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ABSTRACT 

 

In this thesis, a compact genetic algorithm used to tune the parameters of 

fuzzy neural networks is proposed for function approximation and adaptive 

control of nonlinear systems. For the design of adaptive controller, the compact 

genetic algorithm does not require the procedure of off-line learning and the 

complicated mathematical computation. Compared with traditional adaptive 

controllers, computation loading can be effectively alleviated. In adaptive 

control procedure for nonlinear systems, the weights of the fuzzy neural 

controller are online adjusted by the compact genetic algorithm in order to 

generate appropriate control input. For the purpose of on-line evaluating the 

stability of the closed-loop systems, an energy fitness function derived from 

Lyapunov function is involved in the compact genetic algorithm. In addition, 

the system states may go into the unsafe region if the compact genetic 

algorithm can not instantaneously generate the appropriate weights. In order to 

guarantee the stability of the closed-loop nonlinear system, a safe controller is 

incorporated into the fuzzy neural controller. 



 ii

Finally, some computer simulation examples and a servo motor 

experiment are provided to demonstrate the feasibility and effectiveness of the 

proposed method. 

 

Keywords: genetic algorithm, fuzzy neural networks, adaptive control, 

nonlinear systems 
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遺傳演算模糊類神經與其在直流伺服馬達上之應用 

學生:林建佑                           指導教授:呂藝光 博士 

 

國立臺灣師範大學工業教育學系碩士班 

 

摘    要 

 
本文提出一個使用小型的遺傳演算法來調整模糊類神經網路的參

數，並將其應用於函數近似與非線性系統之適應控制器設計。此小型的遺

傳演算法應用於適應控制器設計，不需要事先離線學習的程序和複雜的數

學運算。相較於傳統非線性系統的適應控制器，可有效減少適應控制器所

需複雜的數學運算。在非線性系統之適應控制過程中，模糊類神經控制器

的權重値是經由遺傳演算法來即時調整，以產生適當的控制輸入。為了即

時評估閉迴路系統穩定的趨勢，本文從里亞布諾夫（Lyapunov）函數的穩

定性分析推導過程中，提出一個能量適應函數於小型的遺傳最佳演算法

中，藉此獲得較佳的閉迴路系統的穩定度。此外，由於小型的遺傳演算法

可能在即時控制過程中使系統狀態進入不安全的區域。因此，加入安全控

制器以限制閉迴路系統的狀態進入不安全的區域。 

本文藉由電腦模擬結果驗證所提出方法的可行性與效能。最後，將此

模糊類神經控制器應用在直流伺服馬達追蹤控制實驗。 

 

關鍵字: 遺傳演算法、模糊類神經、適應控制、非線性控制 
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Chapter 1 

Introduction 

 

1.1 Background 

  In the past decade, the design of fuzzy logic systems and/or neural 

networks for adaptive controllers [1-6] has been widely developed because of 

the universal approximation feature [7-8], and the stability analysis of the 

adaptive fuzzy logic and/or neural network controllers for nonlinear systems is 

generally provided by Lyapunov stability theory. In addition, to absolutely 

guarantee the stability of the closed-loop systems, a supervisory controller for 

fuzzy systems has been proposed in [4]. In general, the universal approximators 

are trained via gradient-based methods, which may only find a local minimum 

solution during the learning process. To search for global optimal solutions, 

many heuristic learning algorithms have been proposed, such as genetic 

algorithm (GA), simulated annealing (SA), particle swarm optimization (PSO), 

etc. Genetic algorithms utilize the concept of “survival of the fittest” of 

Darwin’s theory. GA is an exploratory procedure which can find an optimal 

solution for complex engineering problems, such as optimization problems and 

machine learning. Genetic algorithms have been incorporated into the design of 

fuzzy logic systems and/or neural networks systematically [9-29] because they 

are based on natural selection and natural genetics, and possess the simple 

implement ability and the capability of escaping from local optima. In [9], to 

guarantee the system stability for the nonlinear systems, the solution of the 

Lyapunov condition is solved by the genetic algorithms. An optimal fuzzy 
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controller design with index function obtained by genetic algorithms has been 

proposed in [10]. Vehicle system control involved in genetic algorithms has 

been proposed in [11-12]. Motor servo control via genetic algorithms has been 

proposed in [13-14]. In [25-28], for the fuzzy-neural networks, the learning 

process utilizes genetic algorithms rather than the conventional learning 

methods. In [29], to reduce the computation loading, a reduced-form genetic 

algorithm has been proposed for function approximation. 

Some adaptive fuzzy-neural controllers for nonlinear systems have been 

proposed to incorporate the expert information systematically, and their 

stability can be guaranteed by the universal approximation theorem [30]. In 

general, the adaptive controller can be divided into two different approaches 

[31]. One is indirect adaptive control, and the other is direct adaptive control. 

In the direct adaptive control [4], [6], the controlled system model is 

parameterized in terms of the controller parameters estimated directly without 

computing the controlled system parameters. In the indirect adaptive control, 

[32-34], the controlled system parameters are estimated and used to compute 

the controller parameters. In [3], an indirect adaptive fuzzy-neural controller 

for nonlinear systems with H∞  tracking performance has been developed. On 

the other hand, a direct adaptive fuzzy-neural control with supervisory 

controller for nonlinear systems with only output measurement has been 

proposed in [6]. Since the 1990s, backstepping technique has become one of 

the most popular control methods for a large class of nonlinear systems [35-38]. 

Compared with feedback linearization methods, the backstepping technique has 

the advantage of avoiding the cancellation of useful nonlinearities in the design 

process. Thus, in the past decade, the backstepping technique has been widely 
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used for nonlinear control systems. Its main design procedure is that an 

appropriate state and virtual control are selected for each smaller subsystem, 

then the state equation is rewritten in terms of them, and finally Lyapunov 

functions are chosen for these subsystems so that the true controller integrating 

the individual controls of these subsystems guarantees the stability of the 

overall system. Recently, many intelligent backstepping methods [39-41] have 

been proposed to control nonlinear systems with unknown system dynamics by 

combining the intelligent control methods with an adaptive backstepping 

design. Thus, in this thesis, the adaptive control and backstepping techniques 

are used. 

The motion control design of robot manipulators has attracted 

considerable attention by many researchers [42-45]. The system dynamics of 

the robotic manipulators is often unknown and time-varying, and they also 

have to suffer from various uncertainties in their dynamics, such as nonlinear 

friction, payload variation, and external disturbance. Therefore, in order to 

control the robot manipulator, it is necessary that a control algorithm has 

robustness. Traditionally, the traditional proportional and derivative (PD) 

controller is very simple and does not require any knowledge of the robot 

dynamics. It, however, requires very large actuation to achieve precise control. 

This results in a difficulty in implementation [42]. Recently, some adaptive 

controllers integrated with intelligent control methods, such as fuzzy systems 

and neural networks, have been designed for robot manipulators [43-45].  

 

1.2 Motivation and Purpose 

  Since the complicated mathematical form for fuzzy logic systems and/or 
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neural networks [1-6], such as the update laws and the Lyapunov condition for 

the system stability, must be solved. For this reason, it is difficult to implement 

the control algorithms into real controllers. Moreover, the design of adaptive 

controllers incorporated into genetic algorithms generally requires the 

procedure of off-line learning [10-14] before they on-line control a plant. Thus, 

in this thesis, to avoid solving complicated mathematical equations, a genetic 

algorithm controller without the procedure of off-line learning is developed for 

nonlinear systems, and the stability of the closed-loop system is guaranteed.  

More specifically, the objective of this thesis is to develop the control 

scheme incorporated a compact genetic algorithms and fuzzy-neural networks 

into backstepping design. The weighting factors of the adaptive fuzzy-neural 

controller are tuned on-line via the compact genetic algorithm, instead of 

solving complicated mathematical equations. For the purpose of on-line tuning 

these parameters and evaluating the stability of the closed-loop system, an 

energy fitness function is included in the compact genetic algorithms. 

According to the energy fitness function, the adaptive backstepping 

fuzzy-neural controller can instantaneously evaluate the stability of the 

closed-loop system and generate the appropriate control action. In addition, in 

order to guarantee that the system states are confined to the safe region, the 

concept of the safe control is incorporated into the adaptive backstepping 

fuzzy-neural controller. 

 

1.3 Organization of the Thesis 

  The remaining chapters of this thesis are organized as follows. Chapter 2 

describes the fuzzy-neural networks and evolutionary processes of the compact 
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genetic algorithms. A novel approach to adjust the weightings of fuzzy-neural 

networks using a compact genetic algorithms optimization algorithm is 

introduced in this chapter. In Chapter 3, a genetic adaptive backstepping 

fuzzy-neural controller for uncertain single-input single-output (SISO) 

nonlinear systems is proposed by using a compact genetic algorithm. To 

illustrate the feasibility and effectiveness of the proposed method, two 

examples of nonlinear systems controlled by the proposed method are 

demonstrated. The purpose of Chapter 4 is to design an adaptive backstepping 

fuzzy-neural controller using the compact genetic algorithm for a class of 

multiple-input multiple-output (MIMO) nonlinear systems. An illustrative 

example is in this chapter to show the feasibility and applicability of the 

proposed method. Then in Chapter 5, an adaptive backstepping fuzzy-neural 

controller using the compact genetic algorithm for n-link planar manipulator 

nonlinear systems is proposed. The applicability of the proposed control 

scheme is demonstrated by the simulation results. Chapter 6, the compact 

genetic algorithm fuzzy-neural controller for a DC servomotor is performed 

through experiment. The DC servomotor is introduced in this chapter, and the 

computer simulations and experimental results are shown. Finally, Chapter 7 

summaries this thesis and given some suggestions for future research. 
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Chapter 2 

The Learning of Fuzzy-neural Networks Using 

Compact Genetic Algorithms 

 

2.1 Overview 

A novel method of adjusting the weightings of fuzzy-neural networks 

(FNN) using a compact genetic algorithm (CGA) optimization algorithm is 

introduced in this chapter. This approach can be used to search for the optimal 

parameters of fuzzy-neural networks, because of their capabilities of random 

search for global optimization. Compared with traditional genetic algorithms, 

the compact genetic algorithm has three simplified processes, (1) keep a small 

population size, (2) replace the string codes with real-value representation, and 

(3) perform compact mutation and crossover on the chromosomes by the 

energy fitness function. In addition, the structure of the fuzzy-neural networks 

is presented in this chapter. The organization of this chapter is summarized as 

follows. The construction of the fuzzy-neural networks is given in section 2.2. 

Section 2.3 briefly is reviewed the genetic algorithms. Section 2.4 gives the 

details of the proposed compact genetic algorithms. Conclusions are drawn in 

Section 2.5. 

 

2.2 Fuzzy-Neural Networks 

Fuzzy-neural network is generally a fuzzy inference system constructed 

from structure of neural networks. Learning algorithm is used to adjust the 

weightings of the fuzzy inference system [8]. Fig. 2-1 shows the configuration 
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of a typical fuzzy-neural network. It has the total of four layers. Nodes at layer 

I are input nodes that represent input linguistic variables. Nodes at layer II 

represent the values of the membership function of total linguistic variables. At 

layer III, nodes are the values of the fuzzy basis vector ξ . Each node at layer 

III is a fuzzy rule. The links between layer III and layer IV are full connected 

by the weighting factors. Layer IV is the output layer. 

 

 

Fig. 2-1. Configuration of the fuzzy-neural network. 

 

2.2.1 Fuzzy Inference Method 

The fuzzy inference engine uses fuzzy IF-THEN rules to perform a 

mapping from training input data qx , 1,2, ,q n= L , and the output data py , 

1,2, ,p m= K . The ith fuzzy rule has the following form: 

             1 1

1 1

: IF is and is
THEN is  and  is 

i i i
n n

i i
m m

R x A x A
y w y w

L

L
                (2-1) 

where i  is a rule number, and i
qA  is the fuzzy sets of the antecedent part, and 
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i
pw  is real numbers of the consequent part. When the input vector 

1 2[ , ,... ]T
nx x x=x  is given, By using product inference, center-averaging and 

singleton fuzzification, the output of the fuzzy-neural network py  can be 

expressed as: 

( )
( )

1 1

1 1

( )
( | )

( )

i
q

i
q

nh i
p qi q A T

p p pnh
qi q A

w x
y w w

x

μ
ξ

μ

= =

= =

= =
∑ ∏
∑ ∏

x                  (2-2) 

where ( )i
q

qA
xμ  is the membership function of i

qA , h  is the total number of 

IF-THEN rules, i
pw  is the point at which ( ) 1i

i
pB

wμ = , 1 2[ ]h T
p p p pw w w w= L  is 

a weighting vector related to the pth output ( )py x , and 1 2[ ]T hξ ξ ξ ξ= L  is  

a set of fuzzy basis vector. iξ  is defined as 

     

( )
1

1 1

( )
( ) ,    1,2, ,

( )

i
q

i
q

n
qq Ai

nh
qi q A

x
i h

x

μ
ξ

μ

=

= =

= =
∏

∑ ∏
x K                   (2-3) 

By adjusting weighting i
pw  values of the fuzzy-neural network, the 

learning algorithm can be derived to minimize the error function as follows: 

        * 2( ) ( ) ,    1,2, ,p p p pe w y y p m= − = K                   (2-4) 

and for multioutputs  

             
2*( )E w Y Y= −                              (2-5) 

where 1 2[ ]mY y y y= L  is an m-dimensional vector of the actual outputs of the 

fuzzy-neural network, * * * *
1 2[ ]mY y y y= L  is an m-dimensional vector of the 

desired outputs, 1 2[ ]T T T T
mw w w w= L  is a weighting vector of the fuzzy-neural 

network for m outputs. 
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2.3 Overview of Genetic Algorithms 

  Genetic algorithms (GAs), were first proposed by John Holland at the 

University of Michigan in 1975. GAs is optimization search algorithms that use 

principles inspired by natural population genetics to evolve solutions to 

problems. They are useful approaches to problems requiring effective and 

efficient searching, and their use is universal in applications to commerce, 

scientific, and engineering fields. GAs can be used to obtain an approximate 

solution for single variable or multivariable optimal problems. In GA, a set of 

variables for a given problem is encoded into a string (or other coding 

structure), analogous to a chromosome in nature. However, genetic algorithms 

are probabilistic algorithms, which maintain a population of individuals (often 

called chromosomes) for iteration. Each chromosome represents a potential 

solution to the problem, and is evaluated through some measure of its fitness. 

Then, more fit individuals selected form a new population. Some members of 

the new population undergo transformations by means of genetic operators to 

form new solutions. After some number of generations, it is hoped that the 

system converges with a near-optimal solution. 

  The objective of a GA is to mimic the nature evolution operation process 

contains reproduction, recombination (crossover) and mutation. Reproduction 

is the operator carrying old strings through into a new population, depending 

on the fitness value. Strings with high fitness values obtain a larger number of 

copies in the next generation. Crossover combines the trait of two parent 

chromosomes to form two similar offspring by swapping the corresponding 

segments of the parents. The instinct behind the applicability of the crossover 

operator is the exchange of information between potential solutions. Mutation, 
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arbitrarily alters one or more genes of a selected chromosome, by a random 

change with a probability equal to the mutation rate. The instinct behind the 

mutation operator is the injection of some extra variability into the population. 

The principal structure of genetic algorithms is shown in Fig. 2-2.  

The GA described above is a conventional one. In this chapter, we 

propose a compact genetic algorithm, which is characterized by three 

simplified processes. The details will be discussed in the next section. 

 

 

  Fig. 2-2. A basic structure of genetic algorithms. 

 

2.4 Evolutionary Processes of the Compact Genetic 

Algorithms (CGA) 

To solve the problems encountered by conventional genetic algorithms, 

we propose a compact genetic algorithm to deal with the complicated status 
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where a huge number of adjustable parameters are to be searched in the 

fuzzy-neural networks. For the purpose of speeding up the computation of the 

genetic operation, the mechanism of the compact genetic algorithm has three 

simplified parts: (1) keep a small population size, (2) replace the string codes 

with real-value representation, and (3) perform compact mutation and 

crossover on the chromosomes by the energy fitness function. The details are 

discussed in the following. 

 

2.4.1 Population Initialization 

To evolutionarily obtain the adjustable parameters of the fuzzy-neural 

network shown in section 2.2, we define the chromosome as 

1 2[  ]w w w Rβ
β= ∈wl l l lL                        (2-6) 

where w  is a set of weighting factors in the interval [ , ]D d d R= − ⊆ . Initially, 

a genetic algorithm requires a population of potential solutions to be initialized 

and then maintained. Here, a population consisting of k chromosomes is used 

to avoid the unlimited growth of population. Each chromosome consists of β  

genes, and each gene represents an adjustable parameter of the fuzzy-neural 

networks. Real number representation for potential solutions is also adopted to 

simplify the genetic operator definitions and obtain a better performance of the 

genetic algorithms. The initial chromosomes are randomly generated within the 

feasible ranges D. The initial population with k chromosomes defined in (2-6) 

is randomly generated as follows 
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1 1 11
1 2

2 2 22
1 2

1 2
k k kk

w w ww
w w ww

w w ww

β

β

β

⎡ ⎤⎡ ⎤
⎢ ⎥⎢ ⎥
⎢ ⎥⎢ ⎥Ξ = = ⎢ ⎥⎢ ⎥
⎢ ⎥⎢ ⎥
⎢ ⎥⎣ ⎦ ⎣ ⎦

L

L

M M O MM

L

                   (2-7) 

where 1 2[ ]w w w wβ=l l l lL  is the thl  chromosome for 1, 2, ,k=l K . Each 

chromosome has β  elements. It is expected that one of the candidate 

solutions, wl , can be evolutionarily obtained as a set of near-optimal 

parameters for the fuzzy-neural network. Note that the population is sorted by 

ranking the fitness of chromosomes, that is, the first chromosome denotes the 

best chromosome in the population in terms of fitness. 

 

2.4.2 Energy Fitness function 

The performance of each chromosome is evaluated according to the 

defined energy fitness function denoted as F . After generations of evolution, 

it is expected that the genetic algorithm converges, and a best chromosome 

with largest fitness representing the optimal solution to the problem is obtained. 

An energy fitness function for online tuning the weighting vector of the 

fuzzy-neural controller is established by the Lyapunov design approach. The 

detail explanation of the energy fitness function is given next chapter. 

 

2.4.3 Single Gene Crossover Operation 

In order to deal with a huge number of adjustable parameters, the single 

gene crossover is introduced in this section. Fig. 2-3(a) and (b) show the 

traditional crossover operation adopting one crossover point and two crossover 

points, respectively. 



 13

 

1 0 1 1 1 10 0

0 00 01 1 11

Parents

0 1

1 1 10 0

00 0

1

1 1

1

1

0
Offspring

1 0

1 1 1

1

0

0

0 0

0 01 1

11

(a) single crossover point. (b) two  crossover points 
       between multiple genes.  

Fig. 2-3. Traditional crossover operation with encoded string. 

 

Though the proposed single gene crossover shown in Fig. 2-4 has two 

crossover points, the distance between these points is only one gene 

(parameter). To avoid inappropriate crossover, the distance between the two 

crossover points is reduced to only one gene. 

 

 

  Fig. 2-4. The single gene crossover operation with real-value representation. 

 

The single gene crossover operator is defined as  
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1 1

2 2

ˆ ˆ
ˆ ˆˆ       

ˆ ˆ

j

j

k k
j

w w
w w

w w

⎡ ⎤ ⎡ ⎤
⎢ ⎥ ⎢ ⎥
⎢ ⎥ ⎢ ⎥Ξ = Λ Λ =⎢ ⎥ ⎢ ⎥
⎢ ⎥ ⎢ ⎥
⎢ ⎥ ⎣ ⎦⎣ ⎦

M M
                        (2-8) 

where j  is the crossover point determined by randomly selected crossover 

point. Λ  denotes the elements of offspring which remain the same as those of 

their parents, Then, the j -th gene of all chromosomes performs a linear 

combination operation and is updated as 

 
( / 2)

( / 2)

(1 )  for 1,2,..., / 2
ˆ

* (1 )  for ( / 2) 1,( / 2) 2,...,

i i i k i
j ji

j i i i k i
j j

w w i k
w

w w i k k k

ζ ζ

κ κ

+

−

⎧ ∗ + ∗ − =⎪= ⎨
+ ∗ − = + +⎪⎩

     (2-9) 

where the crossover factors iζ  and iκ  are the linear combination weights 

and defined as 

( / 2)[ ] [ ]

i k
i

i k i k k

F F
F F F F

ζ
+

−
=

− + −
                    (2-10) 

( / 2)[ ] [ ]

i k
i

i k i k k

F F
F F F F

κ
−

−
=

− + −
                    (2-11) 

respectively. The single gene crossover operator generates new genes, ˆi
jw , 

only at the position j-th for all chromosomes with a linear combination, and  

Ξ̂  is a new population. 

 

2.4.4 Sorting Operation 

After crossover, the newly generated population is sorted by ranking the 

fitness F of chromosomes within the population, that is, 

1 2ˆ ˆ ˆ( ) ( ) ( )kF w F w F w≥ ≥L . The first chromosome 1ŵ  of the sorted population 

1 2ˆ ˆ ˆ ˆ[  ]k Tw w wΞ = K  has the highest fitness value. 
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2.4.5 Compact Mutation Operation 

After sorting, the first chromosome is the best one in the population in 

terms of fitness. As to the operation procedure of the mutation operator, the 

(k/2+1)-th chromosome is replaced by the first chromosome according to the 

mutation rate pm. Then, the (k/2+1)-th chromosome is updated as 

1
( / 2 1)

1

* , if 0.5

            ,  if 0.5
jk

j
j

w
w

w

βγ η δ

δ
+

⎧ + >⎪= ⎨
≤⎪⎩

                    (2-12) 

where 

         
1

1

, if  >0.5

, if  0.5 
j

j

d w

d w

λ
η

λ

⎧ −⎪= ⎨
− − ≤⎪⎩

                       (2-13) 

and , , [0,1]δ γ λ ∈  are random numbers, and 0β >  is a design parameter. 

The compact genetic flowchart is shown in Fig. 2-5. 

 

yes

Evaluate     by energy fitness 
function

Initialize     

Sort    

�

Sort    �

Mutate �

Sort    �

Termination criterion fulfilled

Stop

no

Perform single point crossover

 

Fig. 2-5. The compact genetic flowchart. 
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2.5 Conclusions 

A novel method of adjusting the weightings of fuzzy-neural networks 

using a compact genetic algorithm has been introduced in this chapter. This 

method can be used to search for the optimal parameters of fuzzy-neural 

networks. The compact genetic algorithm offers an advantageous position over 

the conventional gradient-based methods during the learning process of 

fuzzy-neural networks. To start this, chromosomes consisting of adjustable 

parameters of the fuzzy-neural networks are coded as a vector with real number 

components. The energy fitness function is obtained by the Lyapunov design 

approach. Thus, all the best adjustable parameters of the fuzzy-neural network 

can be obtained by repeating the compact genetic operations, including the 

single gene crossover and the compact mutation, so that an optimal fuzzy 

neural network satisfying a desired condition can be obtained. 
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Chapter 3 

CGA-based On-Line Tuning of Fuzzy-neural 

Networks for Uncertain Nonlinear Systems  

 

3.1 Overview 

In this chapter, a genetic adaptive backstepping fuzzy-neural controller for 

uncertain nonlinear systems is proposed by using a compact genetic algorithm. 

The control scheme incorporates a compact genetic algorithm and fuzzy-neural 

networks into backstepping design. The weighting factors of the adaptive 

fuzzy-neural controller are tuned on-line via the compact genetic algorithm 

approach. Each gene represents an adjustable parameter of the fuzzy-neural 

networks with real number components. For the purpose of on-line tuning these 

parameters and evaluating the stability of the closed-loop system, an energy 

fitness function is included in the compact genetic algorithm approach. In 

addition, in order to guarantee that the system states are confined to the safe 

region, a safe control term is incorporated into the control scheme. To illustrate 

the feasibility and effectiveness of the proposed method, two examples of 

nonlinear systems controlled by the proposed method are demonstrated. The 

organization of this chapter is summarized as follows. In section 3.2, presents 

the problem formulation and the design of backstepping controller. 

Development of genetic adaptive fuzzy-neural control scheme is shown in 

section 3.3. Two examples are illustrated in section 3.4 to show the feasibility 

and effectiveness of the proposed method. Conclusions are drawn in section 

3.5. 
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3.2 Backstepping Control Systems 

In this section, we describe the control problem for a class of nonlinear 

systems, and then design the backstepping controller. 

 

3.2.1 Problem Formulation 

Consider the nth-order nonlinear systems as 

1 2

2 3

1

( )n

x x
x x

x f u
y x

=
=

= +

=

x

&

&

M

&

                             (3-1) 

where u∈ℜ  and y∈ℜ  are input and output of the system, respectively, and  

1 2[ , ,... ]T n
nx x x= ∈ℜx  is the state vector of the system, which is assumed to be 

available for measurement. ( )f x  is an unknown continuous function with 

known upper bound, i.e. ( ) ( )Uf f≤x x . Our control objective is to develop the 

backstepping controller so that the system output y  follows a given bounded 

reference dy . 

 

3.2.2 The Design of Backstepping Controller 

  The detail design procedure of the backstepping controller is described as 

follows. 

Step 1) Define a tracking error as 

        1 1 dz x y= −                             (3-2) 

Then, differentiating 1z  can be expressed as 
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      1 1 dz x y= −& &&                             (3-3) 

Define a virtual control as 

1 1 1dy c zα = −&                            (3-4) 

where 1 0c >  is a design parameter. From (3-3) and (3-4), if 1 1xα = & , then 

1t
lim 0z
→∞

→ , that is, the state trajectory 1x  can asymptotically track the 

bounded reference dy . Thus, define an error state as 12112 αα −=−= xxz & . 

Then, our next goal is to force the error state 2z  to decay to zero. By using 

(3-4) and the fact that 1 2 1x z α= +& , equation (3-3) can be rewritten as 

           1 2 1 1z z c z= −&                         (3-5) 

Step 2) Differentiating 2z  can be expressed as 

            2 2 1 3 1 1( )dz x x c z yα= − = − − +&& &&& &                 (3-6) 

Similarly, define a virtual control as 

             2 1 1 2 2 1dy c z c z zα = − − −&& &                      (3-7) 

where 2 0c >  is a design parameter. Moreover, define an error state as 

3 3 2z x α= − . Then, by using (3-7) and the fact that 2 3 2x z α= +& , equation (3-6) 

can be rewritten as 

            2 3 2 2 1z z c z z= − −&                       (3-8) 

Step 3) Let k be a positive integer. Define an error state as 1k k kz x α −= − . Then, 

differentiating kz , where 3 1k n≤ ≤ − , can be expressed as 

                   1k k kz x α −= − &&&                   (3-9) 

Define a virtual control as  
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1

( ) ( ) ( 1 )

1 1

k k
k k i k j

k d i i j
i j

y c z zα
−

− − −

= =

= − −∑ ∑                 (3-10) 

where 0ic >  is a design parameter. Moreover, define an error state as 

1 1k k kz x α+ += − . Then, by using (3-10) and the fact that 1k k kx z α+= +& , equation 

(3-9) can be rewritten as 

                 1 1k k k k kz z c z z+ −= − −&                     (3-11) 

Step 4) Differentiating nz  can be expressed as 

      
1 2

( ) ( ) ( 1 )
1

1 1
( ) ( )

n n
n n i n j

n n n d i i j
i j

z x f u y c z zα
− −

− − −
−

= =

= − = + − − −∑ ∑x&&&        (3-12) 

Define a control law as 

             
1

( ) ( ) ( 1 )

1 1
( )

n n
n n i n j

d i i j
i j

u y c z z f
−

− − −

= =

= − − −∑ ∑ x               (3-13) 

where 0nc >  is a design parameter. Then, from (3-13), equation (3-12) can be 

rewritten as 

                     1n n n nz c z z −= − −&                      (3-14) 

Step 5) Consider the Lyapunov function as follows 

                  2

1

1
2

n

i
i

V z
=

= ∑                          (3-15) 

By differentiating (3-15) and using (3-5), (3-8), (3-11) and (3-14), we have 

    

1

1

1 2 1 1 1 1 1
2

2

1

2
1 1

( ) ( ) ( )

 

n

i i
i

n

i i i i i n n n n
i

n

i i
i

V z z

z z c z z z c z z z c z z

c z

c z

=

−

+ − −
=

=

= ∑

= − + ∑ − − + − −

= −∑

≤ −

& &

         (3-16) 
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From (3-15) and (3-16), we can conclude that iz  is bounded. Moreover, from 

(3-5), 1z&  is also bounded. Integrating (3-16) can be expressed as 

1 10
( ) ( ( ) (0))z d V V cτ τ

∞
=− ∞ −∫                     (3-17) 

Because the fact that the right side of (3-17) is bounded, we have 1 2z L∈ . 

According to the Barbalat’s Lemma [46], 1lim 0
t

z
→∞

= , that is, the state trajectory 

1x  can asymptotically track the bounded reference dy . 

On the basis of the aforementioned description, the backstepping 

controller of the nth order nonlinear system can be summarized as the 

following lemma.  

Lemma 3.1: Consider the nth-order nonlinear systems (3-1). Let 1 1 dz x y= −  

and 1i i iz x α −= −  for 2 i n≤ ≤ , where 1 1 1dy c zα = −& , and 
1

( ) ( ) ( 1 )

1 1

k k
k k i k j

k d i i j
i j

y c z zα
−

− − −

= =

= − −∑ ∑  for 2 1k n≤ ≤ − . Suppose that the control 

law is given as 
1

( ) ( ) ( 1 )

1 1

( )
n n

n n i n j
d i i j

i j

u y c z z f
−

− − −

= =

= − − −∑ ∑ x , where 0>ic . Then, the 

state trajectory 1x  can asymptotically track the bounded reference dy . 

 

3.3  Development of Genetic Adaptive Backsteping  

Fuzzy-neural Control Scheme 

In this section, based on the compact genetic algorithm as mentioned in 

Chapter 2, a method for developing on-line backstepping adaptive fuzzy-neural 

controllers is proposed. In addition, in order to instantaneously generate the 

appropriate control strategy. The compact genetic algorithm has a simplified 

procedure with an energy fitness function which is used to evaluate the 

real-time stability of the closed-loop systems. 
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3.3.1 Designing the Genetic Adaptive Backstepping 

Fuzzy-neural Controller 

Since ( )f x  is uncertain, the optimal control law (3-13) cannot be 

obtained. To solve this problem, the fuzzy-neural system is used to approximate 

the uncertain continuous function ( )f x . First, the uncertain continuous 

function ( )f x  in (3-13) is replaced by fuzzy-neural networks (2-2), i.e., 

ˆ ( | )f x w . The resulting control law 

1
( ) ( ) ( 1 )

1 1

ˆ ( | )
n n

n n i n j
c d i i j

i j

u y c z z f
−

− − −

= =

= − − −∑ ∑ x w              (3-18) 

Suppose that cu u= . Then, substituting (3-18) in (3-1) and after some 

manipulations, we obtain the error equation 

1
ˆ( ) ( | )n n n nz f f c z z −= − − −x x w&                  (3-19) 

Let 2

1

1
2

n

i
i

V z
=

= ∑ . Using (3-19) we have 

1

1

1 2 1 1 1 1
2

1

2

1

2

1

( ) ( )

ˆ( ( ) ( | ) )

ˆ  [ ( ) ( | )]

ˆ( ) ( | )

n

i i
i

n

i i i i i
i

n n n n

n

i i n
i

n
U

i i n n
i

V z z

z z c z z z c z z

z f f c z z

c z z f f

c z z f z f

=

−

+ −
=

−

=

=

=

= − + ∑ − −

+ − − −

= − + −

≤ − + −

∑

∑

∑

x x w

x x w

x x w

& &

                 (3-20) 

where ( ) ( )Uf f≤ < ∞x x . In order to instantaneously evaluate the stability of 

the closed-loop system, we define an energy fitness function as 

ˆF ( | )nz f= x w                     (3-21) 

A chromosome with the largest energy fitness function denotes the optimal 
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solution. So, a better chromosome can be obtained according to the energy 

fitness function (3-21). 

 

3.3.2 Safe Controller 

The system states may go into the unsafe region if the genetic operations 

can not instantaneously generate the appropriate weightings of the fuzzy-neural 

networks in some time interval. Thus, the concept of the safe controller [4] is 

incorporated into the genetic adaptive backstepping fuzzy-neural controller in 

order to guarantee that the system states are confined to the safe region. By 

incorporating a safe control term su  into cu , the control law becomes 

c su u u= +                            (3-22) 

The safe control term su  is added when the function V  is greater than a 

positive limit uV . If uV V≤ , then the safe control term su  is canceled. That 

is, if the system tends to enter the unsafe region ( uV V> ), then su  forces the 

system to return to the safe region 

Substituting (3-22) into (3-1), the error equation becomes 

1
ˆ( ) ( | )n n n n sz f f c z z u−= − − − +x x w&                 (3-23) 

Using (3-22) and (3-23), we have 

2

1

2

1

ˆ[ ( ) ( | ) ]

ˆ[ ( ) ( | ) ]

n

i i n s
i

n

i i n n s
i

V c z z f f u

c z z f f z u

=

=

= − + − +

≤ − + + +

∑

∑

x x w

x x w

&

             (3-24) 

Suppose that the safe control term su  is given as 

ˆsgn( )[ ( ) ( | ) ] if 

   0                                        if 

U u
n

s
u

z f f V V
u

V V

⎧− + >⎪= ⎨
≤⎪⎩

x x w
            (3-25) 

where uV  is a design parameter and sgn( ) 1( 1)nz = −  if 0( 0)nz ≥ < . Suppose 
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that uV V> . Then, substituting (3-25) into (3-24), we have 

2

1

2

1

ˆ ˆ[ ( ) ( | ) ( ) ( | ) ]

0

n
U

i i n
i

n

i i
i

V c z z f f f f

c z

=

=

≤ − + + − −

≤ − ≤

∑

∑

x x w x x w&

      (3-26) 

From (3-26), the bounded stability of the closed-loop system for the nonlinear 

system in (3-1) can be guaranteed. 
The overall scheme of the proposed scheme is shown in Fig. 3-1. The 

design algorithm of proposed method is as follows. 

Design algorithm: 

Step 1: Construct the fuzzy-neural networks for ˆ ( | )f x w  including fuzzy sets 

for x , and the weighting vectors w . 

Step 2: Adjust the weighting vectors by using the compact genetic algorithm 

(2-7)-(2-13) with the energy fitness function (3-21). 

Step 3: Compute ˆ ( | )f x w  according to (2-2). Then, obtain the control law 

(3-18). 

d
dt

d
dt

dy
1c Genetic adaptive backstepping 

fuzzy-neural controller 

Safe Control

d
dt

Compact GA
Weighting Factors 

Fuzzy-neural Networks 
Output 

Initial 
determined 
in the interval

(0)w

[ ]D d d= −

cu

su

2x

1xu

+

+

+

+

+

−

−

−

if uV V≤

if uV V>

0

W

1z

1α

2z

dy&

dy&&

2

1

x f u
y x
= +
=

&
Plant

ˆ ( , )f x w

 

     Fig. 3-1. The illustration of the proposed scheme for the 2th order 

nonlinear system. 
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3.4 Simulation Examples 

This section presents the simulation results of the proposed method for a 

class of uncertain nonlinear systems to illustrate that the stability of the 

closed-loop system is guaranteed, and all signal involved are bounded. 

Example 3.1: Consider the 2th order nonlinear system described as 

1

1

1 2

2 1 2 1 2

1

1 sin ( , )
1

x

x

x x
ex x x u f x x u
e

y x

−

−

=

−
= + − + = +

+
=

&

&             (3-27) 

Our objective is to control the system output y  to track the reference 

trajectory dy . Clearly, (3-27) is in the form of (3-1). Thus, the proposed 

method is suitable to control the system. The design parameters of the genetic 

algorithm are given as k=4, mp =0.06, and 4β = . The adjustable parameters  

w  of 1 2
ˆ ( , )f x x  are in the intervals D=[-0.3,0.3]. The bounded reference 

signal is given as ( ) sin( )dy t t=  in the following simulations. The membership 

functions for ix , i=1,2 are given as 1

1( )
(1 exp(5 ( 3)))i

iA
i

x
x

μ =
+ × +

, 

2
2( ) exp( ( 2) )

i
i iA

x xμ = − + , 3
2( ) exp( ( 1) )

i
i iA

x xμ = − + , 4
2( ) exp( ( ) )

i
i iA

x xμ = − , 

5
2( ) exp( ( 1) )

i
i iA

x xμ = − − , 6
2( ) exp( ( 2) )

i
i iA

x xμ = − −  and 

7

1( )
(1 exp( 5 ( 3)))i

iA
i

x
x

μ =
+ − × −

. 

To apply the proposed method to the system, the bounds Uf  should be 

obtained as: 
1

11 2 1 2 2 1 2

1( , ) sin 2 ( , )
1

x
U

x

ef x x x x x f x x
e

−

−

−
= + − ≤ + ≡

+
         (3-28) 

The initial states are set as (0) [1,0]=x .The design parameters are set as 

1 5c = , 2 8c =  and 0.05uV = (case 1) and 0.02uV = (case 2). The simulation 

results are shown in Figs. 3-2, 3-3, 3-4, 3-5, 3-6 and 3-7. In the case 1, Figs. 
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3-2, 3-3 and 3-4 show that the proposed method can control the uncertain 

nonlinear systems to follow the desired trajectories, and the tracking error does 

not reach the safe limit ( 0.05uV V≤ = ). In the case 2, Figs. 3-5, 3-6 and 3-7 

show that the system output y  can track the reference signals ( )dy t  very 

well. Compared with the results of the case 1, the case 2 can achieve the better 

tracking performance at the expense of the chattering effect of the control input 

in some time intervals as shown in Fig. 3-7. The chattering effect is due to 

adding the safe control term when the tracking error exceeds the safe limit 

( 0.02uV V> = ). 
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Fig. 3-2. The system output y(t)= 1x (solid line) and bounded reference 

( )dy t (dashed line) (case 1). 
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Fig. 3-3. The tracking error 1( )z t  (case 1). 
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Fig. 3-4. The control effort u(t) (case 1). 
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Fig. 3-5. The system output y(t)= 1x (solid line) and bounded reference 

( )dy t (dashed line) (case 2). 
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Fig. 3-6. The tracking error 1( )z t  (case 2). 
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Fig. 3-7. The control effort u(t) (case 2). 

 

Example 3.2: Consider the 3th order nonlinear system described as 

      

1 2

2 3

3
3 1 2 3 1 2 3

1

0.1 0.2 12cos( ) ( , , )

x x
x x
x x x x t u f x x x u
y x

=
=

= − − + + + = +

=

&

&

&
        (3-29) 

The objective is to control the system output y  to track the reference 

trajectory dy . Clearly, (3-29) is in the form of (3-1). Thus, the proposed 

method is suitable to control the system. The design parameters of the genetic 

algorithm are given as k=4, mp =0.06, and 4β = . The adjustable parameters  

w  of 1 2 3
ˆ ( , , )f x x x  are in the intervals D=[-1,1]. The bounded reference is set 

as sin(0.5 ) cos( )dy t t= +  in the following simulations. The membership 

functions for ix , i=1,2 are the same as those in Example 3-1. The function 

bounds is obtained as 3
1 2 3 1 2 3( , , ) 12 | | 0.1 0.2Uf x x x x x x= + + + .  

The initial states are set as (0) [0.5,1,0.5]=x . The design parameters are 

set as 1 5c = , 2 3 8c c= =  and 1.5uV = (case 3) and 0.8uV = (case 4). The 
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simulation results are shown in Figs. 3-8, 3-9, 3-10, 3-11, 3-12 and 3-13. In the 

case 1, Figs. 3-8, 3-9 and 3-10 show that the proposed method can control the 

uncertain nonlinear systems to follow the desired trajectories, and the tracking 

error do not reach the safe limit ( 1.5uV V≤ = ). In the case 3, Figs. 3-9, 3-10 

and 3-11 show that the system output y  can track the reference signals ( )dy t  

very well. Compared with the results of the case 3, the case 4 can achieve the 

better tracking performance at the expense of the chattering effect of the 

control input in some time intervals as shown in Fig. 3-11. The chattering effect 

is due to adding the safe control term when the tracking error exceeds the safe 

limit ( 0.8uV V> = ). 
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Fig. 3-8. The system output y(t)= 1x (solid line) and bounded reference 

( )dy t (dashed line) (case 3). 

 



 31

0 2 4 6 8 10 12 14 16 18 20
-0.5

-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

Time(sec)

Tr
ac

ki
ng

 E
rro

r

 

Fig. 3-9. The tracking error 1( )z t  (case 3). 
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Fig. 3-10. The control effort u(t) (case 3). 
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Fig. 3-11. The system output y(t)= 1x (solid line) and bounded reference 

( )dy t (dashed line) (case 4). 
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Fig. 3-12. The tracking error 1( )z t  (case 4). 
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Fig. 3-13. The control effort u(t) (case 4). 

 

3.5 Conclusions 

In this chapter, a genetic adaptive fuzzy-neural control scheme has 

proposed for uncertain nonlinear systems. The free parameters of the genetic 

adaptive backstepping fuzzy-neural controller can be successfully tuned on-line 

via the compact genetic algorithm with an energy evaluation mechanism. Using 

the energy evaluation mechanism can evaluate the real-time stability of the 

closed-loop systems in order to generate the appropriate control strategy. The 

simulation results have shown that the genetic adaptive backstepping 

fuzzy-neural control scheme performs on-line tracking successfully. 
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Chapter 4 

Design of Fuzzy-neural Controller Using Compact 

Genetic Algorithms for MIMO Nonlinear Systems 

 
4.1 Overview 

In this chapter, a genetic adaptive fuzzy-neural control scheme is proposed 

for a class of multiple-input multiple-output (MIMO) nonlinear systems. The 

compact genetic algorithm is used to adjust the parameters of the fuzzy-neural 

networks in order to instantaneously generate the appropriate control strategy. 

The compact genetic algorithm has a simplified procedure with an energy 

fitness function which is used to evaluate the real-time stability of the 

closed-loop systems. In addition, in order to guarantee that the system states are 

confined to the safe region, a safe control term is incorporated into the control 

scheme. To illustrate the feasibility and applicability of the proposed method, 

an example of the double inverted pendulums connected by a spring controlled 

by the proposed method is provided. The organization of this chapter is 

summarized as follows. In section 4.2, presents the problem formulation and 

the construction of the fuzzy-neural networks. Section 4.3 describes the MIMO 

compact genetic algorithm. Designing the adaptive backstepping fuzzy-neural 

controller is shown in section 4.4. An illustrative example is given in section 

4.5 to show the feasibility and applicability of the proposed method. 

Conclusions are outlined in section 4.6. 

 

 



 35

4.2 Problem Formulation and MIMO Fuzzy-Neural 

Networks 

In this section, we describe the control problem for a class of MIMO 

nonlinear systems, and then design the backstepping controller. In addition, the 

structure of the MIMO fuzzy-neural networks is briefly reviewed in this 

section. 

 

4.2.1 Problem Formulation and Backstepping Control 

Design 

First, consider the MIMO nonlinear systems as 

1 2

2 3

1 2( , ,..., )
p

p p

p p

pn p h p p

x x

x x

x f b u

=

=

= +x x x

&

&

M

&

, 1,2, ,p m= K          (4-1) 

where pf  is the unknown system dynamics of the p-th subsystem with known 

upper bound, i.e. ( ) ( )U
p pf f≤x x , pu  is the input of the p-th subsystem, pb  is 

a positive unknown constant, 1 2[ , ,... ]T
m=x x x x is the state vector, and 

1 2[ , ,... ]
p

T
p p p pnx x x=x  is the state vector of the p-th subsystem. The reference 

vector define as ( 1)[ , , , ]pn
pd pd pd pdy y y −=y & K . Our control objective is to develop 

the backstepping controller so that the state trajectory 1px  can asymptotically 

track a bounded command pdy . 

Next, the detail design procedure of the backstepping controller under the 
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assumption of the known system dynamics pf  is described as follows. 

Step 1) Define a tracking error as 

1 1p p pdz x y= −                            (4-2) 

Then, differentiating 1pz  can be expressed as 

               1 1p p pdz x y= −& &&                           (4-3) 

Define a virtual control as  

           1 1 1p pd p py c zα = −&                          (4-4) 

where 1 0pc >  is a design parameter. From (4-3) and (4-4), if 1 1p pxα = & , then 

1t
lim 0pz
→∞

→ , that is, the state trajectory 1px  can asymptotically track the 

bounded command pdy . Thus, define an error state as 

2 1 1 2 1p p p p pz x xα α= − = −& . Then, our next goal is to force the error state 2pz  

to decay to zero. By using (4-4) and the fact that 1 2 1p p px z α= +& , equation (4-3) 

can be rewritten as 

1 2 1 1p p p pz z c z= −&                         (4-5) 

Step 2) Differentiating 2pz  can be expressed as 

               2 2 1 3 1 1( )p p p p p p pdz x x c z yα= − = − − +&& &&& &              (4-6) 

Similarly, define a virtual control as 

          2 1 1 2 2 1p pd p p p p py c z c z zα = − − −&& &                 (4-7) 

where 2 0pc >  is a design parameter. Moreover, define an error state as 

3 3 2p p pz x α= − . Then, by using (4-7) and the fact that 2 3 2p p px z α= +& , 

equation (4-6) can be rewritten as 
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                    2 3 2 2 1p p p p pz z c z z= − −&                     (4-8) 

Step 3) Let k be a positive integer. Define an error state as ( 1)pk pk p kz x α −= − . 

Then, differentiating pkz , where 3 1pk n≤ ≤ − , can be expressed as 

                     ( 1)pk pk p kz x α −= − &&&                        (4-9) 

Define a virtual control as  

                  
1

( ) ( ) ( 1 )

1 1

k k
k k i k j

pk pd pi pi pj
i j

y c z zα
−

− − −

= =

= − −∑ ∑             (4-10) 

where 0pic >  is a design parameter. Moreover, define an error state as 

( 1) ( 1)p k p k pkz x α+ += − . Then, by using (4-10) and the fact that ( 1)pk p k pkx z α+= +& , 

equation (4-9) can be rewritten as  

                   ( 1) ( 1)pk p k pk pk p kz z c z z+ −= − −&                (4-11) 

Step 4) Differentiating 
ppnz  can be expressed as 

( 1) ( 1)p p p ppn pn p n p p p p nz x f b uα α− −= − = + −& &&&                (4-12) 

Define a control law as 

        ( 1) ( 1)
1 ( )

p p p pp p p n pn pn p n
p

u f c z z
b

α − −= − − − −&               (4-13) 

where 0
ppnc >  is a design parameter. Let ( 1)

1 ( )
pp p p n

p

f f
b

α −= − & ,then (4-40) 

can be expressed as.  

( 1)p p pp p pn pn p nu f c z z −= − − −                    (4-14) 

Then, from (4-13), equation (4-12) can be rewritten as 

( 1)( )
p p p ppn p pn pn p nz b c z z −= − −&                   (4-15) 
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Step 5) Consider the Lyapunov function as follows 

         
1

2 2

1 1 1

1 1
2 2

p

p

nm m

pi pn
p i p p

V z z
b

−

= = =

= +∑∑ ∑                   (4-16) 

By differentiating (4-15) and using (4-5), (4-8), (4-11) and (4-15), we have 

 

1
2

1 1 1 1 1

2
1 1

1

1

  

p p

p p

n nm m m

pi pi pn pn pi pi
p i p p ip

m

p p
p

V z z z z c z
b

c z

−

= = = = =

=

= + = −

≤ −

∑∑ ∑ ∑∑

∑

& & &

           (4-17) 

From (4-16) and (4-17), we can conclude that piz  is bounded. Moreover, from 

(4-5), 1pz&  is also bounded. Integrating (4-17) can be expressed as 

2
1 10

1

( ) ( ) (0)
m

p p
p

c z d V Vτ τ
∞

=

≤ − ∞ +∑ ∫                 (4-18) 

Because the fact that the right side of (4-17) is bounded, we have 1 2pz L∈ . 

According to the Barbalat’s Lemma, 1lim 0pt
z

→∞
= , that is, the state trajectory 

1px  can asymptotically track the bounded command pdy . 

On the basis of the aforementioned description, the backstepping 

controller of the nth order nonlinear system can be summarized as the 

following lemma.  

Lemma 4.1: Consider the nth-order MIMO nonlinear systems (1). Let 

1 1p p pdz x y= −  and ( 1)pi pi p iz x α −= −  for 2 pi n≤ ≤ , where 1 1 1p pd p py c zα = −& , 

and 
1

( ) ( ) ( 1 )

1 1

k k
k k i k j

pk pd pi pi pj
i j

y c z zα
−

− − −

= =

= − −∑ ∑  for 2 1pk n≤ ≤ − . Suppose that the 

control law is given as ( 1) ( 1)
1 ( )

p p p pp p p n pn pn p n
p

u f c z z
b

α − −= − − − −& , where 
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0pic > . Then, the state trajectory 1px  can asymptotically track the bounded 

command pdy . 

 

4.2.2 Description of MIMO Fuzzy-neural Networks  

The fuzzy inference engine uses the fuzzy IF-THEN rules to perform a 

mapping from an training input data pqx , 1,2, ,p m= L , 1,2, , pq n= L , and 

the output data , 1,2, ,py p m= L , the ith fuzzy rule has the following form: 

11 11

1 1

:
m m

i i i
mn mn

i i
m m

R IF x is A and x is A

THEN y is B and y is B

L

L
              (4-19) 

where i  is a rule number, i
pqA  and i

pB  are the fuzzy sets. By using product 

inference, center-average and singleton fuzzifier, the output of the fuzzy-neural 

networks can be expressed as: 

1 11

1 11

( ( ))
( ) ( )

( ( ))

s

i
sq

s

i
sq

N nm
i
p sqAs q Ti

p p pN nm

sqAs qi

w x
y w

x

μ
ϕ

μ

= ==

= ==

∏∏
= =

∏∏

∑

∑
x w x               (4-20) 

where ( )i
sq

sqA
xμ  is the membership function of i

sqA , N is the total number of 

the IF-THEN rules, i
pw  is the point at which ( ) 1i

i
pB

wμ = , 

1 2[ ]N T
p p p pw w w=w L  is a weighting vector, 1 2[ ]T Nϕ ϕ ϕ ϕ= L  is the fuzzy 

basis vector, where iϕ  is defined as 

         1 1

1 11

( )
( )

( ( ))

s

i
sq

s

i
sq

nm

sqAs qi
nN m

sqAs qi

x

x

μ
ϕ

μ

= =

= ==

∏∏
=

∏∏∑
x                    (4-21) 

The typical fuzzy-neural networks have a total of four layers. Nodes at 
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layer I are input nodes that represent input linguistic variables. Nodes at layer II 

represent the values of the membership function of total linguistic variables. At 

layer III, nodes are the values of the fuzzy basis vector ϕ . Each node at layer 

III is a fuzzy rule. The links between layer III and layer IV are full connected 

by the weighting factors. Layer IV is the output layer. 

 

4.3 Description of MIMO Compact Genetic Algorithm  

For the purpose of speeding up the computation of the genetic operation, 

the mechanism of the compact genetic algorithm has three simplified parts: (1) 

keep a small population size, (2) replace the string codes with real-value 

representation, and (3) perform compact mutation and crossover on the 

chromosomes by the energy fitness function. The details are discussed in the 

following. 

First, for the adjustable parameters of the p-th output of the fuzzy-neural 

networks, define a population of solutions with k chromosomes as  

                       

1

2

T
p
T
p

p

k T
p

⎡ ⎤
⎢ ⎥
⎢ ⎥Ξ = ⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

w
w

w
M

                        (4-22) 

where i
pw  denotes the ith chromosome and is a set of weighting factors in the 

interval [ , ]p p pd d= −D , 0pd > . Each gene represents the adjustable 

parameter of the fuzzy-neural networks. Note that the population is sorted by 

ranking the fitness of chromosomes, that is, the first chromosome denotes the 

best chromosome in the population in terms of fitness. 

   Next, to instantaneously evaluate the stability of the closed-loop system, 
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define the p-th energy fitness function for the p-th subsystem as 

                   ˆ ( , | )
pp pn p pd pF z f= x y w&                     (4-23) 

where ˆ ( | )p pf x w  is the estimation of the unknown dynamic ( | )p pf x w . A 

chromosome with largest fitness denotes the optimal solution. The detail 

explanation of the energy fitness function is given later.  

Then, according to the energy fitness function, mutation and crossover 

operators are performed. The operation procedure of the crossover operator is 

as follows. Suppose that the j -th gene is selected as the crossover point. Then, 

the j -th gene of all chromosomes performs a linear combination operation and 

is updated as   

( / 2)

( / 2)

(1 )  for 1,2,..., / 2

* (1 )  for ( / 2) 1,( / 2) 2,...,

i j i i k j i
p p p pi j

p i j i i k j i
p p p p

w w i k
w

w w i k k k

ζ ζ

κ κ

+

−

⎧ ∗ + ∗ − =⎪= ⎨
+ ∗ − = + +⎪⎩

  (4-24) 

where the crossover factors i
pζ  and i

pκ  are the linear combination 

weights and defined as          

( / 2)[ ] [ ]

i k
p pi

p i k i k k
p p p p

F F
F F F F

ζ
+

−
=

− + −
                    (4-25) 

( / 2)[ ] [ ]

i k
p pi

p i k i k k
p p p p

F F
F F F F

κ
−

−
=

− + −
                    (4-26) 

respectively. 

As for the operation procedure of the mutation operator, the (k/2+1)-th 

chromosome is replaced by the first chromosome according to the mutation 

rate pm. Then, the (k/2+1)-th chromosome is updated as 

1
( / 2 1)

1

* , if 0.5

            ,  if 0.5

j
p pk j

p j
p

w
w

w

βγ η δ

δ
+

⎧ + >⎪= ⎨
≤⎪⎩

                    (4-27) 

where 
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1

1

,if  >0.5

,if  0.5 

j
p p

p j
p p

d w

d w

λ
η

λ

⎧ −⎪= ⎨
− − ≤⎪⎩

                      (4-28) 

and , , [0,1]δ γ λ ∈  are random numbers, and 0β >  is a design parameter. 

 

4.4 Development of Genetic Adaptive Fuzzy-neural Control 

Scheme 

In this section, based on the compact genetic algorithm as mentioned 

above, a method for developing on-line backstepping adaptive fuzzy-neural 

controllers is proposed. 

Since pf  and pb  are uncertain, the optimal control law (4-13) cannot be 

obtained. To solve this problem, the fuzzy-neural system is used to approximate 

the uncertain continuous function pf . First, the uncertain continuous function 

pf  in (4-13) is replaced by fuzzy-neural networks (4-20), i.e., ˆ ( , | )p pd pf x y w& . 

The resulting control law 

( 1)
ˆ

p p ppc p pn pn p nu f c z z −= − − −                  (4-29) 

Suppose that p pcu u= . Then, substituting (4-29) in (4-1) and after some 

manipulations, we obtain the error equation 

( 1)
ˆ( ( , ) ( , | ) )

p p p ppn p p pd p pd p pn pn p nz b f f c z z −= − − −x y x y w& &&        (4-30) 

Let 
1

2 2

1 1 1

1 1
2 2

p

p

nm m

pi pn
p i p p

V z z
b

−

= = =

= +∑∑ ∑ . By using (4-30), we have  
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1

1 1 1

1

1 2 1 1 ( 1) ( 1)
1 2

( 1)

2

1 1

1

[ ( ) ( )

ˆ      ( ( , ) ( , | ) )]

ˆ  [ ( ( , ) (

p

p p
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p p p p

p

p

nm m

pi pi pn pn
p i p p

nm

p p p p pi p i pi pi p i
p i

pn p pd p pd p pn pn p n

nm

pi pi pn p pd p
p i

V z z z z
b

z z c z z z c z z

z f f c z z

c z z f f

−

= = =

−

+ −
= =

−

= =

= +

= − + − −

+ − − −

= − + −

∑∑ ∑
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x y x y w

x y

& & &

& &

&

2

1 1

, | ))]

ˆ[ ( , ) ( , | )]
p

p p

pd p

nm
U

pi pi pn p pd pn p pd p
p i

c z z f z f
= =

≤ − + −∑ ∑

x y w

x y x y w

&

& &

         (4-31) 

where ( , ) ( , )U
p pd p pdf f≤ < ∞x y x y& & . By using the fact that the states must 

move in the direction of smaller values of V  if 0V <& , the p-th energy fitness 

function ˆ ( , | )
ppn p pd pz f x y w&  in (4-23) for the p-th subsystem is defined in 

order to instantaneously evaluate the stability of the closed-loop system. A 

chromosome with the largest energy fitness function denotes the optimal 

solution. So, a better chromosome can be obtained according to the energy 

fitness function (4-23).  

Since the system states may go into the unsafe region if the genetic 

operations can not instantaneously generate the appropriate weightings of the 

fuzzy-neural networks in some time interval. Thus, the concept of the safe 

controller is incorporated into the genetic adaptive backstepping fuzzy-neural 

controller in order to guarantee that the system states are confined to the safe 

region. By incorporating a safe control term psu  into pcu , the control law 

becomes 

p pc psu u u= +                           (4-32) 

The safe control term psu  is added when the function V  is greater than a 

positive limit uV . If uV V≤ , then the safe control term psu  is canceled. That 
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is, if the system tends to enter the unsafe region ( uV V> ), then psu  forces the 

system to return to the safe region.  

Substituting (4-32) into (4-1), the error equation becomes 

( 1)
ˆ( ( ) ( , | ) )

p p p ppn p p p pd p pn pn p n p psz b f f c z z b u−= − − − +x x y w&&      (4-33) 

Using (4-32) and (4-33), we have 

2

1 1

2

1 1

ˆ[ ( ( ) ( , | ) )]

ˆ[ ( ( ) ( , | ) ) ]

p

p

p

p p

nm

pi pi pn p p pd p ps
p i

nm

pi pi pn p p pd p pn ps
p i

V c z z f f u

c z z f f z u

= =

= =

= − + − +

≤ − + + +

∑ ∑

∑ ∑

x x y w

x x y w

& &

&

     (4-34) 

Suppose that the safe control term psu  is given as  

ˆsgn( )[ ( ) ( , | ) ] if 

0                                                     if 

U u
pn p p pd p

ps
u

z f f V V
u

V V

⎧− + >⎪= ⎨
⎪ ≤⎩

x x y w&
        (4-35) 

where  uV  is a design parameter and sgn( ) 1( 1)pnz = −  if 0( 0)pnz ≥ < . 

Suppose that uV V> . Then, substituting (4-35) into (4-34), we have 

2

1 1

2

1 1

ˆ ˆ[ [ ( ) ( , | ) ( ( ) ( , | ) )]

0

p

p

p

nm
U

pi pi pn p p pd p p p pd p
p i

nm

pi pi
p i

V c z z f f f f

c z

= =

= =

≤ − + + − +

≤ − ≤

∑ ∑

∑∑

x x y w x x y w& & &

   

(4-36) 

From (4-36), the bounded stability of the closed-loop system for the nonlinear 

system in (4-1) can be guaranteed.   

The design algorithm of proposed method is as follows. 

Design algorithm:  

Step 1: Construct the fuzzy-neural networks for ˆ ( , | )p pd pf x y w&  including 

fuzzy sets for x , pdy&  and the weighting vectors pw . 
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Step 2: Adjust the weighting vectors by using the compact genetic algorithm 

(4-22)-(4-28) with the energy fitness function (4-23). 

Step 3: Compute ˆ ( , | )p pd pf x y w&  according to (4-20). Then, obtain the control 

law (4-29). 

 

4.5 Simulation Results  

This section presents the simulation results of the proposed method for a 

class of MIMO nonlinear systems, and then illustrates that the stability of the 

closed-loop system is guaranteed.  

Example 4.1: Consider the following problem of balancing double 

inverted pendulums connected by a spring [47] 

11 12

1 1
12 11 11 21

1 1 1 1

21 22

2 2
22 21 21 11

2 2 2 2

sin( )

sin( )

x x
m gr k u kx x x x

J J J J
x x

m gr k u kx x x x
J J J J

=

= − + +

=

= − + +

&

&

&

&

                (4-37) 

where 1ix  is the angular position of the ith pendulum from the vertical 

reference, and iu  is a torque input. It is assumed that both 1ix  and 1ix&  are 

available for measurement. The parameters of the double inverted pendulums 

are chosen as 1 0.5m = kg 2 0.5m = kg, 1 0.5J = kg and 2 0.5J = kg, 

2k = N ⋅m/rad, and 1r = m. 

Our objective is to control the system state 1px  to track the reference 

trajectory pdy . It is clear that from (4-37) and (4-1), the proposed method is 

suitable to control the system. The design parameters of the genetic algorithm 
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are given as k=4, 0.06mp = , and β =4. The adjustable parameters iw  of 

11 12 21 22
ˆ ( , , , , , )i id idf x x x x y y& &&  are in the intervals iD =[-1,1]. The reference signals 

are set as 1 ( ) (2.5 /12)sin( )dy t tπ=  and 2 ( ) (3.75 /12)cos( )dy t tπ= . The 

membership functions for pix , i=1,2 are given as 

1

2

3

4

5

2

2

2

2

2

( ) exp[ ( 1) ]

( ) exp[ ( 0.5) ]

( ) exp[ ]

( ) exp[ ( 0.5) ]

( ) exp[ ( 1) ]

i

i

i

i

i

pi iA

pi iA

pi iA

pi iA

pi iA

x x

x x

x x

x x

x x

μ

μ

μ

μ

μ

= − +

= − +

= −

= − −

= − −

                (4-38) 

To apply the proposed method to the system, the bounds U
pf  for p=1,2 

should be obtained as 

1
1 1 2 3 4 11 11 21 11 21

1 1 1

1 1 2 3 4

1 1 11 1 11 11 1
1 1

( , , , ) sin( ) 9.8 4 4

( , , , )
1 1( ) ( )

U

U U U
dL L

m gr k kf x x x x x x x x x
J J J

f x x x x

f f f c z y
b b

α

= − + ≤ + +

≡

= + = + +& &&&

  (4-39) 

2
2 1 2 3 4 21 21 11 21 11

2 2 2

2 1 2 3 4

2 2 21 2 21 21 2
2 2

( , , , ) sin( ) 9.8 4 4

( , , , )
1 1( ) ( )

U

U U U
dL L

m gr k kf x x x x x x x x x
J J J

f x x x x

f f f c z y
b b

α

= − + ≤ + +

≡

= + = + +& &&&

  (4-40) 

where 1 10 Lb b< ≤ , 2 20 Lb b< ≤  and given as 1 2 1.5L Lb b= = . 

The initial states are set as (0) [0.5,0,0.3,0]x = . The design parameters 

are selected as 11c =10, 12c =10, 21c =8, 22c =8, 0.3uV = (case 1) and 

0.02uV = (case 2). The simulation results are shown in Figs. 4-1, 4-2, 4-3, 4-4, 

4-5, 4-6, 4-7 and 4-8. In the case 1, Figs. 4-1, 4-2, 4-3 and 4-4 show that the 
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proposed control algorithm can control the MIMO uncertain nonlinear systems 

to follow the desired trajectories, and the tracking error do not reach the safe 

limit ( 0.3uV V≤ = ). In the case 2, Figs. 4-5, 4-6, 4-7 and 4-8 show that the 

system outputs 11x  and 21x  can track the reference signals 1 ( )dy t  and 

2 ( )dy t  very well, respectively. Compared with the results of the case 1, the 

case 2 can achieve the better tracking performance at the expense of the 

chattering effect of the control input in some time intervals as shown in Fig. 

4-7. The chattering effect is due to adding the safe control term when the 

tracking error exceeds the safe limit ( 0.02uV V> = ). 
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 Fig. 4-1. The system output 11( )x t (solid line) and bounded reference 

1 ( )dy t (dashed line) (case 1). 
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   Fig. 4-2. The system output 21( )x t (solid line) and bounded reference 

2 ( )dy t (dashed line) (case 1). 
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   Fig. 4-3. The control effort 1u (solid line) and 2u (dashed line) (case 1). 
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Fig. 4-4. The tracking errors 11( )z t (solid line) and 21( )z t (dashed line) (case 1). 
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  Fig. 4-5. The system output 11( )x t (solid line) and bounded reference 

1 ( )dy t (dashed line) (case 2). 
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Fig. 4-6. The system output 21( )y t (solid line) and bounded reference 

2 ( )dy t (dashed line) (case 2). 
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   Fig. 4-7. The control effort 1u (solid line) and 2u (dashed line) (case 2).     
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Fig. 4-8. The tracking errors 11( )z t (solid line) and 21( )z t (dashed line) (case 2). 

 

4.6 Conclusions 

In this chapter, a genetic adaptive fuzzy-neural control scheme has 

proposed for a class of MIMO nonlinear systems. The weighting parameters of 

the fuzzy-neural controller can be successfully tuned instantaneously via the 

compact genetic algorithm with an energy evaluation mechanism. Using the 

energy evaluation mechanism can evaluate the real-time stability of the 

closed-loop systems in order to generate the appropriate control strategy. 

Moreover, the proposed design algorithm has been successfully applied to 

control double inverted pendulums connected by a spring. The simulation 

results have shown that the genetic adaptive backstepping fuzzy-neural control 

scheme performs on-line tracking successfully. 
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Chapter 5 

Design of Fuzzy-neural Controller Using Compact 

Genetic Algorithms for Robot Manipulators 

 

5.1 Overview 

A robot manipulator is an uncertain nonlinear dynamic system which 

suffers from structured and unstructured uncertainties such as load variation, 

friction, and external disturbances. Therefore, in order to control the robot 

manipulator, it is necessary that a control algorithm has robustness to 

uncertainties. To solve the tracking control of uncertain MIMO robot system, a 

genetic adaptive fuzzy-neural control scheme is proposed in this chapter. 

Fuzzy-neural networks are used to approximate complicated nonlinear functions. A 

compact genetic algorithm is used to adjust the parameters of the fuzzy-neural 

networks in order to instantaneously generate the appropriate control strategy. The 

compact genetic algorithm has a simplified procedure with an energy fitness 

function which is used to evaluate the real-time stability of the closed-loop 

systems. Finally, simulation results are provided to demonstrate the 

applicability of the proposed method. The organization of this chapter is 

summarized as follows. In section 5.2, the formulation of system model is 

presented. Designing the backstepping controller is shown in section 5.3. The 

development of genetic adaptive fuzzy-neural control scheme is shown in 

section 5.4. An illustrative example is given in section 5.5 to show the 

feasibility and applicability of the proposed method. Conclusions are drawn in 

section 5.6. 
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5.2 Formulation of System Model 

Consider an n-link planar manipulator with n inputs and n outputs shown 

in Fig.5-1. The dynamic equations are given by 
H(q)q + C(q,q)q + g(q) = u
y = q

&& & &
                     (5-1) 

where n∈ℜq,q,q& &&  denote the link position, velocity, and acceleration vectors, 

respectively. n n×∈ℜH(q)  is the inertia matrix, n n×∈ℜC(q,q)&  is the 

centripetal-Coriolis matrix, ( ) n∈ℜg q  is the vector of gravitational, n∈ℜu  

is the input vector of applied joint torques, n∈ℜy  represents output vector. 

The reference vector is define as ( 1)[ , , , ]pn
d d d d

−=y y y y& K . Our control objective 

is to develop the backstepping controller so that the output trajectory y  can 

asymptotically track a bounded command dy . Define 1 2x = q,x = q& . And then 

the formulation (5-1) can be denoted by (5-2) 

1 2

1
2 1 1 2 2 1

1

( )[ ( , ) ( )]−

=

= − −
=

x x
x H x u C x x x g x
y x

&

&               (5-2) 

where 1
1( )−H x  and 1 2( , )C x x  are unknown nonlinear smooth function. The 

dynamics (5-2) has the following properties: 

Property 1: The inertia matrix H(q)  is symmetric and positive definite, and 

there exist 0 00,σ σ> > ℜ  such that 0σ≥H(q) I . 

Property 2: The inertia matrix H(q)  and centripetal-Coriolis matrix C(q,q)&  

have the following property  

    ( 2 ) 0T − =q H C q&& &                        (5-3) 
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Fig.5-1. n-link planar manipulator. 

 

5.3 Backstepping Control Design  

The detail design procedure of the backstepping controller is described as 

follows. 

Step 1) Define a tracking error as  

1 1 d= −z x y                              (5-4) 

Then, differentiating 1z  can be expressed as 

1 1 d= −z x y& & &                              (5-5) 

Define a virtual control as  

              1 1 1d c= −α y z&                              (5-6) 

where 1 0c >  is design scalar parameters. From (5-5) and (5-6), if 1 1=α x& , 

then 1lim 0
t→∞

→z , that is, the state trajectory 1x  can asymptotically track the 

bounded command dy . Thus, define an error state as 2 1 1 2 1= − = −z x α x α& . 

Then, our next goal is to force the error state 2z  to decay to zero. By using 
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(5-6) and the fact that 1 2 1= +x z α& , equation (5-5) can be rewritten as 

              1 2 1 1c= −z z z&                              (5-7) 

Consider the Lyapunov function of the first subsystem as follows 

              1 1 1

1
2

TV = z z                               (5-8) 

By differentiating (5-8) and using (5-7), we have 

         
1 1 1 1 1 1 2

1 2 1

1 1 1 1 2

( ) ( )
( )

T T T
d d

T
d

T T

V

c

= = − = −

= + −

= − +

z z z x y z x y
z z α y

z z z z

& & & & & &

&               (5-9) 

Step 2) Differentiating 2z  can be expressed as 

         2 2 1
1

2 1( )G−

= −

= − − + −

z x α

H Cx u α

&& &

&
                   (5-10) 

Define a control law as 

2 2 1c= − − −u z z f                           (5-11) 

where n∈ℜf  will be designed later, 2 0c >  is design scalar parameters. 

Consider the Lyapunov function of the second subsystem as follows 

                 2 2 2

1
2

TV = z Hz                               (5-12) 

By differentiating (5-12), we have 

  

2 2 2 2 2 2 2

2 2 2 2

2 2 1 2 2

2 2 2 1

2 1 1

2

1 1 1
2 2 2

1
2

( )
( )
( )
( )

T T T

T T

T T

T

T

T

V = + +

= +

= − − + − +

= − + − − +

= − − − +

= +

z Hz z Hz z Hz

z Hz z Hz

z Cx g u Hα z Cz
z Cx Cz g Hα u
z Cα g Hα u
z f u

& && &

&&

&

&

&

                 (5-13) 
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where 1 1= − − −f Cα g Hα& , by using (5-11), it follows that 

            2 2 2 2 1( )TV c= − −z z z&                              (5-14) 

Step 3) Select Lyapunov function as  

            1 2V V V= +                                   (5-15) 

By differentiating (5-15) and using (5-9), (5-14), we have 

          
1 2

1 1 1 2 2 2

1 1 1

T T

T

V V V
c c
c

= +

= − −

≤ −

z z z z
z z

& & &

                          (5-16) 

From (5-15) and (5-16), we can conclude that 1z  is bounded. Moreover, from 

(5-7), 1z  is also bounded. Integrating (5-16) can be expressed as  

1 1 10
( ) ( ) ( ) (0)Tc d V Vτ τ τ

∞
≤ − ∞ +∫ z z                      (5-17) 

Because of the fact that the right side of (5-17) is bounded, we have 

1 2L∈z . According to the Barbalat’s Lemma, 1lim 0
t→∞

=z , that is, the state 

trajectory 1x  can asymptotically track the bounded command dy . 

 

5.4 Development of Genetic Adaptive Fuzzy-neural Control 

Scheme for Manipulators 

In this section, based on the compact genetic algorithm as mentioned 

above, a method for developing on-line backstepping adaptive fuzzy-neural 

controllers is proposed. 

Since f  is uncertain, the optimal control law (5-11) cannot be obtained. 

To solve this problem, the fuzzy-neural system is used to approximate the 

uncertain continuous function f . First, the uncertain continuous function f  in 
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(5-11) is replaced by fuzzy-neural networks (2-2), i.e., f̂ . The resulting control 

law is 

2 2 1
ˆ

c c= − − −u z z f                                 (5-18) 

Suppose that c=u u . Then, substituting (5-18) in (5-13), we have 

1 1 1 1 2 2 2 2 1

1 1 1 1 2 2 2

1 1 1 2 2 2 2 2

ˆ( )
ˆ( )

ˆ

T T T

T T T

T T T U T

V c c

c c

c c

= − + + − − −

= − − + −

≤ − − + −

z z z z z f z z f

z z z z z f f

z z z z z f z f

&

                 (5-19) 

where U≤ < ∞f f . By using the fact that the states must move in the direction 

of smaller values of V  if 0V <& , the energy fitness function 2
ˆTz f  for the 

system is defined in order to instantaneously evaluate the stability of the 

closed-loop system. A chromosome with the largest energy fitness function 

denotes the optimal solution. So, a better chromosome can be obtained 

according to the energy fitness function. 

Since the system states may go into the unsafe region if the genetic 

operations can not instantaneously generate the appropriate weightings of the 

fuzzy-neural networks in some time interval, the concept of the safe controller 

is incorporated into the genetic adaptive backstepping fuzzy-neural controller 

to guarantee that the system states are confined to the safe region. By 

incorporating a safe control term su  into cu , the control law becomes 

c s= +u u u                                    (5-20) 

The safe control term su  is added when the function V  is greater than a 

positive limit uV . If uV V≤ , then the safe control term su  is canceled. That 

is, if the system tends to enter the unsafe region ( uV V> ), then su  forces the 
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system to return to the safe region.  

Substituting (5-20) into (5-13), we have 

1 1 1 2 2 2 2

1 1 1 2 2 2 2 2

ˆ( )
ˆ( )

T T T
s

T T T T
s

V c c

c c

= − − + − +

≤ − − + − +

z z z z z f f u

z z z z z f f z u

&
              (5-21) 

Suppose that the safe control term su  is given as  

2
ˆsgn( )[ ( ) ] if 

 0                              if 

U u

s
u

V V

V V

⎧− + >⎪= ⎨
≤⎪⎩

z f x f
u                  (5-22) 

where uV  is a design parameter and 2sgn( ) 1( 1)= −z  if 2 0( 0)≥ <z . Suppose 

that uV V> . Then, substituting (5-22) into (5-21), we have 

1 1 1 2 2 2 2

1 1 1 2 2 2

ˆ ˆ( ( ) )

0

T T T U

T T

V c c

c c

≤ − − + − − +

≤ − − ≤

z z z z z f f f x f

z z z z

&
              (5-23) 

From (5-23), the bounded stability of the closed-loop system for the nonlinear 

system in (5-2) can be guaranteed. 

The design algorithm of proposed method is as follows. 

Design algorithm:  

Step 1: Construct the fuzzy-neural networks for ( , | )df x y w  including fuzzy 

sets for x , dy  and the weighting vectors w . 

Step 2: Adjust the weighting vectors by using the compact genetic algorithm 

(4-21)-(4-27) with the energy fitness function 2
ˆTz f . 

Step 3: Compute ˆ( , | )df x y w  according to (2-2). Then, obtain the control law 

(5-18). 

 

5.5 Simulation Results 

  This section presents the simulation results of the proposed genetic 
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adaptive fuzzy-neural controller for a two-link planar manipulator, then to 

illustrate that the stability of the closed-loop system is guaranteed, and all 

signals involved are bounded.  

The system can be denoted by (5-1) with 1 2[  ]Tq q=q , 1 2[  u ]Tu=u , 

2 2 2
1 2 1 2 2 2 1 2 2 2 2 2 1 2 2

2 2
2 2 2 1 2 2 2 2

( ) 2 cos cos

cos

m m l m l m l l q m l m l l q

m l m l l q m l

⎡ ⎤+ + + +
= ⎢ ⎥

+⎢ ⎥⎣ ⎦
H(q) , 

2 1 2 2 2 2 1 2 1 2 2

2 1 2 1 2

sin ( )sin
sin 0

m l l q q m l l q q q
m l l q q
− − +⎡ ⎤

= ⎢ ⎥
⎣ ⎦

C(q,q)
& & &

&
&

 and 

1 2 1 1 2 2 1 2

2 2 1 2

( ) cos cos( )
cos( )

e e

e

m m l g q m l g q q
m l g q q

+ + +⎡ ⎤
= ⎢ ⎥+⎣ ⎦

g(q) . 

The definition of variables involved is given as follows 1m : mass of link 

L1, 2m : mass of link L2, 1l : length of link L1, 2l :length of link L2, 1q :angle 

of link L1, 2q :angle of link L2. 

The parameter values are 1 0.5kgm = , 2 0.5kgm = , 1 1ml = , 2 0.8ml =  

and 9.8m seceg = . The design parameters of the genetic algorithm are given 

as k=4, 0.06mp = , and β =4. The adjustable parameters w  of ˆ( , )df x y  are 

in the intervals D =[-1,1]. The initial states are set as 

(0) [0.1,0.2,0,0.2]=x (case 1) and (0) [0.1,0.1,-0.1,0.1]=x (case 2). The 

design parameters are selected as 1 [120 15]c = , 2 [100 10]c = , 1uV = (case 1) 

and 1 [125 15]c = , 2 [100 10]c = , 1uV = (case 2), The membership functions 

for ix , 1,2i =  are given as 1
2( ) exp[ 0.5(( 1.25) / 0.6) ]

i
i iA

μ = − +x x , 

2
2( ) exp[ 0.5(( ) / 0.6) ]

i
i iA

μ = −x x , 1
2( ) exp[ 0.5(( 1.25) / 0.6) ]

i
i iA

μ = − −x x . To apply 
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the proposed method to the system, the bounds 2U ∈ℜf  should be obtained as 

                1 1
U= − − − ≡f Cα g Hα f&                      (5-24) 

The first case is to control the outputs 1q  and 2q  of the two-link planar 

manipulator to track the desired trajectories 1 ( / 30)sin( )dy tπ=  and 

2 ( / 30)cos( )dy tπ= , respectively. The second case is to control the outputs 1q  

and 2q  to track the desired trajectories 1 0.4 0.4 t
dy e−= −  and 

2 0.5 0.5 t
dy e−= − , respectively. Then the 1m  and 2m  are increased to 

1 1m kg=  and 2 1m kg=  at the time 5sect = , respectively. The simulation 

results are shown in Figs. 5-2, 5-3, 5-4, 5-5, 5-6, 5-8 and 5-9. In case 1, Fig. 5-2 

shows the steady trajectories of the first output 1q  and the reference output 

1dy , Fig. 5-3 shows the steady trajectories of the first output 2q  and the 

reference output 2dy . Fig. 5-4 shows the control inputs 1u  and 2u . Fig. 5-5 

shows the tracking errors 1 1dq y−  and 2 2dq y− . In case 2, Fig. 5-6 shows the 

steady trajectories of the first output 1q  and the reference output 1dy , and Fig. 

5-7 shows the steady trajectories of the first output 2q  and the reference 

output 2dy . Fig. 5-8 shows the control inputs 1u  and 2u . Fig. 5-9 shows the 

tracking errors 1 1dq y−  and 2 2dq y− .The simulation results demonstrate that 

the trajectories of the actual outputs 1q  and 2q  follow the reference signals 

1dy  and 2dy , respectively, very well. 
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     Fig. 5-2. The first output 1q (solid line) and bounded reference 

1dy (dashed line) (case 1).  

 

0 2 4 6 8 10 12 14 16 18 20
-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

Time(sec)

 

 

 

   Fig. 5-3. The second output 2q (solid line) and bounded reference 

2dy (dashed line)(case 1). 



 62

0 2 4 6 8 10 12 14 16 18 20
-250

-200

-150

-100

-50

0

50

100

150

Time(sec)

 

 

 

Fig. 5-4. The control inputs 1u (solid line) and 2u (dashed line)(case 1). 
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Fig. 5-5. The tracking errors 1 1dq y− (solid line) and 

2 2dq y− (dashed line)(case 1). 
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   Fig. 5-6. The first output 1q (solid line) and bounded reference  

1dy (dashed line) (case 2). 
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   Fig. 5-7. The second output 2q (solid line) and bounded reference 

2dy (dashed line)(case 2). 
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    Fig. 5-8. The control inputs 1u (solid line) and 2u (dashed line)(case 2). 
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    Fig. 5-9. The tracking errors 1 1dq y− (solid line) and 2 2dq y− (dashed 

line)(case 2). 
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5.6 Conclusions 

The genetic adaptive fuzzy-neural control scheme for a class of MIMO 

robotic systems has been developed. The preliminary off-line tuning of the 

weighting factors of the fuzzy controller is not required. The free parameters of 

the genetic adaptive backstepping fuzzy-neural controller can be successfully 

tuned on-line via the compact genetic algorithm with an energy evaluation 

mechanism. Using the energy evaluation mechanism can evaluate the real-time 

stability of the closed-loop systems in order to generate the appropriate control 

strategy. In addition, the safe control term added into the genetic adaptive 

backstepping fuzzy-neural networks guarantees the safeness of the closed-loop 

system. The applicability of the proposed control scheme is demonstrated by 

the simulation results. 
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Chapter 6 

Design of Fuzzy-neural Controllers for DC Servo 

motors Using Compact Genetic Algorithm 

 

6.1 Overview  

In this chapter, to demonstrate the propose method on practical system, the 

compact genetic adaptive fuzzy-neural controller discussed in Chapter 4 is used 

to control a DC servo motor. The experimental platform is MT22R2-24 DC 

servo motor, and uses the back DC-DC converter to perform DC servo motor 

drive applications. Finally, simulation and experimental results demonstrate the 

applicability and effectiveness of the proposed method. The organization of this 

chapter is summarized as follows. Section 6.2 mainly introduces dynamic 

system of a DC servo motor, and our control objective. Section 6.3 shows the 

computer simulation results of propose method for a DC servomotor. Section 

6.4 introduces the servo motor experimental platform and the hardware 

framework, and shows the experimental results to illustrate the feasibility and 

applicability of the proposed method. Conclusions are given in section 6.5. 

 

6.2 Problem Description of DC Servo motor 

  The equivalent model of a DC servo motor is shown in Fig. 6.1. 
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Fig.6-1. DC servo motor with load. 

 

where R is the armature resistance, L is the armature inductance, θ  is the 

angular displacement of the motor shaft, B is the friction constant, J  is the 

armature moment of inertia of the motor, and T  is the load torque.  

From the motor circuit shown in Fig. 6-1, the differential equation for the 

armature circuit is 

a
a a b

div Ri L v
dt

= + +                        (6-1) 

where ai  denotes the armature current. The voltage bv  is the back 

electromotive force of the motor and is proportional to the speed of the motor 

shaft. It is given by 

        b b
dv K
dt
θ

=                             (6-2) 

where bK  is back-emf constant. For a DC servo motor, the torque generated 

by the motor is proportional to the armature current. That is 

t aT K i=                                 (6-3) 

where tK  is torque constant. We also know that 

2

2

d dT J B
dt dt
θ θ

= +                           (6-4) 
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Let 
1

2

3

( ) ( )
( ) ( )
( ) ( )a

x t t
t x t t

x t i t

θ
θ

⎡ ⎤ ⎡ ⎤
⎢ ⎥ ⎢ ⎥= =⎢ ⎥ ⎢ ⎥
⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦

x( ) & .Then, substituting (6-3) in (6-4), and according to 

(6-1), (6-2), (6-4), the representation of the state space is given as 

[ ]

( ) 0 1 0 ( ) 0
( ) 0 / / ( ) 0
( ) 0 / / ( ) 1/

( )
( ) 1 0 0 ( )
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a b a
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t t
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i t

θ θ
θ θ

θ
θ
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⎡ ⎤
⎢ ⎥= ⎢ ⎥
⎢ ⎥⎣ ⎦

&

&& &

&

&

              (6-5) 

Suppose that L =0. Then, equation (6-1) can be rewritten as  

a a bv Ri v= +                                    (6-6) 

Let 1

2

( ) ( )
( ) ( )

x t t
t

x t t
θ
θ

⎡ ⎤ ⎡ ⎤
= =⎢ ⎥ ⎢ ⎥

⎣ ⎦⎣ ⎦
x( ) & . According to (6-2), (6-4) and (6-6), equation (6-5) 

can be written as: 

( )
[ ]

0 1 0
0 / /

( ) 1 0

a
t b t

t v
K K RB JR K JR

y t t

⎡ ⎤ ⎡ ⎤
= +⎢ ⎥ ⎢ ⎥− + ⎣ ⎦⎣ ⎦
=

x( ) x(t)

x( )

&
               (6-7) 

Our control objective is to develop the genetic adaptive backstepping 

fuzzy-neural controller so that the DC servo motor system output can 

asymptotically track a bounded command. 

 

6.3 Computer Simulation Results 

In this section, we present the computer simulation results of the compact 

genetic algorithm fuzzy-neural controller for a DC servomotor, and then 

illustrate that the stability of the closed-loop system is guaranteed. 

According to section 6.2, consider the servo motor dynamics system 
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described as 

1 2

2 2 1 2
1( ) ( ) ( , )m

x x
Kx x u f x x bu

τ τ

=

= − + = +

&

&
               (6-8) 

where 1( ) ( )x t tθ= , 2 ( ) ( )x t tθ= & , t
m

t b

KK
K K BR

=
+

, 
t b

JR
K K BR

τ =
+

 and 

au v= . Clearly, (6-8) is in the form of chapter 4 for SISO system. Thus, the 

proposed method in chapter 4 is suitable to control the system. The control 

objective is to force the state 1x  of the servo motor to follow the reference 

signal dy . The control law of proposed method is 

c su u u= +                           (6-9) 

where cu  is backstepping adaptive fuzzy-neural controller designed as 

2 2 1
ˆ

cu f c z z= − − −                        (6-10) 

and su  is a safe control term designed as 

            2
ˆsgn( )[ ( ) ] if 

0                                 if 

U u

s
u

z f f V V
u

V V

⎧− + >⎪= ⎨
⎪ ≤⎩

x
              (6-11) 

The parameters of the servo motor are given as 0.23Nm / AtK = , 

R=3.1180Ω , 0.23volts sec / radbK = ⋅ , J=0.0006 2Kgm  and B=0.02 N-m-s /rad. 

The design parameters of the genetic algorithm are given as k=4, mp =0.06, 

and 4β = . The adjustable parameters w  of f̂  are in the intervals D=[-5,5]. 

The reference signals are set as ( ) 60 100 t
dy t e−= − rad (case 1) and 

( ) 70sin(0.1 )dy t t= rad (case 2). The membership functions for ix , i=1,2 are 
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given as 1

1( )
(1 exp(0.5 ( 80)))i

iA
i

x
x

μ =
+ × +

, 2
2( ) exp( 0.001 ( 60) )

i
i iA

x xμ = − × + , 

3
2( ) exp( 0.001 ( 30) )

i
i iA

x xμ = − × + , 4
2( ) exp( 0.001 ( ) )

i
i iA

x xμ = − × , 

5
2( ) exp( 0.001 ( 30) )

i
i iA

x xμ = − × − , 6
2( ) exp( 0.001 ( 60) )

i
i iA

x xμ = − × − , 

7

1( )
(1 exp( 5 ( 3)))i

iA
i

x
x

μ =
+ − × −

.  

To apply the proposed method to the system, the bounds Uf  should be 

obtained as: 

1 2 2 2 1 2

1 2 1 1

1( , ) ( ) 62.0919 ( , )

1 1( ) (62.0919 )
122

U

U U
dL

f x x x x f x x

f f x c z y
b

τ

α

= − ≤ ≡

= + = + +& &&&

            (6-12) 

The initial states are set as (0) [-1 rad,0]=x (case 1) and 

(0) [35 rad,0]=x (case 2). The design parameters are set as 1 30c = , 2 10c = , 

0.1uV = (case 1) and  1 15c = , 2 10c = , 0.1uV = (case 2). The simulation 

results are shown in Fig. 6-2 to Fig. 6-7. In the case 1, from Fig. 6-2, it is 

shown that the system output 1( )x t  tracks the bounded ( )dy t  command well. 

Figs. 6-3 and 6-4 are the control input u(t) and the tracking error 1( )z t , 

respectively. In the case 2, from Fig. 6-5, it is shown that the system output y(t) 

also tracks the bounded ( )dy t  command well. Figs. 6-6 and 6-7 are the 

control input u(t) and the tracking error 1( )z t , respectively. 
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   Fig. 6-2. The system output 1x (solid line) and bounded reference 

dy (dashed line) (case 1). 
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         Fig. 6-3. The control input u (case 1). 

rad 

volt 



 72

0 1 2 3 4 5 6 7 8 9 10
-10

-5

0

5

10

15

20

25

30

35

40

Time(sec)
 

Fig. 6-4. The tracking error 1 1 dz x y= −  (case 1). 
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    Fig. 6-5. The system output 1x (solid line) and bounded reference 

dy (dashed line) (case 2). 
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  Fig. 6-6. The control input u  (case 2). 
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  Fig. 6-7. The tracking error 1 1 dz x y= − (case 2). 

 

6.4 Introduction of Experiment 

  In this section, we will describe the DC servo motor experimental 

platform and hardware framework. In addition, we use the genetic adaptive 

volt 

rad 
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fuzzy-neural control scheme for tracking control of a DC servo motor. 

 

6.4.1 Hardware Framework 

The experimental platform MT22R2-24 DC servomotor system shown in 

Fig. 6-8 was made by SME Company. The maximum output voltage of control 

module is 10V and the maximum output voltage of motor is 75V (max. 

3000RPM). The relational ratio is shown in Fig. 6-9. 

 

Fig. 6-8. MT22R2-24 DC servomotor. 

    

Fig.6-9. Relationship of the control modules input and output. 
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The specification of MT22R2-24 is shown in Table 6-1. 

Table 6-1. Specification of MT22R2-24. 

Physical quantity           Numerical value             Unit 

Max. Voltage(V)                120                  Volts 

Max. Speed(RPM)              5000                 RPM 

Armature Moment of inertia(J)      0.0006               Kg-m^2 

Torque Constant( tK )              0.23               N-m/Amp 

Voltage Constant( bK )             0.23              Volts-sec/Rad 

Resistance(R)                3.11809                Ohm 

Peak Stall Torque                8.0                  N-m 

Acceleration at Peak Torque        13300               Rad/sec^2 

Mechanical Time Constant           16               Milliseconds 

B                      0.00203              N-m-s/rad 

Motor Weight                  4.1                   Kg 

 

The block diagram of hardware implementation is shown in Fig. 6-10. The 

hardware structure is composed of a person computer, USB I/O 24 module, 

microcontroller (82G516), switching DC-DC converter and DC servo motor 

system. The proposed method is implemented by using the person computer 

with 5-ms sampling interval, and the servo driver motor system is controlled by 

Pulse-Width Modulation (PWM) method where switch-duty ratio D∈[-1,1] is 

varied to adjust the output of the Buck DC-DC converter. The control input 

voltage u  in PC needs to be transformed into the switch duty ratio D, and then 

the servo driver motor system is controlled by the output voltage of the 
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converter. The duty ratio of PWM is described as : 

1 , 75

, 75 75
75

1 , 75

if u
uD if u

if u

>⎧
⎪⎪= − ≤ ≤⎨
⎪
− < −⎪⎩

                      (6-13) 

 

               
Fig.6-10. The block diagram of hardware implementation. 

 

6.4.2 Experimental Results 

  The experimental control system block diagram is shown in Fig. 6-11. 

According to initial states, design parameters and reference signals, two 

experimental cases are given to test the performance of the controlled systems. 

The experimental results are shown in Figs. 6-12, 6-13, 6-14, 6-15, 6-16, 6-17, 

6-18 and 6-19. In the cases 1, from Fig. 6-12, it is shown that the system output 

1x  tracks the bounded dy  command well. The tracking error responses are 

shown in Fig. 6-13. And the associated switch duty ratio D and the associated 

control input voltage u  are shown in Figs. 6-14 and 6-15, respectively. In the 
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cases 2, from Fig. 6-16, it is shown that the system output 1x  tracks the 

bounded dy  command well. The tracking error responses are shown in Fig. 

6-17. And the associated switch duty ratio D and the associated control input 

voltage u  are shown in Figs. 6-18 and 6-19, respectively. As shown in Fig. 

6-15, the state 1x  of the servo motor can also track the reference signal well 

even though the reference signal is a sine wave. 

 

d
dt

d
dt

dy
1c

dt∫

(0)w

[ ]D d d= −
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  Fig. 6-11. Control system block diagram. 
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   Fig. 6-12. The system output 1x (solid line) and bounded reference 

dy (dashed line) (case 1). 

 

 

   Fig. 6-13. The tracking error 1 1 dz x y= − (case 1). 
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Fig. 6-14. The switch duty ratio D (case 1). 

  

   Fig. 6-15. The control input voltage u  (case 1). 
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Fig. 6-16. The system output 1x (solid line) and bounded reference 

dy (dashed line) (case 2). 

 

   

 Fig. 6-17. The tracking error 1 1 dz x y= − (case 2). 
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Fig. 6-18. The switch duty ratio D (case 2). 

 

  

   Fig. 6-19. The control input voltage u  (case 2). 

 

6.5 Conclusions 

In this chapter, the genetic adaptive fuzzy-neural control scheme as 

discussed in Chapter 4 is used in dc servomotor for simulation and experiment. 
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Compare with experimental results, we find that performance in simulation is 

better than in experiment with the same conditions. That results from the 

temperature of motor, the signal disturbance, the damage of component or 

equipment, the preciseness of circuits design and so on. However, the genetic 

adaptive fuzzy-neural control still achieves the desired effect in position 

tracking of the servo motor experiment. 
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Chapter 7 

Summaries and Suggestions for Future Research 

 
7.1 Summaries 

In general, the universal approximators are trained via gradient-based 

methods, which may only find a local minimum solution during the learning 

process. Therefore, in Chapter 2 of this thesis, we proposed a compact GA 

(Genetic Algorithms) optimization algorithm to adjust the weightings of 

fuzzy-neural networks.  

The CGA-based fuzzy neural backstepping control scheme has been 

proposed to control a class of single-input single-output (SISO) nonlinear 

systems in Chapter 3. The control scheme incorporates the backstepping design 

technique with a fuzzy neural network. The weightings of the fuzzy neural 

controller are tuned on-line via the CGA approach. The free parameters of the 

fuzzy-neural controller can be successfully tuned on-line via the CGA approach 

with a special evaluation mechanism. In order to guarantee that the system 

states are confined to the safe region, a safe controller is incorporated into the 

CGA-based fuzzy neural backstepping controller. Simulation results have 

shown that the proposed CGA-based fuzzy neural backstepping control scheme 

can rapidly learn the unknown system dynamics, and achieve favorable tracking 

performance. 

Based on the presented method in Chapter 3 for SISO system, the 

CGA-based fuzzy neural backstepping control scheme to control a class of 

multiple-input multiple-output (MIMO) nonlinear systems is proposed in 

Chapter 4. In addition, the genetic adaptive fuzzy-neural control scheme for a 

class of MIMO robotic systems has been developed in Chapter 5.  
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Finally, a genetic adaptive fuzzy-neural control scheme for tracking control 

of a DC servomotor has been proposed in Chapter 6. The experimental 

equipment is composed of a person computer, USB I/O 24 module, micro 

controller (82G516), DC-DC converter and a DC servo motor system. 

Simulation and experiment results have shown that the proposed genetic 

adaptive fuzzy-neural control scheme can rapidly learn the unknown system 

dynamics, and achieve favorable tracking performance. 

 

7.2 Suggestions for Future Research 

The future research is recommended to work toward the following two 

directions. Since in this thesis we only discuss with the affine nonlinear 

systems, the first future work is expected to extend the presented method to 

more general nonlinear system. In addition, to demonstrate the applicability of 

propose method in practical system, we use the control scheme for tracking 

control of a DC servo motor. So the second future work is that the control 

scheme could be applied in other practical systems, such as the voltage control 

of DC-DC converters. 
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