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Heartbeat Case Determination Using Fuzzy Logic Method on ECG Signals

Yun-Chi Yeh, Wen-June Wang, and Che Wun Chiou

Abstract

This study proposes Fuzzy Logic Method (FLM) to
analyze ECG signals for determining the heartbeat
case. The proposed method can accurately classify
and distinguish both normal heartbeats (NORM) and
abnormal heartbeats. The so called abnormal heart-
beats include the left bundle branch block (LBBB),
the right bundle branch block (RBBB), the ventricu-
lar premature contractions (VPC), and the atrial
premature contractions (APC). ECG signal analysis
comprises three main stages: (i) the qualitative fea-
tures stage for qualitative feature selection of an
ECG signal; (ii) fuzzy rules base establishment; and
(iii) the classification stage for determining patient
heartbeat cases. The fuzzy rules base receives four
qualitative features of an ECG signal as its inputs
and generates one output “heartbeat case”. Through
fuzzy inference engine and defuzzification operations,
we can make a decision to determine the heartbeat
case of the patient’s heart disease. The ECG records
available in the MIT-BIH arrhythmia database are
utilized to illustrate the effectiveness of the proposed
method. In the experiments, the sensitivities were
95.06%0, 91.03%, 90.50%, 92.63% and 93.77% for
NORM, LBBB, RBBB, VPC and APC, respectively.
The total classification accuracy (TCA) was ap-
proximately 93.78%.

Keywords: ECG signal, MIT-BIH arrhythmia database,
cardiac arrhythmias, Fuzzy Logic.

1. Introduction

An electrocardiogram (ECG) signal is the manifestation
of the myocardium electrical activity on the body surface,
which appears as a nearly periodic signal. Traditionally, the
ECG cycle is labeled using the letters P, Q, R, S, and T for
the individual peaks of the whole cycle’s waveform (see
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Fig. 1) [1]. There have been several investigations dealing
with the analysis of ECG signals for cardiac arrhythmia.
For instance, some of the most popular descriptors which
are based on assessment of the QRS complex morphology
using pattern recognition methods have been proposed [2,
3]. The paper in [4-6] proposed some signal detection
methods for discriminate cardiac arrhythmia in the time or
frequency domain. Different transforms such as Hilbert
transform [7], Hidden Markov Models [8], cross-distance
analysis [9], wavelet transform [10], and Hermite function
[11] automatically detect, classify and analyze ECG beat.
Methods by using artificial neural networks to discriminate
the cardiac arrhythmia are proposed in [12-15]. The paper
in [16] proposed the self-organizing maps for classification
of cardiac arrhythmias. This study proposes a simple, fast
and reliable Fuzzy Logic Method (FLM) to analyze ECG
signals for determining the heartbeat case. Fuzzy Logic
theory [17] is widely adopted in various fields, such as
pole-balancing robot control, electric washing machine
control, speech recognition, image retrieval and pattern
recognition.

In this study, analyzing the ECG signal using the FLM
consists of three main stages: (i) the qualitative features
stage for qualitative feature selection of an ECG signal; (ii)
fuzzy rules base establishment; and (iii) the classification
stage for determining patient heartbeat cases.

The paper is organized as follows. In Section 2, the
qualitative feature selection of an ECG signal is introduced.
Section 3 describes the fuzzy logic based diagnosis, and the
effectiveness of the proposed method is evaluated in Sec-
tion 4. The paper is briefly concluded in Section 5.
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Fig. 1. The PQRST complex features:
(1) F1: H-QR; (2) I, : H-RS; (3) F5: QRS-dur;(4) £ :

QTP-int; (5) £ : Ratio-RR; (6) [ : Slope-QR; (7) F; :
Slope-RS; (8) f3: Area-QRS; (9) £y : Area-R'ST".
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2. Qualitative features stages

This section describes two qualitative features stage in
the following, namely PQRST complex feature extrac-
tion and the qualitative feature selection.

2.1. PORST Complex Feature Extraction

The PQRST complex features in an ECG signal are
the location, duration, amplitudes and shapes of the
waves. These features can be recognized by experienced
cardio-doctors for diagnosing human heart diseases [18].
Table 1 lists nine selected PQRST complex features
based on many experiments, and Fig. 1 shows their
waveforms. Let F; =1, 2, ..., 9, denote the PQRST com-
plex features “H-QR”, “H-RS”, “QRS-dur”, “QTP-int”,
“Ratio-RR”, “Slope-QR”, “Slope-RS”, “Area -QRS” and
“Area-R'ST', respectively (see Fig. 1).

NORM, LBBB, RBBB, VPC, and APC are symbols
for labeling each heart “beat”, which can have different
rhythms in different time sections. Table 2 lists annota-
tions of the MIT-BIH database. For instance, Tape No.
103 contains two cases of beats (NORM and APC). This
study adopted four records of the NORM case: Tape No.
103 (2083 NORM beats), N0.113 (1789 NORM beats),
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No0.123 (1515 NORM beats), and N0.234 (2700 NORM
beats) (see Table 2) as examples to explain how to cal-
culate the range of each complex feature value. For Tape
No0.103, 30-minute long ECG signals are selected. The
ranges of the PQRST complex feature values are listed
in Table 3. The same process is applied to the other three
NORM cases, and then nine complex features of these
files are united to obtain the results of the four records
listed in Table 4. The same process is also applied to the
abnormal heart ECG signals, and thus the following re-
cords are provided: (1) two records of the left bundle
branch block (LBBB) case (Tape No.111 (2123 LBBB
beats) and No.214 (2002 LBBB beats)); (2) three records
of the right bundle branch block (RBBB) case (Tape No.
118 (2166 RBBB beats), No.212 (675 RBBB beats) and
No0.231 (562 RBBB beats)); (3) three records of ven-
tricular premature contractions (VPC) case (Tape
No0.200 (826 VPC beats), No.221 (396 VPC beats) and
No. 233(831 VPC beats)); and (4) two records of atrial
premature contractions (APC) case (Tape No.222 (209
APC beats) and No0.232 (1382 APC beats)). Figure 2
shows the ranges of the PQRST complex feature values
for each case.

Table 1. Description of the PQRST complex features.

Feature’s Feature’s e .
. Feature description. Units.
serial No. symbol
1 H-QR The amplitude between Q and R in a QRS complex. mV
2 H-RS The amplitude between R and S in a QRS complex. mV
3 QRS-dur The time duration between Q and S in a QRS complex. ms
4 QTP-int The time duration between Qand T'in a QRS complex. ms
5 Ratio-RR The ratio of RRs and RRa, RRs is the length of a single RR-interval and RRa is the average length
of all RR-intervals. _
6 Slope-QR The slope between Q and R in a QRS complex. mV/ms
7 Slope-RS The slope between R and S in a QRS complex. mV/ms
8 Area-QRS The area of QRS complex. mVx ms
9 Area-R'ST' The area of R', S, and T' in a QRS complex. The point R" is the previous point which has the same
amplitude as the point T". mVx ms
Table 2. Annotations of the MIT-BIH database (“-“represents no such heartbeat case in this Tape).
Tape beats Heartbeat case
No. (30-min long) NORM LBBB RBBB VPC APC
103 2085 2083 - - - 2
113 1795 1789 - 6
123 1518 1515 3 -
234 2753 2700 - 3 50
111 2124 - 2123 1 -
214 2258 2002 - 256 -
118 2278 - - 2166 16 96
212 2748 2073 675 - -
231 1571 1007 562 2 -
200 2599 1743 - 826 30
221 2427 2031 396 -
233 3068 2230 831 7
222 2483 2274 - 209
232 1780 398 1382
Total 31487 19843 4125 3403 2334 1782

beats
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Table 3. The ranges of the PQRST complex feature values for Tape No. 103.
Total beats: H-QR H-RS QRS QTP Ratio Slope Slope Area Area
2083 -dur -int -RR -QR -RS -QRS -R'ST'
Minimum 2.125 2.050 44.0 58.0 0. 828 0.061 0. 079 51.81 2.70
Maximum 2. 665 2.625 64.0 75.0 1.145 0. 095 0. 156 79. 20 6.01
Unit mV mV ms ms - mV/ms mV/ms mVX ms mVX ms
Table 4. The ranges of the PQRST complex feature values for NORM case.
Total H-OR H-RS QRS QTP Ratio Slope Slope Area Area
beats: 8087 -dur -int -RR -QR -RS -QRS -R'ST
Minimum 0. 695 0. 800 33.0 43.0 0. 800 0.019 0.017 20.0 0.00
Maximum 2.690 3. 645 79.0 90.0 1. 200 0.134 0.214 82.0 24.50
Unit mV mV ms ms - mV / ms mV / ms mV x ms mV x ms
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Fig. 2. The feature value range of each PQRST complex feature for each heartbeat case of the corresponding feature range:
(a) Ry H-OR; (b) Ry: H-RS; (¢) Rs: QRS-dur (d) R4: QTP-int; (e) Rs: Ratio-RR; (f) Re: Slope-QR; (g) R+: Slope-RS;
(h) Rg: Area —QRS; (i) Rg: Area-R'ST'. (Note: 1: minimum value, 2: mean value, 3: maximum value)
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2.2. Qualitative Feature Selection

After providing the PQRST complex features, the
next important task is the qualitative feature selection.
The goal of qualitative feature selection is to find the
optimal subset consisting of m selected features among a
total »n features, where m < n. The procedure for per-
forming QFS (qualitative feature selection) is depicted as
follows.
Procedure-QFS:
Step 0: Define R; ;

Let R; ; denote the feature value range of the ith
PQRST complex feature for the jth heartbeat case. The

sub-index i is defined as the same as that of F;. The

sub-index j = 1, 2, 3, 4, 5 denotes the case of “NORM”,
“LBBB”, “RBBB”, “VPC” and “APC”, respectively (see

Fig. 2). For instance, R, ;= [0.695, 2.69] mV, R ,=
[0.205, 2.06] mV, R;;= [0.695 2.24] mV, R ,=
[0.105, 3.095] mV, and R 5=1[0.275, 1.870] mV in Fig.
2(a).

Step 1: Obtain feature F; using the following algorithm:
If Ezl, then feature F; (see Fig. 1) is obtained for

1<i<9,1<k<5,1<;<5 k#j where R=R,, "R,
and the index i, j (or k) is defined as the same as that of
R ..

1J
Remark Step 1: Let R=R,; "R, ; =1 if the two fea-
ture value ranges R; and R, ; do not overlap. Thus,

feature F. is obtained to discriminate heartbeats case-k

and case-j, and NF; is increased by 1, where NF;
denotes the total number of cases in which feature F,
can discriminate two disjoint heartbeats case-k and
case-j. For instance, if Ril = [33, 79] msec, R3,2: [86,
153] msec (see Fig. 2(c)), then Iaé:RmmRs’2 =1,
meaning that feature F; (“*QRS-dur”) can discriminate
heartbeats case-1 (NORM case) and case-2 (LBBB case).
Similarly, let R=R,, "R, =0 if R, and R,
overlap, that is, feature /. is not obtained and heartbeats

1

case-k and case-j cannot be discriminated. In this case,
the value of NF, remains unchanged. For instance, if

R, ;= [0.695, 2.69] mV, R, ,= [0.205, 2.06] mV (see
Fig. 2(a)), then R = R, , "R, , =0, meaning that fea-

ture F; (“H-QR”) cannot discriminate heartbeats
case-1 (NORM case) and case-2 (LBBB case).
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Step 2: Sort NF,, i=1,2,---, 9, with the order of
decreasing values, and then select the index with the
highest value, that is,

i=arg{Max(NF)), i=1,2,---, 9} Q)

For instance, suppose that NF, =6, NF,=1, NF;=3,
the sorted sequence becomes NF;, NF; and NF, .
Thus, the index with the biggest value is NF; and the
sequence of sub-indexes NF; with the order of de-
creasing values of NF; is1, 3, and 2.

Step 3: Obtain qualitative feature £ .

A feature I, is selected as a qualitative feature if it sat-
isfies both the following conditions:
Condition 1: Feature F; can discriminate heartbeats

case-k and case-j, where sub-indexes i are obtained from
Step 2.

Condition 2: The qualitative feature for discriminate
between heartbeats case-k and case- j is not found yet,
where k,j=1,2,3,4,5,and k # .

If the feature F; is selected as qualitative feature, then
both heartbeat cases & and ; are recorded in data items

for the feature /; and OUT F; (thatis, F, is a qualita-

tive feature). If the feature /; can not be selected as

gualitative feature, then go to Step 4.

Remark Step 3: Index k and j = 1, 2, 3, 4, 5 denote the
heartbeat cases of “NORM”, “LBBB”, “RBBB”, “VPC”
and “APC”, respectively.

Step 4. Obtain the next qualitative feature.

If the qualitative features obtained from Step 3 are
enough to discriminate each heartbeat case, and then go
to Step 5, otherwise go to Step 3.

Step 5: End QFS.

Four qualitative features QRS-dur, QTP-int, Ratio-RR,
and Area-R'ST" were selected after performing the above
procedure QFS. Each heartbeat case had its own range of
values for each qualitative feature, as shown in Fig. 2(c),
2(d), 2(e) and 2(i). Thus, these specific value ranges can
be adopted to determine whether the patient has the case
of cardiac arrhythmia by the FLM.

3. Fuzzy Logic Based Diagnosis

In this section, a fuzzy logic for the diagnosis of the
cardiac arrhythmia is introduced. The fuzzy logic in-
cludes four parts: fuzzy sets definition, fuzzy rule base
establishment, fuzzy inference engine design, and de-
fuzzification (see Fig. 3) [17, 19, 20]. The input vari-
ables of the fuzzy rule base are four qualitative features
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such as “QRS-dur”, “QTP-int”, “Ratio-RR”, and
“Area-R'ST" “(see Fig. 2(c), 2(d), 2(e) and 2(i)). The
output variable is “heartbeat case” which has five cases
of NORM, LBBB, RBBB, VPC, and APC.

Fuzzy Rules Base
(FRB)

Fuzzy Inference Mechanism (FIM)

Fuzzy Inference i
Fuzzy Sefs Fugine — Defuzzification

Input— —» (utput

Fig. 3. Block diagram of fuzzy logic system.

Table 5. Fuzzy rules Table (According to the order of the
mean values in Fig. 2(c), 2(d), 2(e) and 2(i)).

Heartbeat Qualitative Features

case QRS-dur QTP-int Ratio-RR Area-R'ST'
NORM PM PS PB PM
LBBB PE PE PE PB
RBBB PB PB PV PE
VPC PV PV PS PV
APC PS PM PM PS

First, let us define the fuzzy sets for the four features.
According to the order of the mean values in Fig. 2(c),
2(d), 2(e) and 2(i), we set five fuzzy sets, termed “posi-
tive small (PS)”, “positive median (PM)”, “positive big
(PB)”, “positive very-big (PV)”, and “positive enormous
(PE)” for each heartbeat case as shown in Table 5. The
core and the support of each fuzzy set are the corre-
sponding mean value and the interval [u, v], respectively,
where u (v) is the smallest (largest) value of the corre-
sponding feature range in Fig. 2(c), 2(d), 2(e) and 2(i).
The X-axis of each figure is the feature value and the
Y-axis represents the membership degree (see Fig. 4).
The triangular shape membership functions are chosen
because of their simple calculation in the fuzzy inference
engine. The membership functions of the input variable
“QRS-dur” (see Fig. 4(a)) are presented as EQs. (2-6),
respectively. The fuzzy sets” membership function is
defined as follows:

(@) “PS” (APC case): (see R;;: Mean value: 54.3,
Range: 34.0-61.0 in Fig. 2(c))
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x-340 _x-340 a0 yc<543
54.3-34.0  20.3 @)

A (x)= 00— _BLO0-x s <10
61.0-54.3 6.7

0, otherwise

Based on Eg. (2), Table 5, and Fig. 2(c), “PS” is
derived and shown in Fig. 4(a). In Fig. 4(a), values
34.0, 61.0 and 54.3 are the smallest, largest, and mean
value for the APC case, respectively.

(b) “PM” (NORM case): (see R,,: Mean value: 55.0,
Range: 33.0-79.0 in Fig. 2(c))

x=33.0 _x-33.0 .00 650
55.0-33.0 22.0 3)

A, (x)=1000-x _0-x gy o <790
79.0-55.0  24.0

0, otherwise

Based on Eg. (3), Table 5, and Fig. 2(c), “PM” is
derived and shown in Fig. 4(a). In Fig. 4(a), values
33.0, 79.0 and 55.0 are the smallest, largest, and mean
value for the NORM case, respectively.

(c) “PB” (RBBB case): (see R, ;: Mean value: 74.6,
Range: 46.0-130.0 in Fig. 2(c))

X460 _x-46.0 o0 4g
746-46.0  28.6 (@)

A,(x)= 1300-x _1830.0-% .74 6. 4<130.0
130 0-74 .6 55 .4

0, otherwise

Based on Eq. (4), Table 5, and Fig. 2(c), “PB” is
derived and shown in Fig. 4(a).
(d) “PE” (LBBB case): (see R, ,: Mean value: 109.2,

Range: 86.0-153.0 in Fig. 2(c))

x—860 _x-86.0 . g50 <1092
109.2-86.0  23.2 -
A, (x)={223:0-x  _188.0-x g 5 v <153.0
153.0-109.2  43.8
0, otherwise

Based on Eq.(5) , Table 5, and Fig. 2(c), “PE” is
derived and shown in Fig. 4(a).
(e) “PV” (VPC case): (see R;,: Mean value: 120.4,

Range: 52.0-210.0 in Fig. 2(c))

X520 _x-52.0 o550 y<120.4
120.4-52.0  68.4 (6)
Ay (x)=]220.0-x _210.0-x oinh 4 v <210.0
210.0-120.4  89.6

0, otherwise
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Fig.4. The fuzzy sets of input variables: (a) QRS-dur; (b) QTP-int; (c) Ratio-RR; (d) Area-R'ST".

Based on Eq. (6), Table 5, and Fig. 2(c), “PV” is derived
and shown in Fig. 4(a).

By repeating the same process, the triangles of all other
input variables can be revealed (see Fig. 4(b)-4(d)).

~NORM LEBEEE EEEE WPC APC
1 ]

2 4 5 8 10 ¥

Fig. 5. The membership functions of the output y.

The membership functions of the output y (“heartbeat
case”) with labels “NORM”, “LBBB”, “RBBB”, “VPC”,
and “APC” are all singletons as shown in Fig. 5. Ac-
cording to the fuzzy rules Table (see Table 5), the five
fuzzy rules for the diagnosis of the cardiac arrhythmia
can be constructed as follows:

Rule 1: IF QRS-dur is PM, and QTP-int is PS, and
Ratio-RR is PB, and Area-R'ST' is PM, THEN
Heartbeat case is NORM (see NORM case in
Table 5).

Rule 2: IF QRS-dur is PE, and QTP-int is PE, and
Ratio-RR is PE, and Area-R'ST' is PB, THEN
Heartbeat case is LBBB (see LBBB case in Table
5).

Rule 3: IF QRS-dur is PB, and QTP-int is PB, and
Ratio-RR is PV, and Area-R'ST" is PE, THEN

Heartbeat case is RBBB (see RBBB case in Ta-
ble 5).

Rule 4: IF QRS-dur is PV, and QTP-int is PV, and
Ratio-RR is PS, and Area-R'ST' is PV, THEN
Heartbeat case is VPC (see VPC case in Table 5).

Rule 5: IF QRS-dur is PS, and QTP-int is PM, and
Ratio-RR is PM, and Area-R'ST' is PS, THEN
Heartbeat case is APC (see APC case in Table 5).

By using minimum fuzzy inference engine, we have the

following result [19, 20].

B'(y) = QRS-durem(x;) A QTP-intes(x,) A
Ratio-RRpg(x;) A Area-R'ST'sw(x,) ANORM(y)  (7)
B*(y) = QRS-durpe(x;) A QTP-intee(x,) A
Ratio-RRpe( x5 ) A Area-R'ST'pg(x, ) A LBBB(Y) (8)
B%(y) = QRS-durps(x,) A QTP-intes(x,) A
Ratio-RRpy( x,) A Area-R'ST're(x,) A RBBB(Y) 9)
B*(y) = QRS-durpy(x;) A QTP-intey(x,) A

Ratio-RRps(x;) A Area-R'ST'py(x,) A VPC(Y) (10)
B>(y) = QRS-durps(x;) A QTP-intem(x,) A
Ratio-RRpm(x5) A Area-R'ST'ps(x,) A APC(Y) (11)

where x;,j=1 2,3, 4represent the values of four quali-

tative feature values, respectively. Let us union all
B'(y), i =1, 2, 3, 4,5, to obtain the final output fuzzy
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set B'(y) with maximum operation as follows
5 .
B'(y) = maxB'(y) (12)

Finally, the defuzzification of the center of gravity (COG)
is applied to get the final output y~
5

ZYi 'BI(Yi)
y* _ i:15 (13)
2B

Checking the value y~ corresponding to the heartbeat’s
case in Fig. 5, the heartbeat’s label, which is the most
close to y*, will be the heartbeat case of the patient.

Figure 6 shows a flowchart of the proposed method,
which consists of three main stages: (i) QRS extraction
stage for detecting QRS waveform (points R, Q, S, P and
T) using the Difference Operation Method (DOM), the
paper [21] presents that DOM is effective to find QRS
complexes correctly; (ii) qualitative features stage for
qualitative feature selection on ECG signals and (iii)
classification stage for determining patient’s heartbeat
cases.

The ECG signals in the MIT-BIH arrhythmia database
[22] are adopted as the reference data for accomplishing
the first two stages, and the FLM is used to determine
the heartbeat cases for the patient.

4. Evaluation

This study is focused on classifying the five largest
heartbeat cases in the MIT-BIH arrhythmia database [22],
including (i) NORM - about 68.5% of total beats; (ii)
LBBB - about 7.4% of total beats; (iii) RBBB — about
6.6% of total beats; (iv) VPC — about 6.5% of total beats;
(v) APC — about 2.3% of total beats. Two experiments
were performed to evaluate the performance of the pro-
posed method. In these experiments, the proposed
method was implemented by MATLAB software on a
personal computer. These experiments are described in
the following subsections.

4.1. Experiment 1: Single heartbeat

In the first experiment, a single heartbeat is randomly
and individually selected as a sample from the NORM,
LBBB, RBBB, VPC, and APC cases. In Fig.7, features

X,, X,, X3, and x, are as inputs of our proposed method

and their classified results are also shown. In this figure,

different output values will represent different cases as

follows:

(i) Sample 1: the output value is y'= 2 (that is, NORM
case, see Fig.5);

(ii) Sample 2: the output value is y'= 4 (that is, LBBB
case);

(iii) Sample 3: the output value is y'= 6 (that is, RBBB
case);
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(iv) Sample 4: the output value is y'= 8 (that is, VPC
case);
(v) Sample 5: the output value is y'= 10 (that is, APC
case).
It is seen that the single heartbeat is correctly classified.
4.2. Experiment 2: Multiple heartbeats
Various approaches were adopted to evaluate the clas-
sifier configurations. Table 6 shows the full classifica-
tion matrix is used to calculate the performance meas-
ures. The heartbeat classification abilities are compared
using the five statistical indices: sensitivity (Se), speci-
ficity (Sp), positive predictive value (PPV), negative
predictive value (NPV), and total classification accuracy
(TCA), which are defined in Egs. (14-18), respectively
[2, 13, 23].
TP,

(i) Se —— 0 (14)
TP, +FN,
(i) Sp,=— N (15)
TN, + FP
(i) ppy =15 (16)
TP + FP,
(iv) NPy —— N (17)
TN, + FN,
5\TP
V) rca =Y - (18)
i=1 1,

where TP; (true positives) denotes the number of
heartbeats of the ith class that are correctly classified
(that is, NORM classified as NORM, see Table 6); FN;
(false negatives) represents the number of heartbeats of
class i but that are misclassified (that is, NORM not
classified as NORM); TN; (true negatives) is the number
of heartbeats not belonging to the number of the ith class
and not classified in the ith class (that is, LBBB, RBBB,
VPC, and APC not classified as NORM); FP; (false posi-
tives) denotes the number of heartbeats classified erro-
neously in the ith class (that is, LBBB, RBBB, VPC, and
APC classified as NORM); and T, represents the total
number of heartbeats listed in Table 2.
The second experiment was performed on several
30-min long records of ECG signals in the MIT-BIH
arrhythmia database (see Table 2). Figure 8(a) lists the
beat-by-beat testing results of this experiment for Tape
No. 103, revealing that the proposed method misidenti-
fied 6 NORM beats as VPC beats, and 15 NORM beats
were as APC beats. Figure 8(b) and 8(c) (see Table 2
and 6) present the final decision results obtained by the
proposed method in the second experiment. The sensi-
tivities were 95.06%, 91.03%, 90.50%, 92.63% and
93.77% for NORM, LBBB, RBBB, VPC and APC, re-
spectively (see Fig. 9). The total classification accuracy
(TCA) was approximately 93.78%.
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Table 6. Performance measures used in this study for
(i) NORM case; (ii) LBBB case; (iii) RBBB casg;
(iv) VPC case; and (v) APC case.

Algorithm label

NORM LBBB RBBB VPC APC
S NORM NN NL NR NV  NA
<= LBBB LN LL LR LV LA
£ RBBB RN RL RR RV  RA
3 VPC VN VL VR VW VA
@ APC AN AL AR AV  AA

(i) NORM case: TP=NN; FN=NL+NR+NV+NA,;
FP=LN+RN+VN+AN;TN=LL+LR+LV+LA+RL+RR+RV
+RA+VL+VR+VV+VA+AL+AR+AV+AA.

(ii) LBBB case: TP=LL; FN=LN+LR+LV+LA,;
FP=NL+RL+VL+AL;TN=NN+NR+NV+NA+RN+RR+RV
+RA+VN+VR+VV+VA+AN+AR+AV+AA;

(iii) RBBB case: TP=RR; FN=RN+RL+RV+RA,;
FP=NR+LR+VR+AR;TN=NN+NL+NV+NA+LN+LL+LV
+LA+VN+VL+VV+VA+AN+AL+AV+AA,

(iv) VPC case:TP=VV; FN=VN+VL+VR+VA;
FP=NV+LV+RV+AV;TN=NN+NL+NR+NA+LN+LL+LR
+LA+RN+RL+RR+RA+AN+AL+AR+AA.

(v) APCcase: TP=AA; FN=AN+AL+AR+AV;
FP=NA+LA+RA+VA; TN=NN+NL+NR+NV+LN+LL+LR
+LV+RN+RL+RR+RV+VN+VL+VR+VV,

=)
Rl

o103 { Algorithm label )
NORM LEBE EBEE VWFC APC

,T-; NORM (Total » 2083 beats) 2062 0 0 6 15
Td LBEE (Total : 0 beal) 0 0 0 0 0
& RBBB (Total : 0 beat) 0 0 0 0 0
 VPC (Total © O beat) 0 0 0 0 0
£ APC (Total : 2beats) 0 0002
b Summary results ( Algorithm label )
—~ NORM LEEE EEEE VWFC AFC
% NORM (Total - 19843 beats) 18863 185 221 285 289
Td LEBE (Total : 4125 beats) 181 355 8 g 15
§ REBE (Total : 3403 beats) 85 89 3080 S 0 93
% VPC (Total » 2334 beats) 87 39 il 2.2 15
2 oapc {Total - 1752 beats) 73 15 7 16 1671
(@ Summary results
Class TP FN FF N
NORM 18863 980 426 11218
LEBE 3755 30 328 27034
REEE 3080 323 344 270
VPC 216z 172 446 28707
APC 1671 111 412 29293

Fig.8. The final decision results of the second experiment

(according to Table 2) (a) Performance measures using Tape
No. 103 as an example; (b) Summary results of beat-by-beat,
record-by-record testing results;(c) Performance measures

used in this study.
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Fig. 9. Summary results of beat-by-beat, record-by-record
performance of the second experiment.

4.3. Performance comparison

The total classification accuracy (TCA) of heartbeat
case classification depends on the following three basic
factors: (i) the used heartbeat qualitative feature set, (ii)
the applied classification method, and (iii) the organiza-
tion of the training strategy. The organization of the
training strategy is the most important factor. For com-
paring performance of FLM, three studies concerning
about the training strategy which contains five types of
QRS complexes collected from all patients in the
MIT-BIH database are selected and compared with our
proposed method. Jekova et al. [24] presented the Kth
nearest neighbor rule (knn) and Neural networks (NN)
for heartbeat classification. Dokur and Olmez [13] de-
veloped heartbeat classification using a hybrid neural
network and investigated three neural networks for
heartbeat classification, namely restricted Coulomb en-
ergy (RCE), intersecting spheres (InS) and multi-layer
perceptron (MLP), respectively. Each neural network
adopts two feature extraction methods, discrete Fourier
transforms (DFT) and discrete wavelet transform (DWT).
In paper [13], one knows that decision making is per-
formed with three stages: normalization process; feature
extraction; and artificial neural network. The feature ex-
traction employs divergence analysis to determine the
best features. However, the process to compute diver-
gence analysis takes too much time due to the required
complex mathematic computations such as class scatter
matrix. Moreover, the learning algorithm of Ins Network
is also time consuming. It takes about 13 minutes long
for the illustrated example in this paper. Christov et al.
[2] proposed heartbeat classification using Morphologi-
cal descriptors (MD) and time-frequency descriptors
(TFD). The MD method for calculating a large collection
of morphological descriptors was applied to all QRS
complexes annotated as NORM, LBBB, RBBB or VPC
in the MIT-BIH arrhythmia database. The TFD method
requires the extracted heartbeats with fixed length. Be-
cause previous studies [2, 13, 24] adopted records of
ECG signals of length
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30-minute in the MIT-BIH arrhythmia database, their
heartbeat classification abilities were compared by using
Se and PPV. Table 7 lists the performance comparison
between the proposed method and some existing meth-
ods, the Knn and NN method [24], the hybrid neural
network method [13] and MD-TFD [2]. Table 7 shows
that the proposed method has the same detection ability
as existing methods [2, 13, 24], but the proposed method

is more simple and faster than the other existing methods.

Utilizing the proposed method, the average time required
for processing 30-minute long of ECG data is less than
1- minute.

Table 7. Comparisons of the proposed method with other ex-
isting methods.

NORM LBBB RBBB VPC APC

Se (%) 9506 91.03 90.50 92.63 93.97
FLM PPV (%) 97.79 91.96 89.95 82.89 80.22
TCA (%) 93.78
Se(%) 94.80 58.10 88.50 88.80 74.50
Knn PPV (%) 98.09 74.36 78.86 54.79 78.49
Knn-NN TCA (%)
[24] Se (%) 86.54 64.94 5859 85.98 62.82
NN PPV (%) 9557 54.32 57.32 48.30 64.84
TCA (%)
DWT Se (%) 932 391 784 865 63.0
PPV (%) 86.0 722 739 545 963
RCE Network TCA (%) 60.0
[13] DFT Se(%) 863 60.8 470 77.6 850
PPV (%) 731 380 73.6 60.6 922
TCA (%) 50.1
DWT Se (%) 100 946 986 91.3 100
PPV (%) 96.7 910 942 935 980
InS Network TCA (%) 95.7
[13] DFT Se(%) 773 780 820 66.6 94.6
PPV (%) 743 704 702 757 835
TCA (%) 78.2
DWT Se (%) 100 480 746 986 99.3
PPV (%) 926 960 99.1 813 788
MLP Network TCA (%) 87.6
[13] DFT Se(%) 893 813 886 920 96.0
PPV (%) 93.7 772 734 762 913
TCA (%) 84.7
MD Se (%) 96.60 93.80 96.45 92.10 99.00
PPV (%) 99.20 95.83 92.20 75.80 97.00
MD - TFD TCA (%)
[2] TFD Se(%) 96.90 9570 94.40 90.80 97.15
PPV (%) 98.40 99.20 99.25 73.50 99.20
TCA (%)

5. Conclusion

This study proposes a FLM to analyze ECG signals
for determining the heartbeat case. The proposed method
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is easily performed and requires no complex mathemati-
cal calculations (such as cross-correlation and Fourier
transformation). The average time required for process-
ing 30-minute long of ECG data is less than 1 minute,
and the maximum memory requirement is only about 2
MB. The records of ECG in the MIT-BIH arrhythmia
database are experimented to illustrate the effectiveness
of the proposed method. In the experiments, the sensi-
tivities were 95.06%, 91.03%, 90.50%, 92.63% and
93.77% for NORM, LBBB, RBBB, VPC and APC, re-
spectively. The total classification accuracy (TCA) was
approximately 93.78%. The proposed algorithm indeed
provides an efficient, simple and fast method for deter-
mining the heartbeat case from the ECG signals.
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