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Abstract: By applying genetic algorithms (GA) to on-line identification of linear time-varying systemsy a number of modifications are
made to the Simple Genetic Algorithm to improve the performance of the algorithm in identification applications. The simulation results
indicate that the method is not only capable of following the changing parameters of the system, but also has improved the identification

accuracy compared with that using the least square method.
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Genetic Algorithms (GA) has some excellent pro-
perties [1, 2]. It is a global optimization and parallel se-
arch method. These properties make it become an ad-
vantageous algorithm suitable for system identification
[3, 4]. The most common method that has been fairly
successfully used in linear system identification is the
least square method. However, the least square method
cannot satisfactorily trace the gradual changes of para-
meters of time-varying systems. By introducing GA
into system identification, some application problems
with the least square method can be solved and hence
adaptive identification can be realized.

1 Genetic Algorithms

1.1 The overview of genetic algorithm

John Holland laid the foundation of GA with the goal
to create an effective search algorithm by simulating
the characteristics of a natural system. GA is loosely
based upon the Darwinian principles of biological
evolution. This approach has proved to be particularly
effective in searching in irregular spaces, to which very
limited prior knowledge is known. GA generally uses
coded strings (chromosomes) of binary numbers (ge-
nes) to describe the search process, which is actually an
analogy to the genetic coding in our own DNA struc-
ture where the coded chromosome is composed of
many genes. Compared with natural evolution, the
emulated process is more efficient, controllable and
flexible for the applications of optimization and ma-
chine learning.

1.2 Primary procedure of GA implementation

(a) Encoding. Encode parameters into binary string.

(b) Generating initial population. Select randomly a
set of individuals as initial population.

(c) Evaluation. Define the fitness function and evalu-
ate fitness of every individual in the population.

(d) Reproduction. Select individuals on certain prob-
ability rate from the population and copy them into next
generation without any change. The individuals with
higher fitness value have more chance to be selected
and copied.

(e) Crossover. Select two individuals as parents from
population and choose bits randomly in their binary
string and swap the selected sub-strings between the
two individuals to generate new individuals in next
generation (figure 1).

(f) Mutation. Select a number of individuals accord-
ing to certain probability rate and determine randomly
a bit in each selected individual, and turn the bit value
to its reverse to generate new individual (figure 2).

(g) Iterating (c)—(f) until fitness of the population ap-
proaches a satisfied steady value.

1.3 Modifications to simple genetic algorithms

To use GA for system identification, some modific-
ations need to be made to simple genetic algorithms to
improve its performance.

One of the problems that often occur in GA's appli-
cation is premature convergence. The abilities of global
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Child2: 101 1101i 1

Figure 1 Crossover

Parent: OO 11010

——

Child: 00@11010

Figure 2 Mutation

searching and optimization in GA mainly attribute to
two aspects: the randomness of the generation of initial
population and gene's recombination (crossover) as
well as the operation of the mutation. However, limita-
tion on the size of initial population will reduce the ran-
domness, or in other words, reduce the diversity of in-
itial individuals, which consequently restricts the abil-
ity of global searching. In addition, the operation of the
mutation is usually performed according to a fixed
probability. This makes the mutation effective at initial
stage of evolution where individuals in population are
diverse, but as the evolution process continues the mu-
tation becomes less and less effective at the later stages.
Once all individuals evolve towards homologous, the
mutation operation with fixed rate has little effect to
avoid premature convergence.

On the contrary to premature convergence, GA's
convergence could be very slow in some other cases.
The convergence relies on proper implementation of
the mechanism of competition and gene's recombina-
tion and crossover. The mechanism works in accord-
ance with Darwinian principle of the survival of the fit-
test, which makes the fittest gene remains and the genes
of the population evolve towards the optimal. How-
ever, without modification it sometimes happens in the
process that the fittest individual in a generation may
disappear in next generation because of recombination
with an inferior individual. This slows down the con-
vergence.

Based on the above analysis, modifications are made
accordingly in two aspects to improve the performance
of the algorithm:

(a) To deal with the premature convergence prob-
lem, make the mutation probability Pm adjustable, i.e.,
at the initial stage of evolution let Pm be a smaller value
to start with and at later stages of evolution increase Pm
to make individuals diverse. In addition, during the
evolution process, keep generating a number of new in-
dividuals randomly according to.a given probability
and recombine them with the individuals selected from
the generations evolved from the initial population so

that the population can continue to take in new genes to
guarantee that the populafion optimization is global.

(b) To prevent the fittest genetic information in a
generation being "lost" during the evolution, copy cer-
tain number of individuals that have higher fitness
value directly to the next generation.

2 Application of GA-based system identifica-
tion

2.1 System model

In this paper, the system being investigated is shown
in figure 3. It is treated as a "black box" because only
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Figure 3 System structure

the dynamic relations between input /output are con-
cerned. In figure 3, u(k) is the input and z(k) is the out-
put, and both of them are assumed measurable. G(z™')
denotes the plant dynamics. Since G(z™') could be gen-
erally expressed as

G(z™)=B(z") Az )
where

Az HY=1+az 'taz ++a,z”" )
Bz )=bz'+bz 7t +b,z" 3)

Therefore, the system model to be identified can be
written in the following form:

z(k)=az(k—1) + az(k—=2) + - + a,z(k—n) + bu(k—1)+
byuk—2) + - + bu(k—m) +n(k) )

where n(k) denotes noise.

2.2 Encoding

All the parameters to be estimated are encoded into



60

binary strings in this practice to form chromosomes.
The length of a binary string is decided according to the
required precision of the parameters to be estimated.
For example, if the range of the parameter to be estim-
ated iS (Xme —Xmin), and the required precision is g, then
the length of the binary code / is determined by the fol-
lowing formula:
T inn < (5)
Combining all the sub-strings of the parameters to-
gether, an individual G in the population is represented
in a form of binary code chain, i.e.

G={fh-# #ftf o Bt et HHH o B4} (6)
a a; a. b, b, b.,

where # denote '0' or '1".

2.3 Fitness function and evaluation of population
The fitness function of an individual Fr (R=1, 2, L)

is defined as

Fr=Fy —Elak elk) (7

Where L is the size of the population, N is the number
of samples of input and output data (u(k),v(k)) taken
from the system investigated, and Fy is a positive num-
ber which is chosen to ensure that F is positive. e(k) is

L Initialization ]
L Encoding ‘
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the error between system measurement y (k) and the
model output z(k) as defined in equation (4), i.e.

elk) = y(k) — z(k),

/18 an adjustable weight, which varies according to the
creditability assigned to corresponding e(k). For exam-
ple, if A, is defined as

e =u 7+ (0<u<l) (8)

i.e. 4=1 when k=N, and J, <<1 when k=0. It means, by
definition (8), that more confidence has been assigned
to the current data which would be more influential to
the evolution process. <«

2.4 Implementation procedures

In GA's application, there are no general guidelines
available to choose the size of population L, probability
of crossover P, and probability of mutation P,,.. Normal-
ly they are assumed respectively in the following ran-
ges:

L=60-100; P.=0.6-0.8;, P,=0.02-0.1.

As stated in section 2.3, some modifications have
been made in this paper to the genetic algorithms regar-
ding its application in system identification.The flow
chart of the,application is shown in figure 4.

Select an initial population ’

4
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Figure 4 Flow chart of the GA-based identification

3 Simulation

\

The algorithm described above has been verified by
simulation on the following system:
yk)y=0.3y(k—1)—0.4p(k—2)+ 0.8u(k—1)+0.Tu(k—2)+

n(k) ©)

where n(k) is white noise, u(k) is input signal represen-
ted by a pseudo random sequence. The model to be
identified is in the form of

zik)y=azk—1)+ az(k—2) + asz(k—3) + bu(k—1) +
bou(k—2Yytbs u (k—3) (10)



Z.C.Mu, K Liu, Z. C. Wang, et al.:

According to the prior knowledge, the range of parame-
ters and required accuracy, the encoding length of each
parameter is decided by equation (5) as 10, i.e. the code
chain of an individual is made up with six ten-bit binary
string.

The size of initial population L is set to 80 and the
number of effective sequential samples is 100 (i e
N=100). To keep this number at 100, the sequential data
has to be refreshed in the process of on-line identifica-
tion, taking in the new measurement and dropping out

20

1.3

61

the oldest one at every sampling time.

Three cases have been investigated by simulation to
evaluate the performance of the GA-based identifica-
tion method.

Case 1: system with constant parameters. The sys-
tem to be identified is assumed to have constant para-
meters. The output of the model identified is shown in
figure 5, compared with the system output, and the
parameters identification at 250th generation are listed
in table 1 against their true value.

-1.3F ! , U

-2.0 %

™

Figure 5 System output y(k) (solid line) and model output z(k) (dotted line)

Table 1 Comparison between system parameters and the
parameters identified at 250th generation

Parameter a a as b b, by
—04 0 0.8 0.7 0

True value 0.3

Identified

0.3046 —0.39840.0052 0.8056 0.7031 0.007 1
value

Case 2: System with sudden parameter changes. In
this case, we assume that system parameter g, suddenly
changes from —0.4 to —0.7 and b, jumps from 0.7 to

0.4. Two identification methods (i.e. GA-based method
and Least Square method) are used for comparison.
The corresponding results are shown in figures 6 and
7. It can be seen clearly that the model identified by
GA-based method has better dynamic response to the
change than that with the Least Square method.

Case 3: System with gradual time-varying parame-
ters. We assume that system parameter b; is time-vary-
ing. The simulation result shows that the GA-based
identification method can trace satisfactorily the time-
varying parameter (figure 8).
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Figure 6 Identification process with GA-based method
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Figure 8 Identification process of the system with time-varying parameters

4 Conclusions

This paper has presented an implementation of GA-
based identification. Some modifications have been
made to improve the performance of the algorithm. The
simulation results show that GA has great potential in
system identification, which comes from its distinct
characteristics such as less prior knowledge needed, ro-
bustness and adaptability. When it is applied to identi-
fication of the time-varying system, this method makes
the model identified capable of following satisfactorily
the changes in the system parameters.
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