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Foreword 

The Department of Energy, in cooperation with the EEE Neural Networks Council, 
Naval Research Laboratory, Electric Power Research Institute, and U. S. Bureau of Mines, 
sponsored the Adaptive Control Systems Technology Symposium in Pittsburgh, Pennsylvania 
from October 24 to 24,1994. 

The theme of the Symposium was High-Tech Controls for Energy and Environment. 
This extraordinary gathering was designed to bring together individuals from the control 
systems and computational intelligence communities to focus attention on potential benefits to 
be derived from the application of adaptive controls to energy and environmental systems. 
Leading authorities from industry, academic, and government institutions presented tutorial 
overviews on each of three computational intelligence paradigms - viz., neural networks, 
fuzzy logic, genetic algorithms - identified useful hybrid forms, and introduced intelligent 
and adaptive control systems concepts and applications. There were also papers presented 
that focussed on specific applications of intelligent control and adaptive control in energy and 
environmental control systems. We did not referee or edit the manuscripts. 

At the conclusion of the Symposium, the invited speakers were asked to furnish their 
papers and/or additional manuscripts for publication in these Proceedings. This has resulted 
in the creation of both a primer on computational intelligence and a collection of papers that 
serve to illustrate the potential for its application in adaptive control system. This document 
is expected to be useful to scientists, engineers, and technical managers who are not familiar 
with the technology or with energy and environmental control applications, and also to 
students interested in computational intelligence and/or adaptive control systems. 
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Computational Intelligence and Adaptive Control Systems 

SAMUEL J. BIONDO 

OFFICE OF SPECIAL TECHNOLOGIES (FE-73) 
U.S. DEPARTMENT OF ENERGY, WASHINGTON, DC 20545 

phone: (301)903-5910, FAX: (301)903-2713, email: samuel.biondo@hq.doe.gov 

Abstract: This paper presents a brief overview of the Adaptive Control Systems Technology 
Symposium and a guide to the documents contained in these Proceedings. Included in this volume are 
papers prepared for the Proceedings, copies of the presentation materials used by some of the speakers, 
and reprints of related articles that were contributed by the speakers. This paper also highlights 
information presented at the Symposium that is not contained in the presentation materials or- reprints. 

Computational intelligence is a term first 
defined by James C. Bezdek [l] in an 
attempt to characterize the notions of 
computational, artificial, and biological 
intelligence. In [l] and at this Symposium, 
Bezdek illustrated how these three descri- 
ptors correspond to different levels of system 
complexity by handing to someone with 
closed eyes (presumably possessing biologi- 
cal intelligence or deep knowledge) an apple 
and asking that person to identify the object 
in their hand. A computer with artificial 
intelligence would utilize a shallow knowl- 
edge base containing pieces of relevant 
information, or "knowledge tidbits" to 
identify the apple. In contrast, strictly 
computational systems would only rely on 
numerical data supplied by manufactured 
sensors, and would not utilize any shallow 
knowledge embedded in a computer pro- 
gram. These concepts are discussed in detail 
in Bezdek's paper What is Computational 
Intelligence? which has been reprinted in 
this volume. 

The fields of Artificial Intelligence (AI) and 
Computational Intelligence (CI) share similar 
goals, and the boundaries between AI and CI 
are not distinct. However, CI has recently 

emerged as a separate discipline [2]. In [2], 
Marks lists as the building blocks of CI 
neural networks, genetic algorithms, fuzzy 
systems, evolutionary programming, and 
artificial life. Although AI is commonly 
associated with expert systems, its most 
mature and resilient product, there is a lot of 
interest and activity in hybrid concepts such 
as expert neural networks, fuzzy expert 
systems, and even hybrid AI systems with 
genetic algorithm components [3]. 

The expression adaptive control system has 
been used since the late 1950s to define the 
ability of a controller to adjust its parameters 
to process statics and dynamics, but there is 
no generally accepted defrntion of this term 
[4]. In this volume, an adaptive control 
system is a system capable of automatically 
adjusting (adapting) itself to meet a desired 
output despite changing control objectives 
and process conditions or modeled 
uncertainties in process dynamics. There are 
potentially many ways to realize adaptive 
control. However, here automatic adaptation 
is achieved through the use of CI building 
blocks, viz., neural networks, fuzzy logic, 
evolutionary algorithms, and hybrid fuzzy 
systems utilizing neural networks or evolu- 

mailto:samuel.biondo@hq.doe.gov
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tionary algorithms. eliminate dead time in process control. 

In Foundations of Neural Networks, Patrick 
K. Simpson provides a primer on neural 
networks, and a comparison with similar 
nonneural information processing methods. - 
At the Symposium, Simpson discussed 
trends in neural network design and analysis, 
and identified future challenges. He also 
provided his views of future challenges for 
fuzzy logic and evolutionary computation, 
gave examples of CI hybrids, and identified 
the types of neurocontrol applications found 
in IEEE literature, viz., electric motor, 
processes (e.g., chemical), robotics, struc- 
tural, vehicular, and voltage controls. 

Thomas McAvoy presented hybrid applica- 
tions of neural networks and statistical 
methods in a discussion of the integration 
of neural networks and statistics to improve 
process control. His presentation began with 
a brief perspective on why the chemical 
industry is interested in neural networks - 
there is a need for a cost effective, general 
purpose modeling tool that sits a level above 
individual plants, and such a tool can 
contribute significantly to the profitability 
of an enterprise. The remainder of his 
presentation focused on integrating neural 
nets and statistical concepts, in particular on 
multivariate statistical process control, an 
emerging technology that is being applied by 
some leading companies. 

McAvoy noted that several companies, 
including for example Texaco and Texas 
Eastman, have fielded applications utilizing 
neural networks. Notable examples include 
model predictive control of an acid plant and 
soft sensing. He indicated that soft sensing 
application has probably been the most 
profitable application. The aim of soft 
sensing is to find inferential variables in a 
process that can correlate with some objec- 
tive function like process quality, so as to 

McAvoy suggested that rather than touting 
neural networks as stand alone devices, they 
should be applied in a manner that draws on 
results that are already available. These 
results could come from statistics, identifi- 
cation (in dynamic modeling), first principles 
modeling, or elsewhere. McAvoy provided 
a conceptual example where the neural 
network is not trained to do the entire job. 
In this example, the input is put through a 
quickly assembled first principles model to 
obtain its prediction and that result is 
compared to the data. The neural network is 
then used to learn how to bias the first 
principles model. McAvoy reported that this 
concept has been successfully employed 
for cold rolling steel. 

McAvoy provided a brief overview of topics 
that he and others have been pursuing at the 
University of Maryland. The current focus 
of these efforts is in the area of nonlinear 
statistical process controls, and there are two 
emerging approaches, viz., partial least 
squares and principal components analysis. 
In partial least squares, one begins with a 
set of variables x and tries to predict y. Soft 
sensing is an example of this approach. 
Only the x variables are available in the 
case of principal components. Hence, this 
corresponds to autoassociative neural 
networks. Some impressive results have 
been achieved in recent applications, includ- 
ing building steady state models, fault 
detection work, sensor validation, and soft 
sensing. 

This volume includes copies of McAvoy's 
papers on each of these approaches: 
Nonlinear PLS Modeling Using Neural 
Networks and Nonlinear Principal Compo- 
nents Analysis - Based on Principal Curves 
and Neural Networks. Neural networks are 
used to capture the nonlinearity while 
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retaining the PLS projection to attain robust 
generalization, thus exploiting the strengths 
and overcoming the limitations of each 
technique. Similarly, neural nets are used to 
model nonlinear principal scores generated 

by the principal curve algorithm resulting in 
a nonlinear PCA model. 

Lotfi Zadeh's Soft Computing and Fuzzy 
Logic contains the key elements of his 
presentation. It includes an introduction to 
the concept of soft computing, a primer on 
fuzzy logic concepts and an introduction to 
neurofuzzy systems. This paper also 
contains an illustration of the intriguing fuz- 
zy ball and beam problem that Zadeh 
presented at the Symposium. Zadeh's 
presentation contrasted conventional AI with 
soft computing (a "consortium" of three CI 
building blocks) and suggested the revision 
of AI'S goal from its focus on creating 
machines capable 'of performing tasks 
normally requiring humans to the design of 
systems with high machine IQs in order to 
permit the solutcon of difficult real world 
problems. He stressed the complementary 
nature of the CI building blocks and the 
need for hybrid systems to provide necessary 
capabilities that the individual components 
do not possess. Zadeh also underscored the 
unique attributes of fuzzy logic, the need for 
standardization in expressions for fuzzy 
rules, and he provided several examples of 
important commercial applications of fuzzy 
control systems, which have been success- 
fully deployed despite the reluctance of the 
traditional control systems research commu- 
nity to adopt task oriented controls. 

Pier0 Bonissone demonstrated how fuzzy 
logic control can drastically reduced the 
development time and deployment costs for 
the synthesis of nonlinear controllers for 
dynamic systems. Detailed treatment of 
Bonissone's presentation is provided in Fuzzy 
Logic Controllers: from Development to 

Deployment and Industrial Applications of 
Fuzzy Logic at General Electric. The 
Symposium presentation began with a 
technology review that included an introd- 
uction to fuzzy sets and fue logic, and a 
knowledge based systems view of fuzzy 
logic control. He described fuzzy logic 
Controllers as nonlinear control surfaces 
that generalize the concept of sliding mode 
controllers. The control surface of a fuzzy 
logic controller was defined as a high level 
language that can be interpreted during 
development for validation and refinement 
and compiled prior to deployment. 

Bonissone provided a comparison framework 
for fuzzy logic applications defined by their 
development and deployment cost and their 
required performance, and constrained by 
throughput requirements. He discussed the 
development and deployment of four of the 
five applications presented in Industrial 
Applications of Fuzzy Logic at General 
Electric, viz., dishwasher control, resonant 
converter control for power supplies, steam 
turbine startup-moving horizon optimization, 
and aircraft engine control. Using these 
examples with various complexity and costs, 
Bonissone demonstrated the use of a fuzzy 
logic controller in low to high throughput 
applications, showed how synergy can 
result from combining fuzzy logic with 
conventional techniques, and illustrated the 
role of fuzzy logic in developing supervisory 
controllers and in maintaining explicit 
tradeoff criteria used to manage multiple 
control strategies. 

Bonissone concluded his presentation with a 
brief discussion of research trends including 
automatic fine tuning and rule extraction 
using other CI building blocks, hybrid 
systems, and specialized fuzzy hardware. 

A. Martin Wildberger provided an overview 
of the Electric Power Research Institute's 
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(EPRI) exploratory research projects in 
intelligent and adaptive control systems. In 
Overview of Exploratory Research in 
Adaptive Control Systems at the Electric 
Power Research Institute, Wildberger 
discusses projects jointly funded with the 
National Science Foundation (NSF) and 
several other EPRI projects. Most of the 
(NSF/EPRI) intelligent control systems 
projects utilize CI components or hybrids 
thereof. Several other EPRI projects that 
also rely on CI (including artificial life) are 
profiled including the steam turbine startup- 
moving horizon optimization project dis- 
cussed by Bonissone and a project directed 
by Roger L. King, that appears later in these 
proceedings. Wildberger concludes with the 
observation that additional research is 
needed to put the design of adaptive control 
systems on a f m  footing, comparable to 
the design of linear feedback controllers. He 
addresses the related issues of verification 
and validation in another paper presented at 
this symposium, 

In EPA'S Adaptive Controls System Research 
Program for Pollution Prevention and Clean 
Technologies, Ronald J. Spiegel provides an 
overview of ongoing research in fuzzy logic 
based controls at the U.S. Environmental 
Protection Agency. This research is focused 
on electric motors, wind turbines, and 
combustion technologies, where conventional 
techniques cannot be easily applied to 
control these systems. Spiegel demonstrates 
that the application of fuzzy logic based 
controls in AC induction motors and wind 
turbine generators contributes to pollution 
prevention through enhanced efficiency of 
operation. He also shows how fuzzy logic 
based controls can be used to reduce 
emissions from rotary kiln incinerators and 
small boilers. At the Symposium, Spiegel 
concluded his presentation with a brief 
discussion of future applications in the areas 
of advanced controls for HVAC systems, 

refrigeration, and electric vehicles. 

This volume includes an earlier but more 
detailed version of the viewgraphs for 
Kenneth De Jong's presentation, Genetic 
Algorithms: A Gentle Introduction. De Jong 
introduced genetic algorithms in the broader 
context of evolutionary computation and 
briefly discussed the two other approaches, 
evolutionary programming and evolutionss- 
trategie. Genetic algorithms, the largest and 
most active area was the focus of the 
discussion. De Jong views genetic algo- 
rithms as search techniques that complement 
the other CI paradigms. He identified key 
operators, presented the genetic algorithm in 
its simplest form, and provided a simple 
example of optimizing the surfacef(x) = 2 
over the interval [0,4]. A more complicated 
example, viz., a three dimensional surface 
containing five randomly placed peaks with 
similar heights, was presented at the Symp- 
osium to illustrate the power of the genetic 
algorithm to rapidly search multimodal 
surfaces with e.g., noise, discontinuities, and 
local minima; however, De Jong emphasized 
that the genetic algorithm is clearly a 
heuristic. But it is a robust heuristic and the 
robustness of this approach has led to the 
solution of a wide variety of problems that 
are listed in the presentation. Typical 
applications include off-line, or static search 
processes, as for example the solution of 
design problems that are frozen and then 
fielded, but there are also a growing number 
of on-line applications. De Jong provided 
several examples. The simplest type is 
parameter optimization and pertinent exam- 
ples include tuning the membership func- 
tions in fuzzy logic rules, adjusting the 
weights in neural networks, particularly 
recurrent networks, and adjusting the thres- 
holds in expert systems. These can be 
implemented on-line or off-line. A more 
complicated class of examples involves the 
evolution of structures, e.g., designing the 
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structure of neural networks. Here the 
issues include how to represent and manip 
ulate the objects. Still more sophisticated 
approaches include the evolution of control 
programs - evolving complicated objects to 
control complicated systems - once again 
presenting the issues of representation and 
operations. Examples of three different ways 
to evolving rule based systems include 
ordinary production rules, fuzzy logic rules, 
and classifier rules. 

Other approaches to evolving programs are 
included in genetic programming, a rapidly 
growing area that includes evolving Lisp 
programs to perform specific tasks or 
evolving complex objects with complex 
behaviors like recurrent neural networks. 

In summary, De Jong views genetic algo- 
rithms as particularly effective search 
techniques for hilly, noisy, discontinuous, 
time-varying, non-numeric spaces that 
provide opportunities for use in adaptive 
controls systems for tuning parameters, 
making changes in more complicated 
structures, and evolving or adapting control 
programs over time. Successful examples of 
each type have been developed in both 
laboratory and fielded applications. 

To address possible concerns regarding 
reliability or stability, De Jong provides 
examples of the formal analysis underlying 
the development of genetic algorithms 
including Holland's schema theorems, 
Bethke's discrete Walsh transforms, Goldb- 
erg's work on deceptive problems, Vose's 
Markov chain analysis, and (PAC) probably 
approximately correct learning analysis by 
Ros. 

De Jong concluded his presentation by 
underscoring the complementary nature of 
hybrid CI systems components and the 
potential value of genetic algorithms for 

adaptive control systems. A list of selected 
references is provided at the end of the 
presentation materials. 

Much of the details of John Grefenstette's 
presentation is contained in two articles 
reprinted in this document: Genetic Algo- 
rithms and Test and Evaluation by Genetic 
Algorithms. Grefenstette began his presenta- 
tion by showing that as the costs of human 
efforts increase and machine costs decrease, 
opportunities are created for applying genetic 
algorithms in both hard and soil computing. 
He reviewed the basic paradigm for a 
genetic algorithm, identified the requirements 
for using genetic algorithms, cautioned 
against their use where conventional 
methods are more appropriate, and proposed 
the use of an appropriate mix of human and 
machine sources of knowledge. Four control 
systems application areas were identified, 
viz., setting control parameters (e.g. weights 
in neural networks), determining schedules 
or network topologies, learning rules - hard 
or fuzzy, and testing and evaluating control 
systems. The last two areas were discussed 
in detail and are summarized below. 

The object of rule learning genetic algo- 
rithms is to fiid better rules. A recombin- 
ation operator can be used to exchange rules 
between parents or a mutation operator can 
be used to change individual rules. Each 
chromosome can contain a single rule or a 
complete rule set as in the case of Strategy 
- Acquisition Method using Evolutionary 
- Learning (SAMUEL). Grefenstette's S A M -  
UEL is used to learns control rules for 
autonomous underwater vehicles, mobile 
robots, and agents in intelligent training 
simulators. SAMUEL is comprised of 
problem specific sensors, control variables, 
a critic, and a rule based system that finds 
matching rules, performs conflict resolution, 
and a credit assignment scheme. Rules are 
put into the system, run through a simulator 
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for various episodes to measure their overall 
fitness, and the results are provided to the 
genetic algorithm that utilizes recombination 
and a set of elaborate mutation operators. 

Genetic algorithms are being used for test 
and evaluation to determine a controller's 
robustness. They can be used to find the 
minimal set of faults that produce degraded 
performance and the maximal set of faults 
that can be tolerated. A set of simulated 
fault scenarios is applied to a controller, and 
a genetic algorithm searches for significant 
combinations of faults. Grefenstette applied 
this approach to an autonomous controller, 
the AutoAce automated pilot which was 
designed Rodney BrooKs subsumption-based 
architecture (an &icial life component of 
the CI toolbox). This experiment is de- 
scribed in Test and Evaluation by Genetic 
Algorithms. The genetic algorithm did not 
provide a quantitative proof of the controller 
but it did help to improve the controller. 

Grefenstette also discussed the use of a 
genetic algorithm to test the rules of an 
expert system used to control a power plant. 
In this case, input is provided to a plant 
model, the expert system diagnoses the 
current condition of the plant and makes 
recommendations, and a critic evaluates the 
the recommendations and tells how well the 
expert system responded for the given set of 
inputs. The critic's evaluation is used as 
input to the genetic algorithm which searc- 
hes for inputs that make the system fail. In 
this report of work in progress, Grefenstette 
noted that the major problem was the lack of 
a good simulator for the power plant. A 
neural network model was developed in the 
absence of an acceptable conventional 
simulator; however, this model was also 
viewed as questionable. The issues raised in 
this project include: 1) the genetic algorithm 
might need to be constrained from creating 
unrealistic inputs; 2) the problem with the 

fidelity of the plant model mustebe resolved 
to pass muster on real world applications - 
e.g., the DOD has a fly before you buy 
policy; and 3) this investigation does not 
seek opportunities for improving the expert 
system (and thereby improving plant 
performance). 

Grefenstette concluded by noting that 
evolutionary algorithms have a wide range 
of applicability and a lot of potential for 
control systems applications and he ended 
his presentation with two humorous anec- 
dotes that show how these opportunistic 
algorithms might provide unanticipated 
results. 

David Goldberg presented a tutorial on 
theory of genetic algorithms utilizing 
historical perspectives of analogous methods 
employed by the inventors of powered flight 
and boundary layer theory. At the Sympo- 
sium, Goldberg also responded to issues 
raised by previous speakers, viz.: concerning 
the need for rapid evolution - some in- 
stances of rapid evolution do exist; the 
contributions that genetic algorithms can 
make to problem solving - people are 
beginning to understand what genetic 
algorithms are good for, at least in function 
optimization, and that can be carried over to 
the other paradigms of rule learning and 
Koza's genetic programming; the need for 
fundamental theory - an integrated theory of 
operation has recently emerged that is predi- 
ctive and allows the proper design of the 
algorithms so that they scale up and are 
useful for problem solving; and the extent to 
which genetic algorithms are heuristics - 
they can go beyond heuristics, hence they 
may be more than heuristics. 

Goldberg's presentation follows First Flights 
at Genetic-Algorithm Kitty Hawk, wherein he 
reviews the patchquilt modeling approach 
that the Wright brothers used to invent 
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powered airplanes and argues that the same 
methodology is the surest way to success in 
the analysis and design of effective genetic 
algorithms. He also demonstrates how 
design decomposition and rough modeling 
is leading to an understanding of the limits 
of simple genetic algorithm behavior and to 
the design of nontraditional genetic algo- 
rithms (e.g., fast messy genetic algorithms) 
capable of solving difficult problems quickly 
and reliably. 

Goldberg concluded his presentation by 
suggesting that the less exact, softer analysis 
approach utilizing decomposition and rough 
modeling might serve as a companion to 
Zadeh's concept of soft computation that 
exploits tolerance for imprecision and 
uncertainty. 

Charles Karis presentation was focused on 
a work in progress, the development of an 
adaptive process controller for a column 
flotation unit, which is described in detail in 
Strategy for Adaptive Process Control for a 
Column Flotation Unit. Three of the CI 
building block are used in this project: a 
neural network simulator, a fuzzy logic 
controller, and a genetic algorithm to design 
the controller and adapt the controller by 
altering its membership functions on-line. 
Karr also described other applications of 
hybrid fuzzy logic/genetic algorithm systems 
used for the adaptive control of a cart and 
pole system where the mass of the cart 
undergoes harsh step changes, and control- 
ling the pH of a system subject to environ- 
mental changes. These examples under- 
scored the capability of hybrid CI systems to 
create powerful, efficient, and robust 
adaptive control systems with very small 
rule bases. Km concluded his presentation 
with a status report on a project aimed at 
developing intelligent adaptive controllers 
for helicopters. This work is a collaborative 
effort of the U.S. Bureau of Mines and the 

National Aeronautical and Space Administ- 
ration. 

A. Martin Wildberger presented a thought 
provoking discussion of the theoretical and 
practical problems in attempting to assure 
the stability, robustness, and completeness of 
an adaptive control system. Wildberger 
noted that provably correct and automatable 
design techniques that provide absolute 
assurances generally do not yet exist for 
adaptive control systems. He identified 
some specific problems in verifying the 
performance of adaptive systems and 
discussed some of EPRI's current research 
projects in this area. Wildberger's presen- 
tation is contained in his paper titled 
Assuring The Performance Qf Adaptive 
Control Systim. 

Pattern recognition (the search for structure 
in data) and control are closely related 
disciplines. This relationship was discussed 
by James Bezdek who also provided a "crash 
course" on the basic ideas in pattern recogni- 
tion, summarized key points from the 
previous presentations, and forecasted some 
future trends and developments. 

Bezdek's tutorial on pattern recognition is 
contained in Fuzzy Models for Pattern 
Recognition, which has be reprinted in this 
volume. This paper also describes the basic 
structure of fuzzy set theory as it applies to 
the major problems in the design of pattern 
recognition systems, and includes a perspe- 
ctive on the integration between fuzzy 
pattern recognition and computational (as 
opposed to biological ) neural networks. 

Bezdek noted that the previous presentations 
identified the potential contributions of fuzzy 
models to adaptive control systems, demon- 
strated the current availability of adaptive 
fuzzy logic control systems technology, and 
provided examples of substantial fielded 



applications. He underscored the utility of 
each of the CI components - neural net- 
works, fuzzy logic, and genetic algorithms- 
for control systems and concluded that they 
are complementary technologies that enable 
hybrid systems design. 

Bezdek forecasts numerous applications for 
adaptive control systems in areas such as 
WAC, appliances, and electric vehicles. He 
also expects evolutional control to become 
established in its own right as machines 
take on an increasingly larger part of the 
load from humans. Finally, Bezdek noted 
that although there will contihue to be a 
need for systematic design procedure with a 
priori performance guarantees, solid theory 
will probably get done last. However, 
Bezdek believes that a stability theory will 
eventually be established. 

Several other papers were presented at the 
Symposium, in addition to the invited papers 
that are summarized above. While most of 
the following papers are not about adaptive 
controls, they are included here to provide 
readers valuable background material in the 
areas of energy and environmental systems, 
to facilitate understanding and interest in 
these areas, and to place in context some pe- 
rtinent problems and issues. . 

In Application of Neural Networks for 
Control of Chaotic Systems, A. Mulpur and 
S .  Mulpur provide a report on work in 
progress aimed at devising unsupervised 
neural controllers for nonlinear and chaotic 
systems. A simple nonlinear model of 
thermal convection served as the plant and a 
neural network was trained using the back 
propagation algorithm to perform as a 
closed-loop controller for the system. 

Ronald H. Brown et al. developed neural 
network based models to predict daily gas 
consumption for two regions in the State of 

Wisconsin. The results reported in DeveZop- 
ment of Feed-Forward Neural Network 
Models For Short-Term Load Forecasting 
show a reduction of the residual predicted 
consumption RMS errors by more than half 
that of models based on linear regression. 
This paper also identifies possible causes of 
poor performance and ways to improve 
perf0rmanCe. 

In An Architecture For An Intelligent 
Automatic Generation Control For Electric 
Power Systems, Roger L. King and Rogelio 
Luck address issues surrounding the imple- 
mentation of automatic generation control - 
used by electric utilities to balance their 
moment-to-moment electrical generation to 
the load within the control area - on a large 
power system, and suggests improvements 
based upon technology for intelligent 
control. This paper reports on research 
using hybrid systems to monitor the status of 
a power plant, utilizing intelligent controllers 
for implementing automatic generation 
control and dispatching power plants, 
investigating methods for very short term 
load forecasting, and developing models of 
power plants to study degradation of plant 
performance as an input to automatic 
generation control. Neural networks and 
fuzzy logic systems play significant roles in 
these efforts. 

In Hybrid Systems for Enhanced Process 
Control, David Wildman and James Ekmann 
report on an experiment with a system 
designed to maintain a probe at the location 
of minimum temperature variation in the 
mixing zone of two air streams. An expert 
system uses a neural network's predictions of 
the location of minimum temperature 
variation to maintain the probe at the desired 
position. The software for this system 
includes a FORTRAN program, and com- 
mercially available expert system and neural 
network development tools that are inte- 
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grated in a loosely !coupled fashion. This 
paper also describes potential applications in 
environmental control systems for fossil 
fueled fined power plants. , 

Additional insights on pertinent control 
systems problems in fossil power generation 
can’ be obtained from the paper titled 
Reducing N& Emissions and Improving 

, Eficiency Using Synthetic Intelligence To 
Manage Boiler Parameters by Carlos W .  
Moreno and Stan ,B. Yucker. This paper, 
describes a commercial product that uses 
sequential optimization -based on proprietary 

. Bayesian/Taylor series expansion and 
numerical optimization techniques -for 
controlling the emissions and improving the 
efficiency of fossil fueled powered plants. - 
Efforts are underway on enhancements based 
upon a neural network solution to the 
problem of sequential process optimization. 

In conclusion, this document provides a 
primer on each of the CI building blocks, 
examples of hybrid systems comprised of 
various combinations of these building 
blocks or with more conventional methods, 
and descriptions of experimental and fielded 
applications that illustrate the potential value 
of adaptive control systems technology. 
There are important practical reasons to 
expect increasing utilization of CI paradigms 
and soft computing approachesin energy and 
environmental control systems, e.g.: The 
mathematical tools employed for process 
control can be excessively complex even for 
simple systems, nonlinear, systems are 
difficult to control with conventional strate- 
gies because these strategies lack an effec- 
tive means of adapting to change, and 
economic stresses are forcing nimerous 
industries to implement more cost effective 
systems that can be constructed by employ- 
ing these emerging technologies. 
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ABSTRACT 
. .  

Exploratory Research in Adaptive Control Systems at the Electric Power research 
Institute (EPRI) attempts to combine the goal of finding innovative and valuable 
applications specific to the electric power industry with the equally important goal of 
Ies tablishing fundamental theory or reliable procedures for the design and 
development of adaptive and intelligent systems. The- largest block of this research 
consists of twenty-one projects, tha t make up the "Intelligent Control Systems (ICs) 
Initiative," jointly funded by EPRI and the National Science Foundation (NSF). 
Most of these projects began in 1993 and will continue for three years. The rest of 
EPRI's Exploratory Research projects, that address adaptive control in general, are 
part of the program in Applied mathematics and Information Science (AMMS). 
This area emphasizes fundamental theory and design procedures. However, the 
AM&IS program also includes projects that seek to invent and test new techniques 
and new applications whose success appears relatively risky at the beginning of the 
project. 

1 

INTRODUCTION 

The Electric Power Research Institute (EPRI) was formed in 1973 to apply advanced 
science and technology for the benefit of its member utilities and their customers. 
Funded through voluntary contributions by over 600 member6 utilities, EPRI's work 
covers a wide range of technologies related to the generation, delivery, and use of 
electricity, with special attention paid to cost-effectiveness and environmental 
concerns. By far the majority of EPRI research is devoted to the development of 
products and procedures for the immediate use of its members. However, a portion 
of its effort, managed within the Strategic R&D Business Unit, is directed toward 

, 
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exploring new technological ideas, pursuing advanced concepts, and fostering areas 
of science with potential for breakthroughs. This presentation describes some of 
that Exploratory Research, recent, current, and planned, that involves various 
aspects of Adaptive Control Systems. 

EPRI's Exploratory Research program is currently divided into five broad areas: (1) 
Physical Science, (2) Engineering Science, (3) Environmental and Biological Sciences, 
(4) Materials Science, (5) Applied mathematics and Information Science. The 
majority of the Exploratory Research in Adaptive Control Systems is carried out 
under either the Engineering Sciences area or the Applied mathema tics and 
Informa tion Sciences area. 

Current Exploratory Research in Adaptive Control Systems has two general goals: 
(1) finding innovative and valuable applications specific to the electric power 
industry, and 
(2) establishing fundamental theory or reliable procedures for the design and 
development of adaptive and intelligent systems. 

Exploratory Research in engineering science tends to emphasize the first of these 
goals while Exploratory Research in Applied ma thema tics and Informa tion Science 
tends to emphasize the second. However, an individual project in either area may 
combine both goals. In fact, projects that combine both are especially attractive, as 
are projects co-funded or otherwise cooperatively supported by other organizations 
such as government agencies, laboratories, and EPRI's individual member utilities. 

INTELLIGENT CONTROL SYSTEMS (ICs) JOINT INITIATIVE 

In 1992, the National Science Foundation (NSF), in collaboration with EPRI, 
initiated a four year research program in intelligent controls aimed at developing 
adaptive automation for complex, nonlinear, or poorly understood systems. 
Essentially all the engineering science Exploratory Research in Adaptive Control 
Systems (and therefore most of the projects that emphasize innovative and valuable 
applications specific to the electric power industry) are contained in this joint 
initiative which includes 21 jointly funded projects in research program RP8030, 
that are under the program management of Dr. John Maulbetsch of EPRI's Strategic 
R&D Business Unit. Most of these projects are using, individually or in 
combination, artificial neural networks (EPRI TB-100264), fuzzy logic (EPRI TB- 
103725), or some form of evolutionary computing (EPRI TB-104097), such as genetic 
algorithms. 

Some approaches to intelligent control that are being investigated by the joint 
EPRI/NSF projects include: 

Supervisory Planning: with the plan either pre-stored, generated in real-time by 
automated reasoning, or learned from human examples. 
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Qualitative Modeling: using expert systems, either rulebased or frame-based, and 
either completely or incompletely de terministic (for instance, using fuzzy logic). 
Computational Intelligence & Machine Learning: using neural networks, genetic 
algorithms, and other evolutionary or reinforcement learning methods, 
some times combined with ma thema tical optimization techniques. 

methods for learning and adaptation in heterogeneous systems 
methods for reasoning and planning 
analysis of interaction of multiple agents, both human and machine 
techniques for transformation of data into knowledge 
methods for rule generation and modification 

techniques for development of qualitative and quantitative models 

Among their research goals are: 

0 automatic knowledge interpretation 

intelligent sensors and actuators 
0 methods for autonomous process operation 

tools and techniques for ICs verification and validation 

The 21 projects of the Intelligent Control Systems (ICs) initiative are divided about 
evenly among applications to Nuclear Power, Electric Power Systems, and Fossil 
Power Plants. The remainder of this section briefly describes several of the twenty- 
one projects that make up this NSF/EPRI Joint Initiative in ICs. They are intended 
as representative examples of the technology and applications being investigated. 

At the University of Wisconsin at Madison, Prof. William A. Sethares is studying 
methods for limiting impacts of system disturbances using genetic algorithms and 
adaptive decentralized controllers. The objective of this project is to develop 
principles of intelligent control that accommodate some degree of structural 
uncertainty. Particular consideration is being given the adjustment of rapid-acting 
components such as to Flexible AC Transmission Systems (FACTS) controls. It is 
intended to employ interval mathematical methods for dealing with system 
uncertainties in a formal and rapid manner without excessive conservatism. 

Prof. Asok Ray, at Penn State, University Park Campus, is pursuing investigations 
aimed at predicting impending failures and extending service life (at the expense of 
some reduction in dynamic performance). This research is extending system 
theoretic and AI techniques to include models of the properties of materials with 
the goal of increasing reliability, availability, component durability and 
maintainability of steam-electric power plants. 

Also at Penn State, University Park Campus, Prof. Robert M. Edwards, building on 
previous work in optimal, neural network, fuzzy logic, and robust control on the 
Penn State TRIGA reactor, is developing a multi-variable control capability for that 
reactor using control rod motion & coolant flow. His approach is to use learning 
systems-based intelligent re-configurable control in the expectation of achieving 
good temperature performance over the full power range. The system will be 
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demonstrated on a hybrid simulation/reactor demonstration to show the 
performance under a broad range of conditions. 

Prof. Panos Antsaklis, at the University of Notre Dame, is investigating methods for 
obtaining effective DES (discrete event systems) plant models from sequences of 
observed events. His approach uses optimal designs of state space partitions to 
define the observed events and uses query-based inductive inference procedures to 
identify the plant's effective DES dynamics. .The emphasis in this project is on 
methods exhibiting relatively low computational and sample complexity. 

At the University of California, Santa Barbara, Prof. Alan J. Laub and his colleagues 
are using fuzzy forms of tunable non-linear approximants in an adaptive feedback 
control loop for decentralized process control. Their approach is to formalize set- 
partitioned dynamical systems in a mathematical framework so as to simplify 
analysis and to capture relevant concepts. This system will incorporate partitioned 
observers, as well as transitional and interior controllers into an overall numerical- 
logical feedback loop. 

Prof. David D. Yao, at Columbia University, is engaged in research to integrate 
stochastic and combinatorial aspects of discrete systems by using greedy algorithms 
for optimization, and by imposing a monotone structure for supervisory control 
using token-based realizations of individual distributed controls. His approach has 
possible applications to production & transportation systems as well as to electric 
power sys tems. 

Two other projects have specific application to automatic generation control (AGC). 
Prof. Roger L. King, at Mississippi State University is using a combination of 
symbolic AI and neural networks to enhance moment-to-moment balancing of 
generation with load within a given control area by intelligently evaluating 
uncertainties associated with changing power conditions. This project is intended to 
develop, for load forecasting, an intelligent architecture that can monitor and reason 
about dynamic changes in the load and generation facilities. The resulting 
integrated AGC control system will be tested with data supplied by the Alabama 
Power Company. Research is also in progress at the University of Texas at 
Arlington towards developing an Advanced AGC Simulator with fully constrained 
Dynamic Economic Dispatch. The simulator will be used to test the results of a 
project, directed by Prof. Frank L. Lewis, which is also using neural networks for 
short term load prediction, but includes fuzzy logic and bang-bang control as an aid 
to robustness. 
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OTHER ACS PROJECTS EMPHASIZING NEW TECHNIQUES & APPLICATIONS 

The Exploratory Research carried out under the program in Applied mathematics 
and Information Science (AM&IS) is under the management of Dr. Martin 
Wildberger, of EPRI's Strategic R&D Business Unit. As stated above, this area 
emphasizes research directed toward establishing fundamental theory and reliable 
design procedures. However, the AM&IS program also includes projects that seek 
to invent and test new techniques and applications whose success appears relatively 
risky at the beginning of the project. Two such projects, that were recently 
completed, provide the fundamental research necessary to begin employing 
adaptive control in the real-time operation of electric power systems. 

Unit commitment (the decision as to which generating units to employ at any given 
time) is a highly constrained mixed-integer programming problem usually attacked 
by Lagrangian relaxation methods which are slow, not particularly adapted to 
having their speed increased by parallel computing, and are very sensitive to initial 
conditions. Prof. M. H. Hassoun of Wayne State University used global 
optimization by genetic algorithms and parallel local solutions by coupled gradient 
neural networks to solve the unit commitment problem. This project provided the 
proof of concept for a faster, global optimization technique that may eventually save 
considerable money for electric utilities. The final report has been published. (EPRI 
TR-103697) 

Prof. S. M. Shahidehpour, at the Illinois Institute of Technology, applied neural 
networks and fuzzy logic to the broader, multi-area, optimal power generation 
scheduling problem in order to help power system operators determine the 
optimum power flows between various areas and minimize the cost of operation of 
an interconnected power network. In this study, operating constraints were 
presented as heuristic rules in the system and artificial neural networks were used at 
pre-processor and post-processor stages. These results were enhanced by a fuzzy set 
to represent various possibilities for unit states and load forecast uncertainties. This 
use of AI-based techniques in the multi-area generation scheduling is intended to 
supplement the dynamic programming method of unit commitment. Proof-of- 
concept testing has demonstrated that this combined approach can cost-effectively 
schedule generation for both single and multiarea power system simulations. To 
schedule a sample interconnected four-area system with 26 power plants per area, 
the fuzzy approach required 3.3 minutes when run on a 386 PC-based neural 
network emula tion, versus more than 40 minutes for conventional dynamic 
programming analysis on the same machine. The final report has been published. 
(EPRI TR-104219) 

In a project that includes both new technique exploration and the development of 
new theory, Prof. Bernard Widrow and his students at Stanford Universityhave 
been advancing the capabilities on neural networks for increasingly complex control 
problems such as two generators linked by a tie-line and feeding two independent, 
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time-varying loads. Voltage and frequency control were considered independently. 
Theoretical work was developed to show the equivalence between two important 
algorithms used in the adaptation of neural network controllers, namely real-time 
backpropagation and backpropagation-through-time, and to provide an easy method 
for deriving new adaptation algorithms. Neural networks were successfully applied 
to all of the systems. Stable operation and fast transient recovery were obtained in 
all cases. Theory was developed that facilitates both the understanding and the 
application of adaptive algorithms to nontrivial neural controllers. Work in 1994 
emphasizes the inclusion of combined voltage and frequency controllers within the 
same model .system. Based on the theoretical work developed previously, 
stabilization circuits are being developed that will allow an extension of the 
operational range of the controllers. Other applications of neural networks in this 
project have included a void fraction correlation and work in non-linear filtering 
for identification and prediction. 

In power plant adaptive control, the most advanced work addresses turbine startup. 
During startup of a large steam turbine, few key heat-up variables are measurable. 
Operators must rely on empirical rules and observations such as ''temperature is 
rising" to guide the startup, and automation is impractical using conventional tools. 
Consequently, very conservative turbine ramp-up rates are employed that are not 
fuel efficient and may subject components to more thermal stress than is necessary. 
Because fuzzy analysis can handle the vague, approximate information and the 
heuristic rules associated with turbine startup, EPRI supported General Electric Co. 
in Exploratory Research that applied fuzzy logic to this problem. With support from 
EPRI and some of its individual members, GE is now beginning to develop a 
controller for fully automated boiler-turbine-generator cycling. This effort aims to 
optimize turbine startup by utilizing expert knowledge in a fuzzy logic approach 
coupled with traditional model-predictive controls. Automated control will also 
allow the startup procedure to be linked to the load dispatch center for more 
efficient generating unit dispatch. 

A project at M. I. T. under the direction of Prof. Annaruda Annaswamy, is 
specifically directed to the development of adaptive controllers that can deliver high 
performance for systems that function in uncertain environments. The researchers 
are testing judicious combinations of adaptive strategies & neural network 
configurations to discern the systems' interactions with the environment, provide 
feedback information about key variables, & generate appropriate commands using 
on-board computational devices. Current emphasis is on incorporating gain- 
scheduling controllers in the neural network models for the adaptive control of 
linear time-varying systems. 

Cellular automata (or CAS) are arrays of cells that are updated in parallel making 
them especially appropriate for modeling physically distributed processes. Generally 
a cell takes inputs only from its nearest neighbors, but other connectivities are 
possible. Stephen Wolfram has characterized cellular automata as falling into four 
classes: (1) CAS which go into a steady state; these correspond to dynamical systems 
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with point attractors. (2) CAS which exhibit periodic behavior; these correspond to 
dynamical systems with toroidal attractors. (3) CAS which give fully pseudorandom 
behavior; these correspond to dynamical systems whose attractors are a dust filling 
the phase space. (4) CAS which exhibit stable, moving patterns; these correspond to 
dynamical systems with fractal strange attractors. Most work in the field of CAS 
involves trying to characterize and locate the class (4) CAS. It is believed that this 
class of CAS are capable of universal computation, and that they are good models for 
the kinds of behavior encountered in living organisms and other complex systems. 

In a project, just started this year (1994) at San Jose State University, Prof. Rudy 
Rucker and his students are developing techniques for using complex cellular 
automata to model certain aspects of the power grid. The long term goal is to perfect 
a genetic algorithm technique for evolving cellular automata which exhibit desired 
characteristics expressed in terms of such measures as density, entropy, complexity, 
and length of transients. The projected applications are (1) to use an evolvable 
cellular automation to simulate the behavior of an electrical power grid and (2) to 
produce a distributed-computation model of the individual components of the grid 
as parallel agents. Early work has focused on software tools, interface design and 
program structure designed so that the user can set the parameters of the genetic 
algorithm. 

PROJECTS EMPHASIZING DESIGN METHODS AND TOOLS 

At the completion of the current NSF/EPRI program in Intelligent Control Systems 
as well as the many other projects such as those being presented at this Symposium, 
most of the techniques for building Adaptive Control Systems will be mature 
enough that, given enough time and money, it is possible for a skilled engineering 
team to develop an adaptive control system that works reasonably well for almost 
any application. What is needed, in the way of additional research, is to put the 
design of these systems on a firm footing, comparable to the design of linear 
feedback controllers. Such a systematic design procedure should include methods 
for the selection of appropriate techniques for each application, as well as methods 
for guaranteeing the performance of the system prior to fielding it. Another paper 
at this Symposium specifically addresses the performance assurance issue, which is 
necessarily tied to design as well. (Wildberger 1994) This section describes some 
current and planned Exploratory Research projects in the AMMS program that are 
directed to automating or formalizing the design of adaptive controls and intelligent 
systems in general. 

At the Oregon Graduate Institute, Prof. Todd K. Leen is pursuing two related 
research projects that combine theory and technique. This work consists of: 
1. investigations to provide theoretical and empirical insight into dynamics of 

stochastic (noisy) learning algorithms and to help establish guidelines for 
learning rate schedules; that is, how to best vary the learning rate as learning 
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progresses. The specific aims are to provide, for supervised and unsupervised 
algorithms, through theoretical descriptions of stochastic learning combined 
with Monte Carlo simulations: 

probability of convergence to specific local optima, 
mean distribution of convergence times to local optima, 
time required to escape from poor optima and its dependence on learning 
rates. 

2. applications of non-linear mappings to the problem of reducing the dimension 
of feature spaces for speech recognition problems. Such recognition tasks can be 
broken into feature extraction and classification stages. Feature sets should be 
compact yet carry sufficient information to perform accurate classification. 
Compact (low-dimensional) feature sets reduce the size of the classifier network 
and hence reduce the training time and number of training examples required. 
The investigators have shown that neural network implementations of 
principal component analysis (PCA) can provide substantial reduction in 
classifier size and training time. This project is intended to: 

provide algorithms for non-linear feature discovery and encoding, 
provide figures of merit (perhaps based on Rissanen and Schwartz' 
minimum description length criteria) for comparing these algorithms with 
traditional techniques, and 
compare the new features with PCA and vector quantization both for 
encoding and for classification problems. 

In the meantime, another AM&IS project has had considerable success in 
automating the design of neural networks. Dr. Steven A. Harp and Dr. Tariq 
Samad, of the Honeywell Sensor and System Development Center, have been 
experimenting with a method for "evolving" neural networks using genetic 
algorithms (GAS). This technique simulates a form of natural selection in which 
the parameters and structure of the neural network, as well as its weights, are 
optimized in accordance with some prescribed "fitness function". Because there are 
so many possible configurations for a network, this process may require many 
generations of networks and the testing of many individuals from each generation. 
The resultant combinatoric explosion is a serious drawback to its use for the 
development of a network ab initio. Therefore, in a recently completed Exploratory 
Research project (EPRI TR-1040741, they began by applying GA optimization to a 
network that was already satisfactorily trained. The focus was on a specific 
application: heat rate modeling for TVA's Sequoyah nuclear power plant. Data 
from this plant, gathered over a one-year period, as well as manually trained neural 
networks, were provided by Prof. Robert. E. Uhrig of the University of Tennessee, 
Knoxville. 

In general, a GA cannot absolutely guarantee that it has not converged to a local 
rather than a global optimum. However, in this case, genetically optimized neural 
networks provided a significant performance improvement over those manually 
developed for this application at Honeywell as well as at the University of 
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Tennessee. They also proved superior to a sophisticated statistical model'of the 
same data. Fitness functions could provide for the simultaneous optimization of 
network inputs, structure, and learning parameters, but the GA was particularly 
useful in assisting the choice of input variables critical for the neural network 
application. A variety of network architectures were evolved for the same problem. 
These met different fitness criteria for topology while producing essentially the 
same high degree of accuracy in mapping the data. Through a novel extension of 
this approach, the design of neural network architectures for application classes has 
been demonstrated; the resulting architectures can then be trained on application- 
specific data from applications within the class. 

Further development along these lines could lead to either or both of two practical 
product developments: 
1. A software tool for the automatic design of neural networks subject only to the 

data provided and specifications that constrain or rate the relative importance of 
the topological features that directly affect the speed and cost of operation of the 
trained network. 

2. A family of hardware control or warning devices containing networks optimized 
for various specific applications that could be automatically customized by on- 
site training. 

Whether this approach can be extended to any and all adaptive systems remains to 
be seen, but another project is testing the use of genetic algorithms to validate a rule- 
based expert system. (Wildberger 1994) So the pieces of the puzzle are slowly being 
fit together. 

SUMMARY 

At the completion of the current NSF/EPRI program in Intelligent Control Systems 
as well as the many other projects such as those being presented at this Symposium, 
most of the techniques for building Adaptive Control Systems will be mature 
enough that, given enough time and money, it is possible for a skilled engineering 
team to develop an adaptive control system that works reasonably well for almost 
any application. What is needed, in the way of additional research, is to put the 
design of these systems on a firm footing, comparable to the design of linear 
feedback controllers. Such a systematic design procedure should include methods 
for the selection of appropriate techniques for each application, as well as methods 
for guaranteeing the performance of the system prior to fielding it. Another paper 
at' this Symposium specifically addresses the performance assurance issue, which is 
necessarily tied to design as well. (Wildberger 1994) EPRI's current and planned 
Exploratory Research within the AM&IS program is now directed to automating or 
formalizing design, and assuring the performance, of adaptive controls and 
intelligent systems in general. 
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Abstract 

The current effort of EPA’s control systems research is concentrated in three 
areas: electric motors, wind turbines,’ and combustion technologies. In general, these 
projects are concerned with pollution prevention through enhanced efficiency of 
operation and pollution control through lower emission levels. Pioneering effort has 
been achieved in the application of fuzzy-logic-based controls in these areas. Based 
on the results of these projects, fuzzy logic has emerged as an important tool in 
environmental technology for pollution elimination and control. 

Introduction 

EPA’s adaptive controls system research has been focused on areas that have 
the potential to have a major impact on reducing pollution through prevention and 
control. A new program within EPA called the “Common Sense Initiative” seeks a new 
generation of cleaner, cheaper, and smarter environmental solutions. One key element 
of this program is the preference for pollution prevention over “end-of-pipe” pollution 
control. The goal is to eliminate pollution rather than shift and shuffle the problem. 
Thus, the controls system program will generally be tailored to preventing pollution 
over controlling emissions. 

In the pollution prevention area the advanced controls program’s focus is on 
efficiency optimization. Two projects are currently underway: 

0 Fuzzy logic control of AC induction motors to reduce energy 
consumption; and 

e Efficiency optimization and performance enhancement control of wind 
turbine generators. 

‘ I  
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Work being performed in the emissions reduction area are: 

0 Fuzzy-logic-based controls to reduce emissions from rotary kiln 
incinerators; and 

0 Reducing emissions of nitrogen oxides (NO, ) by using fuzzy logic to 
control the injection of reagents into flue gases. 

The environmental case for improving motor efficiency is clear. Electric motors 
use over 60% of the electrical power generated in the U.S. The U.S. population of 
approximately 1 billion motors use over 1700 billion kWh per year. Over 140 million 
new motors are sold each year. A review of the U.S. motor population reveals that 
90% of the motors are less than 1 hp (fractional motors) in size, but use less than 
10% of the electricity consumed by motors. More than 80% of the electricity used by 
motors is consumed by less than 1% of the motor population (motors greater than 
20 hp). Based on these facts, it is clear that large energy savings from improvement 
in motor efficiency could be achieved from a relatively small motor population. Each 
1% improvement in motor efficiency could result in 17 billion kWh per year of electrical 
energy saved, over $1 billion in energy costs saved per year, an equivalent of 6-10 
million tons per year of displaced coal, and approximately 15 to 20 million tons less 
carbon dioxide released into the atmosphere. 

The development of wind generated electricity is desirable due to the very low 
environmental impact associated with the power produced from this renewable 
energy source. Wind produced power is now economically competitive with some 
other conventional energy sources: some studies have shown that it may be one of 
the best future energy options for the U.S. The total accessible wind resource in the 
U.S. has been conservatively estimated to be capable of providing more than 10 times 
the electricity consumed in this country. In the near term (less than 10 years) wind’s 
cost of energy is projected to drop below 5 @/kwh at “good” generation sites. The 
projected efficiency improvement of the generation system or the corresponding 
increase in output of the turbine by an advanced fuzzy-logic-based controller is 15- 
20%. The total energy gain is substantial, representing upwards of 10 billion kWh/yr 
by the year 2000. If this enhanced electricity production from fuzzy logic controlled 
wind turbines is used to offset electricity from coal, then over 5 million tondyr less 
carbon dioxide would be released into the atmosphere by the year 2000. 

Currently, oxygen injection into incinerators, which has the potential to 
dramatically reduce emissions of products of incomplete combustion (PIC), is not 
widely used due to the cost of the oxygen. The inability of control systems and 
sensor technology to respond to transient operation results in inefficient use of 
oxygen. The application of fuzzy logic controls to inject oxygen into incinerators has 
the potential to make oxygen injection an economically attractive option, resulting in 



104 

much wider usage. Based on preliminary bench-scale research, reductions of PIC 
emissions of up to 50% appear possible using a fuzzy logic controlled oxygen injection 
system. 

Likewise, fuzzy logic systems can be used for controlling reagent injection 
systems for control in small boilers. Approximately 2.5 million tons of NO, per year 
are emitted from industrial and commercial oil and gas combustion in the U.S. The 
application of selective noncatalytic reduction (SNCR) to these sources could result in 
over 50% reduction in emissions. Fuzzy logic appears to provide a means by which 
SNCR can be controlled in small industrial and commercial systems, making it a more 
cost effective control technology for some of these systems. 

Energy Optimizer for AC Motors 

This research program is pursuing the development of fuzzy-logic-based energy 
optimizers for AC induction motors driven by adjustable speed drives (ASDs) [I] - 
[4]. Conventional ASDs adjust motor speed by changing the frequency, voltage, 
and/or current supplied to an AC motor [5]. However, they do not optimally adjust 
these parameters to minimize input power at a given motor speed and load torque. 
The technical goals of our research program are: 1) to increase the efficiency of 
ASD/motor combinations, especially when operating at off-rated torquelspeed 
conditions; 2) to develop a generic controller for energy optimization that can be 
applied to a wide range of motors and ASDs regardless of their size and application; 
and 3) to develop a controller for energy optimization that can eliminate the 
requirement for tachometer or encoder feedback and still maintain the stability and 
response of closed-loop speed control. 

Figure 1 is a block diagram of the overall control approach. A fuzzy logic 
energy optimizer is used to control the ASD. A feedback signal, usually motor speed, 
from the motor is shown by the dashed line in the figure to indicate that the control 
scheme may be open-loop (no feedback) or closed-loop (feedback). 

The fuzzy logic energy optimizer has been developed for both scalar, or so- 
called volts/hertz (V/Hz) control, and indirect vector control. In V/Hz control, the 
ratio of stator voltage to stator frequency is maintained as a constant, by altering 
stator voltage in response to changes in frequency (speed). This approach ensures 
that the motor’s magnetic air-gap flux is constant and, if maintained at the rated 
level, will provide maximum load-torque sensitivity. Indirect vector control allows an 
AC induction motor to perform like a DC machine in its ability to respond to rapid 
changes in load and speed; e.g., electric vehicle. This control is achieved by 
independent control of the flux- and torque-producing components of the stator 
current. 

3 

. .  , , , . . , . . _ .  



105 

Fuzzy logic energy optimization, regardless of the type of ASD employed, 
utilizes an on-line efficiency optimization approach. This consists of a search scheme 
in which the machine's air-gap magnetic flux is changed in steps. As the air-gap flux is 
changed, the core losses of the machine are decreased. The copper losses of the 
machine increase; however, at some point in the search scheme the combined core 
and copper losses will reach a minimum value. The effect of this search process on 
the copper and core losses of the machine is illustrated by Figure 2. 

During this process, the control variable is varied from the initial setting and the 
input power is measured and compared with the previous value. Based on the change 
in input power and the previous value of the control variable, a new value for the 
control variable is computed using the fuzzy logic energy optimizer. The search 
process is continued until the minimal input power level is reached, based on a criterion 
of magnitude of change in input power. This is the most efficient operating point for 
the load and speed conditions. No knowledge of machine parameters is required for 
this process; it is insensitive to parameter changes; and can be applied to any 
machine. 

Figure 3 is a captured screen from a real-time demonstration of the controller 
in the laboratory. The motor used is a 10 hp NEMA B motor (nominal efficiency: 
88%) operating with a commercial scalar ASD. The load and speed conditions being 
tested simulate a pump or fan running at 90% of rated motor speed and 81% of 
rated motor torque. The value on the left of the graph (input power/rated input 
power) is the input power that the system would reach by normal ASD operation. 
The fuzzy voltage controller steps the voltage in the direction of least input power 
consumption, utilizing the search scheme outlined above. While voltage is the chosen 
control variable, other control variables can be utilized [2]. Ultimately, the input power 
is reduced from about 81% to about 78% of rated input power. The length of the 
time steps is predominantly a consequence of the need to accurately simulate 
pump/fan conditions in the laboratory. This lengthened time step occurs because the 
software which simulates the pump/fan load converges on the correct load by 
iteratively computing the correct brake field voltage, and hence the correct torque, 
based on observation of motor speed. 

Figure 4 shows typical experimental results of optimal efficiencies achieved using 
the fuzzy logic energy optimizer vs. efficiencies achieved by the ASD operating 
normally. (In normal operation, as previously described, the ASD operates with a 
constant V/Hz ratio.) Results are compiled over a range of load and speed 
combinations performed in the laboratory. In this figure, the horizontal axis 
represents different speed and torque combinations. Each combination represents 
the load produced by a fan or pump running at the given percent speed. In each case 
the load is proportional to the square of the speed. Thus, at 40% of rated speed 
(the leftmost horizontal point), the torque is 16% of rated torque. The vertical axis 
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represents the measured efficiency of the machine at the given speed and torque 
condition. The solid line indicates the efficiency available using a V/Hz ASD operating 
alone. The dashed line indicates the efficiency achieved using the fuzzy logic energy 
optimizer. Gains range from 8% at low speed and torque conditions (40/16) to less 
than 1% at medium speed and torque conditions. Note that at the upper end of the 
possible combinations, efficiency improvements as high as 2.5% can be achieved. This 
is important because, although the percent gain is less than at the lower speed and 
torque combinations, the actual savings in energy is higher since more energy is 
represented by the 2.5% gain at the higher combinations than the larger efficiency 
gains at the lower combinations. 

Energy Optimizer for Wind Turbines 

The general components of wind turbines have ch,anged little over the years. A 
rotor, supported by a tower, generates aerodynamic forces to turn a main shaft. 
Gears in the power train drive the generator at a given speed. Mechanical controls 
are provided to adjust the rotor speed in high winds and keep the rotor facing into 
the wind. In the quest for higher rotor speeds, reduced blade area, and lower cost, 
new wind turbines are designed with flexible, lightweight blades, teetering blade-to-hub 
attachments, improved ailerons, tip brakes, increased tower heights, aerodynamic 
tower shapes, variable-speed rotors, and direct-drive transmissions [6]. The new 
variable-speed wind turbine design allows turbines to more efficiently produce 
electricity at lower and rapidly changing wind speeds. Virtually all existing turbines 
produce electricity at constant rpm to produce 60 Hz AC power. These constant- 
speed turbines require heavier designs than variable-speed systems because the 
increase in torque produced by wind gusts must be absorbed by the drivetrain. With 
the new variable-speed turbines comes the opportunity for advanced electronic 
controls with adaptation capability. Current designs include the use of power 
electronics (solid-state adjustable-speed drive or converter) which allows the speed of 
the rotor to vary with wind speed while maintaining constant frequency power output. 
The use of converter technology has improved the total energy capture of the 
variable-speed wind turbine system. 

These converter systems, while improving the performance and efficiency of 
0 ' .  

wind turbines, do not necessarily operate the turbine for maximum power output [7]. 
Generating the maximum power output at each wind speed is difficult. Moreover, it is 
desirable to be able to readily modify or retrofit existing variable-speed wind turbine 
systems with an advanced electronic control system to provide, or improve, power 
output efficiency. One reason that conventional controllers associated with the 
variable-speed converter systems do not necessarily optimize power output is the 
control complexity of meeting all of the potential contradictory demands placed upon, 
and the large number of variables occurring within, such a system. 

5 
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Figure 5 is a general block diagram of a variable-speed wind turbine (VSWT) 
electrical control system incorporating the fuzzy-logic-based controller. The aim of 
the control system is to maximize the power output of the VSWT for a given wind 
speed. To achieve this goal the control system addresses three key requirements: 
(1) maximize output power for a given wind speed; (2) reduce the magnetic field air- 
gap flux of the generator to lower iron core loss; and (3) provide adaptive speed 
control. Thus, the controller in Figure 5 actually consists of three fuzzy logic 
controllers which perform distinct but coordinated tasks. With this control 
arrangement a typical 1520% output power gain is possible. One fuzzy controller 
uses the measured system output power in conjunction with a fast, real-time search 
of the shaft speed such that the output power is maximized for a given wind velocity. 
To achieve the optimal aerodynamic efficiency, or maximum generator output power, 
the generator load torque must be matched to the rotor-produced torque. Because 
the torque produced by a wind generation system is proportional to the square of 
the rotor speed, the turbine speed is adaptively varied by changing the generator 
load torque. This real-time search method is parameter-independent and fast 
convergence is obtained by adaptive step-size control using fuzzy logic principles. 
Once the turbine speed is optimized, and steady state operation achieved, another 
fuzzy logic controller is activated to further enhance output power through optimal 
control of the magnetic flux level in the generator. This fuzzy-logic-based search 
procedure begins by decreasing the air-gap flux below the rated value by adjusting 
the flux component of the stator current. At each step the output power is 
measured. Once the optimum point is reached, this fuzzy logic controller will continue 
to make small adjustments in the generator air-gap flux in response to any shifts in 
the optimal point caused, for example, by temperature effects. A third fuzzy logic 
controller provides adaptive speed control. The attenuation of wind turbulence 
effects, turbine oscillating torque, and pulsating torque due to magnetic flux 
optimization is provided by a torque loop feedback signal. Control is applied to the 
torque producing component of the stator current to maintain the speed at the 
required value. 

The details of the generator/converter system are not contained in Figure 5. It 
suffices to say that the wind turbine rotor shaft is coupled to an induction generator 
through a speed-up gear ratio gearing. The generator is electrically connected to a 
voltage-fed pulse width modulated (PWM) insulated gate bipolar transistor (IGBT) 
rectifier. The IGBT PWM inverter is connected to the utility grid. Active power can 
flow in either direction (rectifier-to-inverter or inverter-to-rectifier) as required by the 
converter control sequences. Vector-type control [5] is used in the converter which 
allows very fast and precise responses of the generator to input signal changes. 

To date, the design and computer simulation of the fuzzy logic energy 
optimizer and convertedgenerator has been undertaken. A number of simulation 
studies were carried out in both steady-state and transient modes of turbine 
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operation. The wind velocity was set to different values and turbine output power 
curves were generated. Figures 6 and 7 show the output of the turbine for step and 
ramp increases of wind velocity, respectively. The computed quantities are calculated 
in per-unit (PU) form, with all quantities expressed as decimal fractions of 
appropriately chosen base values. The ripple on the wind velocity and turbine output 
power curves is a result of oscillatory turbine torque. These figures demonstrate that 
the control system is working properly. 

Combustion Emissions Reduction 

Fuzzy-logic-based combustion control has been recently applied to refuse 
incineration plants [8], [9]. At EPA, fuzzy-logic-based controls are being used to 
reduce transient emissions from a rotary kiln incinerator simulator equipped with an 
experimental 73 kW secondary combustion chamber (afterburner) by augmenting the 
afterburner flame with pure oxygen ( 0 2 ) ,  injected atla rate determined by a fuzzy 
logic control algorithm. Figure 8 illustrates the rotary kiln incinerator. The objective 
of the research is to demonstrate the feasibility of using fuzzy rule sets to control an 
afterburner, while at the same time obtaining pollutant emission levels comparable to 
or better than conventional (e.g., proportional) control. 0 2  has previously been used 
to minimize transient emissions of organics from hazardous waste incineration; the 
current project seeks to minimize the amount of 0 2  injected while maximizing the 
destruction of organic compounds. 

The rule sets are varied to evaluate effects of including different input 
parameters. However, all rule sets use concentrations of 0 2 ,  carbon monoxide (CO), 
and total hydrocarbons (THC) both upstream and downstream of the 0 2  injection 
point as the basis for determining the timing and amount of 0 2  injection. A significant 
advantage of the fuzzy logic approach is that a feed-forward signal can be easily 
used as one of the controller inputs, without requiring an a priori knowledge of the 
relationship between conditions upstream of the injector and resulting gas 
concentrations downstream. For instance, a conventional controller would require 
quantification of the relationship between CO levels upstream of the injector and the 
resulting 0 2  deficit in the afterburner in order to inject the correct amount of 0 2 .  

Fuzzy-logic-based controls allow this relationship to be defined qualitatively, resulting 
in a much simpler control scheme, and allowing addition of other input signals (such as 
upstream concentrations of 0 2  and THC) to be easily incorporated into the control 
algorithm. 

Work is also being done to use fuzzy logic to control the injection of reagents 
into flue gases for the purpose of reducing emissions of nitrogen oxides (NO,). The 
use of nitrogen-based chemicals for control of NO, without the use of a catalyst is 
generically referred to as selective noncatalytic reduction (SNCR). SNCR is an effective 
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control method if the reagent can be injected into the flue gases within the correct 
temperature window and in the correct amounts. As load and temperatures change in 
the combustion system, the location and amounts of injection will also change. 
However, the relationships between these variables are not always clear. Therefore, 
the use of fuzzy logic holds considerable promise as a means of controlling the rate 
and location of the injection. In this case, input variables such as load, temperature, 
and concentrations are used to determine the rate of reagent injection. Injection 
rates and pressures can be changed based on the fuzzy logic controller to respond 
to changes in the inputs, without need for quantification of the responses. As in the 
case of the hazardous waste incineration application, this significantly simplifies the 
controller design, allowing the system to be operated more efficiently and reducing the 
amount of reagent required for a given level of reduction. 

Conclusion 

This paper gives a brief overview of the ongoing research at EPA in the 
adaptive controls area. Fuzzy-logic-based controls have been proven to be an 
important methodology to characterize and control complex systems whose models 
are not known, or are ill-defined. Conventional techniques, such as proportional 
control, could not have been easily applied to control these systems. Recent 
advances in expert systems, microprocessors, and digital application specific 
integrated circuits bode well for fuzzy logic’s future for high-performance control of 
environmental technologies and processes. Some form of this control approach may 
impact almost every engineering application by the early 21st century. 
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Broader Context: Evolutionary Computation 

- inspiration from natural systems which 
exhibit robust adaptive behavior. 

- application to computational problems 
in science and engineering 

Basic Questions: 

- what to model and at what level of detail? 

- what kinds of computational problems are 
appropriate matches? 
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Historical Roots: 1960s 

Rechenberg (Germany): Evolutionsstrategie 

- application: real-valued function optimization 

- small populations of vectors with selection 
and mutation. 

Fogel (USA): Evolutionary Programming 

- application: AI and machine learning 

- small populations of finite state machines with 
selection and mutation. 

Holland (USA): Genetic Algorithms 

- application: adaptive systems 

- populations of binary strings with selection, 
crossover and mutation. 
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Genetic Algorithms 

Basic Paradigm: 

- parallel adaptive search technique 

- maintain a database of current sample points 
and their ‘ ‘value’ ’ 

- use the contents of this database to 
generate new sample points. 

- use “competition” to bias samples toward 
high performance regions of the space. 

Why ‘ ‘Genetic’ ’ Algorithms? 

- inspiration from models of population genetics 

- database of points e--> population of individuals 

- value of points e---> fitness of individuals 

- new sample points e--> offspring of “selected’ ’ paren 

’ I .  
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How are new samples (oflkpring) generated? 

- internally points in the search space are represented 
as strings over some alphabet (binary, ...). 

- parents selected probabilistically on basis of ''fitness' 

- offspring produced via genetic operators: 
crossover, mutation, ... 

- example: 

Crossover 

me = ABCDEFGH 
1 

m. = abcdefgh 
J 

Mutation 

= ABCdefGH mk 

= ABCdefGH mk 

= AyCdefGH ml 

4 
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A Canonical Genetic Algorithm 

Randomly generate an 
initial population M(0) 

I for each individual m 
in the current population M(t) 

Define selection probabilities p(m) 
for each individual m in M(t) 

so that p(m) is proportional to u(m) 

Generate M(t+l) by probabilistically 
selecting individuals to produce 
offspring via genetic operators L 

I , .  . 3 .  , . .  .. , .... . Le*- .. - -\-. . . I. . . . .  _,, . 
1 .  I . .  
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A simple example: 

f (x )=x2  over [0,4] ' . 

with a precision for x,of 

and a simple fixed length binary representation 

assign 0.0 the string 00 ... 00, 

assign 0.0 + 
I 

the string 00 ... 01, 

and so on. 

What happens? 
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1. A Genotypic Viewpoint: 

Gen 0 Gen 5 Gen 50 Gen 200 Gen 500 

01111100010011 11000001011100 11111101010101 11111111010011 11111111011110 
0001010101 1100 I1100001000010 111 11 11001 1101 11 1101 1101 1110 111 11 1111 1001 1 
010010001 10010 1 11 10100010100 11 11 101 1001001 11 11 101 10101 10 11 11 11 10010001 
00110001110010 11110111100011 11111101000001 11111110101011 11111111011010 
01010001 1 10010 1 1 1 1 1 1 10100001 1 11 1 1 1001 101 1 1 1 1 1 11 10000101 1 1 11 1 11 1 1 1 10000 
00010000010001 11 111100011001 11111101000101 111 1111101 1111 11 11 11 1111 101 1 
11001 1000001 10 110'10100000110 11111101001001 11111110100001 1111 101 1010101 
10110001110010 11111101000001 11111001011001 11111111110001 11111111110110 
10100001 11 1100 111 111001 11001 11010111110001 11111111111111 111 11 11 1110000 
00100001101001 11110111011001 11111101011101 11110110110101 11111111000010 
01010100100011 111100011111-11 11101111100111 11111101110011 11111111001010 
01000101100011 11110111100011 11111100110111 11111100010001 11111111111000 
00010001111110 11110111100001 11111111010011 11111111011001 11111111110000 
10101 11 11001 11 1111011 101 1100 11 11 111101001 1 11101111111001 1111 11 11010001 
011 11 101010100 11 101010100100 1111010000011 1 11111111100011 111111 11011000 
11000011100110 11010100011000 11111101011001 11111111110011 11111111010001 
11001101100001 11100001110001 11111100101001 11111111111011 11111111110110 
11110111011100 11110110011011 11111011100101 11111001001010 11111111110010 
11001010100000 11010101000001 11111100000001 11111110111010 11111111110100 
00101000101111 11010001010110 11111111100101 11111110011011 11111111110011 
0100001 11 11 110 111 10100010101 111 111 11001001 111111101101 11 11 11 11 111 I1000 
11 100101000001 111 10101100001 111 1100101001 1 111 11 111101001 11 1111 11101 11 1 
01001001100110 11110111100001 11111100101011 11111101010011 11111111001111 
01000101100011 11111101000001 1111101101100~ 10111100111010 11111111011000 
0011 1001100000 11110010011100 11110110001101 11111111010011 I1111111011000 
01110100100100 11111100111001 11111100111011 11111101111010 11111111010110 
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Intuitive View: 

127 

- population database represents simultaneous 
sampling of a large number of hyperplane partitions. 

- rapid shift of samples toward high-payoff hyperplanes. 

- steady reduction in search space reflected by 
increasing degree of homogeneity in the population. 

- subpopulations reflect competing regions of high payoff. 
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Empirical Results: 

- insensitive to noise, discontinuities, local minima 

- clearly a heuristic 

- applied to a wide variety of problems: 

- global, multimodal function optimization 

- NP-hard problems: traveling salesman, boolean 
satisfiability, bin packing, routing, ... 

'-' fitting complex models to data 

- searching design spaces 

- image registration problems 

- evolution of executable code: rules, Lisp, etc. 

- evolution of NN weights and structure 

e.. 
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How doles one apply them? 

- select an internal string representation 
of the search space. 

- provide an evaluation function to estimate 
the "fitness' ' of points in the search space. 

Examples: 

1. Parameter Optimization Problems 

- think of N parameters as genes 

- the value of a parameter (gene) is represented 
as a binary string. 

- each individual is a concatenated set of binary 
parameter values 

- crossover and mutation operate at the bit level 

- result: 
quickly find good combinations of parameters 
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2. Evolving Production Rules 

- goal: evolve/leam/adapt a set of production rules 
for performing a task 

- two main approaches: 

A. The Pittsburgh Approach: LSx Systems 

- each individual represents a concatenated 
set. of rules. 

- the population consists of competing rule sets. 

- entire rule sets are tested and evaluated. 

- crossover and mutation combine/modify parts 
of rule sets. 
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B. The Michigan Approach: Classifier Systems 

- each individual represents a rule 

- the population represents the current rule set 

- individual rules are assigned strength 
via credit assignment procedures 
(bucket brigade, profit sharing) 

- crossover and mutation combine/modify 
parts of rules 

Proskons: 

Pitt: high risk, global search suitable for offline 
situations 

Michigan: conservative, incremental search suitable 
for online situations 
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3. Genetic Programming 

Two uses of the term. in the literature: 

A. Evolution of Complex Structures and Behaviors (de Garis) 

- evolves complex objects with complex behaviors: 

moving stick figures, artificial insects, etc. 

- uses NNs, CAS, etc. as underlying structures 
to be evolved. 

B. Evolution of Lisp Programs (Koza) 

- evolves Lisp programs to perform specific tasks: 

sort numbers, balance brooms, compute 
square roots, etc. 

- uses parse trees as the underlying 
structures to be evolved. 
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4. GAS and NNs 
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- Considerable interest in hybrid systems: 

e.g., COGANN Workshop at IJCNN-92 

- A variety of approaches: 

A. Using GAS for weight adjustment 

- alternative to xxx-prop on hilly, noisy 
error surfaces 

- alternative to ??? for non-feed-forward nets 
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B. Using GAS for structural changes 

- add, delete nodes and links 

- Open issues: 

Representation strategies: genotypic or phenotypic 

Emergence of substructure: 

_ _  ., . . . . . ~  . . 
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Formal Analysis: 

1. The Schema Theorems (Holland) 

- focus on schemata rather than individuals 

- examples: 

I * * * *  (a first order schema) 
* 0 * * * 
* 0 0 * * 

(another first order schema) 
(a second order schema) 

- view schemata defined on the same positions as 
competing hyperplanes. 

O... 
l... 
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- view K competing hyperplanes as a K-armed 
bandit problem. 

- show a near optimal shift of trials among 
competing hyperplanes of low order and 
low definition length. 

- show implicit parallelism in that similar shifts are 
simultaneously happening with other competing 
hyperplanes: 

e.g. 
b 0 ... 
0 1 0 . .  



137 
-21 - 

Lemmas & theorems: 

1. Each individual of length L is an instance of 
2 ** L schemata 

2. A population of size N simultaneously samples 
2 ** L e= samples e= N * (2 ** L) schemata 

3. The expected number of samples in a particular 
schema S in the next generation t+l as a result 
of payoff-proportional selection is given by: 

samp(t+l) = samp(t) * f(S) / AVE(f(pop)) 

- The implication is that above average 
schemata are sampled exponentially more 
often over time. 



4. The disruption due to 1-point crossover is: 

( def-len(S) / (L - 1) ) * prob-cross 

- The implication is that short, low-order 
hyperplanes get sampled effectively. 

5. The disruption due to mutation is: 

order(S) * prob-mut 

- the implication is that low order 
hyperplanes are effectively sampled 
when mutation rates are low. 
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6. The number of schemata being "effectively" sampled is 
approx. N ** 3, where N is the population size. 

- the implication is highly parallel search 



3. Discrete Walsh Transforms (Bethke) 

- look at "hyperplane coefficients" in the 
frequency domain 

- character GA-hard, GA-easy problems in terms 
of the energy in lowhigh frequency components 

4. Deceptive Problems (Goldberg) 

- characterize functions which fool the GA 
sampling heuristic: 

e.g, hidden peaks 

. -  



~. . ,  . _ .  . . . . : ..~.. . . ., J . . ' ,  .. ~ . . -  

- 25 - 

4. Markov Chain Analysis (Vose) 

- characterize the trajectories of populations 
as they evolve over time 

- identify stable fixed points, convergence conditions, 
existence/absence of chaotic behavior, etc. 

5. PAC Learning Analysis (Ros) 

- characterize the convergence rates of GAS 
when solving concept learning tasks. 

14 1 

- characterize how population size, operator types, 
operator rates affect convergence rates. 

. .  - _. . . ... . . - 
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Current activities 

Evolving Rules: 

- hybrid MichiganPitt approaches 
e.g., Grefenstette’s SAMUEL system 

- extending to more complex rule languages: 
e.g., expert systems 

Genetic Programming: 

- evolving more complex objects 
e.g.,NNs 

- evolving more complex Lisp code 
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General Issues: 

- exploiting parallelism 
e.g., coarse, fine grained architectures 

- selecting an effective representation 
e.g., binary strings, real numbers, NNs, etc. 

- characterizing GA-hard problems 

- time-varying problems 
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Conclusions: 

- useful tool for toolbox 

- wide range of current applications 

- particularly effective search technique for: 

hilly, noisy, discontinuous, time-varying, 
non-numeric spaces 
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Other Sources of Information 

GA-List: 

- an electronic mailing list with over 
2000 subscribers. 

- to subscribe, send email to: 

GA-List-Request @ N C  .NRL.NAVY.MIL 

Anonymous FTP Sites: 

- provide electronic archives of GA articles, 
GA-List, GA source code, etc. 

- primary site: 

ftp . aic. nrl .navy .mil 

http://NRL.NAVY.MIL
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Abstract 
The design of complex systems requires an effective methodology of invention. This paper considers the 

methodology of the Wright brothers in inventing the powered airplane and suggests how successes in the 
design of genetic algorithms have come at the hands of a Wright-brothers-like approach. Recknt reliable 
subquadratic results in solving hard problems with nontraditional GAS and predictions of the limits of simple 
GAS are presented as two accomplishments achieved in this manner. 

1 Introduction 
New technology is often greeted as a panacea-as a means toward solving all remaining problems of human 
civilization-but practitioners who have been out of school for more than a year or two have learned to greet 
the promises and the hyperbole with no small dosage of skepticism. The situation currently confronting genetic 
algorithms (Goldberg, 1989)-search procedures based on the mechanics of natural genetics and selection- 
is no different than this standard with bold claims and braggadocio followed closely by snickers, sneers, and 
doubts, On the one hand, GAS have started to rack up a considerable track record of empirical success in a 
variety of application domains, but the fiddling and diddling with operators, codings, and algorithm parameters 
that usually have been necessary to achieve these results are quick to extinguish much of the confidence such 
applications success might have engendered. Genetic algorithm researchers and theoreticians have contributed 
to the confusion by arguing endlessly whether existing theory actually means anything, and whether any of it 
has useful implications for algorithm design. 

In this paper, I clear the air by appealing to the perspectives of history and analogy. The current difficulties 
and skepticism are not surprising if one recognizes that (1) genetic algorithms themselves are nonlinear, large- 
memory, stochastic algorithms that operate on problems of infinite variety and high dimension and complexity 
and (2) until recently no integrated theory of GA operation existed. It seems somewhat surprising fiftysome years 
after the beginning of the cybernetics movement and almost twenty years following Holland's (1975) seminal book 
that the pieces of the GA puzzle have only just come together in the last year or two, but I will argue that one 
reason for this delay is that many GA researchers have been using the wrong habits of mind. If we look carefully 
at the development of GA theory, the most important results have come about when researchers have adopted 
tools and processes that are reminiscent of those used in the invention of complex material machines and systems 
rather than the theorems and proofs associated with analyzing the conceptual systems and automata that make 
up most of the subject matter of the field we have come to call computer science. 

To put some flesh on the bones of this argument, I turn to two of the greatest inventors of our times, Wilbur 
and Orville Wright, and review their methodology of invention using the framework developed by Bradshaw 
(Bradshaw & Lienert, 1991), The Wright brothers' use of a shrewd and ruthless functional decomposition, 
facetwise modeling, and well-planned experiments and dimensional analysis enabled them to  get to flight when 
so many others had failed. In the same way, I show how GA first flights have recently been recorded using a 
similar methodology. While many in the GA community seek elegance and rigor almost for their own sake, this 
paper argues that a Wright-brothers approach, what I call a patchquilt modeling approach-a combination of 

Systems presented at Synapse '93, Osaka, Japan. 
'Portions of this paper are excerpted from a paper entitled The Wright Brothers, Genetic Algorithms, and the Design of Complex 
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scaling laws, facetwise models, and empirical calibration and verification-is the surest way to success in the 
analysis and design of effective genetic algorithms (and many other material and conceptual'machines). 

The analogy of the Wright brothers sets the stage for examining two recent results: (1) the theoretical and 
analytical demonstration of fairly severe performance limits on the simple GAS in common use and (2) a newly 
designed GA called a fast messy genetic algorithm that solves boundedly hard problems quickly and reliably. 
Although these accomplishments are noteworthy, the more important lesson for practitioners is how to harness 
GA potential and solve the tough problems that so impatiently await solution. 

2 A Lesson from the Wright Brothers 
For years aviation historians have marveled at the remarkable speed and directness with which the Wright 
brothers invented the powered airplane. Starting in 1899, Orville and Wilbur Wright needed only four years to 
get Flyer 1 off the ground at Kitty Hawk, North Carolina on December 17,1903. The fundamental question since 
then has been how the Wrights were able to succeed where so many others had failed. After all, the preceding 
century was littered with the wreckage of mainly groundborne aircraft of every imaginable configuration. The 
wing flapping of ornithopters and other luckless flying contraptions seems funny, almost silly, to the modern 
observer, but the graves of those who died trying to fly is ample testimony to the seriousness of this business. 

A number of explanations have been devised to explain the Wright brothers' success, but some of these seem 
ancillary, even farfetched, under close scrutiny. For example, it has been suggested that the Wright Brothers 
were simply lucky or simply better craftsmen, and it has even been suggested that they succeeded because 
as bachelors their lives were relatively unencumbered with familial duties. Elsewhere (Bradshaw & Lienert, 
1991) each of these has been dispatched as inadequate (although with two young boys at home I must confess 
a certain attraction to the last of these hypotheses). Bradshaw has offered a more direct explanation of the 
Wright brothers' achievement: they were simply better inventors than their peers. In putting this thesis forward 
Bradshaw examines the historical record and extracts a reasonable account of the Wright brothers' method. 
Simply put Bradshaw suggests that the Wright brothers invented the complex system we now recognize as the 
powered airplane by 

1. decomposing the large problem approximately and intuitively, breaking it into quasi-separate subproblems; 

2. investigating each subproblem separately using simple facetvise models, empirical calibration, and dimen- 

3. assembling the subsolutions and testing the overall invention, paying attention to unforeseen interactions 

People who work with computers for a living need no discussion of the benefits of decomposition, but the second 
point perhaps deserves some emphasis. The Wright brothers used a remarkable array of tools in solving their 
subproblems. In conquering the primary difficulty of lateral stability they turned to nature and noticed the 
warping of bird wings, thereafter devising a means of airplane wing warping, the forerunner of the modern 
aileron. In devising wings of sufficient lift and propellors of adequate thrust the Wrights turned to simplified 
dimensional scaling laws and experimental results on scale models; in devising different shapes for wings and 
propellors sometimes they were just guided by intuition and their knowledge of test results on existing airfoils. 
The point here is that the Wright brothers focused their efforts on their uItimate objective-powered flight- 
using everything and anything that worked to solve the subproblems. In retrospect, with Boeing 747s, fancy 
computational fluid dynamics (CFD) codes, and finite element models (FEM), it is easy-but it is a mistake-to 
view these early efforts as needlessly crude; the use of simple models and partially empirical results was crucial to 
the Wright brothers' success. It seems reasonable to expect the best of the early efforts to design such complex 
systems as genetic algorithms to share some of the Wright brothers' penchant for intuition, experiment, and 
rough analysis. 

sional analysis; 

between the subsolutions. 

3 GA Flight Plan: Decomposition + Patchquilt Modeling 
Elsewhere I have spoken and written about an appropriate decomposition for designing fast, effective genetic 
algorithms. This section briefly reviews that decomposition and explores the type of rough analytics required to 

2 

. ~. ~ . .. 
, J ,.. , . , . . ~. ,: : . , 



161 

piece the puzzle together. 

3.1 A GA design decomposition 
A decomposition of the problem of designing a selectorecombinative genetic algorithm that reflects the current 
state of affairs has been presented elsewhere (Goldberg, 1993; Goldberg, Deb, & Clark, 1992): 

1. Know what you're processing: building blocks (BBs); 

2. Ensure there is an adequate initial supply of BBs; 

3. Ensure that necessary BBs are expected to grow; 

4. Ensure that BB-decisions are well made; 

5. Solve problem of bounded BB-difficulty; 

6. Ensure that BBs can be properly mixed (exchanged). 

The key insight required to design effective GAS is to know what is propagated from generation to gener- 
ation. Holland (1975) identified building blocks-highly fit similarities that are respected under the discovery 
operators-as the quasi-invariant, and calculated expected numbers in a random population (the supply ques- 
tion) and calculated bounds on their expected growth under simple crossover, mutation, and inversion operators 
(the schema theorem or growth question). Because of the complexity of the dynamics, from the very start of his 
theoretical inquiries, Holland performed approzimate analyses or other calculations that were not globally ap- 
plicable, and his students performed experiments using ruthlessly simplified genetic operators on representative 
problems. Progress has been made in the field, not in spite of these simplifications, but because of them, and 
before too much heed is paid to the growing cacaphony demanding more exact analysis, it seems important that 
we circumnavigate the problem using simpler instruments. 

Just as Cayley's separation of the problems of lift and drag (in the 1799 publication On Aerial Navigation) 
helped get the Wrights' thinking right, Holland's recognition of building blocks, their supply, decision making, 
and growth got subsequent researchers properly aligned; however, as Cayley's decomposition needed further 
refinement, so, too, did Holland's. In flight, the major addition was the recognition and solution of the stability 
problem through the discovery and application of the aeliron principle, but the Wrights had to devote considerable 
effort and ingenuity to solving the problems of lift and propulsion as well. In GAS, the addition of the questions 
of problem difficulty and mixing have been necessary, and it has also been necessary to revisit the building-block 
decision-making question and to inject an explicit concern for operator time scales. Together, these additions 
and renewed emphases have led to the design of GA that can solve difficult problems quickly and reliably. 

Some of these efforts will be reviewed in a moment, but before this, it is important to  understand the kind 
of analysis that has been most useful in these efforts. 

3.2 Patchquilt modeling for design 
Although using a good intuitive decomposition of the problem is a key to the Wrights' success, the kind of 
analysis and experimentation one does is also important. I started my own professional career as a hydraulician- 
something of an unusual background for GA work-but I have always felt that this training in the rough-and- 
tumble world of fluid mechanics has prepared me for the multifacetted nature of GAS. In fluid mechanics, it 
is interesting that two innocuous-seeming items-the no-slip (zero-tangential-velocity) boundary condition and 
the convective nonlinearity of the Navier-Stokes equations-induce the complexity that characterizes real fluid 
flows with their laminar flows, turbulent flows, vorticities, and so on. For years, mathematicians and physicists 
restricted their analyses to that which was analyzable, largely ignoring these two critical effects, and in retrospect 
it is not surprising that their studies told so little of the real story of fluid motion. It was not until 1905 when 
Ludwig Prandtl proposed his famous boundary layer theory (Rouse & Ince, 1963),.an approximate model that 
matched the no-slip boundary condition with a core fluid motion assumed to be largely frictionless, that real fluid 
behavior succumbed to more analytical treatment. Boundary layer theory-as much theory in fluid mechanics- 
begins with reasoning about fundamental time, length, or force scales of the flow. This kind of dimensional 
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analysis (Ipsen, 1960) is often used together with simple analytical models that isolate one or two main effects. 
A rough, integrated model is then formed using empirical measurements to stitch together the patchquilt. 

Such rough analytics played a role on the road to Kitty Hawk. For example, the Wright Brothers used lift 
coefficients calibrated by experiments on scale models to predict prototype lift forces. A lift coefficient Ci may 
be expressed as 

Fl 
cc = pV2A/2' 

where Ff is the lift force, p is the mass density of the fluid, V is the velocity of the airstream, and A is the 
planform area of the airfoil. Checking the dimensions of the lift coefficient, using the symbols F, M, L, and 
T for force, mass, length, and time respectively, we obtain [Cl] = ML_S.LaT-2.L$ - MLT-a'. Recognizing that 
Newton's second law (F = ma) relates mass, length, and time dimenslonally as F = MLT'2, we see that the 
lift coefficient may be viewed as a ratio of two forces [Cf] = F/F. Moreover, in practice for an airfoil of given 
geometry, lift coefficients remain remarkably constant at high Reynolds number, R = 9, where V is the airfoil 
velocity, L is its length, and v fluid's kinematic viscosity. Perhaps we are getting somewhat bogged down in 
the details of fluids analysis here, but the point is that rough modeling through dimensional reasoning, coarse 
analytical models, and calibration with empirical measurements .has provided important guidance in designing 
and understanding systems subject. to the complex dynamics of fluid flow, and this same methdology can provide 
guidance in designing and understanding systems subject to the complex dynamics of evolution. 

A single example from the realm of GAS will help drive this point home. In running GAS, it is common to 
observe the rapid effects of selection and recombination early on followed by the slower accretion of improvements 
through the action of selection and mutation. To estimate the length of the initial selectorecombinative burst we 
look at  the the action of selection alone. Elsewhere (Goldberg & Deb, 1991) a number of selection techniques have 
been analyzed. One quantity calculated, the takeover time, is defined as the number of generations for a single 
superior individual to all but dominate a population (occupy n - 1 slots, where n is the population size). For 
typical selection schemes the takeover time is proportional to a quantity between logn (for tournament, ranking, 
block, and other pushy schemes) and n log n (for proportionate schemes). Therefore, a useful calculation is the 
number of generations to good results divided by logn (or n log n). In this way, a GA user can determine whether 
results were obtained in the initial sprint of selectorecombination or the later crawl of selectomutation. Many GA 
users inexplicably allow their runs to continue for hundreds, even thousands, of generations, apparently pinning 
their hopes on the hillclimbing ability of selection and mutation. In many of these cases, it would be better to 
perform a random restart and see whether some other initial population might find better results. 

Actually, i t  would be better to start off using GAS in which we have some confidence that the algorithm is 
going to converge to good answers swiftly, and using bits and pieces of knowledge acquired from experiments 
and rough analysis it is possible to both predict the limits of simple GA processing and design nontraditional 
GAS that overcome these limitations. In the next section, we examine some of the results of applying a Wright- 
Brothers-like methodology to GA analysis and design. 

(1) 

F - F  

4 First Flights 
The use of an effective GA design decomposition and rough modeling is improving our ability to analyze and 
design GAS. This section reviews the construction of control maps for genetic algorithms and the creation of 
fast, messy genetic algorithm that solve hard problems quickly. 

Recently, simple models of each of the portions of-the GA design decomposition were assembled to predict the 
region of effective convergence for a simple GA operating on an easy problem in terms of the selection pressure 
s and crossover probability p ,  (Goldberg, Deb, & Thierens, 1993). Figure 1 shows the shape of the theoretically 
predicted control map, which shows how to set up a GA over a large range of GA parameters. Moreover, in these 
experiments good results were obtained in a subquadratic number of function evaluations: since the number of 
generations is O(logn), n the population size, and since the population size to achieve good decision making 
probabilistically is O(1) (Goldberg, Deb, & Clark, 1992), with 1 the problem size, good convergence is achieved 
with high probability in a number of function evaluations that grows as O(tlog1). This is a tantalizing result, 
but unfortunately more recent results (Thierens & Goldberg, 1993) suggest that the results do not generalize to 
problems of bounded difficulty. Although work will continue to see if adding elitism, niching, mating restriction, 
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Figure 1: A control map of a simple GA operating Figure 2: Simulation results of a simple GA op- 
on an easy problem shows the drift, mixing, and erating on an easy problem outline the border of 
cross-competitive limits of GA success. Within the region of effective solution. The shape of the 
those boundaries, the GA should be expected to predicted control map is confirmed. 
work well. 

or other relatively straightforward mechanism will speed traditional GAS sufficiently, rough calculations and first 
experiments have not been encouraging. 

These other mechanisms may help improve convergence marginally, but none is likely to achieve the sub- 
quadratic potential GAS have been dangling before us as of late. A different approach has recently led to a 
practical, if nontraditional, GA that appears to achieve subquadratic results to problems of bounded difficulty. 
Work began on such messy genetic algorithms (mGAs) at the University of Alabama in 1988 (Goldberg, Deb, 
& Korb, 1990; Goldberg, Icorb, & Deb, 1989), and work here at the University of Illinois since 1990 has been 
directed at overcoming the initialization botileneck of first-generation mGAs. In those early mGAs a partial 
enumeration was performed to ensure the presence of tight building blocks of a given length. Accurate con- 
vergence was obtained, but these results were purchased at a cost of O(f?) function evaluations, where IC is a 
number that goes up with increased problem difficulty. This computationabbarrier was recently smashed via a 
fast mGA that replaces the enumerative initialization with one based on probabilistically complete enumeration 
and building-block filtering (Goldberg, Deb, Icargupta, & Harik, 1993). Despite the need for additional work, 
figure 3 shows that order-5 deceptive problems have been solved to problem sizes 1 = 150. As the figure shows, 
the fast mGA solves the problem faster than the old mGA and the old mGA is known to be faster than the 
usual simple GA. Although some have criticized the choice of these test functions, the 150-bit problem is very 
difficult, containing over points with over a billion local optima! The ability to solve this kind of problem 
in a few hundred thousand function evaluations gives us hope that our stiffest applications challenges may soon 
be tackled quickly and reliably. 

5 Conclusions 
Complex systems are complex because of the nonlinear interactions within and between their subsystems. 
Nonetheless, as the record of the Wright Brothers attests, the design of such systems requires the use of an 
effective decomposition of the design problem followed by solution of subproblems using intuition, experiments, 
and rough analysis. Despite rising calls for more elegant analyses and rigorous mathematics, this paper has shown 
how a Wright-Brothers-like methodology is leading to an understanding of the limits of simple genetic algorithm 
behavior and to the design of nontraditional GAS that solve hard problems quickly, once and for all. Although 
these methods are just now finding their way into practice, the likely result is a broad arsenal of problem-solving 
tools for everyday use across the spectrum of human endeavor. 
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Figure 3: A fast messy GA finds solutions to hard problems quickly and reliably. The original mGA for the 
order-five problem is 0(t5), but the modified procedure is apparently subquadratic. 
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ABSTRACT 

Researchers at the U.S. Bureau of Mines (USBM) 
have developed adaptive process control systems in 
which genetic algo,rithms (GAS) are used to augment 
fuzzy logic controllers (FLCs). Togethdr, GAS and 
FLCs possess the capabilities necessary to produce 
powerful, efficient, and robust adaptive control 
system. To perform efficiently, such control systems 
requirc a control element to manipulate the problem 
environment, an analysis element to recognize changes 
in the problem environment, and a learning element to 
adjust to the changes in the problem environment. In 
this paper, the details of an ongoing research effort to 
develop and implement an adaptive process control 
system for a column flotation unit are discussed. 
Column flotation units are used extensively in the 
mineral processing industry to recover valuable 
minerals from their ores. 

INTRODUCTION 

Economic stresses are forcing numerous industries 
to implement systems teh employ emerging 
technologies. The systems are difficult to control with 
conventional strategies, because these strategies lack an 
effective means of adapting to change. Furthermore, 
the mathematical tools employed for process control can 
be excessively complex even for simple systems. 

In order to accommodate changing process 
dynamics, yet avoid sluggish response times, adaptive 
control systems must alter their control strategies 
according to the current state of the process. Modem 
technology, in the form of high-speed computers and 
artificial intelligence (AI), has opened the door for the 
development of control systems that adopt the approach 
to adaptive control used by humans, and perform more 
efficiently and with more flexibility than conventional 

control systems. Two powerful tools for adaptive 
control that have emerged from the field of AI are 
fuzzy logic (Zadeh, 1973) and GAS (Goldberg, 1989). 

The USBM has developed an approach to the 
design of adaptive process control systems, based on 
GAS and FLCs, that is effective in problem 
environments with rapidly changing dynamics. 
Additionally, the resulting controllers include a 
mechanism for handling inadequate feedback about the 
state or condition of the problem environment. Such 
controllers are more suitable than other types of 
control systems for recognizing, quantifying, and 
adapting to changes in the problem environment. 

The adaptive control systems developed at the 
USBM consist of a control element to manipulate the 
problem environment, an analysis element to 
recognize changes in the problem environment, and a 
learning elentent to adjust to the changes in the 
problem environment. Each component employs a 
GA, a FLC, or both, and each is described in this 
paper. The focus of this paper is an ongoing research 
effort to develop and implement an adaptive process 
control system for a column flotation unit. Flotation 
is a physical process commonly used to achieve 
mineral separation, Le., to separate the valuable 
products from the waste material in a mineral sample. 
Column flotation units, which use a new flotation 
technology, are rapidly increasing in popularity 
because of their efficiency and mechanical simplicity 
(Finch and Doby, 1990). However, due to the 
complex process dynamics associated with column 
flotation units, it has been difficult to achieve anything 
other than stabilizing control in which the system 
parameters are driven to some predetermined 
setpoints. The goal of the current research effort is to 
achieve adaptive, optimizing process control in a 
column flotation unit. 
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PROBLEM ENVIRONMENT 

Flotation is ,an established method for concentrating 
minerals (Sastry, 1978). Separation occurs when 
selected particles are rendered hydrophobic (water 
repellant) with chemical agents (called collectors) and 
are attached to air bubbles moving upward through the 
slurry. Hydrophilic (water attracted) particles are 
unaffected by the air and settle out separately. 
Conventional flotation rcells have been a cornerstone of 
the mineral processing industry for a number of years. 
However, column flotation is becoming increasingly 
popular as an alternative to conventional flotation cells 
because of its efficiency and mechanical simplicity. 
Several copper-molybdenum operations in the United 
States and Canada Are currently operating flotation 
columns while numerous other ventures are running 
pilot-plant tests (Agar, Huls, and Hyma, 1991). The 
popularity of these separators should continue to grow 
as a better understanding of the underlying mechanics 
of the operation is gained. 

Figure 1 shows a schematic of a column flotation 
unit. A chemically treated mineral slurry (feed) is fed 
into the column approximately one-third of the way 
down from the top of the column. Bubbles are ' 

introduced at the bottom of the column. As the feed 
particles sink and the bubbles rise, collisions occur. 
Due to the chemical treatment of the feed, Some 
particle species attach to the bubbles and rise to the top, 
while others are repelled by the air and sink to the 
bottom; thus, a separation occurs. 

Despite the fact that the mechanics of column 
flotation are not difficult, and that column flotation 
units offer distinct advantages for improving the 
metallurgical efficiency of a flotation circuit, there is 
still a lot of room for improvement in the area of 
controlling the operation of a column flotation unit. 
Process variables (also known as condition variables) 
such as pulp level (the height of the froth in the 
column), gas hold-up, bias rate (the net flow into the 
column), bubble size, feed slurry rate, and overflow 
rate must constantly be measured and monitored if 
maximum performance is to be achieved. Furthermore, 
controlled variables (also known as action variables) 
such as grade, recovery, and system capacity must be 
closely monitored so that controlled variables such as 
flow rates, pH, aeration rate, and chemical agent 
addition can be adjusted to provide for optimum process 
efficiency. The objective of the current research effort 

is to produce an AI system that is capable of 
efficiently controlling a column flotation unit in an 
industrial environment. 
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Fig. 1. A schematic of a column flotation unit. 

As will be pointed out in the next section, the 
architecture developed by the USBM for achieving 
adaptive process control utilizes a computer model of 
the problem environment. Thus, this approach is 
actually a form of indirect control wherein the 
computer model is used for system characterization. 
After the parameters of the problem environment are 
accurately identified, the strategy used for 
manipulating the column flotation unit is altered or 
adapted to provide optimum performance. Without 
question, a vital component of the process control 
architecture is a computer model of the column 
flotation unit. In recent years, numerous researchers 
have worked to develop an accurate model of column 
flotation. Some of the more noteworthy research has 
been performed by Finch and Doby (1990), Herbst 
and Rajamani (1989), Luttrell, Adel, and Yoon 
(1987), Sastry and Lofftus (1988), and Ynchausti, 
Herbst, and Hales (1988). Despite these efforts in 
developing a computer model of column flotation, 
there is still no single model that is suitable for the 
control system that is being proposed. Therefore, the 
current research effort includes the development of a 
neural network model of a column flotation unit. 
Neural networks are techniques originating in the field 
of AI that are capable of modeling the performance of 
a system simply by being presented with examples of 



168 

Problem 
Environment 

that systems response. Previous efforts have 
demonstrated the ability of neural networks to 
accurately model conventional flotation units (Karr and 
Gentry, 1992), and therefore should be effective in the 
modeling of column flotation units. %%%? 

The goal of developing an adaptive, optimizing 
process control system for column flotation is quite 
ambitious. However, improvements in the control of 
this minerals separation process can go a long way 
toward increasing the profitability of the minerals 
industry in this country. Additionally, improvements in 
this area can serve to increase the understanding of the 
basic principles that underlie column flotation. The 
process control architecture that is outlined in the next 
section should proJide a platform on which an efficient 
control system can be built. 

STRUCTURE OF THE ADAPTIVE CONTROLLER 

Figure 2 shows a schematic of the USBM's 
adaptive process control system. The heart of this 
control system is the loop consisting of the control 
element and the problem environment (the column 
flotation unit). The co'ntrol element receives 
information from sensors in the problem environment 
concerning the status of the condition variables, Le., 
grade, recovery, system capacity, etc. It then computes 
a desirable state for a set of action variables, Le., wash 
water rate, gas rate, chemical agent addition, etc. 
These changes in the manipulated variables force the 
problem environment toward a predetermined setpoint. 
This is the basic approach adopted for the design of 
most closed loop control system, in the form described 
above, includes no mechanism for adaptive control. 

The adaptive capabilities of the system shown in 
Figure 2 are due to the analysis and learning elements. 
In general, the analysis element must recobmize when a 
change in the problem environment has occurred. A 
"change," as it is used here, consists of any alteration 
in the value of a parameter other than a condition or 
action variable. The status or condition of the feed 
coming into the column is important in the operation of 
a coldmn flotation unit. The composition of the feed is 
not constant, and it is difficult to measure accurately. 
Additionally, the composition of the feed can have a 
dramatic effect on the response of the column flotation 
unit. The analysis element uses information concerning 
the condition and action Variables over some finite time 
period to recognize changes in the environment and to 

compute the new p e r f o m &  characteristics 
associated with these changes. 

t- action Control H variables Element 

Learning 
Element 

new values of 
envtronmental 
parameters I 

Analysis -i Element 
I J 

Fig. 2. Structure of the adaptive control system. 

The new environment (the problem environment 
with the altered parameters) can pose many difficulties 
for the control element, because the control element is 
no longer manipulating the environment for which it 
was designed. For instance, the control element is 
initially designed for a specific mineral separation. 
However, when the composition of the feed changes, 
the control strategy is in effect outdated. Therefore, 
the algorithm that drives the control element must be 
altered. As shown in the schematic of Figure 2, this 
task is accomplished by the learning element. The 
most efficient approach for the learning element to use 
to alter the control element is to utilize information 
concerning the past performance of the control system. 
The strategy used by the control, analysis, and 
learning elements of the stand-alone, comprehensive 
adaptive controller beiig developed by the USBM is 
provided in the following sections. 

Control Element 

The control element receives feedback from the 
column flotation unit, and based on the current state of 
the condition variables, must prescribe appropriate 

,. .,:,.-, : . 
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values of the action variables. Any of a number of 
closed-loop controllers could be used for this element. 
However, because of the flexibility needed in the 
control system as a whole, a FLC is employed. 

Like conventional rule-based systems, FLCs use a 
set of production rules which are of the form: 

IF {condition} THEN {acfion} 

to arrive at appropriate control actions. The left-hand- 
side of the rules (the condifion side) consists of 
combinations of the condition variables; the right-hand- 
side of the rules (the action side) consists of 
combinations of the action variables. Unlike 
conventional expe# systems, FLCs use rules that utilize 
fuzzy terms like those appearing in human rulessf- 
thumb. For example, a valid (yet simple) rule for a 
FLC used to manipulate a column flotation unit is: 

IF {GRADE is LOW} 
THEN {AIR FLOW RATE is INCREASED}. 

This rule says that if the grade of the product being 
produced by the column flotation unit is lower than 
desired, then the air flow rate should be increased. 

The fuzzy terms (LOW and INCREASED) are 
subjective; they mean different things to different 
"experts," and can mean different things in varying 
situations. Fuzzy terms are assigned concrete meaning 
via fuzzy membership functions (Zadeh, 1973). The 
membership functions used in the control element to 
describe GRADE appear in Figure 3. (As will be seen 
shortly, the learning element is capable of changing 
these membership functions in response to changes in 
the problem environment.) These membership 
functions are used in conjunction with the rule set to 
prescribe single, crisp values of the manipulated 
variables. Unlike conventional expert systems, FLCs 
allow for the enactment of more than one rule at any 
given time. The single crisp action is computed using a 
weighted averaging technique that uses the cenler-of- 
area method (Karr, 1991). 

Although the way in which a column flotation unit 
responds to changes in the operating parameters is not 
yet fully understood, there have been some strides made 
in this area. In fact, the basic form of a process matrix 
for the response of column flotation units has been 
established (Finch and Doby, 1990). Table 1 

N 

thda 

Fig. 3. Membership functions for grade. 

represents a summary of the current level of 
understanding of the response of column flotation 
units. Note that the table summarizes the response of 
the controlled variables caused by an increase in the 
manipulated variable (I indicates that the controlled 
variable increases with an increase in the manipulated 
variable, while D indicates that the controlled variable 
decreases with an increase in the manipulated 
variable). This table will serve as the cornerstone of a 
column flotation FLC in that the rules for a FLC are 
written based on the logic included in the process 
matrix. Unfortunately, there are situations for which 
the process matrix is not as accurate as one would 
like. However, the adaptive process control 
architecture developed at the USBM includes a 
mechanism for dealing with such situations. The 
performance of a FLC can be dramatically altered by 
changing the membership functions. This is equivalent 
to changing the defrnition of the terms used to describe 
the variables beiig considered by the controller. As 
will be seen shortly, GAS are powerful tools capable 
of rapidly locating efficient fuzzy membership 
functions that allow the controller to accommodate 
changes in the dynamics of a column flotation unit. 

Table 1. Process Matrix for Column Flotation . 

Condition Action 
Bias Gas Grade Recovery 
rate hold UD 

Wash water rate I I I D 
Gas rate D I D I 
Chemical agent D I D I 
Feed rate D I I ' D  
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Analvsis Element 

The analysis element recognizes changes in 
parameters associated with the problem environment not 
taken into account by the rules used in the control 
element. In the column flotation unit, the main 
parameter of concern is the composition of the feed into 
the column. Changes in the concentration of the feed 
can dramatically alter the way in which the column 
flotation unit responds to changes in the manipulated 
variables; thus, forming a new problem environment 
requiring an altered control strategy. Recall that the 
FLC used for the control element will nqt include the 
composition of the feed in the rules it uses to 
manipulate the column flotation unit. Therefore, some 
mechanism for altzring the prescribed actions must be 
included in the control system. But before the control 
element can be altered, the control system must 
recognize that the problem environment has changed, 
and compute the nature and magnitude of the changes. 

The analysis element recognizes changes in the 
system parameters by comparing the response of the 
physical system to the response of a model of the 
column flotation unit. The neural network model that 
has been proposed for column flotation will require 
limited calculations, and therefore will allow for rapid 
simulation of various situations that might occur. It is 
important to note here that training of the neural 
network will require substantial computational 
overhead, but once the network is trained, the 
simulations of column performance will not be 
computationally cumbersome. In the approach adopted 
here, a computer model predicts the response of the 
column flotation unit. This predicted response is 
compared to the response of the physical system (the 
actual column). When the two responses differ by a 
threshold amount over a finite period of time, the 
physical column flotation unit is considered to have 
been altered, i.e., the composition of the feed has been 
changed. 

When the above approach is adopted, the problem 
of computing the new system parameters (the current 
value of the parameters associated with the column 
flotaton unit) becomes a system characterization 
problem, or a curve-fitting problem (Karr and Gentry, 
1992). The parameters associated with the computer 
model produce a particular response to changes in the 
action variables. The parameters must be selected so 

that the response of the model matches the response of 
the actual problem environment. 

Although an analysis element has not yet been 
completed for a column flotation unit, analysis 
elements have been forged for a number of other 
physical systems (Karr, 1991; Karr and Gentry, 
1992). In these elements, a GA is used to compute 
the values of the parameters associated with the 
physical systems, and the approach needed for a 
column flotation unit is virtually identical. When 
employing a G A  in a search problem, there are 
basically two decisions that must be made: (1) how to 
code the parameters as bit strings and (2) how to 
evaluate the merit of each string (the fitness function 
must be defined). The GA used in the analysis 
element employs concatenated, mapped, unsigned 
binary coding (Karr and Gentry, 1992). The bit- 
strings produced by this coding strategy represent each 
of the parameters that must be identified in the 
problem environment. Typically, the bit-strings 
represent approximately five parameters, and are 
approximately 200 bits long. In the column flotation 
unit, the bit-strings must represent the parameters 
associated with the composition of the feed stream: 
percent solids, grade, density, etc. The segments of 
the bit-strings representing each parameter are read as 
a binary number, converted to decimal numbers 
(OOO=O, 001=1, 010=2, 011=3, etc.), and mapped 
between minimum and maximum values according to 
the following: 

(C,, - c,> b 
(2" - 1) 

c=c,,+ 

where C is the value of the parameter in question, b is 
the binary value, m is the number of bits used to 
represent the particular parameter, and C, and C,, 
are minimum and maximum values associated with 
each parameter that is being coded. 

A fitness function is employed that represents the 
quality of each bit-string; it indicates how accurately 
the response of a model using the new parameters 
matches the response of the actual physical system. 
The fitness function used in this application is: 

{=as 

1- 
f = krd- - grad&J2 

With this definition of the fitness function, the 
problem becomes a minimization problem: the GA 
must minimize f which represents the difference 
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W e e n  the response predicted by the model and the 
response of the physical column flotation system. 

When the GA has completed its task of locating the 
correct values of the parameters in the physical system, 
it has solved 8 system characterization problem. At this 
point, enough information will have been computed 
concerning the column flotation unit that the control 
strategy can be updated by the learning element. 

Learning Element 

The learning element alters the control element in 
response to changes in the problem environment. It 
does so by altering the membership functions employed 
by the FLC of thetontrol element. Since the 
parameters in the problem environment that get changed 
do not appear in the FLC rule set, the only way to 
account for these conditions (outside of completely 
revamping the rule base) is to alter the membership 
functions employed by the FLC. These alterations 
consist of changing both the relative positions and 
locations of the membership functions used to define 
the fuzzy t e rn .  

Altering the membership functions is consistent 
with the way humans control complex systems. Quite , 

often, the rules-of-thumb humans use to manipulate a 
problem environment remain the same despite even 
dramatic changes to that environment; only the 
conditions under which the rules are applied are altered. 
This is basically the approach that is being taken when 
the fuzzy membership functions are altered. 

The USBM uses a GA to alter the membership 
functions associated with FLCs, and this technique has 
been well documented (Karr, 1991). A learning 
element that utilizes a GA to locate efficient 
membership functions used in a FLC that controls a 
column flotation unit is being developed. The 
architecture is currently in place, but must be modified 
in accordance with the control and analysis elements. 

SUMMARY 

Scientists at the USBM have developed an AI-based 
strategy for adaptive process control. This strategy 
uses GAS to fashion three components necessary for a 
robust, comprehensive adaptive process control system: 
(1) a control element to manipulate the problem 
environment, (2) an analysis element to recognize 

changes in the problem environment, and (3) a 
learning element to adjust the control strategy. The 
architecture for such an adaptive, optimizing process 
control system has been developed and is being 
applied to a column flotation unit. 
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ABSTRACT 

Assuring the stability, robustness and completeness of any control system is difficult 
enough, but if the system includes any form of artificial intelligence that allows it to 
adapt or learn while it is operating, such assurance creates new, and perhaps 
unsolvable, problems. This paper examines some of the theoretical and practical 
bases underlying these problems and discusses some current research directed 
toward overcoming them. One pragmatic approach attempts to automate a 
guaranteed optimal design and/or to automate post-design testing by the use of 
evolutionary programming and genetic algorithms. Ideally, it would be preferable 
to provide formal proofs and quantitative design criteria similar to those available 
for linear feedback control systems. Ultimately, the complete solution of these 
problems may require new mathematical developments in the area of non-additive 
measure theory, non-linear dynamics, and the understanding of complexity and 
adaptation in general. 

BACKGROUND 

Adaptive control systems, like any computer based system combining hardware and 
software, require verification and validation for quality assurance. For purposes of 
this paper, verification is taken to mean that the system correctly implements its 
sp.ecifications, which, in turn, are assumed to correctly reflect the intent of the 
designers. This interpretation is usually known as "building the sys tem right." 
(Jafar and Bahill 1993) Validation is taken to mean "building the right system." In 
the case of control systems, this means stability, at least within specified limits, 
optimality to the degree specified, and robustness in the face of disturbances both to 
the "plant" (in the generic sense) being controlled as well as to the control system 
it self. 
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It is clearly preferable to verify the correctness of the system software as it is being 
developed, proving along the way that the implementation in code meets the 
formal specifications and that those specifications are consistent and complete. In 
conventional, Le.: linear or piece-wise linear, control systems, it is possible to 
automate verification using formal, mathematically provable design criteria. 
However, provably .correct and automatable design techniques do not yet exist for 
adaptive systems in general. Such techniques would also provide absolute, rather 
than statistically based assurances of correctness. Assurance of stability, op timality 
and robustness "by design" would also be preferable, however, proof by testing a 
prototype system may be acceptable for some applications. In today's practice, the 
most critical control systems, such as those used for manned space flight, nuclear 
reactors, or strategic weapons, are subjected, at great expense, to exhaustive tests, 
even though they have been designed to meet formal criteria, and this has been 
verified by hand at each step of the design and development process. Somewhat less 
sensitive applications receive statistically designed random testing. , 

The design of control systems in such a way as to provide these assurances has been 
an active area of applied science since the development of classical feedback theory 
by Nyquist, Bode and others. (Gardner and Barnes 1942) The state space model of 
control has made it practical to use formal, mathematical methods to design 
controls for time-varying, multivariate sys tems describable by ordinary differential 
equations. Recent developments have extended the theory to cover systems 
governed by partial differential equations and have combined the state space model 
with the earlier frequency domain approach. Other research, beginning with the 
work of Wiener (1950) and Kolmogoroff (1950), has resulted in a theory of stochastic 
control both for systems that are actually non-deterministic and for systems whose 
behavior is imperfectly known, usually due to noisy measurement. 

If we take the state space view, and assume reasonably complete information, the 
problem of optimal control becomes one of searching that space for the state that is 
"best" by some external criterion, then planning and executing a "trajectory" 
between the present state and that "best" one. Unfortunately, in most practical 
situations, one or more of the following difficulties are present: 

0 

0 

The space can have very many dimensions (each representing a parameter of 
the system), 
Each dimension can have its own distinct mathematical properties (continuity, 
differentiability, etc.), 
These parameters may describe an inadequate or even misleading model of the 
"real" system, 
The space of feasible or attainable states can be non-compact (transitions between 
some states that appear close by any Euclidean measure of distance may require 
complex detours, and small changes in a single parameter may cause transitions 
between apparently distant states), 
There may be no absolute "best" value of the external criteria (we may not know 
how good a job of control is possible), 
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o 

o 

o 

Our information about the system's current state may be uncertain or partly 
unknown, 
Some aspects of the system may actually be random (even though bounded and 
with a known distribution), 
The system may change over time whether or not we do anything to control it, 
and these changes may even be structural. 

All of these difficulties apply to a degree in some aspect of energy and the 
environment. Some of the difficulties have been recognized for a long time and are 
at least partially understood. Others are only now being appreciated, for instance the 
effects of bifurcation (and nominally "chaotic") behavior in electric power systems. 
(Dobson and Chiang 1989, EPRI 1992) These difficulties are generally expressed 
through the observable parameters of either the ."plant" to be controlled or its 
environment showing evidence of non-linearity, non-separability, inherent 
complexity, and uncertainty. Humans are capable of more-or-less successfully 
handling situations of this kind ranging from operating a vehicle to engaging in 
sports. However, the time periods associated with the phenomena and systems that 
require control are frequently too short for human intervention and hence any 
required action must be automated. 

One of the reasons that humans are successful at all in such difficult situations is 
their ability to adapt, rapidly and appropriately, to new information. Such natural 
adaptation is an inherently biological phenomena, and even there, it appears in two 
significantly different levels. Adaptation as exemplified by the adjustment of a 
sense organ to environmental change, such as the eye to light, can be emulated by 
(piece-wise) linear feedback control. This is essentially a selection process. Neither 
the eye nor the programmed-gain control system changes structurally or develops a 
capacity that it did not previously have. Rather, it picks one of its capacities to use at 
the moment. However, it has not been so easy to emulate, electro-mechanically, the 
kind of adaptation that also occurs biologically to produce a capacity, that did not 
exist previously, or, at least, was never exercised. This biological adaptation results 
in a permanent, or, at least, very long term modification of an animal or plant (or of 
its parts or organs) in such a way that fits it more perfectly for existence under the 
conditions of its environment. Our current theories say that this kind of adaptation 
takes place in the species genetically through evolution and in the individual 
neurologically through learning. The designers of adaptive control systems use 
both models (for instance: genetic algorithms and neural networks), as well as other 
models based on the symbolic representations and manipulations used in 
communications and in conscious thought (for instance, rule-based expert systems). 

There is, at present, neither a firm theory nor a set of "engineering handbook" 
procedures to guide the design of any adaptive system, whether it is trained or 
evolved and whether or not it is permitted to continue adapting on-line while it is 
in actual service. Despite some recent advances in design methodology for cases 
where the linearized system around the equilibrium state is controllable, observable 
and can be decoupled using state feedback (Narendra and Mukhopadhyay 19941, 
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these systems continue to be built almost entirely by trial and error, with some 
guidance from prior experience. This approach to design, as well as the nature of 
adaptability itself, makes it extremely difficult either to guarantee the performance 
of an'untried design or even to validate it by testing after it is implemented. 

FORMAL VERIFICATION OF ADAPTIVE SOFTWARE 

The same techniques used in automatic theorem proving underlie the formal, 
logical methods used to prove the correctness of computer programs. By treating 
the program as a theorem that should be provable from its specifications, these 
techniques can be used to determine automatically whether a program matches the 
specification to which it was written, and they can spot inconsistencies and 
ambiguities in those specifications. For programs intended to run in real-time 
and/or in parallel on multiple processors, as is required for most practical adaptive 
control systems, these techniques are still in the research stage. All the current 
techniques require some human intervention, at least to express the system 
specifications in a form suitable for computer processing. Most of these automated 
tools are too slow or restrictive to be applied to the large, complex programs for 
which they should be particularly useful. (Osterweil and Clarke 1992) Even without 
these practical limitations, purely automatic tools would stumble on the 
incompleteness of firs t-order logic and the NP-completeness of many graph-analysis 
algorithms when those algorithms are required to force the execution of all paths 
and to ensure concurrency requirements. However, automated tools are far better at 
detecting possible problems than at suggesting specific solutions, and they can be 
combined with object-oriented design tools to make potential problems even more 
amenable to isolation. These techniques will most likely find their first industrial 
use in the design of'sequential control systems which are often implemented by 
programmable logic controllers (PLCs). 

The feasibility of automatic verification is not at all clear if the software to be 
verified is also capable of self-adaptation on-line: that is, the software can learn to 
modify its behavior from the experience it obtains while actually operating. Except 
for some very specialized cases, the global correctness of adaptive software cannot 
presently be proved by formal methods. The more intelligence that is programmed 
into a system and the more adaptable it is made, the more difficult it is to prove that 
the system will never perform incorrectly. 

Indeed, if enough intelligence can be programmed into an automated system, it will 
become difficult even to judge whether its response to specific cases is appropriate. 
Its decisions may represent an improvement over those of its designers! Adaptive 
software changes as it operates so that it may actually become a different program 
than it was when it was initially implemented. At least in theory, the possible 
changes it may undergo are infinite in number, although, in practice, they may be 
able to be classified into a' finite number of categories. Proving the continuing 
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correctness of such an evolving system requires that its overall bounds be 
established. However, the obvious bounds for any particular system may not be 
precise enough to be useful and/or tightening them in the interest of safety and 
reliability may require unsatisfactory limitations on that system's adaptability. As 
will be discussed later in the context of fuzzy sets, this appears to be a measure 
theory issue affecting all adaptive systems. 

The following four subsections describe some specific problems in verifying the 
performance of adaptive systems and some promising avenues of investigation 
involving (1) fuzzy sets and measure theory, (2) generating causal explanations from 
neural networks, (3) model based neural networks, and (4) non-linear dynamics and 
cellular automata. 

Fuzzv Measure Theorv 

Fuzzy set theory, invented by Lotfi Zadeh (1965), extends classical set theory by 
allowing any set to contain individuals who are only partial members of that set. 
Their partial membership is expressed by a membership function that can take on 
any value between 0 and 1 inclusively. Ordinary sets, called "crisp" in the fuzzy 
parlance, are then viewed as a special case in which each set contains only 
individuals who are full members: Le., the value of their membership function is 1. 
An elaborate mathematical structure has been built on this concept by defining 
fuzzy sets as ordered pairs and using min-max and max-min operators to allow 
complete logical analysis of their fuzzy relationships. 

Although fuzzy, and fuzzy-neural, controllers have met with considerable success, 
there are still many questions to be answered before their design can be made 
systematic rather than heuristic and their performance, stability, and optimality can 
be guaranteed. There are a lack of provable design criteria that would guarantee, or 
narrowly bound, the stability, robustness and optimality of the resulting system. It is 
possible, however, to prove the robustness and the bounded behavior of a fuzzy 
system after its construction, although even this cannot be done for fuzzy systems 
that are actually adaptive (self-learning) while in use. 

There are currently two general approaches toward establishing stability criteria for 
fuzzy control systems. Any such attempt must deal with the non-linearity designed 
into the controller as well as the inherent non-linearity of the plant (the system or 
device to be controlled). The first approach begins by defining fuzzy relations as 
a~alytic, non-linear mappings between error and control. The membership 
functions that produce the fuzzy partitioning are constrained to sum to 1. This 
implies that the fuzzy sets are convex and that the tail of each set does not extend 
beyond the mid-points of its neighbors. Unfortunately, this results, once more, in a 
piece-wise linear approximation to the underlying non-linear situation. A 
controller that is robust, but does not provide uniform performance, can then be 
constructed by forming a surface of these convex sets fitted to the multi-dimensional 
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space representing the plant. Proof of the controller‘s stability requires an adequate 
knowledge of the plant. The second approach to proving stability uses the Lyapanov 
direct method, which does not require the additivity constraints but demands 
boundedness, i.e.: proving that the surface lies within a hypercube. The practical 
significance of this boundedness is that the effective gain of the fuzzy controller has 
to be small. 

There may be a need to redefine stability and optimality in terms that embrace fuzzy 
as well as crisp sets. The difficulty of proving completeness and optimality for fuzzy 
systems is similar to the difficulty in analyzing expert systems or knowledge-based 
systems (KBS) in general. Fuzzy sets may be interpreted as a mapping of probability 
space into possibility space and fuzzy control may be characterized as the 
partitioning of the system’s phase space into cells representing fuzzy rules. 

A number of researchers are trying both to put fuzzy logic on a firm theoretical base 
and to place it in the same context with mathematical probability theory. One very 
detailed attempt (Wang and Klir 1992) treats fuzzy measure theory as a 
generalization of classical measure theory that results from replacing the additivity 
axiom of classical measures with weaker axioms of monotonicity and continuity, or 
with the latter even further relaxed to semicontinuity. This approach is related to 
the two types of nonadditive measures originated by Dempster (1967) and more fully 
developed by Shafer (1976). The Dempster-Shafer ”Theory of Evidence” deals with 
interval-valued probabilities viewed as ranges of admissible probabilities. By 
requiring only superadditive measures (upper semicontinuous) they obtain “belief 
measures” in the form of lower probabilities. By requiring only subadditive 
measures (lower semicontinuous) they obtain ”plausibility measures” in the form 
of upper probabilities., 

On the other hand, Zadeh (1978) defined a ”possibility measure” by taking the 
supremum of the fuzzy set membership function (possibility distribution function) 
in each crisp set wholly or partly contained within that fuzzy set. Possibility 
measures can be shown to be special plausibility measures in the context of evidence 
theory. Wang and Klir (1992) have further defined corresponding ”necessity 
measures” by a similar specialization of belief measures. Unfortunately, even these 
loose requirements, that result in even looser performance boundaries, are too 
restrictive for the real world vagueness of many practical applications. 

Generating Causal Explanations From Neural Networks 

Artificial neural networks originated as a attempt to build a causal model of 
biological nervous systems. However, the simpler neuron models are of doubtful 
validity for this purpose. Instead, they have been found more useful as statistical 
models of many natural and artificial processes. 
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Like other statistical models, neural networks depend entirely on the correctness 
and completeness of the data used to train and test them. They are subject to similar 
problems with scaling, outliers, many-to-one mappings, etc. They, too, are better at 
interpolation than extrapolation. Also, like other statistical models, they cannot 
provide a truly causal explanation of the phenomena they are modeling. Unlike 
expert systems constructed by symbolic AI techniques, neural networks do not 
produce any automatic explanation of their results. 
The models used in control systems may be either causal or statistical. The 
explanatory power of a model is usually based on its ability to provide precise 
control or, at least, accurate prediction of the phenomena being modeled. However, 
some statistically derived relationships provide good prediction but very weak 
control. The so-called "leading indicators" in economics are often examples of this. 
In such cases, it is generally assumed that the statistically related parameters are all 
caused by one or more unknown parameters not included in the data used to derive 
the statistical model. 

Whether the underlying model implies cause or correlation, a complete 
"explanation" seems to require two factors: 
1. a summary expression of the relationship between input and output that 

highlights the relative importance of the various possible inputs for affecting the 
various possible outputs, 

2. an audit trail that traces the actual operations through which the current set of 
outputs were produced by the current set of inputs. 

Both of these can take any convenient form, such as mathematical expressions or 
flow charts. In one expert system currently operating, the Thermal Performance 
Advisor (Wildberger and Hickok 1992), a set of decision trees provide a static 
summary of the underlying model, and changing color codes show an audit trail 
between the current inputs and outputs. 
Most approaches to generating an explanation from a neural network model 
proceed by trial and error. Inputs are either removed or modified until the output 
changes in a way that is important to the user. This shows which input 
parameter(s) have the most effect on the current outputs and even provides a 
measure of that effect, but the process is impractical if there are a large number of 
inputs and outputs, with complex interactions. In another approach to explanation, 
Hecht-Neilson Neurocomputers has included in its KnowledgeNetTM software a 
patented algorithm (Gallant 1988) which builds and uses a matrix of "learning 
coefficients" based on training examples and/or rules. Despite *the patent, this 
method seems very similar to building an associative memory from a decision table 
(Kosko 1987). In any case, constructing the initial matrix seems to require only 
marginally less expert knowledge than is needed to develop an initial set of rules. 

Another algorithmic approach allows an "explanation" to be extracted automatically 
from any previously trained network. (Wildberger 1990) The trained network is 
considered to represent a mapping of any input vector X of dimension m to any 
output vector Y of dimension n, where it is not necessary that n = m. If a particular 
input X produces a particular output Y, then, in a general sense, either through 



179 

causation or only by correlation, X explains Y. However, an adequate "explanation" 
also requires, for any particular output component, k, the relative effect of each 
particular input component, j, on that k'th output. The algorithm calculates these 
effects directly and translates them into natural language sentences of the form 
"since ... therefore." For the benefit of the human user, the explanation is best 
couched in qualitative terms. This can also be accomplished automatically using 
clustering techniques . [ Wildb erger 19931 

Model Based Neural Networks 

Neural networks are well known to be capable of essentially universal 
approximation. The network is "trained" to produce a mapping from an input 
space to an output space. With .only very moderate restrictions on inputs and 
outputs, the desired mapping can always be accomplished, given sufficient 'time and 
computer power. The training procedure amounts to a nonlinear fitting process, in 
which a large, representative sample of input-output pairs are presented one-by-one 
(usually with repetition) and the network parameters (usually "weights") are altered 
to reduce the difference between the desired output and the actual network output. 

Any software, such as an artificial neural network, that is trained by the presentation 
of examples rather than programmed explicitly, cannot readily be proved correct and 
reliable. Today's neural networks are typically frozen after some amount of training 
and are not permitted to change while they are actually in use. However, their 
opacity still makes it difficult to prove their correctness by formal logic alone. By the 
opacity of neural networks is meant that it has not been possible to derive any clear 
logical relationship between their interior configuration and their external behavior 
except in a few special cases. (Wildberger and Hickok 1989, Minsky 1991) One such 
example (Abe et al. 1993) extracts classification algorithms from trained neural 
networks by relating separation hyperplanes to the neuronal weights, but the 
procedure used, while systematic, includes heuristic elements. 

Neural networks are statistical machines, so testing them, as is normally done, with 
statis tical techniques, seems most appropriate, even though exhaustive testing, by 
examining their response to every conceivable situation, is theoretically possible. 
Ultimately, neural networks and other AI techniques should be able to be used for 
critical applications that require more than a statistically based 99% likelihood of 
correct behavior. They should also be permitted to adapt on-line, in real-time, to a 
changing environment and changing goals. Thus far, it has not been possible to 
construct a practical meta-logic that would automate the verification of these 
adaptive systems even though they, too, are only automata! 

The main feature that distinguishes model-based neural networks (MBNNs) from 
those that embody purely statistical mappings is that their connections are 
parameterized to satisfy specific constraints, implied by a putative causal model of 
the task the neural network is being designed to perform. (Caelli et aJ. 1993) Clearly, 
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the possibilities for MBNNs are as diverse as the causal models used to structure 
them. A particularly simple approach is to include as part of the training set, 
theoretically derived input-output pairs, that may represent extremals or jump non- 
linearities not normally seen in operation. This additional training data can be 
based on anything from thermodynamic laws to the operation of shut-off valves 
and circuit-breakers. However, these constraints simply adjust and/or smooth the 
network's behavior, they do not explain it. 

The most common approach to an MBNN is through a qualitative model that 
represents an approximation or a naive view of the complex system or natural 
phenomena being modeled. (Fishwick and Luker 1990) The "neuro-fuzzy" 
paradigm is a typical example. The physical system is first modeled qualitatively 
with fuzzy sets. Then actual data is used to train neural networks to represent the 
membership functions of some or all of the fuzzy sets. Another approach for 
designing the structure of a neural network to reflect prior knowledge about the 
structure of the physical system it is intended to represent, employs hierarchical 
decomposition of the set of inputs to be used as training data. (Mavrovouniotis and 
Chang 1992) The inputs are clustered hierarchically into successive subsets of related 
inputs, by grouping those inputs that refer to one small portion of the physical 
system, one constraint, or a single time interval. The neural network is then 
designed out of hierarchically connected small subnets mimicking the structure of 
the input data. Each layer of subnets feeds its output into subnets at a higher level 
that represent a greater aggregation of the physical input data. The behavior of these 
hierarchical neural networks can be analyzed, allowing the identification of the 
influence of particular measurements on the dynamics of the system. In addition, 
the smaller networks tend to converge faster during training. 

As a purely practical expedient, MBNNs can always provide bounds on their 
adaptability that are as reliable as the causal model on which the network was based. 

Non-Linear Dvnamics of Neural Networks and Cellular Automata 

Although combining a neural network with a causal model helps to provide both 
general boundaries and a convincing explanation for the network's output, the 
inherent opacity of neural networks' internal operations can only be relieved by the 
development of systematic techniques to derive their internal organization in a way 
that appropriately reflects the structure of the problem being addressed and the data 
used. 

In the case of some neural networks having only Boolean inputs and outputs 
formal, logical relations have been able to be derived and associated with the 
network structure and weights. (Hassoun and Watta 1991, Sethi and Yo0 1992, Sethi 
et. al. 1993) The investigators have been able to extract diagnostic rules for systemic 
lupus in the medical domain and thinning rules for OCR processing in the 
document imaging domain. With EPRI support, this approach is currently being 
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extended from networks having binary inputs to those with multilevel discrete 
inputs and thence to continuous inputs. Search algorithms employing threshold 
and multi-valued logic are being tested and a variety of different feedforward 
network architectures are being considered. 

In general, it is always possible to impose a temporal ordering on the space in which 
the neural network operates as a mapping and to treat the network as a non-linear 
dynamieal system. In the case of networks based on gradient training methods (such 
as back-propagation) this seems to open the possibility of geometric interpretations 
through motion over a landscape or over that landscape's image as a phase portrait 
in the state plane. (Akin 1993) Unfortunately, this may only substitute one difficult 
problem for another. In fact, both neural networks and various forms of 
evolutionary programming can be used pragmatically to compute otherwise 
intractable non-linear dynamical systems. It has been proved that the output of a 
continuous time recurrent network can approximate the finite time trajectory of any 
given dynamical system with any specified degree of precision (Funahashi and 
Nakamura 1993). However, such a neural network approximation does not provide 
any additional insight into the essential features of the dynamical system. It only 
serves as a convenient computational engine. 

A neural network can also be viewed as modeling a dynamical system in the form 
of an N-dimensional difference or differential equation that accounts for the 
dynamics of its N neurons. (Jeffries 1990) Each neuron is mathematically a state xi 
(expressed by a scalar real number) with an associated output gi=gi(xi), where gi(xi) is 
typically a ramp or sigmoid actuation function. A network that has been 
successfully trained to solve some problem (in control, prediction, pattern 
recognition, etc.) involving a finite choice is then a system of an N-dimensional 
dynamical system with solutions of the particular problem represented as constant 
attractor trajectories (stable equilibria) or as cyclic attractor trajectories (limit cycles). 
Each such attractor defines an equivalence class on the inputs. In the case of pattern 
recognition, this can be concretely interpreted as some form of geometric invariance. 
The significance of strange attractors, bifurcations and chaos in this view of neural 
networks is the subject of current research. 

There have been a number of attempts to relate the basic elements of dynamical 
systems theory to the behavior of discrete spatial systems known as cellular 
automata (CA). CA typically make use of various forms of evolutionary 
computation distinguished by their details as evolutionary programming, 
evolutionary strategies, genetic algorithms, multiple agent systems, and "artificial 
life". CA behavior has been directly related to the attractor basin portrait used in 
qualitative dynamics (Hanson and Crutchfield 1992). This appears to be leading to a 
redefinition of the "chaos" and other forms of complex spatial patterns that CA can 
generate (Crutchfield and Hanson 1993) (Mitchell et al. 1993). 

Interpreting all adaptive systems in terms of cellular automata and further relating 
CA to non-linear dynamics may only substitute one unsolved problem for another. 
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However, it broadens considerably the search for useful design criteria that will 
guarantee, as well as explain, the adaptive system's behavior. 

A PRAGMATIC APPROACH TO VALIDATION 
OF ADAPTIVE CONTROL SYSTEMS 

The most promising approach to automating the validation of adaptive control 
systems after their implementation may be a purely pragmatic one that, itself, uses 
adaptive techniques. (Grefenstette, 1987 & 1988) This approach requires a validated 
system of the "plant" (the underlying system to be controlled) as well as the adaptive 
controller designed to manage that plant. The need for a valid system of the plant 
may seem merely to move the problem of validation down one level. However, as 
long as the plant without its controller is not self-adaptive, representing it by a 
validated model and system is at least possible with well known technology. The 
underlying concept is to design a genetic algorithm (GA) that serves as a form of 
"devil's advocate" and attempts to make the adaptive control system fail. -The 
individual population members of the GA represent possible operating conditions 
for the plant and its environment as well as possible plant failure modes (if the 
controller is expected to overcome these also). The fitness function for the GA is 
designed to encourage the evolution of population members that cause 
unsatisfactory performance by the control system. The successful evolution of one 
or more such individuals demonstrates that the adaptive control system is 
inadequate in its handling of the particular situation represented by each such 
individual. Either the control system must be improved or that particular 
combination of circumstances must be prevented from occurring by a separate safety 
device or other defensive mechanism. 

Clearly, this approach can uncover all the modes of failure in the adaptive control 
system, but does not provide absolute assurance if, after many generations of 
evolution, no instances of unsatisfactory control occur. It is an old saying: "Testing 
only reveals bugs, never the absence of them." Some subsequent generation, 
spawned by a combination of multiple crossovers and mutations, might yet 
overpower the controller. This difficulty is similar to using the Monte Carlo or Las 
Vegas system methods, which genetic algorithms resemble, without some form of 
"stopping rule." However, after the first few hundred generations have past, the 
most successful individuals in each successive genera tion represent bounds within 
which the adaptive controller performs satisfactorily. The convex hull of these 
bounds provides a well-defined hyperspace within which the system can be 
guaranteed to perform satisfactorily. If guaranteed performance is required to an 
infinite extent in at least one non-trivial dimension, then it is still necessary to 
invent or discover formal logical methods to prove the adaptive system's 
unbounded correctness. 
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In a project begun this year (1994), this approach is being tested in a diagnostic 
context using the Fossil Thermal Performance Advisor (FTPA), an expert system 
developed for New York Electric & Gas (NYSEG), that provides the operator of a 
coal-fired steam power plant with recommendations for improving the 
performance of the plant. This is a cooperative project under the leadership of 
Edward Roache, at DHR Technologies, Inc., in which the Naval Research laboratory 
(NRL) is providing the GA software and the personal expertise of the originator, Dr. 
John Grefenstette, NYSEG is furnishing the FTPA along with data from one of their 
plants, and DHR personnel, who originally built the FTPA, is providing 
modifications to it as well as additional bridging software. Dr. Grefenstette's method 
requires a computer simulation of the plant, for which a neural network model of 
an existing plant will be used. This project is a proof-of-concept test of the capability 
to automate the verification & validation of an expert system using genetic 
algorithms. 

SUMMARY 

This paper has described some of the theoretical and practical problems underlying 
the verification and validation (V&V), and the quality assurance of a control system 
that includes some form of artificial intelligence which allows it to adapt or learn 
while it is running. The paper has also discussed some current research directed 
toward overcoming them. One approach described, attempts to automate the 
validation of such complex systems by the use of evolutionary programming and 
genetic algorithms. Ultimately, the complete solution of these problems may 
require new mathematical developments in the area of non-additive measure 
theory, non-linear dynamics, and the understanding of complexity and adaptation 
in general. 
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Abstract: This paper investigates the feasibility of alternative and more general ways to control 
nonlinear and chaotic systems, based on Artificial Neural Networks (ANN). A chaotic system 
model is considered and a neural network is trained to serve as an intelligent controller for the 
system. During the training phase, a conventional controller is used as the teacher. The neural 
controller is placed in the closed loop after the training phase. Simulation results indicate that the 
neural net controller performs satisfactorily, compared to conventional closed-loop controllers. 
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I. INTRODUCTION 

The conventional method of modeling and controlling dynamic processes is to try to form a 
mathematical model of the system being studied, based on the physical nature of the system. The 
main requirement is that the models must provide reasonable approximation to the actual input- 
output relationship observed from the real system. For reasons of practicality, the engineer makes 
simplifying assumptions about the system, during the modeling phase. Without these assumptions, 
the model will be too large and complicated to be useful. However, these assumptions usually 
result in poorer control performance, compared to the performance of a controller based on a more 
complete model. 

This problem becomes even more significant when the system of interest is nonlinear, since 
there is no simple and unifymg theory for modeling and control of nonlinear dynamic systems. In 
contrast to the design of linear controllers, the techniques available for controlling nonlinear 
systems are, in general, problem specific. In this context, Artificial Neural Networks (ANN) have 
interesting and practical applications. Neural networks are inherently nonlinear and multi-variable, 
and consequently, can provide a general framework for nonlinear modeling and control. A N N s  can 
also perform system identification tasks for both linear and nonlinear processes. 

Recent developments in neural network theory and implementation have provided 
significant impetus to the field of adaptive control of dynamical systems. The learning capabilities 
of multilayer neural networks provide engineers an alternative to classical methods of adaptive 
control design, particularly for nonlinear processes. On-line or off-line control architectures may be 
used, and the choice is application specific. In the off-line approach, the neural net controller is 
trained while the plant is being controlled. As can be expected, this method will not yield 
satisfactory results during the training period. In the off-line procedure, either a mathematical 
model or a neural net model of the plant is used to design and train the controller. After the 
completion of training, the neural net controller is placed in the plant control loop. 
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Many systems are inherently nonlinear, and a significant number of these nonlinear 
systems exhibit temporal chaotic behavior. In a majority of such cases, it is desired that chaos be 
eliminated or a performance measure be satisfied. It is interesting to investigate the feasibility of 
achieving steady behavior through small variations in an appropriate state variable. In the recent 
past, many studies’” have focused on this problem. 

This paper considers a combination of the two issues and reports a preliminary 
investigation of the feasibility of applying neural networks to control temporally chaotic systems. 
In Section 11, a thermal convection loop is presented as a system that exhibits natural chaotic 
motion, and the stabilization of the no-motion state and chaotic motion, are considered. The 
procedure for training a neural network to realize the control objectives, and the simulation setup 
are outlined in Section 111. The results obtained are discussed in Section IV, and the findings are 
summarized in Section V. 

11. STABILIZATION BY FEEDBACK CONTROL 

A. Control of the No-Motion State 

Recent investigations4 have shown that feedback control can be used to suppress the 
chaotic motion that occurs naturally in a thermal convection loop. The loop is considered to be in 
the vertical plane. The lower half of the loop is heated uniformly by an electrical heating coil. The 
top half of the loop is enclosed in a jacket, and cooling water is fed through the inlet and removed 
through the outlet. 

This system is described by a relatively simple mathematical model comprised of three 
coupled first order nonlinear ordinary differential equations; the model however retains much of the 
physics of the problem. Considering the thermal convection loop, the dynamics of the problem can 
be described by 

i =  P ( y - x )  
j ,=-xz-y+Rax 
i = X y - Z  

where x is the lid velocity, y is proportional to the temperature 1 fference between the 3 and 9 0’ 
clock positions around the loop, z is proportional to the temperature difference between the 6 and 
12 0’ clock positions around the loop, P is the loop Prandtl number, and Ru is the Rayleigh 
number. This system of equations is the well-known LorenzsV6 model. 

The setup for determining the evolution of Eqs. (2.1)-(2.3) is shown in Fig. 1. The 
equations are coded in the VisSim block diagram simulation environment, and the results are 
plotted simultaneously. The differential equations are solved numerically using the fourth order 
Runge-Kutta scheme with a time step of At = 0.01, and the dynamics are examined in the range 
t:(0,100). Similar simulation schemes are employed for the different cases described in the rest of 
this paper. 

In controlling the no-motion state, it is desired to maintain x and y at zero. This may be 
accomplished through asymmetric perturbations proportional to x and y, applied to the wall 
temperature. The equations for the controlled system can be written as 
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The results of the uncontrolled and controlled cases are shown in Fig. 2 and Fig. 3 respectively. In 
the uncontrolled state, it is seen that x attains a steady state value of +1.7. In contrast, the 
controlled value of x decays to zero, as seen in Fig. 3. The results presented in Fig. 3 were obtained 
for Ru = 4, KI = KZ = -2.5. The initial conditions used were x(0) = z(0) = 0, y(0) = 1. For the 
controlled system, the velocity x decays to zero for all initial conditions. Further, the no-motion 
state for the uncontrolled system is observed only for Ru < 1. 

B. Control of Chaotic Motion 

Consider the case where z(t) is to be controlled by varying the power supplied to the 
heating coil. The appropriate equations for this case are 

i =  P ( y - x )  (2.7) 
p = -xz - y  (2.8) 

= ~ y - 2  - Ra - K3 (Z + 1) (2.9) 

where K3 is the controller gain. The uncontrolled and controlled temporal evolutions of z are 
depicted in Fig. 4 and Fig. 5 respectively. The results were obtained using the aforementioned 
simulation setup, with P=10, and Ru = 20. The initial conditions are x(0) = z(0) = 0, y(0) = 1. The 
temperature differcnce z is depicted as a h c t i o n  of time, with the uncontrolled case (K3 = 0) 
represented by the dashed line, and the controlled case (& = -2) by the solid line. It can be seen 
that chaotic dynamic behavior of the uncontrolled system changes to steady dynamics in the 
controlled system. 

In. NEURAL CONTROLLER TRAINING PROCEDURE 

A. Training Configuration 

The next step in the investigation is to train a neural network to perform the .control 
functions. The block diagram program used for this purpose is shown in Fig. 6.  It consists of a 
VisSim/Neural Net block, in addition to the rest of the setup described above. In the training phase, 
the conventional controller is used to provide the supervisory input to the neural net. Since the 
variable being controlled is z, only that variable is used as an input, to avoid possible 
overparameterization of the network. Using the same parameter values as in Sec. 11, the gain K.3 is 
varied between -0.35 and -1.40, in steps of 0.01. 

The neural net was configured with one input, z(t) and one output, Un(t), where Un(t) is the 
manipulated variable value computed by the neural net. As can be imagined, the number of 
supervisory inputs equals the number of outputs'. The network structure consisted of two hidden 
layers in addition to the input and output layers, with eight neurons per hidden layer. 
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A learning rate of 0.03 and a weight range of 0.4 were chosen as the initial values and 
these were reduced gradually to 0.0001 and 0.2 respectively. The duration of each training run was 
100 seconds, with a step size of 0.01, and the training was repeated for different values of K3. 

B. Training Environment 

The training procedure was implemented on the VisSim visual simulation environment 
with the Neural Net option, running on a personal compute; equipped with a 486166MHZ 
processor. Repeated training runs were carried out using the auto-restart feature, and the gain 
values were modified automatically based on the runaunt'. Each run of 100 simulated seconds 
took about 60 seconds in real time. Consequently, for a single value of Ray the training procedure 
spanned about 135 minutes. 

Iv. RESULTS 

The results obtained using the training procedure described in Sec. III are presented here. 
With Ra = 20, the uncontrolled evolution, and the controlled behavior due to a conventional 
controller, were shown in Fig. 4 and Fig. 5. For the same set of parameters, the controlled 
evolution due to the neural controller is shown in Fig. 7. It is seen that the neural controller 
performance is quite similar to that of a conventional controller. 

With no further training, the value of Ra is increased to 25, and the neural controlled 
dynamic evolution in this case is show in Fig. 8. It is seen that the neural controller can 
successfully adapt to higher values of Ra. It was also found that the controller yielded accurate 
results, when the system initial conditions were changed. This feature is one of the major 
advantages of implementing nonlinear controllers in the neural framework. The other significant 
advantage is realized when complex nonlinear systems need to be controlled in real time. In such 
cases, a conventional controller would require the computation of a control law, based on the 
current state of the system. For many complex systems, this computation may not be feasible in 
real time. A sufficiently trained neural controller, on the other hand, would give almost 
instantaneous response. 

V. CONCLUSIONS 

In this paper, the feasibility of applying neural networks for the control of chaotic systems 
was addressed. A simple nonlinear model of thermal convection was taken to be the plant. 
Conventional controllers for stabilizing the no-motion state and the chaotic oscillations were 
presented. A neural network was then trained using the back propagation algorithm to perform as a 
closed-loop controller for the chaotic system. The preliminary results are quite satisfactory. 

Currently, the training procedure is being extended to make the neural controller more 
general. This includes using a range of values for Ra and repeating the training procedure for 
different gain values. Further attempts may include devising unsupervised neural controllers for 
nonlinear and chaotic systems. 
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Fig. 1. Uncontrolled evolution in VisSim simulation environment 
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Fig. 2. Uncontrolled evolution of x(t). Ra = 4 
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Fig. 3. Controlled evolution of x(t). Ru = 4, Kl= Kz = -2.5 
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Fig.4. Uncontrolled evolution of z(t). Ra = 20 
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Fig. 5 .  Controlled evolution of z(t). Ra = 20, K3 = -2.0 
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Fig. 6 .  VisSim block diagram for neural network training. 
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Abstract: The development of feed-forward artificial neural 
network based models to predict gas consumption on a daily 
basis is the subject of this paper. The discussion concerns an 
iterative process based on network sensitivities and intuition 
regarding selection of proper input factors. The method is 
applied in forecasting gas consumption for two regions in the 
State of Wisconsin, namely, a portion of metropolitan 
Milwaukee and a region near Fond du Lac. The investigation 
includes a study of the effects of various network sizes and 
training algorithms given a limited availability of relevant 
historical data. The effects of using multiple sources of weather 
data are also investigated for regions without a centrally located 
weather recording station. The training results indicate that 
feed-foxward artificial neural network based models reduce the 
residual predicted consumption root mean squared errors by 
more than half when compared to models based on linear 
regression using identical input factors. The inclusion of 
weather data from multiple sources leads to further error 
reduction. The models were then used for load forecasting 
starting in Summer 1994. The static models preformed well 
from the Summer 1993 until the severe cold weather of mid- 
January 1994. This poor performance was scrutinized; 
investigations point to probable causes that include severe 
weather patterns non-existent in the training data and the 
excitation of consumer behavioral modes either not evident in 
the training data or not well represented by time-of-the-year 
input factor proxies. The search for a solution lead to dynamic 
models that were implemented by updating the neural networks 
with new data as it became available. These models performed 
significantly better but still poorly during and after the severe 
weather of January 1994. 

1. Introduction 

Local gas companies face many challenges in the business 
of supplying gas to their customers. At the same time, these 
companies encourage their customers to participate in 
conservation efforts. One of the challenges is to forecast total 
daily gas consumption for a region (known as daily sendout). 
On a daily basis, each local distribution company (LDC) notifies 
their pipeline company the predicted amount of gas the LDC's 
customers will use the next day. When the error in this 
prediction exceed certain limits, the LDCs are penalized. 

Some models have been developed to address the problems 
mentioned above based on conventional statistical methods such 

This work was supported in part by a grant from The Wisconsin 
Center for Demand-Side Research. 

as multiple regression analysis. The accuracy of these models 
is limited if some of the factors affecting the demand are 
uncertain or unmodeled, or if the data is incomplete. This 
restricts the successful application of these models to the 
problems being addressed. 

An assumption made in the development of existing 
mathematical models is that daily sendout is either linearly or 
nonlinearly related to factors such as heating degree days 
(HDD), the HDD for the previous day, the average wind, the day 
of the week etc. The nonlinear relationship is assumed to be 
known. Two significant sources of error in gas load prediction 
are errors in the weather forecast and errors in the mathematical 
model. The focus of this work is on the latter source of error. 
An improved prediction model can be developed by relaxing 
these assumptions. This is done by increasing the number of 
variables and by allowing the daily sendout to both depend 
nonlinearly on the variables and also on behavioral aspects of 
consumption. 

In this paper we present the use of a feed-forward artificial 
neural network (FFN) approach that inherently models unknown 
nonlinear characteristics from input-output training data and can 
account for behavioral aspects with the proper indicator factors 
as inputs. Our initial results indicate that the feed-forward 
network models have residual mean squared errors (RMSE) that 
are as low as 48% of the RMSE of the linear regression models 
using the same factors and are well under 50% of the residual 
errors of models typically used by the LDCs today. 

We developed the methodologies for a region in 
metropolitan Milwaukee, WI and have applied the methodology 
to a region near Fond du Lac, WI. A FFN model was trained for 
each region. These FFNs were used to forecast gas consumption 
for Winter '93-'94. The results of these models are presented. 
The results are mixed. In general, the FFNs performed better 
than equivalent linear regression models, but performed poorly 
during and after the severe cold of January 1994. 

2. Factors Contributing to Gas Consumption 

Gas consumption depends on many factors. The most 
significant factor is temperature. This is because most gas is 
used for residential, commercial, and industrial heating. The 
normalized gas consumption for a region in metropolitan 
Milwaukee and the average daily temperature of Milwaukee 
from January 1988 to March 1994 are shown in Figure 1. (The 
gas consumption has been normalized to be in the range from 0 
to 1000 units to protect proprietary information and for easy 
comparison of the results to other regions.) Another important 
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linear regression 

FFN model 

factor is wind because buildings lose more heat on a windy day 
rather than on a calm day. Heat loss is also a dynamic process. 
Hence weather factors from previous days have been shown to 
be contributing factors in predicting gas consumption. Many 
industrial and some commercial customers shut down over 
weekends. Thus the day of the week is also a factor to be taken 
into account. Many other potential factors exist, such as hours 
of sunshine, direction of the wind, tap water temperature, 
holidays, bill shock, etc. 

cos(dow) 

sin(doy) 

cos(doy) 

the cosine of 2x/7 times the day-of-the-week, 
where Saturday=O, Sunday=l, etc. 

the sine of 2x/365 times the day-of-the-year, 
where Jan. 1=1, Jan. 2=2, .-, Dec. 31=365. 
the cosine of 2x1365 times the day-of-the-. 

year, where Jan. 1=1, Jan. 2=2, -, Dec. 
3 1=365. 

the sine of 2 times 2d365 times the day-of-the- 
year, where Jan. 1=1, Jan. 2=2, -, Dec. 
31=365. 

the cosine of 2 times 2x/365 times the day-of-the- 
year, where Jan. 1=1, Jan. 2=2, -, Dec. 
31=365. 

sin(2doy) 

cos(2doy) 3. The 20-input Model for WGC 

JYcicDm 
Sendout data for an area of metropolitan Milwaukee was 

provided by Wisconsin Gas (wee)' The region 
'Overs the 'Orthem thirds Of county and parts 

sendout data was total system sendout with transport and 
interruptible customer sendout excluded (known as firm 
sendout), 

With the input factors listed above, we trained a 20:12:8:2 
(# of neurons in input layer : #of neurons in the 1st hidden layer 
: # of neurons in 2nd hidden layer : # of neuron in the output 

based training algorithm with periodic sensitivity 

Of counties to the north and west Of the city. The layer) network using a neurondecoupled extend& K h a n  filter 

The training set data contained one training vector per day 
for each day from 21-Dec-89 to 31-May-93. Each epoch 
consists of training the FFN with all training vectors in the 
training set. The order of the training vectors was 
within each epoch. The network was trained for 950 epochs. 
The test set data one vector per day for each day from 
01-Jun-93 to 29-Mar-94. 

The weather data used in the models to forecast WGC 
sendout was from the U.S. Weather Bureau (USWB) collected 
It the 
We would like to point out that the airport is in the southeastern 
Dart of Milwaukee County and is not actually in the region 
:overed by the sendout data. The airport is also in close 
iroximity to Lake Michigan. Thus the weather data does not 
Ne11 represent the weather conditions further inland due to lake 
:ffect. 

rhe WGC 20-input FF'N 
We determined a set of FFN input factors after 

mplementing studies consisting of linear regression analysis of 
nput factor combinations, analysis of input factors, network size 
md training techniques through initial FFN training, frequency 
iomain analysis etc. The FFN has two outputs - the forecasted 
;endout for the current day and that of the next day. (Note that 
ye will call the current day the k-th day and the next day the 
k+l)th day.) The input factors used in the FFN presented here 
ire: 

International 

23.14 17.63 

11.08 14.38 

Observations of the traininp results 
A linear regression (LR) model was developed using the 

same training data as the FFN (except using heating degree days 
(HDDs) instead of temperatures). The LR model RMSE was 
24.14, compared to 11.08 for the FFN. Thus the FFN training 
error was 48.2% of the LR training error. 

Figure 2a shows the RMSE error for each month in the 
training set for both the FFN and the LR models. The FFN 
model has less RMSE than the LR model in each of the 41 
months in the mining set. Figure 2.b shows the mean error for 

Table 1. The training set, testing set, and dynamic testing set 
results of the WGC 20-in~ut FFN. 

emp(ki-1) the temperature for tomorrow 
emp(k) the temperature for today 
emp(k-1) the temperature for yesterday 
emp(k-2) the temperature for the day before yesterday 
emp(k-6) the temperature for the same day last week as the 

prediction for tomorrow 
emp(k-7) the temperature for the same day last week as the 

prediction for today 
vind(k+l) the wind speed for tomorrow 
vind(k) the wind speed for today 
Yw the tap water temperature 
unshine(k+l) 
unshine(k) the hours of sunshine for today 
:O(k-2) the sendout for 2 days ago 
:O(k-6) the sendout for 6 days ago , 

:O(k-7) the sendout for 7 days ago 
in(dow) the sine of 2nt7 times the day-of-the-week, where 

the hours of sunshine for tomorrow 

Saturday=O, Sunday=l, etc. 

Training Data Dates: 21-Dec-89 to 31-May-93 
Testing Data Dates: 01-Jun-93 to 29-Mar-94 

I reductionFFNLR I 48.2% I 81.6% I 
Dynamic FFN I - I 12.74 I 
model 

reduction dynamic- I - 1 72.3% I I FFNLR 
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each month in the training data set for both the FFN and the LR 
models. The sendout growth versus time can be observed from 
this plot. Early in the training set, there is a tendency to over- 
predict the sendout. In contrast, there is a slight tendency to 
under-predict the sendout over approximately the last two years 
of the training set. This shows a limitation of this approach in 
that we have not taken into account the dynamic nature of gas 
consumption and of the customer base. 

Observations of the testinp data results 
Figure 3a shows the monthly RMSE of the testing set data. 

The first seven months exhibit characteristics seen in the 
training data. The FFN monthly RMSE was always less than the 
LR monthly RMSE. Figure 4a shows the monthly RMSE for 
both the FFN training set and the FFN testing set by month. We 
see that for the first three (Summer) months of the testing data 
the FFN performed in a manner similar to the training 
performance. This was not the case in September and October 
where the testing performance was not as good as the training 
performance, but the testing performance was better than the 
training performance in November and December. 

Then the severe cold in January 1994 occurred. The daily 
performance is shown in Figure 6. For the first time, the FFN 
monthly RMSE exceeded the LR monthly RMSE. The FFN 
actually under-predicted sendout during this period. We 
hypothesize that this occurred because this severe cold weather 
did not exist in the training set. The FFN February RMSE also 
exceeded the LR February RMSE. This time the FFN over- 
predicted. This can be explained by behavioral influences. 
After the severe weather, people turned down their thermostats. 
This could be because of bill shock or people also could have 
adjusted to cooler temperatures. March 1994 testing set 
performance was similar to the training set performance. 

4. The 17-input Model for wP&L 

WP&L DaQ 
Sendout data for a region near Fond du Lac, WI was 

provided by WP&L(Wisconsin Power and Light) . This sendout 
data included transport and interruptible customers. 

The weather data used in the models to forecast WP&L 
sendout was from the USWB for the Madison, WI airport 
(MSN). This recording station is approximately 65 miles 
southwest of Fond du Lac, WI. Thus the data might not well 
represent the weather conditions for that region. 

trained for 250 epochs. The test set data contained one vector 
per day for each day from 01-Jun-93 to 29-Mar-94. 

Observations of the training results 
A linear regression model was developed using the same 

training data as the FFN (again, except using HDDs instead of 
temperatures). The LR model RMSE was 31.00, compared to 
19.74 for the FFN. Thus the FFN training error was 63.7% of 
the LR training error. 

Figure 6a shows the RMSE error for each month in the 
training set for both the FFN and the LR models. The FFN 
model has less RMSE than the LR model in each of the 43 
months in the training set. Figure 6b shows the mean error for 
each month in the training data set for both the FFN and the LR 
models. The sendout growth versus time can be observed from 
this plot. In the first half of the training set there is a tendency to 
over-predict the sendout where as over the last half of the 
training set, there is a tendency to under-predict sendout. 

Observations of the testinp data results 
Figure 7a shows the monthly RMSE of the testing set data. 

The first seven months exhibit characteristics seen in the 
training data. The FFN monthly RMSE was always less than the 
LR monthly RMSE, although at times only slightly better. 
Figure 8a shows the monthly RMSE for both the FFN training 
set and the FFN testing set by month. We see that for June, 
August, November and December of the testing data the FFN 
performed in a manner similar to the training performance. This 
was not the case in July, September and October where the 
testing performance was not as good as the training 
performance. 

When the severe cold in January 1994 occurred the FFN 
monthly RMSE exceeded the LR monthly RMSE. The reason 
for this observation may be the one already mentioned in the 
WGC FFN case. The FFN monthly RMSE for February and 
'March were about the same as the respective LR monthly 
RMSE. The FFN under-predicted the sendout. 

5. Comparisons between 
the WGC region and the wP&L region results 

When comparing the training and testing results between 
the two regions, the WGC models performed better. A summary 
of the testing and training results are shown in Table 2. 

Table 2. A comparison between the WGC region and the 
The WP&L 17-input FFN 

The same input factors used for the WGC 20-input FFN 
were used for the WP&L FFN except water temperature and 
hours of sunshine were not available. Again, the data was 
normalized so that the peak trainiig set sendout was 1OOO. With 
these input factors, we trained a 17:12:8:2 network using a 
neuron-decoupled extended Kalman filter based training 
algorithm with periodic sensitivity adjustments. 

The training set data contained one training vector per day 
for each day from 8-Oct-89 to 31-May-93. The network was 
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_ _ _ ~  

MSN 

MSN, GRB 

These results indicate that the hypothesis, that the techniques 
can be transferred from one region to another may be only 
partially true. But other explanations may explain the 
phenomenon. These explanations include: 

24.40 13.88 

23.13 12.03 

a 

a 

a 

a 

Madison, WI weather data was used for the W & L  region 
near Fond du Lac, WI. This would introduce weather data 
error. We know that the models are most sensitive to 
weather factors. Thus inaccuracies in the weather increased 
load forecast error. 

The WP&L customer base is, apparently, growing faster 
than the WGC customer blrse. Thus the WP&L sendout 
was less accurately modeled with our "stationary" FFN 
model. 

The WP&L customer base, apparently, has a larger 
percentage of industrial usage as noted in the greater 
(percentage wise) base load values. Industrial usage is not 
highly correlated to weather conditions and forecasting 
becomes difficult. 

The WP&L data contains interruptible and transport 
customers, where the WGC does not. The interruptible and 
transport customers are typically the large industrial 
customers. This reinforces the preceding point. 

A note about the January-March weather 1994 data: The 
data was taken off a weather wire, and is thus unaudited. 
We also replaced missing data by extrapolating between 
good data. In addition, much of the wind data was "0 ,  
which actually may be missing data. All of this is to point 
out that we should be cautious of our conclusions about 
what happened after the January 1,1994. 

6. Effect of Multiple Weather Sites 

To eliminate some of the causes of error for the Fond Du 
Lac region, we trained FFNs using multiple weather sites. We 
also used sendout data that did not contain gas usage from 
transport customers. The training data date range for these tests 
were from 08-Jul-92 to 07-Jul-94. The training results are 
summarized in the following table. 

Table 3. The RMSE for the Fond du Lac region model when 
using mulitiple weather sites. 

weather sites LRRMSE FFNRMSE 

We can observe from these results that using multiple weather 
sites for a region without a centrally located weather reporting 
station does improve the accuracy of the model. From these 

results we cannot make the conclusion that removing the 
transport consumption from the data improves the accuracy of 
the model (although we believe this to be the case) in that the 
trainiig data date range is different from the model presented in 
Section 4 above. 

7. A Dynamic Model 

A common technique for tracking a time-varying system is 
to use recent data to update the system model. We used this 
technique to update the 20-input WGC FFN. We synthesized 
what we would have done with the data as if it became available 
on a daily basis. For each day in the "test set" (June 1993 to 
March 1994) we evaluated the network, then updated the 
network with the new data before evaluating for the next day. 
The RMSE for this "dynamic test" was 12.74, compared to 
14.38 for the "static" test and 17.63 for the linear regression 
model. The dynamic FFN outperformed the equivalent linear 
regression model for all but January 1994. 

8. Summary and Conclusions 

The development of feed-forward artificial neural network 
based models to predict gas consumption on a daily basis was 
presented. Models were trained for forecasting gas consumption 
for two regions in the State of Wisconsin, namely, a portion of 
metropolitan Milwaukee and a region near Fond du Lac. The 
training results indicate that feed-forward artificial neural 
network based models reduce the residual predicted 
consumption root mean squared errors by more than half when 
compared to models based on linear regression using identical 
input factors. 

The performance of these models from June 1993 through 
March 1994 was presented. The models preformed well from 
the Summer 1993 until the severe cold weather of midJanuary 
1994. This poor performance was scrutinized; investigations 
point to probable causes that include severe weather patterns 
nonexistent in the training data and the excitation of consumer 
behavioral modes either not evident in the training data or not 
well represented by time-of-the-year input factor proxies. 

The effects of using multiple sources of weather data are 
also invbtigated for regions without a centrally located weather 
recording station. The inclusion of weather data from multiple 
sources leads to further error reduction. 

The search for a solution lead to dynamic models that were 
implemented by updating the neural networks with new data as 
it became available. These models performed significantly 
better but still poorly during and after the severe weather of 
January 1994. 
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ABSTRACT: The objective of 
Automatic Generation Control (AGC) is to 
dispatch electrical power generation to meet 
the load, while constrained by optimum 
economic operating conditions and the North 
American Electric Reliability Council 
(NERC) guidelines. NERC was formed to 
coordinate the operating practices of the 
interconnected utilities in North America. 
The research reported on in this paper 
defines an architecture for an intelligent 
AGC that will result in significant cost 
reductions (short term and long term costs) 
and improved system efficiency. Significant 
savings will be realized by improvements in 
base loading (Le., less units on automatic 
generation control), less time operating the 
system uneconomically (i.e., for a variety of 
control reasons units are not always 
operating at their most economical point), 
and savings in operating and maintenance 
(O&M) costs (i.e., if more units are base 
loaded it is anticipated that plant operation 
will be more efficient). 

Specifically, this paper addresses 
issues surrounding the implementation of 
AGC on a large power system and suggests 
modifications to this implementation in 
which intelligent control could have a 
positive effect. The paper reports on 
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research being conducted to use hybrid 
systems to monitor the status of a power 
plant, utilizing intelligent controllers for 
implementing AGC and dispatching power 
plants, very short term load forecasting 
(several minutes look ahead), and developing 
models of power plants to study degradation 
of plant performance as an input to AGC. 

INTRODUCTION 

The electric utility system in the 
United States is divided into many 
interconnected control areas. Each of these 
areas is responsible for generating enough 
power to meet its own customers or "native 
load." By keeping the generated power 
equal to the power consumed by the load, 
utilities keep the overall system frequency at 
60 Hertz. Under-generation will cause the 
frequency to drop below 60 Hertz while 
over-generation will cause the frequency to 
rise above 60 Hertz. Since the loads in the 
system are constantly changing, the 
generation level in each area must be 
changed as well, in order to maintain the 
desired frequency. The different areas are 
interconnected by transmission lines called 
tie-lines. Periodically, the different areas 
contract sales of bulk power from one to 

'Support for this research is provided under EPRI contract RP 8030-12 and NSF 
contract ECS-92-16549. 
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another across these tie-lines. For example, 
one area may agree to buy 100 Megawatts of 
power from its neighbor for the next hour. 
The two areas then adjust their generation 
levels in order to cause the 100 M W  to flow 
out of the selling area and into the buying 
area across the tie-line. 

This practice adds another factor to 
generation control. Not only must areas 
adjust their generation to meet their own 
changing native load, but they must also 
maintain any scheduled tie-line transactions. 
It is possible by monitoring both the tie-line 
flow and the system frequency, the proper 
generation action (raise or lower) may be 
determined. 

Electric utilities use automatic 
generation control to balance their moment- 
to-moment electrical generation to load 
within a given control area. The problem 
with the classical control approach is that it 
does not have the ability to intelligently 
assess changes within the area it is 
attempting to control. The performance of 
an AGC algorithm is constrained by the 
logistics of implementing a large scale 
control system and by human interaction 
with the control loop. Thus, AGC 
performance is far from ideal. 

Successful operation of AGC also 
requires considering the contribution of the 
personnel involved in its implementation. 
Although, modern control theory supplies a 
variety of tools such as optimal control, 
adaptive control, 'fuzzy control, and artificial 
neural networks for improving AGC 
algorithms, the ultimate efficacy of such 
algorithms depends on whether their 
implementation is agreeable to the personnel 
that interact in the overall AGC operation. 
If not, modern control techniques 
incorporated into daily unit operation may be 
suppressed by plant personnel in favor of the 
classical PID-type controllers. Modifications 
on the AGC algorithm to account for long 
term costs should be implemented only after 

considering the reaction of the personnel 
involved. 

CLASSICAL AGC 
IMPLEMENTATION 

The primary objectives of AGC are: 
(a) to keep tie line interchanges as 
scheduled, (b) to maintain the system 
frequency at the nominal frequency (60 Hz 
in the U.S.A.), (c) to operate with security 
in mind (i.e., with sufficient reserve to 
accommodate disturbances in demand or 
generation), (d) to optimize economical 
operation, and (e) to maximize compliance 
with NERC guidelines [l]. Regardless of 
NERC guidelines, a controller for AGC 
should be designed to reject frequency and 
load disturbances, i.e., items (a), (b), and (c). 
NERC guidelines exist to enforce items (a), 
(b), and (c) in a manner consistent 
throughout the interconnected system by 
establishing bounds in the performance of 
the AGCs. 

The current practice of the load 
frequency control (LFC) function of 
automatic generation control (AGC) is based 
on a strategy known as tie-line bias control. 
In this control strategy each area of an 
interconnected system tries to regulate its 
area control error (ACE) to zero, where: 

ACE - (T - T )  - l0PV - f) (1) a s  a s  

The term T,-T, is the difference between the 
actual and the scheduled net interchange on 
the tie lines. The term 10p(fa-fJ represents 
the area's natural response to fiequency 
deviations. The coefficient, p, is known as 
the system natural response coefficient. It is 
difficult to obtain an accurate value of p 
since it depends on the governor response 
capability of the generating units presently in 
operation and the frequency dependence of 
the load which is varying constantly. 
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Load Change 

A Increase 

A Decrease 

B Increase 

B Decrease 

Tie-line bias control can be illustrated 
by examining a simple case of two 
interconnected control areas as shown in 
Figure 1. Defining power flow out of area 
A as positive, then a load increase in area A 
will have two results. The system frequency 
will decrease and a negative change in tie 
flow will occur. That is, area A will draw 
power from area B to help meet the 

AF (Hz) AT (MW) Necessary action in Area A 

Negative Negative Increase generation 

Positive Positive Decrease generation 

Negative Positive No action 

Positive Negative No action 

(Ref = A) 

Figure 1 Two control areas interconnected 
by a tie-line. 

increased demand. The correct action is 
then for area A to increase its generation to 
restore the frequency and tie flow to their 
proper levels. 

Table 1 contains a summary of the 
different effects of load changes in the 
two-area case. It can be seen that by 
monitoring the system frequency and tie-line 
power flow, the correct response of 
generation (increase or decrease) can be 
determined. The table assumes that we are 
interested only in controlling the generation 

in area A. 
As stated earlier, the current practice 

in AGC systems is to use the frequency and 
tie-line power flow to compute an Area 
Control Error (ACE) which reflects the 
mismatch between generation and demand 
(see Equation 1). The ACE is then sent to 
some type of non-linear controller which 
raises or lowers the generated power. 

A functional block diagram of a 
power system consisting of a network of 
transmission lines and loads, a typical power 
plant, and AGC block is shown in Figure 2. 

DIFFICULTIES ASSOCIATED WITH 
CLASSICAL AGC 

The cost of regulation 
Reference [2] discusses the price paid 

for constant regulation: "it is interesting to 
note that shipboard experience in the U.S. 
Navy with four identical boiler units confirm 
this contention. Typically the leading 
flagship would routinely show a heat rate 
performance of 5% better than the rest of the 
line. This is because the speed of those 
boats following the flagship was being 
adjusted constantly to maintain proper fleet 
position relative to the flagship. In a 
transatlantic crossing where conservation of 
fuel was critical, by eliminating the constant 
readjustment for speed and position, identical 
ship boiler units delivered comparable unit 
heat rates." 

Table 1 Necessary control actions within Area A for load changes within either Area A or B. 
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system can continue to request a unit to 
increase its output to take. advantage of 
economics, even though it is obvious to a 
human observer that the unit is not 
responding to the AGC raise pulses. This 
type of operation ignores the concept of 
economic operation. The inability of 
classical AGC to detect such problems (e.g., 
high limit switch not engaged, telemetry data 
within error bounds, etc.) illustrates the 
problems that may arise Without effective 
communication between AGC and the units 
on control. 

Figure 2 Functional block diagram of a 
power system (adapted from 3). 

Continuous regulation subjects the 
generation units to dynamic stresses that lead 
to increased maintenance costs, and shortens 
the life span of many of the plant 
components. VanSlyck, et a1 [4] state that a 
high percentage of some of the cyclic 
variations in AGC are not produced by load 
changes, but instead are created by the AGC 
system itself. Furthermore, they argue that 
the phase lags between each area's AGC 
demand and its generation changes can 
collectively result in observed system 
frequency oscillations. 

The above discussion highlights the 
need to minimize the amount of AGC 
regulation while attempting to meet the 
objectives of AGC. 

Effective feedback 
Lack of effective communication 

between the unit operators and AGC is a 
significant factor affecting the successful 
operation of AGC. Figure 3 illustrates the 
communication problem. Note that this unit 
has a high output limit of 88 MW, and has 
been given enough raise pulses to increase 
the output of the unit to a value of greater 
than 140 MW. This illustrates how the 

Figure 3 Illustration of ineffective 
communications between AGC and a 
generating unit. 

Transition zones, such as mill points 
for coal fired units, should be taken into 
account by the AGC algorithm. A mill point 
is the point where an additional mill must be 
added or subtracted from a coal fired unit. 
Obviously, it is self defeating trying to 
regulate a unit at a power level equal or 
close to the mill point. Similarly, any AGC 
action requiring a significant number of 
components to be activated or deactivated 
(e.g., valve points) must be considered by 
the AGC algorithm. Even knowledge of 
what type of control is used at the unit level 
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can potentially be used to improve AGC. 
For example, sliding pressure control 
provides improved heat rate performance at 
the cost of response time when compared to 
the traditional boiler follow control. 

Lack of effective communication 
between the unit operators and power pool 
personnel is another significant factor 
affecting the operation of AGC. During 
conversations with plant operators it was 
discovered that some unit operators believed 
AGC was implemented by a person or group 
of people at the power pool. For example, 
when a hydro unit is dispatched, AGC 
responds by requesting the steam units to 
reduce generation. Unit operators are 
familiar with the sudden request to ramp 
generation down and then ramp back up at 
certain times of day, but they do not 
necessarily associate the AGC request to the 
regular cycle of the hydro units. 
Furthermore, when a hydro unit is brought 
off line at an unusual time some unit 
operators again blame the effect of AGC 
regulation on the operating personnel at the 
power pool. 

Operators at the plants can take the 
generating units off AGC control and can 
change the upper and lower generation limits 
on the unit control panel, This information 
is relayed back to AGC and can have a 
considerable effect on load dispatching. 
Personnel at the power pool have noticed 
that the response of a given generating unit 
to AGC is highly dependent on the Unit 
operator at the time. Thus, some operators 
are better skilled to cope with AGC than 
others. 

Realistic vs. academic control paradigms 
AGC control paradigms can be 

roughly divided into two categories: complex 
models with simple controllers, and simple 
models with complex controllers. The first 
category encompasses most of the AGC 
control algorithms in operation and the latter 

category consists of attempts to apply 
modern control schemes such as adaptive 
controllers, minimum variance controllers, 
LQGLTR controllers, robust H-infinity 
controllers, etc.. Modern control schemes 
have been successfully applied to problems 
subjected to relatively few constraints, but in 
the case of AGC it is difficult to formulate 
the problem to be solved with modem 
mathematical techniques without introducing 
assumptions that render the solution 
impractical for actual implementation. When 
the controller synthesis rely on optimization 
techniques, the main problem is to be able to 
synthesize a performance index (pi.) that 
accounts for all constraints and objectives 
necessary for AGC operation, i.e., the 
resulting controller may violate constraints 
that are not identified in the performance 
index. Even if it were possible to account 
for every constraint in a p.i., it will be 
difficult to determine which term in the p.i. 
should be weighted the most. Adaptive 
control or adaptive identification schemes 
can be used to cope with some of the load 
uncertainties and plant nonlinearities 
involved in AGC [SI. However, the 
requirements and complexity of a large 
control area may overwhelm and slow down 
the convergence rate of typical adaptive 
algorithms. However, adaptive schemes, 
including artificial neural networks, can play 
a significant role, if used to perform specific 
tasks in the overall AGC scheme; such as 
adaptive governor control, and system load 
identification, etc.. Artificial intelligence 
tools such as expert systems, artificial neural 
networks, and fuzzy logic are perhaps better 
suited to cope simultaneously with NERC 
guidelines, economical operation constraints, 
and dynamical operation constraints 
(changing loads, temperature variations, mill 
points, operator intervention, etc.). One 
would then expect that successful AGC 
control can be synthesized with artificial 
intelligence techniques at a higher hierarchy 
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and adaptive and robust type controllers at a 
lower hierarchy. 

Deadband response 
NERC guidelines require a tight 

control of ACE over a specified period of 
time. These guidelines are enforced by 
setting limits on the maximum time 
allowable between ACE zero crossings, 
deadbands for AGC operation, etc. 
Complying with the guidelines often requires 
perturbing steady state operation of the 
generating units. Sudden, short-lived spikes 
in the ACE signal are often larger than the 
prescribed deadbands and AGC operation is 
triggered, unnecessarily disturbing the 
operation of the generating units. Widening 
the deadband to accommodate for spikes in 
ACE can result in delayed response of AGC 
to other changes in ACE. This delayed 
response can be avoided by the "wedge 
philosophy" proposed by Jaleeli and 
VanSlyck [6] which advocates setting 
deadbands not only to the instantaneous 
value or most recent measurement of ACE, 
but also to the time averages of ACE as 
follows. First, instantaneous deadband on 
ACE is widened to allow for fewer ''false 
alarms" due to short term spikes. Then a 
deadband limit is imposed on the average of 
the two most recent ACE, and other 
deadband bounds on the average of the three 
most recent ACE measurements, and so on. 
AGC operation is triggered if any of the 
deadband bounds is violated. Tighter 
bounds are expected for averages performed 
over a larger number of ACE measurements 
because confidence intervals in the 
estimation of ACE become tighter as more 
measurements are taken into account 
(standard deviations in the estimates 
decrease as the number of measurements 
increase.) If each bound is plotted against 
the corresponding number of ACE 
measurements a wedge shape graph will 
appear, Le., the bounds will narrow or taper 

down as the number of measurements 
necessary to compute the ACE time average 
increases. 

The wedge philosophy can be 
implemented using the tools already 
developed in the areas of fault detection, 
isolation and reconfiguration [7,8]. In the 
latter context, the wedge philosophy can be 
considered a special case of a bank of 
moving average filters used for failure 
detection. Figure 4 illustrates the concept of 
a bank of filters used for failure detection. 
The obvious generalization (or interpretation) 
of the wedge philosophy is to remove the 
constraint of moving average filters and 
allow for other type of filters that can be 
designed accordingly to the structure of the 
power system. The output of the filters can 
then be fed into a knowledge based system 
(see Rahman and Hazim [9] for an example 
of a knowledge based system used in load 
forecasting) or into a fuzzy logic program to 
determine what action is required from 
AGC. If the generalization is extended 
further, the idea of a wedge can be relaxed 
or generalized into any type of processing 
that uses the history of ACE measurements 
to dictate AGC control action so as to satisfl 
NERC requirements without being overly 

Bank of Filters I 

ACE 

deadband m Rot 
of 
Filter 
Outputs 

Bounds 

versus 1 Dc8db8nd 

I I 

Figure 4 Bank of filters for failure 
detection. 

sensitive to the instantaneous ACE. In the 
latter context, the adaptive controller of 
Shoults and Jativa [5] is implicitly based on 
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an autoregressive, moving average, adaptive 
model of ACE, that is, an estimate of the 
current value of ACE based on the history of 
ACE. However, they did not discuss the 
possibility of using the same adaptive 
scheme to improve the transition of AGC 
from deadband operation. 

Actual vs estimated ACE 
As state previously, the NERC 

guidelines exist to help ensure the objectives 
of AGC in a manner consistent throughout 
the interconnected system by establishing 
bounds in the performance of every AGC. 
These bounds are implemented through the 
NERC definition of ACE. The keyword 
here is "bounds." The fact that individual 
AGC performances must satisfl the 
"bounds" imposed by NERC does not imply 
that the AGCs must be implemented by 
explicitly controlling the value of ACE 
obtained from the ACE equation in the 
NERC guidelines. 

Therefore, it becomes necessary to 
make a distinction between actual ACE and 
estimated ACE. Actual ACE is the error 
between generation and load of a given area 
[9]. The estimated ACE is obtained through 
an equation involving estimates of tie line 
interchanges, frequency deviations from the 
nominal frequency, and a frequency bias 
factor. Under ideal conditions, when the 
frequency bias in the equation for estimated 
ACE matches the actual frequency bias of 
the area, the estimated ACE and the required 
change in generation (actual ACE) are 
identical [lo]. Since the ultimate objective 
of AGC is to regulate generation, its input 
should be the error between generation and 
load, Le., the actual ACE. It can be argued 
that integral action in AGC results in both 
actual and estimated ACE being reset to zero 
[SI, but the transient response of AGC can 
be significantly degraded by errors in the 
frequency bias factor. For example, 
variations in the estimated ACE can be 

much larger than variations in the actual 
ACE, if the frequency bias term in the 
estimated ACE is too large. Also, an 
estimated ACE based on a constant 
frequency bias factor is non-linearly related 
to the required change in generation because 
the actual frequency bias factor is non- 
linearly related to the operating state of the 
area, Le., frequency and load. Using an 
estimated ACE based on a constant 
frequency bias factor as the system error in 
AGC introduces an undesirable nonlinearity 
into the control system. 

The latter problem can be partially 
circumvented by resorting to variable 
frequency biases [6, 10, 11 , 121 that can be 
used in formulas to obtain better estimates of 
the actual ACE. It is not necessary to 
explicitly obtain the actual frequency bias of 
an area in order to calculate the actual ACE. 
Instead, the frequency and tie-line data can 
be used as inputs into an adaptive load 
frequency controller that implicitly depends 
on an estimate of the actual ACE. An AGC 
controller based on the actual ACE will 
provide a tighter control over the 
generatioddemand ratio and hence, a tighter 
control over the estimated ACE obtained 
from Equation 1. The NERC guidelines on 
the estimated ACE can then be enforced by 
translating them into performance bounds on 
the actual ACE. 

INTELLIGENT AGC 
IMPLEMENTATION 

As described above, the major 
problem with classical AGC implementation 
is the use of a moment-to-moment control 
scheme. The use of a unitk dead band 
response is the primary method to minimize 
units chasing the instantaneous load 
fluctuations. The answer to the various 
problems described thus far (and others not 
discussed in the paper) is to provide the 
controller with the capability to make 

. .. . . . .  . .  , * -  . ,  . . . . .  . . .  . -  
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intelligent decisions. To enable the 
controller to operate intelligently it will have 
to be provided more information and the 
knowledge on how to act on this 
information. 

Very short-term load forecasting 
One obvious piece of information is 

having the ability to predict where the 
system load will be within the next several 
minutes. At present, the moment-to-moment 
control of AGC may dispatch a unit to 
increase generation at one moment, then 
instruct the same unit fairly soon after that 
to decrease generation, and then a short time 
later to again increase generation. Most 
plant operators are familiar with these types 
of problems and hate to see their plants put 
on control by the power pool operators. 

This inability of AGC to anticipate 
where the load is going in the next few 
minutes contributes greatly to the poor 
performance of the system. This poor 
performance is reflected in increased 
operational and maintenance costs. In order 
for the performance of AGC and the Units to 
improve, a new approach to forecasting very 
short-term load (within the next 10-15 
minutes) has been developed. As this ability 
is integrated into the intelligent AGC 
algorithm it will give much of the desired 
improvements in system performance. The 
increased performance is achieved when 
there is minimal error between the predicted 
load value and the actual load value in the 
very short-term load forecast. The very 
short-term load forecast is necessary to 
improve the decision-making capability of 
AGC in determining the optimal time when 
a generating unit needs to increase or 
decrease its output. 

Four approaches are being 
investigated for making the very short-term 
load prediction. These approaches are: 

1. Polynomial interpolatiodprediction 
based on immediate past data. 

2. Polynomial interpolatiodprediction 
based on data from previous days. 
3. P-step ahead autoregressive 
prediction using a least means 
squares recursive algorithm with 
exponential forgetting factor. 
4. Artificial neural networks. 

Figure 5 shows the relative performance of 
the LMS algorithm versus the time period 
the load is forecasted for November 23, 
1994. For example, if the load is assumed 
to be constant for the next 10 minutes, then 
the standard deviation of actual versus 
predicted load is 167 Mw. However, using 
the simple LMS algorithm results in a 
standard deviation of 67 MW. These results 
are for actual load data obtained from the 
Southern Electric System and reflect the 
analysis on 12 months of data. 

The final version of the very short- 
term load forecaster will also have to include 
information from the power pool about what 
changes in the tie-line flows are scheduled in 
the next few minutes. 

Development of a new AGC algorithm 
The wedge control discussed above 

can be implemented in the form of a fuzzy 
controller. The positioning of the bounds on 
the dead-band range are being investigated. 
The standard deviations of the moving 



averages of ACE data computed over 
appropriate time periods are used as a first 
approximatiox The power spectral density of 
ACE data accumulated over a 24 hour period 
is shown in Figure 6.  From this figure it can 
be observed that the largest peaks in this 
signal are contained in the frequencies below 
0.002 Hz. This corresponds to a period of 8.3 
minutes. For this reason the moving average 
intervals of past ACE data need to be obtained 
for a minimum of 8.3 minutes. Since NERC 
requirements are specified for ten minute 
periods, then a minimum of ten minutes will 
actually be used. Also, a maximum of one 
hour will be used since scheduled 
transactions, inadvertent energy accounting, 
and time error accumulations are computed 
over one hour periods. 

1.00E+05 1*00E+06 L 

1.00Et01 

1.00E+00 

Frequency (Hz) 

Figure 6 Power Spectral Data of ACE 
data. 

The use of a median filter to remove 
large spikes from the ACE data is also being 
implemented. Median filters are often used in 
signal processing and image processing to 
remove impulsive interference. Median filters 
introduce a nonlinear smoothing effect by 
Using the sample median of the N most recent 
data points. The median is obtained by 
simply ranking the N data points from 
smallest to largest and taking the middle 
value. A median filter can be defined as a 
running median applied to a window of N data 
points. Two key properties are used to 

characterize median filters: 
1. Median filters completely remove short 
duration impulses from a signal. 
2. Median filters pass 'edges' without 
smearing [13]. 

An example of actual ACE data in 
which a median filter would be used is shown 
in Figure 7. The unfiltkred ACE data in 
Figure 7 contains two large spikes. The 
spikes are completely removed by a median 
filter as shown in Figure 8. The filter in this 
case used the five most recent data points. 

Figure 7 ACE data showing spurious 
spike. 

Figure 8 ACE data filtered with a median 
filter. 

The bounds between the dead-band, 
normal assist, and emergency assist ranges of 
the AGC algorithm can be translated into if- 
then statements which can be incorporated 
into a fuzzy controller. An example control 
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statement could be: 
IF ACE (or a moving average of ACE) 

is in the positive normal assist range 
AND the frequency deviation is 

positive 
THEN send control pulse to lower 

generation. 
At present, a fuzzifled version of the 

wedge philosophy is being simulated for a 
two area interconnected system. 

Plant feedback 
Communication between plant 

operators and pool operators and between the 
plant and AGC is a problem. Although the 
present system of AGC controlling 
individual plant outputs by sensing the 
aggregate load mismatch and system 
frequency has worked satisfactorily, if 
improvements are to be made, then there 
must be direct feedback from the plant to 
AGC. This aspect of the research has 
focused on two different problems. The first 
is the development of an intelligent plant 
monitoring system. The second is gaining a 
better understanding of what systems within 
the plant contribute the most to variations in 
plant output versus time. 

Intelligent plant monitoring system 
Classical AGC issues control pulses to 

plants on control assuming their response 
(change in output power) will be in 
accordance with a model of the plant 
acquired from periodical tests. These plant 
models remain unchanged until the next test is 
performed, even though it is known that the 
plant will degrade over time. The fact that the 
plants may degrade between tests (typically 
conducted on an annual basis) causes a 
discrepancy between the desired plant 
response and the actual response. With 
classical AGC, no knowledge of the 
difference is perceived. Thus, the control may 
be far from optimum. 

To improve the operation of AGC, 
up-to-date knowledge of the power plants is 
needed. The major function of the plant 
monitoring system is to provide the current 
performance capability of the power plants to 
AGC. When the current performance 
capability of the power plants becomes part 
of the consideration, AGC is able to make 
intelligent decisions. 

The monitoring system keeps track of 
the performance of the power plant 
continuously. If it detects the occurrence of 
any extreme condition, it should be able to 
inform AGC or the plant operators. Major 
components of the system are the plant 
model and the decision-making system. The 
actual response of the plant is compared 
with the output of the plant model. The 
error signal is then fed into the decision- 
making system in order to decide whether a 
new plant model is necessary. When a new 
model is needed, it is created and then 
transmitted back to AGC. Therefore, AGC 
can make decisions based on the most recent 
plant performance information. This 
approach should greatly increase the 
effectiveness of AGC. 

The functional requirements of the 
intelligent monitoring system are 
summarized below. Figures 9 and 10 show 
the inter-relationships between the different 
control blocks. Figure 9 illustrates the 
relationship between the power plant, the 
monitoring system, and AGC. The 
monitoring system provides an up-to-date 
plant model to AGC, which then uses this 
information to help it decide the desired 
response of the power plant. AGC then 
transmits the control pulses to the power 
plant. - 

Figure 10 shows the architecture of the 
plant monitoring system. The major 
components of the system are: 
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Figure 9 Relationship between the power 
plant, monitoring system, and AGC. 
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Figure 10 Architecture of plant monitoring 
system. 

1. Data collection - Acquires the plant 
data from the sensors connected to the input 
and output of the plant. Performs quality 
control on the data. This system should be 
able to detect abnormal inputs andor outputs 
from the power plant. The source of this 
abnormality could be defective data sensors 
or from another source within the power 

2. File management - The data collected 
is stored in the data files. The management 
system is used to retrieve, delete, and insert 

plant. 

data into files. 
3. Communications - The monitoring 

system needs to communicate with AGC. 
The information it sends back includes the 
new plant performance model and other 
dataregarding the performance response 
capability of the power plant. 

4. Plant performance model generator - 
This system needs to be able to develop and 
maintain an up-to-date plant model. This 
model basically contains the I/O 
characteristics of the plant. The I/O of this 
model can then be compared with the actual 
plant I/O. The discrepancy between the 
model and plant indicates that the plant has 
degraded. An artificial neural network is 
used to generate new performance models of 
the plant. They are used due to their ability 
to develop functional approximations 
between the input and output data collected 
about the plant. 

Fuzzy decision making system - 
Because the main purpose of the monitoring 
system is to maintain a current plant 
performance model, it needs to decide when 
the power plant has degraded to a point 
where a new model is needed. This decision 
ability is critical for the monitoring system 
to be effective. Also, because the plant 
model is the baseline for the comparison, the 
accuracy of the model is critical. The 
decision system will have a mechanism to 
determine the validity of the plant 
performance model. 

5. 

Non-linear plant models 
Figures 1 1 , 12, and 13 illustrate an on- 

going research effort to develop more 
realistic plant models for system simulations. 
Figure 11 shows the textbook control block 
diagram of a two area interconnected system 
(see Figure 1). However, to obtain more 
realistic models the non-linearities of 
governors (Figure 12) and turbines (Figure 
13) are being built using the Simulink@ 
facility of Matlab@. 

~, . . , . '  



24 1 

b , f  

I I 
ilR2 

Rate Urntter Urntted Int r 

Figure 11 Block diagram of a two area interconnected system. 
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Figure 12 Details of non-linear speed governor. 
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Figure 13 Details of non-linear turbine. 
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Results of these non-linear simulations of 
power plantlpower system interactions in the 
presence of supplemental control (AGC) will 
lead to a better understanding of these 
complex control problems. It will also 
represent an attempt at using complex 
control systems to control complex systems. 

Compliance with the NERC B1& B2 
criteria 

NERC has established performance 
criteria for both normal conditions and 
disturbance conditions [14, 151. Under 
normal conditions, ACE should cross zero 
once within ten minutes of the previous zero 
crossing (A1 Criteria), and the average of 
ACE in each ten minute interval during the 
hour should be less than Ld (A2 Criteria). The 
value of Ld is defined in terms of the control 
area's rate of change of demand and is given 
by: 

L, = (0.025)AL + 5 MW 

where AL is either the greatest hourly change 
in the area's load that occurred on the day of 
the summer or winter peak demand for the 
area during the year, or the average of any ten 
hourly changes in the load that occurred 
during the year. Under disturbance 
conditions, ACE should return to zero within 
ten minutes following the beginning of the 
disturbance (B 1 criteria), and ACE correction 
should begin within one minute from the 
beginning of the disturbance (B2 criteria). A 
disturbance is defined for a control area as an 
ACE value greater than 3L,. NERC suggests 
that the A1 and the A2 Criteria should be met 
at least 90% of the time. 

Cased-based reasoning (CBR) is being 
explored as a tool for helping AGC comply 
with the NERC B1 and B2 criteria in the most 
economical fashion. The basic operation of 
CBR is solving a problem by looking at a 
similar problem from the past and using it to 
solve a new problem. This is generally how a 

person goes about solving a problem that 
he/she encounters. For example, a student 
taking a test in school would try to correlate a 
test problem to a similar homework problem. 
By doing so, the student could use the 
solution to the homework problem as a "map" 
to solving the test problem. This is the way 
the majority of problems are solve by human 
beings. In this case, knowledge about how 
best to economically dispatch units for 
numerous power system topologies, 
generation availabilities, and loads will serve 
as the cases. Once a disturbance occurs, the 
system will search its case base and find the 
best match for dispatching the available 
generation to meet the new load resulting as a 
consequence of the disturbance. 

There are several advantages to the CBR 
approach of system control. The first is that it 
most closely resembles the human decision 
making process. CBR systems do not require 
a complete set of information. They can adapt 
an old solution to a similar problem and 
construct a solution to the new problem being 
considered. 

Another advantage is that knowledge is 
stored in memory as separate cases or 
"scenarios". The cases are acquired by the 
knowledge engineer by talking with an expert 
and incorporating hisher knowledge into 
cases. This is important because it allows for 
fast construction of a knowledge base. It also 
allows for easier system maintenance because 
new cases can easily be entered into memory 
and old cases can be revised or deleted totally. 
In this research the cases will be results of 
optimal power flow simulations. 

The ability of the CBR system to provide 
a quick answer is also desirable. The system 
indexes important information in the case and 
looks for a similar case. If there is an exact 
case in the knowledge base, the solution can 
be displayed and implemented almost 
instantaneously. Once a new case is solved, 
the solution will be stored as a new case in the 
knowledge base. Therefore, the knowledge 

. .  , , . ~- . ..: 
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Figure 13 Flow chart of a case based reasoning system (adapted from 16) 

base of the CBR system is continuously 
growing. The solutions are expressed in user 
friendly English with an explanation of how 
the solution was determined. 

A flow chart of a representative case- 
based reasoning system is shown in Figure 14 
and should be used as a reference for the 
following discussion. 

Case representation is the ability to deduct 
the most important features of the problem 
and the resulting solution. These features are 
then put into the computer using key words 
and phrases. Determining what needs to be in 
the system is the main area of knowledge 
acquisition in the system. This is the 
groundwork of any system using CBR. The 
case representation here will be based upon 

the standard IEEE 30 bus system. 
Case indexing is the process that allows 

only relevant cases to be indexed from the 
knowledge base. This is one of the main 
advantages of CBR -- cases that are not 
relevant are not considered. There are three 
types of case indexing in use today. They are 
nearest neighbor, inductive, and knowledge 
guided. 

Nearest neighbor uses a weighted sum of 
features in the input case to index an old case. 
Each featixe is given a numerical weight on 
some scale as 0 (not important) to 10 
(important). This type of indexing is useful 
when the retrieval goal is well defined or 
there are few cases. 

The inductive approach is much better 
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for a system where the outcome is well 
defined and there are a large number of 
cases in memory. This is the most widely 
used method in industry today. This method 
has the advantage of being able to analyze 
the case to determine the most important 
features for case retrieval. Also, it can be 
organized into a retrieval method with a 
hierarchical structure. This helps speed up 
the processing time of the CBR system. 
This is an important feature when 
considering CBR for use in a control system. 

The knowledge guided technique 
attempts to apply existing knowledge to each 
case in memory to determine what features 
are important for retrieving each case. 

Case adaptation is one of the most 
important aspects of the system. The 
adaptation process allows a solution to a 
similar case in memory to be adjusted into a 
solution for the problem case. 

The final advantage of CBR is that the 
system will save all new cases in memory, 
but will not save repeated cases. It is able 
to decide which cases are important and 
which ones are unimportant. By doing so, 
the system is able to maintain a large case 
base with no repeated cases. This ability is 
referred to as learning. 

Overall, a system using case-based 
reasoning will be much easier to program in 
the beginning and be easier to maintain in 
the future. It will also provide an 
explanation to the operator of why a solution 
was chosen, and the system will generally be 
more friendly to the user than other forms of 
intelligent control. 

CONCLUSIONS 

In conclusion, it is important to note that 
hu.man/human and humadmachine 
interactions cannot be neglected in the 
implementation of area generation control. 
Also, Jaleeli's and VanSlyck's "wedge 
philosophy" can be expanded to take 

advantage of the vast amount of research 
already accomplished in the field of fault 
detection and by including heuristic/AI 
techniques. 

An intelligent AGC system is being 
developed with the following features: 
1. Symbolic knowledge at the controller 
level. 
2. A " k i f i e d "  version of the wedge 
control philosophy. 
3. Very short-term load forecasting 
capabilities. 
4. Case-based reasoning for economical 
dispatching of units to meet the NERC B1 
and B2 criteria. 
5. An intelligent power plant monitoring 
system to provide AGC with current plant 
performance capabilities. 
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Abstract 

In this study, a probe is positioned in the mixing zone of two air streams. The goal is to maintain 
the probe at the location of minimum temperature variation. A neural network was trained to 
predict this position based on air stream temperatures and flow rates. An expert system calls the 
network and positions the probe. The position that the neural network predicts is a quantity 
difficult to measure on-line. Without the information from the neural network, the expert system 
can not position the probe. With the information, the expert system maintains it at the desired 
location. This study demonstrates how artificial intelligence could be used to enhance a process 
control system so that a process functions at a more optimal performance. 

Introduction 

During the last few years, d - f i e d  power generating plants have been subjected to an increasing 
amount of pressure to make better use of their resources. This pressure stems from the Clean Air 
Act of 1990 that forces them to reduce hazardous emissions, federal laws that increase competition 
by allowing others access to their transmission lines, and increasing costs associated with process 
waste disposal. To stay competitive, power plants have scrutinized all aspects'of their operations 
for ways to improve efficiency and reduce cost. Applying advanced flue gas clean-up methods 
reduces pollutants. Many of these methods produce saleable by-products instead of generating 
waste. Assuming markets are available for the by-products, these clean-up methods offer a means 
of meeting the Clean Air Act emission levels and decreasing the amount of waste generated. Key 
issues facing the utility companies are controlling advanced processes and maintaining associated 
equipment so the processes function near optimal conditions without requiring large increases in 
the size of plant maintenance staff. Artificial Intelligence (AI) offers promise to improve control 
of these processes and to aid in the maintenance of the equipment. Artificial intelligence software 
is available for determining problems with bearings (McCloskey et al., 1993) and pumps (Colsher 
et al., 1993). This software functions by analyzing the sound waves produced by the equipment. 
Coal-fired power plants in Europe have tested control systems that rely on AI techniques 
(Falinower and Mari, 1993). 

Although both examples use AI, they use very different approaches to solve the problems. The 
approach of the bearings and pumps problem solvers is not to diagnose the problem based on a 
set of rules but rather to infer a relationship between sound amplitude and the cause of the 
problem. The power plant control application requires that rules be developed that advise the 
operators about what should be done to keep the unit operating efficiently. Rules must address 
every off-normal operating condition. These rules are based on years of experience. The 

. .  . . ~ 1 -  . , . . ,  *.. - . , . . . . - .- \ I, 



247 

approach that the developer selects depends upon the specific application. If an advanced burner 
technology or an advanced flue gas clean-up technology is to be controlled, developing precise 
rules may be difficult because the technologies are relatively new. Some advanced flue gas clean- 
up technologies are temperature dependent. Maintaining instrumentation in a corrosive 
environment, such as a flue gas duct, is difficult. A better approach is to develop a relationship 
between operating conditions and average flue gas temperature at various locations in the duct. 
Then operators or a control system can monitor boiler operating conditions and change flue gas 
clean-up process parameters to keep hazardous emissions within limits. The study described in 
this paper tries to use AI techniques to develop a "smart probe." The smart probe positions itself 
at the location of minimum temperature variation in a mixing zone. This demonstration shows 
how neural networks provide information to control systems that is not available from other 
sources. Providing this information to an expert system allows it to make decisions that enhance 
the performance of the process. This type of enhanced control would improve the performance 
of many coal utilization applications. An example of its potential application is the control of the 
Selective Non-catalytic Reduction (SNCR) process. In this process, NO, emissions are reduced 
by injecting urea into the flue gas. The reactions are temperature dependent. If the flue gas 
temperature is outside a narrow temperature range around 1850°F (lOIO°C), NO, emissions will 
increase or ammonia will be exhausted into the atmosphere. Information that describes how the 
flue gas temperature profile changes as load varies is needed to guarantee that SNCR is applied 
correctly. Having a control system that determines the appropriate set of injectors and the 
appropriate settings of SNCR operating parameters is of significant benefit to a utility plant. 

' 

Background on Artificial Intelligence 

An area of research that has intrigued computer scientists is that of simulating human thought. 
Can machines learn to think and reason like humans? This entire research effort including 
decision making, robotic devices, pattern recognition, and various approaches to computer speech 
is called AI. Although this research effort began in the late 1950s, the first large-scale success 
was a program developed at Stanford in the mid-1970s. It helped doctors diagnose and treat 
bacterial infections (Buchanan and Shortliffe, 1984). Researchers developed other programs that 
help in the planning and scheduling of tasks, locating mineral deposits, configuring complex 
computer hardware, and aiding mechanics in troubleshooting locomotive problems (Harmon and 
King, 1985). 

Through the mid-l980s, computer scientists directed their efforts towards the development of 
programs based on deductive logic. A programmer questioned a person very knowledgeable in 
a particular process about the proper response for every off-normal condition. A programmer 
developed logic statements that were consistent with the expert's understanding of the process. 
Companies use these programs to retain knowledge of an expert who is nearing retirement age or 
leaving. These computer programs are called expert systems, and are designed to help novices 
solve routine problems or to aid experts solve complex problems. The expert systems approach 
to solving problems assumes the expert understands the details of the process and knows the 
relationships between process input and output. Learning a computer language designed for 

2 
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developing expert systems, such as LISP or Prolog, interviewing the expert, and coding the rules 
is a major undertaking. Usually the expert is a busy individual and not receptive to being replaced 
by a computer program. It can take several years to generate an expert system. Expert system 
shells were developed td simplify the process of coding the rules. Shells are interpreter-type 
software that reduce the coding process to simply formulating IF TKEN ELSE rules. Learning 
to formulate rules with a shell takes a matter of days while learning a language, such as LISP, 
may take several months. An expert system shell allows a process expert or a programmer to 
develop a set of rules that describes a process in a matter of weeks. Many commercially available 
shells allow the developer to access data from ASCII files, work sheets, and databases. Shells can 
execute external programs and pass idormation to and from these programs. Many shells can be 
embedded into a user's code. 

Neural networks, a very different approach to solving problems compared to expert systems, 
became popular in the 1980s. Neural networks do not assume that a relationship is known 
between process input and output. They try to determine the relationship by analyzing data sets. 
Neural networks are computational systems that use organizational principles of biological nervous 
systems. Computer scientists imitate these principles because biological systems easily outperform 
any of our current approaches to recognizing patterns. The primary requirement for developing 
an expert system is an expert. The primary requirement for developing a neural network is a 
complete data set. In the neural network case, the expert helps by selecting the proper 
representation of the input (for example, a ratio-of two variables may be the best representation). 
The expert takes on the role of a teacher. 

Neural networks consist of several simple, highly interconnected data-processing units. These 
units approximate the complex system of neurons and electrochemical signals used by the human 
brain to process information (Naser, 1992). Each of the neurons in the human brain functions like 
a tiny computer with limited capabilities. C O M ~ C ~ ~  together, these cells form the most intelligent 
system known. Neural networks are a relatively new class of computing systems formed from 
hundreds of simulated neurons interconnected like the brain's neurons. The principal aim of the 
technology is to mimic nature's approach for processing data and information. 

Neural networks have been found to be effective in estimating the fatigue life of mechanical parts 
(Troudet et al., 1990), performing fault detection in a chemical plant (Hoskins et al., 1990), 
diagnosing malfunctions in automobiles (Mark0 et al., 1990), and recognizing human speech 
(Hampshire et al., 1990). Neural networks are being applied within the power industry (Naser, 
1992). AU of the above applications used noisy data, where the relationships between input-output 
pairs were complicated and poorly understood. Many types of neural networks have solved real 
problems. The back-propagation algorithm developed independently by at least three groups 
(Rumelhart et al., 1986; Parker, 1987; Werbos, 1974) is more widely used. During the last five 
years, more than 200 papers discussing power industry AI applications have been published. 
Approximately 56% of the papers use the back-propagation algorithm (Niebur, 1993). 

3 
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Experimental approach 

As a first step in investigating the value of an expert system in collaboration with a neural 
network, a series of simple experiments was conducted. The goal of the experiments was to 
maintain a probe at the location of minimum temperature variation in the mixing zone of two air 
streams. If the temperature and mass flow rate of the air streams varied, would AI software be 
able to maintain the probe at the desired location? 

Facility Description 

The experimental set-up consisted of a 4-inch (10.2 cm) diameter pipe and a 1-inch (2.5 cm) 
diameter pipe concentrically mounted and instrumented with mass flowmeters, immersion heaters, 
thermocouples, and temperature controllers (see Figure 1). The three air streams entering the 
concentrically mounted pipes were individually regulated with Omega FMA-5600 series digital 
electronic mass flowmeters. Each flowmeter had a m g e  of 40 standard liters per minute (SLPM) 
and was accurate to within 2% of full scale. The flowmeters had a response time of 2 s to attain 
98% of the desired flow rate. Two air streams entered the outer pipe through diametrically 
opposed ports. Omega RI Series 750-W immersion heaters maintained the temperature of each 
air stream between 100°F (38°C) and 160°F (71°C). Omega CN5000 series digital temperature 
controllers with T-type thermocouples controlled temperature. Response time of the immersion 
heaters was about 6"F/min (3.3"C/min). The air from the inner pipe discharged into the outer pipe 
in a mixing zone that has a diameter of 4 in. (10.2 cm) and a length of 12 in. (30.5 cm). As 
described in the next two sections, two different mixing mnes were used. In the initial set of 
tests, the temperature diagnostic mixing zone was used. It contained an array of thermocouples. 
In the second set of tests, a probe positioning mixing mne was used that contained a slit 0.375 in. 
(9.5mm) wide by 8 in. (20.3 cm) long. 

Neural network data-gathering tests 

Data gathering is crucial in developing a neural network. Input variables, in this case operating 
conditions, varied over the range of possible values. During the neural network data-gathering 
tests, air-stream temperature was varied between 100°F (38°C) and 160°F (71°C). Stream flow 
rates varied between 10 SLPM and 35 SLPM. The tempemture diagnostic mixing zone contained 
three rows of thermocouples positioned at five distances from the beginning of the mixing zone. 
Each row of thermocouples (e.g., thermocouples 1,2, and 3 are in one row in Figure 1) measured 
air temperature along the horizontal diameter of the pipe. One thermocouple was positioned at 
each end of the pipe's horizontal diameter and the third one was positioned vertically down from 
the top of the pipe. The two thermocouples positioned at the ends of the pipe could be moved to 
any location along the horizontal diameter. The other thermocouple was positioned so its tip was 
located at the center of the horizontal diameter. A test consisted of setting the air flow rates and 
air temperatures. Initially, each row of mixing-zone thermocouples measured air temperature 0.5 
in. (1.27 cm) from the wall of the pipe and at the center of the horizontal diameter. Then, the 
two thermocouples near the pipe wall were moved to 1 in. (2.54 cm) from the wall of the pipe. 
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The thermocouple located at the center of the pipe remained in its original position, serving as a 
check against changes in the operating conditions. Mixing-zone temperatures were measured for 
37 Werent operating conditions. As described later, these results were used to train the neural 
network. 

Data acquisition hardware consisted of MetraByte DAS-8 analog and digital inputloutput boards. 
The DAS-8 is an 8-channe1, 12-bit successive approximation analog to digital converter with 
sample and hold circuitry. The full scale input of each channel was calibrated for f5 volts with 
a resolution of 2.44 mV/bit. Channel inputs were multiplexed using EXP-16 differential signal 
conditioning boards, and cascaded to accommodate the number of inputs. The EXP-16 boards 
selected for thermocouples were calibrated for a gain of 200, using on-board, cold-junction 
compensation. A Compaq Deskpro 286 personal computer, configured with a'math coprocessor, 
640 Kbytes conventional memory, and 1,536 Kbytes of extended memory recorded the data. The 
processor executed at 12 MHz. 

Set-up to test the AI controller 

In the second series of tests, the probe-positioning mixing zone replaced the temperature- 
diagnostic mixing zone. The slit in the side of the pipe was 0.375 in. (9.5 mm) wide and 8 in. 
(20.3 cm) long (see Figure 1). A thermocouple attached to two uni-slide positioners, each 
controlled by a Velmex 8300 stepping-motor controller and driver, was inserted through the slit. 
Two uni-slide assemblies were used to move the probe in two directions. The controller 
positioned the thermocouple in response to changes in air-stream temperature or flow rate. 

Software 

The data acquisition software used is Labtech Notebook, a menu-driven general purpose data 
acquisition package. The user must specify information about field sensors in a channel format. 
Parameters such as input signal range, input signal units, buffer size, scale factor, sampling 
period, and test duration are specified for each signal. The sampling period used to gather data 
to train the neural network was 30 s, with a 600-second test duration. Data was stored in ASCII 
real format, with two decimal place accuracy. During the probe positioning tests, a sampling 
period of 15 sec and a test duration of 60 s were used. Typically, the software executes from the 
main menu using the GO command, although the option exists to call GO from the DOS prompt. 

The commercially available neural network software, Brainmaker Professional (version 2.0) from 
California Scientific Software, was applied in this study. During the network development 
process, the user must define the problem and collect the input-output pairs. If the user neglects 
key input parameters for a particular application, the predictive capabilities of the network will 
suffer. A neural network is not programmed with rules like an expert system. It "learns" in much 
the same way that people do, that is, by example and repetition. 
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After the input-output pairs are collected, the learning stage commences. The network associates 
the outputs with the inputs. Each time an input is presented, the network sends back an answer 
of what it thinks the output should be. When it is wrong, the network corrects itself by changing 
the weight matrices. Brainmaker Professional uses the feed-forward back-propagation algorithm 
to adjust weights. The training process repeats until the network derives answers within a user- 
specified tolerance for all the inputs. This learning process can take considerable time, possibly 
up to several days or weeks, to complete depending on the complexity of the problem and the 
processing speed of the computer used. The final weight matrices can be saved to file and used 
external to Brainmaker Professional to predict outputs for a set of input parameters. 

A network stops training when its answers are within a user-specified tolerance. The user has the 
option of reducing the tolerance and continuing training. Typically, training is conducted at three 
or more progressively smaller tolerance levels. The value of acceptable deviations between 
network answers and the actual output depends upon the accuracy of the input-output pairs 
collected. For example, if inherent errors in the collected input-output pairs limit their 
repeatability to 5%, then training to a tolerance less than 5% is unwise. Although decreasing the 
tolerance will force the network answers to more closely approximate the .collected data, the 
network will not necessarily perform better on new data sets. Usually, continued training at 
progressively smaller tolerances will improve the network performance to a point beyond which 
the performance deteriorates. Once confidence is obtained in the predictive capabilities of the 
neural network, it is used to generate answers for input sets of unknown outputs. 

In this application, neural network input consisted of three air flow rates and two air-stream 
temperatures. The outer pipe air flow rate corresponded to the sum of the flow rates passing 
through two flow meters. One flow meter monitored the flow rate through the inner pipe. Output 
consisted of the coordinates of the point of minimum temperature variation as determined from 
the analysis of the data of the first set of tests described above. Minimum temperature variation 
for a particular flow condition was determined according to the following: 

Determine the mean thermocouple reading at each location in the test section. 

Determine the standard deviation and mean temperature for each column of 
thermocouples. A column is a group of thermocouples with the same radial coordinate but 
different axial coordinate relative to the direction of flow (e.g., thermocouples 1,4,7,10, 
and 13 are in one column in Figure 1). Determine the column with the minimum standard 
deviation. 

After choosing the column, locate the thermocouples with a mean temperature closest to 
the column's average temperature. This point was chosen as the location of the minimum 
temperature variation for the particular flow condition. 
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Table 1 shows the coordinates of minimum temperature variation for various flow conditions. The 
"xO coordinate corresponds to the axial direction, and the "y" coordinate corresponds to the radial 
direction. 

The expert system shell EXSYSP Professional distributed by EXSYSP Inc. was used. It can call 
external programs, pass data to these programs, and receive data from them. EXSYSP 
Professional saves data in files for its own future use and can function without the help of an 
operator. 

The expert system performs the following tasks: 

1. 

2. 

3. 

4. 

5. 

Calls an external program (GETNEW) that reads the data file created by the data 
acquisition system. GETNEW returns the last value recorded for each operating 
parameter. 

Reads a scratch file that contains the operating parameters corresponding to the last 
positioning of the probe. 

Determines if an operating variable has deviated significantly since the last 
positioning of the probe. 

If none of the operating parameters has changed significantly, the expert system 
saves the operating parameters corresponding to the current probe position and 
halts. 

If the operating conditions have changed significantly, then the expert system 
a. Calls the external program NEURAL. It determines and returns to 

EXSYSP the new coordinates of the probe. 
b. Calls the external program that controls the servo-motors 

(POSITNER). It positions the probe to the coordinates determined 
by the neural network. 
Saves the operating parameters corresponding to the current position 
of the probe and halts. 

c. 

The FORTRAN program NEURAL uses the weight matrices determined by Brainmaker 
Professional to calculate the coordinates of the minimum temperature variation. NEURAL scales 
the inputs and outputs in the same manner as Brainmaker Professional. Brainmaker Professional 
could be used in place of NEURAL. However, Brainmaker Professional's execution requires the 
selection of files and parameters from pull-down menus. It does not produce a file that EXSYSP 
Professional can easily read. Using NEURAL decreased the execution time of the positioning 
system. 
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The Basic program POSITNER sends Basic commands to a Velmex 8300 series controlleddriver 
through the computer's RS-232C port. Two servemotors and uni-slide assemblies attached to the 
controller position the thermocouple probe to the specified coordinates. This controller sends 
absolute distances to the servo-motors, therefore POSITNER must convert coordinates to 
incremental distances before sending information to the Velmex 8300. 

The control system executes via a batch file (ALBAT). The batch file prompts the operator to 
position the probe to the origin. Next, the batch file copies a scratch file used by the expert 
system. This file contains the current location of the probe and the operating conditions 
corresponding to that position. Next, the batch file calls the data acquisition program by executing 
the task GO. Instead of using Labtech Notebook's menu, the GO command is issued from the 
DOS prompt. The task GO reads the setup configuration files and hardware configuration files. 
It records five sets of data, one set every 15 s. The data acquisition software is called from a 
loop. Its data file is opened and closed each time through the loop. Other programs must read 
the data file. Instead of creating a new file each time through the loop, Labtech Notebook has the 
option of appending data to an existing file. The information passes from one program to another 
without help from the operator. After the expert system has executed, the cycle is complete and 
the data acquisition system records additional data. The batch file continues to cycle until the 
operator issues a control break command. 

System performance 

The control system requires a cycle of about 110 s. During this time, it collects data, determines 
if the probe needs to be repositioned, and, if needed, performs the move. Five data sets are 
collected at 15-second intervals. The data acquisition software terminates 15 s after recording the 
last data set, hence data collection requires 75 s of the 110-second cycle. If the expert system 
decides not to reposition the probe, the cycle requires 95 s to complete. The servo-motors require 
about 15 s to reposition the probe. The actual time required to position the probe depends upon 
the length of the move and the speed parameters sent to the servo-motors. Tests were performed 
with Velmex uni-slide assemblies with a centrally applied load capacity of 100 lb (45.5 kg). The 
xdirection uni-slide assembly supported the weight of the thermocouple probe and the y-direction 
uni-slide. The user supplies a velocity parameter for each motor. The velocity parameter has a 
maximum value of 4000 stepds. Tests were performed in which the velocity parameters were set 
to values of 1500,2500,3500, and 4000 stepds, respectively. Each uni-slide assembly functioned 
properly throughout the range of operation. A series of test?, determined the positioning accuracy 
of the system. By changing the operating conditions, the user causes the probe to move. After 
several moves, the actual position of the probe was compared with the position determined by the 
neural network. Deviations between the actual location and the coordinates determined by the 
neural network were less than 0.04 in. (1 mm) for all tests. 

8 
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System application 

Selective Non-catalytic Reduction postcombustion methods require the injection of a reagent into 
the flue gas stream to reduce NO, to elemental nitrogen and water vapor. Usually ammonia gas 
or aqueous urea serve as reagents. Pilot-scale testing indicates that the best temperature for NO, 
removal with ammonia is 1750°F (954°C) (Muzio and Arand, 1976). With urea, the optimal 
temperature is about 10°F (38°C) higher ("eixeira et al., 1991). Application of this technology 
requires injection of the reagent through multiple ports (8 to 12) across a duct 40 fi (12.2 m) or 
more in width. Tests conducted in a 100 MW, down-fired utility boiler showed that one set of 
injection ports did not provide adequate access for both half-load and full-load operation (Smith 
et al., 1993). Multiple sets of ports were needed even with the addition of a system to convert 
urea to ammonia based compounds. Tests showed that flue gas temperature decreased by as much 
as 66°F (18.995) through air and water injection. Even so, temperature variation required 
multiple sets of ports. PETC's boiler performance model'(Kemeny et al., 1992) was used to study 
a more conventional 240 MWe tangentially fired unit. Figure 2 shows the portion of the flue gas 
duct appropriate for the SNCR process. Figure 3 shows the relationship between flue gas 
temperature and boiler load for the tangentially fired unit. NO, reduction during boiler start-up, 
shutdown, and cycling requires multiple sets of injection ports. Gases exiting the furnace region 
pass through a platen superheater, a high temperature superheater, a large cavity, a reheater, a 
screen tube bank, and another reheater (see Figure 2). After exiting the second reheater, the flue 
gas temperature for all loads is below the operational window of the SNCR process. If a set of 
reagent addition ports is installed in the large cavity section and a set is installed either after the 
first reheater or after the screen tube exit, then near-optimal SNCR operational conditions can be 
attained for a wide variety of loads. 

If an AI-based control system is used with the SNCR process, software responsibilities and 
response time must be determined. The expert system would monitor steam flow rate as an 
indicator of load. It would determine which set of ports and reagent (urea or ammonia) are more 
appropriate. A neural network would predict water flow rates and air injection pressure needed 
to reduce gas temperature. The response time required depends upon the rate of change of the flue 
gas temperature. During start-up and shut-down, boiler load can change as much as 2% per 
minute (Singer, 1991). This change in load corresponds to about a 12"F/min (6.6"C/min) change 
in flue gas temperature in the tangentially fired unit. Response time of the system should be no 
greater than two minutes. Then flue gas temperature does not change more than 25°F (13.9"C) 
between adjustments in the operating parameters of the SNCR process. The'size and execution 
time of the expert system needed in this application would be similar to the one used in the smart 
probe tests. Instead of positioning a probe, the expert system would open and close solenoid 
valves to control water flow and air pressure. The time required to operate solenoid valves is 
much less than the time required to reposition the probe. The urea conversion system requires 
about 45 min to heat the urea and pass it over a proprietary catalyst to convert it to aqueous 
ammonia based compounds. The long lead time minimizes the use of the conversion system. If 
data recording time is set to about 30 s, then the cycle time of the data acquisition system and 
expert system would be about 75 s. This cycle time indicates that an AI based control similar to 
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the one described in this paper could be used to control the operation of the SNCR process. The 
plant operators could use the SNCR process during the start-up and shut-down operations. An AI- 
based control system allows the SNCR process to be applied to cycling opeetions, also. 

Summary and Conclusions 

In this study, commercially available software was used to develop an AI-based smart probe. 
Data from a diagnostic test section was used to calculate the position of minimum temperature 
variation. A neural network predicted the position of minimum temperature variation based on 
air stream flow rates and temperatures. No instrument exists to measure this quantity. With this 
information, the expert system's decision making logic is simple. This type of control system 
could be applied to coal utilization processes. Using sophisticated instrumentation on a routine 
bases is difficult in coal utilization processes. This study shows how non-routine instrumentation 
can be used for a series of tests to provide data to train a neural network. Then the neural network 
is used in place of the instrumentation. These AI techniques enhance a control system because 
they provide information not available by other means. 

Disclaimer 

Reference herein to any specific commercial product by trade name, trademark, manufacturer, or 
otherwise does not necessarily constitute or imply its endorsement, recommendation, or favoring 
by the United States Government or any agency thereof. 
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Abstract 
Existing fossil-fired electric power generation systems can operate with significantly lower 
levels of NOx and other undesirable emissions, while maintaining or improving heat rate, 
by optimizing adjustments to the inputlcontrol parameters of the combustion system. This 
is being achieved in about ten shifts of regular operations with Sequential Process 
Optimization (SPO) technology, without capital expenditures, historical data or prior 
models. As measurements or calculations of critical outputs are available, SPO 
sequentially provides advices for adjustment to input parameters in order to converge 
towards the optimum, and thereafter maintain it. 
The ULTRAMAX SPO is based on unique statistical and mathematical methods to 
sequentially: 1 ) generate new knowledge (prediction models for all outputs) from 
sequential operating data, and 2) sequentially define new input adjustments through 
synthesis with the integration of these models, to achieve overall process performance 
improvements. This includes quick compensation for known changes in uncontrolled 
inputs such as fuel quality or load demand, and adaptation to unknown slow changes in 
system behavior. SPO can be started immediately without need of historical data or 
engineering models, but can use them if available. The technology can be closed-looped 
with DCS to maintain near-optimal performance automatically subject to Alarm conditions. 
A significant advantage of this SPO as compared to other technologies is its reliability of 
use during production. 
The SPO Technology is part of the ULTRAMAX Method, which includes a complete 
strategy for achieving multiple objectives tailored to fit the specifics of each operation, and 
defining personnel procedures. At an engineering level it provides for sensitivity analyses 
to understand certain bottlenecks which may be worth resolving through retrofits. 
This solution, in part co-developed by EPRI, was introduced into the power industry in late 
'93 after a variety of validation studies. Since then there have been a series of 
commercial applications with U.S. utility companies, where ROl's have been in the order of 
one month. Six case studies are presented which have various combinations of 
objectives such as reduction in NOx, CO, opacity, LO1 and Heat Rates. 
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Background 
Experience has amply shown that there are significant gains to be made from virtually all 
boilers by better adjustment or tuning of the control parameters (e.g., excess 02, dampers 
and tilts positions, mill bias, and constants for first level control schemes, such as Delta 
PIS). Gains relate to measurable or estimated results which are important for boiler 
management, e.g., emission levels, opacity, heat rate, costs, etc. These gains are 
frequently sufficiently large to avoid or delay the need for new equipment to satisfy, e.g., 
new emission regulations. 
The most effective technology today to achieve these improvements through 
adjustmentshuning is Sequential Process Optimization, in particular, the solution included 
in the ULTRAMAX Method. 

Technology 
Appendix 1 describes some of the salient features of SPO. The technical features of 
ULTRAMAX'S SPO are described in various publications such as Moreno & Yunker (1992) 
and Moreno (1 993). This technology was, in part, co-developed by EPRI. Some of the 
distinguishing technical characteristics are: 

The analysis is sequential. As soon as new run data is available, models are 
refreshed and new settings for the control parameters determined. This means that 
adaptive learning is very quick; one does not wait until large amounts of data become 
available in order to perform analysis. This is critical because each time that the 
system undergoes significant changes or maintenance, the old data is no longer as 
valid, and using it leads to much less accurate and reliable prediction models. 
This quick learning also means that SPO is safe to be used during regular production, 
and thus avoids the high costs associated with getting data, e.g., for parametric 
studies. 
The models are goal-oriented, locally accurate quadratic. These models are 
adequate for controlled extrapolations, which is necessary in order to be able to move 
the adjustments from the past region of experience to the optimal combination. 
The quadratic degree is necessary in order to deal with interaction between the 
variables. Interaction is what makes optimization difficult when changing one variable 
at a time, or with parametric studies which do not include the estimation of 
interactions. Most optimization is achieved by exploiting interactions between the 
inputs. 
The "locally accurate" resolves the problem of lack-of-model fit (which exists in all 
models, including Neural Networks). Locally accurate models are generated through 
weighted regression, where the resolution of the weights is part of the regression 
process itself. 
Some output variables may be "calculated", Le., the user provides a model to calculate 
its value given the values of other variables (inputs and/or outputs), These models 
override the regression models within the technology. 
Generating an Advice is done by integrating the prediction models for all the outputs, 
and searching for values of input settings evaluating the overall performance 
according to the criterion described in the Problem Formulation, subject to a paced, 
controlled extrapolation into unexplored regions. All formulation are of the form: 
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Maximize or Minimize some output, while (at a higher level of priority) inputs and 
output variables fall within some constraints. In addition, the Advice is a mathematical 
displacement from the optimum estimate. This deviation is such that at a small 
sacrifice in performance the process will generate data which will aid in having much 
better models in the future (e.g.., to prevent falling into a near-subspace, from where it 
would take a long time to escape without running into risks). 
The technology deals with inputs which the user cannot control, such as load, coal 
quality, environmental conditions, etc. Local models are special for the current values 
of the uncontrolled inputs, and the Advice on the control inputs indicates how to best 
run the process for these dynamic conditions. 

Control 
0 w 

I 

Inputs 

- - w 
I I 

outputs 

Figure 1 : The ULTRAMAX Decision Input/Output Diagram. 
The specific variables are defined by the users in the 

"Problem Formulation" stage. 
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The Ultramax Method 
There is a set of principles and procedures called the ULTRAMAX Method to manage 
the adjustments of inputs of a process and several associated issues, and which 
includes the SPO technology described above. It consists of three basic stages: 

1. Problem Formulation 
The main outcomes of this stage are for the team to have a clear picture of the 
specifics in the Decision InpuVOutput diagram in Figure 1, with actual cases as 
illustrated in the Examples at the end of the article. In this stage the team spends a few 
hours performing the following procedures: 

Describe the current objectives and the definition of better performance in a 
quantitative and measurable basis. Overall goals are defined in terms of some 
output variable to be maximized or minimized, plus constraints on inputs and/or 
outputs. Define the Minimum Important Difference to properly sensitize the 
statistical and mathematical analysis, to recognize important opportunities and 
ignore unimportant issues. 
ldentib which inputs (controlled and uncontrolled) are likely to affect the specified 
objectives. Select which control inputs will be adjusted and their current adjustment 
ranges, and the uncontrolled inputs to be taken into account and their expected 
ranges. The other control inputs are kept constant, and the other uncontrolled 
inputs will be taken as a source of noise (unexplained variations in outputs). 

The above gives the goals and the scope of process adjustments, and together, the 
new proactive discipline for performance optimization. 

2. Sequential Adjustment Cycles 
In this stage a couple of team members begin test runs during normal production: 

First, make several runs of the boiler at the constant, current values of the inputs 
(replicates) to determine the baseline to evaluate improvements, and the noise 
level to determine if the machine is sufficiently stable to proceed with SPO. If not 
sufficiently stable, then the situation should be resolved, for instance, by 
recognizing the existence of an input which is not constant, by fixing an improperly 
operating first-level control device, or by improving some measurement method. 
Run SPO adjustment cycles (typically every hour), which consist of: 
a. Re-adjust the control parameters or inputs for the next production run. 
b. Let the boiler stabilize, and then gather performance data, e.g., the last 

15-minute running average. 
c. Enter the run data into the computer. The computer program will: 

- report for the last run with the last adjustments, how well constraints were 
satisfied and whether the machine was under control, 

- update the internal prediction models with the new data, and indicate how 
suitable the models are for SPO (whether the noise level is acceptable), 
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- using the updated models generate new advice for the next set of input 
parameter adjustment, together with expected results, the accuracy of the 
predictions, and how well constraints will be satisfied. 

- provide Alarms, and a detailed status reports indicating past progress, how 
close to optimal the process is, and whether certain unusual steps need to 
be made. 

The sequential adjustment cycle is illustrated by the information flow in the 
dotted lines of Figure 1. 
As steam production proceeds under the discipline of SPO, the team will 
sharpen their awareness of a variety of issues on how to satisfy the objectives 
in the Problem Formulation, as well as the sources of noise, completeness of 
goals, irrelevant and obsolete considerations, etc. This is part of what is called 
"discovery". 
Production during the first eighty or so adjustment cycles brings the boilers from 
the traditional adjustments and results to the near-optimal ones. 
Thereafter, the adjustment cycles are continued as frequently as necessary to 
compensafe for uncontrolled inputs such load, fuel quality, atmospheric 
conditions, and to adapt to changes in the behavior such as due to wear-and- 
tear, buildup of materials, etc. 

Note: Compensation is achieved through feed-forward analysis, based on past 
learning. Adaptation is done through feed-back. 

3. Engineering Analysis 
After the production system reaches maximum performance through adjustments of 
control inputs, Engineering Analysis leads to understanding the behavior of the system 
and to evaluate the effects of certain desirable changes: 

Sensifivify fo changes in fhe inpufs. This analysis helps understand the nature of 
the behavior of the system for engineering insights. For instance, it enables one to 
determine the robustness of the solution (how accurately the inputs need to be set), 
and the requirements for first-level control devices. Also, it may help discover a 
principle whose effects is much greater (or lower) than expected from prior 
experience, which may lead to better boiler re-engineering in the future. 
Sensifivify to fhe parameters in fhe Problem Formulafion, such as the values of 
the equipment constraints. For instance, the sensitivity of an air flow against its 
high limit given the extra net benefits (against all objectives) if the limit were 
removed through retrofitting, which would be a valuable idea if it could be done at 
lower re-engineering cost. Similarly, one may discover opportunities for further 
process performance improvements through eliminating unnecessary constraints, 
controlling currently uncontrolled inputs (e.g., a specially suitable and cost-effective 
fuel source), etc. 

5 
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The advantages of ULTRAMAX are: 
1. 

2. 

3. 

4. 

5. 

Adjustment optimization can be started as soon as important objectives are defined 
and the ability to measure is determined. Optimization can be maintained periodically 
as changing conditions and requirements take place. 
It is a method to quickly achieve positive control of the process. It is a substitute for 
"twealdng", thus providing consistency from shift to shift and with people turnover. 
Due to the tools to manage multiple objectives, management has a direct way to 
provide guidelines as to what are the business requirements in a balanced fashion. 
Due to the procedures to define the problem and the way performance is measured 
and documented, this is an excellent training mechanism for new people and new 
teams. 
Even in a Design/Development environment, ULTRAMAX enables the exploitation of a 
different paradigm: optimize first, and then, if necessary, analyze in depth the behavior 
of the process around the optimum for further understanding (as compared to having 
to analyze first to find out where the optimum is, which typically is outside the region of 
prior experience). 

Performance 
In the following pages there are six (out of many) application of this SPO technology to 
the tuning of boiler control parameters. In all cases the NOx was brought down to within 
regulatory requirements, and all other constraints on emissions were satisfied, within 
about ten shifts of operations. (This, of course, does not mean that all boilers have the 
inherent capability to achieve this through better adjustments). Typically a readjustment of 
the control parameters takes place every hour, sometimes as short as every half-hour. 
These utilities have applied the ULTRAMAX Method: Carolina Power & tight, Georgia 
Power, Long Island Lighting, Ohio Edison, PSI Energy, Salt River Project, South Carolina 
Electric & Gas and TVA. 
In addition, we get this feedback from members of the solution teams: 
e 

e 

e 

The task of describing the multiple objectives and to have to resolve the balance of 
satisfaction amongst them brings a unified focus to the optimization effort. It takes 
emotions out of pet theories and brings together in a coherent fashion everyone's 
ideas. 
It involves operators in a positive, stimulating way. They recognize they are 
participants and that their knowledge is respected; that they are not submitting 
themselves to a human expert or technology who "knows it all" better than them. 
Ultimately, the operators are the final authority in running the process -- at least until 
the SPO technology is closed-looped with the SCADA or DCS system (in which case 
the operator becomes involved on start-up and shutting down automatic optimization, 
and when warnings and alarms sounds). 
The SPO sequential learning and tuning show almost immediate progress. The 
positive reinforcement come quickly and this excites people. You can observe the 
gains as they happen. It is not a matter of collecting a lot of data and then someone 
or something figuring out what's best. 
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The various aspects of the ULTRAMAX Method often force the people to challenge 
existing beliefs and theories. The ability to evaluate multidimensional relationships, 
especially the interactions between the independent variables is new and enlightening. 
More refined theories and discovery of malfunction and new opportunities normally 
result from the observed process behavior as the team follows the SPO Advice. There 
are a lot of new unexplored or little understood relationships due to new demands 
related to NOx and other emissions, the need for economic performance, as well as 
from new causal factors such as over-fire air (separated or close-coupled), the new 
low NOx burner, SCR, SNCR, etc. 
The notion that it is regularly possible to reduce NOx down to desired constraints and 
at the same time improve on thermal performance (boiler efficiency, heat rate, steam 
temperatures) is novel to most practitioners. 
Likewise, it is exciting to proactively (i.e., feed forward, not reactive after deviation 
from desired performance are apparent) make adjustments to compensate for known 
values of uncontrolled inputs. The most conspicuous and understood is to respond to 
changes in load. There are many other potentials which at this time do not seem to 
excite people as much due to the traditional inability to deal with them. For instance, 
there are potential extra benefits which could be obtained from proper reaction to 
changes in environmental (climatic) conditions, fuel quality (often not measured with 
sufficient frequency), whether any burners are out of service (BOOS), etc. 

Summary and Conclusions 
The ULTRAMAX Method for maximizing process performance consists of the following 
stages: 
1. Do Problem Formulation to define goals and the scope of the boiler adjustments. 
2. Do SPO to achieve Results Maximization by doing run-by-run adjustment of the 

inputs. 
3. Do Engineering Analysis to understand bottlenecks and identify efficient 

retrofitting projects. 
4. Discovery: In addition, due to the sharper awareness of issues and the proactive 

attitude instilled by this method, people will be more prone to discover important 
issues as it relates to the definition of performance, the operations of the process, 
and the nature of the process/product. With this raised awareness the team will be 
able to redirect any of the three stages above for even greater overall Performance. 

Performing these proactive actions enables you to gain control of boiler operations and 
realize all of the systems latent capabilities, and drives the people and the process to 
continuous improvements and maximum overall performance and profitability. 
The ULTRAMAX Method, with years of various industry experience, and a few years 
experience in boiler combustion management, has proven in many cases to be the least- 
cost solution to solving the problem to emission regulations, and at the same time, to save 
expenses through boiler efficiency. 
The Method, when applied continuously, provides an amenable environment for 
operators, engineers and managers, and enable boiler operations to deftly deal with 
changes in load and other uncontrolled inputs. 
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System Description 
500 MW, opposed wall, single furnace, coal-fired 
boiler advanced overfire air, low NOx burners. 

Decision Diagram 
Controlled Inputs 

Air East 
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...my- ,.*...-- Y." ...... "".....l,,.*-. ~ ...... ,,,. ..... ,,.,,...&p... Air West 

OFA West Front 

OFA East Front 
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outputs 
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..................................................................... w f//>' 

Goals 
Minimize NOx while constraining CO, excess O2 
and opacity to current acceptable levels. 

Results 
NOx reduced by 27% 
No adverse effect on constrained parameters 
Accurate prediction models 

. . . . .  
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System Description 

880 MW, tangential, twin furnace, coal-fired 
boiler advanced overfire air, low NOx burners 

Decision Diagram 
Controlled Inputs outputs 

Excess0 L 
.I.." ,... , ...,,.,,,,.,....,,, 2 ,,...,...,.I, .I" 4,44,.1,..*. ,, .*.. ** 

--*,,a SOFA n n r n m m r r  Damp ,,n,-.---,,.""@* A 

WW" SOFA r n m m m m  Damp _m_l,,,...*. C -M-,*j$p 

WB/F Delta P ...................................................................... 

Goals 

Maximize reheat to meet targets, reduce NOx to 
meet target and balance the two sides while 
constraining CO, O2 and opacity to current 
acceptable levels. 

Results 

NOx reduced by 9% to target 
Reheat temperature increased by 20° F 
No adverse effect on constrained 
parameters 
Achieved balanced performance of twin furnace 
Accurate system models 



268 

System Description 

125 MW tangential, win furnace, coal fired 
boiler No OFA or LNB 

Decision Diagram 

Goals 

Reduce NOx and reduce cost based on a Cost 
Function which includes NOx emission reduction 
avoided costs, higher LO1 and disposal costs, and 
heat rate value. 

Results 

NOx reduced by 21% 
LO1 reduced by 45% 
No adverse effect on constrained parameters 
Accurate system models 
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System Description 

130 MW front wall, single furnace, coal-fired 
boiler No OFA or LNB 

Decision Diagram 

outputs Controlled Inputs 

..QP.m! .................................... 23%. .+" 

Uncontrolled Inputs 

Goals 

Minimize NOx while constraining CO, LOI, 
Opacity, O,, and heat rate to current 
acceptable levels. 

Results 
5 

NOx reduced by 30% at full load 
NOx reduced by 30-50% at lower loads 
Heat rate reduced by 2% 
Excess 0, reduced by 25% of previous 
Stack temperature reduced by 4% 
No adverse effect on constrained parameters 



270 

System Description 

195 MW, front wall, pressurized, single furnace, 
coal-fired boiler No OFA or LNB 

Decision Diagram 

outputs Controlled Inputs 

....................................................... 

y5u 

Mill Bias C 

.......................................................... a%*. 

Goals 

Reduce NOx and heat rate while constraining furnace 
to windbox pressure difference, reheat and superheat 
temperatures, boiler efficiency, and opacity. 

Results 

NOx reduced by 25% 
Gross HR reduced by 1% 
No adverse effect on constrained parameters 
Accurate system models 

I '  
.. 
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System Description 

650 MW, opposed-wall, single furnace, supercritical, coal- 
fired boiler, overfire air, low NOx burners 

Decision Diagram 

Controlled Inputs 
OFA North 

....,., .............................. ....... &/& /// 

Goals 

Reduce gross heat rate while constraining NOx at 
0.45 Ibs/MBtu and LOI, opacity, reheat temperature 
and superheat temperature 

Results 

Gross HR reduced by 0.5% 
NOx reduced by 10% to target 
No adverse effect on constrained parameters 
Accurate system models 
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APPENDIX 1 

Description of SPO features 
These are some of the major features and concepts of Sequential Process Optimization (from 
Moreno, 1993). 
e 

e 

e 

e 

e 

U s e r  Control: As one aspect of flexibility, users are not required to follow the sequential 
Advices. This is particularly desirable during the early adjustment cycles when very little data 
has been collected. 
Also, sequential cycles can be stopped at any time -- and continue taking advantage of the 
gains achieved so far. Later on, you can continue exactly where you left off. 
Multiple inputs, multiple outputs: It deals with multiple inputs (some adjusted, some 
uncontrolled) affecting multiple outputs (some directly measured or estimated, some calculated 
as a function of other inputs and outputs with internal equations written by the user). See 
examples in the applications. Control inputs include directly adjusted variables, setpoints, and 
controller parameters (such as gains for first-level controllers). Some important families of 
calculations are: 

1. mass and energy balance equations to estimate certain results which cannot be 
measured directly; 

2. estimations of final results based on intermediate and input variables (e.g., NOx based 
on more readily measurable operating variables) 

3. calculations of consistency vs. constraints or specifications, such as Cpk and Loss 
Functions; and 

4. economic equations taking all costs (and potential revenues) into account. 
Multiple objectives: The evaluation of process performance is determined in quantitative 
terms defined by the team, where objectives are set with management's concurrence. The 
objectives may relate to reheat temperatures, NOx levels, CO, LOI, opacity, excess 02  and 
special and/or overall economic evaluations. In general industrial environments, the objectives 
relate to measures such as yields, production rates, economic evaluations (costs and 
revenues), quality, safety and equipment life, and satisfaction of regulatory constraints. 
Basically, if performance can be measured or estimated with sufficient accuracy and on a timely 
basis to learn from it, it can be taken into account. 
Overall goals are represented by an "objective function", an output to be maximized or 
minimized (which can be a directly measured value, or a function of other variables), and by 
necessary constraints on inputs and outputs. 
Processes with noise: It deals effectively with process outputs which have some "noise". 
Noise is the level of output measurement variations when inputs remain constant, as may be 
obtained from several replicates. 
Can use historical valid data: The analysis can be primed with valid data from previous 
production runs, as well as with data obtained from previous Parametric Testing / Design of 
Experiments studies. 
Prior Model free: It does not require that the user provide mathematical / computer models of 
the behavior of the process; but if the models are available it can use them. 
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Feed-forward adjustments: It can determine optimal adjustments for known values of 
uncontrolled inputs (e.g., load demand, coal quality, ambient conditions, process conditions). 
This is feed-forward optimization, based on past run data (without requiring and waiting for the 
process to deviate significantly from objectives before corrective action takes place, such as in 
feedback control). 
Feed-back adjustments: It can do feed-back optimization when the process changes due to 
slay changes in unknown uncontrolled inputs. 
Close-loop implementation: It is applicable in the spectrum from full hands-on human control 
(where ULTRAMAX acts in an Advisory capacity), to fully automatic on-line closed-loop 
optimization without requiring human intervention and interpretation (where ULTRAMAX 
provides reliable direct supervisory control, including efficient alarms). 
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