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Определение ЭКГ

Электрокардиограмма (ЭКГ) – это сигнал, отображающий электрическую
активность сердца в течении определенного периода времени.

По расположенным между зубцами интервалам P-QRS-T судят о прохождении
импульса по сердечным отделам.
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ВСР(HRV)

Вариабельность сердечного ритма (ВСР)– это сигнал, который получается
следующим образом:

Измеряются RR интервалы (tRR) секунд)

Каждая величина преобразовывается в удар/минуту 60/tRR

Задача авторов:

Определить по кардиограмме ишемическую болезнь сердца. (Ишемическая
болезнь – болезнь, которая развивается при недостаточном поступлении
кислорода к сердечной мышце по коронарным артериям. Проявлениями ИБС
могут быть: стенокардия, инфаркт миокарда, аритмии сердца, а также внезапная
сердечная смерть.)

Данные:

10 больных и 10 здоровых пациентов, для каждого пациента 1000 кардиограмм.
Частота дискретизации составляла 500 Гц.
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Предобработка сигнала

Фильтр Баттерворта (верхних частот с частотой подавления сигнала 0,3
Гц)

Фильтр Баттерворта (нижних частот с частотой подавления сигнала 15 Гц)

Медианный фильтр, при помощи которого извлекается тренд. Тренд,
который был получен при помощи медианного фильтра вычитается из
основного сигнала.

Фильтр Баттерворта

Это такие фильтры, которые проектируются так, чтобы его
амплитудно-частотная характеристика (АЧХ показывает, во сколько раз
амплитуда сигнала на выходе системы отличается от амплитуды на входе) была
максимально гладкой на частотах полосы пропускания.
Фильтр нижних частот (верхних частот) подавляет сигналы выше(ниже)
заданной частоты, и пропускает сигналы ниже(выше) заданной частоты.
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Пример работы фильтров Баттерворда

Медианный фильтр

Оконный фильтр возвращающий медианное значение внутри окна;
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Выделение R пиков с помощью алгоритма Томпкинса. Алгоритм Томпкинса
состоит из:

Фильтр нижних частот

Фильтр верхних частот

Операция дифференцирования (подавляет P и T, усиливает
высокочастотные компоненты QRS)

Возведение в квадрат

Интегрирующий фильтр, который сглаживает пики в пределах одного QRS
комплекса

PAN AND TOMPKINS: REA L-TIME QRS DETECTION ALGORITHM

the transfer function

H(z) (l/8 T) (-z-2 - 2z- + 2z' + Z2)

The amplitude response is

|H(wT)j = (1/4T) [sin (2coT) + 2 sin (cwT)].
The difference equation is [7]

y(nT) = (1/8 T) [-x(nT - 2 T) - 2x(nT - T)

Frequency (Hz)

(7)
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Fig. 4 shows that the frequency response of this derivative is
nearly linear between dc and 30 Hz (i.e., it approximates an
ideal derivative over this range). Its delay is two samples.

Squaring Function
After differentiation, the signal is squared point by point.

The equation of this operation is

1.
I

D
-0

--I

E

V
Fig. 4. Amplitude response of the digital derivative filter.

y(nT)= [x(nT)]2.
This makes all data points positive and does nonlinear amplifi-
cation of the output of the derivative emphasizing the higher
frequencies (i.e., predominantly the ECG frequencies).

Moving-Window Integration
The purpose of moving-window integration is to obtain wave-

form feature information in addition to the slope of the R wave.

It is calculated from

y(nT) = (1/N) [x(nT- (N - 1) T) +x(nT- (N - 2) T)

(W-QS)

Fig. 5. The relationship of a QRS complex to the moving integration
waveform. (a) ECG signal. (b) Output of moving-window integrator.
QS: QRS width. W: width of the integrator window.

(11)

where N is the number of samples in the width of the integra-
tion window.

Fig. 5 shows the relationship between the moving-window
integration waveform and the QRS complex. The number of
samples N in the moving window is important. Generally, the
width of the window should be approximately the same as the
widest possible QRS complex. If the window is too wide, the
integration waveform will merge the -QRS and T complexes
together. If it is too narrow, some QRS complexes will produce
several peaks in the integration waveform. These can cause dif-
ficulty in subsequent QRS detection processes. The width of
the window is determined empirically. For our sample rate
of 200 samples/s, the window is 30 samples wide (150 ms).

Fiducial Mark
The QRS complex corresponds to the rising edge of the inte-

gration waveform. The time duration of the rising edge is equal
to the width of the QRS complex. A fiducial mark for the
temporal location of the QRS complex can be determined from
this rising edge according to the desired waveform feature to
be marked such as the maximal slope or the peak oftheR wave.

Adjusting the Thresholds

The thresholds are automatically adjusted to float over the
noise. Low thresholds are possible because of the improve-
ment of the signal-to-noise ratio by the bandpass filter.

The higher of the two thresholds in each of the two sets is

used for the first analysis of the signal. The lower threshold
is used if no QRS is detected in a certain time interval so that
a search-back technique is necessary to look back in time for
the QRS complex. The set of thresholds initially applied to
the integration waveform is computed from

SPKI = 0.125 PEAKI + 0.875 SPKI

(if PEAKI is the signal peak)

NPKI = 0.125 PEAKI + 0.875 NPKI

(if PEAKI is the noise peak)

THRESHOLD Il = NPKI + 0.25 (SPKI - NPKI)

THRESHOLD I2 = 0.5 THRESHOLD Il

where all the variables refer to the integration waveform:

PEAKI is the overall peak,
SPKI is the running estimate of the signal peak,
NPKI is the running estimate of the noise peak,
THRESHOLD Il is the first threshold applied, and
THRESHOLD 12 is the second threshold applied.

(12)

(13)

(14)

(15)

A peak is a local maximum determined by observing when the
signal changes direction within a predefined time interval. The
signal peak SPKI is a peak that the algorithm has already estab-
lished to be a QRS complex. The noise peak NPKI is any peak

(10)

233

+ - * * + x(nT)]

Сканирование фрагмента сигнала, в котором ожидается R-пик на поиск
максимального значения
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Группы признаков

Признаки основанные, на Recurrence Plot

R(i , j) =

{
1 if ||x(i)− x(j)|| < ε

0 otherwise



NOVEL CLASSIFICATION OF CORONARY ARTERY DISEASE USING
HEART RATE VARIABILITY ANALYSIS
Группы признаков

Признаки основанные, на Recurrence Plot
График строится для HRV сигнала.

REC = 1
N2

∑N
i,j=0 Ri,j − плотность точек на графике

DET =

∑N
l=lmin

lP(l)∑N
i,j Ri,j

, P(l)− число диагоналей длины l , − процент точек,

которые формируют диагональные линии

Lmean =

∑N
l=lmin

lP(l)∑N
i,j P(l)

− средняя длины диагонали
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Группы признаков

Poincare Plot

Для сигнала xt , xt+1, xt+2... на графике отображаются точки (xt , xt+1), (xt+1, xt+2)
и т. д. В данном случае точками являются RR интервалы.

Признаки, основанные на Poincare Plot

Отклонение точек графика от прямой y = x . Описывает мгновенную
вариативность RR интервалов.

Отклонение точек графика от прямой y = −x − 2RRmean, RRmean −
среденее значение RR интервалов. Описывает долговременную
вариативность RR интервалов.
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Группы признаков

Detrended fluctuation analysis

X (t) =
∑k

i=1[X (i)− Xmean]. Данные сегментируются с окном размера ∆n

На каждом сегменте для данных находится полином, который наиболее
точно их предствляет(обычно линейный) и находится следующая функция

F (∆n) =
√

( 1
N

∑N
t=1[x(t)− x∆n(t)]2

Признаки, основанные на Detrended fluctuation analysis

F (∆n) для RR интервалов, затем на логарифмеческих шкалах строится
зависимость log F (∆n) от log(∆n).
Признак: угол наклона линии log F (∆n) к log(∆n).
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Группы признаков

Приближенная Энтропия(Approximate entropy)

Мера, используемая для определения числа закономерностей и
непредсказуемостей в сигнале.

Необходимо зафиксировать целое m и действительное r

x(i) = xi , xi+1, ..., xi+m−1

Cm
i = |x :d [x(i),x(j)]<=r|

N−m+1
, где d [x , x∗] = maxa|xa − x∗a |

Φm(r) = (N −m + 1)−1
∑N−m+1

i=1 log(Cm
i (r))

ApEn = Φm(r)− Φm+1(r)

Признак

Приближенная энтропия для HRV, при r = 0.2SD, m = 10
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Группы признаков

Выборочной энтропия

Выборочная энтропия описывает меру иррегулярности данных.

xm(i) = xi , xi+1, ..., xi+m−1

A = |x : d [xm+1(i), xm+1(j)] < r

B = |x : d [xm(i), xm(j)] < r

SampEn = − log A
B

Признак

Выборочная энтропия для HRV, при r = 0.2SD,m = 0, 1, .., e − 1, где B(0) = N
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Группы признаков

Энтропия Шеннона

Энтропия Шеннона в случае сигналов использует нормализированную
спектральную плотность мощности сигнала - функцию распределения
мощности сигнала в зависимости от частоты

S̃xx (ω) =
(∆t)2

T

∣∣∣ N∑
n+1

xne
−iωn

∣∣∣2; S̃norm
xx (ω) =

Sxx (ω)∑
ω Sxx (ω)

, где ∆t - интервал сэмплирования
T = N ∗∆t - полный интервал измерения сигнала
xn - дискретный сигнал.
Энтропия Шеннона считается как сумма всех произведений мощности
определенной частоты snormω и логарифма обратной величины к этой
мощности.

ShanEn =
∑
f

snormω log(1/snormω )
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Группы признаков

Short-range scaling exponent

Аналогично Detrended fluctuation analysis, только ищется не полином, а линейная
функция по методу наименьших квадратов.

Correlation dimension

xm(i) = xi , xi+1, ..., xi+m−1

g = |x : d [xm+1(i), xm+1(j)] < ε

C(r) = g
N2

D2 = lim
r→0

log C(r)

log(r)
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Отбор признаков
t-тест стьюдента
Метод главных компонент

between the features that form a directed acyclic graph and a conditional probability
table, which represents the uncertainty of relationships between the features and the
respective parents. Two steps are involved when a BN is used for classi¯cation:
learning the BN structure and learning the parameters for the structure.33

4.3.2. Naive Bayes (NB)

The Naive Bayes classi¯er is a probabilistic classi¯er based on the Bayes theorem
that has a strong assumption that the features are independent random variables.34

This assumption helps the classi¯er to compute the probabilities (probability that a
given tuple belongs to a particular class) required by the Bayes formula.

4.3.3. Support vector machine (LibSVM)

Support vector machines are another set of related supervised learning methods used
for classi¯cation. An SVM will construct a separating hyper-plane that maximizes
the margin between the input data classes which are viewed in an n-dimensional
space. To calculate the margin, two parallel hyper-planes are constructed, one on
each side of the separating hyper-plane. These two hyper-planes are computed di-
rectly using the training set. We chose SVM because of its superior generalization in
high-dimensional data and fast convergence in training.35

Table 1. Range of variance signi¯cant nonlinear features for the normal
and CAD groups.

Features Normal (Mean ! SD) CAD(Mean ! SD) p-Value

1 SD2 64.8 ! 30.1 41.2 ! 26.4 <0.0001
2 Lmean 12.7 ! 6.67 23.0 ! 17.5 <0.0001
3 REC 34.9! 11.1 49.5 ! 18.9 <0.0001
4 DET 98.0 ! 1.42 99.0 ! 1.13 <0.0001
5 ShanEn 3.22 ! 0.388 3.64 ! 0.560 <0.0001
6 ApEn 1.16 ! 0.188 1.01! 0.228 <0.0001
7 SampEn 1.53 ! 0.335 1.22 ! 0.476 <0.0001
8 !1 1.14 ! 0.235 0.865 ! 0.383 <0.0001
9 D2 2.36 ! 1.44 0.349 ! 0.416 <0.0001

Table 2. Range of variance of six principal components obtained using
0-1 normalization and PCA accounting for 95% of variance.

Principal components Normal (Mean ! SD) CAD (Mean ! SD)

1 "0.01889 ! 0.320712 "0.48805 ! 0.349908
2 0.262432 ! 0.232432 0.011774 ! 0.225043
3 "1.34019 ! 0.154243 "1.13456! 0.266746
4 0.034841 ! 0.19559 0.031956 ! 0.223662
5 "0.173088 ! 0.132831 0.255909 ! 0.124357
6 "0.41429 ! 0.111811 "0.45782 ! 0.102175

S. Dua et al.
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between the features that form a directed acyclic graph and a conditional probability
table, which represents the uncertainty of relationships between the features and the
respective parents. Two steps are involved when a BN is used for classi¯cation:
learning the BN structure and learning the parameters for the structure.33

4.3.2. Naive Bayes (NB)

The Naive Bayes classi¯er is a probabilistic classi¯er based on the Bayes theorem
that has a strong assumption that the features are independent random variables.34

This assumption helps the classi¯er to compute the probabilities (probability that a
given tuple belongs to a particular class) required by the Bayes formula.

4.3.3. Support vector machine (LibSVM)

Support vector machines are another set of related supervised learning methods used
for classi¯cation. An SVM will construct a separating hyper-plane that maximizes
the margin between the input data classes which are viewed in an n-dimensional
space. To calculate the margin, two parallel hyper-planes are constructed, one on
each side of the separating hyper-plane. These two hyper-planes are computed di-
rectly using the training set. We chose SVM because of its superior generalization in
high-dimensional data and fast convergence in training.35

Table 1. Range of variance signi¯cant nonlinear features for the normal
and CAD groups.

Features Normal (Mean ! SD) CAD(Mean ! SD) p-Value

1 SD2 64.8 ! 30.1 41.2 ! 26.4 <0.0001
2 Lmean 12.7 ! 6.67 23.0 ! 17.5 <0.0001
3 REC 34.9! 11.1 49.5 ! 18.9 <0.0001
4 DET 98.0 ! 1.42 99.0 ! 1.13 <0.0001
5 ShanEn 3.22 ! 0.388 3.64 ! 0.560 <0.0001
6 ApEn 1.16 ! 0.188 1.01! 0.228 <0.0001
7 SampEn 1.53 ! 0.335 1.22 ! 0.476 <0.0001
8 !1 1.14 ! 0.235 0.865 ! 0.383 <0.0001
9 D2 2.36 ! 1.44 0.349 ! 0.416 <0.0001

Table 2. Range of variance of six principal components obtained using
0-1 normalization and PCA accounting for 95% of variance.

Principal components Normal (Mean ! SD) CAD (Mean ! SD)

1 "0.01889 ! 0.320712 "0.48805 ! 0.349908
2 0.262432 ! 0.232432 0.011774 ! 0.225043
3 "1.34019 ! 0.154243 "1.13456! 0.266746
4 0.034841 ! 0.19559 0.031956 ! 0.223662
5 "0.173088 ! 0.132831 0.255909 ! 0.124357
6 "0.41429 ! 0.111811 "0.45782 ! 0.102175

S. Dua et al.
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the top three in the tested classi¯cation methods to be the best. It is evident from the
Figs. 5 and 6 that the ANN!MLP presents the highest classi¯cation accuracy of
89.5%, followed by the NB classi¯er (86.7%). The TP rate is also high for both
classi¯ers (90.2%).

6. Discussion

Babaoglu et al. employed binary particle swarm optimization (BPSO) and genetic
algorithm techniques to select useful features from exercise stress testing data

Fig. 6. TPR for the CAD class: 1: BN; 2: NB; 3: LibSVM; 4: ANN-MLP; 5: RBF; 6: SMO; 7: random
forest; 8: CART.

Fig. 5. Classi¯cation accuracies: 1: BN; 2: NB; 3: LibSVM; 4: ANN-MLP; 5: RBF; 6: SMO; 7: random
forest; 8: CART.

Novel Classi¯cation of Coronary Artery Disease Using Heart Rate Variability Analysis
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Bag-of-words representation for biomedical time series classification

Задача

Идентификация человека

Данные

40 человек. Частота дискретизации 250 Гц. 50 кардиограмм на каждого
человека

15 человек. 100 кардиограмм на каждого

636 J. Wang et al. / Biomedical Signal Processing and Control 8 (2013) 634– 644

Fig. 1. The flowchart of the proposed bag-of-words approach for analysis of biomedical time series.

order information of local patches (codewords) is ignored and an
image or video is represented as a histogram of codewords in the
image or video. The classical k-means clustering algorithm [18,19]
is commonly used to construct the codebook, although some other
unsupervised and supervised methods are also developed such as
mean-sift [21] and supervised Gaussian mixture models [22].

Similar to the codebook construction in image and video anal-
ysis, we cluster all the local segments from training time series
using k-means clustering to construct the codebook. The cluster-
ing centers estimated by the k-means clustering are regarded as
basis elements of the codebook, i.e., codewords. Suppose a group
of local segments X = [x1, x2, . . .,  xn], where xi ∈ Rd, are extracted
from training time series, the codebook construction by k-means
clustering is formulized as the optimization problem:

min
B∈Rd×K ,V∈RK×n

n∑

i=1

∥xi − Bvi∥2,

s.t. card(vi) = 1, |vi| = 1, ∀i, vi ≥ 0,

(1)

where B ∈ Rd×K is the clustering centers and the vector vi is the
clustering index of the local segment xi, which is a unit-basis vector
that has only one component equal to one and all the other com-
ponents are zero. The codebook B ∈ Rd×K has K codewords, each of
which is a d-length vector, the same length as the local segments.
It is worth noting that the codebook only needs to be learned once
from training data and it is universal for both training and test data.

The codebook size K is of importance to the bag-of-words repre-
sentation. A compact codebook with too few entries has a limited
discriminative ability, while a large codebook is likely to introduce
noise due to the sparsity of the codewords histogram. Therefore,
the size of the codebook should well balance the trade-off between
discrimination and noise.

2.1.3. Codewords assignment
Once the codebook is constructed, a local segment is assigned

the codeword that has minimum distance with the local segment.
Specifically, suppose that a codebook with K entries, B = {b1, b2,
. . . , bK}, is learned from the training data. A local segment xi is
assigned the cth codeword that: c∗ = argmin

j
d(bj, xi), where d(· ,

·) is the Euclidean distance function.
After each local segment is assigned a codeword, the temporal

order of local segments is ignored and a time series is represented
as a histogram of codewords in the time series, each entry of which
specifies the count of a codeword occurred in the time series. Fig. 2
illustrates the bag-of-words representation of an example EEG time
series. The figure in the first row is the example EEG time series.

The three figures in the second to fourth rows (left) are three local
segments with length of 160 extracted from the time series, and
the three figures in the second to fourth rows (right) are the corre-
sponding codewords assigned to the local segments from codebook,
which consists of 1000 codewords. The three local segments are
assigned the 432nd, 118th, and 628th codewords, respectively. The
figure in the last row is the bag-of-words representation for the
time series, each entry of which gives the count of a codeword
occurred in the time series.

2.2. Classifier

Some discriminative classifiers such as Artificial Neural
Networks (ANN) [13], Support Vector Machine (SVM) [23], and
Probabilistic Neural Networks (PNN) [14] are widely used for
biomedical signal classification. In this paper, we use the simplest
classifier, i.e., the 1-Nearest Neighbor (1-NN) classifier. Let t be a test
time series and Ri represents the time series from the ith category.
The test data is determined as the class C of the training sample that
has minimal distance with the test data, i.e., C∗ = argmin

i
D(t, Ri),

where D(· , ·) is the similarity measure that is defined in the follow-
ing.

It should be noted that the proposed bag-of-words represen-
tation is not limited to be used with the 1-NN classifier. The
bag-of-words representation can be also input to some more
promising classifiers such as the SVM, ANN and Decision Tree clas-
sifiers to improve the classification performance. Since our goal in
this paper is to investigate the effectiveness of the bag-of-words
representation, we used the simplest 1-NN for classification in the
paper.

2.3. Similarity measure

Many similarity measures have been proposed for histograms
comparison. In the following, we describe four commonly used sim-
ilarity measures for distance measurement of two  bag-of-words
representations.

2.3.1. Euclidean distance
The Euclidean distance between histogram h and histogram k

is defined as:

DL2 (h, k) =

(∑

i

∣∣h(i) − k(i)
∣∣2
)1/2

, (2)
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Локальная сегментация

Окно заданной длины n.
Нормализация каждого локального сегмента.
Для каждого локального сегмента берутся его аппроксимирующие
коэффициенты дискретного вейвлет вейвлет-преобразования.

Дискретное вейвлет-преобразование

Вейвлеты − это обобщенное название временных функций, имеющих вид
короткой волны той или иной формы.
Вейвлет-преобразование − разложение по базису, состоящему из вейвлетов.∫ +∞
−∞ Ψ(t)dt = 0

∫ +∞
−∞ |Ψ(t)|2dt < inf

y [n] = (x ∗ g)[n] =
∞∑

k=−∞
x[k]g [n − k]

ylow[n] =
∞∑

k=−∞
x[k]g [2n − k] − коэффиценты аппроксимации

yhigh[n] =
∞∑

k=−∞
x[k]h[2n − k] − коэффиценты детализации
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Формирование кодовых слов. Кластеризация k-means. B = b1, b2, ..., bk

c = argminjd(bj , xi )

Признаки: мешок слов

Классификация: 1-NN

Виды мер расстояния между гистограммами:
Евклидовая метрика

DL2
(h, k) =

(∑
i

|h(i)− k(u)|2
)1/2

Расстояние гистограм по пересечению

DHI (h|k) = 1−
∑
i

max(h(i), k(i))

h, k − нормализованные гистограммы Чем больше гистограммы
пересекаются, тем меньше будет расстояние гистограмм по пересечению.
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Меры расстояния

Хи-квадрат метрика

Dχ2 (h, k) =
∑
i

|h(i)− k(i)|2

h(u) + k(u) + ε

ε - малое число для избежания деления на ноль.
Хи-квадрат метрика нормирует расстояние между двумя элементами
гистограммы на суммарное количество элементов в этой корзине.
Позволяет уменьшить влияние на меру часто используемых стоп-слов,
различное употребление использование которых не несет много
информации.
Расстояние Дженсена-Шеннона
Гистограмму можно сравнить с помощью методов сравнения дискретных
случайных - например дивергенции Кульбаха-Лейбнера.

DKL(h|k) =
∑
i

h(i)(log2 h(i)− log2 k(i))

Расстояние Дженсена-Шеннона использует дивергенцию
Кульбаха-Лейбнера и составляет симметричную относительно параметров
формулу.

DJS =
1

2
(DKL(h|k) + DKL(k|h))



Bag-of-words representation for biomedical time series classification
Результаты
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Fig. 3. Example EEG sequences from each of the five classes.

Fig. 4. Classification accuracies with respect to the length of segments on the EEG (a), ECG-40 (b) and ECG-15 (c) datasets, respectively.
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Fig. 3. Example EEG sequences from each of the five classes.

Fig. 4. Classification accuracies with respect to the length of segments on the EEG (a), ECG-40 (b) and ECG-15 (c) datasets, respectively.
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Fig. 5. Classification accuracies with respect to the codebook size on the EEG (a), ECG-40 (b) and ECG-15 (c) datasets, respectively.

4.4. Comparison with classical methods

We  compared the performance of the proposed bag-of-words
representation with that of the DWT  representation [14], the
DFT representation [30], and the NN classifier based on the DTW
distance [31]. In addition, we also compared the proposed bag-of-
words representation with the bag-of-patterns representation [15],
which is very similar to the proposed approach.

• DWT  that represents a signal in multiresolution is able to capture
both frequency and location information of time series. Similar
to the DWT  based feature used in [14], we used the Daubechies
wavelet (db2) and decomposed the time series into 4 levels. The
detail wavelet coefficients of the four levels and the approxima-
tion wavelet coefficients of the fourth level are concatenated to
form the final representation.

• DFT is a widely used transformation technique to extract fre-
quency information from time series. We  transformed the
original time series into the frequency domain and extracted the
DFT coefficients as features.

• DTW that uses dynamic programming technique to determine
the best alignment of two sequences is able to deal with temporal
drift between time series. The distance matrix of each pair of the
test time series and the training time series is calculated based
on the unconstrained DTW. This distance matrix is used as input
of the NN classifier.

• The BoP representation that represents a time series as a
histogram of local patterns is very similar to the proposed

bag-of-words representation. The size of alphabet ! and the num-
ber of symbols w are empirically set to 4 and 6, respectively. We
varied the length of local segments in the bag-of-patterns repre-
sentation from 16 to 320 with a step of 16. The best accuracy is
reported for comparison.

Since the time series in the ECG-15 datasets have different
lengths (2048–4096), we  resized all the time series to the same
length of 4096 using bilinear interpolation so that the DWT  and
DFT based features have the same dimension. When calculating the
DTW distance, we reduced all the time series in the three datasets
to the length of 820 with a downsampling rate of about 5 because
DTW is computationally expensive.

Table 2 summarizes the best results achieved by the proposed
approach and the other methods. It can be seen that the pro-
posed approach achieves the highest accuracies (93.8% on the
EEG dataset, 99.5% on the ECG-40 dataset, and 100% on the ECG-
15 dataset, respectively), which illustrate the effectiveness of the

Table 2
Comparison of results on the three datasets using different methods.

Methods EEG ECG-40 ECG-15

DWT  76.0 ± 4.8 25.1 ± 4.8 20.1 ± 4.4
DFT 91.6 ± 3.5 85.6 ± 2.3 60.6 ± 3.2
DTW 71.6 ± 5.3 74.5 ± 3.5 85.5 ± 2.7
BoP [15] 87.8 ± 2.3 99.4 ± 0.9 99.8 ± 0.3

Proposed method 93.8 ± 2.1 99.5 ± 0.5 100 ± 0

(c) ecg-15
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Fig. 5. Classification accuracies with respect to the codebook size on the EEG (a), ECG-40 (b) and ECG-15 (c) datasets, respectively.

4.4. Comparison with classical methods

We  compared the performance of the proposed bag-of-words
representation with that of the DWT  representation [14], the
DFT representation [30], and the NN classifier based on the DTW
distance [31]. In addition, we also compared the proposed bag-of-
words representation with the bag-of-patterns representation [15],
which is very similar to the proposed approach.

• DWT  that represents a signal in multiresolution is able to capture
both frequency and location information of time series. Similar
to the DWT  based feature used in [14], we used the Daubechies
wavelet (db2) and decomposed the time series into 4 levels. The
detail wavelet coefficients of the four levels and the approxima-
tion wavelet coefficients of the fourth level are concatenated to
form the final representation.

• DFT is a widely used transformation technique to extract fre-
quency information from time series. We  transformed the
original time series into the frequency domain and extracted the
DFT coefficients as features.

• DTW that uses dynamic programming technique to determine
the best alignment of two sequences is able to deal with temporal
drift between time series. The distance matrix of each pair of the
test time series and the training time series is calculated based
on the unconstrained DTW. This distance matrix is used as input
of the NN classifier.

• The BoP representation that represents a time series as a
histogram of local patterns is very similar to the proposed

bag-of-words representation. The size of alphabet ! and the num-
ber of symbols w are empirically set to 4 and 6, respectively. We
varied the length of local segments in the bag-of-patterns repre-
sentation from 16 to 320 with a step of 16. The best accuracy is
reported for comparison.

Since the time series in the ECG-15 datasets have different
lengths (2048–4096), we  resized all the time series to the same
length of 4096 using bilinear interpolation so that the DWT  and
DFT based features have the same dimension. When calculating the
DTW distance, we reduced all the time series in the three datasets
to the length of 820 with a downsampling rate of about 5 because
DTW is computationally expensive.

Table 2 summarizes the best results achieved by the proposed
approach and the other methods. It can be seen that the pro-
posed approach achieves the highest accuracies (93.8% on the
EEG dataset, 99.5% on the ECG-40 dataset, and 100% on the ECG-
15 dataset, respectively), which illustrate the effectiveness of the

Table 2
Comparison of results on the three datasets using different methods.

Methods EEG ECG-40 ECG-15

DWT  76.0 ± 4.8 25.1 ± 4.8 20.1 ± 4.4
DFT 91.6 ± 3.5 85.6 ± 2.3 60.6 ± 3.2
DTW 71.6 ± 5.3 74.5 ± 3.5 85.5 ± 2.7
BoP [15] 87.8 ± 2.3 99.4 ± 0.9 99.8 ± 0.3

Proposed method 93.8 ± 2.1 99.5 ± 0.5 100 ± 0

(d) ecg-40
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Fig. 6. Classification accuracies using different distance measures on the EEG (a), ECG-40 (b) and ECG-15 (c) datasets, respectively. The figure is best viewed in color. (For
interpretation of the references to color in this figure legend, the reader is referred to the web  version of the article.)

bag-of-words representation. The BoP representation obtains com-
parable accuracies on the ECG-40 and the ECG-15 datasets with that
by the bag-of-words representation. However, the proposed bag-
of-words representation performs significantly better than the BoP
representation on the EEG dataset. The DFT feature and DTW dis-
tance methods outperform the DWT  based method. This is probably
because that the DFT and DTW can better deal with temporal sift
between sequences than the DWT.

4.5. Comparison with previous epilepsy detection methods

The EEG dataset used in our experiment is a popular dataset for
automatic epileptic seizure classification and localization. Table 3
provides a comparison of the classification accuracies between
the proposed bag-of-words method and previous state-of-the-art
approaches in the literature. It should be noticed that the compari-
son is not direct, since the aim of our method is to classify the time
series at sequence level, while the other methods are to classify seg-
ments extracted from the time series. Some works used only several
subsets of the whole EEG dataset to construct a 2-class dataset,
while others used the whole EEG dataset with 5 classes.

From the table, we can see that the bag-of-words method
outperforms most of the other methods. For the 5-class classi-
fication where the whole EEG dataset is used, the classification
accuracies of support vector machine (SVM), probabilistic neu-
ral network (PNN) and multilayer perception neural network
(MLPNN) with raw data are 75.60%, 72.00% and 68.80% [23],
respectively. When features extracted from DWT  and lya-
punov exponents are used, the corresponding accuracies increase

to 99.28%, 98.05% and 93.63% [23], respectively. The result
obtained by the proposed bag-of-words representation with the
simplest NN classifier is slightly lower than those achieved by SVM
and PNN with features based on DWT  and lyapunov exponents.
However, it is slightly higher than the result obtained by MLPNN
(93.63%) with features based on DWT  and lyapunov exponents.

4.6. Comparison with previous human identification methods

Human identification from ECG signals has been extensively
investigated in the literature [35,36,40,41,43]. Table 4 compares
the proposed method with previous state-of-the-art methods for
human identification from ECG signals.1 It can be seen that the pro-
posed method achieved comparable or higher accuracy comparing
to the state-of-the-art methods.

One advantage of the proposed bag-of-words representation
is that it does not require segmentation of individual heartbeats
or detection of any fiducial points. By contrast, the other method
except the one in [44] need to segment individual heartbeats or
detect fiducial points to extract discriminative features, which is
an arduous procedure, especially for ECG signals contaminated
by noise. For instance, the method in [40] segmented individual
heartbeats and applied the principal component analysis (PCA)
for feature extraction. The method in [41] detected the R peak
to retrieve ECG waveform for characterizing a whole ECG signal.

1 Since most datasets and source code in the previous works are publicly unavail-
able, the comparison is not directly performed on the same dataset.

(e) ecg-15
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bag-of-words representation. The BoP representation obtains com-
parable accuracies on the ECG-40 and the ECG-15 datasets with that
by the bag-of-words representation. However, the proposed bag-
of-words representation performs significantly better than the BoP
representation on the EEG dataset. The DFT feature and DTW dis-
tance methods outperform the DWT  based method. This is probably
because that the DFT and DTW can better deal with temporal sift
between sequences than the DWT.

4.5. Comparison with previous epilepsy detection methods

The EEG dataset used in our experiment is a popular dataset for
automatic epileptic seizure classification and localization. Table 3
provides a comparison of the classification accuracies between
the proposed bag-of-words method and previous state-of-the-art
approaches in the literature. It should be noticed that the compari-
son is not direct, since the aim of our method is to classify the time
series at sequence level, while the other methods are to classify seg-
ments extracted from the time series. Some works used only several
subsets of the whole EEG dataset to construct a 2-class dataset,
while others used the whole EEG dataset with 5 classes.

From the table, we can see that the bag-of-words method
outperforms most of the other methods. For the 5-class classi-
fication where the whole EEG dataset is used, the classification
accuracies of support vector machine (SVM), probabilistic neu-
ral network (PNN) and multilayer perception neural network
(MLPNN) with raw data are 75.60%, 72.00% and 68.80% [23],
respectively. When features extracted from DWT  and lya-
punov exponents are used, the corresponding accuracies increase

to 99.28%, 98.05% and 93.63% [23], respectively. The result
obtained by the proposed bag-of-words representation with the
simplest NN classifier is slightly lower than those achieved by SVM
and PNN with features based on DWT  and lyapunov exponents.
However, it is slightly higher than the result obtained by MLPNN
(93.63%) with features based on DWT  and lyapunov exponents.

4.6. Comparison with previous human identification methods

Human identification from ECG signals has been extensively
investigated in the literature [35,36,40,41,43]. Table 4 compares
the proposed method with previous state-of-the-art methods for
human identification from ECG signals.1 It can be seen that the pro-
posed method achieved comparable or higher accuracy comparing
to the state-of-the-art methods.

One advantage of the proposed bag-of-words representation
is that it does not require segmentation of individual heartbeats
or detection of any fiducial points. By contrast, the other method
except the one in [44] need to segment individual heartbeats or
detect fiducial points to extract discriminative features, which is
an arduous procedure, especially for ECG signals contaminated
by noise. For instance, the method in [40] segmented individual
heartbeats and applied the principal component analysis (PCA)
for feature extraction. The method in [41] detected the R peak
to retrieve ECG waveform for characterizing a whole ECG signal.

1 Since most datasets and source code in the previous works are publicly unavail-
able, the comparison is not directly performed on the same dataset.
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