192 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 46, NO. 2, FEBRUARY 1999
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Abstract—We have designed a multirate digital signal pro-
cessing algorithm to detect heartbeats in the electrocardiogram » Beat Detection
(ECG). The algorithm incorporates a filter bank (FB) which
decomposes the ECG into subbands with uniform frequency
bandwidths. The FB-based algorithm enables independent time
and frequency analysis to be performed on a signal. Features
computed from a set of the subbands and a heuristic detection ECG —
strategy are used to fuse decisions from multiple one-channel
beat detection algorithms. The overall beat detection algorithm
has a sensitivity of 99.59% and a positive predictivity of 99.56%
against the MIT/BIH database. Furthermore this is a real-time » Noise Alert
algorithm since its beat detection latency is minimal. The FB-
based beat detection algorithm also inherently lends itself to a

computationally efficient structure since the detection logic oper- Fig. 1. Multiple processing tasks are performed on the ECG. An overall goal

ates at the subband rate. The FB-based structure is potentially st effectively accomplish these multiple tasks at a computationally efficient
useful for performing multiple ECG processing tasks using one rate with one set of preprocessing filters.

set of preprocessing filters.

Index Terms—Electrocardiography (ECG), ECG beat detec-
tion, filter bank (FB), multirate digital signal processing.
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the subject of ECG beat detection. Beat detection algorithms
typically incorporate a preprocessing filter which decomposes
the ECG into a signal which maximizes the signal-to-noise
[. INTRODUCTION ratio (SNR) of the QRS complex [3]. A nonlinear processing
i stage and moving window integrator (MWI) are used to
A. ECG Processing Tasks compute a signal that emphasizes the energy of the QRS
ARIOUS signal processing algorithms have been deemplex. Beat detection logic incorporates a history of signall
veloped to process the electrocariogram (ECG) [1]-[7peaks and noise peaks which are used to establish signal and
Detecting QRS complexes in the ECG is one of the mosbise levels, respectively. A threshold is then used to decide
important tasks that need to be performed. This stage is crugian incoming peak is due to the QRS complex or noise. If a
in basic ECG monitoring systems and also is important for gleriod of time corresponding to the average heartbeat interval
other ECG processing applications. Enhancement of the E@@pses without a beat detection, a “search-back” strategy is
is also important in a stress test [6], [7]. The stress ECG ised to check the ECG again for the presence of a beat [3], [4].
prone to various types of noise, and it is important to reduceAlgorithms such as the one described operate at the same
the noise without distorting the morphology of the ECG. Arrate as the input ECG. The filters used are designed to optimize
rhythmia classification is another important task in interpretitee SNR of the QRS complex [3], [8]. Information from
systems which provide a diagnostic classification of the ECGther frequency components of the ECG are filtered out and
Another useful processing task is a noise alert algorithm whighnnot be incorporated into the beat detection logic. Thus, the
determines the fidelity of the ECG by indicating the level angreprocessing filters are not useful to other ECG processing
type of noise in the signal. Fig. 1 shows four of the many taskssks. The search-back strategy sometimes results in a beat
that must be performed on the ECG in different applicationgletection latency time of more than one heartbeat interval. This
is not useful when immediate indication of the occurrence of
a beat is needed.
A crucial part of any ECG processing algorithm is beat
detection. References [2] and [3] represent original works @ Filter Bank (FB) Strategy
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dB A F, F, F, Fo. Fig. 3. One set of preprocessing filters decompose the ECG into subbands
H, H, H, H,_ with uniform bandwidths. Time and frequency-dependent processing can be

performed on the subbands to accomplish multiple tasks at the reduced
X X \ - / \ subband rate.
-

0 T 2 T w preproce_ssing operations performed.on the I_ECG, and sgction
i ™ IV explains the beat detection logic. Section V describes
the methods used to implement and test the algorithm, and
Fig. 2| A FBbEOHtginS 'ahset'?f anzlysgs f_zﬂafs ﬁlﬂicﬂ_ldecompoze fge inpdglection VI presents performance results of the beat detection
signal into subbands with uniform bandwidths. e filters can be design . . .
to reconstruct the subbands to result in a perfect reconstruction of the inéﬂgorlthm_ on the MIT/BIH database. Section VIl discusses
signal. Ideal magnitude responses of the filters are shown. the algorithm performance and advantages of the FB-based

approach to ECG processing.

perfectly reconstruct the input signal. Fig. 2 shows the ideal
magnitude responses of the filters.

The subbands provide information from various frequenc
ranges and, thus, it is possible to perform time and frequency- The FB Strategy
dependent processing of the input signal. Because the subbandidg. 2 shows that the FB contains a set of analysis and
are downsampled, processing can occur at a lower rate tigynthesis filters. The analysis filters decompose an incoming
the input sampling rate. References [6] and [7] show how signal into specific frequency bands or subbands. Processing
process the subbands to reduce noise in the higher frequeoap be performed on each subband independently. The set
subbands outside the QRS complex. The rationale in thisagsynthesis filters can then combine the processed subbands
that there are no high frequency components of interest outsideresult in a processed version of the input signal. Thus,
the QRS complex. This noise removal strategy is potentially FB-based algorithm involves decomposing a signal into
useful to enhance the stress ECG. frequency subbands, processing these subbands according to

Thus, the FB allows time and frequency-dependent prthe application at hand, and then sometimes reconstructing the
cessing to be performed at a computationally efficient rapgocessed subbands. Fig. 2 shows a general block diagram of

Il. FB THEORY

to analyze the ECG. a FB-based algorithm and ideal magnitude responses of the
filters.
D. Objective Many scenarios deal with signals which contain specific en-

. ... ergy distributions in the frequency domain. For example, with
An overall goal is to develop one set of preprocessing flIteFggard to the ECG, a significant proportion of the energy from
which is useful in a variety of tasks for ECG processing, s ’

. . L Re QRS complex extends to a frequency of 40 Hz, and even
5 P, sl xian o s s 1o o Q% sy s vt oy sy s
bp y W HepandT waves, in general, have a significant proportion

processing the ECG. Thus, processing tasks like ECG b(e)?ttheir enerav onlv up to 10 Hz
detection can be performed at a lower rate than the input gy only up '

: . . - A heartbeat, whether originating in the sino-atrial node
sampling rate and this leads to the computational efficien ¥ . . : .
é ), a supraventricular site, the junctional node, or one or two

of the FB-based strategy. ECG beat detection is an import A opic sites in the ventricle, results in a QRS complex which

component of many tasks in ECG processing and, thus, in t I(§nerally has a significantly higher frequency content than that

fthe T and P waves. A QRS complex originating from an

impulse in the SA node, will have a “sharp” morphology in

. the time domain and hence significant energy in the higher

E. Outline frequency subbands. A QRS complex resulting from an ectopic
Section Il reviews the theory and design of FB’s [9]site in the ventricles will have a “rounded” morphology and

[10]. We explain certain properties of FB’s which are usefulot as significant energy in the higher subbands, and in fact a

for ECG digital signal processing. Section Il explains thstronger energy in the lower subbands.

paper we focus on an ECG beat detection algorithm usingg
FB-based approach for preprocessing.
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Thus, a strategic approach to detecting heartbeats isvibere

analyze different subbands of the ECG, rather than just the M1
output of one filter which maximizes SNR of the QRS as ing; () = % Z H, (sz)Fl(z) k=0,1,---,M — 1.
[3]. 1=0

(7)

B. FI_S BIocI-< Dlagr.am ~ Thus, the outputY'(z) is a combination of many shifted
This section reviews some of the theory of FB’s explaineghrsions of the inputy (z).
in [9]. As shown in Fig. 2 a FB containd/ analysis and  Thjs overall structure of the FB can be used to implement
M synthesis filters, each of length. The analysis filters many ECG processing tasks, see Fig. 3. References [6] and
Hy(z),l =0,1,---, M —1, bandpass the input signal(z) t0  [7] show that the subbands can be processed to reduce the
produce the subband signdls(z) level of noise present in the stress ECG. In the beat detection
algorithm we use the subbands to extract features that are
indicative of the QRS complex. The FB should have certain
properties which are necessary for ECG processing.

UI(Z)IHI(Z)X(Z) [=01,--- M-1 (1)

The effective bandwidth of/;(») is #/M and, thus, it can
be downsampled to reduce the total rate. The downsamplieg
process keeps one sample outiddf samples. The downsam- "
pled signalW(z) is Equation (6) shows that'(z) contains shifted components

(or aliased terms) of the input sign&l(z). These aliasing

Aliasing and Imaging

M-1

1 LM ik components are introduced by the downsampling and upsam-
Wi(z) = M Z U(z W) 1=0,1,---,M -1 (2) pling processes because of the nonideal nature of the analysis
k=0 and synthesis filters. Aliasing can be removed for any arbitrary
where W = ¢=7*/M)_ The subband€/;(») and W;(z) are input X(z), if and only if [9]

bandpassed versions of the input and d8dz) has a lower Ti(2) =0 k=1,---,M—1. (8)

rate thanl/;(»). The filtering process can be efficiently done at o

1/M the input rate by taking advantage of the downsamplinlf.the aliasing terms are removed then (6) becomes

This process is referred to as the polyphase implementation Vi2) = To( )X

and contributes to the computational efficiency of the FB- (2) = To(2)X(2). ©)

based a'go”‘h”.‘ [9] , . D. Magnitude and Phase Distortion
The upsampling block performs an upsampling operation o .

by insertingM — 1 zeros after each of its inputs to result in When all the aliasing terms are removed according to (8),

the subband signal(z) then the output is related to the input by (9). The distortion

function T, (2) is given by
M-1

1 . . M-1
Vi(z) =W (M) = — H (z2W*H) X (-W* 1
M kzzo (W5 (W) To(=) = i Z Hi(2)Fy(2). (10)
[=0,1,---,M — 1. (3) =0
If To(z) has a constant magnitude response and a linear phase

The synthesis filterd (=), then operate on the upsampledhen the FB has no magnitude or phase distortion.
subband signal;(z), to result inO,;(z). Since at leasf/ — 1

in M data points are zero il (z), at mostL/M coefficients £ perfect Reconstruction
in the synthesis filters overlap nonzero dataVifz) and the

synthesis filters can be operated efficiently A FB which does not introduce aliasing distortions, nor

magnitude or phase distortions is known as a perfect recon-
O(z) = Fi(z)Vi(z) [=01,---,M—1. (4) struction (PR) FB. Thus, for a PR FBy(z), is a pure delay,
and all the aliasing terms are canceled. The output is related
The subband signal8;(z), can then be algebraically added© the input by

point by point to result in the outpdt'(2) y(n) = cx(n — k) (11)

M-1 M-1 M-1

_ _ 1 k k wherek is the system delay, andis a constant gain factor.
Y()= ) Ofx) = M > XGWE) 3 Hi(zW*) Fi(2). The reason for using the PR property of FB's is that the

=0 k=0 =0 . . . .
5) overall goal is to develop one set of filters 'wh|ch is useful
for multiple ECG processing tasks; see Fig. 3. ECG beat
detection does not require reconstruction at the output of the
FB. For this application, only decomposition of the input
M-1 into frequency subbands is of interest. However, simultaneous
Y(z)= Z T (2) X (2 WF) (6) processing of the subbands could be performed for other
k=0 ECG processing tasks, such as ECG enhancement [6] and [7].

The above can be rearranged as follows:
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ECG enhancement requires reconstruction of the processed INPUT ECG
subbands. Thus, aliasing, and magnitude and phase distortionst
must be eliminated. This is the reason why the design of thg
FB should include the PR property.
-1 ' ' 56, 112 Fz ‘ ' '

F. Linear Phase 00k | l |

S 3 L . o \ .

For ECG beat detection it is important to have a determ@-_zog_' ' ' I [

istic relationship between fiducial points in the input ECG and.g . . T teaTR ( . o

the subband signal. This requires that each of the analysis
filters have linear phase. The linear phase requirement whefroy |

designing the FB ensures that all frequencies in the input S|gﬂa400_ I [ [ ’
will have the samasample delayhrough the analysis filters. It _s00 . ; . : : s :

is then possible, for example, to determine the exact location 168, 22.5) Hz
of the R wave in the input ECG signal, and other fiducial 2°g"l | L
points from analysis of the subbands. < i [ I ’ T
This linear phase requirement on each filter in the FB shoult;iaoo1 " . S s 5 " s :
be distinguished from the linear phase property of the whole Time, s '

FB system. In (9)’T0( ) can have linear phase even thoquh— 5. The input ECG is decomposed into subbands with uniform band-

each of the analysis and synthesis filters have nonlinear ph@ﬁ&h The second plot shows the subbdi@ (=) which corresponds with
Thus, the FB system output can have no phase distortion with [5.6, 11.2] Hz frequency range. Features such as the sum-of-absolute

respect to the input (i.e., inear phaseFB) even though values of the subbands which are indicative of the QRS complex are used in
AN L . the beat detection logic.

each of the analysis and synthesis filters haanlinear

phase frequency responses. However, for ECG processing it is

important that each of the analysis and synthesis filters hae Features

a linear phase response. A variety of features which are indicative of the QRS
complex can be designed by combining subbands of interest
from! = 0,1,---,M — 1. For example a sum-of-absolute

Ill. PREPROCESSOR values featureP; can be computed using subbands 1, 2, and
3.
3
A. Analysis Filters
4 Pi=Y W (13)

Fig. 4 shows the magnitude responses of the filters used
in the 32-channel FB. Each filter has 64 coefficients and
designed using the technique in [12]. The filters are FIR a
result in a FB which does not have any aliasing, nor magnitu
and phase distortions (i.e., it is a PR FB). Furthermore eag
of the filters have linear phase and a bandwidth of 5.6 H [ their respective subbands.

The filters are operated once every 32 samples because of t % sum-of-squares featur®, can be computed using
downsampling process. The downsampling process results in
many subbands to be computed at the cost of one filter and

has a value which corresponds to the energy in the
quency band [5.6, 22.5] Hz. Similarly?, and P; can
computed using subbands {1, 2, 3, 4}, and {2, 3, 4},
pectively, and these values are proportional to the energy

3

efficiently computed using the polyphase implementation [9]. Py = Z (Wl(z)) (14)
The downsampled signal’;(z) is given in (2) and is =1
repeated here for convenience and P; and P can be similarly computed using subbands {1,

2, 3, 4}, and {2, 3, 4}, respectively.
These features have values which are proportional to the

M—
Wi(z) = Z ( l/MWk) energy of the QRS complex. Fig. 6 shows an illustrative

M =0 example of P, which peaks near the QRS complex. Heuristic
M-1 beat detection logic can be used to incorporate some of the
M ( 1/MWk)X(zl/MWk) above features which are indicative of the QRS complex.
k=0
l=0,1,---, M —1. (12) IV. BEAT DETECTION LOGIC

Fig. 5 shows illustrative examples &F;(z) for three of the A- Overview

subbands for a value @#f of 32 when input is a normal sinus Fig. 7 gives an overview of the sequential levels in the beat
rhythm ECG. Note thatV;(z) has a lower sampling rate (11.2detection algorithm. The goal of the detection algorithm is to
Hz for this example) than the input ECG sampling rate of 3@@aximize the number of true positives (TP’s), while keeping
Hz. the number of false negatives (FN'’s) and false positives (FP’s)
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detection strength close to one indicates a greater possibility

INPUT ECG , .

1 that the current peak is a beat, whereas a detection strength
> close to zero indicates a greater possibility that the current
£ peak is a noise peak.

-1 : : S T : : : This detection strength parameter is useful in the overall

1000+ beat detection logic since it enables the possibility to fuse data

5 ool (beat detection status) from multiple one-channel detection
< | | [ ] ‘ | blocks.

O N 1 1 Aol } i 11 1 14 i L i 2 u
1000~ Ml C. Levels

S ool Level 1: The first level (see Figs. 6, 7) determines candi-
< ' 1 | l I | ‘ ' l date beats by detecting peaks in the output of a MWI on feature
ot} = L ‘EVENT DETECT T Py. A peak detection algorithm detects a peak when there is

1000 an inflexion point in the output of the MWI. The feature value
S se0k itself is not compared to any threshold and a peak is the only
= ‘ I I | ‘ requirement to trigger an event. This level, thus, detects most

0, e > 25 3 5 4 4z 5 Of the true beats (i.e., has a few FN’s) but also very often

Time, s incorrectly detects the presence of a beat (i.e., noise peaks and

Fig. 6. The plots above show (from top to bottom) the ECG, computé?las many FP’s). .
feature, MWI output, event detector output. The event detector flags an eveniThis level, thus, serves as an “event detector,” and is used

when a peak occurs in the output of a MW operating on feaftreThe beat g trigger further logic to eliminate FP’s introduced here. This
detection process occurs at the subband rate instead of the input ECG ra}%.vel is designed to have few EN's but it limits the theoretical
best FN rate possible for the overall beat detection algorithm.
to a minimum. Since it is not possible to arrive at thiSince this level operates at the downsampled rate of the FB it
goal using one simple detector, multiple detectors with corgontributes to the computational efficiency of the algorithm.
plementary FN's and FP’s performances are simultaneouslyl evel 2: This level, as shown in Figs. 7 and 9, has 2 one-
operated and the results of each fused together to arrive atca@innel detection process@&han; and Chan,) operating
overall decision. The advantage of this strategy is that multipdgnultaneously. Both channels use featufe in their re-
features which are indicative of the QRS complex can be usggective MW!I's, however the preset thresholds are different.

to detect beats. Chan; has a low thresholdZ; = 0.08) and Chang has a
high threshold(Z> = 0.70). When level 1 triggers an event
B. One-Channel Detection Block the output in the MW!I's of each o€han; and Chan, are

A one-channel beat detection block incorporates Compg,_ompared with_ their resp_ective signal and noise levels. The
nents similar to that in [3] (see Fig. 8). As explained above$ignal (and noise) levels in each channel are computed from
feature which correlates with the energy in certain subbant signal (and noise) history of their respective channels. Each
of the ECG can be computed. This feature is input to a Mvghannel computes its own detection strength and compares
which averages two samples at the downsampled rate. Sigwgh their respective thresholds to result in two simultaneous
(noise) values are stored when a feature is detected as a si¢fafl Possibly different) classifications of the current event as
(noise) peak. A signal (noise) level is estimated by computifgPeat or noise. When a channel detects a beat (or noise peak)
the mean of the previous signal (noise) values. The detectiéhOWwn signal (or noise) history is updated irrespective of the

StrengthDS of an incoming feature (e.g_Pb_P27 .. ',P(;)iS detection status from the other qhannel. .
determined by comparing with the signal and noise le¢8ls In a one-channel beat detection algorithm, the threshold
and Nz, respectively) value determines the classification of an incoming feature as
a signal peak or noise peak. A low threshold will result in
P—-Np ; . "
D,=—"= (15) noise peaks being classified as a beat, and the feature value
Sp— Ny updated in the signal history. This will result in an inaccurate

If a feature’s value is less thaiv;, then D, is limited at 0, estimated signal level. However the noise history is updated
and if it is aboveSy, then D, is limited to one. accurately since the low threshold does not allow signal peaks

When a feature has B, greater than a specified thresholdo be incorrectly detected as noise. Similarly a high threshold
(preset between zero and one) it is classified as a signal peakincorrectly result in some signal peaks being classified as
and the signal history is updated with the feature’s value. If thimise and updated in the noise history. This will incorrectly
feature has @, smaller than the threshold it is classified as eise the noise level and affect future beat detections. However
noise peak and the noise history is updated with the featur@isthis scenario the signal history is updated accurately since
value. beat detections using a high threshold are most likely correct.

This strategy is similar to that in [3] however more than This level, thus, operates two one-channel beat detection
just noting the “greater-or-less-than” status of a feature witllocks which have complementary FN and FP detection rates.
respect to a threshold, we note the indicating the “mem- Chan; generates a few FN’s but many FP’s afithan,
bership” of the incoming feature as a signal or noise peak.dgenerates many FN's but a few FP’s.
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subbands Level 1
. Start
»| Event Detection —» Level 2
Pl
Level 2 Level 3 Level 4 Level 5
Channel 1
P, [ Signal history ]
T, > o g Channel 4
[ Noise history ] % P, [Signal history ] > e
Channel 2 > 8 g 7, . - information
P, [ Signal history ] { Noise history ]
TZ
[ Noise history ]

Fig. 7. The overall beat detection algorithm consists of sequential levels of beat detection channels incorporating multiple features froandkeo§titd
FB. Channel 1 and Channel 2 implement ECG beat detection using the same #athue with different thresholds.

Level 2 is operated only when Level 1 detects an event,
sibbands Compute

Computations of the features, the MWI, and signal and noise Featore —— | MWI __>®
levels operate at the reduced FB rate and this contributes

to the overall computational efficiency of the beat detection

algorithm. ] Sienal level: 1
Level 3: This level fuses the beat detection status from [ Signalpeak 1 L B
each of the 2 one-channel detection algorithms in level 2 by history
incorporating a set of if-then-else rules. The rules incorporate
the fact that the 2 one-channel detection blocks have comple- @ —> 0<D <l
mentary detection rates. There are four possible cases to design
rules for. If both channels indicate a beat then the output of [ Noise peak ] T
level 3 classifies the current event as a beat. SiGtewn, history ’ Noise level: 0

uses a high threshold in its detection logic, it generates few _

FP’s and, thus, beat detection is very accurate. F|g'. 8._ A one-qhannel detection block computes afeaturg from the subbands
o which is indicative of the QRS complex. Signal and noise levels together

If both channels indicate not-a-beat then the output of leugikn a threshold determine the status of the event as a beat or not-a-beat. The

3 is that the current event is not a beat. Since the threshdfdection strengttD, indicates how close the event is to the signal (1) or
used inChan; is very low, it has very few FN's, and more"?'se (0) level.
than likely a beat did not occur in reality.
If Chan, indicates not-a-beat arfdhan, indicates a beat,
then the output is classified as a beat. However, this scenaMoere
does not occur since, the threshold useddhan; is very A7z if Ay > theny/ elsex
low, and the same feature is usedGhan,. A beat detected A = (D. —TY(1-T
by Chan, more than likely got detected i€han; . 1= (Ds 1)/ )
If Chan, indicates a beat an€han, indicates a not- Ay = (12 — Ds,) /13
a-beat, then the detection strengths ,: = {1,2}, from (1/: a-beaf x: not-a-beat
each channel are compare@han; generates many FP’s

but Chanz generates many FN's. The normalized detection This data-fusing logic incorporates the possible range of
strengthA;i = {1,2}, which indicates which decision wasalues [0,1] of the detection strength from each one-channel
“stronger N can bé cémpared to favor the channel with tfigtection block and fuses it based on heuristic rules. As with

stronger decision. the other Iev;a]ls m;Ee c(xjverall dfetﬁctlon algorithm, this level
The detection logic can be summarized as follows: operates at t 1€ subban rate of the FB.
Level 4: This level incorporates another one-channel de-
tection block (similar to Fig. 8) and uses featufg as the

Chan, Vv X X Vv input to the MWI. If a beat is detected in level 3, the signal

Chan, J J % % history is updated and the detection status from this level is
that the current event is a beat. If level 3 did not classify

output X ATA, the current event as a beat, the detection strength of the one-
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subbands
channel 1
Signal peak ] ) Signal level: 1
[ history
Incoming > 0<D <l
F(subbands) candidate peak T1
Noise peak >
[ history ] Noise level: 0 — 2 é
i3
channel 2 8 2
Signal peak ] , Signal level: 1 —
[ history
. . T2
F(subband ncoming —_—
(subban S)I candidate peak 0.D (!
Noise peak
[ Noisepesk | g —
story Noise level: 0

Fig. 9. Channel 1 generates many FP’s, and channel 2 generates many FN’'s due to the strategic choice of thresholds. Decisions from 2 one-channel
beat detection algorithms are combined to reduce the number of FP’s and FN’s.

channel detection block is computed and compared with the each record which is the default setting of the software
threshold(7 = 0.30 for this block). If the detection strengthincluded in the database.

is greater than the threshold a beat is indicated and the signalwo benchmark parameters are used to compare detection
history is updated. If the detection strength is less than th&gorithms. The sensitivity and positive predictivity of the beat
threshold the noise history is updated and the detection stadlesection algorithm are computed by [14]

from this level is not-a-beat.

This level reduces FN’'s (events which were inaccurately So TP 16
missed as beats by level 3). The beat detection rates after €= TP + FN (16)
level 3 are higher than those from the detections in level 2. P TP (17)

Since the signal and noise levels in the one-channel detection
block of level 4 use detection rates from level 3, the signal
and noise level estimates are more accurate than the signal @hgre TP is the number of true positives, FN the number of
noise levels estimated in the one-channel detection blocksfgse negatives, and FP the number of false positives. The
level 2. This leads to improved detection rates. sensitivity Se reports the percentage of true beats that were
Level 5: The previous levels do not incorporate any timingorrectly detected by the algorithm. The positive predictivity
information in the decision logic. Level 5, thus, includes.p reports the percentage of beat detections which were in
decision logic to eliminate possible false detection during theality true beats.
refractory period. However this is not a complete blanking of a
beat during the refractory period, but rather a partial blankin
If a beat was detected during the refractory period (wit
reference to the previous beat detection) and also had ahe effect of the threshold values and the type of features on
minimal detection strength in level @,, < 0.05), then the the beat detection accuracy were studied. The beat detection
status of the event is changed from a-beat to not-a-beat. Nagguracy of a one-channel detection block was computed using
that since level 4 only checks for FN's, it is possible for amarious threshold values, and both the sum-of-square and sum-
event to be classified as a beat in level 3 and not get checkédbsolute features discussed above. From this analysis the
with the threshold in level 4. threshold values can be strategically chosen to provide beat-
detection blocks with complementary detection rates (one with
minimal FP’s, and the other with minimal FN’s).

TP+ FP

. One-Channel Beat Detection

V. METHODS
C. Implementation

A. ECG Database The FB-based beat detection algorithm was implemented
The MIT/BIH [13] was used to determine parameterdising the C and MATLAR] programming languages. 32
values in the algorithm. Testing was performed on channel 1afialysis and 32 synthesis filters were designed using a tech-
the database. The statistical software included in the MIT/Blikique from [12]. The overall beat detection algorithm required
database was used to test the beat detection algorithms. &gproximately 9 s to analyze one half-hour record of the

ported statistics include beat detections beginning after 5 mifiT/BIH database on a HP 715/80 workstation.



ALFONSO et al.: ECG BEAT DETECTION USING FB’S 199

VI. RESULTS subbands of approximately 5.6—Hz bandwidth for the 360-Hz
sampled data in the MIT/BIH database.

Modifications of the ECG beat detection algorithm for use
Beat detection performance for a one-channel beat detectigith different sampling rates should incorporate a FB which
block was studied using the MIT/BIH database for variougsults in subbands of about a 5-Hz bandwidth. Future work

features and threshold values. Based on these preliminahpuld study other FB design methods which result in lower

studies we noted that, in general, the sum-of-square featusate lobe attenuation, and analysis filters with nonuniform

generate less FP’s (and more FN'’s) for the same threshblhdwidths.

value than the sum-of-absolute features. This fact may be . o

useful in a beat detection algorithm which uses multipl®: Computational Efficiency

complementary features such as these. Two threshold valueSince the subbands in the FB are downsampled, processing

were chosen to result in complementary beat detection rates be performed at the subband rate. Thus, the beat detection

for the 2 one-channel blocks in level 2. algorithm occurs at the downsampled rate. The components of

the one-channel detection block such as the feature computa-

tion, MWI, and peak detector are operated at a lower rate than
Table | reports the number of FP’s and FN's for each recotbe input sampling rate of the ECG. The FB, thus, enables the

in the database. The overall sensitivity of the algorithm &nalysis of multiple frequency bands very efficiently.

99.59 percent (374 FN’s) and the positive predictivity is 99.56

percent (406 FP’s). Record 108 had 121 of the total 406 FP(S. petection Latency

This record is very noisy and the SNR is very low. The analysis

filters, peak detector and MWI's in the FB contribute to

beat detection latency of about 266 ms. Some records in

database (e.g., 100) have a beat in the last 266 ms of ) ; o

record and records like this contribute to a few of the FN'&"€ detection logic to. have m'!"”"a' latency. .

We do not correct for this in the reported statistics since it ﬁiMany beat detection algorithms have been reported in

important to use the default settings in the statistical softwal ¢ literature [3], [4]. Most of these algon’thms Incorporate
a search-back strategy to correct for FN's. A search-back

algorithm is activated when no beat detection has occurred
in a time interval corresponding to more than the average RR
interval. This strategy may result in a significant delay before
A. Choice of EB a beat is detected. The search-back technique may require one
or two extra beats to occur before the actual detection of the
eat in question occurs. A search-back algorithm could be
C ?egorized as a real-time or on-line algorithm, depending on
application. An on-line algorithm performs beat detection
sing a buffer of approximately 10-20 s of the ECG. Thus,
-line algorithms may require many beats to occur before
beat in question is detected.
ther beat detection algorithms operate on ECG'’s that have
n acquired and collected previously. These algorithms,
gorized a®ff-line, scan the ECG many times back and

A. One-Channel Beat Detection

B. Overall Beat Detection

The challenge witlreal-time algorithms is to output beat
%tections as soon as possible after the beat. This requires the
t detection algorithm to be computationally efficient and

when comparing different beat detection algorithms.

VII. DISCUSSION

In Section Il, we explained that it is important that th
FB used to process the ECG have certain characteristics.
analysis and synthesis filters should have linear phase. Lin
phase ensures that the fiducial points in the ECG, such as the
wave, have the same sample delay through all the filters.
perfect reconstruction property was also incorporated into the
design of the FB because an overall goal is to develop one se
of filters to accomplish multiple ECG processing tasks. Stregg
ECG enhancement requires processing of the subbands &

;Tfenssreéggsglrﬁgzge?;et:fir?lfg])uatﬁ(;/v[?] pJ:iien:ﬁg saarzz-lt:); h to detect beats. This type of beat detection algorithm is
g rg?atively useless in real-time monitoring of patients.

the one used for the beat detection algorithm in this study. It IS1he EB-based algorithm presented in this paper has minimal

also imporfcant that the ﬁl_ters have good stop bangl _attenuati%}.ency in detecting beats and is computationally efficient.
The design of FB's which meet these compromising Charal‘f'can, thus, be categorized as a real-time beat detection

teristics is challenging [9}-[12]. Existing FB design methodgl orithm. Beat detection accuracy typically improves from
which meet the above characteristics result in analysis an '

L : . ; . = teal-time to off-line algorithms. Even so, the real-time FB-
synthesis filters ywth uniform filter bandwidths. Thus, in thl%a ed algorithm has rates comparable to other algorithms
study the analysis filters used to preprocess the ECG for b?éa . :

. . , X orted in the literature.
detection have uniform filter bandwidths.

The choice of the number of channels in the FB is also
dependent on the FB design method. Some FB design D
gorithms presume a power-of-two number of channels, andFurther improvements to the beat detection algorithm may
others require an even number of channels. Based on preline-easily achieved by incorporating more features of frequency
inary studies we performed with different FB design method®mponents of the ECG and adding further levels of detection
([9]-[12]), the required FB properties for ECG processindogic. The analysis filters of the FB decompose the bandwidth
and the sampling rate of the ECG in the MIT/BIH database of the input ECG into subbands of uniform frequency band-
360 Hz, we decided to use a 32-channel FB. This resultedvindth. It is, thus, possible to incorporate other features such

Additional Logic for Improvement
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TABLE |
FILTER-BANK-BASED BEAT-DETECTION PERFORMANCE ON MIT/BIH D ATABASE

Tape No. TP FP FN Se (%) +P (%)
100 1901 0 1 99.95 100.00
101 1523 2 0 100.00 99.87
102 1820 1 1 99.95 99.95
103 1728 0 1 99.94 100.00
104 1849 21 8 99.57 98.88
105 2139 53 16 99.26 97.58
106 1682 3 14 99.17 99.82
107 1783 8 1 99.94 99.55
108 1425 121 55 96.28 92.17
109 2088 3 11 99.48 99.86
111 1773 0 3 99.83 100.00
112 2111 6 0 100.00 99.72
113 1505 4 1 99.93 99.73
114 1601 3 3 99.81 99.81
115 1636 0 1 99.94 100.00
116 1994 3 23 98.86 99.85
117 1283 1 1 99.92 99.92
118 1916 17 0 100.00 99.12
119 1661 1 0 100.00 99.94
121 1557 5 3 99.81 99.68
122 2054 0 0 100.00 100.00
123 1269 0 0 100.00 100.00
124 1366 1 1 99.93 99.93
200 2165 17 3 99.86 99.22
201 1514 4 7 99.54 99.74
202 1864 3 7 99.63 99.84
203 2420 39 61 97.54 98.41
205 2196 0 5 99.77 100.00
207 1591 19 1 99.94 98.82
208 2394 8 43 98.24 99.67
209 2517 4 1 99.96 99.84
210 2155 3 49 97.78 99.86
212 2284 1 1 99.96 99.96
213 2695 0 5 99.81 100.00
214 1875 1 3 99.84 99.95
215 2792 0 3 99.89 100.00
217 1840 3 5 99.73 99.84
219 1773 0 0 100.00 100.00
220 1694 0 0 100.00 100.00
221 2015 0 5 99.75 100.00
222 . 2112 4 4 99.81 99.81
223 2186 2 13 99.41 9991
228 1697 32 6 99.65 98.15
230 1859 2 0 100.00 99.89
231 1278 0 0 100.00 100.00
232 1485 10 0 100.00 99.33
233 2554 1 7 99.73 99.96
234 2290 (0] 1 99.96 100.00
TOTAL: 90909 406 374 99.59 99.56

as the sum-of-squares of the subbands, which show a trehd decision strength of a candidate peak instead of just
of generating fewer FP’s than the sum-of-absolute featurescording whether a beat is greater-or-less than a threshold.
The beat detection logic presented in this paper consisfBde decision strength ranges in value from zero to one
of sequential levels of beat detection outcomes. More leveafglicating closeness to a noise or signal level, respectively.
using different features may be added which would potentiallyhis detection strength parameter, as we demonstrated in this
improve the beat detection accuracy. paper, is useful in combining beat detections from multiple

However, the purpose of this study is to show that beahannels. Furthermore, the detection strength parameter has
detection can be performed with FB’s which inherently angotential in a beat detection algorithm which uses multiple
computationally efficient, and offer a unified approach to ECECG leads. A potential algorithm using multiple ECG leads
processing. would operate multiple single-lead, FB-based algorithms, and

The one-channel block implemented is similar to that istrategically fuse detection parameters (such as the detection
[3]. However this basic block is modified by computingstrength) to arrive at an overall detection outcome.
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E. Unified Algorithm for ECG Processing 7

Other processing tasks can be performed using the same
set of analysis and synthesis filters in the FB. Referencd§l
[6] and [7] present an algorithm to reduce the level ofy
noise in the stress ECG. This processing is performed on the
downsampled subbands and contributes to the computatioRél
efficiency of the system. Arrhythmia classification algorithmg 1
need to incorporate features which can discriminate between
normal sinus beats and ventricular ectopic beats. Refere
[5] presents a diagnostic system which computes frequengé
domain features to distinguish between certain arrhythmid#3l
Similar features can be computed from the subbands in thg]
FB, and possibly help distinguish between different beats. A
potential noise alert algorithm, which indicates the fidelity
of noise in the ECG, can also use features extracted from
subbands. For example, the lowest subband ([0, 5.6] Hz)
in the FB can be used to test for the presence of low-
frequency baseline wander noise present in the stress ECG.
The arrhythmia classification and noise alert algorithms a
part of ongoing research on this subject of FB-based E(C
processing.

In each of these applications, time and frequency-depend
analysis can be efficiently performed at the subband rate. Th
the FB-based strategy enables multiple ECG processing ta
to be performed efficiently using one set of preprocessi
filters.

\
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