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Abstract. In the practical application of the Brain Computer Interface (BCI) sys-
tem, because of the diversity between the individuals in the electroencephalogram
(EEG) system, the manifestation of Brain signals of each individual is different,
so it is necessary to conduct personalized screening for different individuals to
obtain information that is conducive to the classification of the EEG signals of the
movement imagination. Because the EEG signal manifestation and corresponding
rhythm range of different individuals are different, and the EEG characteristics
corresponding to different frequency bands are also different, this paper proposes
a personalized feature extraction method based on filter bank and elastic network.
Based on several commonly used feature extraction and classification algorithms
in the current BCI system, the analysis and research are carried out. The best
combination method to obtain higher calculation rate and recognition accuracy
provides some theoretical reference for the practical application of BCI system.
Thus, the shortcomings of the CSP algorithm with better feature extraction effect
are improved, and the proposed method can eliminate the individual differences
of EEG signals, realize automatic feature selection, and improve classification
accuracy.

Keywords: Brain Computer Interface (BCI) · Motor imagery · Elastic net ·
Feature extraction

1 Introduction

The brain is a system with complex structure and function. It consists of hundreds of
millions of neurons, and each neuron relies on the form of electrical signals to transmit
information.We call this electrical signal an EEG signal. (Electroencephalogram, EEG).
Every moment of human thinking, every kind of emotion, will produce a specific EEG
signal, and the EEG signals produced by different thinking states are not the same. The
Brain-computer interface (BCI) is a new Human-computer interaction method based on
EEG signals. It can transmit directly through the human brain signal by not transmitting
through the channels composed of peripheral nerves, muscles and brain. Realize the
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interaction and control of the human brain and external devices [1–3]. A typical brain-
computer interface system should be able to quickly and accurately extract and identify
EEG information reflecting different mental states of the human brain. This requires
designing a corresponding EEG signal processing method according to the specific
situation. Based on this, this paper is for EEG. The relevant algorithms of signal analysis
and processing have been specifically analyzed and designed.

Through the analysis of spatial patterns found a total of good results have been
achieved, however, a total of lack of frequency domain information space model itself,
and the classification of the EEG signals accuracy is closely related to brain electrical
signal frequency band selection scope, individuality difference, because EEG signals in
practice need tomanually adjust the specific frequency range for each individual to obtain
a higher classification accuracy, limiting its universality and practical applications. In
order to solve the above problems, a method of extracting personalized features based on
filter Banks and elastic networks is proposed by referring to the idea of using filter Banks
to enrich the frequency domain. In this method, the original signal is first divided into 17
sub-band signals with a bandwidth of 4Hz by filter Banks, and then features are extracted
from each sub-band signal by using CSP to obtain a high-dimensional feature set that
covers more frequency domain information. Elastic mesh method is used for feature
selection, with elastic mesh logistic regression classifier classification error rate as an
evaluation standard, by means of parameters optimization ultimately selected contain
classification information more feature subset, so as to realize the automatic selection of
the characteristic, avoids because of individual differences caused bymanually selecting
frequency range. Finally, the test data feature set corresponding to the optimal feature
subset is fed into the fitted elastic network logistic regression model for classification.

2 A Comparative Study of EEG Signal Feature Extraction
and Classification Algorithm

2.1 Signal Processing Algorithm in Brain-Computer Interface

BCI system is built on the basis of EEG, which can realize a new human-computer inter-
action mode in which the brain directly controls the external equipment or environment.
Therefore, in-depth study of EEG signal processing algorithm can not only promote
the development of brain cognitive science, but also have important significance for the
interpretation of human consciousness and the realization of the practical application of
BCI system.

The EEG collected by the signal processing algorithm is analyzed and identified
to extract the information reflecting the brain’s thinking state, which can be divided
into three steps: preprocessing, feature extraction and classification. Preprocessing is to
weaken the noise and artifact interference in the signal and improve the signal-to-noise
ratio. The main methods are filter filtering, channel and frequency band selection, etc.
After preprocessing, the cleaner signal is beneficial to the subsequent signal processing.
Feature extraction is to extract the main information that can reflect the intention of
subjects from the preprocessed data. The classifier classifies the obtained characteristic
information according to a certain criterion, and then converts the classification results
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into corresponding control signals to realize the control of external devices. This chapter
introduces in detail the principles of several common feature extraction and classification
algorithms and their implementation results.

Feature Extraction Algorithm. Feature extraction is the core of signal processing in
BCI system. The quality of extracted features is directly related to the classification
effect of subsequent classifiers and the efficiency of the whole BCI system. Due to the
large amount of original signal data, the signal characteristics are not prominent enough,
so it is difficult to get good classification results by directly using the original signal for
classification. The purpose of feature extraction is to extract usable information from
the EEG obtained in the preprocessing link, which can represent the corresponding
conscious task, so as to obtain better classification performance.

The following are some common methods for EEG feature extraction in BCI system
of motion image: common space mode method, wavelet packet decomposition method
and power spectrum estimation method.

1) Common space mode
Common spatial pattern (CSP) algorithm is a classical spatial filtering method that
can effectively improve SNR and has been widely applied in BCI system. Practice
H. Ramoser first applied to sports like to imagine in the feature extraction of EEG
signals, the main idea is under the condition of the labeled training set training, find a
space projection, makes classification of two classes of unknown signal after projec-
tion, a variance is the largest, another kind of minimum variance, that can maximize
the distinguish between two types of samples [4, 5]. The specific implementation
process is as follows:
It is assumed that in a left-handed imagination task experiment, the EEG signals
sampled in the left-handed imagination are the matrix and dimension respectively,
where are the number of EEG signal channels and the number of sampling points in
a single training, and the specific implementation of CSP algorithm is as follows:
Suppose that in a left-right hand-imagination task experiment, the EEG signals
sampled when imagining the left and right hands are the matrixes X1 and Xr of the
N × T dimension, where N is the number of EEG signal channels, T is the number
of single training samples, and the specificity of the CSP algorithm Implemented as:
First, the left and right hand EEG data Xl and Xr are normalized by covariance:

Rl = XlX T
l

trace
(
XlX T

l

) (1)

Rr = XrXT
r

trace
(
XrX T

r

) (2)

In the formula, trace is the trace of the matrix, which is the sum of the diagonal
elements of the matrix. Then calculate the average covariance matrices Rl and Rr in
the same task mode. Then the eigenvalues of its mixed space covariance matrix R
break down:

R = Rl + Rr = U0�UT
0 (3)
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Where U0 is the eigenvector matrix and Σ is the eigenvalue diagonal matrix, then
the matrices R, Rl , and Rr are whitened, respectively, and the transformation matrix is:

P = �−1/2UT
0 (4)

S1 = PRlP
T = U

∑

l
UT (5)

Sr = PRrP
T = U

∑

r
UT = U (I − �l)U

T (6)

Where I is the identity matrix,
∑

l and
∑

r are the eigenvalue diagonal arrays.
Let U1 and Ur be the feature vectors corresponding to the largest eigenvalues of the
eigenvalue diagonal arrays

∑
l and

∑
r , respectively. Then you can construct a spatial

filter:

Wl = WT
l P (7)

Wl = WT
l P (8)

Then the EEG data is filtered by the spatial filter to obtain:

Z = WX (9)

Where X represents the EEG data of the N × T dimension, and each column in the
W matrix is a spatial filter.

TheCSPalgorithmutilizes the simultaneous diagonalization ofmatrices tomaximize
the variance of the two types of EEG data, and then extract features for classification,
which has been proved to be an effective feature extraction method [6]. However, due to
the lack of frequency domain information in the CSP method, and when the number of
signal channels is too small, this will affect its feature extraction effect to some extent,
and it also limits its application in BCI to some extent [7, 8].

(2) Analysis of wavelet and wavelet packet
In the 1990 s, Mayer proposed a wavelet transform (WPT) theory based on the
Fourier transform. The Fourier transform cannot analyze its time domain-frequency
domain simultaneously when processing signals. The problem is improved by using
a time-scale window function to analyze the characteristics of the signal, that is, to
select different window functions at different frequencies, and to adjust the resolu-
tion of the window in the frequency range by changing the shape of the window by
panning and stretching. To ensure that it provides the best time-frequency resolution
in all frequency ranges [9]. This time-frequency analysis method, which can change
both the time window and the frequency domain window, has great advantages in
dealing with highly random non-stationary signals such as EEG.

(3) Power spectrum estimation method
The power spectrum estimation method is a classic simple fast frequency domain
analysis method. For a random non-stationary signal such as an EEG signal, it
may not be clearly expressed by mathematical expressions. At this time, the power
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spectrum can be used to signal the signal. Spectrum analysis, which can show
the trend of brain wave amplitude over time with the spectrum of EEG power
as a function of frequency, so that the distribution and changes of EEG rhythm
can be visually observed, and thus extracted in the frequency domain. Important
information [10]. Power spectrum estimation can be divided into classical power
spectrum estimation and modern power spectrum estimation [11].

Classification Algorithm. Classifying the extracted EEG features is the final step of
the BCI system and a very critical step. It maps these EEG signals reflecting the cur-
rent mode of human activity to the specified classification, and converts them into some
control commands to control the external devices. The performance of the classification
algorithm directly determines the performance of the entire BCI system. Generally, the
performance of the classification algorithm is evaluated from the aspects of classification
accuracy, operation rate, simplicity of the model and interpretability. In the following,
we will mainly introduce three classification methods that are often used in EEG sig-
nal recognition: support vector machine, K-nearest neighbor, and linear discriminant
analysis algorithm.

(1) Support vector machine
SupportVectorMachines (SVM) is amachine learning algorithmbasedon statistical
learning theory proposed by Vapnik. It can better deal with small sample, nonlinear
and high-dimensional pattern recognition problems. Learning performance [12,
13]. Using the kernel function to project linearly inseparable samples into high-
dimensional space, the “dimensionality disaster” problem is well overcomewithout
increasing computational complexity. Based on these advantages, it has beenwidely
used in the classification of EEG signals.
The main idea of SVM is to seek an optimal hyperplane that meets the classification
accuracy requirements under the premise of ensuring that data is linearly separable
in a certain feature space, and successfully distinguish the two types of data while
ensuring that the classification interval is as large as possible.
Suppose a training sample set {x1, . . . , xN}, corresponding to two types of labels,
and its corresponding category is

{
y1, . . . , yN

}
, where yi ∈ {1,−1}, N is the

total number of feature vectors contained in the training sample. The discriminant
function of the optimal hyperplane can be expressed as:

y = ω · x + b = 0 (10)

Where ω is the weight vector and b is the classification threshold. In order to ensure
that the classification surface solved can correctly classify all the samples in the
dataset and the classification interval is the largest, the constraint should be satisfied:
➀ yif (xi) > 0, yi[wxi + b]− 1 ≥ 0 ➁ The classification interval 2

‖ω‖ is the largest.
Since the EEG feature vectors we extracted is linearly inseparable, we need to
introduce a kernel function to project the extracted EEG feature vector into the high-
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dimensional space and construct the optimal hyperplane in the space. The problem
of solving the optimal hyperplane is transformed into a constraint optimization
problem:

min
1

2
‖w‖2 + C

n∑

i=1

ξi, s.t.yi[(w · ϕ(xi)) + b] ≥ 1 − ξi,

ξi ≥ 0, i = 1, 2, . . . , n (11)

Where ξ i is the slack variable and C is the penalty factor. The larger the value of C,
the greater the penalty for misclassification. The Lagrangian multiplier method is
introduced to solve this problem, and the optimal classification function is obtained
as follows:

y = sgn

(
N∑

i=1

aiyiK(xi, x) + b

)

(12)

In the formula, αi is a Lagrangian multiplier, K(xi, x) = ϕ(xi) · ϕ(x) is a kernel
function.To ensure the classification accuracyof theSVM, a suitable kernel function
should be selected, which is commonly used in SVM. The kernel functions are RBF
kernel function, linear kernel function, and Sigmond kernel function.

(2) K nearest neighbor method
The K-Nearest Neighbors (KNN) algorithm is a simple and efficient parameter-free
classification model, which is widely used in various fields of pattern recognition
[14]. which is to use the sample in the training sample as a template to calculate the
distance between each sample x and the template in the test sample according to
the distance function, and choose the distance from the unknown sample x. The k
templates are taken as the k neighbors of x, and the category to which the test sample
x belongs is determined according to the category corresponding to the majority of
the k neighbors [15].
High-dimensional data, which is easily affected by high-dimensional disasters.

(3) Linear Discriminant Analysis
LinearDiscriminantAnalysis (LDA) is a classical classification algorithm proposed
by R.A. fisher to transform multidimensional problems into one-dimensional prob-
lems [16, 17]. Because of its simple algorithm, fast running speed, small calculation
and high robustness, it has been widely used in EEG signal processing [18, 19].
The basic idea is to find the best projection direction, and project the feature vectors
corresponding to different categories into this direction, so that the points in the
class are more closely clustered, and the points between different classes are more
dispersed, thus making different classes Samples are separated as much as possible.

2.2 Experimental Data Source

The data set I is derived from theData sets 1 data set provided by the 4th Brain-Computer
Interface Competition data in 2008. The data set contains the EEG data obtained by the
7 healthy subjects for the motion imaging task, respectively, which are recorded as data
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sets. a, b, c, d, e, f, and g. Among them, each subject asked to select two experiments from
the three left-handed, imagined right-handed, and imagined three-sports imagination
tasks. This paper mainly analyzes the EEG signals of right and left hand movements,
and selects the data of c, d, e, and g groups for left and right hand movement imaging
tasks. During the experiment, each subject performed 200 motion imaging experiments,
and the effective time for each motion imaging was 4 s. The experimental process of a
motion imaging is shown in Fig. 1.

Fig. 1. Picture the process of one motion

First, the display shows a black screen for two seconds to indicate the experimenter’s
adjustment status, then the screen will display 2 s “ten” character to indicate that the
experimenter enters the ready state, and then an arrow indicating the left or right will
be randomly displayed, each time is displayed. 4 s, during which the experimenter
completes the corresponding motion imaging task according to the head pointing, and
the 2 s rest time will disappear after the arrow disappears, and then the next round of
motion imaging task will be started. During the experiment, 59 channels of electrode
caps were used to record EEG. The distribution of 59 electrodes in the brain region is
shown in Fig. 2. The sampling frequency is 1000 Hz. These data are only filtered by
0.05–200 Hz. A detailed description can be found in [20].

3 An EEG Signal Analysis Method Based on Elastic Network
Combined with Filter Bank

3.1 Method Introduction

How to quickly and effectively extract EEG features and improve recognition accuracy is
the key to BCI technology research. Based on the comparative study of several common
feature extraction methods in Sect. 2, it is found that CSP feature extraction method has
achieved good results in the brain-computer interface research based on motion imag-
ination. However, the CSP algorithm itself lacks frequency domain information, and
the accuracy of classification results is closely related to the frequency range of EEG
signals [21]. In practical application, due to the differences between individuals, every
individual brain signal form is different, its corresponding appear rhythm signal range is
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Fig. 2. 59 EEG electrode profiles

different also, in the previous studies on feature extraction using CSP, generally USES a
wide range of frequencies or frequency range based on specific individual manual adjust-
ment method for processing, in order to obtain higher classification results, but it is also
a certain extent, limits the universality and practicability of the CSP method. To solve
this problem, Kai proposed a feature extraction method of Filter Bank Common Spatial
Pattern (FBCSP), which used Filter Bank to divide the original signal into frequency
bands and then used CSP to extract features in sub-band signals, thus enriching the
frequency domain information of CSP feature extraction [22, 23]. In this chapter, based
on the idea of frequency band segmentation, a personalized feature extraction method
based on filter bank and elastic network is proposed. In this method, the EEG is firstly
divided into frequency bands by filter Banks, and the EEG signals of each sub-band are
extracted by CSP spatial filter to obtain a high-dimensional feature set. Then, the elas-
tic network method is adopted for feature selection, that is, when training the logistic
regression model of elastic network with training data, the classification accuracy of
classifier is taken as the evaluation standard, and the model parameters are optimized
through 10-fold cross-validation to obtain the feature subset with the highest EEG sig-
nal recognition degree applicable to different individuals. Finally, the test data feature
set corresponding to the selected optimal feature subset is classified using the trained
elastic network logistic regression model, and the corresponding classification accuracy
is obtained. The experimental results show that the proposed method is effective.

3.2 Elastic Network Algorithm

Elastic network [24] is a multivariate model analysis method which is the weighted bal-
ance of the ridge regression penalty and the lasso penalty, so it combines the advantages
of the lasso and ridge regression methods. By optimizing the model parameters, it is
possible to find a balance between the goodness of fit and the complexity of the model
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to select an optimal model, which can make the fitted model more concise and improve
the recognition accuracy.

Assume that the collected EEG signal is X = {X1, . . . ,XN } and its corresponding
label isG = {g1, . . . , gN }, where gi ∈ {1,−1}, Xi = (

xi1, xi2, . . . , xip
)T is the predictor

variable, gi is the response variable. To simplify the calculation, assume that the predictor
variable xij has been standardized which is:

n∑

i=1

xij = 0,
n∑

i=1

x2ij = 1 (13)

Logistic regression models can be expressed as:

Pr(g = 1|x) = 1

1 + e−(β0+xTβ)
(14)

Pr(g = −1|x) = 1

1 + e+(β0+xTβ)
= 1 − Pr(g= 1|x) (15)

β = {
β1, · · · , βp

}
is the regression coefficient variable of the model. The

corresponding log likelihood function is:

L(β0, β) = 1

N

N∑

i=1

[
yi ln p(xi) + (1 − yi) ln(1 − p(xi))

]

= 1

N

N∑

i=1

[
yi

(
β0 + xTi β

)
+ ln(1 − p(xi))

]
(16)

Where yi =
{

1 gi = 1
0 gi = −1

, p(xi) = Pr(gi = 1|xi).
Applying an elastic network penalty term Pα(β) based on the maximized log

likelihood function, its parameter estimates can be described as:

(β0, β) = argmax
(β0,β)∈Rp+1

{L(β0, β) − λPa(β)} (17)

Where Pα(β) = (1 − α) 12‖β‖2
2 + α‖β‖
1 =
p∑

j=1

[
(1 − α) 12β

2
j + α

∣∣βj
∣∣
]
, λ and α

are the regularization parameters. Compared with lasso and ridge regression, the elastic
networkmethod can simultaneously perform parameter estimation and feature selection.

The log-like maximum value of the above formula (17) is solved by the coordinate
descent method [25] which is considered as a fast and effective calculation method. The
basic idea of the coordinate descent method is to convert the multivariate problem of
unrelated variables between predictors into multiple univariate sub-problems. It opti-
mizes only one-dimensional variables at a time and the optimization coefficients can be
updated in the variable cycle, so the whole iteration process will be completed soon.

Before the above formula (17) is solved by the coordinate descent method, the
original form needs to be converted. Assuming that the current estimate of the parameter
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is
{
β̃0, β̃

}
, Taylor expansion is performed at the current estimated point and a quadratic

approximation of the log-likelihood function of Eq. (4) can be obtained:

LQ(β0, β) = − 1

2N

N∑

i=1

ωi

(
zi − β0 − xTi β

)2 + C
(
β̃0, β̃

)2
(18)

Where
zi = β̃0 + xTi β̃ + yi−p̃(xi)

p̃(xi)(1−p̃(xi))
can be seen as a response. ωi = P(xi)(1 − P(xi))

is Weight. C(β̃0, β̃)2 = L
(
β̃0, β̃

)
+ 1

2N

N∑

i=1

[
(yi − p̃(xi))

2/p̃(xi)(1 − p̃(xi))
]
, it is a con-

stant only when parameter optimization is performed; it is a value calculated based on
the current parameter estimation value.

The approximation formof the above Eq. (6) is equivalent to the log likelihood part of
the aboveEq. (5). Then the problem is transformed into a solution to the penalty-weighted
least squares form of the elastic network.

(β0, β) = argmin
(β0,β)∈RP+1

{−LQ(β0, β) + λPα(β)
}

(19)

Solving the Eq. (7) by using the coordinate descent method:

− LQ(β0, β) + λPα(β) =
1

2N

N∑

i=1

ωi

(
zi − g̃(xi)

(j)−xijβj)
2 + C

(
β̃0, β̃

)2 + λPα(β) (20)

where,g̃(xi)(j) = β̃0 + ∑
k �=j xik β̃k is the contact function that removes xij.

Assuming that the current estimate of the parameter is
{
β̃0, β̃

}
, only one dimension

of the coefficient β is optimized at a time and other dimensions are considered constant.
Then the j-dimension of the coefficient β can be derived:

When β j > 0, let the derivative be equal to 0 and the coordinate update form of β j

can be obtained:

βj =
1
N

N∑

i=1
ωixij

(
zi − g̃(xi)(j)

) − λα

1
N

N∑

i=1
ωix2ij + λ(1 − α)

(
βj > 0

)
(21)

When β j < 0, similar expressions could be obtained. In other case β j = 0, there is
a form of coordinate update described by the soft threshold operator:

βj =
S

(
1
N

N∑

i=1
ωixij

(
zi − g̃(xi)(j)

)
, λα

)

1
Ni

N∑

i=1
ωix2ij + λ(1 − α)

(22)
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In general, based on the current observations, the elastic network penalty logistic
regression model is established. The process of solving the coefficients β by the coor-
dinate descent method is a series of cyclic iterative solving processes and each loop is
nested with each other until convergence. The steps of the coordinate descent method
are as follows:

(1) Cycling 
 ∈ {1, 2, · · · ,K, 1, 2, · · ·} until β convergence;

(2) Updating the second approximation LQ using the current parameters
{
β̃0, β̃

}
;

(3) Solving the penalty weighted least squares problem of Eq. (5) by the coordinate
descent method as shown in Eq. (8).

3.3 Encapsulated Elastic Network Feature Selection Algorithm Combined
with Filter Bank

This chapter on the basis of the traditional feature extraction based onCSPwas improved,
is put forward based on the filter group and elastic mesh personalized feature extraction
methods, this method first USES a set of filter band segmentation of EEG signals were
collected separately for each sub-band using CSP spatial filter for feature extraction of
EEG signals, get a high victor collection; Then use the encapsulation of elastic mesh
method for feature selection: the training data is adopted to elastic mesh logistic regres-
sion model for training, the objective function is solved by coordinate descent method
of model parameter, using 10 fold cross-validation to optimize a corresponding train-
ing set the highest classification accuracy of parameter estimation, corresponding to be
suitable for different individuals of the EEG signal recognition feature subset supreme;
Finally, the test data corresponding to the selected optimal feature subset are classified
using the trained elastomeric network logistic regression model, and the corresponding
classification accuracy is obtained. The flow chart of the whole method is shown in
Fig. 3.

Fig. 3. The implementation process of encapsulated elastic network feature selection algorithm
combined with filter bank
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Specific Implementation of the Algorithm. The specific implementation of the algo-
rithm is mainly divided into two parts: one is the training sample and the other is the test
sample.

The training process is as follows:

(1) Filter bank band segmentation: the training samples are segmented into 17 sub-band
signals with a bandwidth of 4 Hz and overlapping 2 Hz using a Chebyshev type II
band-pass filter bank. And then the EEG signals of each sub-band are respectively
input into the CSP spatial filter and the two-dimensional feature vectors of the two
types of motion imaging EEG signals of each sub-band are extracted to obtain a
34-dimensional feature vector set F = {

f 1, f2, · · · , f34
}
.

(2) Feature selection: the elastic network logistic regression model is introduced to
compress the obtained multidimensional feature variables, and the feature subset
with the highest recognition is selected for the individualized EEG signals. The spe-
cific selection process is as follows: the elastic network logistic regression classifier
error rate is the evaluation criteria for feature selection and 10 different values are
set (0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0).); the number of values is set
to 100 and then 1000 feature selection subsets are obtained (the number of features
may or may not be the same); a 10-fold cross-validation is performed to obtain
the classification error average rate corresponding to different feature subsets and
a set of features with the lowest average error rate is selected as the optimal feature
subset.

The test process is as follows:

(1) As in the training process (2), the original signal is sub-band segmented using a
filter bank and feature extraction is performed on each sub-band signal by CSP, so
that a 34-dimensional feature variable set can be obtained;

(2) The test data corresponding to the selected optimal feature subset in the above
training process is sent to the trained elastic network logistic regression classifier to
perform prediction classification and the classification accuracy of the test sample
is obtained.

3.4 Experimental Results and Analysis

The experimental data is processed accord to the algorithm description of the third
section. In order to prove the superiority of the encapsulated elastic network feature
selection method combined with the filter bank proposed in this paper, it is compared
with the conventional frequency band selection method and the filtered elastic network
feature selection method. The conventional frequency band selection method uses CSP
to extract the features of the signal in the fixed frequency range of 440 Hz. The filtered
elastic network method and the encapsulated elastic network method use the elastic
network method to select the feature subsets and the final feature set is the same. The
main difference is that the predictive process of the filtered elastic network method
uses the classifiers as support vector machine and logistic regression and the prediction
process of the encapsulated elastic network method still uses a flexible network logistic
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regression classifier. Based on the data of four subjects, the recognition accuracy of the
five combinations obtained by the above several feature extraction and classification
methods were compared. The results are shown in the Fig. 4.

Fig. 4. Classification accuracy rate obtained by five different methods

4 Conclusion

This paper analyzes and processes the motor imagery EEG data in the brain-computer
interface system. Themain contents are divided into the following aspects: Firstly, based
on several commonly used feature extraction and classification algorithms in the current
BCI system, the analysis and research are carried out. The best combination method
to obtain higher calculation rate and recognition accuracy provides some theoretical
reference for the practical application of BCI system. Then some shortcomings of the
CSP algorithmwith better feature extraction effect are improved. A personalized feature
extraction method based on filter group and elastic network is proposed, which can
eliminate the individual differences of EEG signals, realize automatic feature selection,
and improve classification accuracy.
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