ON LINE LOWER-ORDER MODELING USING FUZZY SYSTEMS
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Abstract: In this paper, we present a novel on-line approximation technique to find the
parameters of a First-Order plus Time Delay (FOPTD) model of higher-order systems using
fuzzy reasoning. Based on the information obtained from the model, the parameters of a PID
controller can be adjusted on-line. The performance of this algorithm is verified by simulation
studies. The simulated examples demonstrate the feasibility and adaptive property of the

proposed algorithm Copyright © 2002 IFAC
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1. INTRODUCTION

Many systems are represented mathematically by high
order dynamics. However, a lower-order model is
sufficient for controller tuning (Ashworth, 1982). It is
widely accepted that for the purpose of controller design, a
First Order Plus Time Delay (FOPTD) model can
approximate such systems adequately and hence facilitate
controller design. In general, the parameters of this model,
namely system gain, apparent time constant and apparent
time delay can be used to tune a PID controller. There are
many techniques to determine the parameters of FOPTD
(Ziegler, 1942, Smith, 1967, 1997, Sundaresan, 1978).
However, most of them are off-line approximating
methods, for which the parameters are obtained from
process reaction curve. In such cases, it is difficult to
apply these methods to describe adequately the time-
varying characteristic of the plant.

In recent years, there has been an unprecedented increase
in applications of the so-caled Soft-computing
methodologies in identification and control of dynamic

systems (Bha, 1990, Czogaa, 1981, Lu, 1997, Narendra,
1990). Soft-computing methods are referred to techniques
that employ fuzzy systems, neural networks and genetic
algorithms either alone or in hybrid form.

In particular, fuzzy logic theory (Zadeh, 1965) has been
the focus of much research in the areas of control and
identification. Its integration with model-based systems
theory has produced a unique approach entailing the
human knowledge and heuristic methods with rigourous
mathematical methods for stability and convergence
analysis and several successful applications in control and
identification have been reported (Chen, 1998, Wang,
1996). Whereas majority of earlier efforts was focused in
fuzzy controllers, the emerging area of fuzzy identification
has become very important in fuzzy system theory in the
last decade (Sugeno, 1986, Babuska 1996). Fuzzy
identification methods fall into three categories, linguistic
fuzzy model (Wang, 1996), fuzzy relational modelling
(Wang, 1997) and Takagi and Sugeno (TS) modeling
(Sugeno, 1986). It is interesting to note that not much
attention has been paid to reduced order modeling. This



may be due to the fact that fuzzy logic systems are
essentially model free approaches. This has motivated the
authors to develop an on-line approximation method to
determine the parameters of FOPT D using fuzzy systems.

This paper presents a simple and new approach to the on
line lowerorder model identification for unknown
processes using fuzzy system. The idea is to integrate a
fuzzy system with a model generator with known
structure. The parameters learning task is performed using
the gradient descent algorithm (Wang, 1997).

The rest of this paper is organized as follow: Section 2 is
devoted to the idea of approximating a high-order system
with a FOPTD model using fuzzy system. The proposed
method combined with PID controller is derived in
Section 3. In Section 4 simulations studies are presented.
Finally, the paper is concluded in Section 5.

2. LOWER ORDER APPROXIMATION OF HIGHER-
ORDER SYSTEMSWITH FUZZY SYSTEM

2.1 The On-line Approximating Approach
It iswell known that high-order processes dynamic can be
described with sufficient accuracy by a first order plus

time delay model (Sundersan, 1978). Consider:

Y(S) _gsa oS+ DS . 4D, Kot (1)
U (s) s"+a,s"t+.L+1 Ts +1

where K is the system gain, T is the dominant time
constant, t is the apparent dead time and Y(s) and U(s) are
the Laplace transformed output and input signals
respectively. The proposal approach is conceptually
simple and is realized by cascading a fuzzy system and
model generator in parallel with the process to be
identified as shown in Figure 1. The input signal u(t) is
applied to the high-order system, the fuzzy system, and
the FOPTD model generator at the same time. The fuzzy
system has three parameters, namely, the gain K, the time
constant T, the dead timet . These three parameters are
fed to the first-order plus dead time model generator to get
the output of the model. The error between the output of
the plant and the output of the model is used to train the
consequent part of the fuzzy system. The training process
tends to force the output of the FOPTD model generator
to approximate the output of the system. Thus, the inputs
of the FOPTD model generator are the approximating
parameters of the first-order representation of the high-
order system. The output of the FOPTD model is expected
to match the output of the high-order system after the
model converges.
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Fig. 1 Block Diagram of the proposed method

The transfer function of the FOPTD model generator is
rewritten below:

Yn(s) _ Kxe''™ (2)
U (s) Ts+1

2.2 The Fuzzy System Structure and Training Algorithm

In this paper, we apply the fuzzy identification techniques
to obtain the process model directly. The ith rule of the
fuzzy model is of the following form:

Rulei: If x isAiand —and %, is A, then f)i isg

where xT R"and piT R aretheinput vector (processinput

u(t)) and output value (estimated model parameters) of the
fuzzy system respectively, A; ,i=1,2.,m j=1...n, are the(1)
fuzzy sets. Given the input data x, by using a singleton
fuzzifier, product fuzzy inference and weighted average
defuzzifier, the output value of the fuzzy system is inferred
asfollows:

o A
a ¢ O m(x) (3
P =g ——
a O m(x)

i=1 j=1
if we fix the my (Membership value of x for A;) and view
the ¢ (Consequence of Rule ) as adjustable parameters,
then equation (3) can be rewritten as:

P (x) =] ™X(x) (4)

where J :(C11 ...... ,Cm)T,X(X) = ()(1(X), ...... ,Xm(X))T is a
regression vector defined as
Omx) (5)

j=1

To train the above fuzzy system, a direct learning the

gradient descent algorithm (Wang, 1997) is employed.

The consequent parameters are adjusted in each iteration is
derived below. The error function Eis define as:



=1 1 VD (6)
E 5¢ 2[ym(t) y()]

where y and y,, are the output of the plant and the output at
the FOPDT model at any time instant t. Within each time
interval from tto t+1, the gradient descent algorithm is
used to update the consequent parameters according to the
following relationship:

c.(t+1):c.(t)-hix% )

where h; isthelearning rate. Using the chain rule, one has
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p=[KTt]isa31input vector of the FOPDT model (the
output of vector of the fuzzy system)
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To find the partial derivatives of the output ym(t) of the
model generator (FOPTD) w.r.t. gain (K), dominant time
constant (T) and apparent dead-time (t), respectively,
please refer to Appendix AL

kel
T“?TT“) i Lﬁl[(rf:i T o
- wels
'IIyTn[;(t) =L Tsieu Vel o
ts
ﬂ)1/1n+1<(t) -t 1[Te><s repdt) 2

From equations (7) and (8), we can rewrite the update rule
asfollows:

ﬂy (t)

Gt +1) = (1) - hyxe(t) 2n® x(x) (13)
C(t+D = c2() - hyse)nl) B, ()x(X) (14
G(t+1) =ci(t) - hye(t) ) (t)x(x) (15)

where 1,2 and 3 is the indication of the FOPTD model
parameter gain, time constant and time delay and h; h;
and hg are the learning rate of each fuzzy sub-system
respectively. Figure 2 show the membership function of
each sub-system .We have used the value of a equal to 1
in the following simulations. Therefore the fuzzy system

consists of three fuzzy sub-systems as shown in Figure 2
and the output value can be obtained from equation 16.

P (X) =] X (X), Po(X) =] 2X(X), Ps(X) =] 3X(X) (16)
where j . =(c¢,-- - ) L, =(cR ,c2)T and
,=(c,ee ey are the regression vector of each sub-

system as given in equation (5). The three fuzzy sub-
systems have similar structures. In this paper, 2 fuzzy
rules are used for each fuzzy sub-system.
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Fig 2 Fuzzy Subsystems

3. ON LINE PID TUNING METHOD USING FUZZY
SYSTEM

In order to show the effectiveness of the proposed method,
we combine the fuzzy algorithm with a standard PID
controller to make an adaptive control algorithm. The
control structure is shown in Figure 3. There are two parts
in the control structure of the on line PID tuning method.
Thefirst part, which was described in the previous section,
is the approximation of high order systems with FOPTD
using fuzzy system, and the second part is the design of
the PID controller. The parameters of the PID controller
can be obtained from the corresponding parameters of the
estimated FOPTD by fuzzy system. We have used the
Ziegler-Nichols ultimate cycle tuning method (17) to
compute the parameters of the PID controller:

Ko= 0.6 K, T=05T,, Ty = 0.125T, a7
Here, Ky, Ti, Ty, K, and T, are the proportional gain,
integral time constant, derivative time constant, the
ultimate gain and the ultimate period respectively. The
ultimate gain and the ultimate period are calculated from
the FOPDT model of the high order plant (Rad, 1997) It
should be emphasized that other control algorithms could
also be used. The PID controller is implemented in the
following form:

u(t) =K, [e (t) +_0-:-l(t)dt T, ddl (18)

—r (1) - __Y(9
e®=rt)- yt), Y (s T oms
where u(t),y(t),r (t),y(t)and y(t) are the controller output,
process output, set-point and filtered derivative,



respectively. The implementation of the adaptive PID is as

follows:

1.  Approximate the first-order with time delay model
(FOPTD) parameters by fuzzy system

2. Determinethe ultimate gain (K,) and ultimate period
(Ty) by the FOPTD model.

3. Find the PID controller parameters K, T; and Ty
from equation (11) and calculate u(t.)

4, Findthe FOPTD model output ym(t) fromthe FOPTD
Model Generator.

5. Calculate error between the (FOPTD) model output
and the process output.

6. Update ¢(t) by using equation(13-15) (Gradient
descent algorithm).

7.  Update the error between the set-point and the
process output. Go to step (1)
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Fig. 3 On-line PID tuning using fuzzy system
4. SIMULATION RESULTS

To show the adaptive behaviour of the algorithm, let us
consider three processes as:

Process | Y(9 _15e**
U (s+)°
Process|| Y(s) _1-14s
U@ (s+2°
Process |11 Y(s) _15s°%
UE  (s+1*

Thefirst processis a second order with time delay system,
the second process is a non-minimum phase system and
the third processis afourth order time delay system. First,
adaptive control of Process | was simulated for t =120s
after which the system was changed from Process | to
Process Il. For t =320s the system was switched from
process Il to process I11. Furthermore, it should be noted
that the gain in systems 1,2 and 3,2 are different (1.5 and
1.0). It is known that some adaptive controllers cannot
cope with change in steady-state gain of the controlled
system. However, as it is seen in Figure 5, the proposed
method can successfully track the system change. Figure 4
shows the overall performance of the proposed algorithm.
In the simulation, the set-point was selected to be a square

wave with amplitude 0.6 and a period of 80s. A Gaussian
noise with mean zero and variance of 0.001 was injected
at the output of the system. We employed a fourth order
Runge Kutta numerical integration algorithm for al time
responses and the integration interval was selected to be
0.1s. The fuzzy system also used the same time interval
for updating its parameters. The simulation proceeded as
follows: the PID controller was initialized with K, = 1, T;
=1000, Tq = 0.0. The consequent values of fuzzy system
were initialised with ¢'=1.0, =1.8, ¢*=3.5. The learning
rates were chosen as h;=0.25, h,=0.8 and h3=0.8
respectively. Figure 4 shows the overall performance of
the three controlled systems. In this figure, the set point
and the output, the controller signal and the estimated
parameters of gain, apparent time delay and the dominant
time constant are shown in top, middle and bottom curves
respectively. In all these system changes, the fuzzy system
converged and the estimated parameters of the FOPDT
also converged to their steady state values. The proposed
method is shown to provide stable and robust control

under various conditions. Tables 1, 2 and 3 show the
parameters of FOPTD model approximated by several
other methods such as Smith's (Smith, 1967), minimized
error (Sundersan, 1978), and the corresponding ultimate
gain and the ultimate period for processes I, Il and |1l

respectively. It should be noted that the parameters from
al other methods except the proposed one were obtained
off-line, from open loop excitation with unit step and were
noise free. Furthermore, the values quoted for the
proposed algorithm is based on the last measurement

before each system change and not the average value.

Tablel
Process| FOPTD Model Parameters
K T t Ky Ty
Smith Method™ 15 165 300 1.06 8.38
Minimized-error® 15 146 311 098 844
Proposed method 15 133 319 0.936 8.48
Process| - - - 1.036 8.438
Table2
Process || FOPTD Model Parameters
K T t K, T,
Smith M ethod™" 10 189 243 193 7.22
Minimized-error™ 10 167 255 174 7.35
Proposed method 1.0 139 245 164 691
Process|| - - - 154 6.83
Table3
Process |l FOPTD Model Parameters
K T t K, T,
Smith M ethod™ 15 249 486 1.03 1339
Minimized-error® 15 2057 51 0923 1349
Proposed method 15 266 475 1.07 13.33
Process |1 - - - 0.987 13.48
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Fig 4. Simulation results of APID
5. CONCLUSIONS

In this paper, a new on-line FOPTD modelling method is
proposed which is designed using fuzzy system theory.
The proposed method is different from other fuzzy
identification methods since it is integrated with a model
generator to determine the parameters of FOPTD. The
outputs of the fuzzy system are the three parameters of the
FOPTD model. Combining with a PID controller, an on-
line adaptive control using fuzzy system is designed and
tested. The simplicity of the scheme for model-based
control provides a new approach for implementing fuzzy
applications for a variety of industrial control problems.
Results presented clearly demonstrate the adaptive
property of the proposed method.
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Appendix Al
Xm(t) = AX, (t) + Bu(t- 0,
Yu(t) = CX,, (t) + Du(t- q)

X (1) = O(t - 1) X, (to) +83(t- 1)Bu(l - gy, (AD)
o) =¢"
Yult) = CO(t - 1) X, (t)

+cép(t- 1)Bu(l - g)dl +Du(t - g)

to

Assuming that al initial states are zeros and D=0, the
output equation becomes:
t

Ym(®) = Q- 1, pudl - ghd

(A2)
€ 9G, (s) = € ML[h(t, p)] = e “C(sl - A)'B

-Gl - Ny S ()
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where qisthe model time delay and h(t, p) =L [Gn(9)] is
the impulse function of Gy (). The vector is defined asp =
[a1 @ . &, boby . bn]. The partia derivatives of the model
output with respect to the time delay and the model
parameters are as follows.
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For first order with time delay model Ke™®
Ts+1
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K [Ts+1U(S)] (A9
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W =1y All
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For second order with time delay model __Ke™®
a,s* +a,;5+1
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K a,s +as+l
W -4y Ks'e™ (A13)
Ta, - (aosz+a18+1)zu(s)]
W - . 2Kse'3 U (A14)
Ta, (ays” +a;s+1l)
W oy Ke® (A15)
fit =t aosz+als+lu(s)]

The control signal u(t) isfiltered by the filter functionin
eg. (A9-A11) tofind the partial derivatives of y,(t) with
respect to various model parameters.



