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Abstract— The compensation fuzzy neural network
(CFNN) with fast learning algorithm and compensation
fuzzy inference is proposed in this paper. And a new
variable structure compensation fuzzy neural network
(VS-CFNN) is proposed on the basic of CFNN. The fuzzy
rules of the nodes are changed with the input nodes. The
triangular function and parameter choosing methods
have been given. At the mean time, the parameters have
also been adjusted through BP algorithm. Simulation
results verify that the VS-CFNN has higher identification
precision and faster identification speed than the
ordinary FNN in identification. The proposed method
identify  the

Krasnosel’skii’s hysteron hysteresis model parameters of

has also been implemented to
an electrical valve actuator installed on a pneumatic
system. Three types of sensors (actuator position, air
pressure and mass airflow rate) are used to investigate
the hysteresis model parameter identification using the
proposed VS-CFNN method. The experimental results
have demonstrated the effectiveness of the proposed
method.
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I. INTRODUCTION

Fuzzy neural network(FNN) as a cross subject
made up with fuzzy set theory, neural computation,
digital signal processing, random process, and pattern

recognition is still a hot research direction(e.g. [1]-[4]).

The main characteristic of using FNN is to modulate
the grades of membership function and logic rules in
fuzzy logical reasoning system. Then a forward
propagation structure of NN will be constructed by
using the format of fuzzy logic reasoning. That is to
bring experience into the choice of NN initial structure
and weights, thereby it can exert their advantages and
realize the compensation each other.

But the normal FNN has difficulty in designing
itself (e.g. [5], [8]). For example, it is hard that how to
choose fuzzy membership function, how to choose
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fuzzy rule layer node number, how to choose fuzzy
logic reasoning and optimal fuzzy operation, and how
to choose opposite fuzzy function. To overcome these
difficulties, this paper provides a CFNN which has fast
study algorithms, and can give compensation with
fuzzy logic. Based on it, a new variable structure of
CFNN is proposed, which its node number of the
fuzzy rules is changed along with the input, and
triangle membership function is adopted. At the same
time, the method to determine the parameters of fuzzy
rules is also given. At the end, the last layer
parameters are amended by using BP algorithms.

Il. VARIABLE STRUCTURE CFNN

A. Network structure

CFNN is a mix system combined with
compensation fuzzy logic and NN, and CFNN is made
up with fuzzy neurons which face to control and
decision. These neurons are defined to do fuzzy
operation, include fuzzy logic, compensation and
fuzzy opposite operation. Because the compensation
fuzzy neurons are introduced into CFNN, the network
can be trained from the fuzzy rules. That will make
network fault-tolerant capability better, and bring
system more stabilization. At the same time, in normal
FNN, static and local optimal operation often occurs in
fuzzy operation, such as minimal operation and
maximal operation. But in CFNN, fuzzy operation
adopts dynamic and global optimal operation. And the
fuzzy operation optimizes NN learning algorithms,
gives compensation to fuzzy operation in dynamic.
For the more, make the network more optimal.
Network not only adjusts input and output fuzzy
membership function properly, but also optimizes
fuzzy logic rules in dynamic by logic arithmetic
compensation, and the network parameters have clear
physical meaning. We can initialize heuristic
algorithms to expedite training speed.

A CFNN has four layers such as input layer, fuzzy
layer, compensation fuzzy logic layer and opposite
fuzzy layer. The connection between layer and layer is
depending on s language variables in fuzzy logic
system, compensation fuzzy logic method and
opposite fuzzy function. The structure is as Figure 1.
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Figure 1. CFNN structure

In Figure 1, every node in the first layer connects
with input vector directly. Every node in the second
layer deputes one language variable value, whose
action is to calculate the membership function. Every
input vector belongs to every language variable value
in fuzzy set. Every node in the third layer deputes a
fuzzy rule, whose action is matching fuzzy rule and
calculate every rule's fitness, then to make
compensation operation. The fourth layer is opposite
fuzzy layer.

B. Parameters determination

1) Fixing membership function parameters
Input space X's base sets is [x;,x;]. Output
space Y's base sets is [y, ,y,"]. Then the input

space X 's fuzzy division can be carried out as the
follow rules, X is subdivided in the sub-space where
Yy changes acutely as along with X changes, X is

rough separation in the space where Y changes

repose fully as along with X . Concretely, the
condition that Yy changes along with X can be

analyzed. Using the position of an extremum and the
number of point of inflection to make sure the change
acuity degree when X changes in some sub-space.
The sub-space where position of an extremum and the
number of point of inflection is more, the fuzzy
divisionto X is more, and the reverse is true. Firstly,
to make sure approximately position of an extremum
and the number of point of inflection N and the

. . k .
corresponding input vector value of X; (here i means

i=1,2,--+ n, k means fuzzy break point k=1,2, --+,N+2
according to extremum and point of inflection ) in the
X and Y base sets according to the stylebook.

Make the input vector Xik be every input variable's

fuzzy break point, and then the number of the fuzzy
break point of every input variable is N+2.

Because fuzzy break point may not be bisecting
point in input base sets, using Gausse and rhombus
function to be membership function. It is very rigor to
choose initial value toward CFNN, otherwise the net
training will trap in confusion condition, and can not
reach the request of error precision, so the
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trigonometric function is chosen to be membership
function.
o — X — ;) /(c;; — a;; a; < X; <¢j;
I (b; —x)/(b;; —c;) ¢ =X < b

i=1,2,---n j=12,---m.

the choice of ay bij Gy should be subject to

Z ) =1 The parameters of the membership once
j=1

been sure and will not be amended.

2) Fixing the number of rules

Supposing in the second layer, the fuzzy every
break point input variable is according to and the
number is mi (i=1, 2, ---n)well then the number of

the rule of traditional CFNN model, namely the
number of the third layer 's node, is
M =m, xm, x---xm, . Obviously, if the input variable

is more and every input variable's fuzzy break points
are more, the M is large number, and it will prolong
the calculation rapid of CFNN model. This shows that
if M value can be reduced, the calculation rapid of
CFNN model will be improved heavily.

By analyzing, in the approach of every sample
calculation, there are at most two variables not zero in
the fuzzy language variable's membership function
,uij according to CFNN model's every input variable.
The rule layer, namely the third layer's output
variables have at most 2' (i=1, 2, ---n) not zero,

which means that there are at most 2' (i=1, 2, -=:n)
rules useful. When the CFNN model's output is
calculated, the nodes which are not zero are kept down,
the others are deleted or don’t join the calculation. To
calculate the these nodes' position, firstly make a
assumption that in the approach of every sample
calculation, the net input is X; (i=1,2,~-:n ), and the
second layer's output is
3 (i:]_z ..on j:12 ..m.) - Then if f--(z) =0
ij [l 1 i 1 !

with it as the third layer's corresponding node's output
value of the input is zero, and now the node variable
needn't be calculated, namely the node should be
deleted.

If fij(z) # 0, with it as the input the third layer's

corresponding node's output value is not zero, and now
the node variable should be calculated. These nodes’
position size can be expressed by the follow formula.

p® = [H mi}(pf? —1){1_13[ mi}(pé? 1)

1+ p?

nj

@
+ o+ my (Pialy)

1)

There into

p®—the third layer's node's position size where the

output variable is not zero.m —the first layer's fuzzy
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break point, pi§z>—the second layer's node's position

where the output variable is not zero(by the
membership function choice rule, there are at most
two membership function values of the first layer's
every node, then i =1, 2, ...n,Jj =1,2).

After the net structure is confirmed according to the
above method, in the approach of every sample
calculation, the total numbers of rules is

M'=2" (i=12---n) at most. So in this paper it is

much less than the traditional CFNN's third layer's
node, thereby the computational complexity is reduced,
and the rapid of calculation is improved.

3) Confirming last layer's parameters

Essentially CFNN is also a kind of multi-layers feed
forward network, so can follow the network of BP to
design and adjust the parameter's learning method with
the method of error back propagation.

Choose the error cost function.

Ei= 2 (Y~ ¥)? i=12,r
2
@)
Thereinto,
Ydi —— CFNN expectation output. Yi ——
CFNN actual output. Ei —— error function. The next

OE; /(%Uij will be calculated by error back propagation.

Then using the first order gradient optimization
algorithms to adjust @;; .

OE; 10m; = (Y4 — ¥i)O; 3)

After the first order gradient is worked out, the
learning method adjusted by parameter is given at last.
OE, 4
Ow

@ik +1) =a;(k)— B

ij

i=12---r j=1,2,---min the formula, ——

rate of learning (0<f <1).

4) Learning algorithms

The m if-then rules of compensation fuzzy logic
system which has n outputs and one input, which can
be expressed as the follow,

FR® : if x, is A“ and---andx,, is Af
theny is B

i=12,---n k=12,---m) (5)
There into, Aik is a fuzzy set in the base sets U.

B* is a fuzzy set in base sets V. X; and Yy are

language variables.
The fuzzy set B’ can be produced in output base
sets V according to the Kth fuzzy rule if fuzzy subset
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A’ is inputted in base sets U. Fuzzy logic adopt
algebra product ( « ) operation. The fuzzy set B’
derived by fuzzy logic rule in base sets V is

/’l; (y) = ﬂAikX-”XAik—)Bk (X’ y) .ILI‘A(X)

Fuzzy implication adopt product operation

R, =A—B.Namely 1, o(X,y) =, (X) 125 (Y) -
Define compensation operation,

y7;
A<

e CO=TL Las COT 777"

Thereinto n is input vector's dimension, y is
compensation degree, ¥ €[0].

#g () = 10, () e (DI T #e GO 77"
i=1
Adopt single value fuzzification 1z, (X) =1. Then

2 (o) = [ Tack T 77'" = 2%

Thereout opposite fuzzification function can be
defined as the follow

m

m
f(x):ZCijwka/Zwkzk (6)
k=1 k=1
So, this system is made up with triangle membership
function, compensation fuzzy logic and modified
barycenter opposite fuzzification machine.
The aim function is,

E=%i(f(xi)—y)2 )

Adopt the gradient descent which adjust step in
dynamic to train system's input and output
membership function's parameter and compensation
operation's compensation degree. The corresponding
formula is as the follow,

al (t+D) = af O~ O ;5
j

by (t+1) = b 0~ () 7 (®)
j

ch(t+D) = c?(t)—n(t)afTE(t)
j

Because of compensation y € [0,1], make a suppose
as the follow might as well,

d2
Yk = X

=—* _ k=12,---m
A7+l ©)
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OE _OE 0y,  2d.ef OE
od, Oy, ad, (dk2 +e|f)2 0¥

(10)
So (t is the number of training step)

d.(t+1)=d, () _n(t)éd—(t)

2d,e? OE
(dk2 +e|f)2 Oy

oE

(11)

=d, (©) —7n()

e (t+1) = e, (t)—n(t)aea—E(t)
k

dg e, OE
(dkz"‘ef)z Oy

(12)

= e, (t) +77(t)

d2(t+1
yk(t+1): 2 k( 2)
de(t+D +e (t+1)
k=12,---m

(13)

I1.SIMULATION EXPERIMENT

Simulation object is
f (u(k)) =0.7sin(zu) +0.3sin(zu) +0.1sin(5zu)  ue[-1]]

(14)

Identify and research traditional FNN and VS-FNN

provided in this paper. the Fig. 2 is the simulation
curve in MATLAB.

0 - A L L L L L L L
5

10 15 20 25 30 35 40 45 &0
Figure 2. Comparison diagram of simulation results

Here the first diagram is the comparison between
actual output and traditional output(* means actual
output, red line means traditional method output ), the
second diagram is the comparison between actual
output and modified method output (* means actual
output, green line means modified method output), the
third diagram is the comparison between traditional
method training process error and modified method

ISBN 978-89-5519—-162-2

training process error(blue line means traditional
method error curve, red line means modified method
error curve).

From the Figure 2, we can see that the effect of
identification of traditional FNN and VS-FNN is
obvious, but two methods' identification precision and
rapid is different. After the same 50 training steps, the
traditional method's training error is 0.010672, but the
training error of the method provided in this paper is
0.00031743. With the request that the error precision
is 0.001, the identification rapid of traditional method
is not fast as the method provided in this paper
obviously. So the advantage of VS-FNN method
provided in this paper is much obvious.

The VS-FNN method has been implemented to
identify the Krasnosel’skii’s hysteron hysteresis model
(e.g. [9], [10]) parameters of an electrical valve
actuator installed on a pneumatic system. Three types
of sensors (actuator position, air pressure and mass
airflow rate) are used to investigate the hysteresis
model parameter identification. The identified
parameter values were averaged after the ten runs and
are shown in Table 1.

TABLE I. PARAMETER VALUES IDENTIFIED BY GAASS USING

VARIOUS SENSOR MEASUREMENTS

Sensor T ¢ | o, my Chy Chr
position | N/A | N/A| N/A 1.09 0.48 1.02
pressure | 1.79 | N/A| N/A 1.11 0.59 1.15
flow N/A 10.51]0.22 1.10 0.55 1.09
Mpp [Mpe | Mo |Mp| Cht | Chr | Cht | Chp | %0€r
position | 1.01 | 1.08]0.08]0.12] -0.28]0.92] 10.71| 7.20| 2.38
pressure | 1.08 | 1.11]0.10|0.10| 0.11 | 1.07| 10.72] 7.34] 10.56
flow 1.01 | 1.0910.10] 0.13] -0.32| 1.04 10.36 | 7.26| 4.83

As seen from Figure 3, the hystereses identified
using different sensor measurements have matched
well with the predefined hysteresis.

Dimensionless Unit Output vs Dimensionless Unit Input

— predefined

0.

©

—— identified using position sensor
—— identified using pressure transducer
-5 identified using flow sensor

0.8

0.6

05

041

031

0.2 r r
0

Figure 3. Identification of the hysteresis
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Valve Position [deg] vs Time [s]
35 T T T T T
— without hysteresis
'''''' with hysteresis
—— with hysteresis inverse cor— — —ation

Figure 4. Actuator position control results

Upstream Static Pressure [psig] vs Time [t]
15 T T T T T
—— without hysteresis
14 — with hysteresis B
—— with hysteresis inverse compen.— — —
13 }
12
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Figure 5. Pressure control results

The identification results plotted in Figure 4-5 have
revealed the effectiveness of this joint method of
hysteresis model parameter identification and
hysteresis inverse compensation when the actuator is
controlled for a duration of 60 seconds and a sampling
time of 0.5 second. The compensation results have
shown that ec% = 3.80 if the position sensor is
used, %ec = 13.27 if the pressure transducer is used,
and ec% = 38.87 if the thermal flow sensor is used.

The actuator position sensor measurement has led
to the most accurate actuator hysteresis parameter
identification, which is easily understandable since the
sensor response is fast and the pipeline airflow
dynamics virtually does not affect the sensor output.
The thermal flow sensor contains slow and
complicated dynamics, and its output is affected by the
pipeline airflow dynamics. It is not surprising to see
the actuator hysteresis parameter identification became
less accurate when the thermal flow sensor
measurements were used. Compared to the thermal
flow sensor, the pressure transducer is faster and has
led to better actuator hysteresis parameter
identification and compensation results, but not as
good as those obtained using the position sensor
measurements.
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The hysteresis inverse compensation based on the
model using the identified hysteresis parameters has
effectively softened the effect of actuator hysteresis.

1V.CONCLUSION

The author introduces a kind of speediness learning
algorithm and CFNN which can do compensation
fuzzy logic. And in this base provides a kind of new
VS-FNN, and make triangle membership function a
use into the network and give out a method which can
confirm fuzzy rule parameter. Use the error back
propagation to amend the last layer parameter. The
simulation experiment shows that the VS-FNN
method provided in this paper is effective and this
method not only predigests the number of the net
fuzzy rule nodes but also improves network
identification precision and training rapid. The method
has a wide future in actual application.
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