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Abstract. Fuzzy Logic (nebulous logic) is a one of the fields from computation what else has been growing on the last years,
principally due the advance from the new computational technologies. These applications may be found at diverse dedaes of the

- the - day , such as into the control of machines of wash, juncture, air-conditioning and another. In robotics, can ypwithapp

certain satisfaction, control with logic nebulous (Fuzzy Logic Control) with the design of simplify and improve the perfofmance

the control of manipulators. The control system of robotic manipulators is complicated, overall when the screening & realf typ

time. Sum the that, the fortifications no linearity (centripetal acceleraaodsof Coriollis, geometry, friction and rests), coupling
dynamic among the components from the mechanisms, influences abrupt (shifts on the trajectories thanks to obstactethahifts int
loading of the manipulative and another), and another factors of errors (parametric uncertainty, errors of template angthabther

if they meet in a manipulator. Other big problem associate with the control in real time is the weather spend about ¢até prose
some dice of control, such as those obtained for inverse kinematics, what has a high consumption computational due on the
complexity from the equations, the one to can occur in delay into the control. This paper presents the technique offpantitione

fuzzy for modeled of inverse dynamics by one robotic manipulator of 4 degrees of freedom, as of experimental data. The system o
inference fuzzy, in this case, it works like a box black, where can determine the torques of exit of each joins, froactreatispl

of the joins, without know the template analytic, barely by using if of experimental data.
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1 — Introduction

Fuzzy logic is based on decisions taken starting from imprecise parameters (nebulous). In many situations, it
cannot define a state of the system in a quantitative way, being necessary to use linguistic variables, what generates a
certain imprecision in the description of its state. An example would be the definition of the thermal comfort in a room
based on linguistic variables. In other words, the room could be "hot", "moderately hot", "normal”, "moderately cold" or
"cold". The classification of the thermal comfort, in this case, would be of qualitative nature, what would generate a
certain imprecision degree with relationship to the thermal comfort, because the sensation of hot or cold, it can vary of
person for person, and depending case, of place for place. In areas whose temperature is frequently high, a temperature
of 30°C could be considered normal, differently for an area whose temperatures are usually low, and the normal
temperature oscillates around 20°C. Therefore, the concept of "cold" or "hot", it depends on a series of factors that are
not necessarily related of direct form.

Starting from this focus, it is noticed that the evaluation of the precision of a manipulator's positioning in the
space could be related with linguistic variables, which could guarantemdgpgsitioning of the manipulator, in spite of
all itss non lineally (rests, attritions and dynamics).

Many works have been made with fuzzy logic as control form in robotic manipulators. The fuzzy control in
redundant systems (dynamics or kinematics) (Lee et al, 1997), position control in underactuated systems (Muscato,
1999) and control dynamic (Emami et al., 2000) are examples of applications.

Mainly in complex control, where the conventional techniques don't accomplish the control requirements
satisfactorily. This is due to the fact that the conventional control laws are of nature crisp, in other words, they present
very defined control algorithms that generate actions of quantitative control. In some task levels, such algorithms don't
possess an appropriate acting, because many factors are of qualitative and nebulous nature, be in the manipulator, or in
its task or atmosphere, and that cannot be expressed in quantitative terms in a necessary way.

It can be mentioned as example, the difference between the human grasping of an rubber ball and a glass lamp.
Translating this difference of behavior for an algorithm of a robot's control, in a perfected way, has several difficulties
that can involve a series of rules that they are not always expressed in the form of a precise algorithm.

These rules represent the knowledge associated to a private task and it will usually be of qualitative and
imprecise nature, which could be improved through experience and learning. In this work thaéofogshof Emami et
al. (2000) will be presented to model the inverse dynamics of a robotic manipulator with the application of the
foundations of fuzzy logic.
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2 - Basic notions for a Control Model with Fuzzy Logic

An example, of controller with fuzzy logic, it is represented according to the diagram of blocks of the Figure 1:
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Figure 1. Block Diagrams of a Fuzzy Controller.

The system above represents a controller fuzzy whose inputs are the error and the variation of the error.
Therefore, the fuzzy controller possesses inference rules that look for to minimize the error. The rules are of the type " if
-then ", as: “If error it is big positive and variation of the error is growing, then torque it is high positive”.

Where the error, variation of the error and torque are controller functions of pertinences, where the last corresponds
the exit of the same. In fuzzy structures, the intensity of the error, for instance (big negative, appropriate, big positive),
it is associated to a certain degree pertinence, different froomifips structures, where an element is present or not. In
other words, it is supposed that the function charactefistissociates all the elements that belong to the group iAside
of a speech universe Then, it has:

¢ _;, xOA "
A_E); xOA

In fuzzy structures, the characteristic functigncan assume an infinite number of different values in the
interval [0,1]. Like this, a fuzzy group is a group of orderly pairs:

A={u(x)/x} xOX (2)
wherepis(X) it is the function of pertinence &fin A and it is defined by the listing ofin the closed interval [0,1]:
HA(X): X - [0]] (3)
The pertinence function indicates how much an element belongs to a given set. Therefore, it can be known how
much a variable belongs to a given set.
Therefore, the error definition as high negative is an imprecise amount, nebula. So it's possible to associate the

error with a pertinence function whose linguistic variables could be: high negative, appropriate, high positive. The
graph below (Figure. 2) represents an example of a possible pertinence function for the error:

High negative Appropriate  High positive
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Figure 2. Function of Pertinence for the error input.



The error of the robotic manipulator could be associated with the positioning error of its end-effector, or even
in the movement of rotation of your joints. A decision that looks to bring the error to an adaptation range, what it is the
objective of the fuzzy control. For that, it is necessary that the control system can transform a quantitative information
in a nebulous structure (fuzzyfication), to map them in function of another nebulous structure (inference machine), and
finally, to transform the nebulous structure in a quantitative variable (defuzzyfication) with the purpose of settling down
the control.

Accurate Accurat €

Inputs Outputs

5 Fuzzyfication Defu zzyficW
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Figure 3 - System of Fuzzy Inference

The inputs are accurate, because they are usually obtained through measurements (error) or observations. In the
fuzzyfication, the inputs are turned into variables fuzzy (linguistic variables), with the purpose of activating the rules, so
that the inference can be accomplished. The inference nothing else is of what to map the variables input fuzzy in
variables exit fuzzy. It is finally, the defuzzyfication consists of converting the variables exit fuzzy in accurate values.

The rules used in the inference machine they can be obtained by specialists or for simulations (Tanscheit,
2001). In the section to proceed, the method is presented for formulation of the pertinence rules for a system of control
of inverse dynamics of a robotic manipulator of 4 degrees of freedom, as presented in the work of Emami et al. (2000).

3 - Modelling of the Fuzzy Controller

The proposed methodology considers the inference mechanism as an identifiable object of a fuzzy system (Figure. 4).
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Figure 4 - Fuzzy Modelling Process

Therefore, the first step to model a fuzzy system is to determine the reasoning mechanism. In this work the
identification mechanism will be adopted, where some the manipulator's data are acquired by simulation (displacement,
acceleration, speed, torque in the joints), and starting from these data is possible to identify the system and to generate
the pertinence functions, and to adjust them according to own system parameters.
3.1 — Identification of the Fuzzy Structure

The identification of the structure has as purpose to point out the number of rules, the most significant
variables of input, functions of input pertinence and outputs necessary for the model fuzzy.

3.1.1 - generation of Rules and Functions of Pertinence



An intuitive approach for generation of objective rules is based on the partitioment of the input and output data.

Here a methodology will be presented where initially, the output data are partitioned, and then the partitions of fuzzy
input are derived through the orthogonal projection of each output partition in relation to input partition, separately. One
of the advantages of this methodology is its simplicity and applicability, mainly in systems with a great number of input
variables. The idea of the fuzzy partitionement is to divide the output data in fuzzy partitions that overlap each other.

Therefore, the content of each dgtdor each partition with centerv, it is defined by the degree of pertinengein an
interval [0,1]. The pertinence degrees and the centers of the partitions are obtained through a iterative procedure:

/(m=)
Hiq = DCH S~ f E @)
bt |

N ¢, ym
v, = zk?l(ﬂlk,t) n?’k )
> k=1 (Uik 1)

whereN is the number of datayy. is the degree of pertinence of the outpuin the partitioni, c is the number of

partitions, and/; is the center of the partitidnin thet-ésimaiteration. Three factors are essential for the construction

of a satisfactory partition starting from the obtained data:

» appropriate number of rules to express the behavior of the system, where in most of the cases it is same to the
number of partitions;

» the order of the fuzzyfication of the model of the system represents the underposition of the partitions fuzzy, and it
is adjusted by the parameter denominated exponent of fuzzification weight;

» satisfactory initial location of the centers of the partitions that affect the formation of the model.

1. Specification of the Number of Rules
The proposed index is developed with the purpose of pointing out the best number output rules of the partitions
in the fuzzy model, in density function and of the separation among partitions:

gg( Hi)" (i =) * = (v = ¥)°) (6)

Where,V is a medium weight of the data, considering the associations of the partitions, which it is defined as:

1
V= ()™ y -
313 e (i)™ kglzl k7K

Minimization of ;s will increase the density of the partitions and the separation among them, simultaneously.
Therefore, the optiminal number of partitions will correspond to the minimusg df most of the cases,(number of
partitions) it is same to the number of rules of the fuzzy model.

2. Specification of the Fuzzyfication Order
The fuzzyfication exponent weigim controls the magnitude of the sharement pertinence among the fuzzy

partitions outputs in function of the group of obtained data. It varies in the rangecof, [ as larger the value i
more strong is the association for each datum. Obtaimjnige following index was developed:

N e
Sr = 305 (i) " vk - )2 ®)
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An appropriate value gfis that whose trace & is same to a constat®2K, whereK is defined as:
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3. Centers of the Initial Partitions
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The centers of the initial partitions are obtained through advanced and complex techniques of computation
(Emami et al., 1998), that won't be approached in this work.

3.1.2 - Selection of Inputs and the Functions of Input Pertinence

With the objective of identifying the more significant input values among the input variables candidates, firstly
it should project if the output partitions orthogonally to the space of each candidate input partition. Therefore, for each
candidate inpux; has a pertinence functid@j (i=1,2,... ,n). Therefore, the following index is had:

n r” . ~

T[J :-_F’ J =l,2,...,l‘ (10)
=1 j

where I'ij is the range in the which the pertinence functpns equal to one,l'j is the total range af;, n is the

number of rules, and is the number of input candidates. As smatfermore dominant it is the variabig and for
consequence, more significant it is the variable. Therefore, the most relevant variables are thoses that they produce
smallerrs values.

The pertinence functionB; for the significant inputs are formed starting frd'n} and for the use of the

"partitionement fuzzy in line" described by Emami et al. (1998).
3.2 - Identification of the Fuzzy Parameters

The pertinence functions that convert an c(igp input for an fuzzy output, they are obtained in the following
way:

E(Y) = B{L- Sp(Tplr1(X ), DY)l TplTn (X ), D (y)D} +

(1= B)Sp{Tp[r2(X ). Dy(Y)].-w-. TplTn (X)), D (V)D} -
wherer; is called as degree of the rule, and it is computed for:
Ti (X) =Ty Bia (%), B2 (%) Byr (x7)] (12)
It is worth to point out thaD; is the fuzzy output, where:
Di(y) =1-D;(y) (13)
The equations of the-th operatott-conorma(S,) it is given by:
Sp(ay.ay,....ay) =[af +(1-a)[a} +(@-al)[...[a}, +(1-a},)a}, + 14

(L-afPafll..N"", p>0

The operatof, (X = p,q) it is then-th operatot-norm, that is calculated as:
T (ag,a5,...,a,) =1-S;[(1-a;),(1-ay),....(L—a,)] (15)

The Equation (11) it is a lineal combination of two extreme reasoning approaches, Mamdami and Logic, with
adjustable parameters. The crisp output is obtained by the method of the defuzzyfication basic distributed, that is given
for:

< _ Y y[E()]“dy

T 0<a<w (16)
yo [E(Y)]" dy

By this reasoning formulation, i.e., Equations (11) and (16), four paramptersd and 5) are introduced,
whose variation can generate a range continuous of variation of the mechanism of reasoning of the fuzzy system.



Therefore, the otimizacdo of this mechanism depends on the appropriate adjustment of these parameters, that are
function of the input and output data.

The adjustment of these parameters gives itself through a otimization problem of restriction non linear, through
the minimization of:

N
PI(P.G..B) = 3 (Yic =~ Jica) /N (17)

where the restrictions are:
0<p,gq<o, O0O<a<o 0<fB<1

whereyy is thek-th current output andy, is thek-th output of the model.

The functions of input-output pertinence that were already identified in the phase of identification of the
structure are approximate for functions trapezoids, and then a procedure of incremental refinement is applied to adjust
the parameters of the pertinence functions based on the data adjustment and in the Equation (17).

4 - Dynamic modelling Fuzzy-Logic to the Robotic Manipulador

The system model of the fuzzy structure -logic is presented at Figure 5:
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S

Figure 5 - Structures of the System Control Fuzzy-Logic's for Inverse Dynamics.

Such system is also called model of inverse dynamics, which generates the forces and the torque requested as
functions of a given path of the system. In this section all the steps will be discussed for fuzzy modelling, from the
acquisition of data to the model validation, with the purpose of illustrating the complete methodology for modelling of a
fuzzy-logic controller.

In general, the model of inverse dynamics to robotic manipulator Svitkegrees of freedom, it can be
represented for:

Ts =Fs(0,6,6.4), $=12,..5 (18)

where ¢,4,§ are vectors of the displacement, speed and acceleration of the joints, respectivelyistite applied

torque at thes-th joint and & is the vector of the manipulator's cinematic and dynamic parameters. The fufdton

highly no-lineal due to the friction, rests and other effects. It is worth to point out that the equations are dynamically
coupled. Starting from the point of view of the fuzzy logic, the knowledge of the system can be defawfmis of

fuzzy logic, where each model expresses the torque of a joint as function of the movement of all the joints. In other
words, each model consists of rules of the type " If - Then " with many antecedent variables, that is, displacement,
speed and acceleration of the joints, and a consequent variable that would be the torque of the joint. Therefore, a model
fuzzy-logic for the joints (s =1, 2,...,9) with n rules, it could be expressed as:

IF Xs1iSBsi1 AND ... AND X is Bs;y THEN 15 is Dg;
. (19)
IF Xs1iSBgni AND ... AND X is Bgyy THEN 15 is Dgy

Wherexsy, Xs2 --., Xsn @re the variables of significant inputs for the jainidentified among the elements of the vectors
0,9,4; and s is the torque of output of the joisf Bg; e Dgi (i = 1, ...,n; j = 1, ...,r) are the fuzzy structures
representing the pertinence functions of the input and of the output respectively. For each joint, the applied torque could
be influenced by the dynamics of all the joints, and consequestiandidates of input can be considered. However,

the number of significant inputs is usually smaller, depending on the type and of the configuration of the manipulator's
joints.



5 - Data Acquisition for Modeling Fuzzy-Logic

The robotics manipulator analyzed it is the IRIS Robot, of the Laboratory of Automation and Robotics of the
University of Toronto (Emami et al., 2000). It has four degrees of freedom, and its joints are perpendicular to each
other, as demonstrated in the Figure (6).

Figure 6 - lllustrative of the Manipulator Iris Robot.

The acquisition of data is made from sensor of displacements of joints, as encoders and load cells for
measurement of the torque in the joints. Starting from this, a path is defined to be followed by the manipulator in the
space, and the data of the displacements are stored and of the torque of the joints accomplished to execute such path.
The speeds and accelerations of the joints can be obtained starting from the derivation on-line of the displacements.

In the Figure (7) the graphs of displacement of the joints are presented for two paths randomics accomplished
by the manipulator.
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Figure 7 - Displacement of the Joints for Two Randomic Paths (Emami et al., 2000).

To proceed, in the Figure (8) measured medium torque is presented in the joint 4.
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Figure 8 - Torque and Acceleration of the Joint 4 (Emami et al., 2000).

6 - Identification of the System

After the data are acquired, the process of identification of the system begins. The first step is partitione the
output data, i.e., the torque of the joints. For this, initially it is specified an optimal value of fuzzyfication degree and o
partitions ( andc, respectively). In the Figure (9) the graph of the lin& @ traced in function ofn. the appropriate
magnitude ofm is obtained according to the strategy proposed in the sub-s€aimration of Rules and Functions of
Pertinence The indexs;s (Eq. (6)) for the selection of the optimal number of partitions, based on the selectipit isf

also shown in the Figure (9).
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Figure 9(a) - Validation of the indexesandc for the joints of the Iris manipulator (Emami et al., 2000) — Joints 1 and
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Figure 9(b) - Validation of the indexesandc for the joints of the Iris manipulator (Emami et al., 2000) — Joints 3 and
4,

In the Table 1 are listed the valuesoéndc. Starting from these values, she can partitione and to classify the
output data, and to derive the pertinence functions and its consequent rules.

Table 1 - Fuzzyfication Exponentes and Partition Numbers.

Joint Fuzzyfication Exponeninj Partition Numberd)
Joint 01 2,8 4
Joint 02 25 4
Joint 03 2,2 5
Joint 04 2,5 6

The next step is to identify the most significant variables of each joint, which it can be done according to the
strategy proposed by the minimization of the valua (Eq. (10)).
The values oftfor the joint 1 are presented below:

m, =05113 1., =0,9290 1, =0,8742
7., =0,9689 1, =0,0354 1., = 0,6660
1, =0,6883 m,, =0,5908 1, =0,0079
1, =0,0647 M, =0,0711 1., =0,0400

Obviously, the variables,, d,,d,,ds, ¢, are the dominants among 12 candidates. This selection is consistent

second a physical judgement of the dynamic system. For all the joints, the accelerations and the speeds corresponding
of each joint are specified as the most important input variables. The significant variables, together with the parameters
of refinement of each joint, they are presented in the Table 2.

Table 2 - Variables of Input Selected and Parameters of Refinement (p, q, the, b) of each joint

Joint Input Variables P a a B
Joint 1 d,,4,,4,, 0,4, 0,484 1,043 3,38 0,218
Joint 2 d,,4,,4,,0, 0, 0,955 20,00 1,68 0,153
Joint 3 ,,9,,9s,4,.6,,6,,6, 0530 1,59 4,97 1,00
Joint 4 d,,4,, 4, 2,98 9,99 3,63 0,046

Starting from the values described in the Tables 1 and 2, more the data obtained experimentally, it becomes
possible to generate the pertinence functions.

One of the outstanding characteristics of the control modelling by Fuzzy Logic is in the simplicity in
describing the behavior of a system, just as a black box, and its performance is satisfactory if compared with the



analytic model. The great difficulty of analyzing the system analytically is in certain parameters of difficult modelling,
such as the friction and the rest, that are of stochastic nature.

The pertinence functions are given below at (Fig. (10) ~ Fig. (13)). In the superior part of the illustrations are
presented the input values for each variable of the fuzzy system, and in the last column the output defuzzyficated of the
torque. Each line corresponds the inference rule.
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Figure 13 — Functions of Pertinence of the Joint 4.
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Figure 14 - Surface of Rules of the Joint 1 for Speed and Acceleration of the Joint 1.



7 - Simulation and Results

The software used for the simulation and presentation of the results, Matiab 5 being used the rules of

Mamdami. The control system for the simulation was elaborat&inmlink of Matlab, according to the schematic
drawing described in the Figure 15.
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Figure 15 - Diagram of the Simulation of the Model in Fuzzy Logic.

The inputs are given by senoidals functions with amplitude 55°, and different frequency for each joint, as it can
be observed in the Figures (16.a ~ 16.d).
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Figure 16 - Input of Inference Fuzzy System (Displacements of the Joints).



The time of simulation of the system was of 16 seconds, and the speeds and acelarations were derived starting
from the displacements, as it can be observed in the schematic diagram presented in the Figure (15).

The final answer of the system, in other words, the torque of the joints, can be observed in the lllustrations
(17.a ~17.d).
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Figure 17. Output of Inference Fuzzy System (Torque in the joints).

8 - Conclusion

In this work had as purpose to present a form of identification of models, starting from the modeling of the
inverse dynamics of a robotic manipulator with 4 degrees of freedom, using the partitionement technique for fuzzy
logic. Unhappily, the results of the fuzzy model could not be compared with the one of the analytic model and of the
experimental data, due to lack of information of the analyzed model (the manipulator's data, such as length and mass of
the links, etc).

The modeling of inverse dynamics through fuzzy logic, by partitionement process is simpler than the analytic
when it has many degrees of freedom, besides considering the effects non lineal and stochastic (rest and friction)
obtained starting from the experimental data.

The implementation of an algorithm that generates a system of fuzzy inference by partitionement of the data, is
extremely interesting, due to complexity of determining certain parameters as the centers of the partitions, the
pertinence degree, the weight of the fuzzification exponent and other, besides those that are used to determine the
pertinence functions.

Therefore, a next step would be the implementation of a flexible algorithm that it allowed to generate the
identification of a robotic manipulator, be in the aspect dynamic or cinematic, through a mass of experimental data.
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