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Abstract— We view fuzzy logic control
technology as a high level language in which
we can efficiently define and synthesize non-
linear controllers for a given process. We
contrast fuzzy Proportional Integral (PI) con-
trollers with conventional PI and two dimen-
sional sliding mode controllers. Then we com-
pare the development of Fuzzy Logic Con-
trollers (FLC) with that of Knowledge Based
System (KBS) applications. We decompose
the comparison into reasoning tasks (repre-
sentation, inference, and control) and appli-
cation tasks (acquisition, development, vali-
dation, compilation, and deployment). After
reviewing the reasoning tasks, we focus on the
compilation of fuzzy rule bases into fast access
lookup tables. These tables can be used by a
simplified run-time engine to determine the
FLC’s crisp output for a given input.

I. INTRODUCTION

The number of applications of Fuzzy Logic Con-
trollers (FLC) [1] has increased considerably over the
last few years. These applications range from the
development of autofocus cameras[2], to the control
of subway trains [3], cranes [4], domestic appliances,
automobile sub-systems [5], and consumer electronic
products.

Fuzzy Logic Controllers are knowledge based sys-
tems in which the knowledge of process operators or
product engineers has been used to synthesize closed
loop controllers for given processes.

Classical controllers are derived from control the-
ory techniques based on mathematical models of the
open-loop process to be controlled. Typically, these
controllers use rather accurate (and therefore expen-
sive) sensors to monitor the output of the process.
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The precision is required by the control algorithm
that has been synthesized from the process model.
An actuator takes the output signal generated by
the controller, transforms that signal into an action,
and executes it.

On the other hand, FLCs are typically derived
from a knowledge acquisition process or are auto-
matically synthesized from a self-organizing control
architecture [6]. In either case, the result of the
synthesis is a Knowledge Base (KB), rather than
an algorithm. The KB consists of a set of fuzzy
rules and termsets, which are evaluated by an in-
terpreter. The interpreter is composed of a quan-
tification (or fuzzification) stage, an inference en-
gine (or fuzzy matcher), and a defuzzification stage.
The quantification makes the sensor-generated input
to the controller dimensionally compatible with the
Left-Hand Side (LHS) of the rules. The inference
engine matches the LHS of all the rules with the
input, determines the partial degree of matching of
each rule, and aggregates the weighted output of the
rules, generating a possibility distribution of values
on the output space. The defuzzification summarizes
this distribution into a point that is used by the ac-
tuator as the resulting control action. Figure 1 (a, b)
shows the typical configuration of classical and fuzzy
controllers. The actuators (A) and sensors (S) are
common to both configurations.

The use of an interpreter requires the evaluation
of all the rules in the KB at every iteration. There
is, however, another alternative. Under certain con-
ditions, we can compile the KB, like a programming
language or a knowledge base application, and use a
simpler run-time engine. The result of this compila-
tion process is a lookup table that allows for a faster,
more efficient execution that can be performed by
simpler processors. Not only is the response time
reduced, but the memory requirements are so dras-
tically decreased that it is possible to implement the
FLC using a very small amount of memory. This
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Figure 1: Comparison between traditional and fuzzy logic controllers.

feature enables us to implement inexpensive FLCs
for cost-sensitive applications. Figure 1 (b, ¢) pro-
vides a comparison between the interpreted and the
compiled versions of the fuzzy controiler.

A. Structure of the paper

First we will compare FLCs with conventional con-
trollers: in particular we will contrast conventional
PI and two dimensional sliding mode controllers with
fuzzy PI controllers. Then we will analyze the Fuzzy
Logic Controllers from a Knowledge Based System
perspective. We will briefly describe the main issues
in the reasoning tasks (knowledge representation, in-
ference, and control). Then we will describe the ap-
plication tasks (knowledge acquisition, development,
validation, compilation, and execution). Finally, we
will focus on the compilation process, which is de-
scribed in more detail in [7].

II. CoNVENTIONAL PI, Fuzzy PI, AND SLIDING
MobE CONTROL

The fuzzy Proportional Integral (PI) controller is one
of the most common fuzzy logic controllers. This
controller is defined by a customized nonlinear con-
trol surface in the (e, é,du) space. In this section we
will compare the fuzzy PI with some of its conven-
tional counterparts, namely the conventional PI and
the two dimensional sliding mode controller.

A. Conventional PI controllers

A conventional proportional-integral controller can
be described by the function

u =Kpe+ K; fedt
= [(Kpé + Kie)dt

or by its differential form

du = (er + K.-e)dt
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The proportional term provides control action equal
to some multiple of the error, while the integral term
forces the steady state error to zero. Otherwise, the
controller will always force a change in the manipu-
lated variable.

Let e be defined as the set point subtracted from
the actual value of a given signal, and let positive é
denote an increasing rate of change of e. Assume a
control law that requires a high positive du to coun-
teract a high negative e with a high negative ¢ and a
high negative du to counteract a high positive e with
a high positive é. Also assume that the goal of the
control law is to bring the system to the equilibrium
point of zero e and zero é. In a three dimensional
space with axes e, ¢, and du, the control surface du of
a conventional PI would be a plane passing through
the origin and oriented at some angle with respect to
the e-¢ plane, the angle determined by the particular
values of Kp and Kj, as shown in Figure 2 (a).

Once initial values of K, and K; have been de-
termined by the Zeigler-Nichols method, a number
of heuristics are used to fine tune those values. In-
creasing K, causes the rise time to decrease, because
the error will be amplified and the controller will out-
put a greater controller action. However, a large in-
crease in K, will also cause the controlled variable to
overshoot its steady state value, and the oscillations
about that value to markedly increase. Decreasing
K; will reduce the overshoot of the controlled vari-
able at the expense of the rise time, because the in-
tegral of the error will be attenuated.

B. Fuzzy Logic PI Controllers

A fuzzy logic PI controller is described by a Knowl-
edge Base (KB). The KB is composed of a rule set,
termsets, and scaling factors. The rule set maps lin-
guistic descriptions of state vectors [e, é] into incre-
mental control actions du; the termsets define the
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Figure 2: The control surface of: (a) a conventional PI controller; (b) a two dimensional sliding mode
controller; (¢) a fuzzy logic PI controller; and (d) the rule set defining the fuzzy PI's surface.

semantics of the linguistic values used in the rules;
and the scaling factors determine the extremes of
the numerical range of values for both the input and
output variables. Using fuzzy logic, a step-like con-
trol surface with gradations between the steps can
be synthesized to generalize the control surface of
the conventional PI, as can be seen in Figure 2 (c).

Reference fuzzy sets are defined for e, ¢, and du
in their corresponding termsets. Similarly, scaling
factors N, N;, and Ng, are also defined to deter-
mine the range of values for ¢, ¢, and du, e. g
—N, < e € N.. In the rule set, a distribution for
the controller output du is defined for each combina-
tion of the linguistic sets for e and ¢, as illustrated in
Figure 2 (d). In the figure, e has been divided into
seven fuzzy sets; PH is positive high, PM positive
medium, PL positive low, ZE zero, NL negative low,
NM negative medium, and NH negative high. ¢ has
also been divided into the reference fuzzy sets with
the same linguistic labels. It is important to note
that e and ¢ are not defined over the same universe of
discourse, so their membership functions need not be
identical. The rules have an intuitive interpretation.
For example, if e has a negative medium value and

¢ has a negative low value, then the error is slowly
increasing. Thus, the appropriate control action is
a positive medium increase in u. If the membership
functions for e and é are properly defined (typically
overlapping by twenty-five percent) and if either or
both e and ¢ happen to fall into the overlapping area,
two or more rules will fire. The controller output du
will be an interpolation of the du values for each fir-
ing rule. This results in the gradations in the control
surface.

From the comparison of Figure 2 (a) and Figure 2
(c), it is obvious that a larger number of parameters
must be defined to specify the nonlinear surface. As
summarized in Figure 3, the linear controller requires
only a gain vector, whereas the fuzzy controller needs
a rule base, termsets, and the equivalent of the gain
vector, represented by the input and output scaling
factors.

This rule set and the associated termsets define the
contents of the knowledge base for the fuzzy logic
PL. The fuzzy logic analogue of K, and K; are re-
flected in the normalizing factors of the termsets for
e and ¢. In particular, K, is approximately equal to
Nau/Ne, while K; corresponds to (Ngy /N.)df, where
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Figure 3: Design parameters for linear and fuzzy PI controllers.

df is 1/dt[8]. By increasing N;, K, is decreased.
Likewise, by increasing N., K; is decreased [9]. Sim-
ilarly, the normalizing factor of the termset for the
incremental control action du is directly proportional
to both K, and K;.

Small variations in the error or in the error deriva-
tive have less effect on the fuzzy logic PI. In the con-
ventional PI, perturbations in e and é in the direc-
tion of or against the gradient of the control surface
would cause du to change greatly. Examining the
control surface of the fuzzy logic PI reveals that it is
mostly parallel to the e-é plane. Only if the pertur-
bation forced e and ¢ into a transitional region where
two or more rules would fire would the perturbations
have any effect on the controller output.

Since the fuzzy PI is a nonlinear controller, we will
extend its comparison to a conventional nonlinear
controller, implemented using sliding mode control.
In the remainder of this section we will provide an
interpretation of the fuzzy logic PI in terms of a two
dimensional sliding mode control. A detailed expla-
nation of the sliding mode control and of its gener-
alization to the FLC can be found in references [10]
and [11], respectively.

C. Two Dimenstonal Sliding Mode Controllers

For second order systems, the problem of forcing
state vector £ = [z &] to track a desired vector
£3 = [z4 Z4] can be reduced to the problem of keep-
ing the function

s=¢é+ e

as close to zero as possible, where e is the tracking
error z — x4, € is the tracking error derivative £ — z4,
and ) is some problem-specific constant.

In two dimensions, the line defined by the equation
s = 0 is termed the swilching line. A sliding mode
controller attempts to drive the error vector onto the
switching line as rapidly as possible, and then force
it to the equilibrium point {e €] = [0 0]. This is
accomplished by defining the control law u as follows:

+K ifs>0
u(s)=< 0 ifs=0

-K ifs<0

However, the discontinuity at the switching line
s = 0 causes extremely high control action if the sys-
tem does not settle onto the switching line. To rem-
edy this problem, the discontinuity can be smoothed
out by a gradation in the region |s| < ®, so the con-
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trol law becomes

+K ife>@
u(s)=<( +K§ ifls|<®
-K ifs<—-®

The sliding mode controller is linear in the region
close to the switching line. For the fuzzy logic PI, the
controller output du can be given exponential gains
in the region |s| < ®. For instance, if the member-
ship functions for low magnitude du had their centers
of mass a distance d away from the origin, the mem-
bership functions for medium magnitude could have
centers of mass 2d away from the origin, and those
for high magnitude 4d away. This would cause the
state vector to approach the switching line faster,
reducing rise time.

Settling time can also be reduced by placing a
deadband around the switching line close to the equi-
librium point. This is done by defining the member-
ship functions for positive low and negative low error
so that they stop some small distance away from the
point at which the error is zero. The same is done
for the error derivative. Thus, when the equilibrium
point is approached, there is no change in controller
output.

Finally we note that by tuning a fuzzy PI, we
can smooth the step-like control surface and we can
modify the switching line and generalize it to be a
smoother higher-order curve, as illustrated in [12].

III. THE REASONING TASKS

Three main reasoning tasks are common to Fuzzy
Logic Controllers and Knowledge Based Systems:
the knowledge representation, the inference mecha-
nism applicable to the chosen representation and the
control of the inference. Due to space constraints, we
will limit our description to the reasoning tasks for
the FLC. For a description of KBS reasoning tasks,
organized within the same framework, the reader is
referred to references [13].

A. The Knowledge Representation

The main representational issues for the FLC are:
the quantification of the input; the termset definition
for each state variable and for each control action;
the definition of the type of fuzzy production rule to
be used in the KB.

The input quantization consists of describing the
input as a fuzzy subset of the input space. This pro-
cess is necessary to make each input element dimen-
sionally compatible with each state variable. When
the universe of discourse of the state is discretized,
the FLC designer needs to determine a mapping from

intervals of the universe of discourse to its point rep-
resentation. When the universe of discourse is con-
tinuous, this mapping is not needed. For a formal
description of this process the reader is referred to
[7].

The definition of the termset is perhaps the most
important of the representational issues. For each
state variable and control action, we need to de-
fine the granularity of their values [14]. Thus, we
must determine the cardinality of termsets used to
represent each state variable and action, the seman-
tics of the above termsets, and the scaling factors
for each state variable and action. These design
choices are crucial to issues such as steady-state per-
formance and stability. In particular we have ob-
served that the FLC steady-state behavior improves
considerably when the termset provides finer granu-
larity around the equilibrium point [15].

The most common definition of a fuzzy rule set R
is the disjunctive interpretation found in the major-
ity of FLC applications [16], i.e.,

R=Jr={)®-v) (1)

i=1 i=1

R is composed of m rules. Each rule r; defines a
mapping between a fuzzy state vector X; and a corre-
sponding fuzzy action Y;. r; is typically represented
by the Cartesian product operator. There are, how-
ever, many other representations for a fuzzy rule,
which are based on the material implication operator
and the conjunctive interpretation of the rule base.
For a definition of different rule types, the reader is
referred to references [17] and [18].

B. Inference Engine

The inference engine of a FLC can be defined as a
parallel forward chainer operating on fuzzy produc-
tion rules. An input vector I is matched with each
n-dimensional state vector X;, i.e., the Left Hand
Side (LHS) of rule r; = X; — Y;. The degree of
matching indicates the degree to which the rule out-
put can be applied to the overall FL.C output. The
main inference issues for the FL(" are: the definition
of the fuzzy predicate evaluation, which is usually a
possibility measure [19]; the LHS valuation, which
is typically a triangular norm [20, 21]; the conclusion
detachment, which is normally a triangular norm or
a material implication operator; and the rule output
aggregation, which is usually a triangular conorm for
the disjunctive interpretation of the rule base, or a
triangular norm for the conjunctive case.

Under the most commonly used assumptions [7]
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we can describe the output of the FLC as
m
py (y) = \/ (min[A;, py, () (2
where J; is the the degree of applicability of rule r;
n
Xo= A\TI(X:, | L) (3)
j

and II(X; ; | I;) is the possibility measure represent-
ing the matching between the reference state variable
and the input element!

(X | ) = \/ (minfux, ;(z;), p1(z;)])  (5)

Equations (2), (3), and (5) describe the general-
ized modus ponens [22], which is the basis for the
interpreter of a fuzzy-rule set.

C. Inference Control

The most basic design choice is the selection of the
defuzzification mode. The output of the rule aggre-
gation stage is a composite membership distribution
defined on the space of control actions. This distribu-
tion must be summarized into a scalar value before it
is passed to an actuator for execution. This summa-
rization can be performed by a variety of defuzzifiers:
the Mean of Maxima (MOM), the Center of Grav-
ity (COG), the Height Method (HM). The selection
of the defuzzifier is a tradeoff between storage re-
quirements (MOM lends itself to easy compilation),
performance (COG typically exhibits the smoothest
performance), and computational time (HM is faster
to compute than COG) [23].

C.1. Mean Of Mazima (MOM)

The MOM method defines the crisp output y* as
the value of y in which the membership distribution
py (y) achieves its maximum. If the maximum is
obtained in multiple points, y* is the average of such
set of points. Therefore we can define the interval of
points y* where such maximum is achieved as

v={IeY|u@=\rw)} (6)
¥y

and then we define y* as the average of y*.

1 When the input is crisp, the degree of matching is the eval-
uation of the reference membership distribution at the point
representing the value of the input:

I(Xi,5 | I;) = minfux, ;(z0), u1;(z0)] = ux; ;(z0)  (4)

C.2. Center Of Gravity (COG)
The COG method derives the crisp output y* as

Ty py(y) dy
Thr () dy g

C.3. Height Method (HM)
The HM method derives the crisp output y* as

Y=

/\,'XC,'

s
M3

.
.
1}

(8)
Ai

i=1

where ¢; is the center of gravity of py, (y).

IV. THE APPLICATION TASKS

Following the rapid prototyping paradigm, the au-
thors have identified five application tasks for a KBS
(see reference [24]): (1) requirements and specifica-
tions: the knowledge acquisition; (2) design choices:
the KB development stage; (3) testing and modifi-
cation: the KB functional validation stage; (4) opti-
mizing storage and response time requirements: the
KB compilation; (5) running the application: the de-
ployment stage.

The same task decomposition applies to the de-
velopment of a FLC application. The first three
stages correspond to the development of the FLC
application (performance characteristics, order esti-
mation, state variable identification, rule base gener-
ation, validation and robustness analysis); the fourth
stage corresponds to the transition from develop-
ment to deployment (fuzzy rule set compilation); the
fifth stage corresponds to the application deployment
(porting and embedding the FLC on the host com-
puter). Because of space constraints we will focus the
rest of this paper on the compilation stage, which is
the necessary link to provide for the transition from
development to deployment.

A. The Fuzzy KB Comptilation Process

The compilation of fuzzy rule bases into fast access
lookup tables is analogous to the compilation process
used in programming languages and KBS.
Traditionally, the compilation process in program-
ming languages refers to the translation of state-
ments from a high-level source language into a low-
level target language, such as assembly language or
machine language, to allow for an efficient execution.
The compilation process in Knowledge Based Sys-
tems usually refers to the process of translating vari-
ables, predicates, and rules into a dependency graph.
Such a graph is used to keep a pointer for all rules
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Figure 4: Architecture of a compiled FLC, functionally equivalent to that of an interpreted FLC.

Counter Number of | Number of cells in M3 | Number of cells in slots of M4 ‘
i non-zero pointing to slots pointed to by corresponding
rule outputs | containing r rules cells in M3
(i=0...n) r=2 ( n )(t-l)"t("-") 2 ( n )(t—l)‘t("--‘)
i=0 1 t" =25 t" =25
i= 1 2 n(t— 1"~ =40 2n(t = "D =80
i= 2 4 ( 5 )(t 12" =16 | 4 ( 5 )(t— 1)%("=2) =64
TOTALS |M3] = (2t — 1)" = 81 |M4] = 502 (1) (4 —1) "D =169

Figure 5: Number of elements in M3 for t = 5 and n = 2.

containing the same variable, and for all variables af-
fected by the same rule, thus eliminating the need of
run-time search. The graph typically maintains the
current evaluation of each rule, allowing for incre-
mental rule evaluation when new information is en-
tered [25, 26]. Therefore, an interpreter can be used
during the KBS development phase, where changing
requirements and functionalities may require changes
in the source code or in the knowledge base. After
a successful validation stage, the KB is considered
stable and can then be compiled to minimize stor-
age requirements, avoid exhaustive evaluation, and
improve run-time performance.

In a similar fashion, a FLC application can be com-
piled after the validation stage. During the develop-
ment phase we use the FLC interpreter to generate,
fine-tune, and validate the fuzzy rule set (KB). Once

the validation is complete, we employ a FLC com-
piler to generate lookup tables from the fuzzy rule
sets.

Figure 4 shows the architecture of a compiled FLC.
Table M1 contains the termsets of the input and out-
put variables. Table M2 lists the rules, with pointers
to the termsets that make up the LHS of those rules,
as well as pointers to the conclusions of those rules.

The main effort of the compiler is expended in the
construction of tables M3 and M4. The state space is
partitioned into a number of cells whose boundaries
are defined by the termsets of the input variables.
If the termsets are overlapping only with adjacent
terms, and the number of terms for each of the n
state variables is ¢, then the state space is composed
of (2t — 1)" distinct cells, as seen in the last row of
Figure 5. In general, the expression for the number
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PARAMETERS

INTERPRETED COMPILED
|Terms| | |State| Rule Evaluation Rule Evaluation Storage
t n Total number Worst Average Tot. number Tot. number of
of Rules: Case: Case of cells (|M3|): _rule pointers (IM4]):

" @) | IMal/imM3) | -y | ST F (7 ) ¢ -1)ieed
3 2 9 4 1.96 25 49
3 3 27 8 2.74 125 343
3 4 81 16 3.84 625 2,401
4 2 16 4 2.04 49 100
4 3 64 8 2.92 343 1,000
4 4 256 16 4.16 2,401 10,000
5 2 25 4 2.09 81 169
5 3 125 8 3.01 729 2,197
5 4 625 16 4.35 6,561 28,561

Figure 6: Rule evaluations and storage requirements using compilation.

of pointers to r = 2° rules is
( Y: )(t - 1)it(n—i)

where i = 0...n. Each of these cells contains a
pointer to a corresponding slot in table M4, which
in turn contains a list of pointers to the rules that
are applicable in that cell. The maximum length of
this list of pointers is 2".

In the case of the fuzzy P1, where n = 2, M1 con-
tains the termsets for e, é, and du, while the entire
rule set is listed in M2, with the appropriate pointers
to the relevant termsets in M1. M3 details a parti-
tioning of the e-é plane into a two-dimensional array
of size (2t — 1)?, with each cell in the array point-
ing to a slot in M4. Of the (2t — 1)? slots in M4, t?
contain a pointer to a single rule, 2(f — 1)t contain
pointers to two rules, and (¢ — 1)? contain pointers
to four rules.

At run-time, the values of the input variables and
the termsets associated with those variables in M1
are used to determine into which region of state space
the input falls. Once that region is determined, M3
is consulted, and a list of pointers to the relevant
rules in M2 is obtained from M4. The rest of the in-
ferencing process is similar to that of an interpreted
FLC. However, the run-time process has been made
more efficient by avoiding the evaluation of those
rules whose contribution is zero. Thus, expression
(8) becomes

¥y = zi';l;:\" X&) Zq)“.#o(Ai X ¢;)
2(’:1 Ai Eﬂt\i#O Al.
where m, the maximum number of rules evaluated

in interpreted mode, is a function of the number of
state variables n, and the cardinality ¢ of each state

(9)

variable’s termset, namely m < t". After compila-
tion, the worst-case maximum number of rule eval-
uations is | A; # 0 |< 27, but the compiled FLC is
still functionally equivalent to the interpreted FLC.
However, the run-time interpreter must still calculate
the degrees of matching for the firing rules, perform
conclusion detachment, and defuzzify the resulting
output.

Figure 6 shows the decrease of run-time rule eval-
uations obtained by the compilation process. In the
worst case, rule execution will be reduced from t" to
2". In the average case, the reduction will be from ¢t
to about 2-4 rules. The average case was computed
as the ratio %—;-}, assuming uniform distributions for
the input values and equal partitions size in the state
space.? The last two columns of the same table illus-
trate the memory requirements for M3 and M4, i.e.,
the storage price to be paid for the run-time gains.

Alternatively, to increase the throughput of the
controller at the expense of accuracy, run-time rule
evaluation can be completely avoided by performing
that evaluation during compilation. For each region
in the state space partition, a representative point is
chosen, and each of the firing rules is evaluated at
that point. The resulting output value is stored in
M3, instead of storing pointers to lists of rules. At
run-time, as shown in Figure 7, the input values are
used to determine the region of state space in which
the input falls, and the output value stored there is
returned.

2The cells into which the state space has been subdivided
have equal size (area, volume, or hypervolume) if the support
of any two adjacent inner terms in each termset has a 33%
overlapping and the support of any adjacent inner term with
any extreme term of every termset has a 50% overlapping.
Any smaller overlapping will reduce the size of partitions con-
taining multiple rules and further decrease the average number
of run-time rule evaluations.
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Figure 7: Architecture of an approximated FLC.

This approximation results in a non-uniform sam-
pling of the state space. In the t® regions where only
one rule can fire, the output value is equivalent to the
interpreted FLC. The control surface of the approx-
imated FLC differs the greatest in the (2t — 1)® —¢"
regions of overlap, where two or more rules are ap-
plicable. In the case of the fuzzy PI, the horizon-
tal areas of the control surface remain unchanged,
while the sloping areas are replaced with horizontal
ones, whose heights are intermediate to those of the
boundaries of the sloping areas.

Further details on the compilation process are
available in [7], where we show that compilation can
reduce run-time rule evaluations by two orders of
magnitude in the average case. In the same reference
we analyze the memory requirements to show that
the compilation can be implemented using the small
microprocessors (e.g. 4-8 bit) and limited memory
(e.g. 4K-8K bytes) typical of cost-sensitive applica-
tions such as appliances and consumer electronics.

V. CONCLUSIONS

We have described fuzzy logic controllers as nonlin-
ear control surfaces that generalize the concept of
sliding mode controllers. The control surface of a
FLC is defined in a high level language by a Knowl-
edge Base composed of a rule set and termsets. The
KB can be interpreted during development for vali-
dation and refinement. Prior to deployment the KB
can be compiled into lookup tables and used directly
(as an approximation of the interpreted version) or
with an efficient run-time engine (as a functionally
equivalent version of the interpreted version).
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