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(ABSTRACT)

This dissertation introduces the fundamental principles and practical aspects of neural
networks, focusing on their applications in bioprocessing and chemical engineering. This
study introduces neural networks and provides an overview of their structures, strengths,
and limitations, together with a survey of their potential and commercial applications
(Chapter 1). In addition to covering both the fundamental and practical aspects of neural
computing (Chapter 2), this dissertation demonstrates, by numerous illustrative examples,
practice problems, and detailed case studies, how to develop, train and apply neural
networks in bioprocessing and chemical engineering. This study includes the neural
network applications of interest to the biotechnologists and chemical engineers in four
main groups: (1) fault classification and feature categorization (Chapter 3); (2) prediction
and optimization (Chapter 4); (3) process forecasting, modeling, and control of
time-dependent systems (Chapter 5); and (4) preliminary design of complex processes

using a hybrid combination of expert systems and neural networks (Chapter 6).



This dissertation is also unique in that it includes the following ten detailed case

studies of neural network applications in bioprocessing and chemical engineering:

* Process fault-diagnosis of a chemical reactor.

¢ Leonard-Kramer fault-classification problem.

* Process fault-diagnosis for an unsteady-state continuous stirred-tank reactor
system.

e Classification of protein secondary-structure categories.

e Quantitative prediction and regression analysis of complex chemical kinetics.

e Software-based sensors for quantitative predictions of product compositions
from fluorescent spectra in bioprocessing.

¢ Quality control and optimization of an autoclave curing process for
manufacturing composite materials.

e Predictive modeling of an experimental batch fermentation process.

» Supervisory control of the Tennessee Eastman plantwide control problem

e Predictive modeling and optimal design of extractive bioseparation in aqueous
two-phase systems

This dissertation also includes a glossary, which explains the terminology used in neural

network applications in science and engineering.
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and measurement dynamics, according to equation 5.15.

Figure 5.50. An illustration of a simple signal filter called a low-pass filter (Ogunnaike
and Ray, 1994).

Figure 5.51. An illustration of the four basic elements of a model-predictive control
scheme: (1) reference-trajectory specification - setpoint y4(t); (2) process-output
prediction - predicted output y (t); (3) process-output prediction - predicted output y,(1);
(4) error-prediction update - output error g(t) = | y,(t) - y,(t) | (Ogunnaike and Ray, 1994).

Figure 5.52. A model-predictive control scheme based on a neural forward process
model and a process optimizer for the neutralization operation (Donat et al., 1991).

Figure 5.53a-b. An illustration of the components of NeuCOP, the Neural Control and
Optimization Package: (a) NeuCOP Modeler and Optimizer; and (b) NeuCOP Controller
(NeuralWare, 1994).

Figure 5.54. The desired cell-growth profile of the fermentation, along with the actual
cell concentrations c(t) at time 0,.., t, and the predicted cell concentrations c,,(t) at time
t+1,.., t+4.

Figure 5.55. The standard form of the membership function used for the three variables

(Ac(t), Ac,,(t+4), and AT) which are divided into five membership groups: NL - negative
large, NM - negative middle, ZE - zero, PM - positive middle, and PL - positive large.
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Figure 5.56. The architecture of a neural-fuzzy network for controlling the cell-growth
profile in a batch fermentation process.

Figure 5.57. The architecture of the neural-fuzzy controller (Shi and Shimizu, 1992a).
[ETOH] - ethanol concentration and DO - dissolved oxygen content.

Figure 5.58. The representation of the ethanol concentration and dissolved oxygen
content in a temporal map format.

Figure 5.59. A graphical representation of the membership functions for dissolved
oxygen content, ethanol concentration, and AF(t). S - small, M - medium, B- big, NB -
negative big, NS - negative small, ZE - zero, PS - positive small, PM - positive medium,
and PB - positive big.

Figure 5.60. A typical structure of a four-layer fuzzy network (Ye et al. , 1994) that has
two normalized input variables, x, and x,.

Figure 5.61. A common representation of the Gaussian membership function stored in
hidden layer 1 of a fuzzy network.

Figure 5.62. Fuzzy network structure for controlling the glucose flowrate from
measured pH and specific growth rate.

Figure 5.P1. (a) pure signal (file: noise.nna) used in training the data-compression
network; (b) £0.1 noise added (file: noisea.nna);, and (c) £0.15 noise added (file:

noiseb.nna); (d) £0.2 noise added (file: noisec.nna).

Figure 5.P2. The smoothed concentration-time data (file: oilshl.nna) for pyrolysis of oil
shale, used to train the recurrent network. (e) - bitumen () - oil.

Figure 5.P3. Topology of the Adaptive Heuristic Critic (AHC). Reprinted with
permission from IEEE Trans. on Systems, Man, and Cybernetics, SMC-13, "Neuron-Like
Adaptive Elements That Can Solve Difficult Learning Control Problems," Barto, A., R.
Sutton, and C. W. Anderson, copyright 1983, IEEE.

Figure 5.P4. On-off control of temperature in a tank.

Figure 6.1. Left-brain versus right-brain processing (adapted with permission from
Expert System Strategy. Newsletters, Vol. 3, No. 2, 1987 Harman Associates).

Figure 6.2. The structure of an expert system.

xxiii



Figure 6.3. Knowledge in expert systems.
Figure 6.4. An illustration of an expert network.

Figure 6.5. An aqueous two-phase system (ATPS) involving polyethylene glycol (PEG)
and Dextran (Clark, 1989).

Figure 6.6. Dilute and semidilute solutions.
Figure 6.7. The liquid-lattice model used for the derivation of the Flory-Huggins model.

Figure 6.8. A comparison of theoretical thermodynamic models based on interaction
parameters to a neural network model for the prediction of partition coefficients.

Figure 6.9. A learning curve for the neural network model.

Figure 6.10. A comparison of partition coefficients for five proteins as a function of
tie-line length (Forciniti, 1991).

Figure 6.11. A phase diagram for the PEG/Dextran ATPS with the tie-line length
represented as the dashed line between the Dextran-rich phase (bottom) and the PEG-rich
phase (top).

Figure 6.12. The hydrophobicity distribution for chymotrypsinogen-A and lysozyme.

Figure 6.13. An expert-system approach to predictive modeling and optimal design of
extractive bioseparations.

Figure 6.14. The protein-partitioning network.

Figure 6.15. The polymer-solution network.

Figure 6.16. The training of the polymer-solution network for ADextran.

Figures 6.17. Scatter plots of predictions by the polymer-solution network:

(®) generalization (O) training results. Data Sources : Albertsson (1986), Diamond
(1990), and Forciniti (1991).

Figure 6.18a-c. The comparison of experimental phase diagrams with neural network

predictions : (®) predicted , () experimental. Data sources : (a) Forciniti (1991); (b)
Albertsson (1986); and (¢) Diamond (1990).
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Figure 6.19. Kidera's statistical approach to identifying characteristic properties and
characteristic factors for twenty naturally occurring amino acids (adopted from Kidera et
al., 1985a).

Figure 6.20. The protein-property network.
Figure 6.21. The training of the protein-property network for % a-helix.

Figure 6.22. Scatter plots for secondary protein-structure predictions from the
protein-property network.

Figure 6.23. The training of protein-partitioning network at standard conditions, InKj.

Figure 6.24. The training of protein-partitioning network for deviations from the
isoelectric point, InK ;.

Figure 6.25. Illustrative predictions of protein-partitioning coefficients for polymer
solutions at standard conditions, In K, , and for variations from the isoelectric point,
InK_i: (®) generalization (O) training results. Data from Forciniti (1991).

Figure 6.26. Response-surface modeling structure for determining optimal operating
conditions of extractive bioseparations in ATPS of PEG and Dextran.

Figure 6.27. An illustration of PEG and Dextran concentration limits.

Figure 6.28. The possible component splits for the four-protein case study of
chymotrypsinogen-A, lysozyme, bovine serum albumin, and catalase. K > 1 partitions to
top-phase or PEG-rich phase and K < 1 partitions to bottom or Dextran-rich phase.

Figure 6.29. The response-surface plots generated from the bioseparation optimizer for
split 1 of Figure 6.31.

Figure 6.30. The response-surface plots generated from the bioseparation optimizer for
split 2 of Figure 6.31.

Figure 6.31. The overall protein-partitioning flowsheet.

Figure 6.32. The experimental and predicted response-surface profiles of constant
partition coefficients for protein partitioning in ATPS of PEG and Dextran of various
molecular weights at the isoelectric point. Dashed curves represent experimental values
by Forciniti (1991) and solid curves are predicted values by the protein-partitioning
network.
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Figure 6.33a-d. The response-surface plots of selectivity values for partitioning of
protein mixtures in ATPS of PEG and Dextran of various molecular weights at increasing
pH values. Note the region of optimal operating conditions with highest selectivity

values in (d).
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