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Abstract: The control of nonlinear systems is a challenging task in control engineering and the use of type-1 Fuzzy
Logic Controllers (FLCs) has been proposed as a possible approach. However, traditional type-1 FLCs can
prove to be inadequate in dynamically unstructured environments that include large amount of uncertainties.
Under such circumstances, type-2 fuzzy logic controllers can be a viable alternative. In this paper, an Anti-
Lock Breaking System (ABS) is controlled both by a type-1 and an interval type-2 fuzzy logic controller
with and without noisy input measurement. The performances of both controllers are approximately the same
without noise in the input measurement. However, with noisy input measurements, interval type-2 fuzzy logic
controller results in better performance, indicating its superiority when there exist considerable amount of
uncertainties in the system to be controlled.

1 INTRODUCTION THEN rules is composed of interval type-2 member-
ship functions and the consequent part is a first order
Type-1 Fuzzy Logic Systems (T1-FLSs) were first in- polynomial. The design parameters in the antecedent
troduced by Zadeh in 1965, and since then the areapart are the centers and the standard deviations of the
has drawn the interest of many scientists and beenGaussian membership functions. Their means are as-
extensively used for modeling and control purposes. sumed to be uncertain. The design parameters in the
In literature, there are noteworthy studies that have consequent part are the coefficients of the first order
used type-1 Fuzzy Logic Controllers (FLCs) as ref- polynomial. These parameters of the structure are
erenced in a recent survey paper (Precup and Hellentuned by using gradient descent algorithm.
doorn, 2011). In Section 2, the mathematical description of the
In most real world applications, the control engi- ABS system used as the test bed is presented. In Sec-
neers are confronted with uncertainties and imprecisetion 3, the structure of the type-2 fuzzy neural system
information due to the internal and the external dy- is described and parameter update rules are derived.
namics of the system to be controlled. Type-1 fuzzy The simulation studies carried out on the ABS system
logic controllers may prove to be inefficient in han- are presented in Section 4. In Section 5, an analysis
dling these kinds of uncertainties. To overcome the of the results is given and the further work in the area
problem, the use of type-2 FLCs is suggested in the is discussed.
literature and many successful applications are re-
ported (Hagras, 2007), (Liang and Mendel, 2000).
Most of these are based on interval type-2 (IT2) struc-
tures (Abiyev and Kaynak, 2010),(Castillo and Melin, 2 THEMATHEMATICAL
2008). DESCRIPTION OF ABS
In this study, uncertainty and noise handling capa-
bility of the considered IT2 FLCs is investigated. The SYSTEM

rule-base of IT2 Fuzzy Neuro System (FNS) structure _ )
is of TSK type. The antecedent part of the fuzzy IF-  To derive the mathematical model of the ABS, the free
body diagram of the quarter vehicle model shown in
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Table 1: System Parameters.

w Angular velocity of the upper wheel

wp Angular velocity of the lower wheel

T Braking torque

r Radius of the upper wheel

ro Radius of the lower wheel

g Moment of inertia of the upper wheel

Jo Moment of inertia of the lower wheel

dy Viscous friction coefficient of the upper wheel
do Viscous friction coefficient of the lower wheegl
Fn Total normal load

Tl Road adhesion coefficient

A Wheel slip

R Road friction force
M1o Static friction of the upper wheel
Moo Static friction of the lower wheel

31(331_ =Rr1— (diom +Mio+Tg) (1)
oty = —(Rra2+ dauy + Mao) (2)

In these equations can be stated as
R =HA)Fn 3)

The normal forcel, is computed with the following
formula:

_ O1m +Mio+ T+ Mg @)

" L(sing— () cosp)

In Eq. (4),L is the distance between the contact point
of the wheels and the rotational axis of the balance
lever and® corresponds to the angle between the nor-
mal in the contact point and the line During driv-
ing, the speed of the vehicle and the rotational ve-
locity of the wheel have matching values. However,
during braking, the braking torque is generated at the
interface between the wheel and road surface, which

Fig. 1 s considered. The model is quite simple, but ¢ases the wheel speed to decrease. Consequently, the
it maintains the fundamental characteristics of a real yhee| speed will tend to be lower than vehicle speed.
system. The lower wheel imitates the relative road The parameter used to specify this difference in these
motion, whereas the upper wheel, mounted to the bal-ye|ocities is called wheel slip and denotedy

ance lever, animates the wheel of the vehicle. Several Fo0dp — 10y

assumptions are made in deriving the dynamic equa- A=————

(5)

tions of the system: The lateral and vertical motions
of the vehicle have been neglected and only the longi-
tudinal dynamics have been considered. Additionally,
it is assumed that there is no interaction between the

four wheels of the vehicle.

Figure 1: Schematic view of experimental setup.

Regarding Fig.1, three torques act on the upper
wheel. These are the braking torque, the friction
torque in the upper bearing, and the friction torque
among the wheels. Similarly, two torques act on the
lower wheel, which are the friction torque in the lower
bearing and the friction torque between these wheels.
For braking, a torque is applied to the upper wheel,
which causes the wheel to slow down. According to
the Newton’s second law, the equation of the motion
of the system can be written as:
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A zero wheel slip means that the wheel velocity is
equal to the speed of the car, whereas a ratio of one in-
dicates that the wheel is not rotating, but the car is still
moving, i.e. the wheels are skidding on the road and
the vehicle is no more steerable. The road adhesion
coefficient is a nonlinear function of some physical
variables including wheel slip and it can be approxi-
mated by the following formula (Inteco, 2007):
AP
W) = 5 (6)
The resulting road adhesion coefficient vs. wheel slip
curve is presented in Fig. 2. As can be seen from this
figure, a wheel slip value of 0.2 corresponds to the
maximum value of the road adhesion coefficient.
The numerical values used in this study for the
simulations are:
ri = 0.0995m)
ra =0.0990'm)
@=6561(°)
L=0.37(m)
J; = 0.00753kgn?)
J, = 0.0256kgn?)
dy = 0.00011874kgn?/s)
d» = 0.00021468kgnt/s)
M1 = 0.0032Nm)
Mz = 0.0925Nm)
c1 = —0.04240011450454,
¢ = 0.00000000029375,
c3 =0.03508217905067,
¢4 = 0.40662691102315,
a=0.00025724985785, and
p=2.09945271667129.

+ A3+ oA+ oA
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s . In Fig. 3, the first layer of the network is fed by the
external input signalX = xg,X2, ...,%n. In the second
layer, the input space is defined by using Gaussian
membership functions with uncertain mean which are
initially distributed onto the input domain equally as
shown in Fig. 4.
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Figure 2: Road adhesion coefficient vs. wheel slip.

3 THE THEORETICAL AND ¥
MATHEMATICAL o0 Rl il e
BACK GROUND OF T2-FNS

Figure 4: Initial interval type-2 Gaussian membership func

In real world applications, systems experience many 10N With uncertain mean.

uncertainties due to the dynamically unstructured en-
vironments. Traditional fuzzy logic systems may not . _ Ihe fuzzy IF-THEN rule structure has the follow-
be able to handle these kind of uncertainties. In this M9 form:
study a type-2 fuzzy-neuro structure is used as the _— o= .om
controller of a system which has two inputs, the error 'F X1 1SAsj and..andxm is Anj THEN yj is ;Wijxi +bj
(e) and the derivative of the errof\g). The structure = 7
of the MISO (multi-input, single-output) neuro fuzzy
controller is given in Fig. 3. wherex;(i = 1,...,m) are the input variabley;(j =
1,...,n) are the output variables which are the linear
functions. The antecedent part of the rule is composed
of interval type-2 fuzzy setgy; for thej-th rule of the
i-th input, and the consequent part of the rule is a first
order polynomial with the coefficients;; andb;.

The second layer in Fig. 3, the upper and lower
membership functions degrees are determined by us-

ing Eq. (8).
g, = Mgy (60, (%)) = W ] 8)
Jayer 1 layer 2 Jayer 3 “ lyerd  layers layer6  layer? Lower and upper membership functions between

it input and jt" hidden neurons of layer 3 can be
Figure 3: The structure of neuro-fuzzy inference system.  given as follows:

This structure is constructed as a IT2 TSK fuzzy _} G(czij,0ij,%) % < C_lquf_CZIL
logic system. Such systems are divided in the lit- Elj(x) - G(clij,0ij,%) X > clij Fc2jj
erature into three models depending on the types of Wy 2
membership functions on the antecedent and the con- G(cLj,0ij,%) % < Cjj
sequent parts of the fuzzy IF-THEN rules (Liangand |, (x)=¢ 1 clij <x <c2j (9)
Mendel, 1999). This work focusses on the second " G(C2j,0ij,%) X > C2j
model.
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whereG(cij, 0ij, X ) is determined as: Wi (t+ 1) = wj (t)_y:_E;bj(t+1) :bj(t)_VgTE
Wi j
1 (% —cij)?
G(cij, Gij, %) :exp(—ii( 02”) ) (10) JE %156)
i clij(t+1):clij(t)—yﬁ;czij(wl):czij(t)—yﬁ

The firing strengths of the rules are calculated by a7
using the prod t-norm operator at the third layer.

o0E
gij(t+1)=aijt) —y=— (18)
i:EAl(Xl)**EAn(Xn) (11) IJ( ) IJ( ) acij
5 — wherey is the learning rate. The derivatives in Egs.
F=g, () - g, (xn) (12) 16-18 are determined as follows:
The output of the consequent part of the each rule
is calculated at the fourth la: :
yer as follows OE  OE du dy;
— = —— (19)
m 6Wij Ju 6yj 6Wij
yj = 'ZLWini +bj (13)
The type reductioer and the defuzzification proce 6_E = 6_Eﬂ% (20)
yp P db, _oudy; ob;

dures are realized at the fifth, the sixth and the seventh
layers of the neuro-fuzzy structure. The defuzzified A
output of the type-2 TSK fuzzy system is determined  0E OE[ ou aij aEij du 0f; om;
b_y using the inference engine propo_sed in (Biglarbe- aglj ; oulof. ﬂﬁ 6_TJ ﬁ ﬁ
gian et al., 2010), and has the following form: T
_ PYiiafyi +qzj“‘zl_jy,- (. JE Z_E[_g OH, | du OF; oy }
ZE\‘:lij ZE\‘:l J. oclij 4 ou[of op. oclj = of; 6p” ocl;;

where f. and f are the lower and upper firing OE oE of au au 6f o
strength of each rule, respectiveyandq are the de- Yo Z— {—;— + = —L }
sign parameters that weight the sharing of lower and oczj 4 oulof o, oczj  of a“ﬂ 0c2;j
upper firing levels of each fired rulbl is the number  \yhere

of rules.

% _u) -ty = yl‘“-%”:qynj—‘;
4 TRAINING OF THE T2-FNS TN R

. z?ilijyj Yty
After the output of the system is calculated, the gra- U=-— f U= =
dient descent algorithm is applied to tune the design zl:l—i 2j-1';
parameters of the system which are the center and the  t-normprod operator has the following form.
standard deviation of the membership functions at the

(21)

antecedent part, the coefficients of the first order poly- of i i 22
nomial at the consequent part, p and q values in Eq. o kl_ll Ky (22)
(14). e
Initially, the output error is determined as follows: k#i
0 a_J e
1 d 2 3 = i (23)
=5 'ZL(Ui — i) (15) OF; kl;ll
p k#i
where O is the number of outputy’ andu; are the ) )
desired and the actual output of the network, respec- Wherﬁ' =,--»NLk=1,..,N1, andj = 1,...,N2.
tively. Then,
The parameters at the antecedent part of the rules, o (x) G(clj, 0ij, x) = c1.1>7 X < Cljj
cljj, c2ij, ojj and the parameters at the consequent 127 _ 0 Clii < %6 < 2
part of the ruleswj, b; are tuned by using gradient ~ 9cLij ' % ”>€2ij' =4

descent algorithm as follows:
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o) [ o x < Lt
ocLj | G(cLj.aij,x) (Xiz,glij)), x; > St
(24)
. 0, X < Cljj
o) _ | o, clij <% < c2;
ocz;j G(CZij,O'ij,Xi)()q;gZ”), X > C2jj

1j

On,; (%) { G(CZij,Oij,Xi)—(xi;?")), x < S

oc2;j 0, ¥ > %
(25)
1 )2
ome) | C(EIo R G x <l
: - 0 clij <x < c2jj
90 G(C2ii. 01 x) X=820° s o
(C2ij, Gij, %) G Xj > C2ij
i —C2ii 2 1i +C2ii
| (26)

The parameteng andq enable us to adjust the lower
and upper portions of the final outputin Eq. (14). The
optimization algorithm for these parameters is given
by the following equations. The initial value for both
parameters is taken as 0.5.

oE
p(t+1) = p(t) “Vap (27)
oE
qt+1)=q(t) Vg (28)
where
ok _ o)1 29
g~ U5 (30

5 SIMULATION RESULTS

In the simulations, the sampling time is set tad
The rotational velocity of the upper and lower wheels
before the braking operation is selected 28d/s
The reference wheel slip is set to 0.2 which corre-
sponds to the peak value gf— A. In order to de-
termine the efficiency and the accuracy of the pro-
posed controller two sets of simulation studies have
been conducted. In the first study, the performances
of both controllers are tested without noise in the in-
put measurement. Then, in the second set of simula-
tions, the noise effect is included as shown in Fig. 6.
The signal-to-noise ratio (SNR) is about 17dB.

g

—)

Ne

Fuzzy
Neural
System

ABS

System

Figure 5: The structure of type-2 Neuro Fuzzy System.

The initial membership functions for error and the
derivative of the error are distributed equally onto the
input domain. The initial weights of the neural net-

work are selected randomly.

Table 2 shows Root Mean Squared Error (RMSE)

rithms.
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Figure 6: The noisy input measurement for the two cases.

A number of simulation studies are carried out with Table 2: Root Mean Squared Error values of the type-1 and

type-1 and type-2 FNS controllers acting on the ABS
system described and the results obtained are com-
pared. The block diagram of the type-2 FNS system
is shown in Fig. 5. As has been discussed earlier, the
FNS block has two inputs is the error andA\e is

the derivative of the errorg is the reference signal,

u is the control input signal anglis the output of the
system.

type-2 FNS algorithms.

without Noise | with Noise
T1FNS 1.731 2.419
IT2 FNS 1.714 2.197
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Figure 7: Wheel slip of type-1 and type-2 ENS without
noise in the input measurement.
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Figure 8: Wheel slip of type-1 and type-2 FNS with noise
in the input measurement.

6 CONCLUSIONS

In this paper, two different structures, a type-1 and a
type-2 structure are used to control ABS system. The
functions of the layers in each structure are explained
in detail and the parameter update rules of the struc-

be launched.
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tures are given which are based on gradient descent

algorithms.

A number of simulation studies are carried out.
Firstly, it is assumed that the input measurements are
not corrupted with noise. The results indicate that
both controllers have similar responses. However,
in real life, the measurements usually include some
level of noise. To simulate this, a band limited white
noise is added to the slip measurement. In this case,
it can be seen from Fig. 8 that type-2 FNS outper-
forms type-1 FNS. It can therefore be concluded that
type-2 FNS structure results in a better performance
when there exists uncertainties. Encouraged by the
simulation results, an experimental study is about to
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