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ABSTRACT 

The goal of intelligent control is to achieve control objectives for complex systems 

where it is impossible or infeasible to develop a mathematical system model but ex

pert skills and heuristic knowledge from human experiences are available for control 

purposes. To this end, an intelligent control system must have the essential charac

teristics of human control experiences, i.e., linguistic knowledge representation, which 

facilitates the process of knowledge acquisition and transfer, and adaptive knowl~dge 

evolution or learning, which leads to the improvement in system performance and 

knowledge. This dissertation presents an efficient approach that combines fuzzy logic 

and neural networks to capture these two important features required for an intelli

gent control system. 

A design method for adaptive neuro-fuzzy controllers has been proposed using 

structured neuro-fuzzy networks. The structured neuro-fuzzy networks consist of 

three types of subnets for pattern recognition, fuzzy reasoning, and control synthesis, 

respectively. Each sub net is constructed directly from the decision-making procedure 

of fuzzy logic based control systems. In this way, a one-to-one mapping between a 

fuzzy logic based control system and a structured neuro-fuzzy network is established. 

This mapping enable us to create a knowledge structure within neural networks 

based on fuzzy logic, and to give a learning ability to fuzzy controls using neural 
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networks. From the perspective of neural networks, the proposed design method of

fers a mechanism to: construct networks with heuristic knowledge, instead of using 

digital training pairs, which are much more difficult to get, build decision structures 

into networks, which divide a network into several functional regions and make the 

network no longer just as a black-box function approximator, and conduct network 

learning in a distributed fashion, i.e., each sub-network of different functional regions 

can learn its own function independently. On the other hand, from the perspective of 

fuzzy logic, the proposed design method provides a tool to: refine membership func

tions, inference procedures, and defuzzification algorithms of fuzzy control systems; 

generate new fuzzy control rules so that fuzzy control systems can adapt to gradual 

changes in environments and implement parallel execution of rule matching, firing, 

and defuzzification. 

Several simulation studies have been conducted to demonstrate the use of the 

structured neuro-fuzzy networks. The effectiveness of the proposed design method has 

been clearly shown by the results of these studies. These results have also indicated 

that fuzzy logic and neural networks are complementary and their combination is 

ideal to achieve the goal of intelligent control. 
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CHAPTER 1 

Introduction 

1.1 Motivation 

During the past decade or so, many researchers have turned their attention to 

fuzzy logic-based control systems (FLCS) and neural networks (NN) when the en

countered problems become more and more complex and cannot be solved practically 

using traditional methods based on analytical system modeling. It is believed that 

FLCS and NN are more efficient to solve complex systems, especially systems involv

ing human-machine interaction. 

During the past several years, the uses of FLCS and NN for control purposes have 

emerged as two of the most active and fruitful research areas. Various examples of 

applying the two methods for control of dynamic systems, ranging from inverted pen

dulum [2, 12, 91], DC motors [82], robotic manipulators [38, 73], wood pulp grinders 

and sewage treatment [59], traffic problems [60], beer brewing [81, 28], automated 

mining excavation [52, 53, 54], to hydrologic systems [8, 67], and many others, have 

been reported in the literature. Among the successful real applications of FLCS are 

the operation control of a cement kiln [69], guidance control of subway trains [106], 
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power control of nuclear reactors [14, 15], and helicopter control [77]. 

It is now well known that issues such as uncertainties and imprecision in modeling 

and analysis can be dealt with effectively using fuzzy logic and neural networks. 

Recently, interest has been considerably increasing in combining fuzzy logic and 

neural networks for the design of intelligent control systems. This is motivated in 

part by the fact that fuzzy logic is an ideal tool for linguistic knowledge representa

tion, which facilitates the process of knowledge acquisition and transfer, and neural 

networks provide an efficient mechanism for adaptive knowledge evolution, which 

leads to the continuous improvement of decision-making and system performance 

[98]. Note that these are two essential characters in human control, the ultimate goal 

of intelligent control. Our objective in this dissertation is to establish a systematic 

method of combining neural networks and fuzzy logic for the purpose of intelligent 

control of complex systems. 

1.2 Problem Statement and Objective 

Many schemes of integrating fuzzy logic description and neural network imple

mentation have been proposed. These include, for example, network representation 

of membership functions [71], fuzzy associative memories [42], hybrid neurofuzzy 

controllers [10], fuzzy set and neural-network-based interpolative reasoning [86], and 

neural-network-based architecture for fuzzy logic control and decision systems [55]. 
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The connection between the Cerebellar Model Arithmetic Computer (CMAC) neural 

network and fuzzy logic control was investigated by Geng [24]. 

A detailed discussion on the relationship between fuzzy logic and neural networks 

and how best to combine them has been given by Werbos [2], where various design 

paradigms and future directions, as well as their trade-offs have also been addressed. 

However, it has been observed that most of those works have led to the loss of the 

original knowledge structures embedded in a FLCS by its network implementation. 

This is mainly due to the fact that, under mild assumptions, a multilayer neural 

network with two hidden layers is capable of matching any input/output relationship 

with any desired accuracy. Thus it seems that the knowledge structure of a FLCS is 

not important as long as one just wants to capture the input/output behavior of the 

system by a neural network. 

The knowledge structure of a system usually provides us important information 

about the pattern and organization of its decision-making process. For a FLCS, its 

decision-making process can be broken down into three steps: sensor pattern recog

nition (i.e., association of sensor readings with membership functions of linguistic 

sensory patterns), approximate reasoning (i.e, fuzzy implications and compositional 

rules), and control synthesis (i.e., calculation of fuzzy control actions and the corre

sponding procedure of defuzzification). Regardless of the modeling power of neural 

networks, there are two major reasons that the knowledge structure of a FLCS is still 
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very important and has to be sustained when it is implemented by a neural network. 

First, it is always desirable to know not only the external input/output relationship 

of a system, but the structural information of its internal decision-making process, 

e.g., how many distinctive stages are involved during the process, and furthermore, 

what is the stage( s) responsible for the system performance improvement or degener

ation? The structural knowledge must be an indispensable part of the understanding 

of a system. Second, for supervised learning, one needs a large number of numerical 

input/output pairs to train a network in order to achieve the desired system behav

ior. For control systems, however, such desired input/output pairs are generally not 

available at least during the early stage of the system development. But common 

sense, heuristics, or even expert skills can often be acquired easily. This kind of 

knowledge usually is associated with specific operations or procedures and is orga

nized into some well-conceived structure or pattern. Thus it would be very useful to 

reserve this structure of knowledge and transplant it into a neurall1etwork so that 

the heuristics can be transferred to it and be refined through the learning capability 

of the neural network, as the system evolves. This also enables a neural network 

to conduct its learning in a distributed fashion, i.e, its subnets can learn their own 

functions independently according to the knowledge structure, thus speeding up the 

network learning. The whole process is very similar to that of training a human oper

ator: at the beginning he/she is taught with general knowledge and basic procedures 
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in an off-line fashion and then is expected to gain sophisticated task skills later based 

upon his/her on-line, hands-on experience. 

The problem to be addressed in this dissertation is to develop a scheme of imple

menting a FLaB with neural networks so that the knowledge structure of the FLaB 

is fully preserved in its network implementation. In a sense our goal is to establish 

a one-to-one mapping between FLCSs and neural networks, i.e., 1) a neural network 

can be constructed directly from a FLaB description, and 2) a FLaB can be obtained 

directly from a neural network. 

1.3 Contributions 

First, a thorough simulation study has been conducted to investigate the effects 

of different reasoning methods and defuzzification algorithms used in fuzzy logic. 

Numerical results indicate clearly that different fuzzy inference and defuzzification 

procedures produce quite different control values, and consequently different control 

performances. It has also been concluded that it is difficult to judge which fuzzy 

reasoning mechanism is better, since performance varies with problems and environ

ments. To a certain extent, this feature of fuzzy controls reflects the very nature of 

human decision-making, i.e., human beings are capable of using different ways of rea

soning for different problems and in different situations. For a special control task, 

human beings are able to select the most suitable way of reasoning through trial

and-error. Human beings are also able to adapt the best way of reasoning to keep or 
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improve the performance as the environment changes. All these are due to the use 

of human brains: the biological neural networks. These observations naturally lead 

to the idea of using artificial neural networks to make the FLCS adaptive and intelli

gent, thus further justifying the need to implement a FLCS by a structured artificial 

neural network, just like a human brain is implemented by a structured biological 

neural network. 

The following results have been accomplished toward a systematic method of 

combining neural networks and fuzzy logic for the purpose of intelligent control of 

complex systems: 

1. Based on the process of decision-making of a FLCS, a procedure is established to 

convert a FLCS into a structured neuro-fuzzy network consisting of three types 

of subnets for pattern recognition, fuzzy reasoning, and control synthesis. The 

unique knowledge structure embedded in this neuro-fuzzy network enables it to 

carry out adaptive changes of fuzzy reasoning methods, membership functions 

for both input signal patterns and output control actions, and then later recover 

these changes individually and completely from its subnets. Therefore, this 

structure creates a one-to-one mapping between FLCSs and structured neural 

networks. 

2. Off-line back-propagation training rules have been derived using the gradient 

method for the structured neuro-fuzzy networks. Using the proposed training 
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rules, procedures for the existing rule modification based on network weights 

and the new generation through network augmentation are established. This 

provides an off-line mechanism to upgrade a FLOS via its corresponding neuro

fuzzy network adaptively using training data if they are available. 

3. On-line back-propagation learning algorithms have been developed based on the 

idea of self-learning control systems. The learning scheme is divided into two 

phases. The first is to approximate the unknown plant dynamics using a plant 

emulator. Once the first phase of the goal is achieved satisfactorily, the neuro

fuzzy network is updated using a dynamic back-propagation learning algorithm 

derived from the gradient method. Note that the neuro-fuzzy networks are es

pecially appropriate in this case since it is expected that their performance is 

reasonable even before any learning. This is not true for neural networks since 

their performance is unpredictable before they are well trained, therefore not 

appropriate for on-line learning. Procedures established for off-line rule modi

fication and rule generation are still valid for the on-line learning. Therefore, 

on-line learning algorithms enable us to improve a FLOS via its corresponding 

neuro-fuzzy network adaptively during real-time task execution. 

Finally, several simulation examples, such as cart-pole problems, Mexican hat, 

and bucket motion control for robotic excavation, have been conducted. The results 
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of these computer simulations have verified the effectiveness of our proposed methods 

for combing neural networks and fuzzy logic cotrol systems. 

1.4 Organization of Dissertation 

In the next chapter, we introduce briefly fuzzy logic systems and neural networks, 

review the previous research works in neuro-fuzzy network based control systems, 

and explore an effective way of combining both systems into an integrated system. 

A brief summary of operations in a FLCS will be introduced in Chapter 3. Based 

on these operations, sensitivity analyses are conducted to evaluate the effects of var

ious reasoning methods and defuzzification algorithms. Detailed numerical examples 

are provided in this chapter. 

The procedure of constructing the structured neuro-fuzzy networks based on the 

decision-making process of fuzzy logic has been illustrated in Chapter 4. Based on this 

process, the three sub-networks for pattern recognition, fuzzy reasoning, and control 

synthesis are developed and integrated to create a one-to-one mapping between the 

structured neural networks and FLCSs. 

The off-line training rules and on-line learning algorithms to improve the perfor

mance of structured neural networks are derived using the gradient method in Chap

ters 5 and 6, respectively. Procedures to obtain the modified or newly generated input 

and output membership functions, as well as the fuzzy reasoning operators, from the 
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structured neural networks after off-line training or on-line learning are explained in 

these two chapters. 

In Chapter 7, the performance of the proposed neuro-fuzzy controllers is verified 

through computer simulations and lab experiments by applying it to the problem of 

bucket-position control in robotic excavation. 

Finally, Chapter 8 concludes the dissertation with a summary and suggestions for 

the possible directions in future research. 



CHAPTER 2 

Fuzzy Logic Systems and Neural Networks Literature 

Review 

2.1 Introduction to Fuzzy Logic Systems 

2.1.1 Fuzzy Set and Fuzzy Logic 

24 

Fuzzy sets were originally developed by Zadeh [107] to formulate qualitative 

concepts without precise boundaries. For example, the level of water in a tank might 

be characterized by the linguistic descriptive terms, low, normal, and high. There are 

no meaningful landmark values representing the boundaries between low and normal, 

or normal and high. 

Zadeh [107] formalizes linguistic terms such as these as referring to fuzzy sets of 

numbers, in this case, level of water in the tank. A fuzzy set, X, within a domain, 

U, is represented by a membership function, Jlu(x) -+ [0,1]. 

Fig. 2.1 includes three membership functions defining the appropriation of applying 

the linguistic descriptors {low, medium, high} to quantitatively-defined levels. The 

theory of fuzzy sets provides a mechanism for representing linguistic constructs such 

as low, medium, high. 
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Figure 2.1: Fuzzy membership functions for linguistic describing levels 

In general, fuzzy logic provides an inference structure that enables approximate 

human reasoning capabilities [113]. In contrast, the traditional binary set theory de

scribes crisp events, events that either do or do not occur. It uses probability theory 

to explain if an event will occur, measuring the chance with which a given event is 

expected to occur. The theory of fuzzy logic is based on the notion of relative graded 

membership and so are the functions of cognitive processes. Thus, the utility of fuzzy 

sets lies in their ability to model uncertain or ambiguous data so often encountered 

in real life. 

Why is linguistic information usually represented in fuzzy terms? We think that 

there are at least three reasons: 
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• We usually find it more convenient and efficient to communicate linguistic in

formation in fuzzy terms. 

• Our knowledge about many problems is essentially fuzzy. 

• Many systems are too complex to describe in crisp terms. 

Although this kind of linguistic information is not precise, it provides important 

information about systems, and sometimes it may be the only information source. 

Thus we should make use of this fuzzy information in the engineering and scientific 

fields. 

2.1.2 Fuzzy Logic System (FLS) and Fuzzy Logic Controller (FLC) 

In the literature, this fuzzy logic system is often the fuzzy logic controller 

since it has been mainly used as a controller. Fuzzy linguistic variables have been 

incorporated into expert systems to form fuzzy logic controllers, which are being 

used successfully in an increasing number of application areas. Like expert systems, 

FLSs include a rule set to direct the decision-making process, but they also include 

membership functions to convert linguistic variables into the precise numerical val

ues computers require to implement a control strategy. The rule set is composed of 

production rules (if-then), and can be collected from a human expert's knowledge, 

which has been gained through the personal experience of working with the problem 
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Figure 2.2: Basic configuration of Fuzzy Logic Control System 

environment. 

The basic configuration of a FLS on Fig. 2.2 is fuzzijier to the input, defuzzijier 

to the output, fuzzy if-then rules, and the inference mechanism. The inference mech-

anism uses these fuzzy if-then rules to determine a mapping from fuzzy sets in the 

input universe of discourse U C Rn to fuzzy sets in the universe of discourse VCR 

based on fuzzy logic principles. 

The fuzzifier maps crisp points in U to fuzzy sets in U, and the defuzzifier maps 

fuzzy sets in V to crisp points in V. 

The fuzzy if-then rules take the following form: 

Rule r: If 81 is Sf and··· and 8n is S~ then u is ur (2.1) 
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where S[ and UT are fuzzy sets, s = (S1, .. ·, sn)T E U and u E V are input and 

output linguistic variables, respectively, and r = 1,2, ... , R. 

Each fuzzy if-then rule of (2.1) defines fuzzy set Sf x ... x S~ ---+ UT in the product 

space U xV. The most commonly used fuzzy logic principle in the fuzzy inference 

engine is the so-called sup-star composition. Specifically, let A' be an arbitrary fuzzy 

set in U. Then the output determined by each fuzzy if-then rule of (2.1) is a fuzzy 

set A' 0 RT in V whose membership function is 

where the A operator is min, product, or other conjunction operators. 

We use /-LA to represent the membership function of fuzzy set A. The final output 

of the fuzzy logic system is a fuzzy set A' 0 (Rl , ... , Rn) in V which is a combination 

of the M fuzzy sets of (2.2); that is, 

where the V operator is max, algebraic sum, or other disjunction operators. 

The fuzzy logic system has many attractive features . 

• First, it is suitable for engineering systems because its input and outputs are 

real-valued variables. 
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• Second, it provides a natural framework to incorporate fuzzy if-then rules from 

human experts. 

• Third, there is much freedom in the choice of fuzzifier, fuzzy inference mecha

nism, and defuzzifier. This will be explained in detail on the next chapter. 

• Finally, we can develop a different training algorithm for this fuzzy logic system 

so that it provides an effective framework to integrate numerical and linguistic 

information. 

2.2 Introduction to Neural Networks 

2.2.1 Neural Networks (NNs) 

Artificial neural net models or simply neural networks go by many names 

such as connectionist models and parallel distributed processing models. All these 

models attempt to achieve good performance via dense interconnection of simple 

computational elements. In this respect, artificial neural net structure is based on 

our present understanding of biological nervous systems. The brain mechanism of 

information processing has been analyzed from the viewpoint of mathematics and 

engineering [62, 74]. It is also known as associative memory or a learning machine. 

The biological neuron receives signals from various other neurons through each 

synapse. It fires neural pulses if these input signals exceed a certain threshold value 
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and will not fire for signal below the threshold. In simple terms, a neuron can be 

depicted as an information processing element (PE) which receives an n-dimensional 

neural input vector, 

and yields a scalar neural output Y E Rl. The input vector, X E RN, represents the 

signals being transmitted from the n-neighboring neurons to the sensory neurons. 

The information processing ability of a neuron can be represented as a nonlinear 

mapping operation [88]. An example of engineering models expressing this biological 

concept is the multi-input, single-output nonlinear circuit shown in Fig. 2.3. The 

mathematical form expresses the relationship between the input X and the output 

Y of this mathematical model. 

Yi = J('Ef WjiXj + WOi) 

J(z) = l+!-" 

where W is connection weight for reflecting the input signal to the model and JO is 

a sigmoid function expressed in J(z). 

2.2.2 Nonlinear Activation Function 

The basic operation of an artificial neuron involves summing its weighted input sig

nal and applying an output, or activation, function. For the input unit, this function 

is identity function. Typically, the same activation function is used for all neurons in 
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Figure 2.3: (a) Neuron model and (b) Structure of neural network 

any particular layer of a neural network, although this is not required [22]. In most 

cases, nonlinear activation function is used. In order to achieve the advantages of 

multilayer nets, nonlinear functions are required. 

Sigmoid functions are useful activation functions. Binary sigmoid functions and 

the hyperbolic tangent functions are the most common in activation functions. They 

are especially advantageous for use in neural nets trained by backpropagation, be-

cause the simple relationship between the value of the function at the point and value 

of the derivative at that point reduces the computational burden during training. The 

binary sigmoid function can be scaled to have any range of value that is appropriate 

for a given system. These are common activation functions: 

Binary sigmoid function :f(x) = (1 + e-UX
) 



Bipolar sigmoid function :f(x) -

hyperbolic tangent function :f(x) -

1 - e-u:r; 

1 + e-u:r; 

1 - e-u2:r; 

1 + e-u2:r; 

32 

The reason for employing a sigmoid function is that it is an onloff function and is 

differentiable; that is the essential condition for back-propagation. An NN can attain 

the model identification well suited for training data because of its nonlinearity and 

learning function. It is important to endow the learning data with enough deviation 

to derive a model that performs well. 

2.2.3 Multi-Layered Neural Networks 

In the previous subsection, a single layer network and activation function were 

described. Although a single layer network can perform certain simple pattern de-

tection functions, the power of neural computation comes from the neurons con-

nected in a network structure. Larger networks generally offer greater computational 

capabilities[75]. Arranging neurons in layers or stages is supposed to mimic the lay-

ered structure of a certain portion of the brain. Multi-layer neural networks are 

feed-forward nets with one more layers between the input and output layers. These 

additional layers contain hidden nodes that are not directly connected to both the 

input and output nodes. A three·.layer network can form arbitrarily complex decision 

regions and separate the meshed classes[50]. This means a three-layer network can 
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generate arbitrarily complex decision regions. 

Back-propagation [75] is an effective learning algorithm of multilayer neural net

works and has directed attention to the information processing capability of artificial 

neural networks. It is an iterative gradient algorithm designed to minimize the mean 

square error (MSE) between the actual output and desired output of a multilayer 

network. This algorithm has been widely employed for various pattern classifications 

or inference problems expressed in terms of nonlinear functions. Learning of neural 

networks is explained in detail in chapter 5. 

2.3 Neuro-Fuzzy Control System (NFCS) 

2.3.1 Integration of Fuzzy Logic Systems with Neural Networks 

Over the last decade fuzzy logic has provided an inference morphology that en

ables approximate human reasoning capabilities to be applied to knowledge-based 

systems [110, 37]. The theory of fuzzy logic provides a mathematical strength to 

capture the uncertainties associated with human cognitive processes, such as think

ing and reasoning. Also, it provides a mathematical morphology to emulate certain 

perceptual and linguistic attributes associated with human cognition. 

While fuzzy theory provides an inference mechanism under cognitive uncertainty, 

neural networks offer powerful advantages such as learning, adaptation, fault-tolerance, 
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parallelism and generalization. The neural networks, comprised of processing ele

ments called neurons, are capable of coping with computational complexity, nonlin

earity, and uncertainty. 

The implementation of fuzzy control systems often relies on a substantial amount 

of heuristic observation to express the control strategy's knowledge. Neural networks 

consist of highly interconnected processing units that can learn and globally estimate 

input-output functions in a parallel-distribution framework. Fuzzy logic systems store 

and process rules, which output fuzzy sets associated with input fuzzy sets in parallel. 

The parallelism properties of neural networks and linguistic inference mechanisms of 

fuzzy logic systems make their integration more suitable for solving the study of the 

behavior of systems, which are imprecisely defined by virtue of their high degree of 

complexity. 

A brief comparative view between fuzzy logic systems and neural networks in 

their operations in the context of knowledge acquisition, uncertainty, reasoning and 

adaptation is presented in Table 1 [26]. 
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Skills Fuzzy logic systems Neural networks 

Knowledge acquisition Inputs Human experts Sample sets 

Tools Interaction Algorithms 

Uncertainty Information Quantitative/Qualitative Quantitative 

Cognition Decision making Perception 

Reasoning Mechanism Heuristic search Parallel computations 

Speed Low High 

Adaptation Fault-tolerance Low Very high 

Learning Induction Adjusting weights 

Natural language Implementation Explicit Implicit 

Flexibility High Low 

Table 1: A comparative view between Fuzzy Logic Systems and Neural Networks 

As a result, several issues are exploited that integration of the great learning 

capability of neural networks with fuzzy logic systems to form the initial rule and 

membership functions of the fuzzy control system tunes the rules and membership 

functions to manage the fuzzy control system efficiently and accuracy. 

A number of ways for multi-layered neural networks to implement functions of a 

fuzzy logic controller have been proposed. Neural network-based fuzzy logic control 
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systems (NFCS) are more adaptable through their network structure and learning 

ability for the real environment than the traditional fuzzy logic control. NFCS can be 

constructed from training example pairs by neural learning techniques to implement 

fuzzy inference mechanisms and find optimal input-output membership functions. 

2.3.2 Neural-Fuzzy Control System (NFCS) 

Neural-Fuzzy Control System or adaptive fuzzy logic system is defined as 

a fuzzy logic system equipped with learning algorithms, where the fuzzy logic system 

is constructed from a set of fuzzy if-then rules, and the learning algorithm adjusts 

the parameters and the structures of the fuzzy logic system on numerical informa

tion. NFCS can be viewed as fuzzy logic systems whose rules can be automatically 

generated and modified through learning. 

To refine FLS in terms of an adaptive fuzzy logic system, the procedure of inte

grating the multi-layer network with fuzzy logic involves several steps. First of all, a 

fuzzy control strategy is created by the membership functions and fuzzy rules accord

ing to the knowledge and experience of human experts. The membership functions 

measure the degree to which the estimated data from the sensors belong to input or 

output state space. Then, the neural network is initialized by setting the node con

nections and weights according to the fuzzy logic system. In the network, nodes and 

layers represent input and output linguistic variables, membership functions, fuzzy 
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rules, and fuzzy inference mechanism in each network or sub-network. 

In the network model, the input variables are applied to the model, the actual 

output value is calculated via an activation function, and then the output value is 

compared to the desired output values. Subsequently, the model learns a desired 

output pattern through the adjustment of weights in the network, based on the 

back-propagation algorithm, so as to make the membership functions and fuzzy rule 

adaptable to desired performance. The network's precision is then enhanced by 

learning so it can represent an neural-fuzzy system or adaptive fuzzy system. 

2.4 Trends of the R.esearch for NFCS 

Fuzzy set methods have recently achieved a high degree of success and popularity 

in many areas such as control, multi-criteria decision-making, approximate reasoning, 

and pattern recognition over more than two decades. Fuzzy logic has found a variety 

of applications in various fields ranging from industrial process [43, 83], to medical 

diagnosis and securities trading [78, 111]. Most notably, a fuzzy logic system has been 

applied to control nonlinear, time-varying, ill-defined systems, to control systems 

whose dynamics are exactly known, such as servomotor position control [47], and to 

manage complex decision-making or diagnosis systems [78, 111]. 

What makes fuzzy set theory and fuzzy logic so attractive is the fact that they provide 
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a powerful and flexible framework to represent vague and ill-defined concepts, and 

they represent and numerically manipulate linguistic rules in a natural way. 

The initial work on experimental fuzzy controllers was done by Mamdandi and 

Assilian [59] on the steam engine control. This original work on the steam engine 

control sparked considerable interest in England and Holland [57, 69, 94]. 

C. C. Lee [43] provides a useful review of fuzzy logic control systems. In the 1980s, 

a resurgence of interest in fuzzy controllers was sparked by its application to the 

Shendai Railway in Japan [106] as well as the development of fuzzy logic chips [92]. 

This interest has been especially sustained in Japan [84]. 

As we mentioned before, fuzzy logic systems act their decisions on inputs in the 

form of linguistic variables derived from membership functions which are formulas 

used to determine the fuzzy set. The variables are then matched with the precondi

tions of linguistic fuzzy control rules, and the consequence of each rule is obtained 

through fuzzy implication. To perform compositional rules of inference, the conse

quence of each rule is weighted according to the confidence or degree of membership 

of its inputs; the centroid of the consequences is then calculated to generate the 

appropriate output. 

However, there is no systematic procedure for the design of fuzzy logic systems to 

be adjusted the membership function and rules if the design fails the test. The most 

useful approach for design of fuzzy logic systems is to define membership functions 
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and rules subjectively by studying a human-operated system and then testing the 

design for the proper output. 

A recent direction of exploration is to design fuzzy logic systems that have the 

capability to learn from experience itself [43, 44]. So researchers are interested in 

application of neural networks as a means of implementing fuzzy controllers. Cur

rently, some published results display the ability to create fuzzy control rules and to 

modify them based on experience [80, 84]. In Scharf's self-organizing fuzzy controller 

on robotics application, the model can create and modify the rules which form the 

control strategy by referencing to an incremental performance matrix to adjust the 

rule matrix[90]. Sugeno's fuzzy car [84], which can be trained to turn and park by 

itself, is another interesting example. He treated the consequence of a rule as linear 

equation of the process state variables instead of as membership function. In this way, 

the problem is reduced to parameter estimation which can be done by optimizing a 

least square performance index via a weighted linear regression method [102]. 

Although these methods showed promising results, they are subjective and some

what heuristic, and the choice of membership functions still depends on trail-and

error. Hence, bringing the learning abilities of neural networks to fuzzy logic systems 

may provide a more promising approach, since neural networks have a large number 

of highly interconnected processing elements that demonstrate the ability to learn 
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and generalize from training patterns or data. Neural networks, like fuzzy logic con

trol systems, are excellent at developing human-made systems that can perform the 

same type of information processing that our brains perform. 

One benefit of using neural-network structure is the ability to learn, particularly 

membership functions and control rulebase [105]. On the other hand, a drawback 

generally associated with the use of neural technologies, especially in the situation 

in which we have to use networks with multiple hidden layers, is the long learning 

time for the associated weights in the network. The use of a fuzzy logic system with 

neural networks allows us to reduce this burden. In particular, by drawing upon the 

inference structure provided by the fuzzy logic, we can craft the neural architecture. 

By using these crafted networks rather than just general neural structures, we reduce 

the amount of learning that is necessary. We feel that the crafting of neural networks 

guides by fuzzy logic formalisms and structures will provide an important tool for the 

development of future intelligent systems. It should also be noted that the facility for 

parallelism in the neural technology will also play a significant role in the speeding 

up of the inherently parallel operators prevalent in fuzzy logic. 

There are many successful applications of the crafted neural networks in a variety 

of areas. One of the most popular examples in the control field is the control of the 

cart-pole problem by Bart et al. [6], Anderson [2], Lin and George Lee [48], and the 

neural network for nonlinear self-tuning adaptive control [19]. 
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What are the features of neural networks for a fuzzy logic system? Two major 

features of neural networks are distributed representation and learning capabilities. In 

distributed representation, value is represented by a pattern of activity distributed on 

many processing elements, and each processing element is involved in representing 

many different values. Therefore, each processing element corresponds to a fuzzy 

set, and its receptive field corresponds to the membership function. This coincidence 

brings the advantage of distributed representation in neural networks, which includes 

efficient hardware usage, easy generalization, and fault tolerance [29], into fuzzy logic 

systems. 

Learning ability is another strength in neural networks. Among the four classes 

of learning schemes [30]; the unsupervised procedure, which constructs internal mod

els that capture regularities in their input vectors without receiving any additional 

information [42], is suitable to find clusters of data indicating the presence of fuzzy 

rules; the supervised procedure, which requires a teacher to specify the desired output 

vector; the hybrid procedure, which combines unsupervised learning and supervised 

gradient-descent learning procedures, is applied to build the rule nodes and train the 

membership functions; and the reinforcement procedure, which only requires a single 

scalar evaluation of the output, is good to adapt the rules or membership functions 

for the desired output in fuzzy logic systems. How do the features of neural net

works, especially these learning, make neuro-fuzzy systems for intelligent systems in 

real world? 
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2.4.1 Learning Algorithms for Neural-Fuzzy Logic System 

1. Supervised Learning 

In a model for pattern recognition, feedforward multi-layer neural networks are 

trained through back-propagation to act as membership functions for phonemes 

or syllables in acoustic cue detection for speech recognition, and fuzzy logic is 

applied on the output of neural networks [1]. However, back-propagation has 

well-known drawbacks such as slowness and convergence at local minima. 

Horikawa et ai. [32] proposed three types of neural network structures of which 

the connection weights have particular meaning for acquiring fuzzy inference 

rule and for tuning membership functions. The networks were based on the use 

of the back-propagation algorithm, and they can acquire the fuzzy inference 

rules and tune the membership function simultaneously through learning from 

inference data of experts. 

2. Unsupervised Learning 

In fuzzy ARTMAP [18], the system is a self-organizing neural architecture that 

is capable of rapidly learning to recognize, test hypotheses about, and predict 

consequences of analog or binary input patterns occurring in a nonstationary 

time series. The architecture embodies a synthesis of neural networks and 

fuzzy logic operations and{Min), or{Max) that together achieve a set of unique 

computational properties. Even though this is one of a rapidly growing family 
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of attentive self-organizing learning hypothesis testing, prediction systems, and 

the control of mobile robots [5], the system has a range of application due to 

the ability to adapt the number, shape, and scale of their category boundaries. 

In Hung's paper [33], two types of neural networks were used adapting the fuzzy 

control system: the two-stage training network using Kohonen self-organizing 

learning (SOM) and learning vector quantization (LVQ) algorithm and a multi

layer network using backpropagation learning algorithm. The integration of the 

multilayer network had implemented a fuzzy control system by a six-layers neu

ral network. This two- stage training network has been applied in generating 

fuzzy principle rules from off-line learning experimental, input-output data. 

An adaptive-network-based fuzzy inference system (ANFIS) [34] has been pre

sented a generalized control strategy that enhances fuzzy controllers with self

learning capability. This methodology, termed temporal backpropagation (TBP 

), is model-insensitive as a special form of gradient descent to be used for train

ing neural networks. The adaptive network which is functionally equivalent to 

a fuzzy controller, is a multi-layer feedforward network. Each node performs a 

particular function on incoming signals using a set of a parameters. However, 

it cannot implement fuzzy logic based control systems easily because of the 

complexity of this methodology. 
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3. Hybrid Learning 

In combining supervised learning with unsupervised learning [49], the neural 

network-based fuzzy logic control system (NN-FLCS) was constructed from 

training example pairs by neural learning techniques to develop fuzzy logic 

rules and find optimal input-output membership functions. Two complemen

tary structure-parameter learning algorithms are proposed for setting up the 

combined unsupervised learning and supervised gradient-descent learning pro

cedure to build the rule nodes and train the membership functions of the term 

nodes. 

Unfortunately, this two-phase hybrid learning algorithm performs well only if 

sets of training data are available off-line. For the learning problems with on-line 

training data, an on-line supervised structure-parameter learning algorithm has 

been suggested for constructing the NN-FLCS automatically and dynamically. 

The on-line learning algorithm combines the back-propagation scheme for the 

parameter learning and a fuzzy similarity measure for the structure learning. 

The structure of neural network based FLCDS[48, 49] has five layers. 

In the Fuzzy Neural Networks [17] for fuzzy arithmetic, i.e., max in place of 

addition and min for multiplication, the signals of the input and output layer 

must be fuzzy sets. The system has three types of fuzzy neural networks, which 

are FNN1 for real number signals and fuzzy set weights, FNN2 for fuzzy signals 

and real number weights, and FNN3 for both fuzzy signals and fuzzy weights. 
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For an application of fuzzy control, the FNNI was suggested in the industrial 

process. The new fuzzy unit has, instead of a single weight, a set of fixed fuzzy 

sets and real number weights. A hybrid learning algorithm is applied to the 

weights. However, the hybrid learning algorithm becomes to be limited for only 

regular fuzzy arithmetic based on the extension principle. 

4. Reinforcement Learning 

Reinforcement learning-based methods are used when the input-output train

ing data are not available. The learning system is told indirectly about the 

effects of control actions by a qualitative, possibly delayed, signal. This sin

gle reinforcement signal from the environment is used to adjust the controller 

parameters. This credit assignment problem has been widely studied by the 

pioneering work of Barto et al. [6]. Kosko proposed a system [42], called fuzzy 

cognitive maps, to integrate neural networks and fuzzy logic, and the differen

tial Hebbian learning law is used to learn the causal structure of the system. In 

these approaches, either the membership functions or fuzzy logic rules are still 

chosen subjectively or the complete fuzzy control problem is not solved. 

In Lee's paper[44], reinforcement learning is used to add the consequence of 

fuzzy logic rules for the cart-pole balancing problem. In the Adaptive Fuzzy 

System and Control [102], feedforward multi-layer neural networks are trained 
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through backpropagation to act as a membership function for independent vari

ables in the system equation and fuzzy logic is applied to the output of the 

neural network for the fuzzy identifier. 

A general neural-network model [48] was proposed for fuzzy logic control and 

decision systems. The model, in the form of feedforward multi-layer net, com

bines the idea of fuzzy logic controller and neural network structure and learning 

abilities into an integrated neural-network-based fuzzy logic and decision sys

tem. This fuzzy logic control network is constructed automatically by learning 

the training examples themselves. 

2.5 Summary 

The theory of fuzzy logic is based on the notion of relative graded membership and 

is also the function of cognitive processes. Thus, the utility of fuzzy sets lies in their 

ability to model uncertain or ambiguous data so often encountered in real life. Artifi

cial neural networks attempt to achieve good performance via dense interconnection 

of simple computational elements. The information processing ability of a neuron 

can be represented as a nonlinear mapping operation. An example of engineering 

models expressing this biological concept is the multi-input, single-output nonlinear 

circuit. 
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While fuzzy theory provides an inference mechanism under cognitive uncertainty, 

neural networks offer powerful advantages such as learning, adaptation, and paral

lelism. The neural networks, comprised of processing elements called neurons, are 

capable of coping with computational complexity, nonlinearity, and uncertainty. 

In a sense, neural network-based fuzzy logic control systems (NFLOS) are more 

adaptable through their network structure and learning ability for the real envi

ronment than the traditional fuzzy logic control. NFLOS can be constructed from 

training example pairs by neural learning techniques to implement fuzzy inference 

mechanisms and find optimal input-output membership functions. Many researchers 

in recent years are interested in the application of neural networks as a means of 

implementing fuzzy controllers. 

However, we observed that these multi-layered neural networks have lost the orig

inal knowledge structure embedded in a FLOS by its network implementation. Thus, 

the neural networks implemented fuzzy logic system didnot make a c1ear knowledge 

structure within the resultant networks that enabled them to transfer human knowl

edge and expert skill into the neural network controllers and accelerate the learning 

process of the controllers. 
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CHAPTER 3 

Sensitivity Analysis for Fuzzy-Logic Based Control Systems 

3.1 Introduction: Fuzzy-Logic Based Control Systems 

We shall briefly summarize some of relevant concepts of fuzzy set theory and 

fuzzy logic in this chapter. We also present the main ideas underlying the fuzzy logic 

control in terms of fuzzy logic. Then basic structure of fuzzy control system (FOS) 

is explained with the main components along to the procedure of fuzzy control. 

3.1.1 Fuzzy Sets and Their Operations 

Let U be a collection of objects denoted by [u], which could be discrete 

or continuous. U is called the universe of discourse and u represents the generic 

element of U. 

Definition 3.1 : Fuzzy Set 

A fuzzy set F in a universe of discourse U is characterized by membership 

function J.tF which takes the values in the interval [0, 1], namely, J.tF : U ~ [0,1]. 

Thus a fuzzy set F in U may be represented as a set of ordered pairs of generic 
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element u and its grade of membership function : 

F = {(u, JLF(U)) I u E U, JLF(U) E [0,1]} (3.1) 

Definition 3.2 : Support, Crossover point, Fuzzy singleton, a-level Set 

1. The support of a fuzzy set F is the crisp set of all points U in U such that 

JLF(U) > 0. 

2. The element U in U at which JLF = 0.5, is called the crossover point. 

3. If the support of a fuzzy set F is a single point at which JLF = 1.0, the F 

is called a fuzzy singleton. 

4. The crisp set of elements that belong to the fuzzy set F at least to the 

degree a, JLF( u) > a is called the a-level set. 

Fig. 3.1 shows the membership functions of two fuzzy sets, namely, young and old 

for the human age. In this example, the universe of discourse is all age of human; 

that is, U = [0,80], where 80 assumes the oldest age of the human. 

• At age 30, for example, the fuzzy set young has membership value 0.7, that 

is, JLyoung(30) = 0.7, and the fuzzy set old has membership value 0.45, that is, 

JLold(30) = 0.45. 

• The support of the fuzzy set, young: JLyoung = [0,60], 

• the the crossover point of the fuzzy set, youngO.5 = {35}, 
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Figure 3.1: Membership functions for human age 

• youngO.8 = {1,20} for the a - level set a = 0.8. 

Age 

Let A and B be two fuzzy sets in U with membership function JLA and JLB, respec-

tively. The set theoretic operations of union, intersection and complement for fuzzy 

set are defined via their membership function. 

Definition 3.3 Intersection, Union, and Complement 

(1) The intersection A n B of A and B is a fuzzy set in U with 

membership function defined for all u E U by (Fig. 3.2), 

(3.2) 

(2) The union AUB of A and B is a fuzzy set in U with membership 

defined for all u E U by (Fig. 3.2), 

(3.3) 
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(3) The complement A of A is a fuzzy set in U with the membership 

function defined for all u E U by (Fig. 3.2), 

(3.4) 

max (A,B) : ........ . 

min (A,B): -

-A A .......... 
....••...• 

' . ... 

......................................................................................................................................... 

Figure 3.2: Intersection, Union, and Complement of Fuzzy set 

Usually, the intersection and union operators are denoted by symbol 1\ and v, 

respectively. In general, triangular norms which are triangular norm and triangular 

co-norm represent intersection, union, and complement. Thus triangular norm and 

triangular co-norm can be considered to be the most general intersection operator 

and union operator, respectively. 

Definition 3.4.1 Triangular Norms (t-norm) 

Triangular norm, denoted by *, is a two-place function from [0, 1] x 

[0,1] to [0,1] , i.e, *:[0,1] x [0, 1] -4 [0,1], which includes intersection, 



algebraic product, bounded product and drastic product. The greatest 

triangular norm is the intersection and the least is the drastic prod

uct. The operations are defined for all x, y E [0,1]: 

intersection x n y = min(x, y) 

algebraic - product x· y = xy 

bounded - product x ® y = max{O, x + y - I} (3.5) 

x ify=1 

drastic - product x 0 y y if x = 1 

° if x, y < 1 

Definition 3.4.2 Triangular Co-Norms (t-conorm) : 

Triangular co-norm, denoted by +, is a two-place function from 

[0,1] x [0,1] to [0,1], i.e., +:[0,1] x [0, 1] ~ [0,1], which includes 

union, algebraic sum, bounded sum, and drastic sum. The opera

tions are defined for all x, y E [0,1]: 

unwn xU y = max(x,y) 

algebraic - sum x+y = x + y - xy 

bounded - sum x ffi y = min{l, x + y} (3.6) 
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x if y = 0 

drastic - sum x l±l y - y if x = 0 

1 x,y > 0 

Definition 3.5 Cartesian Product, Fuzzy Relation and Super-star Com

position 

(1) Cartesian Product : 

If AI, ... , An are fuzzy set in UI,' .. , Un, respectively the Cartesian 

product of AI, ... , An is a fuzzy set in the product space UI X ••• X Un 

with the membership function 

or 

(2) Fuzzy Relation: 

A n-array fuzzy relation is a fuzzy set in UI X· •• X Un and is expressed 

as 

RUlx,,,xUn = {((UI,''',Un),PR(UI,''',un)) I 

((UI'''''Un) E UI x .. · X Un} (3.8) 

(3) Super-star Composition: 

If Rand S are fuzzy relations in U x V and V x W, respectively, 
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the composition of Rand S is a Super-star Composition denoted by 

R 0 S and is defined by 

R 0 S - {[( U, w), SUp(J.LR( u, v )J.Ls( v, w))], U E U, v E V, w E W} 

or 

J.LRoS(U, w) = SUVP{J.LR(U,v) * J.LS(v,w)} 
vE 

where * could be any operator in a class of t-norm. 

Definition 3.6 Extension Principle: 

Let U and V be two universe of discourse and f be a mapping from 

U to V. For a fuzzy set A in U, the extension principle defines a 

fuzzy set B in V by 

(3.10) 

That is, J.LB(V) is the superior of J.LA(U) for all U E U such that 

f(u) = v, where v E V and we assume that f-I(V) is not empty. If 

f-I(V) is empty for some v E V, J.LB(V) = O. 
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(3.9) 

As a simple illustration of the use of extension principle, suppose that f is a function 

mapping ordered pairs from Xl = {a,b,c} and X 2 = {x,y} to Y = {p,q,r}. Let f 



be specified by the following matrix: 

P P 

q r 

r P 
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Let AI (= {a,b,e}) be a fuzzy set defined on Xl and let A2(= {x,y}) be a fuzzy set 

defined on X 2 such that 

Al - 0.3/a + 0.9/b + D.5/e 

A2 - 0.5/x + l/y 

The membership grades of p, q, and r in the fuzzy set B = f(AI' A2 ) E P(Y) can be 

calculated from the extension principle as follows: 

!lB(p) - max[min(0.3, 0.5), min(0.3, 1), min(0.5, 1)] = 0.5 

!lB(q) - max[min(0.9, 0.5)] = 0.5 

!lB(r) - max[min(0.5, 0.5), min(0.9, 1)] = 0.9 

Thus, by the extension principle 

f(A I , A2) = 0.5/p + 0.5/q + 0.9/r. 

3.1.2 Fuzzy Number, Linguistic variables and modifiers 

Definition 3.7 Fuzzy Number: 



A Fuzzy Number F in a continuous universe U is a fuzzy set F in U 

which is normal and convex, i.e., 

maXueUJ.LF(U) - 1: normal 

ul, U2 E U : convex (3.11) 

Definition 3.8 Linguistic Variables: 

A linguistic variable is characterized by a quintuple (x, T(x), U, G, M) 

in which x is the name of the variable; 

T(x) is the term set of x, i.e, the set of names of linguistic variables 

of x with each value being a fuzzy number defined on U, 

G is a syntactic rule for generating the names of values of x, 

and M is a semantic rule for associating with each value its meaning. 
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Let X be a linguistic variable with the label Age(Le., the label of this variable is 

Age and the value of it will also be called Age) with U = [ 0, 100]. Term of this 

linguistic variable as Fig. 3.3 could be called old, young, very old, and so on. The 

generic element U is the age in years of life. 

M(x) is the rule that assigns a meaning to the terms . 

• M(young) = {(x,J.Lyoung(x)) I x E [O,lDO]} where J.Lyoung(x) = (1 + (0.04X)2)-1. 

• T (x) will define the term set of the variable x, for instance, in this case, 

T(Age) = { old, very old, more or less young, very young} . 
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• G( x) is a rule which generates the (labels of) terms in the term set, G( Age) = { 

p -+ old, p -+ young, p -+ very p } where p is a non-terminal symbol. 

.......................................................................................................................... 
JL F (x) 

.5 

.42 ......................... . 

~----~20~--~----------~~~----~~ Age 
40 

Figure 3.3: The membership function of the fuzzy set for young and very young 

Since in linguistic descriptions we use a lot of modifiers such as very, almost, more 

of less, often to describe other terms, we need formal definitions for what these mod

ifiers mean. The following definitions are for the commonly used modifiers.(Fig. 3.3) 

Definition 3.9 Linguistic Modifiers: 



Let F be a fuzzy set in U, then very is defined as a fuzzy set in U 

with the membership function 

(3.12) 

and more or less F is a fuzzy set in U with the membership function 

/-Lmore or less F( U) = (/-LF( U ))1/2 (3.13) 

where U E U. 

3.1.3 Fuzzy Logic and Approximate Reasoning 
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The basic assumption upon which classicallogic(or two-valued logic) is based that 

every proposition is either true or false. It is now well understood that propositions 

are not restricted to future events. The various many-valued logics have their coun

terparts in fuzzy set theory, they form the kernel of fuzzy logic, that is , a logic based 

on fuzzy set theory. In its full scale, however, fuzzy logic is actually an extension of 

many-valued logics. Its ultimate goal is to provide foundations for approximate rea

soning with imprecise propositions using fuzzy set theory as the principle tool. This 

is analogous to the role of quantified predicate logic for reasoning with precise propo

sitions. The primary focus of fuzzy logic is on natural language, where approximate 

reasoning with imprecise propositions is rather typical. 
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In fuzzy logic and approximate reasoning, there are two important fuzzy infer

ence rules, namely, generalized modus ponens(GMP) and generalized modus tol

lens(GMT). 

Definiton 3.10 Generalized Modus Ponens(GMP}: 

GMP is defined as the following inference procedure: 

premise 1: x is A' 

premise 2: If x is A, then y is B 

Consequence : y is B' 

where A', A, B, and B' are fuzzy sets, and x and yare linguistic 

variables. 

Definition 3.11 Generalized Modus Tollens(GMT}: 

GMT is defined as the following inference procedure: 

premise 1: y is B' 

. premise 2: If x is A, then y is B 

Consequence : x is A' 

where A', A, B, and B' are fuzzy sets, and x and yare linguistic 

variables. 

The GMP, which reduces to modus ponens when A' = A and B' = B, is closely 

related to the forward data-driven inference which is particularly useful in the fuzzy 
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logic control system. The GMT, which is reduces to modus tollens when B' = not 

B and A' = not A, is closely related to the backward goal-driven inference which is 

commonly used in expert systems. 

The two obvious generations of the modus ponens are; 

(1) to allow statements that are characterized by fuzzy sets. 

(2) to relax(slightly) the identity of the "B" in the implication and conclusion. 

As a simple illustration of what is meant by fuzzy reasoning, compared with formal 

reasoning, consider the following two examples: 

and 

Human breathe 

Robot cop can't breathe 

(Therefore,) Robot cop is not human 

Tom is very healthy 

Healthy men live a long time 

(Therefore,) Tom will live a very long time 

3.1.4 Fuzzy Implication Functions 

In general, a fuzzy control rule is a fuzzy relation which is expressed as a fuzzy 

implication. In fuzzy logic, there are many ways in which a fuzzy implication may 
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be defined. The choice of a fuzzy implication function reflects not only the intu

itive criteria for implication but also the effect of sentence connectives. The fuzzy 

implication is obviously a very important concept in order to explain fuzzy logic: 

if A then B denoted as A ~ B, 

where A and B are fuzzy sets in universe U and V with membership functions J-lA 

and J-lB, respectively. 

In the original presentation of fuzzy implication, Zadeh [108] proposed to be defined 

"if A then B" as a special case of the fuzzy implication "if A then B else e", which 

he defined as 

if A then B else e = (A x B) V (A x e), 

that is, the union of Cartesian product of A and B and the Cartesian product of A 

and e. 

We had reviewed that the Cartesian product of two fuzzy sets is defined in Eq.(3.7) 

as the minimum of both, J-lAXB(X, y) = min[JLA' JLB]' 

An alternative definition of A ~ B can be derived from "if A then B else e" by 

making e equal to the empty set 0: 

if A then B = A x B. (3.14) 

A number of researchers have proposed various implication functions in variables. 

In general, they can be classified into three main categories [43]: fuzzy conjunction, 
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fuzzy disjunction, and fuzzy implication. 

Fuzzy conjunction and fuzzy disjunction have a close relation to fuzzy Cartesian prod-

uet. The triangular norms are employed for defining conjunctions in approximate rea-

soning, while the triangular co-norms serve the same role for disjunctions in Eq.(3.5) 

and Eq.(3.6), respectively. 

Definition 3.12 Fuzzy Conjunction: The fuzzy conjunction is defined 

for all U E U and v E V by 

A~B= f I'A(U) * I'B(V)/(U, v) 
Juxv 

where * is an operator representing a triangular norm. 

(3.15) 

Definition 3.13 Fuzzy Disjunction: The fuzzy disjunction is defined 

for all U E U and v E V by 

(3.16) 

where + is an operator representing a triangular co-norm. 

Definition 3.14 Fuzzy Implication: Many fuzzy implications can be 

generated by using the triangular norms and co-norms. The follow-

ing fuzzy implications are often adopted in a FLC. 

1. Minimum operation rule of fuzzy implication [ Mamdani ] : 

Rc = AxB 

- f I'A(U) * I'B(V)/(U,v) 
Juxv 

(3.17) 



2. Product operation rule of fuzzy implication [Larsen] : 

Rp - AxB 

- r J1,A(U)J1,B(V)/(U,v) (3.18) 
Juxv 

3. Arithmetic rule of fuzzy implication [Zadah] : 

Ra - (not A x V) E9 (U x B) 

_ r 11\{1-J1,A(U)+J1,B{V))/(U,v) (3.19) 
Juxv 

4. Standard sequence fuzzy implication [Zadah] : 

Rs - (A x V) ~ (U x B) 

- r (muA(u.) > J1,B(V))/(U,v) (3.20) 
Juxv 

where I'A{U) > I'B{V) = { : 

5. Boolean fuzzy implication: 

J1,A(U) ::; J1,B(V) 

J1,A(U) > J1,B(V) 

Rb - (not A x V) U (U x B) (3.21) 

- r (1- J1,A(U)) V (J1,B(V))/(U,v) (3.22) 
Juxv 

6. Goguen's fuzzy implication: 

RA - (A x V) ~ (U x B) 

- r (muA(u) ~ J1,B(V))/(U,v) (3.23) 
Juxv 
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where JlA(U) ~ JlB(V) = { 1 
~B~ul 
~A v 

JlA(U) $ JlB(V) 

JlA(U) > JlB(V) 
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In section 3.3, we will discuss in detail the effects of different fuzzy implications 

by using different operators for conjunction and disjunction operations. 

3.1.5 Basic structure and procedure of Fuzzy Control Systems 

Fig. 3.4 presents the basic structure of a fuzzy-logic based control system. It 

consists of five major parts: a set of fuzzy linguistic variables which describe signal 

patterns and control actions, a mechanism that associates a crisp value of signal to 

the linguistic variables (fuzzification), a knowledge base which specifies decision rules 

in terms of the linguistic variables (IF-THEN rules), an inference engine for fuzzy 

reasoning that determines fuzzy control actions based on the knowledge base, and an 

algorithm which converts a fuzzy control action into a control action of crisp value 

(defuzzification). The detailed procedure of conducting fuzzy-logic based control is 

described in follows. 

Consider a process monitored through a signal vector s with m readings, s=( SI, 

S2, ... , sm), and driven by a control vector U with n components, U=(Ub U2, ... , un). 

Each of sensor readings and control components is described by a set of linguistic 

variables, namely, Ai={SI, Sl, ... , Sfi} and Bj={U], UJ, ... , UJj} for Si and Uj, 

i = 1, ... , m, j = 1, ... , n, respectively. Association of a particular value x of Si or Uj 

with a linguistic variable Z in Ai or Bj is characterized by the concept of membership 
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.......... _-...... --.. -----_ ................................... -............................... _--...... .................. ............. . 
Fuzzy Inference Mechanism 

Sensors Actulator 

· · · 
...................................................................................................................................... .i 

Figure 3.4: Basic structure of fuzzy logic controller 

function in fuzzy set theory, denoted as J.tz(x), where J.tz: X ~ [0,1] and X is the 

universe of discourse of 8j or Uj. The knowledge base of the FLOS for the process 

consists of a number of linguistic IF-THEN decision rules. Assume that the knowledge 

base has R control rules, 

Rule 1: IF 81 is Sfll and ... and 8 m is S~ml 

THEN Ul is U111 and ... and Un is U~nl 
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Rule R: IF 81 is SflR and··· and 8 m is S!.mR 

THEN U1 is UflR and ... and Un is U~nR 

where Sfir E Ai and Ujir E Bj for r = 1, ... , R, i = 1, ... , m and j = 1, ... , n. The 

preconditions of rule r form a cross product of fuzzy sets Sflr X ••• x S!.mr and the 

corresponding consequence is the union of n independent fuzzy sets Uflr + ... + U~nr. 

Thus the rule can be represented as a fuzzy implication: 

Rule r: Sflr X ... X S~mr -+ Uflr + ... + U~nr 

Given a specific sensor reading 8=(81, S2, ••• , sm), the function of inference engine of 

the FLCS is to match the preconditions of R control rules with the sensor reading 

and conduct fuzzy implication. 

Many approximate reasoning methods have been developed for fuzzy inference 

[64, 43]. One of the most popular strategies is the max-min compositional rule of 

inference. The inference procedure of this method can be summarized as, 

Definition 3.15 Firing Strength Oalculation: the strength of firing rule 

r is calculated as, 

where /\ is the conjunction (and) operation. 
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Definition 3.16 Rule Consequence Deduction: the consequence of rule 

r for the jth control component is determined by, 

j = 1, ... ,n, r = 1, ... ,R (3.25) 

where CJ is the fuzzy set for the jth control component according to 

rule r. 

Definition 3.17 Resultant Control Generation: the resultant fuzzy set 

Cj for the jth control component is deduced from, 

fLCj(Uj) = fLc~(Uj) V fLc'J,(Uj) V··· V fLc~(Uj), j = l, ... ,n (3.26) 
J J J 

where V is the disjunction (or) operation. 

The inference process produces a fuzzy set for each of the control components. 

Since a physical system must be driven by a nonfuzzy control input, a method of 

defuzzification is needed to generate a crisp control value that best represents the 

membership function of an fuzzy control action. Several procedures have been pro-

posed for tackling this problem. We shall discuss some of important aspect relating 

to the method of defuzzification in a FLOS in section 3.4. 

3.2 Sensitivity of Fuzzification 

Fuzzification is related to the vagueness and imprecision in a natural language. It is 

a subjective valuation which transforms a measurement into valuation of a subjective 
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value. 

A fuzzification operator has the effect of transforming crisp data into fuzzy sets. 

Symbolically, 

x = JuzziJier(xo) 

where Xo is a crisp input value from a process; x is a fuzzy set; and Juzzijier represents 

a fuzzification operator. 

3.2.1 Functions of Fuzzification 

In the structure of a FLBCS, fuzzification interface performs the following func

tions : 

1. It performs the so-fuzzification which converts a point-wise( crisp), current value 

of a process state variable into a fuzzy set, in order to make it compatible with 

the fuzzy set representation of the process state variable in the rule -premise. 

2. Fuzzification interface performs a scale transform(Le., an input normalization) 

which maps the physical values of the current process state variables into a 

normalized universe of discourse. 

3.2.2 Methods of fuzzification 

In fuzzy control applications, the observed data are usually crisp. Since the data 

manipulation in FLC is based on fuzzy set theory, fuzzification is necessary during 
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an earlier stage. The design of FLC through experience suggests the three principal 

ways of dealing with fuzzification. 

1. Singleton Fuzzijier 

A fuzzification operator conceptually converts a crisp into a fuzzy singleton 

within a certain universe of discourse. A fuzzy singleton is a precise value and 

hence no fuzziness is introduced by fuzzification in this case. It interprets an 

input Xo as a fuzzy set A with the membership function ILA(:z:) equal to zero 

except at the point Xo, at which ILA(:z:o) equal one as shown Fig. 3.5. That is, 

{

I if x = Xo 
ILA(XO) = 

o if x =f:. Xo 

(3.27) 

, .................................................................................................... . 

1 ...................... 

~----------~------------------~x xO 

Figure 3.5: Singleton fuzzification 

2. Nonsingleton Fuzzijier 

A fuzzy operator should convert the probabilistic data into fuzzy numbers, i.e., 
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fuzzy probabilistic data when observed data are disturbed by random operator. 

In this way, computational efficiency is enhanced since fuzzy number are much 

easier to manipulate than random variables [65]. An isosceles triangle was 

chosen to be the fuzzification function. The vertex of this triangle corresponds 

to the mean value of a data set, while the base is twice the standard deviation of 

the data set. In this way, we form a triangular fuzzy number which is convenient 

to manipulate [36]. Dubois and Prade [21] defined a bijective transforms a 

probability measure into a possibility measure by using the concept of the 

degree necessity. That is, in Fig. 3.6 f.lA(:ro) = 1 and f.lA(:r~) decreases from 1 as 

X~ moves away from Xo, i.e, 

{ -(x~ - xo)T(x~ - xo)} 
f.lA(:r~) = exp 0'2 ' (3.28) 

where 0'2 is a parameter charactering the shape of f.lA(:r~) 

3. Hybrid Fuzzijier 

In large scale systems some observations relating to the behavior of such systems 

are precise, while others are measurable only in a statistical sense, and some, 

referred to as a hybrid number, which involve both fuzzy numbers and random 

numbers [36]. That is, in Fig. 3.7 

f.lA+L(Z) = V (f.lA(X) A f.lL(Y)) X,y,Z E R, (3.29) 
z=:r+y 

where A is a fuzzy number, L is a random variable. 
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Figure 3.6: Nonsingleton fuzzification 
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3.2.3 Effects of fuzzification procedure 

The representation of uncertain information with fuzzy sets brings up the problem 

of quantifying such information for digital computer processing. In general, the 

representation depends on the nature of the universe of discourse. A universe of 

discourse is continuous, a discrete universe may be formed by a discretization of the 

continuous universe. 

1. Discretization and Normalization of a Universe of Discourse 

• Discretization of a universe of discourse is frequently referred to as quanti

zation. In effect, quantization discretizes a universe into a certain number 

of segments ( quantization levels). Each segment is labeled as a generic 

element, and forms a discrete universe. A fuzzy set is then defined by 

assigning grade of membership values to each generic element of the new 

discrete universe. 

• In an FLO with continous universes, the number of quantization levels 

should be large enough to provide an adequate approximation and yet be 

small to save memory storage. 

• The choice of quantization levels has an essential influence on a fine control. 

For example, if a universe is quantized for every five units of measurement 

instead of ten units, then the controller is twice as sensitive to the observed 

variables. 
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• In general, due to discretization, the performance of an FLO is less sen

sitive to small deviations in the values of the process state variables. For 

the purpose of discretization, we need a scale mapping, which serves to 

transform measured variables into values in the discretized universe. The 

mapping can be uniform(linear), nonuniform(nonlinear), or both. 

• The chioce of quantization levels reflects some a priori knowledge. For ex

ample, coarse resolution could be used for large errors and fine resolution 

for small errors. Thus, in a three inputs and one output fuzzy system, we 

may have control rules of the form: 

Rule Ri: If error( e) is Ai, sum of error( ie) is Bi and change of error( de) is 

Cj then output is Di A simple example of an FLO can be represented by 

K4[U(k)] = F[Kle(k), K2ie(k), K3de(k)], where F denotes the fuzzy rela

tion defined by the rule base and Kj(i = 1,2,3,4) represents an appropri

ate scaling mapping. 

2. Fuzzy partition of input and output spaces 

• A linguistic variable in the antecedent of a fuzzy control rule forms a fuzzy 

input space with respect to a certain universe of discourse, while that in 

the consequent of the rules a fuzzy output space. A fuzzy partition, then, 

determines how many terms should exist in a term set. This is equivalent 

to finding the number of primary fuzzy set. The number of primary fuzzy 
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sets determines the granularity of the control obtainable with a FLC. The 

primary fuzzy sets(linguistic terms) usually have a meaning, such as N E 

for negative, Z E for zero, and PO for positive. 

• Furthermore, the cardinality of a term set in a fuzzy input space deter

mines the maximum number of fuzzy control rules that we can construct. 

For example, in two inputs one output fuzzy system, if the cardinalities of 

T(x) and T(y) of the input x,y are m and n, respectively, the maximum 

rule number is m x n. It should be noted that the fuzzy partition of the 

fuzzy input/output space is not deterministic and has no unique solution. 

A heuristic cut and trial procedure is usually to find the optimal fuzzy 

partition. 

3. Shapes of Membership function for variables 

In general there are two ways used for defining fuzzy sets defending on whether 

the universe of discourse is discrete or continuous: numerical and functional. 

Both definitions for discrete can represent the meaning of each linguistic value 

for computational efficiency through different types of mebership function . 

• Numerical Defintion : In this case, the grade of membership function of 

a fuzzy set is represented as vector of number whose dimension depends 

on the degree of discretion. In this case, the membership function of each 
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primary fuzzy set has the form of 

n 

IlI(u) = L ai/ui 
i=l 

where a is the value of membership function in Ui 

• Functional Definition : A functional defintion expresses the membership 

function of a fuzzy set in a functional form, typically a bell-shaped func-

tion, triangle-shaped function, trapezoid-shaped function, etc. Such func-

tions are used in FLC because they lead themselves to manipulation 

through the use of fuzzy arithmetic. The functional defintion can readily 

be adapted to a change in the normalization of a universe. A functional 

definition is expressed as: 

IlI(x) = exp{ -(x
2
- 2Uf )2} 
O"f 

Note that if the normalized universe is changed, the parameters 1l1,00f 

should be changed accordingly. 

Definition 3.18 Triangle-shaped Membership function 

The fuzzy number A = (at, a2, aa) with al :5 a2 :5 aa is a triangular fuzzy number 

if its membership function can be written in the form: 

0 if x :5 al 

x-a, if al < x ::; a2 
IlA(X) = a2-a l 

(3.30) 
aa-X if a2 < x :5 aa a3-a2 

0 if aa < x 
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The support of the triangular fuzzy number (at, a2, a3) is the interval (at, a3). 

Definition 3.19 Trapezoid-shaped Membership function 

fuzzy number if its membership function can be written in the form: 

0 if x ~ at 

x-al if at ~ x ~ a2 
a2-al 

J.lA(X) = 1 if a2 ~ x ~ a3 (3.31) 

a1-X if a3 < x ~ a4 a,-a3 

0 if a4 < x 

The support of the trapezoidal fuzzy number (at, a2, a3, a4) is the interval (at, a4). 

Either a numerical definition or functional definition may be used to assign the 

grade of membership to the primary fuzzy sets. The choice of the grades of member-

ship is based on the subjective criteria of the decision. 

3.3 Sensitivity of Fuzzy Reasoning Methods 

3.3.1 Functions of Fuzzy Reasoning 

The approximate reasoning, implication function, and fuzzy control rule were 

reviewed in detail in Section 3.1. The fuzzy reasoning should be considered on a set 

of control rules in the system. First, the individual-rule is fired. This firing can be 

simply described by: 

(1) Firing Rule-Strength: computing the degree of match between the inputs of the 
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fuzzy sets describing the meaning of the rule-antecedent 

(2) Rule Consequence Deduction: clipping the fuzzy set describing the meaning of 

the rule-consequent to the degree to which the rule-antecedent has been matched by 

the inputs. 

(3) Resultant Control Generation: the clipped values for the control output of each 

rule are aggregated, thus form the value of the overall control output. 

3.3.2 Procedure of Fuzzy Reasoning 

In 1973, Zadeh [110] suggested the compositional rule of inference for the gen

eralized modus ponens(GMP) type of fuzzy conditional inference. In the meantime 

other researchers ( for instance, Mizumoto [64], Mamdani [59], Zimmermann[113] ) 

have suggested different methods and investigated also the modus tollen, syllogism, 

and contraposition. We have already reviewed these in the previous section. Now we 

will discuss the diffferent methods in fuzzy reasoning and their effects. 

The rule based of an FLC is usually derived from expert knowledge. Typically, 

the rule base has the form of a multi-input multi-output (MIMO) system 

where RkIMO represents the rule: 

if ( Xl is A~ and, "', and YP is B~ ) then ( Zl is Of,··· ,Zq is O~ ). 
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The antecedent of RkIMO forms a fuzzy set Ai x ... x B; in the product space 

u x ... x V. The consequence is the union of q may be represented as a fuzzy 

implication 

from which it follows that the rule base R may be represented as the union 

i=1 
n 

- {U(Ai x ... x B;) ~ (ct + ... + c~)]} 
i=1 

In effect, the rule base R of an FLC is composed of a set of sub-rulebase RkIMO' with 

each sub-rulebase RkIMO consisting of n fuzzy control rules with multiple process 

state variables and control variables. The general rule structure of aMI M a fuzzy 

system can therefore be represented as a collection of M I SO fuzzy systems. 

Let us consider the following general form of M I SO fuzzy control rules in the case 

of two-input/single-output fuzzy systems: 

input: If x is A. and y is B 

Rl : If x is Al and y is Bl then z is C1 

R2 : If x is A2 and y is B2 then z is C2 

Rn : If x is An and y is Bn then z is C2 
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input: z is 6 

where x, y, and z are linguistic variables representing the process state variables and 

the control variable, respectively. Ai, Bi, Ci are linguistic values of the linguistic 

variables x, y, and z in the universes of the U, V, and W, respectively, with i = 

1,2,'" ,n. The consequence 6 is deduced from the sup-star compositional rule of 

inference employing the definitions of fuzzy implication function and the connective 

and between control rules. 

The sup-star operator of the FLC inference mechanism is denoted by 0 and the 

connective and as a aggregation operator are commutative. Thus the fuzzy control 

action inferred from the complete set of fuzzy control rule is equivalent to the ag

gregated result derived from individual control rules. In the next, we will discuss 

the methods of fuzzy reasoning and their effects, which is frequently to used to FLC 

applications. 

3.3.3 Effects of Fuzzy Reasoning Methods 

As a simple case assume that we have two control rules in a fuzzy control system: 

Rl : if x is AI, and y is Bl then z is C1 

R2 : if x is A2, and y is B2 then z is C2 

where (AI, A2), (BI, B2) and (CI, C2) are fuzzy sets in universe of discourse of U, V, W, 

repsectively. 
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In on-line process, the state of a control system play an essential role in control 

actions. 

Hence the firing strengths al and a2 of the two rules are expressed as 

al - /lAl(XO) A /lBl(YO) 

a2 - /lA2(XO) A /lB2(Yo) 

where /lAl(XO) and J1.Bl(YO) play the role of the degrees of partial match between the 

user-supplied data and the fuzzy set of input variables in the rule base. 

The consequence of each rule, Ci is deduced from fuzzy conjunction as a fuzzy 

implication. Hence the deducted rule-consequences /l01 and /l02 of the two rules are 

expressed as 

POI (z) = al A /lCl (z) 

/l02 (z) = a2 A /lC2 (z ) 

Thus Ri : (Ai, Bi) -+ Ci is a fuzzy implication in U X V X w. 
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The final consequence 6 is deduced from the fuzzy disjunction by the sup-star 

composition rule of inference employing a fuzzy implication function and the connec

tion and. Hence the resultant control value Pc(z) is expressed as 

These relationship playa central role in the fuzzy reasoning employed in FLO 

applications. 

1. Minimum Operation Rule 

Fuzzy reasoning of the minimum operation is associated with the use of Man

dani's minimum operation rule as a fuzzy implication function. The rule 

strengths of rule 1 and rule 2: 

al = min (PAl (Xo), PBl(YO)) 

a2 = min(PA2(xo), PB2(YO)) 

In this mode of reasoning, the rule consequences are : 

PCI (z) = min( at, PCI (z)) 

PC2(Z) = min(a2,PC2 (Z)) 

Thus, PCI (z) and PC
2 
(z) are clipped value of PCI (z)) and PC2 (z)) by al and a2, 

respectively. This fuzzy reasoning process is illustrated in Fig. 3.8 which show 

a graphic interpretation. 
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Ji.A1 

A1 81 C1 

u v w 

A2 82 C2 

u v w 

". ............................................................................................................................................. . 

Figure 3.8: Diagrammatic representation of fuzzy reasoning by minimum operation 

2. Product Operation Rule 

The fuzzy reasoning by product operation is based on the use of Larsen's prod

uct operation rule as a fuzzy implication function. 

The rule strengths of rule 1 and rule 2: 

al = /lAl(XO) . /lBl(YO) 

a2 = /lA2(XO) . /lB2(YO) 



In this mode of reasoning, the rule consequences are : 

JLCI (z) = al . JLCI ( W ) 

JLC2(Z) = a2 • JLC2(w) 
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Thus, JLCI (z) and JLC2 (z) are shrunken value of JLCI (z)) and JLC2 (z)) by al and 

a2, respectively. This fuzzy reasoning process is illu.strated in Fig. 3.9 which 

show a graphic interpretation. 

, ............................................................................................................................................... . 

1181 

A1 81 C1 

u v 

A2 82 C2 

u v 

.................................................................................................................................................. 

Figure 3.9: Diagrammatic representation of fuzzy reasoning by product operation 
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3. Bounded Product Operation Rule 

The fuzzy reasoning by bounded product operation is based on the use of fuzzy 

conjunction as a fuzzy implication function. 

The rule strengths of rule 1 and rule 2: 

al = max{O, /LAl(XO) + /LBl(YO) - I} 

a2 = max{O, /LA2(XO) + /LB2(YO) - I} 

In this mode of reasoning, the rule consequences are : 

/LCI (z) = max{O, al + /LCI (w) - I} 

/LC2(Z) = max{0,a2 + /LC2(W) -I} 

Thus, /LCI (z) and /LC2 (z) are shrunken value of /LCI (z)) and /LC2 (z)), respectively. 

This fuzzy reasoning process is illustrated in Fig. 3.10 which show a graphic 

interpretation. 

4. Maximum Operation Rule 

For the sup-star composition rule of inference, fuzzy reasoning of the maxi

mum operation is based on the use of fuzzy disjunction as a fuzzy implication 

function. Thus, the resultant consequence is : 
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"81 

A1 81 C1 

u v Ii 

A2 82 C2 

u v Ii 

.............................................................................................................•.............................. ~. 
Figure 3.10: Diagrammatic representation of fuzzy reasoning by bounded product 
operation 

This fuzzy reasoning process IS illustrated In Fig. 3.11 which show a graphic 

interpretation. 

5. Sum Operation Rule 
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Figure 3.11: Diagrammatic representation of fuzzy reasoning by maximum operation 

For the sup-star composition rule of inference, fuzzy reasoning of the sum op-

eration is based on the use of fuzzy disjunction as a fuzzy implication function. 

Thus, the resultant consequence is : 

This fuzzy reasoning process is illustrated in Fig. 3.12 which show a graphic 

interpretation. 

6. Bounded Sum Operation Rule 
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Figure 3.12: Diagrammatic representation of fuzzy reasoning by sum operation 

For the sup-star composition rule of inference, fuzzy reasoning of the bounded 

sum operation is based on the use of fuzzy disjunction as a fuzzy implication 

function. Thus, the resultant consequence is : 

This fuzzy reasoning process is illustrated in Fig. 3.13 which show a graphic 

interpretation. 
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Figure 3.13: Diagrammatic representation of fuzzy reasoning by bounded sum oper
ation 

3.4 Sensitivity of Defuzzification 

A defuzzification operator has the effect of transforming fuzzy control value into 

crisp data. Symbolically, 

Zo = deJuzziJier(z) 

where Zo is a crisp output value from a process; z is a fuzzy set; and deJuzzijier 

represents a defuzzification operator. 
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3.4.1 Functions of defuzzification 

The inference process produces a fuzzy set for each of the control components. 

Since a physical system must be driven by a nonfuzzy control input, a method of 

deJuzziJication is needed to generate a crisp control value that the best represents 

the membership function of an fuzzy control action. As we know, defuzzification is 

a mapping from a space of fuzzy control actions defined over an output universe of 

discourse into a space of crisp control actions. Thus a defuzzification is to produce 

a crisp control action that best represents the possibility distribution of an inferred 

fuzzy control action. 

3.4.2 Methods of defuzzification 

Several procedures have been proposed for tackling this problem [20]. At present, 

the commonly used methods may be described as the following two methods. 

Definition 3.19 Center-oJ-Area(COA) DeJuzziJication: 

j = 1, ... ,n (3.32) 

where Uj = {Ujl, • •• , Ujnj} is the discrete universe of discourse of Uj. 

Definition 3.20 Weighted Combination(WC) DeJuzziJication: 

j = 1, ... ,n (3.33) 
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where 

The resultant control value of two defuzzifications is illustrated in 

Fig. 3.14 which show a graphic interpretation for the example in the 

previous section. 

J1e' 

, 
e e' 

w 

COA we 

Figure 3.14: Diagrammatic representation of defuzzification methods 

Note that in the we defuzzifization, there is no need to calculate the 

fuzzy resultant control, since the eOA procedure has been carried 



out for each individual rules and the final crisp control is a combina

tion of individual defuzzifications weighted by the areas covered by 

the corresponding membership functions. 

3.5 Sensitivity of Model Variation 
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As we have mentioned in Section 3.1, the inference procedure of fuzzy-logic based 

controls can be carried out by various conjunction and disjunction operators. Fami

lies of triangular norms and co-norms constitute the most general representations of 

conjunction and disjunction operators [16]. These families provide us with a formal

ism for defining an infinite number of different calculi of fuzzy reasonings, therefore, 

procedures of fuzzy controls. In this section, however, the fuzzy control system mod

els with different fuzzy inference mechanisms will be investigated by using only three 

different operators for each of conjunction and disjunction and two different defuzzi

fication methods. 

3.5.1 Effects of different Fuzzy Control System Models 

Consider the following three different triangular norms for conjunction operators, 

Sl-Intersection: x /\ y = min{x, y} 

S2-Algebraic product: x /\ y = x • y = xy 

S3-Bounded product: x /\ y = max{O, x + y - I} 

and the corresponding conorms for disjunction operators, 
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Tl-Union: x Vy = max{x,y} 

T2-Algebraic sum: x V y = x + y - xy 

T3-Bounded sum: x V y = min{1, x + y} 

It is easy to show that 81 > 82 ~ 83, and correspondingly T1 ::; T2 ::; T3 . 

These norms and co-norms form 9(= 3 x 3) different combinations for implementing 

the fuzzy compositional operators. Among them, intersection/union, product/union, 

and bounded-product/union have already been studied for fuzzy controls and were 

proposed first by [108], and [64], respectively . 

....................................................................................................................................• 

----
Fuzzy Controller 

(9 Rules) 

u = force 

..................................................................................................................................... 

Figure 3.15: Fuzzy-Logic Baesd Control for Cart-Pole Problem 

To see the effect of different reasoning methods having these 9 compositional rules 

on fuzzy controls, we use the popular cart-pole problem as an example. 
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3.5.2 Example: Cart-Pole System 

The cart-pole system in Fig. 3.15 is composed of a rigid pole and a cart on which 

the pole is hinged. The cart moves on the rail tracks to its right or left, depending 

on the force exerted on the cart. The pole is hinged to the cart through a friction 

free joint such that it has only one degree of freedom. The control goal is to balance 

the pole starting from nonzero conditions by supplying appropriate force to the cart. 

The dynamics of the cart-pole system are characterized by four state variables: 

() : angle of the pole with respect to the vertical axis, 

() : angular velocity of the pole, 

x : position of the cart on the track, and 

X : velocity of the cart. 

The behavior of these four state variables is governed by the following two second-

order differential equations [7]. 

'2 • 
gsin() + cos()( -F-mI8 sin8+ lJc sg n(.:i:)) _ ~ 

0 mc+m m (3.35) - l( 1 _ mcos2 8) 
3 mc+m 

it 
F + ml({)2sin() - Ocos()) -Ilcsgn(x) 

(3.36) -
mc+m 

where g(acceleration due to gravity) is 9.8m/s2, me (mass of cart) is 1.0kg, m(mass 

of pole) is O.lkg, l(half-Iength of pole) is O.5m, F is the applied force in 12 newtons, 

Ile is the coefficient of friction of cart on the track, and IIp is the coefficient of friction 
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of pole on cart. The first equation is only relevant here according to the simulation 

goal. A 9-rule fuzzy control system is used for this purpose. 

Let 81 = (), 82 = iJ and u be the control. These control rules are, 

Rule 1: If 81 is PO and 82 is PO then u is PLj 

Rule 2: If 81 is PO and 82 is ZE then u is PMj 

Rule 3: If 81 is PO and 82 is NE then u is ZEj 

Rule 4: If 81 is ZE and 82 is PO then u is PSj 

Rule 5: If 81 is ZE and 82 is ZE then u is ZEj 

Rule 6: If 81 is ZE and 82 is NE then u is NSj 

Rule 7: If 81 is NE and 82 is PO then u is ZEj 

Rule 8: If 81 is NE and 82 is ZE then u is NMj 

Rule 9: If 81 is NE and 82 is NE then u is NL. 

Here we have three fuzzy sets {PO, ZE, NE} for input variables 81 and 82 and six 

fuzzy sets{PL, PM, PS, ZE, NL, NM, NS} for output variable u . Fig. 3.16 shows 

the membership functions for the input and output variables, respectively. Note that 

all variables are normalized into interval [-1, 1]. 

• Firing Strengths of Control Rules 

For the purpose of illustration, consider a specific numerical example when 

81 = 0.1 rod, 82 = -0.15 radjs£. Table 1 shows the firing strengths of the rules 

according to the three conjunction operators. For both 81 and 82, four rules 
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NE ZE PO 

(a) 

NL NM NS ZE PS PM PL 

(b) 

Figure 3.16: Membership function for input variables (a) and output variable (b) 

(2, 3, 5, 6) will be fired. According to 83, however, only two rules (3, 6) will 

be fired. The firing strengths of Rules 2 and 5 are weak. 

Rule 1 Rule 2 Rule 3 Rule 4 Rule 5 Rule 6 Rule 7 Rule 8 Rule 9 

81 0 0.250 0.500 0 0.250 0.500 0 0 0 

82 0 0.125 0.375 0 0.125 0.375 0 0 0 

83 0 0 0.250 0 0 0.250 0 0 0 

Table 1: Firing Strengths of Control Rules 
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• Resultant Fuzzy Control of Different Reasoning Methods 

Fig. 3.17 presents the resultant fuzzy controls generated by the 9 different com-

binations of fuzzy reasoning. 

1r-----r-----~----~.----~----~----.-----,-----.------.----~ 

82fT1 : dashed 
0.5 83IT1 : dotted -

8Uf1 : solid j" ': ::-. ::. :-: .-:- .... ~ .,".', \ 
". "", / '\. o~~~~~"~·~:--~·~··~:~···~· --,----~-----~-----~-~---~-~\ 

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 
(a) 

1r-----r-----~----~----~----~----~----._----._----_.----~ 

81IT2: solid 
0.5 

""------" ......... .. . . . . 
-0.8 -0.6 -0.4 -0.2 o 
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0.2 0.4 
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0.5 

........ -----
o~----~----~--~~----~~~~~--~----~~--~----~---=~ 
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 

(0) 

Figure 3.17: Resultant Fuzzy Control of Different Reasoning Methods 

When 83 is used, the resultant fuzzy controls always remain the same since 

there is no overlap between the membership functions of the two fuzzy controls 

induced by Rules 3 and 6. Generally, different reasoning methods produce 

different fuzzy controls. The shapes of control membership functions indicate 

that the conjunction dominates the fuzzy reasoning. Therefore, it seems that 
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the choice of conjunction operator is more critical than that of disjunction in 

determining the inference procedure for fuzzy controls. This observation holds 

for general input values . 

• Crisp Control Values after Defuzzification 

The final crisp values of control for these inference procedures are given in Table 

2. The first row illustrates the results when the COA defuzzification method 

has been used, while the second is the results when the WC defuzzification 

method has been applied. Note that for WC method, the selection of disjunction 

operator has no effect on the value of crisp control, since the resultant fuzzy 

control is not needed in this method. 

Sl/Tl Sl/T2 Sl/T3 S2/Tl S2/T2 S2/T3 S3/Tl S3/T2 

COA .053 .044 .036 -.031 -.032 -.033 -.247 -.249 

WC .017 .017 .017 -.025 -.025 -.025 -.150 -.150 

Table 2: Crisp Control Values after Defuzzification 

• Evaluation of different fuzzy reasoning methods 

Now it is quite clear that different fuzzy reasoning methods produce quite differ

ent control values. To see the difference of these reasoning methods in terms of 

control performances, computer simulations of controlling the cart-pole system 

have been conducted. 

S3/T3 

-.248 

-.150 
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Figure 3.18: Control Performance of Different Reasoning Methods 

Fig. 3.18 presents the pole position over a period 1.0 seconds under different 

reasoning methods with COA defuzzification. These figures show that when 

81 and 82 are used for conjunctions, the control performances by the corre-

sponding reasoning methods are about the same. For 81 or 82 it takes about 

a half second for the fuzzy controller to stablize the pole around the vertical 

position from the initial position 81 = 23°. The performance with 83 is not 

as good. It takes about 1 second to set the pole into the vertical position. 
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These results indicate once again that the choice of conjunction operators is 

much more important than that of disjunction operators. Simulation results 

with WC defuzzification indicate that the difference between the WC and COA 

methods is not significant. 

3.6 Summary 

In this we have reviewed fuzzy set theory, fuzzy logic, and the five major parts of 

fuzzy logic based control system. In summary, a FLCS can employ various inference 

mechanisms in its decision-making process. Different inference mechanisms would 

result in different control performances. It is difficult to judge which mechanism 

is better, since performance varies with problems and environments. In a sense, 

this feature of fuzzy controls reflects the very nature of human decision-making, i.e., 

human beings are capable of using different ways of reasoning for different problems 

and in different situations. For a special control task, human beings are able to 

select the most suitable way of reasoning through trial-and-error. They are also 

able to adapt the best way of reasoning to keep or improve the performance as the 

environment changes. All these are due to the use of human brains: the biological 

neural networks. This naturally leads to the idea of using artificial neural networks 

to make the FLCS adaptive and intelligent. Just like a human brain is implemented 

by a structured biological neural network, we will implement a FLCS by a structured 

artificial neural network in Chapter 4. 
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CHAPTER 4 

Structure of N euro-Fuzzy Controllers 

In this chapter, a Neuro-Fuzzy Controller or Neuro-Fuzzy Network, i.e., the neural

network implementation of a fuzzy logic based control system, is proposed. The 

Neuro-Fuzzy Controller (NFC) is a feedforward multi-layer network which combines 

the structure of a fuzzy logic controller with neural networks. The proposed NFC is 

different comparing with other neural fuzzy control systems in terms of the following: 

• The main concern of the proposed NFC is to keep the structure of the original 

fuzzy controller that is determined by the fuzzy rules and the fuzzy inference 

mechanism, since the membership function, fuzzy rules, and the fuzzy inference 

of FLBS as pieces of structural knowledge give a roughly correct representation 

of the system to be controlled . 

• The proposed NFC model establishes a knowledge structure within the mul

tilayer neural network. This knowledge structure gives meanings to operation 

at different neurons of the neural network. Note that a neural network is usu

ally treated as a black box since one can not explain the meanings of neuron 

operations. 
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Before the proposed NFC is presented, we briefly introduce neuro-fuzzy network 

which integrates conventional fuzzy controllers with learning algorithms of neural 

networks. Then the proposed NFC model is implemented by the three subnets of 

distinctive functions which are pattern recognition neural network, fuzzy reasoning 

neural network, and control synthesis neural network. 

4.1 Introduction to Neuro-Fuzzy Networks 

Over the last decade or so, several parallel advances have been made in two dis

tinct disciplines: fuzzy logic and neural networks. Fuzzy logic provides an inference 

morphology that enables approximate human reasoning capabilities to be applied 

to knowledge-based systems, such as perceptual and linguistic attributes. Also, this 

theory provides a mathematical strength to capture the uncertainties associated with 

human cognitive processes like thinking and reasoning. 

While fuzzy logic provides an inference mechanism under cognitive uncertainty, 

computational neural networks offer exciting advantages such as learning, adapta

tion, parallelism and generalization. The neural networks, comprisied of neuron like 

processing elements, are capable of copying with computational complexity, nonlin

earity and uncertainty. Neural network structures can deal with imprecise data and 

ill-defined activities. However, the subjective phenomena such as reasoning and per

ceptions are often regarded as beyond the domain of conventional neural network 
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theory. It is interesting to note that fuzzy logic is another powerful tool for modeling 

uncertainties associated with human cognition, thinking and perception. 

In fact, the neural network approach fuses well with fuzzy logic and many research 

endeavors have given birth to the field of neuro-Juzzy network or Juzzy neural system. 

Paradigms based on this integration are believed to have considerable potential in the 

areas of control systems, expert systems, and pattern recognition. The neuro-fuzzy 

networks are schematical shown in Fig. 4.1. To enable a system to deal with cogni

tive uncertainties in a manner more like humans, one may incorporate the concept of 

fuzzy logic into the neural network. Although fuzzy logic is a natural mechanism for 

modeling cognitive uncertainty, it may involve an increase in the amount of compu

tation required. This can readily be offset by using neural fuzzy network approaches 

having the potential for parallel computation with high flexibility. 

Based on the computational process involved in a neuro-fuzzy system, one may 

broadly classify the neuro-fuzzy structures as feedforward and feedback. In a feed

forward architecture, the neuron responds instantaneously to the fuzzy inputs be

cause of the absence of dynamic elements in the structure. The neural mathematical 

operations in a feedforward network can be performed by fuzzy logic operations. 

In the feedback (dynamic) architecture, the dynamic networks provide some robust 

computing characteristics and also give great computational advantages over purely 

feedforward architectures. 
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............................................................................................................................ 

Figure 4.1: The model of Neuro-Fuzzy Networks 

Now suppose a neuro-fuzzy control system, a special architecture, to be combined 

fuzzy control with neural networks. It is a neural network model of a fuzzy con-

troller which learns by updating its prediction of the physical system's behavior and 

fine tunes a predefined control knowledge base[11]. The architecture allows to com-

bine the advantages of neural networks and fuzzy controllers. So the system is able 

to learn, and the knowledge used within the system has the form of fuzzy if-then 

rules. By predefining these rules the system does not need to learn from scratch, 

so it learns faster than a standard neural control system. As pointed out by several 

researchers [11, 34, 48, 33], fuzzy rule-based systems have the underlying structure 

of a feedforward multilayer neural network, with a well defined functionality of each 
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layer, and backpropagation-like algorithms tp allow fine tuning of both the member

ship functions and the parameter in the consequence part of the rules, from a set of 

input-output data. 

4.2 Structure of the Neuro-Fuzzy Controller 

The process of implementing a fuzzy control system via a neural network can be 

divided into three subtasks, i.e., construction of pattern recognition, fuzzy reasoning, 

and control synthesis networks. These sub-networks must be integrated in such a 

way that the structure and decision-making process of the original fuzzy system can 

be fully retrieved from its network implementation. It is important to note that these 

three types of sub-networks are not dependent on each other and their construction 

and training can be carried out simultaneously. 

Fig. 4.2 shows the structure of neural-network implementation of a FLCS. It con

sists of three subnets of distinctive functions. The first network identifies patterns of 

input variables in terms of membership functions of linguistic terms, and the second 

one conducts fuzzy reasoning (conjunction) by calculating the strength of firing each 

of the decision rules. The third carries out the task of control synthesis by generating 

fuzzy control action and then defuzzifying it. Although the three neural networks 

are connected sequentially, it is important to point out that the construction and 

training of these networks can be performed independently and simultaneously, and 
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Figure 4.2: Structure of neural network for a FLBS 

Decisions 

the decision-making procedure in a FLCS is fully preserved in its network implemen-

tation. This will be clear from the following description. 

4.2.1 Pattern Recognition Neural Networks 

A neural network is constructed to capture the association of each of the sensor 

readings with signal patterns through membership functions of linguistic variables. 

For each signal reading Si, a neural network SNi is constructed to match its values 

with the linguistic terms in the set of signal patterns Ai. In other words, the function 

of SNi is to calculate membership functions l.ts"(X) for k = 1, ... ,Pi,i = 1, ... ,m . 
• 
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Fig. 4.3 shows a three-layer SNi for this purpose. Initially, this network is trained 

with the specified membership functions for terms in Ai. 

r····················································· ......... y ............................. . 
1 
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.i 

Figure 4.3: Pattern Recognition Neural Network 

At this stage, network SNi is not required to learn the memberships in high ac-

curacy since these specified membership functions are usually very subjective. Note 

that if two sensor readings have the identical set of linguistic terms, they can use 

the same network at the beginning. Through network learning, the membership 

functions of linguistic terms can be changed adaptively later for better performance. 

Nodes of input layer in the subnet are the value which represents input linguistic 

variables. Nodes in output layers are term nodes which act as membership functions 

to represent the terms of the respective linguistic variables. 
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The network is approximate membership function /-lSi for i = 1,2, ... ,Pi. Standard 

multilayer feedforward networks with backpropagation can be used as SNi. The 

output of network is Si = (sl, s~, ... ,sri) for S Ni where Si = /-lSi' Output vector is 

used in construction of fuzzy reasoning and control synthesis network to be described. 
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Figure 4.4: The original membership functions (solid) and the generated membership 
functions (dotted) from a Pattern Recognition Neural Network 

As a numerical example for a neural network SNi , Fig. 4.4 shows the membership 

functions, the desired membership function and the trained membership function via 

pattern recognition neural network having back-propagation training of 5000 itera-

tions. 
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4.2.2 Fuzzy Reasoning Neural Networks 

A neural network is constructed to calculate the rule strength for each of the 

control rules based on the output of the pattern recognition neural network. For each 

decision rule r in the knowledge base of a FLOS, a neural network RNr , r = 1, ... , R 

is used to calculate the firing strength of the rule. Thus, RNr is actually a network 

implementation of conjunction operator. 

x 
J.lS~ 

1 

i 

ex 
r 

•................................................................................................. 

Figure 4.5: Fuzzy Reasoning Neural Network 

Fig. 4.5 presents a three-layer RNr. The input of network is X = (/ls~, /ls~, .•• , /l sri) 

where /lSi is the membership function of state variable i. The output of network is 

Y = a r which is rule strength of rule r. The output a r is used in the construction -.. -
of control synthesis network to be described. By changing its weights, this network 
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could implement Minimum, Algebraic product, Bounded product, or other triangular 

norms as a conjunction operator. Therefore the initial training of RNr can be carried 

out by using any of these norms, or even their combinations, and the network can be 

easily modified for new fuzzy reasoning by the use of learning algorithms . 
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Figure 4.6: The original rule strength (upper) and the rule strength from a Fuzzy 
Reasoning Neural Network (down) 

Clearly, as long as every rule has the same number of linguistic terms in its pre-

condition, we can choose the same fuzzy reasoning network for all the control rules 
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at the initial stage. Note no input and output scaling is needed for network RNr , 

since both its input and output are ranging from 0 to l. 

Fig. 4.6 shows the training for a rule strength in the cart-pole systems by a neural 

network RNi. The training has almost the desired rule strength except a sharp-curved, 

through the back-propagation training of 5000 iterations. 

4.2.3 Control Synthesis Neural Networks 

Control synthesis is the process of determining the final crisp control according 

to the firing strengths of rules and membership functions of linguistic terms defined 

for control actions. It involves steps of deducing consequences for individual rules, 

generating resultant fuzzy control, and then converting it into a crisp value. There 

are two ways to use neural networks to conduct control synthesis. The first one 

is to develop an individual network for each control component, and the second is 

to build a single network for all components. However, the actual construction of 

control synthesis networks is not trial. There are several different implementations 

schemes [98]. The key issue in the network construction is how to recover completely 

membership functions of fuzzy control actions from a network implementation. Here 

we present only one of design paradigms. 

Fig. 4.7 illustrates a two-layer neural network ONj for the synthesis of control 

component Uj, j = 1, ... , n. The input of network is X = {aI, a2,"', an} where R is 

control rule. The output of network is crisp control value Uj of system. The first layer 
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Figure 4.7: Control Synthesis Neural Network 

is introduced for calculating fuzzy controls. In this layer, a neuron is created for each 

of the elements in the universe of discourse Uj. Given the firing strengths of control 

rules, neuron k produces the value of the membership function of the resultant control 

at a specific Ujk, 1 :5 k :5 nj. Note that we have used algebraic product operator for 

conjunction in rule consequence deduction and algebraic sum for disjunction in the 

resultant fuzzy controls. In other word, a 1\ b = ab, a V b = a + b - abo Since the logic 

operations have been fixed, there is no need for initial network training. The initial 

weights of network CNj at this layer can be calculated from membership functions 

as, 

k = 1, ... ,nj (4.1) 
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while disjunction operator algebraic sum is implemented by a linear activation func-

tion 

x if0:5x:51 

f(x)= 0 ifx<O (4.2) 

1 if x> 1 

The second layer carries out the task of defuzzification. Initial values of weights 

in this layer depend on the defuzzification algorithm selected. However, if we assume 

E~=l /lCj(Ujk) :5 1 then eOA and we defuzzifications will give us the same result. 

Therefore, we will consider only eOA defuzzification. In this case, weights of the 

second layer is given by, 

nj 

'Yjk = Ujk/ Uj, Uj = L /ljk, 
k=l 

nj 

Uj = L 'Yjk/ljk, 
k=l 

j = 1, ... ,n (4.3) 

where /ljk is the value of neuron k at the first layer. These initial weights of networks 

eNj , j = 1, ... , n, can be changed later by learning algorithms to improve control 

performance. However, learning will only change the membership functions of control 

actions and the defuzzification algorithm, not the logic operations involved in control 

synthesis. 

4.3 Integration of the Sub-Neural Networks 

Integration of the neural network is constructed by connecting the pattern recog-

nition, fuzzy reasoning, and control synthesis neural networks according to the given 
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set of fuzzy control rule. Once neural networks SNi, RNr , and ON; have been created, 

the final step toward a structured neuro-fuzzy network is to connect those networks 

appropriately according to the original FLCS. 

Fig. 4.8 presents the neuro-fuzzy network for the 6-rules fuzzy controller with three 

inputs and single control variable as described in previous section. From its con

struction, it is very clear that the whole computation process of the integrated neural 

network can be divided into three stages: pattern recognition, fuzzy reasoning, and 

control synthesis (Fig. 4.3, Fig. 4.5, Fig. 4.7), resulting in a functional interpretation 

for a sub net and a structure of flow of knowledge thereof. 

Although the structured neural network, designated as NFC, can be viewed as an 

ordinary multilayer network with sensor readings as its input and control actions as 

its output, the distinctive knowledge structure embedded within this network makes 

it different from other neural-network implementations of fuzzy logic controls. Note 

that as a neural network, NFC is not a fully connected one. For example, its subnet 

SNi is linked only to input node Si and has no connection with other input nodes 

(Le., connection weights are zero), and subnet RNr is linked only to one output node 

of subnet SNi. 

Since the whole decision-making procedure of the FLCS is preserved in network 

NFC, by breaking it up into subnets of pattern recognition, fuzzy reasoning, and con

trol synthesis, the actual modifications in membership functions of sensor readings, 

operators of fuzzy reasoning, membership functions of control actions, and methods of 
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Figure 4.8: Structured Neuro-Fuzzy Controller 
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defuzzification, can be recovered separately from NFO. Therefore, the neural-network 

implementation provides a mechanism for the refinement of fuzzy-logic based con

trol systems, a problem which has not been addressed effectively within the original 

context of fuzzy logic controls. As long as the original FLOS works reasonably, no 

additional training is required in order to put the structured neural network NFO 

to work, since its performance should be at least as good as the original FLOS from 

which the network is constructed. Additional training and on-line learning by the 

network, however, can improve its performance and thus lead to the refinement of 

the existing control rules, and even generation of the new rules for the original FLOS. 

This is discussed in detail in the following chapter. 

4.3.1 Example 1 : Neuro-Fuzzy Controller for Cart-Pole System 

The process of implementing the fuzzy logic controller via a muti-Iayered neural 

network can be divided into three sub-networks having different functions in each to 

infer a fuzzy logic system. 

The first sub-neural network with two hidden layers (1-3-4-3 neurons) is constructed 

to represent the membership functions of three linguistic terms for 81,82 , the second 

sub-neural network with two hidden layers (2-3-4-3 neurons) is constructed to cal

culate the rule strengths for fuzzy reasoning (conjunction), and the final sub-neural 

network with three layers (7-11-1 neurons) is constructed for control synthesis which 
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generates fuzzy control action and then defuzzifies it. Three sub-networks is con

nected sequentially, according to the structure and decision-making process of the 

original fuzzy control system. 

Fig. 4.9 illustrates the structured neural networks to implement the original fuzzy 

logic control system for the cart-pole problem. The control rules are, 

Rule 1: If 81 is PO and 82 is PO then u is PLj 

Rule 2: If 81 is PO and 82 is ZE then u is PMj 

Rule 3: If 81 is ZE and 82 is PO then u is PSj 

Rule 4: If 81 is ZE and 82 is ZE then u is ZEj 

Rule 5: If 81 is ZE and 82 is NE then u is NSj 

Rule 6: If 81 is NE and 82 is ZE then u is NMj 

Rule 7: If 81 is NE and 82 is NE then u is NL. 

where 81 = 0, 82 = iJ and u = F 

The membership functions for the input and output variables are the same as its 

membership function in Chapter 3. The initial state of the cart-pole system is set at 

(0 = 200
, iJ = 0, x = 0, x = 0). The time step used is 10(m8ec), and the trajectory 

corresponds to a time interval t = 0(8ec) to t = 1.5(8ec). The neuro-fuzzy controller 

with local training has a very close performance to the fuzzy controller as indicated 

by Fig. 4.10. Clearly, the angle of pole is almost zero degrees after about 1.3 sec. 

The fuzzy controller with 7 rules seems not good enough to get a short settling time. 
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Figure 4.9: Neuro-Fuzzy Controller for Cart-Pole System 

4.3.2 Example 2 : Neuro-Fuzzy Controller for a Nonlinear Function 

In this example, we consider using the neuro-fuzzy control network to model a 

nonlinear sine equation (called Mexican hat), 

. (2 2) 
z=!(x,y)=sznx +y . 

v'X2 + y2 
(4.4) 

We treat this as a control problem, i.e., a controller produces z from input x and y. 

First, we use a set of fuzzy rules to describe Eq.{4.4). Here we use four fuzzy sets 

{VS=Very Small, SM=Small, LA=Large, VL=Very Large} for x and y, and four 
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Figure 4.10: Control performances for the Fuzzy Controller( dotted) and the Neuro
Fuzzy Controller(solid) 

fuzzy sets {PL=Positive Large, PM=Positive Medium, PS=Positive Small, ZE=Zero} 

for z. The domain intervals for x and yare assumed to be [-5,5]. 

From Fig. 4.11 a relation between x, y and f(x, y) can be described with a set of 

linguistic control rules, 

Rule 1: If x is VS and y is VS then z is PLj 

Rule 2: If x is SM and y is SM then z is PMj 
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Figure 4.11: The function for Mexican hat's shape 

Rule 3: If x is LA and y is LA then z is ZEj 

Rule 4: If x is VL and y is VL then z is PS. 
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5 

Fig. 4.12 shows the membership functions for the input and output variables, 

respecti vely. 

Since the system is described by ill-defined linguistic terms, we have a rough rule 

set to describe the relation between x, y and z. But it is much easier to set up the 

fuzzy rule rather than the mathematical equation, when the characteristics of the 

system are unknown and changed. 

Fig. 4.13 shows the structure of the three sub-networks and the integrated neural 

network to implement the fuzzy logic system for the nonlinear function. 
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Figure 4.12: Initial membership function for the inputs (upper) and the output 
(down) 

• The first sub-neural network with two hidden layers{1-3-4-3 neurons) is con-

structed for the membership function which identifies patterns of x and y, 

the second sub-neural network with two hidden layers(2-3-4-3 neurons) is con-

structed for four firing strengths from each decision rule, and the final sub-

neural network with three layers(7-9-1 neurons) is constructed for control syn-

thesis . 

• The performances of the fuzzy controller and the neuro-fuzzy controller having 

local training only in Fig. 4.14 illustrate poor results to model the nonlinear 

function. This fuzzy controller seems to add more rules and refine the mem-

bership function for the variables to get a close shape. And the neuro-fuzzy 
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Figure 4.13: Neuro-Fuzzy Controller for Mexican hat 

controller needs training through learning algorithms. So, we could apply the 

values of the parameter as the starting weights in the neuro-fuzzy network NFC. 

Hence, in subsequent chapters we discuss the learning algorithms for the neuro

fuzzy network NFC which has not yet performed well. We will present two back

propagation learning algorithms for off-line training and on-line learning, derived 

from the gradient descent optimization method. 
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Figure 4.14: Control performance for Fuzzy Controller(upper) and Neuro-Fuzzy Con
troller before training( down) 
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The back-propagation algorithm in neural networks is one of the most important 

learning methods. It is a powerful mapping network that has been successfully applied 

to a wide variety of problems. 

In this chapter, the standard back-propagation network is introduced with deriva

tion and implementation of the gradient learning algorithm. The back-propagation 

algorithm for off-line training of neuro-fuzzy networks from the gradient descent op

timization method is then presented through the gradient learning algorithm for the 

standard back-propagation neural network. 

5.1 Standard Back-Propagation 

The back-propagation algorithm is a generation of the least mean square (LMS) 

algorithm. It is simply a gradient descent method to minimize the total squared error 

of the output computed by the network. 

The back-propagation network is a layered, feedforward network that is fully in

terconnected by layers. There is no feedback connection and no connection that can 
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bypass one layer to go directly to another layer. Although only three layers are used 

in the discussion, more than one hidden layer is permissible 

The network is trained by initially selecting small random weights and internal 

thresholds, then presenting all training data repeatedly. An essential component of 

the algorithm is the iterative method that propagates error terms required to adapt 

weights back from nodes in the output layer to nodes in lower layers. 

The training procedure involves two phases. The first phase, called the forward 

phase, occurs when the input is presented and propagated forward through the net

work to compute an output value for each processing element. For each processing 

element, all current outputs are compared with the desired output, and the difference, 

or error, is computed. In the second phase, called the backward phase, the recurring 

difference computation (from the first phase) is performed in a backward direction. 

Only when these two phases are complete can new inputs be presented. 

For convergence, one difficulty in standard back-propagation is the requirement 

of a long training time with many training pairs. The more training pairs and time 

produces the better learning performance. 

5.1.1 Derivation of Gradient Learning Algorithm 

We review the derivation of the gradient learning algorithm for a standard back

propagation neural network. 
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Figure 5.1: Standard back-propagation neural network 

Suppose the neural network has the input layer Xi, the output layer Uk, and a 

hidden layer Zj as shown Fig. 5.1. 

The delta rule changes the weights of the neural network. The aim is to minimize 

the difference between the actual output value Uk and the desired output ut. In the 

derivation through delta rule, Uk is computed as Uin/c = Ej ZjWjk 

The derivation is given for an arbitrary activation f(x). The error, which is a func-

tion of both the slope parameters and the weights, and which must be minimized is 

E = ! Ek( ui - Uk)2. Thus the error E can be reduced most rapidly by adjusting the 

weight W in the direction of aa:. 

By use of the chain rule, we find the following: 



1. For weights to the output unit Uk: 

8E 8 1 L:) d )2 
8Wjk 

- --- Uk-Uk 
8Wjk 2 k 

- - 2:(ut - Uk) 8 
8 

!(UkUk) 
k tvjk 

- - 2:(ut - Uk)!'(UkUk) a a (UkUk) 
k Wjk 

- - 2:(ut - Uk)!'(UkUk)UkZj 
k 

- -6kUkZj 

8E - 2:(u~ - Uk)!'(UkUk) a
8 

(UkUk) 
aUk 

-
k Uk 

- - 2:(ut - Uk)!'(UkUk)Uk 
k 

- -6kUk 

where Uk is the slope parameter of activation !( x) and 

For weights to the hidden unit Zj: 

aE 

atvjj 

126 

(5.1) 

(5.2) 



aE 

au· J 

a - - L: 8kUkWjk--Zj 
k aWij 

- - L: 8kUkW jk!' (UjZj )UjXi 
k 

- L:(ut - Uk)~Uk -
k aUj 

- - L:(ut - Uk)f'(UkUk) a a Uk 
k Wij 

a 
- - L: 8kUk-Uk 

k aUj 

a 
- - L: 8kUkW'k-Z ' 

J au. J 
k J 

- - L: 8kUkW jk!' (UjZj )Zj 
k 

- -8·z· J J 

2. The updates for the weights to the output units, 

aE 
- -a--

aWjk 

- a L:(u% - Uk)!'(UkUk)UkZj 
k 

- a8kUkZj 

and for the weights to the hidden units; 

aE 
~Wij = -a-

aWij 
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(5.3) 

(5.4) 

(5.5) 



- (UTj!'(O'jZj) (Xi) ~ OkO'jWjk 
k 

The updates for the slope parameters on the output units are 

8E 
-a-

80'k 

- -a ~(U% - Uk)!'(O'kUk)Uk 
k 

and for the slope parameters on the hidden units, 

D..O" 
8E - -a-3 80" 3 

- -a ~ OkO'kWjk!'(O'jZj)Zj 
k 

- ao,z, 
3 3 
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(5.6) 

(5.7) 

(5.8) 

In the following, the gradient learning algorithm from the gradient descent op-

timization method is implemented through the learning rule of the standard back-

propagation neural network. 

5.1.2 Implementation of Gradient Learning Algorithm 

The steps of the gradient learning algorithm for a network with two hidden layers 

in Fig. 5.2 are described in the following. The form of the activation and its derivative 

are not explicitly specified. 



129 

...................................................................................................................... ". 

Figure 5.2: Multilayer feedforward neural network 

1. Feedforward 

• Each input unit(Xi, i = 1, ...... , n) broadcasts input signal to hidden units 

of the first hidden layer. 

• Each hidden unit of the first hidden layer(Zh, h = 1, .... , q) computes input 

signal,applies activation function to compute output signal, and sends its 

output signal to the unit in the second hidden layer. 

n 

zinh = WOh + ~ XiWih 
i=1 

(5.9) 

• Each hidden unit of the second hidden layer(ZZj,j = 1, ... ,p) computes 

input signal, applies activation function to compute output signal, and 



sends its output signal to output units. 

n 

ZZinj = WOj + L: ZhWhj 
h=l 
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(5.10) 

• Each output unit (Yk, k = 1, ...... , m) sums weighted input signal and ap-

plies activation function to compute its output signal 

p 

Yink = WOk + L: ZZjWjk 
j=l 

2. Back-propagation of error 

(5.11) 

• Each output unit (Yk, k = 1, ...... , m) calculates its error ek = (tk - Yk) for 

the current training pattern, multiplies by derivative of activation function 

in terms of Yk to get 

(5.12) 

calculates weights correction term 

(5.13) 

and sends ak to hidden units of the second hidden layer (ZZilj = 1, ... ,p). 

• Each hidden unit of the second hidden layer (ZZj,j = 1, ... ,p) sums 

weighted input from units in layer above to get 

m 

ainj = L: akWjk 
k=l 

(5.14) 
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multiplies by the derivative of its activation function in terms of Z Zj to 

get 

(5.15) 

calculates weight correction term 

(5.16) 

and sends bj to hidden units of the first hidden layer (Zh, h = 1, .... , q) . 

• Each hidden unit of the first hidden layer(Zh, h = 1, ... , q) sums weighted 

input from units in layer above to get 

p 

binh = 1: bjVhj 
j=1 

(5.17) 

multiplies by the derivative of its activation function in terms of Zh to get 

(5.18) 

calculates weight correction term 

(5.19) 

3. Update Weight and Biases 

• For each output unit(j = 1, ... ,Pi k = 1, ...... , m): 

(5.20) 
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• For each hidden unit of the second hidden layer ZZj(h - 0, ... , qjj -

1, ... ,p)j 

(5.21) 

• For each hidden unit of the first hidden layer Zh(i = 0, ... , nj h = 1, ... , q)j 

(5.22) 

The back-propagation learning algorithm developed for standard multilayer feed-

forward neural networks can be easily generalized to neuro-fuzzy network NFC. As 

for multilayer neural networks, this back-propagation learning algorithm will enable 

NFC to tune its weights to match a given set of desired or optimal input/output 

paIrs. 

We could achieve the characteristics of the back-propagation learning for the stan-

dard multilayer feedforward neural networks and the back-propagation learning for 

the neuro-fuzzy network NFC. However, the following observations can be made. 

They are similar in the following two aspects: 

• Their basic operation is the same, forward computation and backward training, 

and both use iterative gradient algorithms to minimize the mean square error 

. between the actual output and the desired output. I.e. 

• Both are universal approximators and qualified to solve nonlinear problems. 
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They are different in the following two aspects: 

• The parameters of neuro-fuzzy network NFC have clear physical meanings, 

and therefore, very good initial parameter-choosing methods can be developed. 

However, the initial parameters of standard multilayer feedforward neural net-

works have to be chosen randomly. 

• Linguistic information can be incorporated into the neuro-fuzzy network NFC in 

a systematic way, whereas the standard multilayer feedforward neural networks 

cannot make use of the linguistic information. 

5.2 Back-Propagation for Neuro-Fuzzy Networks 

As a standard multilayer neural network, back-propagation can be used to tune 

weights of neuro-fuzzy networks to match a given set of desired or optimal in-

put/output pairs, and thus change control rules along this process. To find the 

training algorithm for NFC, we define the error function as 

(5.23) 

where uj is the jth component of a desired control. 

If we use Eq. (4.3) in the CNj only for the calculation of initial values of weights "/jk, 

the rules for updating weights of NFC are exactly the same as those for the standard 

multilayer neural networks, except that weights between any two neurons with no 
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direct connection are always treated as zero. This will change the defuzzification 

algorithm through training. On the other hand, if Eq. (4.3) is considered as the 

definition of 'Yjk, which implies no change in the defuzzification algorithm, then the 

rule for updating weight Wjkr in the first layer of ONj has to be modified as 

Wjkr(t + 1) = Wjkr(t) + ."ar(uj- Uj) ('Yjk - t UjlJ1.jz!O}) f'(J1.jk) 
1=1 

(5.24) 

where f'(x) = 1 when 0 < x < 1, f'(x) = 0 otherwise; 0 < ." < 1 is a learning rate, 

and t represents the number of iteration steps in training. This result can easily be 

obtained from gradient calculation. In this case, the error terms back-propagated to 

the output layer of RNr are found to be, 

(5.25) 

The derivation of Eq. (5.24) and (5.25) has been described at Appendix 1 in detail. 

After training has been completed, we can recover membership functions and fuzzy 

conjunction operators by breaking up NFC into SNi , RNr, and ONj which are sub-

networks of pattern recognition, fuzzy reasoning, and control synthesis. Specifically, 

from SNi we get the refined membership functions of signal patterns for Si and from 

RNr the modified conjunction operator for rule r. Note that, after training, different 

control rules would have different conjunction operators. The following examples 

show the refined membership functions and the modified conjunction operators in 

the SNi and RNr, respectively. To obtain the updated membership functions of 

control actions for Uj, we need to set only one input neuron, sayar, of ONj to 1, 
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and all others to zero. In this way, output values of neurons in the first layer of 

ONj present the new membership function for control term Ujir. Like conjunction 

operators, a fuzzy control action employed by two or more control rules could have 

different membership functions in different rules after training. 

5.S Rule Modification and Generation 

Clearly, no additional training is required to put the structured neural network 

FCN to work since its performance should be at least as good as the original fuzzy 

control system it has implemented. Additional training and on-line learning by the 

network, however, can improve its performance and thus lead to the refinement of the 

decision rules of the original fuzzy control system. By breaking up the structured net

work into sub-networks of pattern recognition, fuzzy reasoning, and control synthesis, 

the actual modifications in these decision-making processes can be retrieved individ

ually. That is, refined membership functions of sensor readings can be obtained from 

networks SNi. Therefore the additional training provides a mechanism for the re

finement of decision rules, a problem which cannot be addressed easily within the 

context of fuzzy control systems. It is also another reason that the learning processes 

could be qualitative ones during the construction phase of the structured network. 

It is important to point out that the same linguistic term will usually have dif

ferent membership functions when it appears at different control rules after rule 



136 

modification by the neural network NFO. It should be expected from the optimiza

tion consideration: network NFO has to differentiate the same control patterns in 

different control rules for better performance. The control pattern via global training 

should be different from the initial control pattern. The membership functions for 

input signal patterns are not enough to implement for a fine control. So the refined 

membership functions for input variables and control variables should be added or 

adjusted to implement the desired performance through a few training-iterations. 

In many cases, the performance of a FLOS cannot be improved further unless new 

control rules are added. Using network NFO, we can generate new rules automatically 

by augmenting NFO with neurons of zero initial weights. 

As illustrated in Fig. 5.3 , for a single new rule, generation can be achieved by 

adding an output neuron SF to each subnetwork SNi, and a new fuzzy reasoning 

subnetwork RNnew which takes SF as its input neurons and anew as its output neuron. 

These new neurons represent a new control rule in the form of 

IF 81 is Sr and ... and 8 m is Sr;;» THEN Ul is Ur and ... and Un is U:;ew 

where SF and Uj are new signal and control terms with unknown membership 

functions. Initially, all weights associated with these neurons are zero or very small 

random numbers. 

Therefore, the new control rule has no or very little effect in the computing process 

of the augmented network NFO. However, after training the augmented NFO with 
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Figure 5.3: Network Augmentation 
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the algorithm described above, weights associated with these neurons would take 

certain non-zero value. Membership functions of the new signal patterns now can 

be obtained from the output of neurons Brew, i = 1, ... , m, while the conjunction 

operator of the new rule is obtained from the output of neuron anew. The procedure 

to get membership functions of the new fuzzy control actions Uj, j = 1, ... , n, is 

the same as the one used for the existing control terms. Multiple new rules can be 

generated similarly. 

As proposed in [98], the generation of new rules can be carried out either globally 

or locally. The global scheme is to update all weights of the augmented network NFC 

simultaneously according to the training algorithm, while in the local scheme, only 

the weights associated with the new neurons are modified and all other weights remain 

unchanged. Since new weights can be viewed as additional optimization variables, 

it is expected that the augmented network will have better control performance. 
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Although the global scheme would have a better result than the local one eventually, 

it may cause serious performance degradation during the initial training stage since 

it starts the training process by driving the network away from a locally optimal 

state (assume the original network has obtained at least locally optimal weights). On 

the other hand, the local learning method can at the best achieve a locally optimal 

performance for the augmented network. However, this method can result in a smooth 

improvement during the training process without causing dramatic changes in control 

performance. 

A preferred strategy is to combine the global and local schemes, i.e., starting with 

the local one in the initial stage and then switching gradually to the global one. A 

simple implementation of this strategy can be accomplished by, 

w(t + 1) = w(t) + a(t)7]~w(t) (5.26) 

where w represents any weight which is not associated with the new neurons Srew 

and anew, 7] is the learning rate, and 

{ 

0, 
a(t) = 

1 - e-!3(t-TL) , 

(5.27) 

in which TL is the local learning period and f3 is the rate of introducing the global 

scheme. 
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Figure 5.4: Performance of the NFC via off-line training 

5.3.1 Example 1 : Neuro-Fuzzy Controller for a Nonlinear Function 

To verify the learning algorithms of the neuro-fuzzy controller NFC, the simula

tions are conducted by the standard back-propagation algorithm local training for 

the sub-networks and then global training for the neuro-fuzzy network based on the 

back-propagation algorithm which is an off-line training with the desired output. 

Fig. 5.4, via global training of 100 iterations, illustrates that the output is a similar 

shape to the real function in Fig. 4.11. 
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Figure 5.5: Performance of a Neural Network via standard back-propagation learning 

This NFC performance via off-line training in Fig. 5.5 is also compared with 

the performance of a neural network controller in Fig. 5.5 with a standard back-

propagation learning of 5000 iterations. 

5.3.2 Example 2 : Neuro-Fuzzy Controller for Cart-Pole System 

The global training for the neuro-fuzzy network NFC based on an off-line back-

propagation training algorithm is conducted in the same way as the previous example 

1. 
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Figure 5.6: Performance of the NFC via global training(solid) and via local train
ing( dotted) 

Fig. 5.6 shows the performance of the NFC after global training by 50 iterations. It 

demonstrates that the angle and angular velocity of the pole are almost zero degrees 

and the force is stable after about 0.8 seconds. The performance has been improved 

in comparison with the result of local training in Fig. 4.10 (solid). The neuro-fuzzy 

network via the back-propagation training has a smaller overshoot and settling time 

than its initial 1.3 seconds. 
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Figure 5.7: Error of the NFC via off-line training(solid) and a Neural network( dotted) 

The mean squared errors(MSE) for the neuro-fuzzy controller, which are differ-

ences between the a.ctual output values and the desired output values, are compared 

with the MSE for a multi-layered neural network controller without implementation 

of FLCS in Fig. 5.7; the error(solid curve) of the neuro-fuzzy controller is much 

smaller and converges to zero quickly at the same epoch. 

As long as the performance of the NFC via global training is changed from its 

initial performance, the membership function for input 817 82 and the control pattern 

in each rule should be modified from their original. The modified membership func-

tions for the input signals 817 82 were generated as shown in Fig. 5.8. In particular, 

the linguistic pattern in the middle, has been modified to a wide and high shape. 

An!!. the membership function for 81 has a large overlapped value with the adjacent 

linguistic patterns. 
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The control pattern by each rule has been changed as shown in Fig. 5.9. But the 

changes reveal no big differences to the initial pattern in each rule, respectively. In 

fact, the inital network NFC i.e., the network before global training, also performed 

well. 
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Figure 5.9: The final control patterns (solid) and the original control patterns (dot
ted) for each rule after global training 



CHAPTER 6 

Back-Propagation Algorithm for On-Line Learning of 

N euro-Fuzzy Networks 
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A more realistic way to achieve on-line real-time learning for neuro-fuzzy network 

NFN is through learning after the execution of each task. After all, learning is only 

meaningful when a task is repeated. This is especially appropriate for NFN since it 

is expected that the network performs reasonably without any training other than 

learning membership functions and conjunction operators by small subnets at the 

very beginning. 

In this chapter, we present the scheme of on-line learning of the proposed neuro

fuzzy network with a plant emulator network and a plant controller network. The 

learning algorithm is explained to be developed by using the gradient method to carry 

out for the on-line identification and performance optimization. 

6.1 Scheme for On-Line Learning 

We propose a learning scheme based on the idea of self-learning control systems 

developed by Nguyen and Widrow [68] as shown Fig. 6.1. The scheme is divided 

into two phases. The first phase is to approximate the plant dynamics using a neural 
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network, i.e., Plant Emulator. After this phase is successfully completed, the neuro-

fuzzy network NFN controller is updated by the other neural network, i.e., Plant 

Controller, in the second phase in order to minimize the error function. 

s(i) 
Neural·Net 
Controller 

u(i) 

s(i) 

u(i) 

Process 

Neural·Net 
Emulator 

Figure 6.1: On-Line Learning Scheme 

+ Error 

To this end, we assume that the process to be controlled has the dynamics in a 

form of 

Si+1 = P(s(i), u(i)), i = 0,1, ... , J( (6.1) 

during execution of each task, where P represents an unknown dynamic equation and 

control is determined by the neuro-fuzzy network u(i) = NFN(s(i)). The objective 

of process control is to minimize the final error 

(6.2) 
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where Sd is the desired state of process after J( -step execution. The scheme uses neural 

networks in optimal control by training the controller to maximize a performance 

function. 

6.2 Plant Emulator (PE) Network and Plant Controller Network (NFC) 

u(l) 

u(l) 

5(1) 

. 5(1) 

u(l) 

p ( 5(1), u(l) ) 
s(1+1) 

+ 
5(1+1) 

1-------++ 

Figure 6.2: Training Emulator Network 

Before training the neuro-fuzzy network NFC controller, a separate neural net is 

trained to behave like the plant. Specially, the neural network in Fig. 6.2 is trained 

to emulate P(s(i), u(i)). Since the plant dynamics are unknown, a separate neural 

network PE, called Plant Emulator, is trained on-line(or off-line if training data are 

available) to behave like the plant before we conduct learning after task execution 

for NFC. 
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On-line training is possible since we know that the performance of NFC should be 

the same as the original FroS, which is reasonable but may not be optimal. Thus, 

we can start to control the plant with NFC and then collect data to train PE in real 

time. This is not possible with other neural networks since their performances are 

not reliable and should not be used for real-time application before they have been 

trained sufficiently. 

An error threshold cp is used to evaluate how well PE is has learned the plant 

dynamics. If the prediction error of PE is larger than cp after on-line training, a 

session of off-line training will be conducted. PE will be used to optimize NFC only 

after its error is less than Cpo 

In theory, this approach only allows PE to emulate the local plant dynamics 

around the trajectory induced by NFC. Therefore, only local optimization can be 

achieved by this method. Based on the available information, however, this is the 

only way to improve the performance of NFC. 

Training the emulator PE is similar to plant identification in control theory, except 

that the plant identification here is done automatically by a neural network capable 

of modeling nonlinear plants [68]. 

6.3 On-Line Learning Algorithm 

1. Backpropagation for Plant Identification 
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We use a standard multilayer feedforward neural network for PE. If heuristics 

and/or expert knowledge are available for plant dynamics, a neuro-fuzzy net-

work can also be developed for PE in the same way network NFC is constructed. 

The error function for plant identification is 

(6.3) 

where Tp is time period for updating PE, and s is the actual dynamic response 

of the plant while Sp is the predicted response from PE. Normally, we set 

Tp = 1. 

Using the gradient method, on-line back-propagation training can be specified 

as, 

where WPE represents a weight parameter of PE, and TIP is a small positive 

number representing learning rate. 

2. Back Propagation for Performance Optimization 

In deriving an on-line learning rule for NFC, we use PE to replace the real 

dynamics of the plant. Therefore, real response s in error function E is replaced 

by predicted response Sp. The on-line back-propagation learning can be found 

to be, 
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where WNFO is a weight parameter of NFC, TJF is learning rate, and TF > Tp is 

time period for updating NFC. The gradient can be found in a recursive form 

as, 

aSp(i) = aPE aSp(i - 1) + aPE aN FC (6.6) 
aWNFO asp aWNFO au aWNFO 

sp = sp(i -1),u = u(i -1) 

The learning rule implies that network NFC remains unchanged during interval 

[t - TF + 1, t], and that the gradient evaluated over the interval [t - TF + 1, t] 

is applied to the interval [t + 1, t + TF]. 

The gradients to be calculated from the two networks are derivatives of output with 

respect to inputs (aPE/asp and aPE/au) and weight (aNFC/awNFo), respectively. 

The first gradient can be calculated very easily for any specific network, while the 

procedure for the second one can be found in [99]. As discussed in the previous 

subsection, automatic rule generations can also be implemented here through network 

augmentation by learning from on-line task execution. 

6.4 Example: On-Line Learning of the Neuro-Fuzzy Networks for Cart-

Pole System 
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The emulator network for the car-pole system started with the input-state pairs 

generated from the results of the fuzzy controller. Based on the state trajectory for 

the fuzzy control on Fig. 6.3, we assume 15(= 5 x 3) fuzzy input subspaces in the 

domain[-5,20] for pole angle and the domain [-100,50] for the angular velocity, 

respectively. 

Once we know the initial values for pole angle and its velocity, we train the neural 

network with a desired trajectory, which has the current states and the force for input 

variables and the next states for output variables. 

Fig. 6.4 shows the final performance for the cart-pole system, using /( = 23 and 

TJ = 0.25. Clearly, the settling time of the pole angle is about 0.8 sec. It has improved 

by 0.5 sec in comparison with the before on-line learning. Fig. 6.5 shows the error 

according to learning iterations after each task execution. Fig. 6.6 shows the modified 

membership functions of signal patterns. A new membership function for the inputs 

has been generated with initial three membership functions after on-line learning. 

Control patterns for the rules in Fig. 6.7 show they are different from their initial 

control pattern. The new control pattern generated by the new rule shows a fine 

control and seems to close the linguistic term ZE in. output membership functions, 

but it is not same control pattern. 
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Figure 6.4: Final performance via on-line learning (solid) and local training( dotted) 
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ted) for each rule after global training 



CHAPTER 7 

Simulation Results Bucket Motion Control in mining 

excavation 
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The neuro-fuzzy controller is a general network-architecture to implement fuzzy 

logic system and learning ability and it can be applied to a variety of control problems 

and decision systems. In this chapter, we try to evaluate the neuro-fuzzy controller 

through an example for real application in an intelligent control system. The pro

posed neuro-fuzzy controller has been explained with examples, such as the cart-pole 

balancing problem and modeling of a nonlinear function( called Mexican hat) in the 

previous chapters. Now as a real example, considering the bucket-motion control 

problem in mining excavation with a laboratory set-up, a PUMA 560 robot arm 

is applied to simulate excavation for mining automation. The simulation has been 

written in the MATLAB language and runs on a Sun Workstation. 

7.1 Description of Excavation task in mining 

An autonomous mining excavator requires sensor feedback from the excavation 

tool to control unpredictable interactions between the tool and rock pile. A prelim

inary analysis of the requirements for automatic loading can be achieved by consid

ering the actions of a human operator [45,46]; 
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• Determine the rock pile position and shape. 

• Decide on an initial excavation strategy and a location to start the excavation 

cycle. 

• Determine if forward motion is taking place without excessive tire slippage or 

tires lifting off the ground. 

• Adjust bucket approach angle based on perceived resistance to bucket motion. 

• Sense the amount of material in the bucket. 

These tasks show that the Front-end loader (FEL) operator is continually adjusting 

his actions based on feedback from the rock pile. The operator cannot see into 

the rock pile, and does not have sensors that provide a precise representation of 

the bucket/rock interface. Therefore, machine control decisions are made based on 

interfaces of bucket status obtained from imprecise, uncertain and incomplete data. 

The skilled human operators' use for FEL control cannot be implemented through 

conventional control approaches that are based on mathematical equations. However, 

the fuzzy behavior based control approach is used for the autonomous FEL controller. 

To achieve an excavation goal, a skilled human operator applies different strategies 

to overcome various problems encountered in the excavation process. These strategies 

can be described as a set of nine typical behaviors as behavior programs[45]. In Lever 

and Wang's paper[52, 53, 54], fuzzy logic is used to construct behavior programs, 
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and neural networks are developed to conduct situation assessment and behavior 

arbitration. However, a simple behavior-fusion strategy based on the fuzzy inference 

mechanism is applied to combine the decision of all activated behavior programs into 

a single action. 

7.2 Experimental Setting 

The prototype FEL control system has been implemented using a small excavation 

bucket(13cm wide, 6cm high and 8cm deep) mounted at the wrist of a PUMA 560 

robotic arm to simulate FEL actions as shown Fig. 7.1 . An excavation pit (100cm 

long, 50cm wide, and 20cm high) is constructed in the Robotics and Automation 

Laboratory at the University of Arizona to simulate the excavation site. 

To collect force/torque data during excavation experiments, a Zebra Robotics 6D 

force/torque sensor(three orthogonal forces and torques about each axis} is mounted 

between the bucket and wrist of the PUMA. The FEL controller is implemented 

on a SUN SPARCstation 2, and sends motion commands to VAL II controller. In 

the experiment, the FEL controller attempts the common FEL action of lowering 

the bucket to the floor and then pushing the bucket into material while keeping in 

contact with the floor. 
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Figure 7.1: Laboratory Experimental Setup 

7.3 Fuzzy Logic Implementation for a behavior program 
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Fy 

Fx 

The excavation behaviors are based directly on human experience and heuristics, 

and therefore they can be naturally and effectively described by linguistic rule-based 

fuzzy logic decision-making processes. 

One of the typical behaviors is horizontal-digger which is used to complete a 

general excavation task in the forward motion mode. 

• horizontal-digger digs forward horizontally along a preset bucket elevation. 

Small deviations above and below this horizon are allowed when the buck 

force/torque data detects small particles in the bucket's path. 
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In the simulation we focus on the modeling of a neuro-fuzzy controller N FC for 

motion control of the bucket in the horizontal-digger excavation process. 

Based on the current force/torque data and their variations, the behavior has to 

make its decision in terms of bucket velocity and motion increments along horizontal 

and vertical directions. Neither the objective of the behavior program given above 

nor conditions under which it should be applied can be well-defined. In addition, 

there is no obvious best way for it to achieve its goal. With these considerations, 

we construct behavior programs based on human experience and heuristics, and use 

fuzzy logic rules to implement them. 

The fuzzy controller has the forces Fy and Fz as input, and ~y (horizontal motion 

step size), ~z (vertical motion step size) and BV(bucket velocity) as the control 

variables, and six fuzzy control rules to execute its behavior. 

We assume five fuzzy sets (PL=Positive Large, PS=Positive Small, ZE=Zero, 

NS=Negative Small, NL=Negative Large) for input/control variables Fy , Fz , ~y and 

~z, and two fuzzy sets (PL=Positive Large, PS=Positive SmalQ for a control variable 

BV, respectively. The membership functions of the bucket velocity BV are defined 

to have singleton type, i.e., P L = 0.8 and PS = 0.4. Fig. 7.2 shows the membership 

functions for the input and output variables. 

The behavior program in our simulation is implemented only for Horizontal-digger 

behavior by the following fuzzy control rules: 

Rule 1: If Fy is NOT PL then ~y is ZE and BV is PSj 
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Figure 7.2: Initial membership function 

Rule 2: If Fy is PL then D..y is PS and BV is PLj 

Rule 3: If Fy is NOT NL then D..y is ZE and BV is PSj 

Rule 4: If Fy is NL then D..y is ZE, D..z is NS, and BV is PSj 

Rule 5: If Fz is NOT NL then D..z is PS, and BV is PLj 

Rule 6: If Fz is NL then D..z is NS, and BV is PSj 

7.3.1 Design of Neuro-Fuzzy Controller for horizontal behavior 
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The first sub-neural networks with two hidden layers{1-3-4-5 neurons) are con-

structed to train the membership functions which identify patterns of Fy and Fz with 

membership functions of five linguistic terms. If both input variables Fy and Fz have 
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the same pattern, we train only a single sub-network and apply the parameters to 

both input networks. Fig. 7.3 shows the initial and trained membership function for 

the input signal through the subnet SNi. 
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Figure 7.3: The trained membership function for input variables 

The second sub-neural networks with two hidden I ayers { 4-3-4-3 neurons) are con-

structed in the same way as SNi, to train rule strengths for the six control rules. The 

third sub-neural network with three layers{6-9-1 neurons) is constructed for control 

synthesis which generates fuzzy control actions and then defuzzifies them. These 

three sub-networks must then be connected sequentially, according to the structure 

and decision-making process of the original fuzzy control system. 

Fig. 7.4 shows the structure of the integrated neural network using three sub-

networks to implement the fuzzy logic system for bucket motion control. In the on-line 
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learning phase of the computer simulation, we assume that no prior knowledge from 

a mining excavation expert is available. So first, a 4-layered neural network PE with 

two hidden layers is used to emulate the dynamics of the excavation system. After 

the network is trained well enough to demonstrate the desired dynamic behavior, it 

is used for the learning in the neuro-fuzzy network NFC. 

Figure 7.4: The neuro-fuzzy network for the bucket motion control 

7.4 The simulation results 

The experimental data set needed for network input-output training pairs is col

lected by using the teach-panel to mimic horizont,al digging. Using this data set, 
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simulations for fuzzy control and neuro-fuzzy control are developed to improve its 

desired motion performance. Fig. 7.5 illustrates the trajectory of the bucket digging 

horizontally into the rock-pile. The excavation in Fig. 7.5 starts at point A and moves 

forward horizontally to the point B, and then the bucket lifts up when it is full at 

point C. The excavation cycle is then repeated from point A to point B. Fig. 7.6 

shows the forces Fy and Fz for corresponding trajectories, which were extracted by 

the force/torque sensor using teach-panel based expert knowledge. 

C ( Repeat digging at the point A) 

A 
(Start to ___ iiiiiiiiiiiiiiiiii 

Figure 7.5: Horizontal-digger excavation process 

The excavation strategy is for the bucket to dig horizontally at an initial po-

sition POSy = 20, POSz = 0 until the bucket is full. In Fig. 7.6 illustrates two 

horizontal excavation sequences from points A -+ B -+ C then repeating points 

A -+ B. The initial performance of the N FC for the horizontal excavation task 

in Fig. 7.7 shows reasonable control and rough motion-control excavation through 

sequence points A, B, C, A, B in terms of reacting to the clear changes in the force 

Fy and Fz. In other words, the initial control system does not closely follow the 
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desired excavation trajectory. Fig. 7.8 and Fig. 7.9 provide a clear picture of the 

bucket motion by plotting the Y and Z motion. These figures clear show the actions 

of the two horizontal behaviors excavation reacting to the forces encountered in the 

rock-pile. 

After we train each sub-network, simulation is conducted for global training of 

the N FC using the developed back-propagation algorithms. The performance of the 

N FC after off-line training using 40 iterations is shown in Fig. 7.10. The incremental 

D.y and D.z motions are now close to the desired motion which was generated in the 

initial data set by using the teach-panel of the robot. The performance of the neuro-

fuzzy network via off-line training has clearly improved its initial performance in 
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50 60 

50 60 

Fig. 7.7. This performance is also compared with the performance of a neural network 

controller in Fig. 7.11 ; the error(MSE) of output of the neuro-fuzzy controller is 

smaller than the error of the output of the neural network controller and the MSE of 

the neuro-fuzzy controller converges to zero quickly. 

Fig. 7.12 and Fig. 7.13 show modified membership functions for input variables and 

control actions, respectively. The membership functions having negative linguistic 

terms in Fig. 7.13 have been excited strongly. Since most of the input values belong 

to the negative terms, the negative terms have more activity. 
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SO so 

so so 

Note that there are several control rules having the same control action: the 

control pattern ZE in the rule 1, rule 3, and rule 4 for the incremental step ~Y' 

As shown in Fig. 7.13, these rules have different reasoning operators, i.e., different 

conjunction operators after off-line training. For rule generation, the global scheme 

is used to produce a single rule. Fig. 7.14 illustrates that during the on-line learning 

of computer simulation using the parameters J( = 30 and TJ = 0.25. The NFC has 

improved its initial performance. 

7.5 Summary 

This chapter presented the simulation results of the proposed neuro-fuzzy con-

troller N Fe with both off-line training algorithm and an on-line learning algorithm. 
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1200 

Using the two examples in Chapters 4, 5,and 6, the N FC is used to control/model a 

dynamic system and a highly nonlinear function. The proposed N FC performance is 

compared with the performances of pure fuzzy controller and neural networks for the 

Cart-pole problem and Mexican hat function, respectively, and is illustrated in Table 

4 and 5. The N FC is evaluated to get better performance in such criteria. In the 

Cart-pole problem, the NFC performance for both off-line training and on-line learn-

ing have about doubled the performance of the fuzzy controller. With the Mexican 

hat function, the NFN performs better than standard neural networks, event hough 

the NFN has more parameters and less training iterations. This is due to the fact 

that the NFN started with an initial learned state instead of starting with small 

random numbers for weights in the standard neural networks. 
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II FC I the NFC (off-line) I the NFC (on-line) II 
Pole angle f) = 0° after 1.5 sec. f) = 0° after 0.85 sec. f) = 0° after 0.8 sec. 

. . . Table 4:The comparIson wIth the Fe performance In cart-pole problem (InItIal pole angle = 20°) 

Neural Networks The N euro-Fuzzy Networks 

No. of parameters 10 66 

No. of training-pairs 121 121 

CPU time 2.36 x 104sec. (5000 iterations) 0.14 x 104sec. (100 iterations) 

Mean square error 0.027 0.012 

Table 5:The com p arison with the NN p erformance in Mexican hat function 
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Figure 7.13: The original (dotted) and final (solid) control patterns via off-line train
ing 

As a real example in Chapter 7, the excavation bucket controller uses a robot arm 

to control the bucket position based on force/torques in the bucket. The performance 

and effectiveness were compared with neural network without FLCS implementation 

as shown in Tab. 6. The architecture of the N FC with both learning algorithms 

has demonstrated the improved performance to those applied intelligent systems. 

However, this comparison cannot be taken as universal since we did not attempt an 
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Figure 7.14: The initial performance (dotted) and performance of the NFC via on-line 
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exhaustive search to find the optimal setting for the membership function and a rule 

set of fuzzy logic control system and back-propagation learning algorithm for the 

neural networks. 

Neural Networks The Neuro-Fuzzy Networks 

No. of parameters 11 79 

No. of training-pairs 56 56 

CPU time 1.52 x 104 sec. (3000 iterations) 0.09 X 104 sec. (40 iterations) 

Mean square error 0.132 0.103 

Table 6:The comparison with the NN performance in bucket motion control 
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Theoretically, the final membership functions of input variables and output variables 

should have some reasonable shapes; for instance, they should be symmetric with 

respect to the origin. However, they are not exactly certain and reasonable shapes 

due to the computer truncation errors, the mean squared errors, and correlation 

between nodes. Fuzzy control is one of the most successful applications of the fuzzy 

set theory and fuzzy logic system. Due to the adaptive and parallel learning capability 

and fuzzy logic implementation of the proposed neuro-fuzzy network, its application 

to adaptive control and learning shows better performance in terms of intelligent 

control systems. 
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CHAPTERS 

Conclusions 

This study presents a design for implementing adaptive fuzzy-logic based con

trollers with neural networks. A detailed example of the effects of various reasoning 

methods on fuzzy controls is described to illustrate the need for an adaptive imple

mentation of fuzzy control systems. A structured neuro-fuzzy network is constructed 

by integrating three types of subnets for pattern recognition, fuzzy reasoning, and 

control synthesis, respectively. The unique structure of this network provides us 

with a vehicle to carry out independent adaptive changes of membership functions 

of linguistic input signal patterns and output control actions, as well as conjunction 

operators in fuzzy reasoning. Both off-line training and on-line learning algorithms 

are developed based on the descent gradient optimization method. Problems of rule 

modification and generation through network implementation are addressed in detail 

in this dissertation. 

The capabilities and the performance of the proposed neuro-fuzzy network were 

verified and compared through the simulations: the cart-pole balancing problem, 

modeling of a nonlinear function as computer simulation, and as a real application, 

bucket motion control for excavation in mining with a PUMA 560 robot arm to 
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simulate the excavation. The Tab. 7 evaluates the performance of the proposed 

neuro-fuzzy network through the comparison with criteria. 

I Criteria II FCS I NN I The NFC II 

(1) Type of Inputs A D A 

(2) Transparency of Mechanism A C B 

(3) Adaptation and Leraning D A A 

(4) Processing Time A D B 

(5) Control performance C B A 

(6) Ease of Implementation A D A 

Table 7:The comparison with fuzzy control system and neural networks 

The criteria (1), (2), and (6) : Easy = A, Not easy = B, Difficult = C, and Very 

difficult = D. 

The criteria (3) : Very high = A, High = B, Medium = C, and Low = D. 

The criteria (4) : Short = A, Medium = B, Long = C, and Very long = D. 

The criteria (5) : Very good = A, Good = B, Not good = C, and Poor = D. 

In a sense, this study has demonstrated that fuzzy logic and neural networks are 

complementary and ideal tools to achieve linguistic knowledge representation and 

adaptive knowledge evolution, the two essential features in human controls. The 

synergetic integration of fuzzy logic and neural networks enable us to build computer 

control systems to mimic the training and learning process of human operators, i.e., 
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initial construction of neuro-fuzzy network with linguistic terms for initial job training 

by course instruction, and on-line learning through neural networks for skill develop

ment from job experiences. 

Our goal is to develop a methodology based on fuzzy logic and neural networks to 

accomplish control objectives anthropomorphically for systems where it is infeasible 

or impracticable to formulate a mathematical model, whereas human knowledge from 

skilled operators is available for control purposes. The proposed neuro-fuzzy control 

networks have made important contributions to the research in fuzzy logic control 

systems and neural network control specifically. 

• The proposed neuro-fuzzy control system possesses the advantages and charac

teristics of both fuzzy logic control systems and neural networks for application 

to various complex control systems. 

• The parameters of neuro-fuzzy networks have clear physical meanings. The 

good initial value of those parameters can be chosen based on skill and experi

ence; therefore linguistic information can be incorporated into the neuro-fuzzy 

networks systematically. 

• The proposed neuro-fuzzy networks bring the low-level learning and compu

tation ability of neural networks into the fuzzy logic system and provide the 
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high-level, human-like thinking and reasoning of fuzzy logic systems into neu

ral networks. In this way, expert or domain knowledge, if available, can easily 

be incorporated into the NFC as a prior knowledge or initial step for faster 

learning and fine tuning. 

The study is only the beginning of the growing interest in neuro-fuzzy networks. 

Some approaches to combine fuzzy logic systems and neural networks more efficiently 

should be addressed in future research. 

• Develop a CAD (computed-aided design) program implementing fuzzy logic 

systems with learning ability of neural networks. The program could accept 

linguistic term/statement and reflect training by off-line and learning by on

line. 

• Find a method to combine fuzzy logic systems and neural networks so that the 

connection nodes and layers could be decreased and the speed in both learning 

and application phases could be increased. 

• Find a method to combine fuzzy logic systems and neural networks so that the 

nodes of neural networks perform fuzzy complicated computations(i.e. macro 

nodes). The neural network can be implemented by the fuzzified delta rule 

for the learning algorithm with fuzzy signals and fuzzy weights. It is widely 

believed that this kind of network is more noise-robust and versatile [35]. 
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Appendix A 

Derivation of Off-Learning Algorithm 

The followings are detailed derivation of learning rules in chapter 5. 

To derive Eq. (10) and (11), we first note the equations and functions of nodes 

and weights to be implemented fuzzy logic on C Nj in chapter 4. 

f(o;.) = { 1 
0jk 2: 1 

/-tjk -
°jk 0jk :5 1 
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In same way, Eq. (11) is derived as follows; 
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(A.6) 

(A.7) 

(A.B) 

(A.9) 

(A.lO) 
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(A.11) 

Therefore, 

(A.12) 
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Appendix B 

Derivation of ON-Learning Algorithm 

The followings are detailed derivation of on-line learning rules in chapter 6. 

To derive Eq. (10) and (11), we first note the equations and functions of nodes 

and weights to be implemented fuzzy logic on C Nj in chapter 6. 

and 
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(B.2) 

(B.3) 
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Based on those equations and gradient descent algorithm, on-line back-propagation 

training for Plant Emulator PE is 

(B.7) 
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And as the same way, for Plant Controller NFC is 

- -!... t (s(i) - s(p))( 8s(P) f 
TF i=t-TF+l 8WNFC 

(B.8) 

Therefore, 
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and 
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The gradient for predictive response is calculated from Eq.(10.1) and Eq.(10.2)j 

sp(i) = P(sp(i - 1), N FC(s(i - 1))) 

Thus, the gradient in the Eq.(6.5) are 

and 

8sp(i) = _8P_E_8sp(i -1) + _8P_E_-=-8N ___ F_C_ 
8WNFC 8sp 8WNFC 8u 8WNFC 

Isp = sp(i -l),u = u(i -1) 

8sp(t - TF + 1) = 0 
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