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Abstract
Interest is increasing in electrocardiogram (ECG) signal analysis for embedded devices, creating the need to
develop an algorithm suitable for a low-power, low-memory embedded device. Linear approximation of the
ECG signal facilitates the detection of fiducial points by expressing the signal as a small number of vertices.
However, dynamic programming, a global optimization method used for linear approximation, has the
disadvantage of high complexity using memoization. In this paper, the calculation area and memory usage are
improved using a linear approximated template. The proposed algorithm reduces the calculation area required
for dynamic programming through local optimization around the vertices of the template. In addition, it
minimizes the storage space required by expressing the time information using the error from the vertices of
the template, which is more compact than the time difference between vertices. When the length of the signal
is L, the number of vertices is N, and the margin tolerance is M, the spatial complexity improves from O(NL)
to O(NM). In our experiment, the linear approximation processing time was 12.45 times faster, from 18.18 ms
to 1.46 ms on average, for each beat. The quality distribution of the percentage root mean square difference
confirms that the proposed algorithm is a stable approximation.
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1. Introduction
With recent software and hardware technology developments, healthcare monitoring technologies have
been implemented using bio-signals measured by embedded devices [1,2]. Healthcare research is being
actively conducted in various fields such as sensor data acquisition, sensor data-transmission technology,
and sensor data analysis [3,4]. Based on this research, applied technologies are being used in various
fields such as human activity, care for older adults, security, and smart homes [5]. In particular, as interest
in health increases due to prolonged average life spans, healthcare systems as daily wearable devices
have been in the spotlight [6,7]. In addition, the mortality rate of heart disease is increasing due to the
prolonged average lifespans, so research is increasing on bio-signal monitoring and analysis systems for
diagnosing early heart disease.
Among bio-signals, studying electrocardiogram (ECG) signal analysis is useful for the early prevention
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of heart disease. Because an ECG signal measures electrical signals generated according to the heart
activity, it is the most useful biological signal for analyzing arrhythmia, which requires abnormal beat
detection and analysis. However, because abnormal beats are rare, long-term measurement lasting longer
than 24 hours is required to detect them. In addition, a high sampling frequency of 250 Hz or 360 Hz is
generally used to obtain accurate feature values to detect and analyze abnormal beats. Therefore, storing
and transmitting the original signal incurs high costs, requiring an effective signal-compression method
[8,9].
Furthermore, to increase the operating time of wireless measuring equipment, research on signal
compression is needed to reduce power consumption by minimizing communication time. Fig. 1 shows
an example of a Holter monitor, which is a representative wired measuring equipment, and a wireless
measuring device using the Bluetooth function of a smartphone.

(a)

(b)

Fig. 1. ECG signal-acquisition devices: (a) a Holter monitor and (b) a Bluetooth-based device.
As shown in Fig. 1, wireless measuring equipment reduces the inconvenience of Holter monitors.
Therefore, a signal-compression technique is required to store and transmit the signals used in real-time
operation in embedded equipment.
In existing studies, the linear approximation method using dynamic programming is an algorithm that
expresses the ECG signal as a straight line connecting a small number of vertices and emphasizes the
feature values of the fiducial point to facilitate its detection [10,11]. This algorithm can be used as a
signal-compression method because it expresses a signal with a small number of vertices. In particular,
the processing time and memory usage of dynamic programming to optimize the approximation error are
optimized based on the characteristics of the ECG signal, making real-time operation possible even in
embedded devices [12,13]. The improved linear approximation has a spatial complexity of , where
the length of the signal is  and the number of vertices is . However, the approximation proceeds
independently according to the beat, and the characteristic of the ECG signal in which a similar beat is
repeated is not used effectively. Thus, the method is less efficient than compression methods in the
frequency domain, such as wavelet transform [14].
In this paper, we propose a local linear approximation method within the margin () range around the
template vertices. The proposed method proceeds based on the similarity of the vertices because the
normal beat, which occupies most of the ECG signal, is repeated in a similar shape. That is, the amount
of data is minimized by recording the time difference from the template vertex. Because the range of the
location information of the vertices is limited by the margin, the cost and base matrices for memoization
in dynamic programming are reduced, reducing the spatial complexity from  to  .
Accordingly, the amount of computation decreases proportionally. Although the margin limits the vertex
range, the approximation error increases, but the quality of the percentage root-mean-square difference
(PRD) stabilizes. Fig. 2 summarizes the algorithm flow and effects of the proposed method.
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This paper is composed as follows. Section 2 introduces the composition and characteristics of the
ECG signal, and Section 3 explains the existing linear approximation method. After explaining the
proposed algorithm in Section 4, we confirm its performance through experiments in Section 5, and we
conclude this paper in Section 6.
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Fig. 2. Summary of the algorithm flow and effects of the proposed method.

2. Composition and Characteristics of the ECG Signal
2.1 Composition of the ECG Signal
The atrium and ventricle contract during depolarization and relax during repolarization. At this time,
an ECG signal is obtained by measuring the electrical signal, and the P wave, QRS complex, and T wave
are periodically repeated. Arrhythmia affects the beat, causing abnormal beats, which include changes in
the period or deformations of the shape. Therefore, ECG signal analysis is used to detect and analyze
abnormal beats. The feature values are obtained from the time interval or amplitude difference between
the fiducial points of each waveform, generally referring to the start point (onset), the endpoint (offset),
and the peak of each waveform. Fig. 3 shows the fiducial points and feature values of the ECG signals
commonly used in ECG signal analysis.

Fig. 3. Fiducial points and features in an ECG signal.
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2.2 Abnormal Beat in an ECG Signal
ANSI-AAMI EC57:1998 by the American Medical Association classifies arrhythmia into five categories:
a normal beat (N), upper ventricular arrhythmia beat (S), ventricular arrhythmia beat (V), mixed
arrhythmia beat (F), and unclassified beat (Q). PhysioNet provides a variety of arrhythmia databases and
categorizes the beats into 19 categories. Table 1 shows the distribution of 48 recordings measured for 30
minutes each in the MIT-BIH Arrhythmia Database (MIT-BIH ADB), provided by PhysioNet, classified
into 19 categories [15].
The left and right bundle branch block (L, R) and the pacemaker beat (/) replace the normal beat. That
is, approximately 89% of the beat is generated as a normal beat. In some of the data, even though the data
are 30 minutes long, the rate of normal beats is 99% or 100%. As such, most of the ECG signals comprise
a normal beat that repeats a similar shape.
Table 1. Classification and the total number of beats in MIT-BIH ADB
Code
N
L
R
B
A
a
J
S
V
r
F
e
j
n
E
/
f
Q
?

Total number
75,052
8,075
7,259
0
2,546
150
83
2
7,130
0
803
16
229
0
106
7,028
982
33
0

Description
Normal beat
Left bundle branch block beat
Right bundle branch block beat
Bundle branch block beat
Atrial premature beat
Aberrated atrial premature beat
Junctional premature beat
Supraventricular premature beat
Premature ventricular contraction
R-on-T premature ventricular contraction
Fusion of ventricular and normal beat
Atrial escape beat
Junctional escape beat
Supraventricular escape beat
Ventricular escape beat
Paced beat
Fusion of paced and normal beat
Unclassifiable beat
Beat not classified during learning

Class
Normal
Bundle branch
block

Premature

Escape

Paced
Else

2.3 Preprocessing of the ECG Signal
When measuring the ECG signals for an extended time, noise is also picked up from various external
stimuli. Accordingly, preprocessing is required to suppress the noise. In addition, it is necessary to
separate the beat first to distinguish between a normal beat and an abnormal beat. R-peak detection is a
good approach for this separation.

2.3.1 Noise reduction
Noise generated during the ECG signal-measurement process can have various causes. First, power
noise and breathing can cause regularly generated high- and low-frequency noises. Irregular noises
include activity from surrounding muscles and noise from external electronic equipment [16–19]. In this
paper, a third-order Butterworth band-pass filter of 1–25 Hz was applied to suppress high-frequency noise
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over 25 Hz caused by power noise and low-frequency noise near 0.1 Hz resulting from breathing.
Fig. 4 shows a raw signal, including noise, and the filtered signal.
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Fig. 4. Filtered ECG signal: (a) baseline movement reduction and (b) power noise reduction.

2.3.2 R-peak detection
The R-peak represents the peak of the QRS complex and is generally the fiducial point with the highest
amplitude in the beat. Its detection is easier and more accurate than detection of other fiducial points, so
it is used as a standard to classify the beat [20]. Pan’s method [21] is a representative QRS complex
detection, in which auxiliary signals are obtained using a differential signal, a square signal, and an
average filter, based on the QRS complex having a large amplitude change. The QRS complex is detected
using an adaptive threshold based on these auxiliary signals. Then, the R-peak is detected based on the
highest amplitude value. Fig. 5 shows the auxiliary signal and threshold generated by Pan’s method, as
well as the R-peak detected using the highest amplitude value within the QRS complex.

(a)

(b)

(c)

(d)

Fig. 5. Example of Pan’s method [21], including (a) the input signal, (b) derivative signal, (c) squared
signal, and (d) mean filtered signal with the adaptive threshold and detected R-peak.
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Pan’s method [21] can be used in real-time processing and is widely used in various ECG signalprocessing methods due to its high detection rate of the QRS complex. Pan’s method can detect the Rpeak and separate the beat. Fig. 6 shows the two methods of beat separation.
1.5

R-peak

1.5

R-peak

1

1

600 ms ~ 1000 ms

0.5

375 ms
275 ms

0.5

Does not fixed

0

-0.5

R-peak

0

0

50

100

150

200

250

-0.5

0

50

Sample[N]

(a)

100

150

200

250

Sample[N]

(b)

Fig. 6. Two beat-separation methods: (a) RR interval and (b) centering on the R-peak.
The beat is divided into data within the RR interval from one R-peak to the next R-peak, with the
existing linear approximation method based on this region. However, because the RR interval does not
have a constant beat, it is difficult to determine the template’s length. The linear interpolation algorithm
was proposed to solve this problem by adjusting the signal lengths and making them the same. This is
suitable for determining a representative beat signal but not for detecting abnormal beats, which requires
individual analysis of each signal or information to be transmitted through signal compression due to the
large amount of erroneous detection caused by signal distortion.
Another method is to divide the beat to include all the major waveform information within each beat
by acquiring information from 275 ms before to 375 ms after the R-peak [22]. In this paper, because we
use a template with linear approximation, we used beat separation centering on the R-peak.

3. Linear Approximation of the ECG Signal
3.1 Linear Approximation Step
Linear approximation of the ECG signal consists of three steps: curvature-based linear approximation,
sequential linear approximation, and error optimization.

3.1.1 Curvature-based linear approximation
First, a point with a large curvature is obtained as the initial vertex using curvature-based linear
approximation [23]. The curvature is the amount by which a curve deviates from a straight line. In this
paper, it is calculated as in Eq. (1), using the included angle between three points:
 ; ,  

⃗  ⃗ ଵ  ଵ ଶ  ଶ   ଶ  ଶ ଵ  ଵ 

,
|⃗|
ଵ  ଵ   ଶ  ଶ ଶ
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Fig. 7 shows the concept of the curvature calculation process and an example of an approximated input
signal.
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Fig. 7. Curvature-based linear approximation: (a) the concept of curvature and (b) an example of the
method.

3.1.2 Sequential linear approximation
Curvature-based linear approximation effectively expresses a fiducial point as the initial vertex because
the point has a large curvature. However, if the amplitude change of the waveform is minimal, it may not
be acquired as the initial vertex, as shown in QRS-onset and P-offset in Fig. 7. To correct this, additional
vertices are obtained for the inside of each initial vertex using sequential linear approximation [24]. Fig.
8 shows the concept of the sequential linear approximation process and an example of an approximated
signal of Fig. 7(b).
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Fig. 8. Sequential linear approximation: (a) concept of the method and (b) approximated result of Fig.
7(b).
As shown in Fig. 8(a), a vertex is added when the error exceeds the threshold  , and the signal was
effectively approximated, as shown in Fig. 8(b).

3.1.3 Error optimization
Global error optimization calculates the costs for all cases and detects the minimum case as the
optimization result. Therefore, the problem of optimizing the position of  vertices for  samples
generally has a complexity of  . Dynamic programming [10] is a global optimization technique in
which the optimal path between two points is optimized based on the Bellman principle as the globally
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optimal path between any two points on the globally optimal path. The recursive approach simplifies and
optimizes the problem, especially using memoization to remember the computational results, eliminating
redundant operations. Dynamic programming enables high-speed global optimization, but it requires
additional memory for memoization, consisting of cost and base matrices. In this case, the size of the cost
and base matrices required for memoization is  . Fig. 9 shows the cost and base matrices used for
the memoization of dynamic programming.

Fig. 9. The cost and base matrices used for the memoization of dynamic programming.
For a signal with length , the optimization of the partial signal from  to , including the

vertices, is

recursively calculated as in Eq. (2):
 ,  

where



ೖ ∈



,⋯,

 ,

denotes the position of the th vertex, and when



 

is 0,

 , 

 ,

(2)

 is calculated as an error between

the input signal and the line connecting the th sample and th sample. Fig. 10 shows the results of
optimization using dynamic programming of Fig. 8(b).

Fig. 10. Optimization result of Fig. 8(b).
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As shown in Fig. 10, the signal is well represented with a small number of vertices, and dynamic
programming reduces the error.

3.2 Optimization of Dynamic Programming
Dynamic programming is a global optimization method proposed by Bellman that optimizes the
problem through a top-down recursive approach. Using memoization to store the operation’s results in
the recursion process removes redundant operations, and global optimization occurs relatively quickly.
However, the size of the cost and base matrices required for memoization has a time and spatial
complexity of   depending on the length of the signal  and the number of vertices , making
real-time processing difficult. To improve this, Lee [12] optimizes the calculation of the cost and base
matrices based on the ECG signal’s characteristics, thereby improving the performance and enabling realtime operation, even in an embedded device. Fig. 11 shows the results of improving the spatial complexity
of the cost and base matrices used in dynamic programming.

Fig. 11. Summary of the dynamic programming improvement process.
The following is a description of each step in Fig. 11.
1) Improvement based on characteristics of ECG signals
First, because the approximation error of the ECG signal is not affected by the measurement
direction, the cost and base matrices are symmetric. In addition, because each vertex of the ECG
signal is selected according to the passage of time, the vertices’ time information increases
monotonically. The first and last vertices are fixed as the initial vertices corresponding to both ends
of the input signal. Therefore, in

 ,

 of Eq. (2),  is always 1, and the existing cost matrix

 ,  is expressed as  ,  in Eq. (3):

,  

By expressing

 1,



 ೖ  

  1,



 

 , 

(3)

 as  , , the cost matrix of size   is reduced to size . Thus,

,  is an optimized error value when  additional vertices exist between the first sample and
the th (last) sample, and it represents the result of dynamic programming. In addition, the existing
dynamic programming method optimizes by performing calculations in a recursive, top-down
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method. However, improving the cost matrix fixes the area required for calculation. Therefore, it
can be optimized through a bottom-up operation without a recursive approach.
2) Add a limit of the time difference between vertices
Because the ECG signal is measured for an extended time, many data bits are required to record the
vertices’ time information. To improve this, the amount of information is minimized by representing
the vertex information as the time difference from the previous vertex. The maximum interval
between the vertices is limited by the number of bits indicating the time difference between the
vertices. Accordingly, the operation area of the base matrix for recording the approximation error
between two adjacent vertices is reduced to the limit based on the number of bits. The cost matrix
݇(ܥ, ݆) is calculated only when the interval between the ݇th vertex and the (݇ + 1)th vertex does
not exceed ܰ௧ , as in Eq. (4):
ܥሺ݇, ݆ሻ =

݉݅݊

௩ೖశభ ିேಳ ஸ ௩ೖ ழ ௩ೖశభ

൫ܥሺ݇ − 1, ݒ ሻ + ܥ ሺݒ , ݆ሻ൯

(4)

The computation of the base matrix is reduced, as shown in Fig. 11, because the time difference
between the two vertices is limited by ܰ௧ .
3) Row-wise operation
The first row of the cost matrix is calculated based on the result of the base matrix operation.
Similarly, the (݇ + 1)th row of the cost matrix is sequentially calculated using the ݇th row of the
cost matrix and base matrix’s corresponding components, which is repeated until the ܰth row. This
row-wise operation requires a call to a base matrix with a large area, making it difficult to improve
the base matrix. However, when each component of the cost matrix is calculated in a column-wise
operation, the called base matrix is sequentially called column by column. That is, the ݆th column
of the base matrix is only used to calculate the cost matrix’s ݆th column. Thus, the base matrix
ܥ ሺݒ , ݆ሻ in Eq. (4) can be expressed as Eq. (5):
ܥሺ݇, ݆ሻ =

݉݅݊

௩ೖశభ ିேಳ ஸ ௩ೖ ழ ௩ೖశభ



ቀܥሺ݇ − 1, ݒ ሻ + ܥ ሺݒ − ሺݒାଵ − ܰ௧ ሻ + 1ሻቁ


ାଵ

As in Eq. (5), the memory usage of base matrix ܥ can be overwritten by ܥ

(5)

. Accordingly, the

ଶ

size of the base matrix can be minimized from ܱ( ) ܮto ܱ(ܰ௧ ) in a column unit vector.
This stepwise improvement reduces the dynamic programming processing time and memory usage to
enable real-time processing in embedded devices.
In this paper, we propose an algorithm to further optimize the processing time and memory usage of
the approximation through a local linear approximation based on a template’s approximate vertices.

4. Proposed Algorithm
4.1 Linear Approximation of a Template
In this paper, a local linear approximation is performed based on a template’s approximate vertices.
The existing linear approximation method for the ECG signal was applied to the RR section, but in this
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paper, the interval from 275 ms before to 375 ms after the R-peak was divided into beat units to use the
template information. Fig. 12 shows the linear approximation results for the ECG signal template and the
calculation area used in the linear approximation process.
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Fig. 12. Linear approximation and calculation area of a template: (a) the approximation results and (b)
the calculation area of the cost and base matrices.
Because the normal beat of the ECG signal repeatedly appears in a shape similar to that of the template,
a similar result appears when approximating with the same number of vertices. Therefore, when the
vertices’ position information is expressed as a time difference with a vertex corresponding to the
template rather than a time difference between vertices, it can be expressed with a relatively low number
of data bits.

4.2 Margin of Local Optimization
In general, the time difference between the vertices of the existing approximation has a value of
approximately 1 to 32, so a five-bit memory size is required. In contrast, when the time difference with
the template vertex is used, most of the error distributions have a value of –3 to +3. Based on this, if the
margin for the time difference with the template vertex is given, the amount of location information data
is significantly reduced. Fig. 13 shows the reduction of the base matrix’s calculation area when the margin
M is given based on each vertex of the template.
Margin

Location of
template vertices

Margin
Minimized
calculation area

Base
matrix ܮ

Existing calculation area

(a)

(b)

Fig. 13. Local approximation with margin: (a) local approximation based on the template vertices with
margins and (b) the minimized calculation area of the base matrix.
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In Fig. 13(b), the existing approximation calculates within a trapezoidal area, but when the template
vertices are used, only the inside of the red rectangular areas within the margin range centered on the
template’s vertices is calculated, significantly reducing the required calculation. The same is true for the
cost matrix. The cost matrix appears as shown in Fig. 14 because it requires calculating values for the
± ܯarea around the template vertices for each row.
Thus, the computation range of cost matrix ܥሺ݇, ݆ሻ is limited by the ݇th vertex of template  ݒand
margin ܯ, as in Eq. (6).
ܥሺ݇, ݆ሻ =

݉݅݊

ೖ   ೖ  ೖ 

ቀܥሺ݇ − 1,  ݒሻ +  ܥ൫ ݒ− ൫ ݒ− ܯ൯ + 1൯ቁ

(6)

and  ܯare given as 2 = 32 and 3, respectively, the computation range is

In this paper, because ܰ
significantly reduced.
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Fig. 14. Local approximation with margin: (a) the existing calculation area of the cost matrix and (b) the
minimized calculation area of the cost matrix.

4.3 Optimization of the Algorithm
If the reduced computational area of the cost matrix is expressed around the template vertex, it can be
visualized as shown in Fig. 15.
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Fig. 15. Modified calculation area of the cost and base matrices.
That is, a cost matrix of size ܰ ×  ܮbecomes size ܰ × (2 ܯ+ 1), and the size of the base matrix becomes
2 ܯ+ 1. In this way, when the margin is used around the template’s vertices, the memory usage of the
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cost and base matrices is significantly reduced, and the reduction in the computational area accordingly
results in lower processing time. The component of the arranged cost matrix is calculated as in Eq. (7):
ܥሺ݇, ݆ሻ =

݉݅݊

  ೖᇲ  

ቀܥሺ݇ − 1,  ݒሻ +  ܥሺ ݒሻቁ,

(7)

where  ݒ = ݒ− ሺ ݒ− ܯሻ + 1.
As shown in Fig. 15, the spatial complexities of the cost and base matrices are reduced to ܱ(ܰ )ܯand
ܱ( × ܯ1) from ܱ(ܰ )ܮand ܱሺܰ

× 1ሻ, respectively.

5. Experiment and Application
5.1 Experimental Results
An experiment was conducted using data from MIT-BIH ADB. Each recording was measured for
30 minutes at a sampling frequency of 360 Hz. Each beat was acquired from 275 ms before to 375 ms
after the R-peak. Linear approximation was applied to create 20 vertices for each beat. Because the proposed
method is a global optimization method, the template decision and approximation results are almost
independent of the processing time. Therefore, after selecting an arbitrary normal beat as a template, the
proposed algorithm’s execution time is measured based on a linear approximation of the template.
As the size of the margin decreases, the execution time decreases because the operation area decreases,
but the approximation error increases. Conversely, as the margin’s size increases, the execution time
increases, but the approximation error decreases. A typical method of measuring the signal-approximation
error is PRD. The PRD for the input signal ܺ and the approximation signal ܻ of a signal of length  ܮis
calculated according to Eq. (8):
PRDሺܺ, ܻሻ = 100% × ට

∑ಽసభ ( )మ
.
∑ಽసభ  మ ( )

(8)

Fig. 16 shows the correlation between the PRD and execution time according to the size of the margin.
The execution time and PRD show a nonlinear increase and decrease, respectively. In this case, the
intersection of the two graphs is generally evaluated as having the most stable performance. Because the
margin has an integer value and this paper focuses on reducing processing time, we analyzed the detailed
results when the margin is 2.

Fig. 16. Correlation between the PRD and execution time according to the size of the margin.
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First, Fig. 17 shows the distribution of the processing time for each beat when the existing and proposed
linear approximation methods are applied. The proposed method improved the execution time by about
12.45 times, from 18.18 ms to 1.46 ms on average.
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Fig. 17. Distribution of the processing time using: (a) the existing linear approximation method and (b)
the proposed linear approximation method.
Fig. 18 shows the distribution of the approximation error of each beat based on the linear approximation
results. In general, the quality of the PRD is rated as very good (0%–2%) or good (2%–9%) [25]. The
existing linear approximation method has a very good approximation error (within 2%). The proposed
method has a significantly higher approximation error than the existing method, but it is still good.
Although the overall approximation error was higher, 1,756 beats had an approximation error within 2%,
and the remaining 995 beats had an approximation error within 9%, so the performance remained
consistent.

Fig. 18. Distribution of the approximation error.

5.2 Further Applications for the Algorithms
5.2.1 Abnormal beat detection
Using the proposed method, approximations are applied based on the template vertices. One problem
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in the case of an abnormal beat in which the shape information does not match the template is that the
approximation is not normally performed due to the margin. Fig. 19 shows an example in which a large
approximation error occurs and the approximation error is small, but the feature values are distorted, such
as the amplitude of the vertex and the angle with the neighboring vertex.
The proposed method can be used to detect abnormal beats through analysis of the feature values of
the vertex and the approximation error.

(a)

(b)

Fig. 19. Example of approximation results for an abnormal beat, including (a) a large approximation error
and (b) the distortion of the feature values of the vertices.

5.2.2 Signal compression with a scaled template
In this paper, the local approximation method uses template vertices because most normal beats have
a similar shape. It can be expected that the signal-compression efficiency can be significantly improved
by setting the margin to 0 to represent a signal using only the vertex of the template.
Fig. 20 shows the result of representing the signal using a template in which scaling is applied to each
normal beat.

Fig. 20. Signal approximation using only the scaled template.
An approximation error occurs due to the baseline movement and changes in the intervals between
waveforms. However, the shape of the signal is well approximated, confirming the possibility of further
research on this approach.
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6. Conclusion
In this paper, we proposed a method to optimize local linear approximation within a given margin
based on the approximate vertices of an ECG signal template. The proposed algorithm is based on the
repetition of similar beats in an ECG signal, so the approximation result is similar to the template. In the
experiment, although the approximation error was greater than that of the existing linear approximation
method, the proposed method had a stable error within 9%, the performance speed improved by 12.45
times, and the spatial complexity decreased from ܱ(ܰ )ܮto ܱ(ܰ)ܯ, all highlighting the proposed
algorithm’s value.
In particular, the proposed algorithm is expected to be very useful if applied only to a normal beat and
is based on other abnormal-beat-detection algorithms. In addition, the proposed algorithm may be
extended to detect abnormal beats, and further improvement of signal-compression performance can be
expected using a scaled template. As such, the proposed algorithm created meaningful results in a basic
study on signal compression and the detection of abnormal beats using templates.
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