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ABSTRACT
Electroencephalogram (EEG) is physiological signal generatedin the brain. Electroencephalography is a method to record

electrical activity ofthebrain inorder todetect theabnormalities ofthe brain.However,EEG also detects the signals whichare
not originated from the brain called artifacts.This paper deals with the analysis and extraction of EEG signals in sparse
representation using sparse algorithms Orthogonal Matching Pursuit (OMP) and Least Absolute Shrinkage Selector
Operator (LASSO). OMP isan iterativegreedy algorithm which replaces optimization problem in each step of Matching
Pursuit (MP),an earlier algorithm for solving sparseaproximation problems by least squares minimization.LASSO
isanoptimizationtechnique which involves regressionanalysis concepts.Sparse approximations are used inpractical
applications like feature extraction ,denoising,inpainting etc.
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INTRODUCTION
It is known that physiological signals are generated by the human body during functioning of various

bio-electrical systems. Hence physiological signals hold information which can be extracted from these
signals to find out the state of the functioning of these bio-electrical systems.  Electroencephalography is
used for monitoring the electrical activity in the brain both for clinical and research purposes. It is
performed by placing the electrodes on the scalp which which acquire EEG signals and transmit to
recording system.

Usually, EEG test is conducted for denoising brain abnormalities like brain tumor, epilepsy, dementia
etc. as mentioned in [1]. When measured on the scalp ,the strength of the EEG signal is about 100µV
and 1-2mV when measured on surface of the brain. Its frequency is about 0.1Hz to 500Hz.

The term sparse depicts measurable property of a vector in which the number of zero entries is
greater than the non zero entries.Sparse aproximation solve a system of linear equations approximately
for a sparse vector. In other words,sparse approximation algorithms convert the signal to sparse
representation i.e.the data content of the input signal gets sparsified.So for storing the content, it requires
less space as the data is sparse.Hence sparse approximation have huge practical applications.To
understand sparse approximation algorithms, linear algebra concepts are essential. In this paper sparse
approximations are applied to an under-determined system, the number of equations are less than the
number of unknowns i.e. when a matrix is considerd ,the number of rows (m) is less than the number of
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columns(n) (m<n).For both the algorithms in this paper ,input is EEG signal and the output obtained is
sparse vector of the input signal.

Orthogonal Matching Pursuit is an iterative greedy method used for solving the sparse approximation
problem. In each iteration ,the column vectors of measurement matrix which are similar to the input
vectors are picked. These selected vectors are combined for building the required solution. Least
absolute shrinkage selector operator replaces the sparse approximation problem by a convex problem.
Generally, LASSO is an optimization principle rather than an algorithm. Hence to analyze LASSO
concepts of regression analysis are required

For detection of brain abnormalities according to acquired EEG signal ,a method was proposed in
[1].This method includes pre-processing feature extraction ,feature selection and classification The
authors[3],the Orthogonal Matching Pursuit is compared with previous algorithm matching
pursuit.Results are compared with different dictionaries like Bernoulli’s and Gaussian.Sparse signal
recovery using sparse random matrix is focused in [5].The use of sparse random matrix in recovery
provide slow computational complexity.[7] implements Orthogonal Matching Pursuit with noise. [7] can
be used for separating noise from required EEG signal.Multipass LASSO algorithm is proposed in[8]
for sparse signal recovery.

Q-R DECOMP[OSITION

If A be a  m-by-n matrix with linear independent columns 1 2 3, , na a a a ,then it can be decomposed to,

.A Q R where Qis m-by-n orthonormal matrix ( . )TQ Q I with columns 1 2 3, , nq q q q
and R is  n-by-n

upper triangular matrix such that .TR Q A .
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ORTHOGONAL MATCHING PURSUIT

Fig 1. Problem model

As shown in the above figure, the defined system is under-determined system as the number of rows is
very less than the number of columns. B is the input EEG signal with order m-by-1,x is the sparse
representation of the input EEG signal with order n-by-1 and A is the random measurement matrix with
order m-by-n.

ALGORITHM

Inputs:

 An m-by-n measurement matrix ( A )
 An m-dimensional data vector  ( B)
 The sparsity level k of the ideal signal.

Outputs:

 An estimate ŝ in for the ideal signal

 A set kP containing kelements from {1,…,n}

 An m-dimensional residual k kr v q 
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Procedure:

1. Initialize the residual or v , the index set, oP  and the iteration counter t = 1.

2. Find the index t that solves the easy optimization problem.

1
1,2.....

arg max | , |t t j
j n

r a 


  

Augment the index set and the matrix of chosen atoms: 1 { }t t tP P   and 1[ ]
tt tA A a . We use

the convention that is an empty matrix.

3. Solve a least squares problem to obtain a new signal estimate:

2arg min || ||t t
x

x v A x  

4. Calculate the new approximation of the data and the new residual

.t t tq A x

t tr v q 

5. Increment t, and return to step2 if t < k.

6. The estimate ŝ for the ideal signal has non zero indices at the components listed in kP .

Explanation:

Step1: Iteration counter t is initialized to 1, residual initialized to input data vector v and the index set

(which contains the k elements in the output) is first initialized to null set.

Step2: In this step, optimization problem (maximizing or minimizing a real function by systematically

choosing input values from within an allowed set and computing the value of the function) is performed.

The inner product of each column of A is done with residual 1tr  and the value of j at which the inner

product becomes maximum is stored in index t i.e. is the index of the column of A at which the inner

product becomes maximum. For the first iteration, the inner product of data vector v with all the

columns of A is performed.
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Step 3: Update the index set tP and matrix set tA . Index set tP is updated with the index t (the index in

step 2) and tA is updated with the t thcolumn of Ai.e. the column which produces maximum inner

product with residual.

Step 4: Finds the least squares solution tx by minimizing the error between vand .tA x in norm. Least

squares solution is calculated by using QR decomposition. Here, tA is decomposed to Q (Orthonormal

matrix) and R (Upper triangular matrix).

Step 5: New approximations of data and new residual for further iterations are calculated. tr is the new

residual which is always orthogonal to tA .

Step 6: Iteration counter t is incremented and if t is less than the sparsity level k, then go to step 2 for

next iteration, otherwise stop the process.

REGRESSION ANALYSIS

A.Ordinary Least Squares Regression

Ordinary least squares regression is a method of estimating the estimator from the predictors by linear
approximation of data nothing but minimizing the error between estimator and predictor in norm by

calculating 


.

2min || ||OLS y A


  

 

OLS is more efficient for two regression co-efficients i.e. for the model y = +

If the estimators are highly correlated (Possible when more than one independent variable exists), OLS
model fails as the variation between the regression co-efficients is high.

B.Ridge Regression
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Ridge regression is similar to OLS regression except there is a constraint on the minimizing
function. The constraint is on the regression co-efficients in norm. For ridge regression to be
performed there must be minimum two estimators with high correlation.

2min || ||Ridge Ax


  

 
subject to

2 2
2|| || c 



As the constraint is in norm, the predictor value must lie on the boundary formed by 


or inside the

boundary. Hence, for a set of values of 


,solution lies on the circumference of the circle as shown in
figure 3.5 for two dimensional case. This regression can also be represented

as 2min || ||Ridge Ax


  

 
2
2|| || 


whereλ is Lagrange multiplier.

C. LASSO Regression

LASSO is acronym for Least absolute shrinkage selector operator. It is similar to Ridge

regression but the constraint on 


is in norm. For a set of values of 


, solution lies on the

circumference of the rhombus as shown in figure 3.6 for two dimensional case.

2
2min || ||LASSO y A


  

 
subject to

2
1|| || c 



Least number of non-zero entries is required to represent the solution in LASSO. i.e. LASSO sparsifies

the 


regression co-efficients which is the required condition.LASSO finds the approximations rather

than the representations.This regression can also be represented as

2
2min || ||LASSO y A


  

 
1|| ||  whereλ is Lagrange multiplier.
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RESULTS:

Fig 2.EEG input for OMP

Fig 3.EEG output for OMP

Fig 4.EEG input for LASSO
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Fig 5.EEG output for LASSO

CONCLUSION

In this study from the results we say that the original input is recovered in sparse representation using
the both algorithms OMP and LASSO with randommeasurements.OMP iseasy to implement and the
results are improved compared to matching pursuit.The artifacts in EEG signals can also be removed
using Orthogonal Matching Pursuit better than Matching pursuit algorithm.
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