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Biosignal processing has become a popular part of modern
computational science, physics, and biological science. It
is desired to develop novel computational tools to analyze
biosignals, which are able to provide utilizable approaches to
enhance our understanding of complex biological systems.

Novel methods were proposed for analyzing biosignals,
such as electroencephalogram (EEG) and electrocardiogram
(ECG), which might provide researchers with the current
state-of-the-art knowledge of this interdisciplinary research
field.

The paper titled “Dual Adaptive Filtering by Optimal
Projection Applied to Filter Muscle Artifacts on EEG and
Comparative Study” by S. Boudet et al. proposes a dual
adaptive filtering by optimal projection (DAFOP) method
to automatically remove artifacts on EEG recordings. It is
demonstrated that the DAFOP is significantly more efficient
than the canonical correlation analysis (CCA) and conven-
tional low-pass filtering methods.

The paper titled “Study of Driving Fatigue Alleviation
by Transcutaneous Acupoints Electrical Stimulations” by F.
Wang and H. Wang investigates the driving fatigue by cal-
culating the relative power spectrum of drivers’ EEG signals,
which were collected from the drivers who were electrically
stimulated and the drivers without electrical stimulation.
They found that the electrical stimulationmethod stimulating
the Láogóng point of the human body can alleviate driving
fatigue effectively.

The paper titled “Cortical Source Multivariate EEG Syn-
chronization Analysis on Amnestic Mild Cognitive Impair-
ment in Type 2 Diabetes” by D. Cui et al. investigates

the synchronization in five ROIs of sLORETA sources for
seven bands in amnestic mild cognitive impairment (aMCI)
and normal cognitive functions subjects in type 2 diabetes
mellitus (T2DM). It is found that the cortical source syn-
chronization is significantly different between aMCI and
control group, and this difference is correlated with cognitive
functions.

The paper titled “Detection of Burst Suppression Patterns
in EEG Using Recurrence Rate” by Z. Liang et al. uses
recurrent plot (RP) analysis for the detection of the burst
suppression pattern (BSP) in EEG. Their results suggest that
the proposed RP may provide an effective burst suppression
detector for developing new patient monitoring systems.

The paper titled “Enhanced Performance by Time-
Frequency-Phase Feature for EEG-Based BCI Systems” by
B. Xu et al. introduces a new motor parameter imagery
paradigmusing clench speed and clench forcemotor imagery.
It is demonstrated that the proposedmethod has the potential
to increase the direct control commands for BCI control and
the time-frequency-phase feature has the ability to improve
BCI classification accuracy.

The paper titled “Sparse Matrix for ECG Identification
with Two-Lead Features” by K.-K. Tseng et al. proposes a new
two-dimensional sparse matrix to identify human ECG with
higher accuracy.

The paper titled “Multiple-Site Hemodynamic Analysis
of Doppler Ultrasound with an Adaptive Color Relation
Classifier for Arteriovenous Access Occlusion Evaluation”
by J.-X. Xu proposes an adaptive color relation classifier to
screen the degrees of stenosis for an arteriovenous access
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occlusion evaluation by multiple-site hemodynamic analysis
of Doppler ultrasound. Their results show that the proposed
screening method efficiently evaluates access occlusion.

The paper titled “An EffectiveMeasured Data Preprocess-
ing Method in Electrical Impedance Tomography” by C. Yu
et al. proposes a nonlinear transformation to improve the
electrical impedance tomography (EIT) spatial resolution.

As we have seen, biosignal processing is a very active
area, and many challenges still remain. It can be expected
that more exciting research activities will be seen in the
near future. Hopefully, this special issue will contribute in
diffusing novel computational tools of biosignal processing
to various application fields.
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Electrocardiograph (ECG) human identification has the potential to improve biometric security. However, improvements in ECG
identification and feature extraction are required. Previous work has focused on single lead ECG signals. Our work proposes a
new algorithm for human identification bymapping two-lead ECG signals onto a two-dimensional matrix then employing a sparse
matrix method to process the matrix. And that is the first application of sparse matrix techniques for ECG identification. Moreover,
the results of our experiments demonstrate the benefits of our approach over existing methods.

1. Introduction

Electrocardiogram (ECG) has become a popular tool in
analyzing heart disease with the use of telemedicine and
home care techniques [1, 2]. However, ECG not only is useful
as a diagnostic tool but also has been applied on information
watermarking [3–5], data compression [3, 6], and human
identification [7–15]. ECG techniques have the potential to
play a role in biometric identification.

Existing biometric identification techniques have focused
on the use of fingerprints, facial geometry, and voice analysis.
We may be able to apply ECG techniques to protect health
care systems from data leakage.

In this work, we propose a new algorithm using two leads
of ECG signals for human identification. This algorithm uses
the sparse matrix for dimensionality reduction that mapped
two-lead data into one coordinate. We take advantage of
the sparse matrix for identification. Our algorithm is sparse
matrix correlation coefficient (SMCC).

Through the experiment, we demonstrate that our
approach is more accurate for human identification and ver-
ification than existing techniques. In a summary, compared
to the previous ECG identification, our approach has the
following advantages.

(1)Using sparse matrix to store data that contains a large
number of zero-valued elements can both save a significant
amount of memory and speed up the processing of that data.

(2) The algorithm performs rapidly with lower computa-
tional complexity than the PCA method to process two-lead
signals.

The remainder of this paper is organized as follows:
Section 2 contains an overview of related work in ECG
identification; Section 3 introduces the proposed ECG iden-
tification algorithm; the experimental results are presented
in Section 4; finally, some concluding remarks are stated in
Section 5.

2. Related Work

For ECG identification, research has focused on areas such
as signal preprocessing, feature extraction, data classification,
data reduction, and intelligence optimization.

Based on our survey, the ECG feature extraction algo-
rithms can be classified into two categories: transform-based
[9, 13, 15] and waveform-based [7, 8, 11, 12]. The transform-
based algorithms consist of transforms in wavelet [15] and
frequency domain. Since the wavelet transform contains
information in both the time and frequency domains, it is
more popular than the frequency based techniques which
include Fourier transform [13] and discrete cosine transform
(DCT). Waveform-based method measures the distance and
amplitude difference between wave peaks and valleys. These
attributes represent certain characteristics of the signal, such
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as in [8]; morphological characteristics are first extracted
through the wavelet transform.

But some approaches are hybrid, for example [8], using
morphological characteristics which are extracted through
the wavelet transform.The feature extraction of our approach
could be a hybrid approach as well; it transfers two waveform
signals into a two-dimensional space then measures their
similarity in the two-dimensional space.

Most approaches to ECG identification only use one-lead
signal [7, 10, 14]. Lead systems allow you to look at the heart
from different angles. Each different angle is called a lead.
The different leads can be compared to radiographs taken
from different angles. So we can use more than one feature to
classify discrimination. Inmany characteristics classification,
there are many kinds of features.

Two-dimensional processing of ECG data has been
applied in compression and diagnostic areas. The authors of
[16] proposed diagnosis of acute myocardial infarction using
two-dimensional echocardiography. The authors of [17, 18]
implemented ECG data compression on two-dimensional
data. These approaches have however to our knowledge not
been applied to ECG identification.

In a summary, most of the work on ECG biometricsmade
use of only one lead and ignored the other leads that may
contain additional information. The ECG signals from the
two leads are essentially two observations of the same phys-
iological activity from two different perspectives. Thus, we
proposed a new two-lead algorithm for ECG identification.

Data computation is another area that we reviewed when
considering existing approaches to ECG identification. A
common approach is correlation of coefficients for mea-
surements of feature distance, such as the wavelet distances
that have been used in matching acquired ECG signals for
identification [9, 15]. The work [19] applied the feature set
evaluation (FSE) with k-nearest neighbor (k-NN) algorithm
to improve low recognition rates and used the eigen-space
method to reduce data dimensions; however, this approach
is both complicated and time consuming. By using typical
neural classifier, the research [11, 20] is applying the neural
network in ECG identification.

Further, one popular approach is PCA [21] which is
an analogue of the principal axes theorem in mechanics,
and it was later independently developed by [22]. A recent
application of PCA in ECG signal processing is useful feature
reduction of various ECG properties [1, 2, 8, 23].

In this work, we adapt spare matrix [24] for ECG identifi-
cation, and it was invented as early as a century ago; CFGauss,
CGJ Jacobi, and others have studied the use of matrix sparse
in someways. Linear programming andnumerical solution of
boundary value problems had been apply for sparse problems
in 1950s. DM Young and RS Varga on iterative research
process can also be seen as the result of high-level sparse
problem. But modern sparse matrix technology is mainly
developed since the 1960s, and in the early andmid-60’s some
researchers studied the direct method as a starting point.
Sparse matrix has penetrated into many areas of research.
For example, in structural analysis, network theory, power
distribution systems, chemical engineering, photography,
surveying and mapping, and other aspects of management

science studies have appeared until hundreds of thousands of
rank-order sparse matrix.

But according to our survey, we did not find any one
to transform ECG signal into two-dimensional space and
fuse with sparse matrix. In this research, we also found
that they work well for the similarity measurement in ECG
identification.

3. Algorithm

In this work, we target the two-lead ECG signal to be
transformed into two-dimensional coordinates and perform
the identification using sparse matrix. Figure 1 shows the
flow of utilizing sparse matrix in ECG human identification
system, which consists of three steps. First, we map the
ECG two-lead signals into two-dimensional coordination
that forms a matrix. Then, we reduce dimensions of the
matrix using a special mask, the size of which depends on
how many dimensions we want to reduce. We then transfer
the matrix into a sparse matrix so that it can be stored and
addressed easily. The sparse matrix is regarded as the fusion
features of ECG two-lead signals. Finally, the feature data
for various individuals are used to train the sparse matrix
classifier. Figure 1 is the detailed formula for the procedure.

(1) Obtaining Two-Lead ECG Signals. Consider two-lead ECG
signals, respectively, as

𝑆
(1)

= {𝑥
(1)

1 , 𝑥
(1)

2 , . . . , 𝑥
(1)

𝑖 , . . . , 𝑥
(1)

𝑛 } ,

𝑆
(2)

= {𝑥
(2)

1 , 𝑥
(2)

2 , . . . , 𝑥
(2)

𝑖 , . . . , 𝑥
(2)

𝑛 } ,
(1)

where real-valued 𝑥
(𝑗)

𝑖
(𝑗 = 1, 2) corresponds to the 𝑖th of the

𝑗th ECG leads signal.

(2) Transforming ECG Signals into Matrix. Then, we initialize
a matrix 𝑀 to zero, and then compare each pair of consecu-
tive input signals at time 𝑡, and set

𝑀[𝑥
(1)

𝑡 , 𝑥
(2)

𝑡 ] = 1. (2)

In this procedure, we converted each lead signals of ECG
to a matrix 𝑀 whose size is 𝑁 × 𝑁. Here, 𝑁 is the scopes of
signal values.

(3) Reduced Matrix. Next, we defined a mask matrix
𝑀
∗𝑚×𝑚, (𝑚 < 𝑁),

𝑀
∗
=

[
[

[

0 ⋅ ⋅ ⋅ 0
... d

...

0 ⋅ ⋅ ⋅ 0

]
]

]

, (3)

where 𝑚 means the dimensions that we want to reduce. For
𝑥 coordination 𝑘𝑥 = 1, 1 + 𝑚, 1 + 2𝑚, . . . , 𝑁 − 𝑚 + 1, and 𝑦

coordination 𝑘𝑦 = 1, 1 + 𝑚, 1 + 2𝑚, . . . , 𝑁 − 𝑚 + 1, we follow
the rule:

𝑀𝑅[
𝑘𝑥 + 𝑚 − 1

𝑚
,
𝑘𝑦 + 𝑚 − 1

𝑚
]
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Figure 1: Procedure of ECG identification system with sparse matrix.

= {
0, 𝑀 [𝑘𝑥 : 𝑘𝑥 + 𝑚 − 1, 𝑘𝑦 : 𝑘𝑦 + 𝑚 − 1] + 𝑀∗ ≤ 0,

1, 𝑀 [𝑘𝑥 : 𝑘𝑥 + 𝑚 − 1, 𝑘𝑦 : 𝑘𝑦 + 𝑚 − 1] + 𝑀∗ > 0.

(4)
(4) Storing as a Sparse Matrix. And then we store the matrix
as sparse matrix for the following processing.

Here, we use the coordinate format (COO) to store the
spare matrix; that is, we just store three parameters, row,
column, and value. As most elements of the matrix are zero
andwe set the corresponding point as “1,” we can just only use
(row, column) sparse matrix format to express the full matrix
of extracted ECG two-lead signals data. For an example, after

processing, we get the ECG data that we extracted from the
two-lead signals as Figure 2 shows, where 𝑛𝑧 means number
of elements of this sparse matrix.

We can express the sparse matrices as

val = {(5, 4) , (6, 4) , (7, 4) , (5, 5) , (6, 5) , (7, 5) ,

(8, 5) , (5, 6) , (6, 6) , (7, 6)} ,

val = {(6, 4) , (5, 5) , (6, 5) , (7, 5) , (5, 6) , (6, 6) , (7, 6)} .

(5)

The relative sparse matrix val is considered as the features
of ECG two-lead signals and will be the input to the
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Figure 2: Extracted ECG two-lead signals data.

correlation coefficient classifier for training purposes and
individual identification.

(5) Computing Correlation Coefficient. 𝑅 = corrcoef(𝑋)

returns a matrix 𝑅 of correlation coefficients calculated from
an input matrix 𝑋 whose rows are observations and whose
columns are variables. The matrix 𝑅 = corrcoef(𝑋) is related
to the covariance matrix 𝐶 = cov(𝑋) by

𝑅 (𝑖, 𝑗) =
𝐶 (𝑖, 𝑗)

√𝐶 (𝑖, 𝑖) 𝐶 (𝑗, 𝑗)

. (6)

cov removes the mean from each column before calculating
the result.

The covariance function is defined as

cov (
→
𝑥1,

→
𝑥2) = 𝐸 [(

→
𝑥1 − 𝜇1) (

→
𝑥2 − 𝜇2)] , (7)

where →
𝑥𝑖 is a vector, 𝐸 is the mathematical expectation, and

𝜇𝑖 = 𝐸
→
𝑥𝑖.

For an ECG data signal 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑛}, which is from
one unidentified individual. After transferring 𝑆 into a sparse
matrix M∼, we calculated the correlation coefficient of M∼,
M𝑖, respectively, whereM𝑖 is the template sparse matrix that
came from a special individual, and we get 𝑟𝑖 = corrcoef
(M∼,M𝑖). If we have 𝑛 individuals, then we have an output
result ⃗𝑅 = {𝑟1, 𝑟2, 𝑟3, . . . , 𝑟𝑛}. In sparse matrix correlation
coefficient classification, we define 𝜀𝑖 as a threshold of 𝑖th
individual. If 𝑟𝑖 < 𝜀𝑖, (𝑖 ∈ 1, 2, . . . , 𝑛), it means we can classify
𝑆 to this corresponding target individual type 𝑖; that is, 𝑆 can
be classified into the right type only if it belongs to a unique
right type.

(6) SettingThreshold for Identification. To verify how efficient
this algorithm is in human identification by ECG two-lead

signals, we train the sparsematrixwhich represents a segment
of ECG two-lead sample points to get thresholds of each
individual. In these experiments, we define the threshold 𝜀𝑖
of the 𝑖th individual as

𝜀𝑖 = 𝑅
min
𝑖 − 𝛿, (8)

where 𝑅min
𝑖 represents the minimum correlation coefficient

in training set of the 𝑖th individual. 𝛿 is a variable that will
be determined in the testing stage. To achieve the optimal
identification result, we use increasing circulation 𝛿 to test
result.

4. Experimental Results

We conducted a comprehensive experiment on public ECG
databases, and we selected the MIT-BIH normal sinus
rhythm database [25]. This database includes 18 long-term
ECG recordings of subjects referred to the Arrhythmia Labo-
ratory at Boston’s Beth Israel Hospital. The subjects included
in this database were found to have had no significant
arrhythmias. These ECG data have a sampling rate of 128Hz
and a 12-bit binary representation.

For each individual, 8 segments of 10 sample periods
long are obtained from the record of the ECG signal in
the database. Thus, 1280 sample points in each segment
are selected for frequency and rank order statistics. We set
the matrix with 1300 rows and 1300 columns for reducing
dimension easily. Aswe know, someof the ECG sample points
are negative number, so every sample point value add 500 to
get non-negative number. This modification of data set can
avoid the problem for mapping them into the matrix. And
then mapping those sample points into a 1300 × 1300 matrix.
Next, we reduce the dimension of the matrix and store it as a
sparse matrix.
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In training stage, for each individual, there are 18 data sets
for training via calculating the correlation coefficients. The
process of training the neural network is from the MIT-BIH
database for our sparse matrix experiment.

After training the ECG two-lead signals data with spare
matrix correlation coefficient of 18 individuals, we can obtain
the threshold of each individual. The test data for identifi-
cation are also acquired from the same MIT-BIH database.
For each individual, we recapture 10 segments of 1280 sample
points of each lead in length. Note that these 10 segments are
obtained at different locations of the ECG signal; that is, none
of themoverlapwith previously selected segments used in the
training process. Each segment is passed through the sparse
matrix correlation coefficient classifier for the identification
matching testing. Thus, there are 10 matching tests for each
individual.

4.1. Measurement Approaches. We used two approaches to
evaluate the algorithms.

4.1.1. Success Rate. This is a metric used for accuracy mea-
surement. Based on the results of comparisons between the
individuals, when the correlation coefficient is smaller than
the threshold correlation coefficient, we considered it as an
identification error. Summing up these errors gives us the
total number of errors; then we divided this figure by the total
number of comparisons to give the success rate.

4.1.2. False Acceptance (FA) and False Rejection (FR) Rates.
These are also the metrics used for accuracy performance.
The FR denotes the relative ratio of subjects which should be
accepted but are actually rejected by the classifier; similarly,
the FA is the ratio of subjects which should be rejected but
are actually accepted by the classifier. The threshold which
for FA/FR is obtained from the training set, was aimed to
minimize.

4.2. Success Rate Results. Then, we use these to compute
the correlation coefficient between testing data and template
matrix of each individual to classify and identify the ECG
testing data. As the 𝛿 of threshold defined is initialized by
some random value, the performance might not be good
enough; therefore, the classification should be trained a
large number of times; for example, it is five times in our
experiment. 𝛿 is initialized to zero, and then it increases by
0.01 to test the identification results.When 𝛿 increases to 0.20,
we can find out the most appropriate 𝛿 for classification.

We use maximum correlation coefficient as prior method
to calculate success rate. For a sparse matrix M which came
from one unidentified individual, we compute the correlation
coefficient of this sparse matrix M and each individual to
get corresponding 𝑅𝑖. Since there are 18 individuals in this
experiment, we find out the max 𝑅𝑖, 𝑖 ∈ (1, 18). And then if
𝑅𝑖 > 𝑇𝑖, where𝑇𝑖 is the 𝑖th individual threshold that can refuse
data not belonging to its own, we have M which belongs to
the 𝑖th individual. Else,M does not belong to any individuals
of those 18 individuals.

As we have 8 segments data for training, every segment
can be a sparsematrix template for comparison during testing
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Figure 3: Maximum 𝑅 prior success rate.

at the testing stage. Figure 3 shows the success rate by using
maximum correlation coefficient prior method to identify
human with each sparse matrix template.

Least square is another method for identifying human.
For ECG signals which are extracted from MIT-BIH normal
sinus rhythm database, we can get the correlation coefficient
𝑅𝑖 corresponding to 𝑖th individual. After that, we compute the
square Δ 𝑖:

Δ 𝑖 = (𝑅𝑖 − 𝜖𝑖)
2
, (9)

where 𝜖𝑖 means the average correlation coefficient of 𝑖th indi-
vidual at training sets. And then we find out the minimum
Δmin = min{Δ 𝑖 | 𝑖 ∈ (1, 18)}, where the Δmin corresponding
individual is 𝑗. That is, Δmin = Δ 𝑗, 𝑗 ∈ (1, 18). As a result,
this ECG signal belongs to 𝑗th individual. Figure 4 shows the
success rate by using least squares correlation coefficient prior
method to identify human with each template sparse matrix.

4.2.1. FA and FR Rates Results. Figure 5 summarizes the FA
and FR change with the 𝛿 changes. It shows that the FA/FR
ratio for the matching test lies between 0.047 and 0.207 for
18 individuals with 10 segments each, which is acceptable for
multiple subject classification.

The FA/FR rate of Figure 5 is compared with the 7th
template of each individual. Next, we will show experiment
result of different templates.

Figure 6(a) displays different FA rates of those eight
templates of the sparse matrices. And we can figure out that
the FA rate is smaller for all templates when the threshold 𝛿

is small. The best is 𝛿 = 0.
Figure 6(b) displays different FR rates of those eight

templates of sparse matrices. And we can figure out that the
FR rate is smaller for all templates when the threshold 𝛿 is
bigger. We have that when 𝛿 ≥ 0.01, all templates FR rate is
zero.

The Acc accuracy of sparse matrix correlation coefficient
algorithm can be calculated by the FA rate and FR rate. In
common, the calculation function would be

Acc = 1 −
FA + FR

2
. (10)

Although FA rate and FR rate have different tendency
when changing threshold 𝛿, we might find out a suitable 𝛿

by an iterative loop to find a better accuracy Acc.
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Figure 4: Least squares identification result.
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According to formula (10), we can get higher Acc when
(FA + FR)/2 is smaller.

As shown in Figure 7, we have eight templates matrix for
training and testing ECGdata in our SMCC algorithm.When
𝛿 = 0, the result can reach the better performance. So we
choose templates 𝑇 = 7 and 𝛿 = 0 to show FA and FR of each
individual by sparse matrix correlation coefficient algorithm
here, as Figure 7 shows.

5. Comparison

To compare with the common one-dimensional algorithm,
three ECG identification algorithms are compared in this
experiment with the same database and comparisonmethod.
The four common identification algorithms are described
below.

First, we list the ECG identification algorithmswith single
lead signal data.

5.1. Comparing with Reduced Binary Pattern (RBP) Algorithm.
This algorithm uses the frequency and rank order statistics of
the input ECG signal [26]. For any ECG signal, we can express
it as {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛}, where 𝑥𝑖 represents the 𝑖th signal
from the input data. According to the decrease or increase

of two consecutive 𝑥 values, the two-state function, 𝑅𝑛, is
mapped onto the values of 0 and 1, respectively:

𝑅 = {
0, 𝑥𝑛 ≤ 𝑥𝑛−1,

1, 𝑥𝑛 ≤ 𝑥𝑛−1.
(11)

Through formula (11), the reduced binary pattern is
simply represented by one binary sequence consisting of
digits 0 and 1.

In 𝑤𝑘2
𝑚

− 1𝑤𝑘𝑆1𝑆2 counting and ranking process, the
frequency of each 𝑤𝑘 whose value ranges between 0 and
2𝑚 − 1 is calculated in the counting process. Therefore,
we incorporate a weighted distance formula to define the
measurement of similarity between 𝑆1 and 𝑆2:

𝐷𝑚 (𝑆1, 𝑆2) =
∑
2
𝑚

−1

𝑘=0

𝑅1 (𝑤𝑘) − 𝑅2 (𝑤𝑘)
 𝑝1 (𝑤𝑘) 𝑝2 (𝑤𝑘)

(2𝑚 − 1)∑
2𝑚−1

𝑘=0 𝑝1 (𝑤𝑘) 𝑝2 (𝑤𝑘)
,

(12)

where 𝑝𝑖(𝑤𝑘) and 𝑅𝑖(𝑤𝑘) represent the probability and rank-
ing of 𝑤𝑘 in the sequence 𝑆𝑖, 𝑖 = 1 or 2. The absolute differ-
ence between two rankings is multiplied by the normalized
probabilities as a weighted sum; the factor 2

𝑚 − 1 in the
denominator is to ensure all values of𝐷𝑚 lie within the scope
of [0, 1].

5.2. Comparing with Waveform Algorithm. In a waveform-
based study [8], a total of 19 features are extracted from the
four classes: amplitude (PQ, RQ, TQ, RT, PS, RP, TS, RS, PT,
and QS), duration (QS, PR, QR, ST, and QT), slope (RS, ST,
and QR), and area (area of the QRS triangle). These features
form a feature vector 𝑆.

After obtaining some waveform feature for the individual
difference, we use formula (12), a similarity algorithm to
evaluate difference between two individuals. The closeness
between two feature-vectors 𝑆1 and 𝑆2 is considered as their
distance 𝑑(𝑆1, 𝑆2); the intra- and intergroup distances can be
evaluated through (12).

5.3. Comparing with Wavelet Transform Algorithm. Wavelet
analysis or wavelet transformation is the finite or rapid
attenuation of oscillation waveform signals, which is called
the mother wavelet.

The procedures of the wavelet-based algorithm [9] in
comparison include the following: each R-R cardiac cycle
is obtained through R-R detection; an interpolation is per-
formed on the R-R interval so each R-R cardiac cycle holds
284 data points; every R-R cycle is cut into three parts, each
containing 85, 156, and 43 points; the first 85 and the last 43
points in each R-R cycle are assembled to form a 128-point
segment; every four segments are grouped and an 𝑛-level
discrete wavelet transform (DWT) is performed to obtain
the corresponding wavelet coefficients. Four of the computed
wavelet coefficients are gathered as a wavelet vector and
expressed as

𝑆 = [𝑎𝑛, 𝑑𝑛, 𝑑𝑛−1, 𝑑1] . (13)

The Euclidean distance between two wavelet vectors 𝑆1
and 𝑆2 is regarded as their distance 𝑑(𝑆1, 𝑆2); the intra- and
intergroup distances can then be calculated through (12).
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Figure 6: (a) FA rates of eight templates with different threshold and (b) FR rates of eight templates with different threshold.
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Figure 7: FA and FR of sparse matrix with correlation coefficient
computation.

So far, we have introduced three algorithms for human
identification by using one lead of ECG signal. Now we will
design an experiment to conduct a comparison between the
three algorithms and our sparse matrix algorithm.

In the evaluation using the MIT-BIH normal databases,
it is obvious from the comparison of outcomes shown in
Table 1 that the RBP, waveform-based, and wavelet transform
algorithms perform well but our advanced sparse matrix
with two-lead algorithm still excels them, and it has a better
accuracy rate in the MIT-BIH normal public database.

5.4. Comparison Result with One-Lead Methods. From
Table 1 we know that using two-lead ECG signal for human

Table 1: FA/FR of the compared result.

Item RBP Waveform Wavelet SMCC
FA 0.3748 0.3092 0.3734 0.0941
FR 0.2500 0.1222 0.0833 0
(FA + FR)/2 0.3124 0.2157 0.2283 0.0471
Accuracy 68.76% 78.43% 77.17% 95.29%

identification can enhance the identification accuracy. The
result demonstrates that there is a great potential of our
proposed method in the ECG biometrics system. Next, we
will compare two typical two-dimension algorithms with our
two-lead ECG algorithm.

5.5. Comparing with Basic Two-Dimensional Method. In
Section 3, we described the basic flow of our sparse matrix
algorithm with two-lead ECG signal. We reduce the sample
points dimension directly through formula (4). Now we
propose the basic method to deal with the similarity of two
sparse matrices.

As we know, the baseline to measure similarity between
two matrices is subtracted for two sparse matrices SM1 and
SM2, let

𝑏𝑚 = (SM1 − SM2)
2
, (14)

and then calculate the correlation of 𝑏𝑖 and 𝑏𝑗. The following
steps to calculate the FA and FR are the same as our sparse
matrix.

5.6. Comparing with PCA Method. In this comparison, we
use principal component analysis (PCA) to fusion two-lead
ECG signal for identification. PCA is a statistical technique
whose purpose is to condense the information of a large
set of correlated variables into a few variables as principal
components, while not throwing overboard the variability
present in the data set [27].
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For a matrix 𝑋 which is consisting of sample data. The
linear transformation of converting 𝑋 to 𝑌 is

𝑌 = 𝑃𝑋, (15)

where𝑌 is considered as extracting the principal components
of the original matrix 𝑋. And 𝑃 is a linear transformation
matrix. Each row of 𝑃 is the eigenvector of matrix 𝐶𝑋, and

𝐶𝑋 =
1

𝑛
𝑋𝑋
𝑇
. (16)

As our method, in this PCA algorithm, we read two-
lead signal with the same steps. The difference is that PCA
algorithm adds the second lead data behind the first lead and
then use PCA method to reduce the features. Choose the
main feature to train and test for human identification.

5.7. Comparison Result with Two-Lead Methods. From our
experiment, we determined that when we choose the main 19
features, the result of identification is improved over existing
approaches.

Figure 8 shows the comparison of those two algorithms
and our sparse matrix algorithm.

We can get our SMCC algorithm which have the better
FA/FR rate compared with other two two-lead ECG identifi-
cation methods.

6. Conclusions

In this paper, a new ECG identification method is proposed
with two-dimensional sparsematrix algorithm, inwhich two-
lead ECG signals are fused using a sparse matrix approach.
Using experimentation, we demonstrate that two-lead iden-
tification offers improvements over one-lead identification.
Two typical two-dimensional classifications were compared
with our method. The performance of our sparse matrix
has around 95.3% accuracy which is better than basic two-
dimensions 90.1% and PCA 63.2%. The results show that our
sparsematrix has a good performance for ECG identification.
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Muscle artifacts constitute one of the major problems in electroencephalogram (EEG) examinations, particularly for the diagnosis
of epilepsy, where pathological rhythms occur within the same frequency bands as those of artifacts. This paper proposes to use
the method dual adaptive filtering by optimal projection (DAFOP) to automatically remove artifacts while preserving true cerebral
signals. DAFOP is a two-stepmethod.Thefirst step consists in applying the common spatial pattern (CSP)method to two frequency
windows to identify the slowest components which will be considered as cerebral sources. The two frequency windows are defined
by optimizing convolutional filters. The second step consists in using a regression method to reconstruct the signal independently
within various frequency windows.Thismethod was evaluated by two neurologists on a selection of 114 pages withmuscle artifacts,
from 20 clinical recordings of awake and sleeping adults, subject to pathological signals and epileptic seizures. A blind comparison
was then conductedwith the canonical correlation analysis (CCA)method and conventional low-pass filtering at 30Hz.Thefiltering
rate was 84.3% for muscle artifacts with a 6.4% reduction of cerebral signals even for the fastest waves. DAFOP was found to be
significantly more efficient than CCA and 30Hz filters. The DAFOPmethod is fast and automatic and can be easily used in clinical
EEG recordings.

1. Introduction

Electroencephalograms (EEG) remain essential in neuro-
logical practice; their indications are even increasing, espe-
cially for long-term EEG. EEG are captured continuously,
sometimes during several days for hospitalized patient or for
outpatients, in order to record paroxysmal clinical manifes-
tations. EEG interpretation is difficult due to the low signal
quality, specifically due to the numerous muscle artifacts
interfering with the paroxysmal abnormalities detection or
with the seizure analysis. Filters distributed with commer-
cially available devices are insufficient. Either they do not

eliminate enough muscle signal or they alter dramatically
the cerebral signal. New automated filters are then required
to better eliminate muscle artifacts, without altering cerebral
signals.

Artifacts can have other origins including power source,
eye movement/blinking, electrode, galvanic sudation, chew-
ing, and heartbeat. This paper focuses on muscular con-
tractions, which are the most important sources of artifacts
under certain recording conditions. Muscle artifacts corre-
spond to the electromyographic (EMG) potentials generated
mainly by jaw and forehead muscles. For this reason, they
are generally more important on the temporal and frontal
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channels. The major part of the signal power occurs at high
frequencies(>13Hz) (Figure 1).

The challenge for neurologists is to analyze brain signals
masked by the artifacts in order to diagnose underlying
pathologies. Brain signals measured on the scalp surface can
be classified into four main frequency bands: Δ (0–4Hz),
𝜃 (4–8Hz), 𝛼 (8–13Hz), and 𝛽 (13–30Hz). Cortex may also
generate gamma rhythms (>30Hz), but these oscillations are
of very low amplitude and are not classically observed in scalp
EEG. In healthy awake adults, the EEG signal belongs mainly
to the 𝛼 band. In epileptic patients, particular rhythms can
be observed including spikes (fast waves belonging to the 𝛽
band, Figure 1), slow waves (0–8Hz), or spike waves (a spike
(>13Hz) followed by a slow wave (<4Hz)) (Figure 1). For a
sleeping adult, other wave forms are observed (delta rhythms,
K-complex, spindles, and vertex spikes). Muscular activity is
also present during sleep, but EMG artifacts are rarer and
rarely hamper the interpretation of EEG. It is still useful to
filter them for the sleep examination [3].

Although muscle artifacts are faster than EEG signals,
there is some overlap in the frequency domain, particularly
with pathological signals. Therefore, conventional digital
filters cannot be used to remove artifacts without distorting
the cerebral activity. An attractive solution is spatial filtering
based on regression methods (for review see [4]), principal
component analysis (PCA) [5], independent component
analysis (ICA) [6–9], or canonical correlation analysis (CCA)
[10, 11].

In this paper, dual adaptive filtering by optimal projection
(DAFOP) is proposed to filter muscle artifacts. The DAFOP
method was introduced in our previous work [1] to filter
electrode artifacts on EEG recordings. The adaptation to the
filtering of muscular artifacts requires a specific development
in order to optimize the method for preserving cerebral
signals, particularly those characterizing epilepsy. DAFOP
method is a frequency dual application of the standard AFOP
method, previously introduced by our team [12] which had
also been used to filtermuscle artifacts. DAFOP is designed to
improve the results of AFOP by better preserving EEG while
always highly reducing EMG artifacts. In addition, DAFOP
brings the following advantages.

(i) Subjects do not have to perform the prerecording of
twominutes at the beginning of each session to detect
the spatial localization of the artifacts.

(ii) The level of filtering adapt as a function of the number
and amplitude of artifacts. Thus, DAFOP does not
remove signals when there is no artifact.

(iii) DAFOP is not limited on the number of possible
artifact sources, contrary to AFOP which filters only
the artifact sources experienced during the training
period.

DAFOP combines spatial and frequency filtering. The
principle consists in comparing two frequency windows with
common spatial pattern (CSP) in order to identify brain
sources using an a priori defined frequency power distribu-
tion.The entire EEG is then independently rebuilt by applying
a regression method to various frequency windows. Because

the optimal choice of frequency windows is problematic, a
semiautomatic process is proposed to obtain the best settings.
DAFOP is then evaluated through visual analysis of clinical
EEGs and compared to two othermethods: BSS-CCA [11] and
a standard low-pass filter.

2. Methods

2.1. The DAFOP Method. Let X (dimensions (𝑛, 𝑇)) be the
signalmatrix where the 𝑛 rows represent the channels and the
𝑇 columns represent the time samples. The aim of DAFOP
is to construct a spatial filter which can be represented by a
filtering matrix F (𝑛, 𝑛). The filtered signal X (𝑛, 𝑇) will be
given by application of the filtering matrix (X = FX).

As in all methods of spatial filtering, F is defined to con-
serve as much as possible cerebral sources while eliminating
artifact sources. Before detailing the definition of F, a process
of frequency window decomposition is presented to expand
the possibilities of source separation.

2.1.1. Frequency Window Decomposition. Artifact and cere-
bral signals are not always activated together and some
may only belong to a specific frequency window. Since, in
practice, the number of artifact and cerebral sources is far
superior to the number of channels, attempting to filter
an artifact which is not actually present leads to a small
diminution in cerebral signal and trying to maintain a weak
cerebral signal leads to the maintaining of a small portion of
artifacts. In previous works [1, 12], we proposed applying a
spatial filter adapted to individual time-frequency windows
decomposing the signal. Thus, the spatial filters are only
optimized for sources within the concerned frequencies. A
frequency window Φ of multichannel signals corresponds to
each channel extracted from a period of time and filtered
within a frequency window Φ.

Signal decomposition consists in working within a tem-
poral sliding window (corresponding to the matrix X dis-
cussed below) and a set of disjoint frequency windows Ω =

{Φ} so that the sum of all frequency windows corresponds to
the original signal:

∑
Φ∈Ω

XΦ = X (1)

with XΦ corresponding to the extraction of the frequency
window Φ on X. Once this decomposition is defined, a
different spatial filter can be applied to each window. Each of
those spatial filters will be the result of aDAFOPprocess, with
specific optimization for the frequency window.The artifact-
free signals will then correspond to the sum of all windows
which are spatially filtered:

X = ∑
Φ∈Ω

FΦXΦ (2)
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Figure 1: Frequency decomposition of cerebral rhythms and muscle artifacts [1].

with FΦ being the specific filteringmatrix with a specific rank
𝑛Φ1 for the time-frequency windows XΦ.

The construction of FΦ is then divided into two steps:

(i) construction of WΦ1 (𝑛
Φ
1 , 𝑛) a separation matrix of

cerebral sources,
(ii) construction of MΦ1 (𝑛, 𝑛

Φ
1 ) a mixing matrix of cere-

bral sources.

FΦ is then defined by

FΦ = MΦ1W
Φ

1 , (3)

where WΦ1 is defined by optimization of a frequency pattern
through common spatial pattern (CSP), whereas MΦ1 is
defined by linear regression on a sliding frequency window.

2.1.2. Step 1: Estimation of WΦ1 . This first step is common
to all frequency windows inside a temporal sliding window
X. It is assumed that, inside this time window, the spatial
distribution of artifacts is the same for all frequencies. In
practice, this may not be perfectly true but the effect seems
negligible compared to other hypotheses. Considering the
location of artifacts as constant is equivalent to considering
the separation of cerebral sources as constant [1]. The aim of
this first step is to estimate this separation by an optimization
of a specific frequency pattern.

A frequency pattern is defined by two frequency windows
Φcer andΦart which are chosen so that the power of a cerebral
source is maximal inΦcer and minimum inΦart, whereas the
power of an artifact source is minimal inΦcer and maximum
inΦart. For a separation row vector w, we define the variance
ratio 𝜌(w) as

𝜌 (w) =

wXΦcer

2

wXΦart

2
. (4)

The cerebral component separation WΦ1 is chosen to
correspond to the vectorial subset maximizing this ratio.This
problem can be solved using the CSP method [1] by defining
WΦ1 as the 𝑛Φ1 eigen vectors with greatest eigen values of
(XΦartXΦart𝑇)−1XΦcerXΦcer𝑇.

2.1.3. Step 2: Estimation of Cerebral Source Distribution MΦ1 .
The second step of DAFOP consists in determining the
mixing subspace of cerebral sources using a linear regression
method on XΦ. Let us note CΦ = XΦXΦ𝑇/𝑇 being the
covariance matrix.

The aim of the regression is to find the mixing matrixMΦ1
which minimizes the squared difference between the filtered
window and the original raw data windows:

MΦ1 = argmin
M

∑
𝑖


XΦ𝑖 −MWΦ1 X

Φ

𝑖



2

(5)

with XΦ𝑖 corresponding to the 𝑖th time sample of XΦ. This
is a standard linear least squares problem and the solution is
obtained by [12]

MΦ1 = CΦWΦ1
𝑇
(WΦ1 C

ΦWΦ1
𝑇
)
−1

. (6)

The corresponding filtering matrix is thus

FΦ = MΦ1W
Φ

1 = CΦWΦ1
𝑇
(WΦ1 C

ΦWΦ1
𝑇
)
−1

WΦ1 . (7)

2.2. BSS-CCA and Equivalence with DAFOP. BSS-CCA is
another method to filter muscular artifacts [2, 11, 13] and it
seems to be one of the most efficient methods. Then, it is
interesting to compare the results of thismethodwith those of
the proposed approach. In addition, except for a few details,
this method can be considered as a particular case of DAFOP.

The BSS-CCA algorithm aims to find the most auto-
correlated sources. For a discrete signal 𝑠(𝑘𝑡) (𝑡 being the
sampling period and 𝑘 = 1, . . . , 𝐾 the sample number),
the autocorrelation is defined as 𝑝𝑠 = ∑𝑘 𝑠(𝑘𝑡)𝑠((𝑘 −

1)𝑡). For a set of 𝑛 discrete signals (which corresponds to
the 𝑛 EEG channels) 𝑥𝑖 (𝑖 = 1, . . . , 𝑛), it is noted that
X𝑘 = (𝑥1(𝑘𝑇), . . . , 𝑥𝑛(𝑘𝑇))

𝑇 the 𝑘th time sample of the
multi-channel signals X. The problem of BSS-CCA consists
then in determining w = argmaxw,‖w‖=1∑𝑘 w

𝑇X𝑘X𝑇𝑘−1w.
According to [2], this is nearly equivalent to the problem
w = argmaxw

1
,‖w
1
‖=1maxw

2
,‖w
2
‖=1∑𝑘(w

𝑇
1X𝑘X

𝑇
𝑘−1w2). This last

problem can be solved by CCA thanks to the eigenvalue
decomposition of

Σ
−1

X
𝑘
X
𝑘

ΣX
𝑘
X
𝑘−1

Σ
−1

X
𝑘−1

X
𝑘−1

ΣX
𝑘−1

X
𝑘

= PDP−1 (8)
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with ΣX
𝑘
Y
𝑘

= ∑𝑘 X𝑘Y
𝑇
𝑘 /𝐾 corresponding to the cross-

covariance matrix, D being the diagonal matrix of eigen
values sorted by decreasing order, and P being the matrix of
eigen vectors.The first vectors of Pwill correspond to the less
autocorrelated sources and the last ones will correspond to
the most autocorrelated ones. De Clercq et al. have observed
that muscular artifacts correspond to these less autocorre-
lated components and the cerebral signal corresponds to
these most autocorrelated components (“[⋅ ⋅ ⋅ ] brain activity
produces structured signals having a high autocorrelation,
whereas muscle activity is less structured and encompasses
more properties related to temporally white noise.” [10]).

If we neglect border effects by considering X0 = X𝐾, the
following three statements are equivalent:

(1) w = argmaxw,‖w‖=1∑𝑘 w
𝑇X𝑘X𝑇𝑘−1w;

(2) w is the eigen vector corresponding to the higher
eigen value of (Σ−1X

𝑘
X
𝑘

Σ
sym
X
𝑘
X
𝑘−1

)
2, with Σ

sym
X
𝑘
X
𝑘−1

=

(1/2)(ΣX
𝑘
X
𝑘−1

+ΣX
𝑘−1

X
𝑘

) (in practice, there is almost no
difference with (8) since the matrix ΣX

𝑘
X
𝑘−1

is nearly
symmetrical);

(3) w is the result of DAFOP with windows Φcer and
Φart corresponding to Fourier filters with Φcer(𝑓) =

√1 − cos(2𝜋𝑓𝑇), Φart(𝑓) = 1 − Φcer(𝑓) and without
frequency decomposition (i.e. XΦ = X). Figure 2
illustrates these two filters.

The equivalence between (1) and (3) comes from the fact
that, for any discrete signal 𝑥𝑘 (𝑘 = 0, . . . , 𝐾) of sampling
period 𝑇 and periodic of period 𝐾𝑇,

𝐾

∑
𝑘=1

𝑥𝑘−1𝑥𝑘 =

𝐾

∑
𝑘=1

𝑥𝑘𝑥𝑘 −

𝐾

∑
𝑘=1

(𝑥 ∗ 𝜙)
2

𝑘
, (9)

where 𝜙 is the inverse Fourier transform of Φ(𝑓) =

√(1 − cos(2𝜋𝑓/𝑇) sampled at period 𝑇 and ∗ corresponds
to the convolutional product. The equivalence is obtained by
setting 𝑥𝑘 = w𝑇X𝑘.

The BSS-CCA method is an efficient method to filter
muscle artifacts. However, it would be possible to use the fre-
quency decomposition in order to remove more components
from artifacted frequencies and to keep more components in
nonartifacted frequencies. In addition, it would be reasonable
to hypothesize that setting Φcer and Φart could be optimized.
This is the subject of the next section.

2.3. DAFOP to Filter Muscle Artifacts. In order to apply
DAFOP to muscle artifacts, it was necessary to define a set
of parameters, namely:

(i) frequency window decompositionΩ = {Φ};
(ii) the two frequency windowsΦcer and Φart;
(iii) the number of components to conserve within each

window 𝑛Φ1 .

Figure 3 sums up the global method of artifact filtering
and the various parameters which influence filtering.

0 10 20 30 40 50 60 70 80 90 100

(Hz)

Φcer
Φart

Figure 2: The two frequency windows used for DAFOP optimiza-
tion in order to have CCA equivalence. The windows take into
account the preprocessing of the recording proposed in [2] (i.e., high
pass at 0.3Hz, low pass at 35Hz, and notch filter at 50Hz).

To set these parameters, a training dataset of 12 clinical
EEG recordings of different patients was selected. Recordings
were performed at the Hospital Group GHICL (Groupe
Hospitalier de l’Institut Catholique de Lille) and the Hospital
Center of Lille, France, using Nihon Kodhen, Nicolet, and
Micromed devices. The electrodes were positioned accord-
ing to the 10/20 system with 19 electrodes. Preprocessing
consisted of a common mean reference, a high-pass filter
at 0.5Hz, a low-pass filter at 70Hz, and a notch filter at
48–52Hz (power line frequency). These filters were 6-order
Butterworth (12 for the notch) applied with a forward-
backward process to prevent phase shifting. Recordings
included, among other signals, some epilepsy seizures, and
pathological rhythms (spikes, spike waves, etc.). Several trials
were run on this dataset to adjust the various parameters.The
setting was done either subjectively or by optimization, in
order to best removemuscle artifacts without erasing cerebral
rhythms. The next paragraphs explain these choices.

2.3.1. The Frequency Decomposition. Frequency decompo-
sition Ω = {Φ} was empirically established to the fol-
lowing windows: 0–8Hz, 8–13Hz, 13–20Hz, 20–40Hz, and
40–70Hz. The ratio of cerebral rhythms/muscular artifacts
within each of these frequency windows was almost constant
but different between windows.

No muscle artifacts are present in the frequency band 0–
8Hz. Consequently, it is not necessary to remove components
and the signals can remain unchanged. For the other bands,
the artifact ratio increased with frequency (Figure 1). Thus, it
is preferable to increase the number of removed components
on higher frequency bands (see Section 2.3.3).
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Regression (7)

Frequency windows 
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Covariance matrices

CSP

Defining cerebral
 sources separation

Figure 3: Steps of the DAFOP method to filter muscle artifacts.

2.3.2. Choice of Windows Φ𝑐𝑒𝑟 and Φ𝑎𝑟𝑡

(a) General Idea. The first step of DAFOP determines the
spatial distribution of artifact sources by comparing two
frequency windows. These two frequency windows Φcer
and Φart are represented by convolutional filters of indicial
response 𝜙cer(𝑡) and 𝜙art(𝑡). These two filters must be defined
so thatXΦcer carriesmore cerebral signal whereasXΦart carries
more artifacts.

As shown in Figure 1, muscle artifacts account for amajor
portion of power at high frequencies, with the power decreas-
ing down until 8Hz. For cerebral sources, this depends on the
signal.The constants correspond to a major persistent part of
the power on the alpha band and the lower frequencies and a
minor (or null) part of the power at high frequencies.

The signals within the frequency band 0 to 8Hz are not
changed at all since there are no muscle artifacts in this band.
Consequently, cerebral sources carrying theta anddeltawaves
are not needed.

Taking into account these observations, an initial empiri-
cal choice could beXΦcer corresponding to the band (8–13Hz)
(alpha) and XΦart corresponding to the band [30–70Hz].
However, our trials indicate that this choice would still
be suboptimal. Thus, we propose a method to find an
optimization of windowsΦcer and Φart.

(b) Construction of Training Signals from Collected Data.
Two monochannel signals 𝑠cer and 𝑠art were constructed.
These signals were extracted for certain periods and certain
channels from a training dataset of recordings.

𝑠cer was made out to be the cleanest possible cerebral
signal. It corresponded to a concatenation of various rhythms
covering as much as possible the variety of possible waves in
the frequency bands >8Hz. It is composed of the following
rhythms: 𝛼, 𝜇, 𝛽, fast ripples, spikes, spike waves, polyspikes,
and vertex waves.

𝑠art was made out to be the cleanest possible muscle arti-
fact. It corresponded to a concatenation ofmuscle artifacts on
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channels and periods where cerebral signals were negligible
compared to artifact signals.

The selected periods last about 20 s by signal. In order
to represent the wide variety of possible cerebral signals and
muscular artifacts, approximately 100 periods were included
in the selection for each signal. At the end, two signals of
approximately 30min duration each were obtained. Figure 4
shows the Fourier transformmodule and confirms that there
is not a clear frequency limit which separates cerebral signals
from muscle artifacts. Consequently, any frequency filter
could eliminate all artifacts while preserving all cerebral
signal.

The two signals are then preprocessed using a high-pass
filter with a cutoff at 8Hz so signals (artifact and cerebral)
below these bands would not interfere with the filter settings.
Indeed, most muscle artifacts are associated with electrode
artifacts since the muscle contraction drives a facial move-
ment. Nevertheless, the electrode artifact distribution is not
directly linked to the electromyographic artifact distribution.
It is therefore important to ignore the electrode artifact when
determining muscle artifact distributions.

(c) Convolutive Filter Optimization. Using the two previously
defined signals 𝑠cer and 𝑠art, we look for an optimization of the
frequencywindowsΦcer andΦart.Wenote the inverse Fourier
transform 𝜙cer and 𝜙art, corresponding to convolutional
filters. Optimal filters are then defined so that the power of 𝑠cer
convolved by the filter 𝜙cer is maximum whereas the power
of 𝑠cer convolved by 𝜙art is minimum. Inversely, the power of
𝑠art convolved by 𝜙cer is minimum whereas the power of 𝑠art
convolved by 𝜙art is maximum:

𝜙cer = argmax
𝜙

𝜙 ∗ 𝑠cer


𝜙 ∗ 𝑠art

,

𝜙art = argmin
𝜙

𝜙 ∗ 𝑠cer


𝜙 ∗ 𝑠art


(10)

which can also be written as

⃗𝜙cer = argmax
⃗𝜙


⃗𝜙𝑇Scer



⃗𝜙𝑇Sart



,

⃗𝜙art = argmin
⃗𝜙


⃗𝜙𝑇Scer



⃗𝜙𝑇Sart



(11)

with ⃗𝜙 designating the column vector formed by the time
samples of 𝜙 and S𝑖 designating the signal matrix defined by
S𝑖𝑗,𝑘 = 𝑠𝑖((𝑘 + 𝑗 − 1)𝑇𝑠) (𝑇𝑠 being sampling period).

(d) Resolution. The common spatial pattern method which
consists of computing the two covariance matrices CScer =

ScerS𝑇cer andCSart = SartS𝑇art was used.Thereby, ⃗𝜙cer was defined
as the eigen vector of the highest eigen value of C−1SartCScer and
⃗𝜙art as the eigen vector of the lowest eigen value.
Due to frequency preprocessing of 𝑠cer and 𝑠art, the rank-

ings of CScer and CSart are not complete (many eigen values
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Figure 4: Smoothed Fourier transformmodule for the two training
signals.

0 10 20 30 40 50 60 70 80 90 100

(Hz)

Φcer
Φart

Figure 5: Frequency windows of DAFOP filtering obtained by FIR
optimization.

are close null). This can lead to 𝜙cer and 𝜙art corresponding
to frequencies with almost no signal which will be irrelevant
and unstable. Consequently, a principal component analysis
(PCA) was performed prior to CSP to reduce the research of
components only on relevant frequencies. This corresponds
to the principle of dimension reduction generally used in
blind source separation [14].

(e) Resulting Filters. Figure 5 illustrates the Fourier transform
of the two windows through this optimization. The two
windows are almost Dirac; Φcer at 13Hz and Φart at 60Hz.
After various trials on the training dataset, it seemed that this
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setting was indeed the best to separatemuscle artifact sources
from cerebral sources.

2.3.3. Number of Conserved Components. The last parameter
to set is the number of conserved components 𝑛Φ1 as a
function of the time frequency windows XΦ. This number
can be set to the number of components of variance ratio
𝜌 (4) greater than a threshold 𝑡

Φ. If there is no artifact in a
current period, the ratio of all components would be high and
no components would be removed. If there aremany artifacts
in the current period, the ratio of some components would be
low and several components would be removed.

Furthermore, since there are more artifacts at high
frequencies, the number of removed components should
increase with frequency. This is why the threshold 𝑡Φ will be
higher for high frequency windows. In contrast, concerning
the frequency window 0.5–8Hz, there are nomuscle artifacts
and no components are removed. The threshold 𝑡0.5–8Hz can
then be set to 0.

Ideally, a component should be removed when it contains
more than a certain percentage of artifacts (around 70% for
our objective). Unfortunately, the artifact ratio is unknown
but it could be estimated in function of 𝜌 and the frequency
window Φ. Consequently, we have set empirically 𝑡 by
observing components on the various frequency windows
associated with their 𝜌 ratio. This parameter is not very
sensitive and important threshold variation is necessary to
observe significant differences. A greater value would imply
removing more artifacts but removing also more cerebral
signals. In new studies, we expect to define various sets of
parameters in order to allow EEG readers to adapt the level
of filtering on the application.

2.4. Method for Evaluation on Clinical Recordings. An eval-
uation by an expert neurologist was conducted in order to
compare the results with other methods described in the
literature and to evaluate the results in using this method in
routine clinical practice.

2.4.1. Data Collection. Clinical recordings of 20 epileptic
patients with pertinent cerebral rhythms were selected.These
recordings were different from those of the training dataset
but were acquired under the same conditions. They lasted
from 20 minutes (short duration recordings) to 4 days (long
duration recordings). Firstly, 114 relevant pages were selected
among the 20 recordings without viewing the filtered result.
One page corresponded to a 20 s epoch of EEG with the 19
channels according to the 10/20 system. The selection was
done with respect to various levels of artifact power and
for a wide variety of cerebral signals. Coauthor neurologists
selected EEG pages from their own patients. Selected pages
were anonymized. As such, no specific assessment was
necessary.

The three following filters were then compared:

(i) a standard 1-order low-pass filter at 30Hz common to
many EEG device software applications,

(ii) a filter achieved with BSS-CCA [10, 13],

(iii) a DAFOP filter with the above optimized parameters.

For this study, we used a previously published program
(http://www.neurology-kuleuven.be/?id=210) distributed by
the authors of BSS-CCA. Concerning the number of compo-
nents to remove or to conserve, De Clercq et al. proposed a
manual selection by specialists [10, 11]. However, we found
important to compare only entirely automated methods. De
Clercq et al. have suggested that thresholding the autocorre-
lation index might be sufficient to remove muscle artifacts
automatically within a large subject group. After several trials
on our training dataset of 12 recordings, we found that setting
a square autocorrelation threshold at 0.88 gives almost the
same results as the expert selection.

2.4.2. Evaluation Methods. Two expert neurologists com-
pared the filtered signals of these EEG pages. For each page,
the filtering results of the three methods were presented
at random, so experts performed a blinded analysis, thus
reducing subjectivity.

Each expert analyzed one half of the dataset. For each
page, the raw recording was first interpreted. The experts
evaluated the presence of cerebral activitieswith the following
categories (spikes, spike waves, alpha, pathological rhythmic
discharges, spindles, and vertex sharp waves). In addition,
they examined the original amount of muscle artifacts and
scored it from 0 to 4 (0 = no artifact; 4 = very high level of
artifacts).

Thereafter, the experts analyzed the results of each
filtering method. They scored the proportion of removed
muscle artifacts from 0 to 4 for (0 = no amplitude reduction
(<10%); 1 = 10–35%; 2 = 35–65%; 3 = 65–90%; 4 = complete
elimination (>90%)) and the proportion of reduced cerebral
activities from 0 to 4 (0 = unchanged activities (<10%); 1 =
10–35%; 2 = 35–65%; 3 = 65–90%; 4 = no identifiable
activities (>90%)). The average ratio estimation is calculated
by considering the middle of the bins of each score:

Avg =
5𝑛0 + 22.5𝑛1 + 50𝑛2 + 77.5𝑛3 + 95𝑛4

100 (𝑛0 + 𝑛1 + 𝑛2 + 𝑛3 + 𝑛4)
(12)

with 𝑛𝑖 being the number of signals onwhich the experts have
assigned a mark 𝑖. Concerning electromyographic artifact
elimination, it is more important to filter artifacts when
they are at a high level since they prevent interpretation.
Consequently, the electromyographic artifact elimination
estimator is weighted by the level of artifacts given by the
expert on the raw recording, and thus a closer estimation of
the global amount of removed artifacts was obtained.

Finally, experts have balanced all criteria to determine
for each page the most efficient method. Balancing takes
into account the muscle artifact elimination, the proportion
of reduced cerebral activities, and the artifact addition or
modification. Since the signal belonging to the frequency
band 0–8Hz was not modified, the slow waves were not
reduced. Consequently, the reduction was not subject to
evaluation. However, experts could consider a given page to
be better if the slow waves were more visible after filtering.
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Statistical sign tests were done to compare CCA and
DAFOP for each parameter and for all balanced criteria
comparison. The 𝑃 value for significance was fixed at 5%.

3. Results

Table 1 displays the estimation of average ratios of arti-
fact/cerebral signal elimination and Figure 6 displays the
distribution of the scores given by the two experts for each
type of cerebral signals.

Regarding preservation of cerebral activity, the 30Hz
filter had the best performance (elimination of 5.1% of
cerebral activity), followed by DAFOP (6.45%) and lastly by
CCA (10.58%). For CCA, these differences were pronounced
for alpha rhythms, epileptic rhythmic discharges, and spike
waves. Figure 6 shows that the signals were never completely
removed by any of the methods. There were only 5% and 1%
of signals showing, respectively, a moderate (score 2) and an
important reduction (score 3) of cerebral activities for the
CCA method and none for the others. For the other signals,
with DAFOP and CCA, the reduction score was 0 for the
majority and 1 for a small proportion.

Concerning elimination of electromyographic artifacts,
DAFOP performed the best (84.29% elimination), then CCA
(82.28%), and lastly the 30Hz filter (55.51%) which is clearly
less efficient than the first two methods. However, in the
four cases analyzed with DAFOP and the case analyzed with
CCA (none for 30Hz filter), an added or transformed artifact
could have been interpreted as a pathological signal, if the
filtered EEG was analyzed alone. Moreover, on 10% of pages
forDAFOPand 3% forCCA, themuscle artifact residue could
be confounded with alpha rhythm.

As on the original assumption, the experts did not notice
any significant differences on the delta and theta rhythms, in
the 23 concerned pages.

Figure 7 presents the amount of removed artifact as a
function of artifact amplitude. The 30Hz filter worked least
well (43% of elimination of artifacts at level 4) when an
important artifact was present, whereas DAFOP and CCA
filters performed constantly higher (83% and 80%) even in
the presence of an important amount of artifacts (level 4).
DAFOP andCCA in few cases (3 pages forDAFOP and 1 page
for CCA) were unable to efficiently filter (elimination 1 or 2)
when artifact level was low (level 1).Themean ratio of artifact
removal was 80% for these cases which strongly suggests that
these types of cases are less common.

Table 2 shows the results of the statistical comparison
between DAFOP and CCA. A sign test was applied in order
to determine the significance of the differences between the
methods.

The statistical analysis shows that DAFOP was globally
more efficient concerning both electromyographic artifact
(𝑃 ≤ 0.026) elimination and conservation of cerebral signals
(𝑃 ≤ 0.00019). According to blind expert analysis and
taking into account all parameters,DAFOPwas globallymore
efficient than CCA (𝑃 ≤ 0.00575) in our tests.

An example of the results obtained with the three
methods is given in Figures 8, 9, 10 and 11 as well as the

corresponding neurologist evaluation. An important muscle
artifact can be observed on the frontal area between 418 and
427 seconds (Figure 8).This artifact was judged as completely
eliminated (score = 4) with the DAFOP method (Figure 9),
highly reduced (score = 3) with the CCA method since
there remains a small muscular activity on Fp1 and Fp2
(Figure 10), and moderately reduced (score = 2) with the
30Hz filter (Figure 11). No reduction was observed with any
of the methods for both spikes (channels T3, T5, and F7) and
alpha rhythm. The expert judged that DAFOP allowed to get
the best result in this example. It can further be noticed that
there were ocular artifacts on seconds 418 and 422 but these
artifacts are outside the scope of this evaluation.

4. Discussion

4.1. Performance Comparison between Filtering Methods.
DAFOP and CCA both gave promising results for the elimi-
nation of electromyographic artifacts on EEG recordings and
both offer a high selectivity concerning the conservation of
normal and pathological cerebral signals. On average, the
filtering rate was 84.3% and 82.3%, respectively, for muscle
artifacts whereas for cerebral signals it was 5.7% for DAFOP
and 11.3% for CCA (Table 1). In addition, bothmethods never
completely removed the cerebral signals (Figure 6). Only 3%
of the alpha rhythms showed important reductions (>65%)
with CCA and none with DAFOP.

For the three methods, the reduction scored by neurolo-
gist always corresponded to an amplitude reduction of signals
and never to a signal deformation.However, it can be noticed,
however, that for the 30Hz filter and the DAFOP filter the
high frequencies can be a bit more reduced than the low
frequencies. Consequently a spike wave will have his spike
slightly more reduced than the wave. Nevertheless, this effect
was very low and it would be difficult to quantify it visually.

DAFOP transformed, in some less frequent cases, arti-
facts into signals which could be misinterpreted as cerebral
signals by inexperienced readers. Artifact transformation
also arises with CCA but to a lesser extent. Although
the DAFOP filter could be placed at a stronger setting to
remove those signal addition/transformation, our priority
was to optimize conservation of cerebral signals. Taking into
account that both unfiltered and filtered signals are analyzed
by physicians, signal addition does not represent a real life
limitation and as such the proposed settings are optimized
with these results in mind.

Regarding electromyographic elimination, the efficiency
of both DAFOP and CCA is almost independent of the
amount of artifacts (Figure 7). However, in some rare cases
where artifacts are low, they may rest almost unfiltered. In
any case, in these situations interpretation is not hindered by
artifacts.This situation raises more concern with the DAFOP
method but can also occur with CCA.

The 30Hz low-pass filter is a conventional filter used in
clinical practice but is inefficient in the presence of important
artifacts (Figures 7 and 11) but none the less conserves
the cerebral signals. Theoretically, there is always a slight
reduction, but not enough to change the expert’s visual
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Figure 8: Example of Raw EEG signal with important muscle artifact (level 3/4), including 𝛼 rhythm and spikes (F7, T3, T5).

evaluation.Despite the advantages of thismethod, the experts
judged that the 30Hz filter rarely gave the best results (only
three pages out of 114 examined, the three pages harboring
few artifacts.)

Statistical comparison between DAFOP and CCA
demonstrates that DAFOP method is better in conserving
cerebral rhythms, particularly alpha rhythms and spike
waves. DAFOP has also better achievement in electromyo-
gram artifact elimination. Consequently even if the threshold
of CCA would be changed, DAFOP will have a better
selectivity. Finally, the general comparison ofmethods proves
that even if there can be artifact addition/modification,
DAFOP overall gives better results than CCA.

Concerning the method functioning, DAFOP and CCA
are both based on the separation of components which
optimize frequency pattern and this seems to be an efficient
criterion. However, the CCA frequency patterns are not

directly optimized for the problem but result from method-
ological simplification which could explain partially the bet-
ter results of DAFOP. The other explanation for the DAFOP
superiority is frequency decomposition which increases the
possibility of source separation. Using CCA with this fre-
quency decomposition should give also good results.

4.2. Comparison with Other Methods Referenced in the Lit-
erature. It would be interesting to compare the DAFOP
method with other methods referenced in the literature like
standard AFOP [12], ICA [15], higher order, and wavelet
filter [16]. However, we can already make an assessment on
performance and limitations of these methods but ideally a
blind comparison by third persons should be done to validate
them.

In relation to standardAFOP, according to the parameters
and the results in previous studies [1] and to our trials,
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Figure 9: Filtering result with DAFOP method.
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Figure 10: Filtering result with CCA method.

Table 1: Estimation of average ratios of artifact/cerebral signal elimination.

DAFOP CCA 30Hz Studied pages/signals
Estimation of the average ratio of cerebral signal elimination

Alpha rhythm 5.74% 11.30% 5.25% 71
Epileptic rhythmic discharge 8.50% 14.50% 5.00% 15
Spike waves 5.51% 11.47% 5.00% 34
Spikes 7.50% 7.70% 5.00% 49
Spindles/vertex spikes 5.00% 5.00% 5.00% 6/3

Global 6.45% 10.58% 5.10% 169
Estimation of the average ratio of electromyographic artifact elimination 84.29% 82.28% 55.51% 108
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Figure 11: Filtering result with a 30Hz filtering.

AFOP would have approximately the same level of artifact
removing from DAFOP (86% for AFOP against 84% for
DAFOP). Nevertheless, AFOP removes more cerebral signals
(the average reduction of spikes was judged 18.8% for AFOP
against 7.5% with DAFOP with similar evaluation methods).
However, these observations have to be confirmed by a blind
analysis.The separation criterion of AFOP is based on spatial
localization of component whereas DAFOP is based on a
frequency pattern. Then, it could be envisaged to combine
both methods to improve their performances.

In regard to ICA, we have previously done a comparison
between standard AFOP and manual ICA [1] (Infomax
method [17]). Standard AFOP was judged to better remove
EMG artifacts in almost all cases (in 49 cases, only 2 pages
were in favor of ICA while 40 were in favor of AFOP).
ICA seemed to have more difficulties to separate EMG from
cerebral signals. However, this study included the filtering of
other types of artifacts which interfere with efficiency. There
can also be other ICA methods like AMUSE [15] which may
be more efficient than infomax to filter muscle artifacts.

Most of the time only first order filters are implemented
in EEG reading devices and this is why we decided to com-
pare with this. Higher order filter would probably be more
efficient. However, due to the frequency distribution overlap
between muscular artifacts and spikes (Figure 1) it would
never be possible to eliminate artifacts while well preserving
the interesting signal. Finally, some researchers work also on
wavelet filters [16]. As far as we know, those filters have never
been tested in presence of pathological signals and it can
be supposed that the same kind of limitations may appear.
However, wavelet can be combined with spatial filter with
process similar to the frequency decomposition [18].

4.3. Evaluation Method. There are very few papers which
demonstrate statistically that a filtering method is better
than another [19]. Taking into account the wide variety of

pathological signals and artifacts, it seems to us that this kind
of evaluation is a necessity and too many papers focus only
on a limited amount of pages.

The main potential bias of this study is that two experts
do not represent the large variety of neurologist experts,
and their opinions can be different from the reality. In
addition, each of them only analyzed half of the database.
However, since the significance is reached it will not change
the conclusion and it will not remove the bias that there is
only two experts. Nevertheless, it would be interesting to
perform an interobservator comparison and verify the expert
concordance. Such study has been realized in [20] including
also ocular and electrode artifacts filtering.

Future studies should be done to complete these results
by a qualitative and objective comparison on a synthetic
signal, where the true cerebral signal is known. Some authors
[3, 19] have proposed to select unartifacted periods and
to add muscle artifact signals generated by the mixing of
a few artifact sources. Those artifact source signals can
be obtained by ICA on other periods or on other body
muscles. Unfortunately, a realistic synthetic signal is difficult
to construct and there can be two types of bias for the real
performance estimation.

(i) It would not be possible to have a perfect unartifacted
signal and a perfect muscle artifact source.

(ii) Considering the artifact as a mixing of limited num-
ber of sources is not realistic for an important artifact.
This model would ease the problem and particularly
it would render the frequency decomposition process
almost useless.

Despite these two problems, it would be interesting to verify
that the conclusions are the same with such model.

Finally, this evaluation method mainly concerns visual
examination of EEG, but it can be supposed that if the
method is applied as preprocessing for other applications like
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source localization, anticipated detection of epilepsy seizures,
brain computer interfaces, the optimal parameters, and the
evaluation could be different.

4.4. Practical Aspects. From a practical point of view, all three
methods are entirely automated. A turn of a switch moves
from raw recording to filtered recording. It is not the case
of methods like ICA [15] which requires manual selection
of components or standard AFOP which requires that the
patient carries out a specific protocol at the beginning of
recording.

Themethods can be applied to any EEG recording and do
not require additional electrodes like regressionmethods [4].

In addition, all three methods have a very short compu-
tation time (<0.5 s for 20 s of signal on a dual core 2GHz
processor whereas ICA methods can take 10 s).

An advantage for DAFOP and to a lesser extent for CCA
is that methods are stable if there is a disconnected or a
missconnected electrode; that is, this electrode artifact will
not be removed but the other channels will be still well filtered
and the artifact will not be propagated on other channels.
This is due to the fact that those kinds of signals are always
uncorrelated to other channels on the concerned frequencies
and the frequency pattern is very different of a muscular
artifact. Sometimes, a power line artifact residue or another
high frequency intrinsic instrument noise appears on an EEG
channel. Even if the frequency pattern does not perfectly
match, the power ratio 𝜌 (4) is low enough to erase the
corresponding component on the high frequency bands. The
artifact is then removed.

Those advantages are particularly important on the con-
text of standard EEG examinationwhere recording have to be
quickly analyzed.

5. Conclusion

This paper describes the use of the DAFOP method to filter
muscle artifacts on EEG recordings and discusses optimiza-
tion of the method. DAFOP was evaluated on clinical EEG
recordings by two neurologists and compared with BSS-
CCA and the 30Hz low-pass filter. DAFOP was particularly
efficient for artifact removal (84% on average) while offering
very good conservation of cerebral signals (6.4% reduction on
average), particularly pathological signals. Comparison with
the 30Hz filter commonly used in routine practice showed
that the latter is far less efficient than DAFOP and BSS-CCA
in enhancing EEG readability. In comparison with BSS-CCA,
DAFOP was judged globally to be more efficient.

In addition to improving EEG readability, this method
overcomes three drawbacks commonly reported in the liter-
ature [15].

(i) It does not require manual intervention.
(ii) It has a low computational time enabling a neurologist

to visualize for each second, 1min of filtered EEG
without previously processing the data.

(iii) It works on any clinical EEG recording device without
modifying current practice (no additional electrodes

needed [21] for artifact recording and no additional
protocol for individual patients [12]).

The method can also be combined with other methods
to filter all types of artifacts. For example, DAFOP can be
combined with AFOP [1] to filter electrode, ocular, and
chewing artifacts and it can be combined with [22] to filter
heartbeat artifacts. Due to their similarity in methodology,
it is possible to combine them on more optimal way than
the cascade filters, by simply adding the various covariance
matrices. It can be noticed that muscle artifact filtering seems
more efficient than the filtering of ocular and electrode
artifacts with the similar methods [1].

This paper presents the using of DAFOP on the clinical
context of EEG examination. Thus the method is param-
eterized and evaluated on this context. There would be
many other applications of this filtering which probably
require some small adjustments. For example, if the aim is
to study the Fourier transform of EEG signal, the frequency
decomposition step would add discontinuity on the gain
multiplier.The Fourier transform of cerebral signal is already
very discontinue and fortunately the discontinuity cannot be
seen unless we observe the mean of several EEG spectra.
The method should also be set and tested on other devices
like magnetoencephalogram (MEG) and on EEG with more
electrodes. Some adjustments should also be done for record-
ing on countries with 60Hz power line frequency. Finally, it
would also be interesting to apply this method as preprocess-
ing for other applications such as source localization, brain
computer interfaces, and anticipated detection of epilepsy
seizure [23].

For now, the possibility of implementing this method on
clinical EEG devices is being studied.
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Driving fatigue is more likely to bring serious safety trouble to traffic. Therefore, accurately and rapidly detecting driving fatigue
state and alleviating fatigue are particularly important. In the present work, the electrical stimulation method stimulating the
Láogóng point (劳宫PC8) of human body is proposed, which is used to alleviate the mental fatigue of drivers. The wavelet packet
decomposition (WPD) is used to extract 𝜃, 𝛼, and 𝛽 subbands of drivers’ electroencephalogram (EEG) signals. Performances of the
two algorithms (𝜃+𝛼)/(𝛼+𝛽) and 𝜃/𝛽 are also assessed as possible indicators for fatigue detection. Finally, the differences between
the drivers with electrical stimulation and normal driving are discussed. It is shown that stimulating the Láogóng point (劳宫PC8)
using electrical stimulation method can alleviate driver fatigue effectively during longtime driving.

1. Introduction

Driving fatigue is a major problem in safety critical work
situations as well as in public traffic [1, 2]. Statistics show that
15–20% of the total number of fatal traffic accidents is caused
by driver fatigue [3–5]. Therefore, it is particularly important
to detect driving fatigue and then alleviate this fatigue state
efficiently. Researches have shown that the EEG, sensitive to
neural activity [6–8], is considered to be an effective indicator
for detecting driving fatigue [9].

Many methods can be used to alleviate driving fatigue,
such as reducing the intensity of work, drinking caffeinated
beverages, having a short rest, and taking special medicine.
The electrical stimulation, which probably appeared in
the 1960s, uses the appropriate low frequency electrical
pulses to stimulate acupuncture points. In recent years, the
electrical stimulation began to be applied in the research
of counteracting the physiological fatigue [10]. Jian-ming
Zhao has studied the stimulating points of human body to
alleviate the physiological fatigue [11]. The transcutaneous
acupoint electrical stimulation (TAES) has a great potential in
counteracting mental fatigue. The transcutaneous acupoints
which can alleviate mental fatigue include Nèıguān point (内
关PC6), Hégǔ point (合谷L14), Fēngchı́ point (风池GB20)

[12], and Láogóng point (劳宫PC8) [13, 14]. In this paper,
the method utilizing stimulating the Láogóng point (劳
宫PC8) to relieve mental fatigue is used. In this method,
the conductive cloth fixed on the car steering wheel is used
as the stimulation electrode. Compared to the conventional
electrical stimulation, the method does not need the patch
electrodes, which makes it easy and convenient for using.

The main goal of the present study is a new method
that may effectively alleviate the driving fatigue and is to
be used commodiously. More specifically, the aim was to
determine the effects: whether the transcutaneous acupoints
electrical stimulations can alleviate driving fatigue during
longtime driving in real driving condition. In our study, the
electrical stimulation method stimulating the Láogóng point
(劳宫PC8) of human body is proposed to alleviate themental
fatigue for drivers. The efficacy of electrical stimulation to
inhibit human driving fatigue has been validated by com-
paring the significant differences between normal driving
and TAES driving. In this paper, the 𝜃, 𝛼, and 𝛽 subbands
of drivers’ EEG signals are extracted using the WPD. Then,
the relative power spectra (𝜃 and 𝛽) and ratios (𝜃/𝛽 and
𝜃 + 𝛼/𝛼 + 𝛽) are calculated and analyzed for each driving
stage. Finally, the differences of the parameters between the
two groups’ participants are analyzed.
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Figure 1: Experimental setup.

2. Experiments

2.1. Subjects. A total of 22 healthy subjects (16 males and
6 females; aged 28 ± 1.6 (S.D.)) have been chosen for the
experiment. All the subjects, free of medication during the
experiment, were reported to have no sleep-related disorders
or history of neurological diseases and asked to refrain from
consuming any type of stimulus such as alcohol, tea, or coffee
during the experiment.

2.2. Procedure. The Neuroscan, as the widespread use of
EEG acquisition device, is very convenient to be used in a
driving condition. And its electrodes (Ag/AgCl) are attached
to the scalp according to the international 10–20 system (30
channels = FP1, FP2, F7, F3, FZ, F4, F8, FT7, FC3, FCZ,
FC4, FT8, T3, C3, CZ,C4, T4, TP7, CP3, CPZ, CP4, TP8,
T5, P3, PZ, P4, T6, O1, OZ, and O2). In the experiment, the
Neuroscan device is chosen for EEG data recording.The EEG
data recording for each stage lasts 3minutes. Nine sets of data
are collected for every participant. Recordings are performed
with the ears mastoids (right and left) used as the common
reference. In the experiment, it should be ensured that all
leads are in a normal connection state during recording data
for each stage. In addition, the electrical stimulation must be
suspended during EEG signals recording.

The multipurpose health device (KWD-808I), chosen
as the electrical stimulator in the experiment, is used to
stimulate transcutaneous acupoints. The stimulation current
value with the range 1∼3mA is chosen by the participants on
the basis of feeling comfortable, and the electrical stimulation
pulse frequency is identified as 1Hz. During the experiment,
it must be ensured that the stimulation is below the levels that
cause neural damage in cortical stimulation in animal and
human studies. Figure 1 shows the experimental setup.

The experiment was performed in simulation driving
condition and real driving condition, respectively. The sim-
ulated experiment, performed in vehicle driving simulator,

had chosen highway as experimental environment in a busy
traffic situation on a sunny day. The experiment in real
driving condition was performed on highway. In addition,
the driving speed was selected in the range 80 km–90 km.
The participants were divided into two groups. One group
began the electrical stimulation after driving for an hour.The
other one chose normal driving for the entire drive. Each
group consists of eight males and three females. All subjects
continuously drive for two hours (2:00 p.m.–4:00 p.m.). One
hour of sleep (0:30 p.m.–1:30 p.m.) was arranged for all
subjects to avoid the influence on fatigue due to the lack of
sleep.

They were given one hour (0:30 p.m.–1:30 p.m.) for sleep-
ing in the midday time to reduce the fatigue influence by
sleeping. The process of data acquisition is divided into
nine stages (stage 1—2:00 p.m., stage 2—2:15 p.m., stage 3—
2:30 p.m., stage 4—2:45 p.m., stage 5—3:00 p.m., stage 6—
3:15 p.m., stage7—3:30 p.m., stage 8—3:45 p.m., and stage 9—
4:00 p.m.).

3. Methodology of Analysis

The process involves decomposing EEG signals into differ-
ent bands using the wavelet pocket decomposition (WPD),
calculation, and analysis of the relative power spectra (𝜃 and
𝛽) and ratios (𝜃/𝛽 and 𝜃 + 𝛼/𝛼 + 𝛽) for driving process. The
methods are explained in detail in the following sections.

3.1. Preprocessing and Artifact Removal Using WPD. The
EEG recordings of drivers are easily influenced by noises.
The noises mainly contain numerous low frequency and
high frequency noises known as artifacts, such as the noises
produced by the human body movement and the biological
electrical signals. They should be filtered for the useful
frequency band. In this paper, the subbands 𝜃, 𝛼, and 𝛽 were
extracted from the raw EEG using the WPD method.
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Figure 2: Wavelet packet decomposition tree.

TheWD can be represented as a continuous time wavelet
decomposition sampled at different frequencies at every level.
The wavelet decomposition functions at level 𝑚 and time
location 𝑡𝑚 can be expressed as

𝑑𝑚 (𝑡𝑚) = 𝑥 (𝑡) 𝜓𝑚 (
𝑡 − 𝑡𝑚

2𝑚
) , (1)

whereΨ𝑚 is the decomposition filter at frequency level𝑚.The
effect of the decomposition filter is scaled by the factor 2𝑚 at
stage 𝑚, but otherwise the shape is the same at all scales [15,
16]. TheWD only partitions the frequency axis finely toward
low frequency. However, the WPD is a generalized version,
which also decomposes the high frequency bands which
are kept intact in the WD [17]. The frequency resolution
of the WD will descend with the increasing of the signal
frequency. However, the WPD can overcome the defect and
provide more precise analysis to signals. It can also select the
appropriate subband according to the signal characteristics to
match with signal spectrum. Therefore, the WPD can reflect
the essential characteristics of signals and improve the time-
frequency resolution. A WPD is represented as a function
[18]:

𝜓
𝑖

𝑗+𝑘 (𝑡) = 2
−𝑗/2
𝜓
𝑗
(2
−𝑗
𝑡 − 𝑘) , (2)

where 𝑛 is the level of decomposition, 𝑖 is the modulation
parameter, 𝑗 is the dilation parameter, 𝑘 is the translation
parameter, and 𝑖 = 1, 2, . . . , 𝑗𝑛.

The WPD, which decomposes both the low and the high
frequency bands of signals, leads to a complete wavelet packet
tree which is shown in Figure 2.

In this study, 4-layer decomposition is made using the
WPD to extract 𝜃(4∼8Hz), 𝛼(8∼12Hz), and 𝛽(12∼32Hz)
rhythms. The 𝜃 wave (4∼8Hz) reconstructed based on
subband 𝑠(4,1), the 𝛼 wave (8∼12Hz) reconstructed based
on subband 𝑠(4,2), and 𝛽 wave (12∼30Hz) reconstructed
based on subbands 𝑠(4,3), 𝑠(4,4), 𝑠(4,5), 𝑠(4,6), and 𝑠(4,7) are
extracted from EEG.

3.2. Indicators for Detecting Driving Fatigue. The experimen-
tal process was segmented into 9 consecutive equal time

sections. The data from the 9 stages were used to analyze the
differences between normal driving and TAES. This analysis
was performed for the theta and beta activities for the average
of entire brain regions. Simultaneously, the algorithms 𝜃/𝛽
and 𝜃 + 𝛼/𝛼 + 𝛽 based on the relative power spectrum were
separately analyzed for driving fatigue.

3.2.1. The Relative Power Spectrum. For EEG analysis, 𝛼 and
𝛽 are deemed to be fast wave activities, whereas 𝛿 and 𝜃 are
the slow wave activities. Studies have shown that the theta
activity will increase during longtimemonotony driving [19],
and the beta activity will decrease during drowsiness [20].
In this study, the 𝜃 and 𝛽 subbands are used to analyze the
differences of driving fatigue between normal driving and
TAES. For comparing conveniently, the data of the relative
power spectrum are normalized by

𝑠 (𝑖) =
𝑠 (𝑖) −min (𝑠)

max (𝑠) −min (𝑠)
. (3)

3.2.2. The Relative Power Spectrum Ratios. In the present
work, the algorithms being analyzed are the relative power
spectrum ratios between slow wave and fast wave activities.
The power spectrum ratios for EEG have different combina-
tions, such as 𝜃/𝛽, 𝜃/𝛼+𝛽, 𝜃+𝛼/𝛽, 𝜃+𝛼/𝛼+𝛽, and𝛽/𝛼, which
can show different characteristics of driving fatigue over time
[20–22]. From what has been discussed above, the relative
power spectrum ratios (𝜃/𝛽 and 𝜃 + 𝛼/𝛼 + 𝛽) are used to
analyze driver fatigue.

4. Results

4.1. The Relative Power Spectrum. Many studies have shown
that the EEG signals can reflect the neural activity of human
body [23, 24]. Many methods can be used to extract the
characteristics of the EEG signals [24, 25]. The relative
power spectra of subbands of EEG are the commonly used
parameters in the analysis of driving fatigue. In this study,
the relative power spectra 𝜃 and 𝛽 were chosen as the
indicators for analyzing driving fatigue. In order to analyze
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Figure 3: Relative power spectrum (mean ± S.D.) of 𝜃 subband for
9 stages of driving.
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Figure 4: Relative power spectrum (mean ± S.D.) of 𝛽 subband for
9 stages of driving.

conveniently, the values of the relative power spectra 𝜃 and 𝛽
were normalized firstly.

4.1.1. Variation Tendencies with the Simulation Driving Con-
dition. In simulation driving condition, the characteristics of
driving fatigue are significantly different between the drivers
with TAES driving and normal driving (𝑃 < 0.05). These
differences are shown as the variation tendencies of the
relative power spectrum and the brain topography in 𝜃 and
𝛽 subbands of EEG, which are shown in Figures 3 and 4.

Figure 3 shows that the relative power spectrum 𝜃, for the
participants with normal driving, presents general upward
trend in the first three stages. From stage 4, the change
tendency shows small fluctuations. For participants with
TAES driving, the relative power spectrum 𝜃 presents a
similar tendency like the participants with normal driving
before stage 5 and a significant decline from stage 5 in
which the electrical stimulator begins to work (𝑃 < 0.05).
Figure 4 also presents a significantly different change between
the participants with TAES driving and normal driving.
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Figure 5: Relative power spectrum (mean ± S.D.) of 𝜃 subband for
9 stages of driving.

Although the relative power spectrum 𝛽 to the two types of
participants shows much alike change tendency in stages 1–5,
the value from stage 5 to stage 9 presents a significant increase
for participants with TAES driving and a continued decline
for participants with normal driving.

Figures 3 and 4 also show the brain topography indicating
theta and beta activities for one of the subjects. High activity
is indicated by the red-shaded areas, whereas low activity
is indicated by the blue-shaded areas. Figure 3 shows that
the theta activity increased steadily for all brain regions
for normal driving in driving stages 5–9, whereas the theta
activity has a significant downward trend for all brain regions
for TAES driving in driving stages 5–8. Figure 4 presents
that the beta activity decreased steadily for all brain regions
for normal driving in driving stages 1–9, whereas the beta
activity has a significant uptrend for all brain regions for
TAES driving in driving stages 5–9.

4.1.2. Variation Tendencies with the Real Driving Condition.
Compared with simulation driving condition, the charac-
teristics differences of driving fatigue are not so significant
between the drivers with TAES driving and normal driving
(𝑃 < 0.05). The variation tendencies are shown in Figures 5
and 6.

Figure 5 shows that the relative power spectrum 𝜃, for the
participants with normal driving, presents general upward
trend in the process of thewhole experiment. For participants
with TAES driving, the relative power spectrum 𝜃 presents
a similar tendency like the participants with normal driving
before stage 5, a significant decline from stage 5 to stage 7,
and a sharp rise from stage 7 to stage 9. Figure 6 also presents
the different changes between the two types of participants.
A slow rising for participants with TAES driving and a
continued decline for participants with normal driving can
be easily observed in Figure 6 from stage 5 to stage 9.

Figures 5 and 6 also show the brain topography indicating
theta and beta activities for the subjects. Figure 5 shows
that the theta activity increased steadily for all brain regions
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Figure 6: Relative power spectrum (mean ± S.D.) of 𝛽 subband for
9 stages of driving.

for normal driving in driving stages 5–9, whereas the theta
activity has a significant downward trend for all brain regions
for TAES driving in driving stages 5–7 (𝑃 < 0.05) and a sharp
increase in driving stages 7–9. Figure 6 presents that the beta
activity decreased steadily for all brain regions for normal
driving in driving stages 1–9, whereas the beta activity has a
slow uptrend for all brain regions for TAES driving in driving
stages 5–9 (𝑃 < 0.05).

4.2. The Relative Power Spectrum Ratio. The relative power
spectrum ratios 𝜃/𝛽 and (𝜃+𝛼)/(𝛽+𝛼) can reflect the changes
of human brain activity, which are chosen as the indicators for
analyzing driving fatigue.

4.2.1. Variation Tendencies with the Simulation Driving Con-
dition. In simulation driving condition, the relative power
spectrum ratios are significantly different between the drivers
with TAES driving and normal driving (𝑃 < 0.05). These
differences of driving fatigue are shown in Figure 7.

Figure 7 shows that the ratios 𝜃/𝛽 and (𝜃 + 𝛼)/(𝛽 + 𝛼)
of the relative power spectrum present significantly different
changes between the participants with TAES driving and
normal driving in stages 5–9 during the electrical stimulator
working time. For participants with TAES driving, the rela-
tive power spectrum ratios 𝜃/𝛽 and (𝜃 + 𝛼)/(𝛽 + 𝛼) present a
significant decline from stage 5 to stage 7 and a slow rise from
stage 7 to stage 9, whereas, for the participants without TEAS,
the ratios 𝜃/𝛽 and (𝜃+𝛼)/(𝛽+𝛼) present steady upward trend
in all stages.

4.2.2. Variation Tendencies with the Real Driving Condition.
Compared with simulation driving condition, the differences
of variation tendencies of the relative power spectrum ratios
between the drivers with TAES driving and normal driving
are more significant in real driving condition (𝑃 < 0.05).
These characteristics differences of driving fatigue are shown
in Figure 8.

In real driving condition, Figure 8 shows that the ratios
𝜃/𝛽 and (𝜃+𝛼)/(𝛽+𝛼) of the relative power spectrum present
significantly different changes between the participants with
TAES driving and normal driving in stages 5–9 during the
electrical stimulator working time. For participants with
TAES driving, the relative power spectrum ratios 𝜃/𝛽 and
(𝜃 + 𝛼)/(𝛽 + 𝛼) present a significant decline from stage 5 to
stage 7 and a slow rise from stage 7 to stage 9, whereas, for the
participants without TEAS, the ratios 𝜃/𝛽 and (𝜃+𝛼)/(𝛽+𝛼)
present steady upward trend in all stages.

5. Discussions

Driver fatigue is more likely to bring serious safety trouble to
traffic. Following increased fatigue, the unresponsive behav-
iors, decreased vigilance, and errors in judgment adversely
affect safe driving. Therefore, relieving driving fatigue is
particularly important for reducing the accidents caused by
driving fatigue. In this paper, themethodutilizing stimulating
the Láogóng point (劳宫PC8) to relieve mental fatigue is
used. The implications of data analysis are explored in the
following discussion.

5.1. Electrical Stimulation Acupuncture Point. The needle
stimulation is very helpful for relieving fatigue of human
body. Studies have shown that transcutaneous electrical nerve
stimulation can reduce pain and fatigue [10]. Stimulating the
Nèıguān point (内关PC6) and Fēngchı́ point (风池GB20)
can relieve metal fatigue [13]. During longtime driving,
stimulating the Nèıguān point (内关PC6) can relieve driver
fatigue [26]. From the view of traditional Chinese medicine
(TCM), stimulating the Láogóng point (劳宫PC8) is helpful
for relievingmental fatigue [27]. Although thesemethods can
effectively relieve fatigue, the operation requires the patch
electrodes which are not convenient for application in real
driving. In this study, the method utilizing stimulating the
Láogóng point (劳宫PC8) is used to relieve driving fatigue
during longtime driving. Láogóng point (劳宫PC8) in the
palm of the hand, close to the steering wheel when drivers
are driving, is suitable for placing electrodes.The results show
that the effect of relieving driving fatigue using this method is
remarkable during longtime monotonous driving.Therefore,
it can be considered a convenient and feasible method for
relieving driving fatigue.

5.2. Features Detection for Driving Fatigue. Generally, the
frequency band of EEG signals, which is in the range of
0.5Hz–30Hz, is used to analyze driving fatigue. And this
band includes four frequency subbands 𝛿(0–4Hz), 𝜃(4–
8Hz),𝛼(8–12Hz), and𝛽(12–30Hz).TheEEG features of driv-
ing fatigue in the frequency band 0.5Hz–30Hz (including 𝛿,
𝜃, 𝛼, and 𝛽) have significant changes during longtime driving.

There are significant differences between drivers with
TAES driving and normal driving (shown in Figures 3–8).
Studies have shown that the 𝜃 activity will increase and the
𝛽 activity will decrease with the mental fatigue gradually
deepening [19, 20]. In the present work, it shows that the 𝜃
activity increases steadily (shown in Figures 3 and 5) and the
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Figure 7: Ratios 𝜃/𝛽 and (𝜃 + 𝛼)/(𝛽 + 𝛼) of the relative power spectrum for 9 stages of driving.
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Figure 8: Ratios 𝜃/𝛽 and (𝜃 + 𝛼)/(𝛽 + 𝛼) of the relative power spectrum for 9 stages of driving.

𝛽 activity decreases steadily (shown in Figures 4 and 6) for
drivers without TAES during longtime monotonous driving.
On the contrary, for the drivers with TAES driving, there is a
significant decrease in the 𝜃 activity (shown in Figures 3 and
5) and a steady increase in the 𝛽 activity (shown in Figures 4
and 6) during longtime monotonous driving. It suggests that
the fatigue caused by longtime monotonous driving can be
eased after the subjects being given the electrical stimulation.
Therefore, it can be concluded that stimulating Láogóng point
(劳宫PC8) can relieve driver fatigue, which is helpful for
improving safe driving for longtime driving. In addition,
this method, which needs no stick electrodes, is convenient
and practical to be used in actual driving situations, which
provides a new method for relieving driving fatigue during
longtime driving.

In simulation driving condition, the relative power spec-
trum 𝜃 shows a significant decline from stage 5 to stage 8

and a modest rise from stage 8 to stage 9 after the electrical
stimulator working (shown in Figure 3). However, in real
driving condition, the relative power spectrum 𝜃 presents a
modest decline from stage 5 to stage 7 and a sharp rise from
stage 7 to stage 9 (shown in Figure 5).Thedifferences between
the two driving conditions lie mainly in the length of valid
time for relieving fatigue and the degree of easing fatigue. It
can be seen obviously that the effect of relieving fatigue in
simulation driving condition is more effective than in real
driving condition. The cause of the difference of changes
between the two types of conditions is due to the heavier
workload in real driving condition comparedwith simulation
condition. As we know, the drivers in real driving condition
must deal with lots of information for safe driving, in which
the body and mind are easier to become fatigued and are
not easy to be relieved. In addition, for the relative power
spectrum 𝛽, a significant increase for the drivers with TAES
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can be observed after electrical stimulator working in the
two types of driving conditions (𝑃 < 0.05). That means
that the activity of the mind and the brain cortex neurons of
drivers becomes active; that is, the degree of the brain activity
inhibited by the driving fatigue becomes lower.

6. Conclusions

In present work, the electrical stimulation method stim-
ulating the Láogóng point (劳宫PC8) of human body is
proposed, which is used to alleviate the mental fatigue of
drivers. The 𝜃, 𝛼, and 𝛽 subbands are extracted from drivers’
EEG signals. Then the differences between the drivers who
are electrically stimulated and the drivers without electrical
stimulation have been discussed. During longtime driving,
the driving fatigue of the subjects without electrical stim-
ulation increases gradually; on the contrary, the driving
fatigue of the subjects can be alleviated when they were
given electrical stimulation. The result shows that the elec-
trical stimulation method stimulating the Láogóng point (劳
宫PC8) of the human body can alleviate driving fatigue
effectively. In addition, thismethod needs no stick electrodes,
which is convenient and practical to be used in actual driving
situations.
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Is synchronization altered in amnesticmild cognitive impairment (aMCI) andnormal cognitive functions subjects in type 2 diabetes
mellitus (T2DM)? Resting eye-closed EEG data were recorded in 8 aMCI subjects and 11 age-matched controls in T2DM. Three
multivariate synchronization algorithms (𝑆-estimator (𝑆), synchronization index (SI), and global synchronization index (GSI)) were
used to measure the synchronization in five ROIs of sLORETA sources for seven bands. Results showed that aMCI group had lower
synchronization values than control groups in parietal delta and beta2 bands, temporal delta and beta2 bands, and occipital theta
and beta2 bands significantly. Temporal (𝑟 = 0.629; 𝑃 = 0.004) and occipital (𝑟 = 0.648; 𝑃 = 0.003) theta 𝑆 values were significantly
positive correlated with Boston Name Testing. In sum, each of methods reflected that the cortical source synchronization was
significantly different between aMCI and control group, and these difference correlated with cognitive functions.

1. Introduction

The incidence and prevalence of diabetes mellitus (DM) are
increasing worldwide, especially with an increase in type 2
diabetes mellitus (T2DM), which represents more than 90%
of all cases of diabetes [1]. T2DM has become a significant
public health problem [2, 3]. Many recent studies indicated
that T2DM was a risk factor for cognitive impairment [4,
5] and may cause alteration of EEG characteristics related
to cognitive functions [6, 7]. Mild cognitive impairment
(MCI) is characterized as an early but measurable stage of
cognitive impairment [8, 9]. MCI is predictive of progression
to dementia and the conversion rate from MCI to dementia
was 11.65% per year [10]. One study suggests that individuals
with diabetes are 1.5 timesmore likely to experience cognitive
decline and have 1.6 times greater risk of future dementia than
individuals without diabetes [11].

A promising approach to studyMCI subjects is to analyze
the recordings of electroencephalographic (EEG). EEG has
been applied to discriminate healthy subjects with various
types and severities of cognitive impairment for many years
[12].This technique is based on low cost and relatively widely
available equipment in the majority of countries and is fully
noninvasive. Considering the fact that MCI responds much
better when treatment is commenced in the early stage of
the illness than in the advanced stages, investigating the EEG
signal characteristics related to MCI of diabetes patients is
very important for us to understand the specific effect of brain
structure and functional connective in diabetes [13].

At present, some studies analyzed the EEG recordings
to study the pathophysiology of MCI in DM. Cooray et
al. studied event-related potentials (ERPs) and resting EEG
power spectrum in the patients with T2DM and healthy
control subjects. The T2DM affected ERP with a decrease
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in N100 amplitude and an increase in P300 latency. T2DM
patients had an increase in alpha-power and increase in
connectivity in the alpha and theta bands across hemispheres
and within lateral regions. Moreover, T2DM patients had a
significant increase in connectivity in the beta band of the
central region [1]. Hazari et al. studied P300 ERPs in T2DM
patients without clinical evidence of central nervous system
damage andnondiabetic controls.They found that P300ERPs
revealed cognitive dysfunction, which was not detected by
neuropsychometric test and if the disease duration exceeds
5 years the decrease became more prominent [3].

Some studies analyzed the EEG synchronization of MCI
and Alzheimer’s disease (AD) but not diabetes patients.
The AD patients showed lower synchronization values in
beta band compared with MCI patients [14]. At group
level, frontoparietal coupling of the delta and alpha rhythms
progressively became abnormal through MCI and mild AD
[15]. Compared with the age-matched healthy controls, AD
patients had significant lower synchronization values in the
beta1, beta2, and beta3 bands, and they were significantly
correlated to scores of symptom severity scales [16].

An advanced method for analyzing neural activity
sources (low resolution brain electromagnetic tomography
(LORETA)) had been successfully applied to studying on
normal and pathological aging [17]. Babiloni et al. firstly
investigated the power spectrum profiles at the level of
cortical EEG sources with LORETA in mild AD patients,
vascular dementia (VaD), and normal elderly people (Nold)
groups and they found that alpha sources (8–10Hz) were
abnormal in mild AD compared with Nold and VaD subjects
[18]. Then, Babiloni et al. found that the frontal white matter
and the amplitude of frontal delta sources (2–4Hz) were
negatively correlated across MCI and AD subjects [19]; the
alpha sources in parietal, occipital, and temporal areas were
lower in amplitude in the AD and MCI subjects than in
the Nold subjects, while the magnitude of the delta EEG
sources was higher in the AD than in the Nold and MCI
subjects [20, 21]. In addition, standardized low resolution
electromagnetic tomography analysis (sLORETA) allowed
3D localization of standardized current density with zero
localization errors in both the time and frequency domain
[22]. Caso et al. indicated that AD patients had higher theta
power with scalp EEG spectral and lower alpha2 and beta1
values in central/temporal regions with cortical sources EEG
rhythms by sLORETA than frontotemporal dementia (FTD)
subjects [23]. Compared with the normal elderly subjects,
the cognitive impairment subjects showed a decrease in
amplitude of the alpha1 sources and an increase in amplitude
of the delta sources [24].

However, little is known about the synchronization activ-
ity of EEG sources with amnestic MCI (aMCI) in T2DM. As
far as we know, this paper is the first study about cortical
source multivariate EEG synchronization analysis on aMCI
in type 2 diabetes.

In the study, we recorded the resting EEG data of
aMCI and nonamnesic MCI patients in T2DM. The EEG
sources in time domain were estimated by sLORETA. The
synchronization values of cortical EEG sources were calcu-
lated by using four kinds of multivariate synchronization

methods for each subject.Then statistics analysis was done to
explore the difference of the synchronization between aMCI
group and control group (nonamnesic MCI patients). We
also analyzed the correlation between synchronization and
cognitive functions.

2. Methods

2.1. Subjects and Diagnostic Criteria. Nineteen T2DM
patients were recruited from the Neurology Department
of Second Artillery General Hospital of Beijing in China.
Diagnosis and classification criteria were recommended
by the World Health Organization [25]. The study was
approved by Beijing Normal University ethics committee.
Written informed consent was obtained from all participants
before the experiment. The experiment was conducted in
accordance with the Declaration of Helsinki (1964). All
the patients had sufficient visual and auditory resolution to
accept the neuropsychological test.

The aMCI group consisted of 8 subjects and control group
consisted of 11 subjects. Inclusion criteria of the aMCI group
were (1) the reporting of a decline in cognitive functioning
relative to previous abilities during the past year by the
patient or their families, (2) cognitive disorders as evidence by
clinical assessment (with the hypomnesia of chief complaint,
or in another cognitive domain, which in this study was
assessed by neuropsychological test such as MMSE and
MoCA, and (3) the activity of daily living being unaffected
by history and evidence of independent living as assessed by
Instrumental Activity of Daily Living Scale test [26].

Exclusion criteria for aMCI group were (1) MCI subjects
without objective memory deficits; (2) having any other
psychiatric or neurological disorders such as AD, demen-
tia, Parkinsonism, depression, extrapyramidal disease, brain
trauma, brain tumor, epilepsy, and neuropathic recession; (3)
suffering from severe physical illness, such as the clinical
macrovascular complications (angina, history of myocardial
infarction, cerebral infarction with clinical symptoms and
peripheral vascular embolism, etc.). (4) patients with severe
alcoholism or drug abuse; (5) taking the sedative-hypnotic
drugs and some drugs that affect the central nervous system
one month before joining the group.

The control group inclusive criteria were (1) no memory
impairment chief complaint; (2) activities of daily living
without defect; (3) normal cognitive functions as evidenced,
assessed by neuropsychological test such as MMSE and
MoCA. Exclusion criteria for control group were the same as
(2)–(5) items of the exclusion criteria for aMCI group.

The data including patients’ name, age, gender, education
years, and handedness were recorded. A series of standard-
ized neuropsychological tests were used to assess the cogni-
tive functions of aMCI and control groups. Each patient was
evaluated by the Mini-Mental State Examination (MMSE)
and Montreal Cognitive Assessment (MoCA). Attention and
executive function were examined by the Wechsler Adult
Intelligence Scale (WAIS) Digit Span Test [27] and the
Trail Making Test parts A and B. Tests to assess memory
were immediate and delayed recall measure and the delay
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recognition measure of the Rey Auditory Verbal Learning
Test (AVLT) [28]. For language, semantic fluency test of the
one minute verbal fluency for animals and Boston Naming
Test [29] were used. The activity of daily living was tested by
Instrumental Activity of Daily Living Scale (IADL) [30].

The demographic characteristics and neuropsychology of
the aMCI group and the control group were investigated
and statistically analyzed by independent samples 𝑡-test
analysis with SPSS20.0. The results were shown in Table 1.
The demographic data had no significant difference between
the two groups. All subjects were matched regarding age,
gender, and education level. Neuropsychological tests showed
that the scores of MMSE and MoCA achieved a significant
level (𝑃 value < 0.05). The memory functions and language
fluency were better preserved in control group than in aMCI
group. The executive function and attention and daily living
abilities were not significantly different between the two
groups, except for the WAIS digit span test.

2.2. EEG Recording and Preprocessing. The patients were
instructed to sit relaxed in a dim quiet room of Department
of Neurology, General Hospital of Second Artillery Corps
of PLA, Beijing, China. The room temperature was kept at
23 ± 2

∘C. The resting-state eyes-closed EEG signals were
recorded using EGI system of Net Amps 300 amplifiers
(Electrical Geodesics Inc. (EGI), Eugene, OR). High-density
128-channel EEG data were recorded for 5 minutes using the
vertex sensor (Cz) as the reference electrode. All electrode
impedances were kept under 50 kΩ. The signals were digi-
tized at a rate of 1000 samples per second with a 0.10Hz∼
200Hz band-pass filter. Artifacts in all channels, such
as electrooculogram (EOG) and electromyogram (EMG),
were eliminated visually by expert electroencephalographers
(blind to the diagnosis).

2.3. Cortical Sources Analysis of the EEG Rhythms by
sLORETA. Standardized low resolution electromagnetic
tomographic analysis (sLORETA) is a functional imaging
technique belonging to a family of standardized linear
inverse solution procedures. sLORETA can model 3D
distributions of the cortical sources based on extracranial
measurements (i.e., scalp EEG) that would provide important
information on the time course and localization of brain
function [22]. sLORETA solutions are computed within a
three-shell spherical head model including scalp, skull, and
brain compartments. The brain compartment is restricted
to the cortical gray matter/hippocampus of a head model
coregistered to the Talairach probability brain atlas, which
has been digitized at the Brain Imaging Center of the
Montreal Neurological Institute [31].The brain compartment
includes 6239 voxels with 5mm resolution. The electrode
coordinates were the average location of the 10-5 system
[32]. sLORETA has been successfully used in EEG and MEG
analysis [33, 34].

In order to achieve greater confidence in the sLORETA
solutions and synchronization estimates in the study, the arti-
fact-free normalized EEGdata were segmented into nonover-
lapping 5-second epochs.Then the epochs of the aMCI group

Table 1: Demographic characteristics and neuropsychological test
scores and 𝑃 values between aMCI and control groups in T2DM.

Factor aMCI group Control group 𝑃 value
Subjects 8 11 —
Gender (M/F) 5/3 5/6 —
Age (years) 70 ± 10.784 74.27 ± 3.349 NS
Education level (years) 13.88 ± 3.441 13.64 ± 2.541 NS
MMSE scores 26.88 ± 1.885 28.64 ± 0.674 0.034∗

MOCA scores 22 ± 1.852 27 ± 1.265 0.000∗∗

AVLT immediate recall 5.06 ± 1.664 7.78 ± 1.859 0.004∗∗

AVLT delayed recall 3.75 ± 3.105 8.82 ± 3.683 0.005∗∗

AVLT delay recognition 11 ± 3.117 13.91 ± 1.044 0.034∗

Boston Name Test 18.38 ± 1.188 19.82 ± 0.405 0.011∗

Semantic fluency 16.88 ± 3.314 18.18 ± 4.07 0.452
Trail Making test A 68.5 ± 19.878 60.64 ± 16.549 0.36
Trail Making test B 127.5 ± 62.551 102.91 ± 34.469 0.286
WAIS digit span test 11.5 ± 3.854 14.73 ± 2.24 0.034∗

IADL 1.13 ± 1.356 0.45 ± 1.508 0.333
Mean values± standard errors of demographic characteristics and neuropsy-
chological test scores in aMCI and control groups. 𝑃 values were obtained
comparing aMCI and control groups with independent samples 𝑡-test.
aMCI, amnestic mild cognitive impairment; AVLT, the Auditory Verbal
Learning Test; F, female; IADL, Instrumental Activity of Daily Living Scale;
M, male; MMSE, Mini-Mental State Examination; MOCA, Montreal Cog-
nitive Assessment; NS, not significant; WAIS, Wechsler Adult Intelligence
Scale; ∗indicates the 𝑃 value < 0.05; ∗∗indicates the 𝑃 value < 0.01.

Table 2: Brodmann areas into the regions of interest (ROIs).

ROI Brodmann areas (left and right)
Frontal 8, 9, 10, 11, 44, 45, 46, 47
Central 1, 2, 3, 4, 6
Parietal 5, 7, 30, 39, 40, 43
Temporal 20, 21, 22, 37, 38, 41, 42
Occipital 17, 18, 19

and control group were given as an input to the original
sLORETA software (http://www.uzh.ch/keyinst/loreta.htm).
The amplitudes of current density as time series on 6239
voxels were calculated. For each Brodmann area, only a single
voxel, which was closest to the center of the Brodmann area,
was selected for the reasons that the spatial resolution of
sLORETA was low; thus the single centroid voxel is an excel-
lent representative of each Brodmann area. In addition, if the
average sLORETA solutions were used, the sLORETA activity
spanning a large volume might not be very meaningful. In
the study, five ROIs (frontal, central, parietal, temporal, and
occipital) were achieved. Each of the ROIs was made of
corresponding Brodmann areas [35] (Table 2). Thus we had
58 channels’ data according to these Brodmann areas.

2.4. Synchrony Measures. In this paper, we calculated the
synchronization values of each 5 s sLORETA cortical sources
epoch by using four multivariate synchronization methods.
Three methods were used to measure synchronization of
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the five ROIs in the following frequency bands: delta (1.5–
6Hz), theta (6.5–8Hz), alpha1 (8.5–10Hz), alpha2 (10.5–
12Hz), beta1 (12.5–18Hz), beta2 (18.5–21Hz), beta3 (21.5–
30Hz), gamma1 (30–45Hz), gamma2 (55–80Hz), and full
(1.5–80Hz) for all subjects.

2.4.1. S-Estimator. S-estimator is a kind of global synchro-
nization index based on principal component analysis (PCA)
[36]. It can measure the synchronization by measuring the
eigenvalue in the correlation matrix of a multivariate set of
signals and has been applied to analysis synchronous about
multichannel EEG signals. The S-estimator is defined as

𝑆 = 1 +
∑
𝑀

𝑖=1 𝜆

𝑖 log (𝜆


𝑖)

log (𝑀)
, (1)

where 𝜆𝑖 is the eigenvalue obtained from the equal-
time correlation matrix C=[𝑐𝑖𝑗] [37]. In the study, 𝑐𝑖𝑗 =
|⟨exp(𝑖(𝜑𝑖(𝑡) − 𝜑𝑗(𝑡)))⟩𝑡|, 𝑖, 𝑗 = 1, . . . ,𝑀, and 𝜑𝑖(𝑡) is the
instantaneous phase of channel 𝑖 for a frequency band.
𝜑𝑖(𝑡) is extracted by Gabor wavelet transform. The 𝜆𝑖 =
𝜆𝑖/∑
𝑀

𝑖=1 𝜆𝑖 are the normalized eigenvalues. 𝑀 means the
channel number in the original signals. When all normalized
eigenvalues are roughly of the same value, 𝑆 is close to zero.
That is to say, the signals are statistically independent. On
the contrary, if the signals are well synchronized, only a few
number of eigenvalues remain prominent, and, as a result, 𝑆-
estimator is then close to one.

2.4.2. Synchronization Index (SI). By comparing the eigen-
values of data correlation matrix C and surrogate correlation
matrix R, synchronization index was used to measure the
synchronization of multiple neural mass populations [38].
The surrogate data were obtained with amplitude-adjusted
Fourier transform (AAFT) [39] method, which randomized
the phase of time series.The surrogate data not only keeps the
linear properties of itself in time series but also eliminates the
nonlinear correlation between multivariable time series.

The normalized SI is computed using the following
equation:

SI𝑘 =
{{{

{{{

{

(𝜆𝑘 − 𝜆
𝑠
𝑘
)

(𝑀 − 𝜆𝑠
𝑘
)

if 𝜆𝑘 > (𝜆𝑠𝑘 + 𝑃 × SD𝑘) 𝑘 = 1, . . . ,𝑀

0 otherwise,
(2)

where 𝑀 represents the number of time series, and 𝜆𝑘
represent the eigenvalues obtained from matrix C, which is
constructed asmentioned above. 𝜆𝑠

𝑖
and SD𝑘 denote themean

and standard deviation values of the eigenvalues of matrix
R. And 𝑃 is a constant that determines the threshold. In the
study, 𝑃 = 3 was used for a confidence probability of 0.95.
Here we focus on the largest SI and refer to it as the SI value,
and SI value ranges from 0 to 1. If SI = 0, it means no
synchronization over all the series, and high SI values can
be interpreted as the presence of increased connectivity over
all the series. If SI = 1, it means that all series are complete
synchronization.

2.4.3. Global Synchronization Index (GSI). Based on the
description of the SI method, a new method of measuring
global synchronization of multiple time series has been
proposed [38]. We used the equal-time correlation method
to get the correlation matrix C, the surrogate correlation
matrix R, and their eigenvalues, like the SI method. In the
GSI method, the eigenvalues of matrix C are normalized by
dividing the eigenvalues of matrix R to reduce the influence
of random component. The GSI is defined as

GSI = 1 +
∑
𝑀

𝑖=1 𝜆𝑖 log (𝜆𝑖)
log (𝑀)

, (3)

where 𝜆𝑖 is the normalized eigenvalues and computed as

𝜆𝑖 =
(𝜆𝑖/𝜆

𝑠
𝑖
)

∑
𝑀

𝑖=1 𝜆𝑖/𝜆
𝑠
𝑖

, 𝑖 = 1, . . . ,𝑀, (4)

where 𝜆𝑠
𝑖
represent the mean values of the eigenvalues of

matrix R. 𝑀 represents the number of time series like the
SI mentioned. To understand how this estimator works, two
cases should be considered. If there is no genuine correlation,
the normalized eigenvalues are all equal to 1/𝑀, so GSI = 0;
on the contrary, if all the time series are correlated completely,
the largest normalized eigenvalue should be 𝑀, and the
others are equal to zero; at this point, GSI = 1.

2.5. Statistics Analysis. Independent samples 𝑡-test was per-
formed in demographic tests, MMSE scores, MoCA scores,
and neuropsychological tests between aMCI and control
group. In the paper, the statistical analysis was used by SPSS
20.0 software (IBM SPSS, Inc., NY, Armonk, USA).

Repeated measurement of analysis of variance (ANOVA)
was performed on regional synchronization values: within-
subject factors were “band” (delta, theta, alpha1, alpha2, beta1,
beta2, beta3, gamma1, gamma2, and whole frequency band)
and “ROIs” (frontal, central, temporal, parietal, and occip-
ital), while between-subject factor was “group” (aMCI and
control group). Age, education level, and gender were used
as covariates in the statistical analysis to reduce confounding
effects. Mauchly’s test was used to evaluate sphericity of
data; correction of the degrees of freedom was made by
Greenhouse-Geisser procedure. Post hoc least significant
difference (LSD) tests were used to compare group differences
for each rhythm and ROIs.

Pearson’s linear correlations were used between regional
synchronization values and neuropsychological tests for all
the subjects (aMCI and control group).

3. Results

3.1. Statistical Comparisons of the Synchronization Values.
Figure 1 showed the bar graphs of regional synchronization
values which were calculated by the 𝑆-estimator, SI and GSI,
and the results of statistical analysis. The three synchroniza-
tion measures of aMCI group decreased in all bands relative
to a statistical interaction among the factors, which were the
groups (aMCI and control group), bands (delta, theta, alpha1,
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alpha2, beta1, beta2, and beta3), and ROIs (frontal, central,
temporal, parietal, and occipital). The figure did not show
gamma1, gamma2, and the whole frequency band because
synchronous values in these bands were not significantly
different between two groups.

In Figure 1, frontal 𝑆, SI, and GSI values of aMCI group
were not significantly different. The three synchronization
values in parietal and temporal regions all were significantly
different in delta and beta2 bands between aMCI and control
group. The figure also showed that occipital theta and beta2
synchronization values measured by the three methods were
more significantly different between the two groups, espe-
cially in the beta2 band.

Performing the repeated measurement of ANOVA on 𝑆
values, the group effect (𝐹(1, 19) = 15.912, 𝑃 < 0.001),
interaction Band∗ROI effect (𝐹(36, 36) = 13.442, 𝑃 < 0.001)
and interaction Band∗Group effect (𝐹(9, 162) = 7.844, 𝑃 <
0.001) were significant. The interaction Band∗ROI∗Group
was not significant (𝐹(36, 648) = 1.253, 𝑃 = 0.223).
For SI values, the group effect (𝐹(1, 19) = 16.046, 𝑃 <
0.001), interaction Band∗ROI effect (𝐹(36, 36) = 4.324,
𝑃 < 0.001), interaction Band∗Group effect (𝐹(9, 162) =
7.630, 𝑃 < 0.001) and interaction Band∗ROI∗Group effect
(𝐹(36, 648) = 1.662, 𝑃 = 0.035) were significant. And for the
GSI values, the group effect (𝐹(1, 19) = 15.617, 𝑃 < 0.001),
interaction Band∗ROI effect (𝐹(36, 36) = 15.739, 𝑃 < 0.001),
interaction Band∗Group effect (𝐹(9, 162) = 5.091, 𝑃 <
0.001) were significant. The interaction Band ∗ROI∗Group
was not significant (𝐹(36, 648) = 1.085, 𝑃 = 0.363).

3.2. Correlation Analysis. In order to investigate the relation-
ships between cognitive functions and the synchronization
values that are computed by the 𝑆-estimator, SI, and GSI
method respectively, Pearson’s correlation analysis was per-
formed between the synchronization values (different bands
and ROIs) and the scores of neuropsychological tests (MoCA,
AVLT immediate recall, AVLT delay recall, AVLT delay
recognition, WAIS digit span test, semantic fluency, Boston
Name Testing, Trail Making test A, and Trail Making test B)
in all subjects as a whole group. Based on Bonferronimethod,
the significant correlation values 𝑟 and 𝑃 values (𝑃 < 0.01)
were corrected. We found that only temporal theta 𝑆 values
(𝑟 = 0.629, 𝑃 = 0.004), occipital theta 𝑆 values (𝑟 = 0.648,
𝑃 = 0.003), and Boston Name Testing were strict correlated
significantly. Scatter grams were illustrated in Figure 2.

4. Discussion

In this paper, we studied the synchronizations of resting cor-
tical sources with multichannel synchronization algorithms
to analyze the synchronization mechanism of the amnestic
MCI subjects in T2DM. To our knowledge, we firstly applied
the source EEG synchronization with multichannel method
in amnestic MCI with T2DM.

Our results showed that the synchronization values
estimated by 𝑆-estimator, SI, and GSI methods decreased
significantly in beta band and were similar to those of MCI
and AD but not diabetes patients [40]. The synchronization
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Figure 1: Regional synchronization values (mean ± standard error)
of delta, theta, alpha1, alpha2, beta1, beta2, and beta3 bands which
were calculated by the 𝑆-estimator, SI, and GSImethod in aMCI and
control group. Post hoc analysis results were graphically displayed
inside the horizontal bar over the graph: asterisks were referred to
aMCI/control comparison: one asterisk means 𝑃 < 0.05, two mean
𝑃 < 0.01, and three mean 𝑃 < 0.001.

values also decreased significantly in delta and theta bands of
aMCI group in T2DM; it may be due to the source EEG syn-
chronization or due to the fact that the patients were T2DM.
Wealso found that in aMCI groups the parietal, temporal, and
occipital networks show reduced synchronization observably
in these three methods, while central networks reduced
observably except in 𝑆-estimator.The synchronization values
in frontal area reduced but all of them have no significance.
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Figure 2: Correlation analysis between cortical source EEG synchronous and the scores of the neuropsychological tests in all subjects as a
whole group (only significant correlations were displayed). 𝑆 values as a function of Boston Name Test within temporal theta and occipital
theta were reported; the correlation was 𝑟 = 0.629, 𝑃 = 0.004 and 𝑟 = 0.648, 𝑃 = 0.003, respectively.

Recent studies in MCI and AD but not diabetes patients
showed that cortical sources of EEG rhythms were abnormal
in temporal [23, 41], frontal, parietal, central, and occipital
regions [35, 42], and the synchronization shows different in
parietal, frontal [43, 44], temporal, and occipital regions [45].

In these three methods, each measure reflected different
aspects of change in brain synchronization during amnestic
mild cognitive impairment in T2DM. We also found that
these methods have something in common; the results of
three methods showed that aMCI group has lower synchro-
nization values than control groups basically in all bands and
ROIs, especially in parietal, temporal, and occipital regions.
In these three methods, the occipital beta2 synchronization
values were significantly lower in aMCI group than in control
group.

At present, several studies have successfully analyzed
the synchronization characteristics between multiple neural
signals in MCI and AD patients but not diabetes patients.
Pijnenburg et al. investigated the behavior of synchroniza-
tion likelihood (SL) of multichannel EEG in AD, MCI,
and cognitively healthy controls, both at rest and during a
working memory task. Decrease of beta (12–30Hz) band
synchronization occurs in mild AD, both in a resting con-
dition and during a working memory task [40]. Direction of
information flux within EEG functional coupling at electrode
pairs was performed by directed transfer function (DTF)
in normal elderly, amnesic MCI, and mild AD subjects at
rest condition (closed eyes). Parietal to frontal direction
of the information flux within EEG functional coupling
was stronger in normal elderly than in MCI and/or AD
subjects, namely, alpha and beta rhythms. In contrast, the
directional flow within interhemispheric EEG functional
coupling did not discriminate among the three groups.These
results suggest that directionality of parietal-to-frontal EEG

synchronization is abnormal not only in AD but also in
amnesicMCI [43]. Lee et al. analyzed the EEG of AD patients
by using the global synchronization index, which is the same
as SI method in this paper. They found that the GSI values
in the beta1 (13–18Hz), beta2 (19–21Hz), beta3 (22–30Hz),
and gamma (30–50Hz) bands were significantly lower in
AD patients than in normal control. GSI values in the beta
and gamma bands were positively correlated with the MMSE
scores in all participants (AD and normal control) [16].
These studies indicated abnormal strength and direction of
synchronization in MCI and AD patients.

The results of cortical sources analysis showed that the
delta cortical sources in the whole brain, alpha cortical
sources in occipital areas [46], and theta cortical sources
in parietal and occipital were inordinate obviously in MCI
and AD but not diabetes patients [35, 41]. However, surface
topography provides limited information about source brain
structures causing the changes in EEG synchronization. The
synchronizations of cortical sources may be more accurate
than the synchronizations of scalp EEG. Knyazeva et al. used
local autoregressive average (LAURA)method to generate the
sources of scalp EEG in AD patients and age-matched con-
trols one-year follow-up.Themain effect of ADwas hyposyn-
chronization in the medial temporal and frontal regions
and relative hypersynchronization in posterior cingulate,
precuneus, cuneus, and parietotemporal cortices. Rapidly
progressing AD patients showed a significant reduction in
synchronization with time, manifest in left frontotemporal
cortex. Thus, the evolution of source EEG synchronization
over time is correlated with the rate of disease progression
and should be considered as a cost-effective AD biomarker
[44].

We tried to figure out some statistically significant corre-
lation between source of EEG synchronization and cognitive
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functions of patients revealed by neuropsychological test.The
𝑆, SI, and GSI values of theta or beta correlated positively
with the Boston Name Testing, and the 𝑆, SI, and GSI values
of delta or beta correlated positively with WAIS digit span
test. Delta and beta GSI values and alpha SI values positively
correlated with MoCA scores. Based on Bonferroni method,
only temporal theta 𝑆 values (𝑟 = 0.629, 𝑃 = 0.004), occipital
theta 𝑆 values (𝑟 = 0.648, 𝑃 = 0.003), and Boston Name
Testing were strict correlated significantly.

Several studies used coherence as a measure of inter-
dependencies between EEG or MEG data and found a
significant loss of alpha band coherence in AD [47, 48].
Babiloni et al. pointed out that the intensity of alpha value
changes in pathological aging as a function of the global
cognitive level [49]. The beta band has classically been
related to excitatory activity and cognitive processes that
deteriorate duringAD [14]. Furthermore, beta spectral power
has also been shown to decrease in AD and the decrease of
beta band synchronization is related to diminished semantic
memory function [50]. Koenig et al. found that the delta
band synchronization increased almost continuously with
increasing cognitive impairments [14], while Jelic et al.
reported that activity in AD patients reduces in delta and
theta [51]. However, there are still controversial findings
concerning coherence in the delta and theta bands, with some
studies finding a decreased coherence and others finding an
increased coherence [52].

The mechanisms of cognitive impairment in diabetes
remain to be elucidated. Chronic hyperglycemia was one of
the determinants of cognitive decline in people with T2DM
[53]. Hyperglycemia may be directly toxic to the neuron,
leading to its degeneration [54]. The deleterious effects of
hyperglycemia were mediated through an increased influx
of glucose through the polyol pathway forming sorbitol
and fructose, oxidative stress, and nonenzymatic glycation
of biomolecules resulting in advanced glycation end prod-
ucts (AGE) [53]. Hypoglycemia and hemodynamic changes
in persons with T2DM are also associated with cognitive
impairment, including lacunae and microinfarcts [55]. A
few studies showed that patients with T2DM have increased
arterial stiffness [56] associated with cognitive impairment
[57]. Long duration of DMmay increase the risk of cognitive
dysfunction, causing atherosclerosis, stroke, and cerebral
infarctions [58]. Studies have suggested that duration of
diabetes, use of glucose-lowering medications, and degree of
glucose control may modulate the risk of cognitive impair-
ment in older persons with T2DM [59]. Insulin resistance
contributes through the indirect mechanism of upregulating
hypothalamic-pituitary-adrenal axis, thereby causing hyper-
cortisolemia related cognitive dysfunction [60]. Hyperten-
sion usually exists as a comorbid condition with DM and
may be a part of a larger metabolic syndrome, including
hyperglycemia, hyperinsulinemia, and dyslipidemia. Hyper-
tension and diabetes, when combined, increase the risk
of cognitive impairment [61]. Other likely mechanisms of
cognitive dysfunction in T2DM were extensive leukoaraiosis
(white matter hyperintense lesions, WMHLs), atrophy in the
region of hippocampus, and amygdala [62]. Reduced volumes
of the amygdala and the hippocampus in T2DMpatients may

underlie deficits associated with learning and memory [55].
A report on MRI abnormalities and cognitive changes found
substantial white matter lesions and subcortical atrophies in
T2DM patients.

Our study had several limitations. First, our sample was
relatively small, only 19 subjects in T2DM.Making additional
studies with larger samples is necessary to generalize our
conclusions. Second, there were no normal elderly subjects or
ADpatients included.The comparison of the synchronization
values was independent only in amnestic MCI subjects
and normal cognitive function subjects in T2DM. Adding
the two groups to contrast analysis, the conclusion should
be enriched and the results should be more convincing.
Furthermore, the EEG signals were not analyzed when the
patients were performing cognitive tasks. Recording data
of more subjects, including normal elderly subjects, T2DM,
and AD patients, and study of synchronization both at rest
and performing cognitive tasks are still needed in further
research.

5. Conclusion

In this paper, we analyzed the source EEG synchronization
in amnesic MCI and normal cognitive function subjects in
T2DM by three synchrony measures (𝑆-estimator, SI, and
GSI) and compared these values to explore the difference
between the two groups. Results showed that cortical EEG
source synchronization values illustrated significant differ-
ence between aMCI and control group. The aMCI group
had significantly lower parietal and temporal 𝑆, SI, and GSI
values in delta and beta2 bands. Occipital theta and beta2
synchronization values measured by the three methods were
more significantly different between the two groups, espe-
cially in the beta2 band. Temporal and occipital theta 𝑆 values
were significantly positively correlated with Boston Name
Testing. In sum, the synchronization of cortical EEG source
was different between the amnestic and normal cognitive
function subjects in T2DM and the synchronization was
correlated with some cognitive functions.
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As an advanced process detection technology, electrical impedance tomography (EIT) has widely been paid attention to and studied
in the industrial fields. But the EIT techniques are greatly limited to the low spatial resolutions. This problem may result from the
incorrect preprocessing of measuring data and lack of general criterion to evaluate different preprocessing processes. In this paper,
an EIT data preprocessing method is proposed by all rooting measured data and evaluated by two constructed indexes based on all
rooted EIT measured data. By finding the optimums of the two indexes, the proposed method can be applied to improve the EIT
imaging spatial resolutions. In terms of a theoretical model, the optimal rooting times of the two indexes range in [0.23, 0.33] and
in [0.22, 0.35], respectively. Moreover, these factors that affect the correctness of the proposed method are generally analyzed. The
measuring data preprocessing is necessary and helpful for any imaging process. Thus, the proposed method can be generally and
widely used in any imaging process. Experimental results validate the two proposed indexes.

1. Introduction

Electrical impedance tomography (EIT) technique [1] is one
nondestructive visualization measurement technology. Due
to fast-response, noninvasive, low cost in obtaining 2D/3D
distribution parameter information, EIT has been widely
used in several principal areas such as medical imaging,
industrial process imaging, and geophysical surveying [2].
But the EIT techniques are greatly limited to the low spatial
resolutions [3–5] that greatly result from the following three
problems.

(1) Low Relative Resolution of Measurable Data. When these
measuring data are of low relative resolution, that is, too
small size difference of measuring data compared with their
own sizes, the reconstructed EIT image is of low spatial
resolution. In fact, most of the existing EIT imaging methods
depend on an optimization process associated with a good
relative solution of measurable data, while this process is
an ill-conditioned, highly nonlinear, and uncertain problem
[6]. If there are not good relative solutions of measurable
data, the reconstructed images are of low resolution.Thus, an
optimal measuring data preprocessing is necessary since the

ill-conditioned equation is tightly associated with the meas-
uring data.

(2) Low Signal-to-Noise Ratio. The EIT measuring data are
of low signal-to-noise ratio (SNR). Besides machine noise,
owing to the use of weak current excitation, the measuring
data in EIT must be a weak signal, and any small measuring
errors or noise may lead to large spatial resolution of the
investigated objects in anEIT image, or roughly speaking, any
change of any objects in the investigated field could affect all
measured data of all other objects in the investigated field.
This is called “soft-field” effect which is a much undesired
case in practice [7, 8]. Thus, “soft-field” effect is mainly
responsible for the low SNR in the EIT imaging process
[9, 10]. The existing ET imaging processes are unstable and
often unacceptable in most noisy conditions [11, 12].

(3) Imaging Algorithm. A challenging problem in the EIT
imaging process is how to quantitatively choose the proper
algorithm to obtain the highest spatial resolution of EIT
images. As a result, these reconstructed images usually do
not have interpretability or understandability [13]. Some
researchers attempt to solve this problem using simulation,
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Figure 1: EIT imaging process. (a) Original investigated objects of three blocks of watered agars. (b) Each pixel is covered by 16 projection
fields (in grey) from 16 excitations. (c) Reconstructed EIT image by the LBP algorithm based on measuring data.

visualization, and new hardware system for gaining com-
parable statistics [14, 15], but these methods are of little
applicability in practice.

The importance of the preprocessing processes of mea-
suring data has been realized. In order to obtain the EIT
image of high resolution, some researches attempt to adjust
the size of original measuring data based on the hardware
system. For example, the measuring data are amplified by
a special integrated circuit. However, these methods con-
centrate on a/some linear transformations to all data, while
a linear transformation cannot change the relative size of
these measuring data. When there are noisy data, a linear
transformationwill simultaneously amplify signal and noises.
In this paper, we present a nonlinear transformation to all
measuring data. In terms of rooting all measured data, an
EIT data preprocessing method is proposed and evaluated by
two constructed indexes based on all rooted EIT measured
data. One index aims to maximize the relative size among
measurable data, and the other one aims to maximize SNR
of the measuring data. Dependent on their optimums of the
two indexes, the optimal root of the measuring data can
be obtained. One purpose of rooting all data is to find the
optimal relative size of measurable data such that the EIT
spatial resolution of the EIT imaging can be improved greatly.
Another purpose of rooting the measuring data is to attain as
high SNR as possible. The research in this paper shows that
the two proposed indexes have nearly the same optimums
but different motivations. The analytic optimal solutions of
the two proposed indexes are obtained by a mathematical
analysis. The analysis of the two indexes involves the existing
study [16]. Recently, the natural clustering structures hidden
in the EIT measuring data have been recovered and the fuzzy
clustering algorithm termed as FC-EIT is proposed for EIT
imaging process. The reconstructed images by the FC-EIT
algorithm can obtainmuch higher spatial resolution in awide
range of parameter settings. Particularly, some experimental
results from the FC-EIT algorithmare unable to be completed
by other existing EIT algorithms at all. In this research, FC-
EIT and other three existing EIT imaging algorithms are
applied to test the correctness of the two proposed indexes.

The rest of this paper is organized as follows. Section 2
introduces the EIT imaging principle. In Section 3, the

two indexes for measuring data preprocessing are pro-
posed and analyzed in different conditions. Experimental
tests and results of the two indexes are interpreted in
Section 4. Section 5 is the conclusion.

2. EIT Imaging Principle

As an example, an ERT system of a total of 16 electrodes
evenly distributed around a 16-centimeter radius pipe is
applied to illustrate the EIT imaging structure and process.
Original investigated objects are three blocks of watered agars
that are put in salt water, as shown in Figure 1.

Figure 1(a) shows the investigated objects and the dis-
tribution of 16 electrodes in an ERT system. The adjacent
exciting strategy is used for data collection, that is, among
a total of 16 pairs of electrodes when the exciting current
is added to one electrode pair (𝑖, 𝑖 + 1), 15 voltage values
of other electrodes are measured, 𝑖 = 1, 2, . . . , 16. After
excitation electrode pair is switched 16 times, 16 groups of
measurements are obtained amongwhich twomeasurements
including excitation electrode pairs need to be discarded due
to the large errors. Consequently, 13 groups of measurements
in each excitation are used for a frame of EIT image
reconstruction. To reconstruct a frame of ERT image, the
cross-section is discretized by rectangular or triangular units
related to pixels in the ERT image (see Figure 1(b)). The
cross-section boundary and any pair of equipotential lines
connected to two adjacent electrodes construct a projection
field. Each extraction electrode corresponds to 16 projection
fields (in grey) over the entire cross-section, and thus any
pixel in the cross-section must be covered by 16 projection
fields, respectively, from 16 different extraction electrodes. In
terms of these measuring data, the investigated objects are
visually reconstructed (see Figure 1(c)).

The EIT imaging process obeys the general Maxwell
equation [5] whose simplified physical model for EIT can be
written as

𝑈 = 𝑓 (𝜎; 𝐼) = 𝑅 (𝜎) 𝐼, (1)

where𝑈 is the measured voltage vector on the electrodes sur-
rounding the periphery of a subject, 𝐼 is the injected current
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vector, 𝜎 is the conductivity distribution in a cross-section
of the subject, 𝑓(𝜎; 𝐼) is the nonlinear model mapping 𝜎

and 𝐼 to 𝑈, and 𝑅(𝜎) is the model mapping 𝜎 to resistance.
This model depends nonlinearly on the conductivity 𝜎 and
linearly on the current 𝐼. The aim of image reconstruction
for EIT is to obtain the conductivity distribution 𝜎 using the
boundary voltage vector 𝑈 and the injected current vector 𝐼.
The mathematical expression of the tomographic problem is
given by the following equations:

[Δ𝑈]𝐾×1 = [𝑈]𝐾×𝑁 ⋅ [Δ𝐺]𝑁×1 or 𝑈 = 𝑆𝐺, (2)

where 𝑆 is a Jacobian matrix, that is, the sensitivity distribu-
tion, and 𝐾 and 𝑁 are the numbers of total measurements
and pixels, respectively.The goal is to determine the unknown
image 𝑋 when the experimental projections 𝑈 are available.
In the discrete form, the aim of image reconstruction for the
EIT field is to find the unknown pixel vector from the known
𝑈 by using (2); that is,

𝐺 = 𝑆
−1
𝑈. (3)

However, the direct analytical solution for (3) does not
exist since the inverse problem is both nonlinear and ill-
posed, and little noise in the measured data could cause large
errors in the estimated conductivity. Many algorithms have
been proposed to indirectly solve the above ill-posed problem
as explained below.

(1) LBP Algorithm.The most used EIT image reconstruction
algorithm is the linear back projection (LBP) [6]. In the
LBP algorithm, the conductivity distributions are assumed to
comprise a number of discrete regions within the measure-
ment space such that the conductivity within each region is
constant. According to (3), 𝐴−1𝐵 is approximated as

𝐺 =
𝑆
𝑇𝑈

𝑆𝑇𝑈𝜆
, s.t. 𝑈𝜆 = [1, 1, . . . , 1] . (4)

Equation (4) shows that the grey value of any pixel is calcu-
lated by using a weighted form in the LBP algorithm.

(2) Landweber Algorithm. The Landweber algorithm (LW)
[14] was originally designed for solving the classical ill-
posed problem using the strategy similar to the gradient
descending algorithm in the optimization process by the
following equation:

𝐺𝑡+1 = 𝐺𝑡 − 𝛼𝑆
𝑇
(𝑆𝐺𝑡 − 𝜆) , (5)

where the constant 𝛼 is known as the gain factor and is
used to control the convergence rate. As the iterative process
described by (5) proceeds, the norm of the capacitance
residual will be minimized. Since the norm may tend to be
a certain value larger than zero, the original algorithm often
is modified as

𝐺𝑡+1 = 𝑃 [𝐺𝑡 − 𝛼𝑆
𝑇
(𝑆𝐺𝑡 − 𝜆)] . (6)

The value of 𝑃 has been adopted by inclusion of a nonlinear
function to constrain the estimated image so that 𝐺𝑡+1 ∈

[0, 1]; that is, when a normalized gray level is less than zero,
it is constrained to be zero, and when it is larger than “1”, it is
constrained to be “1”.

(3) Tikhonov Regularization. The Tikhonov regularization
(TR) [15] is one efficient method and is presented as a mini-
mization function shown as follows:

𝐽 (𝑔) =
1

2
‖𝑈 − 𝑆𝜎‖

2
+ 𝜇𝑅 (𝜎) , (7)

where𝑅(𝑔) is the regularization function and 𝜇 is the regular-
ization parameter. The function is often expressed in 𝐿

2 form
as

𝑅 (𝑔) = ‖𝐿 (𝜎 − 𝜎)‖
2
, (8)

where 𝐿 is an appropriate regularization matrix and 𝜎 is a
prior estimate of the permittivity or the conductivity distri-
bution.

(4) FC-EIT Algorithm. Recently, one efficient and original
EIT imaging algorithm [16], termed as FC-EIT, has been
proposed. FC-EIT firstmaps𝐾measuring data of pixel 𝑗 after
𝐾 excitations into a 𝐾-dimensional vector as

(V𝑗,1V𝑗,2, . . . , V𝑗,𝐾)
𝑇
, ∀𝑗 = 1, 2, . . . , 𝑛. (9)

All vectors associated with all pixels consist of a set 𝑋 and
then all vectors in𝑋 are partitioned into 𝑐 clusters by the fuzzy
𝑐-means (FCM) algorithm [17]. Let 𝑢𝑖𝑗 be the membership
degree of 𝑗th vector (pixel) to 𝑖th cluster, let V𝑖 be the cluster
prototype of 𝑖th cluster, and let 𝐺(V𝑖) be the gray value of 𝑖th
cluster prototype, 𝑖 = 1, 2, . . . , 𝑐; 𝑗 = 1, 2, . . . , 𝑛. So the gray
value of 𝑗th pixel 𝑔(𝑗) is determined by the weighted average
form:

𝑔 (𝑗) =

𝑐

∑
𝑖=1

𝑢𝑖𝑗𝐺 (V𝑖) , 𝑗 = 1, 2, . . . , 𝑛. (10)

All pixels are endowed with different gray values based on
(10). These determined gray values thus can reconstruct a
frame of EIT image to show various conductivities and to
recover the distributions of investigated objects in the cross-
section.

LBP is a typical noniterative algorithm and has the least
excusive time, and the others are iterative algorithms and
need more runtime. These EIT imaging algorithms are the
most used ones in practice. In this paper, the above algo-
rithms are applied for EIT imaging reconstruction to examine
the spatial resolutions before and after performingmeasuring
data preprocessing.

3. Optimal Data Preprocessing Method

In this section, we define a relative size (RS) index and a
signal-to-noise ratio (SNR) index of the measureable data,
respectively. The optimums of the two indexes are applied
to realize the optimal measuring data preprocessing and
improve the EIT spatial resolution. The characteristics of the
two indexes are illustrated below.
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Figure 2: Extraction of roots for the measured data.

3.1. Two Quantitative Indexes for Evaluating Data Preprocess-
ing Process. The relative sizes of 𝐾 measuring data of any
pixel after 𝐾 excitations can lead to great differences for the
EIT spatial resolution. Due to the weak current excitation in
EIT, most of the measuring data have very small size. Thus,
amplifying the original data to a proper size is a necessary step
for the EIT imaging process [2, 12]. The larger measureable
data relative size, the higher EIT images spatial resolution [12,
16]. The first proposed index aims to maximize the relative
size by using a nonlinear transformation of all measuring
data, because a linear amplification must keep the relative
sizes being a constant. Assuming that an investigated field
is partitioned into 𝑛 pixels, a nonlinear transformation is
performed by finding 𝑧 root to all measuring data as in the
following form:

𝑦𝑘,𝑗 = 𝑧√V𝑘,𝑗, 𝑘 = 1, . . . , 𝐾; 𝑗 = 1, 2, . . . , 𝑛, (11)

where V𝑘,𝑗 is the measured data of the 𝑗th pixel in the 𝑘th
excitation, 𝑘 = 1, 2, . . . , 𝐾.The proposed index, termed as the
relative size (RS) index, is defined as

𝜉 =

𝑛

∑
𝑗=1

𝐾

∑
𝑠,𝑡=1

(max {𝑦𝑗,𝑠, 𝑦𝑗,𝑡} −min {𝑦𝑗,𝑠, 𝑦𝑗,𝑡})

𝑛 (𝐾 − 1)
, (12)

where 𝑠 and 𝑡 are two consecutive integers, and V𝑗,𝑠 and V𝑗,𝑡
are two successive measuring data from the two successive
excitations. The value of 𝜉 totally reflects the relative size of
measuring data of all pixels. Tomaximize the relative size, the
optimum of (12) is solved as

𝑧
∗
= arg max𝑧𝜉. (13)

Independent of any measuring data and any EIT imaging
algorithms, (13) must have a maximum at least for any set
of pixels associated with these investigated objects due to the
following three reasons.

(A) For 𝜉 ≧ 0, the inequality holds from (12).
(B) For 𝜉 = 0when 𝑧 → ∞,𝑦𝑖𝑗 → 1, the equation holds

since zero exponents of any number are 1 and thus are
equivalent to each other.

(C) For 𝜉 ≈ 0when 𝑧 → 1, all measuring data keep their
original values and the mutual differences of these
data are very small.

Equation (13) shows that the optimal measuring data can be
solved by the optimum of the RS index of (13). Thus, the
optimal determination of the rooting times of the measuring
data can enhance their relative sizes.

Figure 2(a) shows an original image that is simulated
in Comsol simulation environment [18]. The reconstructed
objects are two circles with conductivity 200 and the cor-
responding background with conductivity 100. Figure 2(b)
shows the simulated measurable data associated with the
original image. It is difficult to identify these measuring
data in terms of their original relative sizes. As compared,
the second and the fifth roots of these measurable data are
shown in the same coordinate. Compared with the original
measuring data, their relative sizes become larger. In fact,
their values of 𝜉 are 12.12 and 19.30, respectively, while
the value of 𝜉 of the original measuring data is 2.73. This
demonstrates that extracting the root of measurable data can
increase their relative sizes.

On the other hand, for 𝐾 measuring data of any pixel,
there are seriously noisy data and “soft-field” effects. Usually,
the two measuring data that are closest and farthest to a pair
of exciting electrodes are of low SNR.The closest one is due to
the strong proximity effect between exciting and measuring
electrodes, and the farthest one is prone to be affected by
these polarization effects and “soft-field” effects in the field.
Consequently, these measuring data that are nearly located in
themiddle between the closest and farthest electrodes are the



The Scientific World Journal 5

(a) Original image

0.35

0 50 100 150 200 250
0

0.05

0.1

0.15

0.2

0.25

0.3

Original data
Square root
Fifth root

(b) Original and preprocessing data

Figure 3: Original image and effects of rooting measuring data.

most effective among 𝐾 measuring data. The second index
aims to minimize the effect of the two measuring data by
finding their optimal root by (11). So the second index, termed
as the SNR index, is defined as

𝜂 =
2

𝑛𝐾

×

𝑛

∑
𝑗=1

∑
𝐾

𝑘=1 V𝑗,𝑘
max{V𝑗,1, V𝑗,2, . . . , V𝑗,𝑘}+min{V𝑗,1, V𝑗,2, . . . , V𝑗,𝑘}

,

(14)

where max{V𝑗,1, V𝑗,2, . . . , V𝑗,𝑘} and min{V𝑗,1, V𝑗,2, . . . , V𝑗,𝑘} are
the farthest and closest measuring data in𝐾measuring data,
respectively. The coefficients of 2/𝑛𝐾 make the values of 𝜂
equal to 1 when all values of V𝑗,𝑘 are equivalent to each other.
It is clear that the larger the values of 𝜂 are, the higher the SNR
is.Thus, values of 𝜂 can show the SNR level of thesemeasuring
data. To obtain the highest SNR, (14) is solved by

𝑧
∗
= arg max𝑧𝜂. (15)

The optimum of (15) shows the SNR level of the measuring
data after finding the optimal root. Equation (15) must have
a maximum at least for any set of pixels associated with these
investigated objects due to the following three reasons.

(A) For 𝜂 ≧ 1, the inequality holds from (14).
(B) For 𝜂 ≈ 1when 𝑧 → 1, all measuring data keep their

original values and the mutual differences of these
data are very small.

(C ) For 𝑛 = 1 when 𝑧 → ∞, 𝑦𝑖𝑗 → 0, the equation
holds since the infinite roots of any numbers are 1 and
thus are equivalent to each other.

Figure 3 shows a simulation in Comsol simulation envi-
ronment [18]; the original image consists of three circles with
the same conductivity as well as background. The simulated
measuring data shown in their optimal 3rd root. Compared

with the original measuring data, the data after finding their
roots havemuch larger values of 𝜂.This demonstrates that the
rooting operation is helpful in improving the SNR level.

3.2. Optimal Solution of the Two Proposed Indexes. The cross-
section in an EIT system is called a full field when the
investigated objects are contained and otherwise is called an
empty field.The optimums of (13) and (15) are solved in a full
field. However, it is impossible to obtain an analytic optimum
for an arbitrary full field owing to extremely complex distri-
butions of investigated objects. Notice that the relative sizes
of measuring data in a full field are nearly proportional to
those in the empty field [12, 13]. Consequently, the optimums
of (13) and (15) are solved in an empty field. Without loss
of generalization, a system of 16 electrodes is taken in a
circular investigated field as an example. For each excitation,
13 measuring data consist of a U-shaped curve and all
measuring data from 16 excitations are summed up to 208
for the same pixel, as shown in Figure 4(a). Assume that
𝑇1, 𝑇2, 𝑇3, 𝑇4, 𝑇5, 𝑇6, and 𝑇7 are 7 electrodes on a circular
empty field, as shown in Figure 4(b).

The circle equation with radius 𝑅 in a polar coordinate
system can be formulated as

𝜌 = 2𝑅 sin 𝜃, (16)

where 𝜌 is polar radius and 𝜃 is polar angle. Each pair of
exciting electrodes 𝐴 and 𝐵 is regarded as an electric dipole
since they have enough small distance compared with the
radius of the circled field. The polar coordinate equation on
the equipotential line in arbitrary 𝑃 point in the investigated
field is shown as

𝜌 = 𝐶√cos 𝜃, (17)

where 𝐶 is the potential value of the equipotential line that
goes through 𝑃 point. According to the basic mathematical
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Figure 4: Measuring data with U-shaped curve and polar coordinate system.

theorem [19], the same arc has equivalent angle in a circular
segment, drawing out the following relation:

∠𝑇1𝑂𝑇2 = ∠𝑇2𝑂𝑇3 = ⋅ ⋅ ⋅ = ∠𝑇6𝑂𝑇7. (18)

Let the polar coordinates 𝑇1, 𝑇2, . . . , 𝑇7 be (𝜌1, 𝜃1), (𝜌2, 𝜃2),

. . . , (𝜌7, 𝜃7) after the polar point is taken as the center of the
exciting electrodes 𝐴 and 𝐵, respectively. To begin with 𝑥-
axis at the 𝑘th excitation, these polar angles 𝑇1, 𝑇2, . . . , 𝑇7 are
represented as

𝜃𝑖 = (
2𝜋

15
𝑖)
0

≈ (24𝑖)
0
, 𝑖 = 1, 2, . . . , 7. (19)

After combining (16) and (17), the potential values of 𝑇1 ∼ 𝑇7
are solved as

𝐶 =
2𝑅 sin 𝜃

√cos 𝜃
⇒ 𝐶𝑖 =

2𝑅 sin 𝜃𝑖

√cos 𝜃𝑖
= 𝑄𝑖𝑅, 𝑖 = 1, 2, . . . , 7,

(20)

where 𝑄𝑖 = 2 sin 𝜃𝑖/√cos 𝜃𝑖, 𝑖 = 1, 2, . . . , 7, are 7 invariant
constants when the number of electrodes 𝐾 is fixed. The
potential relative sizes of these measuring data among the
seven electrodes 𝑇1, . . . , 𝑇7 are

V𝑗,𝑘 = 𝑢𝑗,𝑘+1 − 𝑢𝑗,𝑘 = (𝑄𝑗,𝑖+1 − 𝑄𝑗,𝑖) 𝑅,

𝑗 = 1, 2, . . . , 𝑛, 𝑘 = 1, 2, . . . , 7.

(21)

Generally, owing to V𝑗,1 > V𝑗,2 > ⋅ ⋅ ⋅ > V𝑗,7 and 𝑧√𝐾𝑗,2 − 𝐾𝑗,1 >

𝑧√𝐾𝑗,3 − 𝐾𝑗,2 > ⋅ ⋅ ⋅ > 𝑧√𝐾𝑗,𝐾+1 − 𝐾𝑗,𝐾, therefore (13) and (15)
can be rewritten as

𝜉 =

𝑛

∑
𝑗=1

𝑘

∑
𝑠,𝑡=1

( 𝑧√𝑄𝑗,𝑠+1 − 𝑄𝑗,𝑠 −
𝑧√𝑄𝑗,𝑡+1 − 𝑄𝑗,𝑡)

𝑧√𝑅

𝑛 (𝐾 − 1)
,

𝜂 =
2

𝑛𝐾

𝑛

∑
𝑗=1

∑
𝐾

𝑘=1
𝑧√𝑄𝑗,𝑘+1 − 𝑄𝑗,𝑘

𝑧√𝐾𝑗,3 − 𝐾𝑗,2 +
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Figure 5: Variance of U-shaped curves after rooting the measuring
data.

When the number of electrodes is fixed, the optimums of (13)
and (15) are two constants and can be solved easily. According
to the finite element method [20], when 𝐾 = 16 for ERT and
𝐾 = 12 for ECT, the optimums of (1/𝑧) in (13) are 0.26 and
0.34, and the optimums in (15) are 0.23 and 0.33, respectively.

According to the two original images in Figures 2 and
3, Figure 5 shows the optimal solutions of (13) and (15).
Figure 5 shows that the relative sizes of the measuring data
gradually increase from 0.1 to 0.26 and decrease from 0.26 to
0.1, where all origins of U-shaped curves after rooting these
measuring data are located in the same point.

Both (13) and (15) can provide the optimalmeasuring data
preprocessing according to the same rooting operation in (11)
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but are based on different motivations. In the experimental
part in this paper, our research shows their interrelations.

3.3. The Correctness of the Two Proposed Indexes. The opti-
mums of the two proposed indexes are solved under this
assumption that variances of the measuring data are nearly
directly proportional to each other in the empty and full
fields. However, a real investigated field can be affected by
various and complex applicable conditions, and thus it is
necessary to consider the correctness of the two indexes
in these conditions. Generally, the investigated objects in a
field consist of materials with different attributes, such as
conductivity, permittivity, and permeability. The materials of
the same attribute must have the similar distribution of the
measuring data, while the ones of different attributes have dif-
ferent distributions.The same distributions of measured data
correspond to the same cluster, while different distributions
correspond to different clusters. Consequently, the task of ET
imaging aims to find all clusters of measuring data [12, 16].
Most of the actual investigated objects consist of clusters with
various characteristics such as sizes, densities, and positions.
So in this paper the three characteristics are generally defined
to evaluate the effect of the two proposed indexes as follows.

The quantity to show position characteristic is computed
as

position (𝑐) =

𝑐−1

∑
𝑖=1

𝑐

∑
𝑗=𝑖+1

{max (𝑃𝑖, 𝑃𝑗) /min (𝑃𝑖, 𝑃𝑗)}

𝐶2𝑐
, (23)

where 𝑃𝑘 represents the minimal distance to the 𝑘th clus-
ter from other clusters and is computed by all pairwise
distances from the 𝑘th cluster to the closest cluster, for
𝑘 = 1, 2, . . . , 𝑐. Clearly, position(𝑐) > 1 since the value
of max(𝑃𝑖, 𝑃𝑗)/min(𝑃𝑖, 𝑃𝑗) must be larger than 1. Values of
position(𝑐) are smaller and distributions among clusters are
more consistent and symmetric. Thus, values of position(𝑐)
can efficiently show the characteristics of relative position
among all clusters.

The quantity to represent size characteristic is computed
as

size (𝑐) =
𝑐−1

∑
𝑖=1

𝑐

∑
𝑗=𝑖+1

{max (𝑆𝑖, 𝑆𝑗) /min (𝑆𝑖, 𝑆𝑗)}

𝐶2𝑐
, (24)

where 𝑆𝑘 refers to the size of 𝑘th cluster and is computed by
the average of all pairwise distances between the two data
vectors in 𝑘th cluster, for 𝑘 = 1, 2, . . . , 𝑐. Clearly, size(𝑐) >

1 since the value of max(𝑆𝑖, 𝑆𝑗)/min(𝑆𝑖, 𝑆𝑗) is larger than 1.
Values of size(𝑐) are smaller and sizes among clusters are
more consistent. Thus, values of size(𝑐) can efficiently show
the characteristics of relative size among all clusters.

The quantity to show density characteristic is computed
as

density (𝑐) =
𝑐−1

∑
𝑖=1

𝑐

∑
𝑗=𝑖+1

{max (𝐷𝑖, 𝐷𝑗) /min (𝐷𝑖, 𝐷𝑗)}

𝐶2𝑐
, (25)

where 𝐷𝑘 represents the density of 𝑘th cluster and is com-
puted by a division between the number of data vectors and

𝐷𝑘 in the 𝑘th cluster. Clearly, density(𝑐) > 1 for the value of
max(𝐷𝑖, 𝐷𝑗)/min(𝐷𝑖, 𝐷𝑗) is larger than 1. Smaller values of
density(𝑐) show that all clusters have nearly the same number
of data vectors.Thus, values of density(𝑐) can efficiently show
the characteristics of relative density among all clusters.

To begin with a dataset of three clusters, we reconstruct
220 three cluster-contained datasets of different characteris-
tics by changing one quantity and changing a pair of quan-
tities related to the above three characteristics, respectively.
Figures 6(a), 6(c), and 6(e) show three representative datasets
when changing one of the three quantities, respectively. As
these quantities are changed, their determined optimums
of the RS index are shown in Figures 6(b), 6(d), and 6(f).
Figure 6 shows that in a wide sampling range, position(𝑐) ∈

[1, 3], size(𝑐) ∈ [1, 4], and density(𝑐) ∈ [1, 4] each quantity
in itself has little effect on the determined optimum of the
proposed index.

Figures 7(a)–7(c) show the effect of three pairs of com-
bined quantities for the optimums of the RS index. When
position(𝑐) > 3.1 and size(𝑐) > 2.8, the optimum of the RS
index is 0.24; when size(𝑐) > 3.6 and density(𝑐) > 3.8, the one
is 0.26, and for position(𝑐) ∈ [1, 3] and size(𝑐) ∈ [1, 4] the one
is around 0.3. When the above three pairs of combinations
take the other values, the determined number of all clusters
is 5. Thus, the combined quantities of position(𝑐) and size(𝑐)
play a major role in the optimum of the RS index, size(𝑐)
and density(𝑐) play a second important role, and position(𝑐)
and density(𝑐) have no apparent effect on the final optimums.
Please note that position(𝑐) ∈ [1, 3], size(𝑐) ∈ [1, 4], and
density(𝑐) ∈ [1, 4] are very general conditions and are
encountered in most real applications.

In sum, the RS index has the following key characteristics.
The optimum of the RS index can keep unchangeable in a
wide range of various characteristics and thus is robust to
satisfy the general needs in practice. If the number of exciting
electrodes is fixed, this optimum is a constant. The optimum
of the RS index assures the effectiveness and generalization
of the EIT imaging process. The SNR index behaves as the
RS index but they have different motivations and applicable
ranges. The experimental part in this paper will present their
relative sizes and interrelations.

4. Experiments

Two groups of experiments are applied to validate the two
proposed indexes in Comsol simulation and real test, respec-
tively. The spatial resolution of EIT sensitive field is defined
as the total relative error of all pixels in the reconstructed EIT
image and formulated as

𝜉 = (
1

𝐾
)

𝐾

∑
𝑗=1

(𝑔𝑗 − 𝑔∗𝑗 )

𝑔∗
𝑗

, (26)

where 𝑔𝑗 is the reference gray value of the 𝑗th pixel and is
known as a prior or real measuring data. 𝑔∗𝑗 is the gray value
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Figure 6: Effect of various characteristics on the optimum of the RS index. (a), (c), and (e) are six original images, and (b), (d), and (f) are
the curves of the optimums by the index.

of the 𝑗th pixel after an EIT image, 𝑗 = 1, 2, . . . , 𝐾, and 𝜉 is
the average of the total error of all the𝐾 pixels.

The four algorithms, LBP, TR, LW, and FC-EIT, are
applied to the EIT imaging process to test the correctness of
the two proposed indexes.

4.1. Simulation in Comsol Environment. The group of exper-
iments is implemented in Comsol simulation environment
[18]. An EIT system of 16 electrodes is set up. The original
images consist of two, three, four, and five circles with contin-
uously distributedmaterials, respectively, as shown in the first
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Figure 7: Effect of various three pairs of characteristics on the optimum of the RS index. (a), (c), and (e) are six original images, and (b), (d),
and (f) are the curves of the optimums by the RS index.

row in Figure 14. These circles have the same conductivity
and thus should be shown as the same gray degree in any
EIT image, while the background has another gray value.
The ratio of conductivity between the circles and background

is set to 4 : 1. By the adjacent excitation way, the measuring
data are produced. According to (12) and (15), we take the
optimal values of theRS index and the SNR index individually
as 𝑧 = 3.5 and 𝑧 = 3.9. In terms of these roots to all
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Figure 8: Contrast of the reconstructed images after and before adding the optimal root.

measuring data, these circles in these original images are
reconstructed. Figure 14 shows these circles before and after
finding the optimal root to all measuring data. Compared
with the original images, the reconstructed circles based on
the RS index are clear and nearly consistent after rooting
all measuring data. Additionally, the trail traces in an EIT
image can visually evaluate the spatial resolution of the image.
It can be observed that the trail traces in these EIT images
are widely distributed without data preprocessing, and even
some circles are incorrectly connected to the same area.
Particularly, Figure 14 shows that the Landweber algorithm
can distinguish these circles better than the other three
algorithms, and reconstructed images have much smaller
trail traces under a wide range of parameter settings. These
results further demonstrate that the Landweber algorithm
outperforms the other three algorithms in the four groups
of datasets and has much smaller trail traces. In fact, the
average spatial resolution of these images can be raised by
17.5% by finding the optimal root of measuring data. As
compared, when 𝑧 = 3.9, the SNR index can improve
spatial resolution about 12.7% according to (26). Notice that
the Comsol simulation is set without noisy data, and thus
the RS index may give higher improvement than the SNR
index. On the other hand, the highest resolutions of the four
models are 3.4, 3.8, 4.5, and 2.7, respectively. The error of the
optimum is assured by the assumption that the actual data
is directly proportional to the real increment of measuring
data. But it should be noted that the two proposed indexes
have no mathematical basis at present and this can be further
improved.

When the noisy data are added into the measured data,
the spatial resolution of the reconstructed EIT must reduce.
But the proposed method of rooting operation can slightly
be affected and is far away from the optimums about 10%.
Figure 8 shows two reconstructed EIT images before and
after 15% noisy data, where the optimal rooting values are

0.38 and 0.34 for RS and SNR, respectively, while their
theoretical optimal solutions of (13) and (15) are 0.36 and 0.35,
respectively.

4.2. Test on an ECT Field. In the experiment, two movable
glass rods are inserted into a measuring pipe, and the back-
ground material is air, as shown in Figure 9. A 16-electrode
ECT sensor is equipped on a cross-section of the pipe to
excite and obtain the measuring data.Themeasuring process
is repeated 20 times for different positions of the two rods
to form data sequence sampling. There are noisy signals in
this sampling process. Thus, the SNR index is applied to
measuring data preprocessing to decrease the effect of the
noisy signal as much as possible.

Figure 10 shows the measuring data distribution before
and after finding their optimal roots. According to the opti-
mum of the SNR index, the measuring data before finding
the optimal root are irregular and some of them deviate
from the traces of U-shaped curve. Particularly, some meas-
uring data are mixed with each other due to quite small
relative size. Thus, these data may produce trail traces in the
reconstructed EIT images and inevitably decrease the spatial
resolution. Such partial data are caused by the machine noise
in the sampling process besides the “soft-field” effect. Instead,
after finding the optimal root, these measuring data become
regular. Their relative sizes become larger than those before
finding the optimal root.

In terms of these measuring data before and after finding
the optimal root, the LBP algorithm is applied to reconstruct
the two rods, as shown in Figure 11. The two reconstructed
rods after finding the optimal root aremuch clearer and tidier
than before. According to the values of (26), in 20 times of
experiments, the former averagely is 0.35 and the latter is 0.47.
Consequently, the spatial resolutions of these EIT images are
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(a) The measuring equipment (b) The cross-section of the measuring sensor

Figure 9: The measuring equipment and investigated objects.
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Figure 10: Contrast of the measured data after and before finding the optimal root.
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Figure 11: Contrast of the EIT images after and before finding the optimal root.
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Figure 12: Contrast of the reconstructed images after and before finding the optimal root.
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Figure 13: Contrast of the reconstructed images after and before finding the optimal root.

greatly improved based on the SNR index. In addition, the
proposed data preprocessing process hardly needs to be at the
expense of extra runtime since the process to find the optimal
root needs much less runtime than the EIT imaging process
itself.

When the RS index is applied to data preprocessing and
the LBP algorithm is applied to reconstruct the two rods, as
shown in Figure 12, the increment of spatial resolution of the
EIT image from the RS index is not as large as that from the
SNR index. In fact, the values of (26) based on the RS index
are averagely 2.33. Thus, the SNR index is more suitable for
the noisy condition, while theRS index ismore accuratewhen
measuring data conclude little noise or are simulated data.

When the rooting times in the RS index are taken from 0.2 to
0.8, the spatial resolutions of all reconstructed images can be
improved with different extents. Thus, the rooting operation
is a very useful data preprocessing method for the original
measuring data.

When the target objects are located in centric and
boundary areas, respectively, the optimal rooting values have
approximately the same results even though the spatial reso-
lutions in the two areas are very different. But the reformu-
lations of the spatial resolution are very limited for the EIT
images. In the average meaning, the spatial resolution in the
centric area reduces to 60% as much as that in the boundary
area, as shown in Figure 13.
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Figure 14: Test on the effect of finding the optimal root of measuring data. Note. “𝑥” and “𝑥 − 1” are the EIT images before and after rooting
the measuring data, respectively.

5. Conclusion

In this paper, a nonlinear transformation method of opti-
mally rooting all measuring data is proposed to improve
the EIT spatial resolution. The optimal rooting times are
determined by two constructed indexes for measuring data
preprocessing. The rooting operation has the following
advantages.

(1) Easy Operation.The simple rooting operation of measur-
ing data is very easy to be implemented in software and hard-
ware systems. Moreover, various EIT techniques can follow
the same way in practice.

(2) Robustness. The spatial resolution of EIT images can be
improved in a very wide range of the rooting values as well
as their optimums. This characteristic is very suitable for
engineering applications.

(3) Effectiveness.The proposed method has been validated in
four most used EIT imaging algorithms and can hold in most
EIT algorithms.

(4) Different Effects. The SNR index is more suitable under
noisy conditions, while the RS index works better in simu-
lated or hardly free-noisy conditions when applying an EIT
system. Moreover, to our knowledge, so far there is no quan-
tity to measure the characteristics of investigated objects in
various conditions, so these three quantities proposed in this
paper are valuable for further setting a uniform criterion to
compare various imaging processes and different algorithms.

There is a great room to improve the two proposed
indexes.While promising, our immediate next studies will be
as follows.

(1) The use of the sensitive coefficients in the investi-
gated field could generate vectors of more accurate
characteristics to find more effective nonlinear tool
instead of the rooting operation. The use of sensitive

coefficients can provide better spatial resolutions,
which has been demonstrated in the existing ET
image algorithms.

(2) The second study will be concerned with determining
different weighting values for different components
of all vectors. The existing study has shown that the
measured data in different electrode pairs contain
different noise-signal ratios and thus have different
effects on the final EIT imaging results. Consequently,
the use of different weight values to present these
different effects is preferable to enhance the imaging
spatial resolutions.

(3) The third study will be on the use of other nonlin-
ear transformations to measurable data besides the
rooting operation. Various nonlinear transformation
techniques have been developed for decades, and
various research ways and achievements are rich and
efficient.
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We introduce a new motor parameter imagery paradigm using clench speed and clench force motor imagery.The time-frequency-
phase features are extracted from mu rhythm and beta rhythms, and the features are optimized using three process methods:
no-scaled feature using “MIFS” feature selection criterion, scaled feature using “MIFS” feature selection criterion, and scaled
feature using “mRMR” feature selection criterion. Support vector machines (SVMs) and extreme learning machines (ELMs) are
compared for classification between clench speed and clench force motor imagery using the optimized feature. Our results show
that no significant difference in the classification rate between SVMs and ELMs is found. The scaled feature combinations can get
higher classification accuracy than the no-scaled feature combinations at significant level of 0.01, and the “mRMR” feature selection
criterion can get higher classification rate than the “MIFS” feature selection criterion at significant level of 0.01.The time-frequency-
phase feature can improve the classification rate by about 20%more than the time-frequency feature, and the best classification rate
between clench speedmotor imagery and clench forcemotor imagery is 92%. In conclusion, themotor parameter imagery paradigm
has the potential to increase the direct control commands for BCI control and the time-frequency-phase feature has the ability to
improve BCI classification accuracy.

1. Introduction

Brain computer interface (BCI) is an emerging technology in
the last decades due to its ability to enable people to control
devices using thought directly, such as computer cursors,
robotic limbs, and prosthetic devices [1–3]. Furthermore,
researchers have shown that the brain-to-brain interface
(BBI) makes it possible for a human volunteer to control a
rat’s tail movement according to his/her intention [4].

Many cognitive tasks can modulate brain activities, such
asmotor imagery, mental calculation, andmental singing [5].
Brain activities caused by external stimulations can also be
used for BCI, including steady state visual evoked potentials

(SSVEP) [6] and P300 [7]. Among these approaches, motor
imagery is widely used due to its convenience and no external
stimulations [8]. Studies have shown that motor imagery
presents similar brain activities as real movement [9].

The modulated brain signals for BCI control can be
acquired by both invasive and noninvasive methods [10].The
mostly used noninvasive brain signal is electroencephalog-
raphy (EEG) due to its high sampling frequency and low
cost. The functional near-infrared spectroscopy (fNIRS) is
another noninvasive approach to acquire cognitive related
brain signals [11]. Also, EEG can be acquired with fNIRS
simultaneously to obtain enhanced performance because
the two approaches acquire cognitive related brain signals
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through both electrophysiology and hemodynamic aspect
[12].

Before being used to control a device, the brain signals
must be decoded first [13, 14]. Most researchers use time,
spatial, and frequency features for mental decoding [15–
19], but little attention is focused on phase feature. Lachaux
et al. researched phase synchrony in brain signals using
a statistical measure of phase locking value (PLV) for the
first time in 1999 [20]. Gysels and Celka investigated phase
synchronization for recognition of mental tasks for BCI in
2004, and their results showed that phase feature is useful for
spontaneous EEG classification during mental tasks [21]. Li
and Zhang compared PLVwith phase interval value (PIV) for
classification of motor imagery for BCI applications in 2009
and found that PIV performed better than PLV [22]. Some
researchers also apply empiricalmode decomposition (EMD)
and multivariate extensions of empirical mode decompo-
sition (MEMD) to obtain phase information for BCI and
get good results [23]. However, MEMD is time consuming
in situations of large channel number and high sampling
frequency.

In this paper, we investigate the classification accuracy of
different combinations of time-frequency feature and time-
frequency-phase feature for motor parameter imagery classi-
fication using support vector machines (SVMs) and extreme
learning machines (ELMs). Two feature selection criteria
are also compared in the paper: the mutual information
feature selection (MIFS) criterion and the max-relevance
min-redundancy (mRMR) criterion. The Hilbert transform
is applied on the mu and beta band EEG signal to get
instantaneous phase (IP), as well as instantaneous amplitude
(IA) and instantaneous frequency (IF). The band power
(BP) feature is compared with these three features and their
combinations. Our results show that IP performs best at
a classification accuracy of 0.83 when used independently
among these four feature types. The classification rate can
be improved to 0.92 when the four feature types are used
simultaneously. The performances of SVMs and ELMs are
similar to each other, and the “mRMR” feature selection
criterion performs better than the “MIFS” criterion.

The paper is constructed as follows. In Section 2, we
will describe the experiment design in this research. Then,
the data analysis methods are presented in Section 3. The
results of data analysis are presented in Section 4. Finally,
we will discuss the results of this research and make some
conclusions in Section 5.

2. Experiment Design

2.1. Experiment Paradigm. Traditional BCI paradigms use
motor imagery of different limbs to modulate brain signals
and can generally obtain at most 4 or 5 direct control
commands [24, 25]. In our research, we adopt the motor
parameters imagery paradigm (Figure 1). Three levels of
clench speed motor imagery of the right hand and three
levels of clench force motor imagery of the right hand are
used in the experiment. Subjects exercise right hand clench
movement at the speeds of 0.5Hz, 1Hz, and 2Hz according
to a metronome. The maximum clench force (MF) of every

Base time Cue Task Rest

Time (s)
−12 −2 0 10 20∼22

Figure 1: The experiment paradigm used in the research.

subject is measured, and then subjects practice to clench their
right hand at the levels of 20%, 50%, and 80%MF. During the
experiment, subjects are required to recall the feeling of real
movements. In this paper, we only investigate the possibility
of discrimination of clench speedmotor imagery from clench
force motor imagery. The reason for using three levels for
clench speed and clench force motor imagery is to eliminate
the effects of different task intensities. The advantage of
our paradigm is the potential ability to provide more direct
control commands for BCI applications.

We acquired EEG and fNIRS signals simultaneously. The
analysis results of fNIRS signal have been presented in paper
[26], and, in this paper, we only analyze the EEG signals.
The analysis of enhanced BCI performance of EEG-fNIRS
combined feature will be discussed in the future.

Taken into the consideration of time lag in fNIRS
response to motor imagery [27], the duration of a single
trial is much longer than traditional EEG paradigms. In our
experiment, a single trial comprises four parts: 10-second
base line period, 2-second cue period, 10-second task period,
and 10∼12-second rest period. Subjects are told not to blink
their eyes during the motor imagery period. Every subject
takes part in 3 sessions, and each session consists of 60 trials.
To avoid subject fatigue, the trial number in a session is much
less than traditional EEG paradigms. So we adopt the 5-fold
cross-validation approach to reduce the effects of small trial
number.

Six right handed healthy subjects (three males and three
females, average age: 26.8 years) participate in the exper-
iment. Three of them are trained three times before the
experiment, and the others take part in no training course.
All the subjects give written informed consent to participate
in the experiment. Also, the experiment is approved by the
Ethical Committee of the Shenyang Institute of Automation
(SIA), Chinese Academy of Sciences (CAS).

2.2. Data Acquisition. 21 Ag/AgCl electrodes above the pri-
mary motor cortex and the supplementary motor cortex are
used in the experiment, as shown in Figure 2. A1 is used as
the reference, and Fpz is used as the ground. Neuroscan
synamps2 is used to acquire EEG signals from all the channels
at a sampling frequency of 1000Hz.The electrode impedance
is reduced to 5K Ohms before the experiment. The Elec-
trooculogram (EOG) is also recorded to ensure that no EOG
artifacts exist during the motor imagery task period.

3. Data Analysis Methods

The original EEG data are low-passed at a cutoff frequency
of 125Hz and then down sampled to 250Hz to decrease the
computation cost. Then, the frequencies from 5Hz to 45Hz
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Fpz

FC5 FC3 FC1 FCz FC2 FC4 FC6

C5 C3 C1 Cz C2 C4 C6A1 A2

CP3 CP1 CPz CP2 CP4 CP6CP5

Figure 2: The electrodes used in the experiment.

are extracted for the following analysis. To improve the spatial
resolution of the EEGdata, a small Laplacian filter [28] is used
as in

𝑉
Lap
𝑗

= 𝑉𝑗 −
1

𝑁
∑
𝑘∈𝑆
𝑗

𝑉𝑘, (1)

where𝑉𝑗 is the 𝑗th channel, 𝑆𝑗 is the surrounding channel set
of 𝑉𝑗,𝑁 is the size of 𝑆𝑗, and 𝑉𝑘 is the 𝑘th channel in 𝑆𝑗.

As former researches show that mu rhythm and beta
rhythm are effective for BCI control, the signals of 8–12Hz
and 18–25Hz are extracted, respectively, for further analysis
[29].

3.1. Hilbert Transform. Two methods can be used to get the
phase information of a signal. The first one is the Hilbert
transform method, and the other one is the complex wavelet
convolution method [20]. Researches show that the results of
the two methods are comparable [30]. We adopt the Hilbert
transform method in the research.

The Hilbert transform of a signal 𝑥(𝑡) can be gotten by
convolution with the function ℎ(𝑡) = 1/𝜋𝑡,

𝑦 (𝑡) = 𝑃∫
∞

−∞

𝑥 (𝜏) ℎ (𝑡 − 𝜏) 𝑑𝜏 =
1

𝜋
𝑃∫
∞

−∞

𝑥 (𝜏)

𝑡 − 𝜏
𝑑𝜏, (2)

where 𝑃 is the Cauchy principal value. The analytic signal of
𝑥(𝑡) can be gotten by (2). Consider

𝑧 (𝑡) = 𝑥 (𝑡) + 𝑖𝑦 (𝑡) = 𝐴 (𝑡) 𝑒
𝑖𝜃(𝑡)

, (3)

where 𝑖 is the imaginary unit, 𝐴(𝑡) = sqrt(𝑥(𝑡)2 + 𝑦(𝑡)
2
) is

the instantaneous amplitude (IA), and 𝜃(𝑡) = arctan𝑦(𝑡)/𝑥(𝑡)

is the instantaneous phase (IP). The value range of 𝜃(𝑡) is
[−𝜋 𝜋]. The instantaneous frequency (IF) can be gotten
by 𝑤(𝑡) = 𝑑𝜃(𝑡)/𝑑(𝑡). To get the correct instantaneous
frequency, 𝜃(𝑡) must be unwrapped by adding multiples of
±2𝜋 when absolute jumps of more than 𝜋 happen between
consecutive elements.

3.2. Feature Extraction. Four feature types are researched in
the paper: the power, the instantaneous amplitude (IA), the
instantaneous phase (IP), and the instantaneous frequency
(IF). The latter three features can be gotten from Hilbert
transform.

To decrease the feature dimensions and improve the
classification stability, the original features are averaged using
an 0.5 s moving window with the step width of 0.125 s. Four
window length and stepwidth combinations are tested (0.5 s–
0.125 s, 0.5 s–0.2 s, 1 s–0.125 s, and 1 s–0.2 s), and we find that
the 0.5 s–0.125 s combination performs the best of all. The
0.5 swindow length is reasonable taken into the consideration
of the varied nature of EEG signals, and the 0.125 s step
width is enough for fluent BCI device control. The averaged
feature points between the time range of [−0.5 0.5] of all the
channels are combined into a vector, and the different feature
vector types are normalized and merged into a single vector
according to the feature type combination situations.

In our research, we compared four different feature types
and four different feature combination types.The four combi-
nation types are power-phase combination, amplitude-phase
combination, amplitude-phase-frequency combination, and
power-amplitude-phase-frequency combination.

3.3. Normalization. Due to the value range of the four feature
types differing significantly from each other, normalization
is essential to eliminate the degradation of the classifier
performance and get better classification accuracy using the
merged feature. In our paper, the feature vector of different
types is normalized to the range [−1 1] using (4), and the
normalized feature vectors are merged into a single vector for
the following feature optimization and classification:

Featurenorm = (
Feature −min (Feature)

max (Feature) −min (Feature)
− 0.5) × 2.

(4)

3.4. Feature Optimization. The original feature space may
contain much redundant information, which may reduce the
classification accuracy significantly. Feature optimization is
the key to improve the discriminative performance of a
classifier. Principle component analysis (PCA) is one type of
feature optimization techniques that project the original
feature space to another one [31]. The disadvantage of PCA
is that the converted feature space is hard to understand.
Feature selection is another type of feature optimization
methods. This method selects a subset of features from the
original feature space according to some criteria. Depending
on whether the classifier is included in the selection process,
feature selection methods can be grouped into “wrapper”
methods and “filter” methods [32]. Generally speaking, the
“wrapper”methods take the classifier’s classification accuracy
as the feature selection criterion, thus getting better classi-
fication rate. However, its generalization ability is poor and
its computational burden is much harder. In our research,
we choose the “filter” method and compare two information
based feature selection criteria: the mutual information fea-
ture selection (MIFS) criterion [33] and the max-relevance
min-redundancy (mRMR) feature selection criterion [34].
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The MIFS criterion uses the following equation to score
the potentially usefulness of a feature or feature subset:

𝐽MIFS (𝑋𝑘) = 𝐼 (𝑋𝑘; 𝑌) − 𝛽 ∑
𝑋
𝑗
∈𝑆

𝐼 (𝑋𝑘; 𝑋𝑗) , (5)

where 𝐼(𝑋𝑘; 𝑌) is the mutual information [35] between
feature 𝑋𝑘 and class label 𝑌, which is used to ensure feature
relevance; 𝐼(𝑋𝑘; 𝑋𝑗) is the mutual information between
feature 𝑋𝑘 and features already selected in the currently
selected feature set 𝑆, which is used as a penalty to enforce
low correlations.The value of𝛽depends on the independence
level between 𝑋𝑘 and 𝑋𝑗. A zero value means a full belief
of the independence relations, and a one value means a full
belief of the dependence relations.

ThemRMR criterion uses the following equation to score
the potentially usefulness of a feature or feature subset:

𝐽mRMR (𝑋𝑘) = 𝐼 (𝑋𝑘; 𝑌) −
1

|𝑆|
∑
𝑋
𝑗
∈𝑆

𝐼 (𝑋𝑘; 𝑋𝑗) . (6)

The difference between MIFS criterion and mRMR criterion
is that the 𝛽 value of MIFS is set by experience, while the 𝛽

value of mRMR is set inversely proportional to the size of
the current feature set. The comparison between MIFS and
mRMR can be found in [32, 36].

3.5. Support Vector Machines. Support vector machines
(SVMs) have been used in the classification applications
extensively due to their surprising classification ability [37].
Although it is originally proposed for binary classification,
it can also be applied in multiclass classification problems
through approaches of one-against-all (OAA) and one-
against-one (OAO)methods [38]. SVMs can also be extended
to solve regression problems by the introduction of the
epsilon-insensitive loss function [39, 40]. By mapping the
input samples (vectors) into a higher dimensional feature
space using a kernel function [41] and by selecting the
samples (the support vectors) that can produce the largest
margin between two classes, SVMs demonstrate amazing
results for both linear classification problems and nonlinear
classification problems.

The decision function of SVMs has the following form:

𝑓 (𝑥) = sign(

𝑁

∑
𝑖=1

𝑤𝑖𝑡𝑖𝜙 (𝑥, 𝑥𝑖) + 𝑏) , (7)

where 𝑥𝑖 is the training sample, 𝑡𝑖 is the sample’s target
class label, 𝑤𝑖 is the weight vector used as a normal vector
to determine the classification hyperplane, 𝑏 is a bias to
adjust the location of the hyperplane for better classification
results, and 𝜙(𝑥, 𝑥𝑖) is the kernel function to map the sample
into higher feature space. In our research, the linear kernel
𝐾(𝑥𝑖, 𝑥𝑗) = 𝑥𝑇𝑖 𝑥𝑗 is used because it requires less parameters
to optimize and can achievemuch higher classification results
compared with other kernels when their parameters are not
optimized.

The distance between two different classes in the feature
space is 1/‖𝑤‖, so SVMs determine the classifier parameters
by solving the following optimization problem:

min
𝑤,𝑏,𝜉

1

2
𝑤
𝑇
𝑤 + 𝐶

𝑁

∑
𝑖=1

𝜉𝑖

subject to 𝑦𝑖 (𝑤
𝑇
𝜙 (𝑥, 𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖

𝜉𝑖 ≥ 0, 𝑖 = 1, . . . , 𝑁,

(8)

where 𝜉𝑖 is the training error and 𝐶 is a user-defined constant
parameter used to provide a tradeoff between the separating
margin and the training error.The optimization problem can
be solved by Lagrange methods [37].

3.6. Extreme LearningMachines. Extreme learning machines
(ELMs) are types of single-hidden layer feedforward neural
networks (SLFNs) [42], which can be used for both regression
and multiclass classification [43]. Unlike other feedforward
neural networks that use gradient-based learning algorithms
to tune all the network parameters iteratively, ELMs choose
the inputweights randomly anddetermine the outputweights
of SLFNs using an analytical approach. The advantages of
ELMs contain extremely fast learning speed, the smallest
training error, and better generalization performance. Huang
et al. have rigorously proved that the input weights and
hidden layer biases of SLFNs with infinitely differentiable
activation functions can be randomly assigned [44].

For a training set ℵ = {(𝑥𝑖, 𝑡𝑖) | 𝑥𝑖 ∈ 𝑅𝑛, 𝑡𝑖 ∈ 𝑅𝑚, 𝑖 =

1, . . . , 𝑁}, standard SLFNs with activation function 𝑔(𝑥) and
a hidden node number𝑁 are mathematically modeled as

𝑁

∑
𝑖=1

𝛽𝑖𝑔𝑖 (𝑥𝑗) =

𝑁

∑
𝑖=1

𝛽𝑖𝑔 (𝑤𝑖 ⋅ 𝑥𝑗 + 𝑏𝑖) = 𝑡𝑗 𝑗 = 1, . . . , 𝑁,

(9)

where 𝑤𝑖 is the input weight vector that connects the input
nodes and the 𝑖th hidden node, 𝛽𝑖 is the output weight vector
that connects the 𝑖th hidden node and the output nodes, and
𝑏𝑖 is the bias of the 𝑖th hidden node.

Equation (9) can be written in a compact format as

𝐻𝛽 = 𝑇, (10)

where

𝐻 =
[
[
[

[

𝑔(𝑤1 ⋅ 𝑥1 + 𝑏1) ⋅ ⋅ ⋅ 𝑔(𝑤1 ⋅ 𝑥1 + 𝑏𝑁)
... ⋅ ⋅ ⋅

...

𝑔(𝑤1 ⋅ 𝑥𝑁 + 𝑏1)
... 𝑔(𝑤𝑁 ⋅ 𝑥𝑁 + 𝑏𝑁)

]
]
]

]𝑁×𝑁

,

𝛽 =
[
[

[

𝛽𝑇1
...

𝛽𝑇
𝑁

]
]

]𝑁×𝑚

, 𝑇 =
[
[

[

𝑡𝑇1
...
𝑡𝑇
𝑁

]
]

]𝑁×𝑚

.

(11)
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Figure 3:The topography of four different mu feature types of a subject session.Themean feature value during [0 0.5] period is used for the
plot. (a) The topography of power. (b) The topography of the instantaneous amplitude (IA). (c) The topography of the instantaneous phase
(IP). (d) The topography of the instantaneous frequency (IF).

When the input weight 𝑤𝑖 and the bias 𝑏𝑖 are given, the
hidden layer output matrix 𝐻 can be calculated, and then
the output weight 𝛽 can be calculated using the following
equation:

𝛽 = 𝐻
†
𝑇, (12)

where𝐻† is theMoore-Penrose generalized inverse of matrix
𝐻 [45].

3.7. Common Spatial Patterns. To validate the advantage of
our method, we also classify clench speed and clench force
motor imageries using the method of common spatial pat-
terns (CSP). CSP is first applied to discriminate movement-
related patterns by Müller-Gerking et al. in 1999 [46], and it
has become a very popular method with many variants for
motor imagery classification [47–49]. This method performs
a weighting of the electrodes to maximize the difference
between two different motor tasks, and the channel variance
of the filtered signal is used for the classification in the
following steps. The details of the algorithm can be found in
[18].

In our research, the original EEG data are down sampled
to 250Hzfirst and then filtered in an 8–30Hz band.NoLapla-
cian filter is used to avoid zero eigenvalue when calculating
the CSP model. Only two most important CSP patterns are
used to get channel variance features; then SVMs and ELMs
are used to classify these features, respectively.

4. Results

The topographies of the four different feature types are shown
in Figure 3. While topographies of power feature and IA
feature show little difference between clench force motor
imagery and clench speed motor imagery, the topographies
of IP and IF feature show significant difference between
the two motor imagery tasks, which means that phase
feature and its derivative contain some different information
compared to the amplitude feature and power feature for
motor parameters imagery.

The classification results of SVMs and ELMs using three
different feature extraction methods (no-scaled with MIFS
feature selection criterion, scaled withMIFS feature selection
criterion, and scaled with mRMR feature selection criterion)
and eight different feature types/combinations are shown
in Table 1 and Figure 5. No significant difference between
the classification rates between SVMs and ELMs for all the
conditions can be found at the confidence level of 0.01 using
𝑡-test.

Generally speaking, the scaled features have higher classi-
fication accuracy than the no-scaled features, and the mRMR
feature selection criterion has higher classification accuracy
than theMIFS feature selection criterion, as shown in Figures
4 and 6 and Tables 2 and 3. The feature numbers selected in
the best feature subset using MIFS and mRMR are 64 ± 83

and 114 ± 74 for SVMs and 115 ± 66 and 107 ± 102 for
ELMs. The classification accuracy of power feature and IA
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Table 1: The classification results using different feature processing methods and different feature types.

Power IA IP IF Power-IP IA-IP IA-IP-IF Power-IA-IP-IF
No-scaled-MIFS

ELMs 0.69 ± 0.02 0.71 ± 0.04 0.78 ± 0.03 0.71 ± 0.03 0.71 ± 0.02 0.74 ± 0.05 0.74 ± 0.03 0.69 ± 0.02

SVMs 0.69 ± 0.02 0.71 ± 0.04 0.78 ± 0.03 0.69 ± 0.06 0.71 ± 0.02 0.73 ± 0.04 0.74 ± 0.04 0.70 ± 0.01

Scaled-MIFS
ELMs 0.71 ± 0.03 0.71 ± 0.03 0.77 ± 0.04 0.76 ± 0.03 0.78 ± 0.03 0.79 ± 0.03 0.82 ± 0.03 0.82 ± 0.03

SVMs 0.72 ± 0.04 0.71 ± 0.03 0.77 ± 0.03 0.76 ± 0.03 0.77 ± 0.03 0.79 ± 0.03 0.80 ± 0.02 0.80 ± 0.03

Scaled-mRMR
ELMs 0.69 ± 0.04 0.71 ± 0.03 0.83 ± 0.03 0.80 ± 0.04 0.85 ± 0.02 0.85 ± 0.03 0.90 ± 0.03 0.91 ± 0.03

SVMs 0.72 ± 0.04 0.72 ± 0.04 0.83 ± 0.03 0.82 ± 0.03 0.85 ± 0.04 0.86 ± 0.03 0.91 ± 0.03 0.92 ± 0.02

Table 2: The 𝑡-test comparison between different feature processing methods using ELMs (the confidence level is 0.01).

Conditions Power IA IP IF Power-IP IA-IP IA-IP-IF Power-IA-IP-IF
No-scale-MIFS < scale-MIFS 0 0 0 0 1 0 1 1
Scale-MIFS < scale-mRMR 0 0 1 0 1 1 1 1
No-scale-MIFS < scale-mRMR 0 0 1 1 1 1 1 1

Table 3: The 𝑡-test comparison between different feature processing methods using SVMs (the confidence level is 0.01).

Conditions Power IA IP IF Power-IP IA-IP IA-IP-IF Power-IA-IP-IF
No-scale-MIFS < scale-MIFS 0 0 0 0 1 0 1 1
Scale-MIFS < scale-mRMR 0 0 1 1 1 1 1 1
No-scale-MIFS < scale-mRMR 0 0 1 1 1 1 1 1
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Figure 4: The comparison of classification accuracy using different feature selection criteria. (a) The classification accuracy using a different
number of features selected by MIFS feature selection criterion. (b) The classification accuracy using a different number of features selected
by mRMR feature selection criterion.
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Figure 5: Comparison between the classification results between ELMs and SVMs. (a) Using the original feature and MIFS feature selection
criterion. (b) Using the scaled feature andMIFS feature selection criterion. (c) Using the scaled feature andmRMR feature selection criterion.

feature shows no significant difference. For the results using
mRMR feature selection criterion and SVMs classifier, the IP
feature and IF feature both have higher classification accuracy
than power and IA feature at the confidence level of 0.01;
both “IA-IP-IF” and “power-IA-IP-IF” feature combinations
have higher classification accuracy than the other 6 features
or feature combinations at a confidence level of 0.01. No
significant difference between these two combinations is
found.

The best classification rate between clench speed motor
imagery and clench force motor imagery is 92% when
“power-IA-IP-IF” combination feature and SVMs classifier
are used. For comparison, the classification accuracies using
CSP are 0.73 ± 0.03 and 0.75 ± 0.03 using ELMs and SVMs,

respectively. This result demonstrates not only that using
motor parameters imagery for BCI applications is possible
but also that the time-frequency-phase method outperforms
traditional CSP method.

5. Discussions and Conclusions

In this paper, we present the usefulness of phase information
for BCI applications, which has been researched by few
researchers before.We also demonstrate a newmotor param-
eter imagery paradigmusing clench speed and clench force as
imagery tasks, and the results show that this paradigmhas the
potential ability to providemore direct control commands for
BCI systems.
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Figure 6: The comparison of three different feature extraction methods: the first one is no-scaled feature chosen by MIFS feature selection
criterion; the second one is scaled feature chosen by MIFS feature selection criterion; the last one is scale feature chosen by mRMR feature
selection criterion. (a) The comparison using ELMs. (b) The comparison using SVMs.

Two popular classification methods are compared in
the paper using 5-fold cross validation, and no significant
difference in the results is found between them. We only use
the linear kernel for SVMs in this paper, and other kernels
with parameter optimizationmay get better results. However,
both kernel mapping and parameter optimization process
require much computation cost. On the other hand, ELMs
calculation is much simpler and faster, and no optimization
process is needed, which is convenient for more applications.

We compare four different feature types (power, instanta-
neous amplitude [IA], instantaneous phase [IP], and instanta-
neous frequency [IF]) and four different feature combinations
(power-IP, IA-IP, IA-IP-IF, and power-IA-IP-IF). The IA, IP,
and IF features are calculated by Hilbert transform. We
should notice that the IF feature is the derivative of the IP
feature.

Three feature optimization processes are compared in
this research: no-scaled feature using MIFS feature selec-
tion criterion, scaled feature using MIFS feature selection
criterion, and scaled feature using mRMR feature selection
criterion. Generally speaking, scaled feature combinations
have higher classification accuracy than no-scaled feature
combinations at a significant level of 0.01, which means that
normalization is essential whenmerging two ormore features
together. The comparison of classification accuracy between
MIFS feature selection criterion andmRMR feature selection
criterion in Figure 4 demonstrates that the original feature
space contains much redundant and irrelevant information
for classification, and the mRMR criterion can choose the
best feature subset more efficiently. The comparison of these
two feature selection criteria can also be found in [32,
36]. The numbers selected in the best feature subset vary

between different subjects and different sessions due to
the variability of EEG signals, which means that the best
feature indices should be adjusted every time for online
applications.

When the four feature types are used independently, the
IP feature and the IF feature both have higher classification
accuracy than the power feature and the IA feature, but no
significant difference is found between the results of IP and IF
feature. When features are used in combinations, “IA-IP-IF”
and “power-IA-IP-IF” feature combinations get the highest
classification rate compared to the other 6 features/feature
combinations. No significant difference is found between
these two feature combinations, which means that the “IA-
IP-IF” feature combination is enough for BCI applications.

In our research, all the features are extracted during
the time range of [−0.5 0.5], so our feature space contains
feature of time domain. The four feature types are extracted
from the mu rhythm and the beta rhythm, so the feature
space contains feature of frequency domain. The IP feature
and the IF feature are phase domain. So the “IA-IP-IF” and
“power-IA-IP-IF” feature combinations are features of time-
frequency-phase domain. Our results show that the usage of
time-frequency-phase feature can improve the classification
accuracy by about 20% and 15% compared to the time-
frequency feature and the CSP method, respectively, which is
very useful for improvingBCI accuracy. Amplitude andphase
are two important characteristics to describe a signal pre-
cisely. So, the time-frequency-phase feature can extract more
information embedded in the motor imagery related EEG
signals than the time-frequency features. Also, our results
show that the classification between clench speed motor
imagery and clench force motor imagery is possible, and
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the motor parameters imagery paradigm has the potential to
increase the direct control commands for BCI applications.

In the future, we will analyze the EEG feature and the
fNIRS feature simultaneously and investigate whether the
multimodality method can improve the classification accu-
racy for BCI systems.
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This study proposes multiple-site hemodynamic analysis of Doppler ultrasound with an adaptive color relation classifier for
arteriovenous access occlusion evaluation in routine examinations. The hemodynamic analysis is used to express the properties
of blood flow through a vital access or a tube, using dimensionless numbers. An acoustic measurement is carried out to detect
the peak-systolic and peak-diastolic velocities of blood flow from the arterial anastomosis sites (A) to the venous anastomosis
sites (V). The ratio of the supracritical Reynolds (Resupra) number and the resistive (Res) index quantitates the degrees of stenosis
(DOS) at multiple measurement sites.Then, an adaptive color relation classifier is designed as a nonlinear estimate model to survey
the occlusion level in monthly examinations. For 30 long-term follow-up patients, the experimental results show the proposed
screening model efficiently evaluates access occlusion.

1. Introduction

Chronic renal failure is an irreversible and progressive dis-
ease. In Taiwan, more than 70 thousand people need to
receive hemodialysis treatment and this number is increas-
ing year by year. Arteriovenous access, such as Brescia-
Cimino arteriovenous fistulas (AVFs) or polytetrafluoroethy-
lene grafts (AVGs), is a vital access for hemodialysis therapy.
Maintenance of proper function of intragraft blood flow
(IBF), <600mL/min for AVF and <400–500mL/min for
AVG, is the most important issue for end-stage renal disease
patients. Due to repeated puncturing of this access every
two days or long-term use, access occlusion and failures
are caused by inadequate arterial inflow or venous outflow
occlusion.This causes thrombosis, resulting in intimal hyper-
plasia, chronic fibrin, cellular deposits, and aneurysm [1, 2].
Narrowing of the interior of the access increases the stress on

the vascular wall and produces vibration, turbulent flow, and
high-pressure pulsatile flow.

For early detection and homecare applications, previous
studies have shown that the occlusion produces audible vas-
cular murmurs, resulting in increased new high-frequency
components in the power spectra [3–7]. Stethoscope aus-
cultation provides a noninvasive diagnostic technique to
detect high-pitch murmurs with existing access occlusion.
However, vascular murmurs are regarded as random and
stochastic signals and are difficult to detect in the time
domain. Frequency domain and time-frequency techniques,
such as the maximum entropy method (MEM) [4, 5], Burg
autoregressive method [6, 7], and Fourier transform (FT)
wavelet transform (WT) [6–10], are used to extract the
specific frequencies and the magnitude of the characteristic
frequencies. Then, the decision-making diagnosis systems
with artificial neural networks, support vector machines, and
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fuzzy petri nets are carried out to perform the classification
tasks. However, phonography techniques are affected by the
measurement sites, the sizes of the sampling window, and
the parametric mathematical models for phonoangiography
(PCG) signal analysis. In addition, Doppler sonography,
intravascular ultrasound image, colour duplex ultrasound,
and X-ray angiography [11–13] are also used to detect the
occlusion in these vascular accesses in clinical examinations.
Stationary instruments provide reliable techniques and high
accuracy in clinical environments. However, they need to
appreciate the operational principles and require extra learn-
ing due to the limitations of the patients themselves.

The ultrasound flowmeter is also a reliable and highly
accurate technique and provides a good resolution in detect-
ing blood properties [14–16]. However, the Doppler power
and velocity across an access under a pulsatile blood flow and
the ultrasonic backscattering signal from pulsatile flowing
blood are affected by the shear rate, as well as the acceleration
of the flow velocity and the turbulences. To improve ultra-
sonic signal quality and the SNR at a specific depth, Doppler
ultrasound with a bipolar pulse drive can achieve the best
resolutions in high- and low-frequency ranges of 20MHz to
50MHz and 8MHz to 20MHz, respectively, which is enough
to characterize the properties of the blood flow through
surface and deep vessels. It is well developed, compact, fast,
and free of irradiation [15–17]. The purpose of this study is
to use the Doppler ultrasound device for measuring blood
flow, such as peak-systolic velocity, peak-diastolic velocity,
end-diastolic velocity, and heart rate. Then the dimension-
less numbers, supracritical Reynolds (Resupra) number and
resistive index (Res), are computed using flow velocities
and the quantitative degrees are applied to screen the DOS.
Color relational analysis (CRA) [18], as a classifier, performs
the recognition task for assessment of arteriovenous access
occlusion, using a hue-saturation-value color model [19]. It
has a flexible pattern mechanism with add-in and delete-off
training data and does not demand strict statistical methods
and inference rules in real time screening applications [18].
An adaptive modeling system with an adjusting recognition
coefficient to enhance the patency rate using a particle swarm
optimization (PSO) algorithm was utilized to increase the
accuracy [20, 21]. For 30 follow-up patients, the results show
the proposed screening system is more efficient for occlusion
evaluation.

The rest of this paper is organized as follows: Section 2
addresses themeasurement technological support and exper-
imental setup, and Section 3 describes the adaptive color rela-
tion classifier. In Sections 4 and 5, experimental results and
conclusion are provided and the efficiency of the proposed
screening method is demonstrated.

2. Measurement Technological Support and
Experimental Setup

2.1. Doppler Ultrasound Measurement. In clinical examina-
tions, auscultation and ultrasound examinations are used
to detect the arteriovenous shunt (AVS) occlusion. Ultra-
sound examinations, such as Doppler ultrasound imaging,

intravascular ultrasound imaging, and ultrasound flowmeter
[22, 23], are reliable and highly accurate clinical techniques.
It can operate in A-scan and B-scan instrument, using low-
frequency and high-frequency sound waves, which can be
processed to create quantitative images formarking the vessel
axis and diameter of the 2D ultrasound image [24, 25], and
also provides a good resolution in detecting blood properties,
such as flow velocities, aggregation, and coagulation [14–
16], as shown in Figure 1. In a follow-up examination, it
can also be used to determine whether an abnormality is
stable or a treatment is working. Among these, the ultrasound
flowmeter is noninvasive, well developed, compact, and
free of irradiation measurement technique. The purpose
of this study is to use the Doppler ultrasound device for
measurements of physiologic blood flow in AVS access, such
as Doppler ultrasound velocity flow, peak-systolic velocity,
peak-diastolic velocity, end-diastolic velocity, and heart rate.

Figure 1 shows the Doppler angles correct with flow
velocities that can be estimated from the Doppler shift. The
maximum frequency, 𝑓max, and mode frequency of Doppler
spectra are less changed along with the change in the sample
volume lengthwhen setting the sample volumeposition at the
center of the blood vessel.The flow velocity within the sample
volume is measured as [26]

𝑉 =
𝑓𝑑𝑐

2𝑓0 cos 𝜃
, (1)

where 𝑐 is the speed of sound in the blood, the nominal
velocity of ultrasound in tissue is approximately 1540m/sec,
𝑓𝑑 is the Doppler shift frequency, 𝑓0 is the center frequency
of transmitted ultrasound, and 𝜃 is the Doppler angle, 50∼80
degrees, between the acoustic beam and blood flow.

In a narrowed access, turbulence occurswhen blood flows
through a stenosis cross-sectional area, increasing blood vis-
cosity and flow resistance. In previous studies [27], Doppler
shift usually encounters a velocity range of 0.10m/sec∼

1.40m/sec in clinical measurement and represents a fre-
quency shift depending on the transducer frequency. The
single transducer was excited by a pulse repetition frequency
(PRF) using bipolar pulses [25, 27], as shown in Figure 2.
Then, a 12 bit high-resolution digitizer with 200MHz sam-
pling frequency was used to record backscattering and orig-
inal signals by PRF trigger synchronize control with FPGA
control (DE2-70, Altera, San Jose, CA, USA). It has good
resolution within a focusing zone of 10.0mm × 10.0mm
and attenuation from 25.0 dB to 20.0 dB. Thus, the Doppler
frequency shift can be calculated by those two signals in
an embedded system. One advantage of the bipolar pulses
designwith FPGA control is that it drives a higher voltage and
shorter pulse width than the traditional ultrasound system.
Those features can provide better SNR of the signal and are
suitable to detect blood changes in a hemodialysis access with
the bipolar pulse control in the ranges of 7.5MHz to 10MHz.
The bipolar pulse design is also a low-cost design that can be
assembled easily into a handheld system.

2.2. Hemodynamic Analysis. A flow with periodic variations
is a so-called pulsatile flow in small blood vessels or large
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Figure 1: (a) Arteriovenous shunt and itsmeasurement sites, (b)Doppler ultrasoundmeasurements for ultrasound images and flow velocities.

arteries. In physical phenomena, the characteristics of the
Doppler ultrasound velocity flow (DUFV) waveform can be
used to analyze the pressure and propagation velocity of the
physiologic conditions of the blood flow. According to the
influence of dimensionless numbers, such as the Reynolds
(Re) number, Womersley (𝛼) number, and Strouhal (St)
number, they can be quantified to describe the instability flow
field, pulsatile flow, and oscillating flowmechanisms.They are
defined as follows [28–31].

(i) Reynolds (Re) number is the ratio of inertial forces/
viscous forces. Turbulent flow will occur at a high
Reynolds numbers and is dominated by inertial
forces, which tend to produce chaotic eddies, vortices,
and instability flows.

(ii) Womersley (𝛼) number is the ratio of unsteady forces/
viscous forces and is a dimensionless expression of
the pulsatile flow frequency in relation to viscous

effects.The vessel diameter decreases as the 𝛼 number
decreases in a stenotic cross-section.

(iii) Strouhal (St) number is the ratio of oscillatory inertial
forces/convective inertial forces and is a dimension-
less number describing oscillating flow mechanisms.
Its value also represents the dimensionless stroke
volume.

The resistive (Res) index is also a parameter of pulsatile
blood flow reflecting both vascular compliance (change
in flow volume with a change in pressure) and vascular
resistance in in vivo or in vitro studies. The Res index is
defined as [26]

Re 𝑠 =
𝑉𝑝 − 𝑉𝑚

𝑉𝑝
, (2)

where 𝑉𝑝 is the peak-systolic velocity (PSV) and 𝑉𝑚 is the
peak-diastolic velocity (PDV) through the Doppler ultra-
sound measurements. In the literatures [32], the cylindrical
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Figure 2: (a) The diagram of the proposed ultrasound device, (b) a 5-cycle, 7.5MHz bipolar pulse with amplitude 100Vpp.

models with different diameters, viscosity, stroke displace-
ment, and frequency were used to analyze flow instabilities.
The critical peak Reynolds (Repeak) number was derived at a
power law to indicate the flow instabilities for in vitro studies.
It is calculated based on both the Womersley (𝛼) numbers
and Strouhal (St) numbers and indicates the transition flow
to turbulence flow, which can be defined as [30]

Repeak = 169𝛼
0.83St−0.27. (3)

The supracritical Reynolds number, Resupra = |Re −Repeak|,
is correlated with body weight, female/male, vessel diame-
ter, pulsatility index, and cardiac output. Therefore, Resupra
dimensionless can be used to define critical values along
the cross-sectional AVS access in an in vivo study. In
addition, the cross-section for every analysis plane is the
noncircular duct in a blood vessel. The height and width are
comparable, and the dimension for internal flow is taken to

be the hydraulic diameter, 𝐷𝐻, which can be considered as
[31]

𝐷𝐻 =
4𝐴

𝑃
, 𝐷𝐻 = 𝐷 for a circular duct

𝑃 =

𝑁
𝑙

∑
𝑙=0

𝐿 𝑙, 𝑙 = 1, 2, 3, . . . , 𝑁𝑙,

(4)

where 𝑃 is the wetted perimeter, 𝐿 𝑙 is the length of each
surface in contact with the aqueous body, and the spline inter-
polation is used for noncircular surface interpolation with 𝑁𝑙
fractions. In noncircular ducts, the hydraulic diameter, 𝐷𝐻,
needs to be substituted for the diameter of a circular duct
in the Reynolds number, Womersley number, and Strouhal
number.

2.3. Experimental Setup. We recruited patients who con-
sented to undergo follow-up examinations. This study was
approved by the Institutional Review Board (IRB) of Kaoh-
siung Veterans General Hospital, Tainan Branch, under
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contract number VGHKS13-CT12-11. A total of 30 patients
were enrolled. The participants comprised 9 females and 21
males aged between 42 and 89, with amean age of 69.4 ± 13.13
years, and all participants had anAVF.The participants’mean
dialysis duration was 1∼16 years. Arteriovenous shunt (AVS)
is a pathological physiology created on a patient’s forearm
and upper arm to facilitate hemodialysis treatment. Due to
repeated puncturing of the AVS accesses and long-term use,
the interior of the accesses can exhibit pathologic changes,
resulting in the formation of a thrombus, intimal hyperplasia,
and changes in the aneurysmal deformability of the access.

Maintenance of proper function is the most important
issue for hemodialysis patients. Therefore, it is necessary to
evaluate AVS functions in routine screening by confirming
the specific degrees of stenosis (DOS) from X-ray images,
angiographic images, and ultrasound images. In clinical
research, vessel stenosis is defined as DOS > 0.50 reduction
in luminal diameter judged by comparison with either the
adjacent vessel or graft and can be defined as [7, 10]

DOS = 1 − (
𝑑𝐻

𝐷𝐻
)

2

, (5)

where 𝐷𝐻 is the hydraulic diameter of the normal graft
or vessel in the direction of the blood flow and 𝑑𝐻 is the
hydraulic diameter of the stenosis lesion.

Preliminary screening results by physicians confirmed
the specific degrees, including Class I: DOS < 0.30, Class
II: 0.30 < DOS < 0.50, and Class III: DOS > 0.50, where
DOS = 1.00 is total occlusion. Then, the proposed Doppler
ultrasound device was carried out to measure the multisites’
blood velocity as following the direction of blood flow from
an arterial anastomosis site (A site) to a venous anastomosis
site (V site), as shown in Figure 1.

3. Adaptive Color Relation Classifier

3.1. Quantitative Analysis with the Dimensionless Numbers.
Multisite measurements were used to detect the blood veloc-
ity. Two dimensionless numbers were calculated and used to
quantify the DOS, which can be expressed as follows.

(i) Ratios of Re𝑠𝑢𝑝𝑟𝑎. Divide an AVS access into two segments
and suppose the same volume of blood through those; the
ratios of Resupra at the A site, loop site (L site), and V site are
defined as

Ratio(A) =



Re(A) − Resupra(A)
Re(L) − Resupra(L)


=
Resupra(A)
Resupra(L)

,

Ratio(L) =
Resupra(L)
Resupra(L)

= 1,

Ratio(V) =



Re(V) − Resupra(V)
Resupra(L)


=
Resupra(A)
Resupra(L)

,

(6)

where each site’s quantity is the value of the quantity in
the loop site, the so-called the value of per unit. Thus, the
one advantage can be checked rapidly for gross changes at

each measurement site. Another advantage of quantities is
that they can be correlated with body weight, female/male,
vessel diameter, and hemodynamic factors for any patient,
AVF/AVG, and cross-sectional analysis.

(ii) Resistive (Res) Index. This index is an indicator of vessel
resistance, its value increasing as the end-diastolic velocity
decreases. The normal range for the common vessel wave-
form is shown in 0.50∼0.65. Higher values indicate disease
or stenosis [26, 27].

For 30 subjects, Table 1 shows the results of velocity
measurements at the arterial anastomosis site (A), loop site
(L), and venous anastomosis site (V), respectively. Because
the AVS is a pulsatile access, the blood flow will mix high-
velocity blood passing the lesion vessel and low-velocity
blood downstream from the lesion vessel.The ratios of Resupra
and resistive (Res) indexes can be calculated with the key
variables, 𝑉𝑝 (PSV), 𝑉𝑚 (PDV), hear rate, and hydraulic
diameter. The Res indexes increase as the ratios of the
𝑉𝑝/𝑉𝑚 (>3.0) increase at each measurement site, as shown in
Figures 3(a) and 3(b). The ratios of Resupra indicate the values
approach to 1 for the same Resupra through an AVS access,
as the values gradually decrease for the degree, 0.3 < DOS <

0.5, and for values greater than 1 for the degree DOS > 0.5,
as shown in Figure 3(b). The first three ratios are used to
identify the laminar flow and flow instabilities from inflow
to outflow, and the last three indexes are used to identify
the intravascular resistances. Six parameters have specific
ranges and can combine trend patterns to separate three
degrees. According to these trend patterns of 30 subjects, we
can systematically create training data for the adaptive color
relation classifier.

3.2. Adaptive Color RelationClassifier Training. Classification
is the task of recognizing patterns into a few classes or
categories. Based on similarity and dissimilarity, a mecha-
nism with a learning algorithm can be designed to recognize
patterns or features in diagnosis or screening applications
[18]. In this study, a color relation analysis (CRA) method is
proposed to develop a classifier, which possesses a flexible
pattern mechanism with add-in and delete-off training
data, and it does not require strict statistical methods or
inference rules, as shown in Figure 4. Assuming Φ𝑟 =

[Ratio(A)(0), Ratio(L)(0), Ratio(V)(0), Res(A)(0), Res(L)(0),

Res(V)(0)] = [𝜙1(0), 𝜙2(0), 𝜙3(0), 𝜙4(0), 𝜙5(0), 𝜙6(0)] is a
reference pattern, where 𝑖 = 1, 2, 3, . . . , 6 (𝑛 = 6), and
comparative patterns, Φ𝑐(𝑘) = [𝜙1(𝑘), 𝜙2(𝑘), 𝜙3(𝑘), 𝜙4(𝑘),

𝜙5(𝑘), 𝜙6(𝑘)] are comparative patterns, where 𝑘 =

1, 2, 3, . . . , 𝐾, as described in training data and represented
below [18]

[
[
[
[
[
[
[
[
[

[

Φ𝑐 (1)

Φ𝑐 (2)
...

Φ𝑐 (𝑘)
...

Φ𝑐 (𝐾)

]
]
]
]
]
]
]
]
]

]

=

[
[
[
[
[
[
[
[
[

[

𝜙1 (1) 𝜙2 (1) ⋅ ⋅ ⋅ 𝜙𝑖 (1) ⋅ ⋅ ⋅ 𝜙6 (1)

𝜙1 (2) 𝜙2 (2) ⋅ ⋅ ⋅ 𝜙𝑖 (2) ⋅ ⋅ ⋅ 𝜙6 (2)
...

... d
... d

...
𝜙1 (𝑘) 𝜙2 (𝑘) ⋅ ⋅ ⋅ 𝜙𝑖 (𝑘) ⋅ ⋅ ⋅ 𝜙6 (𝑘)

...
... d

... d
...

𝜙1 (𝐾) 𝜙2 (𝐾) ⋅ ⋅ ⋅ 𝜙𝑖 (𝐾) ⋅ ⋅ ⋅ 𝜙6 (𝐾)

]
]
]
]
]
]
]
]
]

]

,

(7)



6 The Scientific World Journal

Table 1: The results of velocity measurements.

DOS/average velocity Measurement site
Arterial anastomosis site (A) Loop site (L) Venous anastomosis site (V)

<0.30 (12)
𝑉𝑝(cm/sec) 103.20 ± 18.35 64.60 ± 28.05 82.56 ± 25.30
𝑉𝑚 (cm/sec) 37.00 ± 10.80 28.83 ± 16.61 35.43 ± 17.37
Δ𝑃 (mmHg) 4.26 ± 0.13 1.67 ± 0.31 2.72 ± 0.26

0.30∼0.50 (11)
𝑉𝑝 (cm/sec) 106.70 ± 28.80 54.91 ± 21.54 77.79 ± 18.54
𝑉𝑚 (cm/sec) 35.49 ± 19.96 16.61 ± 8.69 29.87 ± 15.81
Δ𝑃 (mmHg) 4.55 ± 0.33 1.21 ± 0.19 2.42 ± 0.14

>0.50 (7)
𝑉𝑝 (cm/sec) 72.21 ± 40.58 25.61 ± 9.62 66.03 ± 42.12
𝑉𝑚 (cm/sec) 17.84 ± 8.7 7.86 ± 3.84 14.92 ± 14.19
Δ𝑃 (mmHg) 2.09 ± 0.66 0.26 ± 0.04 1.74 ± 0.71

Note: the pressure drop, Δ𝑃 (mmHg), can be related to the velocity,𝑉𝑝 (m/sec), and is defined by Δ𝑃 = 4(𝑉𝑝)
2 [26].
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Figure 3: (a) The trends of ratios, 𝑉𝑝/𝑉𝑚, (b) the trend patterns of six dimensionless numbers.

where𝐾 is the number of the comparative pattern. Compared
with the reference pattern Φ𝑟 and 𝑘th comparative pattern
Φ𝑐(𝑘), the Euclidean distance, ED(𝑘), can be expressed
as a similarity degree between reference pattern, Φ𝑟, and
comparative pattern, Φ𝑐(𝑘), as

ED (𝑘) = √
6

∑
𝑖=1

(Δ𝜙𝑖 (𝑘))
2
, Δ𝜙𝑖 (𝑘) =

𝜙𝑖 (0) − 𝜙𝑖 (𝑘)
 . (8)

If pattern, Φ𝑟, is similar to any pattern, Φ𝑐(𝑘), the ED(𝑘) will
be a small value, and EDmin = min{ED(𝑘)} ≤ ED(𝑘) ≤

EDmax = max{ED(𝑘)}. These indices can be used for pattern
relation analysis. The overall indices ED(𝑘) are converted to
gray grade 𝜌(𝑘) by nonlinear transformation, as [18]

𝜌 (𝑘) = 𝜉 exp [−𝜉ED (𝑘)] , (9)

where 𝜉 is the recognition coefficient with interval (0, ∞).
Intensity adjustment is used to enhance the contrast by
mapping the original intensity value to a new specific range.
For AVS stenosis evaluation, these average gray grades can be
stratified as three groups: Class I (normal), Class II, and Class
III, represented as

𝜌
I
ave =

∑
𝑁
𝐼

𝑡=1 𝜌
I
(𝑡)

𝑁I
,

𝜌
II
ave =

∑
𝑁II
𝑡=1 𝜌

II
(𝑡)

𝑁II
,

𝜌
III
ave =

∑
𝑁III
𝑡=1 𝜌III

(𝑡)

𝑁III
,

(10)
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where 𝑁I, 𝑁II, 𝑁III, are the number of the respective groups.
Minimum and maximum average grades are obtained as
follows:

𝜌mim = min [𝜌
I
ave, 𝜌

II
ave, 𝜌

III
ave] ,

𝜌max = max [𝜌
I
ave, 𝜌

II
ave, 𝜌

III
ave] ,

(11)

where 𝜌min ̸= 𝜌max. According to the hue-saturation-value
(HSV) color model [18, 19], CRA is a mathematical model by
transformations between the RGB primary color space and
the HSV color space. Referring to the hue angle 𝐻 ∈ [0, 360]

as

𝐻 =

{{{{{{{{

{{{{{{{{

{

[60
∘ × (

𝑔 − 𝑏

Δ𝜌
) + 360∘] mod 360∘, if 𝜌max = 𝜌III

ave,

60∘ × (
𝑏 − 𝑟

Δ𝜌
) + 120∘, if 𝜌max = 𝜌I

ave,

60∘ × (
𝑟 − 𝑔

Δ𝜌
) + 240∘, if 𝜌max = 𝜌II

ave,

(12)

where Δ𝜌 = 𝜌max − 𝜌min, and primary color grades, 𝑟 (red), 𝑔

(green), and 𝑏 (blue) are, respectively, formulated as

𝑟 =
𝜌max − 𝜌III

ave
Δ𝜌

,

𝑔 =
𝜌max − 𝜌I

ave
Δ𝜌

,

𝑏 =
𝜌max − 𝜌II

ave
Δ𝜌

.

(13)

The saturation 𝑆 and value 𝛾 are defined as

𝑆 =
𝛾 − 𝜌min

𝛾
, 𝜌min ̸= 𝜌max,

𝛾 = 𝜌max, 𝜌max ̸= 0.

(14)

The value of 𝐻 is generally normalized to lie between 0∘ and
360∘, where the centers of color distribution are 120∘, 240∘,
and 360∘ for three degrees, respectively, and hue, 𝐻, has no
geometric meaning when 𝜌min = 𝜌max and saturation, 𝑆,
is zero. The parameter, 𝐻𝐶, is utilized to identify the three
classes as

𝐻𝐶 = [
𝐻

360∘
] , 𝐻𝐶 ∈ [0, 1] , (15)
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where the critical decision 𝐻𝐶 = [Class I, Class II, Class III]
= [2/3, 1/3, 1]. The concept of the proposed CRA is derived
from the HSV color model to describe perceptual color
relationships for AVS stenosis estimation. The saturation, 𝑆,
varies from 0.0 to 1.0, and the corresponding colors vary
from unsaturated (value 0) to fully saturated (value 1). In
this study, parameter, 𝐻𝐶, is used to identify the possible
degree; however, the choice of recognition coefficient, 𝜉, is
a limitation. As its value gradually increased, 𝜉 ≫ 1, gray
grades were distinctly separated into three degrees, and the
decision-making might become increasingly nonlinear for a
high-dimensional classification space, which will affect the
screening accuracy.

Therefore, the CRA classifier with an optimal recognition
coefficient, 𝜉, can enhance the accuracy. Consider the mean
squared error function (MSEF); the objective is intended to
minimize the MSEF, as

min (MSEF) = min(
1

𝐾

𝐾

∑
𝑘=1

[𝑇 (𝑘) − 𝐻𝐶 (𝑘)]
2
) ≤ 𝜀, (16)

where 𝑇(𝑘) is the desired degree for the 𝑘th training data.
However, 𝐻𝐶 is a nonlinear function and its partial differ-
ential equation is difficult to obtain using the conventional
gradient method.

This study proposes the adaptive color relation classifier
with adaptability to adjust the recognition coefficient to
enhance screening accuracy with add-in and delete-off train-
ing data. For an adaptive classifier design, the particle swarm
optimization (PSO) algorithm is an evolutionary method
to solve optimization problems for time-varying/dynamic
search spaces. The property of a PSO algorithm searches
using multiple particles that modify their search positions
around amultidimensional search space, until the unchanged
positions have been achieved. Each position is adjusted
based on the past action experiences and the dynamically
altering the velocity of each particle [20, 21]. Let 𝜉𝑔𝑝 be
the current position of the 𝑔th agent at iteration number
𝑝, agent 𝑔 = 1, 2, 3, . . . , 𝐺, where 𝐺 is the population size.
Multiple particles form a population and are represented by
a 𝐺-dimensional vector, as 𝜉

𝑝 = [𝜉
𝑝

1 , 𝜉
𝑝

2 , . . . , 𝜉𝑝𝑔 , . . . , 𝜉
𝑝

𝐺
]. The

modification of position, 𝜉𝑝𝑔 , can be represented by velocity,
Δ𝜉𝑝𝑔 , Δ𝜉𝑝𝑔 = [Δ𝜉

𝑝

1 , Δ𝜉
𝑝

2 , . . . , Δ𝜉𝑝𝑔 , . . . , Δ𝜉
𝑝

𝐺
]. The mathematical

representation is given by [20] the following.
Velocity:

Δ𝜉
𝑝+1

𝑔 = 𝜔Δ𝜉
𝑝

𝑔 + 𝑐1rand1 (𝜉best
𝑔

− 𝜉
𝑝

𝑔)

+ 𝑐2rand2 (𝜉best − 𝜉
𝑝

𝑔) ,

𝑐1 = (𝑏1 − 𝑎1)
𝑝

𝑝max
+ 𝑎1, 𝑐2 = (𝑏2 − 𝑎2)

𝑝

𝑝max
+ 𝑎2.

(17)

Position:

𝜉
𝑝+1

𝑔 = 𝜉
𝑝

𝑔 + Δ𝜉
𝑝+1

𝑔 , (18)

where 𝜉best is the global best in the group, 𝜉best
𝑔

is the
individual best, 𝜔 is the inertia weight, rand1 and rand2 are
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Figure 5: The flow chart of PSO algorithm.

the uniformly random numbers between 0 and 1, and 𝑐1
and 𝑐2 are the acceleration parameters, where the first term
is the “cognitive component” and the second term is the
“social component.” Parameters, 𝑎1, 𝑏1, 𝑎2, and 𝑏2, are constant
values, of which the experienced values are 𝑐1 from 2.5 to
0.5 and 𝑐2 from 0.5 to 2.5, respectively [21], and 𝑝max is
the maximum number of allowable iterations. Therefore, a
PSO algorithm with time-varying acceleration coefficients
(TVAC) [20] could efficiently converge to the global optimal
solution. The flow chart of the PSO algorithm is shown in
Figure 5.

4. Experimental Results and Discussion

Following the direction of blood flow from the arterial anas-
tomosis site (A) to the venous anastomosis site (V), multisite
measurements were used to detect the blood velocities using
the Doppler ultrasound device. A 7.50MHz transducer was
excited by sinusoidal tone bursts with 5-cycle long pulses at
pulse repetition frequencies (PRFs) of 19.48 kHz∼27.27 kHz.
For the pulsatile flow experiments, the stroke rate was set
at 7.5∼30 beats/min at a peak flow velocity of 1.00m/sec∼

1.40m/sec, using a PRF trigger with FPGA control [22,
23]. The relevant hemodynamic parameters and transducer
parameters for the experimental setup are shown in Table 2.
A 12 bit high-resolution digitizer with 200MHz sampling
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Table 2: The related parameters of experimental setup.

Hemodynamic parameters
Blood density 1055 kg/m3

Hematocrit (Ht) 40% for a normal adult
𝜇plasma = 0.0035 pas

Dynamic viscosity 0.01063Ns/m2

Room temperature = 26∘C
Heart rate 1.00∼1.25Hz
Hydraulic diameter Ultrasound image examination for Follow-up examination

Specification of transducer
Center operation frequency, 𝑓0 7.50MHz
Output voltage ±50V (𝑉pp = 100V)

Pulse repetition frequency, PRF 19.48 kHz∼27.27 kHz
Velocity range: 1.0m/s∼1.4m/s

Transmitted pulse duration 0.66 𝜇s
Pulse cycle 5 cycles
Doppler angle 45∼60 degrees

frequency was used to record backscattering and original
signals by PRF trigger synchronize control.Then one can cal-
culate the Doppler frequency shift by those two signals in the
PC system. The velocities, ratios of superacritical Reynolds
(Resupra) numbers, and resistive (Res) indexes were calculated
using (2) and (3).The proposed adaptive CRA based classifier
was developed on a PC AMD Athlon II ×2 245 2.91 GHz
with 1.75GBRAM and Matlab software (Mathworks, Natick,
MA). To demonstrate the effectiveness of the proposed
method for AVS stenosis evaluation, 40 subjects were chosen
(IRB: VGHKS13-CT12-11) to be divided into 30 training data
and 10 testing data. Preliminary diagnosis results confirmed
the specific degree by ultrasonic image examination and
observation by clinical physicians, as shown in Figure 6.
Feasibility tests and case studies were used to validate the
proposed estimation model, as detailed below.

4.1. Feasibility Tests with the Adaptive CRA. The 30 subjects
were divided into three groups as training data. The overall
training results are shown in Figure 7. The performance of
the CRA classifier is affected by the nonlinear gray grade
transformation as seen in (9). As the recognition coefficient,
𝜉, gradually increased, gray grades were distinctly separated
into three groups. The decision might become increasingly
nonlinear for a high-dimensional classification space. There-
fore, recognition coefficient, 𝜉 ≫ 0, was selected, and the
hue angle, 𝐻𝐶, had high confidence to transform between
the RGB primary color space and the HSV color space. The
saturation value, 𝑆, also indicated the confidence indices and
confirmed the values approached to 1.

According to the training data, the CRA classifier has
6 inputs and 3 outputs, as shown in Figure 4. The first
stage is calculation of the Euclidean distances (EDs) between
reference patterns and comparative patterns. The most sim-
ilar choice is the smallest ED. Then the overall EDs are
converted to gray grades and are grouped into three classes.
Then, the hue angle, 𝐻𝐶, is carried out to identify the

Figure 6: Ultrasonic image examination date: May 15, 2013, Kaoh-
siung Veterans General Hospital, Tainan Branch.

possible class. In the second stage, updating the recognition
coefficient is performed by the proposed PSO algorithm.
For the adaptive application, the PSO with time-varying
acceleration coefficients (TVAC) is given by population size,
𝐺 = 20, for each iteration, acceleration coefficients, 𝑎1 =
2.5 and 𝑏1 = 0.5, for the cognitive component, acceleration
coefficients, 𝑎2 = 0.5 and 𝑏2 = 2.5, for the social component
[20, 21], and the maximum allowable number, 𝑝max = 100.
With the convergent condition, MESF < 𝜀 = 0.05, it can be
seen that the adaptive CRA can find the optimal parameter,
𝜉best = 7.9883, and minimize the mean squared error, as
shown in Figures 7(a) and 7(b). The training results with the
adaptive color relation classifier are shown in Figure 7(c).

In comparison, Table 3 shows comparative performances
using the proposed method and multilayer networks, such
as artificial neural networks (ANNs) and support vector
machines (SVMs) [4, 5, 8]. Stethoscope auscultation was
used to measure the phonoangiography (PCG) signals.
Then feature selection takes the specific frequencies and
the magnitude of the characteristic frequencies using the
time-frequency methods and Burg methods [6, 7, 9, 10]. It
provides time-frequency resolution to extract features from
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Table 3: Comparison of performances between the proposed method and artificial neural network (ANN).

Task Method
CRA ANN and SVM

Network structure Hybrid decision-making and network structure Multilayer network

Training data Yes Yes
Minor Major

Feature selection Hemodynamic analysis with dimensionless numbers Time-frequency analysis and Burg method [6, 7, 9, 10]

Inference/learning algorithm PSO algorithm [20, 21] (i) Least mean square algorithm
(ii) Gradient descent method

Parameter assignment Yes Yes
Minor Major

Adjustable parameter Yes Yes
Minor Major

Iteration training Yes Yes
Convergent condition Yes Yes
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Figure 7: (a) The mean squared error of optimal solution versus the number of iteration training, (b) the optimal recognition coefficient
versus the number of iteration training, and (c) the training results with the adaptive color relation classifier.

nonstationary PCG signals. However, significant frequen-
cies need trial and error procedures using the cascaded
low-pass/high-pass filters and down-sampling/up-sampling
operations. Its technique is limited by the preprocessing
time, computational time, and significant feature selection.
In addition, multilayer network classifier is a mechanism

that has been widely applied in the continuous modeling
system with iteration training, such as tuning network
parameters and automatic target adjustment. Briefly, the
learning performance heavily relies on the choices of the
initial conditions, learning rates, and convergent conditions.
The training process and classification efficiency become a
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Table 4: Results of physical examinations.

Measurement site
Number/DOS A L V Hue angle, H/saturation, S

Ratio (A) Res Ratio (L) Res Ratio (V) Res

1 0.9129 1.11 0.733 1.00 0.71 1.02 0.63 11.6479
0.6480

2 0.9056 1.41 0.87 1.00 0.50 1.29 0.74 12.2690
0.9707

3 0.5346 1.21 0.66 1.00 0.60 1.20 0.65 21.9924
0.9023

4 0.4866 0.70 0.72 1.00 0.59 0.98 0.67 58.0319
0.6140

5 0.4066 0.89 0.78 1.00 0.74 0.89 0.66 134.8687
0.5659

6 0.3960 0.88 0.88 1.00 0.76 0.75 0.61 120.8012
0.7880

7 0.1845 0.85 0.66 1.00 0.60 0.98 0.63 198.2063
0.6034

8 0.1830 0.93 0.65 1.00 0.72 0.82 0.53 209.9895
0.5357

9 0.1467 0.97 0.64 1.00 0.51 1.02 0.66 191.1797
0.8221

10 0.0985 1.04 0.63 1.00 0.44 0.85 0.37 218.0953
0.9072

major problem when handling huge training data, and it
also becomes time consuming, without a guaranteed global
minimum.

In contrast, the PSO algorithm is an optimization tech-
nique that avoids the drawbacks of the least mean square
algorithm and gradient descent method. Due to difficulty
in obtaining the partial derivatives of the nonlinear mean
squared error function as (16), swarm intelligence can guide
searches using multiple particles rather than individuals.
Individuals in a swarm approach the optimum through the
present solution, previous experiences, and other individuals’
experiences and can avoid trapping at a local minimum. An
optimization solution is sensitive to certain control factors,
such as the population sizes, time-varying acceleration coef-
ficients, and the number of iteration training [33]. However,
we have suggested that the suitable control factors terminate
the PSO algorithm to find the optimum solutions. Using 30
subjects, our comparison indicates CRAusing PSO algorithm
has higher accuracies, 95∼100%, than multilayer networks
with accuracies of 70∼90%.

4.2. Physical Examinations. Using testing data from the other
10 subjects who agreed to participate in this study, the overall
testing results are shown in Table 4. The tests used at least
10 records at the measurement sites to calculate the flow
velocities and dimensionless numbers. We have three main
degrees to decide the occlusion levels, and the hue angles,
𝐻, correspond to define the level to quantify the similarity
in each class. The hue angles can determine the similarity
levels, and more likely approach to the around of angles, 240∘

(blue), 120∘ (green), and 0∘/360∘ (red) from Class I to Class
III, respectively. If 𝐻 is very similar, its value will be close to
the primary color grades. From these physical examinations,
we observed the dysfunction of AVS could be screened by the
proposed classifier.

The CRA based classifier used a straightforward mathe-
matical operation to construct a pattern recognition model
with expandable or reducible training data. Euclidean dis-
tances are used to express the similarity degree between a
reference pattern and comparative patterns which represents
the largest similarity. It was also designed as an adaptive
patternmechanismwith an adjustable recognition coefficient
to enhance the higher screening accuracies. Thus, it can
reduce the training data requirements.

5. Conclusion

A CRA based classifier was proposed to screen the degrees
of stenosis for an arteriovenous access occlusion evalu-
ation. Doppler ultrasound is a noninvasive measurement
support to measure blood flow at multiple sites in an in
vivo examination. The Doppler acoustic device with the
suggested 7.5MHz∼10.0MHz central operation frequency
and the sinusoidal tone bursts provides a good resolution
that allows the measurement of the blood velocities in
the arteriovenous access. The dimensionless numbers, the
ratios of supracritical Reynolds and resistive indexes, can
be calculated with the peak-systolic velocities, the peak-
diastolic velocities, and the heart rates. The trends in the
ratios of the supracritical Reynolds numbers and the resistive
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indices indicate a promising way to evaluate the occlusion
levels at multiple measurement sites. The proposed classifier
has a flexible pattern mechanism with add-in and delete-
off training data and the capacity to adjust the recognition
coefficient to enhance accuracy. For 40 subjects divided
into training and testing groups, the proposed classifier was
validated to survey the level of occlusion for the clinician.
The results can be presented in colors as red, green, and blue
and can be implemented in computer graphics applications.
Further study could also implement the proposed screening
method in an advanced embedded systemor a programmable
microprocessor and could be used to allow integration with
handheld healthcare systems.
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Burst suppression is a unique electroencephalogram (EEG) pattern commonly seen in cases of severely reduced brain activity
such as overdose of general anesthesia. It is important to detect burst suppression reliably during the administration of anesthetic
or sedative agents, especially for cerebral-protective treatments in various neurosurgical diseases. This study investigates recurrent
plot (RP) analysis for the detection of the burst suppression pattern (BSP) in EEG.TheRP analysis is applied to EEG data containing
BSPs collected from 14 patients. Firstly we obtain the best selection of parameters for RP analysis. Then, the recurrence rate (RR),
determinism (DET), and entropy (ENTR) are calculated. Then RR was selected as the best BSP index one-way analysis of variance
(ANOVA) and multiple comparison tests. Finally, the performance of RR analysis is compared with spectral analysis, bispectral
analysis, approximate entropy, and the nonlinear energy operator (NLEO). ANOVA and multiple comparison tests showed that
the RR could detect BSP and that it was superior to other measures with the highest sensitivity of suppression detection (96.49%,
𝑃 = 0.03). Tracking BSP patterns is essential for clinical monitoring in critically ill and anesthetized patients. The purposed RR
may provide an effective burst suppression detector for developing new patient monitoring systems.

1. Introduction

Theelectroencephalographic burst suppression pattern (BSP)
consists of high amplitude bursts interrupted by low ampli-
tude suppressions. It can be observed in different clinical
conditions (head trauma, stroke, coma, anoxia, andhypother-
mia) [1, 2] and can also be induced by pharmacological
agents such as anesthetics, analgesics, or antiepileptic drugs
[3]. The BSP is a representative of the interaction between
neuronal dynamics and brain metabolism. Each series of
successive bursts can be viewed as an attempted recovery of
basal cortical dynamics [4]. So, the BSP can be seen as a
defined “reference point” during administration of anesthetic
or sedative agents and is considered a reliable indicator
of adequate cerebral-protection for various neurosurgical

diseases. It is commonly used as a monitor for the titration
of sedatives in order to achieve a maximum reduction of
cerebral metabolic rate [5].

Many researchers have investigated methods for BSP
detection. Early methods were based on the spectral analysis,
such as the spectral edge frequency and themedian frequency
[6, 7]. Although these methods can successfully obtain the
frequency and spectral characteristics of the BSP [8], they
ignore the intense nonlinearity of the BSP, resulting in low
accuracy of detection. The bispectral method was designed
to distinguish the BSP in the EEG series, but it is based on a
two-dimensional function, which requires complicated com-
putational processes. A recent method based on the informa-
tion theory and nonlinear time series analysis (approximate
entropy) has been also developed [9]. This method evaluates
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the signal regularity in the EEG series for detection of the
BSP. Actually, both the burst signal and suppression signal in
the EEG series are surprisingly regular, so the approximate
entropy can detect BSP in normal EEG series signals; however
it cannot differentiate between the burst and suppression
patterns. The nonlinear energy operator (NLEO) is a simple
nonlinear method for BSP detection, which measures the
energy in a single-component signal [10–12]. However, it is
very sensitive to the exaction threshold selection. Therefore,
a robust approach for the reliable detection of BSP remains
elusive.

Recurrence quantification analysis (RQA) [13] can mea-
sure the complexity of a short and non-stationary characteris-
tic signal with noise [14, 15]. Furthermore, it can analyze both
linear and nonlinear time series to quantify the activity of a
system irrespective of the numbers or dynamical nature of the
individual sources [16]. Up to now, the RQA has been broadly
applied in the analysis of physiological data [17–20]. In this
study, we investigated whether it could be applied to the EEG
for detection of the BSP.

Thepaper is organized as follows. In Section 2 the subjects
and recordings, signal preprocessing, RQA methods, and
statistical analysis are introduced.Thenwe provide the results
for parameter selection and a comparison of different RQA
measures. After choosing the best RQA parameter using
statistical analysis, we compared its performance with a few
existing BSP detection methods. After that we show the
application of RQA measure to a long-term EEG records. At
last we discuss some properties of the proposed method.

2. Materials and Methods

2.1. Subjects and EEG Recordings. The data used in this study
were obtained from a previously reported study on dreaming
during general anesthesia [21, 22]. Clinical trials registra-
tion is ClinicalTrials.gov identifier NCT00446212; Australian
Clinical Trials Registry number is ACTRN12606000279527.
Ethical committee review and patient written informed
consent were obtained. Two experienced experts selected
14 patients whose EEGs include obvious burst suppression
patterns out of a group of patients (300) recruited for the sleep
data collection. These patients were adults (aged 18–50 yrs)
who were American Society of Anesthesiologists’ physical
status I–III, presenting for elective noncardiac surgery under
relaxant general anesthesia with endotracheal intubation.
Patients were randomized to two groups before the surgery.
Anesthesia was induced with propofol, fentanyl 1-2𝜇g/kg,
and a muscle relaxant and then maintained with either
propofol or desflurane; and the patient’s lungs ventilated for
normocapnia. The maintenance hypnotic (either propofol or
desflurane) was then titrated to aim for a bispectral index
(BIS, Aspect Medical Systems Inc.) of 40–55. The EEG signal
was obtained using the Aspect XP monitor (BIS-XP, Aspect
Medical Systems Inc., Norwood, MA) with the proprietary
electrode strip on the standard recommended prefrontal
montage (FP2-FT7). The raw signal was digitized at 100/sec
14-bit precision and stored by a laptop computer. Offline

analysis was performed using theMATLAB software (version
7, MathWorks Inc.).

2.2. EEG Preprocessing. Artifacts in scalp EEG recordings
mainly come from eyemovement, muscle activity, and power
frequency noise. To reduce these artifacts, the following steps
are carried out. First, statistical mean and standard deviation
methods were used to remove the outlier points. Then, a
stationary wavelet transform [23] was utilized to reduce the
electrooculogram (EOG) artifact by setting an appropriate
threshold. Finally, the two-way least-square finite impulse
response (FIR) at a zero-phase forward and reverse operation
[24] was applied to reduce 0–0.5Hz baseline drift.

2.3. BSP Detection. The process of BSP detection is depicted
with a block diagram in Figure 1.

Block 1. For a given time series 𝑥1, 𝑥2, . . . , 𝑥𝑙 construct the
phase space vector X𝑖 using a time delay method, X𝑘 =
(𝑥𝑘, 𝑥𝑘+𝜏, . . . , 𝑥𝑘+(𝑚−1)𝜏) [25], based on the observations 𝑥𝑘.
Here 𝑘 = 1, 2, . . . , 𝑁 − (𝑚 − 1), 𝜏 is the delay time, and 𝑚
is the embedding dimension.

Block 2. Determine the parameters𝑚, 𝜏, and 𝑟.

Block 3. Use recurrence plot (RP) to visualize the time
dependent behavior of orbits X𝑖 in a phase space. It is
shown that RP can describe dynamical characteristics of burst
suppression patterns. The key step of RP is to calculate the
following𝑁 ×𝑁matrix:

𝑅𝑖,𝑗 = {
1 :

X𝑖 − Y𝑗

≤ 𝑟

0 : Otherwise
𝑖, 𝑗 = 1, . . . , 𝑁, (1)

where 𝑁 is the number of points in the times series for
analysis, ‖ ⋅ ‖ is the norm (the 𝐿∞-norm is selected because
it is computationally faster and allows the studying of some
features in RPs analytically), and 𝑟 is the cutoff distance
defining an area centered at X𝑖. As can be seen in Figure 2,
the EEG signal is comprised of three segments, 1000-point
suppression, 1000-point burst, and 1000-point normal EEGs
from the first patient. RP forms are different for EEG
segments during suppression, burst, and normal states. The
blue box corresponding to the suppression shows thick black
dots; the green box to the burst shows sparse dots; and the red
box to the normal state shows uniform dots, which is similar
to that of a white noise.

Block 4. Analyze the recurrence point density in RPs. The
procedure is known as recurrence quantification analysis
(RQA). More details of RP and RQA can be found in [26, 27].
First we introduce the simplest measure of RQA, RR, which
is a measure of the density of recurrence points which simply
counts the black dots in the RP. RR is calculated by

RR = 1
𝑁2

𝑁

∑
𝑖,𝑗=1

𝑅𝑖,𝑗. (2)

The ratio of recurrence points on the diagonal struc-
tures to all recurrence points is called determinism (DET).
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Figure 1: The block diagrams of EEG signal processing.

The DET is a determinism (or predictability) measure of a
system, calculated by

DET =
∑
𝑁

𝑙=𝑙min
𝑙𝑃 (𝑙)

∑
𝑁

𝑖,𝑗=1 𝑅𝑖,𝑗

, (3)

where 𝑃(𝑙) is the frequency distribution of the lengths of the
diagonal structures in the RP and 𝑙min is the threshold, which
excludes the diagonal lines formed by the tangential motion
of a phase space trajectory.

The ENTR is considered as a complexity measure of a
deterministic structure in a dynamical system. The ENTR
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Figure 2: (a) A composite EEG signal from a patient. It consists of suppression (1000-point), burst (1000-point), and normal (1000-point)
records artificially joined together; (b) different RP patterns during suppression, burst, and normal states, respectively.The blue box represents
the suppression, the green box the burst, and the red box the normal state.

refers to the Shannon entropy of the frequency distribution of
the diagonal line lengths.Themore complex the deterministic
structure, the larger the ENTR value. ENTR is calculated as

ENTR = −
𝑁

∑
𝑙=𝑙min

𝑝 (𝑙) ln𝑝 (𝑙) . (4)

Block 5. Compare the three RQA measures and select the
most appropriate BSP index. The details are explained later
in results.

Block 6. Normalize the index to eliminate individual differ-
ences. The normalized linear formula is calculated by

𝑦 =
𝑥 −mean (𝑥)

max (𝑥) −min (𝑥)
. (5)

Block 7. Determine the threshold 𝜀 for detecting the BSP.The
details are explained later in results.

Block 8. Calculate the burst suppression ratio (BSR). BSR
represents the intensity of the burst suppression pattern in the
long-term EEG recordings [28]. It is calculated as

BSR = Total time of suppression
epoch length

× 100%. (6)

2.4. Statistical Analysis. To test the performance of the three
RQA indexes RR, DET, and ENTR to detect BSP in the EEG
series, the one-way ANOVA and multiple comparison tests

were performed on averaged RR values. We also compared
RR and NLEO for detecting and classifying BSP with con-
fusion matrixes [29, 30], which contains information about
actual and predicted classifications done by a classification
system.

3. Results

3.1. Choice of the Parameters. Prior to calculating a recurrent
plot index from EEG data, the phase space reconstruction
should first be determined. In consideration of the non-
stationary characteristic of the EEG signals exhibiting rather
sudden changes of state, the notion of a “correct” embedding
or delay is inappropriate—as demonstrated by Grassberger
and Schreiber [29].Therefore, we determined the embedding
dimension of EEG signals by using the false nearest neighbors
algorithm [31]. Figure 3(a) shows the false nearest neighbors
versus the dimension from 0 to 40, and the dimension is
approximately 5 at the first local minimum of false nearest
neighbors. Figure 3(b) shows a focused view of Figure 3(a).
It shows that the false nearest neighbors become stable for
𝑚 ≥ 4; thus𝑚 = 4would be the optimal choice of embedding
dimension for the phase space reconstruction.

The first local minimum of the mutual information
measure was used to determine the time delay parameter
[32, 33]. This method provides a reconstruction which max-
imally “unfolds” the dynamics. Figure 3(c) shows the mutual
information versus the lag time 0 to 40, and the delay time
𝜏 is approximately 5 at the first local minimum of mutual
information. From the focused view in Figure 3(d)we see that
𝜏 = 3 is a preferred value for the phase space reconstruction.
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Figure 3: The embedding dimension and delay time of the EEG signals during the burst suppression state. (a) The false nearest neighbors
versus the dimension with scales from 0 to 40. (b) The local plot of (a) with the dimension scales from 1 to 10. (c) The mutual information
versus the delay time with scales from 0 to 40. (d) The local plot of (c) with the delay time scales from 1 to 10.

Another crucial parameter of RP is the radius 𝑟. Conven-
tionally 𝑟 is adjusted so that therewould be sufficient numbers
of recurrence values to make the recurrence rate larger than
1%. Figure 4 shows the different RP under different radius for
an identical typical time series composed of 10 s suppression
and 10 s burst. When 𝑟 = 0.1, the RP for the suppression
part in the green box does not show an obvious recurrent
state. But when 𝑟 = 0.5 and 𝑟 = 0.7, the green box of RP for
the suppression part is filled with black dots and red box for
the burst part in the red box shows some undesirable regular
black dots. Only when 𝑟 = 0.3 does the RP for suppression
part show the required recurrent state. So 𝑟 = 0.3 is an
appropriate choice of the radius.

3.2. Comparison of Three RQA Measures. The comparison of
the three RQA measures, and, hence, selection of the BSP
index, is another important issue. Figure 5 shows the statistics
of corresponding RR, DET, and ENTR calculated on an EEG

series composed of 1000-point suppression, 1000-point burst,
and 1000-point normal signals (see Figure 1).

As can be seen in Figure 5, all the three measures
could readily distinguish the burst and suppression patterns.
However, DET and ENTR do not show significant differences
between the suppression and normal states.

To evaluate the performance of the three RQA indexes, we
applied the one-way repeated measure ANOVA and multiple
comparisons. As shown in Table 1, the difference between
values at different states for all indices is all significant (𝑃 <
0.001). However, the RR has a larger 𝐹 value and thus is the
best at the 𝑃 < 0.001 level of probability.

Multiple comparison tests showed that all three indices
could distinguish between the burst and suppression states
and the burst and normal states (difference of mean >0).
However only the RR measure could distinguish between
the suppression and normal states (the other two indexes’
difference contains 0 and thus are not significant). So the RR
measure was chosen to be the index of the BSP identification.
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Figure 4: (a) An EEG signal consists of suppression and burst; (b) the different RP under four different radiuses for the signals in (a). (A)
𝑟 = 0.1, (B) 𝑟 = 0.3, (C) 𝑟 = 0.5, and (D) 𝑟 = 0.7 with a dimension of 4 and a delay of 3.

Table 1: One-way ANOVA and multiple comparison test of three RQA indexes.

One-way ANOVA Multiple comparison test
𝐹 𝑃 [suppression burst] [suppression normal] [burst normal]

RR 1282.82 <0.001 [0.51 0.56] [0.46 0.51] [−0.08 −0.02]
DET 246.10 <0.001 [0.27 0.35] [0.25 0.32] [−0.06 0.01]
ENTR 920.06 <0.001 [1.75 1.98] [1.68 1.91] [−0.18 0.04]
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Figure 5: The boxplot of three different indexes at the burst suppression normal states. (a) The RR index, (b) The DET index. (c) The ENTR
index.

3.3. Selection of theThreshold 𝜀. In order to detect BSP quan-
titatively and automatically, the optimal value of threshold
𝜀 needs to be determined. Differences in EEG amplitude
between individual recordings will influence the threshold
selection and reduce the versatility of the algorithm. So first
we applied the normalized linear formula to the RR index
to reduce individual differences. Then all the signals were
analyzed statistically to look for the appropriate threshold.
In the suppression state, the RR shows the highest values
(0.185 to nearly 1). In the burst state the RR shows the lowest
values (<0.055), whilst in the normal state the values are
intermediate (0.055 to 0.185). Based on these values, the
suppression threshold is set to 0.185 and the burst threshold
to 0.055. Considering the influence of noise, four successive
RR values exceeding the above thresholds are required before
a burst or suppression is recognized.

3.4. Comparison of BSP Detection Methods. Four methods
(spectral analysis, bispectral analysis, approximate entropy,
and NLEO) have been employed for the detection of BSPs.
In the following section, the RR is compared with the above
mentioned four methods.

First, we discuss the spectral analysis based methods.
Figure 6(a) shows an example of 80 s burst suppression EEG
signal. Even though the frequency spectrum of the EEG sig-
nal characterizes the suppression with vertical green regions
in Figure 6(b), the spectral edge frequency 95 and median
electroencephalogram frequency do not change reliably with
the different patterns and therefore fail to detect the burst
suppression pattern (Figures 6(c)-6(d)). Conversely, the RR
and the detected bursts are clearly shown in Figures 6(e)-6(f).

The bispectral analysis is another method used for BSP
detection. In Figure 7, the bispectrum at the suppression,
burst, and normal states is plotted in the frequency-frequency
domain, where some differences in phase coupling between
some frequency bands can be seen corresponding to the
different EEG patterns. However it is noted that the bispectral
analysis is a complicated method and is very sensitive to
noise, which limits its usefulness.

Approximate entropy has also been proposed to detect
the BSP [9]. As shown in Figure 8, the normal state box-
plot is generally different from the burst and suppression
states, while the boxplots of suppression and burst states
are overlapping. Thus approximate entropy can distinguish
between the normal state and burst/suppression but could
not reliably discriminate between the burst and suppression
states. Conversely, the RR index boxplot shows no overlap
between the burst, suppression, and normal states. Thus the
RR index is superior to approximate entropy for burst and
suppression detection.

Nonlinear energy operator (NLEO) is one of the most
popular methods in burst suppression pattern detection. The
NLEO and RRmethods were used to analyze the EEG signals
of all subjects and the statistical results are shown in Table 2.
The confusion matrix between manual classification versus
RR and NLEO, respectively, is listed in Table 3. The RR
method for suppression detection has a higher agreement
withmanual results than that of the NLEO (𝑃 = 0.03, Fisher’s
exact test).

3.5. Application to EEG. To assess the changes of RR over
time, the RR of the long-term EEG records for 14 subjects was
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Table 2: The classification of manual, NLEO, and RR methods.

Manual NLEO RR
Burst 427 459 426

True burst — 408 412
False burst — 51 14

Suppression 427 395 428
True suppression — 376 413
False suppression — 19 15

obtained.TheRRwas calculated on 10 s EEGmovingwindow,
and parameters for RR were𝑚 = 4, 𝜏 = 3, and 𝑟 = 0.3.

Figure 9(a) shows a 16min EEG recording with burst
suppression patterns from one subject. RR tracks the changes
of the EEG activities over time (Figure 9(b)). The RR values
are high during the suppression phase. During the burst
phase, the RR decreases to a small value. The classified
burst/suppression states are plotted in Figure 9(c), where the
suppression is represented with 0 and the burst with 1. The
time course of BSR is shown in Figure 9(d).The BSR reveals
a progressive increase and then a decrease from 8min to
16min. This correlated well with the underlining patient
procedure.

4. Discussion

Previously, several methods have been proposed to detect the
burst suppression pattern of EEG signals [34, 35]. However,
we still need to overcome several drawbacks in the existing

methods for constructing a practical burst suppression detec-
tion system in EEG recordings. In this study, recurrent plot
(RP) is proposed to distinguish burst and suppression states
in EEG. To our knowledge, this is the first work to use the RP
to detect the burst suppression patterns in EEG. RR increased
at suppression state in our study.This result is consistent with
Ching et al.’s result. They proposed an important principle
that complexity decreases and recurrence increases during
suppression compared to the burst state [4].

The advantage of RR is that it does not have constraints
and assumptions, because it only counts similar events in
an embedded space [36]. Therefore, RR can be used to
analyze a wide range of linear or nonlinear, stationary or non-
stationary characteristic, and noisy or noiseless time signals
[16].The “traditional” methods (such as spectral analysis) fail
to detect the different states within an EEG record, as shown
in Figure 6. Other nonlinearmethods need a long, stationary,
and noiseless EEG time series and thus are not very suited
to detect transient characteristics in the EEG series, for
example, burst and suppression patterns.The entropymethod
is used to evaluate a signal’s regularity, whereas the burst
and suppression EEG signals are both relatively regular. This
explains why approximate entropy is unable to differentiate
between the burst and suppression patterns.

The RR index is not very sensitive to choice of threshold,
because it is based on the distance of different dots and is
independent of the signal amplitude. Amplitude differences
between individual recordings were eliminated through the
normalization of the RR index. In contrast, the NLEO
method is very sensitive to the choice of an appropriate
threshold. Thus we would conclude that the RR method is
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Figure 8: The boxplot of two different indexes at the burst, suppression, and normal states. (a) Approximate entropy. (b) The RR index.

Table 3: The confusion matrix between the NLEO and the RR.

NLEO RR
Burst (%) Suppression (%) Burst (%) Suppression (%)

Manual
Burst (%) 95.50 4.50 96.49 3.51
Suppression (%) 11.94 88.06 3.28 96.72
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Figure 9: (a) The long-term EEG recordings with burst suppression patterns. (b) The observation of RR over the entire EEG recordings. (c)
Suppression is represented with 0 and burst with 1 to obviously distinguish the two states. (d) The BSR is calculated.

more robust than other methods and is suitable for further
development of a BSP detector.
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