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Abstract: Type-1 fuzzy sets cannot fully handle the uncertainties. To overcome the problem, type-2 fuzzy sets have been proposed.
The novelty of this paper is using interval type-2 fuzzy logic controller (IT2FLC) to control a flexible-joint robot with voltage control
strategy. In order to take into account the whole robotic system including the dynamics of actuators and the robot manipulator, the
voltages of motors are used as inputs of the system. To highlight the capabilities of the control system, a flexible joint robot which
is highly nonlinear, heavily coupled and uncertain is used. In addition, to improve the control performance, the parameters of the
primary membership functions of IT2FLC are optimized using particle swarm optimization (PSO). A comparative study between the
proposed IT2FLC and type-1 fuzzy logic controller (T1FLC) is presented to better assess their respective performance in presence of
external disturbance and unmodelled dynamics. Stability analysis is presented and the effectiveness of the proposed control approach
is demonstrated by simulations using a two-link flexible-joint robot driven by permanent magnet direct current motors. Simulation

results show the superiority of the IT2FLC over the TIFLC in terms of accuracy, robustness and interpretability.
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1 Introduction

Electrically driven robots are efficiently used in various
applications. Because their motors provide low torque at
high speed, the robotic systems are equipped with power
transmission systems to provide high torque at low speed for
performing the tasks. However, deformation of the trans-
mission system produces flexibility in the joints. This phe-
nomenon is the main source of vibration in industrial robot
manipulators. Compared with rigid robots, the number of
degrees of freedom becomes twice as the number of control
actions due to flexibility in the joints, and the matching
property between nonlinearities and inputs is lost!!l. Per-
forming high-precision tasks by a flexible-joint robot seems
to be difficult since the link position cannot follow the ac-
tuator position directly. As a result, flexibility in joints
should be compensated to improve the performance and
avoid unwanted oscillations. However, controlling such sys-
tems still faces numerous challenges such as the severe non-
linearities, weak coupling, joint flexibility, varying operating
conditions, and wide range of uncertainties?.

Over the years, researchers attempted various control
methods for flexible-joint manipulators including singular
perturbation theory®®!, feedback linearization®, adaptive
control[5], sliding mode control[ﬁ], robust Controlm7 fuzzy
control!® and neural controll®. The presented methods be-
long to the class of the commonly used control strategy,
which is called torque control strategy. The torque con-
trol strategy pays attention to dynamics of robot manipula-
tor. However, model of the flexible robot is so complicated,
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highly nonlinear, heavily coupled, computationally exten-
sive and uncertain. Thus, torque control approaches, par-
ticularly the model-based techniques, face the challenging
problems associated with manipulator dynamics[lo]. It is
found that the voltage control strategy!*!]

torque-control strategy for the robust control of the rigid
(12]

is superior to the
manipulators'™* in terms of simplicity in the controller de-
sign and performance of the control system. Since flexibility
in the joints provides complex dynamics, the voltage con-
trol strategy is more efficient than the torque-control strat-
egy. Recently, robust control*” and adaptive control™® of
flexible-joint robots have been developed using the voltage
control strategy. In [14], a neural-network-based adaptive
controller has been proposed for the tracking problem of
manipulators with uncertain kinematics, dynamics and ac-
tuator model, using voltage control strategy.

On another aspect, tools of computational intelligence,
such as artificial neural networks and fuzzy logic controllers,
have been credited in various applications as powerful tools.
They can provide robust controllers for mathematically ill-
defined systems subjected to structured and unstructured

[15]

uncertainties' ™. Fuzzy control, as a model-free approach,

is simply designed for complicated systems that may be
difficult to model analytically!*® ", Type-1 fuzzy logic
control systems (T1FLC) are known for their ability to
compensate for structured and unstructured uncertainties
to a certain degree. Compared to T1FLC, type-2 fuzzy
logic control systems (T2FLC) have been credited to be
more powerful in compensating for even higher degrees of
uncertainties!'®!. The concept of type-2 fuzzy set was in-

troduced by Zadeh in 1975 as an extension of the type-1
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fuzzy set[19]., Type-2 fuzzy sets are able to model such
uncertainties because their membership functions (MF's)
are fuzzy. MFs of type-1 fuzzy sets are two-dimensional,
whereas membership functions of type-2 fuzzy sets are
three-dimensional. The third dimension of type-2 fuzzy
sets provides an additional degree to model the uncertain-
ties directly™®!. In contrast, the performance of a T1IFLC
may be improved by partitioning the input domains with a
larger number of fuzzy sets. Then, a trade-off between ac-
curacy, performance and interpretability is requiredm]. A
larger number of MF's result in a bigger rule base that would
be harder for a human to interpret because of the curse
of dimensionality!?!. The IT2FLC is particularly suit-
able for time-variant systems with unknown time-varying

[22]

dynamics'“*'. Though fuzzy control is the most widely used

application of fuzzy set theory, T2FLC have been used in

very few control applications, such as nonlinear control and

[22], decision makingm], and quality

[24]

mobile robot navigation
control of sound speakers

In order to obtain optimal performance of control sys-
tems, optimization algorithms, such as genetic algorithm
(GA) and particle swarm optimization (PSO), have been
frequently used?”). The PSO was first introduced by
Kennedy and Eberhart in 19952%. Through the simula-
tion of a simplified social system, the behavior of PSO can
be treated as an optimization process. As compared with
other optimization algorithms like GA, the PSO requires
less computational time. Therefore, it has successfully been
applied to solve many optimization problems[?® 27,

This paper develops an interval T2FLC (IT2FLC) ap-
proach using voltage control strategy to control electri-
cally driven flexible-joint robot manipulators. The IT2FLC
is computationally cheaper and more efficient than
T2FLCM.

The novelty is the design of IT2FLC using the voltage
control strategy and employing PSO to optimize control
design parameters. As a result, the control performance is
improved. Stability analysis is presented and the superior-
ity of the IT2FLC to T1FLC is shown in the presence of
uncertainties. This paper is organized as follows. Section
2 presents modeling of flexible-joint robots. Interval type-
2 fuzzy logic is briefly introduced in Section 3. Section 4
outlines the particle swarm optimization. The design of
the proposed controller is detailed in Section 5. Stability
analysis is presented in Section 6. Section 7 presents the
simulation results. Section 8 concludes the paper.

2 Electrically driven

robot dynamics

flexible-joint

In a simplified model of the flexible-joint robot!”, the
manipulator links are assumed rigid and motors are elasti-
cally coupled to the links. The motor torques are assumed
as inputs of the robotic system. In this paper, the simpli-
fied model is applied on an electrically driven robot with
some modifications to obtain the motor voltages as the in-

puts. In this study, we consider a two-link manipulator[%]

as shown in Fig.1 with revolute joints driven by geared
permanent magnet direct current motors. If the joint flex-
ibility is modeled by a linear torsional spring, the dynamic
equation of motion can be expressed as

D) + C(60,0)0 + g(0) + 74(0) = K(r0,, — 0) (1)
JOy, + Bl + 7K (10, — 0) =7 (2)

where 6 € R? is a vector of joint angles, and 6,, € R? is a
vector of rotor angles. Thus, this system possesses 4 coor-
dinates as [0 0,,]. The matrix D(#) is a 2 X 2 matrix of ma-
nipulator inertia, C'(6, 0)0 € R? is the vector of centrifugal
and Coriolis forces, g(f) € R? is a vector of gravitational
forces, 7 € R? is a torque vector of motors, and 7;(6) is
the frictional torques. The diagonal matrices J, B and r
represent coefficients of the motor inertia, motor damping,
and reduction gear, respectively. The diagonal matrix K
represents the lumped flexibility provided by the joint and
reduction gear. To simplify the model, both the joint stiff-
ness and gear coefficients are assumed constant. The vector
of gravitational forces g(f) is assumed the function of only
the joint positions as used in the simplified model™. Note
that the vector and matrix are represented in bold form for
clarity.

Fig.1 An articulated two-link manipulator

The details are given in [28].

D(6) = 4 d
_dg ds
: —malile,028in(02)  —malile, (61 + 02) sin(6
C(0,6) = mali 2 2?111( 2) malile, (01 + 02) sin(62)
malile, 61 sin(62) 0
Go) = —(mllcl + mali)gcos(01) + malc, gcos(61 + 02)
| male, gcos(61 + 62)
(o) = | ey )
b6y + CQSlgn(el)
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where

di = mule, +ma(lf + 12, + 2lile,cos(02)) + 1 +12 (4)
dz = ma (12, + l1le, cos(62)) + o (5)
ds = mal2, + 1o (6)

0; (i = 1,2) denotes the joint angle, I; is the link length,
m; is the link mass, I; is the link’s moment of inertia given
with respect to center of mass, [, is the distance between
the center of mass of link, and the i-th joint b; (i = 1,2) and
¢i(i = 1,2) are constants.

System (1)—(2) is highly nonlinear, extensively computa-
tional and heavily coupled. Complexity of the model has
been a serious challenge in robot modeling and control in
literature. It is expected to face a higher complexity if the
proposed model includes the actuator dynamics. In order
to obtain the motor voltages as inputs, we consider electri-
cal equation of the geared permanent magnet direct current
motors in the matrix form

w=RIs+ Li, + Ky0,, (7)

where v € R? is a vector of motor voltages, I, € R? is a
vector of motor currents, and O, is a vector of rotor veloc-
ities. The diagonal matrices R, L and K represent the co-
efficients of armature resistance, armature inductance and
back-emf constant, respectively. The motor torques 7, as
input of dynamic equation (2), is produced by the motor
currents as

Knl, =171 (8)

where K,, is a diagonal matrix of the torque constants.
Equalities (1), (2), (7) and (8) form the robotic system such
that the voltage vector u is the input vector and the joint
angle vector 6 is the output vector.

3 Interval type-2 fuzzy logic systems

A fuzzy logic system that uses at least one type-2 fuzzy
set is called a type-2 fuzzy logic system. It is very useful in
circumstances, where the determination of an exact mem-
bership grade for a fuzzy set is difficult™®. As illustrated
in Fig.2, a type-2 fuzzy MF can be obtained by starting
with a type-1 MF and blurring it. The extra mathemati-
cal dimension provided by the blurred area represents the
uncertainties in the shape and position of the type-1 fuzzy
set and is referred to as the footprint of uncertainty (FOU).
The FOU is bounded by upper and lower MF's, and points
within the “blurred area” have membership grades given by
type-1 MFs. The most frequently used type-2 fuzzy sets are
interval fuzzy sets, where each point in the FOU has unity
secondary membership gradem].

An interval type-2 fuzzy set A in X is defined as!*]

A:/ /1/u Je, T.C0 1] ©)

zeX EJy

where x is the primary variable with domain X, u is the
secondary variable which has domain J,, J, is called the
primary membership of z. Uncertainty about Ais conveyed
by the union of all the primary memberships called the
footprint of uncertainty (FOU) of Al e,

FOU(A) = J,, =€ X. (10)

The structure of a typical type-2 fuzzy logic system is shown
in Fig. 3. It is similar to its type-1 counterpart. The major
difference is that at least one of the fuzzy sets is type-2 and
a type-reducer is needed to convert the type-2 fuzzy output
sets into type-1 sets so that they can be processed by the

(18]

defuzzifire to give a crisp output General type-2 fuzzy

logic systems (FLSs) are computationally intensive because
type-reduction is very intensivel'® 2!, Therefore, we will
use in this work the interval type-2 fuzzy logic systems for
their simplicity and efficiency. We design the fuzzy con-
troller by the use of two inputs namely tracking error and
its derivative (derror), respectively. If we select three fuzzy
sets for each input, the whole control space will be covered

by 9 fuzzy rules. The fuzzy rules are of the form of
R if x1 is X{ and x» IS Xé,
then y' = anx1 + ainx2 + @i, i=1,2,---,m (11)

where )~(]Z (j = 1,2) is an interval type-2 fuzzy set and
the inputs of rule R® is ¢ = (2z1,22) € U € R?, U is the
universe of discourse. M is the number of rules, and in the
i-th rule (RY), a;1 and a2 are the gains in consequent part
for i = 1,2, 3 is the crisp output. The proposed interval
type-2 fuzzy controller is for the case when antecedents are
interval type-2 fuzzy sets (A2) and consequents are crisp
numbers (C0)E%,
firing rules and gives a nonlinear mapping from the input

The inference engine combines all the

interval type-2 fuzzy sets to the output interval type-2 fuzzy
sets.

Upper MF
FOU

Fig.2 Type-2 fuzzy logic membership function

The firing strength set of the i-th rule is!?*!

Fi(z) = [f'(2), ['@)] =", T (12)

where
£ = g ) By (13)
?Z(x) = HBXi(er) X X (2a). (14)
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Fig.3 Scheme of a type-2 fuzzy logic system

The terms Hi{;} (1 =1,2) and ﬁ)}; (j = 1,2) are the lower
and upper membership grades of p ¢, respectively.

The type-2 fuzzy inference engine eroduces an aggregated
output type-2 fuzzy set. The type reduction block operates
on this set to generate a centroid type-1 fuzzy set known
as the “type-reduced set” of the aggregate type-2 fuzzy set.
Several type-reduction methods have been suggested in the
literature, such as the center-of-sums, the height, the mod-

[18,29]

ified height and the center-of-sets The most com-

monly used one is the center-of-sets type-reducer due to its

computational efficiency. That may be expressed as[1® 29

M P
| > 1y

T (15)
fieFi(@) 7 fi
i=1

Yeos(2) = [yi, yr] =

where Ycos is the interval set determined by two end points
y, and y,, and firing strengths f* = [f,fz] € F(z). y and
yr can be expressed as

;. M
v+ > fY

i=1 i=L+1

M=
|

Y=—7 i (16)
X+ X f
i=1 i=L+1
R _, M i
Zlf Y+ %‘, 1f Y
1= i=R+
Yr=—"F— M (17)
X X f
i=1 i=R+1

Two end points ¥; and y, can be computed efficiently using
the Karnik-Mendel (KM) algorithms®®). Since the type-
reduced set is an interval type-1 set, the defuzzifire output

is[ls]

y(x) = 0.5(yi + yr)- (18)
4 Particle swarm optimization (PSO)

The PSO algorithm is performed as follows. The un-
known parameters are called the particles that form the
population size denoted by m. Starting with a randomly
initialization, the particles will move in a searching space
to minimize an objective function. The parameters are es-
timated through minimizing the objective function. The
fitness of each particle is evaluated according to the ob-
jective function for updating the best position of particle

and the best position among all particles as two goals in
each step of computing. Each particle is directed to its pre-
vious best position and the previous best position among
particles. Consequently, the particles tend to fly towards
the better searching areas over the searching space. The
velocity of i-th particle v; will be calculated asl?%:27]
vi(k + 1) = x(vi(k) 4+ ciri(pbesti (k) — x:(k))+
cora(gbest — x4 (k))) (19)

where for the i-th particle in the k-th iteration, x; is the
position, pbest; is the previous best position, gbest is the
previous global best position of particles, ¢1 and ¢ are
the acceleration coefficients namely the cognitive and so-
cial scaling parameters, r1 and r2 are two random numbers
in the range of [0 1], ¢ = c1+c2, ¢ > 4, and Y is constriction
coefficient given by

2
X = .
‘4—¢>—\/<p2—4¢’

Constriction coefficient is controlled by the convergence of

(20)

the particle. As a result, it prevents explosion and ensuring
convergence!?%l,

A new position of the i-th particle is then calculated as
zi(k+1) = zi(k) + vs(k+ 1). (21)

The PSO algorithm performs repeatedly until the goal is
achieved. The number of iterations denoted by kmax can
be set to a specific value as a goal of optimization. The
most crucial step in applying PSO is to choose the best
cost functions which are used to evaluate the fitness of each
particle. During tuning process with PSO, the mean of root
of squared error (MRSE) is used.

The cost functions for the i-th particle are computed as

MRSE = E(k) = % Z \/ €3 (i) + e3(i) (22)

where e;(4) is the trajectory error of the i-th sample for the
first joint, ez (%) is the trajectory error of the i-th sample for
the second joint, N is the number of samples, and k is the
iteration number.

PSO algorithm initializes randomly. However, the speed
of convergence is sensitive to the initialization. On the other
hand, by using constriction coefficient, the PSO algorithm
should find the optimum solution whatever the initial values
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of the particles are®”. In addition, the PSO runs off-line,
thus computing time is not as important as in real time
control. Since the control design uses the optimal solution
provided by PSO, the PSO-based control strategy is not
dependent on the initial values.

5 Control strategy

We adopt two-input-one-output FLC to introduce the
design procedures of IT2FLC, i.e., we consider the error z1
and error rate xo as inputs. Let x = 6 — 04, where 0 is a
vector of joint angles and 64 is a vector of the desired joint
angles. The IT2FLC takes these two inputs and provides a
control action u € R

The membership functions of an FLC can be assumed as
triangular functions, trapezoidal functions, Gaussian func-

[21]

tions, etc In this study, Gaussian functions are used.

Gaussian membership function has less parameters than

(21]

the triangular one!“™| which is preferred for optimization.

The membership functions adopted by both types of control

N z P
0.8 ]
=3
£
w
E 0.6
€ .
o
£
L
<
8 04
&
[
0.2 )
0 .
-1 -0.5 0 0.5 1
Error
(a) Joint 1 (first input)
1
N z p
0.8 g
By
=
&
2 0.6 |
g
Q
g
o
(=]
3 0.4
&0
o3
=)
0.2 R
0 .
-1 0 1
Error

(c) Joint 2 (first input)

systems are shown in Figs.4 and 5, respectively. Note that
“N” stands for negative, “E” stands for 0, and “P” stands
for positive. The rules of the fuzzy controllers are given in
Section 6.

To assess the performance of both types of controllers,
the proposed fuzzy controller is implemented in two differ-
ent ways: the first is based on a type-1 fuzzy control scheme,
while the second is based on a type-2 fuzzy control scheme.
In the case of the implementation of the IT2FLC, we have
the same characteristics as in T1FLC, but we used type-2
fuzzy sets as membership functions for the inputs as shown
in Fig. 5.

All the universes of discourses are normalized and ar-
ranged in [—1 1]. Moreover, scaling factors external to the
FLC used to give appropriate values to the variables. The
role of input scaling factors becomes more important for
using the Gaussian MF's for inputs. The input scaling fac-
tors are employed to take the input into the operating range
covered by MFs, otherwise the controller will not respond
to the input.

N
Z P
0.8 i
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=
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Fig.4 Membership function of type-1 FLC for joint 1 (a,b) and joint 2 (c,d)
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Input variables and output variable have scaling factors
k1, ko, ko and ki, k5 and k/, for joint 1 and joint 2, respec-
tively. Simulink model of the proposed method is shown in
Fig. 6.

A Gaussian MF with certain mean (m) and uncertain
variance (4) can be completely defined by 3 parameters: m
and (81, 62)%. Since a different IT2FLC is applied to each
link and each IT2FLC has 6 input type-2 MFs and 3 differ-
ent scaling factors, IT2FLC has a total of 2x (6 x343) = 42
parameters to be optimized. As the PSO will only tune
the membership functions of both T1IFLC and IT2FLC, the
rules are fixed.

In the similar manner, since a different T1FLC is applied
to each link, two parameters are sufficient to determine a
Gaussian type-1 MF, and 3 different scaling factors, the
PSO has to optimize a total of 2 x (6 x 2+ 3) = 30 param-
eters. As T1FLC and IT2FLC have the same number of
MFs and rules, comparing their performance may provide
insights into the contributions made by the FOU.

Using the output scaling factor ko, the fuzzy controller is
formed as

u = koy(x). (23)

Each joint is controlled separately using fuzzy controller
(23). Thus,

w=[ur ua]" (24)

where u; and w2 are the fuzzy controllers for joint 1 and 2,
respectively as expressed in (23).

6 Stability analysis of the control sys-
tem

In other words, y; in (16) can be rewritten as

L
Z g/ (a1 + aioz2 + ai0)+

i=1

M
Z g; (as1z1 + asex2 + aio) (25)

i=L+1
where ﬁf = ; and q = %—l. In the meantime, we have

1

D, = ZiL=1 f + Zi:L+1 f'

In the similar manner, y, in (17) can be rewritten as

R
Yr = Zg:(ailxl + ai2x2 + aio)+
i=1
M

Z ai(ailml + ai2x2 + aio) (26)
i=R+1
where 7. = % and gi = ér' In the meantime, we have

D, = Zil f + Zij\iR-H ?Z~

From (18), after some manipulation, one can obtain

y(z) = Ci(z)z1 + Ca ()22 + Co(2) (27)

where

Ci(z) = 0.5 x ( quamt Z gain+

1=L+1

M:o

g ai + Z q ain) (28)

i=1 i=R+1
Ca(x) = 0.5 x ( quamr Z ) @i+
i=L+1
R .
Zg aiz + Z q aiz) (29)
i=1 i=R+1
Co(z) = 0.5 x ( qualw Z g, aio+
i=L+1
R
> dlaio+ Z ‘o). (30)
=1 i=R+1

The obtained analytical structure of the fuzzy controller
improves our study to develop the analysis and design. To
normalize the controller, we use the input scaling factors
k1 > 0 and k2 > 0, and the output scaling factor ko > 0.
The input vector is formed as

xr = [klzl k'ZZQ]T (31)
where for the i-th joint, z1 and z2 are defined as
z1 = edi — 92 (32)
zZ2 = édi - 91 (33)
where 64; and 0; are the desired and actual joint position,
respectively. From (32) and (33), we have Z; = z2. Using
r1 = k121 and xa = kaz2, we obtain
3.31 = QT2 (34)
where a = Z—; > 0.
Fuzzy controller by the use of scaling factors is formed as
u(x) = ko(C1(z)x1 + Co(x)z2 + Co(x)). (35)

This general structure shows a nonlinear variable gain con-
troller that finds many applications in control. The non-
linear gain C;(x) covers the nonlinearity of the controller
by parameters in hand. The control purposes are simply
described by linguistic rules in fuzzy controller transformed
to a nonlinear function as stated by (35).

Substituting (35) into (7) forms the closed loop system
as

(Cl(a:);m =+ Cz(l‘)aﬁz =+ Co(.r))ko = RI, + Lja + Kbém
(36)

Assume that the motor voltage u expressed by (7) is limited
such that

where umax > 0 is a maximum permitted voltage for the
motor. This assumption is a technical regard to protect the
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motor against over-voltages. The complexity of design and
analysis has been changed to simplicity by using the model
of motor in place of model of manipulator. Here, we should
know only the upper limits of the motor voltages (umax) as
inputs of robotic system. Because electrical motors drive
the electrical manipulator, the motor voltages are the sys-
tem inputs. The desired trajectory should be planned con-
sidering the maximum permitted voltages for motors. This
means that each motor is so strong that it can track the
desired trajectory under the permitted voltage. Moreover,
the desired trajectory should be smooth that its derivatives
up to the required order are available and limited. To find a
control law for the convergence of error, a positive definite
function is proposed as

V = /0 Cz(l')xldlh (38)

where V' is a positive definite function of z1 if C2(x) is pos-
itive. To satisfy C2(z) > 0, it is sufficient that a;2 > 0.

Proof. Assume that 0 < Cy < Cz(z), where Cs is a
positive constant. Thus,

T T
02/ z1dr < / C’z(x)mldxl. (39)
0 0

We have fowl Cox1dz, = 0.5C2z3. Hence, 0.5C2X7 <

J3 7t Cozaday. Thus, (39) implies that V' > 0 for 21 # 0.

Since fozl Cozrdzy = 0 and Ca(z)zy is limited, V = 0 if

x1 = 0. Thus, V is a positive definite function of x;. O
The time derivative of V is calculated as

V = 02(1’)$1i31 = 0102(113)1’11’2. (40)
From (36), we can write

L Rl Li, + Kifm

Ca(z)ze = —Ci(z)z1 — Co(x) ko . (41)
Substituting (41) into (40) yields
V = —aC) (x)z; — aCo(z)z1+
wpy ¢ Bla+ Ll + Kofm) (42)

ko

Since —aC(z)x? < 0 for Ci(x) > 0, to satisfy V < 0 for
stability, it is required that

x1(RI, 4 LI, + Kibn) < koCo(z)x1. (43)
As we known,
a1 (Rl + LIy + Kifm) <
|z1||RI, + LI, 4+ Ky0rm| < |21 |timax.- (44)
To satisfy (43), it is sufficient that
|21 | tmax < koCo(z)x1. (45)

Since ko > 0, to guarantee the stability, x1Co(z) must be
positive. This means that Co(z) must be designed with the
same sign as x1. This condition is simply satisfied if a;o is
selected with the same sign as x;.

From (45) and x1Co(z) > 0, we obtain

umax
< ko. 46
[Co(z)] < F (46)

From (30), we can obtain
C0,min < Co (37) < C0,max (47)

where co,min and co,max are two constants. To select a con-
stant value, we should select a value for ko that satisfies
(46) in all the cases. The maximum permitted value for ko
is then selected as

MYmax ko. (48)

C0,max

Therefore, stability is guaranteed under assumptions
Ci(z) > 0,C2(x) > 0,21Co(z) > 0 and CZTi‘X = ko. In
the i-th rule, a;o is selected with the same sign as 1 to
satisfy 1Co(z) > 0. We can select a;1 > 0 and a;2 > 0 in
all rules but to satisfy C2(x) > 0 and z1Co(x) > 0. There
is at least one rule that a;1 > 0 and a;2 > 0.

Fuzzy rules for ¢ = 1,--- ,9 are designed where the fol-

lowing cases occur:

Case 1. Assume that zi1z2 < 0 result in asymptotic sta-
bility by V < 0 in (40). Thus, u should be small.

Case 2. Assume that 1 = 0 or z2 = 0 result in Lyapunov
stability by V =0 in (40). Thus, u should be medium.

Case 3. Assume that ziz2 > 0 result in instability by
V > 0 in (40). Thus, u should be very high.

The fuzzy rules for the first and second controllers are
given as follows:

Rule 1: If z; is P and z3 is P, then y = 1.

Rule 2: If 21 is P and x2 is Z, then y = 0.75.

Rule 3: If 21 is P and x2 is N, then y = 0.25.

Rule 4: If 21 is Z and z3 is P, then y = 0.5.

Rule 5: If z; is Z and z2 is Z, then y = 15021 + 10x2.

Rule 6: If z1 is Z and z2 is N, then y = —0.5.

Rule 7: If 1 is N and z2 is P, then y = —0.25.

Rule 8: If 21 is N and z2 is Z, then y = —0.75.

Rule 9: If z; is N and x2 is N, then y = —1.

Therefore, using the above analysis, 1 and z are
bounded. Then, one can imply the boundedness of u be-
cause of boundedness of z; and 2.

Proof. From (28) to (30), Ci(z), C2(z) and Co(z) are
bounded as

|C1 ()] < 0.501]21] (49)
|Cs ()] < 0.502|22] (50)
|Co(z)] < 0.5a0 (51)
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where
quau—k Z q a11+2q ai1 + Z qrcm < ap
i=L+1 i=R+1
(52)
quazz + Z qlazz + Zq aiz + Z Graiz| < o
i1=L+1 i1=R+1
(53)
quazoJr Z q azO‘i’ZQ aio + Z Trai0| < ao
i=L+1 i=R+1
(54)
and a1, a2, ap are constant.
Considering (13) and (14), we have
@) <1 (55)
F@<t (56)

Thus, one can imply that 6?, g;, qj and gi are bounded.
The coefficient a;1 is a constant parameter. As a result,
inequality (52) is verified.
Similarly, inequality (53) and (54) are proven. a
Therefore, u is bounded using (35) as

lul < ko(ou|z1| + azlza| 4+ ao). (57)

According to the proof given by [31], since the input u is a
bounded variable, I, is bounded.

Since the desired joint angle 6, and its time derivative éd
are bounded, the bounded variables 1 and z2 imply that
0 =0, — 1 and 6= Hd — x are bounded.

Since I, is bounded, (4) implies that 7 is a bounded.
From (2), we have

JOm + Bbpy + 12 K6,, = 7 + rK80. (58)

System (58) is a second order linear system with positive
gains J, B, 72K, and a limited input 7 4+ 7K. This system
is stable based on the Routh-Hurwitz criterion and implies
that 60,,, 9m and ém are bounded.

Since all the states associated with each joint, i.e.,
9,9,9m,9m and I,, are bounded, vectors 9,9,9m,9m and
I, are bounded. As a conclusion, based on the stability
analysis, all the required signals are bounded.

7 Simulation results

In this section, to compare the performance of T1FLC
and IT2FLC, the performance of position and tracking con-
trol of an electrical flexible-joint articulated robot manip-
ulator are presented. Fig.6 shows the control system used
for obtaining the simulation results. The parameters of the
manipulator and motors are given in Tables 1 and 2, re-
spectively. Moreover, the voltage of motors is limited to
+40 Vto protect motor from over-voltage. The desired joint
trajectory for the joints is shown in Fig.7. The desired

trajectory should be sufficiently smooth such that all its
derivatives up to the required order are bounded.

1.4
1.2F ]

—_

Angle (rad)

N
© N B o ®
.

T L L L L L

0 2 4 6 8 10 12 14 16 18 2C
Time (s)

Fig.7 Desired joint trajectory

Table 1 The dynamical parameters of robot

Links L (m) L. (m) m I (kg - m?) b c
1 1 0.5 1 0.12 1 5
2 1 0.5 2 0.25 1 5

Table 2 The motor parameters

Motors u R ky L I B T k

1.2 40 1.6 0.26 0.001 0.0002 0.001 0.02 500

Simulation 1. The control system is simulated for set
point control, where a desired value of rad is given to the
joints. Set point application is used for point-to-point mo-
tion control of robot manipulators. In industry, the set
point control is also a dominant approach in the process
control. Scaling factors are given in Table 3. To have satis-
factory performance, the gains of input and output scaling

factors are selected by trial and error method.

Table 3 Scaling factors of type-1 and type-2 FLC

Scaling factor controller k1 ko ko ki k:'2 ké)

Type-1 FLC 0.003 35 100 0.0027 25 93

Type-2 FLC 0.002 36 105 0.002 28 111

The control system responses using T1FLC and IT2FLC
are shown in Fig. 8. As shown in Fig. 8, the performance of
the IT2FLC is better than T1IFLC to some extent. How-
ever, the transient responses of both type of controllers are
not good. The responses have overshoot with zero steady
state error. An optimization algorithm, such as particle
swarm optimization algorithm, can be applied to find op-
timum values for control design parameters to achieve the
desired performance.
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Simulation 2. In this simulation, the performance of
controllers in tracking a desired trajectory is compared.

----- = Joint1 (type—1)

+ Joint2 (type—1)
== =--Joint1 (type—2)

Joint2 (type—2) i

Time (s)

Fig.8 Control system responses using type-1 and type-2 FLC

The desired joint trajectory for the joints is shown
in Fig.7. Other conditions are the same as Simulation
1. The control system performs well as shown in Fig.9,
while the maximum values of errors for joints 1-2 are
0.022rad, 0.02rad, and 0.0224 rad, 0.022rad, using T1FLC
and IT2FLC, respectively. The motor voltages of both
joints are shown in Fig.10. All of the voltages of motors
lie under the valid limited values without chattering prob-
lem. It is seen that there is no change in voltage polarity,
which offers good reasons to tolerate the high oscillations.
In this case, the control efforts perform well. However, the
joint tracking errors are not very good.

Simulation 3. As mentioned earlier, the control design
parameters were obtained by trial and error method. How-
ever, we can use the proposed PSO algorithm to obtain
better performance by finding the optimal control design
parameters. In this simulation, the parameters of PSO algo-

Degree of membership

Error
(a) Joint 1 (first input)

rithm presented in Section 4 are set to ¢1 = 2.05,c2 = 2.05
and ¢ = 0.72. The number of particles and iterations are
set as 150 and 100, respectively. As a result of applying the
PSO algorithm, the scaling factors of the optimized T1FLC
and IT2FLC are reported in Table 4. Moreover, the MFs
of the optimized IT2FLC and T1FLC are shown in Figs. 11
and 12, respectively.
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Table 4 Scalling factors of the optimized type-1 and type-2 FLC

253

Optimal scaling factors controller k1 ko ko k'l ké kfj
Type-1 FLC 0.0021 35.04 103.5 0.0017 33.86 99.67
Type-2 FLC 0.0022 36.67 129.67 0.0018 37.08 120.89
The speed of convergence versus iteration is shown in 10107

Fig. 13. It indicates that the fitness values have converged. st ™| Joint 1 (type-1)

Another observation is that the additional mathematical di- ;é\ ol B~ | - Joint 2 (type-1)

mension provided by the FOU enables IT2FLC to achieve 5 4 ---- Joint 1 (type-2)

a lower MRSE than T1FLC. Set point performance and i ) O —— Joint 2 (type-2)

tracking errors are shown in Figs. 14 and 15, respectively. é 0 '“"*'*-'m.*,

The control system behaves well in these cases, as well. As a £ .

result of applying optimized T1FLC, the maximum value of

tracking error for joint 1 and 2 in the simulations is reached -

to the value of 7x 1072 and 8 x 103, respectively. As a re- 5 1 P 16 20

sult of applying optimized IT2FLC, the maximum value of
tracking error for joint 1 and 2 in the simulations is reached
to the value of 6 x 1072 and 7.98 x 1073, respectively. It
is seen that the results are much better than simulation 1.
To assess the performance of control system better, another
desired trajectory is considered as

0q =sin(t), 60(0)=1, 0

N
-
N
=
e

=

N

The performance of control system is shown in Fig. 16,
where the joint tracking error is reduced as well.
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Fig.13 The cost function of PSO
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Simulation 4. In this case, for the robustness evalu-
ation of the controllers, external disturbances are added to
the robot system. The disturbance is inserted to the input
of each motor as a periodic pulse function with a period of
2s, having a different value of amplitude, with time delay
of 0.7s, and pulse-width 30 % of the period®?. This form
of disturbance is general. But it includes jumps to cover
the complex cases. All the values of the cost functions for
different amplitude of disturbance in the cases of TIFLC

and IT2FLC are given in Table 5.

Table 5 Comparison between type-1 and type-2 FLC for
different amplitudes of disturbance

Amplitude Type-1 FLC (MRSE) Type-2 FLC (MRSE)
A=0 0.1892 0.1860
A=1 0.1958 0.1879
A=2 0.2044 0.1910
A=4 0.2337 0.2022

As seen from Table 5, the performance of the T1IFLC
is similar to IT2FLC to some extent as long as the am-
plitude of disturbance is low or there is no disturbance.
However, when the amplitude of disturbance in the Table 5
is increased, it is seen that the performance of T1IFLC de-
grades significantly. Hence, the performance of the TIFLC
Thus, the
T1FLC cannot be used in such noisy environment. On the
other hand, IT2FLC can handle the external disturbances
to give a very good performance effectively. As a result, the

will be unacceptable under this disturbance.

IT2FLC is able to handle the uncertainty and outperform
the type-1 controller.

Simulation 5. In this case, the ability of the TIFLC and
IT2FLC to handle unmodelled dynamics is investigated. To
this end, transport delay is deliberately introduced into the

201 Rirst, a transport delay equalling to 0.2s

feedback loop[
is artificially added to the nominal system. The step re-
sponses are shown in Fig.17. When a the transport delay

equalling to 0.3 s is added to the system, the corresponding
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step responses are shown in Fig.18. As shown in Figs. 17
and 18, large oscillations are obtained when T1FLC is used
to control the plant. Of the two controllers, IT2FLC pro-
vided the best performance as its step responses have the
smallest overshoot and are least oscillatory. The simulation
results again confirm that the IT2FLC is able to handle the
uncertainty and unmodelled dynamics, and outperform the
T1FLC controller.
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Fig. 17 Set point performance under unmodelled dynamics with

time delay 0.2s
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As a result, the main advantage of the IT2FLC is its
ability to eliminate persistent oscillations, especially when
unmodelled dynamics is introduced.

8 Conclusions

In this paper, interval type-2 fuzzy logic controller was
used to control a two-joint articulated flexible-joint robot
driven by permanent magnet direct current motors using
voltage control strategy. Stability analysis was presented
and the performance of the IT2FLC was compared with
that of TIFLC. In addition, an optimal IT2FLC for flexible-
joint robot was introduced using particle swarm optimiza-
tion. In fact, parameters of the primary membership func-
tions of IT2FLC were optimized to improve the performance
and increase the accuracy of IT2FLC. We observed using
performance criteria such as MRSE, when the amplitude of
external disturbance is low, the performance of both TIFL.C
and IT2FLC is somehow identical. However, it is known
that TIFLC can handle the nonlinearities and uncertain-
ties up to some extent. Therefore, by increasing amplitude
of external disturbance and considering unmodelled dynam-
ics, the results demonstrate that I'T2FLC can outperform
T1FLC. Thus, the IT2FLC is more appealing than its type-
1 counterpart with regards to accuracy and interpretability.
The main advantage of the IT2FLC appears to be its abil-
ity to eliminate the persistent oscillations, especially when
unmodelled dynamics is introduced. This ability to han-
dle modeling error is particularly useful when fuzzy logic
controllers are tuned off-line using PSO.
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