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Abstract 

Artificial neural networks (ANNs) are systems that are deliberately constructed to make use of 

some organizational principles resembling those in the human brain. ANNs have a large number 

of highly interconnected processing elements (perceptrons) that usually operate in parallel and are 

configured in regular architectures. The collective behavior of an ANN, like a human brain, 

demonstrates the ability to learn, recall, and generalize from training patterns or data. They are 

good at tasks such as classification, function approximation, optimization, and data clustering [1]. 

The cerebellar model articulation controller (CMAC), a perceptron-like associative memory 

equipped with overlapping receptive field proposed by Albus [2], belongs to a special category of 

ANNs. It was first applied in the domain of control problems. During the past decades, its ability 

to capture nonlinear function has been demonstrated through many applications in control, 

function approximation and pattern recognition. 

On the other hand, the development of fuzzy systems suffered from decades of controversy ever 

since the first fuzzy set theory proposed by Prof Lotfi A. Zadeh in 1965 [3]. It aims to alleviate 

difficulties in developing complex systems without mathematically analyzing the dynamics of the 

problem. It provides an intuitive channel between different facets of a problem; from quantitative 

aspect to qualitative aspect and vice versa. However, the development of fuzzy systems in the 

early days required the manual tuning of the system parameters based on observation of the 

system performance and this shortcoming has become a major criticism on the application of 

fuzzy set theory. 

Over the years, similarities between ANNs and fuzzy systems attracted significant attentions from 

researchers from both fields to explore means to combine their individual advantages. The 
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synergy between artificial neural networks and fuzzy systems leads to the development of a 

neuro-fuzzy system which automatically identifies the parameters in a fuzzy system using neural 

network techniques. This thesis focuses on the development of such a synergy and addressed the 

theoretical problems with the following contributions: 

A new class of CMAC, referred to as TSK°-FCMAC (a localized self-organizing zero-ordered 

Takagi-Sugeno-Kang fuzzy inference system based on the CMAC structure) is proposed. The 

structures and learning algorithms of the proposed architecture are described in details. TSK°-

FCMAC employs a two-phase training algorithm. The rigid memory structure of conventional 

CMAC network is replaced with a novel clustering technique, Discrete Incremental Clustering 

(DIC). This technique enables the CMAC network to grow without prior knowledge of the 

number of clusters. 

Many existing fuzzy CMACs are proposed without evidence of the convergence property. An 

investigation into the convergence characteristic of TSK°-FCMAC is rigorously undertaken in this 

study. The mathematical formulation presented in this thesis provides a strong foundation for 

further investigation on the convergence characteristic of fuzzy CMACs with similar fuzzy 

inference scheme. 

An extension of the proposed CMAC, TSK'-FCMAC (based on the first-ordered Takagi-Sugeno-

Kang fuzzy inference system) is also presented. This extension aims to improve the precision of 

its predecessor. The improvement in the memory requirement and utilization are realized by the 

use of a higher order function in the consequent part of the system. 

The proposed neuro-fuzzy inference systems have been successfully applied in real life 

applications of three different areas; namely: 1) personalized drug delivery system (control), 2) 

rainfall runoff (regression) and, 3) embedded audio detection (classification). The ability of the 

proposed neuro-fuzzy inference systems in handling problems from these areas is demonstrated. 

Thesis Supervisor: Dr. Quek Hiok Chai 

Title: Assoc. Prof, in Division of Computer Science, School of Computer Engineering, Nanyang 
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Chapter 1 Introduction 

1.1. Motivation 

Machine learning is concerned with the question of how to construct computer programs that 

automatically improve with experience [4]. Three keywords could be extracted from the above 

statement: '''automatically", "improve" and "experience". The first keyword, "automatically", 

suggests the need of an algorithmic solution that is formally defined. The second keyword, 

"improve", signifies the requirement of a continuous learning capability for such solution and the 

last keyword, "experience", implies such learning capability is carried out through observation of 

historical examples. Alternatively, machine learning is also regarded as a subsidiary of artificial 

intelligence. To be intelligent, a system that is in a changing environment should have the ability 

to learn. If the system can learn and adapt to such changes, the system designer need not foresee 

and provide solutions for all possible situations [5]. That is, the needs for the system to memorize, 

understand and generalize. 

The biologically-inspired artificial neural networks (ANN) [6, 7] and the fuzzy inference system 

based on the fuzzy set theory introduced by Professor Lotfi A. Zadeh [3] emerge as two plausible 

approaches to fulfill the needs in machine learning. Both approaches have their respective 

characteristics that are quite different and yet, complementary in nature. This attracts researchers 

from both fields to explore means to combine their individual advantages which lead to the 

development of neuro-fuzzy systems. This is also the motivation of our research and a summary 

of our research objective is presented in Figure l-l. In the figure, the preferred and non-preferred 

characteristics of three existing systems are highlighted. The three existing systems are: l) 

cerebellar model articulation controller (CMAC) proposed by Albus [2], 2) multilayer perceptron 

neural networks (MLP) and, 3) fuzzy systems. The two proposed architectures, TSK°-FCMAC 

and TSK'-FCMAC (localized self-organizing zero-ordered and first-ordered Takagi-Sugeno-Kang 

fuzzy inference system based on the CMAC structure) aim to combine the advantages from 

existing systems and, at the same time, complement the shortcomings of one another. 
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1.2. Contributions of Dissertation 

This thesis focuses on the development of a synergy between artificial neural networks and fuzzy 

systems and addressed the theoretical problems with the following contributions: 

• A new class of CMAC, referred to as TSK°-FCMAC (a localized self-organizing zero-

ordered Takagi-Sugeno-Kang fuzzy inference system based on the CMAC structure), is 

proposed. The structures and learning algorithms of the proposed architecture are 

described in details. TSK°-FCMAC employs a two-phase training algorithm. The rigid 

memory structure of conventional CMAC network is replaced with a novel clustering 

technique, Discrete Incremental Clustering (DIC). This technique enables the CMAC 

network to grow without prior knowledge of the number of clusters. 

• An investigation into the convergence characteristic of TSK°-FCMAC is rigorously 

undertaken. The mathematical formulation presented in this thesis provides a strong 

foundation for further investigation on the convergence characteristic of fuzzy CMAC 

with similar fuzzy inference scheme. 

• An extension of the proposed CMAC, TSK'-FCMAC (based on the first-ordered Takagi-

Sugeno-Kang fuzzy inference system), is also presented. This extension aims to improve 

the precision of its predecessor. The improvement in the memory requirement and 

utilization are realized by the use of a higher order function in the consequent part of the 

system. 

The proposed neuro-fuzzy inference systems have been successfully applied in real life 

applications of three different areas; namely: 1) personalized drug delivery system (control), 2) 

rainfall runoff (regression) and, 3) embedded audio detection (classification). The ability of the 

proposed neuro-fuzzy inference systems in handling problems from these areas is also 

demonstrated. 
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1.3. Organization of the thesis 

This thesis is organized as follows: 

• Chapter 2 presents a literature review on related systems and existing techniques. A brief 

introduction on fuzzy systems, artificial neural networks and cerebellar model articulation 

controller is first given, followed by discussions on the shortcomings and limitations on 

existing techniques. 

• Chapter 3 presents the architecture and learning algorithm of the proposed TSK°-FCMAC 

(a localized self-organizing zero-ordered Takagi-Sugeno-Kang fuzzy inference system 

based on the CMAC structure). The ability of the proposed architecture is demonstrated 

through applications on three benchmarking case-studies: 1) inverted pendulum problem 

(control), 2) Fisher's Iris classification (classification) and, 3) chaotic time series 

prediction (regression). 

• Chapter 4 formally defines the mathematical model of the proposed TSK°-FCMAC 

architecture. An investigation on the convergence characteristic of the model is rigorously 

undertaken. 

• Chapter 5 presents an extension of TSK°-FCMAC, the TSK'-FCMAC (based on first-

ordered Takagi-Sugeno-Kang fuzzy inference system). This extension aims to improve 

the precision of its predecessor by implementing a higher order function in the consequent 

part of the system. The proposed architecture has been applied to three benchmarking 

case-studies: 1) sinusoidal function/surface approximation (function approximation), 2) 

automobile MPG prediction (prediction) and, 3) two-spiral problem (classification). 

• Chapter 6 to Chapter 8 present successful applications of the proposed architectures on 

three real-world applications; namely: 1) personalized drug delivery system (control), 2) 

rainfall runoff (regression) and, 3) embedded audio detection (classification). 

• Chapter 9 concludes this research and provides recommendations for future directions. 
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Chapter 2 Literature Review 

2.1. Fuzzy Systems 

In 1979, Professor Lotfi A. Zadeh states that "informally, by approximate or, equivalently, fuzzy 

reasoning, we mean the process or processes by which a possibly imprecise conclusion is 

deduced from a collection of imprecise premises. Such reasoning, is, for the most part, qualitative 

rather than quantitative in nature, and almost all of it falls outside the domain of applicability of 

classical logic''' [8]. This statement epitomizes the nature of life and draw attention to the 

existence of uncertainty in our everyday life. This uncertainty appears in the form of imprecision, 

vagueness and ill defined information and is not applicable in classical logic. 

In classical logic, modus ponens states that, "if a rule is true and the antecedent of the rule is true, 

then it can be inferred that the consequent of the rule is also true". Yen [9] presented an 

interesting example to explain the connection between a fuzzy system and classical logic: 

Given Rule 1, Statement 1 and Statement 2 are true. 

Rule 1 : IF the annual income of a person is greater than \20K 

THEN the person is rich 

Statement 1 : Jack' s annual income is 121K 

Statement 2: Bob' s annual income is $119,999 

Based on modus ponens, classical logic can deduce that Statement 3 is also true. 

Statement 3 : Jack is rich 

People would usually say that Bob is somewhat rich. However modus ponens cannot infer 

whether Bob is rich or not using Rule 1 and Statement 2 , even if Bob's annual income is only 

one dollar short. In fuzzy inference system, such limitation is removed by allowing the inferred 

conclusion to be modified by the degree to which the antecedent is satisfied, which, is the essence 

of a fuzzy inference system [9]. 

The term fuzzy logic has been used in two different senses. In a narrow sense, fuzzy logic refers to 

a logical system that generalizes classical two-valued logic for reasoning under uncertainty. In a 

broader sense, fuzzy logic refers to all of the theories and technologies that employ fuzzy sets, 
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which are classes with unsharp boundaries [9]. Figure 2-1 shows a fuzzy inference system, which 

is comprised of four principal components: 

• Afuzzifier that transforms crisp measured data into suitable linguistic value; 

• A fuzzy rule base that stores the empirical knowledge of the operation; 

• An inference engine to simulate human decision making by performing approximate 

reasoning to achieve a desired output strategy and 

• A defuzzifier to yield a non-fuzzy decision from an inferred fuzzy decision by the 

inference engine. 

The fundamentals of fuzzy systems are described in the following section. 

Fuzzifier 
Mi*) Inference 

Engine 
\M(y) 

Fuzzy Rule 
Base 

Defuzzifier 

y 

Plant 
x States 

-• or 
Outputs 

Figure 2-1: Fuzzy Inference System 

2.1.1. Fuzzy Sets 

The idea of fuzzy sets first occurred to Professor Lotfi A. Zadeh in 1964. He subsequently 

published the seminal paper on fuzzy sets in 1965 [3]. Based on this revolutionary idea, a new 

discipline has been formalized and it has attracted the attention from many researchers around the 

world. Detailed treatments of the fuzzy set theory can be found in [10-16]. Fuzzy set is a 

generalization of an ordinary set that allows the degree of membership for each element to range 

over the range of zero and one [1]. It generalizes the notion of membership from a binary 

categorization in classical set theory into one that allows partial membership [9]. The membership 

function juA is defined as 
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MA = xi - * [°>!]. for Vx< e -*" 

where X is the universe of discourse and //^ (x,) is the membership value of element xt defined 

by the fuzzy concept of A. 

The fuzzy set A is defined as 

A = {(xlMA(xl))\xieX,MA(x,)e[0,\]} 

or 

= PA(XI) I & & ) 1 _ 1 ^ f e j 

Where TV is the number of elements in X. Figure 2-2 shows the graphical representation for 

fuzzy set A. 

«. ( • ) 

1.0 

1 ") 1 

— ^ 1 1 1 1 1 1—_^ , ,̂ 

XN-l XN-\ XN 

Figure 2-2: A Graphical Representation for Fuzzy Set A 

2.1.1.1 Types of Membership Functions 

Fuzzy set is represented with membership functions. Even though membership function of 

arbitrary shape can be defined, most fuzzy systems do not introduce non-parameterized 

membership functions. Instead, parameterized membership functions are introduced to reduce 

system design time and facilitate automated tuning of the system. The most commonly used 
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parameterized membership functions are triangles, trapezoids, bell curves, Gaussian, and 

sigmoidal functions. They are listed as follow: 

1. Triangular Membership Function 

triangle(x :a,b,c) = ' 

(x-a)/(b-a) a<x<b 

(c-x)/(c-b) b<x<c 

0 , otherwise 

2. Trapezoidal Membership Function 

trapezoid\x: a, b, c, d) = 

(x-a)/(b-a) a<x<b 

1 b<x<c 

(d-x)/(d-c) c<x<d 

0 ,otherwise 

3. Gaussian Membership Function 

gaussian(x :m,a) = exp 
(x-mf 

4. Bell-shaped Membership Function 

bell(x:a,b,c) = 

1 + x-c 

a 

it 

5. Sigmoidal Membership Function 

sigmoid(x:a,c) = 
1 

\ + e -a(x-c) 

2.1.1.2 Linguistic Variables 

Similar to conventional set, a fuzzy set can be used to describe the value of a variable. For 

example, "This person is tall" uses a fuzzy set "tall" to describe the height of the particular 

person. The variable "height" in this example demonstrates an important concept in fuzzy logic: 

the linguistic variables. A linguistic variable enables its value to be described both qualitatively 

by a linguistic term (a symbol serving as the name of a fuzzy set) and quantitatively by a 

corresponding membership function (which expresses the meaning of the fuzzy set). The 
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linguistic term is used to express concepts and knowledge in human communication, whereas 

membership function is useful for processing numeric input data. 

In the previous example regarding the height of a person, there are many other linguistic 

descriptions about the height such as "short", "medium", "marginal tall" and "very tall". One of 

the important concepts in fuzzy logic is that instead of enumerating all these different 

descriptions, they can be generated from a core set of linguistic terms using modifiers (e.g. 

"very", "more or less") and connectives (e.g. "and", "or"). In fuzzy logic, these modifiers are 

called hedges. 

2.1.1.3 Possibility Distributions 

Assigning a fuzzy set to a linguistic variable constrains the value of the variable. One major 

difference between classical logic and fuzzy set theory is that the notion of possible versus 

impossible values becomes a matter of degree. For instances, the membership function of a fuzzy 

set "tall" is shown in Figure 2-3. If fuzzy set "tall" is assigned to a person, the distribution about 

the possibility degree of the person's height is obtained. 

n 

1.0 

1 

« 

T 

< i 

tall 

i 

[ 1 T . »- Height 

160 165 170 175 180 185 190 195 200 205 210 (cm) 

Figure 2-3: A possibility distribution of the fuzzy set "tall" 

The possibility of the person is 175cm is 0.8, while the possibility of 180 through 190cm is 1. 

This assignment is denoted as: 

" Height (person) \X) = MlallW 

where II denotes a possibility distribution of the person's height, and x is a variable 

representing the person's height. For instance, if fuzzy set A is assigned to a variable X and is 

defined by A 's membership function, this assignment can be denoted as: 
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2.1.1.4 Defuzzification 

The possibility distribution could be interpreted through linguistic approximation or through 

defuzzification. The former gives a qualitative interpretation, while the latter gives a quantitative 

summary and is more commonly used in fuzzy logic control. Defuzzification selects a single 

representative value that captures the crucial meaning of a given distribution. Three common 

defuzzification techniques are described in this section and the detailed descriptions are presented 

in [9]. 

1. Mean of Maximum (MOM) 

The mean of maximum (MOM) defuzzification method calculates the average of those output 

values that have the highest possibility degrees. It can be expressed as 

I-
MOM(A) = ^ r 

\P\ 

where P is the set of output values x with highest possibility degree in A . 

2. Center of Area (COA) 

The center of area (COA) is also referred to as the center of gravity or the centroid. It is the most 

popular defuzzification technique. Unlike MOM, it takes into account the entire possibility 

distribution in calculating its representative point. It can be expressed as 

COA(A) = ' 

X 

Similarly, if x is continuous, the result is 

[juA(x)xdx 
— -* COA(A)- r 

]HA(x)dx 

3. The Height Method 
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The height method can be viewed as a two-step procedure. Given / fuzzy rules, each with 

consequent membership function Ct , the first step convert C, into crisp consequent y = ci 

where c, is the center of gravity of C,. The centroid (COA) defuzzification is then applied to the 

crisp consequents. It can be expressed as 

v = - i=» 
S M 

where wt is the degree to which the /' th rule matches the input data. The main benefit of the 

height method is its simplicity. The calculation of c{ can be performed during compilation. 

Consequently, the only computation required during run-time is a normalized weighted sum. 

2.1.2. Fuzzy If-then Rules 

A fuzzy if-then rule associates a condition described using linguistic variables and fuzzy sets to a 

conclusion. The main feature of reasoning using these rules is its partial matching capability, 

which enables an inference to be made from a fuzzy rule even when the rule's condition is only 

partially satisfied. A fuzzy rule is the basic unit for capturing knowledge in many fuzzy systems. 

It consists of two components: an if-part (also referred to as the antecedent) and a then-part (also 

referred to as the consequent). The structure is shown as below: 

IF <antecedent> THEN <consequent> 

The structure of a fuzzy rule is identical to that of a conventional rule in artificial intelligence. The 

main difference lies in the content of the rule antecedent. The antecedent of a fuzzy rule describes 

an elastic condition (a condition that can be satisfied to a degree) while the antecedent of a 

conventional rule describes a rigid condition (a condition that is either satisfied or dissatisfied). 

The consequent of fuzzy rules can be classified into three categories: 

1. Crisp consequent: IF... THEN y = a where a is a non-fuzzy numeric value or a 

symbolic value. 
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2. Fuzzy consequent: IF... THEN y- A where A is a fuzzy set. 

3. Functional consequent: 

n 

IF x, is 4 AND x2 is A2... AND xn is An THEN y = b0+^jb<xxi 
1=1 

where b0,bv...,bn are constants. 

Each type of rule consequent has its merits. Fuzzy rule with crisp consequent can be processed 

more efficiently. A rule with a fuzzy consequent is easier to understand and more suitable for 

capturing imprecise human expertise while fuzzy rule with functional consequent can be used to 

approximate complex nonlinear models using only a small number of rules. 

2.1.3. Fuzzy Rule-based Models 

A fuzzy model is a model that is obtained by fusing multiple local models that are associated with 

fuzzy subspaces of the given input space. A fuzzy subspace is a region whose boundary allows a 

gradual transition from "inside the region" to "outside the region". Hence, a fuzzy subspace 

usually partially overlaps with its neighboring fuzzy subspaces. A fuzzy model contains a set of 

fuzzy subspaces that forms a fuzzy decomposition (also called fuzzy partition) of the input space. 

The result of fusing multiple local models is usually a fuzzy conclusion, which is often converted 

to a final crisp output through a defuzzification process. The four major concepts in fuzzy rule-

based models are: 

1. fuzzy partition 

2. mapping of fuzzy sub-regions to local models 

3. fusion of multiple local models 

4. defuzzification 

There are three types of fuzzy rule-based models for function approximation: (a) the Mamdani 

model [17], (b) the Takagi-Sugeno-Kang (TSK) model [18, 19], and (c) Kosko's addictive model 

(SAM) [20]. The inference scheme of SAM is similar to that of TSK model. Both of them use an 

inference analogous to the weighted sum to aggregate the conclusion of multiple rules into a final 
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conclusion. Therefore, they are referred to as additive rule models. In contrast, the Mamdani 

model combines inference results of rules using superimposition; hence, it is a non-additive rule 

model. All three models are described in this section. 

2.1.3.1 The Mamdani Model 

One of the most widely used fuzzy models in practice is the Mamdani model [17], which consists 

of the linguistic rules in the form of 

Rk : IF xx is 4k] and... and xN/p is A^pJ THEN y(k) is C\k) (1) 

Where, 

NIP is the total number of input; 

xt is the i th input; 

J^j is the j th fuzzy sets of the /th input that is connected to Rk; 

y*} is the output that is connected to Rk; 

C/
(*) is the / th fuzzy set for the output that is connected to Rk. 

Given inputs of the form: 

Xj IS AX,X2 IS A2,...,Xj IS 

The contribution of rule Rk to a Mamdani model's output is a fuzzy set whose membership 

function is computed by 

MCi 00 = («u A a g A ... A a™ j ) A //c;t) (y) (2) 

afjy = sup Iftj (x,) A fi^ (x, )J (3) 

Where, 

a\) is the matching degree between the input xt and the fuzzy set 
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4?-

and A denotes the "min" operator. The final output of the model is the aggregation of outputs 

from all NR rules using the max operator: 

Mc (y) = m a x \MCI (y)> MCI O ) , - , MCNR OOj (4) 

2.1.3.2 The TSK Model 

The Takagi-Sugeno-Kang (TSK) model was introduced in 1984 [18, 19]. The main motivation of 

this model is to reduce the number of rules required by Mamdani model, especially for high-

dimensional problems. It consists of rules in the form of 

Rk: IF x, is 4kJ and x2 is Afi, THEN y<k) = b{
0
k) + b[k\ + b(

2
k)x2 (5) 

Where, 

A} j is the j th fuzzy set of the /' th input that is connected to Rk; 

i/*) is the output of k th fuzzy if-then rule at the presentation of the 

s th sample; 

^ ( t ) is the j th data contents of the k th fuzzy if-then rule at the 

presentation of the 5 th sample. b\ is real-valued parameter. 

The inputs to a TSK model are crisp (nonfuzzy) numbers. Therefore, the degree of matching for 

slh data samples (in the form of xt =Jt1,x2 =x2,...,xNp =xNp) that matches the kth rule is 

typically computed using the min operator: 

"IP "IP 

a{
s
k) = rum; l{^>(^)'^(^)'-'/y<J(^)} <6> 

or using product operator: 

a™ = ty {x[) x M4>J (x2) x... x MAZJ (xNip) ( 7 ) 

The total output of the model y is given as 
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rf1^ 
^ ' ( ^ . . . . X , , ) 

2>J 
(8) 

- *=!_ 

I« , ( t ) 

Where, 

NR is the total number of rules; 

(x(k) is the degree of matching between the k th fuzzy if-then rule 

and the s th sample. 

2.1.3.3 Standard Additive Model 

The Standard Additive Model (SAM) was introduced by B. Kosko in 1996 [20]. The structure of 

fuzzy rules in SAM is identical to that of the Mamdani model. In the Mamdani model, inference 

results of rules are combined using superimposition and they are non-additive. In contrast, the 

SAM model uses an inference scheme that is analogous to the weighted sum to aggregate the 

conclusion of multiple rules into one final conclusion. As a result, the SAM model is also referred 

to as the additive rule model. The rules are in the form of 

Rk: IF x, is A$ and... and xN>p is Af^ THEN y(k) is C\k) (9) 

Where, 

NIP is the total number of input; 

x, is the / th input; 

AJkj is the j th fuzzy sets of the i th input that is connected to Rk; 

y** is the output that is connected to Rk; 
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(*) is the /th fuzzy set for the output that is connected to Rk 

Given crisp inputs x1=xl,x2=x2,...,xN = xN , the output of the model is 
IP "IT ' 

y = Centoid 2>45> (*0X^*> W * - * ^ ( x i J x V (*W) (10> 

Where centroid is the function that performs the centroid defuzzification. A comparison in terms 

of input types, operator and defuzification method between the three different models are shown 

in Table 2-1. 

Table 2-1: Comparison between three types of rule-based model 

Inputs 

Operator used to combine the 
conclusions of fuzzy rules 

Defuzzification 

Mamdani Model 

Both crisp or fuzzy 
inputs 

Max 

Any 

TSK Model 

Crisp input 

Addition 

Not applicable 

SAM Model 

Crisp input 

Addition 

Centroid 
(center of area) 

2.2. Artificial Neural Networks 

The original inspiration for Artificial Neural Networks (ANN) [6, 7] was the desire to produce 

artificial systems having some means of intelligence that are computationally similar to those that 

the human brain routinely performs. An ANN composed of many simple processing elements 

operating in parallel, each possibly having a small amount of local memory. Elements are 

connected through communication channels (or connections) that usually carry numeric data (also 

called weights) as opposed to symbolic data. Each of these operates only on its local data and on 

the inputs it receives via the connections. The function of ANNs is then determined by the 

network structure, connection strengths, and the operations performed at computing elements or 

nodes [7]. Most ANNs have some sort of training rule whereby the weights of connections are 

adjusted so that they can learn from examples. In other words, ANNs are able to acquire, store 

and utilize experiential knowledge so that they can exhibit some capability for generalization 

beyond the training data [6]. Since ANNs learn the way human do, they can perform many tasks 

that rule-based systems cannot easily perform. General areas of application include classification, 

prediction, function approximation, optimization, control, knowledge acquisition, and decision 
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making. In this section, the discussion will focus on two types of ANNs: 1) multilayer perceptron 

network (MLP) and, 2) associative memory. 

2.2.1. Multilayer Perceptron Network (MLP) 

The multilayer perceptron network (also known as multilayer feedforward network) is the most 

popular connectionist model that has been successfully applied to resolve many complex real-

world problems such as those consisting of non-linear decision boundaries. It is trained in a 

supervised manner using the error back-propagation algorithm based on the error correction 

learning rule [21]. It may be viewed as a generalization of an adaptive filtering algorithm: the 

delta learning rule [22, 23]. Hornik [24, 25] has proven that a three-layer multilayer feedforward 

network with one hidden layer can approximate virtually any function to any desired degree of 

accuracy provided sufficient hidden neurons are available. However, a well-known problem of 

MLP is that the back-propagation algorithm may converge to local minima. In addition, the 

structure of a MLP network is predefined before training samples are presented and hence, non-

adaptive to changing environment. The internal operations of a multilayer feedforward neural 

network cannot be explained and are often referred to as black box operations. 

Figure 2-4 illustrates an example of a multilayer feedforward neural network. It consists of three 

layer: input layer, hidden layer and output layer. For a given input-output pair \X-S,ydeslnd,), the 

back-propagation algorithm performs two steps of data processing. The input pattern xs is first 

propagated in forward direction from the input layer to the output layer and network output ys is 

generated. In the second step, the error signals computed from the difference between the desired 

network output y^^ s and actual network output ys are back-propagated from the output layer 

to the input layer to update their weights. 
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Figure 2-4: A Feedforward Multilayer Perceptron Network 

2.2.2. Associative Memory 

An associative memory can store a set of patterns as memories. When the associative memory is 

presented with a key pattern, it responds by producing whichever one of the stored patterns most 

closely resembles or relates to the key pattern. Hence, the recall is through association of the key 

pattern with the information memorized [1]. This is in contrast to the traditional address-

addressable memory in digital computers where a pattern is recalled by its address. Therefore, 

associative memory is also referred to as content-addressable memory. Some important examples 

of associative memory are Hopfield network [26, 27], Boltzmann machine [28], bidirectional 

associative memory [29, 30] and cerebellar model articulation controller (CMAC) [2]. In 

particular, detailed descriptions on CMAC are presented in the following section. 

2.3. Cerebellar Model Articulation Controller (CMAC) 

2.3.1. Introduction 

The cerebellar model articulation controller (CMAC), an associative memory proposed by 

Albus, is capable of performing localized generalization with very fast learning [2, 31, 32]. In one 

of Albus' papers, he described the training of CMAC as: "CMAC, like the cerebellum in the brain 

after which it was modeled, does not operate by mathematically analyzing the dynamics of the 
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control problem and then solving equations. Instead it operates by doing something, observing 

the results of the action, and then adjusting internal parameters in a direction calculated to 

improve the correspondence between what was called for and what actually occurred'' [33]. 

CMAC estimates the desired output by taking the input states as an index to refer to a look-up 

table where the memory contents are addressed and stored. The ability of CMAC to approximate 

functions can be described in general terms as "'functions with similar outputs for similar inputs" 

[34] or "input vectors that are close in the input space will give outputs that are close" [35]. It is a 

powerful and practical tool for nonlinear control that can be easily implemented. It has been found 

to be applicable in function approximation, pattern recognition and robotic control problem 

domains. 

Conventional CMAC is a single input, single output neural network that assumes the integer 

valued vector inputs to be bounded within some range and these input vectors are associatively 

mapped to obtain the output. The basic idea behind the CMAC approach is to generate an 

approximation of the desired output. Due to its simple structure, the major advantages of the 

CMAC networks are the ability to generalize with good learning behavior. The serious local 

minimum problem that exists in multilayer neural network learning does not arise. In addition, it 

requires a small number of computations per output as compared to other traditional neural 

networks. The properties of CMAC include: 

• Local generalization (Localized Learning) 

• Incremental training (Online Training) 

• Functional representation 

• Output superposition 

• Rapid algorithmic computation based on LMS training 

• Fast practical hardware realization 

Figure 2-5 shows the conceptual system structure of a CMAC network. The input space S is the 

set of all possible input vectors. Each point (vector) in S is mapped into a set of NM. points in 
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the conceptual memory M'. The mapping is done in such a way that input vectors that are close 

together in the space S have considerable overlap in their NM. memory locations, and vectors 

that are far apart have no overlap. The measure of distance in the S space is the sum of the 

absolute values of the differences of components of the two vectors. Memory M' is referred to as 

conceptual because it is normally too large to be practical. For example, if the input vector has 10 

dimensions, each input dimension with 200 possible values, the size of M' is 20010. 
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Figure 2-5: System Structure of CMAC Network 

In order to obtain a reasonable size memory, the addresses for memory A are hash coded using a 

uniform random mapping scheme. The hash coding maps addresses in memory M' into memory 

M of size NM that is chosen as convenient for a particular application. There is a finite 

probability that multiple entries in memory M' are mapped to the same location in memory M . 

This phenomenon is called collision. 

The input-output mapping of CMAC can be divided into three phases: S —> M' -^> M —> R. S 

is the input space. M' is the conceptual memory. M is the actual memory and R is the output 

space. The three phases are described as follow: 

• Phase 1: S -» M ' 
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The data sample S, = xn xi2 ••• xiN is first quantized to Ci = cn cn ••• ciN 

with Eq (11). 

Where, 

Cy = round 
( \ 

x 
\ max.,j J 

(VO + 1 (11) 

N< 

N. IP 

S, 

round (.) 

max,j 

is the number of data samples; 

is the number of input dimension; 

is the i th data sample; 

is the j th input of the /th data sample; 

is the quantized vector of the /th data sample; 

is the quantized value for the j th input of the /th data sample; 

is the function that returns the rounded value; 

is the maximum value for the j th input; 

Lj is the quantization size of the j th input. 

Phase 2: M'-+M 

The quantized vector C = C, C2 • • • CN is mapped randomly to the actual memory 

A = [AX A2 ... ANJ. 

Phase 3: M-> R 

Final output yt € R of CMAC for a given data sample Si is 

yi=f(S,) = AfWi (12) 
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Where, 

are the weights stored in the / th memory location of the 
Wt=\wa wa ••• ww T 

actual memory. 

The weights are updated using least mean square (LMS) training rule from Widrow and Hoff [22, 

23]. 

Where, 

w, (t) is the j th input of the / th data sample at the / th iteration; 

A is the learning parameter and X € [0, l ] ; 

ydesiredj is the desired output for yt; 

yt (/) is the output for the / th data sample at the / th iteration. 

2.3.2. Advancement of CMAC 

Researchers have been active in the advancement of CMAC since Albus [2, 31] first proposed it. 

Some comparative studies between CMAC and existing models have been performed by Kraft 

and Campagna [36] and Kambhampati et al. [37]. Some of the current research involves 

quantization [38-43], hash coding [2, 44, 45], learning convergence [46-49], stability [50-52], 

learning schemes [53-56], fuzzy CMAC [57-64], new architecture [65-71], application [72-77] 

and hardware realization [78-81]. Quantization problem and the fuzzification of CMAC network 

are two major issues considered in our studies. Detailed discussions are given in sections 2.3.2.1 

and 2.3.2.2. 

2.3.2.1 Quantization Problem 

One of the important issues with the CMAC networks is the resolution issue in the input space. 

The easiest way to resolve this problem is to increase the resolution. However, significant amount 

of memory is required to accomplish this. For example, in a single layer CMAC (a two-
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dimensional CMAC), if the resolution is increased by x times, the memory required will be 

changed by a factor of x times. To reduce the required memory and make CMAC practical to 

implement, hash coding is used. There is a probability that distant input vectors are mapped to the 

same location by the use of hash coding. This effect, referred to as collisions, will produce 

undesirable generalization between distant input vectors. In 1996, Wang [44] has shown 

experimental results to conclude that CMAC will lose, and not gain performance by using hash 

coding. Nevertheless, the mapping collisions are generally ignored, since the probability can be 

kept small without difficulty. The analysis of collision probability is also discussed in by Albus in 

[2]. 

Similar to ANNs, the CMAC-based neural network is constructed with many processing elements 

in a structured approach. The selection of the CMAC structure is hence important and such 

decision determines how the CMAC input space is quantized and how the memory is utilized. 

Therefore, improvement on quantization techniques provides an alternative solution to simply 

increasing the resolution. The conventional approach, uniform quantization, has the input space 

quantized into equal-size regions. Due to possible uneven degrees of variation of the target 

function in the problem space, data are not stored efficiently using a uniformly quantized 

structure. Moody [38] proposed the use of multiple CMACs with different resolution to resolve 

the quantization problem. Learning starts with CMAC of a low resolution. If the results are 

unsatisfactory (with a large error value), a CMAC with higher resolution is added. Output of the 

structure is the summation of outputs from all networks. This expansion process continues until 

the error is reduced to an acceptable level. For every CMAC added, the memory requirement 

increases according to the resolution of the additional CMAC. Moody's method ensures a 

minimum resolution is achieved with acceptable error. However it is still considered as a uniform 

quantization and the input space is still partitioned equally as shown in Figure 2-6(a). 

To resolve the problem in uniform quantization, Kim and Lin [39] investigated an adaptive 

technique for input space quantization though the use of a mapping function. Learning starts with 

equal-size quantization, quantization intervals for areas with larger variations are compressed and 

those with small variations are extended. This improves the accuracy of learned information and 
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reduces the required memory space. A comparison with conventional CMAC on function 

approximation and application to control of the cart-pole balancing (inverted pendulum) problem 

are given in their paper. Figure 2-6(b) shows the uneven input quantization in their method. 

However, the adaptive changing of input quantization requires the use of a mapping function as 

shown in Figure 2-7. The input is converted through the mapping function before it is presented to 

the CMAC. 

Equal size 

(a) 

Uneven size 

(b) 

Figure 2-6: (a) Uniform Quantization (Equal Size) and (b) Adaptive Quantization (Uneven 
Size) 

Mapping 
Function 

Input 
Conventional 

CMAC 
Network 

Output 

Figure 2-7: Integration of the Mapping Function with Conventional CMAC 

The work proposed by Gonzalez-Serrano et al. [40] modifies the basis functions of the CMAC 

network which transforms the CMAC input space from hyper-cubes to hyper-parallelepipeds. It 
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considers different degrees of generalization for each input. An adaptive growing method of the 

network is also presented. In their paper, it is stated that the requantization suggested by Kim and 

Lin [39] achieves poor results since the smoothness of the function is unrelated with the 

variability of the considered input. Kolcz and Allinson [41] have also created the basis-function 

models of CMAC mapping. However, emphasis was placed on the case of uniform quantization. 

The performance was compared using the benchmark problem of Mackey-Glass chaotic time-

series prediction. Shu [43] proposed FMCMAC that handle the quantization problem with a 

different approach. In FMCMAC, fuzzy quantization is employed in place of linear quantization. 

The theory is stated as: 

"The input space is divided into several regions, and the quantization ratio in that region is 

proportional to the number of fuzzy sets that cover the region." 

The memory space structure for a two-dimensional CMAC (with uniform quantization) and 

FMCMAC (with fuzzy quantization) are shown in Figure 2-8. However, fuzzy clusters are 

required prior to the formation of the FMCMAC's structure. The online adaptive ability of the 

CMAC network is partially impaired by such technique and the quantization problem in CMAC 

structure remains unsolved. 

Meinoiy 
Space 

n 
Memory 
Space 

zzs r~yr\ 
(«) (b) 

Figure 2-8: Memory Quantization in (a) CMAC (with Uniform Quantization) and (b) 
FMCMAC (with Fuzzy Quantization) 

2.3.2.2 Fuzzy CMAC 

Many research efforts attempt to incorporate fuzzy logic into the CMAC network. By doing so, 

CMAC network is transformed into a white box whereby fuzzy rules could be generated to 
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interpret the operation of the network. The modified fuzzy CMAC can then be implemented to 

solve many real world problems with greater semantics and ease. Several existing approaches are 

described in this section. 

In 1992, Jou [60] presented a FCMAC that does not require human operator to identify the fuzzy 

logical rule. Although centroid defuzzification method is employed, no rule-based model and 

membership function is specified. Jou also argued that the FCMAC could be used as a model-free 

function estimator. Although comparison between the proposed FMCMAC and CMAC has been 

made, only conceptual work is proposed and no experimental result is available. 

In the same year, Ozawa et al. [57] proposed a more concrete implementation of fuzzy CMAC 

called CMAC-fuzzy system and applied the proposed system to a simulation game of catching the 

moving object. The proposed fuzzy CMAC employs triangular membership function and uses 

zero-ordered TSK rule-based model. The intention of the system is assumed to consist of a global 

intention and a local intention. The global intention works in the complete input space, and the 

local intention works in the local input space. The final output of CMAC-fuzzy system is the sum 

from both intentions. The fuzzy inference rules are constructed from input-output data acquired 

by communication with the human operator. As a result, the CMAC structure is predefined before 

the learning phase and, therefore, not adaptive. A two-phase learning scheme is employed. 

Learning starts by updating the consequent part of the global intention. In the second phase, the 

consequent of the global intention are fixed while the learning of the local intention starts. The 

learning of the global intention in the first phase is described as 

(14) 

for k = 1,2,...,M; 0<ggloba,<\ 

Where, 

is the learning factor for global intention; 

is the output of the £th layer to the input data x; for global 

o global 

(ktglobal) 
Si 
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intention; 

w(k)old is the old weight of kth layer; 

w 
(*)nw is the updated weight of kth layer; 

M is the total number of layer. 

The learning of the consequent part will stop when the condition in Eq (15) is satisfied. 

Error™ =Y,{yi-y\k™°M))2 <e 
1=1 

(15) 

for k = 1,2,..., M 

Where, 

is the tolerance for the square error; 

S is the total number of input data. 

After the first phase, the fuzzy inference rules expressing the global intention are fixed. The 

update of local intention is then performed as Eq (16) in the second phase. 

w 
( D - _ wW-old , „ w(k).old 1 1 _ (Wglobal) _ (k*local) \ 

oLocal j , , . y-J; Si si J 

for k = 1,2,..., M ; k * M; 0 < gLocal < 1 

Where, 

glocal is the learning factor for local intention; 

y(k*global) j s ^ g jo b a j o u t p u t Q f m e ^ m l a y e r t Q m e i n p u t d a t a x_ . 

yWlocal) is the local output of the K th layer to the input data x,. 

The learning of the second phase will stop when 

(16) 

^ ^ > = X U - ^ X W ) ) 2 < ^ (17) 
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for k = \, 2,...,M 

Where, 

£local is the tolerance of error for local intention; 

S is the total number of input data; 

The final output of the CMAC-fuzzy system for the input is derived by 

(total) _ (global) (local) 
Si si si 

(18) 

for i = l, 2,...,S 

Where, 

y(""al) is the total output of the system to input data JC, ; 

y^'oba') is the global output to input data xt; 

yV°cal) is the local output to input data x,. 

In 1992, Lane et al. [62] proposed a higher-order CMAC using B-spline receptive field functions 

(BCMAC). The proposed network is a multi-layer CMAC network architecture trained with 

standard error back-propagation learning technique. By employing B-spline receptive field 

function, the method of updating weights distributes errors among the assigned weights according 

to the intensity of the B-spline functions. However, B-spline function is known for their 

complexity in computation and the multi-layer architecture is expected to slow down the network. 

In their paper, only theoretical works are derived and no application or results are provided. 

Nie and Linkens [58] proposed a fuzzified CMAC controller (FCMAC) that is self-learning, self-

organizing in real-time control. They have successfully applied the FCMAC into blood pressure 

control. FCMAC employs triangular membership function and the Mamdani rule-based model. 

The input space is partitioned using the Kohonen self-organizing scheme. Although they claimed 

that FCMAC is self-learning, but a teacher signal vk (the desired output) is still required. Hence, 

it is still considered as a form of supervised learning. The update rule is given as: 
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j p[(vk-vk(u))aJ] 
AxJ = • 

A , (19) 

H 

Where, 

vk is the k th desired output; 

u is the input; 

vk{u) is the k th output; 

ft is the learning rate; 

a' is the matching degree between the j th rule and input u . 

In 1997, Ker et al. [63] proposed to use a fuzzy CMAC model (FCMAC) for color reproduction. 

In their model, recursive B-spline receptive field functions employed in [62] were replaced by 

fuzzy sets with bell-shaped membership function and the output weights were fuzzy variables. 

They use Mamdani inference scheme with center of area (COA) defuzzification method. In the 

supervised learning process, the fuzzy CMAC uses maximum gradient method to decide the 

adjustment amount of the mean value of each fuzzy weight while the variance of the bell-shaped 

membership function remains unchanged. Three different models: conventional CMAC, BMAC 

[62] and the proposed model were applied to the approximation of sinusoid functions and the 

results show that the proposed model performs better with simple computation and higher 

stability. However, in their model, uniform quantization is adopted and the architecture is 

predefined and not expandable. 

Kai and Feng [59] proposed another fuzzy CMAC (FCMAC, same acronym as the fuzzy CMAC 

proposed by Ker [63]). The mapping algorithm and learning algorithm are also presented. They 

have shown results for applications on function approximation and prediction. The structure is 

same as conventional CMAC except that the weights are fuzzified by a Gaussian function. 

Therefore, the structure remains non-adaptive. The gradient decent learning process involves 

updating the center and variance of the Gaussian function and a real number weights. 
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In 2002, Kim [61] proposed a CMAC-based fuzzy logic controller (CBFLC) and the architecture 

is similar to that proposed by Jou [60]. CBFLC uses bell-shaped membership function for both the 

fuzzy sensors and the weights stored in the physical memory. Instead of single layer fuzzy 

sensors, Kim proposed multiple sensor layers to reduce the quantization problem and to improve 

the approximation ability of the CMAC. A modified version of center of gravity (COG) 

defuzzification is adopted in CBFLC. The conventional backpropagation learning has also been 

modified to learn the center and width of the membership functions. CBFLC has been applied to 

the truck backer-upper control problem to back a truck to a loading dock as quickly and precisely 

as possible. 

In 2006, Nguyen et al. [64] proposed a fuzzy CMAC (FCMAC-BYY) using Bayesian Ying-Yang 

(BYY) learning [82] to determine the optimal fuzzy sets with truth-value restriction inference 

scheme. The BYY is motivated from the famous Chinese ancient Ying-Yang philosophy: 

everything in the universe can be viewed as a product of a constant conflict between opposites— 

Ying and Yang. A perfect status is reached when Ying and Yang achieve harmony [64]. The 

parameters in FCMAC-BYY are estimated by maximum likelihood (ML) learning with the 

expectation-maximization (EM) algorithm. 

In 2008, Yu et al. [71] proposes two type of hierarchical FCMACs (HFCMACs) to overcome the 

memory quantization problem. In addition, a stability analysis on the backpropagation-like 

learning algorithms has been presented. Although Yu claimed that "generally, if the quantization 

size is larger, the proposed HFCMAC gives less rules than standard fuzzy systems", no theoretical 

proof is given to support this statement. In addition, due to the backpropagation-like learning 

algorithm, the proposed FCMACs are not incremental and cannot perform online training. 

A comparison among the fuzzified CMACs discussed above is shown in Table 2-2. As a 

summary, although conventional CMAC has been successfully transformed into a white box 

whereby fuzzy rules can now be extracted, the structure for most of the existing fuzzy CMACs 

remains non-adaptive. They employ uniform quantization in the input space and the CMAC 

structure is predefined before the learning of the consequent. This observation draws the attention 

to the needs of developing an adaptive (expandable) online fuzzy CMAC. 
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2.4. Motivation for Fuzzy CMAC 

The cerebellar model articulation controller (CMAC), an associative memory proposed by Albus 

[2, 31, 32] is a powerful and practical tool for nonlinear control that can be easily implemented. It 

has been found to be applicable in function approximation, pattern recognition and robotic control 

problem domains. The CMAC network performs localized learning where the serious local 

minimum problem that exists in multilayer neural network learning does not arise. The learning is 

incremental and is versatile against changing environment that requires online training capability. 

However, it suffered from several fundamental problems: 

1. The structure of a conventional CMAC is predefined before training samples are 

presented and hence, not expandable. 

2. The quantization problem which affects the structure of the network as well as the 

utilization of the memory. 

3. The operation of the CMAC networks is a black box and it is difficult to interpret the 

internal operations of the networks. 

In addition, human deals with vague concepts with unsharp boundaries while many practical 

applications involve knowledge that does not have a well-defined boundary. Hence, it becomes 

difficult to apply CMAC networks in these applications because CMAC only deal with integer 

value vector. 

On the other hand, fuzzy inference systems provide an intuitive channel from a quantitative aspect 

to qualitative aspect and vice versa. The operations of a fuzzy inference system are perceived as 

white box operations where expert knowledge could be easily extracted. However, the criticism 

on the requirement of manual tuning of the system parameters has becoming a major shortcoming 

for existing fuzzy inference system. 

Over the years, similarities between ANNs and fuzzy systems attracted significant attentions from 

researchers from both fields to explore means to combine their individual advantages. 

Investigations on literatures reveal various shortcomings and limitations faced by existing 

techniques. This motivates the synergy between cerebellar model articulation controller and fuzzy 
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systems and the investigation leads to the development of a neuro-fuzzy system which 

automatically identifies the parameters in a fuzzy system using neural network techniques. 
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Chapter 3 TSK°-FCMAC: Architecture and Learning 
Algorithm 

3.1. Introduction 

This chapter presents the architecture and learning algorithm of TSK°-FCMAC, a localized self-

organizing zero-ordered Takagi-Sugeno-Kang fuzzy inference system [18, 19] based on the 

CMAC structure [2]. Most neuro-fuzzy inference systems employ complex function to represent 

the antecedent, such as bell-shaped membership function (Ker's FCMAC [63]) and Gaussian 

membership function (Kim's HyFIS [83] and Jang's ANFIS [84]) to generate smoother 

approximation. Instead of adopting these complex functions, the antecedents for TSK°-FCMAC 

are represented in triangular or trapezoidal membership functions. Thus, accuracy is sacrificed for 

simplicity and computational efficiency. The consequent can be represented by crisp, fuzzy and 

functional consequents. Each type of rule consequent has its merits. Neuro-fuzzy inference 

systems such as GenSoFNN [85], Falcon-ART [86] and Falcon-MART [87] adopt fuzzy 

consequent to capture imprecise human expertise. ANFIS, another prominent neuro-fuzzy 

inference system employs functional consequent for accuracy using a small number of rules. 

Instead of the functional consequent, TSK°-FCMAC employs crisp consequent (also called fuzzy 

singleton) for efficiency in computation. As a result, TSK°-FCMAC is equivalent to zero-ordered 

TSK inference model. 

The architecture of the proposed network is presented in section 3.2. This is followed by a 

detailed illustration of the learning algorithm in sections 3.3 and 3.4. Section 3.5 demonstrates the 

learning ability of the proposed architecture in addressing problems of three different categories. 

The application in these problems has the following goals: 

1. Demonstrate the adaptive ability of TSK°-FCMAC in rapid changing environment such as 

the inverted pendulum problem (in section 3.5.1). 

2. Demonstrate the inherent ability of TSK°-FCMAC to perform rule extractions in a well-

known classification problem, the Fisher's Iris classification [88] (in section 3.5.2). 
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3. Demonstrate the ability of TSK°-FCMAC in solving regression problem such as the 

Mackey-Glass time series prediction [89] whose primary objective is to achieve 

satisfactory precision. 

3.2. Architecture 

For simplicity of explanation, the structure under consideration in this section has two inputs x,, 

x2 and one output y . Consider the presentation of the s th sample in the t th iteration and 

assume that the fuzzy inference rule base contains two fuzzy if-then rules of Takagi-Sugeno-

Kang's type [18,19], Rx and R2 defined in Eqs (20) and (21): 

R, : IF x, is A$ and x2 is A®, THEN y® (t) = i g (f) + i g (/)*, + 4 g (t)x2 (20) 

R2:IFxx is A™ andx2 is A^JHEN y?\t) = bg(t)+bg(t)xl+b%(t)x2 (21) 

Where, 

4 } is the j th fuzzy set of the / th input that is connected to Rk; 

yW (t) is the output of k th fuzzy if-then rule at the presentation of the 

s th sample in the / th iteration; 

£,(*) (^) is the j th data contents of the k th fuzzy if-then rule at the 

presentation of the s th sample in the ^th iteration. bj^(t) is 

real-valued parameter. 

4 5 , 4], A?] and Af] are fuzzy sets and « g ( 0 . & , ( » , b%(t), bg(t), ig>(/) and *£>(/) 

are real-valued parameter. The total output of the model ys(t) is given as 
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2X>/<*>(*„*2) 

(22) 5>,(t) 
t-i 

^(Cco+^co^+Cco^l+^KCco+C^.+C'co^) 
af>+o?> 

Where, 

JV^ is the total number of rule; 

#<*> is the degree of matching between the k th fuzzy if-then rule 

and the s th sample. 

In this case, NR=2 and a{
s
k) = m in j // (t) (x,), //^ t ) (x2) >. The inputs to a TSK model are crisp 

(non-fuzzy) numbers. Therefore, the degree of input x^ = xl,...,xi =x,,...,Xj = x, that matches 

the k th rule is typically computed using the min operator: 

a{
s
k) = m i n j / ^ , (x[), /i^ (x2), • • •, ft^ (x) )J (23) 

or using product operator: 

a'k) = ^4"] ( x i ) x V4>) (x'i) x • • •x M#j (x'i) (24) 

Figure 3-1 illustrates the computation process involved in a two-dimensional TSK inference 

model. 
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(2) 4, 43 

; K V =©0+ (̂0*+*2(')*2 

> -

Ja™ y? =bg(t) + b$(t)xl+bg(t)x2 

Figure 3-1: TSK Inference Model (two-dimensional) 

In TSK°-FCMAC, the real-valued parameters tfl](t), b$(t), *{?(0 and &g(/) are all set to 

zero. Figure 3-2 shows a 2-input TSK°-FCMAC with 16 rules. Four membership functions are 

associated with each input, so the input space is partitioned into 16 fuzzy subspaces. Each fuzzy 

subspace is governed by a fuzzy if-then rule. The premise part of a rule defines a fuzzy subspace 

and the consequent part specifies the output within this fuzzy subspace. In this example, four 

fuzzy if-then rules are activated for inputs xl and x2 according to their respective matching 

degree. They are: 

Ri3: IF x, is 4jj3) and x2 is 4f, THEN yP*>(f) = bg\t) 

RH : IF x, is 4\4) and x2 is 4]?, THEN y™(t) = bg?(t) 

R23: IF x, is 4f and x2 is Ajg\ THEN y?3)(t) = «gf>(/) 

R24 : IF x, is 4? and x 2 i s 4fi\ THEN yf\t)=C}(0 

Hence, the final output of the network is: 

(25) 

ys(*) = 
grCco+grCco+^Cco+^Cco 

aW+aW+aW+a™ 

Where the matching degree, al
s
k) = min | ju (k) (x,), // (t) (JC2 ) | . 

(26) 
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(H) ; (24); (34,; m 
SS fSS i J S i JS 

--©-—©— 
!v(23)i (33)! (43) 
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y,(2,): y<31): > T 
- T - © - - - © - - - - © - - -

VYSTA 
4.2 4.3 1,4 

Figure 3-2: Structure of 2-input TSK°-FCMAC with 16 rules 

3.3. Two-Phase Learning Algorithm 

TSK°-FCMAC employs a two-phase training algorithm. During the first phase, the Discrete 

Incremental Clustering (DIC) technique [90] is performed on newly presented data point. 

Depending on the degree of matching between the data point and existing clusters, DIC will 

create a new cluster, expand existing cluster or do nothing. The first phase is illustrated in Figure 

3-4. In the second phase, the same data point will activate the fuzzy if-then rules within TSK°-

FCMAC and an output is computed as shown in Eq (26). The crisp consequents, b^(t) for every 

activated fuzzy if-then rule are updated as shown in Eq (27): 

b£(t+i)=b£\t)+Mk)[m-y,(t)] (27) 

Where, 

a (*) 

is the learning parameter; 

is the degree of matching between the k th fuzzy if-then rule 

and the s th sample; 

ys(0 is the output of the network for the s th sample at the t th 
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JtfO 

iteration; 

is the target output of the network for the 5 th sample at the t th 

iteration. 

The overall learning procedure is depicted as Figure 3-3. 

Start 

Create an empty network 

Initialize parameters for the 
DIC Technique 

No 

Perform DIC and modify the 
structure accordingly 

Compute output from 
activated cells 

Adjust the consequents of 
the activated cells according 

to the error 

End 

Figure 3-3: Overall learning procedure 

The incremental learning process of the proposed architecture is shown in Figure 3-4. Initially, 

TSK°-FCMAC starts with an empty structure shown in Figure 3-4(a). When a new data point 

arrives, TSK°-FCMAC will create a new cluster to accommodate the new data point, expands an 

existing cluster to include the data point or do nothing on the existing structure (i.e. the data point 

falls into an existing cluster) according to the DIC technique, see Figure 3-4(b) and (c). The 

details of the DIC technique are described in the section 3.4. 
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Figure 3-4: TSK°-FCMAC structure at: (a) Empty; (b) After first data points; (c) After 
second data point; (d) After third data point 

3.4. Discrete Incremental Clustering (DIC) Technique 

Traditional clustering techniques suffer from the stability-plasticity dilemma [1] where new 

information cannot be learnt without running the risk of eroding previously learnt but valid 

knowledge. Therefore, neuro-fuzzy system such as POPFNN [91] violates the networks' ability to 

self-organize and self-adapt with changing environments. Another shortcoming of these clustering 

techniques is the requirement of prior knowledge such as the number of classes. 

In TSK°-FCMAC, the formation of input clusters (receptive field function) is governed by a novel 

Discrete Incremental Clustering (DIC) technique proposed by Tung and Quek [90]. The DIC 
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technique is not limited by the need to have prior knowledge of the number of clusters C and it 

preserves the dynamism to learn new knowledge. This novel clustering technique attempts to 

integrate the merits of fuzzy ART [92] and the LVQ [93] clustering techniques. 

The DIC technique has five parameters: a plasticity parameter /? , a tendency parameter TD, an 

input threshold IT, an output threshold OT and a fuzzy set support parameter SLOPE . A brief 

description of DIC is given in this section and full details can be found in [90]. 

3.4.1. The fuzzy set support parameter SLOPE 

Each new cluster in DIC begins as a triangular fuzzy set as shown in Figure 3-5(a). The kernel of 

a new cluster (fuzzy set) takes the value of the data point (x ' ) that triggers its creation and its 

support is defined by the parameter SLOPE where 

b = x' 

a = x'- SLOPE x (max(x,) - min(x,)) (28) 

c - x'+ SLOPE x (max(x,) - min(x,)) 

As training continues, the cluster "grows" to include more points, but maintains the same amount 

of buffer regions on both sides of the kernel (Figure 3-5(b)). The trapezoidal fuzzy sets after 

expansion satisfied the following equations: 

n-m=b-a 
. (29) 

p-o=c-b 

A SLOPE value of 0.5 means the distance between a and b (or the distance between b and c ) 

in Figure 3-5(a) will cover fifty percent of the full range of input x . A large value of SLOPE 

will result in highly overlapped clusters whilst a small value of SLOPE will result in the 

formation of clearly separable clusters. If the value of SLOPE is set to 0, the resultant clusters 

will be similar to the adaptive quantization illustrated in Figure 2-6(b). 
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Figure 3-5: (a) A newly created cluster and (b) cluster after training 

3.4.2. Plasticity parameter p 

A cluster "grows" by expanding its kernel. This expansion is controlled by the plasticity 

parameter /? . A cluster expands its kernel when it is the best-fit cluster (having the highest 

membership value) to a data point and this data point falls outside its kernel. The plasticity 

parameter governs how much a cluster (fuzzy set) expands its kernel to include the new data 

point. A fi value of 1 will result in aggressive expansion of existing clusters. That is, the 

formation of huge clusters but fewer numbers of clusters. A /? value of 0 means the cluster will 

stop expanding. Therefore, to avoid aggressive expansion, the initial value of /? for all newly 

formed clusters is preset at 0.5. 

The value of its /? parameter decreases as the cluster expands its kernel. The first quadrant of a 

cosine waveform is used to model the change of fl in a cluster. The parameter 6 is intuitively 

interpreted as the maximum expansion a cluster can have and a parameter STEP controls the 

increment of 9 from 0 to 1.57 radians (i.e. the resultant value of cos(#) will be in the range of 0 

to 1). Hence, the amount of expansion a cluster can adopt decreases with the number of 

expansions. It is computed as follows: 

Expansion = j3 cos (#) x Distance (30) 

Where Distance is the distance between nearest kernel (left kernel or right kernel) and current 

data point. After each expansion, 6 is incremented by STEP and /? is set to 0 whenever 

0 > 1 . 5 7 . 
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3.4.3. Tendency parameter TD 

The tendency parameter TD is analogous to a cluster's willingness to "grow" when it is the best-

fit cluster to a data point that falls outside its kernel. It complements the use of the plasticity 

parameter ft . Parameter TD maintains the relevance of a cluster and prevents it from 

incorporating too many points that has low "fitness" or membership values to the cluster. 

Otherwise, the kernel of a cluster may become overly large and the semantic meaning of the fuzzy 

label that the cluster represents may be obscured and poorly defined. The initial value of TD of a 

newly created cluster is preset at 0.5 and the cluster stops expanding its kernel when TD reaches 

zero. The rate of decrease depends on the "fitness" of the data points that the cluster incorporates 

as shown in equation (31). With respect to cluster j , 

TDnew = TDold + ^ _ jDold j x Jj _ ^ ^ ^ ( 3 j ) 

Where //. denotes the membership function of cluster j and A = - 0 . 5 . 

When TD is less than or equal to zero, the cluster stops "growing" and sets its plasticity parameter 

P to zero. Hence, the less fit the data points (with small membership value) a cluster try to 

incorporate or absorb, the faster its TD decreases and vice-versa. Thus, TD and fi together 

maintain the integrity of the input clusters and the fuzzy labels they represent. 

3.4.4. Thresholds (IT and OT) 

The input and output thresholds (IT and OT) specify the minimum "fitness" or membership value 

an input (output) data point must have before it is considered as relevant to any existing input 

(output) clusters or fuzzy sets. If the fitness of the input (output) data point to the existing best-fit 

input (output) cluster falls below the predefined IT (OT), then a new cluster is created. In 

addition, IT (OT) determines the degree of overlapping of an input (output) cluster with its 

immediate neighbors. In order to prevent excessive overlapping of the input (output) cluster, IT 

(OT) is predefined at 0.5. 

Figure 3-6 shows an illustration for the influence of parameter IT (OT). In Figure 3-6(a), the 

parameter IT is set at a high value of 0.8. When new data xj arrives, the matching degree of JC, 
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with existing cluster is less than 0.8. Therefore, a second cluster is created. It can be observed that 

both clusters are closely overlapped. To avoid high-overlapped clusters, the parameter IT can be 

set to a lower value. As shown in Figure 3-6(b), parameter IT is set to 0.5. Instead of creating a 

new cluster, existing cluster expand its kernel to "absorb" the new data. 

Data X, arrived 

<«> 

Membership Expanding kernel 

Data X, arrived 

(b) 

Figure 3-6: (a) Second cluster created for the new data when IT = 0.8 and (b) First cluster 
expanded to include the new data when IT = 0.5 

The algorithm is briefly described as follow: 

Algorithm DIC 

Assume data set ~X = {x(l\...,X{p),...,X(P)}. 

Initialize STEP, SLOPE, IT and TD. 

Vector x{p)={x\p\...,x\p\...,x\p)) represents the p th input training vector to 

TSK°-FCMAC. 
Variable Jt represents the total number of clusters created for input xt. 

V/7€{1...P} 

V/e{l..J} 

When «/. is zero, create a new cluster using X\p'. 

Otherwise, 
Determine best-fit cluster Winner such that: 

Winner = arg max \uA \X)p')\ 
&

 7e{l...J,} 1/ 4,, \ ' I) 
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Update the kernel of the Winner if juA w (x\p)) > IT 

Otherwise, create a new cluster using 

End DIC. 

All parameters in DIC are constant except for the STEP and SLOPE parameters. In the current 

implementation, the selection of these two parameters is heuristic and varies with different tasks. 

However, there are several guidelines to assist in the selection of suitable values for these two 

parameters. A small STEP value results in "fat" fuzzy sets with large kernels and vice versa. On 

the other hand, a small SLOPE value results in steep slopes (nearly crisp fuzzy sets) and the 

fuzziness of the fuzzy set (input and output clusters) increases as the value of SLOPE increases. 

3.5. Benchmarking Examples 

This section demonstrates the ability of the proposed architecture in problems of three different 

categories; namely: 1) inverted pendulum problem (control), 2) Fisher's Iris classification 

(classification) and, 3) chaotic time series prediction (regression). 

In section 3.5.1, TSK°-FCMAC is applied to balance an inverted pendulum. The performance of 

TSK°-FCMAC is compared with two control schemes; namely: 1) Hm based controller by Feng 

[94] and, 2) robust fuzzy sliding mode (RFSM) controller by Khoo [95]. This experiment aims to 

demonstrate the ability of the proposed network in control applications. In the experiment, the 

proposed architecture is shown to be more adaptive than conventional control methodology. In 

section 3.5.2, TSK°-FCMAC was applied in a well-known classification problem, the Fisher's Iris 

classification [88]. This experiment attempts to present the inherent ability of TSK°-FCMAC to 

perform rule extractions. The performance of the network is also compared with several fuzzy 

neural networks, FCMAC-BYY [64], POPFNN-CRI (S) [91] and 3 variations of Falcon network; 

namely: Falcon-FKP [96], Falcon-ART [86] and Falcon-MART [87]. Lastly, TSK°-FCMAC was 

applied in Mackey-Glass time series prediction [89] in section 3.5.3. This experiment attempts to 

investigate the ability of the proposed network in solving regression problem whose primary 

objective is to achieve satisfactory precision. The performance of TSK -FCMAC is compared 

with ANFIS, a first-ordered fuzzy inference system proposed by Jang [84]. 
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3.5.1. Inverted Pendulum Problem 

An inverted pendulum problem (also called a cart and pole problem) is a classical problem in 

dynamic control theory. The problem involves continuously applying a horizontal force on a 

moving cart to maintain the inverted pendulum in its upright position. It has been applied by 

various researchers from different areas to benchmark their systems [31, 32, 36-44]. Figure 3-7 

shows the graphical representation of the problem. 

,•.••'•-'• ^ < 5 i ^ i ^ -

Figure 3-7: Inverted Pendulum Problem 

The dynamics of the problem can be described as Eqs (32)-(35): 

xl(t) = x2(t) (32) 

1 , 

g s i n ( x , ( / ) ) — a m l [ x 2 ( r ) ) s in (2x , ( / ) ) - acos (x , ( / ) )« ( f ) 
x2(t) = 2 _ ^ 

+ disturbance (t) 

—l-aml\ cos(x,(?)) (33) 

a (m + M) 
(34) 

Where, 

disturbance (/) = D [2 sin (/) + sin (200^/)] (35) 

* . ( ' ) is the angular position of the pendulum from the vertical axis at 
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time / ; 

ytj is the angular velocity; 

g is the gravitational acceleration, g — 9.Sm/2 '•> 
/ s 

m is the mass of the pendulum, m - 2kg; 

M is the mass of the cart, M = 8kg ; 

/ is the half-length of the pole, I = 0.5m; 

u (t) is the horizontal force applied to the moving cart at time t; 

disturbance (f) is the disturbance to the dynamic system at time t; 

D is the multiplier for the disturbance. 

Many existing systems assume the dynamics of the problem to be "known" and design their 

controller based on these "known" factors. However, in real world applications, uncertainties 

(disturbance or noise) do exist. To take such uncertainties into consideration, a simple periodic 

disturbance is added to the dynamic equation to produce a better reflect of a possible real world 

application. 

In this experiment, we compare the performance of TSK°-FCMAC with two existing controllers; 

namely: 1) Hm based controller by Feng [94] and, 2) robust fuzzy sliding mode (RFSM) 

controller by Khoo [95]. They belong to two particularly active research fields, the Hx control 

[97-100] and the sliding mode control system [101-104]. Both research areas have been shown to 

produce interesting results in many control applications. 

In the experiments conducted by Feng and Khoo, both controllers use the derivatives of the 

angular position, x, as inputs to their controllers. Similarly, our design uses two inputs derived 

from the angular position. They are computed as Eqs (36) and (37): 
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0 ,if\l000Xl(t)\<l 

sign (l OOOx, ( / ) ) x In (abs (l OOOx, ( / ) ) ) , otherwise 
Log_xl(t) = 

and 

Log_x2(t) = 
o ,//|ioox2(0|<i 

j /gw ( l 00x2 (f)) x In ( a fo ( l 00x2 ( / ) ) ) , otherwise 

Where, 

sign( ) ' s t n e function that returns 1 if the number is positive and -1 if 

the number is negative; 

abs (.) is the function that returns the absolute value. 

The TSK°-FCMAC controller is first trained by modeling the response of a Hx controller. The 

training data are collected by simulating the Hx controller. The trained network is a two inputs 

TSK°-FCMAC network with a size of 168 cells (12x14) and is subsequently applied to balance 

the inverted pendulum with the following initial conditions: 

x, (0) is the initial angular position, xx (0) = 85° ; 

T is the total simulation time (sec), T = 2.0 and t e [ 0 , T ] ; 

dt is the simulation step (sec), dt - 0 .0005. 

In each step, the TSK°-FCMAC network is updated based on the error defined in Eq (38): 

Errorconlroller (t) = («max - u m i n ) x Scontroll„ x *' ^ "*target (38) 
max min 

Where 

"max' wmin a r e the maximum and minimum output from the controller; 

^controller ls the learning parameter for controller. It is set to 1/60 to 
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prevent drastic update on the controller's surface; 

x (A is the angular position of the pendulum from the vertical axis at 

time t; 

x t is the target angular position. In this experiment, x t = 0 ; 

xmax' xmin Are m e maximum and minimum possible angular position; 

In the experiment, mean square error (MSE) is employed as the performance indicator for the 

three different controllers. The multiplier for disturbance (D) described in Eq (35) is varied to 

examine the stability of individual controller versus different disturbances. The performances are 

tabulated in Table 3-1. 

The results show that the average MSE of TSK°-FCMAC is lowest among the three different 

control schemes. When the disturbance multiplier, D increases from 10 to 300, the MSE of Hx 

and RSFM control schemes differ for 15.35% and 35.06% respectively. In contrast, the MSE of 

TSK°-FCMAC remains relatively stable. 

Table 3-1: MSE versus Different Disturbances in the Inverted Pendulum Problem 

D 

10 

50 

100 

150 

200 

250 

300 

Average 

/ T Control 
CO 

MSE 

0.0821 

0.0834 

0.0851 

0.0871 

0.0893 

0.0919 

0.0947 

0.0877 

% w.r.t 
£> = 10 

100.00% 

101.58% 

103.65% 

106.09% 

108.77% 

111.94% 

115.35% 

-

RSFM Control 

MSE 

0.0870 

0.0888 

0.0913 

0.0939 

0.0971 

0.1022 

0.1175 

0.0968 

% w.r.t 
D = \0 

100.00% 

102.07% 

104.94% 

107.93% 

111.61% 

117.47% 

135.06% 

-

TSK°-FCMAC Control 

MSE 

0.0754 

0.0714 

0.0715 

0.0721 

0.0727 

0.0735 

0.0742 

0.0730 

% w.r.t 
Z> = 10 

100.00% 

94.69% 

94.83% 

95.62% 

96.42% 

97.48% 

98.41% 

-

D = Disturbance Multiplier; MSE = Mean Square Error. 

Nanyang Technological University (School of Computer Engineering) 49 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Fuzzy Associative Memory Architecture 

Figure 3-8, Figure 3-9 and Figure 3-10 show the angular position and controller's output for three 

different control schemes under disturbance multiplier of 10, 150 and 300 respectively. All three 

control schemes manage to shift the angular position of the pendulum back to 0° at almost the 

same time and afterwards, balance the pendulum in its upright position. However, there is a 

noticeable increase in fluctuations when D increases from 10 to 300. To provide a closer view, 

Figure 3-11 and Figure 3-12 show the simulation result between 0.4 and 1.5 seconds. In the two 

mentioned figures, the fluctuations in angular position increase significantly for Hm and RSFM 

control schemes while the angular position of TSK -FCMAC control scheme remain fairly 

consistent. 

It is known that both Hx and RSFM controllers are designed based on some "known" factors 

(e.g. the characteristics of the plant) and are non-adaptive to changing environment. Their 

performances remain good if the "known" factors are indeed accurate. On the other hand, TSK°-

FCMAC is trained based on the same "known" factors, and subsequently performs online learning 

according to the environment (which consists of possible "unknown" factors). This experiment 

draw the attention to the shortcoming of having a controller designed based on offline data only. 

The proposed architecture, TSK°-FCMAC clearly demonstrates its ability to perform online 

learning for "unknown" factor and at the same time, achieve reasonable performance. 
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Figure 3-8: Pendulum's Angular Position and Controller's Output (D = 10) 
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Figure 3-9: Pendulum's Angular Position and Controller's Output (D -150 ) 
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Figure 3-10: Pendulum's Angular Position and Controller's Output (Z> = 300) 

time (sec) 

Figure 3-11: Pendulum's Angular Position and Controller's Output ( D = 150, t e [0.4,1.5]) 
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Figure 3-12: Pendulum's Angular Position and Controller's Output (D = 300, t e [0.4,1.5]) 
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3.5.2. Fisher's Iris Classification 

A benchmark classification problem using the Fisher's Iris data set [88] was conducted. There are 

three classes of irises; namely: Class 1-Setosa, Class 2-Versicolor and Class 3-Virginica. Each 

class consists of 50 data instances. Figure 3-13 shows the distribution of each of the 3 classes on 

four numeric attributes. It is clear that Class 1-Setosa is separable from the other 2 classes but 

classes 2 and 3 are highly overlapped in the sepal length and width dimensions. It can also be 

noticed that there are some overlapping in the petal length and width for class 2 and 3. 
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Figure 3-13: Distributions of Fisher's Iris Data 

The 150 iris data are separated into 3 groups of equal sizes; each group consists of an equal 

number for all three classes of irises. By combining the three different groups, seven data sets are 

generated (one set of 150-data, three sets for 100-data and three sets of 50-data). Hundred 

permutations are performed on each set of data and a total of 700 data sets are generated. 

Permutation involves reshuffle of the data instances in random order. The network structure is 

MISO (multiple inputs single output) and the desired outputs are 0, 0.5 and 1.0 for class 1, class 2 

and class 3 respectively. 
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The experiments were conducted in five different modes; namely: 

• Memory Recall" : uses all 700 sets of data for both training and testing. 

• Generalizationb: uses 300 sets of 100-data for training and 50-data for testing. 

• Generalization: uses 300 sets of 50-data for training and 100-data for testing. 

• Generalization1*: uses 3 sets of 50-data for training and 100-data for testing. 

• Memory Recall": uses a single set of 150-data for both training and testing. 

The training data for Memory Recall" , Generalization and Generalization0 involve 

permutation of the original training data. Hence, the mean value and the standard deviations 

obtained from these three experiments are more representative than those obtained in 

Memory Recall6 and Generalization"1. 

Comparisons are conducted with several fuzzy neural networks. They are FCMAC-BYY [64], 

POPFNN-CRI (S) [91] and 3 variations of Falcon network; namely: Falcon-FKP [96], Falcon-

ART [86] and Falcon-MART [87]. FCMAC-BYY [64] is an associative memory neural network 

using Bayesian Ying-Yang (BYY) learning [82] to determine the optimal fuzzy sets with truth-

value restriction inference scheme. POPFNN-CRI (S) (Pseudo-outer product based fuzzy neural 

network using the compositional rule of inference and singleton fuzzifier) is a two-phase learning 

fuzzy neural network that is able to effectively construct membership functions and identifies the 

fuzzy if-then rules. Falcon-MART and Falcon-FKP are both variations of Falcon-ART network 

proposed by Quek and Tung. 

Table 3-2 shows the classification results for all six fuzzy neural networks. For TSK°-FCMAC, 

high mean classification rate of 98.43%, 93.75% and 92.48% is achieved for Memory Recall" 

and Generalization and Generalization0. The small value in standard deviation shows that 

the architecture is robust even though different permutation of the same data sets is provided as 

training data. Hence, TSK°-FCMAC has a high resistance against influence under different initial 

seeds. 
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Table 3-2: Fisher's Iris Classification Rate 

TSK°-FCMAC 

FCMAC-BYY 

Falcon-FKP 

Falcon-ART 

Falcon-MART 

POPFNN-CRI 

Experiment 

Memory Recall" 

Generalization 

Generalization0 

Generalization* 

Memory RecalV 

Generalization 

Generalization 

Generalization 

Generalization* 

Memory RecalV 

Training 
Epoch 

20 

20 

20 

20 

20 

10 

15 

1000 

11 

15 

Mean 

98.43% 

93.75% 

92.48% 

93.33% 

98.67% 

96.60% 

90.57% 

75.76% 

94.95% 

80.00% 

Std Dev 

1.67% 

3.51% 

3.21% 

3.06% 

-

-

2.53% 

7.54% 

4.64% 

-

Std Dev = Standard Deviation. 

The training of TSK°-FCMAC stopped after 20 training epochs and the MSE after every training 

epoch is shown in Figure 3-14. 

Mean Square Error 

0 2 4 6 8 10 12 14 16 18 20 
Training Epoch 

Figure 3-14: Mean Square Error of TSK°-FCMAC in Fisher's Iris Classification 

Figure 3-15 shows the fuzzy sets derived from TSK°-FCMAC by using a set of 150-data for both 

training and testing. Among the 150 testing data, 148 have been identified correctly. The total 

number of possible if-then rules is 4 x 4 x 4 x 3 = 192 but only 148 if-then rules are created 

because the input patterns do not cover the whole input space. 
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Figure 3-15: Fuzzy Sets Derived for Fisher's Iris Classification using TSK°-FCMAC 

To present a clearer understanding of the fuzzy if-then rules, semantics are assigned to every 

fuzzy sets of each numeric attributes; namely: Short, Medium, Marginal Long and Long. The 

fuzzy rules derived for each class of irises are extracted and are listed in Table 3-3. As mentioned 

above, although classes 2 and 3 have high degree of overlapping for sepal length and width and 

some overlapping at petal length and width, TSK°-FCMAC is able to achieve a high classification 

ratio with only 20 training iterations. The inherent ability of TSK°-FCMAC to perform rule 

extractions is also demonstrated in this experiment. 

Table 3-3: If-Then Fuzzy Rules Derived for Fisher's Iris Classification 

/?,: if PL is short then Iris is Setosa 

short or . . 
/?•; if SL is medium or and SWis ''"''" and PL is medium and PWis short then Iris is Versicolor 

marginal long med""" 

R,: if SLis marBmal'^"B and swls marginal long a / | ( / pLjs marginaUong and p v v / s medium then Iris is Versicolor 
or long or long 

R4: if 

Rs: if SLis long 

SWis medium and PL is long and PWis medium then Iris Is Virginica 

and PL is long and PWis long then Iris is Virginica 

SL = Sepal Length; SW = Sepal Width; PL = Petal Length; PW = Petal Width. 
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3.5.3. Chaotic Time Series Prediction 

The Mackey-Glass (MG) time-delay differential equation was first investigated by Mackey and 

Glass [89]. Due to its chaotic nature, it has been used as a benchmark case-study in the neuro-

fuzzy community [105-108]. The chaotic differential equation is defined as Eq (39): 

0.2x(/-r) . , / x 

*(0=-. 10/. \-o.\x(t) (39) 
1 + JC1 U( /-T) 

The goal of the task is to use known values of the time series up to the point x = / to predict the 

value at some point in the future x = t + A. The standard method for this type of prediction is to 

create a mapping from D points of the time series spaced A apart, that is, 

(x(t-(D-\)A),...,x(t-A),x(t)), to a predicted future value x(t + A). The value D = 4 and 

A = 6 were used to allow comparison with earlier work. 

To obtain the time series value at each integer point, the fourth-order Runge-Kutta method [109] 

was applied to incrementally compute the numerical solution to equation (39). The time step used 

in the method is 0.1, initial condition x(0) = 1.2, r = 17 and x(t) is thus derived for 

0 < / < 1 2 0 0 . Figure 3-16 shows the time series derived. From the Mackey-Glass time series 

x(t), 1000 input-output data pairs of the following format were extracted: 

[x(t -18) , x(t -12) , x(t - 6), x(0, x(t + 6)] 

Where/= 118 to 1117. 

(40) 

Mackey-Glass Time Series 

200 3CB 400 500 BX 700 800 900 1000 
Time (I) 

Figure 3-16: Mackey-Glass Time Series 
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The 1000 data pairs are separated into 3 sets: all 1000 pairs, first 500 pairs and last 500 pairs. A 

hundred permutations are performed on each group of data and a total of 300 data sets are 

generated. Permutation involves reshuffling of the data instances in random order. Permutations 

are performed on the data sets to bestow a more representative meaning to the mean value and the 

standard deviation of the results. In addition, the experiments will be able to evaluate the 

robustness of the system if the data are presented in different sequences. 

The experiments were conducted in four different modes; namely: 

• Memory Recall" : uses all 300 sets of data, use the same set for both training and testing. 

• Generalization1": uses 1) 100 sets of the first 500 pairs for training, 100 sets of the last 

500 pairs for testing and, 2) 100 sets of the last 500 pairs for training, 100 sets of the first 

500 pairs for testing. 

• Memory Recall0: uses 1 set of the first 500 pairs for both training and testing. 

• Generalization: uses 1 set of the first 500 pairs for training and last 500 pairs for 

testing. 

The predicted values in experiment Memory Recall0 are shown in Figure 3-17. In this 

experiment, TSK°-FCMAC generated 4 fuzzy sets for each input and a total of 226 fuzzy if-then 

rules are generated in 20 epochs. The MSE after every training epoch is shown in Figure 3-18. 

Mackey Glass Time Series Prediction 

fif 
650 700 750 600 050 900 950 1000 1050 1100 

Time (I) 

Figure 3-17: Predicted Mackey-Glass Time Series 
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Mean Square Error 
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Figure 3-18: Mean Square Error of TSK°-FCMAC in Mackey-Glass Time Series Prediction 

Table 3-4 shows the tabulated results of the four experiments mentioned above. The performance 

of TSK°-FCMAC is compared with ANFIS (Adaptive-Network-Based Fuzzy Inference System), 

a first-ordered TSK model [18, 19] proposed by Jang [84]. The number of membership functions 

assigned to each input of the ANFIS was arbitrarily set to 2, so the rule number is 16. ANFIS 

performed 500 epochs and contains 104 fitting parameters, of which 24 are premise parameters 

and 80 are consequent parameters. 16 fuzzy if-then rules are generated [84]. Excellent results 

could be obtained with ANFIS at the expense of a large number of training epochs. On the other 

hand, the requirement of predefined structure is another shortcoming not addressed in the ANFIS 

architecture. 

It can be observed that ANFIS performed better than TSK°-FCMAC in terms of Mackey-Glass 

time series prediction as ANFIS implements the first-ordered TSK inference model. In ANFIS, 

the output for each rule is a linear combination of input variables plus a constant term whereas the 

output for TSK°-FCMAC is only a crisp set (equivalent to a constant term). In addition, TSK°-

FCMAC uses triangular or trapezoidal membership function for the premises which is 

computationally efficient while ANFIS uses the more complex Gaussian function. Nonetheless, 

the small value in standard deviation of TSK -FCMAC demonstrates its robustness although 

training data is provided in different sequence. 
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Table 3-4: RMSE for Mackey-GIass Prediction 

TSK°-FCMAC 

ANFIS 

ANFIS 

Experiment 

Memory Recall3 

Generalization6 

Memory Recall0 

Generalization11 

Memory Recall0 

Generalization1* 

Training 
Epoch 

20 

20 

20 

20 

500 

500 

Mean of 
RMSE 

0.02075 

0.02229 

0.03122 

0.03205 

0.00160 

0.00150 

Std Dev of 
RMSE 

0.00463 

0.00468 

-

-

-

-

RMSE = Root Mean Square Error; Std Dev = Standard Deviation. 

3.6. Summary 

This chapter presents the architecture and learning algorithm of the proposed network, TSK°-

FCMAC. Analogous to conventional CMAC, TSK°-FCMAC was proposed to be applicable in the 

domain of control problems. Therefore, complex functions such as the Gaussian or bell-shaped 

membership function are not adopted. Instead, the antecedents for TSK°-FCMAC are represented 

in triangular or trapezoidal membership functions. Thus, accuracy is sacrificed for simplicity and 

computational efficiency. On the other hand, the consequents of TSK°-FCMAC are represented 

by fuzzy singleton for efficiency in computation. 

The ability of the proposed network is demonstrated with empirical applications on three different 

categories; namely: 1) inverted pendulum problem (control), 2) Fisher's Iris classification 

(classification) and, 3) chaotic time series prediction (regression). In section 3.5.1, TSK°-FCMAC 

is first demonstrated to be capable to balance the inverted pendulum. The performance is 

comparable with two existing controller, the Hm controller by Feng [94] and the RSFM 

controller by Khoo [95]. In additional to comparable performance, the experiment also draws the 

attention to the advantage of designing a controller that is capable of adapting to "unknown" 

factors. As a result, the online learning capability of TSK°-FCMAC proves to be highly 

advantageous over conventional controllers. In the second experiment, TSK°-FCMAC was 

applied in a well-known classification problem, the Fisher's Iris classification [88] in section 

3.5.2. The inherent ability of TSK°-FCMAC to perform rule extractions is demonstrated in the 
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experiment. At the same time, the proposed network is found to be robust under different 

permutations of input data (reshuffle of the data instances in random order). In the third 

experiment, TSK°-FCMAC was applied in a regression problem, Mackey-Glass time series 

prediction [89]. Likewise, the proposed network is found to be robust versus permutation of data 

samples and achieve reasonable results. 

Although TSK°-FCMAC was initially designed to be applied in the domain of control problems, 

empirical studies present satisfactory performance in problems from other domains. Nonetheless, 

in terms of solving problem which emphasizes precision as its primary objective, TSK°-FCMAC 

may prove to be inadequate. This inspires the implementation of TSK'-FCMAC, a first-ordered 

Takagi-Sugeno-Kang fuzzy CMAC, which may theoretically breach the barrier of mediocre 

precision. The architecture for TSK'-FCMAC is presented in Chapter 5 in full details. 
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Chapter 4 Learning Convergence of TSK°-FCMAC 

4.1. Introduction 

The cerebellar model articulation controller (CMAC), an associative memory proposed by Albus 

[2] is capable of performing localized generalization with very fast learning. Since the 

formulation of the first conventional CMAC network, many different variances have been 

proposed. Many of them are enhanced by incorporating fuzzy logic into the CMAC networks and 

hence defined as Fuzzy CMAC. Most of them focused on the development of new learning 

techniques [61, 110-112], new structural learning [64, 83, 113], and novel application [63, 114-

116]. However, the mathematical formulation and the convergence characteristics of such Fuzzy 

CMAC are often neglected. The learning convergence of conventional CMAC networks is first 

investigated by Wong and Sideris [48]. Later, Parks and Militzer [46] provide an in-depth 

investigation with Lyapunov function, and most recently, Lin and Chiang [49] define the 

mathematical formulation and have proven that the memory contents of a conventional CMAC 

structure will converge to a limit cycle providing the learning rate is between zero and two. 

In this chapter, a study on the convergence characteristic of the proposed architecture is rigorously 

undertaken. A mathematical representation of the proposed network is presented together with the 

investigation of its convergence characteristic. In terms of mathematical formulations, the 

difference between a conventional CMAC and a fuzzy CMAC is the way a memory cell is 

activated. In conventional CMAC, individual memory cell is either activated (represented by "1") 

or non-activated (represented by "0"). However, in fuzzy CMAC, the memory cell could be 

partially activated (represented by degree of matching, a e [0, l]). Nonetheless, the formulation 

in the investigation will follow closely to Lin and Chiang's [49] methodology while adapted to 

our TSK°-FCMAC architecture. The investigation starts by formulating the mathematical 

representation of the TSK°-FCMAC architecture, followed by the proper definition of the 

difference of memory contents between consecutive iterations. The learning of TSK°-FCMAC 

will be proven to converge when this difference approaches zero. An overview for the proof of 

convergence is presented in Figure 4-1. 
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Start 

I 
Formally define the mathematical representation of the TSK°-FCMAC architecture. 

Define: 
1) OB (/) as the difference of memory contents between consecutive iterations when the s th sample is 

presented at the / th iteration and 

2) DB(0 = [/>/»,(0 DB.it) ... DB„f(t)\ 
The learning converges if DB(t) becomes a null matrix. 

Show that: 
•) G (/) is a product of E 's, 

2) H (/) is a product of G 's and 

3) JDBS (O=HS (O-£>B J (0)=AHS (O[(£1;^,(OX: / )+(S;:!^(IX: ( ) ] -

If lim H (/) • C e 1 u a ' z e r 0 f°r a" s > t*ien DBS (t) will be null and DB(t) will be a null matrix and 
r-»oo 

the learning converges. 

Lemma 1: derives various properties of the special matrix E which will be employed in the following 
lemmas. 

Lemma 2: proves that for any matrix Q (f) = E (/)-E ,(/)> the norm of row vector / in Q (/) will 

not be greater than that of row vector /' in E _,(/) if the learning rate X s [0,2) • 

Lemma 3: using the proof from Lemma 2 shows that ]im \row ioftt (t +1)11 will be bounded and 

equal to l j m \\row i of Hs (7)| • 

Lemma 4: using the proof from Lemma 3 proves that 

if lim \\row i of H s (/) • Es^ (t +1)|| = lim \\row i of Hs (t)\\ then, \ £ e » ^ ^ _ 0 

Lemma 5: using the prooffrom lemma 4 shows that HmH (/ + 1) = H (/) an^ H (t) converges to a 

null or constant matrix as I approaches infinity. 

Lemma 6: using the proof from Lemma 4 shows that Jim H (/) • C (t) equal to a null vector for all 5. 

Based on Lemma 5 and 6, OB (/) will be null as / approaches zero and DB(f) will be a null matrix 

and the learning converges. 

End 

Figure 4-1: An overview for the Proof of Convergence 
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4.2. Mathematical Formulation 

Assuming there are NR number of rules stored in a TSK°-FCMAC. For the 5 th sample, the 

output can be mathematically expressed as Eq (41). 

Rule 1 Rule 2 Rule i Rule NB 

y5(t) = CT
sB = 

«<" 

YL>r 
„m 

zr>!" 
c! 

a<» 

i.:>i" 
„<».) 1 

EWj (41) 

[Z£«fC«o] 

Where Cs is a memory selection vector computed according to the degree of matching of the s th 

sample with the respective fuzzy rule. Considering the case with Ns as the number of samples, 

the output for every sample can be expressed in a matrix form expressed in Eq (42). 

Y(t) = 

' >,(/) " 

MO 

yK.(fl_ 

= 

\cf 
cl 
ck_ 

Bs(t) 
(42) 

= C5,(0 

In practice, the training samples are chosen at random among all the training set. However, it will 

be difficult or even impossible to study the convergence characteristics with samples provided in 

this nature because the learning will continue adapting to fresh training samples and never 

converge. Thus, in this study, only the case that a set of A ŝ training samples is repeatedly 

presented to the network is considered. 

The updating of cell content at the presentation of the ( s - l ) t h sample during the /th iteration is 

expressed as 
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Bs(t) = Bs_l(t) + ABs_l(t) 

= ̂ (0+A(2i«2)c r t [y^iO-clA.iO] (43) 

Define the sum of the degree of matching between the 5 th sample and every fuzzy if-then rules 

as 

i;>.w (44) 

We have 

B,(t) = Bs_,{t) + Xds_fs_x [ j M O - C i U O ] (45) 

Where, 

B (/) is the cell content at the presentation of the s th sample during 

the /th iteration; 

A is the learning parameter in the tth iteration, where A e [0 , l ] ; 

is the pre-multiplication that distributes the error according to 

the degree of matching for each fuzzy if-then rule for the s th 

sample; 

d.C. 

Ut) 
is the output of the network for the s th sample at the t th 

iteration. 

4.3. Proof of Convergence 

Convergence in iterative learning with a set of training data repeatedly presented can be defined in 

two ways. The first one is that the update on memory content remains the same in different 

iterations when the same sample is presented. However, from sample to sample, memory contents 

may still change. The second definition of convergence is such that the variation vanishes after 

numerous iterations [49]. They are illustrated in Figure 4-2 and Figure 4-3 respectively. In this 

study, we will first examine the first type of convergence to determine whether the memory 
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contents at the time when the 5 th sample is presented can converge. If it converges, by gradually 

decreasing the learning rate, the second kind of convergence can be achieved. 

Update on Memory Content Between Iterations 

Sample 

Figure 4-2: First Type of Convergence (update on memory content remains the same in 
different iterations) 

Update on Memory Content Between Iterations 

Sample 

Figure 4-3: Second Type of Convergence (variation between iterations vanishes) 

The difference of memory contents between consecutive iterations can be expressed as Eq (46). 

DBs{t) = Bs(t + \)-Bs{t) 

= [Bs_x (/ +1) + ABS_X (/ +1)] - [2?,_, (0 + ABS_X (/)] 

= DBS_X (/) + Xds_xC,_x [ys_x (/) - C]_XBS_X (t +1)] 

-Ads_xCs_x[ys_x(t)-ClxBs_x(t)] 

= DBS_X (/) - Xds_xCs_xC
T

s_x [B,_x (/ +1) - *_, (/)] 

= DBs.x(t)-Ads_xCs_xClx[DBs_x(t)] 

= [l-Ads_xCs_xClx]DBs_x(t) 

(46) 

Defining 
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DB0(t) = DBNs(t-l) (47) 

and 

Co*CNt (48) 

will take care of the special case with s = 1 in the above equation. 

For convenience, define 

Es(t) = I-AdsCsC's (49) 

and 

DB(t) = [DBx(t) DB2(t) ... DBNs(t)] (50) 

Hence, 

(51) 

(52) 

DBs(t) = Es_i(t)DBs_l(t) 

= E,_1(/)EJ_2(/)...E1(0E0(0/)50(0 

From Eq (47), DBs(t) can be derived as 

DBS (0 = E,., (t)Es_2 (/).. -E, (0E^ (t)DBNs (t -1) 

= [E,_, (0E5_2 (0-E, (/)E„, (0E^_, (t)...Es (/)] £>*, (/ -1) 

For simplicity, define 

G,(f)= [E,„1(0EJ_2(0...E1(0E^(0E;Vs_1(/)...EJ(0] (53) 

Hence D55 (f ) can now be expressed as 

DBs(t) = Gs(t)DBs(t-l) (54) 

To have the learning converge, lim DBS (t) must be a null vector and lim DB(t) must be a null 

matrix. With Eqs (50) and (54), the matrix £>B(/) can be derived as 
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DB{t) = [DBx{t) DB2(t) ... DBNs(t)] 

= [G, (0 / )A^-1) G2(t)DB2(t-l) ... GNs(t)DBNs(t-l)] 

= ~G,{t)Gx(t-\)DB,(t-2) G2(0G2(f-l)Dl?2(r-2) ... 1 

GWs(r)G^(r-l)Z)^(r-2)J m ) 

_"(G1(OG1(/-1)...G1(1))Z>3(0) (G2(0G2(r-l)...G2(l))D52(0) ... 

(GNs(t)GNs(t-\)...GNs(\))DBNs(0) 

For simplicity, define 

H , (0= Gs(t)Gs(t-\)...Gs(\) (56) 

Hence DB(T) can now be expressed as Eq (57) 

Z)B(0 = [11,(01)5,0)) H2(OD52(0) ... HWs(OZ)^s(0)] (57) 

Thus, if HJ(^)Z)5S(0) = 0 for 1 < 5 < Â s then the learning will converge as Z)B(/) becomes a 

null matrix. The following derivation provides a closer look at the inner product Hs(t)DBs(0). 

One can derive DBS (0) as 

= Bs_l(\) + ABs_1(\)-Bs(0) 

= B1(l) + AB1(l) + AB2(\) + ... + ABs_l(l)-Bs(0) 

= BNs (0) + ABNs (1) + AS, (1) + AB2 (1) +... + A5,., (1) - Bs (0) 

= ^ ( 0 ) + A5i(0) + A55+1(0) + ... + A5JVs(0) ( 5 8 ) 

+ ABl(l) + AB2(\) + ... + ABs^\)-Bs(0) 

= AB,(0) + AfiJ+I(0) + ... + A5^(0) 

+ Afi1(l) + A52(l) + ... + A5,_1(l) 

From Eqs (43) and (45), it is noted that 

Ms{t)=XdsCs[ys{t)-CT
sBs(t)] (59) 

and ys(t)-C
T

sBs(t) is a scalar, using us(t) to denotes it gives 

hBs{t) = Xdsus{t)Cs (60) 
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From Eqs (57) and (58), each term UsDBs(0) is given as Eq (61). 

H,( / ) .D5,(0)=H,( / )[Afl J(0) + Afi,tl(0) + ... + AfiJVj(0) + Afli(l) + ... + AflJ_1(l)] (61) 

Substituting Eq (60) into Eq (61) gives 

H,(0-2>*,(0)=AH,(0 

=ms(t) 

dsus(0)Cs+ds+]us+1(0)Cs+i +... + dNuNs(0)CNs 

W1«1(l)C1+...+^_1«J.1(l)C,_1 (62) 

If l imH(f ) -C , equals zero for all 5, the Eq in (62) will be null. This makes DB(t) in Eq (57) 
f->00 

a null matrix and the learning converge. The following derivation will prove the convergence by 

proving limHs(t)-Cs equals zero. 
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Lemma 1: The matrix Ej(7) defined in (49) has the following properties: 

Properties 1: E s(/) is a symmetric square matrix with NR elements in both dimensions. 

Proof. Es(t)
T ={I-MSCSC

T
S)

T =(l-MsCsC
T

s) 

Properties 2: Let en s 's be the diagonal elements of the matrix E s ( / ) , etj s 's be the non-diagonal 

elements of the matrix E^ / ) (the element of ;th row, y'th column of matrix Es(t)), fls's be 

the elements of the vector Cs and gtj s 's be the elements of the resultant matrix of Cs-Cs , then 

a<° 
Ji,s y^NR {k) ( 6 3 ) 

i-ik=\ * 

Olj,s Ji,sJj,. 

a? „ a? ^ (64) x — - * <1 
Y"*am Y"V* )_ 
Z J * = I ' t-ik=\ s 

dsgij,s = ^ ^ / ; > 

£—tk=\ • z;>i" E;>,W (65) 
= « y ) x - ^ — < i 

From Eq (49), e)7 s and ê  , can now be derived as Eqs (66) and (67). 

fl ifaf=0 
eu,s=)-, , . .-(n A (66) 

JO ifa^a^^O 
e»->-\0-Msgy; ifaW>0 (6?) 

Hence, matrix E5(/) is also a Hermitian matrix. All Hermitian matrices are normal and have real 

eigenvalues. 
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Elements in matrix E^(/) form three special terms. These terms will be derived as properties 3, 4 

and 5 and these properties will be used in the subsequent derivations. 

Properties 3: 

2-i ej">> s jn,s NR 

Aa'-'al"' 

2° (*) 

ZK') 
> i - 2 

k=\ 

(*) 
(68) 

Proof. 

7=1 

a e 
jm,s jn,s 

Z (-Ads8jm,s){-^sgjn,s) 
j=\J*m,j*n 

2 

j=\,j*m,j*n 

(Ads)2TJSjm,sSjn,s 

+ (1~;l^mfflj0(-;l^™>,) 

\ s) I omm,somn,s onm,s&nn,s J 

-(M)[^m»,,+^m , , ] 

From Eqs (64) and (65), Eq (69) can be derived as Eq (70). 

(69) 

NR 

7=1 
" ( M )[&»„,,+£»J 

7=1 
/'W. 

2>.(t) 
- A 

g^y 0+« I
(" )«im ) 

(*) 

/La<"Vn) 2K0 
7=' - 2 

Z« 
* r = l 

(*) 2> 
k=\ 

(*) 

(70) 

Q.E.D. 
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Properties 4: 

7=1 
J',s 

1+ } ' 
••R 

(*) 
s 

7=1 • - 2 
(*) 
s 

(71) 

Proof: 

7=1 
/',« 

I ( - ^ ^ M ) 
7=1 

+ (l-M^)2 

7=1 
7*' 

+ l - 2 ^ g „ | 5 + ( % , J 2 

= 1 + 
7=1 

•2M&,, 

(72) 

From Eqs (64) and (65), Eq (72) can be derived as Eq (73). 

1 + 
7=1 

- 2 ^ ^ / M 

=1+ 
tf. 

7=1 

a<V> 

I« , ( t ) 
-2A K>)! 

a (*) 
*=i 

,, *K'): 

(*) 

ZK') 
7=1 

J t=l 

- 2 

(73) 

Q.E.D. 
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Properties 5: 

A 
2K*) 
7=1 - 2 

k=\ 

(*) 
< 0 i/ A < 2 (74) 

iVoq/l If the degree of matching, a e [0,1], then 

IK') 
y=i 

NR 

*=1 

(*) 
[0,1] (75) 

If X < 2 , then the special term mentioned above will be smaller than zero. 
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Lemma 2: If the learning rate, A e [0,2) ; for any matrix Qs(t) = E5 (t) • E5_, (t), the norm of row 

vector i in Q 5 (0 will not be greater than that of row vector /' in E5_,(/). 

Proof. Let Es(t), E,_,(/) and Qs(f) be defined as 

E , (0 = 

eil,s g12,i " ' eiNR,s 

e2l,s e22,s ' " e2NR,s 

eNa\,s
 eNB2,s 'N*N*.'. 

(76) 

E,-,(0 

'llj-l *\2,S-\ 

e2l,s-\ e22,s-l 

eNR\,s-\ eN„2,s-\ 

'\N,J-\ 

'2N„,s-l 

~NRNR,s-l 

(77) 

Q,(0 = 7=1 

N* 

2ueNRj,sejU-i 2-ieNRj,se< 

NR 

e\j,sejNR,s-\ 

7-1 7-1 

V V V 
2i, e2j,sejl,s-\ 2-ie"Lijej2,s-\ 2-te2J,sejNR, 

7=1 7=1 7=1 
L^ 

(78) 

The norm of row vector i in Es(t) can be derived as 

2 V"1 2 
| r o W i o / E 1 ( 0 r = £ « ; 

7=1 

(79) 
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Let Qs (t) = E , (/) • E,_, ( / ) . The norm can be derived as 

\\row i oj 
NR 

7=1 

• ( ! • • 

y,( 

sej\,s-

>)\ 

1 

J 

2 

+ 
' NR 

2-1 eij,sej2,s-
W=i 

1 
J 

2 

+ I 
( N„ 

eij,seji,s-\ + ••• + 2-,eij,sejNR,s-i 

\J= 

2 2 , 2 2 2 2 
: ei\,se\ 1,5-1 + ei2,sei\,s-\ ^ *" ei7Vs ,i

ejV„ 1,1-

+ 2 

e / l , ie i1,1-1^/2,1^21,1-1 + ^(1,5^1 \,s-\eil,se3\,s-\ "• •" e / l , i e i U - \ e W R , s e N R 1,1-1 

+ e ; 2 , j e 2 1 , i - i e i 3 , * e 3 1 , i - l "" l~et2je2lj-ieiNKjeNKl,s-\ 

V 

+ ^ 2 e 2 + £2 *>2 + - - - + £ 2 e 2 

+ e/(ATA. l),se(NR_ l)ls-ieiNR ,seNR 1,1-1 ^ 

(1,1*12,1-1 ' t ' ;2, i t"22,i-l 

f 

iNR.s NR2,s~\ 

+ 2 

ei\,se2i,s-\ei2,se22,s-l "*" e ; l , i e 2 / , i - i e < 3 , i e 3 2 , i - l ~* *" ea,se\2,s-\eiNR,seNR2,s-l 

+ ei2,se22,s-ieii,sei2,s-\ "I *" ei2,se22,s-\eiNR,seNR2,s-\ 

+ ei(NR- ^(NR- \)2,s-\eiNR ,seNR 2,s-\ J 

+ e2 e2 + e2 e2 
11,1^^,1-1 ' " r t . i ^ A ^ . i - l 

f 

+ --- + ei e2 
iNp.s Nf>Nft,s-\ 

+ 2 

ei\,se\NR,s-\ei2,se2NR , i - l "*" ei\,s
e\NR ,s-\eA,seiNR ,1-1 "' *" en,se\NR ,s-\eiNR ,seNRNR ,1-1 

+ ei2,se2N„ ,s-\ei3,se3NR , i - l "' •" ei2,se2NR ,s-\etNR ,seNRNR ,1-1 

+ e , ( J V ! ) / ( % 1)A^ ,5-i eW« . i ^ J V * ,5-1 J 

^JV» 

= e., 
f ** 

2LeVJ-l \ + ei2j 2-te2j,s 
VM VM 

f Afe 
+ ...+e < # „ , ! 2-ieNRj,s-\ 

u-> 

+ 2 

eil,sei2,s \ e \ 1,1-1^21,1-1 + e i 2 , i - i e 2 2 , i - l "* *" e\NR,s-\e2NR,i-l j 

+ e / l , i e / 3 , i \ e i l , i - i e 3 1 , i - l "*" e i 2 , i - i e 3 2 , i - l "' ^ g lAf s ,1 -1^3^ ,1-1 j 

~* •" ei\,seiNR ,i \ e i l,i-ieAfR 1,1-1 + e\2,s-\eNR 2,1-1 "l *" ^ 1 / ^ ,s-\eNHNR ,1-1 j 

+ ei2,sen,s ( e 2 1 , i - i e 3 1 , i - l + e 2 2 , i - i e 3 2 , i - l "l *" e2NR,s-\e3NR,s-\ j 

H h eilsejNR s ^21,1-l^AT, 1,1-1 + e22,s-ieNR 2,1-1 "* *" g 2 ^ ,s-\eNRNR , i - l j 

+ei(NR-l),seiNR,s \e(NR-\)\,s-ieNRl,s-\ + e(NR-1)2,1-1^2,1-1 "* ^ ( A ^ - l j A ^ . i - l ^ A ^ i - l ) 

(80) 
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Hi. 

i=\ 

( »R 

K** 
1 

) 
+ < 

m«l 

NR ( "R 

im.s / A in,s i / J mj,s-\. nj,s-\ 
n=m+l \ 7=1 

According to Properties 3 and Properties 4 of Lemma 1, the Eq (80) can be expanded as 

NR (NR 

£jed,s Z-ielj,s-\ 
M \j=l J 

( 

m = \ n=m+\ \ j=\ 

= \\rowiofEs(t)\\ 

A , 

2K0 
7=1 

*=1 

— 2 
/=1 m=l V n=m+l 

= | r w i o / E , ( 0 f H-ivT—( i ; « i - k / . 

5X1 (*) V'=i 

*=1 

Z(«a) 
>=i —2 

*=i 

(*) 
. v - 1 

(81) 
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It is known that the degree of matching, a e [0,l] and the learning parameter, X e [0 , l ] . Hence, 

the following term will be 

5X 
k=\ 

According to Properties 5 of Lemma 1, 

2 f N« 

— 2L>2*, >0 

X —2 

1". 
k=\ 

(k) 

< 0 if X < 2 

We conclude that if the learning rate, X € [0,2) , \\row i of Qs (t)f < \\row i of Es_, (t)f for all 

/ . 

As shown in Eq (53), Gs(t) is defined as the product of E 's and according to Lemma 2, the 

multiplication of any vector by Gs(t) will result in a vector with a smaller or equal norm. This 

induces that Gs(t) has no eigenvalue with its absolute value greater than one. 
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Lemma 3: lim \\row i of H5 (/ +1)| will be bounded and equal to lim \\row i of H (f)fl 

Proof. Gs(t) is a product of E 's as shown in Eq (53). From Lemma 2, 

\\rowiofUs(t)\\ 

>\\rowiofHs(t)-Es^t + l)\\ 

> \\row iofHs (t) • E,_, (t +1) • Es_2 it+1)|| 

i (82) 

row / o / H, (/ -1 ) • E,_, (/ +1) • E5.2 {f + 1)...E, (/ +1) 

.EJir-(r+l)-EJ#H(r+l)..JE.(/+l) 

= \\rowiofHs(t)-Gs(t + l)\\ 

From Eq (56), 

\\row i of Us (0|| > \\row i of H , (/ +1)| (83) 

Eq (83) shows that when t increases, the norm of any row in Hs(t) will never increase and is 

bounded. Due to the fact that norm must be greater or equal to zero, we conclude that 

lim \\row i of Hs (t +1)|| = lim \\row iofHs (t)\\ (84) 
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"R 

Lemma 4: if lim\\row i of H, (/) • E,_, (t +1)11 = lim\\row i of YLS (t)\, then V a{!\ha = 0 . 

Proof. According to Eq (82), equality lim row/ H, (/) • E,_, (/ +1)| = lim how i of Us (0 can 

be derived. Referring to Eq (80), by replacing ey s with h^ s , this equality can be further 

expanded as 

lim how i H,(/)-E,_,(f +1) = lim row i of H,(/) 

<^> lim \\row i H, (0 • E,_, (/ + l)f = lim \\row i of Us (t)f 
I—>oO 

ff, 

<=> 
(»* \ 

7 . "il,s 2-1 eij,s-\ 

« • 

f 

zt 

+< 2Z 
m = \ 

^ A AT, 

ton*S / * in.a / , m\ a-\ ni.s-\ £f>l 
i=\ 

\+x Ktf 
z«. 
k=\ 

(k) 

X^r- - 2 

a (*) s-\ 
k=\ 

J J 

m=\ 

N. 

km,s E 
n=m+\ 

a{m)a(n) 

in,s " NR 

*-1 

(*) 
s-\ 

t(43f 

*=1 

— 2 

=zc 
/=1 

a 
(*) 
j - i 

* - i 
2>2 

—2 

V. Z 
«=m+l 

V 

a(m)ain) 

in,s NR 

I«2 
*=i 

2 i / .3 

I«2 
A - = l 

- 2 

= 0 

<=> 2(«2v.)a 

/=1 

"R Art <*{s-X,s Z K M 
n=m+l 

= 0 

(85) 
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+2 

L«2V. =o 

MR J ) 

= 0 

o 

Q.E.D. 
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Lemma 5: limH^Z + l) = Hs(t) and Hs(t) converges to a null or constant matrix as / 

approaches infinity. 

Proof. To prove this, Hs (tyE^ (t +1) is first examined and shown in Eq (86). 

H,(/)E r t(f+l)« 

X* 
Ks 

_KR\,s 

* » • 

Ki,s • 

KR2,s 

"lNRj 

KNR,S 

KRNR,s_ 

X 

eU,s-l 

e2\,s-l 

_eNRl,s-\ 

*12,,-1 

e22,s-\ 

effR2,s-\ 

e\NR,s-\ 

e2NR,s-\ 

eNRNR,s-l_ 

(86) 

The n th row of Hs (OE^., (t +1) can be expressed as 

NR NR 

2u "nk,sek\,s-l 2-1 *7nk,sek2,s-] 
k=\ k=\ k=\ 

nk,s kNR,s-l (87) 

And the m th element of the n th row of Hs (t)Es_} (t +1) can be expressed as 

k-\ 

= Km, 

= h 

,s km 

e 
s mm, 

. [ • -

5-1 

k=\ 
k*m 

^ds-\gmm,s 

s km,s~\ 

k*m 

N" r 

k=\ 

XaW MIL 

= h_--
v 5- i 

'nm,s NB / • ""s-\ nk,s 
1=1 2«2 * 
-2X& 

(88) 

*=1 

According to Lemma 4, /.CClJh^ s=0 as t approaches infinity. Eq (88) can be derived as 
k=\ 

NR }„(<<>) N. 

Yh e =h - s~x Ycc{k)h =h 
Z_i "nk,sckm,s-\ "nm,s NR /-I s-l"nk,s "n, 

Z«2 w (89) 

k=\ 
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As a result, the /wth element of the nth row of Hs(t)Es^(t + \) is equal to that of Hs(t) as t 

approaches infinity. 

The investigation for H i(/)-E J_,(/ + l)-EJ_2(r + l) = H J(0-E J_,(/ + l) as / approaches infinity 

can be shown by similar proving, and, by continuing this procedure, we can conclude that 

KmH,(0-G.(/+l)«KmHf(0 (90) 

And lim H s(/) exists and equal to a null or constant matrix. 
T—»oo 
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Lemma 6: limHs(t)-Cs(t) equals to a null vector for all s. 

Proof. Hs(0'Q(0 c a n ^ expressed as 

H,(0-C,(0 

"21, i 'hl.s ' " 'l2NR,s 

"NK\,s NR2,S NRNR,S 

f 

1 

or 
(1) 

a 
(2) 

a M.) 

NR NR NR 

* . ] *- i *-i 
* „ * , : ? 

(91) 

[0 0 ••• 0] 

Thus, Hs(t) • DBs(0) in Eq (62), and DB(t) in Eq (57) will be null as / approaches infinity and 

the learning of TSK°-FCMAC converges. 

4.4. Summary 

This chapter presents the study on the convergence characteristic of the proposed architecture. 

The convergence of TSK°-FCMAC has been proven to hold if the learning parameter, X, is 

between zero and two. The mathematical formulation in this study provides a strong foundation 

for further investigation on the convergence property of fuzzy inference systems with similar 

characteristic. 
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Chapter 5 TSK^FCMAC: Architecture and Learning 
Algorithm 

5.1. Introduction 

The role of computer science is two-fold: first, in training, we need efficient algorithms to solve 

the optimization problem, as well as to store and process the massive amount of data we generally 

have. Second, once a model is learned, its representation and algorithmic solution for inference 

needs to be efficient as well. In certain applications, the efficiency of the learning or inference 

algorithm, namely, its space and time complexity, may be as important as its predictive accuracy 

[5]. The Principle of incompatibility suggested by Professor Lotfi A. Zadeh presents a genuine 

synopsis on the dilemma between precision and cost. The Principle of incompatibility stated 

informally that: "ay the complexity of a system increases, our ability to make precise yet 

significant descriptions about its behavior diminishes until a threshold is reached beyond which 

precision and significance (or relevance) become almost mutually exclusive characteristics" [10]. 

In other words, one has to pay a cost for high precision. An example often used by Professor 

Zadeh to illustrate this trade-off is the problem of parking a car. Usually it takes a driver less than 

half a minute to do a parallel parking. However, if one were asked to park a car in a parking space 

such that the outside wheels are within 0.01 degree from a specified angle, how long would one 

take to park the car? In fact, most people will probably give up. The point is that the cost (i.e. the 

time required to park a car) increases as the precision of the car parking task increases. This trade­

off between precision and cost exists not only in car parking but also in other control, modeling, 

decision making, and almost any kind of problems [9]. 

The first proposed architecture, TSK°-FCMAC was initially designed to be applied in the domain 

of control problems. Besides achieving excellent performance in the control domain, empirical 

studies in Chapter 3 also show that the network is able to achieve satisfactory performance in 

other problem domains such as classification and regression. Nevertheless, the precision 

accomplished by TSK°-FCMAC may not be agreeable for applications where precision is 

emphasized. This inspires the implementation of a higher ordered Takagi-Sugeno-Kang fuzzy 

inference system to breach the barrier of lesser precision at the expense of higher complexity. The 
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product of such implementation is an extension of TSK°-FCMAC, the TSK'-FCMAC 

architecture, a localized self-organizing first-ordered Takagi-Sugeno-Kang fuzzy inference system 

based on the CMAC structure. 

This chapter first presents the architecture and learning algorithm of the proposed network, TSK1-

FCMAC. In contrast to its predecessor, TSK'-FCMAC is designed to give emphasis to achieving 

a higher performance in terms of precision. Instead of using a single crisp value, the consequent 

of TSK'-FCMAC is represented by a linear function of input parameters. Therefore, 

computational complexity is anticipated to increase. The ability of the proposed network is then 

demonstrated with empirical applications to three different problems; namely: 1) sinusoidal 

function/surface approximation, 2) automobile MPG (miles per gallon) prediction and, 3) two-

spiral problems. 

5.2. Architecture and Learning Algorithm 

TSK'-FCMAC adopts the two-phase learning algorithm as described in section 3.3. The 

antecedents of TSK'-FCMAC are similar to its predecessor, the TSK°-FCMAC architecture. 

However, as TSK'-FCMAC implements the first-ordered Takagi-Sugeno-Kang fuzzy inference 

model, the consequents are no longer represented by crisp value but a linear function of input 

parameters. In this section, a different learning algorithm for the consequent part is proposed and 

will be described in details. 

Consider that the structure of die network has N1P inputs xl,x2,...,xN and one output y . 

Assuming the fuzzy inference rule base contains NR fuzzy if-then rules of Takagi-Sugeno-

Kang's type [18, 19]. The fuzzy if-then rules i?,, i?,, • • • RN are defined in Eq (92). 
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Rx: IF xls is A® and x2s is A® and--and x„^ is A^j, 

THENy?\t) = bV(t) + b!Xs+--- + b«lsxNip,s 

R2:IFxls is A$ andx2s is Agj and-andxNipS is A™j, 

THEN y?\t) = bg(0 + * g \ , + • • • + & g ^ x ^ (92) 

RNK :IFXXS is 4™ andx2s is A\Nf and-and xN;pS is A™, 

THENyy(t) = bZ*\t) + b^xhs+--. + b^sxNip<s 

Where, 

NR is the total number of rules; 

Nw is the total number of inputs; 

Rk is the k th fuzzy if-then rule; 

xis is the /' th input of the s th sample; 

A\J is the j th fuzzy set of the / th input that is connected to Rk; 

y(*>(A is the output of k th fuzzy if-then rule at the presentation of the 

s th sample in the f th iteration; 

£(*) (t\ is the j th data content of the k th fuzzy if-then rule at the 

presentation of the 5 th sample in the /th iteration. b^(t) is 

real-valued parameter. 

The total output of the model ys(jt) at the presentation of the 5 th sample in the tth iteration is 

given as Eq (93). 
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(k) 

cc?{bZ{t) + $Xs+--- + b(LsXNJ 

+ «ia>(«(o+«g>^+-+«g^^) 

+ a^>(C- )(0+«^+-"+«Kx^). 
«e(o+«ff(^+-+«e,,(^,. 

a™]: 

k-] 

N. 

a (*) 
*=i 

rf> a ? \ . ... «,<%„„ 

C )(0+C )^K.+-"+C i , i(^ 

C(') 
«ff(0 a?>* J • * # „ , , * 

«f'V, 

Where, 

(93) 

a 
(*) is the degree of matching between the k th fuzzy if-then rule 

and the s th sample. 

Consider a batch learning process where the data content bjj(t) is updated after all data samples 

are presented in the same iteration, the data content b(jk^(t) will then remain unchanged in the 

same iteration. This can be mathematically expressed as Eq (94). 
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b^{t) = b%{t) = ... = bfNs{t) = b«\t) (94) 

For simplicity, define 

~(0 
5 NR 

k=\ 
J 

(95) 

The total output of the model >>,(/) can now be expressed as Eq (96). 

ys(0 = 

a^ a?\ s 1 J a?h s Nfp , s 

a 
(2) «!2)x «(2)x s N,P ,s 

a«u auv^ ai^x N,P,s 

«bO)(0 
*, (2)(0 

*£«) 

blN*\t) 

(96) 

Consider there are A^ training data in the form of \Xs,ydesireds\ , where 

X, -\XIS>X2S>'">XN s\ • Th e r e will b e a total number of Ns linear equations to be solved 

simultaneously. The linear equations can be mathematically expressed as Eq (97). 
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y desired y\ 

ydesired,! 

y desired,Ns 

= 

" * ( ' ) ' 
y2(0 

yNs0) 

+ 

*,(') 

e2(t) 

fNs(t) 

ydesired ,1 

• desired ,2 

ydesired, Ns 

1 Ya(k)f{k)(x x ••• x ) 

*-1 

- J ^a
{k)f(k)(x x ••• x ) 

V„ Z^,"-2 J \A1,2>A2,2> '*NIP,2J 

I]" 
*=1 

(Ar) * - l 
2 

a 
(*) *=i 

*- i 

+ 

*i(0 

«a(0 

Where, 

ATC is the total number of samples; 

Xs = J x,^, x2 s,' • •, xNip \ is the input of the s th sample; 

(97) 

ydesired,: is the desired output of the s th sample; 

s,{t) is the difference between ydesireds and ys(t) of the 5 th sample 

in the tth iteration. 

Substituting Eq (96) into Eq (97) gives 
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y<iesired,\ 

ydesired,! 

ydesired,Ns 
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1 AW 

CX^ Cx^ »\ i T a(1)x 
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(2) _ (2 ) 

a2 xl2 
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a(y a^x 

foryNs(t) 
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UNS

 UNs
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amx 
UNS*NIP,NS 

a 
(2) „(2) 

aNs
 Xl,Ns 

a(2)x 
UNS

XNIP,NS 

a 
(NR) „(NK) 

A'v 
aNs

 Xl,Ns 
UNS *N„,,NS 

' 4b0)(0 

6,(,)(0 

*£« 
«bro(0 

*, (2 )(» 

*£« 

*,(0 
ff2(0 

%(0 

(98) 

For convenience, define 

u. = 

a? a?\s 

af> 

a(1)x 

a < % ... a?x„r, 
... 

«<"*> < % ... <%J 
(99) 

The linear equations in Eq (98) can now be expressed in matrix form as Eq (100). 

Where, 

y desired,\ 

sdesired,2 

ydesiredtNs 

ul 

ul 

5(0 + 
e2(t) 

W s
= u ^ 5 ( 0 + ^ ( 0 

(100) 

Y, , ., = T vJ • J, vJ • J , ... v. , J „ 1 is the vector formed by N„ elements of 
desired,Ns \Jdesired,1 Sdesired,2 S desired,Ns \

 J •> 
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vNs=[u[ ul ... ulj 

ydesired,: 

is the matrix formed by Ns elements of 

u-, 

B(t) = 
b«\t) b?\t) ... b?(t) 

bW(f) b(»R)(t) ... b(Ny(f) 

is the vector formed by (NIP +l)xNR 

elements of bf\t). 

^,(0 = [«i(0 *2(0 ••• *tf,(0]7 is the vector formed by Ns elements of 

e,(t)-

One of the efficient ways to solve the simultaneous linear equations in Eq (100) is the 

Pseudoinverse technique [117, 118], 

P ~ \ U N s U * s ) ^Ns
 Ydesired,Ns 

(101) 

Where, 

p is the vector containing all the estimated data contents (real-

valued parameters); B{t) in Eq( 100) is equal to P when 

the training is completed. 

To assist the derivation of the learning technique, define 

M = U i U S S (102) 

and 

N = M S 
s s 

-1 (103) 

The i +1 th element can be derived as 

Ms+i=Ms+Us+lU's+] (104) 

and 
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N = M_1 (105) 

According to Sherman-Morrison Identity [119-123], given three matrices Ae'iRr"cp, B e 9?px" 

and C e 9l"xp, the inverse of (A + BC) can be expressed as 

( A + B C J - ^ A - ' - A - ' B ^ + C A - ' B ) " CA_1 (106) 

Where, 

/ is the identity matrix; 

Let A = M s , B = Us+X and C = UT
S+X, the inverse of Eq (104) can be expressed as 

(M, + ujult )"' = M;1 - M ; ^ + I ( / + U ^ M ; ^ )_1 t/^M;1 

The equality in Eq (107) can be further expanded as 

(M, + us+xulx)"' = M;1 - M;V,+I (/+u:+lM-s
lus+l)'' U^M;1 

o / = (M, + I/jut*) [M;1 - M ; 1 ^ , (/+ul+lM;lus+i )~l
 C/J+1M 

(107) 

(108) 

The equality in Eq (107) will be proven if the RHS of Eq (108) can be reduced to an identity 

matrix. 

Proof. The RHS of Eq (108) can be expanded as 

(M, + us+lul+l) [M;1 - M ; 1 ^ , ( / + U ^ M ; ^ )"' U^M; 

= / + C ^ ^ M ; 1 - us+l (i+C/;+1M;V,+1 )"' t/J+1M;' 

- uju^Mfu^ (i+ul,M-s
lus+l y

1
 C/[+1M;' 

-1 

(109) 

Note that UT
S+X and C/,+, are row vector and column vector with [(iVjp+^xJVjjl elements 

while M"1 is a \(NIP +\)xNRj x UNIP +l)xNR~\ matrix. The expression Ul+iM~lUs+i is a 
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l x l matrix (i.e. a scalar). Therefore, the expression (l + U;+lM.s
lUs+1) is also a scalar. Thus, 

we can rewrite Eq (109) as 

/+U^U^M;1 - us+l (i+uXu^)"' uX 

- uju^tfu^ (/+ulxM~:us+l)"' I&M;1 

= / + C ^ I & M ; 1 - c/,+1 ( /+C/ ; + 1 M; '^ + 1 ) " ' ( / + t / ^ M ; 1 ^ , ) ^ M ; 1 

= I + Us+1UllM-s
1-Us+xUllM-J 

= 1 

Q.E.D. 

Hence, substituting the equality in Eq (107) into Eq (105), NJ+1 can be expressed as 

(110) 

= (Ms+Us+iUliy 

= M; 1 - M;'t/J+1 (/+t/;+1M;'t/,+I )
_1 £/J+1M; 

(111) 

Vector P can be derived by computing Ps iteratively and 

P = PNs (112) 

Where, 

Ns is the total number of samples; 

Consider the equality 

V s"s = *desired, s ( 1 1 3 ) 

We have 
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\] P =Y 
s s desired,s 

When the next sample ( s +1 th sample) is presented, we have 

PL. 

< » 
i 
u 

P,+ 

T 
s+l_ 

1 : 

T 

I 

' v 
desired,s 

_s desired,s+1 _ 

f 
•s+1. 

Ps+1 = 
"u, 
x+.. 

/ ' r 

desired,s 

S desired,s+\ 

<> (vT
svs+US+1UL)PS+I = (*£ W . + >w«A+.) 

^ ^ * 5 + l - ^ + l = ^ j *desired,s + Xfes/ra/,5+1^5+1 J 

^ ^s+1 ~ ^ j+1 \ ^ 5 Ydesired,s + ^dej / re</ , j+l^ i+l j 

Substitute Eqs (111) and (114) into Eq (115) gives 

"s+l ~ ™5+l V s * desired,s + .y*fe5ire</,5+1^5+l J 

= N \]TY + v N U 
^s+l v s Adesired,s T ^desired,s+V^s+lu. 

»+] 

N N ^ ^ N , 
* l + O W + . y 

N 77 77r 

= N N _ 1 P '"' 

NJ1i>,+J'<to<^,+1N,+1C/: 5+1 

S 3 S I+ULKSUS+1 
"s + ydesired,s+]** s+\U s+l 

= P. 

= P. 

N ( / , T 

^s^s+l rjT p , N f/ 
U 5+1 rs T ydesired,s+\^ 5+1 "^ < I+^; + 1 N// , + 1 

s+I 

N / / „ , -

= ^ - N s [ / s + , 

N^+1(i+0^+1)-iy/ 

K.u.MLn.u.^} 

(114) 

(115) 

(116) 

5 J+l J+l J J+l 

l + ̂ + 1 N ^ J + I , 

U s+\"s + ydesired,s+\^ s+P: 

U s+\"s + ydesired,s+\^* s+V-*. 5+1 

= P.~ 
L . N.C/...C/LN. N 

1 ^ •* ' 5 5+1 5+1 5 

* i+Ow+,y 
^ j + 1 ^ 5 + 1 - ^ 5 + ^ ( / e5 ; r e< / , s+ l^ 5 + l ^ s + l 

= ^5 -*JUJVl«P. +ydesired,s+Fs+Ps+i 

= "s+ iNJ+1t7J+1 ̂ JVrf„,re</ J+1
 _ ^5+1-S j 

Where N J + 1 , Us+i, ydesired J+1 and Ps are all known during the presentation of s +1 th sample. 
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Thus, the learning for the consequents of TSK'-FCMAC can be summarized as the estimation of 

vector P which can be derived by computing Ps iteratively using Eqs (111), (112) and (116) 

with the initial conditions of 

^ o = 0 (117) 

and 

N 0 = r / (ii8) 

Where, 

7 is a positive large number; 

/ is the identity matrix of dimension 

[(^+l)x^]x[(^+l)x^]. 

The learning algorithm of TSK'-FCMAC involves solving simultaneous linear equations using 

the pseudoinverse technique. It is a well-known technique to compute the least squares solution 

and is also referred to as the Kalman filter. Kalman filter estimates the system state vector x from 

a set of noisy measurement z with linear recursive technique. It is optimal in the mean squared 

error sense given certain assumptions and is the best possible of all filters (including nonlinear 

filters) [1]. This suggests that the learning algorithm will inherently converge. In addition, the 

stability and convergence of Kalman filter based algorithm has already been established by Guo 

[124]. Therefore, the study on the convergence for TSK'-FCMAC is not pursued. 
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5.3. Benchmarking Examples 

In this section, we demonstrate the ability of the proposed architecture on the following problem 

categories; namely: 1) sinusoidal function/surface approximation (function approximation), 2) 

automobile MPG prediction (regression) and, 3) two-spiral problem (classification). 

In section 5.3.1, the performance of TSK'-FCMAC was evaluated by approximating a sinusoidal 

function and surface. This experiment attempts to assess the improvement of the architecture from 

the aspect of precision. The proposed architectures were also appraised on the basic of the training 

time requirement. In section 5.3.2, TSK'-FCMAC was applied to predict the fuel consumption for 

different type of automobiles in the MPG (miles per gallon) prediction [125]. A simple feature 

selection method were conducted with the proposed architectures and compared to existing 

feature selection methods proposed by Quah [126] and Jang [127]. Lastly, the proposed 

architectures were applied on the two-spiral classification problem in section 5.3.3. This problem 

is highly segmented in the input space and the experiment aims to evaluate the capability of 

TSK'-FCMAC in dealing with such problems. 

5.3.1. Sinusoidal Function/Surface Approximation 

Sinusoidal function is one of the most commonly used functions. The goal is to approximate this 

function and evaluate the performance by root mean square error (RMSE). As mentioned 

previously, the inspiration for implementing a higher ordered Takagi-Sugeno-Kang fuzzy 

inference system is to improve the performance of TSK°-FCMAC from the aspect of precision. 

This experiment aims to compare the performance between TSK'-FCMAC and its predecessor, 

TSK°-FCMAC. To appraise the improvement over its predecessor, both architectures were 

evaluated under same network size (i.e. same number of fuzzy rules). Two experiments are 

conducted; namely: 1) the sinusoidal function approximation and, 2) the sinusoidal surface 

approximation. The sinusoidal function is defined in Eq (119). 

y 

A set of 360 data (where x e {0,1,2, 
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The sinusoidal surface is defined in Eq (120). 

z = sin 
nx 

180 
sin 

,180. 
(120) 

A set of 1296 data (where x,y e {0,10,20,...,350} ) was used for both training and testing. The 

sinusoidal function and surface are shown in Figure 5-1. 

Sinusoidal Function Sinusoidal Surface 

150 200 250 
x (degree) 

y (degree) 0 0 
x (degree) 

(a) (b) 

Figure 5-1: (a) Sinusoidal Function; (b) Sinusoidal Surface 

To have an unbiased comparison, the performances of both architectures are evaluated with the 

same network size. As described in section 5.2, TSK°-FCMAC and TSK'-FCMAC employ the 

same structure in the antecedents. The size of the network is controlled by the parameter SLOPE 

(described in section 3.4.1). The comparisons for RMSE sinusoidal function and surface are 

shown in Table 5-1 and Table 5-2 respectively. From both tables, it can be observed that the 

RMSE of TSK'-FCMAC is lower than that of TSK°-FCMAC in all cases. 

Table 5-1: Comparison of RMSE between TSK°-FCMAC and TSK'-FCMAC (Sinusoidal 
Function) 

SLOPE 

0.5 

0.4 

0.3 

0.2 

0.1 

Network Size 

4 

4 

4 

7 

11 

RMSETSK'-FCMAC 

0.36642 

0.14876 

0.08352 

0.04970 

0.02842 

RMSEmC-FOMc 

0.01561 

0.02909 

0.01907 

0.00809 

0.00567 

RMSETSK^CMAC 

RMSE™°-FCMAC 

4.26% 

19.56% 

22.83% 

16.27% 

19.94% 
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Table 5-2: Comparison of RMSE between TSK°-FCMAC and TSK'-FCMAC (Sinusoidal 
Surface) 

SLOPE 

0.5 

0.4 

0.3 

0.2 

0.1 

Network Size 

2 x 2 

4 x 3 

4 x 4 

7 x 6 

13x13 

RMSETSK'-FCK<AC 

0.39276 

0.31885 

0.21300 

0.10509 

0.03069 

RMSE^-FCMAC 

0.23153 

0.09819 

0.06308 

0.02470 

0.00601 

RMSE^-FCMAc 

RMSETSK°-FCMAC 

58.95% 

30.79% 

29.61% 

23.50% 

19.57% 

To highlight the improvement in precision of TSK'-FCMAC over its predecessor, Figure 5-2 

shows the sinusoidal function approximated by both architectures. The details are listed as follow: 

• Figure 5-2(a): sinusoidal function approximated by TSK°-FCMAC (SLOPE = 0.1, 

Network Size =11(11 fuzzy rules), RMSE = 0.02842) 

• Figure 5-2(b): sinusoidal function approximated by TSK'-FCMAC (SLOPE = 0.5, 

Network Size = 4 (4 fuzzy rules), RMSE = 0.01561) 

TSK'-FCMAC achieved RSME of 0.01561 with 4 fuzzy if-then rules while TSK°-FCMAC 

requires 11 fuzzy if-then rules to achieved RMSE of 0.02842. This result shows that TSK'-

FCMAC is able to better approximate the sinusoidal function with fewer fuzzy rules (equivalent 

to network size) and yet, result in a smaller RMSE. 

Sinusoidal Function Approximation Sinusoidal Function Approximation 
1 
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0 2 

| 0 
> 
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-1 
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Time (1) 

(a) 
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300 39 

] 0.6 

0.6 

04 

0.2 

) 1 • 
-0.2 

-0.4 

-06 

-06 

l 
3 

y 

50 

" ' \ 

100 150 200 
Time (I) 

(b) 

250 

Target 

-
-
-

; 
• 

I• 
I -

J : 
300 350 

Figure 5-2: Sinusoidal Function Approximated by: (a) TSK-FCMAC (SLOPE = 0.1, 
Network Size = 11); (b) TSK'-FCMAC (SLOPE = 0.5, Network Size = 4) 
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Another example in the case of sinusoidal surface approximation is shown in Figure 5-3 and 

Figure 5-4. The details of both architectures are listed as follow: 

• Figure 5-3: sinusoidal surface approximated by TSK°-FCMAC {SLOPE =0.1, Network 

Size = 13 x 13 (169 fuzzy rules), RMSE = 0.03069) 

• Figure 5-4: sinusoidal surface approximated by TSK'-FCMAC (SLOPE = 0.2, Network 

Size = 7 x 6 (42 fuzzy rules), RMSE = 0.02470) 

This result shows that TSK'-FCMAC is able to achieve superior RMSE with 42 fuzzy rules 

whereas TSK°-FCMAC requires 169 fuzzy rules. 

Sinusoidal Surface Approximation 

' i l l 
1 

- 1, 
- I (1 

1 
1 
1 

• ' i n 
i 

I 1 : ' ' i 

III ill 
I 

J | 
L J 

I 1 
! Ji 1 1 

1 1 |i 'II 

i 
Target 

j Predicted 

1 " i 

| 

1 
It 

M i ' " 1 
200 400 GOO BOO 1000 1200 

Tima (t) 

Figure 5-3: Sinusoidal Surface Approximated by TSK°-FCMAC {SLOPE = 0.1, Network 
Size = 13 x 13) 
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Sinusoidal Surface Approximation 
I 

Target 
Predicted 

I 

1 -
I -

200 400 600 800 1000 1200 
Tim»(t) 

Figure 5-4: Sinusoidal Surface Approximated by TSK'-FCMAC {SLOPE = 0.2, Network 
Size = 7x6) 

To highlight the improvement from the perspective of the total number of parameters required in 

individual architectures, a comparison is presented in Table 5-3. The table presents a clear 

illustration on the influence of having a smaller network size. It can be observed that the total 

number of parameters required by TSK]-FCMAC for sinusoidal function approximation is only 

43.64% and that for sinusoidal surface approximation is 34.49% with respect to the number of 

parameters required by TSK°-FCMAC to achieve similar precision. 

Table 5-3: Comparison of No. of Parameters between TSK°-FCMAC and TSK'-FCMAC 

Experiment 

Sinusoidal 
Function 

Sinusoidal 
Surface 

Network Type 

TSK°-FCMAC 

TSK1-FCMAC 

TSK°-FCMAC 

TSK1-FCMAC 

Network 
Size 

11 

4 

13x13 

7 x 6 

Parameters 
in 

Antecedents 

44 

16 

676 

168 

Parameters 
in 

Consequents 

11 

8 

169 

126 

Total 
Parameters 

55 

24 

845 

294 

Ratio 

24/55 
(43.64%) 

294/845 
(34.49%) 

No. of parameters for antecedents of both architectures = No. of fuzzy rules x 4 (i.e. No. of parameters to 
represent a trapezoidal function); 
No. of parameters for consequents of TSK°-FCMAC = No. of fuzzy rules; 
No. of parameters for consequents of TSK'-FCMAC = No. of fuzzy rules x (No. of input features + 1). 

2 -

0 ~--J 
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As described in section 5.2, even though there is a decrease in the number of parameter required, 

the learning algorithm of TSK'-FCMAC is more complex and is anticipated to incur higher 

computational power than that of TSK°-FCMAC. To substantiate such belief, further 

investigations are conducted on the training time requirements of individual architectures. Table 

5-4 and Table 5-5 show the training time taken to approximate sinusoidal function and surface by 

both architectures under 100 training epochs. The specifications for the system to conduct this 

experiment are listed as follow: 

• Intel Core ™ Duo CPU, E6750 @ 2.66 GHz 

• 2.66 GHz, 3.00 GB of RAM 

• Window XP Professional version 2002, service pack 2 

• Microsoft Visual C++ version 6.0 

From Table 5-4 and Table 5-5, it can be observed that the training time of the network increases 

exponentially when the network size is increased. This result provides further support to the 

theoretical expectation on the increment of computational complexity. Nevertheless, as stated in 

the principle of incompatibility [10] by Professor Lotfi A. Zadeh regarding the dilemma between 

precision versus cost, one has to pay a cost for high precision. The solution for such a dilemma is 

to find a balance between the two which fulfills the requirements of the problems at a reasonable 

cost. 

Table 5-4: Comparison of Training Time between TSK°-FCMAC and TSK'-FCMAC 
(Sinusoidal Function) 

SLOPE 

0.5 

0.4 

0.3 

0.2 

0.1 

Network Size 

4 

4 

4 

7 

11 

T 
Training,TSK'-FCMAC 

(Sec) 

0.407 

0.485 

0.407 

0.345 

0.344 

T 
Tminmg.TSK' -FCMAC 

(Sec) 

0.408 

0.454 

0.407 

0.704 

1.236 

T 
TrainingJSK' -FCMAC 

T 
Training,TSK°-FCMAC 

100.25% 

93.61% 

100.00% 

204.06% 

359.30% 
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Table 5-5: Comparison of Training Time between TSK°-FCMAC and TSK'-FCMAC 
(Sinusoidal Surface) 

SLOPE 

0.5 

0.4 

0.3 

0.2 

0.1 

Network Size 

2 x 2 

4 x 3 

4 x 4 

7 x 6 

13x13 

T 
Training. TSK° -FCUAC 

(Sec) 

1.608 

2.015 

1.892 

2.243 

2.344 

T 
Training,TSK'-FCMAC 

(Sec) 

2.409 

10.302 

16.951 

105.938 

1851.490 

T 
Training,TSK-FCMAC 

T 
Training,TSK°-FCMAC 

149.81% 

511.27% 

895.93% 

4723.05% 

78988.48% 

5.3.2. Automobile MPG Prediction 

The section performs a case study of the automobile MPG (miles per gallon), in which an 

automobile's fuel consumption in terms of MPG is predicted based on six other characteristics. 

The characteristics are listed as follows: 

• c: "no. of cylinders" • p : "horsepower" 

• y : "model year" . w • "weight" 

• d : "displacement" • a : "acceleration" 

The six features are either discrete value ("no. of cylinders" and "model year") or continuous 

value ("displacement", "horsepower", "weight" and "acceleration"). The data set was obtained 

from the UCI Machine Learning Repository [125]. There are 398 data instances in the data set 

where 6 instances with unknown "horsepower" are discarded. The remaining 392 data instances 

are randomly divided into two data sets of equal size. Fifteen data sets are generated from each of 

them by using different combinations from two of the inputs characteristics (i.e. use "no. of 

cylinders" and "model year" as one combination of input). Subsequently, the thirty two-input data 

sets are permutated a hundred times and a total of 3000 data sets are generated. Permutation 

involves reshuffling of the data instances in random order. Network trained with permutation 

from one set will use permutation from another set as testing data. 

Jang proposed an input selection method with ANFIS [127] and the best two features derived are 

("weight" + "model year"). Another feature selection method proposed by Quah, the Monte Carlo 
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Evaluative Selection (MCES) [126] conducted similar experiment and selected ("displacement" + 

"model year") as the best two features. 

In our experiment, both TSK°-FCMAC and TSK'-FCMAC are applied to predict the fuel 

consumption. The RMSE (mean value over 100 different permutations) using 15 different 

characteristics is shown in Figure 5-5. As highlighted by A] in Figure 5-5, it can be observed that 

input characteristics ("displacement" + "model year") and ("weight" + "model year") produce the 

smallest RMSE value in most cases. This observation is consistent with the features selected by 

both ANFIS and MCES. 

It can also be noted that the mean RMSE of TSK'-FCMAC is generally smaller than that of 

TSK°-FCMAC. Using ("weight" + "model year") as input characteristics, the mean RMSE of 

TSK'-FCMAC under hundred permutations is 3.08. Using the same input characteristics, the 

result reported in Jang's ANFIS [127] achieves a RMSE of 2.98. This experiment shows that 

TSK'-FCMAC is able to achieve comparable results with ANFIS, another first-ordered TSK 

fuzzy inference system. 

Mean RMSE (over 100 permutations) for Automobile HPG Prediction using Different Input Characteristics 

- | 1 1 r 

A, 

- B — TSK°-FCMAC (SLOPE - 0.5) 

• TSK°-FCMAC (SLOPE - 0.3) 

-^-TSK°-FCMAC (SLOPE » 0.1) 

-•—TSK'-FCMAC (SLOPE -0.5) 

J 1 | | | ! I I [_ 
(d-ty) f**,) to*],) (cty) (c»tt) (dtp) (£•«) (?**) (c-itf) (divr) (d+a) (ww) (p+a) (c«) <«,) 

Input Characteristics 
(d-displacement; y-modal year, w-weight; p-horsepower; c-no. of cylinder; a-acxeleration) 

Figure 5-5: RMSE comparison between TSK°-FCMAC and TSK'-FCMAC in Automobile 
MPG Prediction 
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Figure 5-6 and Figure 5-7 show the predicted MPG (miles per gallon) and the training RMSE 

using the two selected feature sets, ("displacement" + "model year") and ("weight" + "model 

year"). In both cases, only 4 fuzzy if-then rules are created to achieve the RMSE of 3.45 and 2.99 

respectively. In terms of TSK'-FCMAC architecture, four fuzzy if-then rules will result in 

4 x 4 = 16 linear parameters in the antecedent (4 points to represent a trapezoidal membership 

function) and 4 x (2 +1) = 12 linear parameters in the consequent (for a two-input network). 

Automobile MPG Prediction 

20 40 60 60 100 120 140 160 130 
Data Instances 

3 457 

3 4566 

3.456 

3.4565 

3 455 
UJ 
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Figure 5-6: (a) Predicted Automobile MPG; (b) MSE of 20 Training Epochs (with TSK1-
FCMAC, SLOPE = 0.5, Network Size = 2x2 ) ("displacement" + "model year") 
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Figure 5-7: (a) Predicted Automobile MPG; (b) MSE of 20 Training Epochs (with TSK'-
FCMAC, SLOPE = 0.5, Network Size = 2x2 ) ("weight" + "model year") 

5.3.3. Two-spiral Problem 

The two-spiral problem was proposed by Alexis P. Wieland on the connectionist mailing list as an 

interesting benchmark task for neural networks. The problem involves the correct classification of 

two intertwined spirals. 

The formulation for the generation of the two-spiral training data is given as: 
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spiral 1: 
x = ycosO 

y = ysm9 
(121) 

spiral 2: 
x = -y cos 0 

y = -y sin G 
(122) 

Where 

(123) 

0 = — , it = 0,1,2, ...,96 
16 

(124) 

Two spiral data sets are generated, they are: 

• A standard spiral set (sparse spiral): consists of 194 points, with 97 points for each spiral; 

• A detailed spiral set (dense spiral): consists of 770 points, with 385 points for each spiral. 

The sparse and dense spiral sets are shown in Figure 5-8(a) and (b), respectively. 
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Figure 5-8: Two-spiral Classification, (a) Standard Spiral Set (Sparse Spiral); (b) Detailed 
Spiral Set (Dense Spiral) 

Lang and Witbrock [128] reported that a conventional feed-forward back-propagation neural 

network could not solve this problem. Hence, they employed back-propagation neural networks 

with shortcut connections as pathways for providing information to all parts of the network to 

eliminate the problem of attenuated error signals when back-propagating through the layers. The 

proposed network is a special network with a 2-5-5-5-1 structure that has shortcut connections, 
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with each node being connected to all nodes in all subsequent layers. With one additional bias 

weight for each node, it has 138 trainable weights. When the weights of the specialized network 

are updated using vanilla back-propagation, training required an average of 20,000 training 

epochs. 

Carpenter et al. [129] also evaluated the fuzzy ARTMAP system with 2-spiral data set. They used 

the most stringent criteria (i.e. creating new ART category for every unseen pattern) to train the 

fuzzy ARTMAP to obtain 100% classification for the dense spiral. As a result, the fuzzy 

ARTMAP creates 194 ART categories for the standard 2-spiral data set that contains 194 points, 

which essentially degenerates to a pure one-one memory recall. 

Tung and Quek [85] proposed a generic self-organizing fuzzy neural network, GenSoFNN, and 

reported that it is able to achieve 100% classification for both standard and dense spirals with 23 

fuzzy sets in each of the two input dimensions. A total of 156 fuzzy rules are created. 

Nguyen et al. [64] proposed a fuzzy CMAC based on the Bayesian Ying-Yang learning 

(FCMAC-BYY) and achieve 100% classification for both standard and dense spirals with 20 

fuzzy sets in each of the two input dimensions. 

To evaluate the performance between TSK°-FCMAC and TSK'-FCMAC as well as 

benchmarking with existing techniques, two experiments are conducted, they are: 

• Experiment A: uses standard spiral set as training data and both the standard and detailed 

spiral set as testing data; 

• Experiment B: uses detailed spiral as training and testing data. 

The experiment results between different methods are shown in Table 5-6. As shown in Table 

5-6, both TSK°-FCMAC and TSK'-FCMAC are able to achieve 100% classification rate for both 

experiments. In Experiment A, TSK°-FCMAC is able to achieve 100% classification with 15 

fuzzy sets in dimension x and 17 fuzzy sets in dimension y . Although the complete input space 

can accommodate a maximum of 15x17 = 255 fuzzy rules, only 224 fuzzy rules are created. 

Due to the full connection between antecedent and consequent, TSK°-FCMAC created more 

fuzzy rules although there were fewer fuzzy sets in both dimensions as compared to GenSoFNN. 
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As anticipated, the full connectionist strategy provides a simple architecture for the TSK -

FCMAC network at the expense of constructing a larger number of fuzzy rules. Nonetheless, an 

input space efficiency of 87.84% is achieved in TSK°-FCMAC. The training completed in 20 

training epochs and the mean square error is shown in Figure 5-9. 

Table 5-6: Classification Results in Two-spiral Problem 

Architecture 

Lang's 2-5-5-5-1 
structure 

Fuzzy ARTMAP 

GenSoFNN 

FCMAC-BYY 

TSK°-FCMAC 

TSK1-FCMAC 

Experiment A 

Training Set (194 points) 

Network 
Size 

N.A. 

N.A. 

23x23 

20x20 

15x17 

21x21 

Fuzzy 
Rules 

N.A. 

N.A. 

156 

N.M. 

224 

375 

Classification Rate 

Testing Set 
(194 points) 

100% 

100% 

100% 

100% 

100% 

100% 

Testing Set 
(770 points) 

92.80% 

100% 

100% 

100% 

100% 

100% 

Experiment B 

Training Set (770 points) 

Network 
Size 

N.A. 

N.A. 

N.A. 

N.A. 

18x20 

8 x 8 

Fuzzy 
Rules 

N.A. 

N.A. 

N.A. 

N.A. 

342 

61 

Classification Rate 

Testing Set 
(770 points) 

N.A. 

N.A. 

N.A. 

N.A. 

100% 

100% 

N.A. = Not Applicable; N.M. = Not Mentioned. 

Moan Square Error 

01 
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0 2 4 6 8 10 12 14 16 18 20 
Training Epoch 

Figure 5-9: Mean Square Error for TSK-FCMAC in Two-spiral Classification (For 
Experiment A) 

On the other hand, TSK'-FCMAC requires 21 fuzzy sets in both dimension x and dimension y 

to achieve classification rate of 100%. A total of 375 fuzzy rules are created which is more than 

the 224 fuzzy rules required by TSK°-FCMAC. The results of Experiment A suggest that the 

learning of TSK'-FCMAC is more susceptible to outlier or unseen data. To further investigate this 
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assumption, a second experiment, Experiment B has been conducted. The proposed architectures 

were trained and tested with all 770 data points. From Table 5-6, it can be observed that the fuzzy 

rules required by TSK'-FCMAC are significantly reduced to 61 fuzzy rules as compared to the 

342 fuzzy rules required by TSK°-FCMAC. Results from Experiment B show that if adequate 

training data is provided, TSK'-FCMAC could model a function with higher precision using 

fewer numbers of if-then fuzzy rules. 

5.4. Summary 

This chapter presents the architecture and learning algorithm of TSK'-FCMAC (a localized self-

organizing first-ordered Takagi-Sugeno-Kang fuzzy inference system based on the CMAC 

structure), an extension of the architecture proposed in Chapter 3. It aims to enhance the 

performance of its predecessor in terms of precision. 

The ability of the proposed network is demonstrated with empirical applications to three different 

problems; namely: 1) sinusoidal function/surface approximation, 2) automobile MPG (miles per 

gallon) prediction and, 3) two-spiral problems. TSK'-FCMAC is used to approximate sinusoidal 

function and surface. Empirical results show that TSK'-FCMAC is able to achieve similar RMSE 

value as compared to TSK°-FCMAC with fewer numbers of fuzzy if-then rules in both cases. A 

further experiment to investigate the influence of higher computational complexity in terms of 

training time has also been conducted. TSK'-FCMAC was subsequently applied to predict the 

fuel consumption for different types of automobile in the MPG (miles per gallon) prediction 

[125]. A simple feature selection method has been undertaken to select the best feature from the 

original six input characteristics. The features selected are consistent with two existing input 

selection methods proposed by Quah [126] and Jang [127] and the results of TSK'-FCMAC are 

comparable in terms of RMSE with Jang's ANFIS, another first-ordered TSK fuzzy inference 

system. In the third experiment, TSK'-FCMAC was applied in a classification problem, the two-

spiral classification. Experimental results show that TSK'-FCMAC is competent in classification 

problem that is highly segmented in the input space. Given adequate training samples, TSK'-

FCMAC could model a problem with higher precision using fewer numbers of fuzzy if-then rules 

as compared to TSK°-FCMAC. 
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In summary, the experiments conducted in Chapter 3 and Chapter 5 show that TSK°-FCMAC is 

better suits for application that requires online training capability and minimum training time 

while its successor, TSK'-FCMAC is applicable to problem that requires higher precision. 
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Chapter 6 Medical Case Study: Personalized Drug Delivery 
System - A Diabetic Treatment without Meal Announcement 

6.1. Introduction 

Type I or insulin-dependent diabetes mellitus is a chronic disease that occurs when the pancreas 

does not produce sufficient insulin. Prolonged period of hyperglycemia, or raised blood sugar, is a 

common effect of uncontrolled diabetes which may lead to serious damage to many of the body's 

systems, especially the nerves, eye and kidney. On the other hand, Hypoglycemia, or low blood 

sugar, may cause unconsciousness, brain damage or even death in some severe cases. The World 

Health Organization (WHO) estimates that more than 180 million people worldwide have 

diabetes and this number is likely to more than double by 2030. In 2005, an estimated 1.1 million 

people died from diabetes [130]. 

As diabetic cases are expected to increase in future, blood glucose regulation has been an active 

research field over the years. Despite various attempts by researchers, the constraints of having 

limited information on current blood glucose level restricted superior results in this field. With the 

emergence of new electro-enzymatic manufacturing technique [131, 132], the glucose 

concentration can now be estimated through measuring the catalyzed production of hydrogen 

peroxide. As a result, a spin-off commercial product, MiniMed [133] enables subcutaneous 

glucose measurement at five minutes intervals. This advancement in sensor technology 

dramatically changes the research effort and direction in glucose-insulin dynamics. A significant 

amount of research has been carried out since then with this newly available information in blood 

glucose regulation. 

Early research efforts focused on mathematical modeling of glucose-insulin dynamics [134-138]. 

Based on these mathematical models, some educational simulators are developed [139, 140]. 

Many other researchers tried to handle blood glucose regulation with expert systems [141], 

model-based predictive control algorithm [142, 143], PID control systems [144], / / " optimal 

control [145, 146], parametric programming [147], neural networks [148-151] or fuzzy-based 

controller [152]. However, several important constraints are neglected; namely: 
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• Disturbance (e.g. food intake): Most previous works assume the diabetic patient to have 

regular food intake at fixed timing. Some of these works may even employ the amount of 

food intake, meal time or time of the day as part of the input to their system. However, the 

accuracy of information such as food intake is highly dependent on the self-discipline of a 

patient. They are also susceptible to human mistakes, especially for adolescent patients. 

• Personalized glucose-insulin dynamics: Instead of adapting to glucose-insulin dynamics 

of individual, a set of parameters are identified by defining various assumptions. Thus, 

the response of the system is bounded at the expense of optimal result. These systems do 

not perform online training and hence are non-adaptive to vibrant environment such as 

human's endocrine system. 

In this chapter, we propose a novel blood glucose regulation using TSK°-FCMAC, a brain 

inspired cerebellar like fuzzy association memory based on the zero-ordered Takagi-Sugeno-Kang 

fuzzy inference scheme [18, 19]. The proposed system is capable of performing localized online 

training with an effective fuzzy inference scheme that could respond swiftly to changing 

environment such as human's endocrine system. Without prior knowledge of disturbance (i.e. 

meal announcement), the proposed fuzzy CMAC is able to capture the glucose-insulin dynamics 

of individuals under different dietary profiles. Preliminary simulation results show that the 

proposed system is able to effectively adapt to both intra and inter-patient variations. The design 

of the proposed system follows closely to what is available in real life and is suitable for animal 

and clinical pilot testing in the near future. 

6.2. System Description 

A closed-loop blood glucose control system consists of four components; namely: 1) Patient 

model, 2) Glucose sensor, 3) Insulin infusion pump with controller, and 4) Reference model. The 

block diagram for the proposed system is shown in Figure 6-1. In the proposed system, the patient 

model is simulated by a web-based educational simulation package, GlucoSim [139, 153]. The 

reference model provides reference blood glucose level for the controller of the insulin pump. 

Both the reference model and the controller are modeled by a TSK°-FCMAC network. 
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Figure 6-1: Block Diagram for Closed-loop Blood Glucose Control System 

6.2.1. GlucoSim 

GlucoSim, a web-based educational simulation package for glucose-insulin levels in the human 

body from Illinois Institute of Technology is employed in this study [139, 153]. Based on the 

mathematical models by Sorensen [136] and Puckett [138], the simulator can provide virtual 

experiments to simulate blood glucose and insulin dynamics in healthy individuals and Type I 

diabetes patients under different dietary profile. 

The main disadvantage of the simulated model is that the personal variations in physiological 

parameters are not taken into account. Therefore, the outputs are merely average values [153]. 

Thus, body weight is the only parameter that can be adjusted to simulate individuals of different 

profiles with GlucoSim. In our experiments, GlucoSim is used to simulate a detailed model based 

onPuckett'swork[138]. 

6.2.2. Controller's Error for TSK°-FCMAC 

In the learning algorithm for TSK°-FCMAC, the network is updated based on the difference 

between the desired output and the actual network output. However, in the context of blood 

glucose regulation, no specific desired output is available as the regulation of blood glucose in 

response to disturbance of food intake is constrained by the desired upper and lower bounds. As a 

result, a different error is devised for its learning. The statement below describes the phenomenon 

in blood glucose regulation: 

"Insulin delivered at time t reduces the blood glucose level at time (/ +1), (t + 2 ) , ... (? + ri) " 

Nanyang Technological University (School of Computer Engineering) 113 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Fuzzy Associative Memory Architecture 

Therefore, to realize the statement above, updating cells that are activated during the current 

iterations alone is insufficient. Instead, the controller in our system will also update the cells that 

are activated previously. The error, Errorconlroller (t) for these updates are defined in Eqs (9) and 

(10): 

/ N / x G(t)-Greftt) 
Errorconlroller(t) = (llmm -IImm)xSconlmllerx

 v / y x decay rate (125) 
J max. J mm 

decay rate = - log10 (0.1 + a x hist) (126) 

Where 

tf—ff, max ' mm 

controller 

G(t) 

Gref(t) 

Grefmai, Grefn 

a> 

hist 

are the maximum and minimum infusion rate for insulin pump; 

is the learning parameter for controller. It is set to 0.2 to prevent 

drastic update on the controller's surface; 

is the output from the glucose sensor at time / ; 

is output from the reference model at time t; 

are the maximum and minimum allowable output from the 

reference model; 

is the decay constant for difference between iterations; 

is the iteration difference between current iterations and the 

instance when the updating cells are activated previously. 

hist € {0,1,2,...} 

6.3. Experiments 

This section describes how the experiments are conducted. 
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6.3.1. Assumptions 
Many researchers developed system that requires information on food intake. The accuracy of 

such information is highly dependent on the self-discipline of a patient and is susceptible to 

mistakes, especially for adolescent patients. The assumptions in our proposed system eliminate 

such needs. With the goal of possible human/animal pilot testing in mind, the following 

assumptions have been made prior to the conduct of die experiments: 

• The blood glucose level is measured at 5 minutes interval, which, is achievable witii 

existing glucose monitoring devices [133]. 

• No measurement is available for blood insulin level. 

• Dietary profile of individual is unknown. 

6.3.2. Controller's Objective and Performance Indicator 

The Diabetes Control and Complications Trial (DCCT) [154], a clinical study conducted by 

National Institute of Diabetes and Digestive and Kidney Diseases (NIDDK) [155] showed that 

keeping blood glucose levels as close to normal as possible slows the onset and progression of 

eye, kidney and nerve diseases caused by diabetes. As a result, the controller's objective is to 

maintain the blood glucose level at euglycemia (60 ~ 110 mg/dL) before meals and <180 mg/dL 

after meals. 

Two performance indicators are used to evaluate the performance of the controller. These 

performance indicators are defined to measure the occurrences of prolonged low and high blood 

glucose levels which may lead to hyperglycemia and hypoglycemia. They describe die average 

duration (in terms of minutes) of blood glucose level that exceeds the condition for every diet 

taken by the person. They are depicted in Eqs (127) and (128). 

N 
Average duration of hyperglycemia, IndG(l)>m = G('>>180 x T^,,^ (127) 

food intake 

and 
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N 
Average duration of hypoglycemia, IndG{l)<60 =

 G(f)<6° xT^^ 
food intake 

(128) 

Where 

N. G(l)<60 

N, G(r)>180 

is the total number of occurrences that the blood glucose level is 

below 60 mg/dL; 

is the total number of occurrences that the blood glucose level is 

above 180 mg/dL; 

N food intake 

sampling 

is the total number of food intakes; 

is the duration of one iteration in the simulation. It is equal to the 

sampling rate of blood glucose level (5 minutes). 

6.3.3. Simulation Setup 

In order to conduct the simulation, the patient's profile and its dietary habit must be properly 

defined. A Type I diabetic patient's profile (PA) is formulated in our simulations and is shown in 

Table 6-1. The patient is assumed to be a middle-aged Asian office worker whose job is clerical in 

nature. The BMI (Body Mass Index) for the patient is set at 23 and the daily calorie needed are 

computed based on Harris-Benedict equation [156]. The computation for the corresponding daily 

carbohydrate intake follows the assumptions below: 

• The ratio of calorie obtained from diet is: carbohydrate (57%), fats (30%) and protein (13%) 

• The energy yield per grams is: carbohydrate (4 kcal), fats (9 kcal) and protein (4 kcal) 

Table 6-1: Patient A's Profile 

Sex 
Age 
Weight 
Height 
Body Mass Index 
Activity Factor 
Daily Calorie Needed 
Corresponding Daily Carbohydrate Intake 

Male 
40 years old 
70 kg 
174.5 cm 
23 
Light exercise or sports 1-3 days a week 
1957 kcal 
279 grams 
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The Dietary profile for the patient is defined from two perspectives; namely: carbohydrate intake 

(CI) and eating habit (EH ). The nomenclature is defined as follows: 

HPA 

diet PA,C1,EH 

diet P., normal, EH 

diet PA, overeat, EH 

diet PA,undereat,EH 

diet PA, mixed, EH 

diet PA, CI, regular 

diet PA, CI, irregular 

Type I diabetic patient A ; 

Healthy person A . HPA is the same as PA except HPA is able 

to regulate his own blood glucose level; 

Dietary profile of PA with carbohydrate intake CI and eating 

habit EH, where CI e {normal, overeat, under eat, mixed) 

and EH e [regular, irregular); 

Daily carbohydrates intake equals to the amount computed 

based on Harris-Benedict equation [156] for PA; 

Daily carbohydrates intake equals to 150% of diet P., normal, EH > 

Daily carbohydrates intake equals to 50% of diet PA, normal, EH ' 

Daily carbohydrates intake switches among diet P.,normal,EH ' 

dietPA,oWrea,,EH a I l d dietPA,underea,,EH '> 

Carbohydrates intake and meal time is consistent every meal; 

Carbohydrates intake varies between ±50% of the original 

value. Meal time varies between ±1 hour; 

With respect to the definitions above, the dietary profile for regular and irregular eating habit are 

shown as Table 6-2 and Table 6-3. 
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Table 6-2: Regular Dietary Profile 

Meal Type 

Breakfast 

Lunch 

Tea break 

Dinner 

Meal Time 

0800 hrs 

1200 hrs 

1530 hrs 

1930 hrs 

% of Carbohyrate w.r.t. Total Carbohydrate Intake 
20% 

30% 

10% 

40% 

Table 6-3: Irregular Dietary Profile 

Meal Type 

Breakfast 

Lunch 

Tea break 

Dinner 

Meal Time 

0700 hrs ~ 0900 hrs 

1100 hrs-1300 hrs 

1430 hrs ~ 1630 hrs 

1830 hrs-2030 hrs 

% of Carbohyrate w.r.t. Total Carbohydrate Intake 
10% - 3 0 % 

1 5 % - 4 5 % 

5 % - 1 5 % 

20% - 60% 

The block diagram for a healthy person (HPA) and Type I diabetic patient (PA) under insulin 

infusion pump are shown in Figure 6-2 and Figure 6-3 respectively. It illustrates a simplified 

glucose-insulin model by highlighting the gastrointestinal tract, liver, pancreas and subcutaneous 

tissue only. The detailed glucose-insulin model can be found in [139, 153]. In Figure 6-3, the 

pancreas of the diabetic patient is replaced by subcutaneous tissue where external insulin source is 

supplied. 

Unknown Disturbance 
(food intake) 

Healthy Person (HPA) 
(simulated by GlucoSim) 

Gastrointestinal Tract 
(Glucose Absorption) 

" + 

Liver 
(Liver Glucose Production) 

ih 

Pancreas 
(Insulin Secretion) 

Other 
Body 

Organs 

G,{t) 

iAt) 

r 

Figure 6-2: Block Diagram for Healthy Person (HP.) 
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Figure 6-3: Block Diagram for Type I Diabetic Patients (PA) under closed-loop Blood 

Glucose Control System 

6.4. Results and Discussion 

To reduce the risk of complications from diabetic mellitus, the life style of a Type I diabetic 

patient must be under continuous scrutiny. Much of these require human interventions and are 

susceptible to mistakes. As a result, the proposed closed-loop control system must be able to 

operate with minimum human intervention. Information such as food intake should not be 

included as part of the input to the system. With such limitations, our goal is to implement a 

closed-loop blood glucose control system that is capable of handling: 1) intra-personal variations, 

and 2) inter-personal variations. 

The first TSK°-FCMAC network (referred as the reference model) was trained by modeling the 

simulated response of a healthy person (HPA). The training data are collected by simulating a 

healthy person under irregular dietary profile with GlucoSim. It is responsible to provide 

reference blood glucose level for the controller of the insulin infusion pump. The trained reference 

model is a three inputs TSK°-FCMAC network with the size of 18 cells ( 3 x 2 x 3 ). The inputs of 
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the network are derived from historical reading of the glucose sensor (C/(/)). The three inputs are 

represented in the form of |JC, ( /) , x2 ( / ) , x, ( / ) | and are computed as Eqs (129)-(131). 

: ( ' ) -

X3 (t) = 

xl(t) = Gl(t) 

5/^(GM(/))xln(|G1)4(0|) >>fK(thl 

0 ' otherwise 

sign(HXA (/))x In(|/7M (/)|) , // | / / , ,4 (/)| < 1 

0 > otherwise 

G,(t) = G(t-ixTsampling) 

<U')"5(')-<M') 

(129) 

(130) 

(131) 

(132) 

(133) 

(134) 

Where 

o(>) 

sampling 

is the output from the glucose sensor at time / ; 

is the duration of one iteration in the simulation. It is equal to the 

sampling rate of blood glucose level (5 minutes); 

sign (.) is the function that return the sign value. 

A second TSK°-FCMAC network (referred as the controller), was subsequently trained to control 

the infusion rate for insulin infusion pump. As shown in Figure 6-3, the reference model and the 

controller were attached to a Type I diabetic patient (PA). The controller started as an empty 

TSK°-FCMAC network. As shown in Figure 3-4, input clusters were formed and trained online as 

new data arrived. Irregular diet was supplied to the patient PA to cover the whole spectrum of his 

eating habit. The trained controller is a five input fuzzy CMAC network with the size of 13440 

cells ( 8 x 8 x 7 x 6 x 5 ) , which is equivalent to 13440 fuzzy if-then rules of Takagi-Sugeno-Kang's 
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type [18, 19]. Out of these rules, a total of 1761 rules are trained. The utilization ratio of the 

TSK°-FCMAC network is hence equal to 1761/13440 = 13.1%. This utilization ratio is deemed as 

passable considering that the controller is trained to cover the whole spectrum of a patient's eating 

habit. The inputs of the network are derived from historical reading of the glucose sensor (G(t)) 

and the previous insulin infusion rate ( / / ( / ) ) . The five inputs are represented in the form of 

{*, (/), x2 (t), x3 (r), xA (/), x5 ( / )}. The first three inputs are same as the inputs employed by the 

reference model (i.e. the first TSK°-FCMAC network) and the last two inputs are computed as 

Eqs (135) and (136). 

(0 = £ l M ) (135) 
v ' 12 

,(,).£"g ' ( , ) (136) 
w 12 

U,(t) = Il(t-ixTsampling) (137) 

Where 

/ / (/) is the infusion rate for insulin pump at time / . 

With the trained controller, experimental cases are formulated to examine the controller's ability 

in handling intra and inter-personal variations. Each experimental case consists of 40 diets within 

the 10 days simulation. The same diet are simulated on both a healthy person (HPA) and a Type I 

diabetic patient (PA) for comparison. The block diagrams for HPA and PA under closed-loop 

blood glucose control system are shown in Figure 6-2 and Figure 6-3 respectively. 
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6.4.1. Intra-personal Variation 

Individual tends to change his dietary habit. A rigid system that assumes a fixed regular diet may 

not be able to handle such situations. As a result, the first two experimental cases are designed to 

examine the ability of the proposed system in handling intra-personal variations. The same 

controller is used to control the insulin infusion rate of the same patient under different dietary 

profile. The experimental cases are listed as follows: 

• Case 1, ECX : Apply the trained controller on PA with regular eating habit, 

PA, CI, regular-

• Case 2, EC2 : Apply the trained controller on PA with irregular eating habit, 

e'PA,CI,irregular • 

Where CI e [normal, overeat, undereat, mixed). 

Figure 6-4 presents the results for ECX and EC2. From the bar charts, it can be noticed that the 

controller is able to achieve a significantly shorter period of hyperglycemia ( Ind G ,> m ) for all 

dietary profiles (as shown in Figure 6-4(a) and (c)). On the other hand, there is only a slightly 

longer period of hypoglycemia (IndG,,<60) when the patient is under dietary profile of under 

eating (as highlighted by Ai and A2 in Figure 6-4(b) and (d)). 
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Figure 6-4: Results for £C, and EC2 (70 kg) 

Figure 6-5 shows the 10 days simulated results for HPA and PA under the same dietary profile, 

dietp mixed imgular • Figure 6-5(a) shows their carbohydrates intake. Figure 6-5(b) and (c) show the 

respective simulated response of HPA and PA under the same carbohydrates intake. The 

simulated blood glucose level is represented by solid line and the simulated blood insulin level is 

represented by dotted line. The two horizontal lines indicate the upper acceptable limit (180 

mg/dL) and lower acceptable limit (60 mg/dL) for the blood glucose level. The insulin infusion 

rate for PA are shown in Figure 6-5(d). Figure 6-5 shows that the simulated response for PA 

under insulin infusion pump is comparable with that of a healthy person. The blood glucose level 

is bounded within its limit under different carbohydrate intake and meal time. 
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Figure 6-5: Ten Days Response of HPA and PA under Dietary Profile dietp mixed , lar 

For further analysis, the simulated response of day 3 is shown in Figure 6-6. Day 3 is chosen 

because one of its meals contains the highest carbohydrate intake over the 10 days period. The 

simulated blood glucose level exceeded the upper limit of 180 mg/dL in two instances due to huge 

amount of carbohydrate intake. As indicated in the charts, the peak of PA (201.40 & 297.34 

mg/dL) is significantly lower than that of the healthy person (242.79 & 346.26 mg/dL). The 

shorter duration of hyperglycemia is mainly because of the early detection of possible rising 

glucose level. As shown in the simulated response for PA, the controller is able to anticipate the 

increase of the insulin infusion rate before the rising of blood glucose level. It can also be 

observed that the duration of hypoglycemia in PA is slightly shorter than that in HPA. 
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As mentioned previously, the duration of hypoglycemia (IndG,.<60) for patient under dietary 

profile of dietp mdereat EH is slightly longer than that of a healthy person (refer to Figure 6-4(b) 

and (d)). As part of the analysis, the 10 days simulated response under dietary profile of 

dietp mdertal imgutar is shown in Figure 6-7. Closer observation on a single day response (refer to 

Figure 6-8) suggests that the response of PA is acceptable. The reason of higher ^<^G(,)<60 is 

mainly because of additional occurrence (per diet) of having the glucose level decreases beyond 

the lower limit of 60 mg/dL. Nevertheless, the duration of each occurrence is comparable with 

that of a healthy person and no prolonged hypoglycemic condition is detected. 

As discussed previously, ECX and EC2 are designed to examine the ability of the proposed 

system in handling intra-personal variations. Simulated results show that the proposed system is 

able to handle the glucose-insulin dynamics of the same patient under all different dietary profiles. 
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6.4.2. Inter-personal Variation 
The glucose-insulin dynamics simulated by GlucoSim [153] are average values based on 

individual body weight. To study inter-personal variations under the proposed control regime, two 

different patients, PB and Pc are formulated and are shown in Table 6-4. They are the same as 

PA except having different body weight (±5%). 

Table 6-4: Patient B and Patient C's Profile 

Patient 
Weight 
Body Mass Index 
Daily Calorie Needed 
Corresponding Daily Carbohydrate Intake 

PB 

73.5 kg 
24.14 
2014 kcal 
287 grams 

Pc 
66.5 kg 
21.84 
1899 kcal 
270 grams 

Four additional experimental cases are designed to examine the ability of the controller (trained 

for PA ) to adapt to the glucose-insulin dynamics of different patients (PB and Pc). They are 

listed as follows: 

• Case 3, EC3 : Apply the trained controller on PB with regular eating habit, 

diet PB, CI, regular ' 

Case 4, EC4 : Apply the trained controller on PB with irregular eating habit, 

diet PB, CI, irregular 

Case 5, EC5 : Apply the trained controller on Pc with regular eating habit, 

diet Pc, CI, regular 

Case 6, EC6 : Apply the trained controller on Pc with irregular eating habit, 

diet Pc,CI,irregular ' 

Where CI e {normal, overeat, under eat, mixed] 

Figure 6-9 and Figure 6-10 show the results of applying the controller trained for PA on different 

patients, PB and Pc . The results are analogous to that of EC} and EC2 in Figure 6-4. The 
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duration of hyperglycemia (IndG , .> m) for diabetic patients is shorter than that of the healthy 

person for all dietary profiles. However, there are two cases where the duration of IndG,.<60 for 

patient is notably longer than that of a healthy person. They are: 

• PB (112.00 minutes) under dietary profile of dietp <mimgl _ * „ versus HPB (89.75 

minutes) in EC3 (as highlighted by A3 of Figure 6-9(b)) and 

• Pc (118.00 minutes) under dietary profile of dietp mdmat imgular versus HPC (92.50 

minutes) in EC6 (as highlighted by A4 of Figure 6-10(d)). 

For further investigation, the simulated responses of PB and Pc over the 10 days period are 

presented in Figure 6-11 and Figure 6-12 respectively. Likewise, the higher IndG,.<60 is mainly 

due to the additional occurrence (per diet) of having the glucose level decreases beyond the lower 

limit. An example for such observation can be shown by comparing the region highlighted by Bi 

and B2 in Figure 6-11. There are five occurrences of having the glucose level decreases beyond 

the lower acceptable limit (60 mg/dL) in region B\. However, there are six occurrences in region 

B2 even though they are under the same carbohydrate intake. Similar observation is highlighted by 

region B3 (4 occurrences) and B4 (6 occurrences) in Figure 6-12. Nevertheless, no prolonged 

hypoglycemic condition is detected in both cases. These results show no evidence of instability in 

the system even though the controller is applied on patients with different profile (±5% in body 

weight). 
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6.5. Summary 

A novel blood glucose regulation for Type I diabetes patient using a fuzzy CMAC based 

controller is presented. Without prior knowledge of disturbance (e.g. food intake), the proposed 

fuzzy CMAC is able to capture the glucose-insulin dynamics of individuals with different dietary 

profiles. The trained controller is a five input fuzzy CMAC network with a size of 13440 cells 

( 8 x 8 x 7 x 6 x 5 ) , which is equivalent to 13440 fuzzy if-then rules of Takagi-Sugeno-Kang's type 

[18, 19]. Out of these rules, a total of 1761 rules are trained. The utilization ratio of the TSK°-

FCMAC network is hence equal to 1761/13440 = 13.1%. This utilization ratio is deemed as 

passable considering that the controller is trained to cover the whole spectrum of a patient's eating 

habit. Nevertheless, preliminary simulations show that the proposed system is capable of handling 

both intra and inter-personal variations. The design of the proposed system follows closely to 

what is available in real life and hence suitable for animal and clinical pilot testing in near future. 
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Chapter 7 Hydroinformatics Case Study: Rainfall Runoff 

7.1. Introduction 

The process of analyzing an unsteady flow event through a sewer system is referred to as "routing 

the flow". The National Engineering Handbook [157] defines routing as "computing the flood at a 

downstream point from the flood at an upstream point, taking storage into account". The flow of 

water through the soil and stream channels of a watershed is a distributed process because the 

flow rate, velocity, and depth vary in space throughout the watershed. Estimates of the flow rate 

or water level at important locations in the channel system can be obtained using a distributed 

flow routing model [158]. Distributed flow routing model can be employed to describe the 

transformation of storm rainfall into runoff over a channel. Such a model can be utilized to 

generate a flow hydrograph that could be considered as inflow at the upstream end of another 

channel and route it to the downstream end. The velocity in a channel varies in three perspectives; 

namely: 1) along the channel, 2) across the channel and, 3) from the water surface to the channel's 

bottom. For practical purposes, only the variation along the channel is considered in the routing 

model. The routing of an unsteady open channel flow is well described by a constitutive 

relationship, the Saint-Venant equations [159]. However, the Saint-Venant equations cannot be 

solved analytically. The kinematic wave model (KWM), a simplified model derived from the 

Saint-Venant equations, offers an alternate well-established numerical solution for modeling the 

flow of an open channel. 

However, modeling techniques such as the kinematic wave model require accurate information on 

the physical aspect of the channel, such as the Manning's roughness coefficient, the width and 

slope of the channel and, the height of the flow. On the other hand, many artificial intelligence 

(AI) based techniques have also been applied in hydrological modeling. In contrast to modeling 

technique derived from constitutive relationship such as the Saint-Venant equations, AI 

techniques predict the hydrograph of a channel based on monitored data from past experience, 

which can be easily obtained by measurement equipments. In the recent years, applications on 

rainfall runoff with AI techniques from various fields have been proposed; namely: 1) neural 
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networks [160-163], 2) Bayesian networks [164, 165], 3) fuzzy systems [166-169] and, 4) genetic 

algorithm [170-174]. 

This chapter will first describe the fundamental model in open channel routing, the Saint-Venant 

equations, the Manning's equation, the kinematic wave model and its numerical solutions. In the 

experiments, the proposed fuzzy associative memory architecture, the TSK°-FCMAC network 

was applied to predict the hydrograph at the end of the channel. The experimental data are 

collected by Wong [175] from an outdoor experimental plot set up at Nanyang Technological 

University, Singapore. It consists of the hydrograph measured at the end of the channel and the 

rainfall intensity measured at 15 seconds intervals for ten different storm events. The objective is 

to predict the hydrograph at the end of the channel according to the measured rainfall intensity. 

The hydrograph at the end of the channel is also modeled by the kinematic wave model. The 

numerical method to solve the kinematic wave model is presented in section 7.1.4 in details. The 

performances of the proposed architecture are evaluated with the prediction results from the 

kinematic wave model. 

7.1.1. Saint-Venant Equations 

The "principle of conservation of mass" states that matter is neither created nor destroyed. The 

mass entering a system is equal to the mass leaving that system, plus or minus the accumulation 

of mass (that is, storage) within the system. Without doubt, this principle is the single most 

important concept that must be applied in hydrologic and hydraulic engineering [176]. The Saint-

Venant equations [159] proposed by Barre de Saint-Venant in 1871 describe the unsteady open 

channel flow in one-dimension, that is, along the direction of flow. The Saint-Venant equations 

are summarized as Eqs (138) and (139) in [158]. 

The continuity equation, 

— + — = 0 (138) 
dd dt 

and the momentum equation, 
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Where 

Q is the discharge rate (cfs, m3/s); 

d is the distance along the longitudinal axis of the channel (ft, m); 

A is the wetted cross-sectional area of flow (ft2, m2); 

t is the time (s); 

g is gravitational acceleration constant (ftVs, m2/s); 

y is the depth of the flow (ft, m); 

S0 is the channel slope (fit/ft, m/m); 

Sj is the energy gradient. It is equal to the channel slope S0 in the 

case of uniform flow. 

However, the Saint-Venant equations cannot be solved analytically and as a result, a variety of 

numerical solutions have been developed over the years [176]. One of the numerical solutions is 

the Muskingum routing proposed by McCarthy in 1938 [177, 178]. The computation of the 

Muskingum routing method is based on the continuity equation and the storage-discharge relation 

[179]. In 1969, Cunge [180] extended the Muskingum routing method into a finite-difference 

scheme called the Muskingum-Cunge method [181, 182]. In 1972, Mockus and Styner proposed 

another routing model, the Convex routing [183] which uses only flows from the previous time 

step to determine the outflow. 

Among these numerical solutions, the kinematic wave approach derives from the one-dimensional 

continuity and momentum equations (the Saint-Venant equations) describes the physical 

processes of the movement of water. The concept of kinematic wave is well established among 
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the existing methods to solve unsteady, one-dimensional, gradually varied open channel flow 

problems [184]. Manual solutions of kinematic wave formulations in relation to hydrologic design 

are impractical. Nevertheless, they have been incorporated into the Penn State Runoff Model 

[185], HEC-1 [186], as an option for routing overland flow. The kinematic wave model is 

described in details in the following section. 

7.1.2. Kinematic Wave Model (KWM) 

In modeling an unsteady flow in open channel, two simplified models are derived from the Saint-

Venant equations. The first type simplifies the equations by neglecting the local inertia, 

convective inertia and the pressure force terms [187]. A second, less restrictive type is formulated 

by neglecting the local inertia and convective inertia terms only [188]. The first type is referred to 

as kinematic wave model and the second type is referred to as diffusion wave [189]. Kinematic 

waves were originally used for describing river flows [190]. As the inertia and pressure terms in 

the momentum equation (of the Saint-Venant equations) are considered negligible, the wave 

motion is described principally by the equation of continuity. The name kinematic is thus 

applicable, as kinematics refers to the study of motion exclusive of the influence of mass and 

force [158]. The kinematic wave model is defined as Eqs (140) and (141). 

The continuity equation, 

dQ dA 

* + ¥ " « (140) 

and the momentum equation, 

S0=Sf (141) 

Where 

Q is the discharge rate (cfs, m3/s); 

d is the distance along the longitudinal axis of the channel (ft, m); 

A is the cross-sectional area of flow (ft2, m2); 
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/ is the time (s); 

1 is the lateral inflow or outflow (ft2/s, m2/s); 

S0 is the channel slope (ft/ft, m/m); 

Sf is the energy gradient. It is equal to the channel slope S0 in the 

case of uniform flow. 

The momentum equation can also be expressed in the form of 

A = aQfi (142) 

where parameters a and (3 are determined by the formula employed to estimate the discharge 

rate of the channel. For gradually varied flow in an open channel, the depth and velocity of a 

steady flow change along the length of the channel. As the name implies, the rates of change of 

depth and velocity are gradual and there are no abrupt changes such as hydraulic jumps. Because 

of this, the constitutive relationships developed for uniform flow, such as the Chezy's formula or 

the Manning equation, can be assumed to be valid for analyses of gradually varied flow [176]. 

The Chezy's formula was derived by Antoine Chezy while designing an improvement for the 

water system in Paris, France in the period of 1768-1775 [191]. The formula relates the uniform 

velocity of flow to the hydraulic radius and the longitudinal slope of the channel. The Manning 

equation [192] is an empirically derived expression obtained from observations of flows in 

laboratory channels by an Irish engineer Robert Manning in 1889. It was developed as a formula 

for uniform flow but has also been successfully applied to analyze gradually and spatially varied 

flows. The Manning's equation is one of the most widely used of all constitutive relationships for 

open-channel-flow analysis [176]. In this section, the discussion will focus on the Manning's 

equation. 

7.1.3. Manning's Equation 
The Manning's equation can be expressed as Eq (143): 
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V = t-R%Js~f (143) 

Where 

V is the flow velocity (ft/s, m/s); 

<fi is the unit conversion factor (1.49 if English units are used; 1.00 

if SI units are used); 

n is the Manning coefficient of roughness; 

Rh is the hydraulic radius (ft, m); 

S0 is the channel slope (ft/ft, m/m); 

Sf is the energy gradient. It is equal to the channel slope S0 in the 

case of uniform flow. 

For rectangular channel, the hydraulic radius Rh can be expressed as 

R„=J (144) 

and 

P = b + 2y (145) 

Where 

A is the cross-sectional area of flow (ft2, m2); 

P is the wetted perimeter (ft, m); 

b is the width of the channel (ft, m); 

y is the depth of the flow (ft, m). 

The discharge rate Q is defined as 

Q = VA (146) 
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Substituting Eqs (141), (144) and (146) into Eq (143), the Manning's equation can be further 

derived as 

A n{p ft 

<*A = 
nPA 

(147) 

<t>4K 
Q % 

Referring to Eq (142), the momentum equation can now be expressed as Eq (147) where 

a = 
nPK 

<t>4s~o 
(148) 

and 

p=y,=o.e (149) 

Eq (142) consists of two dependent variables, A and Q. Differentiating Eq (142) gives 

dA 
dt 

= afi<rf (150) 

Substitute Eq (150) into Eq (140) gives 

dd H dt H (151) 

where Q is now the only dependent variable. 

7.1.4. Numerical Solution for Kinematic Wave Model (KWM) 

Combined with the Manning's equation, the kinematic wave can now be represented with Q as 

the only dependent variable as shown in Eq (151) . Given the upstream's hydrograph, the goal is 

to solve Eq (151) and determine the downstream's hydrograph. That is, to determine Qd+l (t + l) 

from Qd (t +1) and Qd+X ( / ) . A graphical representation is shown in Figure 7-1. 
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Figure 7-1: A Graphical Representation for Kinematic Wave Model 

Given the channel parameters a and /? , the lateral inflow q(t), and the initial condition, a 

linear numerical solution can be derived to estimate the outflow hydrograph. The outflow 

discharge rate Q is estimated by averaging the values across the diagonal grid as shown in Figure 

7-1. This can be expressed as Eqs (152)-(154). 

a g . . Q i + i ( ' + i ) - g i ( ' + i ) 
dd Ad 

(152) 

dt ~ At 

Q« 
a('+i)+Q,+.(0 

(153) 

(154) 

Where 
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0,(0 is the discharge rate (cfs, m3/s) of point d at time t; 

Ad is the length of the equal sized grid (m); 

At is the time difference between iterations (s). 

The value of lateral inflow q can also be derived as 

qd(t+\)+gd+,{t) 
q~ 2 

(155) 

Where 

<Jd(t) is the lateral inflow or outflow (ft2/s, m2/s) of point d at time t. 

Substitute Eqs (152)-(155) into Eq (151) gives 

fr«rf-< 
\M 

q + 1 ( r + i ) - q ( / + i ) (Qd{t+\)+QM{t)T'QM{t+\)-Qd+x{t) 
2 At Ad 

2 

V 

\fi-l «^( f + i) ,a/?f^( f + i)+^(or^( / + i) 
AJ ( 2 J A/ 

= M ± 1 ) i arf&('+1)+&+i(0r'&+i(01 grf(f+i)+g^i(Q 
AJ [ 2 J A/ 2 

»a+ , ( '+i) 

(156) 

AT 

Arf ^ 
r ofr+ii+fiwWY 

Where the a and /? are channel parameters defined in Eqs (148) and (149) and Eq (156) 

represents the numerical method to determine Qd+i(t + \) from Qd(t + X) and Qd+](t). 
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7.2. Experiments 

7.2.1. Experimental Data Set 

The experimental data are collected by Wong [175] from an outdoor experimental plot set up at 

Nanyang Technological University, Singapore. Figure 7-2 shows the snapshots for the outdoor 

experimental plot and the details of the experimental plot are described in [193] The experimental 

plot has four 25 meters x 1 meter open channels as shown in Figure 7-3. The data collected are 

based on the concrete channel with a bottom slope of 2% surrounded by 1 meter high concrete 

wall along the channel (i.e. Bay 1). The collected experimental data consists of the hydrographs 

measured at the end of the channel and the rainfall intensities measured at 15 seconds intervals for 

ten different storm events. The objective is to predict the hydrograph at the end of the channel 

according to the measured rainfall intensity along the channel. Table 7-1 shows a summary of the 

ten storm events recorded by Wong, a more detailed descriptions can be found in [175]. 

Table 7-1: Summary of Rainfall and Runoff Data for Ten Storm Events 

Event 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

Event Date 

6-Oct-2002 

14-Oct-2002 

27-Oct-2002 

3-Nov-2002 

13-Nov-2002 

17-Nov-2002 

18-Nov-2002 

22-NOV-2002 

5-Dec-2002 

7-Dec-2002 

Event 
Duration 

(min) 

40 

80 

40 

120 

30 

100 

120 

90 

100 

100 

Rainfall 

Peak 
Intensity 
(mm/hr) 

144.0 

144.0 

216.0 

144.0 

144.0 

144.0 

96.0 

120.0 

144.0 

72.0 

Average 
Intensity 
(mm/hr) 

33.4 

19.9 

43.2 

17.5 

32.6 

25.7 

8.4 

19.0 

16.6 

11.9 

Total 
Depth 
(mm) 

22.27 

26.56 

28.78 

35.00 

16.3 

42.89 

16.81 

28.57 

27.6 

19.88 

Runoff from Bay 1 
(2% Concrete Plane) 

Peak 
Discharge 

(Us) 

0.641 

0.758 

0.912 

0.745 

0.601 

0.730 

0.495 

0.601 

0.832 

0.352 

Average 
Discharge 

(Us) 

0.194 

0.118 

0.241 

0.105 

0.182 

0.158 

0.054 

0.121 

0.111 

0.075 

Total 
Depth 
(mm) 

18.77 

22.69 

23.29 

30.24 

13.22 

38.07 

15.72 

26.24 

26.76 

17.96 
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Figure 7-2: Outdoor Experimental Plot in Nanyang Technological University, Singapore 

Collection 
Chamber [ 

4k 
2% Concrete Plane (Bav 1) 

l f = 
Concrete Catchment (Bay 2) 

<^ 
2% Asphalt Plane (Bay 3) 

5% Asphalt Plane (Bay 4) 

r^A Rain gauge 0 -

Figure 7-3: Plan view of experimental plot 

As described in section 7.1.4, the numerical method of kinematic wave model involves the 

computation of the next discharge rate, Qd+X (/ + l) from the discharge rate of the previous grid, 

Qd (f +1)» t n e discharge rate of the previous time step, Qd+i (?) and the lateral inflow, qd (?) . In 

this experiment, the only source for lateral inflow is the rain water. However, to predict the 

discharge rate with ANNs, features must be extracted from historical rainfall data. In this 

experiment, three features are selected as inputs to the proposed architecture to predict the 

discharge rate. The training data samples are in the form of 

[*,(/),x2(/),x3(/)-»0(/+l)] (157) 

and 
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* . w = ^ — 

x2(0 = /(/-3) 

x3(/) = / ( / - 4 ) 

Where 

I (t) is the rainfall (mm/hr) at time / and At = 15 seconds; 

7.2.2. Parameters for Kinematic Wave Model (KWM) 

The goal of the experiment is to predict the hydrograph at the end of the channel according to the 

measured rainfall intensity by the proposed architecture, TSK°-FCMAC. The hydrograph at the 

end of the channel is also modeled by the kinematic wave model (KWM). The results from the 

proposed architecture are evaluated against the prediction results from the kinematic wave model. 

The kinematic wave model is computed by the numerical method presented in section 7.1.4. The 

channel is segmented into equal sized grids in the length of Ad. In terms of the time axis, 

iterations are At apart. In the experiments, the kinematic wave model adopted Ad of one meter 

and At of one second. For the selection of the roughness coefficient of concrete channel (« ), it is 

usually based on "best engineering judgment" or on values prescribed by municipal design 

ordinances. Several tables are available in the general literature for the selection of Manning's 

roughness coefficient of a particular open channel [179]. The most common values recommended 

for concrete open channel are between the range of 0.010 to 0.015 [158, 176, 178, 179, 194, 195]. 

However, as recommended by Engman [194], the Manning's roughness coefficient of 0.011 is 

suitable for concrete surface in experimental plot. 

The parameters adopted for the kinematic wave model are: 

• Channel width, b = 1 meter 

• Channel full length = 25 meters 

(158) 

(159) 

(160) 
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• Channel slope, S0 - 0.02 m/m 

• Manning's roughness coefficient, n = 0.011 

• Computational subsegment, Ad = 1 meter 

• Computational time step, At = 1 seconds 

7.2.3. Loss Model for Kinematic Wave Model 

In the work investigated by Wong [175], several loss models are proposed. These loss models aim 

to compensate the losses of effective rain water of various reasons: die interception by the 

concrete walls, the "time lag" and the "initial loss" [175]. In this experiment, two types of 

kinematic wave model are adopted: 

• Type I KWM: kinematic wave model with no loss model (zero loss rate) and, 

• Type II KWM: kinematic wave model with "upperbound loss model" presented by Wong. 

In [175], Wong shows that the hydrographs simulated by Type II KWM are closer to the 

measured hydrographs. However, one criticism on employing the upperbound loss model in the 

computation of kinematic wave model is the need of calibration of the loss rate. Even though for 

the same channel, the loss rate calibrated varies among different storm events. Nevertheless, 

taking loss rate into consideration, the effective rainfall is computed as Eq (161). 

* Effective 

(161) 

and the upperbound loss rate ILossRale is computed with the following equality: 

(0 - 4 » A* ] X A ' } = DePthrunoff (162) 

Where 

is the effective rainfall (mm/hr) at time / ; 

is the observed (measured) rainfall (mm/hr) at time t; 

* Effective V) 

'Observed V) 
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^LossRaie »s th e loss rate (mm/hr); 

max (x, , x2) is the function that return the maximum between AT, and x2; 

Depthrmgff is the runoff depth (mm). 

7.2.4. Performance Indicators 
The performances of the prediction are evaluated based on three performance indicators; namely: 

1) RMSE value, 2) Pearson's correlation and, 3) R2 function. The RMSE values and Pearson's 

correlation coefficient are the most commonly used performance indicators in the computational 

intelligence community. However, due to the fact that the discharge rates for individual event are 

different in terms of magnitude, the RMSE values may not be a good performance indicator. On 

the other hand, the R2 function, as described by Nash [196], provides a better measurement on 

the performance of the prediction. The R function is computed using Eq (163). Throughout the 

experiment, the R2 function will be employed as the primary performance indicator. The RMSE 

value and Pearson's correlation will be employed to provide supporting statistics. 

R2 = 1 -J=L (163) 

I[a(')-oJ 
(=i 

Where 

Q0 ( j ) is the observed (measured) discharge rate at time t; 

Qp ( / ) is the predicted discharge rate at time / ; 

Qm is the mean discharge rate of the event. 

Two sets of experiments are conducted: 

• Memory Recall" : using the rainfall data extracted from Event X for both training and 

testing; 
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• Generalization11: using the rainfall data extracted from Events 3 and 6 for training and 

the rainfall data extracted from Event X for testing; 

and X = 1,2,...,10. 

For the TSK°-FCMAC network to generalize, the training samples extracted from a single event 

will not be sufficient. Therefore, the training samples for Generalization are extracted from 

two events: Events 3 and 6. Event 3 is selected because it consists of the highest rainfall intensity 

while Event 6 consists of multiple peaks of different rainfall intensities (refer to Figure 7-4(c) and 

(f))-

7.3. Results and Discussion 

As described in section 7.2.1, the collected experimental data consists of the hydrographs for ten 

different storm events. The goal of the experiment is to predict the hydrograph at the end of the 

channel according to the measured rainfall intensity along the channel. In Memory Recall" , 

TSK°-FCMAC was applied to predict the discharge rate of the next time step according to 

historical rainfall intensities. This was achieved by conducting memory recall operations with 

TSK°-FCMAC, that is, the training and testing data samples are extracted from the same storm 

event. The data presented to TSK°-FCMAC are in the form of [x, (/),x2 (t),x3 (t) -+Q(t + l ) ] 

(as described in section 7.2.1). 

To evaluate the performance of TSK°-FCMAC, the discharge rates are also computed using a 

conventional numerical method in hydroinformatics, the kinematic wave model. The results 

predicted by both TSK°-FCMAC and kinematic wave model (Type I and Type II KWM) are 

presented in Table 7-2. From the last row of Table 7-2, it can be observed that the average RMSE 

value from TSK°-FCMAC is smaller than that of Type I and Type II KWM (0.0244 versus 0.0401 

and 0.0266). In addition, TSK°-FCMAC is able to achieve higher average Pearson's correlation 

coefficient (0.9900 versus 0.9885 and 0.9887). 

With regards to the primary performance indicator, the R2 value, Type I KWM is able to achieve 

an average R2 value of 0.9346. After the introduction of the upperbound loss model (Type II 
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KWM), there is an improvement of 3.49% (0.9672 versus 0.9346) in the average R2 value. In 

contrast, TSK°-FCMAC outperformed Type I KWM with an average improvement of 4.49%. On 

the other hand, although the R2 value of TSK°-FCMAC in event 4 and 9 is slightly lesser than 

the R2 value of Type II KWM (99.33% and 99.45% with respect to the R2 value of Type II 

KWM), TSK°-FCMAC outperformed Type II KWM in all other storm events with an average 

improvement of 1.23%. This improvement in the primary performance indicator presents clear 

evidence that TSK°-FCMAC is capable of predicting the discharge rate of an open channel. 

The predicted discharge rates from TSK°-FCMAC and kinematic wave model (Type I and Type 

II) for all ten events are presented in Figure 7-4. In Figure 7-4(a), the bar chart shows the rainfall 

intensity. The bottom line chart shows the measured and predicted discharge rate by KWM and 

TSK°-FCMAC. The measured discharge rate is represented by solid line. The discharge rate 

computed by Type I KWM (No Loss Model) is represented by dashed line. The discharge rate 

computed by Type II KWM (Upperbound Loss Model) is represented by dash-dot line. The 

discharge rate predicted by TSK°-FCMAC is represented by dotted line. 

In event 5, the R2 value of TSK°-FCMAC is significantly higher than the R2 value of Type I 

and Type II KWM (12.61% and 4.39%). To have a closer look, the predicted discharge rates for 

event 5 are presented in Figure 7-5. In Figure 7-5, it can be observed that the difference between 

the discharge rates predicted by TSK°-FCMAC and the measured discharge rates is notably 

smaller than that of Type I and Type II KWM. In event 9, the R2 value of TSK°-FCMAC is 

slightly lesser than the R2 value of Type I and Type II KWM (99.50% and 99.45% with respect 

to the R2 value of Type I and Type II KWM). Figure 7-6 shows the predicted discharge rates for 

event 9 and it can be observed that the discharge rates predicted by TSK°-FCMAC follow closely 

to the measured discharge rates. This observation suggests that the slightly lesser R2 value 

mentioned previously is fairly negligible. 
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Figure 7-4: Measured and Predicted Discharge Rate for all Ten Events (Memory Recall), (a) 
Event 1 ~ (j) Event 10 
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Figure 7-6: Measured and Predicted Discharge Rate for Event 9 (Memory Recall) 
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As mentioned in section 7.2.3, the shortcoming of employing the upperbound loss model in 

kinematic wave model (i.e. Type II KWM) is the need of calibration for the loss rate. According 

to the 6* column of Table 7-2, the calibrated loss rates between different storm events vary to 

great extent (0.51 mm/hr to 16.75 mm/hr). In contrast, given sufficient training samples, TSK°-

FCMAC network can be employed to predict the discharge rate of different storms event along 

the same channel without the need of calibration. Such investigation will demonstrate the 

generalization ability of the TSK°-FCMAC network. However, for TSK°-FCMAC to generalize, 

the training samples extracted from a single event will not be sufficient. Therefore, in the second 

experiments, the training samples for Generalization are extracted from two events: Events 3 

and 6. Event 3 is selected because it consists of the highest rainfall intensity while Event 6 

consists of multiple peaks of different rainfall intensities (refer to Figure 7-4(c) and (f)). The 

generalization performances of TSK°-FCMAC are presented in Table 7-3. It can be observed that 

the average R2 value is degraded to 0.9365 as compared to 0.9672 of the Type II KWM and 

0.9794 of the memory recall by TSK°-FCMAC (refer to the last row of Table 7-2). The trained 

TSK°-FCMAC network is a three-input network with 648 fuzzy if-then rules ( 8 x 9 x 9 ) . For 

further investigation, the predicted discharge rates for Event 5, the lowest R2 value (0.8963) 

among the ten storm events is shown in Figure 7-8. Although the training samples employed to 

train the TSK°-FCMAC network are not extracted from event 5, TSK°-FCMAC is still capable of 

predicting the general trend of the discharge rate without difficulty. In addition, the predicted 

discharge rates for event 4 and 7 are also presented in Figure 7-9 and Figure 7-10 respectively. 

Both figures suggest that TSK°-FCMAC can achieve comparable results even though the physical 

aspect of the concrete plane is not provided to TSK°-FCMAC. 

Nanyang Technological University (School of Computer Engineering) 151 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Fuzzy Associative Memory Architecture 

Table 7-3: Generalization Performance of TSK°-FCMAC using Events 3 & 6 as Training 
Events 

Training 
Event 

(3,6) 

(3,6) 

(3,6) 

(3,6) 

(3,6) 

(3,6) 

(3.6) 

(3,6) 

(3,6) 

(3,6) 

Testing 
Event 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

Average 

RMSE 
Value 

0.0640 

0.0576 

0.0468 

0.0410 

0.0522 

0.0333 

0.0247 

0.0378 

0.0435 

0.0247 

0.0426 

Pearson's 
Correlation 

0.0566 

0.9622 

0.9914 

0.9780 

0.9638 

0.9803 

0.9745 

0.9725 

0.9894 

0.9632 

0.9732 

R2 

Function 

0.9073 

0.9164 

0.9794 

0.9462 

0.8963 

0.9604 

0.9375 

0.9412 

0.9607 

0.9193 

0.9365 
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Figure 7-7: Measured and Predicted Discharge Rate for all Ten Events (Generalization), (a) 
Event 1 ~ (j) Event 10 
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Figure 7-9: Measured and Predicted Discharge Rate for Event 4 (Generalization) 

Nanyang Technological University (School of Computer Engineering) 154 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Fuzzy Associative Memory Architecture 

Rainfall IManatty 

Tim* (15 seconds) 

Discharge Rata 

— Measured 

Kinematic W a w Model (No Loss Model) 

Kinematic Wave Model (Uppefbound Loss Model) 

TSK°-FCMAC 

Time (15 seconds) 

Figure 7-10: Measured and Predicted Discharge Rate for Event 7 (Generalization) 

7.4. Summary 

This chapter investigates the application of TSK°-FCMAC on the prediction of rainfall runoff. 

The performances of TSK°-FCMAC are evaluated by comparing the results with conventional 

method in hydroinformatics, the kinematic wave model (KWM). Modeling the runoff 

characteristics of a channel using kinematic wave model requires accurate information on the 

physical aspect of the channel, such as the Manning's roughness coefficient, the width and slope 

of the channel and, the height of the flow. In contrast, the proposed TSK°-FCMAC network could 

model the runoff characteristics of a channel with: 

• no knowledge of the physical aspect of the concrete plane, 

• no knowledge of the observed outflow hydrograph Q, and 

• features extracted from historical rainfall data alone. 

In real life, the flow of water navigates through irregular-shaped waterway. The estimation of the 

runoff in an irregular-shaped waterway involves complex computation with conventional 

mathematical models. Moreover, such mathematical models often require details information on 
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the physical aspect of the waterway to give accurate estimation. On the other hand, this chapter 

presents a viable approach for rainfall runoff modeling using neuro-fuzzy approach and alleviates 

such requirements. Preliminary experiments show that the proposed TSK°-FCMAC network is 

able to achieve a higher i?2 value in memory recall (an average improvement of 4.49% over 

Type I KWM and 1.23% over Type II KWM). The generalization ability of the network has also 

been exploited. With a three-input TSK°-FCMAC network ( 8 x 9 x 9 cells, 648 fuzzy if-then 

rules), an average R2 value of 0.9365 has been achieved and the results are comparable with the 

kinematic wave model. 
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Chapter 8 Engineering Case Study: Audio Detection Problem 

8.1. Introduction 

The audio detection problem originates from an application on embedded audio detection system 

proposed by Ting [197]. It aims to implement a miniature device that can monitor and reliably 

classify ambient audio signals. Such implementation will act as an assistive device for the hearing 

impaired that will inform its user of emergency signals such as fire alarms and sirens through an 

LCD display or vibration alert. The implementation involves the development of a real-time 

embedded audio detection system using general soft computing techniques to analyze and classify 

a stream of audio input samples in real-time. 

There are two main approaches in performing such pattern classification; namely: implementing a 

rule-based system, or training an artificial neural network (ANN) [6, 7] to undertake the 

classification task. Classification by a rule-based system involves a detailed analysis of all types 

of audio signal to be classified, followed by an algorithmic description of their detection. Whilst it 

is easy to verbally classify a sound as, for example, a siren, rule based classification is 

problematic since there are countless variants of siren. The rules must encompass all of these, and 

be built through subjective human decisions based on analysis of the set of these. ANN, on the 

other hand, can learn on the basis of available data, and provide an objective view of the problem. 

It boils down to collecting an audio recording of each supported siren type and train a suitable 

network. 

There has been growing interest in the use of ANNs for audio recognition in the past few years 

[198-202]. In Ting's work [197], three types of ANN are evaluated; they are the common 

Multilayer Perceptron Network (MLP) [21], the Gaussian Radial Basis Function Network 

(GRBF) [203] and the Falcon-MART Fuzzy Neural Network [87]. Nonetheless, it is obvious that 

the crucial consideration in real time embedded algorithms is the computational complexity. 

Many complex neural networks are unsuitable for real time implementation due to the extensive 

use of computations such as division, sine, cosine, square root and so on. In contrast, the proposed 

TSK°-FCMAC and TSK'-FCMAC appear to meet such criteria by employing crisp value or a 
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linear combination of input variables in the consequents. An investigation on the possibility of 

applying the proposed architectures in embedded audio detection system has been conducted. 

Together with the three ANNs reported in [197], comparisons on the performance in terms of 

classification ratio, training time and recall time are presented in this chapter. 

Figure 8-1 shows a block diagram overview of the whole system. The basic hardware consists of 

a microprocessor (a 32-bits Intel SA1110 operating at 220 MHz and running Linux kernel 2.4.18), 

a microphone with ADC, an LCD display and a miniature vibration device. Captured audio is 

passed into the microprocessor in pulse coded modulation (PCM) format. This signal vector is 

then segmented and features are extracted and passed into an ANN for classification. The 

classification output informs a decision-making unit which averages results over time, determines 

information to be displayed on the LCD, and trigger the vibration device to alert the user. 

Figure 8-1: System Overview for Embedded Audio Classification 

8.2. Experiments 

8.2.1. Audio Format 

The audio data set for both training and testing consists of 120 files representing six audio 

categories (fire alarm, glass breaking, horn, phone ring, siren and speech). These offline data 

comprises approximately 38 minutes of audio. They are represented in single-channel 8-bit PCM 

format. For real-time classification, preprocessing and feature extraction using simple arithmetic 

are utilized in the experiment to reduce storage requirements and processing time. A 

representative group of audio features are also identified from a larger set of tested methods. 
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The selection of a minimum number of significant attributes from the audio signals is critical for 

real time applications to minimize processing. Feature extraction transforms an N-entry 

measurement to an M-vector of features where M < N. It thereby: 

1. Reduces storage requirements. 

2. Reduces data bandwidth and thus processing time. 

3. Provides a reduced form which is more representative of the items of interest; thus 

improving the generalization process. 

As a result, algorithms for features extraction must not be too computationally complex. 

Operations such as square root, logarithm, sine, cosine, tangent and exponential should be 

minimized or preferably completely eliminated. Obviously the wanted information should be 

preserved during the feature extraction process since a successful classification depends strongly 

on the ability to identify key features for each audio type to be classified. 

On the other hand, to support real time classification of audio signals, classification decision must 

be available within a short period, preferably comparable to the human response speed. For block-

based audio features (i.e. ones that provide a single output score for a frame of fixed input audio 

size), feature output time is the collection time plus processing time. Collection time is needed to 

fill an analysis frame (a block of fixed-length audio signal to undergo feature extraction), and 

processing time depends upon the time taken to perform feature extraction plus the ANN recall 

speed. In order to capture important audio features that may straddle the boundary of successive 

frames, the analysis frames are overlapped by 50%, and frame size is set to 128 samples (a power 

of two is chosen to aid in the Fourier transform efficiency [204] that will be used as the basis for 

several candidate features). 

8.2.2. Feature Selection 

As mentioned in section 8.2.1, the audio signal is first segmented into fixed size overlapping 

frames. Each frame is then processed and analyzed in one of several ways to provide a vector of 

output features describing each frame. The full candidate vector consists often different measures 

of the content of the audio in the frame as shown in the following: 
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1.ZCR 3. Average Energy 5. Peakl 7. Peak3 9. Std1 

2. AMDF 4. Variance 6. Peak2 8. Centroid 10. Std2 

Ting [197] proposed a feature selection method and selected four of the features: ZCR, Average 

Energy, Centroid and Std 1. Quah [ 126] conducted an extensive feature selection on the same data 

set with several feature selection method; namely: 1) FOCUS [205], 2) Relief [206, 207], 3) 

Correlation-based feature selection (CFS) [208, 209], 4) RReliefF [210] and, 5) MCES [126]. 

Nonetheless, in this experiment, features selected in [197] will be employed. 

8.2.3. Evaluation Terms 

A given testing pattern is considered successfully classified when the output value of the desired 

entity (e.g. neuron in the output layer) is the maximum among its peers. The classification ratio is 

defined as the ratio of successful classification against the total number of testing patterns. 

The training of neural networks can be classified into three ways: 

• Positive Training: providing only the positive patterns (patterns that the networks are 

trained to accept) into the network during the training process. Hence, the network will 

only be trained to recognize positive patterns without consideration of negative patterns. 

For example, a single output network may be trained to output " 1 " for pattern 

A = {Ai,A2,...,AN]. 

• Negative Training: negative patterns that the networks are trained to reject. For example, 

a single output network may be trained to output "0" for pattern B = {/?,, B2,..., BN } . 

• Positive and Negative Training: providing both the positive and negative patterns into the 

network during the training process. In this training mode, the network is trained to 

recognize both types of patterns and to give the correct output accordingly. For example, 

a single output network is trained to output " 1 " for pattern A = [Ai,A2,...,AN] and 

output "0" for pattern B = {Bl, B2,..., BN } . 

The ability of trained networks can be assessed in two ways: 
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• Memory Recall: the ability of a network to memorize what has been trained previously. 

The data sets used for training and testing will be identical. During testing, the network 

must simply respond to test patterns that it has already been trained to recognize. 

• Generalization: the ability of the network to generalize a larger amount of data from a 

smaller training set. In this case the testing data set differs from the training data set, with 

the assumption that the training data is at least representative of the testing data. 

Once training of a network is completed, the results generated from either a memory recall or 

generalization test can be classified into four categories: 

• TA: true acceptance measures the ability of a network to output a correct result when a 

positive pattern is passed into the network. 

• TR: true rejection measures the ability of a network to output a correct negative result, 

thus rejecting a negative pattern which is passed into the network. 

• FA: false acceptance measures the error of the network in failing to reject negative 

patterns. 

• FR: false rejection measures the error of the network in rejecting positive patterns. 

FR and FA are defined as type I and type II error rates respectively in [211], with the relation 

among the four categories being given as follow: 

TA + FR = 100% 
(164) 

TR + FA = 100% 

8.3. Results and Discussion 

The performances of the individual networks will be evaluated from two aspects, the 

classification ratio and computational time requirement. The results are presented in the following 

section. 

8.3.1. Classification Ratio 

This section evaluates the classification ratio on five different networks, MLP, GRBF and Falcon-

MART, TSK°-FCMAC and TSK'-FCMAC. The data sets used in the evaluation are based on the 
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four selected features (ZCR, Average Energy, Centroid and Stdl). Figure 8-2 shows two 

arrangements of neural network used in this section. The networks are trained in three modes; 

namely: 

• Model I: Single output network (refer to Fig 8-2(a)) with positive training. This uses 90 

sets of experimental data, each consisting of 400 positive training patterns and 400 testing 

patterns. 

• Model II: Single output network (refer to Fig 8-2(a)) with both positive and negative 

training. This uses 50 sets of experimental data, each consisting of 400 positive patterns, 

400 negative patterns and 400 testing patterns. 

• Model III: Double output network (refer to Fig 8-2(b)) with both positive and negative 

training. This uses 100 sets of experimental data, each consisting of 400 positive patterns, 

400 negative patterns and 400 testing patterns, in a similar arrangement to model II. 

• 

• 

Neural 
Networks 

0/1 

1/0 
• 

Neural 
Networks 

0/1 

(») (b) 

Figure 8-2: A Simple Representation of ANN. (a) Single Output, (b) Double Outputs 

Results from the experiment, in terms of classification ability for both true acceptance (TA) and 

true rejection (TR) are shown in Table 8-1 (for memory recall) and Table 8-2 (for generalization). 

Results from Model I show that all networks perform very well TA under positive training. 

However, the TR for all networks are below 20%, showing that by only using positive training, 

the network is susceptible to misclassification of negative patterns. Take note that Model I is not 

supported by the Falcon-MART architecture, which requires both positive and negative training. 

In Model II and III, although the performances in TA for Falcon-MART are the lowest among all 

networks, it is compensated by its superior results in TR which is highest among all networks in 

all cases. In the experiments for Model II, TR for all networks increase significantly from the 

range of 0-20% to 56.14-70.38%. This increment shows that negative training plays an important 

role in the training process of the network. 
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It can also be noted that the results for MLP, GRBF, TSK°-FCMAC and TSK'-FCMAC are 

comparable, with MLP and TSK'-FCMAC perform slightly better than GRBF and TSK°-FCMAC 

in terms of TA. In term of memory recall, TSK'-FCMAC shows exceptional well performance in 

all cases by achieving classification ratio of more than 97% in both TA and TR (as tabulated in 

the last row of Table 8-1). Both the proposed architectures, TSK°-FCMAC and TSK'-FCMAC 

perform well in all cases and the results are comparable with conventional neural networks in 

terms of memory recall and generalization ability. 

Table 8-1: Tabulated Classification Ratio (For Memory Recall) 

Network Type 

MLP 

GRBF 

Falcon-MART 

TSK°-FCMAC 

TSK1-FCMAC 

Model I 

TA (%) 

100.00 

100.00 

-

100.00 

100.00 

TR (%) 

-

-

-

-

-

Model II 

TA (%) 

94.57 

91.97 

70.30 

93.92 

97.21 

TR (%) 

97.51 

97.46 

100.00 

98.60 

97.61 

Model III 

TA (%) 

94.67 

90.42 

70.30 

93.97 

97.36 

TR (%) 

97.70 

95.77 

100.00 

98.60 

97.36 

Table 8-2: Tabulated Classification Ratio (For Generalization) 

Network Type 

MLP 

GRBF 

Falcon-MART 

TSK°-FCMAC 

TSK1-FCMAC 

Model I 

TA (%) 

97.78 

82.22 

-

98.42 

100.00 

TR (%) 

5.00 

20.00 

-

0.17 

0.00 

Model II 

TA (%) 

76.93 

68.15 

61.36 

64.11 

70.62 

TR (%) 

56.14 

67.43 

70.38 

62.04 

65.45 

Model III 

TA (%) 

76.40 

71.99 

61.36 

67.61 

72.43 

TR (%) 

58.84 

55.37 

70.22 

55.66 

63.97 

8.3.2. Computational Time Requirement 

The experiments discussed in this section attempt to investigate the computational time 

requirements for all five networks. The networks are evaluated from two perspectives; namely: 

training time and recall time. The maximum iteration for both MLP and GRBF networks was 

fixed at 2000 iterations with 4 input layer neurons, 20 hidden layer neurons. This does not apply 
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to Falcon-MART which creates new nodes during the training process. For Falcon-MART, 

different training patterns will lead to a different number of nodes after the training process. It is 

important to take note that the ratio shown in the following analysis will vary when the maximum 

number of iterations for MLP and GRBF is changed. 

The specifications for the system to conduct this experiment are listed as follows: 

• Intel Core ™ Duo CPU, E6750 @ 2.66 GHz 

• 2.66 GHz, 3.00 GB of RAM 

• Window XP Professional version 2002, service pack 2 

• Microsoft Visual C++ version 6.0 

The training data consists of 100 sets; each set has 4017 training patterns from 2 different 

categories of audio types. The values of average, maximum, minimum and standard deviation of 

the training time requirements are tabulated in Table 8-3. It can be observed that both Falcon-

MART and TSK°-FCMAC require minimal amount of training time, while the TSK'-FCMAC 

requires the most training time due to its complex learning algorithm. 

Table 8-4 shows the tabulated results for recall time for all five networks. The recall time is 

defined as the time required to perform a single recall. GRBF requires a recall time of 179.2us 

which is quite high compared to other networks. MLP's recall time is the lowest due to the 

straightforward computation in the activation function for each neuron. An interesting observation 

shown in Table 8-4 is that the recall time of a more complex TSK'-FCMAC is in fact lower than 

that of TSK°-FCMAC. It is known that a TSK'-FCMAC network employs linear combination of 

input parameters in its consequents and a TSK°-FCMAC network employs a much simpler crisp 

value. The main reason of a lower recall time is that although TSK'-FCMAC is more complex 

than its predecessor in the consequents, it requires a lesser number of fuzzy rules in die 

antecedents to achieve the same precision. In the experiment mentioned in 8.3.1, TSK'-FCMAC 

created two to three membership functions for each input while TSK°-FCMAC created four to six 

membership functions to achieve comparable classification ratio. Considering a four inputs 
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network, this difference could contribute to different network size (equivalent to number of fuzzy 

rules created) as high as 81 versus 1296 (34 versus 64). 

Table 8-3: Tabulated Training Time (Average, Maximum, Minimum and Standard 
Deviation) 

Network Type 

MLP 

GRBF 

Falcon-MART 

TSK°-FCMAC 

TSK1-FCMAC 

Training Time (s) 

Ave 

209.26 

47.17 

6.05 

6.22 

626.66 

Max 

233.35 

50.22 

9.22 

9.28 

2526.47 

Min 

179.63 

43.06 

3.36 

4.00 

119.96 

Stdev 

18.67 

1.61 

1.76 

1.08 

494.02 

Table 8-4: Tabulated Recall Time (Average, Maximum, Minimum and Standard Deviation) 

Network Type 

MLP 

GRBF 

Falcon-MART 

TSK°-FCMAC 

TSK1-FCMAC 

Recall Time (ps) 

Ave 

24.67 

179.20 

35.21 

62.50 

51.58 

Max 

31.12 

225.54 

42.82 

81.65 

73.94 

Min 

19.42 

108.79 

31.12 

50.54 

38.83 

Stdev 

2.37 

19.85 

1.50 

6.12 

6.79 

8.4. Summary 

This chapter investigates the possible application of the proposed architectures on embedded 

audio detection system. The system could be downloaded to a miniature device that could be used 

as an assistive device for the hearing impaired and inform its user of emergency signals such as 

fire alarms and sirens through LCD display or vibration alert. The proposed architectures are 

evaluated in terms of classification ratio and computational time requirement together with three 

other conventional networks; namely: MLP, GRBF and Falcon-MART. 
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In terms of classification ratio, the results from TSK°-FCMAC and TSK'-FCMAC are 

comparable with the conventional networks while TSK'-FCMAC shows exceptional better 

performance in memory recall. In terms of computational time requirement, TSK -FCMAC and 

TSK'-FCMAC achieve satisfactory recall time at an average of 62.5ns and 51.58us respectively. 

However, the training time required by the TSK'-FCMAC network is high compared to the other 

networks. Nonetheless, after taking into consideration that the embedded device does not require 

online training capability, TSK'-FCMAC appears to provide excellent classification ratio with 

reasonable amount of recall time and is suitable for implementation of embedded audio detection 

software. 
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Chapter 9 Conclusions and Recommendations 

9.1. Conclusions 

This thesis focused on the development of a synergy between artificial neural networks and fuzzy 

systems. It aims to combine their individual advantages and at the same time, complement the 

shortcomings of one another. This thesis can be summarized as: 

• A new class of CMAC, referred to as TSK -FCMAC (a localized self-organizing zero-

ordered Takagi-Sugeno-Kang fuzzy inference system based on the CMAC structure) is 

proposed in Chapter 3. The structures and learning algorithm of the proposed architecture 

are described in details. The quantization problems faced by numerous CMAC networks 

are partially resolved by the use of a novel clustering technique, Discrete Incremental 

Clustering (DIC) [90]. TSK°-FCMAC employs a two-phase training algorithm. The rigid 

memory structure of conventional CMAC network is replaced with DIC technique. This 

technique enables the CMAC network to grow without prior knowledge of the number of 

clusters. In addition, fuzzy inference model has been successfully incorporated into the 

CMAC networks whereby fuzzy rules could be generated to interpret the operation of the 

network. TSK°-FCMAC can now be implemented to model many real world problems 

with greater semantics and ease. The ability of TSK°-FCMAC has been demonstrated 

through applications on three benchmarking case studies. In section 3.5.1, the adaptive 

ability of TSK°-FCMAC has been highlighted through application in the inverted 

pendulum problem. Moreover, the inherent ability of the TSK°-FCMAC to perform rule 

extraction has been demonstrated in section 3.5.2 with Fisher's Iris classification [88]. In 

section 3.5.3, TSK°-FCMAC has been applied to solve a well-known regression problem; 

namely the Mackey-Glass time series prediction [89]. In general, TSK°-FCMAC has 

demonstrated outstanding performance in solving problem from different areas. 

• In Chapter 4, an investigation into the convergence characteristic of TSK°-FCMAC has 

been rigorously undertaken. The investigation starts by formulating the mathematical 

representation of the TSK°-FCMAC architecture, followed by the proper definition of the 
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difference of memory contents between consecutive iterations. This difference has been 

proven to approach zero if the learning parameter, X, is limited between zero and two. 

This leads to the conclusion that the convergence characteristic of TSK°-FCMAC holds 

when the learning parameter is between zero and two. The mathematical formulation 

presented in this chapter provides a strong foundation for further investigation on the 

convergence characteristic of fuzzy CMACs with similar fuzzy inference scheme. 

• An extension of the proposed CMAC, TSK'-FCMAC (based on the first-ordered Takagi-

Sugeno-Kang fuzzy inference system), is proposed in Chapter 5. This extension aims to 

improve the precision of its predecessor. The architecture and learning algorithm of 

TSK'-FCMAC are presented in section 5.2. In contrast to its predecessor, TSK'-FCMAC 

is designed to achieve a higher performance in terms of precision. Instead of using a 

single crisp value, the consequent of TSK'-FCMAC is represented by a linear function of 

input parameters. In section 5.3.1, TSK'-FCMAC has been applied to perform function 

approximation for sinusoidal function and surface. The improvement of TSK'-FCMAC 

over its predecessor has been evaluated from the aspect of precision. An investigation 

over memory requirement and training time requirement for both architectures has also 

been appraised. TSK'-FCMAC has been shown to produce excellent precision at the 

expense of a higher computational complexity. In section 5.3.2, TSK'-FCMAC has been 

applied to predict the fuel consumption for different type of automobile in the MPG 

(miles per gallon) prediction [125]. A simple feature selection method has been conducted 

with the proposed architectures. The results has been found to be comparable to existing 

feature selection methods proposed by Quah [126] and Jang [127]. In section 5.3.3, TSK'-

FCMAC has been applied to the two-spiral classification problem [128]. This problem is 

highly segmented in the input space. Given adequate training samples, TSK'-FCMAC has 

been shown to model the two-spiral classification problem with higher precision and 

fewer numbers of fuzzy if-then rules as compared to TSK°-FCMAC. As a summary, the 

case studies conducted in section 5.3 have shown that TSK'-FCMAC is an excellent 

alternative over its predecessor in solving problem that emphasize on precision. 
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• Chapter 6 presents a case study for diabetic treatment using TSK°-FCMAC. The proposed 

system, a personalized drug delivery system, is able to capture the glucose-insulin 

dynamics of individuals under different dietary profiles. Without prior knowledge of 

disturbance (i.e. meal announcement), preliminary simulation results show that the 

proposed system is able to effectively adapt to both intra and inter-patient variations. 

Moreover, the design of the proposed system follows closely to what is available in real 

life and is suitable for animal and clinical pilot testing in the near future. 

• Chapter 7 presents a case study on the open channel routing of an outdoor experimental 

plot set up at Nanyang Technological University, Singapore. TSK°-FCMAC has been 

successfully applied in predicting the hydrographs at the end of the channel through 

monitored rainfall events. The performance of the proposed architecture is evaluated with 

the prediction results from the kinematic wave model, a conventional approach in 

hydroinformatics. Experiment in section 7.3 shows that the TSK°-FCMAC network is 

able to achieve outstanding results as compared to that produced by the kinematic wave 

model. 

• Chapter 8 investigates the possible application of both TSK°-FCMAC and TSK'-FCMAC 

on embedded audio detection. The proposed architectures are evaluated in terms of 

classification ratio and computational time requirement together with three other 

conventional networks; namely: MLP, GRBF and Falcon-MART. After taking into 

consideration that the embedded device does not require online training capability, TSK'-

FCMAC has been shown to provide excellent classification ratio with reasonable amount 

of recall time and is suitable for the implementation of an embedded audio detection 

software. 

The research efforts and achievements of this thesis are tabulated in Table 9-1. 
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Table 9-1: A Summary of Research Efforts and Achievements in this Thesis 

Contributions 

Structural 
Improvements 

Theoretical 
Contributions 

Application 
Case Studies 

Part 

(a) 

(b) 

(c) 

(d) 

(e) 

(f) 

(g) 

(h) 

(i) 

Existing 
Systems 

MLP/CMAC 

Fuzzy 
systems 

MLP 

CMAC 

TSK°-FCMAC 

TSK°-FCMAC 

-

-

-

Issues/Problems 

Black box operation 

Manual tuning of system 
parameters 

Globalized learning, offline 
training 

Predefined structure, 
quantization problem, 

memory utilization problem 

Convergence characteristic 

Requirement for higher 
precision 

Personalized drug delivery 
system - a diabetic 

treatment without meal 
announcement 

Rainfall runoff prediction 

Audio detection problem 

Proposed 
Models/Algorithms 

TSK fuzzy inference 
scheme 

Two-phase learning 
algorithm based on 
the CMAC structure 

Discrete Incremental 
Clustering technique 

Mathematical 
formulation and 
theoretical proof 
Higher order TSK 
fuzzy inference 

scheme 

TSK°-FCMAC 

TSK°-FCMAC 

TSK°-FCMAC & 
TSK1-FCMAC 

Presented 
in Section 

Section 3.2 

Section 3.3 

Section 3.4 

Section 4.3 

Section 5.2 

Section 6 

Section 7 

Section 8 

The research efforts and achievements are highlighted from three aspects: 

• Structural Improvements: In part (a) (refer to 2nd column in Table 9-1), the conventional 

CMAC network has been successfully transformed into a white box. This is achieved by 

incorporating the Takagi-Sugeno-Kang (TSK) fuzzy inference system into the CMAC 

structure. In parts (b) and (c), a two-phase learning algorithm is proposed to tune the 

system parameters systematically. Moreover, the online training is localized based on the 

CMAC structure. In part (d), the rigid memory structure of conventional CMAC network 

is replaced with Discrete Incremental Clustering (DIC) technique. In addition, the 

quantization and memory utilization problems are partially resolved with DIC technique. 

• Theoretical Contributions: In part (e), the convergence characteristic of the proposed 

TSK°-FCMAC is established and it provides a strong foundation for further investigation 

on the convergence characteristic of fuzzy CMAC with similar fuzzy inference scheme. 

In part (f), an implementation of higher order TSK fuzzy inference scheme, the TSK1-
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FCMAC architecture is proposed. This extension emphasizes on achieving higher 

precision and provides an excellent alternative over its predecessor. 

• Application Case Studies: In parts (g)-(i), the proposed neuro-fuzzy inference systems 

have been successfully applied in real life applications of three different areas; namely: 1) 

personalized drug delivery system (control), 2) rainfall runoff (regression) and, 3) 

embedded audio detection (classification). 

To conclude, the research achievements in this thesis concur with the research objectives 

highlighted in Figure 1-1. 

9.2. Recommendations 

This work presents the development of a neuro-fuzzy system. Although both theoretical 

foundation and empirical case-studies for the proposed architectures have shown promising 

results, some further investigations can still be pursued: 

• Multilayer Structure: The organization of the proposed TSK°-FCMAC and TSK1-

FCMAC are based on the structure of a single-layer CMAC. The fuzzification of the 

single-layer CMAC minimizes the requirement on the resolution in the input space. 

However, for problems that require higher precision, increasing the resolution of the input 

space alone may not be a favorable solution. Therefore, a structure with multiple layers 

provides an alternative solution. An example for a two-layer structure TSK°-FCMAC is 

shown in Figure 9-1. In this example, eight fuzzy if-then rules are activated for input x' 

and y' . This will effectively improve the generalization ability by distributing the 

activation effort to eight fuzzy if-then rules than the original four in the case of single-

layer structure (refer to Figure 3-2 of Chapter 3). Nevertheless, an in-depth study is 

needed to investigate the influence to the existing learning algorithm. 
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Figure 9-1: Structure of a 2-input TSK-FCMAC with Multiple Layers 

Complex Membership Function: The antecedents in the proposed architectures employed 

triangular and trapezoidal membership functions for simplicity and computational 

efficiency. It is known that Gaussian or bell-shaped membership functions produce a 

smoother approximation in the input space. However, higher computational power is 

required. With the advancement in technology, computational speed of computer has been 

significantly improved. The use of complex membership function will not have great 

impact on the time complexity. Therefore, a feasibility study on the implementation of 

complex membership function to generate smoother approximation will be a potential 

direction. 

Momentum Learning: Results from case-studies in section 3.5 show that the proposed 

architecture requires a small number of training epochs. To further improve the rate of 
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learning, an inertia or momentum term can be included in the learning algorithm. This 

will involve adding a fraction of the previous weight change to the current weight change 

to speed up the learning process. 

• Neighborhood Learning: A CMAC network can be described in general terms as 

"functions with similar outputs for similar inputs" [34] or "input vectors that are close in 

the input space will give outputs that are close" [35]. This enthuse a feasible investigation 

on the use of neighborhood learning. This modification on the learning process will 

effectively distribute the activation effort into neighboring cells and enhance the 

generalization ability of the network. 

• Other applications: The proposed architectures have been successfully applied in real-life 

case studies from three domains. They are: 1) personalized drug delivery system 

(control), 2) rainfall runoff (regression) and, 3) embedded audio detection (classification). 

In the domain of diabetic treatment, application could be further extended to life animal 

subject treatment as a second step. The goal will eventually lead to an alternative diabetic 

treatment for human subject. In additional, results from the case-studies (Chapter 6 to 

Chapter 8) suggest that the proposed architectures are also applicable for solving 

problems in different domains. Some possible applications include: financial analysis, 

actuarial risk analysis or autonomous vehicle control. Researchers are actively involved in 

applying neuro-fuzzy system into these applications and the proposed architectures may 

provide a plausible alternative. 
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