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Abstract

This paper focuses on the design of a recurrent Takagi-Sugeno-Kang interval type-2 fuzzy neural network RTSKIT2FNN
for mobile robot trajectory tracking problem. The RTSKIT2FNN is incorporating the recurrent frame of internal-feedback
loops into interval type-2 fuzzy neural network which uses simple interval type-2 fuzzy sets in the antecedent part and
the Takagi-Sugeno-Kang (TSK) type in the consequent part of the fuzzy rule. The antecedent part forms a local internal
feedback loop by feeding the membership function of each node in the fuzzification layer to itself. Initially, the rule base
in the RTSKIT2FNN is empty, after that, all rules are generated by online structure learning, and all the parameters of the
RTSKIT2FNN are updated online using gradient descent algorithm with varied learning rates VLR. Through experimental
results, we demonstrate the effectiveness of the proposed RTSKIT2FNN for mobile robot control.
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1 Introduction

In recent years, mobile robots are extensively used in
industry and for tasks in dangerous and harsh environments,
such as space exploration, military, rescue in the event
of natural disasters, and nuclear areas, etc. the ability
to track a planned path and perform tasks in these
environments autonomously is still among the main
challenges facing researchers in the intelligent mobile
robot’s field. Significant recent studies have been focused
on trajectory tracking control. Most of the proposed control
strategies are using the kinematic model which produces a
reference velocity based on position errors [1-5].

Recently, many studies have been done on the artifi-
cial intelligence application in mobile robot control such
as fuzzy logic (FLC) and neural network (NN). The Fuzzy
control (FLC) uses linguistic information based on human
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expertise, as a result, the FLC has several advantages such
as stability, robustness, no models are required (free model),
using expert knowledge and the IF-THEN rules algorithm
[6, 7]. Thus, the FLC has attracted more attention in mobile
robot control research. In [8], Castillo et al. designed a
dynamic fuzzy logic controller for mobile robot trajectory
tracking with membership functions optimization using Ant
Colony algorithm. In [9], Huq et al. proposed a behaviour-
modulation technique which combined the state-based for-
malism of discrete event system (DES) with the determin-
istic fuzzy decision making. In [10], Hou et al. proposed
adaptive control via fuzzy approach and backstepping for
mobile robot control. In [11], Bencherif and Chouireb pre-
sented a sensors data fusion based on the fuzzy logic tech-
nique for navigation of wheeled mobile robot in an unknown
environment. In [7], Hagras. presented a control archi-
tecture using type-2 FLC for mobile robot navigation in
dynamical unknown environments.

Previous studies achieved the main control objectives and
thus have a huge impact on mobile robot control. But on
the other hand, the fuzzy logic needs a human expertise
knowledge information (there is no learning ability) and
Fuzzy rule derivation is often difficult [12]. Recently,
much research is interested in the development and
applications neural network (NN) for control and system
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identification. In [13], Bencherif and Chouireb proposed
a new training method for a neural network which is
based on a combination between Levenberg-Marquardt
optimisation method and iterated Kalman Filter for mobile
robot trajectory tracking control. In [14], Yacine et al.
presented the design of a kinematic controller for wheeled
mobile robot trajectory tracking based on an adaptive
neural network (ADALINE). In [15], Li et al. proposed
an incorporating Neural-Dynamic optimisation based on
predictive model control approach for mobile robot tracking
control. In [16], Shojaei et al. presented mobile robots
formation trajectory tracking control of type (m, s) by using
neural adaptive feedback.

More recently, there has been much research that dis-
cusses incorporating the behaviours of fuzzy logic (FLSs)
and neural networks (NNs). The fuzzy neural networks
(FNNG5s) get their learning ability from NNs, and their infer-
ence technology from fuzzy systems, FNNs are an effective
tool for mobile robot control. FNNs include, the adaptive
network based fuzzy inference system (ANFIS) [17, 18]
with a fixed structure and all parameters are tuned with a
backpropagation or a hybrid learning algorithms and use for
the consequent part the Takagi-Sugeno-Kang (TSK) type.
The self-constructing neural fuzzy inference network (SON-
FIN) [19] uses the Mamdani type for the consequent part.
The recurrent FNN (RFNN) [20, 21] takes the form of self-
feedback connections used as internal memories and are
done by returning the output of each membership function
(MF) back as an input.

Moreover, all of the aforementioned FNNs and RFNN
are based on type-1 fuzzy sets. In recent years, type-2 fuzzy
logic systems (FLSs) have drawn much attention in many
studies, the type-2 fuzzy logic introduced by Zedah in [22].
The use of type-2 fuzzy sets in nonlinear dynamic systems
that are exposed to a variety of internal and external per-
turbations shows that type-2 methods have more potential
than type-1 methods. However, the theory of type-2 FLS
is more complicated than type-1 FLS theory. The interval
type-2 fuzzy sets have been proposed in [23] to remove
complexity and improve the type-2 fuzzy sets theory. The
interval type-2 FNN has attracted a great attention in [12,
24-33], and proposed a learning process for an interval
type-2 FNN system with uncertain means Gaussian mem-
bership functions. In [24], Abiyev and Kaynak described
the design of IT2FNN using gradient descent learning
algorithm for identification and control of time varying
systems. In [25, 26], the authors proposed a self-learning
IT2FNN with a fixed structure using sliding mode (SM)
theory for parameters learning . In [27], Lin et al. used
IT2FNN with adaptive control law for motion control.
Castro et al. [28] proposed a hybrid learning algorithm for
IT2ENN. In [12, 29], the authors proposed a self-evolving
interval type-2 FNN (SEIT2FNN)uses interval type-2 fuzzy
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sets with type-2 Gaussian MFs uncertain means in the
antecedent parts and Takagi-Sugeno-Kang (TSK) fuzzy
sets in the consequent parts. Also, it uses the structure
learning process to self-structure evolving for the IT2FNN
and parameter learning to tuned the antecedent parameters
using gradient descent algorithm. The consequent param-
eters are learned by using a rule-ordered Kalman filter. In
[30], Juang et al. proposed a RSEIT2FNN for Dynamic
nonlinear Systems, the antecedent part of RSEIT2FNN
forms a local internal feedback connections loop by feed-
ing the firing strength of each rule back to itself. In
[31], Lin et al. applied a functional-link network (FLN)
to the self-evolving IT2FNN for identification and control
time-varying plants. In [32], Lin et al. designed a self-
organisation T2FNN using gradient descent for parameters
learning and the particle swarm optimization (PSO) method
to find the optimal learning rates, applied for antilock
braking systems. In [33], Lin, Y et al. proposed a simplified
interval type-2 fuzzy neural networks with design factors g,
and g; are learned to set the upper and lower values to avoid
using K-M iterative method to find L and R points.

The motivation of this paper is to construct a self evolv-
ing recurrent TSK interval type 2 FNN for mobile robot
trajectory tracking. A self evolving algorithm gives the abil-
ity to achieve the suitable structure of RTSKIT2FNN during
the online learning, and the varied learning rates algorithm
VLR is used to find the optimal learning rates of the gra-
dient descent algorithm and to guarantee a good stability
convergence of the control system which is proved using the
discrete Lyapunov function. The major contributions of the
proposed control are summarized as:

(1) Successful apply a recurrent frame into interval type-
2 FNN structure by using internal-feedback loops in
the antecedent part are formed by feeding the interval
output of each membership function back to itself.

(2) A type-reduction process in the RTSKIT2FNN is
performed by fixing the design factors ¢; and ¢, to
reduce the computational time.

(3) The online structure and parameters learning algo-
rithms are used to ameliorate the learning perfor-
mances of the RTSKIT2FNN-VLR. Initially, the rule
base in the RTSKIT2FNN is empty, and all rules are
generated online by the structure learning algorithm.
Concurrently to structure learning all the consequent
and the antecedent parameters of the RTSKIT2FNN
are learned by gradient descent algorithm.

(4) The design of the varied learning rates algorithm VLR
to adjust the learning rates of the gradient descent
algorithm to guarantee the robustness and the stability
convergence of the system.

(5) In addition, experimental results were conducted
to verify the proposed control RTSKIT2FNN-VLR
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performances by a comprehensive comparison with
type-1 FNN and RFNN and other type 2 IFNN’s.

The rest of this paper is organized as follows.
Section 2 introduces the Kinematics model of the mobile
robot. Section 3 presents the RTSKIT2FNN structure. In
Section 4, the online structure and parameter learning for
RTSKIT2FNN are described in detail. Section 5 presents the
experimental results, and Section 6 contains the conclusion.

2 Kinematics model

The unicycle mobile robot kinematics model is the basis
of many types of nonholonomic Wheeled Mobile Robots
WMRs. For this reason, it has attracted much theoretical
attention of researchers.

Unicycle WMRs have usually two driving wheels, one
mounted on each side of their center, and a free rolling
wheel for carrying the mechanical structure. These two
wheels have the same radius r and separated by 2R and
are driven by two electrical actuators for the motion and
orientation, and the free rolling wheel is a self-adjusted sup-
porting wheel. It is assumed that this mobile robot is made
up of a rigid frame and non-deformable wheels, and they
are moving in a horizontal 2D plane with the global coor-
dinate frame (O, X, Y). The configuration is represented by
vector coordinates: g = [x, y, 6], that is, the position coor-
dinates of the point q the centre of the WMR in the fixed
coordinate frame OXY, and its orientation angle as shown
in Fig. 1. The linear velocity of the wheels represented by v
and the angular velocity of the mobile robot is w. The kine-
matics model (or equation of motion) of the mobile robot is
then given by:

X v cos(0)
y | =1 v sin@®) (1
6 w

2N e’ ol

0

0 x xr

Fig.1 Model description of a unicycle robot

To consider a trajectory tracking problem, a reference
trajectory should be generated. The reference trajectory is:

Xr v cos(6;)
):zr = | v, sin(6,) 2
0, wy

The error coordinates represented by the world coordinates
are:

Xp — X
G —q=|yr—Yy 3)
6, — 0

In the view of moving coordinates, the error coordinates are
transformed into:

Xe cos (0) sin(8) 0 Xp — X
Ye | = | sin(f) cos () O yr—y )
0, 0 0 1 6, —0

3 Recurrent TSK interval type-2 fuzzy neural
networks description

This section introduces the structure of a RTSKIT2FNN.
This multi-input single-output (MISO) system consists of
n inputs and one output. Figure 2 shows the proposed six-
layered network which realizes an interval type-2 fuzzy
neural network using Takagi-Sugeno-Kang (TSK) type for
the consequent part. The basic functions of each layer are
described as follows.

Layer 1 (Input layer): Each node in this layer represents
an input variable x;, j = 1, ..., n and there are no weights
to be modified in this layer.

Layer 2 (Fuzzification Layer or membership function
layer): each node in the membership layer performs a
recurrent interval type-2 MF to execute the fuzzification
operation.

The input of the membership layer can be represented by:

rj(0) = xj (1) + pg (1 = Dol )

Where t denotes the number of iterations, aij represents the
weight of the self-feedback loop,,uz,-. (t — 1) represents the

J
output signal of layer 2 in the time (t-1) and is defined with
Gaussian membership functions as

i i\ 2
net; (rt) = L (rf .m’> (©6)

2 !
9j

i = explnet; (1))

N(@m', o},r;),m} € [mljlmllz] (7
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Layer 4 (Consequent Layer): In this layer, each node

represents a TSK-type consequent node, for each rule

Laver 6 node in layer 3 there is a corresponding consequent node
ayer . . .

Y in layer 4. The output is an interval type-1 set and can be
represented as [w;, w,] where [ and r indices represent
the left and right limits respectively, the node output can
be expressed as

Layer 5
n
[wi, wi] = [ci—st ¢l —i—si]—l—Z[c"-—s’i ¢silx; (11)
1> %r 0 20°*0 >0 j Jj* Y jAt
1
Layer 4 !
that is
n n
wf:Zc’jxj—Z’xj’s} (12)
Layer 3 i=0 =0
and
n n
Layer 2 w, =Zc'jxj +Z|xj|s} (13)
Jj=0 Jj=0
where xp = 1.
Layer 1

Fig.2 Structure of the RTSKIT2FNN

Each MF of the premise part can be represented as a
bounded interval in terms of upper MF, ﬁ’j, and a lower

MF,u’J , Where
N(m’jl,a]’., r;), r} < m’j1
wory =11 my<ri<my @)
N(m’j2, UJ’., rt), r;. > mlj2
And
. . . . mi. +mi.
i i N(ml 70—1'7rl‘)9r'l E jl 12
i 1 i
iy =3 IR 2 ©)
Zivi mf/-|+msz

i iy
N(mjz,aj,rj),rj >

And thus, the output of this layer can be represented as an
interval [ﬁ’j, ﬁlj] as shown in Fig. 3 .

Layer 3 (Firing Layer): In this layer, there are M nodes
each node represents one fuzzy rule, and it computes the
firing strength using the values that it receives from layer
2 and an algebraic product operator adopted in fuzzy
meet operations, to generate the spatial firing strength F',
and is computed as follows

s=TTw 7 =Tl ad FF =157 a0
j=1 j=1
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Layer 5 (Output Processing Layer):

1
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Each node in this
layer computes an interval output [y;, y,] by using the
output from layer 4 and the firing strength F; from
layer 3, and the design factors [q;, g,] proposed in [33]
to adjust the upper and lower values without using the
Karnik-Mendel iterative method. In this paper, g; and g,
are non-adjustable values and set to 0.5. The outputs of
this layer can be computed by

A= X a0 )

i (14)

Z?ilf"‘?i

0 ! .
-8 -6 8

Fig.3 Interval type-2 fuzzy set of Gaussian shape
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And
, 2 —a) 2L Fwi 4 g M ] s,
= ——
YL £+ T
Layer 6 (output layer): The node in this layer computes

the output variable of the RTSKIT2FNN using a sum
operation of the output interval of layer 5 y; and y,. In
this paper the output of this layer is given by

Y+ yr
y=—"5"

7 (16)

4 Online learning algorithm

This section presents the two-phase learning scheme
algorithm for RTSKIT2FNN. The objective of the first
phase is structure learning that discusses how to construct
the RTSKIT2FNN rules. The learning starts with empty
rule-base in the RTSKIT2FNN and all fuzzy rules are
evolved by an online structure learning scheme. The second
phase is the parameter learning phase that uses a gradient
descent algorithm with varied learning rates for online
parameters learning.

4.1 Structure learning

The structure learning used the rule firing strength variation
as a criterion for rule generation, this idea was used for
type-1 fuzzy rule generation in [19], and developed to type-
2 fuzzy rule generation [12, 33] by using the interval firing
strength F' in (10), the structure learning of the proposed
RTSKIT2FNN is introduced as follows.

For the first incoming data point X is used to generate
the first fuzzy rule with mean, width, centre and the weight
of the self-feedback loop of recurrent interval type 2 fuzzy
set as

[y mip] = [xj — Ax, xj + Ax],

U} = O fixed and 06} = Afixed (17

where o fiyeq is a predefined threshold, Ax indicates the
width of the uncertain mean region. If Ax is too small, then
the type-2 fuzzy set approximates a type-1 fuzzy set and if
Ax is too large, then a type-2 fuzzy set will cover most of
the input domain. In this paper Ax and o f;y.q are set to 0.1
and 0.3 respectively and « f;y¢q is set to 0.1.

For each subsequent of incoming data X, we compute
the firing strengths interval in (10) then we compute the
mean or centre value of firing strength for each rule i
denoted as
s
fi="—

(18)

fci the spatial firing strength centre is a rule generation
criterion to generate a new rule based on a predetermined
threshold f;j, . For each new incoming data,

max fL’: (19)

I =ar
£ 1<i<M()

With M(t) is the number of generated rules at time t. If fc’ <
fin , then new fuzzy rules will be generated M(t+1)=M(t)+1;
this condition means that the data point does not match well
from any existing rules, so the new fuzzy rule evolved. The
uncertain means, width and centre of type 2 fuzzy set related
to the new fuzzy rule are defined in the same manner as the
first rule

[ O m O =[x — Ax, x4 Ax] Lo O =011
(20)
and
I I
ms;, +m’
UjM(t)+l .y ‘x‘ _ % Q21

where 8 > 0 determines the overlap degree between
fuzzy sets. Equation (21) denotes that the width is equal to
Euclidean distance between the average centres of the new
fuzzy set and fuzzy set I. The high overlapping between
fuzzy sets is obtained when S is too large, and there is no
overlapping if B is too small. In this paper is set to 0.5; this
indicates that the width is equal to the half distance between
fuzzy sets

The initial consequent parameters c} with j = 1,..,n

in the first rule are set to very small values 0.05, and s /1
are defined as the initial output interval range are set to
very small values 0.002. For the new generated rules the
consequent parameters are assigned to the same values as
the first rules

ch=c" =005 j=1....n (22)
sh=s1D = 0,002 (23)

The structure learning and fuzzy rules generation algorithm
as follows:

@ Springer



3886

A. Bencherif and F. Chouireb

IF x is the first incoming data then do

{Assigned the initial uncertain means and width and
center of fuzzy set and generate the first fuzzy rule by (17)

[m}l,m}.z] = [x; — Ax,x; + Ax] and crj = Ofixed
aj. =01lj=1,...,n

And sets the initial consequent parameters

ch=0.05 sj =0.002 j=1,..n

}
Else

{Compute (19)

I L@ < fon

{Generate the new fuzzy rule and assigned the uncertain
means and width and center of the new fuzzy set rule

(20),21) M(t+1)=M(1)+1

[ O mi O = = Ax, x48x] o O =00
1 1
m;, +m;
M@+ M j2
o; = B |x;j B —

And also set consequent parameters of fuzzy rules

MO _ 0,05 sMO+ _ 0,002

j i j=1,..n

1

Parameters of each evolved rules are modified by the
parameter-learning algorithm introduced in the next section.

4.2 Parameter learning

Parameter learning is performed concurrently with the struc-
ture learning process. Parameter Learning tunes all param-
eters for each fuzzy rule, including the current fuzzy rule
and that was newly generated. To describe the parameter
learning, we define the objective function as

1
E=§<yd<r+1>—y<r+1)>2 (24)

where y; (¢ + 1) is the desired output and y(t + 1) is the
output of RTSKIT2FNN. The updated parameters based
on gradient descent algorithm are given by the following
equations:

i D=m' o OB 25

mj](t‘i‘ )—mjl(t) Nm,y i (25)
Z)mjl

: = iy (1) = oy 2 26

miy (t+ 1) =mj, (t) = tmy —— (26)
ij2
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4 . oE
oj+ D =0) (0 =1~ 27
9j
. ) OE
o+ 1) = () = ne— (28)
o
. . OE
e+ 1) = (0) —ne— (29)
j
i 1 =st ok 30
s (t+ )—sj(t)—nsﬁ (30)

J

where 1,1, Nm2, No» Na» Ne, Ns are the learning rates ,j =
I,,nandi = 1,, M, n and M are the number of inputs
and rules respectively . The derivation of the premise part in
(25)—(28) can be expressed by the following:

IE dyr 9y, \ oS
= Oy —ya) x —-l.-i- = ;
am aft of E)mj]

i1
9 .\ oS

+<l+ay.> i) 31)
oft " of) ami

IE oy v\ 3f'
T ==y X\t 7 ) o
ofi " ofi) omi,

ij2
vy 9 3 f
+<ili+ y’l.);l.) (32)
aft aft) omt,

IE dy , oy ) 0f"
—=0vox||\F+=)
do! aft  aft 80j

9 i
+ (ﬂ + 8”.) i) (33)
af" " af) do!

E By By a_fi
ﬁ—(y yd)x((afi+afi> .

J
9 i
+ (% + ay,‘) L) (34)
of" " af ) adl

The derivation of g—lyc can be expressed by the following
equations :

0 1 - -
Oy _ (A —adwi =y (35)
af! DINAE
. quwr —y

- = = (36)
ail Zfl_i_il
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Oyr _ 4rr =y @37
3fi Zfz +il

ayrA — (1 - q);)wr _ Yr
8il Zfl +il

(38)

Now, we calculate the derivatives of firing functions with
respect to the premise parameters

i

aFi 9 O TR i
A PSS = )
om', O Im 0 otherwise
afi o au’ P T g Mt
— == _i]= ix(oj’.)z’l 2
am';, 8&/ am’, 0 otherwise
(40)
9Fi 9 Fi O Fiog T2 i i
e Tl R IOt
ijz IR amjz 0 otherwise
9 i 9 i a,ui. i r}—m?z i m§-1+m;2
L L L Gt =T
am’;, a&j am’;, 0 otherwise
(42)
i—ml 2 )
i Vi i
afi ot ol N A
_ —j = 7i (r}_m;2)2 i i (43)
dol I o frx =anyry <mpy
J
0 otherwise
_ ) i_pi 2 i
ot gt | £ o < T
ACNE I . e i (48)
i i i . rt—m'. . mb. +mt.
3Gj 3&/. 80j il J(G{){zl ,r} - 112 j2
J
off _ ot omy _ ot (9m; or;
dot Bﬁj 80{’} B Bﬁ; Br; 80{’}
_. ri—m. . . .
ftx ’(0{)51 X st —1),r; <my
A
= Fi MR i1y i (45)
o X uj(t 1),rj <m'y

0 otherwise

of M%E%K%%)

i S0 adi 8,0\ A ai
dat agj Z)aj 8&/. Brj 8aj
Fiox I sl = 1), i < M
e T T L 4e)
O L TR R N L T
i X (0;)2 Xﬂj(t 1),rj >

Then the derivation of consequent parameter in (29-30) can
be expressed by the following:

(23 dy dyi dwj dy dy, dw!
i = (y - yd) X A i ad + ; ;
ac Iy dw; dc’ dyr dw} dch

(—a)f + a7

= (v — ya) x o x;
oM i
A=a)F +a f
+ —— X
2y M+ f
Xj i
=0 -yox| —— = | I—at+a)f
2y [T+ f
+d—gr +a)F (47)

B dy dy; dw! dy dy, ow!
— =0y x ——,—,l + rl -
ds) Ay dw; ds' dy, dw’. ds’

(1= F +q f

=y —ya) X ——— |
T 71T )]
A—anf +af
- M i —i |'x]|
2Y i T+ S
o %) i
=y —ya) x = | A—a—a)f
Q’Zi:l il + f
—(Il—q—q)f' (48)

The structure of the global online learning process is
presented in the flowchart Fig. 4.

4.3 Convergence analysis

In this section, we propose the varied learning rates of
parameter learning to assure the convergence of the tracking
errors based on the analysis of a discrete-type Lyapunov
function. Consider the objective function in (24) as the
discrete Lyapunov function.

The derivative of the proposed discrete Lyapunov
function can be written as

AEM)=E@C+1)—-E®@ (49)

The linearized model of (49) can be calculated via (25)—(30)
as follow
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Fig.4 Flowchart of the online
learning of the RTSKIT2FNN

m(t)+1 _ J1
9 =Blx -

2
And sets the initial consequent parameters

s£=0002 j=1,..n

i
¢ =005 s

Structure learning
—_—_—————— e ——
[ Parameters learning
| rm———————————
, No I I Calcule the Gradient descent algorithm I
Set the initial uncertain means and width I£fe = fen %l?ne:t;‘;: with varied learning rates
[7"}1'7";2] =[x — Ax,x; + Ax] I for adjusting all parameters I
Ax = 0,1,:7,.‘ = Ofivea = 03 ,a,.‘ =01 I —_——
And sets the initial consequent parameters Yes I
¢t =005 si=0.002 j=1,..n |
Set the initial uncertain means and width I
®
[ml"; t ”,mj."z‘(‘)”] =[x — Ax,x; + Ax] I
Ax =01, =01 |
m(t)+1 m(t)+1
m + ij I
]

E(t+1)=E@)+ AE@®)

n
0E
wEm—ErM(;T
j=1

mjl

2 2 2
N 9E N OE N JE
770 ao']l nC aclj r/S aS;
2
e (25 (50)
7’]0( aa;
Then E (¢ + 1) can be expressed as
1 n L aE
E@¢+1) = EE(I)_nmIZ(E)mi. )
j=1 J1
2
1 " [ OE
+ —EO)—mMEZ(—f—>
6 o am';y
2
1 " (0
+3Em—mimgﬁ)
j=1 J
1 ETA
+ EE(I)—%Z<£))
j=1 J
1 " (aE\
+ EE(I)—UsZ<g) )
j=1 J
1 YA
—E(@) — — 51
+|cE® %;<M) 1)

where 1,1, 1m2, Nos Na» Nes Ns are the learning rates param-
eters. The derivatives of the objective function in (51) are
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calculated in parameter learning Section 4.2. The learning-
rate parameters of the RTSKIT2FNN are designed as

E
Mo, = O (52)
6|3 =1 (;ﬂ—’fl) +¢
E
Moy = ©___ (53)
6| a2 +e
o ]
ho = (54)
6 Z?:l (%) + &
. |
ho= (55)
6 Z’}Zl (:TE’) +€
) |
ne = — ©___ (56)
6 Z;’-zl <%> +e
) |
n = ©___ (57)
6 Z;f:l (%) +¢

where ¢ -is positive constant, then (51) can be rewritten as
E@+1)~¢e(my + my + 0o + e + 05 + 1) (58)
Applying the learning rates values from (52-57) into the
(58) we have
E(t)+E(t) E@) E@) E@)  E@)

E(t+
D<=+t % "% "% "6

=E()
(59)
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Fig.5 RTSKIT2FNN control
scheme for a unicycle wheeled
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From (59), we can guarantee that the error represented
in (24) will converge to zero with varied learning rates
designed in (52)—(57). Moreover, the mobile robot with the
proposed RTSKIT2FNN control system has the ability to
track the reference path stably.

5 Experimental results
5.1 Robot description and control architecture

Herein, we present experimental results to validate the con-
trol performance of the proposed RTSKIT2FNN with online
structure and parameter learning for stable path tracking of
mobile robots. In this paper, a Pioneer 3-DX mobile robot
is used as an example to verify the effectiveness of the pro-
posed trajectory tracking control scheme shown in Fig. 5.

Fig.6 Experimental test with
Pioneer 3-DX mobile robot

Pioneer 3-DX mobile robot is shown in Fig. 6. The plat-
form is assembled with motors featuring 500-tick encoders,
19 cm wheels, tough aluminum body, 8 forward-facing
ultrasonic (sonar) sensors, 1, 2 or 3 hot-swappable batteries,
and a complete software development kit. The base Pioneer
3-DX platform can reach speeds of 1.6 meters per sec-
ond. The Pioneer 3-DX robot is an all-purpose base, used
for research and applications involving mapping, telepor-
tation, localization, monitoring, reconnaissance, and other
behaviors.

5.2 Results

For RTSKIT2FNN'’s, the used parameters are chosen as
follows. The RTSKIT2FNN for linear velocity has two
inputs (x., X,) and one output v, the spatial firing strength
threshold is set to f;;, = 0.6. The RTSKIT2FNN for angular
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— — = reference trajectory
0.8F real trajectory with RTSKIT2FNN-VLR
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Fig. 7 Tracking response of a mobile robot with RTSKIT2FNN
controllers for Lemniscate trajectory with initial position Xg =
[0; —0.3; 7]

velocity has two inputs (ye,8,) and one output w, the
spatial firing strength threshold is f;;, = 0.3. For the fixed
learning rates FLR are set to n, = 0.5 for linear velocity
and n, = 0.01 for the angular velocity. For the varied
learning rates VLR the positive constant ¢ is set to 0.01 and
0.00001 for the linear and angular velocities respectively.
The objective functions for parameters learning of the two
RTSKIT2FNN'’s are chosen as follows

E, =%(vr t+1)—v@+1)? (60)

1
Ey =3 (w, (t+1)—w(+ 1)? (61)

The sampling time (ts) is 0.01s. In order to exhibit the supe-
riority of the proposed RTSKIT2FNN control system, seven

0.6 T T
- = = reference trajectory

real trajectory with RTSKIT2FNN-VLR

0.4

0.2

-0.2

-0.4

-06 . . . . . . 4

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Fig. 8 Tracking response of a mobile robot with RTSKIT2FNN con-
trollers for Sinusoidal trajectory with initial position X =[0; 0.1; 7 /4]
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Fig.9 The position coordinates for lemniscate trajectory

different network structures including ANFIS [17], RENN
[34], IT2FNN [24], IT2FNN-SM [26], SOT2FNN-PSO
[32], SEFT2FNN [31] and SIT2FNN in [33] are considered.
The SIT2FNN, SEFT2FNN and SOT2FNN-PSO are also
examined with the same structure and learning parameters
in RTSKIT2FNN with FLR. As a performance criterion, we
evaluate the root mean square error (RMSE)

I v v 2
RMSE = HZ(X(Z) X, (i) (62)

i=1

0.15

0.1

=<® 0.05f

0 5 10 15 20 25 30
t
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0.2 A
> 0.1 \/\ i
ol
-0.1 s . . ‘ ;
5 10 15 20 25 30

Fig. 10 Tracking errors
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Table 1 Comparison results between FLR and VLR

RMSE x RMSE y RMSE 6
Fixed learning Fig. 7 0.0638 0.062386 0.24733
Rates (FLR) Fig. 8 0.067332 0.049423 0.10764
Varied learning Fig. 7 0.040172 0.030544 0.15698
Rates (VLR) Fig. 8 0.04199 0.043071 0.10414

Experimental results are shown in Figs. 7, 8, 9, 10, and
Tables 1, 2, 3 and 4. Figures 7 and 8 show the reference
paths Lemniscate and sinusoidal respectively with the real
tracked path of the mobile robot using RTSKIT2FNN with
varied learning rates (VLR), the dashed red line is the refer-
ence trajectory; the solid blue line is the trajectory followed
by the mobile robot with RTSKIT2FNN-VLR. Figure 9
presents the position coordinates x, y and 6 of the mobile
robot with reference coordinates for the Lemniscate tra-
jectory, the tracking errors x., y. and 6, are shown in the
Fig. 10. From these figures, we can see that, the effective-
ness of the proposed control scheme using RTSKIT2FNN
-VLR for mobile robot trajectory tracking with stable speed
and high accuracy.

Table 1 studies the RTSKIT2FNN performances with
varied and fixed learning rates for two cases of trajectories.
The performances are evaluated using the RMSE of
the position (x, y) and the orientation 6. The obtained
results show that the RTSKIT2FNN with VLR has better
performances than RTSKIT2FNN with FLR. The table
shows the difficulty to ensure the good convergence and
tracking stability during the online learning by using fixed
learning rates (FLR) because the choice of fixed learning
rate values is not necessarily appropriate to all of the cases
and conditions of tracking control in real time and it may
cause in some cases the divergence of the system. On the
other hand, the varied learning rates VLR guaranteed the
stability, robustness and the good parameters adaptation
of the RTSKIT2FNN during the online learning, this
VLR property changes the learning rates according to the
objective function represented in (60) and (61) to guarantee
the convergence of tracking errors.

Table 2 Influence of f;;, on the performance of RTSKIT2FNN with
f thw = 0.3

Sfinv 04 0.5 0.6 0.7
Rule Y 1 7 7 8
Number w 14 16 14 14
RMSE x 0.059431 0.059272 0.040172 0.059509
RMSE RMSEy 0.038592 0.037613 0.030544 0.0390385
RMSE# 0.22255 0.23153  0.15698  0.22031

Table 3 Influence of fip,, on the performance of RTSKIT2FNN with
f thv = 0.6

Jinw 0.1 0.2 0.3 0.4

Rule v 7 9 7 7

Number w 4 8 14 19
RMSEx 0.059337 0.059193 0.040172  0.059762

RMSE RMSEy 0.03968 0.040383  0.030544 0.034122
RMSE6&6 0.21419 0.21594 0.15698 0.23828

Additionally, Tables 2 and 3 show the influence of firing
strength thresholds f;;, and fi, for linear and angular
velocity respectively on the performance of RTSKIT2FNN.
Table 2 represents the influence of f;, with a fixed finy
and the opposite in Table 3. We notice that larger values of
Sfthv OF finy generate larger numbers of rules and improve
the performance of RTSKIT2FNN in general. However,
when the value of fij,, or finy is too large, the performance
saturates for reason that the online learning process achieved
the local minimum, and also the number of rules change
according to the learning algorithm types VLR and FLR as
shown in Table 4 for the same network. From the two tables
the small RMS errors are obtained when f;,, = 0.6 and
f thw = 0.3.

Table 4 compares the RMSE values and generated
rules number for other related networks ; we can note
that the T2FNN networks have the smaller RMSE com-
pared to TIFNN which is represented by two structures
ANFIS and RFNN. This note shows the high superior-
ity of T2FNN structure for the mobile robot trajectory
tracking. The T2FNN is divided into two types in terms
of learning principle: static and evolving. For the static
type we have two algorithms IT2FNN-SM that uses slid-
ing mode for learning and IT2FNN which uses the gradient
descent. For the evolving learning type we have SOT2FNN-
PSO, SEFT2FNN, SIT2FNN, RTSKIT2FNN-FLR, and
RTSKIT2FNN-VLR. We can note that the IT2FNN-
SM has the smaller RMSE than IT2FNN with gradient
descent algorithm, and we can note also that the evolv-
ing algorithms have lower RMSE than the static algo-
rithms; this demonstrates the superiority of the evolv-
ing algorithms. For the evolving algorithms, the proposed
RTSKIT2FNN-VLR has the smaller RMSE compared to
the other evolving algorithms. This result shows the high
superiority and the effectiveness of the proposed algo-
rithm, we can also note that RTSKIT2FNN-VLR and
SEFT2FNN have the largest number of generated rules
and the lower RMSE this demonstrates, the relationship
between the generated rule and the effectiveness of the
evolving algorithms.

@ Springer



3892

A. Bencherif and F. Chouireb

Table 4 Comparison results of

networks RMSE Networks Learning principle Rule number RMSE x RMSEy RMSE 6
v w

ANFIS [17] static - - 0.1313 0.0760 0.323
RFNN [34] static - - 0.1270 0.0697 0.337
IT2FNN-SM [26] static - - 0.0805 0.0713 0.2853
IT2FNN [24] static - - 0.0878 0.0811 0.2866
SOT2FNN-PSO [32] evolving 4 2 0.0743 0.0639 0.265
SEFT2FNN [31] evolving 6 5 0.0618 0.0607 0.228
SIT2FNN [33] evolving 4 3 0.0789 0.0662 0.273
RTSKIT2FNN-FLR evolving 5 4 0.0638 0.0623 0.2473
RTSKIT2FNN-VLR evolving 7 14 0.0401 0.0305 0.1569

6 Conclusion mobile robot with differential-drive steering. In: 2017 36th

This paper proposed a recurrent TSK Interval Type-2 Fuzzy
Neural Networks with online structure and parameters
learning control scheme for path tracking of mobile robots.
The proposed RTSKIT2FNN has successfully incorporated
the recurrent frame of internal-feedback loops into the
interval Type-2 Fuzzy Neural Networks. The online learning
of RTSKIT2FNN, there is no need to determine an initial
network structure for the reason that the structure learning
algorithm enables the network to evolve online and generate
the required network structure and rules based on the
rule firing strength. The structure learning is performed
concurrently with parameter learning using the proposed
gradient descent algorithm with varied learning rates (VLR)
to tune all parameters of the RTSKIT2FNN, the learning
convergence and the stability of the control system are
proved using the discrete-type Lyapunov function. The
experimental results have shown the obvious superiority of
the proposed control method for mobile robot trajectory
tracking compared to the other control methods.
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