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Optimization of LSE and LMMSE Channel 
Estimation Algorithms based on CIR Samples 

and Channel Taps 
 
 
 
 
 
 
 
 
 
Abstract-- For spectrally efficient transmission over 
time-varying channels, the use of Adaptive Coding 
and Modulation (AMC) in wireless OFDM systems 
requires the estimation of radio channel at the 
receiver. This paper focuses on the use of time 
domain channel statistics, mainly concentrating on 
two schemes: Linear Minimum Mean Square 
Estimation (LMMSE) and Least Square Estimation 
(LSE) and their variants. LMMSE performs better 
than LSE but at the cost of computational 
complexity. The performance of LSE can be 
improved by increasing CIR samples and channel 
taps. To avoid the matrix inversion lemma, the 
channel matrix can be downsampled or regularized. 
Theoretical analysis and computer simulations are 
used for performance and complexity comparisons.  

  
I. INTRODUCTION 

Orthogonal Frequency Division Multiplexing 
(OFDM), a multicarrier modulation method, is 
considered an essential technique for a variety of 
high data rate communication systems like 4G 
WiMAX and LTE-Advanced due to its efficient 
management of ISI in frequency selective fading 
channels. OFDM can also be used as a modulation 
technique because of the simple equalizer design and 
spectrum efficiency. The combination of OFDM with 
Multi-Input Multi-Output (MIMO) provides the 
increased data rate and improved quality of service. 
That is why MIMO-OFDM is adopted in B3G 
(Beyond 3rd Generation) mobile communication 
systems. 
  

 
 
 
 
 
 
 
 
Coherent OFDM, which has 3-4 dB performance 
gain more than non-coherent OFDM, requires 
channel state information (CSI) at the receiver and/or 
transmitter.CSI only at the transmitter is usually 
preferred to make the receiver design simple. Data 
throughput of channel depends on the quality of the 
channel estimator. For channel estimation there are 
mainly two methods proposed as, first is decision 
directed channel estimation and other one is pilot-
assisted channel estimation. In decision directed 
method, the modulation is removed from subcarriers 
using the previously demodulated symbol, thus all 
subcarriers can be used for channel estimation. This 
method requires a large amount of data and its 
convergence rate is also very slow, that is why it is 
not well suited for real time systems. In pilot assisted 
method there are two modes, if all subcarriers have 
known pilots then it is called block pilot mode while 
in comb pilot mode only a few subcarriers carry 
known pilots.  
 Channel can be estimated in time domain or 
frequency domain. In frequency domain two 
algorithms are proposed Least Square Estimation 
(LSE) and Linear Minimum Mean Square Estimation 
(LMMSE). LSE algorithm is relatively easy to 
implement due to its less complexity and it also does 
not require any channel apriority probability. To 
achieve better performance LMMSE is proposed. 
LMMSE is optimum in minimizing Mean Square 
Error (MSE) as it uses addition information of 
operating SNR and the channel statistics. But it 
complexity is higher due to the channel correlation 
and the matrix inversion lemma. There can be a 
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compromise of complexity and performance by 
taking the effect of the channel taps and channel 
impulse response (CIR) samples. By assuming the 
impulse response of finite length, these two 
algorithms can be modified having less complexity. 
In mobile wireless links the channel statistics are not 
known, in these cases it is robust to consider the 
uniform Power delay profile (PDP), which also 
reduces complexity than LMMSE. The complexity of 
LSE can be reduced by regularizing the Eigen values 
of the matrix being inverted or by down-sampling the 
channel vector.  
 The rest of the paper is organized as: Section 
2 describes OFDM signal and channel model, in 
Section 3, LMMSE, LSE and their different variants 
are discussed, followed by the simulation results in 
Section 4 and in the last section conclusions are 
drawn. 
 
II. OFDM SIGNAL AND CHANNEL MODEL 

 In OFDM, the transmitted bit stream is 
divided into many different sub-streams and send 
them over many orthogonal sub-channels. Suppose 
the transmitted data at -th subcarrier is . Then 
the multicarrier modulated signal will be 

 
1

 ,    0,1,2, … , 1 

   
Where N is total number of sub-carriers. Before 
transmitting x(n), guard interval (GI) is inserted to 
avoid Inter-symbol interference (ISI) and inter-carrier 
interference (ICI). This signal is then passed through 
a time-varying multipath channel whose impulse 
response is characterized by 
 

       ,    

  
where L is total number of multi-paths and { } is a 
complex Gaussian random variable of zero mean 

having a power delay profile: /  . { } 
represents time delay between different multi-paths, 
whose maximum value is not supposed to exceed the 
guard interval length.  
 After passing this fading channel and 
removing GI, the received OFDM signal in frequency 
domain will be 

 

   is the complex-valued additive Gaussian noise 
having zero mean and variance.  is the channel 
frequency response, that is DFT of the channel 
impulse response , .  

 
III.  CHANNEL ESTIMATION ALGORITHMS 
 

A. LMMSE Channel Estimation 
 In presence of channel noise, LMMSE 
estimation of the uncorrelated Gaussian channel 
vector  is given by [1] 
 

       

Where  
  

 
   

 
   is the auto-covariance matrix of  and  is the 

cross co-variance matrix between  and .   is 
variance of noise. For unique minimum MSE, these 
co-variance matrices should be positive definite, 
 In frequency domain the channel estimate 

 is given by 
 

 
 
Where  is orthonormal DFT-matrix and  is given 
by [1] 
 

   

 

B.  Modified LMMSE Channel Estimation 
 For large N the calculation of  matrix 
implies high complexity. To reduce the size of , we 
can take only first L taps having significant energy. 
Using this approximation  is reduced to L  L  

matrix. So modified LMMSE estimation becomes [1] 

 ′  
  
Where  have only first L columns of DFT matrix 
and ′ is 
 
′  ′  ′  

 
′  denotes the upper left L  L matrix of . 
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C. Low Complex LMMSE Channel Estimation 
 In LMMSE channel estimation, a matrix 
inversion is needed as the input data X is changed 
which results in high complexity. This complexity 
can be reduced by averaging the transmitted data x 
i.e. . If we assume same signal 
constellation for all frequencies, then   

 .  

The simplified LMMSE estimation will be [2] 

   

 Where  depends upon the signal constellation. 
 

D. Robust LMMSE Channel Estimation 
 In mobile wireless links, the channel 
changes with time depending on the particular 
environment. It is not possible to know the channel 
PDP at the design time [3]. Identical MSE 
performance can be obtained for all PDPs with same 
maximum delay. So it is robust to design the channel 
co-variance matrix with a uniform PDP [4]. 
  

E. LSE Channel Estimation 
 A prior knowledge of second order channel 
statistics is required for LMMSE estimator, which is 
not possible in many practical situations. We can 
design an estimator filter which is a function of 
available data only [5]. In LSE estimation, we use 
only signal model, no probabilistic assumptions are 
required. 
 LSE estimation of channel is given by 
     

 
 
where  

 
 

 can also be written as [1] 
 

 
 

F. Modified LSE Channel Estimation 
  Though no modification are needed 
because of less complexity of LSE estimator but 
performance can be improved by considering only 
first L high energy channel taps. The modified LSE 
estimator becomes 

′  
where  

′   
 

G. Regularized LSE Channel Estimation 
 The problem of inversion of   matrix 
can be solved by regularizing the Eigen values of the 
matrix by adding a constant term to the diagonal 
elements. In this case, the matrix  will be [6] 
 

,   

 
Where off-line constant  is chosen such that the 
matrix ,  is least perturbed. 

 

H. Down-Sampled Impulse Response LSE Channel 
Estimation 

 The inversion of  matrix can be 
simplified by decreasing the sampling frequency, but 
ensuring the absence of aliasing. Only 2 out of 3 
channel taps are used and the discarded taps are set to 
zero. 
 The down-sampled version of channel 
vector  can be [6] 
 

    0      0  …   
 
The channel transfer function can be written as 
  

 
Which is equivalent to  
 

 
 

 

1 1 1 1 1
1 …
1 …
1 …
1 …
1 …
1 … … … …
1 …

 

  
The estimated channel in this case will be 

 
, ,  
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