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Abstract 

In recent years, wireless communications have gained growing attention, because of the promising multicarrier technologies and 
modulation techniques. However, the various phenomena such as multipath wave propagation, time dispersion, and fading 
introduce errors like Inter symbol interference (ISI), and other distortions into the signals transmitted over wireless channel. For 
this purpose, equalization process is normally used, which compensates for channel-induced interference. This paper presents an 
adaptive equalization algorithm in order to recover the phase of the carrier signals received through the wireless channel affected 
by AWGN. In particularly, this paper investigates the phase recovery using Least Mean Square (LMS) and Recursive Least 
Square (RLS) adaptive algorithms. For a channel of unknown impulse response, the purpose of an adaptive equalizer is to operate 
on the channel output and equalizer provides an approximation to an ideal transmission medium. The adaptive equalizers used in 
this paper require an initial training period, during which a known data sequence is transmitted. A replica of this sequence is 
made available at the receiver in proper synchronism with the transmitter, thereby making it possible for adjustments to be made 
to the equalizer coefficients in accordance with the adaptive filtering algorithms (LMS & RLS) employed in the equalizer design. 
The results show significant improvement in error-performance of digital data transmission.  
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1. Introduction 

In recent years, mobile communication systems and wireless networks have gained significant growth and 
commercial success. However, the wireless channel is usually random and time-variant unlike the wired channels 
that are stationary and predictable. In addition, the signal propagating through the wireless channel normally face 
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multi-path propagation causing problems such as arbitrary time dispersion, attenuation, and phase shift in the 
received signal. Also, when digital transmission is performed through such multipath wireless channels, then the 
digital information usually accompanied with a phenomenon known intersymbol interference (ISI) [1-3]. The term 
ISI means that the transmitted pulses are smeared out so that pulses that correspond to different symbols are not 
separable; and have amplitude and phase dispersion which results in the interference of the transmitted signals with 
one another. However, for a reliable digital transmission system it is crucial to reduce the effects of ISI. This can be 
reduced using equalisers, which are designed to work in such a way that BER (Bit Error Rate) should be low and 
SNR (Signal-to-Noise Ratio) should be high. These are preferred to filters as the transfer function of wireless 
channels vary with time, so it is not possible to use an optimum filter for these types of channels. More specifically, 
equalizers are designed to give the inverse of channel to the received signal. Thus, the combination of channel and 
equalizers will ideally give a flat frequency response and linear phase [3-6].  

However in wireless channels, due to the multi path fading, the channel characteristics change with time. Thus, it 
is necessary for channel equalizer to track the time varying channel in order to provide reasonable performance [7-
8]. Therefore, this paper is focused on adaptive equalisation for the unpredictable wireless channels. An adaptive 
equalizer is essentially a linear adaptive filter used to model the inverse transfer function of the channel [9-10]. More 
specifically, this paper focuses on using Least Mean Squares (LMS) and Recursive Least Squares (RLS) based 
equalisers. The RLS algorithm has better convergence speed than the LMS algorithm; however, its complexity for 
hardware implementation can be very high [9-12]. The LMS algorithm executes quickly but converges slowly, and 
its complexity grows linearly with the number of weights. The RLS algorithm converges quickly, but its complexity 
grows with the square of the number of weights. This paper investigates these two algorithms in order to minimize 
the effect of phase noise in the received signals.  

 

2. System model 
 

As discussed above, the equalisers can be used to reduce the effect of ISI, which causes phase and 
amplitude distortion. Ideally, an equalizer needs to be designed in such a way that the impulse response of the 
channel/equalizer combination is as close to z–∆ as possible, where ∆ is delay, as shown in Figure 1. However, the 
wireless channel parameters are not usually known in advance and they may vary with time significantly. Therefore, 
it is necessary to use adaptive equalizers, which provide the means of estimating the changing channel 
characteristics. A typical adaptive channel equalisation system, used in this paper is shown in Figure 1.  

 

 

Figure 1: Block diagram of an adaptive channel equalization system. 
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In Figure 1 above, s(n) is the signal to be transmitted through the wireless communication channel, and x(n) is the 
distorted output signal. The distortion can be in amplitude or phase or both. To compensate for the signal distortion, 
the adaptive channel equalization system completes the following two modes: 

2.1 Training mode: This mode is required to determine the appropriate coefficients of the adaptive filter. When the 
signal s(n) is transmitted through the communication channel, a delayed version of the same signal is also 
applied to the adaptive filter as shown in Figure 1. The delay function is given by z–∆, where ∆ is delay. In 
Figure 1, d(n) is the delayed signal and y(n) is the output signal from the adaptive filter and e(n) is the error 
signal between d(n) and y(n). The adaptive filter iteratively adjusts the coefficients to minimize e(n). When the 
power of e(n) converges, y(n) is almost identical to d(n), which means that the resulting adaptive filter 
coefficients can be used further to compensate for the signal distortion. 
 

2.2 Decision-directed mode: After determining the appropriate coefficients of the adaptive filter, the system 
switches the adaptive channel equalization system to decision-directed mode, as shown in Figure 1. In this 
mode, the adaptive channel equalization system decodes the signal y(n) and produces a new signal, which is an 
estimation of the signal s(n) with a delay of ∆ taps. The structure of the adaptive filter is showed in Figure 2 
below. 

 

 

Figure 2: Block diagram of an adaptive filter. 

 

In Figure 2, the input signal is the sum of the desired signal d(n) and the interfering noise v(n), and is given by  

���� � ���� � ���� (1) 
  

The variable filter has a Finite Impulse Response (FIR) structure. For such structures, the impulse response is equal 
to the filter coefficients. The coefficients for a filter of order p are defined as  

	
 � �	
�0�, 	
�1�, … , 	
����
� (2) 

 

The error signal is the difference between the desired and estimated signal, and is given as  

���� � ���� � ����� (3) 
The variable filter estimates the desired signal by convolving the input signal with the impulse response. In vector 
notation, this is expressed as 

����� � 	
 ∗ ���� (4) 
Where,  
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is an input signal vector. Moreover, the variable filter updates the filter coefficients at every time instant 

	
�� � 	
 � ∆	
 (6) 
 

Where, ∆	
 is a correction factor for the filter coefficients. The adaptive algorithm generates this correction factor 
based on the input and error signals. There are two adaptive algorithms (LMS and RLS) considered in this paper to 
find the weights. These are discussed below. 

 

3. Adaptation algorithms 

The two adaptation algorithms taken into consideration in this paper are Least Mean Square (LMS) and 
Recursive Least Square (RLS) filter. These are discussed below. 

3.1 Least Mean Squares Algorithm  

Least mean squares algorithm is a class of adaptive filter used to design the desired filter by finding the 
filter coefficients that relate to producing the least mean squares of the error signal (difference between the desired 
and actual signal). It is a stochastic gradient method in which the filter is only adapted based on the error at the 
current time. LMS filter is built around a transversal (i.e. tapped delay line) structure (Figure 3). LMS filter employ, 
small step size statistical theory, which provides a fairly accurate description of the transient behaviour.  

 

Figure 3: Block diagram of adaptive transversal filter of LMS and RLS algorithm. 

 

The LMS algorithm in general, consists of two basics procedure. The first step is filtering process, which involve, 
computing the output of a linear filter in response to the input signal, and the second step is generating an estimation 
error by comparing this output with a desired response as follows: 

���� � ���� � ���� (7) 
 

Where, y(n) is filter output and d(n) is the desired response at time n. Adaptive process, which involves the 
automatic adjustment of the parameter of the filter in accordance with the estimation error, is given by: 

	��� � 1� � 	���� � �����∗��� (8) 
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Where � is the step size, (n+ 1) = estimate of tape weight vector at time (n+1) and if prior knowledge of the tape 
weight vector (n) is not available, then n is set to 0. The combination of these two processes working together 
constitutes a feedback loop, as illustrated in the block diagram of Figure 3. First, we have a transversal filter, around 
which the LMS algorithm is built, and the same is responsible for performing the filtering process. Second, we have 
a mechanism for performing the adaptive control process on the tap weight of the transversal filter- hence the 
designated “adaptive weight control mechanism” in Figure 3.  

 

3.2 Recursive Least Square Algorithm  

The Recursive least squares adaptive filter is an algorithm which recursively finds the filter coefficients that 
minimize a weighted linear least squares function relating to the input signals. This is in contrast to the LMS that 
aim to reduce the mean square error. In the derivation of the RLS, the input signals are considered deterministic, 
while for the LMS, they are considered stochastic. However, the RLS exhibits extremely fast convergence. But, this 
benefit comes at the cost of high computational complexity, and potentially poor tracking performance when the 
filter to be estimated changes. As illustrated in Figure 3, the RLS algorithm has the same procedures as LMS 
algorithm, except that it provides a tracking rate sufficient for fast fading channel. The RLS algorithm is known to 
have the stability issues due to the covariance update formula p(n), which is used for automatic adjustment in 
accordance with the estimation error as follows:  

��0� � ���  (9) 
 

Where p is inverse correlation matrix and � is regularization parameter, with a positive constant for high SNR and 
negative constant for low SNR. For each instant of time (n=1,2,3,…), 

!��� � ��� � 1����� (10) 
 

And, "��� �
!���

# � �$���!���
 

(11) 

Time varying gain vector is given by 

%��� � ���� � 	�$�� � 1����� (12) 
 

And, the priori estimation error is given by 

	���� � 	��� � 1� � "���%∗��� (13) 
 

The above two algorithms are implemented in Matlab to recover the phase and the results obtained are discussed 
below. 

 

4. System description and simulation results 

To investigate the effect of phase distortion and its recovery using the above mentioned RLS and LMS 
methods, the same are implemented using an general QAM model. The QAM model employed consists of random 
data generator as shown in Figure 4. This data is modulated using QAM modulation with constellation size 16, as 
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shown in Figure 5. The modulated signals are processed in and are then passed through Additive White Gaussian 
Noise (AWGN) channel and the noisy received signal is shown in Figure 6. In this case, the SNR is 26dB. A higher 
SNR is taken for better illustration of results. The phase noise is introduced artificially leading to a phase rotation of 
10 degrees as shown in Figure 7. The RLS and LMS equalisers are then implemented in Matlab and the effect of 
signal phase recovery using these two equalisers are shown in Figures 8 & 9 respectively. The recovered equalised 
signal is then demodulated using QAM demodulator and the symbol error rate (SER) is then computed between the 
equalised received signal and the input signal. The same simulation process is carried out by varying signal to noise 
ratio and for both the RLS and LMS algorithms. The output is observed in the form of SER and is reported in Figure 
9 and Table 1. The recovered phase of the equaliser is also computed and is mentioned in Table 2. A set of two 
iterations is performed for each algorithm. One for generating training sequence and the other for decision directed 
approach. For each iteration, the new set of weights depends on the current set of weights, the input signal, the 
output signal, and a reference signal, whose characteristics depend on the operation mode of the equalizer. The 
algorithm for the weight setting block in decision feedback equalizer jointly optimizes the forward and feedback 
weights. In this algorithm, the equalizer begins by using a known sequence of transmitted symbols when adapting 
the equalizer weights. This training sequence enables the equalizer to gather information about the channel 
characteristics. At the end of processing of the training sequence, the equalizer adapts the weights in decision-
directed mode using a detected version of the output signal. To use training sequence, the symbols of the training 
sequence is used as an input vector in simulation. From the results obtained, it is found that the equalisers are able to 
recover the phase and reduce the SER. 

 

Figure 4: A typical example of the simulated input data. 
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Figure 5: A typical example of the QAM (Constellation 

Size=16) modulated data. 
 

Figure 6: The received modulated data with noise (SNR 
is 26dB & EbNo is 20dB). 

 
 

 
Figure 7: The received noisy modulated data with rotated phase of 10 degrees (SNR is 26dB & EbNo is 20dB). 
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(a) Iteration I (Training Phase) (b) Iteration II (Decision Directed Mode) 

Figure 8: The equalised signal using the RLS algorithm  
 

  
(a) Iteration I (Training Phase) (b) Iteration II (Decision Directed Mode) 

Figure 9: The equalised signal using the LMS algorithm  
 

Table 1: Theoretical & simulated SER 

EbNo 
(dB) 

Theoretical  RLS  
(Training)  

RLS  
(Decision 
Directed) 

LMS 
(Training)  

LMS 
(Decision Directed) 

1 0.4792 0 .5012 0.5525 0.7688 0.9038 
2 0.4174 0.4350 0.4988 0.7113 0.8400 
3 0.3522 0.3513 0.3563 0.6425 0.8200 
4 0.2857 0.2825 0.2838 0.6262 0.8988 
5 0.2207 0.2000 0.1888 0.3875 0.5888 
6 0.1605 0.1088 0.1163 0.1363 0.1475 
7 0.1084 0.0688 0.0712 0.0712 0.0700 
8 0.0667 0.0338 0.0350 0.0400 0.0400 
9 0.0366 0.0275 0.0288 0.0350 0.0350 
10 0.0175 0.0075 0.0075 0.0063 0.0063 
11 0.0070 0.0037 0.0037 0.0037 0.0037 
12 0.0023 0 0 0 0 
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13 0.0006 0 0 0 0 
14 0.0001 0 0 0 0 
15 0.0000 0 0 0 0 
16 0.0000 0 0 0 0 
17 0.0000 0 0 0 0 
18 0.0000 0 0 0 0 
19 0.0000 0 0 0 0 
20 0.0000 0 0 0 0 

Table 2: RMS value of phase error (radians) 

 

EbNo 
(dB) 

Theoretical  RLS  
(Training)  

RLS  
(Decision 
Directed) 

LMS 
(Training)  

LMS 
(Decision Directed) 

20 0.1745     5.8959 0.1722 0.1721 0.1722 

 

 

 

Figure 10: SER vs EbNo of the equalised signals using RLS and LMS algorithms. 

 

5. Conclusions 

In this paper, the two types of adaptive equalizers for communication systems are implemented. These are 
Least Mean Square (LMS) equalizer and Recursive Least Mean Square (RLS) equalizer. From the simulated results, 
it is noticed that the adaptive nature of the filter allows it to actively cancel out the adverse effects of the channel 
even without knowing the characteristics of the channel in advance.  The error performance is evaluated in terms of 
symbol errors rate (SER) occur in trying to recover the modulated message with and without the equalizer for the 
simulated digital data. It is observed that the adaptive equalizers improve the symbol error rates performance 
significantly and matches closely the theoretical predictions. It has also been observed that both the equalisers have 
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recovered the phase and the equalised signals have the SER close to theoretical results. It is also observed that the 
SER is slightly higher for situations when the noise is high (EbNo is between 1 to 5) or when the phase shift is high 
(say over 90degrees). It is also noticed that in the absence of equalizers, the SER will be larger and thus these are 
highly useful to reduce the SER and thus recovered the signal. Similar approach of developing algorithms can be 
extended to include source coding, digital modulation technique, interleaving, and filtering to analyze the bit-error-
rate performance of digital mobile radio communication system. 
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