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ABSTRACT 

 In communication systems noise along the path or in the medium can be reduced by using 

adaptive channel equalizer. The data rate over these channels is limited mainly by Inter Symbol 

Interference (ISI) [8]. Therefore noise can be reduced with the help of adaptive equalizer. 

Channel equalization is fundamental to modern digital communication systems. It is used to deal 

with channel noise, channel distortion, multipath problems, and multi-user inference. Examples 

can be found in consumer areas such as digital TV and persona; communication systems, where 

various equalizers are used to increase the signal to noise ratio of an incoming signal and/or to 

reduce the bit error rate. The researcher has proposed efficient utilization of the ANFIS 

architecture, its training and implementation in decision directed mode. For given SNR, BER is 

independent of frame length . 
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INTRODUCTION 

The most commonly-used fuzzy systems are the Mamdani-type and Takagi–Sugeno type, 

also known as Takagi–Sugeno–Kang type [4]. Adaptive neuro-fuzzy inference system (ANFIS) 

uses a hybrid learning algorithm to identify parameters of Sugeno-type fuzzy inference systems. 

To emulate a given training data set uses a combination of the least-squares method and the back 

propagation gradient descent method. ANFIS is a combination of both neural networks and fuzzy 

logic principles. It has ability to capture the properties of both in a single framework. ANFIS 

supports Sugeno-type systems and have the following properties: 1) Be first or zeroth order 

Sugeno-type systems 2) Have a single output, obtained using weighted average defuzzification. 

All output membership functions must be the same type and either linear or constant 3) Have no 

rule sharing. Different rules cannot share the same output membership function, namely the 

number of output membership functions must be equal to the number of rules 4) Have unity 

weight for each rule. 

 

STRUCTURE OF THE NEURAL NETWORK 

Neural networks are constructed in a three dimensional way from minute components, 

namely neurons (practically capable of unlimited interconnections). Artificial neural networks 

are the combination of interconnected artificial neurons layers.  

 

 



International Journal of Advanced Scientific and Technical Research                  Issue 3 volume 2, March-April 2013          

Available online on   http://www.rspublication.com/ijst/index.html                                                     ISSN 2249-9954 

 Page 372 
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Output to user program 

Fig.1 Structure of the neural network 

Layer 1: It involves neurons that receive information from external environment. 

Layer 2: The second layer is hidden layer. There is no limit to the number of neurons in hidden 

layer. However, through experimentation it has been discovered that one layer is usually 

sufficient. The method to find the number of neurons required in a hidden layer is described by 

Timothy Masters, he states that “The required number of artificial neurons in the hidden layer is 

not immediately apparent, but is normally near the square root of the product of the number of 

input nodes multiplied by a number of output nodes [12]. The function of the hidden layer is to 

obtain a certain condition that the user specifies.  

Layer 3: It is output layer gives weighted sum at the output.  Every neuron in a neural network 

has the opportunity to affect processing.  

In a network, neurons communicate with one another. Some artificial neurons have few 

connections, but neurons of one layer are always connected to neurons on another layer. A neural 

network can either be seen as a hierarchal system or resonance system. In a hierarchal system 

"lower" level neurons can only communicate with neurons on a "higher" level. The neurons on 

the higher level are not allowed to communicate their outputs with lower level neurons. In a 

resonance structure communication is allowed in both directions. There are several types of 

inter-layer connections i.e. connections between different layers [12]. 

Fully connected: A neuron of a first layer is always connected to a neuron of the next layer. 

Partially connected neurons: It is not necessary that neurons of the first layer always have to be 

connected with neurons of another layer.  

Feed forward: Neurons present on any layer are only allowed to send their results or outputs to 

neurons present on a higher level. But the higher level neurons are not allowed to communicate 

their results with the lower level neurons. 

Bidirectional: Backward and forward communication is allowed with each layer neurons. In 

Intra-layer connections, neurons connected to one another within the same layer may either be 

classified as being a) Recurrent or b) On-center/off-surround. 

Neurons within a current connection communicate their outputs with one another until a 

satisfactory result has been achieved. Neurons with an on-center/off-surround connection cluster 

together in competitive groupings. The grouping that obtains an active output wins, and is 

allowed to update other groupings. Their output signal may only then be passed onto different 

layers. 
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ANFIS ARCHITECTURE 

Fuzzy logic is the form of many valued logic. Comparing with traditional binary sets, fuzzy 

logic variables may have a truth value which ranges in degree between 0 and 1. Fuzzy logic also 

has been extended to handle the concepts of partial truth. Here the truth value ranges between 

completely true and completely false. These degrees may be managed by specific functions, 

when linguistic variables are used. While in mathematics variables usually take numerical 

values. The non-numeric linguistic variables are used in fuzzy logic applications to facilitate the 

expression of rules and facts. ANFIS has some features like, Membership functions used for 

creating fuzzy inference systems, Fuzzy Logic Design application used for building fuzzy 

inference systems, viewing,  analyzing results, In user-defined rules supporting AND, OR, and 

NOT logic, Standard Sugeno-type fuzzy inference systems, Automated membership function 

shaping through neuro-adaptive and fuzzy clustering learning techniques, Ability to generate 

embeddable C code or stand-alone executable fuzzy inference engines, Ability to embed a fuzzy 

inference system in a Simulink model, For simplicity assuming the fuzzy inference system under 

consideration has two inputs x and y and output z. Supposing that the rule base contains two 

fuzzy if-then rules of Takagi and Sugeno‟s  type:  

Rule 1: If x is ¥1 and y is β1  

Then f1=a1x+b1y+c1 

Rule 2: If x is ¥2 and y is β2 

Then f2=a2x+b2y+c2  

In the same layer the node functions are from the same function family as described below [11]: 

 
    Layer 1       Layer 2  Layer 3                     Layer 4                  Layer 5 

 

                      x   y  

x       ω1   ώ1   ώ1 f1  

 

              z 

 

      

         ώ2       ώ2 f2 

y     ω2             

                  x   y  

       

 Fig .2 ANFIS architecture 
Layer 1: Every node i in this is a square node with a node function 

  Z
1

j (x) = £¥j (x),                                                                                                   ------------ 1 

 Where, x is the input to node, j and ¥j are the linguistic labels which are associated with this 

node function. In other words, Z
1

j is the membership function of ¥j which specifies the degree to 

which the given input x satisfies the quantifier ¥j. usually it is chosen as „£¥j(x)’ for bell-shaped 

with maximum equal to 1 and minimum equal to 0, such as the generalized bell-function.  

 £ ¥j (x) =
1

1+[(
𝑥−𝑛𝑗

𝑙𝑗
)2]𝑚𝑗

                                           ------------ 2 

The Gaussian function is used as £¥j(x) =𝑒
−(

𝑥−𝑛𝑗

𝑙𝑗
)2

                    ------------ 3 

Where, lj, mj, nj is the set of parameters. As the parameter values change, the bell-shaped 

functions vary respectively, thus exhibiting various forms membership function on linguistic 

label ¥j. In this layer parameters are referred to as premise parameters. 

 ¥1 

¥2 

β1 

β2 

П 

П 

N 

 N 

∑ 

http://en.wikipedia.org/wiki/Many-valued_logic
http://en.wiktionary.org/wiki/binary
http://en.wikipedia.org/wiki/Truth_value
http://en.wikipedia.org/wiki/Linguistic
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Layer 2: In this layer every node is a circle node with label ∏ which multiplies the incoming 

signal and sends the produced signal further. Every node is fixed in this layer. This is where the 

t-norm is used to „AND‟ the membership grades: 

 Z 2, j=ωj =£¥ (x) £β (y),  j=1, 2                 ------------ 4 

Layer 3: In this layer every node is a circle node labeled N. The j
th

 node calculates the ratio of 

the j
th

 rules firing strength to the sum of all rules‟ firing strengths: 

         ώj=
𝜔𝑗

𝜔1+𝜔2
   ,   j=1, 2                                                            ------------ 5 

Output of this layer will be called as „normalized firing strengths‟. 

Layer 4: Every node j in this layer is a square node with a node function 

        Z 4
j(x) =ώj fj= ώj (ajx+bjy+cj)             ------------ 6 

Where, ωj is the output of layer 3, {aj,𝑏𝑗 ,cj} is the parameter set.  

Here parameters will be referred to as „consequent parameters‟. 

Layer 5: In this layer the single node is a circle node i.e. „∑ „which computes the overall output 

as the summation of all incoming signals, i.e.  

        Overall output= Z 1
5
(x) =  ώ𝑗 𝑓𝑗𝑗  = 

 𝜔𝑗  𝑓𝑗𝑗

 𝜔𝑗𝑗
                                                            ------------ 7 

Considering using all possible parameters which are function of both i.e. the number of inputs 

and the number of membership function then it can be defined number of all rules as:  

         Rŋ =  𝐾𝑓𝑖
𝐽ŋŋ
𝑗=1                   ------------ 8 

If „N’ is the number of all parameters which are necessary for membership function then the 

number of all parameters is defined as:  
          Pŋ= N  𝐽ŋŋ𝑀𝑓𝑗 + 𝑅ŋ(𝐽ŋŋ + 1)𝑗=1  

                                                                                                    ------------ 9 

ADAPTIVE EQUALIZER 
The purpose of adaptive channel equalization is to make up for signal distortion in a 

communication channel. Communication occurs by transmitting a signal from one point to 

another across a channel, such as an electrical wire, a fiber-optic cable, or a wireless radio link. 

During this transmission, the signal containing information might become distorted. To 

compensate such distortion, an adaptive filter is applied to the communication channel. The 

adaptive filter is nothing but an adaptive channel equalizer. The fig.3 shows a structure of the 

adaptive channel equalization system. [9]. 

 
 

                     

              

           s (n)   ŷ (n)        Ś (n−𝛿)          Training 

x (n) 

                    Decision 

                           Directed 

           ē (n)            + đ (n) 

 

Fig.3 Structure of the adaptive equalizer 

Error signal can be calculated as, 

      𝑒 (n)= đ (n) - ŷ (n)                                                                                                      ------------ 10              

The output signal ŷ (n) can be obtained by using following equations. Let  𝑢 (𝑛) is the filter input 

vector and  𝑤 (𝑛) is the filter coefficient vector. 

         Y (n) =𝑢  𝑛 .𝑤 (𝑛)                                              ------------ 11                        

 Multipath 

fading Channel 
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Where, 

         𝑢 (𝑛) =  [𝑥 𝑛 .𝑥 𝑛 − 1 . … . . 𝑥(𝑛 − 𝑁 + 1)]𝑇                                           ------------ 12 

         𝑤 (𝑛) = [𝑤0 𝑛 .𝑤1 𝑛 ………𝑤𝑁−1(𝑛)]𝑇 

To update the filter coefficients following equations can be used. µ is the step size of adaptive 

filter, then 

         𝑤  𝑛 + 1 = 𝑤  𝑛 + µ e (n).𝑢 (𝑛)                                         ------------ 13 

Adaptive algorithm adjusts the filter coefficients to minimize the cost function J (n) where 𝑒 2(n) 

is the square of error signal at time n. 

         J (n) = 𝑒  2
(n)                                                          ------------ 14 

x (n) is the input signal that is transmitted through the communication channel, and  

s (n) is the distorted output signal given after travelling through channel. For compensating the 

signal distortion, the adaptive channel equalization system completes the following two modes: 

 

1. Training mode: this mode determines the appropriate coefficients of the adaptive filter. When 

the signal x (n) is transmitted to the channel, delayed version of the same signal can also applied 

to the adaptive filter. 

 𝑧−𝛿   is a delay function, đ (n) is the delayed signal and ŷ (n) is the output signal from the 

adaptive filter, ē (n) is the error signal between đ (n) and ŷ (n). The adaptive filter repeatedly 

adjusts the coefficients to minimize ē (n). After the power of ē (n) converges ŷ (n) is almost 

identical to đ (n), i.e. the resulting adaptive filter coefficients can be used to compensate for the 

signal distortion. An equalizer begins by using a known sequence of transmitted symbols when 

adapting the equalizer weights. The known sequence is called a training sequence; it enables the 

equalizer to gather information about the channel characteristics. When equalizer finishes 

processing the training sequence, it adapts the equalizer weights in decision-directed mode using 

a detected version of the output signal. To use a training sequence when invoking the 

„equalize‟ function, include the symbols of the training sequence as an input vector. The training 

sequence in this case is just the beginning of the transmitted message. 

 

2. Decision-directed mode: the equalizer uses a detected version of its output signal when 

adapting the weights in decision directed mode. Adaptive equalizers typically start with a 

training sequence and switch to decision-directed mode after exhausting all symbols in the 

training sequence. The appropriate coefficients of the adaptive filter are determined, adaptive 

channel equalization system can be switched to decision-directed mode. In this mode, the 

adaptive channel equalization system decodes the signal y (n) and produces a new signal Ś(n-δ), 

which is an estimation of the signal x(n) except for a delay of δ taps. CMA equalizers are an 

exception, using neither training mode nor decision-directed mode. For non-CMA equalizers, 

the equalize function operates in decision-directed mode when one of these conditions is true: 

The syntax does not include a training sequence and second is The equalizer has exhausted all 

symbols in the training sequence and still has more input  symbols to process.                                
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SIMULATION RESULTS 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 
                                   Fig.4 Flow chart of adaptive algorithm 

  

 
Fig.5 Input to the Channel             
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Fig.5 shows the sine wave (1kHz) applied to the input of the channel. 

 
Fig.6 Output of the channel 

       
When signal passes through the channel, noise adjacent channel intereferance(ACI),  co-

channel intereferance(CCI) etc. get added and the resulting channel output is shown in fig .6. 

 
   Fig.7 Training signal  
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       Fig.8 Output of the equalizer 

 

The discrete signal input is shown in fig.9. 

 

 
Fig.9 Discrete signal input to the channel 
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Fig.10 Output of the channel 

            

 
 

Fig .11 Training signal 
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Fig.12 Output of the equalizer 

 

 Signal to Noise Ratio vs Bit Error Rate: The marginal improvement in the performance 

increases as the number of training data pairs increases. 

 
Fig.13 SNR vs. BER (bit_count=1000) 
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Fig.14 SNR vs. BER (bit_count=5000) 

 

 

Table 1: SNR and BER values  for different bit counts  
                                                     

Sr. 

No 

SNR BER for 

Frame length=1000bits 

BER for 

Frame length =5000bits 

1 5 0.03754 0.03754 

2 10 0.0007 0.0007 

3 12 3.4168 3.4168 

4 15 9.83309e-005 9.83309e-005 

5 20 9.03472e-006 9.03472e-006 

6 25 9.59430e-006 9.59430e-006 

 

 

CONCLUSION 

 In this paper, we have obtained solution to the adaptive channel equalization using ANFIS. 

We have proposed efficient utilization of the ANFIS architecture, its training and 

implementation in decision directed mode. Training mode determines the appropriate 

coefficients of the adaptive filter.  The equalizer uses a detected version of its output signal when 

adapting the weights in decision directed mode. From simulation results, it is observed that this 

technique gives high SNR. For given SNR, BER is independent of frame length. 
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