of thét) identification for run 1 of the 8 artificial data
runs are shown in Figures 6.25, 6.26, and 6.27 for the 10,2658 stages IDP cases
respectively, and the(X, w) training is shown in Figure 6.28.

The fp(t) and @(t) identifications are nearly perfect when using 180data,
leading tov (X, w) identification that is nearly perfect as well. The exceptiane a
little error in the 10 stage case, a few outliers in WX, w) training sets, and the lack

of pdata forS> 1¢.
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Figure 6.25: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) with0 Pr data andoy = 0. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by tihesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.26: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) with0 Pr data andoy = 0. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by tihesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.27: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) with0 Pr data andoy = 0. Control gt from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by tihesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.



10 IDP Stages

25 IDP Stages

50 IDP Stages

149

0.4
SSE=17x 10704 SSE=11x 1094 SSE=17x 10704
0.3F -
/1 +
—
1S 0.2
=
0.1F n +
O 04 04 » 04
SSE=34x 10~ SSE=14x 10~ SSE=24x 10~
—~~
—|= f
N
[a
[V h—
SSE=18x 10791 SSE=48 x 1092
~~~
|
N
S

001 01 1 10

001 01 1 10

Figure 6.28: Hybrid Park-Ramirez model parameter functiearal network identi-
fication. The data generation and IDP parameters used for(thédentification are
given in Table 6.1 (page 107) and 6.2 (page 111) W0 Pr data andoy =0. The
dashed lines are the mechanistic parameter functions {iege&.3-2.5). Neural net-
work training data from Algorithm 10 are marked withsymbols, and the solid lines
are the neural network outputs. SSE is a measure of the gepdréit between the
mechanistic parameter functions and the identified funstiand is defined by Equa-
tion 6.15 (page 128).
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6.8.7 ldentifying Park-Ramirez v(X,w): 100 Pr data, with noise

This section repeats the study of Section 6.8.6 except hleaartificial data was
generated usingy = 0.01 instead oty = 0. The first step of the Webb-Ramirez iden-
tification is shown for run 1 of the 8 artificial data runs in &igs 6.29, 6.30, and 6.31
for the 10, 25, and 50 stages IDP cases respectively, and ¥hev) input-output data
and training is shown in Figure 6.32. The results are neadysame as the noiseless
case in the previous section, although the noise slightbcts theg(t) identification

when 50 IDP stages are used.
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Figure 6.29: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with10 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) withO Pr data andoy = 0.01 Controlg! from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.



152

10°° Drnal — 3.38x 10 3.0
104 [ O - Ts0
o(2)2105 X(2)
10-6 . 41.0
30p Itergtions QOO 0 0
0.3} ]
H(%,) 0.2 ;/\M-ldjl S(%>
0.1 - 910"
0.0 1072
\ 40.8
() 027 198 P
0.1 402
0.0 0.0
3.0k - 40.6 g
i) 2.0W Jo.4 M(D)
1.0 402
0.0 . . . . 0.0
0 5 10 O 5 10 15

Time (hr) Time (hr)

Figure 6.30: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with25 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) withO Pr data andoy = 0.01 Controlg! from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.31: Webb-Ramirez identification of the hybrid PR&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP with50 stages The data generation and IDP parameters used are in Tables
6.1 (page 107) and 6.2 (page 111) withO Pr data andoy = 0.01 Controlg! from
Figure 6.1 (page 105) was used to generate the artificiad gt for the run in this
figure, which are represented by thesymbol. Only every fifthX, S, Pr, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure 6.32: Hybrid Park-Ramirez model parameter functiearal network identi-
fication. The data generation and IDP parameters used for(thédentification are
given in Table 6.1 (page 107) and 6.2 (page 111) i@f Pr data andoy =0.01 The
dashed lines are the mechanistic parameter functions (iege&.3-2.5). Neural net-
work training data from Algorithm 10 are marked withsymbols, and the solid lines
are the neural network outputs. SSE is a measure of the gepdréit between the
mechanistic parameter functions and the identified funstiand is defined by Equa-
tion 6.15 (page 128).
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6.8.8  Substrate discontinuity for improvedv (X, w) identification

It is clear from the previous results in Section 6.8 thas not being identified
well for S> 1%. It is easy to understand why: #is high, fp falls near zero, and thus
any secretion whil& is high only lasts until the existing internal protein is ised.

The time constant for this secretion is around 10 minutest isodifficult to capture
this fleeting measurement by raisiBgising the maximum substrate feed rate.

A better solution is to cause a step chang&ia a high concentration, which al-
lows a short time wher8is high and secretion is happening. This can be accomplished
for the experimental system by dumping a measured amounbstste manually into
the tank. In the simulation, the model function was modifiednanually seS once
each run at = 14.7hr. The time 147hr was chosen because that is the start of the last
stage for 50 stages. Only the 50 stage case was examinedsftedhnique because 10
or 25 stages are not able to capture the very fast dynamicgefldata for a range of
substrate concentration, the substrate at 14.7 hr was Sett@+2){ wherezis the
run index from Figure 6.1 (page 105). The cases in this seetiere generated in the
same way as previous identification cases except with thimialaubstrate discontinu-
ity.

Figure 6.33 presents the case with noiseless artificial dathFigure 6.34 presents
the case with noisy artificial data. For both the noiseledsla@noisy casegwas iden-
tified well only with 100Pr data. This makes sense; the substrate increase results in
a short-lived dynamic where the difference betw®grandPy, is crucial, so sufficient
Pr and PRy data are a prerequisite. It is hard to draw conclusions atheueffect of
noise, because significant random variation was seen ®c#se depending on initial

conditions or random number seed.
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Figure 6.33: Hybrid Park-Ramirez model parameter funatiearal network identifica-
tion with manual substrate discontinuity. The data gemanand IDP parameters used
for thev(t) identification are given in Table 6.1 (page 107) and 6.2 (d&idg withO,

5 or 100 Pr data andoy =0, with the exception thatSwas increased manually to

Z+ 2% where zis the run index. The dashed lines are the mechanistic parameter func-
tions (Equations 2.3-2.5). Neural network training dadafrAlgorithm 10 are marked
with 4+ symbols, and the solid lines are the neural network out@®&E is a measure

of the goodness of fit between the mechanistic parametetidunscand the identified
functions, and is defined by Equation 6.15 (page 128).
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Figure 6.34: Hybrid Park-Ramirez model parameter functiearal network identifi-
cation with manual substrate discontinuity. The data gty and IDP parameters
used for thev(t) identification are given in Table 6.1 (page 107) and 6.2 (debB
with 0, 5 or 100 B data and oy =0.01, with the exception thatS was increased
manually to z+ 2% where z is the run index. The dashed lines are the mechanistic
parameter functions (Equations 2.3-2.5). Neural netwaiking data from Algorithm
10 are marked with- symbols, and the solid lines are the neural network outi38&

is a measure of the goodness of fit between the mechanisampéer functions and
the identified functions, and is defined by Equation 6.15 ¢aEzZB).
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6.8.9 Optimal control of the identified hybrid model

One test of the quality of the identification in this chaptetd see if the optimal
control for the identified model is the same as the optimatrcbfor the model used
to generate the artificial data. Figure 6.35 presents thmaptontrol found using IDP
with 50 stages for the mechanistic model (Equations 2.3starfing on page 7) and the
identified model corresponding to the 1BPdata case in Figure 6.33. The optimal feed
rate for the identified model is lower, and the final perforoemdex is significantly
lower. This difference is explained by the fact that the tdesd p and fp are slightly
lower than the mechanistic versions. A modified model waatedeby increasing and
fp by 8%, leading to a much closer match to the expected optiordtal. Because the
kinetic parameters are integrated, errors in the kinetrarpaters are amplified when
finding an optimal control based on a final measure such aothksecreted protein
production. This indicates that effort spent improving ¥, w) identification from
v(t) data will probably be a good investment. In this case a bétteould probably
have been obtained if outlier detection and more sophtsticaeural network training
had been used. Figure 6.36 presents the same results as BigGrfor the case with
noisy artificial data (Figure 6.34), with no significant éifénces in the result.

Another test of the quality of the identification in this clepis to apply the
optimal control for the identified model to the mechanistiocdal used to generate the
artificial data. This is what would happen in practice if thisthod were used since the
real model would not be known. Whepyeniifieq from Figure 6.35 was applied to the
mechanistic Park-Ramirez model, the performance indexX28d5 and whemjgentified
from Figure 6.36 was applied to the mechanistic Park-Ramredel, the performance
index was 24.0. Once again, a small error in faeand@ parameter functions caused
significant harm to the goal of optimizing the system. Thisdkdf problem is not

unique to this method, though. Any system where the objeditighly sensitive to the
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values of the model parameters will be difficult to optimiZ#ime. In reality, almost
any system complex enough to need the kind of advanced mgdebrk discussed
here will also need to use online model predictive contretead of offline optimal
control to achieve the best results.

Although the identified optimal control does not perfectlatoh the mechanis-
tic model optimal control, it is close enough that the sammaeséour control features
are seen: an exponential phase where growth is maximizewpeta zero feed while
substrate concentration drops, a constant feed phase ptotedn production is max-
imized, and finally a short time at maximum feed rate to stateisecretion. Because
the basic features of the real optimal control were seentanflihetic parameters were
relatively close to the real values, it should be expectatitiodel predictive control of

the real system using the identified model would have verylgesults.

6.9 Discussion

6.9.1 Identification methods

This study introduced a new more general method for idantyfiaybrid dynamic
models, and verified that it can identify the hybrid Park-RRemmodel using only a
few data runs. The Webb-Ramirez identification method hasabk value in situations
where the limitations of the derivative and integral methpreclude their use, but more
research is needed to make evidence-based recommendatiaumswhich method is
superior for any given problem.

For problems where it can be used, the integral method wibably be the
best method. It should be the least affected by state naee i trains on all runs
simultaneously, and it is very efficient. There is also nodneéh the integral method
for sensitivity analysis as in Section 6.7.1.

There still may be two advantages to using a two-step ideatiin method even
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Figure 6.35: Optimal substrate feed rate for the hybrid fRatknirez model found using
IDP with 50 stages. Model parameters are given in Table 24€8).0mechanistidS the
optimal substrate feed rate found when using the mechaikisietic rate parameters
(Equations 2.3-2.5 starting on page Gentified IS the optimal substrate feed rate found
when using the parameter function neural networks idedtifiehe 100P; data case

in Figure 6.33 0igentified IS the optimal substrate feed rate found when using the same
model agigentiied €Xcept thapt and fp are increased by 8%. The theoretical optithal

is approximately 32, and is not shown because it overl@pgchanisticSO closely.
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Figure 6.36: Optimal substrate feed rate for the hybrid fRatknirez model found using
IDP with 50 stages. Model parameters are given in Table 24€8).0mechanistidS the
optimal substrate feed rate found when using the mechaikisietic rate parameters
(Equations 2.3-2.5 starting on page Gentified IS the optimal substrate feed rate found
when using the parameter function neural networks idedtifiehe 100P; data case

in Figure 6.34 gigentified IS the optimal substrate feed rate found when using the same
model agigentiied €Xcept thapt and fp are increased by 8%. The theoretical optithal

is approximately 32, and is not shown because it overl@pgchanisticSO closely.
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if the integral method is possible: first, run-to-run vaoatof parameter function pro-
files may be observable that would not be observable whemingaw directly, espe-
cially in the case of outliers. Second, it may be better t@kithe large problem into
several smaller problems. This is similar to the princigldynamic programming that
it is better to break a large sequential decision problemsntaller problems and solve
them separately. Because IDP can be used to find the valugs)oit may be less
likely that the final solution will result in local minima, em with complex interactions
between the different. Both of these hypotheses are left for future study.

Finally, the derivative method has the compelling advamtaigsimplicity. For
this one simple reason, it should probably be the first meditigtnpted for any problem

where all the states are measured.

6.9.2 State data noise

Data noise is a big problem for the Webb-Ramirez identiftcatnethod with
two-step IDP since it caused a significant amount of erromaw(t) values. The
state data noise seems to lead to numerous local minima V@sg to the optimal
control, a relatively uncommon case for optimal controlljpemns. This affects the
integral identification method less than the Webb-Ramidentification method even
though the objective function is the same, because theraltegethod uses all runs
simultaneously and noise is reduced through averaging egatential solutions to the

state noise problem are presented in Section 9.2 as a togitdoe research.



Chapter 7

The Flux-balance bioreactor model

7.1 Introduction

A number of protein pharmaceuticals are currently beinglpeed using recom-
binant DNA technology. By adding DNA plasmids to a host baata, the genetic
code is modified, which allows production of large amount$ooéign protein. This
method is important because for many complex proteins atdafgemical synthesis
is either impossible or more expensive than productionguainecombinant bacterial
cultivation. There are several aspects of bacterial atitwm that are difficult and ex-
pensive. Some major concerns for industrial cultivatica @ptimizing product yield,
reducing product variability, and providing a good on-lic@ntrol system. Because
pilot-plant experiments are expensive, these goals shmutccomplished with as few
test cultivations as possible. All these goals suggesttigaiod predictive model of the
system is desirable.

A good model for this application should have the followinggerties:

¢ It should predict the system states moderately well witleogperimental data.
This allows the model to be used even for early developmemiwdata is

minimal.

¢ It should be simple enough that it can be used for model piedicontrol.
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¢ It should contain as much fundamental and experimental letye as possi-
ble. An example of fundamental knowledge is conservatiamcyples, which
always apply. An example of experimental knowledge is theabi®r of the
overflow metabolism oE. coli reported by many researchers (Chang et al.,

1999).

We propose a model that meets these requirements by comluaircepts pre-
sented in several previous works, and test this model usitayfcdom an industrial pilot
plant. As much as possible, it is based on literature valfissrple kinetic parameters
such as the Monod growth parameters. In addition, an idedeigould improve as
more data become available, which would only be possiblatyrporating this model

into a hybid model with a data-driven component.

7.2 Model Development

There have been many cell growth models presented in thatlite (Domach
et al., 2000; Ramirez and Bentley, 1999; Tholudur and Ramir899; Schubert et al.,
1994). The goal of this research is to combine and improve ast modeling ap-

proaches to be useful for industrial cultivation.

7.2.1 Overall model structure and state equations

Our approach is to start with a simple mass conservation htleateis similar to
past approaches (Ramirez and Bentley, 1999; Tholudur andr®a 1996; Lin et al.,
2001; Xu et al., 1999). The component mass balances reflachtass is conserved
for any physical component. In general, the terms of the siditerential equations are
accumulation, generation (such as the cell growth ratpytitglucose flow rate to the
reactor) and the dilution effecD|. Equation 7.1 defines differential equations for each

of the mass fraction states in the model: cell mass fracgndead cell mass fraction
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(Xq), glucose mass fractiord), acetate mass fractioA), foreign protein mass fraction
(P), and oxygen mass fractio®]. The full symbol list for Equations 7.1 and 7.2 is

given in Table 7.1.

Cells: X = (ix —Hx,a—D) - X
Dead Cells: Xg = px.g- X — D - Xy
Glucose: S= —gs- X + ICs D-S
T (7.1)

Acetate: A= (Ja—0a)-X—D-A
Protein: P=pp-X—D-P
Oxygen: O = (Osat—O)-ko—go-X—D-0O
Equation 7.2 is the differential equation for the systemaltotass ). Tempera-

ture and pH are assumed constant in this model.

TotalMass: T = fg (7.2)

Cell consumption rates are denoteddpywhile cell production rates are denoted
by Wi, where i is replaced by a subscript representing the p#atistate. The units of
all theq; andy; rates are mass of i per mass cells per time. Initial conditaoe chosen

using data.

7.2.2 Kinetic Model

The accumulation, input and dilution rates are straightéod, so the complexity
of the model is contained in the generation terms. The matfelential equations are
derived from mass conservation principles, but the cellsoomption and production
rates must be obtained from a fundamental understandirfgegirocess, or estimated
using a data-driven technique such as neural networks.

The first widely-used model for cell growth rate was repottgdonod. This
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T

D

Hx
Hx d
ds
Ha
ga

system concentration states

total mass of the reactor

dilution rateD = <$)

cell production rate function

cell death rate function

glucose consumption rate function
acetate production rate function
acetate consumption rate function
protein production rate function
mass flow rate of glucose feed
concentration of glucose feed
oxygen saturation concentration
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mass fraction

mass
1/time

1/time

1/time
1/time
1/time
1/time

1/time
mass / time
mass fraction
mass fraction

oxygen mass transfer coefficient function 1/time

oxygen consumption rate function

1/time

Table 7.1: Symbols for Model Differential Equations.
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model is still used because the parameters are easy to detezrperimentally and it
represents many systems reasonably well. It also makee benause the shape is the
same as the Michaelis-Menten reversible enzyme equati@myMf the relationships
in this kinetic model are represented by a Monod form whenstiepe of the data
suggests such a relationship.

Figure 7.1 is a block diagram of the overall kinetic model. d8lflows are rep-
resented by solid lines and information flow is representeddited lines. The model
is a simplified flux-balance model for glucose and oxygen, g the carbon and
oxygen mass balances close automatically. Uptake capadtig uptake rate of a sub-
stance if the concentration of the substance is “high”. Bfticose and oxygen uptake
rate capacities are assumed to depend on growth rate. Tpedewate capacities are
then used along with glucose and oxygen concentration totfiedylucose and oxy-
gen uptake rates. Glucose and oxygen are then consumed hyeraice and cell
growth. Part of cell growth is diverted to foreign proteiroguction after induction.
Any remaining oxygen is available for acetate consumption.

This model is most similar to the model presented by NeubgiLedr (2003), with
several additions: it incorporates maintenance burdentalaeetate as a function of
acetate concentration, it is arranged so that most parasratefrom literature sources
and not experiment, and it incorporates oxygen mass tnatisfgation due to cell

death.

7.2.3 Uptake Rate Capacities

Glucose and oxygen uptake rate capacitiRgd, anddo cap) May change with
growth rate [ix). The model for these uptake rate capacities is a Monod sgjue
in the growth rate. Lin et al. (2001) developed a method ftimeding the maximum
specific uptake capacities of glucose and oxygen, and thimigue was used in a

study of ark. colisystem by Neubauer et al. (2003). Oxygen uptake rate inroaootis
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aerobic systems was explored by Calhoun et al. (1993). Reb#®ranges for the
parameters in Equations 7.3 and 7.4 are derived from thaedeest Table 7.3 presents
the values of all parameters.

Growth rate is smoothed using a first order filter to prevemenical instability.
The filter time constant was one hour, but the value of the tomestant makes little

difference to the model states within a reasonable range.

(Oscapmax— c1Scapmin) x
= in+ : 7.3
ds,cap= dscapmin Oscapie + Hx (7.3)
(do,capmax— 9o,capmin) Hx
= in+ : ’ 7.4
do,cap = do,capmin Go.canke - x (7.4)

7.2.4 Uptake Rates

Glucose and maximum oxygen uptakg @ndgo max) in Equations 7.5 and 7.6
are Monod equations with the maximum term replaced by the capacities. Note
that the kinetic model is designed so that all glucose upimkensumed, but oxygen
is only consumed as required for oxidation and aerobic dissmbpmeaning that the

oxygen uptake rategp) may be less than the maximum oxygen uptake r@ienax).

OscapS
= ——— 7-5
s (dsk.+9) (73)
qO.capO
= V- - 7.6
Jo,max Jo.manke T 0 ( )

7.2.5 Maintenance

Acetate decreases cell yield on gluco‘zg)(in both continuous (Gonzalez and
Russell, 1997) and batch (O’Beirne and Hamer, 2000) cudtuféis is taken into ac-
count in this model by increasing the glucose rate used fonter@ance. However,
a more common value seen in the literature is the cell yieldth \tthe assumptions

that glucose goes to either maintenance or cell growth, laaideicetate doesn’t affect
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glucose uptake rate, Equation 7.7 describes the maintematee(s m) vs. acetate con-

centration if aerobic cell yield on glucose(,,) vs. acetate concentration is known.

A 0Yx

3,0X

0A

dsm = ds,mo — QS/O dA (7.7)

In the case of the data reported by O’Beirne and Hamer (2008 slope of cell
yield vs. acetate is fairly constant, which allows a singlegmeterqs m ka) to describe
the relationship between maintenance and acetate coatientrEquation 7.8 defines

the system demand for maintenance glucose.

Osm = Osmo+0s- dsmka - A (7.8)

Glucose uptake may be uncoupled from glucose catabolishuébge concen-
tration is high (Russell and Cook, 1995). Figure 7.2 and Egnasets M1 and N1
describe the calculation within the maintenance block giifeé 7.1. Oxygen yield per

glucose used for energy‘ﬁs) acetate yield per glucose metabolised anaerobically is

en

Yg\vm,ier and glucose consumed anaerobically for energy ipaer
0s=0Osm (M1.1)
o = Gsm*YQ en (M1.2)
Osanaer= (CIS,m —Qs) (N1.1)
Oa = Qsanaer Yganaer (N1.2)

7.2.6 Cell Growth

Cell growth is assumed to consume the rest of the availableogk, either aero-

bically or anaerobically. The cell growth fluxes are caltedbusing Equations M2 and
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N2 with Figure 7.2.

Js = Qsavail (M2.1)
Os- Yx ox
_ S
Qs.anab= Wi (M2.2)
s
Osen= Qs— Qsanab (M2.3)
Jo = (Qsen- Y%en‘l‘ 0sanab’ Y%,anab (M2.4)
Jsanaer= (CISavaiI - CIS) (N2.1)
Osanaer Yé.anaer
= : N2.2
0s,anaeranab q”é ( )
0s,anaeren = Qs anaer— 0sanaeranab (N2.3)
0a = (sanaeren® Y%,anaer (N2.4)

Equation set M2 describes glucose and oxygen fluxes of aerobtabolism.
Glucose transferred to the mass in cellgdgnap Yield of cells per glucose transferred
to the mass in cells iﬂJé, and yield of oxygen transferred to the mass in cells per
glucose transferred to the mass in cell$ds, .y,

Equation set N2 describes glucose and oxygen fluxes of dmiaaretabolism,

with the anaerobic equivalents of the entities used in Equaet M2.

7.2.7 Foreign Protein Production

After inducer is added, foreign protein production is estied to be a fixed frac-
tion of cell growth in a scheme similar to Neubauer et al. @00 he parametdg, is
fitted to experimental data. This assumes that protein yieldlucose is the same as

the cell yield on glucose.
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Mp = Py - Px
(7.9)
Hx = (1—Pa) bx
Foreign protein production dependence on inducer coramrris not consid-
ered in this study. With the data available, inducer was usé&tge enough concentra-

tion that induction was considered on or off.

7.2.8 Acetate Consumption

Oxygen capacity remaining after all glucose is consumedagable for acetate
oxidation for cell growth. Equation 7.10 is the maximum rattacetate consumption by
the cells if unlimited oxygen were available, using a Monerit with respect to acetate
concentration, and a second term to account for inhibitypglbcose. Equation 7.11
is the cell growth rate due to acetate consumption, Equatibd is the rate of acetate
used for energy for this process, and Equation 7.13 is tleeafabxygen consumed in
this process. If the rate of oxygen required exceeds the atramailable, Equations
7.10-7.13 are scaled back so that the available oxygen siocoed.

It is assumed that some glucose is fed all the time or availabthe system,
since this has been shown to increase acetate consumpticet @, 1999), and this is

a realistic condition for many industrial cultivations.

da maxA } { Qa.i }
= : : 7.10
o {quc +A] [dai+S (7.10)
Hx.A = 0a-Yx (7.11)
Qaen= 0a— —%’A (7.12)
%

Jo,A =0aen- Y% (7.13)
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7.2.9 Carbon Dioxide generation rate

The carbon dioxide generation rate is assumed proporttorthle oxygen con-

sumption rate for energy.

Hco, = Y% . qSen'Y%,en (7.14)

7.2.10 Cell Death

Lewis et al. (2004) used multi-parameter flow cytometry tadgtthe effects of
inclusion bodies on cells. They found huge stress causetiebintlusion bodies, al-
though it is unknown if this stress is caused by the metaltoirden of the foreign pro-
tein, the physical imposition of the inclusion body, or ho@astan and Enfors (2000)
found that the level of free DNA in the cell broth increaseeminduction. Assum-
ing the free DNA comes from cell lysis, a logical assumptisihat inclusion bodies
correlate with cell lysis.

Few modeling studies in the literature address cell deakiigh-density recom-
binant cultivation. This information is important becawseelative small fraction of
cell lysis leads to concentrations of free DNA in the cellthravhich will significantly
inhibit oxygen transport.

In this model, the rate of cell death is proportional to theamtration of foreign
protein. With this assumption, predicted dead cell corregion for the current data set

looks qualitatively like the DNA concentration reported ®gistan and Enfors (2000).

x.d=Txd-P (7.15)

Because free DNA concentration is not known for this datatsej is fit indi-

rectly through its effect on other states.
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7.2.11 Oxygen Mass Transport

It is well known that oxygen mass transport sometimes dseseduring high
density cultivation. Castan and Enfors (2000) made a cenwjnargument that free
DNA in the cell broth is the culprit in cases with significamlldysis, and plotted the
relationship between the oxygen mass transport rate and &déentration in the cell
broth. This relationship can be modeled approximately asiple inhibition by DNA,

and the inhibition paramet&p ; is obtained from this study.

B ko,i
ko_ko’°<ko,i+xd> (7.16)

7.2.12 Flux-balance Model Yields

There are two kinds of yield used in the model. The first kinthestraditional

yield given in the literature. An example in this modelvs ., which answers the

S,0X’

guestion: “what is the ratio of mass cells created to masstsate consumed during
aerobic metabolism?”. Another question is: “what is theoraf mass cells created
to mass substrate consumed during aerobic metabolismdeoing only the substrate
that physically goes into creating the cells, and ignorimg substrate catabolised for
energy to drive the process”. The yield used to answer tlderskequestion will be
called the “anabolic yield”, with the symb&. Following Xu et al. (1999), we take

the anabolic yield to be the ratio of carbon content betwéentwo substances. For

example, the anabolic yield of cells from glucose is foun&duation 7.17.

0.033MalC
_ 9S gXx
Wy = 5 0amC 04T = O.83—g S (7.17)
) g

The values and sources for all yields used in the model aepted in Table

7.2



Yield Value Range

Yxoc 061 0.60-0.61 0.42-0.60 Yes
Yx anger 015 0.15

Yy 0.35 0.29-0.40
Ya anaer 067 0.67
Yoo, 1067 1.067
Y0 vy 0-16 0.16

Yo 1.067 1.067
Yoo,  1.38 1.38

@)

Wy 083 0.83

Wy o 0.86 0.86

OO U, WNBE

Luli and Strohl (1990)

Han et al. (2003)

Xu et al. (1999)

stoichiometry

chemical formula

Andersen and Vonmeyenburg (1980)

/g
a/g
9/g
a/g
a/g
/g
9/g
/g
a/g
a/g

24

0.6
0.02
2.3
14
3.5
0.02
0.45
21
0.01

Table 7.2: Flux-balance model yields

3
3
3
4
5
4
6
5
5

1,2
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Literature Fitted Units Sensitivity Soes



175

Parameter Value Range Literature Fitted Units Sens. Ssurce
go,capmin  0.23 0.233-0.252 0.05-0.16 Yes 1/hr 4.8 1,2,3,4
Jo,capmax 0.32 0.314-0.319 0.26-0.55 Yes 1/hr 13 1,2,3,4
do,capk; 0.15 0.15 1/hr 0.9 1
Oscapmin ~ 0.54 0.687-0.750 0.13-0.55 Yes 1/hr 3.1 1,2,3
Oscapmax 0.77 0.697-0.736 0.90-1.5 Yes 1/hr 10 1,2,3
Os,capke 0.10 0.10 1/hr 0.03 1
Jo,maxk.  9.6E-9 9.6E-9 a/g 005 5

s ke 5.0E-5 5.0E-5 a/g 001 6

ds,mo 0.04 0.04 1/hr 1.8 6

Os,m.kA 26 26 a/g 1.3 7

0a max 0.14 0.14 1/hr 0.18 6

OA ke 0.05 0.05 a/g 014 6

Qai 5.0E-5 5.0E-5 o/g 0.04 8

Pa 0.43 0.380-0.431 N/A Yes fraction 047 2

Ko, 1070  1290-1500 N/A Yes 1/hr 0.65

Ko,i 4.2E-3 N/A a/g 013 9

TX d 0.51 0.213-0.246 NI/A Yes 1/hr 0.06

1 Linetal (2001)

2 Neubauer et al. (2003)

3 Hanetal. (2003)

4 Calhoun et al. (1993)

5 Alexeeva et al. (2000)

6 Xuetal (1999)

7 O’Beirne and Hamer (2000)

8 same aslsk,

9 Castan and Enfors (2000)

Table 7.3: Flux-balance model parameters
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7.3 Results and Discussion

The model fitted parameters were trained using 13 indusgii@lplant data runs
using SGE strains dE. coliin a 1000 liter bioreactor to produce recombinant protein.
The system is induced to produce foreign protein nine hofies moculation. The
software used to train, simulate, and find the optimal cofbrahe system is available
at http://danielwebb.us/research/.

Tables 7.2 and 7.3 show the values of all parameters used mdlel and indi-
cate if they were fitted or not. The fitted parameters wereddynminimizing the sum
squared error between the model and data for optical demgitgose concentration,
acetate concentration, foreign protein concentratiopger concentration, oxygen up-
take rate and carbon dioxide evolution rate. The error fonelata type was normalized
by dividing the raw sum squared error by the total number td gaints for that data
type and also dividing by the squared maximum data valuenfairdata type.

Representative training results are shown as Figure 7.8or [ptots have the
same ordinate scale as their corresponding state plot. Gimber of data points was
reduced for clarity in all sub-figures of Figures 7.3 and &dept acetate and protein
concentration.

Most of the states are predicted moderately well by the maahel the error plots
show that there are no consistent run-to-run trends bedaeserrors are randomly
distributed between runs. The poorest fit is for acetate etnation (Figure 7.4c),
where the typical error is the same order of magnitude asvitiage value. Acetate is
extremely difficult for a simple model to predict, becauge é@ssentially the integration
of the difference between glucose uptake capacity and roktatapacity. Even a small
error predicting these systems will quickly lead to a langeran acetate concentration.
If the model were used for on-line control, this problem coloé addressed by slightly

lowering the oxygen uptake capacity parameters to give gimaf safety.
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Another noticable state error is the carbon dioxide trartsjabe after induction
(Figure 7.3g), which is uniformly under-predicted. Thiglicates that the model is
under-predicting the fraction of oxygen going to energydoiction after induction.
Increasing the actetate maintenance parametgk ,) 30% brings the prediction of
all states very close to data for four of the thirteen rung,fouthe other runs leads
to runaway acetate production which stalls cells growtaraftduction. In general the
remaining states show run-to-run error that doesn’t sugg®g obvious biases other
than the two discussed already.

Parameter sensitivity is defined such that if a 1% change aranpeter causes
a 1% change in the final normalized error, that parametensitéty is 1.0. This is

defined formally in Equation 7.18.

OError Paramete
oParameter Error

Sensitivity= (7.18)

This sensitivity allows a comparison of different param&témportance, and
is reported for each parameter and yield in Tables 7.2 andI7i8 obvious that the
oxygen and glucose uptake capacities contain the most tangiggarameters, and these
are also the parameters that show large variations in thr@ditre. This indicates that
a small number of parameters should be able to capture muble dehavior of aik.
coli cultivation, but that these parameters will still have tddnend experimentally.

The glucose uptake capacity minimum parametgapmin is probably not very
accurate for this data set, because when growth rate is loegge uptake is essentially
limited by the rate of glucose input to the system, not theegbe uptake capacity
parameters.

The Range column in Tables 7.2 and 7.3 gives the range of tiaengders seen
when the parameters were fitted one run at a time. To get arwted parameters

vary the system the most, the relative range of each paramvagemultiplied by the
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sensitivity (calculation not shown). This calculation sisothat most of the system
variability lies in just five parametersio capmin: do,capmax dscapmin, dscapmax and
g,OX'

An optimal control study was performed using the paramdtensd by fitting all
runs simultaneously. The objective function was formwdtemaximize final protein
concentration with the restriction that the final mass meslelss than 1000 kg. Itera-
tive dynamic programming (Luus, 2000) was used with 30 Safje state points, 15
control points, and with a contraction factor of 0.9. In dudh, a first-order filter on the
control (Tholudur and Ramirez, 1997) was used to obtain aotimmontrol profile. The
initial conditions were chosen using one of the data rung dtygen uptake capacity
maximum parameterf capmax) Was reduced 7% to make sure that the model didn’t
overpredict oxygen uptake.

Figure 7.5 presents some of the results from the optimalcbsiudy. Points in
the glucose feed rate plot are the smoothed glucose feedatdeand the line is the
calculated optimal control. For other plots, lines cormgpto the optimal control and
points correspond to the model prediction using the dat&ralohe model prediction
for the run chosen was very close to the data.

Optimizing a complex system is often more difficult than siynmptimizing the
most difficult subsystem. A common example in bacteria aitibn is controlling glu-
cose feed to hold dissolved oxygen concentration consitamtider to avoid acetate
production and thus hopefully obtain optimal productiorhisToptimal control study
shows that this strategy may not lead to optimal productioterestingly, the optimal
control has submaximal glucose and oxygen uptake duringttidle part of the culti-
vation, which differs from common industrial practice. Tdygimal control is predicted

to produce a 30% increase in protein compared to the data case
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7.4 Conclusions

A new more complete flux-balance mathematical model for Juighsity recom-
binantE. coli cultivation was presented which predicts concentratiocedfs, dead
cells, glucose, acetate, foreign protein, and oxygen. @mygptake rate and carbon
dioxide evolution rate are also predicted. The model fitsnalustrial pilot-plant data
set reasonably well for a simple model with nine adjustablemeters. Acetate was
difficult to fit due to the high sensitivity of acetate prodoatto glucose and oxygen
uptake rates. However, if the main use of the model is opation or control, the
concentration of acetate is not the main considerationitb@ffect on the rest of the
system. For this case, a safety margin could be incorponate@cetate production by
slightly lowering oxygen uptake parameters.

The model is simple and fast enough to be used in an industritihe optimal
control system. It could also be incorporated into a hybrmbei so that the model

improves as more data become available.
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Figure 7.3: Training results for model using industrialadatModel (line) vs. data
(points) of a representative run are given for: (a) optieasity; (c) glucose concentra-
tion; (e) oxygen transport rate; (g) carbon dioxide tramspade. Errors for all runs are
given in: (b) optical density error; (d) glucose concendraerror; (f) oxygen transport
rate error; (h) carbon dioxide transport rate error. Erdotgphave the same ordinate

scale as the corresponding state plot.
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Figure 7.4: Training results for model using industrialadatModel (line) vs. data
(points) of a representative run are given for: (a) oxygenceatration; (c) acetate
concentration; (e) foreign protein concentration. Erforsall runs are given in: (b)
oxygen concentration error; (d) acetate concentratiaor;eff) foreign protein concen-
tration error. Error plots have the same ordinate scaleeasdiresponding state plot.
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(b)

Figure 7.5: Optimal control calculated using IDP (linesjl amodel using actual control
(circles): (a) glucose feed rate; (b) optical density; foygen concentration; (d) foreign
protein concentration.



Chapter 8

Conclusions and Recommendations

8.1 Recommendations for IDP optimal control

The optimal control problem can be a very difficult problesquiring appropri-
ate algorithms, intuition, skill, and sometimes luck to tfet global optimum. Simple
rules and all-purpose algorithms may fail. This sectioregisome general guidelines
for using the IDP algorithm to solve the fixed final time optlroantrol problem.

A new problem should always be attempted first using the H&dcalgorithm
with as few stages, state grids, and test controls as pesssirthg stagewise constant
controls or stagewise linear continuous controls. If thaeg an acceptable solution,
you can go home early that day because the solution is likdietfast and stable with
respect to initial conditions and model parameters.

If the solution using a low number of stages is not acceptabbause the perfor-
mance index is not good enough or because coarse stagdidettoa causes important
control features to be missed, the basic IDP algorithm withenstages should be tried,

possibly adding variable stage lengths.

8.1.1 General recommendations for all IDP problems

e Use as few stages as possible.

e Use as few test controls as possible. The minimum is two {pusvoptimal
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plus one test control), but sometimes a few more are needetldably get the
global optimal control. It is probably better to increaseygtive region size

history iterations than to use more test controls.

Use one state grid if possible. Most problems do not needipheiktate grids,

but a few can’t be solved without them.

Integrator tolerances have a major impact on computatieadggor IDP. Use

the largest integrator tolerances that still give goodItesu

If accurate control values are important, use stagewisgragus linear con-
trols, and try stagewise discontinuous linear controlsafé are several control

discontinuities.

If exact switching times are important for discontinuoustcols, use variable

stage lengths solved sequentially after controls.

Find a reasonable combination of adaptive control regicarpatersk, and
Ay through trial and error. Tri = 1.5 and watch the progression of an IDP

run to chooséy (see Section 4.5.2).

Recommendations for two-step IDP

Run the basic IDP algorithm with adaptive control regioresimtil the per-
formance index is sufficient (see Section 4.3). Use the numobgerations
required plus a few more as the number of iterations for tis¢ $iep of the

two-step procedure.

Use a small relative control damping (Section 5.1.5), theutated annealing
filter with a low initial temperature (Section 5.1.4), anggdipoint test controls

(Section 5.1.6).
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e Try different combinations of smoothing techniques froncti®m 5.1 if the

previous smoothing recommendation does not work.

8.2 IDP smoothing techniques

This section gives recommendations relating to the five shilog methods de-
scribed in Sections 5.1.3-5.1.7 and considers their stnerand weaknesses for use
during the second step of the two-step IDP method. Althoughyndlifferent combina-
tions of IDP and problem parameters were tested during tinitysthere were only two
problems used to draw these conclusions, so they shouldisédesed limited. Which
method works best will probably depend somewhat on the probl

The simulated annealing filter is worth trying on any probheith a moderate
initial temperature (0.1-1.0) and a small valueo@f since with these parameters the
filter will be inactive by the end of the run. In this study, tienulated annealing filter
with a low initial temperature was found to be somewhat usefen during step one
of the two-step procedure for the identification problem.

Control damping seems to be mainly useful in low amoufts & 10~°) to
smooth small or subtle control activity such as seen in Edut3. In larger amounts
it seems to do more harm than good.

For smooth problems, pivot point test controls may solveattteve control prob-
lem without the need for other methods, so pivot point tesitrads should be tried
first. All other smoothing methods were observed to harm thetion if their param-
eters were poorly chosen. There are still ways for pivot pigist controls to get hung
up, such as when two consecutive stages are too high balageatke following stage
that is too low. The simulated annealing filter with a low tesrgiure will break these
hang-ups and allow pivot point test controls to do the rest.

The results for the first-order filter presented in Sectiadh®may be slightly

misleading, although this was not intended. Under manyraibeditions for the Park-
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Ramirez optimal control problem, the first-order filter penhed much more poorly
than with the problem parameters chosen for the examplesapt€r 5. The first-order
filter often led to a poor performance index or rounded cdrgrofiles when strong
enough to sufficiently smooth the control profile. Howevethe simulated annealing
filter gives poor results, the first-order filter should bedrsince it works in a different
way.

Solo test controls were not always converge faster than

8.3 Recommendations for Webb-Ramirez identification

e There seems to be an optimal number of IDP stages for thisadetfioo
few stages will miss fast model dynamics and too many stagiésesult in
noisy training data. Use as few stages as possible to cajptyi@rtant state
dynamics. Use less than half as many control stages as statéf ¢possible.

Noise amplifies quickly as the ratio of stages to data pa%ses

¢ If states are dropping to very small values or running awagftoity, use state

limiting and limit punishment (Section 6.3).

e Use sensitivity data replication (Section 6.7.2) if themre parameter functions

that have sensitivity problems (such@m this study).

8.4 Conclusions

A new method for hybrid dynamic model identification was aoluced, where
parameter functions are treated as controls in an optinmdt@groblem. The method
was demonstrated on a simple bioreactor model with artifd@éa, and the neural
network parameter functions were able to capture the fanstused to produce the
artificial data. This new method can identify several kinflshodels the two current

hybrid model identification methods can not identify.
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The Webb-Ramirez hybrid identification technique is vergndading on the op-
timal control algorithm used with it, because it needs thetia) profile to be close to
the optimal control profile in addition to minimizing the p@mance index. Iterative
dynamic programming (IDP) was chosen to solve the optimatirobproblem because
it places no restrictions on the model, but in its originahiat was unsuitable because
of its tendency toward active controls for this kind of prerol.

The two-step IDP method of solving the optimal control pesblwas proposed
to address the active control problem. When used with a agbsitnoothing technique
during the second step, it was found to greatly increasdisalapeed for 25 stages or
more without increasing the likelihood of finding local nmma.

Five smoothing methods were evaluated for use with the tep+P method.
All five methods were useful for some of the cases for each ofgmblems studied,
but more research is needed to draw firm conclusions abou¢ldie/e merits of these

methods.



Chapter 9

Possible topics for future research

9.1 IDP for high-speed real-time control

IDP is generally considered to be a slow algorithm. Sevengrovements were
made in this study to improve the speed of IDP convergencaderwith general pur-
pose computers, but another interesting and useful apiplices implementation on
specialized hardware for embedded real-time control.

Low-cost digital signal processor (DSP) chips are optimhaeund the multiply-
add cycle, which is a perfect match for both feed-forwardraknetworks and sim-
ple integrators such as the Euler or Runga-Kutta integsatbrterestingly, the Euler
method can do a fairly good job of solving the Park-Ramiretznog@l control problem
even with very large step sizes, as shown in Figures 9.1 &nd 9.

A custom implementation of IDP for these chips would be extly fast by op-
timal control standards. With the speed improvements dsediin this work, real-time
solution on such a processor should be possible for a problentar to the Park-
Ramirez optimal control problem in well under one second.déxample, the 10 stages
case in Figure 9.1 with an Euler stepsize of 0.05 hr and 5@atiters requires 12,500
equivalent integrations (Equation 4.2) and thus #0° model evaluations. If a simple
model requires 10 multiply-add operations per model eveloathis requires approx-
imately 4x 10" operations per optimal control solution. Some modern DSBRiate

> 10° operations per second, meaning control could respond issabnd time. Al-
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though this kind of speed is certainly not necessary forphidlem, there are surely

many problems that could benefit from fast real-time optioeitrol.

9.2 Dealing with very noisy state data

The noise added to the artificial state data in the identiinattudy in Chapter
6 was relatively low, although large enough to be noticeablie figures. Industrial
data are often much noisier than that, but very high noissazhthe Webb-Ramirez
identification technique to return very poa(t) values in the first step of the method.

A simple way to deal with high noise, especially if the data @ery dense, is to
curve-fit the data and use the curve-fit to create data for thledARamirez method to
use. However, this is not feasible if there is little datadatate, and one of the reasons
to propose the Webb-Ramirez in the first place was to avoiduinee-fitting step used
in the derivative method (Section 6.1.1 on page 95).

Another potential technique to deal with the noise problsroiadd a damping
term to the optimal control performance index which punsstie state second deriva-
tives (Section 9.2.1). This was only moderately helpful wheying to identify the
hybrid Park-Ramirez model using Webb-Ramirez identifaatvith very noisy data
(results not shown). However, it was observed thawifie values returned when very
noisy state data were used were very noisy, but seeminglyandom way. If the noisy
V(t) returned from the first step of Webb-Ramirez identificatios@oisy but random,
the first step of the method could be repeated multiple timigls different starting
conditions or random number generator seeds and then aderi@gding to a greatly

improvedv(t) identification.
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Figure 9.1: Solutions to the Park-Ramirez optimal controbem using an Euler in-

tegrator (10 stages).
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Figure 9.2: Solutions to the Park-Ramirez optimal controbem using an Euler in-

tegrator (25 stages).
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9.21 State damping for noise reduction
9.2.1.1  Fixed state damping

State damping may be useful for the identification problenenviimited state
data are available. No matter what identification techniguesed some assumption
must be made about the domain between data points. For exaimhphly the data
points are considered important, Figure 9.3a is a bettetisalthan Figure 9.3b since
all data points are predicted by the model. However, it igitively expected that Figure

9.3a is a poor solution that has over-fit the data.

)

(b)

Figure 9.3: Example of identification problem overfitting) (vithout state damping,
(b) with state damping.

One way to choose an arbitrary smoothness between stabesid & punishment

term to the performance index. A possible state damping term

| : t d2.
UJXdth-Mqazm—);/Of %

at2
wheret; is the final timeMg is a typical or maximum value of the performance index

dt} (9.1)

used to normalize the termjs each ofl statesMy; is a typical or maximum value of
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statei, andBy, is an arbitrary damping factor. Higher valuesgf will lead to control
policies which cause smoother state profiles.

Like control damping, this technique changes the problerei\& suitable value
of state damping is found it should be checked by solving tieblpm with a slightly

different value of state damping factor to see if the solutibanges significantly.

9.2.1.2  Relative state damping

A problem with the state damping technique described in tBeipus section is
that because the damping tegmmq is added to the performance index, the effect of the
state damping factofdx. depend on the value of the performance index. The value of
the performance index can be very different even for difierans of the same model
if the amount of noise is different from run to run, so unlé&s is updated for each
new case, the damping will be inconsistent.

To deal with this problem relative state damping is used re/tiee fixed damping
factorsPy, are adjusted after each iteration so that the state damgimglty 4 is some
fraction of the performance index. The first-order adjustheguation is

atl _ na Bi Bxo - ® s

Where[3§‘<|_+1 is the value of3x for the next iteration[,’;g’}i is the value of3x, at the current
iteration,Txa is the first-order time constant (in iterations), @@ is the desired value
of Yxg as a fraction of performance ind@x This formula requires initial values for

all they and keeps the ratio between them fixed.

9.3 Approaching test control and state boundaries

A common theme in stochastic optimization is that more sasphould better
cover the problem domain. In the case of IDP, though, mote gtads, iterations and

test controls do not always increase the coverage of the astatontrol domain spaces



196

to the full possible domain. To see why, imagine the absus# cd a problem with
1000 IDP stages. With so many stages, the control will appeée approximately
constant at the expected value of the random variable usgehterate the random test
control values. One way to deal with this might be to give tedom variable used
to generate test controls a momentum in time. For examplegravalue at stage 10
would mean the value at stage 11 would be likely to be high ds weother way
to deal with this is to use a uniform permutation of test colst(Tassone and Luus,
1993). This method requires) 2- 1 test controls, wheré is the number of controls, so
it is only useful for smaller numbers of controls.

A more difficult problem is the problem of how to cover more bétpossible
state domain within the state bounds. The point of the stads goncept is to increase
coverage of the state domain, but even using many statewttiodls uniform permuta-
tion of test controls there is no guarantee that good coeesaghe state domain will
result. Because of this, IDP does not guarantee the alolitynt the global optimum
even if infinite state grids and test controls are used. Omssipihity to span the state
domain better would be to first solve the optimal control peabwith the objective of
finding state grids that span the state limits, then stattieghormal IDP solution from
that point. Finding the controls that span the state spaakddme a difficult optimal
control problem in itself.

Resolving these two problems would bring IDP closer to thal gbfinding the
global optimal control even for very difficult problems wheaofficient samples are
taken, while still maintaining IDP’s efficiency compared d@adirect solution of the

discrete control optimal control problem.
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Appendix A

Software

This appendix summarizes all the software used in the cdroplef this research
and dissertation. Much of the software used was originakwaut as Newton said, “If
| have seen a little further it is by standing on the shoul@éiGiants.” This is nearly
always true with software because of the huge foundatianghraquired for a system

such as this.

Al Philosophy

If nature has made any one thing less susceptible than aktoti ex-
clusive property, it is the action of the thinking power edllan idea,
which an individual may exclusively possess as long as hpsi¢o
himself; but the moment it is divulged, it forces itself iritee posses-
sion of every one, and the receiver cannot dispossess Hiaisellts
peculiar character, too, is that no one possesses the ézss)de every
other possesses the whole of it. He who receives an idea freynem
ceives instruction himself without lessening mine; as he Wights his
taper at mine, receives light without darkening me. Thaasdghould
freely spread from one to another over the globe, for the heord
mutual instruction of man, and improvement of his conditis@ems
to have been peculiarly and benevolently designed by nairen
she made them, like fire, expansible over all space, withessening
their density in any point, and like the air in which we bregtimove,
and have our physical being, incapable of confinement omusike
appropriation.

Thomas Jefferson; from a letter to Isaac McPherson, Monticio,
August 13, 1813
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The parallels between the evolution of science and the @walof software are
compelling. Both build knowledge incrementally. Both cshgrincipally of ideas and
not tangible goods. Once developed, the advances of bothecapread without cost.

It should seem odd to a scientist that the advances in onesétields are freely
shared while the advances in the other are hoarded and desppéke a prized brandy.
Some say that algorithms and methods should be shared ey their software
implementation should not because there is a fundamerftatatice between them,
but the difference is only a difference of degree, not a tiffiee in kind.

With this in mind, | only used software for this research whailows this Jef-
fersonian expansion of knowledge, and my original softvimreleaset! under such a
license as well. | also encourage other researchers teseetbair original works under
similar licenses so that the progress of software can advasquickly as the progress
of science. As science becomes more and more dependentwarsnfl believe it will

become clear that this is as much a practical necessity apeatideal.

A.2 Programming language and compiler tools

Web links are like leprechauns and they disappear as sooawapuyt them to
paper, so | will refer to all software by name only.

All original software was written in ISO 1999 standard C, ammmpiled and
linked using the GNU project’s gcc compiler toolchain, vens3.3.5. The compiler
toolchain is wrapped by the autotools toolchain which paesiplatform independence
for the build. The operating system for all work was the Dab@NU/Linux distri-
bution, and Vim was used for all text editing. The Subversiersion management
software was used to keep track of the many revisions of soéiyprotect against acci-
dental changes, and to revert to previous versions of thevad when ideas failed to

pan out.

L http://danielwebb.us/research
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A.3 IDP library

The IDP library implementatichwill probably be the most useful to others since
it is novel and | aimed for a professional level of quality.ig hbrary has only a few
dependencies, all written in C and included. The use of thiaty is very simple and

requires only four basic things:
(1) A user function that returns the performance index gihenstate values.
(2) A user function that returns the state initial values.
(3) A user function that returns the state derivatives giberstate values.
(4) A mainfunctionwhich sets all the needed IDP settingsaaild the IDP solver.

Notice that this is for non-stiff ODE models, for which a cust Runga-Kutta
4/5 integrator was written. The public-domain integrataskf is also included with
the package but has not been as well-tested as the Runga®DfE integrator. Daskr
can integrate stiff ODE models and DAE models using an intptiethod.

An example program (test.c) is included with the library &rbnstrate the op-
timal control solution of the Park-Ramirez bioreactor madeabout 200 lines of C

code.

A4 Model framework library

The “model” library is a relatively large library written toanage the IDP solu-
tion of so many different combinations of IDP parameterss Bssentially a wrapper
to load and save data, choose IDP settings, and impleme¥iebb-Ramirez identifi-
cation method. For the studies in this dissertation, theehlilorary was called at the

command line by a bash script which organized the runs byfieu the 50 stage case

2 http://danielwebb.us/research/idp
3 written by Linda R. Petzold, Peter N. Brown, Alan C. Hindntarand Clement W. Ulrich.
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of the pivot point test controls study or the 10 stage casewdf)ddentification study).
This bash script, model binaries, and data files were finagspd to remote computers
for execution so that multiple computers could be used. iAllgations shown or men-
tioned in this study would require approximately one wedkgifour 2Ghz computers
if run consecutively.

The Webb-Ramirez identification method requires a trickglamentation to ac-
complish the measurementBf(measured vs. predicted states in Equation 6.8 on page
99). The error before the IDP stage under considerationesl filgut the error after the
IDP stage under consideration changes with each new tesbtdror this reason, the
IDP library passes the stage integration back to the maolelrly so that it can handle

the calculation oE correctly without needlessly complicating the IDP library

A5 Dissertation software tools

All typesetting was accomplished with thEEX typesetting system, which is a
set of macros originally developed by Leslie Lamport to difjuse of the EX type-
setting system by Donald Knuth. Many extension packages wsed, including the
amsmath package for mathematics, the pslatex package fwowed Postscript sup-
port, the natbib package for enhanced bibliography supaond the algorithm package
for the algorithm figures. The latex-beamer package was tse@nerate the PDF
computer slide presentation for defense of this dissertatiThis ETEX source code
was edited using théTgX plugin for Vim, and was compiled using the Web2C imple-
mentation of ATEX and TEX.

All figures were generated using the gnuplot plotting sofev®ata was loaded
dynamically by gnuplot from the model library data files, ajruiplot command files
were preprocessed with the m4 text preprocessor to makartpeeumber of figures in

this dissertation manageable. Animatibnsere generated by combining a sequence

4 http://danielwebb.us/research/idp
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of gnuplot-generated fixed plots with the ffmpeg mpeg4 videcoder.



Appendix B

Completev(t) identification results for one case

Only the first run from the eight runs oft) identification results were shown in
the main text. This appendix presents the remaining seven(figures B.1 — B.7) for

the case with 50 IDP stagesP% data and 1% data noise from Section 6.8.4.
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Figure B.1: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 2 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q? from Figure 6.1 (page 105) was used to generate the arti§igigé data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.



209

1073 Py = 110<10 2 3.0
, 1077 20 .4
o()?105 X({)
10°°F 400 teratons 900 | L0
\ er?lons ) 0.0
0.3
1 s

ONPRO ONMOD

O N
leYoYe)

=
=
SN—
o oo
oORr N
[
f
Hllllllllﬂlx%}llll
[ —
9
[y

Vloooco oooo

0 5 10 5 10
Time (hr) Time (hr)

Figure B.2: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 3 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q® from Figure 6.1 (page 105) was used to generate the arti§izigé data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure B.3: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 4 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q* from Figure 6.1 (page 105) was used to generate the arti§izite data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure B.4: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 5 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

g® from Figure 6.1 (page 105) was used to generate the arti§izite data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure B.5: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 6 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q® from Figure 6.1 (page 105) was used to generate the arti§iié data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.
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Figure B.6: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 7 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q’ from Figure 6.1 (page 105) was used to generate the arti§izite data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.



214

1073 ®final = 5.49x 109 3.0
21cr4 420 _ g4
¢(%) 1075 — ol 1l I N T | X(E>
10*6_ . Ill"rllﬂ'—'rllllllllll 1_0
30p Itergtlons QOO — 0.0
0.3F
ui) o.2f 100 g9
0.1} I 410t
0.0 e -2
- /40.8
() 02 ’ /198 A
0.1 MJM\A 1 = ~40.2
0.0 Pkt 0.0
3.0F ~0.6 p (9
o) 2ok Jo.4 M(D)
10k | A ~0.2
0.0 = & ' 0.0
0O 5 10 0 5 10 15

Time (hr) Time (hr)

Figure B.7: Webb-Ramirez identification of the hybrid P&&mirez bioreactor model
parameter functiong(t), fp(t), andg(t) from artificial dataX, S, Pr, andPy using two-
step IDP for data run 8 witB0 stages The data generation and IDP parameters used
are in Tables 6.1 (page 107) and 6.2 (page 111) Wk data andoy = 0.01 Control

q? from Figure 6.1 (page 105) was used to generate the arti§iié data for the run in
this figure, which are represented by theymbol. Only every fifthX, S, andPy datum

is shown for for clarity. Dashed lines are the parametertion@and state values during
the artificial data generation, and solid lines are the ifledtparameter function values
and their corresponding states. Thelot shows the performance index vs. iterations
and the final performance index. Iterations for steps onetandf two-step IDP are
each counted from 1 which causes the discontinuity irdthpot.



