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Abstract: In this paper, Non-Blind & Blind Adaptive Techniques have been investigated. All the results have been observed for Quadrature Amplitude 
Modulation (QAM). 4-QAM reception has been demonstrated in Additive White Gaussian Noise (AWGN). Convergence rate of different techniques with 
4-QAM, 16-QAM & 64-QAM has been depicted. This paper provides comprehensive evaluation of widely used Non-Blind & Blind adaptive techniques.                                 
 
Index Terms: Adaptive, Blind, CMA, Convergence, LMS, MMA, QAM, RLS, Techniques.   
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1. INTRODUCTION 
Nowadays, mode of wireless communication has taken over 
mode of wired communication. As world is moving from 3G to 
4G to 5G, there is more and more need for bandwidth i.e. data 
rates. In bandwidth-efficient digital transmission, the training of 
a receiver requires a start-up process. This start-up includes 
three steps of setting the automatic gain control, recovering 
timing and converging the adaptive filters. For many 
applications, some predefined set of bits are sent to the 
receiver periodically known as training sequence which can be 
used as an ideal reference by the receiver because it is 
already known to receiving side. Such system is called 
supervised or trained or data-aided. However, sometimes the 
use of training sequence is not feasible or not desirable. In 
such case, blind or unsupervised equalization is used which is 
invariably adaptive in nature. Blind equalization requires less 
channel bandwidth, but it poses some challenges and also 
increases system complexity. The most challenging aspect of 
blind equalization is the convergence of the adaptive equalizer. 
Without ideal reference, the receiver has to make decisions 
about what data have been transmitted. Generally, we use a 
decision device to make assumptions on the input signal. This 
decision device is called slicer. The decisions are highly 
unreliable because the received data are corrupted by Inter-
Symbol Interference (ISI) due to distortion introduced by 
communication channel. In training based data aided 
equalization technique, a chunk of data called as training/pilot 
signal is introduced to the receiver which helps the receiver 
learn the channel values and then use that data for channel 
estimation and ISI elimination. The training based equalization 
method has a quick conversion rate, better efficiency and has 
simple application. This method is considered best for 
environment where fast fading is required with high Doppler 
spread and little coherence time. The downside to these 
equalizers; however, is that they constantly need pilot signals. 
The constant transmission of the training sequence consumes 
a lot of bandwidth which is a significant downside. In GSM 
around 18% of the bandwidth is consumed by the training 
sequences that are periodically sent to the receiver.  
 
 
 
 
 
 
 
 
 

There are multiple training algorithms that can be used in a 
training-based adaptive equalizer e.g. LMS [1][5] and RLS 
[2][5]. The other equalization method is blind channel 
equalization. This technique is very handy when it comes to a 
system with one transmission point and multiple receiving 
nodes. If we send a training signal to each of the receiving 
node periodically, we will be consuming a lot of bandwidth. In 
order to solve this issue, we use blind equalization method so 
we do not have to send any training signal. The equalizer only 
needs to know about the mapping technique of the signal and 
then estimate channel effects accordingly. There are multiple 
algorithms including, CMA [3-5], MMA etc. 
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Fig. 1: ADAPTIVE BEAMFORMING STRUCTURE 
 

2 NON-BLIND ADAPTIVE TECHNIQUES 
 
2.1 Least Mean Square (LMS) Algorithm 
LMS [7][14] is the most common form of adaptive equalization. 
The LMS uses stochastic gradient descent for updating the 
equalizer weights during its operation. For any complex 
channel gain, the complex version of LMS equalizer is utilized.  
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y(n) represents the output of the given adaptive equalizer and 
is equal to the product of received signal and weight of the 
given equalizer. 
 e(n) = d(n) - y(n) = d(n) - x

H
(n)w                                  

(2) 
 
Error estimation is represented in (2) by e(n), while d(n) shows 
the desired signal. Subtracting the equalizer gain y(n) from the 
desired signal d(n) gives the error estimation of the system. 
Filter weight update equation of LMS: 
 
 w(n+1)= w(n)+µx(n)e*(n)                                              
(3)  
Where 
Input vector x(n): x= [x1   x2  •••••••  xN]

T
 

Weight vector w(n): w= [w1   w2  •••••••  wN]
T
 

y(n): output signal given by 
 y(n)=w

H
x = x

H
w                                                             

(4) 
Here (.)

H
 represents Hermitian Transpose. 

Equation (3) include * as the complex conjugate while μ 
represents the step size which is related to the convergence 
rate of the equalizer. The process of finding the perfect μ value 
for efficient convergence is a tedious process and several 
numeral values are tried in this research in order to come up 
with the optimal convergence. The equation update the tap 
which then further changes the weight of the filter until the 
LMS equalizer is able to give an optimal convergence rate. 

 
Fig.2: 4-QAM reception with LMS algorithm at SNR=25dB 
 
2.2 Recursive Least Square (RLS) Algorithm 
Recursive Least Square (RLS) algorithm is another type of 
adaptive algorithm which has a higher computational 
complexity than its counterpart LMS. The working of an RLS 
[5][7] equalizer can be calculated through the following 
formula: 
 π(n) = P(n − 1)𝑥(n)                                                      
(5) 
P(n) is inverse correlation matrix. x(n) is input vector. Matrix 
inversion lemma is used in order to create a recursion in λ

−1
.  

K(n)={π(n)/[𝜆 + 𝑥𝐻(n)π(n)]}                                         
(6) 
Gain computed in (6) depends on the value of λ. While both 
(5) and (6) are jointly used to calculate K(n) the gain vector. λ 
has a value near 1. λ, the weighting factor, provides less 
weightage to earlier samples and more to new ones and 
ignores the earlier ones.   
 yn−1(n) = ŵ

H
(n − 1)x(n)                                                 

(7) 

Equation (7) shows the input signal filtering in RLS equalizer. 
The yn−1(n) is the output of the equalizer while ŵ(n) show the 
updated weights. Just like the LMS, the error estimation in 
RLS equalizer is computed through the following 
 
 ên−1(n) = d(n) − yn−1(n)                                                    
(8)   
ên−1(n) represents error which is calculated using the desired 
response d(n) that represents the desired signal and yn−1(n) 
which is the output of the equalizer.     
 ŵ(n) = ŵ(n − 1) + 𝐾(n)ên−1(n)                                        
(9) 
Equation (8) is the tap update equation for the RLS equalizer. 
Gain K(n) and e(n) is multiplied in order to find the tap change 
for n

th
 iteration of the equalizer.  

 P(n)=λ
−1

P(n−1)− λ
−1𝐾(n)𝑥𝐻(n)P(n−1)                         

(10) 
Equation (10) is used for updating P(n).  

 
Fig.3: 4-QAM reception with RLS algorithm at SNR=25dB 

 

3 BLIND EQUALIZATION ALGORITHMS 
 
3.1 Constant Modulus Algorithm (CMA) 
The CMA [ 3-5], proposed by Godard[3], is the most popular 
technique for blind equalization. It is easy to implement by 
circuit design. Consider the base-band model of a digital 
communication channel characterized by finite impulse 
response (FIR) filter and additive white Gaussian noise. The 
cost function of CMA is defined as: 
 
 JCMA (n)=E{[│xk│

2
─R2]

2
}                                             

(11) 
In this equation R2 is reference signal depending on statistical 
properties of input signal xk. It is defined as: 
 
 R2 =E{│s(n)│

4
 }/ E{│s(n)│

2
}                                       

(12) 
 
Using a stochastic gradient algorithm like LMS, we obtain 
update equation of CMA [11-12]: 
 
 w(n+1)= w(n)+µx*(n)e(n)                                           
(13) 
 
where µ is the step-size parameter and the asterisk (*) 
denotes complex conjugation. Error signal of CMA is: 
 
 ek=yk(|yk|

2
-R2)                                                              
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(14) 
 
For CMA update (13), assuming ek= 0 at perfect equalization, 
we have (|yk|

2
-R2)=0. It mean CMA attempts to make the 

equalizer output lie on the circle with radius 2 . 
 

 
Fig.4: 4-QAM reception with CMA algorithm at SNR=25dB 
 
3.2 Multi-Modulus Algorithm (MMA) 
Multi-Modulus Algorithm (MMA) [8-9] is the advanced form of 
the CMA algorithm. In MMA, both the real and imaginary parts 
are separated in order to get the cost function. The cost 
function of Multi Modulus Algorithm (MMA): 
 

JMMA =JR(n)+JI(n)     
                                                    
= E{[│yR(n)│

2
─R2,R ]

2
 }+ E{[│yI(n)│

2
─R2,I ]

2
 }           (15) 

Where 
 R2,R=E{│SR(n)│

4
}/E{│SR(n)│

2
}   & 

 
R2,I=E{│SI(n)│

4
}/ E{│SI(n)│

2
} 

 
S(n) is data symbols transmitted. 
The tap-weight vector of the MMA is updated according to: 
 

w(n+1)=w(n)+μ.e*(n)u(n)                                     (16) 
Where 

 e(n)= eR(n)+jeI(n)                                                  (17) 
eR(n)= yR(n)(|yR(n)|

2
─R2,R ) 

eI(n)= yI(n)(|yI(n)|
2
─R2,I ) 

 
It allows both blind equalization and carrier phase recovery. 
The results of the analysis indicate that the MMA alone can 
remove ISI and simultaneously correct the phase error, 
because it implicitly incorporates a phase-tracking loop, which 
automatically recovers the carrier phase. 
 

 
Fig.5: 4-QAM reception with MMA algorithm at SNR=25dB 
 

4 SIMULATION RESULTS 
In the previous section, 4-QAM reception with Non-Blind & 
Blind algorithm has been demonstrated. SNR=25 dB, iteration 
(n)=2000, AWGN have been taken for simulation in MATLAB. 
 

 
Fig.6: Convergence of LMS vs RLS for 4-QAM 

 
             Fig.7: Convergence of LMS vs RLS for 16-QAM 
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Fig.8: Convergence of LMS vs RLS for 64-QAM 

 
Fig.9: Convergence of CMA vs MMA for 4-QAM 

 

 
Fig.10: Convergence of CMA vs MMA for 16-QAM 

 
Fig.11: Convergence of CMA vs MMA for 64-QAM 

 

5 CONCLUSIONS 
A comparative study of Non-Blind & Blind adaptive techniques 
has been carried out. It has been observed that LMS algorithm 
is computationally more robust than RLS. On the other hand, 
RLS algorithm has fast convergence rate than LMS shown in 
Fig.6, 7, 8. In blind algorithm section, CMA can not recover the 
phase distortion while MMA recovers the phase distortion error 
in QAM signal reception as depicted in fig. 4, 5. Convergence 
speed of MMA does not show any significant improvement 
over CMA as shown in fig. 9, 10, 11. 
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