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Abstract. In this paper, we propose the backpropagation algorithm
to train online an evolving radial basis function. Structure and param-
eter learning are updated at the same time in our algorithm, we do not
make difference in structure learning and parameter learning. It gen-
erate groups with an online clustering. The center is updated in order
to get that the center is near to the incoming data in each iteration,
in this way, It does not need to generate a new rule in each iteration,
i.e., it does not generate many rules and It does not need to prune
the rules. We give a time varying learning rate for backpropagation
training in the parameters.

1 Introduction

In the last few years, the application of fuzzy neural networks to
nonlinear system identification is very active area [10],[11]. Fuzzy
modeling involves structure and parameters identification. The sec-
ond one is usually addressed by some gradient descent variant, e.g.,
the least square algorithm and backpropagation. The online identifi-
cation is addressed in this paper.

In on line identification, model structure and parameter identifica-
tion are updated immediately after each input-output pair has been
presented, that is, after each iteration. On line identification also in-
cludes; i) model structure and ii) parameter identification. There are
a few online methods in the literature. In [7] the input space is par-
titioned according to a aligned clustering-based algorithm. After the
number of rules is decided, the parameters are tuned by recursive
least square algorithm, it is called SONFIN. In [8] it is the recurrent
case of the above case, it is called RSONFIN. In [13] the input space
is automatically partitioned into fuzzy subsets by adaptive resonance
theory mechanism. Fuzzy rules that tend to give high output error
are split in two, by a specific fuzzy rule splitting procedure. In [9] he
proposes that the radius to make clustering updates.

In this paper, we propose the backpropagation algorithm to train
online an evolving radial basis function. Structure and parameter
learning are updated at the same time in our algorithm, we do not
make difference in structure learning and parameter learning. It gen-
erate groups with an online clustering. The center is updated in order
to get that the center is near to the incoming data in each iteration,
in this way, It does not need to generate a new rule in each iteration,
i.e., it does not generate many rules and It does not need to prune
the rules. We give a time varying learning rate for backpropagation
training in the parameters.
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2 Fuzzy neural networks for nonlinear
identification

Consider following unknown discrete-time nonlinear system:
y(k—1) = f[X (k- 1)] ey

Where X(k — 1) = [z1(k—=1)...an(k —1)] =
yk—=2),...,y(k—n—-1),u(k—2), ...,u(k—m-—1)] €
RN (N = n + m) is the input vector, |u(k — 1)|*> < @, y(k — 1)
is the output of the plant, f is general nonlinear smooth function
f € C°°. In the case of [6], we consider the radial basis function
neural network as:

yk—1) Twa(k —1)/b(k—1)
a(k—1) = > vj(k = 1)z (k = 1),
M v (2)

N @i (k—1)—c;; (k—1
2i(k = 1) = [ exp [ (2 Ues=D)z]
Where z;(k — 1) are inputs of system (1), (¢ = 1...N), ¢i;(k — 1)
and o, (k—1) are the centers and the widths of the gaussian function,
respectively, (j = 1... M), v;(k — 1) is the output of the gaussian
function.

3 Structure identification

We use the online clustering to train the structure of the algorithm.
Choososing an appropriate number of hidden neurons is important
in designing the online clustering for neuro fuzzy systems, because
too many hidden neurons result in a complex evolving system that
may be unnecessary for the problem and it can cause overfitting [6],
whereas too few hidden neurons produce a less powerful neural sys-
tem that may be insufficient to achieve the objective. We view the
number of hidden neurons as a design parameter and determine it
based on the input-output pairs and on the number of elements of
each hidden neuron.

The basic idea is to group the input-output pairs into clusters and
use one hidden neuron for one cluster as in [9], [14]; that is, the
number of hidden neurons equals the number of clusters.

One of the simplest clustering algorithms is the nearest neighbor-
hood clustering algorithm. In this algorithm, first we put the first data
as the center of the first cluster. Then, if the distances of a data to the
cluster centers are less than a pre-specified value (the radius ), put
this data into the cluster whose center is the closest to this data; oth-
erwise, set this data as a new cluster center. The details are given as
follows.
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Let z;(k — 1) are newly incoming pattern, then we get:

p(k—1) = max z(k—1) ®3)

If p(k—1) < r, then a new rule is generated (each rule correspond to
each center) and M = M+1 where r is a selected radius, r € (0,1).
Once a new rule is generated, the next step is to assign initial centers
and widths of the corresponding membership functions.

ci,m+1(k) = zi(k) var1(k) = y(k)

oi,m+1(k) = rand € (0,1 @

If p(k — 1) > r, then a rule is not generated and in the case that
zj(k—1) = p(k — 1) we have the winner rule j*, the centers of this
rule are updated as:

) cij (k) = cij=(k — 1)

+1+13(k71)+cﬁj*(k71) zi(k — 1) — cijx(k — 1)) 5

4 Parameter identification

We define the identification error as:
e(k—1)=yk—-1)—yk-1) (6)
If we define:

2w (k=) =G (k—=1)]z; (k—1)[w; (k—1)—c;; (k—1)]
- b(szl)afj(kfl)
Daij(k —1) @)
2o (k=)= 8(k—1)]zj (k=D [z (k—1)—c;; (k—1)]
- b(szl)a?j(k—l)

k—1
Ds; (k - 1) = 25(3671))

We use the following learning law to updated the weights of neural
identifier:
cij(k) = cij(k — 1)
(k — 1)D113(k — 1)6 (k — 1)
Oij (k) = 0Oij (k - 1) (8)
(k‘ — )DQU(’C — 1)8 (k} — 1)
v;(k) = v;(k—1)
—n(k = 1)Ds;(k — L)e(k — 1)

Wherej = 1M,’L = 1...NandDM]-(k—1),D2ij(k—1),and

Dsj(k — 1) are given in (7). The dead-zone is applied to n(k — 1)
as:

=2

ife? (k—1) > &

( )*13 ©

ife? (k—1) < £~

—_—n
14q(k—1)

n(k—1)={ 0

Where g(k — 1) = D?;;(k — 1) + D3;;(k — 1) + D3;(k — 1),
0<n<l.

=

=

5 The proposed algorithm

The proposed algorithm is as follows:

0) Select the following parameters: 0 <r <1 € R, 0<n< 1€
RC R

1) For the firstdatak = 1, M = 1, v1(1) = y(1), ¢ = 1...N),
Cu(l) = xi(l), 0'1’1(1) = rand € (07 1).

2) For the other data k > 2, evaluate z;(k — 1) and b(k — 1) with
(2), evaluate g(k — 1) with (2), evaluate p(k — 1) with (3), update
cij(k), 0ij(k) and v, (k) with (7), (8) and (9). where D1;;(k — 1),
Do;j(k — 1), and D3;(k — 1) are given in (7).
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Figure 1. Identification results for the example 1

3)if p(k — 1) < r, then a new rule is generated (M = M + 1)
where r € (0, 1), assign initial values to ¢; apr+1(k), 04, m+1(k), and
var+1 (k) with (4), go to 2.

4) If p(k — 1) > r, then a rule is not generated and in the case
that z;(k — 1) = p(k — 1) we have the winner rule j*, this rule is
updated with (5), go to 2.

6 Simulation

In this section, the suggested online evolving proposed algorithm is
applied to nonlinear system identification. In both examples the least
mean square error is used for the comparison results. The least mean
square error is defined as [9]:

N
L
MSEA,NZ;ew 1) (10)

Example 1 Consider the nonlinear system given in [14]:

0.1z1 + 0.28x2

k) =0.52
y(k) =052+ 3+ 23

—0.06I1I2 (11)

with 21 (k) = sin?(10/k) and 22 (k) = cos?(10/k). We compare
our algorithm called Structure & parameters using the parameters
n = 0.9, r = 0.6 with the case where only the structure is trained
called Structure using the parameter = 0.6 and with the case where
the only the parameters are trained called Parameters using the pa-
rameter 7 = 0.3 and 2 neurons in the hidden layer. The comparison
results of the identification are given in Figure 1 and in Table 1.

Table 1: Results for Example 1

Methods Rules MSE

Structure 4 0.0023
Parameters 2 0.0045
Structure & o - 100 % 104
parameters

The least mean square error for the Structure algorithm is 0.0023,
for Paremeters algorithm is 0.0045 and for Structure & parameters

24



Proceedings of the International Symposium on Evolving Intelligent Systems, Plamen Angelov, Dimitar Filev, and Nikola Kasabov (Eds.),
at the AISB 2010 convention, 29 March — 1 April 2010, De Montfort University, Leicester, UK

45¢F 4
4t ]
|
asr I — — Parameters )
Y T R Structure & Parameters | |
£ \ — - — - Structure
o
Sa2sf _
T
=
] S _ |
= L
15 - | i
1p 1
05 4
i . .
o a0 100 180

lterations

Figure 2. Number of rules for example 1

algorithm is 1.6409 x 10~*. The Structure algorithm generate 4 rules
and the Structure & parameters algorithm generate 2 rules. In Figure
2, the comparison results for the number of rules is shown.

Form the simulation results shown in example 1 in it can be seen
that the proposed algoritghm has a good behavior for the identifica-
tion of nonlinear systems.

7 Conclusion

In this paper we presented a quick and efficient approach for sys-
tem modeling using the the backpropagation algorithm to train an
evolving radial basis function network. The proposed neural fuzzy
network uses the online clustering to train the structure, the back-
propagation to train the parameters. The structure identification and
parameter learning are done online.
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