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1.     Abstract

Operational meteorology is perceived as a fuzzy environment -- that is, one in which
information is often vaguely defined.  An argument is made for the applicability of the
parameterized multiobjective fuzzy linear programming (PMFLP) technique for problems
related to the evaluation of meteorological data, forecasts and services.  PMFLP will
enable providers and users of meteorological information to make optimal decisions in a
fuzzy environment by enabling:  assessment of economic value of weather data and
forecasts; needs specification; cost-benefit analysis; and results measurement.  Methods
of forecasting load for power utilities are described.  Several issues relevant to
meteorology and weather forecasting are explained.  A number of practical and wide-
ranging applications that PMFLP will enable in the field of meteorology are proposed.
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2.     Introduction

People encounter assorted problems every day.  For instance:

What should I wear today?  When should I leave?
What project needs my attention this morning?
Which project will be most profitable?  Which project is most risky?
How shall I plan to maximize profit and minimize risk at the same time?

Some problems are solved by making simple and obvious choices between a small set of
options.  Many important problems are more complicated; there can be multiple
simultaneous goals, and dilemmas and compromises inherent in all possible solutions.
We require a framework to identify optimal solutions.  Constraints on actions and
resources have to be identified.  Objectives have to be defined.  There has to be a way of
evaluating the degree to which definable objectives are met.  Realistic problems and
objectives are often only vaguely defined.  The problems given as examples above range
from trivial to subtle and complex, and all are representative of real life problems.  The
motive of this paper is to describe a general method of finding optimal solutions to
realistic problems. The method to be described amalgamates a few unique techniques,
each one of which has been shown to be effective for dealing with different aspects of
problems.

Many disciplines concern themselves with finding optimal solutions to problems.  For
instance:

Linear Programming (LP):  A mathematical method of solving linear equations.
Equations model the real parameters of a specified problem.  Numerical solutions
of LP procedures correspond to optimizing solutions of a given problem.

Operations Research (OR):  Methods for finding optimum procedures in activities
involving humans and technology.  Operations Research is itself inter-
disciplinary, relying on different fields such as mathematics, engineering and
psychology.

Meteorology:  Primary goal is to forecast weather in an accurate and timely way.
Other important goals are to communicate effectively with the public, and to
operate in a cost-effective manner.  Some disciplines that contribute to operational
meteorology are  physics, mathematics, economics,  psychology and politics.

A theme that unites the above fields is fuzziness.  Conventional LP is designed to deal
with crisp variables, but information about real life systems is often available only in the
form of vague descriptions.  An example from the food industry is:  more chocolate tastes
better.  How much is more?  How do you parameterize linguistic factor like tastes better
and more?  Fuzzy methods are designed to handle vague terms.  Fuzzy Linear
Programming (FLP) is an amalgamation of fuzzy logic and linear programming.  Vague
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parameters involved in Operations Research problems have been effectively handled with
FLP methods.

In operational meteorology, information is often expressed vaguely.  Here are some
statements full of terms that are not easily quantified, or which resist crisp definition:

Expect occasional rain and isolated thundershowers.
Snow accumulations of 5 to 10 centimetres.
High temperatures in the low twenties except cooler near the coast.
Forecasts of uncommon and high impact events are valuable.
Forecasts are most valuable if they are accurate and timely.
Credibility suffers when major events are poorly forecast.

Meteorologists can optimize results by modelling cost functions for vaguely defined
parameters.  The goal is to minimize investment costs and maximize resulting value.  It
becomes complicated when one seeks optimal solutions with various combinations of
disparate parameters.

Fuzzy methods are most suited to finding optimal solutions to problems with vague
parameters.  One can pose a question, “What is a cheap, accurate, timely, credible system
which forecasts major events well?”  Fuzzy linear programming will provide an optimal
answer to such a question.  Furthermore, one can easily rephrase the question to obtain
optimizing sets solutions for different sets of objectives.  For instance, the optimum type
of forecast for a rain sensitive operation is different from the optimum type of forecast for
a wind sensitive operation.  Different users present different needs, objectives, and
tolerance thresholds.  Weather forecasts help users to make sound decisions; in this
manner, forecasts obtain economic value.  The main objective of this paper is to explain
how the economic value of weather forecasts can be maximized by formulating the
problem in a parameterized multiobjective fuzzy linear programming framework.  Such a
direct treatment of economic value of weather forecasts has never been attempted before;
the results promise to be most interesting.

If crisp logic and vigorous analysis could reveal the answers to all our questions, life
would be simple.  But life is full of examples where logic and analysis achieve only
partial success.  It is impossible to eliminate uncertainty in the real world.  This fact is
implied by the Heisenburg Uncertainty Principle.  System modelers and expert system
developers try to minimize uncertainty and are receptive to new tools and methods that
will help them to achieve better results.

Fuzzy logic is a system for dealing specifically with variables that are defined vaguely.
Vagueness is imparted by qualifying adjectives like often, sometimes, seldom, etc.  Fuzzy
logic operates like crisp logic in many ways.  Its proponents claim that crisp logic is
simply a subset of fuzzy logic.  One can reason with fuzzy syllogisms.
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Most men are vain.
Socrates is a man.
Therefore it is likely that Socrates is vain.

Aristotle did not say this.  Lofti Zadeh did.  Zadeh is an American electrical engineer.  He
is the one most credited with the emergence of fuzzy logic.  During the Sixties, he studied
systems of logic which permit truth values between ‘zero’ and ‘one’.  He opened up the
territory that crisp logic refers to as the Excluded Middle.  In crisp terms, someone may
instruct you to, “Put the black objects in this box, and the white objects in that box.”
Where do you put the grey objects?  Fuzzy logic gives you a way of dealing with
apparently contradictory information.

North Americans have been slow to adopt techniques of fuzzy logic, compared to the
Japanese.  The Japanese have exploited fuzzy logic to develop excellent control systems.
The smoothest subway ride in the world is in Sendai, Japan.  The train is controlled by an
algorithm based on fuzzy logic.  Other applications include:  stock-market expert
systems, “steady-cams”, automotive transmissions, navigation aids, and washing
machines.

The list of fuzzy applications is growing.  Power utilities are experimenting with fuzzy
logic as an accessory for the automatic prediction of patterns and values of electrical load.
Several examples of systems are described in this paper.  The applicability of fuzzy logic
in the field of meteorology is argued for.  A number of practical and wide-ranging
applications that fuzzy logic can bring about in the field of meteorology are proposed.
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3.     Fuzzy Logic

Artistostle outlined a system of logic that has influenced Western thought for over two
thousand years.  A syllogism is a conclusion based on two premises.  Statements or
conclusions are evaluated as either true or false.  Truth is regarded as a bivalent variable
which assumes a value equal to only true or false  --  zero or one.  This system of logic is
powerful and reliable if applied appropriately, and if one has premises that are
unquestionably either true or false.  In the real world this is seldom the case.

A person is said to be wise if he knows what he does not know.  A person who can doubt
the truth of their most firmly held beliefs is open to new information.  Someone who is
incapable of doubt is imprisoned by a static set of beliefs.  People attempt to measure the
reliability of statements by attaching probability to them.  But probability is merely an
indicator of expectation of an event occurring based on observed frequencies of past
events.  Humans do not use complex statistics to predict events, but are still able to
outperform the most powerful computers at complex tasks.  For instance, Gary Kasparov
recently beat IBM’s “Big Blue” at chess (February 1996).

Despite the availability of other models for reasoning, probability and conventional logic
are pervasive.  We speak of the probability of rain tomorrow as if there are only two types
of weather on a given day -- rain or no rain.  Conventional logic supports this view.  This
point of view prevents one from asking:  To what degree is it a rainy day?  No one will
argue about how to classify a day with zero hours of rain, or a day with twenty-four hours
of rain.  But what about a day with only a few hours of rain?  Your survey results will
depend on the people you ask and where they each spent the day.  You will usually
receive a set of contradictory and ambiguous responses.  Some people see sunshine while
others see rain.

Probability and logic are ingrained in weather forecasting methodologies.  Most weather
forecasts promise one type of weather and attach a probability to it.  A careful observer of
the weather can report that a day had approximately three hours of rain.  This is
meaningful information that binary logic discards.  Fuzzy logic will retain the information
by saying that the day was fractionally 3/24 a member of the set of rainy-days and 21/24 a
member of the set of not-rainy-days.

Say an item belongs or does not belong to a set.  If the set is crisp, the item’s membership
function can be modeled with an impulse function.  Think the set of temperatures
between 15 and 20.  The membership function for that set is:

µ(x) = 0  if  x < 15 or x > 20
  1  if 15 ≤ x ≤ 20{
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If the set is fuzzy, you grade vertical edges of the function.  Rather than looking like a
rectangle, it looks like a trapezoid:

µ(x)    =

⇒   µ(14) =  0.5

The membership of 14 in the defined fuzzy set of temperatures between 15 and 20 equals
0.5.  This representation of a set has intuitive appeal.  Suppose your “rule” is that if the
temperature is between 15°C and 20°C, then it is pleasant to go for a walk.  If you see that
the temperature is 14°C or 21°C, do you simply rule out the option that it may be pleasant
to go for a walk.  Probably not.  50/50 perhaps?  Fuzzy sets correspond to the way people
make decisions.

MacNeil & Frieberger (after interviewing George Klir)  write that probability address
only one kind of uncertainty.  They present an appealing case for using different methods
to evaluate uncertainty:

There are at least four basic types of uncertainty:  nonspecificity, fuzziness, dissonance,
and confusion.

Non-specificity is basic ambiguity, a one-to-many relation between statement and
possible meanings.  For instance, a test might show a patient has either hepatitis,
cirrhosis, gallstones, or pancreatic cancer.  As among these four, it says nothing.  It is
nonspecific.  Nonspecificity is lack of informativeness.

Fuzziness is vagueness, the degree to which a term like cirrhosis applies.

Dissonance is pure conflict.  One statement is true and its rivals are false.  For
instance, the patient may have a liver ailment or a non-liver ailment.  Some evidence
supports one thesis, different evidence the other, and we are uncertain between the two.

Confusion is pure and potential conflict.  Suppose one test tells if a patient has liver
disease and a second if he has stomach disease, but that for some ailments both tests are
positive.  In this case, a positive liver test may indicate stomach disease.  Not only is
there conflict, but the meaning of the evidence is unclear.

{ 0 if  x < 13 or x > 22

(x-13)/2 if  13 ≤ x < 15

1 if  15 ≤ x ≤ 20

(22-x)/2 if  20 < x ≤ 22
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Probability cannot handle all these species of uncertainty.  For instance, suppose we
pick a ball from an urn, knowing nothing of the ratio of black balls to white.  Will it be
black or white?  Laplace’s principle of indifference fixes the chance at 50/50.  But this
is a sleight of hand, because in truth every probability – 78/22. 55/45, 1/99 – is equally
likely.  Probabilists claim at this point there is a maximum conflict between beliefs, but
actually there are no reasonable beliefs.  The uncertainty is nonspecifity, and
probability cannot cope with it.  Fuzzy set, Dempster-Shafer theory (three
classifications: true, false, and unsure), and possibility theory, however can.
Dempster-Shafer theory, for instance simply says the case is 100 percent uncertain.
This assertion matches our intuition.

Each major theory of uncertainty deals with different sectors of it.

• Crisp set theory addresses only nonspecifity.  Whatever the disease – hepatitis,
cirrhosis, gallstones, or pancreatic cancer – it lies in the crisp set of four
possible ailments.

 
• Probability treats dissonance.  Which of the four is it?
 
• Fuzzy set theory handles nonspecificity and fuzziness.  To what extent is it

cirrhosis.
 
• Possibility theory works with nonspecificity and confusion.  How possible is it

that the positive liver test indicates stomach disease?  Possibility theory can
measure confusion because it assesses how easily an event can happen, its
potential.

 
• Dempster-Shafer theory treats nonspecifity, dissonance, and confusion.

Probability handles only dissonance.  It fumbles the other three.  This “undeniable fact”
voids the claim that probability is the only way to describe uncertainty.

Klir also criticizes assigning a precise number to the degree of belief in any
proposition.  It is simply unrealistic, he says, to demand a 75 percent belief, say, when
our level of expectation is usually hazy.  It forces us to be certain about our uncertainty.

Moreover, fuzzy logic has won clear successes in control applications, and he notes, “It
is not clear to me how probability theory could effectively describe the great variety of
descriptions or rules that are possible in natural language.”

He concludes that probability models only one kind of uncertainty – degree of conflict
– because it was designed that way.  He suggests that those who extol its perfect
superiority heed a verse in the Dao De Jing:

Knowing ignorance is strength.
Ignoring knowledge is sickness.
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By making vague expectations precise, he says, the Bayesians fail to know their
ignorance, and by disdaining to model vagueness appropriately, they ignore available
knowledge.

The next two sections deal briefly with fuzzy logic.  There is a much more than this that
could be said about the theory of and operations on fuzzy sets.  For more background
information, the reader can consult Kosko, MacNiel & Freiberger, and Zimmerman
(1991).  All these texts give good introductory explanations of fuzzy logic.
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3.1     Hypercubes:  A Way of Visualizing Fuzzy Sets

A hypercube is a useful concept for visualizing fuzzy sets (Kosko).  Think of an entity we
wish to represent as a fuzzy set.  Picture the entity as a point in space.  What does the
space look like?  Imagine a space, or coordinate system, where a point’s location is
determined by it’s degree of membership in a fuzzy set.  Degree of membership is in the
range [0… 1].  Coordinates representing degree of membership range [0… 1].

For one set, visualization is easy.  Simply picture your entity as a point on a number line
[0… 1].  The entity’s degree of membership corresponds to it’s location on the number
line.

If we wish to associate two distinct fuzzy memberships with an entity, we add a
dimension to our space.  The vertices of our domain look like the corners of a unit square
in a Cartesian coordinate systems.  A set point may lie anywhere within the bounds of the
points:  (0, 0), (1, 0), (0, 1), and (1, 1).  A set at (0, 0) is a member of either set to zero
degree -- two zero memberships.  A point at (1, 0) has a membership value in the first set
equal to 1, and a membership value in the second set equal to 0.  The point (1, 1) is full
member of both sets.  The four points correspond to the four states permitted by crisp
logic.

The point (0.5, 0.5) is interesting.  The point represents an apparent state of contradiction.
There is a maximum conflict between beliefs.  For example, in a view of the world where
people are either tall or short, and wealthy or poor, how do you label a man of average
height who makes a median income?

To represent more fuzzy properties, we spawn more dimensions.  The hypercube concept
is worth considering because it enables fuzzy operations to be visualized graphically.  It
also serves as an alternative to the extension principle frame of reference utilized by
Zimmerman.  Kosko calls the hypercube construct the sets-as-points theory; each set has
its point.
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3.2     Fuzzification of Input, Rule Application, and Defuzzification of Output

Kosko describes a way of incorporating fuzzy logic into a rule-base dependent system.
Viot employs the method and describes it clearly and concisely.  Several short-term load
forecasting systems described below use methods similar to Kosko’s.  The method
consists of four parts:

• fuzzification of system inputs
• implementation of a rule base
• rule evaluation affecting output strengths
• output defuzzification using the “centre-of gravity” method

Consider for example the classic problem of “balancing the inverted-pendulum” as
described by Viot.

3.2.1   Fuzzification of System Inputs

Isolate all the variables you intend to use as system inputs.  In this case, we can measure
and use as input two properties of the pendulum:  departure of angle from vertical, and
angular velocity.  The actual values of the two input variables are normalized before they
are fuzzified.

Model membership functions for each input.  Each of the two input parameters can be
assigned membership in the following sets:  negative-large, negative-medium, negative-
small, zero, positive-small, positive-medium, and positive-large.  The sets are each
represented as isosceles-shaped delta functions, overlapping with their neighbors by half
the base’s width.

Convert the two discrete input parameters to membership values in each of the several
categories.  In Viot’s implementation, each parameter is represented by at most two fuzzy
sets.  For example:

angle  =  zero       to a degree of 40%
angle  =  small-positive  to a degree of 60%

By design, all other set memberships must equal zero.  This simplifies rule-base
interpretation.
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3.2.2 Implementation of a Rule Base

You want your fuzzified input parameters to trigger appropriate system response.  In this
example, the system response is a balancing force at the base of the pendulum.  The force
is also modeled in fuzzy terms:  negative-large, negative-moderate, ... , positive-large.

Appropriate system responses are coded in the form of rules.  For example if the
pendulum’s angle is vertical and its angular velocity is zero the balancing force is
obviously zero.  The behavior of the system can be regulated by rules designed for every
combination of input.  Because the two inputs are fuzzified into seven categories each,
there are potentially forty-nine (7×7) situations to account for.  Assuming our system
begins as a balanced pendulum, and is successfully prevented from falling down, certain
combinations of angle and angular velocity are simply never observed.  For example, they
are never both positive-big at the same time; that would imply a system out of control.
The actual number of possible situations for which rules must be developed reduces to
fifteen.

3.2.3 Rule Evaluation Affecting Output Strengths

The designer develops a set of rules that have the form of If-Then statements.  The If side
of a rule has one or more conditions (antecedents); the Then side has one or more actions
(consequences).  The antecedents of rules correspond directly to degrees of membership
calculated during the fuzzification.  Let  A, B, C and D  be sets of non-zero
antecedents.  Let  X, Y and Z  be sets of consequences.  Rules are applied in this
manner:

Rule 1:  if A & B then Z & X
Rule 2:  if C & D then Z & Y

Strength of Rule 1 = min(A, B)
Strength of Rule 2 = min(C, D)

X = Strength of Rule 1
Y = Strength of Rule 2

Z = max ( Strength of Rule 1, Strength of Rule 2 )

  = max( min(A,B), min(C,D) )
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3.2.4 Output Defuzzification Using the “Centre-of gravity” Method

The extent to which a rule is activated, or “fired”, is proportional to the degree with
which the causal, or “triggering”, conditions are present.  When different rules are
brought into play, a method is required to combine the rule outputs to achieve a
meaningful response.

Output responses applicable to individual cases are modeled in advance by the designer.
Response sets are usually normalized and can assume various shapes.   For example,
suppose you attempting to decide whether to buy or sell stocks.  System output is
modeled with fuzzy sets over a support domain of x, where x is the number of units you
will buy.   A buy-output-set can be modeled as a trapezoidal impulse centred about x =
+100.  A sell output set can be modeled as trapezoidal set centred about x = -100.
Suppose one rule outputs that you should buy, with a rule strength of 0.6.  And another
rule outputs that you should sell, with a rule strength of 0.1.  These contradictory outputs
are resolved into a crisp response by applying a centre-of-gravity calculation to the output
sets and factoring in the different rule output strengths:

Calculate the area of the sell-set-trapezoid which is beneath the value of the
strength of the rule suggesting to sell, 0.1.  Perform the same calculation on the
buy-set-trapezoid, with a rule strength of 0.6.  Now regarding these two areas as
weights, determine where the centre-of-gravity is.  Because the buy output
outweighs the sell output, the net result is a suggestion to buy about 50 units.

When designing fuzzy output sets, it is often adequate to model an output as  a singleton.
A singleton is a “spike” impulse centred on a crisp output.  Singletons generate less
overhead in calculation.
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4.     Artificial Neural Networks

An artificial neural network (ANN) is a synthetic problem-solving device based on our
ideas of how real neurons work.  A neuron is a solitary cell in a brain.  Its only means of
communicating with other neurons is to send and receive pulses of varying strength along
synapses. In effect, a neuron behaves like a function.  It receives a bounded (or perhaps
unbounded) input, performs operations internally, and sends a bounded signal.  From a
reductionist point of view, the human brain consists of such simple elements.
Paradoxically, the human brain is the most complex system we can conceive of.

Designers of expert systems have attempted to model the behavior of complex systems by
programming artificial neural network structures.  There are three layers to the structure.
The input layer consists of a set of neurons, with one neuron for each input variable.  The
output layer consists of a set of neurons with one neuron for each output variable.
Between the input and the output layer, there is a hidden layer of neurons.  Synapses send
signals unidirectionally from each input neuron to each hidden neuron.  Likewise, each
hidden neuron sends signals unidirectionally to each output neuron.  Neurons at the same
level do not communicate.

With a given set of data the network can be trained.  The data set consists of sets of
system input and system output.  The objective is for the ANN to duplicate the results of
an actual system.  A neuron’s signal is merely a single value.  Internally, the neuron
performs specialized operations.  Threshold functions amplify or suppress a neuron’s
message. Each neuron transmits its value, or v, downstream via the synapses.  The
influence of neurons on particular downstream neurons is controlled by assigning a
weight to each synapse.  If the weight is ‘w = 1’, then the neuron’s full value, v, is passed
along.  If the synapses weight is ‘w < 1’, then a fraction of the neuron’s value, ‘v⋅w’, is
conveyed.  Though an iterative process, the values of w are optimized to allow the ANN
output to match the actual system data.

Along a one-dimensional line, low and high values can be arbitrarily discriminated
between with reference to a point on the line -- values are either less then or greater than
the value of the point.  Similarly, points in a plane can be discriminated between with
reference to a line, and points in space can be separated by a plane.  Points, lines, and
planes represent constraints in various dimensions.  Multiple constraints can be
represented with sets of points, lines and planes.  Although it is difficult to visualize, the
same methodology extends itself to dimensions higher than three.  Hyperplanes separate
adjacent sets of points in multidimensional space.  Two adjacent sets of points can
correspond two distinct states of a multidimensional system.
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A hyperplane is defined by a linear equation much in the same way a plane in three-
dimensional space is defined.  A perceptron is a feed-forward network with one output
neuron that learns a separating hyperplane H in a pattern space (Kosko, 1992).  In a real
line ℜ , H is a point; in ℜ 2, a line; in ℜ 3, a plane.  The perceptron learning theorem states
that a perceptron separates linearly separable pattern sets in finite iterations.  Back-
propagation is a method of model-free estimation used to train neural networks from sets
of data.  The method enables neural networks to develop an algorithm to simulate the
behavior of a real system.

A back-propagation neural network uses a nonlinear extension of a least mean squares
method to derive optimal weights in a network (Kosko, 1992).  Weights are updated
backwards from the outputs.  It is analogous to Newton’s iterative procedure.

Say you want to solve for x where f(x) = 0  in a complicated equation.  Assume
you have determined values of x1 and x2 which lie on either side of the unknown
x.  The product f(x1)⋅f(x2) is, by definition , negative.  Draw a line from (x1 ,
f(x1)) to (x2 , f(x2 )) and determine where the line intersects the x-axis.  Call that
point x3. Replace one of the values x1 or x2  with x3, so that the new value of
f(x1)⋅f(x2)  remains negative  (i.e. your updated values of x1 and x2 still bound the
sought-after value of x where f(x) = 0).  Then repeat the above process with the
new x1 and x2  pair.  This method very quickly converges on the sought after x.  It
is computationally efficient for equations that are otherwise very hard to analyze.
This is most easily understood if one draws graphs.  If there is more than one
value of x where f(x) = 0  for the initial x1 and x2 , the result can converge on
different solutions depending on which values of x1 and x2 are given, and the
convergence can be relatively slow.

A back-propagation neural network can also be unstable or susceptible to convergence on
different solutions (e.g. local maxima).  This is probably as far as the analogy should be
drawn.  The back-propagation approach is more sophisticated and relies on statistics.

The distinction between supervised and unsupervised learning depends on information
(Kosko 1992).  Supervised learning uses pattern-class information; unsupervised learning
does not.  Supervised learning results in sets of solutions for classes of problems.

In speaking of hidden layer feed-forward networks, White states that “there exists a
neural network that does not make avoidable mistakes.”   His proof relies on being able to
construct a sufficiently complex hidden layer.  It is demonstrated that complexity grows
monotonically as the number of training instances increases.  This does not bode well for
modelers of real-life systems using only ANN’s.
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By attaching fuzzy perception to an ANN, the increasing complexity of an ANN’s input
can be bounded.  A fuzzy interface enables an ANN to discriminate between patterns in
input data more efficiently.  “Supervised learning” can be semi-automated.  Neural
networks are a vital part of the load forecasting systems described below.

There is much more that can be said about neural networks.  But that is beyond the scope
of this paper.  The purpose here is only to give the reader some background information
on neural networks.  Kosko’s and White’s texts both give good introductory descriptions
of artificial neural networks.
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5.     Load Forecasting

Power utility companies require accurate forecasts of load to plan with reliability.
Electricity cannot be generated at whim.  Generators need time to warm up.  If too little
power is available, brown outs or black outs occur.  Excess power production means
resources are being wasted.  If a shortfall of power is forecast, feeders can be fired up to
meet demand.  Arrays of generators are available, and as a rule, the generators that are
quickest to respond to rising demand are the costliest ones to run.  In the worst case,
power must be bought from neighboring companies; this is most costly.  If one can
produce just enough power to consistently meet demands, profits are maximized.

Lambert-Torres et al. describe three time scales for which load forecasting is done:  short-
term, medium-term, and long-term:

Short-term load forecasting is important for on-line scheduling of a utility.  The
period of concern is the next half-hour to the next twenty-four hours.  Major
factors influencing short-term demand are:  hour of the day, day of the week,
temperature, weather (sunny, cloudy, rain, etc.) and seasonal effects.  Minor
factors are:  wind and humidity.

Medium-term involves scheduling fuel deliveries and maintenance operations.
Medium-term ranges from one day to one year.  Medium-term demands are
implied by annual cycles.  Prolonged cold weather suggests implies increased
fuel requirement.

Long-term forecasts guide plans concerning infrastructure and capital
expenditures.  Long-term considers conditions more than a year away.  Some
factors that affect long-term load forecasts are:  economics, politics, industrial
development of regions, and demographics.
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5.1     Current Method Used at Nova Scotia Power

Don Jessom is an engineer with the Nova Scotia Power Corporation.  He is responsible
for controlling their electrical load.  In a telephone interview (February, 1996) he
described a process used to develop and operate an expert system:

We employ an experienced technician whose job is to forecast load.  He assesses
conditions and predicts load.  We plan accordingly.  The less notice we have to provide
electricity, the costlier it is for us.  By having good load forecasts, we estimate that we
save one to two million dollars a year.  We realized that when our forecaster will retire,
we will lose valuable expertise.  This motivated us to develop an expert system.  Our
objectives were to have a system that anyone could use with minimum training.  The
interface had to be very simple.

A review of the literature suggested the use of a back-propagation neural network.  I
obtained an add-on piece of software for Lotus© to enable the spread sheet to process a
neural network.  Traditionally, auto-regressive moving average methods have been
used to anticipate power requirements.  But today, neural networks achieve better
results with less data and less processing.

A neural network trains most effectively when there is a simple pattern in the input-
output data set.  We identified thirty different situations, or cases, to forecast for.
Holidays have specific patterns of power consumption.  Monday and Friday each have
their own patterns.  Tuesday, Wednesday and Thursday are fairly similar with respect
to power consumption.  Different seasons present different patterns.  The period of
January through February has a unique pattern of power consumption.

Through trial and error, we isolated a small number of parameters that account well for
load over the next twenty-four hours.  There are only three weather parameters:
minimum temperature, maximum temperature, and weather (sunny, cloudy, rain, …).
The weather in Nova Scotia is represented only by data from one site – Halifax.  This is
where the bulk of the consumption takes place.  The neural network was trained on a
set of historical data.  The system is run on a PC and the time needed to train from a
data set is about two days.

The initial system achieved a mean absolute error of 10%.  Most cases resulted in good
forecasts, but a few atypical cases lead to very poor predictions.  We realized that
thermic inertia was resulting in peculiar load patterns during periods with sharp
temperature drops.  The temperatures in the Maritimes are quite variable.  Consider a
cold spell following  a long mild spell.  If the period of cold weather lasts only a day,
many residents never bother to adjust their thermostats.  If the cold spell persists,
residences begin to chill, and people raise their thermostats sharply to restore their heat.
The previous day’s weather was added to the set of input parameters, and the network
was allowed to retrain.  The resulting system generates forecasts with a mean absolute
error of 3%.  This is considered good by industry standards.
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High winds increase rate of cooling.  If winds are forecast to be high, our forecaster
adjusts the input temperatures with a wind-chill equation.  There is no post-processing
of the system output.  The expert system continuously displays a twenty-four hour
forecast of load.  Our load forecaster uses this as guidance. If our forecaster’s opinion
differs, he simply adjusts the forecast via a back-end tool.

The system does not run in continuous learning mode.  Because the learning process
requires two days, the system is retrained only once a year.

Jessom was asked what improvements he plans for their system.  He said the system is
working satisfactorily and development has stopped for now.  It is found that as input
parameters are added to the system, diminishing returns are achieved.  Computational
complexity increases greatly while forecast error decreases only marginally.  One way he
believes the system can be improved is to replace daily weather input parameters with
hourly values.

Jessom was asked if he had considered using fuzzy logic in his system.  He said Nova
Scotia Power is sufficiently satisfied with the performance of the neural network.  Nova
Scotia Power employs a man to who is responsible for the operational load forecast.
With his experience, he fine tunes the system’s forecast.  A review of the literature shows
that comparable fine tuning is achieved automatically with expert systems that use fuzzy
methods to apply rules-of thumb to the input and output of neural networks.
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5.2     Load Forecasting Developments:  Cases Reported in IEEE Transactions

This section is concerned with short-term load forecasting (STLF).  Lambert-Torres et al.
refer to five standard methods for short-term load forecasting:

• multiple linear regression
• stochastic time-series

     (autoregressive integrated moving-average process and transfer function modeling)

• general exponential smoothing
• state space using Kalman filter
• knowledge based approach

Six publications from the IEEE transactions are reviewed  [1,5,7,8,10,17].  They have a
number of things in common.  The five standard methods of short-term load forecasting
are recognized by all.  Artificial neural networks (ANN) are generally regarded as the best
-- the system to beat.

All developers use trained ANN’s with the same basic sets of input data as bases for
system development.  Historical time-series of load patterns and matching weather data
are used.  Most short-term forecasts use weather parameters as input.  It is recognized that
departures of load from normal correlate to abnormal weather.  Cold weather causes
increased power demand.  The most important weather forecast parameters are:
minimum temperature, maximum temperature, and weather (in a word:  sunny, cloudy,
rain…).  Some developers factor in humidity.  Bakhirtzis et al. Do not use currently use
any weather as a system input.  Their work is based in Greece.  Temperatures there range
less than in most parts of the world.

Abrupt changes in temperature during the previous twenty-four hours result in abnormal
load patterns.  Some developers use previous the day’s actual temperatures as input.

In the load time-series data, daily and weekly cycles are apparent.  Weekdays are heavier
than Saturday, and Saturday is heavier than Sunday.  The starts of Mondays and the ends
of Fridays their own signatures.  These patterns are repetitive and familiar to power utility
engineers.

Holidays present special problems.  The set of load data around and during holidays is
small.  Load patterns during these periods differ from the common patterns of weekdays
and weekend days.

ANN’s are trained in a supervised manner.  Sets of input data are used wherein the data
stem from situations with similar patterns.  Patterns are associated with:  particular
weather situations, seasons, and types of day.
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Seen from a meteorological perspective, all the studies seem to employ a simplistic view
of temperature for input into systems.  Temperature is only regarded as daily maxima and
minima.  Hourly temperature data and forecasts are available, but are not being used.  The
temperature trend over a day may hold more meaning in some situations.  Suppose a day
has an abnormal temperature trend:  plus 10°C at dawn, falling to freezing by noon, and
minus 10°C by day’s end.  The maximum is plus 10°C and the minimum is minus 10°C.
If load models assume that daily maxima coincide with peak load periods (daytime), the
temperature data for this abnormal day will be misapplied. Lambert-Torres et al. attempt
to compensate for this affect by applying a heuristic dealing with abnormal cooling
temperature trends (described below).  But their rule resolves the time-scale of the
temperature trend rather coarsely, considering the fine resolution at which temperature
data and forecasts are currently available.

The Maritimes Weather Centre in Bedford, Nova Scotia has recently
begun to offer a more detailed type of weather forecast to its clients.
Temperature and weather conditions are forecast for hourly intervals.
The  forecast is presented in a graphical format.  Forecasts can be
prepared for any number of specific sites.  These forecasts offer superior
temporal and areal resolution.  The main user of this product is the Nova
Scotia Department of Highways.  They use the forecast to plan highway
maintenance operations.  Snow clearing and salting are their main
concerns during the winter season.  Preliminary feedback from the Dept.
of Highways about the new type of forecast is positive.

Temperature is an important system input because it influences the rate at which
buildings cool and that it turn influences load.  There are more direct ways of evaluating
cooling rate than with temperature.  The rate at which an object loses sensible heat is
determined by three parameters:  object’s surface temperature, ambient temperature, and
wind speed.  The cooling rate can be determined easily for any combination of the three
parameters.  An object’s rate of cooling is expressed in units of Watts⋅m-2.  For example,
meteorologists use wind-chill equations to calculate the rate at which exposed human skin
loses heat.  The way in which wind increases cooling of buildings can be accurately
modeled.

When temperatures are below freezing, wind is a major factor determining cooling rate.
Nova Scotia Power takes wind into account in an ad hoc manner (see section 5.1)  --
temperatures are sometimes “corrected for wind.”  None of the researchers’ are using
historical and forecast wind and temperature time-series to account for cooling directly.
When temporal patterns of cooling rate correlate poorly with patterns of temperature,
temperature’s predictive value is diminished.

All the developers begin with roughly similar ANN systems.  Although  the developers
differ slightly in the system features they select for improvement, their efforts have one
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thing in common -- fuzzy systems are patched onto ANN’s.  Some of the fuzzy patches
are similar to Kosko’s method as described in section 3.2 of this paper.
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5.2.1     Artificial Neural Networks are Improved with Fuzzy Logic

This section deals with hybrids of ANN’s and fuzzy systems.  The hybrids are named
fuzzy-neural networks (FNN).  Srinivasan et al. summarize the different strengths of
neural networks and fuzzy systems:

Artificial neural networks have properties of:  generalization , graceful
degradation, retrieval from partial information, and learning from well-defined
patterns.  Fuzzy systems implement abstract reasoning processes and allow
systems to respond in a human-like way in cases involving uncertainty and
contradictory data .

In the load forecasting systems decribed above, the preexisting ANN’s typically display
mean absolute errors ranging from 2 to 3 percent.  The FNN’s described below display
mean absolute errors ranging from 0.7 to 2 percent.  While some researchers’ FNN’s
show only marginal if any improvement in forecast accuracy compared with ANN’s
alone, all the FNN’s show significantly shorter training periods than ANN’s.  Methods
and findings of the individual developers are summarized:

Bakirtzis et al.  -

Holidays and irregular days (elections, major strikes, etc.) are excluded from the training
set.

The rule-base works in an automatically adapting manner.  As the system runs and trains,
if it encounters a combination of antecedents for which there is no output rule to fire, a
rule is generated to cover that case.  Thereby, the rule-base customizes itself to fit the
actual working premise regions of the particular system.

There are three advantages of FNN’s over ANN’s for short-term load forecasting:  (1)
The FNN achieves similar performance to a neural network in short-term forecasting.
(2)  The training for the FNN is much faster than that of neural networks.  (3)  The FNN
can effectively incorporate linguistic If-Then expert rules, whereas neural networks
cannot.

The current research effort is attempting to incorporate weather data, and linguistic
expert rules in the system.
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Dash et al.  -

The main features and advantages of their FNN are:  (1)  It provides a general method for
combining available numerical information and human linguistic information in a
common framework.  (2)  It requires much less construction time than a comparable
neural network.  (3)  Significant accuracy in predicting chaotic time-series models.

Three different types of FNN’s are developed.  All are based on a multilayer perceptron
and capable of fuzzy classification of patterns.  The first type of FNN uses the
membership values of the linguistic properties of the past load and weather parameters
and the output of the network is defined as fuzzy-class membership values of the forecast
load.  The back-propagation algorithm is used to train the network.  The second and third
types of FNN are developed based on the fact that any fuzzy expert system can be
represented in the form of  a feed-forward neural network.  These two types of fuzzy-
neural network model can be trained to develop fuzzy logic rules and find optimal
input/output membership values.

The optimization algorithms used are complex.  System development consists of two
phases:  Unsupervised learning and supervised learning.  The following sequence occurs
during the two phases:

Unsupervised learning:    Find centres and widths of membership
   functions by Kahanan’s clustering.

   Find weight by competitive learning

   Change the fuzzy logic rules

Supervised learning:    Find optimal input/output membership
   functions and weights using
   back-propagation algorithms.

Their method handles Sundays, holidays, and special days of the year. The choice of
membership function for input fuzzification is flexible enough to take into account
seasonal load and weather variables.

Hsu and Ho  -

Operators’ heuristics are incorporated into the system.  Operators routinely monitor
temperature trends and load trends to estimate new values of peak loads.  With this
system, the operator is asked to recommend a specific adjustment value for the current
load forecast, along with an indication of his confidence in his adjustment value.  The
operator is also asked to estimate how actual high temperature will differ from originally
forecast high temperature.  The operator’s information is fuzzified, run through and
algorithm, defuzzified, and a recommended load change is output.
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Temperature forecast errors occur occasionally.  Operators try to compensate for this
faulty initial input by monitoring temperatures and reestimating load requirements in
light of the new information.  The error in temperature forecast is modeled as a fuzzy set.
If actual temperature will be 4 degrees below forecast, it is a full member of the set
much-lower (ML).  ML is a set centred on  ∆temp = -4.   The set is shaped like a
triangular delta function.  There are five such sets centred about  ∆temp = -4, -2, 0, 2, 4.
The system uses this fuzzy measure of temperature forecast to adjust the load forecast up
or down as appropriate.

The degree to which the system implements an operator’s forecast is dependent upon the
operator’s expressed confidence in his own forecast.  Say for example the operator wants
to update the short-term load forecast to call for 250 Megawatts less power.  If an
operator is “quite confident”, his forecast is mapped to a narrow delta function centred
over his recommended load change.  If the operator is “not confident”, his forecast is
mapped to a broader delta function.  The fuzzy set that describes the operator’s forecast,
with the confidence implied in the narrowness of the set, acts as boundary on possible
load change values that the system will output as guidance.  In effect, the more confident
the operator is in his forecast, the closer the system’s response will be to his forecast.

Kim et al.  -

Fuzzy expert systems modify the ANN’s provisional forecast by considering the
possibility of load variation due to changes in temperature and load behavior of a
holiday.

The training set of data for a given day is the set of three days which were exactly one,
two, and three weeks prior to the day in question.  In other words, examine the previous
three Mondays to develop a system for this Monday.  The system extrapolates from a
moving average.

Temperature is used in a unique way as an input parameter in this system.  Change-in-
temperature is defined as the difference between daily average temperature of the
forecasting day and the daily average of the three days in the training set.

A rule-base is implemented in exactly the same method attributed to Kosko in section 3.2
of this paper.  Temperature and change-in-temperature are used as two inputs for the
system.  They are each fuzzified so that they acquire membership values in each of the
fuzzy sets:  negative-big, negative-medium, negative-small, zero, positive-small,
positive-medium, and positive big.  A rule base matrix of 7×7 necessitates the coding of
49 rules.  For example if temperature is positive-big and change in temperature is
positive-medium, output effect on short-term load forecast is positive-medium.
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Lambert-Torres et al.  -

Two heuristics are incorporated with an ANN via a fuzzy logic postprocessor.  An
operator reasons that if load is significantly higher than forecast, it will likely remain
higher than forecast for a short while.  It is reasonable to raise the short-term load
forecast for one hour ahead.  The unusually high load will likely settle back to normal
after several hours.  Anomalies dissipate, and can be modeled.  The rule-of-thumb is
implemented in the following way:

Rule 1:  If the percentage error between actual load and forecasted load
is big then add 50% of this error times the membership value for one-
hour-ahead-forecasting, and add 25% of this error times the value for
two-hours-ahead-forecasting.

Thermic inertia is another effect familiar to operators.  It is explained in section 5.1 of
this paper.  It is implemented in the following way:

Rule 2:  If the 24 hour temperature variation is big then add 10% to the
forecasted load.

Srinvasan et al.  -

These researchers have gone the farthest in exploiting fuzzy logic.  The fuzzy knowledge
base is carefully designed and integrated with the entire FNN.  The fuzzy knowledge
base contains well thought out If-Then rules describing the system behavior.

The historical load time-series is adjusted for annual load growth.

Load patterns are modeled over of six-hour periods.  This enables the application of
several heuristics.  For example:

If     day_type is Monday
then change_in_load in morning is negative_small

If     day_type is Friday
then change_in_load in afternoon is negative_small

These rules account for these periods’ proximity to weekends.

If     max_temp is high (0.8)
and  max_humidity is high (0.9)
and  heavy_rains_in_the_afternoon (1.0)
then change_in_load in the afternoon is positive_small

If     special_event is football-match (1.0)
then change_in_load in evening is positive_small
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Although it is difficult to compare the six different researchers’ FNN performances, this
FNN’s results seem most impressive.  The FNN shows error in prediction of 0.65% on
weekdays and 0.97% error on weekends.
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6.     Linear Programming

Before introducing fuzzy linear programming, we will review traditional linear
programming (LP).  Linear programming is an algebraic method used solve sets of linear
equations.  The formal methodology was developed around 1947.  The purpose of linear
programming is to find optimal solutions for systems which are modeled by linear
equations.

In LP, sharp constraints combine to limit the space of feasible solutions to the linear
problem being posed.  The variable dimensions of the system being modeled assume the
form of a vector.  The objectives of a problem are also modeled with linear equations.
The linearity of the constraints and the objectives enables straight-forward solution
methods.  Vertices of the solution space correspond to optimizing vectors. The vectors
are optimizing in the sense that non-zero linear equations of the system variables,
representing the objectives, achieve maximal values at the vertices of the feasible solution
space.  There are various ways to visualize how the LP method achieves an optimal
solution for a linear system:

Imagine you are on a man-made island called Polygonia.  The island is bounded
by a few perfectly straight sections of coastline; the straight sections meet at
points.  Your objective is to walk as far north as possible.  If you mentally
picture the island, you will see that your objective must be at one of the points
joining the straight sides.

The LP method extends to higher dimensions.  Picture a masterfully cut diamond
lying on a table.  The flat sides of the diamond all join together at straight edges,
and the straight edges meet at points.  Suppose your objective is to locate the
northernmost carbon atom in the diamond.  The surface of the diamond bounds
the space of feasible solutions.  In your imagination, picture yourself inside this
space (Isaac Asimov’s “Fantastic Voyage III”?).  You pull out a compass, orient
yourself, and head northward.  If you mentally animate this scene, you will see
that the location you arrive at is at one of the points of the diamond.  Your
objective of being as far north as possible achieves an optimal feasible result at a
vertex of the convex solution space  -- in this case, at the point of a diamond.
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Campbell presents an example of a simple of LP problem.  His description is summarized
here to illustrate how a real problem is phrased in LP:

Consider finding the minimum or maximum of a linear function of the form:

f(x) = a1x1 + a2x2 + … + anxn + b1

over a convex set.  These problems are frequently concerned with decision-
making and occur in management science in connection with production
schedules, optimum inventories, shipping schedules and other areas.  The
following example will demonstrate a very simple problem and its solution.

Example 6.1   There are two factories that manufacture three different grades of
paper.  There is some demand for each grade.  The company that controls the
factories has contracts to supply 16 tons of low grade, 5 tons of medium grade,
and 20 tons of high grade paper.  It costs $1000 a day to operate the first factory
and $2000 per day to operate the second factory  (these costs are from 1965).
Factory “number 1” produces 8 tons of low grade, 1 ton of medium grade, and 2
tons of high grade paper in one day’s operation.  Factory “number two” produces
2 tons of low grade, 1 ton of medium grade, and 7 tons of high grade paper per
day.  For the single objective of filling the orders most economically, how many
days should each factory be operated?

Let x1 be
the
number
of days
that
Factory one operates and x2 be the number of days that Factory 2 operates.  The
system can be modeled with these equations:

(6.1)    8x1 + 2x2  ≥  16      at least 16 tons of low grade paper are required

(6.2)      x1 +   x2  ≥    5      at least 5 tons of medium grade paper are required

(6.3)    2x1 + 7x2  ≥  20      at least 20 tons of high grade paper are required

(6.4)            x1  ≥    0      number of days operated must be non-negative

(6.5)            x2  ≥    0       “        …        ”

The five inequalities above represent five restrictions on our variables.  We wish
to minimize the total operating cost of the factories,

f(x1,x2)  =  1000x1 + 2000x2

This system of equations can be represented geometrically:

Paper Factory 1 Factory 2 Tons Needed
Low Grade 8 tons per day 2 tons per day 16
Medium grade 1  ton per day 1  ton per day   5
High Grade 2 tons per day 7 tons per day 20
Daily Cost $1000 $2000
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Figure 6.1 Graph of  equations (6.1) - (6.5)  (Campbell)

The two axes of the graph are the number of days that Factory 1 operates and the
number of days that Factory 2 operates.  The shaded area corresponds to feasible
solutions of the inequality equations (6.1-6.5).  The diagonal hatched lines relate
to total cost of factory operation.  The lowest cost line that coincides with the
space of feasible solutions is the f(x1, x2) = 7000.  The feasible solution
corresponds to x1 =  3 and x2 = 2.  In plain English, this means that the cheapest
way you have to satisfy the order costs $7000, and it requires that you run
Factory 1 for three days and Factory 2 for two days.  It is interesting to note that
in addition to filling your order at a minimum cost, you end up with a slight
surplus of product.



Bjarne K. Hansen, 1996: Fuzzy logic and linear programming find optimal solutions for meteorological
problems, term paper for Fuzzy Logic course at Technical University of Nova Scotia.

30

The LP problem are expressed concisely in matrix notation.  For the table:

we define matrices:

8   2 16
A = 1   1 R =   5 C = 1000   2000

2   7 20

Hence our restrictions:

8x1 + 2x2  ≥  16
  x1 +   x2  ≥    5        and      x1  ≥    0
2x1 + 7x2  ≥  20    x2  ≥    0

can now be written as:

8   2   x1 16
1   1   x2 ≥   5      or AX ≥ R  and X ≥ 0.
2   7 20

Our purpose is to minimize  1000x1 + 2000x2  , or

   1000   2000         x1       ,        or CX
        x2

Therefore, the statement of the problem using matrix notation is:

Minimize CX subject to the restrictions AX ≥ R and X ≥ 0, where A, X, R, and C
are defined above.

Paper Factory 1
tons-per-day

Factory 2
tons per day

Tons Needed

Low Grade 8 2 16
Medium grade 1 1   5
High Grade 2 7 20
Daily Cost $1000 $2000



Bjarne K. Hansen, 1996: Fuzzy logic and linear programming find optimal solutions for meteorological
problems, term paper for Fuzzy Logic course at Technical University of Nova Scotia.

31

7.     Methods of Optimization

When the number of unknowns in a linear optimization problem exceeds three, a
geometric solution is impossible.  More general solution methods must be used.  Some
alternatives include:  simplex method, active-set method, and interior method.  Active-set
methods are a superset of simplex methods, and are suited for quadratic programming.

Fortunately, theoretical and technological advances since the Nineteen-forties have
enabled the development of a variety of techniques for solving optimization problems.
Discrete optimization is a major interest of computer science.  Some optimization
methods that computers enable are:  neural nets, genetic algorithms, heuristics, greedy
algorithms, divide and conquer, branch and bound, branch and cut, depth first search,
breadth first search, and simulated annealing.  These techniques are beyond the scope of
this paper.  The types of problems to be considered here are only intended to illustrate the
usefulness of fuzzy linear programming.  The more complex methods of optimization are
only alluded to to reassure the reader that the applicability of the fuzzy linear
programming approach has more potential than can be presented in a short paper.  There
exist many optimization strategies for dealing with important real life problems, in
sophisticated ways, which exploit the latest available computer technology.  Many of
these optimization strategies incorporate crisp linear programming methods.  The stage is
set for the development of sophisticated applications based on fuzzy linear programming
techniques.
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8.     Fuzzy Linear Programming

The author recalls a pleasant optimization problem he had while vacationing on a
Caribbean island:

Where shall I have my siesta?  The room is muggy.  The beach and the
surf are attractive, but the sun is too intense to lay around.  My eyes
wander along the beach and find the answer.  There is a thatch umbrella
in the sand by the grass.  I lay down in the shade, listen to the surf, and
have a perfect siesta.

The objectives are sand, surf, sun screen and sleep.  To the discerning eye, the terrain
presents an optimal shady spot.  Fuzzy linear programming can be regarded as a “shade-
sensitive” version of linear programming.

Fuzzy linear programming (FLP) is a refinement of linear programming (LP) which has
developed since the Nineteen-seventies.  Here is an example to illustrate roughly how
fuzzy linear programming works.

Recall the example from section 6 involving a diamond.  It shows how the
location of the northernmost carbon atom is found at one of the diamond’s
points.  A quantum physicist may consider the problem from a more complicated
frame of reference.  An atom does not really lie at one point, but occupies
different points in a spatial cloud to various degrees.  An atom can be regarded
as fuzzy.  A practical person would ask the quantum physicist to stop
obfuscating and specify a point where the atom is “most present.”  From a
practical point of view, that is the location of the northernmost carbon atom in
the diamond.  Although no one would use FLP to sort through the fuzziness of
three dimensional carbon atoms, the thought experiment is analogous to practical
applications of FLP.  In practical applications, fuzziness can be of significant
magnitude, and the solution space can have many dimensions.

A more formal definition of fuzzy linear programming is offered by Zimmermann (1991):

The classical model of linear programming can be stated as:

maximize f(x)  =  cTx
such that  Ax  ≤  b

    x  ≥  0

with   c, x ∈  ℜ n, b ∈  ℜ m, a ∈  ℜ m×n  (8.1)
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Depart from all classical assumptions that all coefficients of A, b, and c are crisp
numbers, that ≤ is meant in a crisp sense, and that “maximize” is a strict
imperative!

If we assume the LP-decision has to be made in fuzzy environments, quite a
number of possible modifications of  (8.1) exist.

The decision maker may not actually want to maximize or minimize the
objective function.  Rather he might want to reach some aspiration levels which
might not even be definable crisply.  Thus he might want to “improve the present
cost situation considerably”, and so on.

The constraints might be vague in one of the following ways.  The ≤ sign might
not be meant in the strict mathematical sense, but smaller violations might well
be acceptable.  This can happen if the constraints represent aspiration levels as
mentioned above, or if for instance, the constraints represent sensory
requirements (taste, color, smell, etc.) which cannot adequately be approximated
by a crisp constraint.  Of course, the coefficients of the vectors b or c or of the
matrix A itself can have a fuzzy character, either because they are fuzzy in nature
or because perception of them is fuzzy.

The role of the constraints can be different from that in classical linear
programming where the violation of any single constraint by any amount renders
the solution infeasible.  The decision maker might accept small violations  of
different constraints.  Fuzzy linear programming offers a number of ways for all
those types of vagueness.

The fuzzy linear programming model may be expressed as:

maximize  cTx   ≅≥    z

such that  Ax   ≅≤    b

    x     ≥   0 (8.2)

where  ≅≥   denotes the fuzzified version of ≥ and has the linguistic interpretation
“essentially greater than.”  The objective function of (8.1) might have to be
written as a minimizing goal in order to consider z as an upper bound.  We see
that (8.2) is fully symmetric with respect to the objective function and
constraints.
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Care must be taken exercised when two fuzzy sets are conjoined to develop a new fuzzy
set which addresses both of the first two sets simultaneously.  Sets are typically combined
through maximizing or minimizing operations; but in real systems the incipient factors
may be interrelated.  As everyone knows, marriages between relations are fraught with
problems.  For instance, a house can graded according to the two factors cost and
desirability of location.  The factors are not independent.  A house’s location directly
influences its cost.  In a more subtle way, cost may influence desirability of location.

Factors can also be compensatory, as explained by Zimmermann (1991):

Given that the degree of membership to the aggregated fuzzy set is

µAgg(xk)  =  f( µA(xk), µB(xk) )  =  k

f is compensatory if µAgg(xk) = k is obtainable for a different µA(xk) by a change
in  µB(xk).

This can be illustrated by considering the house example again.  The degree to which a
person wishes to purchase a house is influenced by its cost and its location.  Suppose you
have a model home in a prime location and your urge to buy this house equals k.  You can
be equally tempted to purchase a house at almost any other location if the cost is low
enough.  People say “the cost makes up for the location.”  One is financially
compensated.

Membership in a fuzzy set can be compared to shades of light between brightness and
darkness.  Superimposition of multiple sources light can lead to peculiar effects.  The sum
of two light sources is usually greater than either single contributor.  But waves of light
can combine in a way to cancel each other out  (e.g.  diffraction  →  light + light = dark).
In an analogous way, binary operations which aggregate two fuzzy sets can result in a
third fuzzy set which is not a simple maximum, minimum, or average of the addends.
Operations known as t-conorms aggregate fuzzy sets and result in supermaximal
memberships.  Operations known as t-norms aggregate fuzzy sets and result in
subminimal memberships.  Here is a figure from Zimmermann that shows how averaging,
t-norm, and t-conorm operators map.
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Figure 8.1 Mapping of t-norms, t-conorms, and averaging operators.
(Zimmermann, 1991)
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8.1     Review of Fuzzy Linear Programming Literature

8.1.1     Zimmermann

The definition of fuzzy linear programming attributed to Zimmermann in section 8 is
neatly applied in one of his papers (1978).  The paper explains how to perform fuzzy
linear programming with several simultaneous objective functions.  It is worthwhile to
summarize the application, to show how the FLP framework is used.

The problem is expressed in terms of a vector maximum problem.  The problem is
basically like the LP problem presented in Example 3.1, except that in this case there are
two objectives that cannot both be maximized simultaneously.  Two products are
produced at predictable costs, with interdependent capacity constraints.

The two objectives are
to maximize profit and
maximize difference of exports minus imports.  This problem can be modeled as follows:

“max”  Z(x)   = -1     2 x1 (effect on balance or trade)
             2     1 x2 (profit)

such that:

  -x1  +  3x2   ≤   21
   x1  +  3x2   ≤   27
 4x1  +  3x2   ≤   45
 3x1  +    x2   ≤   30
     x1, x2       ≥     0

The space of this problem is shown in figure 8.2.

Product 1 Product 2
Balance on Trade (imported parts)  - $1 +$2

Profit per piece $2 $1
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Figure 8.2     Vector maximum problem  (Zimmermann, 1978)

The x1 axis is represents units of production of product 1, and the x2 axis is represents
units of production of product 2.  The capacity constraints are represented by x1-x2-x3-x4.

The space of realistic or feasible solutions is bounded by x1-x2-x3-x4-x5.  The area is
enclosed at the lower values by x1-x5-x4 because a move to the left of x1-x5 or down from
x5-x4, to acquire a gain in one objective, will be accompanied by a greater loss in the
other objective.  It is not justifiable to move into those areas because it will always result
in more harm than good.  At the point x5, net export equals -3 and profit equals 7.

Profit increases in the direction of x5-x4, or along the c2 axis.  Net export increases in the
direction of x5-x1, or along the c1 axis.  These vertices correspond to maximizing
solutions for the two objectives.  Maximum profit of 21 is achieved at the point x4.
Maximum net export of 14 is achieved at the point x1.

The locus x1-x2-x3-x4  represents a “complete solution” space.  One can see graphically
that dual objectives maximize along the locus.  Visualize the space x1-x2-x3-x4-x5  as a
poorly engineered baseball field.  There are four bases, and the field slopes upward away
from home plate.  The bases are located at x1-x2-x3-x4 and home plate is at x5.  The line
connecting the bases is a ridge along the edge of the field.  The satisfaction of your dual
objectives (profit and export) is analogous to height above home base.  Because the field
slopes upward from home base, to stray from the x1-x2-x3-x4 line onto the field is to move
linearly downhill (with respect to both axes c1 and c2).  Looking at figure 8.2 this way one
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can see for every point inside the feasible area x1-x2-x3-x4-x5 there is a point on the locus
x1-x2-x3-x4  that achieves equal or superior export and equal or superior profit.

The problem reduces to the selection an optimal point along the locus x1-x2-x3-x4. The
production system will be most satisfying if one can “maximize both objectives”
simultaneously.  This begs the question:  how do we define most satisfying?  The
maximum possible export is 14 and the maximum possible profit is 21, but these two
results occur at different solution points.  Zimmermann suggests that, with respect
satisfaction of both objectives simultaneously, there must be a point somewhere along the
solution locus between maximum export and maximum profit.  This corresponds to the
dilemmas of real life, where we typically seek compromise solutions that give greatest
overall satisfaction.  For instance, people have conflicting thoughts about money:  “it is
wise to save money” and “it is pleasant to spend money.”  Most people compromise and
do a bit of both.

A flexible method of evaluating compromise solution is proposed by Zimmermann.
Achievement of objectives is represented by a membership in a fuzzy set.  Achievement
of both objectives can be evaluated in this manner at every point in the feasible solution
space shown in figure 8.2.  The feasible solutions are used as support domains.
Membership in the two satisfaction functions is linearly proportional to the degree to
which the individual maximum feasible solutions are achieved.  Membership in the two
fuzzy sets corresponding to satisfaction of the two individual objectives is assumed to
range from 0 to 1 across the range of feasible results.

The degree of satisfaction of individual objectives is modeled by two normal fuzzy sets:

µExport(-3)    =  µProfit(7)    =   0

µExport(5.5)  =  µProfit(14)  =   0.5

µExport(14)   =  µProfit(21)   =  1

Feasible Solutions Export Profit µ(x)
Minimum  -3 7 0
Maximum 14 21 1
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From the formulation:

zExport(x)  =  z1(x)  =  -x1 + 2x2

zProfit(x)   =  z2(x)  =  2x1 + x2

and

zExport(x)  =    -3 ⇒ µExport(-3)  =     0

zExport(x)  =  -14 ⇒ µExport(14)  =    1

zProfit(x)   =     7 ⇒ µExport(7)    =    0

zProfit(x)   =    21 ⇒ µExport(21)   =   1

we deduce that

µExport(x)    =

and

µProfit(x)    =

With these formulations of satisfaction functions, µExport and µProfit, we are able to
evaluate the respective degrees of satisfaction of export objectives and profit objectives
throughout the feasible domain.  To evaluate degree of satisfaction of both objectives
simultaneously, it is proposed that we aggregate the two membership functions:

µAggregate(x1, x2) =  f ( µExport(x1, x2),  µProfit(x1, x2) )

{ 0 for  z1(x) ≤ -3

-x1 + 2x2 + 3) / 17 for  -3 < z1(x) ≤ 14

1 for  14 < z1(x)

{ 0 for  z2(x) ≤ 7

(2x1 + x2 - 7) / 14 for  7 < z1(x) ≤ 21

1 for  21 < z2(x)
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The nature of the compromise is determined by the choice of function f.  Zimmermann
proposes two types of compromise functions:

µAggregate( µExport, µProfit ) =  min ( µExport,  µProfit )    ... minimum is logical AND

µAggregate( µExport, µProfit ) =  ( µExport ⋅⋅⋅⋅ µProfit )    ... product models synergism

The product function behaves somewhat like a maximum function.  The choice of
function depends on the nature of the system being modeled.  We attempt to model how
decision makers weight two factors simultaneously.  They can be most influenced by the
minimum of the two, like a fuzzy AND operation.  Or they can be most influenced by the
maximum of the two, like a fuzzy OR operation.  Whichever scheme one prefers,
Zimmermann’s method provides an efficient way of determining a meaningful and
objective decision.

Table 8.1     Evaluation of Compromise Solutions

This table illustrates how compromise solutions can be objectively selected from a range
of solutions.  The range in this case is the locus x1-x2-x3-x4 .  Reasonable balances of
export and trade are shown in the lightly shaded area.  The respective satisfaction scores
are the bold values to the right.  The nature of the µMin  and µProd operators can be best
appreciated by examining the graphs on the next page.

*   The author has found a tiny error in Zimmermann’s paper (1978).  Zimmermann claims that x
=  (5.7, 7.1) yields “maximum satisfaction” with respect to µProd.  But x = (6, 7) has a higher
value of µProd.  The error is probably due to rounding.  The graphs on the next page show how the
solution values of µProd are nearly equal along the solution segment x2-x3.

x1 x2 Export Profit µExport µProfit µMin µProd

x5 Minimum  3.4  0.2 -3.00 7.00 0.00 0.00 0.00 0.00
x1 Max. Export  0  7 14.00 7.00 1.00 0.00 0.00 0.00
x2  3.0  8 13.00 14.00 0.94 0.50 0.50 0.47

AND  5.03  7.32 9.61 17.38 0.74 0.74 0.74 0.55
Product (≈ OR)  5.7  7.10 8.50 18.50 0.68 0.82 0.68 0.558

x3  6  7 8.00 19.00 0.65 0.86 0.65 0.559
x4 Max Profit  9  3 -3.00 21.00 0.00 1.00 0.00 0.00

*
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Figure 8.3     Fuzzy LP with min operator   (Zimmermann, 1978)

Figure 8.4     Fuzzy LP with product operator   (Zimmermann, 1978)
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Four items that frustrate expert system designers are identified another paper by
Zimmermann (1989):

1. Multi-dimensionality.  Two dimensions seldom describe real systems adequately
 
2. Data collection and aggregation.  It is difficult to cope with interrelations between

multidimensional data elements.  To simplify computational complexity, expert
systems often treat packs of data is if they are independent.  Subtle dependencies
are overlooked.

 
3. Strategy assignment.  Expert systems obtain data about a dynamic process,

determine which strategy is most suited for the situation, and implement purely
one strategy.  When dynamical situations change, different strategies may be
called for.  If a target is constantly moving, and an expert system only searches for
it periodically, the target will evade the system.  Strategic planners cope with the
challenge of a moving target by dynamically shifting the weights in their strategy.

 
4. Modelling and consideration of uncertainty.  Zimmermann explains that “in those

areas where many ill-structured factors, weak signals, and subjective evaluations
enter, and which extend far into the future, uncertainty is obviously particularly
relevant.”  Most expert systems handle such factors in arbitrary and limited ways.

Zimmermann offers more detailed examples of how fuzzy logic deals effectively with
each of these difficult items.  His example applies specifically to an expert system for
portfolio analysis and strategic planning.

8.1.2     Chanas

Chanas takes Zimmermann’s fuzzy linear programming framework and makes it more
general.  Chanas shows how fuzziness in system parameters can be modeled with more
subtlety.  Zimmermann’s application (1978) relies on two assumptions:

1. Objectives are crisp.  (export and profit are represented with crisp numbers).
 
2. Satisfaction with individual objectives is represented by a linear function:

       level of achievement  -  minimum feasible achievement
    µ(x)   =

maximum feasible achievement  -  minimum feasible achievement
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Chanas proves that both of these assumptions can be relaxed and the FLP framework still
produces valid optimizations.  Objectives can be modeled as fuzzy.  This is consistent
with the observation that in the formulation of the FLP problem, constraints and
objectives are symmetric.  It is also consistent with real world situations.  Recall the
baseball field analogy of section 8.1.1.  The path around the diamond is comparable to a
range of objectives.  In baseball, a path is not a razor-thin line, but a grainy band that
circumscribes the game.

Satisfaction with individual objectives can modeled with any monatonic function.  This
enables one to rate satisfaction of objectives more realistically.  For instance,
Zimmermann models satisfaction with profit linearly across a feasible domain of  7 to 21.

1

µ

0
      7 21

Figure 8.5     Linear satisfaction

This implementation presumes that you want to achieve a pure compromise between
export and profit in terms of dollars.  But most companies in the real world are not run
like this.  A chief executive officer would look at figure 8.5 and say,  “I will not settle for
less than 10, and I would prefer more than 15.”  Figure 8.6 shows how to rule out
solutions less than 10 and favour those higher than 15.

1

µ

0
      7    10 21

Figure 8.6    Conditional and biased satisfaction
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8.1.3     Leung, Leung and Wong   

Leung et al. describe a rudimentary expert system that integrates linear programming and
heuristical techniques.  Optimization is sought through the application of fuzzy IF-THEN
rules.  An object-oriented approach is used to identify components based on linear
programming and components based on heuristics.
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8.2     An Example:  How to Find an Optimal House

Here is an example that should strike home for most people.  Imagine you are moving to a
new city and you are searching for an ideal home.  You establish a list of objectives,
survey the market, and determine which home fits your objectives.  Anyone who has ever
searched for the “ideal home” knows that no such thing exists.  In reality, there is a
limited choice of feasible homes on the market, and each home will satisfy different goals
to various degrees; none ever fully satisfies all goals.  In practice, you examine the
available homes, cautiously lower your objectives, and try to determine which home
comes closest to meeting your multiple objectives.

If you are lucky, you will find a home that is very satisfying.  But often, people end up
buying a home in a hurry.  Someone may fly into a city ahead of time and arrange through
a realtor to view twenty arbitrarily selected homes.  The choices may all be rather
unsatisfying.  But due to time constraints, people are usually compelled to buy a home
that is least unsatisfying among twenty rather than most satisfying among a thousand.

The situation is not totally bleak.  Real estate agents are generally good at locating homes
that meet clients objectives.  Good agents spend a lot of time monitoring the market and
evaluating homes with respect to clients needs.  But there are several disadvantages to the
current system.  It is a time consuming activity for the agent  Candidate homes may be
overlooked  And evaluation of homes is subjective -- the agent and the client will often
not rate candidates in the same order.

This problem can be tackled in an innovative way -- with an expert system utilizing
parameterized multiobjective fuzzy linear programming (PMFLP).  Let us call the
proposed system the “Real Estate Market Analyzer” (REMA).  Based on the literature
relating to PMFLP, engineering the REMA should to be fairly straightforward.  The
purpose of REMA is to improve the process used by home buyers to shop for homes.  To
motivate the development of REMA, and establish the context in which the system can
operate, here is an example of how the process would work from the client’s point of
view:

You are given a form to fill in.  It may look like this:
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Importance, or desirability, is coded with the following numbers:

Rate the importance of the following properties of a home:

Figure 8.7     Home Buyer Objectives Questionnaire

Importance
Not at all 0

Slightly 1
Rather 2

Very 3
Extremely 4

Cost
$50,000 $200,000
$75,000 $250,000

$100,000 $300,000
$125,000 $400,000
$150,000 $500,000
$175,000  $Million

Style
Single detached

Duplex
Townhouse

etc...
Mobile

Condominium
Apartment

Located near
City Transit

Country Shopping
Ocean Recreation
Work Worship

School Hospital

Commuting time
5 minutes 30 minutes

10 minutes 45 minutes
20 minutes 60 minutes
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Although the fuzzy nature of home buyer’s objectives is highlighted in this example,
buyer’s rigid constraints can be incorporated into the system with no more difficulty than
his fuzzy objectives.  A rigid constraint can be regarded as a crisp objective, and therefore
belongs to the superset of fuzzy limitations.  Constraints and objectives are symmetric
with respect to the linear programming system being developed.

This home buyer’s questionnaire is presented only to give a rough idea of how the
PMFLP technique can implemented in a real estate setting. A typical set of multiple
objectives is presented, but the set could be easily refined to suit special settings.

The numbers used to rate importance or desirability can be modeled as fuzzy numbers.
Thereby, the objectives can be evaluated in an interpolative manner.  For example, if
someone slightly favours a $75,000 home and rather favours a $100,000 home, the
PMFLP method can deduce that a $95,000 home will most please the home buyer.  The
exact value deduced will depend on model coefficients:  the weight attached to the
bracketing fuzzy numbers; and the fuzziness built into the fuzzy numbers.

The modelling and evaluation of the fuzzy objectives can be treated in a variety of ways.
Rather than offering the buyer a table of prices to choose from, the buyer can be asked to
name a preferred price range and limiting price range.  Most people think in these terms,
and these terms are equivalent to a trapezoidal fuzzy number.

How to evaluate achievement of geographic objectives presents special challenges.
Nearness to desired location can be modeled linearly in terms of how long it takes to
travel from the home to the location.  A client can be asked to specify a maximum
tolerable commuting time.  For instance, a client says he will “tolerate driving up to an
hour to get to work.”  With respect to nearness to work, a client to lives next to his work
is 100% satisfied, a client who lives 40 minutes from work is 33% satisfied.  The fuzzy
set representing proximity to can be modeled by a cone over a terrestrial plane.  In the
questionnaire above, the client is asked to rate a set of commuting times, ranging from 5
to 60 minutes.  The system can convert this information into a form more complex than a
simple cone.

The buyer’s objectives assume the form of a vector in solution space.  The vector “points
towards” the optimum solution in the space of feasible solutions, in the same way that a
compass points northwards in the diamond example of section 3.  The optimum home’s
list of qualities aligns best with the buyer’s vector.

The most interesting part of the process, from the client’s point of view, is the nature of
the guidance that expert system REMA will offers him.  Every home on the market is
considered, perhaps 1000.  Only 100 are identified as feasible.  The degree to which each
of the 100 homes satisfies the clients objectives is calculated, and the homes are thereby
ranked.  The top 10 homes are selected, and a report is printed for each.  In addition to a
single satisfaction rating, the report will tabulate the degree to which individual
objectives are met.  Figure 8.8 shows what system output could look like.
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Figure 8.8  Home Desirability Analysis Customized for a Certain Buyer’s Objectives

Figure 8.8 is just a speculative version of what the REMA system could produce.  The
author has made certain assumptions about how the satisfaction achievement ratings are
arrived at.  The assumptions are overlooked for now, because the purpose here is only to
give an idea what form of system output is possible.  The exact coefficients and
operations that would be used in a in a working system would be part of a more extensive
design process.

By having information available in the form of the above table, a person will able to make
better initial market screenings, cost-benefit analyses, and home purchasing decisions.
The entire market is objectively analyzed with a sensitivity to the home buyer’s specific
objectives and constraints.  Assuming the system and database are available, the
information can be provided to a customer very quickly.  Within minutes of filling in his
home buyers objectives guide, the top ten candidate homes will be identified and
presented in the form of the above home desirability analysis.

It is unlikely that REMA will consistently find the best home for a buyer in an initial
search; the REMA system is itself predicated on there being no perfect solution.  To
increase the chances of a successful search, REMA presents the top ten candidates likely

118 Madison Drive Overall rating  88

Objective Available Categories Objective Individual Rating

$115,000 $120,000 Cost $115,000   96
2.5 2.1 Location City   84
1.9 1.7 Country   89
1.0 1.5 Ocean 100
3.7 3.5 Work   95
2.8 3.8 School 100
2.5 1.8 Transit   72
2.5 2.0 Shopping   80
2.0 1.5 Recreation   75
2.4 1.0 Worship   42
2.1 2.5 Hospital 100
3.0 3.9 Home Style Single detached 100
0.8 1.2 Duplex 100
… … etc… …
0.0 0.0 Apartment 100

Comments:   hardwood floors, very sunny, large lot, quiet neighborhood.
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to satisfy the buyer.  In linear programming terms, one can “explore a space of nearby
solutions.”  For example, the “number 1” house may rate 88 overall, but be a bit on the
pricey side.  The “number 10” house may rate 75, but may have a very appealing price.
In addition to such information, unparameterized factors can be conveyed in the home
desirability analysis in the form of footnotes, or comments.  A buyer may be swayed by
the fact that one home has a “great view.”  Comments enable a buyer to exercise even
more discretion and to identify mitigating factors.

Weights of the individual objectives need to be modeled and interpreted carefully.  They
are not simply additive (as assumed in figure 8.8).  For some people, price is an
overriding factor, for others, location is everything.  The client’s biases need to be entered
into the system so that homes achieving maximum overall ratings match the buyer’s
peculiar priorities.  Figure 8.6 shows how tolerance and bias towards factors can be
modeled as a fuzzy set.

By incorporating fuzziness, REMA is able to evaluate contradictory objectives in an
optimizing way.  For instance, in most people there are dual yearnings to “live in the city”
and to “live in the country.”  Both desires cannot be satisfied completely, so most people
seek a compromise solution.  REMA optimizes the compromise by parameterizing
individuals’ preferences with fuzzy numbers, and attaching highest ratings to homes in
the most preferred “middle ground.”

More graphical representations the system output are possible.  For instance, suppose the
REMA system has performed an evaluation of Toronto and isolated 1000 feasible homes,
each with its own desirability rating.  The locations can be plotted as points on a map of
Toronto.  The desirability ratings can be objectively analyzed as a continuous field, and
the field can colour-coded; areas with desirable spots will stand out as green.  By tracking
a color gradient from dark grey to bright green, you trace a line towards more desirable
areas.  Simply by glancing at the analyzed map, a person can plan a very effective house
hunt.  The hunt will concentrate in green areas which contain many points -- desirable
areas which have many feasible homes.

The REMA tabular and graphic interface can be used in an interactive and dynamic
manner.  Suppose one has a preliminary set of objectives which yields only very
unsatisfactory solutions; the market does not offer what one initially desires.  One can
revise one’s objectives to align then with the market, and perform a new search.  In a
graphic interface, this can be done easily by turning a “price dial” from $80,000 to
$100,000.  Or one can chose to lower the importance of having nearby amenities.  In
linear programming terms, optimal solutions are admitted into the solution space from the
multidimensional space of possibilities as you relax the constraints of your solution
space.  In the REMA graphic environment, solutions spring into view in the form of
brightening green zones, as you compromise certain objectives.  Such guidance can
substantially improve the home selection process, and the guidance can be generated
efficiently and automatically.
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9.  Meteorology and Fuzzy Logic

Meteorological information is often expressed in vague terms.  For example:  “fog is
present when suspended water droplets cause low visibility”  -- how low is low?.  Another
paradox for (crisp) meteorologists is the question:  “At what height is the atmosphere no
longer present?”  Several other typical examples are given in the introduction of this
paper.

Weather forecasting is becoming increasingly computerized.  The world’s most powerful
supercomputers are dedicated to running models simulating atmospheric evolution.  The
model output is termed Numerical Weather Prediction (NWP).  Over recent decades,
NWP has shown remarkable progress at accurately simulating large-scale weather
processes several days ahead.

Numerical Weather Prediction has limitations.  Its rising accuracy is reaching a plateau.
Tiny errors in atmospheric measurements are incorporated in models when they are
initialized.  These tiny errors are propagated and grow exponentially in the model’s
simulation of future weather states.  There are both theoretical and practical reasons for
why errors in model initializations are unavoidable.  A better appreciation of the
limitations of NWP is achieved if one is familiar with chaos theory.

In an article about expert systems and weather forecasting,  Conway wrote in 1989:

In most cases the observational data will be incomplete and contain error and
inconsistencies.  This is a common feature of expert-system applications, and is
normally tackled by assigning weight and probabilities to evidence and
hypotheses.  As humans we do not normally reason in numerical terms but prefer
vaguer notions of things being “probable” or “likely”, doing the appropriate
assignment of probabilities is one of the main difficulties of encoding human
expertise in the form of rules.  How best to real with “reasoning under
uncertainty” is a subject of continuing research in the expert systems community.

Conway points out the inadequacy of probability theory at handling the uncertainties
associated with weather forecasting.  Currently, forecasts derived directly from NWP are
based only on probability.  Objective methods attempt to express what weather is most
probable.  The fact that radically different types of weather are possible is conveniently
ignored.  An atmospheric simulation does not easily deal with multiple possibilities.  It is
easier to pretend that a simulation corresponds to a “one and only possible reality”, and
then express a simulation’s results in terms of pure probability.  “Probability” is
implicitly conditional probability.  But often, unanticipated conditions develop.  Here is
an illustration:
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Numerical Weather Prediction gives input to a probability-based model,
and the model outputs guidance saying that there is an “80% probability of
rain in twelve hours.”  This probability has a built-in assumption that a
low pressure centre will track by just to the north.  Soon afterwards, it
becomes apparent that the low pressure centre is actually going to pass
south.  It becomes obvious that snow is about to occur.

If a forecast is issued based only on probability, it is nearly meaningless.
If an attentive person is preparing the forecasts, she can hedge by
mentioning the possibility of snow.

In the parlance of forecasters, the objective guidance is “out to lunch.”  The real problem
is that at the time that the initial probability is calculated, there are infinitely many
possible routes along which atmospheric evolution may progress, some resulting in rain
and others in snow.  Probability theory begins with an assumption that rain is the only
possibility, and proceeds to predict only a chance of rain.  Subsequent information
appears in different contexts and possibilities must be reconsidered.

This is a difficult matter for atmospheric modelers to cope with.  Preliminary research is
proceeding in a branch of meteorology called ensemble forecasting.  Multiple simulations
are run.  The initial states of the different simulations are adjusted to have small and
varying perturbations.  These perturbations model the inaccuracy that actual
measurements contain.  Ensemble forecasting simulates the nature of multiple
possibilities.  The faster the model simulations diverge, the more uncertainty one attaches
to the possibility of the predicted outcome of the situation being modeled.

When we focus on probability, we tend ignore other valid methods of representing and
reasoning about weather systems.  At the points where probability bogs down, fuzzy logic
offers a means for reasoning to progress.  Fuzzy logic is useful for dealing with systems
that exhibit chaotic or abnormal behavior.  Weather and forecasts of weather are most
significant when conditions are abnormal.  Expertise is what enables people to recognize
unusual weather patterns in their formative stages.  Human forecasters tend to take
objective probability-based guidance from NWP, apply heuristics, and end up with a
“fuzzy/possible/probabilistic” opinion of what sort of weather is in store.  The load
forecasting articles considered in this paper show how fuzzy logic enables an expert’s
rule-base to be incorporated in existing forecast systems.
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9.1     Weather Forecast Verification

There are inevitable uncertainties associated with weather.  In such a fuzzy environment,
the evaluation of weather forecasts is very difficult; meteorologists commonly refer to
this problem as the verification problem.  The author believes that multiple objective
fuzzy linear programming will help to solve the verification problem, along with a host of
other problems related to meteorological information.

Weather forecasts are typically verified as either accurate or inaccurate -- “hit” or “bust.”
This scheme has prevailed for about a century.  It has the advantages of being easy to
understand and to implement.  Its disadvantages are numerous and significant.  Gandin
and Murphy (1992) propose that more equitable methods be developed to evaluate
forecast accuracy:

Many skill scores used to evaluate categorical forecasts of discrete variables are
inequitable, in the sense that constant forecasts of some events lead to better
scores than constant forecasts of other events.  Inequitable skill scores may
encourage forecasters to favour some events at the expense of favouring other
events, thereby producing forecasts that exhibit symptomatic biases or other
undesirable characteristics.

The fact that the scores are sensitive to climatological probabilities of the events
suggests that equitable skill scores may be useful in rare-event situations in
which it is important to encourage (or not to discourage) forecasts of these
events and to reward forecasts of such rare events appropriately.

Gandin and Murphy list several practical problems encountered in implementing
their method. Problems include:

1. Events are regarded discretely, or lumped into categories
2. Arbitrariness of assigning numerical values to specific scores
3. Different situations have different dimensionalities
4. Different events can be concurrent

The possible extension of the concept of equitable skill scores to forecasts of
continuous variables also warrants exploration in the future.
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Without realizing it, Gandin and Murphy present an excellent argument for the
integration of fuzzy methods and forecast verification methods!  A fuzzy forecast of “near
20 cm snow” can be verified precisely when one calculates the membership of the actual
amount of snowfall in the fuzzy set of snowfall values near 20.

Forecasts have no intrinsic value or cost.  They achieve their value through their ability to
influence decisions of the users of the forecasts.  Murphy (1994) argues that forecasts
should be rated according to their economic value.  Murphy lists twelve classic,
intractable problems related to evaluating economic value.  The author believes that every
one of the problems Murphy neatly summarizes can be alleviated to some degree by
applying fuzzy logic.  When forecasts can be reliably evaluated in terms of economic
value, whole new methods of analysis and optimization of forecasting procedures become
feasible.

9.1.1     How Current Objective Forecast Verification Schemes Promote Mediocrity

Consider how betting would rewarded by a totally fair horse racing track.  By “fair”, we
mean that the track intends to pay out in total rewards an amount equal to the total bet.

Figure  9.1  Handicapping horses by basing expected performance
purely on past performance

Horse
Frequency

of wins
Fair

Handicap
Pay out on a

winning $2 bet

Always       50%     1:2           $4
Plan B       25%     1:4           $8

Candidate       10%     1:10         $20
Dullard         5%     1:20         $40

Eccentric         4%     1:25         $50
Fickle         3%     1:33         $66.67
Goner         2%     1:50       $100

Hopeless         1%     1:100       $200
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Suppose three people are each given two hundred dollars.  They will each bet two dollars
per race on one hundred races.  The people use different strategies to distribute their
wagers.

Figure 9.2 Prediction patterns based on three different strategies

Figure 9.3 Betting and winning results for three different strategies

Prediction Method

Horse
Random

(ignorant)
Conservative
(play odds)

Smart
(or psychic!)

Always 12.5% 100%       50%
Plan B 12.5%       25%

Candidate 12.5%       10%
Dullard 12.5%         5%

Eccentric 12.5%         4%
Fickle 12.5%         3%
Goner 12.5%         2%

Hopeless 12.5%         1%

Random Conservative Smart

Horse
#

Bets
#

Wins
#

Bets
#

Wins
#

Bets
#

Wins

Always 12.5  12.5/2 100 50    50    50
Plan B 12.5  12.5/4    25    25

Candidate 12.5  12.5/10    10    10
Dullard 12.5  12.5/20      5      5

Eccentric 12.5  12.5/25      4      4
Fickle 12.5  12.5/33.3      3      3
Goner 12.5  12.5/50      2      2

Hopeless 12.5  12.5/100      1      1
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Figure 9.4      Maximum rewards achievable by three strategies in a realistic setting

In a realistic, zero-sum game, an ignorant person who is treated fairly will break even;
luck cancels out.  A conservative person who just plays the odds is wasting their time.
Only a smart person can benefit from the game (if fools and conservatives keep betting).

The gamblers collectively bet $600 and won $2000.  What’s wrong with this?  The
horses’ handicaps are based on past performance, and on there not being any smart
“sharks” with unique insight into future performance.  A smart person can potentially
earn 700% profit on their investment at this betting establishment!  Gambling
establishments must implement rules to prevent sharks from bankrupting them.  Limits on
winnings are established, and cheaters are dealt with severely.  But the potential profit is
so high, that people are motivated to apply and improve their predictive talents.

If skill at prediction is equivalent to difference from random guessing, we can see from
figure 9.4 that a conservative prediction is no more skillful than blind guessing.  Both the
conservative strategy and the random one bet $200 and win $200.  Conservative
prediction strategies are blind to new information, because the prediction is only
determined by the past most probable outcome.  In the real world, we do not optimize our
solutions by applying mediocre strategies.

“Real World” Random Conservative Smart

Horse Pay out
“#”

Wins $
#

Wins $ Wins $

Always        $4  6.25 25 50 200 50 200
Plan B        $8  3.13 25 25 200

Candidate      $20  1.25 25 10 200
Dullard      $40  0.63 25   5 200

Eccentric      $50  0.50 25   4 200
Fickle      $66.67  0.38 25   3 200
Goner    $100  0.25 25   2 200

Hopeless    $200  0.13 25   1 200

Reward ! $200 $200 $1600
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Figure 9.5     Maximum rewards achieved by three strategies in an equalistic setting

If the gate at a horse racing track could reward betters in the same way that verification
schemes are used to “reward” weather forecasters, the race track’s profits would be
phenomenal.  Figure 9.5 shows how three types of gamblers collectively bet  $600 and
recoup $350.  Nobody wins in this sort of game.  If you invest a lot of effort to acquire
and exercise extreme skill you may come close to breaking even.  If you invest no effort
in acquiring skill, and simply play the odds you will win nearly as much as an expert.  If
you bet randomly, you lose your money twice as quickly as the conservative.

In reality, a race track could never implement a reward scheme such as that in figure 6.5.
The scheme completely demotivates people from becoming involved with the game.  No
matter how skillful one is at prediction, one always loses.  If a person bets $2 on a 1:99
long shot and is rewarded with $2, the game has no meaning.

“All cases equal” Random Conservative Smart

Horse Pay out
“#”

Wins $
#

Wins $ Wins $

Always $2  6.25 12.50 50 200 50 200
Plan B $2  3.13   6.25 25 200

Candidate $2  1.25   2.50 10 200
Dullard $2  0.63   1.25   5 200

Eccentric $2  0.50   1.00   4 200
Fickle $2  0.38   0.75   3 200
Goner $2  0.25   0.50   2 200

Hopeless $2  0.13   0.25   1 200

Reward ! $50 $100 $200
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Figure 9.6 How two different reward schemes
discriminate between three strategies

In the “all cases are equal” approach, conservative prediction is favoured over random
prediction.  But the reward for being smart is much less than in the more realistic horse
racing business.  Put another way, smartness is punished more severely than conservatism
in equalistic reward schemes.

The scheme used to verify the accuracy of weather forecasts generally weighs parameters
in the same undiscriminating way that an “equalistic race track” rewards wagers.  An
extremely skillful forecast of an “unlikely” event is accorded roughly the same weight as
a mindless forecast of an insignificant event.  This scheme does not recognize the value
inherent in excellent forecasts.  The scheme does not correspond to reality -- if significant
events are poorly forecast, the costs are great.  Costs can be reduced when the public is
well warned and can prepare or beware.  When significant events are poorly forecast, the
cost to society increases.  Cost equates to loss of life and catastrophic property damage.
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9.1.2    Superior Weather Forecast Verification Method Using Fuzzy Logic

Current weather forecast verification schemes stem from probability theory.  An event
was forecast and it did or did not happen.  A forecast is a “hit” or a “bust.”  At year’s end,
meteorologists can report that forecasts were hits 80% of the time and busts 20% of the
time.  Some allowance is made for “near hits” but these cases are identified in an ad hoc
manner.  Thresholds determining an event’s occurrence or nonoccurrence are discrete.  A
“gale” is a wind of 34 knots or more.  Forecast verification statistics are full of columns
of hits and busts, and every entry looks the same.  Forecasts that were splendid hits or
terrible busts do not stand in these tables.  Terrible busts are usually only  identified and
revisited when forecast users endure unexpected hardships and voice complaints.  There
is no existing efficient way to automatically and quickly represent weather forecast
“goodness” and “significance.”

Fuzzy logic enables a better way of evaluating weather forecasts.  Forecast are usually
somewhat vague:  “Sunny with cloudy periods... Variable cloudiness...  Snow giving near
10 centimetres.”  How to verify the accuracy of these forecasts against the actual
observations is problematic.  If you forecast 10 centimetres of snow and get 8
centimetres, do you say it is a good forecast?  Likely yes.  If you get 2 centimetres or less,
is the forecast good?  Most will say no.  Where do you draw the line between “good” and
“bad”?  Vagueness is exactly what fuzzy logic is designed to handle.  If the quality
“goodness of forecast” is represented with a fuzzy number, one can infer more meaning.
In fuzzy terms, a forecast of “near 10 centimetres of snow” followed by an actual
snowfall of 2 centimetres is 20% good and 80% bad.

One can model the “impact of forecast” and “impact of weather” with fuzzy sets.  During
periods of nebulous weather, forecasts have little impact.  A forecast of “variable
cloudiness” does not cause worry for most people.  But when severe conditions are
forecast or occur, the impact is significant.  If  30 centimetres of snow is forecast, society
mobilizes in a way to protect itself.  A small investment is made to avoid greater costs.  If
30 centimetres of snow occurs and it is not forecast, the impact on society will be even
greater.

Fuzzy logic will enable a superior forecast evaluation system compared to current
probability-based verification systems.  A system can immediately and automatically
describe forecast performance in human terms.  A current forecast may be scoring like
this:

accuracy       =  very bad   (0.8)
significance  =  very high  (0.9)

This combination of qualities will alert a forecaster to a situation that needs attention.
Results can still be represented numerically, allowing one to prioritize tasks.
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The field of statistics is beginning to develop formal methods based on fuzzy theory.
There are also recent reports of fuzzy methods being used in innovative types of database
management systems.
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9.2     An Expert System Uses Fuzzy Logic to Forecast Fog

Radiation fog is the kind that forms over land, out of clear air, towards morning.  It can
cause significant problems for airlines trying to keep planes flying on schedule.  Fog is
sometimes a cause of highway accidents.  The method of forecasting radiation fog has
hardly changed for decades.  Experienced forecasters weigh the factors for and against
fog development, and make an “educated guess.”  Climatology at various sites is a
significant factor. Rules-of-thumb influence one’s decision.  One good example is:

If      wind at Gander is not north_to_east-southeast sector
then  forecast no_radiation_fog.

The only objective method currently used for forecasting radiation fog is with an
algorithm called Jacob’s Method.  It is based on a bit of physics and lot of probability.
The equation has two inputs:  difference between air temperature and dewpoint at sunset,
and length of night.  The premise is that the moister the air is when night begins, and the
longer the night lasts, the greater the likelihood of saturation and fog formation.  The
output of the equation is the probability of radiation fog.  For the results of Jacob’s
method to be valid, one must first determine (by other means) that radiation fog is
possible.  The calculation can only be done once per day, with data collected at sunset.

Murtha has used fuzzy logic to develop a new system to forecast the occurrence of
radiation fog.  Formation is favoured by several factors: high dewpoint, high humidity,
increasing humidity, wind about 10 km/h, clear sky.  The degree of truth of these
conditions can be modeled by fuzzy sets -- strong, weak, moderate, and so on.  The
different permutations have different implication for fog formation:  very high, high,
moderate, low, and very low.

Preliminary results of Murtha’s system are promising.  The system was tested with a
time-series of weather observations.  New observations are normally available every hour.
With every new observation, the system is able to give an updated probability of fog
formation.  The forecast system adapts to new information.  This is comparable to the
behavior of a human forecaster.

One should note that “probability of fog formation” is a bit of misnomer.  The system
actually gives a defuzzified value derived from the application of a set of fuzzy rules.
Before the system output can be said to be approximating actual probabilities, the fuzzy
sets will need to be fine tuned via backpropagation, as in a neural network.

The system is able to justify its prediction in terms that are readily understood.  Suppose
the system is predicting a high likelihood of fog.  It can quantitatively describe and rank
the factors that yielded the result.  Perhaps the rule influenced by rising-humidity is being
triggered most strongly.
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9.3     Meteorological Optimization using Fuzzy Linear Programming

loose ends

subjective
forecast accuracy
lead time
cost

develop figures to show optimal hours lead-time for
timely and accurate and very timely and fairly accurate
(sigmoids and straight slopes)

forecasts have no intrinsic value or cost, achieve their value through their
ability to influence decisions of the users of the forecasts

To illustrate how optimization of forecast production can apply in the real world, consider
the recent case of Hurricane Andrew.  Andrew made landfall in southern Dade County,
about forty miles south of Miami.  It resulted in 20 billion dollars of property damage.
Fortunately, it did not move over Miami; local authorities estimate such an event would
have resulted in 80 billion dollars damage.  Consider the plight of  the meteorologist
trying to predict the Andrew’s track about a day before landfall.  The forecaster sees a
slight risk of close landfall along a 500 mile long stretch of coast, and a high risk of close
landfall along a 100 mile length of coast.  Deadline time arrives, and warnings must be
posted.  Warnings cause authorities to spend hundred of thousands of dollars per mile of
affected coastline.  A meteorologist must somehow make an optimal decision based on
many multidimensional parameters, and the stakes based on the decision are very high.  A
forecaster tries to minimize risk by practicing reasonable pessimism.  Faced with a set of
options, the hurricane forecaster invariably selects the “path of least regret.”  The
multiobjective fuzzy linear programming technique described in section 8 is suited for
just such a problem.

The author has envisioned a number of practical applications of multiobjective
parameterized fuzzy linear programming for operational meteorology.  The applications
are innovative ways of dealing with ill-defined problems of meteorology.  The author has
already roughly sketched how the applications will work, and is confident of their
practicality.  There has not been sufficient time to prepare formal descriptions of the
methods.  Only brief descriptions are given here:
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9.3.1    Innovations in Meteorology

The following meteorological innovations will enabled by the ability to obtain optimizing
solutions through the technique of parameterized multiobjective fuzzy linear
programming:

1. Evaluation of economic value of forecasts based on factors such as:  category of
user, forecast element, forecast accuracy, and forecast lead time.

 
2. Evaluation of skill and significance of a forecast based on the rarity and the impact

of the event being forecast.
 
3. More detailed and flexible examination of forecast accuracy and value.  The

weather forecast verification scheme can be adjusted to suit the different safety
needs and cost objectives of different categories of people using forecasts to make
decisions.

 
4. Optimization of forecast format and content based on user-defined needs.  A

special user simply needs to fill in weather sensitivity questionnaire.  For instance,
a power utility can state that “abnormal temperature drops during January and
February are very significant.”  The forecast production can then be designed to
optimize the decision-making value of the information content and accuracy of the
desired information.  Special forecasts will not compromise; they will optimize.

 
5. Implementation of a heuristical expert system using a fuzzy rule base.  Murtha has

developed an expert system to predict formation of radiation fog.  His system
fuzzifies series of real time weather observations, applies fuzzy IF-THEN rules,
and produces defuzzified output in the form of a statement of the likelihood of fog
formation.  Murtha’s approach can be applied to many general types of weather
forecasting problems.

 
6. Quality control in databases.  Erroneous records can be identified through

application of fuzzy heuristical rules.  For example:

if     (wind one hour ago) = low
and  (current wind) = very high
and  (station) not= Cheticamp
then (likelihood of error in wind) = very high

7. More uses for databases.  There are recent development in the field of DataBase
Management Systems (DBMS) that use fuzzy methods.  For meteorology, this
implies the ability to frame questions in terms like:  “When is it cool and dry in
Halifax?”  Or if one wants to deduce the risk of freezing spray in a marine area,
one can model condusivity of wind strength and air temperature and run the
following question through the data base:
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“When are winds most conducive and temperatures most conducive
  to freezing spray in the Cabot Strait?”

8. Integration of non-standardized sources of weather data into a collective
climatological database.  Vagueness inherent in particular items on information
can be quantified.

 
9. Grouping areas in SCRIBE forecasts.  One can determine the appropriateness of

grouping together or separating adjacent geographic regions in forecasts.  How
different should two neighboring regions be in terms of forecast weather to
warrant the issuance of two separate forecasts, rather than one common forecast?
Fuzzy relation matrices solve this problem.

 
10. Enabling SCRIBE to adapt to rapidly changing weather situations.  The major

weakness of SCRIBE forecasts is the intermittence of updates.  Routine forecasts
are issued every twelve hours.  During the twelve hours between routine forecast
issues, when significant weather is affecting a region, unpredicted system
evolution and mesoscale events necessitate forecast revisions.  Human forecasts
react in light of new information; SCRIBE does not handle new information.
These situations are typical in borderline situations -- for instance, when a rain-
snow line approaches a populated coast.  Fuzzy methods are designed for the
dynamic evaluation of all available information.  Imagine how well an inverted
pendulum balancer would work if it only assessed variables once every twelve
hours.  A “fuzzy” inverted pendulum balancer works because it continually
incorporates new input, applies “fuzzy expert rules”, and determines optimum
current output.  This is analogous to conscientious weather forecasting.

 
11. Extrapolation of moving weather, or automatic “isochroning.”  Weather events

typically propagate eastward.  Surface observations allow one to make short-term
predictions of future movement, based on recent movement.  Fuzzy logic reduces
the complexity of evaluating the “levels of weather” being analyzed.  Isochrone
analyses can be continually revised with up-to-the minute observations.

 
12. Automatic Weather Observing Systems (AWOS) can have improved cloud

detection algorithms with fuzzy logic.  Current algorithms simply equate
cloudiness with vertical ceiliometer readings averaged over the past six minutes.
For an incoming or outgoing cloud deck, this gives a false sense of cloud
overhead.  Fuzzy logic can, in a sensible way, give more weight to recently
observed cloud.  AWOS can also benefit from other efficient real-time heuristic
cloud analysis algorithms.  Fuzzy analysis is ideally suited for interpretation of
AWOS type of output.

 
13. Improve pattern recognition software.  Fuzzy neural networks (FNN) have

recently demonstrated superior ability at detecting patterns hidden in complex
graphic data.  There is a wealth of fresh research to draw upon.  For instance, the
military uses FNN’s to analyze radar and sonar data.  The applications for
meteorology are obvious.  A radar system could be designed to recognize:  cells
and lines of developing convection; bright bands; and hook echoes.  FNN’s will
also enable improved satellite interpretation software.
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Here are two more detailed examples:

9.3.1.1    Maximizing Profit for Airlines

Factors that are significant to aviation can be analyzed as continuous variables, rather
than as categorical values.  Ceiling and visibility vary across a continuum, not in
discrete jumps.  Forecasts for destination and alternate airports directly influence
airline costs by determining how much fuel airplanes must carry.  Aviation forecasts
are currently only evaluated by simple comparison of forecast categories with observed
categories of weather.  This standard is defective for two reasons:  weather varies
across a continuum, not in categorical jumps; and the major objective of minimizing
total costs to the airlines is ignored.  With PMFLP, airline costs can be directly
integrated into a system’s analysis as one of the multiple parameterized objectives to be
optimized.  Forecasters will be able to simultaneously attend to accuracy of weather
forecasts and minimization of implied costs.  Airlines’ real needs will be much better
served when forecasters use PMFLP to evaluate and optimize their forecasts.  Consider
the following example:

Suppose it is 5 a.m. in Ontario.  The terminal forecast for Pearson International
(FT for YYZ) predicts IFR improving to MVFR at 9 a.m.  The latest trend for
YYZ suggests that the MVFR threshold will actually be crossed at 7 a.m.  The
terminal forecast for Kapuskasing (YYU) implies IFR conditions at present,
whereas current actuals and trends suggest persistence of MVFR conditions.  The
forecaster should issue two FT amendments.  Which amendment should be issued
first?

Under the current scheme of forecast validation and verification, a forecaster
reduces his penalty by attending to YYU first -- YYU is “amendable”, YYZ is not.
However, there is a real cost associated with forecasts that are too pessimistic.
Consider the impact FT’s have on airline fueling decisions.  For every minute
between 5 and 6 a.m. that the FT for YYZ remains too pessimistic, airlines are
obliged to spend an extra $1000 on airplane fuel.  The pessimism of the less
significant FT for YYU will only cost $10 a minute in added expense to the
airlines.  It is obvious from an airline dispatcher’s point of view which FT should
be attended to first.

The PMFLP technique will enable the construction of a new type of expert
system.  The system output will suggest a sequence of FT amendments that will
minimize fueling costs to airlines.  Algorithms based on PMFLP will empower the
system in two ways:

• Efficient identification and extrapolation of trends in ceiling and visibility
 
• Optimization of dual objectives of forecast accuracy and cost minimization
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9.3.1.2   Automatic Screening of Marine Wind Reports -- A Marine Alert Program

Marine wind forecast verification that is discriminating, efficient, timely and thorough.
A time-consuming task in verifying forecast winds is the identification and
interpretation of relevant wind reports.  Over the course of a day, analyses of eastern
Canadian waters are based on hundreds of ship reports and thousands of land reports.
Reports arrive at odd times.  Most reports have little significance with respect to winds
forecast over particular marine areas; isolated reports are very significant.  Significance
of a weather report to a marine area’s forecast verification is a function of the report’s:
proximity, currency, reliability, and degree of difference from forecast conditions.  All
of these factors can be efficiently parameterized with fuzzy numbers.  Reports can be
listed in the order of highest to lowest significance.  And the factors contributing to
each report’s significance can be listed beside each report.  For example, the first and
most significant ship report on a list could appear in this form:

The overall significance of the report is the product of the significances of the four
factors being assessed:   0.85 × 0.92 × 1.0 × 0.95  =  0.74

The system is very flexible.  Other relevant factors can easily be added to the matrix.
Reports implying freezing spray in areas where none is forecast can be made to rate
highly.  Reports of anomalous low pressure values (deepening?) can be highlighted.
Land reports and auxiliary reports can be integrated with ship reports.  The type of
program output shown above will be very useful for both verificational and operational
objectives:

• For one who has to verify dozens of wind forecasts against thousands of
reports, having the reports listed in order of significance will be very helpful.
One can approximately verify winds over areas where there are no reports.
The proximity factor can be adjusted so reports from nearby locations are
admitted into the list of significant reports.

 
• Operationally, the above type of output can be generated from real-time ship

reports.  Every new report that becomes available will instantly be screened
and inserted in the list of current reports.  The most significant reports will
occupy the top of the list.  Newly arrived reports that exceed an arbitrary
threshold of significance can trigger an alarm for the marine forecaster.  As
reports age, their currency rating falls and they descend the list.  The system
will liberate forecasters from the time-consuming and practically impossible
task of continually monitoring and interpreting all incoming reports.  At the
same time, the system will help forecasters to become more attentive and
responsive to the reports that are most significant.

ID Time
of

Report
Overall

Currency Wind Location. Name Relia-
bility

Signif-
icance

Obs. Fcst Difference Lat.
Lon.

Area Prox-
imity

VOLV 071200 .74 .85 3234 2725 .92 47.5  59.2 Cabot
Strait

1.0 Joe & Clara
Smallwood

.95
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9.4       Calculating the Economic Value of Forecasts

To calculate the economic value of forecasts, one must identify the economic impacts of
specific users’ forecast-based decisions.

There are four combinations of forecast and actual event:

In plain English:

Decisions based on forecasts result in costs and benefits.  Costs can be due to: loss
avoidance measures, or direct losses.  Benefits can be due to utilization of profit-making
opportunities.  In relative terms, the costs and benefits may be like this:

Four simultaneous objectives are:

• maximize profit
• minimize investment (against losses)
• minimize losses
• minimize waste

Actual
Negative Positive

Forecast Negative True negative False negative

Positive False positive True positive

Actual
Negative Positive

Forecast Negative Non-event Missed event

Positive False alarm Hit

Actual
Negative Positive

Forecast Negative     $2  profit    $10  lost

Positive     $1  wasted      $1  invested
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Increased accuracy in forecasts results in greater achievement of economic objectives.
Forecasters try to achieve optimal results by pursuing these objectives:

Represent the frequencies of combinations with variables  xi

Forecast production must be harmonized with user requirements if overall benefit to the
user is to be maximized.  The user’s implied costs are represented by constants  ai

The cost-benefit optimization problem is:

Maximize (  (a1 x1) - (a2 x2) - (a3 x3) - (a4 x4)  )

There are two tricky problems associated with this maximization:

• interdependencies in the xi variables complicate forecast production
• ai values are not perfectly constant, they are slightly situation-dependent

Careful analysis of user operations is required to properly model ai parameters.

Actual
Negative Positive

Forecast Negative max non-events min missed events

Positive min false alarms max hits

Actual
Negative Positive

Forecast Negative       max (x1)       min (x2)

Positive       min (x3)       max (x4)

Actual
Negative Positive

Forecast Negative     a1  profit      a2  lost

Positive     a3  wasted      a4  invested
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10.     Discussion

Realistic problems are often best handled with a combination of optimization techniques.
For instance, eons ago, spiders were challenged to catch as many flies as possible.  The
solution, achieved through a long series of trial and error, is what we perceive as the
beautifully engineered webs that adorn nature.  The spider’s web may be regarded as a
linear optimization achieved through the genetic algorithm of natural evolution.  This
paper shows how a combination of linear programming and fuzzy logic techniques can in
an innovative way yield optimal solutions for meteorological problems.

Expert systems for meteorology are based on traditional methods of artificial intelligence
(AI).  Artificial intelligence commonly models a system with a crisp set of symbols.
Logical operations resembling decision “trees” are applied to the symbols.  The
operations are based on expert “rules” for dealing with discrete entities of a real system.
The results of the operations are meant to duplicate the evolution of the system being
modelled.  This framework is one-dimensional, in the sense that symbols are either fully
invoked or they are not invoked at all.  During the past decade, many researchers have
come to regard of AI’s reliance on limited sets of crisp symbols as a weakness.  There is
an inherent assumption that the system being modeled will conform to the symbols and
interactions that one has accounted for.  But designers usually miss certain factors or
interactions, so that in practice, symbol-based systems behave too simply.  There is an
amusing example of an expert system for rating credit worthiness of loan applicants.  The
system failed to take into account the seedy appearance of a man applying for a loan, and
also failed to doubt the man’s impressive work history.  The expert system suggested that
the man’s loan application be approved.  However, a loan officer doubted that such a
scruffy looking fellow could have such a remarkable work history.  She did some extra
checking and learned that the fellow had just finished a two year prison term for fraud.
The loan was denied.  If the expert system’s guidance had been followed, the bank would
not have found the results amusing.

The flaws in symbol-based, one-dimensional reasoning motivate one consider
implementing other expert system frameworks.  In a fuzzy framework, symbols can be
present to fractional degrees.  Rules governing situations are not constrained to be
evaluated along one of a limited number of paths of a decision tree.  Combining rules
“fractionally” in a matrix allows one to consider multifarious factors simultaneously.  A
fuzzy set framework is truly multi-dimensional.
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There are precedents for applying fuzzy algorithms to meteorological forecast systems.
Fuzzy algorithms have enabled the development of superior control systems for trains and
cars.  The process of driving a car requires continual error correction.  One advances a bit,
adjusts the steering, advances further, adjusts the steering, and so on.  One does not
simply choose a point in the distance, point the car, close one’s eyes, and go.   The
process of forecasting the weather is comparable to that of driving a car.  The more
imminent events become, the more skillful one can be at predicting them.  By continually
absorbing new information, one can detect new trends and “redirect” forecasts along
paths of greater likelihood.  There are often points in time when weather is “less
predictable” and subsequent need for revision of forecasts occurs.  The revision of a
forecast during these periods of changeable weather is very analogous to steering a car
through tricky terrain.

Fuzzy logic has been integrated in systems to forecast short-term load.  State-of-the-art
neural network applications are evolving into hybrid fuzzy-neural network systems.  The
new systems are achieving superior accuracy at short-term forecasting.  The success is
attributed the new systems’ utilization of  heuristics derived from experts.  Fuzzy logic
alters the framework of forecast systems.  In this new framework, rules are can be
encoded efficiently and implemented automatically.

Three refinements of load forecasting techniques are proposed:

• Use weather time-series with hourly data to train systems.  Hourly time-series of
historical and forecast weather data are available for system input. Days with
abnormal temperature trends, and their associated load patterns, can be better
resolved by systems.

 
• Model weather effects by using an array of site forecasts.  The forecasts can be

weighted according to the average ratio of power consumption at the respective
sites.  Areal patterns of power requirements can be resolved.

 
• Calculate cooling rate from wind and temperature time-series data, and use

cooling rate time-series as input in short-term load forecasting systems.  The
effect of wind can be consistently accounted for.  When temperatures are below
freezing, wind causes significant cooling.
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Electrical engineers claim that improvements in load forecasts can brought about through
better weather forecasts.  How can these forecasts can be made more accurate?  Weather
forecasting is similar to load forecasting in some ways.  Both rely on  time-series analysis,
physical modeling, probabilistic systems, and expertise.  Fuzzy logic has enabled
improvements in load forecasting systems through codification and automatic application
of “rules-of-thumb” describing a system’s behavior.  This leads one to consider the
applicability of fuzzy logic in weather forecasting activities that benefit from expertise or
heuristics.

A real estate example in section 8.2 deals with the question of how to achieve a feasible
and most satisfying compromise between multiple objectives.  This example is analogous
to operational meteorology, where one seeks to achieve an optimal comprise between
realistic forecast accuracy and maximum identification of significant events.  The
multiobjective fuzzy linear programming framework described in this paper will can help
one to achieve both of these objectives.
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11.     Conclusions

Operational meteorology is perceived as a fuzzy environment -- that is, one in which
information is often vaguely defined.  An argument is made for the applicability of the
parameterized multiobjective fuzzy linear programming (PMFLP) technique for problems
related to the evaluation of meteorological data, forecasts and services.  PMFLP will
enable providers and users of meteorological information to make optimal decisions in a
fuzzy environment by enabling:  assessment of economic value of weather data and
forecasts; needs specification; cost-benefit analysis; and results measurement.

A simple example of how the PMFLP method can be used to obtain optimal solutions of
simultaneous, multiple objectives is presented by designing a real estate expert system to
help home buyers select optimal homes from the set of feasible available homes.  The
example shows how multiple objectives are parameterized, and how linear programming
with fuzzy parameters enables identification of optimal solutions.

The author proposes fifteen unique, practical and wide-ranging applications that PMFLP
will enable in the field of meteorology, in section 9.3.1.  Elsewhere, the author has begun
more detailed explanation and development of these proposed applications.  Several
meteorologists across Canada have expressed interest in this preliminary work.

A review of the literature shows that there are very few meteorological applications of
fuzzy logic.  This paper describes in some detail how fuzzy logic will enable two practical
innovations in weather forecasting.  Further work in this area is warranted.

Results-oriented developers cannot ignore the growing number of successful applications
enabled by fuzzy logic, and the diversity of the domains in which fuzzy logic performs.
Weather forecasting systems will become more accurate and more meaningful when they
begin to use the power of fuzzy logic.
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