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ABSTRACT
Genetic algorithms (GA) are based on the principles of natural selection and natural
genetics that originate in biology. The GA has been used for IIR adaptive system identification to
deal with its multimodal error surface. However, due to slow convergence rates and high
computational complexity, its use for IIR adaptive systems has been limited. This paper proposes
a multi-parents genetic algorithm with permutation crossover (PC MPGA) that is a generalization
of two-parents genetics used in conventional GA's. Experimental results demonstrate that the
proposed PC MPGA does improve the convergence rates in the first several generations but it
also increases the mean-square-errors (MSEs) as well. In addition, it requires increased
computational complexity. Finally, a modified PC MPGA that decreases the number of parents
gradually to 2 when the convergence rate slows down is introduced. Simulation results
demonstrate that this modified MPGA can further increase the convergence rate, lower the MSE
and reduce the computational complexity, compared with GA.
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Chapter 1
Introduction

1.1 Development of Adaptive Filtering
Ever since Widrow and Hoff established the theory of adaptive filtering [1], adaptive
filters have been widely used in various fields such as inverse modeling, linear prediction and
noise and echo cancellation [2]. Adaptive filters are also applied in the system identification area
successfully. Finite impulse response (FIR) and infinite impulse response (IIR) adaptive systems
are two general classes of models used for unknown system identification.
An adaptive filter is a system which has a linear filter, of which the transfer function is
manipulated by a set of parameters, also known as tap weights. In each iteration, the system
calculates the cost based on a cost function, a criterion for optimum, and the cost serves as a
feedback to adjust those parameters or transfer function to minimum the cost on the next iteration
until an optimization is considered to have been reached. The mean square of the error (MSE)
signal is the most commonly used cost function and the optimization algorithm that minimizes the
MSE is known as least mean square (LMS) algorithm.

1.2 LMS Algorithm

1.2.1 Introduction of LMS Algorithm
The LMS algorithm is an application of stochastic gradient descent method [2]. Its
simplicity, ease of computation, requiring no off-line data estimation make LMS a good and
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widely used optimization algorithm for adaptive filtering. Moreover, LMS is found to be very
suitable for FIR adaptive filters when the error surface is unimodal and quadratic. The LMS
algorithm for FIR adaptive filters can be summarized as follows [2]:
y
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,

(1-1)
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(1-3)

where n is the iteration number, u(n) is the input vector, y(n) and d(n) are the corresponding
output and desired response, respectively, e(n) is the error signal,

is an estimate of the

unknown tap-weight vector, w(n), of the adaptive system, and μ is the step size parameter. The
superscript H denotes Hermitian transposition and the asterisk denotes complex conjugation.

1.2.2 Limitation of LMS Algorithm on IIR Adaptive Filtering
In general, the IIR method is often better than the FIR method for system identification
since an FIR model may not result in a filter of a reasonable length. Alternatively, an IIR model
has recursive characteristics and results in less amount of memory requirements to design
complex systems. In many situations IIR systems can represent models for real-world systems
better than FIR systems.
Though the LMS algorithm is a good choice for FIR adaptive filters, its application for
IIR adaptive filters exhibits some drawbacks. Unlike FIR adaptive filters, the error surface of an
IIR adaptive filter is usually multimodal with respect to the filter coefficients, causing the LMS
algorithm to become stuck at local minima rather than converge to the global minimum [3]. Due
to this reason, the application of IIR system identification is limited until some other optimization
algorithms were developed.
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1.3 Other Optimization Algorithm
During the past few decades, many other optimization algorithms in the computational
intelligence area, such as the simulated annealing (SA) algorithm [4], the particle swarm
optimization (PSO) [5] and the genetic algorithm (GA) [6], etc., have been used for solving the
issue encountered by LMS algorithm.
GAs are global optimization search techniques that are based on the principles of natural
selection originated in the late 1980s [6]. Thereafter, GA has been widely used in a broad variety
of engineering applications such as pharmaceutical drug designs, antenna designs, integrated
circuit testing, and adaptive infinite impulse response (IIR) filtering [7]. However, due to the slow
convergence rate and high computational complexity, the implementation of GA in IIR adaptive
systems has been limited as well.

1.4 Motivation for Multi-Parents Genetic Algorithm
In recent years, many attempts have been proposed to increase the convergence rate of
GA's, including the innovative multi-parents genetic algorithm (MPGA), which adopts three or
more parents, instead of two, in the crossover stage of the GA. Since it generates more offspring
in each generation, the MPGA is believed to have positive effects on the convergence rate. This
will lead the way for broader implementations of the GA in IIR adaptive system identifications in
the future.

1.5 Structure of This Thesis
With brief review of the development of adaptive filters and some optimization
algorithms presented here in Chapter 1, the rest of the paper is organized as follows. System
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identification by using IIR adaptive filtering and the traditional GA are described in Chapter 2
and 3, respectively. In Chapter 4, the existing MPGA with diagonal crossover and the proposed
MPGA with permutation crossover are introduced. Simulation results are presented in Chapter 5
and Chapter 6 concludes the article with a brief summary and discussions of future work.

Chapter 2
IIR Adaptive System Identifications
Over the past several decades, adaptive IIR filtering has been applied in many areas,
including inverse modeling, linear prediction, noise and echo cancellation, and system
identification [2]. In applications dealing with system identifications, an adaptive filter is used
iteratively to provide an optimal model for an unknown system or plant, based on some error
function, i.e., mean squared of the error (MSE) signal between the output of the adaptive filter
and that of the plant. The optimal model is obtained when the error function is minimized. The
general adaptive filtering configuration for system identification is shown in Figure 2-1 below.
The plant and the adaptive filter are driven by the same input signal. The error function, attained
by subtracting the adaptive filter output from the plant output and calculated by Eq. 1-2, is used to
update the adaptive filter parameters according to the optimization algorithm adopted. As
mentioned above, when the unknown system is nonlinear or contains feedback, an FIR adaptive
filter with a reasonable length may not provide an accurate model of the system but an IIR
adaptive filter can achieve a better result.
An IIR adaptive filter is a linear filter and its output depends not only on the weighted
inputs but also on the previous outputs, which can be expressed as:
N

M

i0

i1

y[n]   ai [n]x[n  i]  bi [n]y[n  i] ,

where n is the iteration number; a

and b

(2-1)

are the tap weights (coefficients of numerator

and denominator, respectively); and N and M are the orders of the numerator and denominator of
the IIR filter, respectively. As mentioned above, various algorithms can be used to update the tap
weights and the LMS algorithm is the most widely used one. If the LMS algorithm is used, then
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Figure 2-1. Adaptive system identification configuration.

the equation that updates tap weights update is the same as Eq. 1-3. However, as the error surface
of an IIR adaptive filter tends to be multimodal, the LMS algorithm tends to become stuck at
local minima [3]. In addition, IIR adaptive filters are sensitive to quantization effects and likely to
be unstable.
Solutions have been developed to overcome the drawbacks of the IIR adaptive systems.
The issue of quantization effects can be reduced by applying a different realization of the IIR
structure, such as an adaptive IIR lattice. The drawback of the instability can be solved by
applying a stability check, such as converting the filter to an equivalent cascade second order
terms and bounding the denominator coefficients to the stability triangle, or by using an IIR
lattice structure [13]. To deal with the multimodal error surface, instead of using the LMS
algorithm, GA was implemented in this thesis to update the filter tap weights and will be
illustrated in the section follows.
Generally, there are two methods for adapting IIR adaptive filters: one is the output error
method and the other is the equation error method. Each method has its own advantages and
disadvantages and for simplicity the output error method is used in this thesis.

Chapter 3
Genetic Algorithms

3.1 Development of Genetic Algorithm
Every organism in the world has a set of characters that distinguish it from others. These
characters are encoded in the genes, which are blocks of DNA. And genes are connected together
into strings, which are called chromosomes. When two organisms mate to generate offspring, the
offspring share genes from their parents. In other words, the offspring end up with part of the
genes from one parent and the rest part from the other. This process is called gene
recombinations. In order to survive and get used to the changes of living environments, a gene
may be mutated; otherwise, the individual may be "knocked out" by the Theory of Evolution,
which was proposed by Darwin. The survivors are considered to be the ones that fit the
environment best. Since the nature has built such a wonderful model for finding the best solution,
we have no reason not to use it.
In 1975, GAs were proposed and developed by John Holland and his colleagues in his
book "Adaption in Natural and Artificial Systems" [12]. Then in 1989, Goldberg applied GAs
into fields like search, optimization and machine learning [6]. Thereafter, GAs attracted the
attention from researchers in many fields and were widely used in a lot of areas. As the GA is a
global search, it is considered to be suitable for IIR adaptive system identifications.
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3.2 Genetic Algorithm Principles
The GA can be viewed as an evolutionary process, which is mainly a cycle composed of
three operators, namely, Selection, Crossover and Mutation. The cycle is summarized in Figure 31. It starts with a set of randomly generated N individuals (N is called population size) with M
parameters to be optimized. At the beginning of each generation, the fitness of each individual is
evaluated according to the fitness function. Then a portion, generally half, of individuals (parents)
with higher fitness are selected (unselected individuals are removed from the population) and
each two of them form a group to do crossover and generate new individuals (offspring). During
this stage, two parents generate two children and the size of the population remains the same
(assume half of the population are selected).

Figure 3-1. GA circle.
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Then mutation occurs to all parameters of some of the individuals with a relatively low
mutation rate m for each individual. The parameter updated in this stage occurs with the
probability m and can be expressed as
p

p

,

(3-1)

where q is some small constant. After the mutation stage, the remaining individuals form the new
generation, their fitness values are evaluated, and then the process continues until the "best"
individual is generated. The information exchange in the Crossover stage and the change of
information in the Mutation stage are thought to get the search of the GA out of local minima
when the error surface is multimodal, i.e. IIR adaptive filters [6]. In spite of that, the slow
convergence rate of the GA limits the use of its implementations somehow. In order to improve
the convergence rate, a modified GA - the MPGA was proposed and will be introduced in the
next chapter. Before we move to the MPGA, let us look at the three operators of the GA in details.

3.2.1 Selection
Selection is the first stage of the GA. In this stage, individuals are chosen from a
population for reproduction (Crossover). Selection is a process that implements the "Survival of
the Fittest" principle, i.e., "good" individuals are selected for reproduction, whereas "bad" ones
are removed from the population. Moreover, it is believed that "good" individuals would generate
"better" offspring. Therefore, by implementing the GA iteratively, only the "best" individuals will
remain in the end. The selection procedure can be summarized as follows:
1. The fitness value of each individual is evaluated according to a given fitness function.
2. The population is sorted by descending fitness values.
3. Providing the fitness values, individuals are chosen based on some method.
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4. This procedure is repeated until enough individuals are selected.
There are many selection methods, such as fitness proportionate selection or roulettewheel selection, stochastic universal sampling, tournament selection, etc.

3.2.2 Crossover
Crossover is another stage and the most important operator of the GA. It involves
information (genes) recombination from parents to generate new offspring. The offspring contain
genes from both parents. The parameters updated in this stage are in the following manner:
p
p

cp
1

1
c p

c p
,
cp

(3-2)

where p and p are the kth parameter of the ith parent and offspring, respectively, and i =1, 2; k
= 1, 2, ..., M. The constant c is a randomly generated per group per generation and 0<c<1. Many
crossover methods exist, such as one-point crossover, N-point crossover, etc. The one-point
crossover is the simplest and most widely used one and it is described by Figure 3-2. N-point
crossover is a little bit complicated and will be used in the MPGA, the introduction of which is
saved for the next chapter.

Figure 3-2. One-point crossover schema.
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3.2.3 Mutation
Mutation stage involves modification of information (genes) of the individuals. It
maintains the genetic diversity from one generation to the next and is considered to be the key
factor to prevent the GA from becoming stuck in local minima. Mutation alters one or more gene
values of the individuals and occurs according to a user-defined probability. The mutation
probability should not be set too high; otherwise, the GA would become a random search. On the
other hand, the mutation rate should not be too low, either; otherwise it would take a long time for
the search to get out of local minima.

Chapter 4
Multi-Parents Genetic Algorithm
As mentioned above, the slow convergence rate and high computational complexity
limits the applications of the GA. Many attempts have been tried to improve the performance of
the GA, including the MPGA. The so-called MPGA will be introduced in this chapter.

4.1 MPGA with Diagonal Crossover
The MPGA was first proposed by Eiben et al [8] in the 1990s for numerical optimization.
The idea is the same with the conventional GA except the number of parents grouped to generate
offspring in the Crossover stage. One type of their algorithms was named MPGA with Diagonal
Crossover (DC MPGA) and it uses T-1 crossover points to create T offspring from T parents, it is
considered to be a generalization of one-point crossover for two-parent case [8]. The mechanism
can be described by Figure 4-1 below. They did several experiments and concluded that it is a
good design heuristic to set the number of parents above 2 in the GA.
The computational complexity is almost the same with the traditional GA, as the number
of parents equals the number of offspring generated. However, T parents do (T-1)-point crossover
will generate T! possible offspring because it must be known that each offspring should contain
genes from all of its parents. The number of possible offspring is derived as: the first gene part of
the offspring has T possible choices, the second gene part has T-1 choices and so on, the last gene
part has only one choice. In other words, the DC MPGA only generates part of possible offspring
and if the number of parents is large, i.e., 8, then only 8 out of 40320 possible offspring are
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Figure 4-1. The diagonal crossover schema for T=3.

generated and the produced offspring cannot be guaranteed to be "better" than their parents. This
would cause the algorithm to converge extremely slowly or even not to converge when large
number of parents is used. Due to this reason, another type of MPGA is proposed in this thesis
and will be introduced shortly.

4.2 MPGA with Permutation Crossover
Another type of multi-parents genetic algorithm with permutation crossover (PC MPGA),
is proposed in this thesis to further improve the performance of the GA. The so-called PC is
similar to DC except that it uses T-1 Crossover points and creates T! offspring from T parents,
i.e., 3 parents will generate six children. The proposed PC MPGA take all possible offspring into
consideration and the mechanism is illustrated in Figure 4-2. Correspondingly, Eq. 3-2. is
modified as follows
p
⋮
p

P

c

c
c
⋮
c

,

(4-1)
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where T is the number of parents and L is the number of all possible offspring, c 's are randomly
generated constants and ∑

c =1; and P is a matrix, the rows of which consist of all possible

permutation results of parents index. For example, if T = 3, then

P

p
p
p
p
p
p

p
p
p
p
p
p

p
p
p
p
p
p

.

(4-2)

The selection and mutation operators are the same as with the two-parent case. However,
due to the considerably huge amount of offspring that would be generated in this permutation
way, the computational complexity increases significantly with the increase of T, thus T should
not be too large, i.e., not greater than 8.
In addition, we need to take the stability issue into consideration when the GA related
algorithms are applied to IIR adaptive system identifications. First, we need to put some
constraints on the initial individuals to have stable initial solutions; second we also need to
reorder the selection and crossover stages, compared to Figure 3-1. This guarantees that no
unstable offspring will exist after the Selection stage. The simulation results are discussed in the
following chapter.

Figure 4-2. The permutation crossover schema for T=3.
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4.3 GA Realization in Matlab
In Matlab, the information of the whole population is stored in a structure variable. The
parameters and fitness of all individuals are stored in a matrix and an array within the structure,
respectively. The number of columns of the matrix (length of the array) denotes the population
size and the number of rows of the matrix is the number of parameters. Each column of the
matrix contains parameters of one individual, and the first half and the second half parameters
denote the numerator and denominator parameters, respectively.

4.3.1 GA Initialization
The fitness of each individual are set to zero at the beginning. And the parameters of each
individual are randomly generated in the range [-1,1], then the roots of denominator (poles) are
calculated, if any one of the roots is greater than 1 (unstable), re-generate this individual until all
poles of all individuals are within the unit circle.

4.3.2 GA Update
The individuals first are grouped together for the Crossover and each group contains
certain number of individuals - the number of parents. For those individuals that cannot form a
group that has the same number of individuals, they do not take part in the Crossover.
In the Crossover stage, the matrix P in Eq. 4-2 is generated by using the function perms
in Matlab, then c 's are randomly generated per group per generation. Afterwards, based on Eq. 41, offspring of this group are generated.
Then in the Selection stage, fitness values of offspring from all groups, together with all
parents and individuals do not do crossover are calculated. Each individual represent an IIR
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adaptive filter and the MSE is first evaluated. The fitness value of each individual is calculated by
subtracting its own MSE from the total MSE. Then individuals with K (population size) largest
fitness values are selected and the others are removed from the population.
Finally, mutation occurs to each individual with a certain mutation rate. When mutations
occur to some individual, a small number is added to each of its parameter. Afterwards, they form
the new generation and the whole process is repeated until the "best" individual is found.
In the simulation, after each generation, the MSE is calculated and the MSE is averaged
over 20 Monte Carlo trials.

Chapter 5
Simulation Results and Discussions
In this chapter, various stimulations are conducted to investigate the performance of the
proposed PC MPGA, compared with the GA and the DC MPGA. And then the effects of some
parameters, i.e., population size, mutation rate, input signal and adaptive filter order are studied
to help improve the performance of the PC MPGA. Finally, the performance of the modified PC
MPGA is shown.
If not specified, the population size is 60, the mutation rate is 0.1 and all parameters of an
individual are added by 0.08 when mutation occurs and the input signal is zero mean pseudorandom white noise with a variance of 0.25 and the signal noise ratio (SNR) of the system is
around 80 dB. As mentioned above, for each simulation, the MSE is averaged over 20
independent Monte Carlo trials. The simulations are listed below.

5.1 The Performance of PC MPGA
In this first experiment, the performance of the proposed PC MPGA is studied. The plant
given below in Eq. 5-1 is an example taken from [9], which is a low (2nd) order system.
Correspondingly, the transfer function of the matched order IIR adaptive filter can be expressed
by Eq. 5-2. The simulation results of the PC MPGA with various number of parents are shown in
Figure 5-1 and Figure 5-2 for the population size of 60 and 80, respectively. The 2-parents
MPGA is equivalent to the conventional GA.
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(5-1)
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Figure 5-1. Simulation result of the PC MPGA with various number of parents and 60 individuals
in the population.

Figure 5-2. Simulation result of the PC MPGA with various number of parents and 80 individuals
in the population.

19

H

z

.

(5-2)

As can be seen from Figure 5-1 and Figure 5-2, compared with traditional GA, the
proposed PC MPGA indeed can improve the convergence rate at the beginning of the simulation
for both population sizes and the convergence rate increases as the number of parents increases;
however, the convergence rate of PC MPGA slows down faster than that of GA and becomes
even slower than GA after about 10 generations. In addition, it can be seen clearly that the MSE
is increased as well with the increase of the number of parents. MSE is the measurement for how
well the unknown system is identified, which means the PC MPGA cannot identify a system as
accurate as the GA. Moreover, as mentioned above, the computational complexity of the
algorithm gets higher and higher as the number of parents increases. Thus, the proposed PC
MPGA can increase the convergence rate in the first a few generations but it also increases the
MSE and computational complexity as well.

5.2 Comparison of PC MPGA and DC MPGA
In this experiment, the performance of the PC MPGA and the DC MPGA is compared in
various situations. Figure 5-3 and Figure 5-4 compare the simulation results of the PC MPGA and
the DC MPGA with various number of parents for a low order system and a high order system,
respectively. For the low order system, the plant and the adaptive filter used are the same with
Eq. 5-1 and Eq. 5-2, respectively. And for the high order system, the plant that needs to be
identified is a fifth order low-pass Butterworth filter example taken from [10]. The transfer
function is as follows:
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(5-3)
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Figure 5-3. Comparison of PC MPGA and DC MPGA for a low order system.

Figure 5-4. Comparison of PC MPGA and DC MPGA for a high order system.
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Correspondingly, the transfer function of the matched order adaptive IIR filter can be
expressed in Eq. 5-4 below.

H

z

.

(5-4)

As can be seen from Figure 5-3 and Figure 5-4, providing the same number of
parents, to some extent, the PC MPGA converges faster than the DC MPGA; and also the
PC MPGA can achieve a lower MSE. However, as mentioned above, the computational
complexity of the PC MPGA is higher than that of the DC MPGA.

5.3 Effect of Population Size
In this experiment, the effect of population size on both the GA and the PC MPGA is
investigated. The plant and the adaptive filter used are the same with Eq. 5-1 and Eq. 5-2,
respectively. The simulation results of the GA and the 4-parents PC MPGA with various
population sizes are shown in Figure 5-5 and Figure 5-6, respectively.
From Figure 5-5 and Figure 5-6, we can see that the population size has some effect on
the MSE for both the GA and the PC MPGA. In general, the MSE becomes lower and lower as
the population size increases. In addition, it seems that population size has no effect on the
convergence rate as all curves in each figure decrease in a similar speed. However, more
individuals in the population means that more groups will appear in the Crossover stage and that
more offspring will be generated. In other words, the computational complexity is proportional to
the population size. Therefore, a small population size is preferred unless a reasonable MSE
cannot be achieved.
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Figure 5-5. Simulation result of the GA with different population sizes.

Figure 5-6. Simulation result of the 4-parents PC MPGA with different population sizes.
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5.4 Effect of Mutation Rate
In this experiment, the effect of mutation rate on the GA and the PC MPGA is studied.
The plant and the adaptive filter used are the same with Eq. 5-1 and Eq. 5-2, respectively. The
simulation results of the GA and the 4-parents PC MPGA with various mutation rates are shown
in Figure 5-7 and Figure 5-8, respectively.
As can be seen from Figure 5-7 and Figure 5-8, the mutation rate has a significant effect
on the MSE. When the mutation rate is smaller than 0.3, the MSEs are lower and when the
mutation rate is larger than 0.3, the MSEs are higher or do no converge at all. As mentioned in
pervious section, when mutation rate is large, the GA becomes a random search. In addition, there
seems to be an optimal mutation rate but it remains to be investigated in the future. Since the
mutation occurs to each individual with a probability of the mutation rate, it is a random process
and whether the mutated individual becomes a "better" solution or a "worse" one is uncertain.
Therefore, whether changing the mutation rate when the convergence rate slows down can further
lower the MSE is undetermined.

5.5 Effect of Input Signal
In this experiment, the effect of input signal, i.e., white noise and colored noise input, is
studied for both the low order system and the high order system. For the low order system, the
plant and the adaptive filter used are the same with Eq. 5-1 and Eq. 5-2, respectively; and for the
high order system, the plant and the adaptive filter used are the same with Eq. 5-3 and Eq. 5-4,
respectively. The colored noise input signal is generated by passing the white noise signal to an
FIR filter, which is an example taken from [11] and is given in Eq. 5-5 below.
H

z

1

0.7z

1

0.7z

.

(5-5)
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Figure 5-7. Simulation result of the GA with different mutation rates.

Figure 5-8. Simulation result of the 4-parents PC MPGA with different mutation rates.
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Figure 5-9 and Figure 5-10 compare the simulation results of the GA and the 4-parents
PC MPGA with white noise input and colored noise input for the low order system and the high
order system, respectively.
From Figure 5-9, we can see that in the low order system case, colored noise input can
decrease the MSE for both the GA and the PC MPGA but this improvement is not so much. In
addition, the input signal does not affect the convergence rate. From Figure 5-10, we can notice
that the MSEs for both types of inputs are almost the same. In other words, the type of input
signal does not play an important role in improving the performance of the GA and the PC
MPGA. Since colored noise is generated by passing white noise to a coloring filter, which would
need additional computations, thus it is preferred to use the white noise to reduce computational
complexity.

5.6 Effect of the Order of IIR Adaptive Filter
In this experiment, the effect of the order of IIR adaptive filter, i.e., matched order and
reduced order, is investigated for both the low order system and the high order system. The plants
of the low order and the high order systems need to be identified are the same with Eq. 5-1 and
Eq. 5-3, respectively. The adaptive filters of the low order and the high order systems used for
matched order cases are the same with Eq. 5-2 and Eq. 5-4, respectively; and the reduced order
forms of the low order and high order adaptive filters are shown in Eq. 5-6 and Eq. 5-7,
respectively.

H

z

H

z

.

(5-6)

.

(5-7)
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Figure 5-9. Simulation result of the GA and the 4-parents PC MPGA with different input signals
for the low order system.

Figure 5-10. Simulation result of the GA and the 4-parents PC MPGA with different input signals
for the high order system.
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Figure 5-11. Simulation result of the GA and the 4-parents PC MPGA with matched and reduced
order IIR adaptive filters for the low order system.

Figure 5-12. Simulation result of the GA and the 4-parents PC MPGA with matched and reduced
order IIR adaptive filters for the high order system.
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Figure 5-11 and Figure 5-12 compare the simulation results of the GA and the 4-parents
PC MPGA with matched order and reduced order adaptive filters for the low order and the high
order systems, respectively.
From Figure 5-11, we can see that for the low order system case, the reduced order
adaptive filter cannot identify the unknown plant for both the GA and the 4-parents PC MPGA.
However, when it comes to the high order system, things are different. From Figure 5-12, we can
see that the reduced order adaptive filters can lower the MSEs for both the GA and the 4-parents
PC MPGA, compared with the matched order adaptive filters. The reason for this is that if an
adaptive filter has too many parameters to adjust, it would have side effects on its performance.
Therefore, it is a good attempt to use a reduced order adaptive filter in high order system
identification cases in order to improve the performance.

5.7 Performance of the Modified PC MPGA
Based on all these simulation results above, in this experiment, an attempt to improve the
performance of the proposed PC MPGA is conducted and the performances are compared with
the GA for both the low order system and the high order system.
From Figure 5-1 and Figure 5-2, we know that increasing the number of parents can
increase the convergence rate in the first several generations and the rate increases with the
increase of the number of parents. Thus, the number of parents of the PC MPGA is initially set to
a large number to achieve a faster convergence rate at the beginning. Also, from Figure 5-1 and
Figure 5-2, we know that the MSE of the GA is lower. Hence, the number of parents decreases
automatically when the difference between the current MSE and the previous one is smaller than
a given threshold. Then the PC MPGA becomes the 2-parents GA gradually. This modification
will reduce the computational complexity of the PC MPGA significantly since only the first
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several generations involve the PC MPGA. Moreover, the simulation results demonstrate that this
modification can also lower the MSE.
The simulation result for the low order system identification is shown in Figure5-13. In
this case, the population size is 60, the mutation rate is 0.15, the input signal is the white noise,
the adaptive filters used are the matched order ones. From the simulation result, we can clearly
see that the modified 6-parents PC MPGA converges much faster than the GA and has a lower
MSE. Moreover, the MSE of the modified 6-parents PC MPGA decreases extremely slowly after
about 10 generations. It seems that we can obtain a reasonable result by just doing 10 generations.
From this point of view, the computational complexity of the modified PC MPGA can be
comparable with that of the GA, or maybe even lower.

Figure 5-13. Simulation result of the GA and the modified PC MPGA for low order system
identification case.
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The final parameters of the adaptive filters for both the modified 6-parents PC MPGA
and the GA are listed together with the parameters of the original plant in Table 5-1 and the
magnitude responses are shown in Figure 5-14 to examine how well the adaptive filter results
match the original plant.
From Table 5-1, we can see that though not perfectly match, the parameters of the
adaptive filter obtained by using the modified 6-parents PC MPGA matches the original
parameters better than those obtained by GA. Also, from Figure 5-14, the frequency response of
the adaptive filter result obtained by using the modified 6-parents PC MPGA is almost the same
with the original plant and the adaptive filter result of the GA is not good enough. Therefore, we
can say that the modified PC MPGA can increase the convergence rate and lower the MSE while
maintaining a reasonable computational complexity for the low order system identification case.
For the high order system identification case, the population size is 60, the mutation rate
is 0.15, the input signal is the white noise and the adaptive filters used are the reduced order ones,
i.e., a 4th order system. And the simulation result for the high order system identification is
shown in Figure5-15.
From Figure 5-15, we can see that the convergence rates of the modified PC MPGAs are
much faster than that of the GA. In addition, the MSE of the modified 6-parents PC MPGA is
much higher than that of the GA, while the MSE of the modified 8-parents PC MPGA is almost
the same as that of the GA.

Table 5-1. Summary of the Filter Parameters for the low order system

Original Plant
MPGA AF
GA AF

0
‐0.0284
‐0.3275

1.25
1.2602
1.3153

‐0.25
‐0.0369
‐0.5759

1
1
1

‐0.3
‐0.1466
‐0.6472

0.4
0.3763
0.2309
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Figure 5-14. Comparison of magnitude responses for the low order system identification case.

Figure 5-15. Simulation result of the GA and modified PC MPGA for the high order system
identification case.
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Since the adaptive filters and the original plant are in different order, we cannot compare
the filter parameters as we did for the low order system identification case. Only the magnitude
responses are given in Figure 5-16 to examine how well the adaptive filter results match the
original plant.
From Figure 5-16, the frequency responses of all three adaptive filter results are almost
the same and can be regarded as lowpass filters; however, the stopband attenuations of the
adaptive filters are much smaller than that of the original plant. The phase responses of the GA
and the modified 8-parents PC MPGA are generally good. This is because the MSEs obtained are
not lower enough. If a better result is expected, we can increase the population size or the number
of parents of the modified PC MPGA, however, both of them will increase the computational
complexity significantly.

Figure 5-16. Comparison of magnitude responses for the high order system identification case.

Chapter 6
Conclusion and Future Work
Based on the experimental results in the previous chapter, it can be concluded that
increasing the number of parents can increase the convergence rate at the beginning stage and the
proposed PC MPGA can achieve better results, compared with the DC MPGA. However, the
proposed PC MPGA also increases the MSE and the computational complexity, compared with
the traditional GA. In addition, in general, increasing the population size can decrease the MSE,
but it also increases the computational complexity. Thus, we need to take both the performance
and the computational complexity of the algorithms into consideration to choose the population
size. Besides, the mutation rate can affect the MSE and the GA becomes a random search when
the mutation rate is too large. Moreover, the colored noise input can increase the MSE a little for
both the GA and the PC MPGA in the low order system identification case but it has almost no
improvement in the high order system identification case. Also, using the reduced order adaptive
filter in the high order system identification case can improve the performance of the algorithm.
Finally, the modified PC MPGA can further increase the convergence rate, lower the MSE and
reduce the computational complexity to the GA level or even lower.
However, considerably more work needs to be done in the future to determine the
optimal mutation rate and to investigate whether changing the mutation rate when the GA search
slows down can further improve the performance of the algorithm. In addition, how to speed up
the convergence rate when it slows down and how to determine the optimal number of parents
automatically according to the difference of current MSE and previous one remain to be studied
in the future. Finally, would combinations of the modified MPGA and other optimization
algorithms do a better job is still an open question and needs more investigations in the future.
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