
CHAPTER 2 

ANFIS: 
Adaptive Neuro-Fuzzy 

Inference Systems 

2.1 Neuro-Fuzzy Hybrid Systems 

Neuro-Fuzzy refers to hybrids of artificial neural networks and fuzzy logic. 

Hybridization of neuro-fuzzy results in a hybrid intelligent system that synergizes 

these two techniques by combining the human-like reasoning style of fuzzy systems 

with the learning and adaptive structure of neural networks. Neuro-fuzzy 

hybridization is widely termed as Fuzzy Neural Network (FNN) or Neuro-Fuzzy 

System (NFS) in the literature. Neuro-fuzzy system incorporates the human-like 

reasoning style of fuzzy systems through the use of fuzzy sets and a linguistic model 

consisting of a set of IF-THEN rules. The adaptive or learning capability comes from 

the strength of Neural Networks. One of the well known examples is ANFIS. 

2.2 Fuzzy logic 

In the Fuzzy Set Theory, if X is a collection of objects and denoted generally 

asx , i.e., x e l , then X is referred to as the universe of discourse or simply as the 

universe. I m a y consist of discrete objects or continuous space. Then a fuzzy set A 

can be defined as, 

where /uA(x) is called the membership function for the fuzzy set A . The 

membership function maps each element of X to a membership grade between 0 and 

1, i.e. 

A = {(x,/Ua(X))\X&X}, (1) 

MA{X):X^[ 0,1], 



A fuzzy set is completely characterized by its membership function. There are a 

various classes of membership functions and are usually parameterized. In the 

following study of the ANFIS controller, the Gaussian membership function has been 

used [12]. 

A linguistic variable serves to summarize information and express it in terms of 

fuzzy sets instead of crisp numbers. This looks as an alternative approach to modeling 

human thinking. A fuzzy if-then rule assumes the form: 

If x is A then y is B , 

where A and B are linguistic variables. Often "x is A" is called the antecedent or 

premise and "y is B " is called the consequence or conclusion. 

Defuzzification is referred to as the way of extracting a crisp value from a fuzzy 

set as a representative value. In the Takagi-Sugeno type fuzzy model, which is the 

type being used in the ANFIS neuro-fuzzy controller, has the form 

If x is A and y is B then z = f ( x , y ) , 

where A and B are fuzzy sets in the antecedent, while z = / ( x , y) is a crisp function 

in the consequent [12]. 

2.3 Artificial Neural Networks 

An artificial neural network is a data processing system consisting of a larger 

number of simple, highly interconnected processing elements (neurons) in an inspired 

architecture. These processing elements are usually organized into a sequence of 

layers. Each of the connections between neurons has an adjustable weight. 

Neural networks perform two major functions: learning and recall. Learning is 

the process of adapting the connection weights in an artificial neural network to 

produce the desired output. Recall is the process of accepting an input stimulus and 

producing an output response in accordance with the network weight structure. There 

are a number of training algorithms for the artificial neural networks. The feedforward 

neural networks operate in a simple straightforward manner. However, when there are 

feedback connections, either between neurons in the same layer or from the layer to 

an earlier layer, the process is much more complicated [25], 
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2.4 ANFIS Networks and Control 

ANFIS is a hybrid neuro-fuzzy controller system. In other words, ANFIS 

belongs to a class of adaptive networks that are functionally equivalent to fuzzy 

inference systems. 

Fig. 1 ANFIS controller common structure used for the control of braking and steering where Xj, 

x2, x3, and x4 are CollisionCondition, RelativeDistance, MSSwitch, and SafetySpeedLimit (for 

braking control)/SleerDirection (for steering control), respectively 

The Adaptive Neuro-Fuzzy Inference System (ANFIS) architecture of linear 

Takagi-Sugeno type has been adopted in the main controller synthesis of this study. 

Two ANFIS systems are used: one for braking control and the other for steering 

control. ANFIS controller is a very effective neuro-fuzzy 'hybrid' scheme based on a 

fuzzy inference system framework with adaptive network functionality. The main 

advantage of using an ANFIS is that it enhances fuzzy controllers with self-learning 

capability for achieving the control objectives with near optimality. 

ANFIS is a multilayer feed-forward network. The controller structure both 

common to the braking controller and the steering controller is shown in Fig. 1. There 

are 4 input variables and one output as characteristic of the general ANFIS. 

Here, each node performs a particular function on incoming signals. That 

functional aspect is characterized with a set of parameters pertaining to each node. 
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The square nodes, which are commonly referred to as adaptive nodes, have 

parameters while the circular nodes (fixed nodes) have none. The collection of 

adaptive parameters is referred to as the parameter set of the adaptive network. To 

given training data. 

Let the output of the / th node in layer / be O,,. The ANFIS architecture 

adopted here consists of 5 layers in its construction as shown in Fig. 1. 

Layer 1: Every node i in this layer is an adaptive node and has the node function 

where xk\k = 1,-• • ,4 is the input to node i and Ai is the linguistic label associated 

with this node. We use Gaussian membership functions (MFs). Therefore 

where {c, a } is the parameter set with c and a, respectively, representing the center 

and the width of the MF. Parameters in this layer are referred to as the premise 

parameters. 

Layer 2: Every node in this layer labeled as n is a fixed node whose output is the 

product of all incoming signals given by, 

achieve the desired input-output mapping, these parameters are updated with the 

Ou = Ma, (**) (3) 

(4) 

°2,i = w, = Ma, O i)Mb„ (x2)Mcin ( X ) (5) 

i= 1, 2,..., 54; j,k,m = 1, 2, 3; n=1,2. 

The node output represents the firing strength of the rule. 

12 



Layer 3: Every node in this layer is a fixed node labeled N. The z'th node calculates 

the ratio of the z'th rule's firing strength to the sum of all rules' firing strengths given 

by 

w 

03i=w, = z'= 1,2,.. . , 54. (6) 

i 

The outputs of this layer are the normalized firing strengths. 

Layer 4: Every node z in this layer is an adaptive node with a node function 

°4 j = = (p,x, + g,x2 + r,x3 + stx, + Z,) (7) 

where wt is the normalized firing strength from layer 3, z = 1, 2, ..., 54, and 

{ pi,qi,ri,si,ti} is the parameter set of this node. Parameters in this layer are referred 

to as consequent parameters. 

Layer 5: The single node in this layer is a fixed node labeled Z , which computes the 

overall output as the sum of all incoming signals given by 

O,, = £ * , / = ( 8 ) 

Here in this study, ANFIS is used with the effective hybrid learning rule. With 

this learning algorithm, node outputs go forward until level 4 and the consequent 

parameters are identified by the least squares method. In the backward pass, the error 

signals propagate backwards and premise parameters are updated by gradient decent. 

This hybrid approach converges much faster than the original pure back-propagation 

method because the latter reduces the search space dimensions [12]. 
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2.4.1 Hybrid Learning Algorithm 

The hybrid learning algorithm, consisting of Least Squares Method for the 

forward passing and the Gradient Decent Method for the back propagation, is used to 

train the ANFIS. There are several ways of combining gradient decent method and the 

least-square method. 

2.4.1.1 Least Squares Method 

Using the matrix notation, the set of equations obtained from the regression 

function substituting training data pairs can be written as, 

A0 = y, (9) 

where, A is an mxn matrix, consisting of the known functions of the input 

data, 0 being nx 1 unknown parameter vector, and the y being the mxl output 

vector. 

Equations (9) can be modified incorporating an error vector e : 

AG + e = y (10) 

The sum of squared error can be defined by, 
m 

m = I U - = ere = (y - AG)r (y - AG) (11) 
;=i 

The above squared error minimized for certain G will give as an estimator. The 

root mean square error is straightforward to obtain from the equation (11). 
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2.4.1.2 Gradient Decent Method 

The gradient-based optimization techniques are capable of determining search 

directions according to an objective function's derivative information. Here, a real-

valued objective function E is defined on an »-dimensional input space, 

0 = [#,,#,,.. . , # J r • Finding a minimum point 0 = 0* that minimizes £"(0) is of 

primary concern. In the iterative decent methods, the next point 0A+I is determined by 

a step down from the current point 0^ in the direction vector d: 

e*+ i=e*+>7A (&=i,2,3,...), (12) 

where tj is the learning rate, rj is determined by line search methods. 

The next point should satisfy the following inequality: 

E(QkJ = E(Qk+r1d)<E(Qk). ( 13 ) 

The direction d is determined on the basis of the gradient of an objective function E. 

2.5 Summary 

In this chapter, the Adaptive Neuro-Fuzzy Inference System (ANFIS) is 

comprehensively explained in step-by-step manner. The learning algorithms of 

ANFIS, i.e., least squares method and the gradient decent method, have also been 

discussed here. 
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