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Abstra
t

An algorithm for dete
ting the onsets, o�sets and

peaks of P, QRS and T waves in a single lead ECG is

presented. The algorithm is designed to be e�e
tive

for all standard leads with various sampling rates.

1 Introdu
tion

For the purposes of this dis
ussion, a single lead ECG

is 
omposed of a sequen
e of measurements 
alled

samples. Samples are integers whi
h map to dis
reet

millivolt measurements. A typi
al sample mapping

is [�2

11

; 2

11

℄ 7! [�10mV; 10mv℄. The number of dis-


reet samples per millivolt is the sampling resolu-

tion. Samples are re
orded at regular intervals in

time. The rate at whi
h samples are taken is 
alled

the sampling rate. Typi
al sampling rates are 125Hz,

250Hz, 360Hz, or 1000Hz.

The three fundamental features of ea
h heart beat

in the ECG are the P wave whi
h represents atrial

depolarization, the QRS 
omplex whi
h represents

ventri
ular depolarization, and the T wave whi
h rep-

resents ventri
ular repolarization [5℄. The proposed

algorithm dete
ts the onsets, o�sets, and peaks of

these three features. The onset and o�set of the QRS


omplex is de�ned as the onset of the Q wave and the

o�set of the S wave respe
tively.

Various methods have been applied to identify P,

QRS, and T waves in the ECG. Okada [6℄ presents a

digital �lter for enhan
ing the QRS 
omplex. Pan

and Thompkins [7℄ use a similar method with a

moving window integrator to dete
t QRS 
omplexes.

Reddy et al. [4℄ use a derivative �lter and thresholds

to dete
t the P wave. Laguna et al. [3℄ use the sig-

nal slope for the identi�
ation of the QRS wave, and

they use derivatives to �nd the peaks of the P and T

waves. Koski et al. [2℄ use synta
ti
 methods based

on signal slope to identify the P, QRS, and T waves.

The proposed algorithm uses two 
omponents for

feature dete
tion. First, QRS 
omplexes are dete
ted

by 
omparing the ECG signal's derivatives to an

adaptive model of thresholds in a manner similar to

[6℄ and [7℄. P and T waves are dete
ted using and in-

novative method based upon area 
al
ulations. The

method of area 
al
ulations is mu
h less sus
eptible

to baseline wander and noise whi
h may be present

in ambulatory ECGs.

2 The QRS dete
tor

The design goal for the QRS dete
tor is to be as a
-


urate as possible dete
ting the onsets, o�sets, and

peaks of QRS 
omplexes. The QRS dete
tor should

be able to dete
t normal and abmormal ventri
ular

a
tivity su
h as PVCs, PACs, and pa
emaker spikes.

The QRS dete
tor is also designed to require minimal


omputation and to operate on ECGs with various

sampling rates and resolutions.

The QRS dete
tor uses a digital �lter to 
ompute

approximations to the ECG signal's �rst and se
ond

derivatives. Peaks in the se
ond derivative are eval-
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uated as 
andidate QRS peaks. The onsets and o�-

set of ea
h 
andidate QRS peak is determined us-

ing derivative information. Measurements for ea
h

QRS 
andidate is 
ompared to an adaptive model of

thresholds. If it satisi�es the model, the 
andidate is

a

epted. The model thresholds are derived from the

last a

epted QRS 
andidate.

2.1 Computing Derivatives

Reddy et al. [4℄ present a 9 point 
entral di�eren
e

equation for 
omputing the �rst derivative d

i

from

ECG samples x

i

by the following formula:
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i
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then d

i

:= D(x

i

) and d

2

i

:= D(d

2

i

) (2)

This �lter was found to have ex
ellent properties

for removing baseline wander and noise from the

ECG while enhan
ing QRS 
omplexes.

The �lter presented by Reddy was modi�ed in two

ways to meet the goals of the QRS dete
tor. First,

the fa
tor 3=32 was 
hanged to 1=16 so that all 
oeÆ-


ients of the �lter are powers of two. This eliminates

the need for integer divisions sin
e mi
ropro
essors


an perform multipli
ation by powers of two by reg-

ister shifts. On an Intel Pentium pro
essor, this im-

proved performan
e by 28%. The modi�ed �lter also

has ex
ellent proerties for enhan
ing QRS 
omplexes

while removing noise.

The performan
e of this �lter depends on the sam-

pling rate of the ECG. Figure 1 shows the frequen
y

response of this �lter. This �lter was found to per-

form the best on ECGs with sampling rates of 125Hz.

For other sampling rates F

s

, the indi
ies i of the sam-

ples x

i

are modi�ed by a fa
tor Æ where

Æ=F

s

125Hz

to

approximate resampling the ECG at 125Hz.
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Figure 1: Frequen
y response of the modi�ed D1 and

D2 �lters
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The modi�ed �rst derivative �lter used by the QRS

dete
tor is given by the following formula.
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Using this �lter, the �rst and se
ond derivative ap-

proximations d

i

and d

2

i

are derived from the ECG

input x

i

and are used by the QRS dete
tor.

2.2 Lo
ating the Peak of the QRS

Complex

An adaptive model of thresholds and a re
ord of the

last 
andidate QRS is used to evaluate ea
h sample

in the ECG as a 
andidate QRS. The thresholds are

adaptive in that they are derived from the last de-

te
ted QRS 
omplex, or set to initial values if no

previous QRS was dete
ted. In the 
ase where no

QRS is dete
ted within a maximum period, the model

thresholds are relaxed and the ECG signal is re-

evaluated. This 
ase is 
ommon in ECGs where there

may be periods of high-amplitude QRS 
omplexes fol-

lowed by low-amplitude QRS 
omplexes su
h as may

be seen in pa
ed rhythms. The thresholds used in

QRS dete
tion are gven in the table below.

b
a


p


Figure 2: QRS peak dete
tion in

�

d

2

i

	

Threshold Des
ription Initial

Value

D2Thresh Minimum QRS peak

height in d

2

i

0

MaxWidth Maximum QRS width ?

D2Height Minimum verti
al dis-

tan
e between QRS peak

and onset in d

2

i

0

MinHeight Minimum verti
al dis-

tan
e between QRS peak

and onset in x

i

0

MinSep Minimum time between

QRS 
omplexes

??

MaxSep Maximum time between

QRS 
omplexes

??

The QRS dete
tor 
onsiders ea
h sample x

p

in turn

and determines whether this point is or is not the

peak of a QRS 
omplex. Figure 2 is a typi
al plot

of fd

2

i

g 
entered about p. The points a and b are

the indi
es of the lo
al extrema in fd

2

i

g adja
ent to

p. They are approximations to the onset and o�set

of the QRS 
omplex with peak at p. The following

tests are performed on these points:

1. d

2

p

must be a lo
al extrema in fd

2

i

g. (d

2

p

�d

2

p�1

)�

(d

2

p

� d

2

p+1

) � 0.
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Figure 3: Other shapes of QRS 
omplexes

2. The peak of dd

p

must be above a threshold

D2Thresh. jd

2

p

j � D2Thresh.

3. The extrema 
annot be too far apart together.

b� a � MaxWidth.

4. The minimum distan
e from either extrema

to the peak must be greater than a thresh-

old D2Height. min

�

jd

2

p

� d

2

b

j; jd

2

p

� d

2

a

j

	

�

D2Height.

If a QRS has been previously dete
ted, and p �

LastQRS > MaxSep and the model thresholds are

not at their initial value, then the model thresholds

are relaxed, and the points between LastQRS and p

are re-examined with the new model thresholds.

After the peak at p has satis�ed the model thresh-

olds, further re�nement of a and b is ne
essary to


orre
tly determine its onset and o�set. The �rst ap-

proximations to a QRS 
omplex's onset and o�set a

and b assume that the QRS 
omplex is a single up-

right or inverted spike. QRS 
omplexes may also be

broad (su
h as PVCs) or 
ontain smaller de
e
tions

between the onset or the Q and o�set of the S waves

as shown in Figure 3. The region from the onset

to the o�set of the QRS 
omplex should 
ontain all

points with high �rst and se
ond derivatives. The

following steps are used to determine the lo
ation of

the QRS' onset and o�set.

1. Compute a threshold for the �rst derivative be-

tween the peak p and the onset a. Set d

max

:=

1=4max

a�i�p

fjd

i

jg.

2. Compute a threshold for the se
ond derivative

between the peak p and the onset a. Set d

2

max

:=

1=4max

a�i�b

fjd

2

i

jg.

3. Find the �rst index a

0

less than p where d

a

0

and d

2

a

0

fall below the thresholds d

max

and d

2

max

.

Find a

0

su
h that

(a) jd

2

a

0

j � d

2

max

(b) jd

a

0

j � d

max

(
) a

0

< p

(d) jp� a

0

j is minimal.

4. Repeat the previous steps to �nd b

0

> p with

d

max

:= max

p�i�b

fjd

i

jg.

If b

0

� a

0

< MaxWidth then they are re
orded as

the onset and o�set of the QRS with peak at p and a

is set to a

0

and b is set to b

0

. Otherwise, the original

indi
es a and b are used.

If all the 
onditions are met, the point at p is a

valid 
andidate for a QRS peak, and a and b are the

QRS' onset and o�set. QRS 
omplexes 
annot o

ur

arbitrarily 
lose together. If the previously a

peted

QRS 
andidate LastQRS also passed the above tests,

then p�LastQRSmust either be greater than a mini-

mum separation, MinSep, or one of the two must not

be a QRS. If the two points are greater than MaxSep

samples apart, then the point LastQRS is a

epted

as a QRS and output along with its onset and o�set.

The index p is then re
orded as the last QRS 
andi-

date. If the two points are too 
lose togther, the one

with the least absolute value in

�

d

2

i

	

is reje
ted.

If the QRS at p is a

epted, the model of thresholds

is derived from it as follows:
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Figure 4: P and T waves adja
ent to a QRS

Threshold New Value

D2Thresh 1=4jd

2

p

j

MaxWidth 2(b� a)
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�
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2

p
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p

� x
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p

� x

a

jg

MinSep ??

MaxSep 2(p� LastQRS)

3 The P and T Wave Dete
tor

On
e a sequen
e of QRS 
omplexes are dete
ted, a

separate algorithm is used to dete
t P and T waves

in the intervals before and after ea
h QRS 
omplex.

Within ea
h interval, an algorithm is used to 
hoose

the best onset, o�set and peak of a P or T wave

present in that interval. Figure 4 shows a typi
al

ECG signal with P and T waves marked.

P and T waves are shallow, rounded features un-

like QRS 
omplexes whi
h are tall and sharp. The

P wave is espe
ially shallow and is often obs
ured by

noise and baseline wander. The derivatives of P and

T waves may not be signi�
antly greater than those of

baseline wander and noise present in the ECG. This

property makes algorithms based on derivative 
al-


ulations su
h as the one used by the QRS dete
tor

unreliable.

The proposed algorithm uses a �lter to remove

noise from the ECG and area 
al
ulations to deter-

mine the onset and o�set of P and T waves. The

following steps are performed:

1. Filter all samples in the interval to remove noise.

2. Consider ea
h pair (a; b) of indi
es in the interval

as a 
andidate for the onset and o�set of a P or

T wave.

3. Reje
t (a; b) if they are too 
lose together or too

far apart. MinWidth � jb� aj � MaxWidth.

4. Find the index of the peak p between a and b and

its height h. The peak is the point with maxi-

mal verti
al displa
ement from the line from the

��

��

a


b


A


h


d


p


Figure 5: Measurements used to 
ompute the s
ore

of a potential P of T wave

point (a; x

a

) to (b; x

b

). p and h are given by the

following equation:

h = max

a<p<b

�

�

�

�

x

p

�

�

x

a

+ (p� a)

x

b

� x

a

b� a

�

�

�

�

�

(4)

5. Reje
t (a; b) if the peak is too low. h <

MinHeight.

6. Cal
ulate the area A of the 
losed polygon

bounded by (a; x

a

); (a+ 1; x

a+1

); : : : ; (b; x

b

)

7. Cal
ulate the \s
ore", 
, of the pair (a; b) as


 =

hjAj

d

(5)

8. The pair (a; b) and its peak p whi
h has the max-

imim s
ore 
 is output as the onset, o�set and

peak of the P or T wave in the interval.

3.1 Cal
ulating the area of a 
losed

polygon

A formula for 
omputing the area bounded by a


losed polygon with at least threee verti
es (t

i

; x

i

)

is given by:
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Formula 6 is derived from an elegant method for


omputing the area by arranging all the verti
es of

a polygon in a table, 
ross-multiplying entries, and

summing the 
ross produ
ts as shown below:
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The area of the polygon is derived from the sums

A

0

and A

1

like so:

A =

A

0

�A

1

2

(8)

The sequen
e of ECG samples fx

i

g is regu-

larly spa
ed. A subsequen
e of samples fx

i

g

b

i=a

then de�nes a polygon with verti
es at (a; x

a

); (a +

1; x

a+1

); : : : ; (b; x

b

). The area under this subsequen
e

of samples 
an be 
al
ulated as above.

To redu
e 
omputation, area 
al
ulations 
an be

reused. If A

a;b�1

is the area under the subsequen
e

of samples fx

i

g

b�1

i=a

, then the area under the polygon

whi
h in
ludes the su

eeding sample x

b


an be 
om-

puted as:

A

a;b

= A

a;b�1

+(x

b�1

�x

a

)� (b�a)(x

b

�x

b�1

) (9)

3.2 Wavelet Filtering

The proposed algorithm uses wavelet �tering [1℄ to

remove noise from the ECG signal before dete
ting P

and T waves. Wavelet �lters were found to be better

than more traditional FIR �lters at removing noise

without blurring the 
orners at the onsets and o�sets

of P and T waves. Wavelet �ltering is performed

on the intervals before and after ea
h QRS 
omplex

where P and T waves are to be dete
ted.

Wavelet �ltering is a

omplished bvy 
omputing

the DAUB4 
oeÆ
ients of a region, zeroing all 
oeÆ-


ients in the lowest two s
ales, and taking the inverse

transform.

4 Results

The P, QRS, T dete
tion algorithm was tested at

Calgary General Hospital to determine its a

ura
y.

Tests were performed on a subset of ECG data from

the MIT database. An operator viewed these ECGs

using Harley Street Software's WAM produ
t and


ounted the number of P, QRS, and T waves that

were present in the ECG and the number of 
orre
t

and in
orre
t wave annotations that the P, QRS, T

dete
tor produ
ed. In
orre
t waves were de�ned to

be waves for whi
h the either the onset, o�set, or peak

of the wave were in
orre
tly pla
ed by the P, QRS,

T dete
tor. The data set derived from the tests is

presented below. A

ura
y is measured as the ratio

of 
orre
t to total waves. The number following the

ECG re
ord number in the �rst 
olumn is the lead

number for that re
ord.

On the whole, P, QRS and T wave dete
tion was

found to very a

urate with average a

ura
ies over

over 98% for all three types of feature.

The worst P wave dete
tion was 90.39% in re
ord

111. This is due to te low-amplitude biphasix P waves

in the se
ond 
hannel of that re
ord.

The worst T wave dete
tion was 93.72% in re
ord

112. This was due to very low-amplitude T waves in

the se
ond 
hannel of that re
ord.
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MIT ECG P QRS T

Re
 Dur Tot Corr Miss Tot Corr Miss Tot Corr Miss

100 1&2 2:00 147 145 3 147 145 0 147 147 0

101 1 2:00 124 121 3 124 122 2 124 102 22

103 1&2 2:00 141 140 1 141 141 0 141 141 0

105 1 3:00 243 242 1 243 240 1 241 241 2

111 1&2 10:01 687 621 66 687 682 5 687 687 0

112 1&2 10:01 892 885 7 892 885 7 892 839 53

113 1&2 10:01 573 573 0 573 573 0 573 573 0

115 1&2 10:01 635 635 0 635 635 0 635 635 0

116 1&2 10:01 755 755 0 755 755 0 755 755 0

117 1&2 10:01 478 478 0 478 478 0 478 478 0

119 1&2 10:01 515 515 0 515 515 0 515 515 0

202 1 10:00 267 260 7 267 260 0 267 267 0

Totals 87:07 5457 5370 88 5457 5431 15 5455 5380 77

A

ura
y 98.41% 99.52% 98.63%

Figure 6: Testing results
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5 Limitations

The proposed algothim relies on QRS dete
tion to

dete
t regions in whi
h to identify P and T waves.

Thus, it is unsuitable for dete
ting atrial a
tivity in

the presen
e of atrial 
utter, or other atrial rhythms

whi
h are disso
iated from the ventri
ular.

P and T waves are assumed to be either upright or

inverted humps. The onsets and o�sets of biphasi
 P

or T waves may not be dete
ted 
orre
tly.

The algorithm used to dete
t P and T waves s
ores

every pair of points within an interval to determine

whi
h points best determine the onset and o�set of

the wave. Su
h an algorithm inherently requires on

the order of n

2

operations, where n of the number of

samples in the interval. This is mu
h more 
ompu-

tationally expensive than the QRS dete
tor detailed

above.

Con
lusion

An algorithm for dete
ting P, QRS, and T waves in a

single lead ECG is presented. This algorithm 
an a
-


urately dete
t these waves in the presen
e of baseline

wander and noise in ECGs with a variety of sampling

rates.
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