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Automated Detection and Elimination of
Periodic ECG Artifacts in EEG Using
the Energy Interval Histogram Method

Hae-Jeong Patk Do-Un Jeong, and Kwang-Suk PaMember, IEEE

Abstract—An automated method for electrocardiogram (ECG)- Algorithms have been proposed to eliminate electrocardio-
artifact detection and elimination is proposed for application to gram (ECG) artifacts from the EEG. Nakamura and Shibasaki
a single-channel electroencephalogram (EEG) without a separate [3] proposed an ECG artifact elimination algorithm, which we
ECG channel for reference. The method is based on three char- . '
acteristics of ECG artifacts: the spike-like property, the period- call the ensemble average SL!btractlon (EAS) method, whereby
icity and the lack of correlation with the EEG. The method in- ECG-contaminated EEG series are synchronously segmented
volves a two-step process: ECG artifact detection using the energy with respect to the timing of consecutive ECG R-peaks. By
interval histogram (EIH) method and ECG artifact elimination  subtracting the ensemble average across EEG segments from
using a modification of ensemble average subtraction. We applied g contaminated EEG, the algorithm eliminates ECG artifacts.

a smoothed nonlinear energy operator to the contaminated EEG, EAS is based the strict fi fh it
which significantly emphasized the ECG artifacts compared with IS based on the strict assumptions o homogeneily across

the background EEG. The EIH method was initially proposed to  S€gments and Gaussian property of the EEG [3], [4].

estimate the rate of false positives (FPs) and false negatives (FNs) Using a different concept, the independent component anal-
that were necessary to determine the optimal threshold for the de- ysis (ICA) method was also applied to eliminate ECG artifacts

tection of the ECG artifact. As a postprocessing step, we used two using multichannel signals [7]. Previously, we adopted adaptive

types of threshold adjusting algorithms that were based on the pe- - . - . .
fiodicity of the ECG R-peaks. The technique was applied to four NOIS€ canceling theory [5] to eliminate such ECG artifacts using

whole-night sleep EEG recordings from four subjects with severe @ reference ECG channel [6].
obstructive sleep apnea syndrome, from which a total of 132878 It should be noted that these algorithms use consecutive

heartbeats were monitored over 31.8 h. We found that ECG arti- R-waves in a separate ECG channel as a reference, and there-
facts were successfully detected and eliminated with FB= 0.017 46 cannot be applied when an ECG channel is not available.
and FN = 0.074 for the epochs where the elimination process is Several ambulatory monitoring systems used for studying
necessarily required.

sleep/wake states do not record ECG waveforms. Ambulatory
sleep/wake recordings use a reduced number of essential
channels, compared with the laboratory polysomnographic
units. EEG, electrooculogram (EOG), and chin electromyo-
gram (EMG) are necessary to assess the brain state, and nasal
. INTRODUCTION airflow, respiratory effort, oxygen saturation, and heart rate

HE need for ambulatory electroencephalographic mori monitor respiration and circulation. Recording heart rate is

T toring has increased in both clinical practice and researdfgquently preferred to recording the ECG waveform in order

in areas such as sleep/wake state or epilepsy monitoring [1], [ reduce the data size when the ECG waveform is not a main
However, long-term recordings are vulnerable to various arioncern. Therefore, a new method of eliminating ECG artifacts
facts. In particular, cardiac activity may have pronounced &fom the EEG is required when an ECG channel is unavailable.
fects on the electroencephalogram (EEG) because of its relal this paper, we propose an automated method for detecting
tively high electrical energy, especially upon the noncephalgCC artifacts in a single-channel EEG, and a method for elim-

reference recordings of EEG. inating them.

Index Terms—Electrocardiogram (ECG) artifacts, energy
interval histogram, ensemble average subtraction, nonlinear
energy operator.
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and the EIH technique was developed to estimate the optin <. s ' ’ ]
threshold using threshold-adjusting algorithms. 0 |
Step 1: Emphasizing the ECG Artifacts Using SNEIe -50 . l :

SNEO [8], which uses the Teager—Kaiser Energy Operal 18—z

[9]-[11], is regarded as an efficient tool for detecting spike-lik _ " Threshold (T)

signals because of its sensitivity to instantaneous changesf‘;:“: |
h1 | h2 h3 T h4 ‘ﬁ h5 _T

EEG[u

o N
==

frequency-dependent energy.
For a discrete-time series, the nonlinear energy opetator
and SNEO can be defined as follows [8]:

Uz(n)] =2°(n) — a(n + 1)a(n - 1) 1)
Us[z(n)] = ¥[z(n)] ® w(n) )

where® is the convolution operator and(n) is a smoothing
window function. SNEO is dependent on the square of both the
amplitude and the frequency of the signal, and shows high éifg. 1. An illustration of energy intervals. Intervals between peaks were

i ; ; ; ; Iculated from the instantaneous energy distributign) (lower figure)
ergy for a hlgh frequency Splke. For a linear combination gﬁﬁphasized using the SNEO of contaminated EEG (upper figure). The circle

source signak and spike artifact, i.e.,y(n) = z(n) + s(n), ~marks 6) in the upper figure and square mark3)(n the lower figure indicate
wherez ands are uncorrelated, the expected energy applyinige real R-peak positions on the ECG. Only peaks above the threBhalte

; ; At sed for interval calculation. Neighboring peak intervals h3 and h4 fall within
SNEO toy Is eXpressed by (3) (for detailed derivation, refer tléormal heart beat interval rangé&; ) while h1, h2 fall within half the normal

@
o

Instantaneous energy:
B (=]
(=] o

N
=]
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[8]) heart beat interval rang€us,2), and h5 falls within twice the normal heart
beat interval rangél,ug ) at a threshold’.
sy(n) = Usly(n)] = Usz(n)] + ¥s[s(n)]. 3)
For spike-dominant positions¥,[z(n)] = W,[s(n)], Psy), wherebyT was varied from the maximal value éfsy

sy(n) ~ W,[s(n)] while for nonspike positionsp,[s(n)] ~ 0, to its minimal value. Only the peaks higher t_han the resulting
mthreshold value of” were used to calculate a histogram of peak

sy(n) = U [z(n)]. Using this property of SNEO, the problem o
of detecting an ECG spike in the presence of the EEG badg;ervals. We called this histogram the EIH and have denoted

ground is reduced to finding an appropriate threstibithat 1t @S H(7), i.e., as a function of the threshald An example
separates the spike regions from background signal regionsdhFnergy intervals is illustrated in Fig. 1, where an ECG-con-
the equatiorsy(n) > T taminated EEG and its SNEO energy are also displayed. The

Mukhopadhyay and Ray [8], defined the threshold of SNEENeray peaks above the threshldorm a series of intervals

as the mean energy multiplied by a scaling factoas follows: (|.e.,- h1-h5). ) . .
Histogram bins ofH(T') were divided into three ranges:

N . .
1 normal heart beat interval rangé;s), twice the normal heart
T= CN Z Wsly(n)]- (4) beat interval rangd loyg), and half the normal heart beat
n=t interval range(Iup,2). These ranges are defined with respect

and used as a constant thereafter. This threshold method cannot

be adapted to nonstationary situations where the spike energy of Iug2 = {I|I < % Ieus}
the ECG artifacts in the EEG is variable and no precise knowl- Ing = {I|3 Ipus < I < $Igus}
edge is available on the energy distributions of the spikes and Iopp = {I |% Teng < I} _ (5)

the background activities. Therefore, we developed a new auto-

mated threshold-selection and threshold-adjusting algorithm, asn case of multiepoch signaléggg was initially given with

described in the following steps. an arbitrary normal range value for the first epoch and was esti-
Step 2: EIH for Estimating the Optimal Thresholéor de- mated for subsequent epochs by the mean heart beat interval of

tection problems in general, the optimal threshold is determingee previous epochs.

to minimize false negatives (FNs) while maintaining false pos- In Fig. 1, the intervals h3 and h4 fall withifgg whereas

itives (FPs) within a reasonably low limit [12]. In the presenhl and h2 fall withinlyg,,, and h5 falls withinl,gg, at the

application, FPs are more crucial than FNs, because the sulikeesholdT'.

quent EAS procedure can be severely disrupted by false alarmsThe numbers of intervals that fall into the aforementioned

Therefore, an optimal threshold should be chosen to minimitteree ranges are denotediégg /»(7'), Hur(T), andHougp(T).

FPs at a reasonable FN level. However, it is not easy to deriea high value ofI’, most intervals of the peaks fall ibyg.

the FP and FN rates and the corresponding optimal threshélslT" decreases, the intervals fall more ifiggs and Hup (1)

mathematically, because we have no exact knowledge oa thimcreases whileH>xp(7T) decreases. A is reduced further

priori probability density functions of the EEG and ECG artitoward the minimal value, most intervals fall withlgg /> and

fact energy. Therefore, we used a heuristic approach to estimétgs /»(7") is maximized. For practical purposes, we counted

FP and FN rates. the number of intervals directly within the three ranges of (5)
After detecting peaks from the smoothed signal enesgy, ( instead of calculating the intervals in smaller-sized bins. Fig. 2

we applied a series of thresholdB)(to these peaks (denoted agdllustrates the course of EIH according to the threshold, at (a)
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Fig. 2. Anillustration of the energy interval histogrdi{7") according to the (] ‘.\ * /’
thresholds: (@Y’ = max(T), ()T = THREQU, (¢)T = THRMAX, and 0.1 ' -
(d) T = min(T). As the threshold™ decreased{ 5 > increases whiléZ>up *,‘@“‘ﬂ"*-.h.
decreases. ATHREQU, the relative number of intervals withify s - is the 0 . 0 ) Jo 8 m
same as that withidoygs, i.e., Hus/2(THREQU) = Hoys(THREQU). 0 100

50
THRMAX is the threshold that maximizedius, i.e., Hus divided by the Thresholds (T)
total number of intervals.

Fig. 3. Arelative energy interval histograntf (1") as a function of threshold
T = max(T), (b) 7' = THREQU, (c) 7' = THRMAX, and 7. rH(T) are functions of the relative number of intervals that fall within

(d) T = min(T). In this figure,min(T) < THRMAX < predetermined ranges at the thresh@ldThe dark solid line is" Hus(T'),
THREQU < max(T) the dash-dotted line isHy,2(T), and the dashed line isH,5(T). These

. : functions were derived by normalizinug /2(T), Hus(T), and Hous(T)
The relative histogramsr Hyp/>(7), rHur(T), and with respect tad—or(T).

rHoug(T) indicate the ratios of Hyg/o(T), Hur(T),

and Hous(T) with respect to the number of total inter- . interval(1.5 x Izag) from the reference spike, the most

vals within all three intervals of (5), which is denoted b ikely position of the following spike was considered to be the

Hror(T) = Hup/2(T) + Hus(T) + Hous(T). rHoup e ;
is highly correlated with the number of missed peaks (aonosnmn delayed bypxp from the reference spike, due to the

estimate of FN, abbreviated as eFN) anHyg)s is highly periodic characteristic of ECG spike trains. The peak nearest

correlated with the number of false alarms (an estimate of I'—tBe expected position was selected as a new reference. With the

shevite oEP 1y e e posives (TF). Using e =700 O 1 S0t pecc brpeske it e
estimated values forHyug»(1"), rHus (1), andrHaus (1), P 9 ’

, A
we considered four criteria for selecting the optimal thresholGPIkes were found within.5 x g from the reference, a new
reference was selected using an interval mask ranging from two

_ _ to four times/ggg after the current peak with a mask gapRaéf
THREQU= a;g{THHB/Z(T) = rHons(T)} asfollows:ex Iggp—Ia < I < exIgup+Ia,c =2, 3, 4.By
THROPT = arg{min[r Hup/2(1')], rHons (1) <7 Hyim} shifting this mask to consecutive peaks and counting the number

T of peaks that fall within the mask, the peak with the highest co-
THRMAX = a;g{maX[THHB(T)]}- (6) incident number was selected as a new reference on the assump-
tion of periodicity.

THREQU represents the threshold at which the false alarm Fig. 4 illustrates this procedure. The peaks detected by thresh-
rate eFP and the miss rate eFN have the same VARIBOPT olding are marked with plus signs-J. Within 1.5 x Iggg from
is a threshold chosen to minimize eFP while maintaining eRNe reference,, (ref; ), the most likely ECG-peak position is
within a reasonable limit Hy;,,, (0.1 in this study) THRMAX represented by the peak that is closest to the expected peak po-
is the threshold that maximizes the eTP. Fig. 3 shows the E#ion, i.e.,is,(ref1) + Irus. In Fig. 4, I3 shows the nearest
function derived using the procedures previously describéderval tolgug andi,,(ref;) + I3 is selected as a new spike
and shows the relative number of intervals according to theference,, (refs). iy, (ref3) can be calculated using the same

threshold. procedure with the reference beiig(refs).
Step 3: Postprocessing of Detectio®TEP 3-1: Reducing STEP 3-2: Reducing misses using the threshold-adjusting
false alarms using the next-spike selection algorithm. algorithm.

Since random high-frequency noise frequently disturbed theln order to redetect missed spikes, we applied a threshold-ad-
detection of periodic ECG spikes, we reduced these false alafjoting technique around the expected spike regions with a
using the nonperiodic characteristics of random noise. Whtweshold window. This window has a triangular shape with
multiple peaks were detected within 1.5 times the mean heatminimal peak value equal to a constant multiplied by the
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Fig. 4. Anillustration of the next-spike selection algorithm. In the energy plot

of ECG-contaminated EEG, all intervals from the referencgref; ) within - Fig. 6. Results at four detection steps. The estimated beats and the intervals

1.5 x Ixns ({1, 12, I3, andI4) are displayed with arrows. The plug-Y between neighboring beats are plotted on:thandy axes, respectively. (a)

and circle ¢) signed peaks are spike candidates higher than the threshold; 8teows peaks thresholded by an optimal threshold which is derived from EIH

circles indicate true spikes. Within5 x Iy from the reference,,(ref;), in STEP 2. (b) Shows the resultant peaks after application of the next-spike

the most probable position is the peak nearest the expected peak positégection algorithm, which reduced false alarms in STEP 3-1. (c) Result of the

i.e., isy(ref;) + Igus. Of the intervals, the peak delayed Bb$ is nearest threshold-adjusting algorithm for reducing misses in STEP 3-2. The final result

the expected heart beat peak and is regarded as a new Spiked /2 are  of STEP 3-3, in which the (d) next-spike selection algorithm reduces the false

considered to be false alarms and rejected. The peak located stf,) + 74  alarms caused by STEP 3-2.

will be recalculated with a new referenég, (ref,) and will be rejected as a

false alarm. . . .
angle-weighted threshold window when the heart beat intervals

were longer than two or three timésyg. STEP 3-3 reduced the
false alarms generated by STEP 3-2 to give a final FP of 0.006
and a final FN of 0.006 [Fig. 6(d)].

N
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o
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threshold (7) window

Y

N
S
S
i— ]

B. Elimination of ECG Artifacts: EAS

ﬁ We adopted EAS [3] with a small modification. For ECG-
1 contaminated EEGg4(n) = x(n) + s(n), wherez(n) is the
exT original EEG ands(n) is the ECG spike, the R-peaks of the
reference ECG can be used as triggering points for averaging.
All EEG signals were segmented onto the time range between
. , : \ 200 ms prior to the current triggering point and 200 ms prior
0 100 200 300 400 %00 to the next triggering point. By averaging these segments, an
Samele number [n] estimate of the ECG artifact waveform can be derived by the

Fig.5. The threshold-adjusting algorithm. When a spike is missed, a trianguf@llowing equation:

window with a minimum ofc x 7" at the mid-way position between spikes is

applied in an effort to redetect the missed spike. The square niajkadicate M M

peaks detected by the thresholding method initially, while the circle mgrk ( 1/M Z yi(n) =1/M Z {zi(n) + s:(n)}
indicates a missed spike, to be re-detected by lowering the threshold. i—1 i—1

o o
=] =]
L

Instantaneous energy: sy(n)

M M
thresholdZ'(¢ x T') in the expected region. This is shown in =1/M Y wi(n)+1/M Y si(n)  (7)
Fig. 5. =1 =1

STEP 3-3: Reducing false alarms by removing points neigithere M is the number of the segments andenotes the seg-
boring the expected beats. ment index. On the assumption that the EEG has a zero-mean

During STEP 3-2, a lowered threshold may cause the re-dgsaussian distribution, the first term of the equation can be re-
tection of artifacts and increase the number of FPs. Therefodeiced to zero, leaving only the second term. The remainder [i.e.,
re-application of STEP 3-1is required to reduce these extra FR&) = 1/M Zf‘il si(n)] is an ensemble average and indi-

Fig. 6is anillustration of the result of each detection step, aedtes an estimation of the ECG artifact. By subtracting this en-
was obtained by plotting heart beat intervals versus the detecsednble average from the contaminated Egf3, the original
heartbeats. Beat intervals much shorter than the mean beatiRG waveform(z;) can be estimated using(n) = y;(n) —
terval (Iggg) can be regarded as false alarms while beat inteitn). For the nonstationary case when the ECG waveform varies
vals two or three times longer thaigyg can be regarded aswith time or there are multiepoch events, the previously cal-
indicating misses. After thresholding spike energies in STEP@jlated ECG ensemble average can be added, with a weight
false alarms and misses occurred iiih = 0.08 andFN = 0.1 factor )\, in a new averaging process as shown by the following
in this example [Fig. 6(a)]. The first postprocessing step STERjuation:
3-1 removed the false alarms of STEP 2 using the next-spike M
se!ection algorithm [Fig. 6(_b)]. STEI_3 3-2 rgdetected the miss_es Ser1(n) = Ase(n) + (1 = \)/M Zyi(n)- 8)
using the threshold-adjusting algorithm [Fig. 6(c)], using a tri- P}
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Fig. 7. Detection and elimination of simulated ECG-artifacts.
This ensemble average across EEG segments is computed, as- [ll. EVALUATIONS AND RESULTS

suming that only ECG artifacts and no true cerebral activity a ;

time-locked to the R-wave in the recorded EEG. In this papeﬂr-:;‘ Evaluation Sets _ _
the bias errors between the exact spike peaks and the detectdf order to evaluate the performance of the artifact detection
peaks cannot be disregarded, and therefore, the EAS algoritAfdl €limination algorithm, we acquired six 8-h EEGs (C3-A2 or
of Nakamura and Shibasaki [3] above was modified. Before su§2-A1) during sleep from one normal subject and five subjects
tracting the averaged ECG component from the EEG, we Mith obstructive sleep apnea syndrome (OSAS). One OSAS
aligned the averaged ECG artifact segment to the real EEG s&gfording was used for determining the optimal detection pa-
ment with a time delay. The time delaywas derived to make rameters, one normal recording was used for evaluating ECG
the cross-correlation between both segments maximal and &4fination performance, and the other four recordings were

be described as follows: used for evaluating the overall performance of our method.
All recordings of the OSAS subjects contained ECG artifacts
1 L in the EEG, but no ECG artifacts were present in the normal
T = arg {max{— Z [yi(n —t) x 5(n)], recording. In all cases, the ECG was recorded simultaneously
t M—2L-1 — with the EEG, as a reference. Both ECG and EEG signals were

sampled at a frequency of 250 Hz. R-peaks of the reference
for—L <t< L}} (9) ECG, detected using a general R-peak detection algorithm [13]
were used as a target for evaluating the detection performance.

where) is the length of the averaged ECG waveform dnig  B. Performance Indexes

the maximum time shift around the peak. The resultant EEG isspjke-to-Background Signal Energy Ratio (SBBBR was

calculated using:;(n) = y;(n) — 8(n + 7). defined to be a function of mean spike energy normalized with
Fig. 7 illustrates the complete process used for ECG artifaglspect to the background signal energy. In practice, we defined

detection and elimination in the simulated signals. Artifact-fre8BR as the ratio of the mean energy of the spike region to that

EEG signals [Fig. 7(a)] and the time-synchronized ECG ariyf the background signal as follows:

facts [Fig. 7(b)] were added to generate the simulated BEEG

ECG [Fig. 7(c)]. Fig. 7(d) shows the energy of the EEGECG Ny ) N .

derived from the SNEO. The estimated EEG (eEEG) using our > | NS Y SEW(n)

algorithm is shown in Fig. 7(e). Fig. 7(f) shows the estimated SBR — =1 n=t (10)
ECG artifacts derived by subtracting the eEEG from the simu- N N

lated EEG+ ECG (top) and the difference between the original ) l/Ng“) XB: BE®)(n)
EEG and estimated EEG (bottom). k=1 n=1
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Fig. 8. Detection performance versus SBR in OSAS recordings (total 3814 epochs and 132 878 heartbeats duxirgp3§1¢) lllustrates mean FP and FN
in the epochs of the given SBR. (b) Mean FP and FN in the epochs having higher SBR than the given SBR. (c) Relative number of epochs having higher SBR than
the given SBR. SBRs higher than 20, whereby FP and FN reached 0.02 and 0.1, accounted for 60% of the total epochs.

where SE®)(n) and BE®)(n) indicate the instantaneousaverage value of the other threshold types, TRBIROPT and
signal energy of the spike region and of the nonspike regidfHRMAX.

in the kth segment, with segment sizes Mé"') and Ng“), STEP3-1 reduced FP at the cost of a slight increase in FN.
respectively. Each segment is composed of samples locaf&lEP3-2 then decreased FN while STEP 3-3 readjusted the FP.
around the R-peak ani;, is the number of total segments inDue to the postprocessing algorithms, FP and FN were reduced

the epoch. to 0.008 from 0.0763 and to 0.008 from 0.0109, respectively,
FN Ratio : FN was defined as the ratio of the number ofisingTHREQU.
missed spikes to the number of actual spikes. The Elimination PerformanceThe performance of elimi-
FP Ratio: FP was defined as the ratio of the number of falseation using EAS was evaluated using simulated signals that
alarm spikes to the number of actual spikes. were generated by adding weighted ECG spike trains to the ar-
In the cases of both FP and FN, the R-peaks of the ECG r#ifact-free normal EEG. The mean power error between the orig-
erence were regarded as actual spikes. inal signals and the ECG-eliminated signals, normalized to the
original signal power, was 10%. The elimination procedure re-
C. Performance Evaluation duced the SBR of the contaminated EEG from 25.3 to 3.1.

Bartlett, Hamming, and rectangular windows were tested asApplication to the OSAS RecordingEour OSAS recordings
a smoothing window for the SNEO, and a rectangular windowere used to evaluate the overall performance of the algorithm.

of length of seven samples was found to produce the best restifi¢ mean sleep time of each subject was 7.94 h (i.e., on the
in emphasizing spike-to-signal ratio maximally. average 953.5 epochs of 30 s each) and the total number of heart

The Detection Performance According to Detectioheats was 132878 during a total period of 31.8 h with a mean
Steps: We optimized the detection parameters by applying ti€art rate of 69.7 beats/min. The mean respiratory disturbance
current method to ECG-contaminated EEG samples (1068 hegtex (RDI) was 49.9 (counts/h), indicating severe OSAS. Sleep
beats with mean heart rate 71.2 beats/min within a durati§ifges were scored according to Rechtschaffen and Kales’ sleep
of 15 min) derived from the EEG recording of one OSAStaging criteria [14] by a sleep expert. The total epoch numbers
subject, including sleep stage 1, stage 2, REM, and wakefuln@éstage 1, stage 2, REM, and wakefulness were 530, 2244, 555,
state. In order to evaluate the validity of threshold selecticid 485, respectively. Mean FP was 0.0424 and FN was 0.1504
by EIH at STEP2, we compared the estimated thresholt® total epochs.

(i.e., THREQU, THROPT, and THRMAX) with an exper-  Fig. 8illustrates the relationship between SBR and the perfor-
imentally determined optimal threshold, which was chosenance indices FP and FN. Fig. 8(a) shows the mean FP and FN
to minimize FP and FN using real ECG R-peak referencds.the epochs with the given SBR, and Fig. 8(b) shows the mean
The FP and FN of the ECG-referenced results were 0.08 drd and FN in the epochs having SBR higher than the given SBR.
0.09, respectively, and these values were equal to the maxigg. 8(c) indicates the relative number, i.e., frequency, of epochs
performance that can be achieved by the thresholding methbdving SBR higher than the given SBR. As is shown in Fig. 8(a),
The high correlatiorfr = 0.99) between the ECG-referencedan SBR value higher than 20 was required for FP and FN to
the experimental optimal threshold and one type of estimatezhch 0.02 and 0.1, respectively. Epochs having an SBR higher
threshold(THREQU) derived by EIH supported the use ofthan 20 account for 60% of the total epochs in Fig. 8(c). Inspec-
EIH for estimating the optimal threshold. tion of epochs with SBR around 20 indicated that the EEG sig-

Though FP and FN at STEP2 were dependent on thals contained other types of artifact-bursts such as EMG, which
threshold type, no significant differences were evident afterade it difficult to identify some ECG artifacts. For epochs with
postprocessing. We selectdHREQU as an optimally esti- an SBR below ten, ECG artifacts could not be discriminated
mated threshold becauSEHREQU requires less calculation easily due to other types of artifacts present, or due to a rela-
time than the other thresholds. However, in particular sittively small ECG effect on the EEG. Therefore, ECG artifact
ations whenTHREQU could not be obtained, we used theelimination in these epocH$BR < 10) was not thought to be
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TABLE | algorithmic adjustment is required to overcome the degrada-
PERFORMANCEACCORDING TO THESLEEP STAGES INOSAS RECORDINGS  tjon of ECG detection caused by the various environments. In
order to decrease the number of misses and false alarms, two

Stagel  Stage2  REM  Wakeful - Mean threshold-adjusting procedures were applied. One procedure in-
ggﬁz 73}) 42(3) 'ﬁ? ';2 ‘;i volved rejecting spikes of shorter interspike duration than the
PP B - ' ’ ' expected heart beat interval. The other procedure redetected

(I;';('/ 0 88‘2‘% 33?; gg:g 88?3 83‘1‘; missed events by adjusting the threshold in the expected peak re-
o ' ' ' ‘ gion using ECG periodicity information. These adjusting steps

Total 0.133 0.163 0.066 0.209 0.150 increased the detection performance significantly.

SBR 10 0081 0081 0040 007  00M The application to OSAS data produced satisfactory results.

*SBRr : spike-to-background ratio of energy of original signals According to the results obtained, the performance of our al-

*SBRe : spike-to-background ratio of energy after ECG-elimination

gorithm was mainly dependent on SBR. In the low-SBR cases,
ECG artifacts tend to be immersed in other artifacts or are not
necessary. These epochs accounted for as much as 20% of#sly distinguished from the EEG and in such cases, there is ho
epochs and it would make sense to exclude these epochs inrteed to apply the ECG-artifact elimination algorithm.
performance evaluation. The detection performance at epoch$Ve did not evaluate the performance of the method system-
of SBR > 10 wasFP = 0.017 andFN = 0.074 in Fig. 8(b). atically according to heart rate variability and ECG waveform
For epochs oF BR > 20, which was regarded as the boundarghanges. However, recordings of OSAS involving various sleep
of obviousness for ECG artifacts by visual inspection, the algstages can be considered to present a somehow extreme case of
rithm achieved®P = 0.007 andFN = 0.034 [Fig. 8(b)]. heart-rate variability and ECG waveform changes which may
In Table I, results of the performance are listed according be exacerbated in the presence of several types of heart dis-
sleep stages. Wakefulness states showed the lowest SBR @nlgrs. In the case of OSAS signals where the standard devi-
the highest FP and FN. This result can be explained by the fation of heart beat intervals was extended to almost 25 % of the
that in the sleep of OSAS, a wakefulness state usually followsean heart beat interval, we found no significant correlation be-
apneic events with deep exhalation, which is associated witileeen the standard deviation of heart beat intervals and FP or
severe movement and muscle artifacts. During REM stages, B¢ within the same SBR range. Therefore, we believe that the
SBR was at its highest and the number of FPs and FNs at thraigorithm has enough redundancy, provided the cardiac activity
lowest. Upon applying the algorithm, the SBR decreased fromaintains periodicity within the normal ranges.
59.2 to 6.5 on the average, which confirms the efficiency of the ECG waveform variability, due to, for example, amplitude
algorithm. variation of R-peaks, may not severely disrupt the detection
performance, if such variability remains within normal limits,
considering that the ECG waveform change is equivalent to a
change in the background EEG in the sense of additive energy.
We propose an ECG artifact detection and eliminatiodowever, the artifact-elimination performance of the EAS algo-
method for EEG without the need for an additional ECGthm is believed to be dependent on the ECG waveform vari-
channel. The method is based on the following three charability even if the algorithm uses the adaptive averaging method
teristics of ECG artifacts: that the ECG R-peak occurs asoé(8).
spike, that the ECG R-peak has periodicity, and that the ECGWe believe that the elimination algorithm is worth examining
is uncorrelated with the EEG. further, even though this is not the main concern of this paper.
The SNEO showed excellent performance in emphasiziSgme intrinsic limitations were found in the EAS algorithm of
spike components by a simple calculation. The EIH method uf8], which was based on the assumption that the beat-to-beat
lized ECG periodicity when estimating FP and FN to determir@RS waveform is constant and every beat is averaged with a
an optimal threshold. Moreover, the EIH method allowed thteiggering reference of time-locked R peaks. In order to satisfy
experimentally obtained optimal threshold to be approximatetthe time-locking assumption, the bias between the estimated
It should be noted that the detection performance with thepeaks and the accurate position of R-peaks should be mini-
experimental optimal threshold derived by using an ECG rafized. However, in the non-ECG reference case, the bias may
erence was much lower than that obtained by using the ph® unavoidable, and, therefore, we used a temporal realignment
cedures of EIH method. This indicates the intrinsic limitatiorechnique, using template matching in order to reduce the bias
associated with the fixed thresholding method, due to the predfect.
ence of the changing environment caused by the backgroun®ne merit of the proposed method is its excellent detection
EEG. In some ECG spike regions, the original EEG activitgerformance in terms of real contaminated signals. In epochs
may be of the opposite phase to the ECG activity and, thushere the elimination process is thought to be necessary
may degrade the spike energy. Conversely, the original EEG &8BR > 10), the average FP was 0.017 and the average FN
tivity may be in-phase, which would increase the ECG spikeas 0.074 (Table I), which is an acceptable result for clinical
energy. These situations explain the diverse instantaneous ggnals. The other merit of the method is that it uses only one
ergy distribution of ECG spikes. In addition, SNEO is relachannel of contaminated EEG. The simplicity of the algorithm
tively sensitive to high-frequency noise, such as EMG signaks another merit for successful implementation in practical
that are frequently present in EEG signals. Therefore, additiomahl-time situations. If this algorithm is applied to multichannel

IV. DISCUSSION
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EEGs, and if the time synchronization information between14] A.Rechtschaffen and A. Kales, Eds., “A manual of standardized termi-
channels were used, we would expect increased detection and nology,” in Techniques and Scoring System for Sleep Stages of Human

elimination performance in the low-SBR situation.

This paper proposes an efficient method for detecting and
eliminating periodic artifacts, and we believe that it has the po-
tential for more general application in systems that involve p
riodic or semiperiodic spike artifacts.
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