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Abstract

Cardiovascular diseases are the major cause of world—wide mortality. Heart rate (HR) and
heart rate variability (HRV) are important health parameters to monitor functioning of heart of
cardiac patients. Multimodal physiological signals namely; Electrocardiogram, Arterial Blood
Pressure, Photoplethysmogram, Electroencephalogram, Electrooculogram, Electromyogram
etc. are recorded in ICU for close monitoring of vital health parameters of critically ill patients.

However, Electrocardiogram (ECG), that provides direct measure of heart rate, is often
corrupted by noise or is missing and the heart rate estimated from such signals would be er-
roneous. Thus, there is a need for development of methods for robust heart rate estimation
especially when ECG is either noisy or missing. This thesis investigates the development
of appropriate signal processing techniques for robust heart rate estimation from fusion of
cardiovascular signals with non-cardiovascular (NC) signals that are not related to cardiac ac-
tivities but contain some markers of heart beats. The signals used in proposed study are ECG,
Arterial Blood Pressure (ABP), Electroencephalogram (EEG), Electro-oculogram (EOG) and
Electromyogram (EMG).

A novel slope sum function and Teager-Kaiser Energy (SSF-TKE) method is developed
for ECG artifacts detection in NC signals. It requires neither additional ECG channel nor a
priori user input. Results from evaluation on standard databases have shown that SSF-TKE
method is a highly effective technique for R-peak artifacts detection in non-cardiovascular
signals contaminated with ECG artifacts.

The use of SSF-TKE method is then explored in R-peak detection in ECG signal. SSF-
TKE is a simple method for R-peak detection that does not consider detail morphology of
ECG, except steep slopes, amplitude and periodicity of QRS complex. This method has
achieved excellent R-peak detection performance across a number of standard databases with
variety of signal morphology. Experiments have demonstrated that SSF-TKE algorithm is
highly resistance to different types of ECG noises and its beat detection performance is supe-
rior to well known QRS detectors, ‘gqrs’ and ‘epltd’ in noisy signals and in ECG signals with
pacemaker beats.

A new statistical and rhythm based beat SQI method has been developed for assessment

of signal quality of cardiovascular and non-cardiovascular signals. It is based on rhythm of
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detected heart beats and probability of the beat being a matched beat. The proposed beat SQI
is a simple method of signal quality assessment and it requires only one beat detector. It is
shown that signal classification accuracy of beat SQI is better than that of bSQI, a well known
SQI assessment method, which requires two independent QRS detectors. Beat SQI works sat-
isfactorily on bradycardia, tachycardia and signals with different types of arrhythmias, except
on certain types of arrhythmias like atrial fibrillation, ventricular bigeminy and atrial ectopic.
Beat SQI has enabled effective participation of non-cardiovascular signals in the voting fusion
process.

A novel voting fusion method is presented for robust heart beat detection and heart rate
estimation from fusion of multimodal physiological signals i.e. cardiovascular signals and
non-cardiovascular signals. The proposed fusion method is based on weighting the beats
from each signal according to the corresponding SQI of the beats, assessed by the beat SQI
method. The evaluation results of beat SQI based majority fusion method for robust heart beat
detection on different standard databases are presented and compared with other methods. The
results show that fusion improves overall score of beat detection as compared to that achieved
by individual well known detectors. The proposed algorithm for beat detection has also been
evaluated on PhysioNet/CinC Challenge 2014 hidden test dataset by submitting it in PhysioNet
web server and presently the algorithm ranks fifth in results from the 2014 challenge.

The beat SQI based voting fusion method has been evaluated on standard databases for
robust heart rate estimation from fusion of multimodal signals. The fusion method provides a
significantly better estimate of heart rate than heart rate estimate derived from a single signal.
The proposed method has been validated on concurrent noisy cardiovascular signals (ECG
and ABP) of a synthetic noise dataset, generated by adding different types of calibrated noise
in clean signals, to assess participation of non-cardiovascular signals in majority voting fusion
for robust heart beat as well as heart rate estimation. The results on noise evaluation dataset
show that proposed voting fusion method has significantly improved accuracy of heart rate
estimate as compared to that obtained from single cardiovascular signal, even when both ECG
and ABP signals are extremely noisy concurrently. It demonstrates effective participation of
non-cardiovascular signals in voting fusion for robust heart rate estimation and NC signals
have increased robustness of the system.

The proposed algorithm has been implemented on Raspberry Pi 3 and its computation
time is 75 times faster than the required constraints for real time applications. The asymptotic
runtime complexity analysis of our algorithm is O(N), where N’ is the number of samples in
the signal.
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Chapter 1
Introduction

According to the World Health Organization (WHO), cardiovascular diseases are the leading
cause of world-wide mortality representing about 31% of all global deaths in 2012. More
than 40% of these deaths were premature i.e. under the age of 70 years [1]. Cardiovascular
diseases have been identified as one of the major challenges of 215century for health care and
related diagnostic developments. WHO has set a global target of 25% reduction in overall
mortality due to cardiovascular diseases, cancer, diabetes or chronic respiratory diseases by
2025. Hence, prevention and control of cardiovascular diseases has been accorded top priority
by WHO.

Researchers world over have given significant importance to work in the field of cardiac
health with strong focus on improving signal analysis techniques for cardiovascular diagnos-
tics. In such studies, heart rate (HR) and heart rate variability (HRV) play an important role.
HR and HRV may contain indicators of many cardiovascular and non-cardiovascular diseases
namely, myocardial infarction, myocardial dysfunction, diabetic neuropathy, liver cirrhosis,
sepsis etc. [2]. Hence, accurate estimation of HR is important requirement for patient’s over-
all health monitoring. Robust sensor fusion of multimodal physiological signals improves
heart rate estimation in clinical evaluation [3]. The present thesis is an attempt in this direc-
tion and objective of our study is to develop techniques for robust heart rate estimation from
multimodal physiological signals by fusion of cardiovascular and non-cardiovascular signals.

1.1 Overview

Intelligent bed side monitors in ICU simultaneously record multimodal physiological sig-
nals namely; Electrocardiogram (ECG), Arterial Blood Pressure (ABP), Photoplethysmogram
(PPQG), Electroencephalogram (EEG), Electrooculogram (EOG), Electromyogram (EMG) etc.

for close monitoring of vital health parameters of critically ill patients. Cardiovascular signals
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(ECG, ABP and PPG) are directly related to cardiac activity and are normally used to detect
heart beats. Heart rate is one of the most important health parameters, which can be estimated
directly from ECG [4]. Non-cardiovascular signals are not directly related to cardiac activity;
EEG, EOG and EMG are some of the non-cardiovascular signals.

The problem, however, is that ECG recorded in intensive care unit (ICU) is often missing
or corrupted by intrinsic systematic noises like power line interference, baseline wander etc.
and random noises caused by motion, muscle contractions, sweating, misplaced electrodes,
and power failure that affects the detection of QRS complexes [5]. This leads to large errors
in the estimation of heart rate [6, 7]. Pacemaker artifacts can also introduce large errors in the
automatic estimation of heart rate [8]. If relatively high level of noise is present in the ECG
signal, it will provide incorrect estimation of HR and errors in HRV analysis. In such cases,
there may be large number of false alarms from ICU monitor that may reduce alertness level

of clinical staff to real alarms affecting patient’s overall care [9-12].

Other pulsatile cardiovascular signals that directly reflect cardiac activity, such as ABP
and PPG, can also provide redundant and independent measures of HR with certain limitations
[13-16]. Non-cardiovascular signals like EEG, EOG and EMG are though not directly related
to cardiac activity, but are usually contaminated by ECG artifacts [17-19] as can be seen in
Figure 1.1. All these signals contain HR information and it’s detection from physiological
signals other than ECG has been carried out by many researchers. The physiological signals
containing markers of heart beats can be used for HR estimation, especially when ECG is
noisy or missing, because various sources of measurement errors do not affect multimodal
signals in the same way. For example, sweating affects ECG measurement but the quality of
the BP signal measurement does not depend on it. The great advantage of using multimodal
signals is that noise and artifacts that disrupt ECG may not influence other signals and hence

different multimodal signals can be considered to be independent to a certain extent [3].

Robust HR estimation is essential for monitoring of ICU patients [20]. Medical practioners
cannot rely on monitor’s estimates without visual confirmation due to presence of noise and
artifacts in signals. Researchers have used various techniques such as averaging [7], machine
learning [21], Kalman filtering [3, 22-24] and signal quality assessment [6, 25-27] to improve
upon the estimates of parameters derived from noisy physiological signals. Averaging meth-
ods smooth out true physiological changes and can also reduce the transient artifacts. Machine
learning techniques detect artifacts efficiently, but it requires large amounts of physiological
data to train the model. Kalman filter (KF) methods reliably detect abrupt changes and ar-
tifacts from physiological signals. Signal quality assessment methods provide an improved
estimate of parameters identified from the recorded data.

This problem of inaccurate data from noisy signals can be handled by combining inputs
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Figure 1.1: ECG artifacts in NC signals
(Source: Record no. 112 of PhysioNet/CinC 2014 training dataset)

from multiple independent sources [28]. Data fusion techniques combine data from multiple
sensors and related information from associated databases to achieve improved accuracy and
more specific inferences as compared to those from a single sensor [29]. The purpose of using
data fusion in multi-sensor environments is to obtain a lower detection error probability and a
higher reliability. The data fusion techniques can be classified into three categories: (i) data
association, (ii) state estimation, and (iii) decision fusion [30]. Decision-level sensor fusion
combines the detection results instead of raw data of different sensors and is most suitable
when we have different types of sensors [31]. Naive Bayes method, Dempster-Shafer theory,
fuzzy probabilities, rule-based method, and voting techniques are some of the applied fusion
methods [32].

In the present study a decision-level sensor fusion technique based on majority voting
fusion has been proposed where redundant HR information in NC signals is being used to im-
prove the accuracy of HR estimation. The advantage of multimodal sensor fusion is that it can
provide robust health parameter estimates even when data from only one signal is relatively
noise free. We have observed that the fusion of cardiovascular with non-cardiovascular signals
improves the accuracy of physiological parameters. The non-cardiovascular signals can fill in
the gap of heartbeats when ECG and ABP signals are noisy. The fusion of sensor data has
following advantages [33]:

1. Robustness and reliability: Redundancy in multiple sensors enables the system to pro-

vide reliable information even when one sensor is relatively noise free.
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2. Extended spatial and temporal coverage: If measurement from one sensor is missing

over a period of time then the information from the others can be utilized.

3. Increased confidence: Estimate of a parameter provided by one sensor can be confirmed

by estimates of other sensors.

4. Reduced ambiguity and uncertainty: Ambiguous interpretation of measured parameter

is reduced by fused estimate.

5. Robustness against interference: The system becomes less susceptible against noise and

artifacts by increasing the mode of measurements of parameter.

6. Improved accuracy: Fusion of multiple independent measurements of a parameter pro-

vides better accuracy than from a single sensor.
Nevertheless, sensor fusion has certain limitations:

1. Quality of input data: The effectiveness of multi-sensor concept depends on quality of
input data. If a lot of poor quality data is fused, it may not produce good quality output

and may even reduce the quality of the output.

2. Extra equipment: Fusion requires more than one sensor, which increases effective cost

of the system.

3. Time delays: If quality of input data is poor, fusion process introduces unnecessary time
delays without any gain in the quality of output and confidence.

It has been theoretically proved that sensor fusion in specific cases for majority vote and
maximum likelihood theory in decision fusion improves the performance [34]. The study by
Dasarathy showed that performance gain or loss by increasing the number of inputs in a sensor
fusion process depends on the sensor fusion algorithm [35, 36].

We have proposed a decision sensor fusion model based on majority voting fusion of
cardiovascular and non-cardiovascular signals for robust heart rate estimation [37]. Fusion
of multimodal physiological signals has increased redundancy and reliability of the system.
Since, the measurement sensors are multimodal; it provides robustness against noise/interference
in voting fusion. The major limitation of sensor fusion is degradation of output due to poor
quality of input sensor data. This limitation has been taken care of in our study by assigning
proper weights to the input data based on quality of the signal and its reliability. We have de-
veloped an algorithm based on beat SQI for signal quality index assessment that has improved
the performance of the algorithm. Since, ICU monitor simultaneously records multiple phys-

1ological signals for clinical analysis purpose, and the same have been used for robust heart
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rate estimation in our study, hence no extra equipment is required . Majority voting fusion

method is simple and has low computational load.

There are two major steps in HR estimation. The first step is heart beat detection and
second HR estimation. Cardiac activities generate strong electric field, which introduce ECG
(R-peak) artifacts in NC signals. The quantum of ECG artifacts depends on the proximity
of recording sensors to the heart and these artifacts may also occur inconsistently [38]. ECG
artifacts pose problems in clinical interpretation and analysis of non-cardiovascular signals,
which reduce their usefulness. ECG artifact removal from EEG, EOG and EMG is, therefore,
one of the prominent areas of research in Biomedical Engineering. Automatic detection meth-
ods have been proposed in earlier studies. The ensemble average subtraction (EAS) method
[39], independent component analysis (ICA), and adaptive noise canceling theory [40] have
been developed to eliminate ECG artifacts for which an additional reference ECG channel is
required [41].

We have developed a novel algorithm using Slope Sum Function (SSF) and Teager-Kaiser
Energy (TKE) operator (SSF-TKE) for R-peak artifacts detection in NC signals [42]. This
method is simple and does not require an additional reference ECG channel as is the case
in previous studies. The algorithm has used redundant information of heart beat markers as
ECG artifacts in NC signals for HR estimation. It was observed from the recordings of NC
signals that ECG artifacts are present like periodic quasi-spikes with diminished amplitude.
ECG artifact in NC signal is one type of noise which is of interest and is to be detected for HR
estimation, but other noises present in the signal have to be removed. This has been done using
Butterworth band-pass filter of first order of appropriate frequency range. The mathematical
operator SSF distinguishes the true ECG artifact spikes while TKE enhances them for efficient

detection using adaptive threshold.

This study on R-peak artifacts detection differs from the previous works in the sense that
we have utilized the detected artifacts to fill the gaps when ECG signal is either noisy or
missing. It has helped us in robust estimation of heart rate. The SSF-TKE algorithm has also
been extended with some modifications for R-peak detection using morphological features of
QRS complex of ECG waveform. There are various techniques available for R-peak detection
like empirical mode decomposition (EMD), Hilbert transform, Wavelets Transform, Artificial
neural network etc. [43]. All these techniques have certain limitations that have been discussed
in chapter 4. After beat detection, it is necessary to find out signal quality of the beats because

false beats may degrade the quality of outcome of fusion.

Signal quality is important for accurate assessment of health parameters extracted from
physiological signals for clinical decisions. Fusion of detected heart beats from noisy signals

with those from clean signals may degrade the quality of fused heart beats. Hence, correct
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assessment of SQI is essential for efficient fusion of physiological signals. ECG and ABP
signals are quite often corrupted by noise or may be missing. The R-peak artifacts in NC
signals may also occur intermittently. It is essential to develop beat SQI rather than overall
signal quality index for selection of clean parts of the signal with prominently detected true
beats, excluding its noisy parts, for fusion. A statistical, probability and rhythm based beat
SQI assessment technique is being proposed in this study [37]. A simple and rational approach
has been used based on beat rhythm of the signal immediately preceding the beat and on the
probability of the beat being matched or unmatched with respect to reference beat annotation.

Intensive care unit patients generally suffer from irregular heartbeats known as cardiac
arrhythmia. The heart beats in arrhythmia can be irregular, too fast, or too slow. It is essential
that the SQI should be able to correctly classify the ECG with different types of arrhythmias
for accurate HR estimation. It has been observed that the performance of our beat SQI on
arrhythmia signals is better than that of standard signal quality metric bSQI in classification
of quality of signals. The novel probability and rhythm based beat SQI method is simple
and assesses quality of signal without the need of an additional detector. A new beat SQI
based majority voting fusion method for robust heart beat detection has also been proposed
for fusion of heartbeats from cardiovascular and NC signals [37]. The fusion of NC signals
with cardiovascular signals has improved the accuracy of HR estimation in records with noisy
ECG or both noisy ECG and ABP signals.

The presence of noise in the ECG caused by power line interference, base line wander,
movement, muscle contractions, sweating etc. seriously affects detection of QRS complexes.
We have evaluated our algorithm on MIT-BIH noise stress test database containing signals
with varying signal to noise ratio (SNR) from -6 to 24 dB. The proposed algorithm has
also been experimentally validated on artificially corrupted synthetic noise dataset created
by adding different types of noises in clean ECG and ABP signals. Baseline wander ("bw’),
muscle artifact ("ma’), and electrode motion artifact ("em’) noises of different SNR levels
are added to clean ECG signal of record no. 123 of Physionet/CinC Challenge 2014 train-
ing dataset. MIT-BIH noise stress test database and UNIX shell script for generating sample
noise stress test records (nstdbgen) are used for generating the ’bw’, ’em’ and *ma’ types of
noise models in ECG. Six types of ABP noises; saturation to ABP maximum artifact (agmax),
saturation to ABP minimum artifact (agmi,), Linear attenuation to BP mean (ajymean), square
wave artifact (asw), high frequency artifact (apr) and Sinc function impulse artifact (ajyp) of
different SNR levels have been separately added to clean ABP signal of record no. 123 of Phy-
sionet/CinC Challenge 2014 training dataset using Matlab source code. The synthetic noise
evaluation dataset has been created to assess the contribution of NC signals in robust HR es-

timation. Noises have been added beginning after the first 2 minutes of each record, during
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two-minute segments alternating with two-minute clean segments. The SNR during the noisy
segments was set to a value of 12,9, 6, 3, 0, -3, -6, -9, -12 dB separately, generating 162 noisy
signals. The performance of majority voting fusion algorithm is excellent even when both
ECG and ABP are noisy, which demonstrates participation of NC signals in voting fusion.

Finally, the algorithm has been tested on Raspberry Pi to see if it can be implemented for
real time applications. It has been found that the computation time achieved by our algorithm
is 72 to 138 times faster than the required constraints for real time applications depending
upon the no. of signals in the record.

We have carried out this physiological signal processing study using several databases
like PhysioNet/CinC Challenge 2011 training set-a, PhysioNet/CinC Challenge 2014 public
training dataset, PhysioNet/CinC Challenge 2014 test dataset, MIT-BIH Arrhythmia database,
MIT-BIH polysomnographic database, MIT-BIH noise stress test database and MGH-MF

waveform database. All the databases have been discussed in section 2.9.

1.2 Motivation for the work

It has already been stated that cardiovascular diseases are one of the major global health chal-
lenges. It is observed that the last three decades have seen extensive research activities in
the field to combat the menace of such diseases through improved diagnostic techniques and
related patient care. This has motivated us to undertake research work in the field of cardio-
vascular health monitoring. The health parameters of critically ill patients are monitored by
bedside monitors in ICU. Missing or noisy ECG signals give incorrect HR estimate that may
lead to wrong clinical decisions. Sometimes the support staff too, due to false alarm caused
by noise or motion artifacts in the monitoring unit, becomes insensitive to true alarms and
that may be fatal to the patients [20]. Hence, reliable beat detection and HR estimation is a
necessary prerequisite for accurate monitoring of HRV.

In some of the recent studies, it has been pointed out that ECG R-peaks are present as
artifacts in non-cardiovascular signals (EEG, EOG and EMG) and as such they can be used
for the beat detection especially, when more reliable cardiovascular signals i.e., ECG and ABP
are missing or noisy. We observed that ECG artifacts are clearly visible in some NC signals
but in other records they are obscured or absent. Hence, detection of ECG artifacts in EEG,
EOG and EMG signals is very challenging. We have been motivated to work on ECG artifact
detection from non-cardiovascular signals. A new algorithm has been developed for detection
of R-peak artifacts. Recently, the focus of research has shifted towards development of fast
and efficient algorithms for beat detection in ECG and determination of quality of ECG signal

for portable devices. Since, the results of our algorithm in artifact detection in NC signals
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were encouraging, we implemented the same algorithm with some modifications for R-peaks
detection in ECG. We have also developed an algorithm for determining the quality of ECG
signals.

Cardiovascular signals i.e. ECG and ABP may be corrupted by noise. In NC signals also
ECG artifacts may be entirely absent or even when they are present their presence may be
inconsistent. Therefore the presence of R-peak in ECG and ECG artifacts in NC signals is
an important criterion for determining the signal quality for the purpose of HR estimation. It
is essential that only good quality signals are fused together to get accurate and robust heart
rate. There are several standard signal quality metrics to find ECG signal quality but most of
them are based on the principle of agreement level between two independent detectors. To as-
sess signal quality of NC signals, generally containing obscured R-peak artifacts, was another
challenging task. We have addressed the challenge by developing statistical and probabilistic
based beat SQI method that works on single detector.

In previous research studies, it was found that fusion of multiple sensors with redundant
heart rate information can be used to improve the heart rate. Taking clue from all these studies,
we were motivated to work on fusion of non-cardiovascular (NC) signals with cardiovascular
for robust heart rate estimation to reduce the number of false and missed alarms for ICU
patients.

1.3 Scope and accomplishment of research work

This thesis explores signal processing methods to improve HR estimation from fusion of mul-
timodal physiological signals. The study considers signal extraction, removal of errors in-
troduced at each processing stage and fusion of cardiovascular signals with NC signals. The
majority voting fusion method has yielded HR estimates in clinical situations when both ECG
and ABP are noisy. The main objective of the thesis is to obtain robust heart rate estimation
from fusion of cardiovascular signals (ECG and ABP) with non-cardiovascular signals (EEG,
EOG and EMQG). To achieve this goal, new indigenous algorithms have been developed for
beat detection, beat signal quality index and majority voting fusion.

Although there are many published works related to the task of deriving HR from fusion
of cardiovascular signals specifically from ECG, ABP and PPG, mentioned in chapter 7. HR
estimation from fusion of cardiovascular and non-cardiovascular signals is yet an unexplored
area. Another objective of this study is to develop a method for combining beats obtained
from multiple signals using majority voting fusion technique to get a more accurate estimate
of heart rate than that is available from any individual signal.

We have also validated our algorithm experimentally on a synthetic noise dataset generated
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by adding different types of calibrated noises in clean ECG and ABP signals. The performance
of the algorithms on such a dataset has shown that the inclusion of NC signals in fusion gives
accurate results for HR estimation even in the worst scenario, when both ECG and ABP are
noisy. This establishes the robustness of our algorithm.

1.3.1 Related work constraints

From the existing literature survey on beat detection, signal quality index and fusion for HR

estimation, we have observed following constraints in the existing studies:

1. Most of the previous studies on robust heart rate estimation are based on fusion of mul-
tiple signals, but they have used only cardiovascular signals; that too ECG and ABP
signals. It has been observed that sometimes both ECG and ABP signals are simultane-

ously noisy and HR estimation in such cases would be erroneous.

2. There are very few existing studies that have used multimodal signals i.e., NC signals
along with cardiovascular signals for robust heart beat detection. But they have not

extended their studies to robust HR estimation.

3. One study on robust heart beat detectiom has used adaptive filter for detection of R-
peak artifacts in EEG signal, which required an additional ECG signal. In other studies,
initial annotations obtained from cardiovascular signals were used to train EEG and
EOG detector. Hence, these methods heavily depended on availability of ECG signal.

4. Most of the existing techniques of R-peak artifact detection in NC signals have one or all
of the following limitations: requirement of a priori user input, real time implementation

and more than one channel to operate.

5. To the best of our knowledge, one of the studies on robust HR estimation from cardio-
vascular signals has used bSQI; but bSQI requires two independent detectors for SQI

assessment.

6. The previous studies on fusion of cardiovascular and NC signals for robust heart beat
detection have not used beat SQI. One of the studies has used overall signal quality, that
too for selection/rejection of the entire signal for voting fusion; whereas other studies
have used window wise average for fusion. The R-peak artifacts may be present in-
consistently in NC signals; hence beat SQI is essential for effective participation of NC

signals in fusion for robust HR estimation.
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7. Most of the fusion studies using multimodal signals for robust heart beat detection have
not assigned weights to the signals based on SQI; NC signals are either assigned prede-

termined fixed lower weights or given lower priority in voting.

8. Well known existing open source QRS detector algorithms are sensitive to noise there-

fore, they do not perform efficiently on noisy signals.

9. Most of the existing QRS detectors are not able to detect paced beats introduced by
pacemaker. Hence, their beat detection performance drops down on signals with paced
beats.

10. Many studies on robust heart beat detection did not use window based approach, hence

abrupt changes in HR may give erroneous results.

1.3.2 Salient features of the present study

The salient features of the study are listed as follows:

1. We have carried out the study of robust heart rate estimation from fusion of multimodal
signals namely cardiovascular signals and NC signals using various signal processing
methods.

2. Slope Sum Function combined with Teager Kaiser Energy operator (SSF-TKE) method
has been developed for R-peak artifacts in NC signals. The proposed algorithm selects
adaptive optimal value of threshold ‘T” window wise, which minimizes missed beats
(FNs) and false detection (FPs). The method has yielded better R-peak artifacts detec-

tion as compared to that of TKE alone.

3. SSF-TKE method does not require additional ECG channel as well as any a priori input
for R-peak artifacts detection. It operates on single channel and can be implemented in
real time.

4. A novel statistical and rhythm based beat SQI algorithm has been developed for signal
quality assessment, which works on single QRS detector. The performance of beat
SQI in the classification of ECG signal quality has been found to be better than that of
bSQI. Apart from excellent performance in assessment of signal quality, the proposed
beat SQI method works satisfactorily on bradycardia, tachycardia and different types of
arrhythmias.
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5. SSF-TKE method has also been implemented for R-peak detection in ECG. It considers
prominent morphological feature of ECG i.e., slopes and amplitude of QRS waveform.
The method has demonstrated excellent R-peak detection performance across a large
number of standard databases with variety of signal morphology. It is also highly re-
sistant against different types of ECG noises in the signals and performs quite well in

signals with pacemaker beats.

6. Beat SQI based majority voting fusion technique has been proposed for the fusion of
heart beats of multimodal physiological signals. The weights to the signals for fusion
are assigned based on beat SQI. This has enabled reliable and effective participation of

NC signals in the fusion process.

7. The performance of beat SQI based voting fusion method has been excellent on num-
ber of standard databases. It has achieved score of 91.76% on hidden test dataset of
PhysioNet/CinC/Challenge- 2014 and is presently ranked in top five. Our algorithm has
outperformed other studies that have used cardiovascular signals along with NC signals.

8. Since, robust heart beat detection would not necessarily give robust heart rate estima-
tion, study of robust heart beat detection has been further extended to robust heart rate
estimation to check for the effectiveness of beat SQI based majority fusion method in
HR estimation. The method has yielded excellent HR estimation results within clinical

acceptable limits, even in records with noisy ECG and noisy ABP signals.

9. Experimentally, the proposed majority voting fusion algorithm has been validated on
artificially created noise dataset by mixing different types of ECG and ABP noises of
different SNR levels separately in clean ECG and ABP signals in a record of standard

dataset.

10. The proposed algorithm was implemented on Raspberry Pi 3 and computation time
is estimated. It is 72 to 138 times faster than the required constraints for real time
applications depending upon the no. of signals in the record.

11. Asymptotic run time complexity analysis of the proposed algorithm has been carried
out. The asymptotic complexity of the algorithm is O(N), where N’ is the number of

samples in the signal.

1.3.3 Layout of proposed work:

The broad layout of the research work is shown in Figure 1.2. The first step is beat detection

from cardiovascular and non-cardiovascular signals. The proposed SSF-TKE method has been
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used for R-peak detection in ECG and R-peak artifacts detection in NC signals. Open source
"gqrs’ and “epltd’ algorithms have also been used for R-peak detection in ECG. A well known
open source algorithm ‘wabp’ has been used for pulse detection in ABP and heart beat is
located by adjusting for pulse transit time. The HR has been estimated directly from detected
R-R peak interval in ECG, EOG, EEG, EMG signals and ABP peaks (onset of the ABP pulse
adjusted with pulse transit time) interval. A new beat SQI method is used for assessment of
quality of detected beats in signals. Weights are assigned to individual beats based on its beat
SQI value and the detected beats of multimodal signals are fused by majority voting fusion
method. The HR is estimated from R-R interval of fused beats and compared with reference

HR and HR estimates from individual signals.
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1.4 Organization of Thesis
This thesis is organized in following eight chapters:

» Chapter 1 has presented overview of the research work on robust heart rate estimation
with related work constraints and salient features. It highlights the global health chal-
lenges of cardiovascular diseases and the motivation to contribute towards the world

wide efforts in the field of cardiovascular research.

* Chapter 2 briefly discusses about functioning of heart, lead arrangement and data ac-
quisition from ECG, ABP, EEG, EOG and EMG. It also contains a brief description of
different types of noises in ECG and ABP. Various standard databases of PhysioNet that
have been used in this work are also discussed.

* Chapter 3 is related to our proposed algorithm on "ECG artifacts detection in non-
cardiovascular signals using slope sum function and Teager Kaiser energy (SSF-TKE)”.
The proposed SSF-TKE algorithm along with its flow chart has been discussed in detail.
It also contains a brief review of the related previous works. The performance evalu-
ation of algorithm on different standard databases, results and discussion thereof have

also been given.

* Chapter 4 explores heart beat detection from cardiovascular signals. The proposed al-
gorithm along with flow chart have been discussed. Various techniques used for QRS
detection and related works have also been discussed briefly. The relationship of ABP
with R-peak is also given. Performance analyses of SSF-TKE method in R-peak detec-
tion on standard databases and synthetic dataset have been compared with performance
of well known QRS detectors and discussed.

* Chapter 5 briefly discusses SQI assessment methods for different physiological signals.
A novel statistical and rhythm based beat SQI assessment method has been proposed and
its performance is evaluated on standard databases and compared with standard metric
of signal quality bSQI.

» Chapter 6 presents robust heart beat detection from fusion of multimodal signals. A brief
literature survey of existing works is given. A beat SQI based majority voting fusion
method is proposed for fusion of cardiovascular and NC signals. The performance of
the proposed method have been evaluated on no. of standard databases and compared

with other methods. Its performance has also been validated on noisy synthetic dataset.
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* Chapter 7 is on robust heart rate estimation and it presents review of related works.
The performance of the proposed method on standard databases containing NC signals
has been presented. The algorithm is experimentally validated on the synthetic noise
dataset and the results are discussed. The other experimental validation of our algorithm
on Raspberry Pi 3 for real time implementation is also included. Asymptotic runtime

complexity analysis of our algorithms have been estimated.

* Chapter 8 summarizes the research work and presents the final conclusion. It also pro-

vides direction for future research in this area.



Chapter 2

Multimodal physiological signals and data
acquisition

2.1 Introduction

The main objective of this research is to estimate robust heart rate using multimodal physio-
logical signals. The signals of primary interest are ECG, ABP, EEG, EOG, and EMG. These
signals are chosen because they are generally recorded simultaneously in ICU to monitor vi-
tal health parameters of a patient. All signals are measured non-invasively, except ABP. The
physiology of human heart, multimodal physiological signal generation, their acquisition and

different types of noises are briefly discussed in this chapter.

2.2 Physiology of the human heart

The heart is a four-chambered muscular organ that pumps blood for circulation in the body.
The specialized pacemaker cells in the sinoatrial (SA) node located at the junction of the
superior vena cava and the right atrium, determines rhythm of the blood pumping or heart rate
(HR). There are two upper atria which receive blood and two lower ventricles for pumping it
out. A diagram of the heart showing its anatomy is shown in Figure 2.1.

The cardiac cycle refers to a complete heart beat that includes systole and diastole and the
intervening pause. The cycle begins with contraction of the atria and ends with relaxation of
the ventricles. Systole refers to contraction of the atria or ventricles of the heart while in case
of diastole, the atria or ventricles relaxes and is filled with blood. The atria and ventricle work
in co-ordination. The deoxygenated blood is collected in right atrium from the superior and

inferior vena cava and during atrial contraction it is passed from the right atrium to the right
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ventricle through the tricuspid valve. The deoxygenated blood in the right ventricle is pumped
to the lungs for oxygenation through pulmonary valve. The oxygenated blood from lungs is
received in the left atrium and during atrial contraction it is passed to the left ventricle via the

mitral valve.

Atrioventricular
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Left Atrium
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Right Ventricle L _':" Purkinje Fibers
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Figure 2.1: Anatomy of heart
(Source: Website https://www.shutterstock.com/image-vector/easy-edit-vector-illustration-
anatomy-heart-139537109)

The SA node is the basic, natural cardiac pacemaker that triggers its own train of action
potentials. The action potential of the SA node propagates through the rest of the heart, causing
a particular pattern of excitation and contraction [44]. The cardiac activities in a cardiac cycle
and corresponding ECG wave generation are briefly described.

The firing of SA node generates electrical activity causing contraction of atria generating
P wave in the ECG. Due to small change in voltage, the P wave is a slow and low-amplitude
wave of 0.1-0.2 mV and 60-80 ms duration. There is a propagation delay in the excitation
wave at the atrio-ventricular (AV) node and complete blood is transferred from the atria to
the ventricles during this period. This results into an isoelectric segment of about 60- 80
ms after the P wave in the ECG known as PQ segment. The stimulus is then propagated
to the ventricles at a high rate by firing of AV node, His bundle and purkinje system. The
time duration between the onset of atrial depolarization (P wave) and the onset of ventricular

depolarization (beginning of QRS complex) is termed as P-R interval in ECG, which normally
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ranges from 0.12 to 0.20 seconds. The rapid spread of stimulus wave upwards from the apex
of the heart cause rapid depolarization of the ventricles. It generates a sharp biphasic or
triphasic wave of the largest amplitude in the ECG of about 1 mV amplitude over a relatively
short duration of 80-100 ms known as QRS wave depending upon the position of recording
electrodes. The impaired conduction in the ventricles causes prolongation of QRS complex
(greater than 100 ms). Atrial repolarization also occurs simultaneously but it is not seen due
to the low amplitude of the signal. The abnormal conduction of electrical impulses within the
ventricles may also change the shape of QRS complex. An isoelectric ST segment of about
100-120 ms duration is generated due to relatively long action potential of ventricular muscle
cells after the QRS complex. Ventricular repolarization produces T wave in ECG with an
amplitude of 0.1-0.3 mV and of 120-160 ms duration [45].
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Figure 2.2: Cardiac cycle in an ECG signal
(Source: https://www.ubqo.com/Content/images/Products/CardioZ/ecg-measure.png)

A typical ECG waveform is shown in Figure 2.2. Normally the value of ECG signal peak
is about 1 mV and amplifier gain of 1000 is used. Sampling rate of 500 Hz is recommended for
recording diagnostic ECG. Bandpass filter of about 0.05-100 Hz is used for filtering clinical
ECG. Lower sampling rate of 100 Hz and reduced bandwidth of 0.5-50 Hz may be used for

ECG recordings for heart rate monitoring.

2.2.1 Cardiac Arrhythmia

An electrical system of heart controls the rhythm and rate of the heart beats. The electrical
signal is triggered by sinoatrial (SA) node that generates heart beat at regular intervals. This
electrical signal spreads and it causes the heart to contract for pumping blood to the lungs and
body. The regular rhythm of heart beat is 60-100 times a minute for healthy human at rest.
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The problem in electrical conduction system of heart disturbs normal sinus rhythm resulting
in irregular heart beats known as arrhythmia. The heart can beat too fast, too slow, or with an
irregular rhythm during an arrhythmia. Tachycardia is a heart rate higher than normal whereas
it is lower than normal in bradycardia. In these conditions the heart may not be able to pump
out blood properly to all parts of body and that can damage body parts. There are many
reasons of cardiac arrhythmia like irregular firing patterns from the SA node or abnormal and
additional pacing activity from other parts of the heart. There are different types of cardiac
arrhythmias like ventricular arrhythmias, supraventricular tachycardias, bradyarrhythmias and
extra beats. Ventricular arrhythmias contain ventricular fibrillation and ventricular tachycardia.
Supraventricular tachycardias contain atrial flutter, paroxysmal supraventricular tachycardia
and atrial fibrillation. Premature junctional contractions, premature ventricular contractions
and premature atrial contractions are types of extra beats.

Premature ventricular complex (PVC) generally have wide QRS complex. The wave
shapes of PVCs are usually different from those of the normal beats of the same person due
to the different conduction paths of the ectopic impulses [46]. ECG signal with a few normal

beats and PVCs are shown in Figure 2.3.
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Figure 2.3: ECG signals with PVCs
(Source: Basic dysrhythmias : interpretation & management by Robert J. Huszar)

Premature Ventricular Complex generates disturbance in rhythm of R-R interval as shown

in Figure 2.4.
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Figure 2.4: Error in HR estimation due to PVC

(Source: Life in the fast lane - Premature Ventricular Complex (PVC) by Edward Burns;
website https://lifeinthefastlane.com/ecg-library/basics/pvc/)

2.3 Cardiovascular Signals

2.3.1 Electrocardiography

Electrocardiography is the process of recording of electrical activity of heart with limb and
chest electrodes. The heart rate in terms of beats per minute (bpm) may be easily estimated by
counting the R-R interval. Some of the cardiovascular diseases such as myocardial ischemia
and infarction, ventricular hypertrophy, and conduction problems alter the shape of ECG wave.
Therefore, clinical diagnosis of the heart functioning is done by ECG analysis.

2.3.2 Lead Configuration

An electrical activity of heart can be analyzed from 12 lead ECG that gives a tracing from
twelve different electrical positions of the heart. Each lead pick up the signal at different
position of the heart. Thel2-lead ECG contains three bipolar limb leads (I, II, III), three
unipolar limb leads (IV, V, and VI) and six precordial unipolar leads (V1, V2, V3, V4, V5
and V6). Lead 1V, V, and VI is also known as AVR, AVL and AVF respectively. Reference
electrode is placed on right leg. The left arm, right arm, and left leg are used to obtain leads
I, II, and III respectively. The combined reference for chest leads is formed by combining the
left arm, right arm, and left leg leads known as Wilson’s central terminal. The augmented limb
leads known as AVR, AVL, and AVF are known as AV for the augmented lead, R for the right
arm, L for the left arm, and F for the left leg. These electrodes are placed on the limb indicated
by the name of the lead, with the reference being Wilson’s central terminal. The directions of
the axes formed by the six limb leads are shown in Figure 2.5. The equilateral triangle formed

by leads I, II, and III is known as Einthoven’s triangle. The center of the triangle represents
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Wilson’s central terminal. The heart is supposed to be placed at the center of the triangle
[44-47].

Right Arm Left Arm

Figure 2.5: Einthoven’s triangle and the axes of the six ECG leads

(Source: Cardiovascular dynamics by Robert F. Rushmer)

The six chest leads V1-V6 are also known as precordial leads. Each precordial lead con-
sists of a positive electrode which is placed at six standardized positions on the chest with
Wilson’s central terminal as the reference. The positions for placement of the chest leads are
indicated in Figure 2.6. The positions of the positive electrode for the six precordial leads
are very important as it can view the cardiac electrical vector from different orientations in
a cross-sectional plane. The right half of the heart activity is reflected by V1 and V2, septal
activity can be seen by V3 and V4 whereas left ventricular activity can be viewed by V5 and
V6. The 12-lead system serves as the basis of the standard clinical ECG.

ina

Figure 2.6: Placement of the pre-cordial (chest) leads V1-V6 for ECG
(Source: Website
http://www.nottingham.ac.uk/nursing/practice/resources/cardiology/images/6_lead_placement.gif)
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2.3.3 Types of ECG Noise

Electrocardiogram signal may be contaminated by various types of noises. The actual value
of signal is very low in the range of 0.5-1 millivolt in an offset environment of 300 mV.
Signal acquisition becomes a big challenge because frequency band in which ECG signals lie
overlaps with the frequency band of noises. The main sources of noise in ECG are briefly
described below:

* Power Line Interference:- Power line interference has 50/60 Hz pickup. The amplitude
of power line noise is very large and system gets affected. This noise is removed by

implementing a notch filter at 50/60 Hz.

* Baseline wander:- This noise is due to respiration, offset voltages in the electrode and
body movement. It resides in lower frequency range. It can be removed by high pass
filter with a cut- off frequency of 0.05 Hz so that ECG signal remains undistorted.

* Motion artifact:- Motion artifacts are transient baseline changes caused by changes in
the electrode-skin impedance with electrode motion. The motion artifact is due to vi-
brations or movement of the subject. It is around 500 percent of peak-to-peak ECG
amplitude with duration of 100-500 ms.

* Muscle artifact:- Contraction of muscle generates potentials and creates artifact at mil-
livolt level. The baseline electromyogram is usually in the microvolt range and there-
fore, it is insignificant. Typical parameters: amplitude Standard Deviation-10 percent of
peak-to-peak, ECG Duration-50 ms, Frequency Content- dc to 10,000 Hz.

* Electrode contact noise:- Electrode contact noise is transient interference caused by loss
of contact between the electrode and skin. The loss of contact can be permanent, or in-
termittent, when a loose electrode is brought in contact with the skin during movements
and vibration. This switching action at the measurement system input can result in large

artifacts.

* Instrumentation Noise:- Artifacts generated by electronic devices in the instrumentation

system.

* Electrosurgical Noise:- Electrosurgical noise completely destroys the ECG. It contains
large amplitude sinusoid with frequencies approximately between 100 kHz and 1 MHz.
The sampling rate of an ECG signal is 250 to 1000 Hz, therefore an aliased version
of this signal will be added to the ECG. The variable parameters are amplitude, the

duration and the aliased frequency. Typical parameters of the noise are: Amplitude -
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200 percent of peak-to-peak ECG amplitude, Frequency Content - Aliased 100 kHz to
1 MHz, Duration- 1-10 s [5].

2.3.4 Arterial Blood Pressure

Arterial blood pressure is the pressure exerted by blood within brachial artery in the upper
arm. It can be determined by the cardiac output (CO), systemic vascular resistance (SVR) and
central venous pressure (CVP) over a cardiac cycle. In normal resting heart rate condition, it
can be approximately determined from measurements of systolic pressure and diastolic pres-
sure. The blood pressure is measured using a sphygmomanometer and it fluctuates between
systolic pressure level of 120 mm Hg and a diastolic pressure level of 80 mm Hg for a healthy
human at resting state. The variation in blood pressure values in various chambers of the heart

system helps the physician to determine health of cardiovascular system [48].

2.3.5 BP recording and measurement

The blood pressure is measured by direct (invasive) and indirect (noninvasive) methods. The
indirect methods consist of simple equipment and cause very little discomfort to the patient
whereas the direct method provides continuous and much more reliable information about
the absolute vascular pressure from probe inserted directly into the blood stream. The direct
method of pressure measurement is used when the highest degree of absolute accuracy, dy-
namic response and continuous monitoring is required [49]. The arterial blood pressure is
directly measured by inserting a cannula needle in an artery. The advantage of this system
is that blood pressure is constantly monitored beat-by-beat. The waveform of arterial blood

pressure is depicted in Figure 2.7 [50].

1204+ - — ———mc—— - Systolic Pressure — — — — — — --x

100+

Aortic Pulse Pressure

[

Aortic Pressure (mmHg)
o]

(=]

1

- 1 Cardiac Cy -

Time

Figure 2.7: Arterial blood pressure across a Cardiac cycle
(Source: Cardiovascular Physiology Concepts by Richard E. Klabunde; website:
http://www.cvphysiology.com/Blood%20Pressure/BP002)
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2.3.6 Correlation of ABP with ECG

Heart contraction ejects blood from the left ventricle that creates onset in ABP pulse. There
exists a delay between the onset of ABP pulse and the R peak that is referred as the Pulse
Transit Time (PTT). This time varies from patient to patient and even between successive
heart contractions and therefore it should be estimated on individual patients basis [51].

Measurement of ECG and ABP are taken from different sources, therefore the same type
of noise may not affect both the signals concurrently. It may be possible that when ECG signal
is noisy, BP signal is clean and vice-versa. The BP signal can locate heartbeats based on an
association model between ECG R peak and ABP pulse as shown in Figure 2.8 [52]. The main
advantage of the association model of ECG and BP is that it can reliably estimate location of
heartbeat with relatively high sensitivity and specificity by adjusting the location of onset of
ABP pulse with PTT in case of noisy ECG signal. However, this approach cannot work if
sufficient physiological information is not available. There is a limitation for correlation when
both ABP and ECG signals are noisy simultaneously.
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Figure 2.8: Correlation of ECG R-peak with ABP Pulse
(Source: H. Chen et al., Phsiological Measurement 37, no. 9, pp 1404 - 1421, 2016)

2.3.7 Types of Arterial Blood Pressure noise

ABP is often corrupted by different types of noise and artifacts such as transducer flushing,
catheter clotting, movement artifacts, and non-invasive cuff inflations. These artifacts are
generally non-Gaussian, nonlinear and non-stationary [53]. In a previous study six generic
artifact types were identified after extensive searches through the MIMIC II database. These
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are: (i) rapid saturation (over a period of 5 to 20 seconds) to some maximal ABP, (i1) rapid
saturation to some ABP minimum, (iii) rapid saturation to the current mean ABP, (iv) high
amplitude square wave artifact, (v) high frequency noise and (vi) highly transient impulse-like
artifact [54]. These artifacts are briefly described:

1. Saturation to ABP maximum artifact (agnmax): This type of artifact is created due to
the flushing of the arterial line caused by a blood clot or thrombosis of the arterial line to
reduce damping. This artifact manifests itself as a rapid saturation from a normal ABP
to a maximum value (ABPmax), which is set to be equal to 200 mm Hg + 10 mm Hg,

with an exponential-like curve.

2. Saturation to ABP minimum artifact (agy;,): It is due to transient constriction in the
arterial line such as pinching from arm movement. It consists of four consecutive parts:
(a) a rapid exponential diastolic saturation, (b) a rapid saturation from a normal ABP
to a minimum value (ABPmin) with an exponential decay, (c) an exponential increase
from ABPmin to some ABP value, and (d) a gradual transition back to the normal blood
pressure. An artifact boundary is created with these four parts and then applied to the
ABP.

3. Reduced pulse pressure artifact (a,,): The main cause of this artifact can be attributed
to damping caused by thrombus in the arterial line. It is similar to the systolic and

diastolic ABP saturation artifact gradually decreasing the pulse pressure.

4. Square wave artifact (asy): This type of artifact consists of a series of square waves

with varying random duty cycles.

5. High frequency artifact (ap¢): This band-pass filtering phenomenon may be due to
movement artifact and disturbance of the transducer. High frequency noise is simulated

by differentiating the signal.

6. Impulse artifact (aj,p): This type of artifact could be due to motion, or a sharp me-
chanical artifact such as crimping of the tubing. It is simulated by the Sinc function.

The central lobe of the Sinc function has been used as ajy,, artifact [54].

2.4 Non-Cardiovascular Signals

2.4.1 Electroencephalogram (EEG)

Electroencephalography is an electrophysiological and noninvasive monitoring method to record

electrical activity of the brain (EEG) with placement of electrodes on the scalp. Sometimes
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invasive electrodes are used in specific applications. EEG measures voltage fluctuations re-
sulting from ionic current within the neurons of the brain [55]. Different types of neural
oscillations, also known as brain waves, are used for diagnostic applications of epilepsy, sleep
disorders, coma, and brain death. EEG can also be used in ICU for monitoring of brain func-
tion for non-convulsive seizures, the effect of anesthesia on patients in coma and for secondary

brain damage in conditions such as subarachnoid hemorrhage [56].

2.4.2 Electrooculogram (EOG)

Electro-oculography is a technique for measuring the corneo-retinal standing potential that
exists between the front and the back of the human eye. This potential is created from the
metabolic activity of the retina. The cornea of the eye is electrically positive with a resting
potential of the order of 1 mV relative to the back of the eye. The eye can be considered as
an electric dipole due to this potential difference. The movement of dipole causes changes in
electric field that can be observed. Eyes movement from left to right or up and down, creates
an electrical deflection called an electrooculogram (EOG) signal. It allows detection of eye
rotations by measuring electric bio-potentials from the eyes by surface electrodes as shown
in Figure 2.9 [57-59]. EOG signals are mainly used in ophthalmological diagnosis and in

recording eye movements.
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Figure 2.9: Bioelectric potentials of EOG signal
(Source: Bioelectromagnetism:- principles and apllications of bio-electric and bio-magnetic
fields, by J. Malmivuo and R. Plonsey, 1995)

2.4.3 Electromyogram (EMG)

Electromyogram (EMG) is generated by the bioelectric potentials associated with muscle ac-
tivity. There are mainly two types of EMG: (i) Intramuscular EMG and (ii) Surface EMG
(sEMG). sEMG is measured at the body surface near a muscle while the intramuscular EMG
is measured from the needle electrode penetrating the skin of muscle. SEMG is used for the

diagnosis of neuromuscular disorder and for rehabilitation. It is also used for device control
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applications such as prosthetic devices, robots, and human-machine interface. Needle elec-
trodes are inserted directly when there is problem in measurement of potentials from surface
of muscle [60].

The amplitude of the measured EMG waveform is the instantaneous sum of all the ac-
tion potentials generated at any given time. The EMG waveform appears like a random-noise
waveform because action potentials occur in both positive and negative polarities that some-
times add and sometimes cancel at a given pair of electrodes. EMG is used as a diagnostics
tool for identifying neuromuscular diseases and disorders of motor control. It is also used as a

control signal for prosthetic devices such as prosthetic hands, arms, and lower limbs [61].

2.5 Noise and Artifacts in NC Signals

The artifact in NC signals may be either patient-related or technical. Patient related artifacts
are unwanted physiological signals that may significantly disturb the NC signals. AC power
line noise, too much electrode paste/jelly or dried pieces, broken wire contacts, impedance
fluctuation etc. are few technical artifacts present in EEG. Patient related artifacts in EEG are
motion artifact, muscle artifact, ECG artifact, eye movements and sweating [56]. Electrical
fields of the heart extend to the base of skull and ECG artifacts are picked up by EEG with
wide inter electrode distance (ear electrodes). Therefore, ECG artifacts may be prominent on
ear referential montages and they pose major problem in clinical interpretation of EEG [62].

EOG signal is always mixed with many unwanted signals like facial muscle movements
that can cause the upward or downward drift of the baseline of eye signal [63]. Signals from
other parts of the body like ECG, EEG, EMG and breathing can introduce interference in eye
signal. Other sources of interference in EOG are technical artifacts like power line interfer-
ence, noise due to skin contact impedance etc.

Surface EMG signals are contaminated by several intrinsic and extrinsic sources of low
frequency noise. The two intrinsic noise sources originate in the electronics of the amplifi-
cation system and at the skin-electrode interface [64]. These noise sources together form the
baseline noise that is detected whenever a sensor is attached to the skin. An additional noise
source, the movement artifact noise also originates at the electrode-skin interface. It is gen-
erated when: (a) the muscle moves underneath the skin, and (b) when a force impulse travels
through the muscle and skin underlying the sensor causing a movement at the electrode-skin
interface. The resulting time-varying voltage produced across the two electrodes can be the
most troublesome of noise sources and requires the utmost attention [65-66]. Since electrical
activities of heart propagate through out the body threfore, EMG is also contaminated by ECG
artifacts.
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2.6 Data acquisition system for cardiovascular signals

Medical data acquisition system faces a challenge of measuring a very small voltage electrical
signal in the presence of much larger common-mode voltages and noise. Bioelectrical signal
measurements from the heart (ECG), muscles (EMG), skin (GSR), scalp (EEG), eyes (EOG)
and pulse (PPG) are typically very small in amplitude and require amplification to accurately
record, display and analyze the signals. The typical amplitude and frequency range for ECG,
EEG, EOG, and EMG signals are given in Table 2.1 [67-68].

Table 2.1: Frequency and amplitude ranges for ECG, EEG, EOG and EMG

Signal Frequency Range Amplitude (mV)
(Hz)
ECG 0.05 - 150 Hz 0.1-5

(diagnostic) 0.5 — 40

Hz (monitoring)

EEG 0.1-100 0.025 - 0.1
EOG [68] 0.1-100 0.05-3.5
For eye movement up to 70
degree
EMG 25 -5,000 Hz 0.1-100

2.6.1 ECG data acquisition

Electrical potential, generated by the heart is sensed by the electrodes on the skin surface
using biological transducers. This electrical potential captured by sensor is an AC signal with
bandwidth of 0.05Hz to 100Hz and amplitude around + 0.5 mV peak-to-peak. These ECG
signals have low amplitude voltage in the presence of high offsets and noise. Ag/AgCl is the
common electrode used in the acquisition of the signals and has a maximum offset voltage
of = 300 mV. The ECG signal to be recorded is in the range of + 0.5 mV, superimposed on
electrode offset of + 300 mV. The system also picks up 50/60 Hz noise from power lines.
Amplitude of power line noise may be very high and needs to be filtered. A block diagram of
data acquisition system for ECG signal is shown in Fig. 2.10 [69].
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Figure 2.10: ECG data acquisition system
(Source: Diagnostic, Patient Monitoring and Therapy Applications Giude by Texas
Instruments; website http://www.ti.com/lit/sg/slyb147a/slyb147a.pdf)

An analog signal is converted to a digital signal by data acquisition unit (DAQ). The digital
signal is sampled at regular intervals using a software which stores and display the data on the
computer screen. Appropriate sampling rate for data acquisition depends on the signal to be
measured. The minimum rate at which digital sampling can accurately record an analog signal
is chosen according to the Nyquist frequency criteria, which is double the highest expected
signal frequency [70]. The aliasing is not supposed to be a problem as there is always a
low pass analog filtering. The signal band width should be selected based upon the chosen
sampling frequency in any ADC system. However, for a signal of given frequency content,
the fidelity of signal does not increase significantly by increasing the sampling rate beyond
a certain point. The cost of an ADC increases for higher sampling rates, because it requires
more computer processing time and storage space in memory to process the larger number
of data points when the sampling rate is increased [71]. According to previous findings, the
optimal range of sampling rate for spectral analysis of HRV parameters should be between
250 and 500 Hz or even higher [72].

Modern multichannel ECG machines capture heart signals from a standard 12 lead con-

figuration sequencing the lead selector. The lead selection operations are stored in ROM.
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The selected ECG signal is amplified, filtered and sent to A/D converter [49]. Amplifier is
important for proper signal amplification because it has a direct effect on resolution. If am-
plification is reduced too much, it can cut off peaks and troughs and that can result in loss of
input signal information. Analog front-end processing unit forms an important part of data
acquisition system, since it needs to distinguish between noise and the desired signal, which is
of small amplitude. It consists of a high input impedance instrumentation amplifier to remove
the AC line noise, which is common to both inputs and amplifies the remaining unequal sig-
nals present. An operational amplifier is used to remove common-mode voltages. The analog
front end must be AC coupled to remove artifacts from the electrode offset potential. The
requirements of Instrumentation Amplifier are: stability in low gain (1to10), high common-
mode rejection, low input bias current (IB), good swing to the output rail, very low offset and
drift; while the requirements of Operational Amplifier are low noise in high gain (Gain = 10
to 1000) and rail-to-rail output [69].

2.6.2 ABP data acquisition

Arterial Blood Pressure is a direct method of blood pressure measurement in which a catheter
or a needle type probe is inserted through a vein or artery. A simplified circuit diagram com-
monly used for processing the electrical signals received from the pressure transducer for the
measurement of arterial pressure is given in Fig. 2.11 [49].
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Figure 2.11: Circuit diagram for measurement of arterial blood pressure
(Source: Handbook of Biomedical Instrumentation by R. S. Khandpur)
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2.7 Data acquisition system for non-cardiovascular signals

2.7.1 EEG signal acquisition

The EEG recording electrodes and their proper functioning are crucial for acquiring high qual-
ity data. Different types of electrodes commonly used in the EEG recording systems are (i)
disposable (gel-less, and pre-gelled types), (i1) Reusable disc electrodes (gold, silver, stainless
steel, or tin), (iii) Headbands and electrode caps, (iv) Saline-based electrodes, and (v) Needle
electrodes. International Federation in Electroencephalography and Clinical neurophysiology
has adopted standard way for electrode placement called 10-20 electrode placement system.
Electrode placement is labeled according to brain areas like Fm (frontal), C (central), T (tem-

poral), P (posterior), and O (occipital) is shown in Figure 2.12 [56].
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Figure 2.12: Standard 10 - 20 EEG electrode positioning system
(Source: H. H. Jasper, “The ten-twenty electrode system of the International Federation,”

Electroencephalography and Clinical Neurophysiology, pp. 371-375)

Electroencephalograph (EEG) signals picked up by the surface electrodes are small in am-
plitude as compared to ECG signal. The brain waves are not periodic like ECG. Every channel
has an individual multistage, AC coupled, very sensitive amplifier with differential input and
adjustable gain in a wide range. The preamplifier used in EEG recording must have high
gain and low noise characteristics, because the EEG potentials are small in amplitude. The
amplifier must also have very high common mode rejection to minimize stray interferences
from power line and other electrical signals. EEG recorded by surface electrode may contain
numerous artifacts like power line interference, muscle artifacts, ECG artifacts, EOG artifacts
etc. These artifacts are large and sharp causing great difficulty in EEG signal analysis and are
generally removed using low pass filter and high pass filter and many a times by using band
pass filter. The filtered signal is passed through A-D converter for display.
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2.7.2 EOG signal acquisition

EOG potentials are picked up by Ag-AgCl surface electrodes placed on the skin near the eye.
Five electrodes are used to measure the EOG signal of an eye. One pair of electrode is placed
above and below the eye to pick up the voltages corresponding to the vertical movement of
the eyeball. Another pair of electrode is placed to the left and right of the eye to measure
horizontal movement. The reference electrode is either placed on the forehead or at earlobe.
The impedance between any pair of electrodes should not exceed 5 k2. The electrodes should
not be placed too close to the lateral canthi because this sometimes causes frequent blink-
ing and thereby increases artifacts. Microelectrodes have a small measurement surface that
allows much smaller skin movement artifacts in the recordings as compared to conventional
electrodes [73].

The frequency range of EOG signal is 0.1-20 Hz and the amplitude lies between 0.05-3.5
mV. Hence a voltage gain of minimum 2000 is needed for further processing the raw signal.
The collected signal from the electrodes is fed to an instrumentation amplifier having high
input impedance and Common mode rejection ratio (CMRR) more than 90 dB, followed by
a band pass filter with a cut off frequency band of 0.1-30 Hz to eliminate unwanted data. A
12 bit Analog to Digital Converter is used for conversion of the signal in digital format for
displaying it on LCD or display unit.

2.7.3 EMG signal acquisition

The EMG signal is a summation of all the action potentials within the range of the electrodes,
each weighted by its distance from the electrodes. Since the overall strength of muscular
contraction depends on the number of fibers energized and the time of contraction, there is a
correlation between the overall amount of EMG activity for the whole muscle and the strength
of muscular contraction. The EMG potentials from a muscle or group of muscles produce
a noise like waveform that varies in amplitude with the amount of muscular activity. Peak
amplitudes vary from 25 uV to about 5 mV, depending on the location of the measuring elec-
trodes with respect to the muscle and the activity of the muscle. A frequency response from
about 5 Hz to well over 15000 Hz is required for faithful reproduction.

The amplifier for EMG measurements, like that for ECG and EEG, must have high gain,
high input impedance and a differential input with good common-mode rejection. However,
the EMG amplifier must accommodate the higher frequency band. In many commercial elec-
tromyograms, the upper-frequency response can be varied by use of switchable low pass filters
[74-75].

EMG is usually recorded by using surface electrodes or by using needle electrodes, which
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are directly inserted in to the muscles. A ground electrode is necessary for providing common
reference for measurement. Full bandwidth of the surface EMG signal spans up to 500 Hz.
The signal acquired from the electrode is amplified using differential type amplifier with good
band width and higher input impedance of 1012 ohms in parallel with 5 pf capacitor. The
common mode rejection should be greater than 90 dB up to 5 kHz. Then low frequency and
high frequency filters are used to select the pass band on incoming signal. Since Butterworth
filter preserves amplitude linearity in the pass band region, it is generally used for filtering
the EMG signal. To select an appropriate ADC for digitizing EMG signals, it is important to
consider three interacting factors: (a) gain of the system, (b) input noise of the system, and (c)
maximum voltage output of the system.

We have not done any data acquisition for our research work contained in this thesis but
have used several standard databases which are available on PhysioNet [76] for the research.
We are giving a brief summary of the PhysioNet data acquisition.

2.8 PhysioNet Database acquisition

A dataset in PhysioBank has number of records and each record contains one or more sig-
nals with header and annotations information. Signal is a finite sequence of integer samples
usually obtained by digitizing a continuous observed function of time at a fixed sampling fre-
quency expressed in Hz. All sample intervals for a given signal are equal. These samples
are represented by 8, 12, 16, 24 or 32 bit integers. Generally, all signals in a record have the
same sampling frequency. In a multi-frequency record, the least common multiple of various
sampling intervals used in the record is defined as frame interval and the frame frequency is
the number of frame intervals per second. Annotations are commonly used to label heartbeats.

The standard PhysioNet MIT format databases from PhysioNet have been used in this
research. MIT signal file are binary files containing samples of digitized signals and are in the
form: Recordname.dat. It cannot be interpreted properly without their corresponding header
files. MIT header file are short text files that describe the contents of associated signal files
and are in the form: Recordname.header. MIT annotation files are binary files containing
annotations and are in the form Recordname.atr. Annotation files should be read with their
associated header files. The integer value of each sample is usually interpreted as a voltage,
and the units are called analog-to-digital converter units, or adu. All signals in a given record
are usually sampled at the same frequency, but not necessarily at the same gain. The gain
for each signal is specified in ’adu’ corresponds to one physical unit usually one millivolt,
the nominal amplitude of a normal QRS complex. Most PhysioBank databases and their

annotations are stored in a Waveform Database (WFDB) format. PhysioNet provides the
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WEDB software package that is highly useful for reading, writing and processing the WFDB
files. The WFDB Software produces digital values by default.

ECG signal is digitized using a sampling frequency of at least 120 Hz with at least 8 bit
resolution over = Smv range. Ideally sampling frequency should be in the range of 250 Hz to
1 KHz with 12 bit or higher resolution over a £ 10mv range. An appropriate low-pass filter
with a cutoff of about 40% or less of the sampling frequency is used as an anti-aliasing filter.
Now these samples are written into text file form as a column of decimal numbers. Here, we
have digitized more than one signals, therefore a separate column for each signal has been
used. The functions from WFDB library are used to prepare a binary signal file and a header
file from the text file.

2.9 Standard Databases

In the present work reported in this thesis, we have used several dataset, namely PhysioNet/CinC
Challenge 2011 training set-a, PhysioNet/CinC Challenge 2014 training dataset (set p and
set p2), PhysioNet/CinC Challenge 2014 hidden test dataset, MIT-BIH Polysomnographic
database, MIT-BIH Arrhythmia database, MGH/MF waveform database and MIT-BIH noise
stress test database. To validate the performance of our algorithm on noisy cardiovascular
signals, a synthetic noise dataset has been generated by adding calibrated amount of different
types of noises in clean ECG and ABP signals separately. A brief description of the above

mentioned dataset/database is given below.

2.9.1 PhysioNet/CinC Challenge 2011 training set-a

The dataset is a collection of 1000 standard 12-lead simultaneous recordings of ECG of mini-
mum 10 s duration with full diagnostic bandwidth (0.05-100 Hz). The signals are sampled at
500 Hz with 16-bit resolution. Signal quality is assigned to each ECG in a record in the form
of letter and numerical rating i.e. A (0.95): excellent, B (0.85): good, C (0.75): adequate, D
(0.60): poor, or F (0): unacceptable. The average grade was calculated for each record and
it was assigned to one of 3 groups namely; acceptable, indeterminate and unacceptable. The
dataset contains 773 acceptable records, 225 unacceptable records and 2 indeterminate records
[77].

2.9.2 PhysioNet/CinC Challenge 2014 datasets

PhysioNet/CinC Challenge-2014 training dataset (set-p) [78] and extended training dataset

(set-p2) [79], together known as public training set contains 200 records of human adults. The
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hidden test data set of PhysioNet/CinC Challenge-2014 also contains 200 records but of a
wider variety of signals than in the training set. Each record contains four to eight signals; an
ECG signal along with a variety of simultaneously recorded physiologic signals. The duration
of each record in set-p dataset is 10 minutes; some records are of shorter duration. The sam-
pling frequency of signals in public training set is either 250 Hz or 360 Hz whereas signals
in the test dataset have been sampled at rates between 120 Hz and 1000 Hz. Reference beat
annotations of records of the training dataset have also been given.

2.9.3 MIT-BIH Polysomnographic database (slpdb)

This database contains multiple physiological signals of 16 adult males during sleep for eval-
uation of chronic obstructive sleep apnea syndrome and to test the effects of constant positive
airway pressure (CPAP). Database has 18 records of four to seven-channel polysomnographic
recordings of 80 hours. Each record of database contains ECG, invasive blood pressure, EEG,
oxygen saturation, two respiration signals, and cardiac volume. Five records contain an EOG
signal and an EMG signal also. The recording time of records is between 2h and 7h. These

physiological signals are digitized at a sampling interval of 250 Hz and 12 bits/sample [80].

2.9.4 MIT-BIH Arrhythmia database (mitdb)

The MIT-BIH Arrhythmia database contains 48 two-channel ambulatory ECG recordings,
each of half-hour duration, obtained from 47 subjects. Twenty-three recordings were cho-
sen at random from a set of 4000, 24-hour ambulatory ECG recordings whereas the remaining
25 selected recordings include less common but clinically significant arrhythmias. The sam-
pling frequency of recordings was 360 samples per second per channel with 11-bit resolution.
The digitization rate of 360 samples/second per channel was chosen so that simple digital
notch filter can be used to remove 60 Hz interference. The analog signals were filtered to limit
saturation in A/D conversion and for anti-aliasing using a pass band of 0.1-100 Hz relative to
real time during digitization [81].

2.9.5 MIT-BIH noise stress test database (nstdb)

This database includes 12 half-hour ECG recordings and 3 half-hour recordings of noise typ-
ical in ambulatory ECG recordings. The noise recordings were made using physically active
volunteers with standard ECG recorders, leads, and electrodes. The three noise records are
baseline wander (bw), muscle artifact (ma), and electrode motion artifact (em). ’nstdbgen’

script has been used to create the ECG recordings by adding calibrated amounts of noise from
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record ’em’, using 'nst’ in two clean recordings viz.118 and 119 of MIT-BIH Arrhythmia
database. Noise was added beginning after the first 5 minutes of each record, during two-
minute segments alternating with two-minute clean segments. The noise levels during the
noisy segments of these records are signal-to-noise ratios (SNRs) of 24 dB, 18 dB, 12 dB, 6
dB, 0 dB and -6 dB [82].

2.9.6 MGH/MF waveform database (mghdb)

The MGH/MF waveform database contains 250 electronic recordings of hemodynamic and
ECG waveforms of stable and unstable patients in operating room, critical care units, and
cardiac catheterization laboratories. These recordings from 250 patients represent a broad
spectrum of physiologic and pathophysiologic states and a typical record has three ECG leads,
arterial pressure, pulmonary arterial pressure, central venous pressure, respiratory impedance,
and airway CO2 waveforms. The length of individual record varies from 12 to 86 minutes;
most of the records are of about an hour duration. The sampling rate is 360 samples per second
per signal relative to real time. Each record includes an annotation file, which contains beat
and event labels [83].

2.9.7 Synthetic noise dataset

The presence of noise in the ECG caused by power line interference, base line wander, move-
ment, muscle contractions, sweating etc. seriously affects detection of QRS complexes and
heart rate estimation. To validate the ECG beat detection performance of proposed SSF-TKE
method and heart rate estimation performance of proposed beat SQI based majority fusion
method in noisy ECG and ABP signals, a synthetic noise evaluation dataset has been created
by adding different types of real ECG and realistic artificial ABP noises in clean ECG and
ABP signals respectively. The standard MIT-BIH noise stress database contains ECG signals
with electrode motion ‘em’ noise only. Synthetic noisy ECG signals are generated by adding
calibrated amounts of baseline wander (bw), electrode motion (em) and muscle artifact (ma)
noise from records ‘bw’, ‘em’ and ‘ma’ of MIT-BIH noise stress database in clean ECG sig-
nal of record 123 of PhysioNet challenge 2014 training dataset using ‘nstdbgen’ script from
WEDB software package. Noise has been added beginning after the first 2 minutes of each
record, during two-minute segments alternating with two-minute clean segments. The SNR
during the noisy segments was set to a value of 12, 9, 6, 3, 0, -3, -6, -9 and -12 dB separately,
giving a total of nine different noise levels for each type of ECG noise. The ECG signal with

’bw’, ’em’ and ma’ noises of -12 dB SNR are shown in Figure 2.13.
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Figure 2.13: Types of noise in ECG: (a) Baseline wander (bw’) noise, (b) Electrode motion

(em) artifact noise and (c) muscle artifact (ma) noise

Since no standard database exists for real ABP noise, six artificial ABP noises namely, sat-
uration to ABP maximum artifact (asmax ), saturation to ABP minimum artifact (agyi, ), Linear
attenuation to BP mean (aj;mean), Square wave artifact (agy), high frequency artifact (ays) and
Sinc function impulse artifact (ajyp) have been added to clean ABP signal of record no. 123

of PhysioNet challenge 2014 training dataset.
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Figure 2.14: Artificially corrupted ABP signal obtained from adding (a) saturation to ABP
maximum noise, (b) saturation to ABP minimum noise, (c) square wave noise, and (d) high

frequency noise.
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The six types of ABP noises have been added separately to ABP signal using Matlab
source code. Noise has been added beginning after the first 2 minutes of each record, during
two-minute segments alternating with two-minute clean segments. The SNR during the noisy
segments was set to a value of 12,9, 6, 3, 0, -3, -6, -9, -12 dB separately, giving a total of nine
different noise levels for each type of ABP noise. Different types of ABP noises each of -12
dB SNR are shown in Figure 2.14.

Thus, the synthetic noise dataset contains three different types of noisy ECG signals and
six different types of noisy ABP signals, each with nine different noise levels.



Chapter 3

Heart beat detection from
Non-cardiovascular Signals

3.1 ECG artifact detection in Non-cardiovascular signals

3.1.1 Introduction

Artifacts are undesirable signals arising from environmental, experimental and physiological
factors. The presence of artifacts in signal degrades signal quality and that makes the analysis
of physiological signals difficult for diagnostic purposes. Therefore, artifact detection and its
removal from the signals has been an important area of research for the last couple of decades.
Physiological artifacts are variations in the desired signals due to other physiological processes
in the body [84]. The heart generates strong electrical field that affects the surface potentials
on the scalp, muscles and near the eyes. It introduces ECG artifacts in EEG, EMG and EOG
signals [85].
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Figure 3.1: ECG Artifacts in Non-cardiovascular signals
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Frequency band of ECG artifacts overlaps on the spectra of the various physiological NC
signals, hence it becomes difficult to remove them using a filter. Majority of the artifacts in a
signal have to be removed in such a way that minimizes the data loss. Basic filtering technique
like low pass and high pass cannot be adopted for removing artifacts with overlapping spectra.
ECQG artifacts can be clearly seen in EEG, EOG and EMG signals shown in Figure 3.1

3.1.2 Related Works

Advancement in signal processing methods have brought significant improvement in artifact
detection and removal in the past several years. There had been various techniques proposed
for artifact separation and their removal.

Nakamura and Shibasaki [39] developed ensemble average subtraction (EAS) method for
elimination of ECG artifacts from EEG signal. In this method, ECG contaminated EEG sig-
nal is segmented with respect to the timing of synchronous ECG R-peaks and the ensemble
average is subtracted from EEG segments. The limitation of this method is that it requires a
simultaneously recorded ECG channel to find the locations of the peaks of the induced spikes.
It is also sensitive to noise. Sahul et al. [86] introduced artifact cancellation technique in
EEG by adaptive filtering using an ECG as reference channel. Strobach et al. [87] developed
a two-pass adaptive filtering algorithm, where they first generated an artificial reference by
ensemble averaging, which was more related to the real interference. Cho et al. [40] used
a least square acceleration filter for detection of R-peak artifacts from EEG signal. Benesty
et al. [88] used recursive least square method for artifact removal in physiological signals.
The choice of algorithm dictates the computational cost and accuracy of the adaptive filter.
Least mean-square (LMS) algorithm has a computational complexity of O (L) (L is the filter
length). Adaptive filtering based on the recursive least square (RLS) algorithm has higher
accuracy but it is computationally more complex with a complexity of O (L?). The method is
easy to implement but an additional sensor is required to provide a reference input which adds
to the complexity of the hardware system and it also has an ability to operate on-line without
preprocessing or calibration. It can operate on single channels as well as on non-linear domain
[84].

R. Everson et al. [89], A. Hyvarinen et al. [90], R. Vigario et al. [91], W. Zhou [92], J.
Iriarte et al. [93] and C. J. James et al. [94] have used Independent Component Analysis (ICA)
for ECG artifacts detection and elimination in EEG. Independent component analysis (ICA)
is a blind source separation technique in which recorded multi-channel signals are separated
into their independent constituent components [95]. One of the major limitations of ICA is

the requirement of the independent sources to be non-Gaussian. ICA has a major advantage
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that a priori information is not required for the algorithm to function. Therefore, no refer-
ence signals are required. It reduces the number of sensors and makes it more suitable for
portable devices. James and Gibson [96] introduced the concept of temporally constrained
ICA, which used a reference signal to separate only the component of interest (e.g., ECG-
related component). It eliminates the need for detecting the artifact component, but requires a
peak detection algorithm to find the ECG artifact peaks and to generate the reference signal.
Stephanie Devuyst et al. [85] introduced a new automatic method to eliminate ECG noise in
an EEG or EOG. It is based on a modified independent component analysis (ICA) algorithm
which gives promising results while using only a single-channel EEG or EOG and the ECG.
Hae-Jong Park et al. [17] proposed Energy Interval Histogram (EIH) method for ECG arti-
facts detection using smoothed nonlinear energy operator and optimal threshold. Ali Akber
Dewan [97] has also used energy function and adaptive threshold for R-peak artifact detection
in EEG. Zhou W. D. et al. [92] and J. A. Jiang et al. [41] used Wavelet Transform (WT)
and Independent component analysis (ICA) method for ECG artifact removal in EEG signal
and developed an automated method for detecting and eliminating ECG artifacts from EEG
without an additional synchronous ECG. A suitable wavelet basis and scales used in the pro-
cess are developed considering the properties of wavelet filters and the relationship between
wavelet basis and characteristics of ECG artifacts. The selection of a proper scale is relative

with respect to the sampling frequency of the EEG signal.

Morphological filters were used by Lanquart et al. [98] for removal of ECG artifacts. Ar-
tifact templates are defined and contaminated EEG signals is searched for artifacts parts of the
signal that matches with the templates. Sung Pil Cho et al. [40] used least square acceleration
based filter for ECG artifacts elimination in EEG signal. The method consisted of emphasiz-
ing ECG R-peak artifacts in EEG using LSA based filter, detection of R-peaks, generation of
R-peak synchronized pulse, and ECG artifacts estimation and elimination using synchronous
adaptive noise canceller (ES-ANC). G. Inuso et al. [99] developed a new combinational tech-
nique which combined Wavelet transform and Independent Component Analysis (WICA) and
compared it with two other techniques based on ICA and wavelet de-noising. This technique
has better artifact separation performance. WICA technique improves the performance of
ICA because it projects the data onto a new space where the redundancy is higher and the
artifacts features in frequency domain are fully explored. Moreover, WICA allows minimum
information loss. Bogdan et al. [19] used Ensemble EMD and ICA method for ECG artifacts
detection in EMG signals. In the matching pursuit (MP) based algorithm proposed by Yan-Bo
Zhou et al. [100], the EEG signal is decomposed in to atoms using mixed over complete dic-
tionary. The atoms that have similar morphological characteristics as of R-wave are detected

and eliminated.
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M. B. Hamaneh et al. [95] developed an automated algorithm for removal of ECG artifact.
This method combines independent component analysis and continuous wavelet transforma-
tion, to identify and remove the ECG artifacts. The method outperforms algorithms that use
general statistical features such as entropy and kurtosis for artifact rejection. Xavier Navarro
et al. [101] developed a combination of empirical mode decomposition and adaptive filtering
to cancel ECG noise in EEG montage for infants. C. Kezi Selva Vijilal et al. [102] developed
a hybrid soft computing technique called Adaptive Neuro-Fuzzy Inference System (ANFIS)
to estimate the interference and to separate the EEG signal from EOG, ECG and EMG arti-
facts. Here adaptive noise cancellation using ANFIS is performed on EEG signal with various
interferences. ANFIS Neural network recognize patterns and adapt themselves to cope with
changing environments. Neuro Fuzzy takes the advantages of the combination of neural net-
work and fuzzy logic.

Aysa Jafarifarmanda [103] developed a new adaptive functional link neural network and
adaptive radial basis function network (FLN-RBFN) based filter to remove ocular, muscular
and cardiac artifacts from EEG signal using adaptive noise cancellation (ANC). It is a process
by which the interference signal can be filtered out by identifying a linear model between
artifact and the corresponding immeasurable interference. S. Femilin et al. [104] developed
a method called adaptive neuro fuzzy inference system tuned by differential evolution algo-
rithm (ANFIS-DE) to estimate artifacts. ANFIS has the advantage of easy implementation and
learning ability. ANFIS-DE has better artifacts removal performance and simpler structure as
compared to the existing approaches. The advantages of DE approach are simple structure,
ease of use, speed, and robustness. ANFIS-DE produces high SNR when compared with AN-
FIS technique. In some of the studies only Teager Kaiser Energy (TKE) operator has been used
for the detection of artifacts because of its sensitivity to instantaneous changes in frequency
dependent energy. In this sense it is regarded as an efficient tool for detecting spike like sig-
nal. However, our approach is different as we have implemented two mathematical operators,

Slope Sum Function and Teager-Kaiser energy together for efficient artifact detection.

3.2 Proposed Slope Sum Function and Teager-Kaiser En-
ergy method for ECG Artifacts Detection in NC Signals

A new method for ECG artifacts detection from noncardiovascular physiological signals (EEG,
EOG and EMGQG) is being proposed. The proposed algorithm for ECG artifacts detection in
non-cardiovascular (NC) signals uses Slope Sum Function (SSF) and Teager-Kaiser energy

(TKE) operator with an adaptive threshold [42]. It does not require any additional synchronous
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ECG channel. Performance of the algorithm has been evaluated on PhysioNet/CinC Challenge
2014 public training set [78-79] and MIT- BIH polysomnographic database [80]. Various
techniques proposed in previous studies for ECG artifacts detection in NC signals and their
removal have already been discussed in section 3.1.2. The objective of our study is to utilize
detected ECG artifacts differs for filling the gap where ECG signal is corrupt or missing.

3.2.1 Proposed Algorithm

In this method, we have implemented two mathematical operators i.e. Slope sum function
and Teager-Kaiser energy to enhance diminished ECG artifacts present in NC signals. It
is essential to remove noise present in the signal in low and high frequency regions and to
pass it from that frequency band in which the ECG artifact lies. Therefore, band pass filter
and selection of its frequency band of interest is essentially first step to remove noises like
baseline wander, motion artifacts, power line interference etc. Optimal pass-band for R-peak
artifact have been investigated. An adaptive threshold is necessary for reliable peak detection.
Therefore, we have incorporated it in the proposed algorithm. The block diagram of SSF-TKE
method is shown in Figure 3.2.

Source NC Band pass Slope Sum Teager Kaiser Adaptive
Signals filter Function Energy Operator Threshold

Figure 3.2: Block Diagram of ECG R-peak artifacts detection

ECG artifact detection consists of two major steps: Data pre-processing and R peak artifact
detection using adaptive threshold. Firstly data pre-processing is done with a band pass filter
of appropriate frequency range and then slope sum function is applied to highlight the R-
peaks artifacts followed by application of TKE operator for enhancing these peaks. Finally, a
moving average adaptive threshold is applied window wise for detection of R- peaks artifacts.
The detected R-peaks artifacts have been validated with the given reference beat annotations.

The method is based on three features of ECG artifacts: the morphology (spike like sharp
waves which are strongly correlated with the QRS complex of ECG), periodicity and its lack
of correlation with the non-cardiovascular signals. The algorithm is executed as follows:

* STEP-1: (Data pre-processing): It involves filtering of NC signals through band pass
filter of appropriate frequency range. The signal is passed through first order Butter-
worth band pass filter of frequency band in which energy of QRS complex (R-peak ar-

tifact) lies. This filter is best suited for applications requiring preservation of amplitude
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linearity in the pass band region. It is precisely this feature that makes the Butterworth
filter an ideal choice for conditioning the NC signals. The filter attenuates higher fre-
quency noises like power line interference, electrosurgical noise etc. and also lower
frequency noises like baseline wander, motion artifacts etc. The Butterworth band pass
filter has also been chosen as its magnitude response is maximally flat in the pass band
and monotonic overall. The band pass frequencies of 10-50 Hz, 5-45 Hz and 5-15 Hz
yielded optimum R-peak artifact detection in EEG, EOG and EMG respectively.

* STEP-2: ECG artifacts in NC signals appear as poorly formed QRS complex as shown
in Figure 3.1. Slope sum function has been implemented to enhance the slope of ECG
(R-peak) artifacts and to suppress base NC signal. SSF is a cumulative sum of slopes
that helps to enhance them.

The ECG artifacts usually have steep slope similar to that of QRS complex with same
temporal duration but with diminished amplitude. The window wise SSF is calculated
as:

k

SSF(k) =Y Ayi,Ayi = yi— i1 3.1

i=k
Where, 'k’ is the current sample number and *w’ is the window length. The window
length 'w’ is taken approximately equal to the duration of the ascending portion of R-
peak artifact. The duration of rising slope of QRS complex is about 20 ms, hence we
have chosen 'w’ = 5 samples or 20 ms at 250 Hz sampling rate. SSF transformed NC
signals are depicted in Figure 3.3.
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Figure 3.3: SSF transformed NC signals

e STEP-3: The implementation of TKE follows that of SSF. The TKE is an efficient tool

for detecting spike like signals because of its sensitivity to instantaneous changes in
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frequency dependent energy. For a discrete time series, the nonlinear energy operator ¥
and Smoothed nonlinear energy operator (SNEO) can be defined as follows [105]:

Wx(n)] =x*(n) —x(n+1)x(n—1) (3.2)

slx(n)] = Plx(n)] @w(n) (3.3)

where ® is the convolution operator and ‘w(n)’ is Barthannwin window, a smoothing
window function, of sample length 25. The reason for choosing Barthannwin window
for convolving with the signal is that it has a main lobe at the origin and asymptotically
decaying side lobes on both sides. For a linear combination of source signal ‘x’ and
spike artifact ‘s’, i.e., y(n) = x(n) + s(n), where ‘x” and ‘s’ are uncorrelated. Operating

y(n) with non-linear energy operator ‘s’ gives:
sy(n) = Wsly(n)] = Ws[x(n)] + ¥s[s(n)] (3.4)

For spike-dominant positions,¥[x(n)] = 0, sy(n) = ¥[s(n)], while for non-spike posi-
tions, W[s(n)] = 0, sy(n) = W[x(n)]. Using this property of SNEO, an ECG R-peak ar-
tifact is detected in the transformed SSF NC signals by finding an appropriate threshold
‘T’ that separates the spike regions from the background SSF signal with the condition
sy(n) > T.

TKE operator further amplifies the enhanced R-peak artifacts in SSF transformed NC
signal, resulting in excellent artifact detection. The normalized TKE of SSF of NC
signals are shown in Figure 3.4.
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Figure 3.4: Normalized TKE of SSF transformed NC signals
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* STEP-4: The threshold ‘7T° of TKE is defined as the mean energy multiplied by a
scaling factor as follows:

1 N
T=C(5) ;‘Psw(n)] (3.5)

Where ‘N’ is the number of samples in the signal and ‘C’ is scaling factor and its value
is determined by experiment. We have heuristically set the value of ‘C’ as 1.4, 2.3
and 1.3 for EEG, EOG and EMG respectively. A single threshold cannot be applied to
continuously varying physiological signals where spike energy of ECG artifacts in NC
signals is variable and no prior precise knowledge on energy distribution of the spikes
and background signal is available. Hence, we have developed an automated threshold
adjustment method by dividing the normalized Teager Energy of transformed SSF NC
signal into windows of 10 s duration (with 2 s overlap) and calculating window wise
mean energy and threshold ‘7T’. Although the value of ‘C’ is empirically set, the value
of threshold ‘T’ automatically adopts optimal value for each window depending upon
the mean TKE of the window.

* STEP-5: Now R-Peak artifacts are detected from all the detected smoothed signal en-
ergy (sy) peaks of non-cardiovascular signals by following detection rules. First sample
(peak) at position ‘k” from N samples of the signal is selected and it’s W[k| is compared
with the threshold “T’. If W[k] > T, it will give 1** ECG R-peak artifact at position
k1, then go to step 6. Otherwise, select next sample and compare it’s smoothed signal
energy with ‘7 and continue the procedure until the condition W[k] > T is satisfied.

» STEP-6: The 2" R-peak artifact is detected using the periodicity characteristics of
heart-beats. The expected position of nd R-peak, kaexp., will be

k2exp. =ki+1In (36)

Where k; is the position of 1! R-peak artifact and Iy is the mean heart-beat interval.

The algorithm detects those peaks whoseW[k] > T and are located within 0.20 s to
1.4 s from the 1% R-peak artifact, as candidate peaks for 2™ R-peak artifact. The peak
nearest to the expected position ky.y). is selected as 27 R-peak artifact. The procedure is
repeated to detect subsequent R-peaks artifacts for which Iy will be a moving weighted
average heart beat interval.

The flow chart of the proposed algorithm is given in Figure 3.5.
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Non-Cardiovascular signal contaminated with ECG artifacts ]

;

Step 1: Apply first order Butterworth band pass filter of
appropriate range on NC signal

'

Step 2: Emphasize R-peak artifacts by applying SSF on
band pass filtered NC signal

'

Step 3: Apply TKE operator on the SSF transformed ]

signal, ‘sy(n)’

v

Step 4: Segment the TKE operator signal in windows of]

10 s durations. Compute Threshold ‘T" of each window

T oy

Step 5: Detection of 1st R-peak artifact:-
Select first sample peak at position ‘k’ and
compare its sy(n) with ‘T

No_.

Yes
v
[ First R-peak artifact is detected at location ‘k7’ ]
[ Step 6: Detection of 2" R-peak artifact:- ]
Estimate expected From candidate peaks
location of 2nd R-peak located between 0.20 s
artifact: to 1.4 s from kj, the
k2 exp. = k1 + I, beat located nearest to
Iy is normal R-R k2 exp. is selected as 2
interval R-peak artifact

!

Repeat step 6 to locate subsequent R-peak
artifacts, now ly is weighted moving average
R-R interval

Figure 3.5: Flow chart of SSF-TKE method for ECG artifacts detection in non-cardiovascular

signals
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3.3 Performance Evaluation

The performance of the proposed algorithm has been evaluated on PhysioNet/CinC Challenge
2014 public training dataset and MIT-BIH polysomnographic database. The public training set
contains 200 records, out of which (i) 110 records have EEG signals and (ii) 44 records have
EOG and EMG signals. All the 18 records of MIT-BIH polysomnographic database contain
EEG, whereas 5 of them have EOG and EMG signals as well.

The performance of beat detection has been evaluated in terms of statistical measures of

sensitivity (Se), positive predictivity (PPV) and overall score which are given below:

Segross = 100-TP/(TP+FN) 3.7)
PPVrss = 100-TP/(TP+ FP) (3.8)
Seavg = 1:0 ; . P:—P; N (3.9)
PPV, = 120 ii TB_Tfm (3.10)

where TP, FN, and FP denote true positive (matched beat; a detected beat located within
150 ms of the reference beat annotation), false negative (missed beat), and false positive (de-
tection of false beat) respectively. TP;, FNj, and FP; denote the statics for an individual record.
‘n’ are total number records in the dataset. The overall score is average of Se gross, PPV gross »
Se average» and PPV 4yerage. The annotations were compared to the reference annotation using
beat by beat algorithm defined by ANSI/AAMI EC38 and EC57 standards as implemented by
the ‘bxb’ and ‘sumstats’ tool from the WFDB software package. The F; measure, which is a
harmonic mean, has also been used to measure the accuracy of the algorithm:

o 2'PPV‘S€
T PPV £S,)

The R-peak artifacts detection performance of SSF-TKE method on NC signals in Phys-

(3.11)

10Net/CinC Challenge 2014 public training dataset has been reported in appendix Table A.1.
However, the results on EEG, EOG and EMG signals of PhysioNet/CinC Challenge 2014
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training dataset containing significant number of artifacts (subsets of the dataset) are presented
through Tables 3.1, 3.2 and 3.3 respectively.

Table 3.1: ECG artifacts detection performance of SSF-TKE method on PhysioNet/CinC
Challenge 2014 training dataset (signals with significant number of artifacts) in EEG signals

Record No. Total Total Matched EEG
No. of detected beats Sensitivity Predictivity F; Score
beats beats (%) (%) (%)
102 685 681 673 98.25 98.83 98.54
108 907 868 805 88.75 92.74 90.70
114 631 633 631 100.00 99.68 99.84
119 741 738 723 97.57 97.97 97.77
121 883 832 740 83.81 88.94 86.30
122 631 627 585 92.71 93.30 93.00
123 734 742 730 99.46 98.38 98.92
129 685 690 581 84.82 84.20 84.51
130 838 813 771 92.00 94.83 93.39
136 695 681 654 94.10 96.04 95.06
141 702 706 655 93.30 92.78 93.04
145 708 687 611 86.30 88.94 87.60
147 872 863 855 98.05 99.07 98.56
149 727 723 708 97.39 97.93 97.66
151 806 784 749 92.93 95.54 94.22
154 920 849 782 85.00 92.11 88.41
159 710 722 635 89.44 87.95 88.69
163 884 843 790 89.37 93.71 91.49
164 872 823 764 87.61 92.83 90.14
180 884 805 734 83.03 91.18 86.91
182 791 778 732 92.54 94.09 93.31
193 597 605 585 97.99 96.69 97.34
197 681 690 662 97.21 95.94 96.57
199 666 652 642 96.47 96.34 96.40
Total 18250 17835 16797
Average 92.42 94.17 93.27

Gross 92.04 94.18 93.10
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Table 3.2: ECG artifacts detection performance of SSF-TKE method on PhysioNet/CinC

Challenge 2014 training dataset (signals with significant no. of artifacts) in EOG signals

Record Total Total Matched EOG
No. No. of  detected beats Sensitivity Predictivity F; Score
beats beats (%) (%) (%)
103 707 705 684 96.75 97.02 96.88
106 888 820 764 86.04 93.17 89.46
108 907 832 675 74.42 81.13 77.63
111 690 696 667 96.67 95.83 96.25
112 707 707 641 90.66 90.66 90.66
113 665 688 556 83.61 80.81 82.19
117 868 816 751 86.52 92.03 89.19
119 741 742 740 99.87 99.73 99.80
123 734 741 731 99.59 98.65 99.12
124 787 770 717 91.11 93.12 92.10
126 635 663 518 81.57 78.13 79.81
132 869 853 822 94.59 96.37 95.47
138 740 737 723 97.70 98.10 97.90
143 920 830 675 73.37 81.33 77.15
144 527 526 523 99.24 99.43 99.33
146 794 778 739 93.07 94.99 94.02
149 727 720 615 84.59 85.42 85.00
155 745 729 708 95.03 97.12 96.06
161 670 703 580 86.57 82.50 84.49
162 690 681 560 81.16 82.23 81.69
164 872 822 691 79.24 84.06 81.58
175 723 723 694 95.99 95.99 95.99
177 689 704 601 87.23 85.37 86.29
178 774 772 765 98.84 99.09 98.96
179 861 820 753 87.46 91.83 89.59
181 655 685 541 82.60 78.98 80.75
183 697 701 695 99.71 99.14 99.42
189 721 703 642 89.04 91.32 90.17
190 698 703 624 89.40 88.76 89.08
198 699 692 638 91.27 92.20 91.73
1023 635 663 518 81.57 78.13 79.81
1503 751 730 656 87.35 89.86 88.59
Total 23786 23455 21207

Average 89.43 90.39 89.88
Gross 89.16 90.42 89.78
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Table 3.3: ECG artifacts detection performance of SSF-TKE method on PhysioNet/CinC
Challenge 2014 training dataset (signals with significant no. of artifacts) in EMG signals

Record Total No.  Total Matched EMG
No. of beats detected beats Sensitivity Predictivity F; Score
beats (%) (%) (%)
111 690 702 609 88.26 86.75 87.50
119 741 741 726 97.98 97.98 97.98
123 734 736 727 99.05 98.78 98.91
124 787 741 579 73.57 78.14 75.79
138 740 726 695 93.92 95.73 94.82
144 527 502 377 71.54 75.10 73.28
146 794 774 655 82.49 84.63 83.55
149 727 627 427 74.69 73.98 74.33
153 566 627 427 75.44 68.10 71.58
155 745 719 607 81.48 84.42 82.92
161 670 681 649 96.87 95.30 96.08
175 723 729 532 73.58 72.98 73.28
178 774 770 755 97.55 98.05 97.80
182 791 772 609 76.99 78.89 77.93
183 697 729 572 82.07 78.46 80.22
Total 10706 10683 9062
Average 84.37 84.49
Gross 84.64 84.83 84.74

Looking at the results of Table 3.1 to Table 3.3 on PhysioNet/CinC Challenge 2014 public
training dataset, one can observe that average sensitivity and average predictivity for signals
having large quantum of artifacts is quite high. For example in the EEG signal of record
numbers 114, 123 and 147 (Table 3.1), average sensitivity and average predictivity of artifact
detection lie in the range of 98 to 100%, whereas EOG and EMG signals of record no. 119,
123 and 178 also show almost the same trend, which can be seen in Tables 3.2 and 3.3 respec-
tively. This can be considered as an excellent artifact detection performance of the proposed
algorithm. We have compared our results with those of other studies in Table 3.4. It is seen
that proposed SSF-TKE results have outperformed other studies. To the best of our knowledge
artifact detection in EMG signals of PhysioNet/CinC Challenge 2014 public training dataset

have not been reported by any researcher.
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Table 3.4: ECG artifacts detection performance comparison of SSF-TKE method on Phys-
ioNet/CinC Challenge 2014 training dataset in NC signals

Signal Algorithm Total No. Average (%) Gross (%)
Type of beats  Sensitivity Predictivity Sensitivity Predictivity F;Score
(%) (%) (%) (%) (%)
EEG SSF-TKE 18250 92.42 94.17 92.04 94.18 93.10
beats (24
records)
Galeotti et NR (24 62.49 90.42 61.72 90.73 73.46
al. records)
[106]
32035 (All 82.76 83.09 82.73 83.40 83.06
SSF-TKE
EOG 44 records)
23786 (32 89.43 90.39 89.16 90.42 89.78
records)
Galeotti et NR (32 58.50 85.31 59.39 87.40 70.72
al. records)
EMG SSF-TKE 32035 (All 62.45 62.71 62.15 62.54 62.34
44 records)

Table 3.5: ECG artifacts detection performance of SSF-TKE method on MIT-BIH Polysomno-

graphic database (signals with significant no. of artifacts) in EEG signals

Record No. Total No. Total detected Matched Sensitivity Predictivity F; Score
of beats beats beats (%) (%) (%)

slpOla 7806 7807 7707 98.73 98.72 98.73
slpO1b 11467 11532 10923 95.26 94.72 94.99
slp02a 16145 15252 14374 89.03 94.24 91.56
slp02b 11317 10397 9262 81.86 89.08 85.32
slp37 30611 27186 22887 74.76 84.19 79.20
slp45 27686 27170 22802 82.36 83.92 83.13
slp66 15775 15458 11403 72.29 73.77 73.02
slp67x 5374 5294 4454 82.88 84.13 83.50
Total 126181 120096 103812

Average 84.65 87.85 86.18
Gross 82.27 86.44 84.31
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The R-peak artifacts detection performance of SSF-TKE method on NC signals in MIT-
BIH Polysomnographic database has been reported in appendix Table A.2. However, ECG
artifact detection performance of SSF-TKE method on EEG, EOG and EMG signals of the
database with significant amount of ECG artifacts are shown in Table 3.5 and Table 3.6 re-

spectively.

Table 3.6: Performance of SSF-TKE method for ECG artifact detection on MIT-BIH
Polysomnographic database (signals with significant no. of artifacts) in EOG and EMG signals

Record No.  Total No.  Total detected =~ Matched  Sensitivity Predictivity F; Score (%)

of beats beats beats (%) (%)
EOG
slp32 21718 22088 17189 79.14 77.82 78.48
slp37 30611 27114 21874 71.46 80.67 75.79
slp41 25884 26394 21252 82.10 80.52 81.30
slp45 27686 27480 26084 94.21 94.92 94.56
slp48 24711 26101 19414 78.56 74.38 76.42
Total 130610 129177 105813
Average 81.09 81.66 81.31
Gross 81.01 81.91 81.46
EMG
slp41 25884 27043 18226 70.41 67.40 68.87
slp45 27686 27585 24208 87.43 87.76 87.60
Total 53570 54628 42434
Average 78.92 77.58 78.24
Gross 79.21 77.68 78.44

It is observed that efficiency of beat detection is quite high in some of the records namely
EEG (slp 01 a), EOG and EMG (slp 45). The performance of our method may be considered
comparable or even better than those of other studies included in the Table 3.7, in view of
the fact that these studies have excluded a large no. of records from the dataset and even in
the selected records, they have reported results only on part of the records (on selected no. of
beats) as is evident by the number of beats, we have mentioned in the Table 3.7 against each
study. It appears that they may have taken into account only those beats where the performance
of their methods is higher and their reported results do not reflect the real performance of their
algorithms. To the best of our knowledge we have not found any other similar works in case
of EOG and EMG to compare with.
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Table 3.7: Performance comparison of SSF-TKE method on MIT-BIH Polysomnographic

database for ECG artifacts detection in NC signals

Signal ) Total Average (%) Gross (%)
Algorithm Record No. — — — —
Type No. of  Sensitiv Predictiv Sensiti Predicti F;
beats -ity -ity -vity -vity Score
Part of 3
Ji 1.
fang et a records 16690 9834 9940 9841 9947  98.94
(CWT) [41] slp01, slp02
and slp67
EEG
Full records
Ip01
SSF-TKE SPURL 35418 9434 9589  93.18 9541  94.29
slpO1b,
slp02a
Zhou et al.
Part of 2
(MP based
) records slp01 17054 - - 98.83  99.47 99.15
algorithm)
and slp02
[100]
Full records
SSF-TKE slp0laand 23951 93.88 96.48 9220 9576 93.94
slp02a
All 18
SSF-TKE 368364 64.94 67.06 60.79  62.74 61.75
records
EOG SSF-TKE All 5records 130610  81.10 81.66 81.01 8191 81.46
EMG SSF-TKE All 5records 130610  61.57 60.83 6194 61.22 61.58

3.4 Discussion

Our ECG artifacts detection algorithm is based on detection of the most prominent part of

the QRS complex using slope sum function and Teager Kaiser energy. The algorithm is very

simple, yet effective for ECG artifact detection. ECG artifact in NC signals appears as poorly

formed QRS complex and more often it appears diphasic than triphasic. It usually has steep

slopes similar to that of QRS complex with same temporal duration but with diminished am-
plitude [107]. SSF enhances the slope of ECG R-peak artifacts in NC signals from the back-

ground base signal and noise. TKE operator further amplifies the enhanced R-peak artifacts

in SSF transformed NC signal, resulting in excellent artifacts detection. It operates on single
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channel and can be implemented in real time.

The selection of threshold plays an important role in efficiency of ECG artifacts detection.
A new adaptive threshold algorithm has been developed, which optimizes the threshold ‘T’
from the mean TKE of each 10 s window length, instead of calculating one value of threshold
“T” for the whole signal from mean energy of entire signal. Thus, the algorithm automatically
adjusts the value of threshold “T” depending on the mean energy of signal over the window
length. When the mean TKE of the signal is low over a period, the algorithm adopts lower
value of threshold “T” and vice-versa. Thereby the algorithm selects window wise optimal
value of threshold ‘T°, which has increased accuracy of artifacts detection and minimized
missed beats (FNs) and false detection (FPs).

The performance of SSF-TKE method has been evaluated on NC signals by applying two
methods of ECG artifacts detection, namely (i) applying TKE operator directly on the band
pass filtered signal, and (ii) applying TKE on the SSF transformed signal on EEG, EOG and
EMG signals. The performance comparison of our proposed SSF-TKE algorithm on EOG
signal, contaminated with R-peak artifacts, with that of direct TKE method is shown in Figure
3.6.

(a)

(e} ”

O P ! VU e P PN -
E o b > & - 2

Time (in Seconds)

Figure 3.6: (a) EOG signal contaminated with ECG artifacts; (b) Teager Kaiser Energy oper-
ator directly applied on band pass filtered EOG signals (direct TKE method); (c) SSF trans-
formed band pass filtered EOG signal; (d) TKE operator applied on the SSF transformed EOG
signal (SSF-TKE method); (e) Reference ECG beat annotations are shown as (@). Matched
beats are shown as (*) and missed beats by (*)

It can be seen in Figure 3.6 (b) that first and fifth detected beats are unmatched beats and
ECG artifact corresponding to sixth reference beat annotation is not detected by direct TKE
method; whereas all the ECG artifacts have been correctly detected by SSF -TKE method as
shown in Figure 3.6 (d). Thus, R-peak artifacts detection performance of SSF-TKE method
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in NC signals is better than that of TKE method. The comparison of most commonly used

techniques in ECG artifacts detection with SSF-TKE method on a number of factors is given

in Table 3.8 [84].

Table 3.8: A comparison of various artifact detection techniques with the proposed algorithm

Features No No a priori  Automatic Can Can Can
additional  user input artifact operate on  operate on  operate in
sensor required removal line single the
required channels non-linear
domain
Adaptive filter X X V Vv vV vV
Wiener filter Vv X V X vV vV
Kalman filter Vv X V V vV Vv
Particle filter Vv X V vV Vv vV
Independent V V X V X v
Component
Analysis
Canonical Vv Vv X X X vV
Correlation
Analysis
Single Channel V Vv X X V vV
ICA
Dynamical vV vV X X vV vV
Embedding ICA
Dynamical V v V X Vv X
Embedding SSA
Morphological v X vV X vV X
Component
Analysis
Wavelet ICA Vv Vv X X V Vv
Empirical Mode Vv Vv X X V vV
Decomposition
ICA
Proposed Vv Vi NA Vv Vv v

SSF-TKE
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All the previous studies have been carried out for detection and elimination of ECG arti-
facts to get clean NC signals for diagnostic purpose i.e. from EEG for studies of epilepsy and
sleep disorder, and from EMG for study of Parkinson diseases and control of prosthesis.

It can be seen from Table 3.8 that SSF-TKE algorithm has the advantages of operating
on line and on single channel. It also does not require a priori user input and can operate on
non-linear domain. Furthermore, no additional channels are required for artifact detection.
The performance of proposed algorithm relies on the quantum of ECG artifacts present in NC
signals, which depends on the proximity of recording sensors to the heart. ECG artifacts may
also occur inconsistently in NC signals. Since validation of detected beats is done with refer-
ence beat annotations, FN beats will be erroneously higher as compared to the actual missed
beats (FN) by the algorithm and thereby calculated detection rate will be erroneously lower
as compared to the actual detection rate in such signals. In EEG signal of record no. 114, the
proposed method has achieved sensitivity and predictivity of 100% and 99.68% respectively
with F1 score of 99.84%. In EOG signal of record no. 119, SSF-TKE method has achieved
sensitivity and predictivity of 99.87% and 99.73% respectively. Similarly in record no. 123,
the method has achieved Fy score of 98.10%, 98.77% and 99.52% for EEG, EOG and EMG re-
spectively. This proves the effectiveness of the proposed method in R-peak artifacts detection
in NC signal contaminated with ECG artifacts.

3.5 Conclusion

SSF-TKE method is an efficient method for detecting ECG artifacts in non-cardiovascular sig-
nals without the need of an additional ECG channel. The method uses Slope Sum Function and
Teager-Kaiser Energy operator with adaptive threshold algorithm to detect ECG R-peak arti-
facts in NC signals. The performance of SSF-TKE method on NC signals of PhysioNet/CinC
Challenge 2014 public training dataset and MIT-BIH Polysomnographic database has shown
that it is efficient in ECG artifact detection. The quantum of ECG artifacts in NC signals
depends on the proximity of recording sensors to the heart, that’s why the R-peak artifacts
detection may be higher in EOG signal as compared to that in EEG and EMG signals. The
SSF-TKE method has shown improved ECG artifacts detection results as compared to those
of direct application of Teager energy operator on non-cardiovascular signals. The proposed
novel algorithm of ECG artifacts detection in EEG, EOG and EMG physiological signals have
demonstrated that the method can be efficiently implemented for biomedical signal processing

with accurate analysis.



Chapter 4

Heart beat detection from cardiovascular
signal

4.1 QRS (R-peak) detection in ECG

4.1.1 Introduction

The human heart generates strong electric field that induces skin potential at the surface of
body. These bio-potentials are picked up by surface electrodes and recorded as ECG which
reveals information about atrial and ventricular activities of heart. Readily recognizable fea-
tures of ECG wave pattern are designated by letters P-QRS-T. However, QRS complex is the
most prominent feature in the ECG because of its high amplitude compared to the P and T
waves. In addition to the significance of various features of the QRS complex, the timing of
the sequence of QRS complexes over long period of time is also very important. These inter-
complex timings are readily measured by recording the occurrences of the peaks of the large
R waves. Fluctuations in the sequence of inter-beat intervals can be used to assess the pres-
ence or likelihood of cardiovascular disease [108]. Any cardiac dysfunction associated with
excitation from ectopic centers in the myocardium may lead to premature complexes (atrial or
ventricular), which change the morphology of the waveform and the duration of the R-R in-
terval. The occurrence of multiple premature complexes is considered clinically important, as
it indicates disorders in the de-polarization process preceding the critical cardiac arrhythmia.
The energy of heart beats is mainly located in the QRS complex, therefore, an accurate QRS
detector is one of the most important components of ECG analysis. It is very important to ac-
curately detect heartbeats, because it gives information about the heart rate [4] and heart rate
variability. Physicians all over the world are using ECG to diagnose cardiac diseases which

are one of the main causes of mortality in our society.
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We got very promising results in our earlier work on ECG artifact detection in NC signals
using SSF-TKE method, which is reported in chapter 3, and that encouraged us to use it in our
further work on QRS detection. The motivation behind this work is to increase the accuracy
of QRS detection in multimodal physiological signals for robust heart rate estimation for ICU
patients. In this chapter, a modified version of SSF-TKE is being proposed that is simple and
computationally fast QRS detection algorithm.

4.1.2 Related Works

Analysis of ECG provides important and relevant information about the state of heart. Ad-
vancement in technology has digitized ECG information enabling it to be processed by com-
puters. In the last three decades many software algorithms have been developed for QRS
detection. It is difficult to detect the R-peak because different sources of noise may be present
in the same frequency band. QRS beat detection algorithms have two important steps: QRS
enhancement and QRS detection. The QRS enhancement is used to enlarge the QRS complex
relative to other ECG features (P wave, T wave and noise) and is referred to as pre-processing
or feature extraction. The QRS detection is used to demarcate QRS complex by providing
the onset and offset points of the QRS complex, especially, the location of the prominent R
peak. There are several signal processing techniques that have been used to emphasis the QRS
segment in time, frequency and time-frequency domain. Kohler et al. [4] and Elgendi et al.
[109] have given an overall review of QRS detection methods based on the principles used for

the detection, as summarized below:

1. Algorithms based upon amplitude and first derivative: Frisen et al. [5], Fraden J.
et al [110], Moriet-Mahoudeaux P. [111] and Gustafson [112] have used this technique
for QRS detection. In this technique, amplitude threshold is applied to the ECG signal
usually followed by its first derivative to enhance the slope of the QRS complex, fol-
lowed by a second threshold. The algorithm is simple and usually contains a threshold
and firsts derivative equation for feature extraction. However, main drawback of this

method is that signal noise is not removed properly.

2. First derivative QRS detection algorithm: In this beat detection technique, a first or-
der differentiator is commonly used as a high pass filter to eliminate base line wander
and to create zero crossing in the location of the R peaks. Okada et al. [113] used first
derivative of ECG signal followed by threshold. Pan J. Tompkins et al. [114] applied
digital filter to ECG signal followed by first derivative and threshold. Arzeno et al. [115]
and Benitez et al. [116] used first derivative before applying Hilbert transform followed

by threshold. Zhang et al. [117] used it before applying wavelet transform followed
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by threshold. First derivative based methods are often used in real time analysis for
large dataset since they do not require extensive computations. The first derivative does
not remove high frequency noise but it reduces motion artifacts and base line wander.
First derivative class of algorithm is simple and contains one equation for feature extrac-
tion. Complexity increases with segmentation. One of the most popular single lead first
derivative based QRS detection methods is the Hamilton-Tompkins algorithm which is
an improved version of the originally proposed Pan-Tompkins method in 1985 that used
patient specific threshold for QRS peak detection.

3. First and second derivative method: QRS enhancement algorithms compute the first
and second derivatives of the measured ECG signal independently. A linear combination
of the magnitude of these derivatives is then used to emphasis the QRS complex area
relative to other ECG features. However, the signal noise is not removed properly.
First and second derivative classes of algorithms are simple and contain only up to four
equations for feature extraction. The complexity of this class of algorithms derives from
the number of equations used and segmentation, if applied. Balda et al. [118], Ahlstrom
et al. [119] calculated first and second derivatives of the ECG signal and a threshold
criterion for QRS detection was applied for the linear combination of the derivatives in
the algorithms.

4. Digital Filters: Many sophisticated digital filters have been used for QRS enhancement.
Engelse et al. [120] used first derivative of ECG signal followed by digital filters and
threshold. Pan J. et al. [114] used first derivative after applying band-pass filter to
the ECG signals. The band-pass filtered signal was differentiated to emphasis high
signal slopes, suppressing smooth ECG waves and baseline wander. Ulusar et al. [121]
applied band-pass filter before Hilbert transform followed by threshold. Zhang et al.
also used band pass filter followed by first derivative before applying wavelet transform
then followed by threshold. The digital filter can increase signal to noise ratio (SNR)
depending on the nature of the filter and its order.

5. Mathematical morphology: The use of mathematical morphology operators for QRS
detection was introduced by Trahanias [122]. Yongli et al. [123] applied mathematical
morphology filtering to ECG signals followed by threshold. Zhang et al. [124] used
the first derivative after multiscale mathematical morphology, followed by threshold
in order to remove motion artifacts and base line drift. The signal noise is partially
addressed by the mathematical morphology class of algorithms. The use of low pass
filter improves SNR.
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6. Empirical mode decomposition (EMD): It was introduced by Xing et al. [125] for

nonlinear and non-stationary signal analysis. In this method any complex data set can
be decomposed into finite and often small number of intrinsic mode functions (IMF)
which admit well behaved Hilbert transforms. Usually when raw ECG signals are de-
composed into number of IMFs, the combination of IMFs produces a resulting signal
where the QRS complex is more pronounced. The complexity increases with the num-
ber of processed ECG segments. Arafat et al. [126] applied high pass filter followed by
EMD filtering and threshold.

. Hilbert transform: The use of the Hilbert transform for QRS detection was proposed

by Zhou et al. [127] and also by Nygards et al. [128] independently. The Hilbert
transform does not improve the SNR itself. Therefore, some investigators filter the sig-
nal before applying the Hilbert transform. Benitez et al. [116] used a band-pass filter
of 8-20 Hz to remove muscular noise and maximize the QRS. The primary disadvan-
tage of this method is the increased computational burden required for FFT calculations
compared to the time domain approaches. Hilbert transform techniques generally have
a large computation overhead [129]. Hilbert transform method is sensitive to noise,

baseline wander and heart rate variation [130].

. Filter banks: It is another technique of QRS detection, which decomposes the band-

width of the input ECG signal into sub-band signals with uniform frequency band-
widths, each of constant length. The sub-bands can be down sampled, since the sub-
band bandwidth is much lower than the input signal. The sub-bands provide informa-
tion from various frequency ranges; thus, it is possible to perform time- and frequency-
dependent processing of the input signal. Afonso et al. [131] and Zhang et al. [132]
applied filter banks to ECG signal followed by threshold. The filter banks significantly
improve the SNR for Gaussian noise compared to the mean and median averaging meth-
ods [133]. The drawback of using filter banks is relatively high computational cost due
to the involvement of a large amount of multipliers in the FIR filters [132].

. Wavelets Transform: Dinh et al. [134] and Szilagyi et al. [135] applied wavelet trans-

form (WT) to ECG signal followed by threshold. [136-138] also primarily used wavelet
transform for QRS detection. WT does not increase the SNR, but the SNR can be im-
proved by selecting the coefficients with the largest amplitude [138]. Choice of the
wavelet scale varies throughout the literature. Szilagyi [139] used wavelet scales of 23
and 2%, while Xiaomin et al. [140] used from scales of 22 to 2* to detect QRS complexes.

Martinez et al. [141] recommended re-sampling of the signal at 250 Hz.
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10.

11.

12.

13.

14.

15.

16.

Artificial neural network: ANN has been widely applied in non-linear signal classi-
fication and optimization. In many applications, their performance was shown to be
superior to classical linear approaches. It has been used by [146-148]. Liyang et al.
[136] applied wavelet transform to ECG followed by neural networks. Xue et al. [142]
applied NN, as a filter, to ECG signal followed by a matched filter. NN are highly
sensitive to noise [143]. In the context of QRS detection, NN has been used as adaptive
non-linear predictor (Hu and Tompkin) [142, 144, and 145]. It often needs a consider-

able amount of memory to store the neuron weights.

Matched filtering approach: After some analog preprocessing steps such as automatic
gain control, the ECG signal is digitized and further processed by a comb filter (low
pass) with a notch at 50 Hz and a band pass filter with cut-off frequencies at 15 Hz and
40 Hz. This digital filter stage is followed by a matched filter for further improvement
of the signal-to-noise ratio (SNR). The match filter improves SNR [149], however, it is
computationally expensive because of the sample-by-sample moving comparison with

the template along the ECG signals.

Syntactic algorithm: It detects a QRS complex by itself [150-152]. The signal to
be analyzed by a syntactic method is assumed to be a concatenation of linguistically
represented primitive patterns; i.e., strings. The method is sensitive to noise and has a

high computational cost compared to other approaches.

Zero Crossing Method: Kohler et al. [4], Mallat et al. [153] and Zheng et al. [137]
have primarily used zero crossing method for QRS detection. The method is simple but

computationally inefficient and is sensitive to noise.

Singularity Method: Xing H. et al. [125] have used singularity technique along with
other techniques for QRS detection. The singularity approach load is more complex

than the zero- crossing approach. It is computationally inefficient and sensitive to noise.

Genetic algorithm: R. Poli et al. [154] have applied genetic algorithms to a combined
design of optimal polynomial filters for preprocessing of the ECG and the parameters

of a decision stage.

Length and energy transforms: F. Gritzali [155] and Kohler [4] have applied length
and energy transforms for QRS detection. The transforms are defined for multichan-
nel ECG signals but may also be used for single-channel ECG analysis. The authors
state that both transforms are superior to conventional transforms for feature extraction,

whereas the length transform works particularly good in cases of small QRS complexes
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17. Area estimation and window averaging : R. S. Anand et al. [156] have used 3-sample
area estimation and M-sample window averaging with threshold for QRS segment de-

tection.

4.2 Beat detection from ABP

The ABP waveform contains rich information about the cardiovascular system such as heart
rate, systolic, mean, and diastolic arterial pressures to estimate location of heart beats. Re-
liable and accurate ABP pulse detection is crucial for beat-by-beat extraction. The *wabp’
algorithm given by Zong et al. [13] consists of three components: a low-pass filter, a win-
dowed and weighted slope sum function, and a decision rule for detecting onset of ABP pulse.
The algorithm employs a windowed and weighted slope sum function (SSF) to extract ABP
waveform features. Adaptive threshold and search strategies are applied to the SSF signal to
detect ABP pulses and to determine their onsets.

There is a delay between onset of ABP pulse and R-peak of ECG. This delay is known as
pulse wave transit time (PWTT). The ECG-ABP PWTT includes the pulse wave transmission
time from arota to redial artery as well as pre-ejection (PEP) of the heart. PWTT is closely
related to pulse wave velocity (PWV). Zong W. et al. [26], Gosse P. et al. [157] and Franchi
D. et al. [158] have studied ECG — ABP pulse delay/transit time (PTT). The duration of PTT
varies from 15 ms to 40 ms.

‘wabp’ locate arterial blood pressure (ABP) pulse waveforms in a continuous ABP sig-
nal. The detector algorithm is based on analysis of the first derivative of the ABP waveform.
This program detects heart beats (pulse waveforms) in a continuous arterial blood pressure
(ABP) signal. This version of wabp works best with ABP signals sampled at 125 Hz, but
it can analyze ABPs sampled at any frequency using on-the-fly re-sampling provided by the
WFDB library. wabp’ has been optimized for adult human ABPs. The output of wabp’ is
an annotation file in which all detected beats are labelled normal. *wabp’ can process records

containing any number of signals, but it uses only one signal for ABP pulse detection.

4.3 Proposed algorithm for R-peak detection

The good performance of SSF-TKE method in R-peak artifact detection in NC signals moti-
vated us to implement the algorithm in R-peak detection in ECG signals as well. SSF-TKE
is a simple and fast algorithm for QRS detection that uses only one morphological feature of
ECG i.e. QRS waveform; its steep QR and RS slopes and periodicity. Slope sum function

(SSF) calculate cumulative sum of the first difference of signal across a window and amplifies
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steep slopes of QRS and TKE operator further amplifies QRS spikes. The algorithm uses eye-
closing period of 200 ms and moving average R-R interval of previous eight beats to select
the next beat among candidate beats that have reduced FP beats even in noisy signals. The
algorithm selects window wise optimal value of adaptive threshold, which has increased ac-
curacy of beat detection and minimized missed beats (FNs) and false detection (FPs). Some
modifications have been made in SSF-TKE method in preprocessing stage and selection of
‘C’ value in adaptive threshold as described below. QRS complex is the most distinct and
visible morphological feature of ECG. However, ECG signals are sometimes contaminated by
different sources of noise. These artifacts often have similar shape as that of QRS complex
that makes QRS detection difficult. Hence preprocessing of signals is necessary to reduce the

noise and enhance QRS complexes for proper beat detection.

The flow chart of modified SSF-TKE method is given in Figure 4.1.

4.3.1 Pre-processing

Removal of pacemaker beats: Paced beats are high frequency spikes in ECG recording pro-
duced by electrical activity of pacemaker implanted in the patients. Filtering of the signal
widens paced peaks making it difficult to distinguish them from normal QRS complex, hence
ideally paced beats should be detected and removed at the analog level itself before any fil-
tering of the signal. Since, we are using databases in digital form, the following method has
been used to detect and remove paced beats. The ECG signal is segmented into windows of
256 ms length for paced beat detection. The absolute values of first derivative of the signal are
found for each window. Since the frequency of paced beat is high, the amplitude of its slope
will also be high. It is observed that if the value of amplitude exceeds the threshold value of 2
then the location corresponds to paced beat is removed.

Application of band pass filter: Most of the energy of QRS complex in ECG lies between
frequency range of 3 Hz-40 Hz. The SSF-TKE method uses third order Butterworth filter of
5-40 Hz to suppress high frequency noise and remove baseline wander in R-peak detection.

4.3.2 Adaptive threshold

Adaptive threshold has been calculated on 10 s window with overlap of 2 s and the mean value
is scaled by a factor ‘C’ of 1.4 for QRS detection.
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Figure 4.1: Flow chart of modified SSF-TKE method for R-peak detection in ECG signal
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4.4 Performance analysis

The proposed SSF-TKE method has been implemented on different standard datasets namely,
PhysioNet/CinC 2014 Challenge training dataset, MIT-BIH Polysomnographic database, MIT-
BIH noise stress test database, MIT-BIH Arrhythmia database and MGH/MF waveform database.The
SSF-TKE method has achieved overall scores of 99.79% and 93.76% in beat detection on MIT-
BIH Polysomnographic database and MIT-BIH noise stress test database respectively, which
are better than the results of other well-known individual detectors. In PhysioNet/CinC Chal-
lenge 2014 public training dataset and MGH/MF waveform database, SSF-TKE has achieved
overall scores of 92.53% and 90.05% respectively that are comparable with the scores of other
detectors. The performance of our method in ECGs with variable cardiac rhythm in MIT-
BIH Arrhythmia database and MGH/MF waveform database is slightly lower than those of
other QRS detectors. The R-peak detection results of SSF-TKE method on PhysioNet/CinC
Challenge 2014 public training dataset, MIT-BIH Polysomnographic database, MIT-BIH Ar-
rhythmia database and MGH/MF waveform databases are given in appendix Table A.3, Table
A.4, Table A.5 and Table A.6 respectively.

It can be seen from Table 4.1 that SSF-TKE method has achieved higher predictivity in
PhysioNet/CinC Challenge 2014 training dataset, MIT-BIH Polysomnographic database and
MIT-BIH noise stress test database as compared to those of other QRS detectors, whereas
in MGH/MF waveform database it is comparable with the top predictivity achieved by other
detectors. This is because we have designed our algorithm to keep false detections (FPs) low

to reduce errors in heart rate estimation.

However, in MIT-BIH Arrhythmia database the beat detection performance of SSF-TKE
method is slightly lower than that of other detectors. Since SSF-TKE method considers only
one morphological feature of ECG 1.e., QRS waveform and its rhythm, its performance is
slightly lower in ECGs with variable cardiac rhythm; particularly in atrial premature beats
(APB) and/or ventricular premature beats (VPB). There are 13 records with atrial premature
beats and/or ventricular premature beats in MIT-BIH Arrhythmia database. SSF-TKE method
has achieved gross sensitivity, predictivity and F1 score of 99.69%, 99.56% and 99.62% re-
spectively on 35 records of MIT-BIH Arrhythmia database (excluding 13 records of ECGs
with APB and VPB).

The performance of modified SSF-TKE method in R-peak detection on different standard
databases and comparison of its performance with that of other QRS detectors has been re-
ported in Table 4.1.
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Table 4.1: Performance comparison of SSF-TKE method in heart beat detection in ECG

) Number. Accuracy (%) Gross (%) Score
Database Algorithm
of beats Se PPV Se PPV F1 (%)
epltd [12] 150102  94.30 92.30 94.50 91.00 92.72 93.03
PhysioNet/CinC gqrs [12] 150102 94.00 92.60 94.10 91.00 92.52 9293
Challenge 2014 SSF-TKE 150102 90.83 94.46 89.62 95.21 9233 92.53
public training jqrs [12] 150102 90.50 93.20 90.90 92.30 91.60 91.70
dataset™ wavelet [12] 150102 90.10 91.80 90.30 91.70 91.00 91.00
coqrs [12] 150102 91.60 90.80 91.80 89.50 90.60 90.90
MIT-BIH SSF-TKE 368364 99.86 99.74 99.86 99.69 99.77 99.79
Polysomnographic  gqrs 368364 9994 9946 99.94 9938 99.66 99.68
database (slpdb) epltd 368364 9996 99.17 9996 99.02 9949 99.53
SSF-TKE 26370 93.02 94.36 93.19 9447 93.82 93.76
. elgendi [30] 26370 95.39 90.25 92.75
MIT-BIH noise
epltd 26370 95.66 89.61 95.75 88.06 91.75 9227
stress test database
gqrs 26370 96.33 86.89 96.43 83.32 89.40 90.74
(nstdb) Bon |
t t al.
emez et N/A 93.48 90.60 92.02
[30]
Pan and
Tompkins 26370 7446 93.67 82.97
[30]
Martinez et
109428 99.80 99.86 99.83
al. [31]
MIT-BIH Elgendi [30] 109985 99.78 99.87 99.82
Arrhythmia epltd [25] 109267 99.69 99.77 99.73
database (mitdb) Pan and
Tompkins 109809 99.75 99.54 99.64
[32]
eqrs 109464 9799 98.57 97.71 98.55 98.12 98.20
SSF-TKE 109464 97.14 9845 96.63 98.59 97.60 97.70
MGH/MF epltd 1542273 89.46 90.06 91.44 95.59 9347 91.64
waveform gqrs [16] N/A 87.25 93.97 88.16 92.19 90.13 90.39
database (mghdb) SSF-TKE 1542273 86.76 93.75 84.61 95.06 89.53 90.05

* One record namely 42878 in PhysioNet/CinC Challenge 2014 training dataset does not have

ECG signal
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4.4.1 Experiment on Standard noise test database

To validate our algorithm on noisy ECG signals, experiments have been carried out on standard
MIT-BIH noise stress test database. In this dataset, ECG recordings have been created by
adding ‘em’ noise varying from 24 dB to — 6 dB in two clean records (118 and 119) of the
MIT-BIH Arrhythmia Database.

Experiment 1: The proposed SSF-TKE method has been validated on MIT-BIH noise
stress test database to assess noise tolerance of the method. The detailed comparison of per-
formance of SSF-TKE method on MIT-BIH noise stress test database with that of two other
well known QRS detectors, gqrs and epltd is given in Table 4.2.

Table 4.2: Performance comparison of SSF-TKE method with *gqrs’ and ’epltd’ on MIT-BIH
noise stress test database

Signal  Total gqrs epltd SSF-TKE

No. beats Se PPV F; Se PPV F; Se PPV F,
(%) () () (R) () () () () (%)

11824 2301 99.00 99.96 99.48 99.00 100.00 99.50 99.00 99.61 99.30

11818 2301 99.00 99.96 99.48 99.00 100.00 99.50 99.00 99.61 99.30

118 el12 2301 99.00 9943 9921 99.00 9991 9945 99.00 99.61 99.30

118e06 2301 9891 90.71 94.63 9896 93.21 96.00 9891 99.13 99.02

118e00 2301 97.70 67.65 7994 97.61 7872 87.15 96.35 96.27 96.31

118 2301 9696 57.99 7257 92.00 7052 79.84 8722 87.72 8747
e-06

119e24 2094 9484 99.7 9721 94.84 100.00 97.35 94.51 98.02 96.23

119el8 2094 9484 99.7 97.21 9484 100.00 97.35 9451 98.02 96.23

119el12 2094 9484 994 97.07 9484 9980 97.26 9432 97.63 9595

119e06 2094 9470 9493 9481 94.84 90.73 9274 89.35 91.67 90.50

119e00 2094 94.08 74.26 83.00 94.13 75.32 83.68 85.10 85.67 85.38

119 2094 9212 59.03 71.95 88.87 67.16 76.50 7899 79.4 79.19
e-06

Average 96.33 86.89 90.55 95.66 89.61 92.19 93.02 9436 93.68
Gross 26370 96.43 83.32 89.40 9575 88.06 91.74 93.19 9447 93.83
Score (%) 90.74 92.27 93.76

It can be seen from Table 4.2 that SSF-TKE method has achieved gross F; score of 93.82%
as against 89.40% and 91.57% by ’gqrs’ and ’epltd’ respectively representing overall better

performance as compared to that of "epltd’ and ’gqrs’. The beat detection performance com-
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parison of "gqrs’, epltd” and SSF-TKE method on signals with SNR of 24 dB (clean signals)
and on signals with SNR of — 6 dB (most noisy signals) is given in Table 4.3.

Table 4.3: Performance comparison of SSF-TKE method for noise tolerance (on MIT-BIH
noise stress test database)

. SNR gqrs epltd SSF-TKE
Signal No.
(dB) Se PPV  Fl Se PPV  Fl Se PPV  Fl
(%) () () () () (%) (%) (%) (%)
(i)118e24 24 99.00 99.96 99.48 99.00 100.00 99.50 99.00 99.61 99.30
(i) 118 e-06 -6 96.96 57.99 72.57 92.00 70.52 79.84 87.22 87.72 87.47
(A) Difference [(i)-(i1)] 2.04 4197 2690 7.00 2948 19.66 11.78 11.89 11.83
(i) 119e24 24 94.84 99.7 9721 94.84 100.00 97.35 94.51 98.02 96.23
(iv) 119e-06 -6 92.12 59.03 7195 88.87 67.16 76.51 7899 794 79.19
(B) Difference [(iii)-(iv)] 272 40.67 25.26 597 32.84 20.85 15.52 18.62 17.04
Average difference [(A, B)] 2.38 41.32 26.08 648 31.16 20.25 13.65 15.26 14.44

It can be seen from Table 4.3 that in SSF-TKE method, the average drop in F1 score for
clean signals to most noisy signals is 14.44%; whereas the corresponding drop in ’epltd’ and
“gqrs’ 1s 20.25% and 26.08% respectively.
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Figure 4.2: Plot of gross F1 measure on signals with different SNR

The average F1 measure achieved by ’gqrs’, "epltd’ and *SSF-TKE’ algorithms at different
SNR levels on MIT-BIH noise stress test database are plotted in Figure 4.2. It can be seen from
the figure that at lower noise levels (24dB, 18dB, 12dB), the F1 measures across gqrs, epltd
and SSF-TKE are 98.41%, 98.49%, 97.85% respectively, which shows very low variance.
However, at higher noise levels (6dB, 0dB, -6dB), the F1 scores drop steeply from 94.45 % to
78.25 % for epltd, and 94.72% to 72.28 % for gqrs whereas in SSF-TKE method, F1 measure
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drops gradually 1.e from 94.98% to 83.53%. Thus, SSF-TKE is more resistant to noise as
compared to well known ’gqrs’ & “epltd’ detectors.

4.4.2 Experiment on Standard dataset for paced beat detection

Experiment 2

The electrical activity of pacemaker produce high frequency spikes in ECG signal. These
beats should be removed for accurate beat detection and HR estimation. In pre-processing
stage if the ECG signal with paced beats is passed through low pass filter, the original mor-
phology of paced beats gets distorted and it makes detection of QRS beats very difficult. We
have taken care of paced beat detection and their removal in our algorithm. It is applied
before pre-processing the signal. There are ten records with paced beats in PhysioNet/CinC
Challenge 2014 public training set, however six such records, namely 1033, 1195, 1242, 1354,
1858 and 2277 contain incorrect beat annotations [188]. The detail beat detection performance
results of gqrs, SSF-TKE method and epltd on ECG signals with paced beats on four records
(with correct beat annotations) of PhysioNet/CinC Challenge 2014 public training dataset are

given in Appendix (Table A.7) and the summarized results are compared in Table 4.4.

Table 4.4: Performance comparison of SSF-TKE method in heart beat detection in ECG sig-
nals with paced beats in PhysioNet/CinC Challenge-2014 training dataset

. No. of Average (%) Gross (%) Score
Database Algorithm
beats Se PPV Se PPV F1 (%)
PhysioNet/CinC ~ SSF-TKE 3887 95.00 96.35 9496 9642 95.67 95.67
Challenge 2014 epltd 3887 98.30 59.01 98.28 55.60 71.02 77.79
training dataset eqrs 3887 99.95 4999 9995 49.99 66.65 74.97

The SSF-TKE method has achieved a score of 95.67% on ECG signals with paced beats in
PhysioNet/CinC Challenge 2014 public training set, which is better than the scores of ’epltd’
and ’gqrs’ algorithms. The performance of proposed algorithm is quite efficient for paced

beat detection and their removal. It may be one of the reasons for efficient beat detection by
SSF-TKE method in most of the dataset.

4.5 Experiment on synthetic noise dataset

MIT-BIH noise stress database used for noise evaluation in the earlier experiment contain

ECG signals with only ‘em’ noise. To evaluate the performance of SSF-TKE method on
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Table 4.5: Beat detection performance comparison of gqrs, epltd and SSF-TKE on noisy ECG

signals of synthetic noise dataset

ECG Noise Total gqrs epltd SSE-TKE
Noise level  beats Se PPV F1 Se PPV F1 Se PPV F1
(dB) (%) () () () (%) (%) (%) (%) (%)
24 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
18 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
12 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
9 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Baseline 6 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
wander 3 734 100.00 99.86 99.93 100.00 100.00 100.00 100.00 100.00 100.00
noise 0 734 100.00 99.73 99.86 100.00 100.00 100.00 100.00 100.00 100.00
-3 734 100.00 99.19 99.59 100.00 100.00 100.00 100.00 100.00 100.00
-6 734 100.00 98.00 98.99 100.00 100.00 100.00 100.00 100.00 100.00
-9 734 100.00 94.10 96.96 100.00 99.73 99.86 100.00 100.00 100.00
-12 734 100.00 87.38 93.27 100.00 99.19 99.59 100.00 100.00 100.00
Diff b/w 24 dB and - 12dB  0.00 12.62 6.73 0.00 081 041 0.00 0.00 0.00
24 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
18 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
12 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
9 734 100.00 99.86 99.93 100.00 100.00 100.00 100.00 100.00 100.00
Electrode 6 734 100.00 99.19 99.59 100.00 100.00 100.00 100.00 100.00 100.00
motion 3 734 100.00 94.22 97.02 100.00 100.00 100.00 100.00 100.00 100.00
artifact 0 734 99.86 84.06 91.28 100.00 99.59 99.79 100.00 100.00 100.00
-3 734 99.59 7497 85.54 100.00 96.71 98.33 100.00 100.00 100.00
-6 734 99.59 71.18 83.02 99.73 88.41 93.73 100.00 99.86 99.93
-9 734 99.59 66.82 79.98 98.50 77.99 §87.05 100.00 99.59 99.79
-12 734 99.32 63.50 7747 9741 7598 8537 9891 98.24 98.57
Diff b/w 24 dB and - 12dB  0.68 36.50 22.53 259 24.02 14,63 1.09 176 143
24 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
18 734 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
12 734 100.00 99.59 99.79 100.00 100.00 100.00 100.00 100.00 100.00
9 734 100.00 97.35 98.66 100.00 100.00 100.00 100.00 100.00 100.00
Muscle 6 734 99.86 90.72 95.07 100.00 100.00 100.00 100.00 100.00 100.00
artifact 3 734 100.00 85.55 92.21 100.00 99.73 99.86 100.00 99.86 99.93
noise 0 734 99.73 7896 88.14 100.00 95.57 97.73 99.86 99.73 99.79
-3 734 9946 74.04 84.89 99.18 89.00 93.81 99.86 99.73 99.79
-6 734 99.18 68.61 81.11 98.77 85.60 91.71 99.05 98.38 98.71
-9 734 9946 6524 78.80 9796 80.16 88.17 96.87 96.21 96.54
-12 734 99.05 6240 76.57 96.73 76.76 85.60 89.51 89.51 89.51
Diff b/w 24 dB and - 12dB  0.95 37.60 2343 3.27 2324 1440 1049 1049 10.49
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baseline wander, electrode motion and muscle artifact noises, a synthetic noise evaluation
dataset has been created by adding calibrated amounts of noise from records ‘bw’, ‘em’ and
‘ma’ of MIT-BIH noise stress database in clean ECG signal of record 123 of set p of Phy-
sioNet/CinC Challenge 2014 training dataset using ‘nstdbgen’ script from WFDB software
package. Synthetic noise has been added beginning after the first 2 minutes of each record,
during two-minute segments alternating with two-minute clean segments. The SNR during
the noisy segments was set to a value of 24, 18, 12,9, 6, 3, 0, -3, -6, -9 and -12 dB separately,
giving a total of eleven different noise levels for each type of noise. The ECG signal with
’bw’, ’em’ and 'ma’ noises are shown in Figure 2.13.

The beat detection performance of SSF-TKE method on ECG signals with ‘bw’, ‘em’ and
‘ma’ noises of different SNR levels along with its comparison with the performance of *gqrs’
and ’epltd’ algorithms is given in Table 4.5. The beat detection performance, in terms of F1
score, of gqrs, epltd and SSF-TKE on ECG baseline wander, electrode motion artifact and

muscle artifact noises are plotted in Figure 4.3, Figure 4.4 and Figure 4.5 respectively for

different noise levels.
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Figure 4.3: Beat detection performance of single detectors at various ’bw’ noise levels
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Figure 4.3 shows that there is no effect of ‘bw’ noise on beat detection performance of
SSF-TKE method, whereas in gqrs (from 3 dB and below) and epltd (from -9 dB and below)
there is drop in the F1 score for lower values of SNR. Hence, SSF-TKE is highly resistant to
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baseline wander noise and its beat detection performance in baseline wander noise is better
than that of ’epltd” and ’gqrs’.
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Figure 4.4: Beat detection performance of single detectors at various ’em’ noise levels

It can be seen from Figure 4.4 that electrode motion artifact noise affected the beat detec-
tion performance of SSF-TKE method from SNR level of -6 dB and below. This noise has
also affected the detection as well as F1 scores of ’gqrs’ & epltd’ from noise levels of 9 dB to
0 dB. It can be seen in Table 4.5 that drop in F1 score of SSF-TKE method from SNR of 24 dB
to -12 dB is 1.43% only; whereas the corresponding drop in F1 scores in ’gqrs’ and "epltd’ is
22.53% and 14.63% respectively. Thus it is evident that SSF-TKE is highly resistant to em’

noise level.

Muscle artifact noise is the most troublesome amongst ECG noises and it starts affecting
all the detectors from relatively lower noise levels (higher SNR values). In SSF-TKE method,
the drop in F1 score from SNR of 24 dB to -12 dB is 10.49% and the corresponding drop of
F1 score in gqrs and epltd is 23.43% and 14.40% respectively (Table 4.5). Hence SSF-TKE

method is more resistant to ECG 'ma’ noise as compared to *gqrs’ and “epltd’ algorithms.
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Figure 4.5: Beat detection performance of single detectors at various 'ma’ noise levels

The validation of proposed SSF-TKE method on noise evaluation dataset has further es-
tablished that the proposed method is more resistant to ’bw’, ’em’ and 'ma’ noise as compared
well known detectors "gqrs’ and “epltd’. There is no effect of ’bw’ noise on SSF-TKE method
on the range of noise levels selected for the noise experiment. The drop in beat detection per-
formance of SSF-TKE method for increase in noise levels of ’em’ and 'ma’ noise is gradual
as compared to that of "gqrs’ and ’epltd’.

4.6 Discussion

SSF-TKE is a simple QRS detection that uses only one morphological feature of ECGi.e. QRS
waveform,; its steep QR and RS slopes and periodicity. Slope sum function (SSF) calculates
cumulative sum of the first difference of signal across a window, which amplifies steep slopes
of QRS. TKE operator further amplifies QRS spikes in SSF transformed signals resulting in
excellent beat detection. SSF-TKE algorithm uses eye-closing period of 200 ms and moving
average R-R interval of previous eight beats to select the next beat among candidate beats,
which have enabled excellent beat detection in noisy signals. The detection threshold has been

set to minimize the number of false detections (FPs), this has resulted in achieving excellent
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predictivity for all the databases (except MIT-BIH Arrhythmia database). The use of window
wise adaptive threshold ‘T’ has also increased accuracy of beat detection and minimized false
detections (FPs). Search back operation for missed beats has not been used in SSF-TKE
method to allow its use for real time beat detection, but this is at the cost of slightly lower
sensitivity.

SSF-TKE method has performed quite well in ECG beat detection. It has outperformed
other QRS detectors in MIT-BIH Polysomnographic database and MIT-BIH noise stress test
database, whereas its performance on PhysioNet/CinC Challenge 2014 training dataset and
MGH/MF waveform database is comparable with that of other well-known detectors. SSF-
TKE method is more resistant against ’bw’, ’em’ and 'ma’ noises as compared to ’epltd’
and ’gqrs’. This method has excellent beat detection performance in ECG with pace maker
beats in PhysioNet/CinC Challenge 2014 training dataset; better than that of gqrs and epltd
(Table 4.4). Some of the other advantages of this method are its computational simplicity and
faster run time. SSF-TKE method can be used for on line detection with minimum memory
requirements.

However, in MIT-BIH Arrhythmia database, the beat detection performance of SSF-TKE
method is slightly lower than that of other detectors. MIT-BIH Arrhythmia database contains
records of normal ECG as well as records of ECG signals that are affected by premature
atrial complexes, premature ventricular complexes, paced beats, left bundle branch blocks
(LBBB) and right bundle branch blocks (RBBB). The analysis of bxb report has revealed that
beat detection performance of SSF-TKE method has been excellent in normal beats, RBBB,
LBBB and paced beats; whereas its detection performance is slightly lower in ventricular
premature beats, atrial premature beats and fused ventricular/normal beats. Since, SSF-TKE
method considers only QRS waveform and its rhythm, hence it’s performance is slightly lower
in ECGs with variable cardiac rhythm; particularly in those ECGs that contain atrial premature
beats (APB) and ventricular premature beats (VPB).

4.7 Conclusion

The proposed SSF-TKE method has demonstrated excellent R-peak detection performance
across a number of standard databases with variety of signal morphologies. The beat detection
performance of SSF-TKE has been excellent on MIT-BIH Polysomnographic database and
set p of PhysioNet /CinC Challenge 2014 dataset, which contain predominantly ECGs with
normal sinus rhythm, and the performance is better than that of "epltd’ and *gqrs’. SSF-TKE
method has outperformed all other individual QRS detectors in MIT-BIH noise stress test

database. The method has been validated on synthetic noise evaluation dataset containing
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different types of ECG noises and it is found that SSF-TKE method is highly resistant against
noises and its performance on different types of ECG noises is better than well known QRS
detectors "gqrs’ and “epltd’. SSF-TKE has also performed quite well in the signals with paced
beats as compared to ’gqrs’ and ’epltd’. However, it has some limitation in beat detection of
ECGs with atrial premature beats and/or ventricular premature beats. The proposed method
can be used for real time application due to its computational simplicity and absence of search

back operation.



Chapter 5

Beat Signal Quality Index

5.1 Introduction

Multiple sensors are widely used to monitor health status due to the rapid development of
sensing and computing technologies. In clinical environment these multiple sensors provide
data-rich environment for better estimation of physiological parameters. Data collected from
multiple sensors are corrupted from different sources of noise and health parameters extracted
from such noisy signals would be inaccurate. Data fusion methodologies that integrate the data
from multiple sensors provide an essential tool for degradation modeling and prognostics. To
achieve this goal, the first and foremost step is to measure signal quality of a degraded signal.
The data fusion approach can be simplified if we are able to measure signal quality index. Sig-
nal quality index (SQI) is used to identify trustworthiness of segments of data for clinical use.
Therefore, estimation of signal quality is important for accurate assessment of health parame-
ters for clinical decisions. Fusion of heart beats detected from noisy signals with those from
clean signals may degrade the detection of fused heart beats also. Hence, correct assessment
of SQI is essential to assign proper weights to physiological signals for fusion depending upon
level of noise. Artifacts in ECG, ABP, EEG, EOG, and EMG signals do not always manifest
simultaneously. Signal quality index helps to choose trustworthy signals for fusion. We can
achieve reliable and accurate estimation of heart rate from fusion of multimodal physiological

signals using SQI. In this study, a new beat signal quality index has been proposed.

5.2 Related Works

Several studies have been carried out for assessment of signal quality of physiological signals.
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5.2.1 SQI assessment of ECG

Estimation of signal quality of ECG waveform has been explored by several studies. J. Allen
et al. [6] mainly used ECG power spectra over predefined frequency bands and a preset limit
on the ECG amplitude ( bandwidths are chosen based on typical monitoring conditions). T.
He et al. [159] used independent component analysis (ICA) to enhance ECG signal quality by
reducing the noise or artifacts. Moody and Mark [160] used the residual after projecting a QRS
complex onto the first five principal components (PCs) of an ensemble of QRS complexes, or
the Karhunen—Lo‘eve transform (KLT). Other approaches include amplitude thresholds and
heuristically derived decision trees [161, 162], auto and cross-co-relational analysis [163],
QRS features (such as amplitude to baseline ratio) [164, 165], and comparison across multiple
QRS detectors along with general signal statistics [165].

Standard noise measurement methods for ECG, which can be used as individual signal
quality metrics, were reviewed by Clifford et al. (2006), including root mean square (RMS)
power in the iso-electric region, the ratio of R-peak to noise amplitude in the iso-electric
region, the Crest factor or peak-to-RMS ratio and the ratio between in-band (5-40 Hz) and
out-of-band spectral power. Redmond et al. (2008) used signal masking methods to determine
artifacts and the degree of missing in the ECG. Three feature mask were described in their
work: (1) a rail contact mask was used to mark the saturation to O or rail voltage; (2) a high-
frequency mask was obtained by using a fifth-order high-pass elliptic forward-backward filter
with a cut-off of 40 Hz (with a fixed threshold in order to detect muscle and electrode—tissue
contact noise) and (3) a low power mask was employed using an IIR filter with a pass band of
0.7-33 Hz and a fixed threshold to locate low power sections in the ECG signal. Wang [166]
used the normalized area differences from successive QRS wavelets to generate a quality
index. Relying on beat-by-beat analysis, Bartolo et al. [167] used weighted cross correlation
with a QRS template for estimation of noise level in the signal.

Ikaro Silva et al. [168] proposed a SQI estimation method based on adaptive filtering
of all available signal channels from multi-channel waveform records. Their SQI algorithm
works on multichannel records based on the coupling information estimated from concurrent
waveforms. To estimate the degree of coupling between the desired channel and other concur-
rent waveforms, they used the multichannel adaptive filter (MCAF). Li et al. [165] developed
signal quality metrics based on the degree of agreement between beat detection on different
leads, the degree of agreement between different QRS detectors (bSQI), the relative power in
QRS complex, the relative power in base line, the third moment (skewness) of distribution,
the kurtosis, and the percentage of flat line signal. G. D. Clifford et al. [169] used support
vector machine (SVM) and multilayer perceptron artificial neural network classifiers to iden-

tify quality of ECG using different combinations of seven SQIs developed earlier by Li et al..
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Joachim Behar et al. [170] used machine learning approach for SQI estimation based on a
combination of several basic SQIs. These basic SQIs are given below.

The bSQI of an ECG lead is defined as the ratio of beats detected synchronously, within
an interval of 150 ms, by both R-peak detectors to all the detected beats (by either R-peak
detector) within the window length of 10 s [24]. It is based upon the agreement level between
two distinct R-peak detectors. Two well documented open-source QRS detection algorithms
with different noise sensitivities were used. One is based on digital filtering (DF) and integra-
tion [171] and other is based on a length transform (LT) after filtering [172]. (These routines
are known as ’eplimited’ and wqrs’ respectively.) A consensus beat detection signal quality
index (bSQI) was defined for the k' beat as:

Noatched (k;w
bSQI(k) = Mg

where N,,qrcheq 1S the number of beats that both algorithms agreed upon (within =150 ms)
and N,; is the number of all beats detected by either algorithm (without double counting the
matched beats). In other words,N,;; = NDF + NLT — N,utchea, Where NDF is the number of
beats detected by the DF method and NLT is the number of beats detected by the LT method.
The length of window 'w is set to 10 s long, centered at + 5 s around the 'k"" beat.

Seven SQIs introduced in previous works [170], [165], [173] were calculated for every

single-lead separately as follows:

1. kSQI: The fourth moment (kurtosis) of the signal is defined as kSQI = E{X —u}*/c*,
where ‘X’ is the signal vector considered as the random variable, u is the mean of ‘X”,
‘0’ is the standard deviation of ‘X’, and E{X — u} is the expected value of the quantity
X —u. A good ECG is expected to be highly non-Gaussian since it is not very random.

2. Spectral distribution of ECG, sSQI: Since the QRS energy is mainly concentrated in
a 10 Hz wide frequency band, centered around 10 Hz (Murthy et al. 1978), the ratio
of the power spectral density (PSD) in this band compared to the PSD in the overall
signal provides a measure of the signal quality. The spectral distribution ratio (SDR)
of an ECG segment was defined to be the ratio of the sum of the power P, of the ECG

between frequencies f, of 5 Hz and 14 Hz to the power between 5 Hz and 50 Hz as
14Hz P(k W)df

follows: SDR(k) = “He—————

ollows: SDRK) = 130 s myas

Moderate values of SDR indicate good ECG quality. Thus, the spectral distribution

signal quality index (sSQI) is defined as:
(a) sSQI(k) =1,if 0.5 < SDR < 0.8
(b) sSQI(k) =0, if SDR < 0.5 or > 0.8



5.2 Related Works 79

15Hz
3. pSQI: The relative power in the QRS complex: Wc Most of the power of QRS
SHz

is expected to be in the 5-15-Hz band.

40H
Jinz P(H)df A sudden “low frequency (< 1

4. basSQI: The relative power in the baseline: A p 7
Jorz “P(f)df

Hz) bump” will result in low basSQI.

5. bSQI: The fraction of beats detected by wqrs that matched with beats detected by eplim-
ited.

6. rSQI: The ratio of the number of beats detected by eplimited and wqrs.

7. pcaSQI: A ratio comprising of the sum of the eigenvalues associated with the five princi-
pal components over the sum of all eigenvalues obtained by principal component anal-
ysis applied to the time-aligned ECG cycles detected in the window by the eplimited
algorithm, segmented at 100 ms on either side of the R-peak.

8. iSQI: An inter-channel signal quality index (iSQI) is the ratio of the number of matched
beats (Narchea ) to all detected beats (N,;;) between a given lead and all other syn-
chronous ECG leads, using only eplimited method. Subsequently, the maximum value

over each 10 s epoch (+ 5 s around the current beat) is calculated for each beat.

9. fSQI: The ratio of power P (5-20Hz)/P (0-fn Hz), where fn = 62.5 Hz is the Nyquist
frequency.

Pimentel et al. [174] used an estimate of signal quality as a ‘confidence’ measure in the input
of a hidden semi-Markov model, down weighting the impact of peaks detected on the ECG
or ABP if the signal quality was low. Vollmer [175] used the difference between a smoothed
windowed maximum and a smoothed windowed minimum: if this difference was too low then
the signal was considered of bad quality, equivalently considered as a check on the amplitude
of pulses on the waveform. Johannesen et al. [176] used physiological constraints to filter
waveforms: there should be at least 10 beats per 60 s of recording. De Cooman et al. [177]
and Vollmer [175] used the regularity of the resultant R-R series for signal quality.

5.2.2 Signal quality assessment of ABP signals

Zong et al. [26] used a beat-by beat fuzzy implementation based on ABP pulse detection
and ABP features such as systolic, diastolic, mean, and maximum blood pressures for SQI
assessment. Sun et al. used systolic, diastolic, and mean blood pressures to generate an

abnormality index based on a priori physiological bounds. The algorithm identifies a series
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of features in each ABP pulse. Plausible heuristic constraints are set on the ABP amplitudes,

slopes and beat to beat variations in each pulse in order to generate a signal abnormality index,
1SQI.

5.3 Proposed Beat Signal Quality Index

ECG and ABP signals are often found corrupted by noise and some times missing. In NC
signals, quantum of R-peak artifacts and their amplitude depends on the proximity of recording
sensor of the NC signals to the heart. Beat SQI assumes greater importance in fusion of heart
beats extracted from NC signals because ECG artifacts may occur inconsistently or may be
absent altogether. Hence, SQI should ensure that such NC signals might not degrade the
quality of heart beat fusion. Thus it is essential to develop beat SQI, rather than overall signal
quality index, to enable participation of clean parts of a signal with prominently detected true
beats in the beat fusion process and excluding its noisy parts.

We have proposed a statistical and probability based beat SQI assessment technique [37].
The method uses a simple and rational approach, based on beat rhythm of the signal immedi-
ately preceding the beat and on the probability of the beat being matched or unmatched with
respect to the reference beat annotation. The beat SQI thus depends on the deviation of the
beat from rhythm of heart beats as well as on the probability of the beat being matched beat
with the given deviation.

R-R interval is a continuous random variable when a person is in the state of rest and it
follows normal distribution. A random variable, i.e., R-R interval ‘x’, distributed normally
with ‘y’ and variance o2, is given by Eq. (5.1):

x=u+Ko (5.1
o_lhx—nu (5.2)
u K u

where 1 is mean/median R-R interval, and o is standard deviation. Value of ‘K’ depends
upon the probability of the variable ‘x’ lying around mean/median value. ¢ /U is a measure
of dispersion of a probability distribution and gives dispersion |x — u| of a random variable
about mean/median value ', as given in Eq. (5.2). 0/u is also a statistical measure and it is
inverse of signal to noise ratio (SNR) [178].

The beat SQI is assessed from following two factors; (i) beat rhythm of the signal, and (i1)

deviation of the beat from rhythm.

1. Beatrhythm factor ‘Cp,;’: It gives a measure of beat rhythm of the signal. The coefficient
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of variation CVj; of previous eight beats is used to calculate beat rhythm factor ‘Cp,;” as
given in Egs. (5.3) and (5.4):

Oy
CVsi=— 53
= (5.3)
Cpri =1 —=CVy (5.4)

where oy; is standard deviation and L; is median of R-R interval of eight beats of the
signal preceding i beat. L is taken as 0.83 s for the first beat; corresponding to normal HR
(72 bpm). For 2™ to 8/ beats, 11 is taken as average of all R-R intervals preceding the beat.
Higher values of oy; with respect to L; indicate presence of high level of noise and absence of
beat rhythm in the signal. In such cases, coefficient of variation CVy; would be high and beat

rhythm factor Cp,; will be low.

1. Beat deviation factor ‘Cpy;’: It is a measure of deviation of an individual beat from
the beat rhythm. The beat rhythm is assessed from median y; of eight R-R intervals
preceding the R-R interval of ‘i beat. The deviation ‘D;” for ‘i’ beat is calculated
from R-R interval ‘x;> and median y; as given in Egs. (5.5) and (5.6):

Xi =t — i1 (5.5)

where #; and #;_; are temporal locations of ‘/'"* and (i — l)th ” beats respectively.
D; = |x; — i (5.6)

Low values of D; indicate that the detected beat is in synchronization with the rhythm
of beat occurrence. Values of beat deviation factor Cp;; are assigned based on deviation
D; as given below in Egs. (5.7), (5.8) and (5.9):

D; <250ms,Cpq; = 1 (5.7)
250ms < D; < 300ms,Cpg; = 0.9 (5.8)
D; > 300ms,Cpg; = 0.8 5.9

A detected beat is considered as matched beat if it is located within 150 ms of the reference
beat annotation [179]. Hence, if D; is within 250 ms, there is higher probability that the

detected beat is a matched beat and therefore for D; < 250ms, beat deviation factor Cpy; is
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assigned a value of 1. For values of D; higher than 250 ms, the probability of detected beat
being a matched beat decreases progressively, hence lower values of beat deviation factor, Cpy;
are assigned for higher values of deviation D,.

The SQI of ‘i’ beat is a product of beat rhythm factor ‘Cj,,;” and beat deviation factor
‘Cpqi’ as given in Egs (5.10):

SOI; = Cpyi * Cpgi (5.10)

Median value has been used in the calculations of Coefficient of Variation CV; and devia-
tion D;, instead of mean, because missed beats or false detected beats introduce lower variation
in median R-R interval as compared to that in mean R-R interval. The flow chart of proposed

SQI assessment method is given in Figure 5.1.

5.4 Performance Analysis of Beat SQI

The performance of proposed beat SQI method has been evaluated on PhysioNet/CinC Chal-
lenge 2011 training database (set-a) [77]. The dataset contains 1000 standard 12-lead ECG
recordings (leads I, II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5, and V6) each of 10 seconds
duration, out of which 773 records are acceptable, 225 records unacceptable and 2 records are
indeterminate (which are not considered for evaluation). Beat SQI method, using *gqrs’ detec-
tor, is evaluated on the above mentioned database to classify ECG signals and its performance
is compared with that of bSQI metrics. We have used two R-peak detectors ‘gqrs’ and ‘wqrs’
for calculating the bSQI. The average SQI of a record is average of SQI values of all the 12
leads in the record.

As per classification criterion given in PhysioNet/CinC Challenge-2011 (set-a), a record is
classified as:

1. Acceptable, if average SQI > 0.70 and not more than one lead has ‘zero” SQI value
2. Intermediate, if average SQI > 0.70 but more than two leads have ‘zero’ SQI value
3. Unacceptable, if average SQI < 0.7.

A threshold value of 0.7 is taken for evaluation of bSQI and beat SQI on set-a of Phys-
10Net/CinC Challenge-2011 training database.
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Figure 5.1: Flow chart of beat SQI assessment

5.4.1 Performance of beat SQI method on ECG

The performance of SQI assessment methods is evaluated in terms of sensitivity (Segqi), speci-
ficity (Sp) and accuracy (Ac). Sensitivity (Seyq;) measures proportion of truly identified poor
quality signals from unacceptable records, specificity (Sp) is proportion of truly identified
good quality records from acceptable records, and accuracy (Ac) measures the proportion of
truly identified ECG records. Performance of beat SQI method on PhysioNet/CinC Challenge-
2011 training database (set-a) and its comparison with signal quality metric bSQI is given in
Table 5.1.

The beat SQI method has achieved sensitivity, specificity, and accuracy of 0.853, 0.928

and 0.911 respectively and its performance is comparable or better than that of bSQI.
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Table 5.1: Performance comparison of the proposed beat SQI with bSQI on 12 leads of set-a
of PhysioNet/CinC Challenge-2011 training database
SQI Performance Indices
Segqi Sp Ac
bSQI 0.738 0.948 0.901
Proposed Beat SQI  0.853  0.928 0.911

5.4.2 Performance of beat SQI method on ECG with arrhythmias

The ICU patients generally suffer from irregular heart beats known as cardiac arrhythmia. The
heart beats in arrhythmia can be irregular, too fast, or too slow. Some of the main types of
arrhythmias are extra beats, supraventricular tachycardias, ventricular arrhythmias, and brad-
yarrhythmias.

Table 5.2: Performance comparison of beat SQI with bSQI for classification of arrhythmia
signals of set-a of PhysioNet/CinC Challenge-2011 training database
Accuracy in different Arrhythmias

SQ Tachycardia Bradycardia Other Arrhythmias Overall
bSQI 0.810 0.919 0.873 0.872
Proposed beat SQI 0.896 0.926 0.873 0.904

It is essential that the SQI should be able to correctly classify the ECG with different type
of arrhythmias for accurate HR estimation of ICU patients. Out of 1000 records in Phys-
ioNet/CinC Challenge-2011 training database (set-a), 655 records have normal sinus rhythm,
343 records have arrhythmias and 2 records are indeterminate. The performance of beat SQI
on arrhythmia signals in PhysioNet/CinC Challenge-2011 training database (set-a) is given in
above Table 5.2.

The performance of beat SQI on arrhythmia signals is better than that of bSQI. It can
be seen from Table 5.2 that beat SQI achieved overall classification accuracy of 0.904 for
arrhythmias, which is slightly lower than the overall accuracy of 0.911 achieved on all signals
(Table 5.1). The performance of beat SQI varied on different types of arrhythmia.

ECG and simultaneously recorded EOG signals of record no. 1503 of PhysioNet/CinC
Challenge 2014 training database along with their beat SQIs are shown in Figure 5.2. It can
be seen in Figure 5.2 (a) and 5.2 (b) that as the ECG becomes noisy, rhythm of detected beats
becomes quite irregular and corresponding beat SQI value decreases. Beat SQI values in EOG
signal increase gradually as rhythm of detected beats improves as seen in Figure 5.2 (¢) and
5.2 (d). It establishes that the beat SQI assessment method is efficient in proper assessment of

signal quality. The beat SQI method has enabled participation of clean parts of a signal in the
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Figure 5.2: (a) Detected beats in ECG by gqrs (@); (b) Beat SQI values of ECG; (c) Detected
beats by modified SSF-TKE method in EOG (*); (d) Beat SQI values of EOG. Reference beat
annotations (@).

beat fusion process, excluding the noisy parts.

5.5 Discussion

SQI plays an important role in selection of good quality signals for fusion. It assumes greater
importance in fusion of heart beats extracted from NC signals because ECG artifacts may oc-
cur inconsistently or may be absent altogether. Hence, SQI should ensure that such NC signals
might not degrade the quality of heart beat fusion. The beat SQI assesses the quality of signal
based on a very short range of previous eight beats of the signal; hence it changes rapidly
with change in signal quality with minimum time lag. This has enabled participation of those
NC signals in the fusion where presence of ECG artifacts is intermittent. The proposed beat
SQI is simple method of signal quality assessment because it requires only one beat detector;
whereas bSQI assessment needs two independent detectors. Although the beat SQI is based
on signal rhythm, beat deviation factor Cpg; accounts for signals with HRV and arrhythmias. It
works satisfactorily on bradycardia, tachycardia and different types of arrhythmias. However,
its performance was lower on certain arrhythmias like atrial fibrillation, ventricular bigeminy,
irregular atrial tachycardia and atrial ectopic because beat SQI is predominantly rhythm de-
pendent. We have used combination of beat SQI and kSQI in majority voting fusion method
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for further improving ECG signal quality assessment. For signal quality assessment of ABP
and NC signals, only beat SQI has been used.

5.6 Conclusion

The performance of proposed statistical and probability based beat SQI assessment method
has been excellent in assessing signal quality and it has achieved accuracy of 0.91 on Phys-
ioNet/CinC Challenge-2011 (set-a) dataset, which is better than that of bSQI. The performance
of beat SQI in classification of ECG signals with arrhythmias is also better than that of bSQI.
It works satisfactorily on ECGs with bradycardia, tachycardia and different types of arrhyth-
mias. However, performance of beat SQI is slightly lower on certain arrhythmias like atrial
fibrillation, ventricular bigeminy, irregular atrial tachycardia and atrial ectopic beats, because
it is predominantly rhythm dependent.



Chapter 6

Robust heart beat detection

6.1 Introduction

The rapid development in biomedical monitoring technologies has enabled modern intensive
care units to employ multiple bed side monitors to track the health of the patients. The ef-
fectiveness of the systems critically depends upon quality of signal acquisition. However, the
utility of monitoring system is compromised by the fact that the signals are often severely
corrupted by noise, artifacts and missing data. On the other hand, multimodal physiological
signals recorded simultaneously in ICU carry redundant information. For example, heart beat
information is contained in ABP and PPG that are directly related to cardiac activity. NC
signals like EEG, EOG and EMG are often contaminated by ECG artifacts. The sensors re-
sponsible for measuring these multimodal signals are independent and their sources of noise
and artifacts do not affect each sensor in the same way. The redundant heart beat information
in these signals can be detected and used to fill in the gaps when ECG is corrupt or missing.
Medical practitioners are increasingly using robust parameters extracted from data fusion for
supporting clinical decisions of ICU patients [20].

Over the past years, several large databases have been developed with concurrent record-
ings of multiple physiological signals, including ECG, BP, EEG, respiration, photoplethys-
mogram (PPG) etc. by Goldberger et al. [76], Welch [83], Moody and Mark [81], Terzano
[180] and Saeed [181]. Researchers have discovered optimal methods for reliable heart beat
detection by combining information from simultaneously recorded physiological waveform.
Fusion of multiple sensors has many advantages; increased reliability, enhanced performance
efficiency and better control [182].

Heart beats can be directly detected from cardiovascular signals that are related with func-
tioning of heart such as ECG and ABP. However, ECG and ABP are sometimes contaminated

or may be missing due to measurement errors leading to inaccurate estimation of heart beat
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position causing false alarms in ICU. Accurate beat detection is required for correct estima-
tion of heart rate and heart rate variability for clinical diagnosis. In this study a beat SQI
based majority voting fusion method has been proposed for robust heart beat detection from

cardiovascular and non-cardiovascular signals.

6.2 Related Works

Robust heart beat detection using NC signals along with cardiovascular signals is a new area of
research. There have been some studies on robust heart beat detection from multiple physio-
logical signals. In most of these studies, only cardiovascular signals have been used. However,
there are few studies where both cardiovascular and NC signals have been used and they are:

Lars Johannesen et al. proposed a robust heart beat detection method by fusion of multiple
signals using voting technique [106]. They used modified versions of U3 detector for beat
detections in ECG, EEG and EOG signals and a second derivative-based approach for heart
beats detection in ABP, Stroke Volume (SV) and Photoplethysmogram (PPG) signals. The de-
tector used in the study for EEG and EOG signals was trained with initial annotations obtained
from voting of cardiovascular signals namely ECG, ABP and SV. Hence, the method will give
erroneous beat detection when ECG and ABP signals are corrupt. In voting, predetermined
fixed lower weights are assigned to SV, EEG and EOG signals as compared to weights of ECG
and ABP signals irrespective of quality of signals, which does not seem to be an appropriate
way of weight assignment.

In the method proposed by Jan J. Gieraltowski et al. [183], beat annotations detected in
ECG, ABP, EEG, EOG and EMG signals are fine-tuned and joined using signal quality. RS
slope and amplitude method has been used for detection of heart beat annotations. A signal
is rejected, if annotations detected are less than 1/6th of total annotations, which is one of
the constraints in this study. Secondly, ECG and ABP signals are given more importance
in joining the annotations. The algorithm does not use window wise analysis hence abrupt
changes in HR may give erroneous results.

Jongmin Yu et al. [184] proposed a heart beat detection method from multimodal phys-
iological signals using voting fusion technique. Adaptive filter in cascade has been used for
detection of ECG artifacts in EEG, EOG and EMG signals, using EEG as a primary signal
in the filter. Three candidate locations of heart beat; one from ECG, one from other group of
cardiovascular signals (BP, SV, and Sp02), and one from NC signals (EEG, EOG and EMG)
are merged through voting for majority. If ECG artifacts in EEG signal are either absent or
not detectable, beat detection in all the NC signals will be erroneous. The method does not

take signal quality in to consideration for voting. Further more, if ECG section is missing, the
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method may occasionally loose the anchor points as pointed out by the authors.

Some of the studies in which only cardiovascular signals have been used for robust heart

beat detection are:

Johnson A. et al. [51] used two approaches for fusion of heartbeats of cardiovascular
signals: the first based on signal quality for ECG and ABP signals and the second on the
regularity of the derived R-R intervals between successive detected beats in ECG, ABP, SV
and PPG signals . They used “gqrs”, “coqrs” and “jqrs” methods for QRS detection in ECG
and “wabp” open-source algorithm for detection of onset of the pulses in ABP signal. The
peaks were extracted using a zero-crossing procedure in SV signal and a peak energy technique

in PPG signals. Only cardiovascular signals have been used for robust beat detection.

Thomas De. Cooman et al. [177] proposed a procedure containing majority voting, loca-
tion estimation and Hjorth’s mobility for combining beats of ECG, ABP, SV and PPG signals.
The selection of a signal for voting in a record was done on the basis of value of normalized
correlation coefficient between the power spectral density (PSD) values of the ECG signal and
the other signal calculated around average HR frequency (Avg. HR obtained from one minute

segment of ECG). Thus the proposed method essentially needs one reference ECG signal.

Using information from pulsatile ABP signal, Quang Ding et al. [185] inserted missing
beats and removed false detected beats in ECG signal for robust beat location. Roman Schulte
et al. [186] proposed a Signal Quality index based fusion of ECG, ABP and SV signals
for robust beat location. They divided each signal in to sub-segments and SQI of each sub-
segment was calculated based on signal statistics, number of peaks and their location. The
signal with highest SQI was considered for the final peak detection in the sub-segment. We
have proposed a novel beat SQI based majority voting fusion method for robust heart beat

detection from cardiovascular and NC signals.

6.3 Proposed Beat SQI based majority voting fusion method

The beat SQI based majority voting fusion (MVF) method for robust heart beat detection

involves following three steps:
1) R-peak detection in ECG, ABP signals and R-peak artifacts detection in NC signals,
2) Estimation of beat SQIs of signals, and
3) Fusion of heart beats using beat SQI based majority voting fusion method.

The layout of proposed work is given in Figure 6.1.
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Figure 6.1: Layout of proposed method

6.3.1 R-peak detection in multimodal physiological signals

Three QRS detectors; ‘gqrs’, ‘epltd’, and SSF-TKE method have been used for R-peak detec-
tion in ECG signals. Open source algorithm, ‘wabp’ has been used for detection of onset of
ABP pulses in ABP signals [26].

We have estimated the delay between onset of ABP pulse and R-peak of ECG (Pulse
Transit Time) by calculating average delay between R-peaks of ECG and ABP pulses of ABP
for the first 50 beats of record and used it to adjust the lag for remaining ABP pulses. A
default pulse transit time (PTT) of 200 ms is used when either initial ECG/ABP signal is noisy
or ECG signal is absent in the record. SSF-TKE method is used for R-peak artifacts detection
in NC signals and with some modifications for R-peak detection in ECG.

6.3.2 Beat SQI based majority voting fusion method

A new majority voting fusion method based on beat SQI is being proposed for fusion of heart-
beats from cardiovascular and NC signals. Two beats of ECG signals (in pairs of different
combinations of gqrs, epltd and SSF-TKE method), one beat of ABP signal (ABP pulse de-
tected by wabp and adjusted by PTT) and one beat each of EEG, EOG and EMG signals have
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been fused for robust HR estimation.
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Figure 6.2: Flow chart of beat SQI based fusion method

The flow chart of proposed algorithm is shown in Figure 6.2. It involves the following

steps:

1. Signals are segmented in to windows of 5 seconds duration with 2 s overlap to identify

reference signal.

2. Average beat SQISs of all signals in the window are compared and the signal with highest
average beat SQI is selected as reference signal for the window, to search for candidate

beats for voting.
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3. The i beat is located in the reference signal at temporal location ‘z;”. R-R interval,

RR; =t; —t;_1 is calculated, where #;_| is temporal location of (i — l)th beat:

e If RR; is within ;1 = 150ms, where ;1 is median of eight R-R intervals preced-
ing (i — l)th beat, the located beat is true positive (TP) and selected as i'” reference

beat at location ‘t;’.

o If RR; > p;_1 + 150ms, i'* beat is missed in the reference signal and the i refer-

ence beat is assumed at the expected location, Zx, = ;1 + ;1.

e If RR; < u;—1 — 150ms, the located beat is false positive (FP) beat. Detected beats
are searched in the temporal duration of 7., &= 150ms. If a beat is located in this
duration then it is probable TP beat and is selected as i’ reference beat at location

‘t;”, otherwise the i'" initial reference beat is assumed at the expected location,
texp =ti-1+ Ui-1-

4. Detected beats of other signals are searched for within time interval of #; + 150 ms.

5. All beats detected within #; £ 150 ms, except assumed reference beat, are eligible beats

for voting.

6. The temporal range of outermost eligible beats is divided into 5 segments for voting.
The eligible beats have been assigned weights for voting based on beat SQI and type of
signal as shown in Table 6.1 below:

Table 6.1: Weights assigned to multimodal signals for voting based on beat SQI

Signal SQI;>09 09>S80,>0.8 0.8>S80I,>0.7
ECG (gqrs), ECG (Modified 5 3 1
SSF-TKE) and ABP
EEG, EOG and EMG 3 2 0

Higher values of weights have been assigned to cardiovascular signals as compared to
NC signals for the same value of beat SQI because cardiovascular signals are directly
related to cardiac activities whereas in NC signals the heart activities appear as artifacts.

Signal is considered noisy for beat SQI values less than 0.7.

7. The mean temporal location of beats in the segment with majority voting is selected as

fused beat location.

8. The procedure is repeated for next beat.
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6.4 Performance Evaluation

The voting fusion algorithm has been evaluated on PhysioNet Challenge 2014 training dataset,
MIT-BIH Polysomnographic database, MGH/MF waveform database, MIT-BIH noise stress
test database, and MIT-BIH Arrhythmia database with three different combinations of QRS
detectors namely epltd/SSF-TKE, gqrs/SSF-TKE and epltd/gqrs. The detailed results on these
databases are tabulated in Table A.8, Table A.9, Table A.10, Table A.11 and Table A.12 re-
spectively. The algorithm has also been validated on PhysioNet/CinC Challenge 2014 test

dataset.

Table 6.2: Performance comparison of beat SQI based majority voting fusion method in heart

beat detection with other studies on PhysioNet/CinC Challenge 2014 training dataset

) No. of Average (%) Gross (%) Score
Algorithm
beats Se PPV Se PPV a2l (%)
Single epltd [171] 150102* 9430 92.30 94.50 91.00 92.72 93.03
detectors gqrs [76] 150102* 94.00 92.60 94.10 91.00 92.52 92.93
SSF-TKE 150102* 90.83 94.46 89.62 9521 9233 92.53
Pangerc et al. 151032 97.84 97.21 98.10 97.54 97.82 97.67
[187]
Other Johnson et al. 151032 96.50 95.10 9690 9420 95.50 95.60
algorithms [51]
Johannesen et al. 151032  95.67 92.28 95.85 9144 93.59 93.81
[176]
Marcus Vollmer 151032 92.60 94.30 92.90 94.50 93.69 93.58
[175]
Thomas De 151032 9420 93.50 9450 9190 093.18 93.53
Cooman et al.
[177]
Gieraltowski et 151032 93.20 93.80 92.90 92.90 9290 93.20
al.
[183]
Voting fusion (epltd/SSF- 151032 96.04 95.48 96.35 95.83 96.09 95.93
method TKE)
(Present (gqrs/SSF-TKE) 151032 9476 94.62 95.28 95.04 95.16 94.93
work) (gqrs/epltd) 151032  95.56 94.17 96.01 93.36 94.66 94.78

* One record namely 42878 in PhysioNet/CinC Challenge-2014 training set does not have

ECG signal
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The beat detection performance of the voting fusion method on PhysioNet/CinC Challenge
2014 training dataset has been compared with those of other studies in Table 6.2. It can be
seen from the table that our voting fusion method (epltd/SSF-TKE combination) has achieved
overall score of 95.93%, which is second after the best score of 97.67% by Pangerc et al.
[187]. The voting fusion with epltd/SSF-TKE combination has improved overall score by
2.90% over the score of well known best single detector ’epltd’. Therefore, fusion of multiple
signals increases the accuracy of beat detection and also improves the robustness of system.
Our algorithm has also performed well on records containing ECG with paced beats.

Table 6.3: Performance comparison of beat SQI based majority voting fusion method in heart
beat detection with other studies on PhysioNet/CinC Challenge 2014 hidden test dataset

. No. of Average (%) Gross (%) Score
Algorithm
beats Se PPV Se PPV F; (%)
Single epltd [171] 152478 87.82 86.29 91.02 84.72 87.76 87.46
Detectors gqrs (C-code 152478 87.34 87.03 89.74 8541 87.52 87.38
sample entry)
[51]
Pangerc et al. 152478  93.86 91.57 95.65 93.48 94.55 93.64
S. Vernekar 152478 - - - - - 92.24
(unpublished)
Other Johnson et al. 152478  92.61 89.03 95.07 89.30 92.09 91.50
Detectors Joachim Behar 152478 91.63 88.79 94.02 88.78 91.33 90.80
etal. [170]
Johannesen et 152478 91.27 87.21 9280 87.48 90.06 89.73
al.
Marcus Vollmer 152478 - - 90.51 8847 89.48 89.55
Mollakazemi et 152478 88.87 87.34 91.15 88.07 89.58 88.85
al.
Gieraltowskiet 152478 87.97 87.46 88.55 88.32 88.43 88.07
al.
Voting fusion  (epltd/SSF- 152478  92.40 89.48 93.65 91.51 92.57 91.76
method TKE)
(Present work) (gqrs/SSF-TKE) 152478 91.60 88.85 92.74 90.39 91.55 90.89
(gqrs/epltd) 152478 9235 88.46 93.77 88.11 90.85 90.67

The MVF algorithm with three different combinations was also submitted on PhysioNet
web server to run on hidden test dataset of PhysioNet/CinC Challenge 2014. The challenge
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has set a limit of 6%10710 CPU instructions per record for the entries. The automatic scoring
engine generated the scores for different voting fusion combinations. The beat detection per-
formance of the voting fusion method on PhysioNet/CinC Challenge 2014 hidden test dataset
has been compared with those of other studies in Table 6.3.

The voting fusion method (epltd/SSF-TKE) has scored 91.76% on PhysioNet/CinC Chal-
lenge 2014 test dataset. Our algorithm was ranked third at the time of submission in PhysioNet
web server on 29/12/2016 and currently it is ranked Sth. The snapshots of the PhysioNet web-
site displaying the results from the 2014 Challenge at the relevant point of time are given in
Figure B.1 and Figure B.2 (Annexure B). gqrs/SSF-TKE and gqrs/epltd combinations have
also achieved excellent scores of 90.89% and 90.67% respectively and these scores are within
the top ten scores of the challenge. The run time statistics of the algorithm on PhysioNet web
server are: (i) Average running time (training set): 6.89e+09 instructions, (ii) Maximum run-
ning time (training set): 9.68e+09 instructions, (iii) Average running time (test set): 6.18e+09
instructions, and (iv) Maximum running time (test set): 9.92e+09 instructions. The average
and maximum run time of the algorithm are very low and are well within the limit set by the
challenge. The voting fusion with epltd/SSF-TKE combination has improved overall score by
4.30% over the score of best single detector ’epltd’. The hidden test dataset is not available to
the public and the results are obtained by submitting the algorithm online to PhysioNet. This
dataset contains more difficult records therefore the overall performance of fusion methods

are lower as compared to training set.

The training and test datasets of PhysioNet/CinC Challenge 2014 contain ECG wave-
form with wide variety of unusual beats corresponding to pacemaker activity, supraventricular
Tachycardia, cardiac massage, electrocautery interference, premature ectopic beats, defribil-
lation, fusion of paced and normal beats, flutter, and ventricular fibrillation [188]. The voting
fusion algorithm has also performed well on test dataset that contains more noisy, frequent

missing ECG signals and arrhythmias.

The beat detection performance of the voting fusion method on MIT-BIH polysomno-
graphic database has been compared with those of other studies in Table 6.4. The performance
of all the single QRS detectors on the database is excellent. Hence there is very little scope of
improvement of results after fusion. It can be seen from the table that proposed voting fusion
method (epltd/SSF-TKE) has obtained score of 99.85% which is comparable to best reported
result of Pangerc et al. with score of 99.87%. The performance of all the single QRS detectors
on the database is excellent. Hence there is very little scope of improvement of results after
fusion. Still the majority voting fusion method (epltd/SSF-TKE) has improved overall score

by 0.17% over the score of well known best single detector *gqrs’.
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Table 6.4: Performance comparison of beat SQI based majority voting fusion method in heart

beat detection with other studies on MIT-BIH Polysomnographic database

. No. of  Average (%) Gross (%) Score
Algorithm
beats Se PPV Se PPV F, (%)
_— SSF-TKE 368364 99.86 99.74 99.86 99.69 99.77 99.79
nele oqrs 368364 99.94 9946 99.94 9938 99.66 99.68
Detectors
epltd 368364 99.96 99.17 99.96 99.02 99.49 99.53
Pangerc et al. 99.98 99.74 99.98 99.76 99.87 99.87
Other Vollmer M. 368364 99.90 99.70 99.80
Detectors Chen H. et al. 99.66
Johannesen et al. 9998 98.85 9941
. . (epltd/SSF-TKE) 368364 99.93 99.79 99.94 99.75 99.84 99.85
Voting fusion
thod (gqrs/epltd) 368364 99.93 99.77 99.95 99.72 99.84 99.84
metho
(gqrs/SSF-TKE) 368364 99.83 99.78 99.82 99.74 99.78 99.79

Table 6.5: Performance comparison of beat SQI based majority voting fusion method in heart
beat detection with other studies on MGH/MF waveform database

i No. of Average (%) Gross (%) Score
Algorithm
beats Se PPV Se PPV F, (%)
Sinel epltd 1542273 89.46 90.06 9144 9559 9347 091.64
neie aqrs [16] N/A 8725 9397 88.16 92.19 90.13 90.39
Detectors
SSF-TKE 1542273 86.76 93.75 84.61 95.06 89.53 90.05
Chen H. et al. 95.53
Other Pangerc et al. 9596 9395 96.53 94.11 95.30 95.14
Detectors De Cooman T. 94.40
et al.
Liu N. T. et al. 1526672 90.60 96.70 93.55
Voting (gqrs/epltd) 1542273 95.35 9547 9568 9589 95.78 95.60
fusion (gqrs/SSF-TKE) 1542273 94.61 95.22 94.87 9599 9542 95.17
method (epltd/SSF- 1542273 91.31 9222 91.60 92.65 92.12 91.94
TKE)

MGH/MF database is a collection of hemodynamic and ECG waveforms of stable and

unstable patients in critical care units, operating rooms and cardiac catheterization laboratories

representing a broad spectrum of physiologic and patho-physiologic states. This provides
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an opportunity to test the robustness of beat detection fusion method. The performance of
beat SQI based majority voting fusion method in heart beat detection on MGH/MF waveform
database has been compared with other studies in Table 6.5.

The new voting fusion algorithm (gqrs/epltd) has achieved excellent result with overall
score of 95.60% which is the best reported result so far on this database. The gqrs/SSF-TKE
combination has also achieved excellent score of 95.17%. Fusion algorithm (gqrs/epltd) has
improved the overall score by 3.96% over the score of well known best single detector ’epltd’.
Thus, the proposed voting fusion method has performed extremely well on long records with
wide variety of ECG wave morphology and rhythm.

This method has also been implemented on standard MIT-BIH noise stress test database
that contains ECG signals with ’em’ noise of different SNR levels to assess it’s performance
on noisy signals. The beat detection performance of the voting fusion method on MIT-BIH
noise stress test database has been compared with those of other studies in Table 6.6.

Table 6.6: Performance comparison of beat SQI based majority voting fusion method in heart
beat detection with other studies on MIT-BIH noise stress test database (nstdb)

. No. of  Average (%) Gross (%)
Algorithm Score (%)
beats Se PPV Se PPV F,
Single epltd 26370 95.66 89.61 95.75 88.06 91.75 92.27
Detector gqrs 26370 96.33 86.89 96.43 83.32 89.40 90.74
Other Marcus N/A 9490 92.02 93.44
algorithms Vollmer
Voting fusion  (epltd/SSF- 26370 93.09 93.79 93.25 93.89 93.57 93.50
method TKE)
(Present (gqrs/SSF- 26370 93.71 92.44 93.87 92.07 92.96 93.02
work) TKE)

(gqrs/epltd) 26370 9592 85.80 96.03 82.60 88.81 90.09

It can be seen from the Table 6.6 that voting fusion algorithm epltd/SSF-TKE and gqrs/SSF-
TKE combinations have improved overall score 1.23% and 0.75% respectively over the score
of well known best single detector ’epltd’. The excellent results of the proposed majority
voting fusion algorithm on standard MIT-BIH noise stress test database proves its robustness
against noise.

The performance of proposed algorithm has been evaluated on benchmark MIT-BIH Ar-
rhythmia database, which contains records of normal ECG signals as well as ECG signals that

are affected by non-stationary effects, low signal to noise ratio, premature atrial complexes,
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premature ventricular complex, left bundle blocks and right bundle blocks. The beat detec-
tion performance of the voting fusion method on MIT-BIH Arrhythmia database has been

compared with those of other studies in Table 6.7.

Table 6.7: Performance comparison of beat SQI based majority voting fusion method in robust
heart beat detection with other studies on MIT-BIH Arrhythmia database

. No. of Average (%) Gross (%) Score
Algorithm
beats Se PPV Se PPV Fi (%)

Single epltd 109267 99.69 99.77 99.73
detectors gqrs 109494  97.99 98.57 97.71 98.55 98.12 98.20

SSF-TKE 109494  97.14 98.45 96.63 98.59 97.60 97.70

Pangercet N/A 99.90 99.92 9991 9991
Other al.
algorithms Mollakazemi 47721 99.07 99.76 9941

et al

Plesinger et 107230 99.77 98.99 99.38

al

Marcus 109494 98.59 99.68 99.13

Vollmer
Voting fusion  (gqrs/epltd) 109494  99.56 99.67 99.54 99.65 99.60 99.61
method (gqrs/SSF- 109494 98.81 99.08 99.44 99.18 99.31 99.12

Present work  TKE)

The majority voting fusion (gqrs/epltd combination) has increased the gross F1 measure
by 1.19% over the F1 measure achieved by individual QRS detector *gqrs’. However, there is
a minor drop in F1 measure achieved by voting fusion method (gqrs/epltd combinations) as
compared to that of best single QRS detector (epltd). It can be seen from the table that the
performance of other fusion algorithms on MIT-BIH arrhythmia database are also relatively
low except that of Pangerc et al. [187]. F1 measure of 99.60% achieved by our algorithm
(gqrs/epltd) is better than that of other studies, except Pangerc et al. [187]. The performance
of our algorithm on MIT-BIH arrhythmia database that includes uncommon but clinically
important arrhythmia signals, has been satisfactory.

The beat detection performance of majority voting fusion method in noisy part of ECG
signal of record no. 1503 of set-p2 of PhysioNet/CinC Challenge 2014 is depicted in Figure
6.3. The beats detected in ECG by "gqrs’ and in ABP by wabp (pulse adjusted by PTT) are
shown in Figure 6.3 (a) and 6.3 (c) respectively. The beats detected by modified SSF-TKE in
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EOG and EMG signals are shown in Figure 6.3 (d) and 6.3 (e) respectively. It can be seen
in the Figure 6.3 that there are number of false detections by "gqrs’ in noisy part of ECG,
whereas the detected beats in EOG and EMG signals are matching with reference beats when
ECG is noisy. It is evident from Figure 6.3 (f) that beat SQI based majority fusion method has

achieved excellent beat detection from fusion of multimodal signals, when ECG is noisy.
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Figure 6.3: (a) ECG beats by gqrs (V); (b) ECG beats by SSF-TKE (@®); (c) Beats from ABP
pulse by ‘wabp’ (*); (d) EOG beats by modified SSF-TKE (A); (¢) EMG beats by modified
SSF-TKE (#); and (f) Beats from voting fusion method (.). Reference beat annotations (@)

6.4.1 Experimental validation of the proposed method on simultaneously
noisy ECG and ABP signals

The beat detection performance of MVF algorithm is validated on the synthetic noise dataset.
The results of majority voting fusion method with different combinations of QRS detectors
on ECG ’bw’, ’em’ and 'ma’ noises along with different types of ABP noises are tabulated
in Table A.13, Table A.14 and Table A.15 of appendix A respectively. It can be seen from
the Table A.13, Table A.14 and Table A.15 that majority voting fusion method has achieved
excellent beat detection results in all types of ECG and ABP noises, except high frequency
ABP noise in combination with ECG ’em’ and ma’ noises in which there is minor drop in
F1 scores (less than 1%) for higher noise levels (SNR of -3 dB and below). Table A.13, Table



100 Robust heart beat detection

A.14 and Table A.15 in appendix ’A’ show that all the three combinations of majority voting
fusion have substantially increased F1 scores (from 0.14% to 23.16%) over the score of well
known QRS detectors in concurrently extremely noisy (SNR levels of 0 dB to -12 dB) ECG
and ABP signals. It has been observed that the increase in F1 score over well known single
detectors is higher for higher noise levels in the ECG and ABP signals. However, in ECG

’bw’ noise the increase in F1 score is only at higher noise level of -12 dB (Table A.13).

(a)
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ECG (SSF-TKE)
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Figure 6.4: Beat detection performance of majority voting fusion method on noisy ECG and
noisy ABP signals: (a) ECG beats by gqrs (¥), (b) ECG beats by modified SSF-TKE, )
(c) Beats from ABP pulse by ‘wabp’ (*), (d) EOG beats by modified SSF-TKE (#), and (e)
Beats from voting fusion method (#). Reference beat annotations (@)

The validation of majority voting fusion method on ECG with *'ma’ noise and ABP with
“high frequency’ noise each of -12 dB mixed in clean ECG and ABP signals of record no.
123 of set-p dataset of PhysioNet/CinC Challenge 2014 is depicted in Figure 6.4. It can be
seen in Figure 6.4 (a) and Figure 6.4 (c) that both ECG and ABP signals are concurrently
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noisy and there are large no. false positive detection by ’gqrs’ in noisy ECG as well as by
wabp’ in noisy ABP signal. SSF-TKE has also some false positive as well as false negative
detection as shown in Figure 6.4 (b). ECG artifacts detected by SSF-TKE in EOG are true
positive beats as can be seen in Figure 6.4 (d). The MVF algorithm has efficiently selected
final fused beats that are matching with reference beat annotations as can be seen in Figure
6.4 (e). The above analysis shows that when both cardiovascular signals are simultaneously
noisy, non-cardiovascular signals participate in voting fusion algorithm for robust beat detec-
tion. It validates excellent beat detection performance of our MVF algorithm in worst case of

concurrently noisy cardiovascular signals.

6.5 Discussion

The majority voting fusion method uses statistical and probabilistic based beat SQI that selects
the beats of multimodal signal for fusion based on their quality. The best quality signal in the
window is selected as reference signal for that window and the reference signal plays critical
role in selection of other signal beats for voting fusion to locate final fused beat. The advantage
of window based selection of reference signal is that it keeps on switching according to the
relative quality of signals and ensures that the voting process, i.e. selection of candidate beats
for voting is always governed by the best quality signal among the participating signals in
fusion. In records with multiple ECG leads, the voting fusion method make use of all the
ECG leads and selects the ECG lead with highest SQI for fusion.

The beat SQI based majority voting fusion (MVF) method (with different combinations of
QRS detectors) has achieved scores of 91.76%, 95.93%, 95.60%, 93.50% and 99.85% in beat
detection on PhysioNet/CinC Challenge 2014 hidden test dataset, PhysioNet/CinC Challenge
2014 training dataset, MGH/MF waveform database, MIT-BIH noise stress test database and
MIT-BIH Polysomnographic database and it has improved overall score by 4.30%, 2.90%,
3.96%, 1.23% and 0.17% respectively over the score of single ECG QRS detector (gqrs or
epltd) in these databases. The MVF method has demonstrated excellent R-peak detection per-
formance across a number of standard databases with wide variety of signal morphologies.
In PhysioNet/CinC Challenge 2014 public training dataset, there are seven records with in-
correct beat annotations viz. 1033, 1195, 1242, 1354, 1858, 2277 and 42511 [188]. If these
seven records are excluded, the scores achieved by epltd/SSF-TKE and gqrs/SSF-TKE com-
bination would be 97.07% and 96.47% respectively. The proposed fusion algorithm removes
pacemaker beats from ECG efficiently, it may be one of the reason for achievement of high
score in PhysioNet/CinC Challenge 2014 test dataset. The improvement in overall score by

the MVF method over the scores of individual QRS detectors on number of standard databases
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have established effective participation of NC signals in the voting fusion process. The minor
drop in F1 measure achieved by voting fusion method (gqrs/epltd combinations) in MIT-BIH
arrhythmia database as compared to that of single detector ’epltd’ may be due to relatively
lower F1 measure of ’gqrs’ in the arrhythmia database. Excellent performance of majority
fusion method on MIT-BIH noise stress test database shows that the algorithm is resistant

against noise.

The proposed method has achieved excellent beat detection performance in experimental
validation on the synthetic noise dataset in which both ECG and ABP are concurrently noisy.
Thus, MVF method is able to fill in the gaps of heart beats during the periods of concurrently

noisy cardiovascular signals using redundant heart beat information from NC signals.

SSF-TKE, ’gqrs’ and ’epltd’ detectors have been used for R-peak detection in ECG and
their combinational pair are also used. Performance of gqrs’ is excellent in signals with nor-
mal sinus rhythm (NSR) but has serious limitation on noisy signals. epltd” algorithm performs
well on signals with NSR, arrhythmias and complex wave morphology but its performance de-
grades on noisy signals. SSF-TKE method performs exceedingly well on signals with NSR
and on noisy signals but has limitation on signals with varying cardiac rhythm. These QRS
detectors complement each other in fusion, which has contributed in excellent performance
of MVF method on large no. of standard databases. The performance of different combina-
tions of beat SQI based majority fusion method varied on different datasets; ‘epltd/SSF-TKE’
combination performed best on PhysioNet/CinC Challenge 2014 training and test dataset,
MIT-BIH Polysomnographic database and MIT-BIH noise stress test database. This may be
because performance of SSF-TKE method and ’epltd’ is better than that of gqrs’ on ECG
signals with normal sinus rhythm and on noisy ECGs. ‘gqrs/epltd’ combination performed
best on MIT-BIH Arrhythmia database and MGH/MF waveform database, possibly because
“epltd’ and *gqrs’ performed better than SSF-TKE method on ECGs with cardiac arrhythmias.

Our beat SQI based voting fusion method is one of the few multichannel algorithms that
have used five multimodal signals i.e. ECG, BP, EEG, EOG and EMG for robust heart beat
detection. The majority voting fusion method using NC signals along with cardiovascular
signals has achieved better beat detection performance in PhysioNet Challenge 2014 training
dataset, PhysioNet Challenge 2014 hidden test dataset, MIT-BIH Polysomnographic database
as compared to other studies by Johannesen et al. [106], Gieraltowski et al. [183] and Jongmin

Yu et al. [184] that have used similar combination of signals.
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6.6 Conclusion

The majority voting fusion method has achieved excellent performance in robust heart beat de-
tection by fusion of multimodal physiological signals on number of standard databases. The
fusion is based on beat signal quality of each of the signals that reflects the level of trust in the
peaks detected on these signals. It has improved the scores over the single ECG QRS detector
in these databases. The majority voting fusion method has achieved highest score among the
results of reported studies on MGH/MF waveform database and MIT-BIH noise stress test
database. The beat detection score of 91.76% achieved by voting fusion method (epltd/SSF-
TKE combination) on PhysioNet/CinC Challenge 2014 hidden test dataset presently ranks
5th on the results of the Challenge. The scores achieved by the other two combinations i.e.
gqrs/SSF-TKE (90.89%) and epltd/gqrs (90.67%) on hidden test dataset of PhysioNet/CinC
Challenge 2014 are also within the top 10 scores of the challenge. The validation of major-
ity voting fusion method on synthetic noise dataset has demonstrated that use of NC signals
in majority voting fusion has substantially increased the accuracy of heart beat detection in
concurrenly noisy ECG and ABP signals. Thus, majority voting fusion method has achieved

robust heart beat detection from fusion of multimodal physiological signals.



Chapter 7

Robust heart rate estimation

7.1 Introduction

In continuation of our previous works as reported earlier, where we have applied majority
voting fusion method on multimodal signals and obtained very good results for heart beat
detection, even in noisy ECG and ABP signals, we have implemented the MVF algorithm
for estimating robust heart rate from multimodal signals. We were encouraged to see in the
study of robust heart beat detection that implementation of the fusion algorithm on multimodal
signals has increased true beats and reduced false positive beats detections as compared to the
detections by single detectors, especially in noisy cardiovascular signals. This has motivated
us to study HR estimation from multimodal signals where higher true beats and lower false
positive beats play an important role towards the accuracy of HR estimation. The essence of
fusion method is to discriminate a true positive beat from false positive beat in different signals
using signal quality index to obtain a series of TP beats for optimal heart rate estimation.
This may also be useful in decreasing false alarms in patient monitoring system triggered by
incorrect assessment of HR from noisy or missing ECG recordings in ICUs. A reliable heart
rate estimation system is important for diagnosis of heart disease, monitoring cardiac health of
ICU patients and also to avoid false alarms in ICUs. Our majority voting fusion (MVF) method
has used redundant heart beat information in cardiovascular signals and non-cardiovascular
signals for robust heart rate estimation. The method relies on the extraction of heart beat
information from ECG, ABP, EEG, EOG and EMG to make a more robust estimation about
the heart rhythm.

Non-stationary signals of HR may contain indications of some current or future cardiac
problem. HR has an important role in the analysis and assessment of HRV which is used for an
assessment of overall cardiac health and that of the state of automatic nervous system. As per

a previous study, R-R interval can also be used to detect diabetes [189]. The nervous system
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is also responsible to regulate cardiac activities. Huge data on the work related to cardiac
diseases, their diagnostic techniques and related studies has piled up in the literature and it’s
analysis has become a time consuming and tedious job for both men and machine. Hence,
studies on HR and HRV versus time have become a challenging task for the researchers in the
field. Any method/technique which is simple and takes lesser computation time is a welcome
addition to the current literature in the field.

ICU patients with severe and life-threatening diseases and injuries require constant and
close monitoring to ensure normal bodily functions. Heart rate is one of the important vital
parameter which should be monitored closely and precisely. Therefore, it is important to
create systems for reliable heart rate estimation. The fusion of different signals gives more
information about the health of the patient, and in addition can be more efficient and accurate
for HR estimation. [190].

The MVF method has been evaluated for robust HR estimation on records of PhysioNet/CinC
Challenge 2014 public training dataset containing NC signal along with cardiovascular and on
all the records of MIT-BIH polysomnographic database. The proposed algorithm has been
validated on the ‘synthetic noise dataset’ generated by adding different types of real noise to
a clean ECG and ABP signals. Furthermore, we have also validated our algorithm on sin-
gle board microcomputer i.e. Raspberry Pi 3. Practically the algorithm takes a very small

computation time, which is important for real time application requirements of the algorithm.

7.2 Related Works

Heart rate information can be obtained easily by beat detection from the ECG [4], pulsatile
waveforms such as the ABP [13] and pulse oximetry waveforms recorded from the photo-
plethysmogram [191]. For reliable HR estimation, Ebrahim et al. [190], Feldman et al. [3]
and Tarassenko et al. [23] have used fusion of data from multiple sensors. Sensor fusion
can provide robust cardiovascular parameter estimates even when only one channel of data is
relatively noise free. However, if data from an untrustworthy signal is used, the resultant esti-
mate may be degraded. Ebrahim et al. [190] have used a statistical robust sensor fusion (RSF)
method for HR estimation from fusion of ECG, pulse oximeter and intra-arterial catheter using
Kalman filter. Q. Li et al. developed a robust HR estimation method based on signal quality
analysis, Kalman filtering and data fusion from ECG and ABP signals. They have used SQI
to adjust Kalman gain in Kalman filter. A.V. Gribok et al. proposed an algorithm for reliable
estimation of instantaneous heart rate (HR) from noisy ECG using weighted regularized least

squares [192]. The advantage of the method is that least squares problem allows analytical
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computation of statistical confidence intervals on the estimated heart rate. G. Borges and V.
Brusamarello [28] have applied Bayesian fusion for HR estimation from ECG, ABP and PPG.
They have used a simple heart beat detection algorithm using a moving window of 0.3 seconds
and a peak is selected when the maximum value of the window is in the middle of the overall

window.

To the best of our knowledge, all the previous studies have used only cardiovascular signals
for robust heart rate estimation. Lars Johannesen et al., Gieraltowski et al. and Jongmin Yu
et al. have proposed robust heart beat detection methods by fusion of multimodal signals
i.e. cardiovascular signals and non-cardiovascular signals and that too on a limited number of
signals in a dataset. They have reported the results in terms of sensitivity and predictivity of

beat detection only and have not extended their work to heart rate estimation.

The basic objective of heart beat detection is heart rate estimation and HRV analysis.
Accurate R-peak detection is a necessary, but not sufficient condition for accurate heart rate
estimation. It can be seen in Eq. (7.1) that R-R interval or equivalently HR are not a di-
rectly measured quantity; rather, they are indirectly obtained by computing the difference of
the directly observable cummulative R peak occurrence times. Computing the difference of
an observable quantity containing some measurement noise (or errors) amplifies the noise and
significantly contaminates the computed differences [192]. The right-hand side of Eq. (7.1)
contains measurement noise because cumulative R peak occurrence times cannot be deter-
mined with absolute certainty regardless of which QRS detection algorithm is used. Further,
ANSI recommends a time window of 150 ms for considering the synchronization between
a beat detected by QRS algorithm and a reference annotation, hence a beat is considered as
matched beat, if it is located within 150 ms on either side of the reference beat annotation.
Thus a matched beat may not be located exactly at the location of its corresponding reference
beat and HR estimated from such matched beats would be in variance with actual heart rate
(from reference beat annotations). In addition, false positive (FP) and false negative (FN) beats
add more noise to the determination of the cumulative beat occurrence times. The sensitivity
of such determinations to the slightest misidentification of peaks in ECG waveforms is signifi-
cantly amplified in the computation of R-R interval. Hence, accurate heart beat detection may
not necessarily give accurate heart rate estimation. Alistair Johnson et al. have also reported
that sensitivity and predictivity may not be a good evaluation parameter of fusion technique
for clinical application of accurate HR estimation, which can be better assessed by absolute
error or rMISE of R-R interval [51].

We have proposed a beat SQI based majority voting fusion algorithm for robust HR esti-

mation from fusion of NC signals and cardiovascular signals.
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7.3 Proposed method

The term "heart rate" normally refers to the rate of ventricular contractions. It is important
to determine both atrial and ventricular rates because there are some conditions in which the
atrial and ventricular rates differ (second and third degree AV block). These rates can be
estimated from ECG strip chart. Ventricular rate can be determined by measuring the time
intervals between R waves (R-R intervals) whereas atrial rate can be determined by measuring
the time intervals between P waves (P-P intervals). QRS complex is the most visible feature
in ECG, therefore R- R interval is generally used to determine heart rate.

The heart rate is estimated over a window length of 10 s duration as given in Eq. (7.1):

HR(bpm) = 60/[MeanR _Rinterval(seconds)] =1 (7.1)

The HR can be estimated directly from detected R-R peak interval in ECG, EOG, EEG
and EMG signals and by adjusting ABP pulse peaks with pulse transit time in ABP signals.
In the proposed beat SQI based majority fusion method, the HR has been estimated from
R-R interval of fused beats obtained from fusion of multimodal physiological signals. The
estimated HR is validated from reference beat annotation HR. The root mean square error
(rMSE) of the estimated HR (HR; signa1) and reference beat annotation HR (HR; ref), as given

in Eq. (7.2), has been used to evaluate the HR estimation performance of the algorithm.

1 N
HRrMSE = \/N Z(HRisignal _I_IRiref)2 (7.2)
i=1

Where, N is total number of beats in a signal.

7.4 Performance Evaluation

PhysioNet/CinC Challenge 2014 public training dataset and MIT-BIH Polysomnographic database
are being used for performance evaluation of the proposed algorithm. We have calculated
rMSE of HR estimates obtained from R-R interval of fused beats using Eq. (7.2). The beat
SQI based majority voting fusion method has been evaluated for robust heart rate estimation

on all 110 records of PhysioNet/CinC Challenge 2014 training dataset and all the 18 records

of MIT-BIH Polysomnographic database that contain either one or all the three NC signals.
The results on both the datasets have been reported into different groups based on HR rMSE

of ECG and ABP signals.
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7.4.1 Experiment 1: Performance evaluation of robust heart rate estima-
tion on the standard PhysioNet/CinC Challenge 2014 public train-
ing database.

The proposed beat SQI based majority voting fusion algorithm is implemented on 110 records
of PhysioNet/CinC Challenge 2014 public training dataset that contain either one or all the
three NC signals. The detail results on entire dataset are given in Table A.16 of appendix A.
To evaluate HR estimation performance of majority voting fusion, the results are classified
into three groups based on rMSE of estimated HR from ECG and ABP signals;

(1) noisy ECG and good ABP signals
(i1) noisy ECG and noisy ABP signals
(ii1) good ECG and good ABP signals

The HR estimation results for the above three groups are given in Tables 7.1, 7.2 and 7.3
respectively. It can be seen from Table 7.1 that majority voting fusion method has substantially
improved accuracy of HR estimates over that of well known single QRS detector *gqrs’ (i.e.
substantial reduction in rMSE of HR estimate) in records with noisy ECG and clean ABP
signal. In record no. 188 and 199, the majority voting fusion has reduced the rMSE of HR
estimates from 35.10 bpm & 30.39 bpm to 1.58 bpm and 0.25 bpm respectively. The majority
voting fusion has substantially reduced estimation error of ECG heart rate (more than 95%)
in all the records of this group and the maximum reduction of 99.56% is in record no. 148.
The majority voting fusion method has reduced average rMSE of HR estimate of noisy ECG
signals from 15.54 bpm to 0.24 bpm i.e. 98.46% reduction in HR estimation error for noisy
ECG and good ABP signals (Table 7.1).

It can be seen from the Table 7.2 that the proposed MVF method has also substantially
improved accuracy of HR estimates over that of well known single QRS detector "gqrs’ (i.e.
substantial reduction in rMSE of HR estimate) in records with noisy ECG and noisy ABP
signals. The HR rMSE of ECG (by gqrs) of record no. 2800 and 3188 is 41.87 bpm and
39.78 bpm respectively; whereas the rMSE of HR estimate derived from ABP signals of these
records is 16.78 bpm and 14.76 bpm respectively. The MVF method has reduced rMSE of
HR estimates from 41.87 bpm and 39.78 bpm to 4.02 bpm and 1.48 bpm respectively. It has
substantially reduced estimation error of ECG heart rate (from 55.18% to 98.74%) in all the
records of this group and the maximum reduction is in record no. 2800. The proposed fusion
method has yielded accurate HR estimates with low average rMSE of 0.84 bpm, even when
both ECG (avg. tMSE of 11.68 bpm) and ABP (avg. tMSE of 9.01 bpm) signals are noisy
(Table 7.2). There is an average 92.81% reduction in HR estimation error in records with
noisy ECG and noisy ABP signals.
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Table 7.1: Sensitivity, Predictivity and HR rMSE by Majority voting fusion method (for noisy

ECG and good ABP signals of PhysioNet Challenge 2014 training dataset)

Record No. Voting HR rMSE (bpm)
Sensitivity (%) Predictivity (%) ECG ABP EEG EOG EMG Voting
112 100.00 100.00 19.52 086 599 262 636 0.14
146 100.00 100.00 2253 0.10 922 620 799 0.15
148 100.00 100.00 1826 0.06 10.59 - - 0.08
156 100.00 100.00 8.88 1.74 19.58 - - 0.08
168 100.00 100.00 1568 090 18.77 - - 0.08
169 100.00 100.00 30.39 0.14 13.25 - - 0.25
175 100.00 100.00 624 009 1135 230 844 028
188 99.64 99.64 35.10 1.67 13.88 - - 1.58
189 99.72 99.72 20.01 096 7.83 637 755 034
190 100.00 100.00 428 005 748 469 9.16 0.10
191 100.00 100.00 5.68 0.13 10.06 - - 0.15
192 100.00 100.00 414 044 6.32 - - 0.04
198 100.00 100.00 19.71 096 826 3.53 9.61 0.14
1020 100.00 99.83 5.10 057 1342 - - 0.07
2527 99.71 99.86 17.55 0.12 14.12 842 887 0.11
Average 99.94 99.94 1554 0.59 11.34 4.88 8.28 0.24

Table 7.2: Sensitivity, Predictivity and HR rMSE by Majority voting fusion method (for noisy

ECG and noisy ABP signals of PhysioNet Challenge 2014 training dataset)

Record No. Voting HR rMSE (bpm.)
Sensitivity (%) Predictivity (%) ECG ABP EEG EOG EMG Voting
107 99.87 100.00 2.99 1.60 12.76 - - 1.34
113 99.85 99.85 498 279 916 824 1086 0.16
117 100.00 100.00 1.24 551 1541 12.08 16.79 0.17
122 99.84 100.00 1.84 375 4.88 - - 0.18
124 99.87 99.87 18.08 870 9.88 5.06 8.03 0.25
131 99.86 99.86 12.08 37.32 947 - - 0.24
132 99.88 100.00 1.81 352 1243 734 16.67 0.15
133 99.62 99.50 26.66 2.76 14.22 - - 1.89
143 100.00 100.00 1.50 294 955 1336 1623 0.10
145 100.00 100.00 1.15 299 331 799 994 0.04
153 99.82 100.00 3.80 790 1521 1296 1218 1.04
176 100.00 100.00 245 231 835 6.18 9.12 0.17
177 99.71 100.00 6.92 220 7.80 730 8.25 1.88
1503 99.87 99.87 19.79 322 1054 725 9.68 0.25
2800 74.47 74.17 41.87 16.78 13.41 - - 4.02
3188 99.88 99.64 39.78 1476 18.16 - - 1.48
Average 98.28 98.30 11.68 9.01 1091 8.78 11.78 0.84
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Table 7.3: Average Sensitivity, Average Predictivity and Average HR rMSE by Majority voting
fusion method (for good ECG and good ABP signals of PhysioNet Challenge 2014 training
dataset).

No. of Voting Average HR rMSE (bpm.)
Records Avg. Avg. ECG ABP EEG EOG EMG Voting
Sensitivity  Predictivity
(%) (%)
79 99.15 99.15 150 1.53 10.03 8.16 1047 0.53
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Figure 7.1: HR estimates (bpm) for signal no. 112 of PhysioNet challenge 2014 train-
ing dataset from: (a) ECG (gqrs); (b) EOG signal (SSF-TKE); (c) Majority Voting Fusion
(gqrs/SSF-TKE) method.

In records with good ECG and good ABP signals also, the majority voting fusion method
has achieved accurate HR estimates with average rMSE of 0.53 bpm as against average rMSE
of 1.50 bpm achieved by gqrs in ECG and 1.53 bpm by wabp in ABP (Table 7.3). Thus,
the majority voting fusion has improved accuracy of HR estimates over that of well known
QRS detector "gqrs’ (64.67% reduction in HR estimation error) in records with clean ECG
and clean ABP signals of PhysioNet/CinC Challenge 2014 training dataset.

The results are well within clinical acceptable limit of £5 bpm. In this context, one can
say that our method has yielded excellent results for HR estimation even when both the cardio-
vascular signals are noisy. This also confirms the participation of NC signals in fusion process
for robust HR estimation.

HR estimates from ECG (gqrs), EOG signal (SSF-TKE), majority voting fusion (gqrs/SSF-
TKE) method for record no. 112 of PhysioNet/CinC Challenge 2014 public training dataset
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Figure 7.2: (a) ECG signal with detected beats (gqrs) (V); (b) ABP signal with detected beats
(*) (pulse adjusted by PTT); (c) Beat detection () by voting fusion method; (d) HR estimates
from ECG (gqrs), ABP and reference beats; (e) Voting fusion HR estimate.

are plotted in Figure 7.1 to validate our algorithm when ECG signal is noisy. The HR estimates
obtained from ECG signal by gqrs are in large variance from reference beat HR at some places
as shown in Figure 7.1 (a), whereas HR estimates from simultaneously recorded EOG signals
in Figure 7.1 (b) have very small variance from reference HR. The estimated HR from voting
fusion method closely follows reference beat HR as can be seen in Fig. 7.1 (c). This clearly
shows the efficiency of voting fusion method in accurate HR estimation in noisy ECG signals

and participation of NC signals in it.

It can be seen from Fig. 7.2 (a) and 7.2 (b) that both ECG and ABP of record no. 1503
of PhysioNet Challenge 2014 training dataset are noisy concurrently. The detected beats in
ECG (by gqrs) and ABP (pulse adjusted by PTT) are quite irregular and there are number of
FP beats in ECG and FN beats in ABP. As seen in Fig. 7.2 (d), HR estimates for ECG and
ABP are in large variance with reference beat HR. However, it can be seen in Fig. 7.2 (¢) and
7.2 (e) that the fusion method has achieved excellent beat detection and voting HR estimate is
perfectly matching with reference beat HR. Thus, the majority voting fusion can give accurate
HR estimate from fusion of NC signals with cardiovascular signals, even when both ECG and

ABP signals are simultaneously noisy.
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Table 7.4: Sensitivity, Predictivity and HR rMSE by Majority voting fusion method (for noisy
ECG and noisy ABP signals of MIT-BIH Polysomnographic database).

Record No. Voting HR rMSE (bpm.)
Sensitivity (%) Predictivity (%) ECG ABP EEG EOG EMG Voting
slp 02a 99.61 99.87 465 590 9.79 - - 3.14
slp 02b 99.45 99.64 6.78 4.33 1290 - - 4.56
slp 03 99.97 97.76 428 2.11 10.79 - - 1.23
slp 04 99.77 99.85 6.57 4.18 11.13 - - 1.27
slp 14 99.77 99.74 207 698 12.17 - - 1.77
slp 16 99.65 99.83 720 198 14.83 - - 1.68
slp 32 99.85 99.88 5.08 1.30 10.70 6.71 9.98 1.01
slp 41 99.95 99.86 144 762 980 861 09.11 0.75
slp 45 99.94 99.96 312 128 775 478 590 0.77
Average 99.77 99.60 458 396 11.10 6.70 833 1.80

7.4.2 Experiment 2: Performance evaluation of robust heart rate esti-
mation on standard MIT-BIH Polysomnographic database.

The proposed majority voting fusion method with all the three different combinations of QRS
detectors is further implemented on all the 18 records of MIT-BIH Polysomnographic database
and the detail results are given in Table A.17 of appendix A. It can be seen from the Table A.17
that HR estimation performance of epltd/SSF-TKE combination of MVF is better than those
of gqrs/SSF-TKE and gqrs/epltd combinations. The results of HR estimation of gqrs/SSF-
TKE combination have been classified into two groups based on rMSE of estimated HR of
ECG and ABP signals;

(i) noisy ECG and noisy ABP signals, and

(i1) good ECG and good / noisy ABP signals.

HR estimation performance of the majority voting fusion method is compared with that
of gqrs in Tables 7.4 and 7.5. It can be seen from the Table 7.4 that the proposed majority
fusion method has improved accuracy of HR estimates over that of well known single QRS
detector "gqrs’ (i.e. reduction in rMSE of HR estimate) in records with noisy ECG and noisy
ABP signals. The HR rMSE of ECG (by gqrs) of record no. slp 04 and slp 16 is 6.57 bpm and
7.20 bpm respectively; whereas the rMSE of HR estimate derived from ABP signals of these
records is 4.18 bpm and 1.98 bpm respectively. The majority voting fusion has reduced the
rMSE of HR estimates from 6.57 bpm and 7.20 bpm to 1.27 bpm and 1.68 bpm respectively.
The majority voting fusion has substantially reduced estimation error of ECG heart rate (from
14.49% to 80.67%) in all the records of this group and the maximum reduction is in record

no. slp 04. The majority voting fusion method has yielded accurate HR estimates with low
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Table 7.5: Average Sensitivity, Average Predictivity and Average HR rMSE by Majority voting
fusion method (for good ECG and good / noisy ABP signals of MIT-BIH polysomnographic
database)

No. of Voting Average HR rMSE (bpm.)
Records Avg. Avg. ECG ABP EEG EOG EMG Voting
Sensitivity Predictivity
(%) (%)
09 99.88 99.95 0.69 196 1046 11.80 1452 040

average tMSE of 1.80 bpm, even when both ECG (avg. tMSE of 4.58 bpm) and ABP (avg.
rMSE of 3.96 bpm) signals of MIT-BIH polysomnographic database are noisy (Table 7.2).
There is an average 60.70% reduction in HR estimation error in records with noisy ECG and
noisy ABP signals.

In records with good ECG and good ABP signals also the majority voting fusion method
has achieved accurate HR estimates with average rMSE of 0.40 bpm as against average rMSE
of 0.69 bpm achieved by gqrs in ECG and 1.96 bpm by *wabp’ in ABP (Table 7.5). Thus,
the majority voting fusion has improved accuracy of HR estimates over that of well known
QRS detector *gqrs’ (42.03% reduction in HR estimation error) in records with clean ECG
and clean ABP signals of MIT-BIH polysomnographic database. Again the HR estimation
results of our algorithm are very promising and demonstrates the utility of the algorithm in
robust HR estimation using NC signals in case of noisy cardiovascular signals.

7.4.3 Experiment 3: Experimental validation of the proposed method on

synthetic noise dataset

The proposed HR estimation method is experimentally validated on a synthetic noise dataset to
evaluate its performance on noisy cardiovascular signals. This will also assess the contribution
of NC signals in voting fusion for robust HR estimation when both the cardiovascular signals
are noisy. The synthetic noise evaluation dataset is generated by adding different types of real
ECG and artificial ABP noises in clean ECG and ABP signals as discussed in section 2.9.7.
ECG is corrupted by simulating real time noises like base line wander (bw), electrode motion
artifact (em), muscle artifact (ma) and power line interference noise. Since above mentioned
ECG noises are electrical in nature, they do not affect ABP, which is a mechanical signal.
ABP is recorded by different types of sensors and is often corrupted by other type of noises
that are often non-Gaussian, nonlinear and nonstationary [54]. ABP waveforms are frequently
corrupted by transducer flushing, catheter clotting, movement artifacts, and non-invasive cuff

inflations noises [53]. Q. Li identified six different types of artifacts similar to those described
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by Mc Ghee et al. These are: (i) saturation to ABP maximum artifact, ii) saturation to ABP
minimum artifact, (iii) reduced pulse pressure artifact, (iv) high amplitude square wave arti-
fact, (v) high frequency noise, and (vi) highly transient impulse artifact. Since no database of
real ABP noise exists, Q. Li et al. developed a number of ABP artifact simulation algorithms
to create realistic artificial ABP noises. Six types of ABP noise; agmax, @smin, Qlamean> dsws
apf and ajy,p have been added separately to ABP signal of record no. 123 of set-p dataset from
Physionet/CinC challenge 2014 using Matlab source code [193].

In this experiment, we have validated HR estimation performance of the proposed method
on synthetic noise evaluation dataset containing ECG signals with ’bw’, ’em’ and 'ma’ noises
of different SNR levels in combination with different types of ABP noises with varying noise
levels. It has been observed that the effect of Sinc function impulse artifact (ajy,p) has very
little impact on HR estimation performance for all combinations of ECG and ABP noises. The
HR rMSE results of the experiment for single QRS detectors and voting fusion methods on
ECG ’bw’, ’em’ and 'ma’ noises with different combinations of ABP noises of SNR levels
from 12 dB to -12 dB are given in Table 7.6, Table 7.7 and Table 7.8 respectively.

It is evident from the Table 7.6 that all the three combinations of majority voting fusion
method has shown excellent HR estimation performance on different SNR levels of ECG "bw’
noise and different types of ABP noise, except for gqrs/epltd combination on high frequency
(brown) ABP noise of -9 dB level. Amongst the three combinations of majority voting fusion
(MVE), epltd/SSF-TKE combination has shown consistently the best results. The HR rMSE of
single detectors "gqrs’ and “epltd’ increases for higher levels of ECG "bw’ noise. All the com-
binations of majority voting fusion method, except gqrs/epltd combination, on high frequency
ABP noise, have significantly improved HR estimates as compared to well known individual
QRS detector (gqrs and epltd) for ECG "bw’ noise and all types of ABP noises at higher SNR
levels (-9 and -12 dB). In ECG ’bw’ noise at -12 dB noise level, ’gqrs’ and ’epltd’ has HR
rMSE of 35.68 bpm and 4.79 bpm respectively. In the worst noise combination of ECG "bw’
noise with ABP high frequency noise each of SNR -12 dB, majority voting fusion (gqrs/epltd)
combination has achieved HR rMSE of 0.27 bpm. Thus, majority voting fusion (gqrs/epltd)
combination has increased the accuracy of HR estimation as compared to that of individual
QRS detector in extremely concurrently noisy ECG and ABP signals and has reduced the HR
estimate error by 94.36% with respect to that of “epltd’. We have plotted the HR estimation
performance of single QRS detectors and all the three combinations of majority voting fusion
method on ECG ’bw’ noise and ABP square wave noise in Figure 7.3.

It can be seen from Figure 7.3 that there is no effect of ‘bw’ noise on HR estimation
performance of SSF-TKE; whereas the performance of gqrs and epltd starts deteriorating from

noise level of 3 dB and - 9 dB respectively. The performance of all the three combinations of
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Table 7.6: HR estimation performance of MVF on noise dataset (ECG ’bw’ and ABP noises)

ABP Noise levels HR rMSE (bpm)
Noise in ECG and oqrs  epltd SSF- ABP Voting Fusion
ABP (dB) TKE gqrs/SSF-TKE  epltd/SSF-TKE  gqrs/epltd
12 0.04 006 0.03 14.29 0.19 0.16 0.20
9 0.04 006 0.03 14.29 0.19 0.16 0.20
Exponential 6 0.04 0.06 0.03 14.29 0.19 0.16 0.20
satura- 3 1.06 0.06 0.03 14.30 0.22 0.16 0.22
tion to 0 1.57 0.06 0.03 14.30 0.26 0.12 0.24
ABP -3 375 0.07 0.03 14.30 0.26 0.13 0.26
maximum -6 7.82 0.08 0.03 14.30 0.27 0.13 0.27
-9 16.62 1.60 0.03 14.61 0.28 0.14 0.27
-12 35.68 479 0.04 1592 0.25 0.16 0.24
12 0.04 006 0.03 12.84 0.19 0.16 0.20
9 0.04 006 0.03 12.84 0.19 0.16 0.20
Exponential 6 0.04 006 0.03 1298 0.19 0.16 0.20
satura- 3 1.06 0.06 0.03 13.09 0.22 0.16 0.22
tion to 0 1.57 0.06 0.03 13.04 0.26 0.12 0.24
ABP -3 375 0.07 0.03 13.11 0.26 0.13 0.26
minimum -6 7.82 0.08 0.03 13.27 0.27 0.13 0.27
-9 16.62 1.60 0.03 13.35 0.28 0.14 0.27
-12 35.68 479 0.04 13.42 0.25 0.16 0.24
12 0.04 006 0.03 1.58 0.19 0.16 0.20
9 0.04 006 0.03 221 0.19 0.16 0.20
Linear 6 0.04 006 0.03 220 0.26 0.22 0.26
satura- 3 1.06 006 0.03 2.20 0.30 0.26 0.30
tion to 0 1.57 0.06 0.03 244 0.36 0.28 0.33
ABP -3 375 0.07 0.03 449 0.34 0.27 0.35
mean -6 7.82 008 0.03 4.68 0.34 0.24 0.33
-9 16.62 1.60 0.03 14.27 0.38 0.25 0.36
-12 35.68 479 0.04 14.27 0.39 0.25 0.37
12 0.04 0.06 0.03 20.17 0.19 0.16 0.20
9 0.04 0.06 0.03 20.10 0.19 0.16 0.20
6 0.04 0.06 0.03 20.18 0.19 0.16 0.20
Square 3 1.06 0.06 0.03 20.17 0.22 0.16 0.22
Wave 0 1.57 0.06 0.03 20.22 0.26 0.12 0.24
-3 375 0.07 0.03 20.33 0.26 0.13 0.26
-6 7.82 0.08 0.03 2045 0.27 0.13 0.27
-9 16.62 1.60 0.03 2334 0.28 0.14 0.27
-12 35.68 479 0.04 25.60 0.25 0.16 0.24
12 0.04 006 0.03 3943 0.19 0.16 0.19
9 0.04 006 0.03 7642 0.19 0.16 0.20
High 6 0.04 0.06 0.03 94.70 0.20 0.16 0.20
Fre. 3 1.06 0.06 0.03 104.01 0.24 0.17 0.25
quency 0 1.57 0.06 0.03 104.86 0.29 0.15 0.27
Noise -3 375 0.07 0.03 10543 0.27 0.16 0.28
-6 7.82 0.08 0.03 109.67 0.28 0.19 0.28
-9 16.62 1.60 0.03 110.61 0.32 0.22 17.08

-12 35.68 479 0.04 115.19 0.26 0.17 0.27
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Figure 7.3: HR rMSE of individual ECG detectors and majority voting fusion with different
combinations of detectors for different levels of ‘bw’ noise in ECG and square wave noise in
ABP

voting fusion method is almost consistent at all noise levels, with epltd/SSF-TKE combination

giving the best results among the three.

HR estimation performance of different combinations of voting fusion method on noise
evaluation dataset i.e. ECG with ‘em’ noise and different types of ABP noises of different
SNR levels is given in Table 7.7. It can be seen from the Table 7.7 that at higher noise levels
(-9 and -12 dB), the majority voting fusion method has significantly improved accuracy of HR
estimation as compared to individual single detectors, except high frequency noise of ABP
signal. All the three combinations of voting fusion have shown noise resistant trend beyond
-3 dB noise level. Amongst different combinations of MVE, the performance of gqrs/SSF-
TKE is better than that of other two combinations for all types of ABP noises at higher noise
levels, except for linear saturation to ABP mean noise, in which performance of epltd/SSF-
TKE combination is better as compared to others. In ECG em’ noise at -12 dB noise level,
"gqrs’ and ’epltd’ has HR rMSE of 78.24 bpm and 43.25 bpm respectively. In the worst
noise combination of ECG ’em’ noise with ABP high frequency noise each of SNR -12 dB,
majority voting fusion (gqrs/epltd) combination has achieved HR rMSE of 1.27 bpm. Thus,
majority voting fusion (gqrs/epltd) combination has increased the accuracy of HR estimation
as compared to that of individual QRS detector in extremely concurrently noisy ECG and ABP
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Table 7.7: HR estimation performance of MVF on noise dataset (ECG ’em’ and ABP noises)

ABP Noise levels HR rMSE (bpm)
Noise in ECG and oqrs  epltd SSF- ABP Voting Fusion
ABP (dB) TKE gqrs/SSF-TKE  epltd/SSF-TKE  gqrs/epltd
12 0.04 0.07 0.03 14.29 0.19 0.16 0.20
9 1.18 0.07 0.03 14.29 0.20 0.16 0.20
Exponential 6 3.07 0.07 0.03 14.29 0.24 0.16 0.23
satura- 3 1247 0.08 0.03 14.30 0.26 0.17 0.25
tion to 0 3144 235 0.03 14.30 0.22 0.17 1.24
ABP -3 49.63 9.66 0.03 14.30 0.20 1.26 1.24
maximum. -6 60.38 25.02 1.08 14.30 0.18 1.26 1.26
-9 70.59 40.82 198 14.61 0.18 1.26 1.26
-12 78.24 43.25 336 1592 0.18 1.26 1.26
12 0.04 007 0.03 12.84 0.19 0.16 0.20
9 1.18 0.07 0.03 12.84 0.20 0.16 0.20
Exponential 6 3.07 0.07 0.03 1298 0.24 0.16 0.23
satura- 3 1247 0.08 0.03 13.09 0.25 0.17 0.25
tion to 0 3144 235 0.03 13.04 0.22 0.17 1.24
ABP -3 49.63 9.66 0.03 13.11 0.20 1.26 1.25
minimum -6 60.38 25.02 1.08 13.27 0.19 1.26 1.26
-9 70.59 40.82 198 13.35 0.19 1.26 1.26
-12 78.24 43.25 336 1342 0.19 1.26 1.26
12 0.04 007 0.03 1.58 0.19 0.16 0.20
9 1.18 0.07 0.03 221 0.20 0.16 0.20
Linear 6 3.07 0.07 0.03 220 0.29 0.22 0.28
Satura- 3 12.47 0.08 0.03 2.20 0.34 0.25 0.34
tion to 0 3144 235 0.03 244 0.46 0.29 0.42
ABP -3 49.63 9.66 0.03 4.49 0.43 0.29 0.40
mean -6 60.38 25.02 1.08 4.68 0.43 0.28 0.40
-9 70.59 40.82 1.98 14.27 0.41 0.27 0.39
-12 7824 43.25 336 14.27 0.41 0.28 0.40
12 0.04 0.07 0.03 20.17 0.19 0.16 0.20
9 1.18 0.07 0.03 20.10 0.20 0.16 0.20
6 3.07 0.07 0.03 20.18 0.24 0.16 0.23
Square 3 12.47 0.08 0.03 20.33 0.25 0.17 0.25
Wave 0 3144 235 0.03 20.22 0.22 0.17 1.24
-3 49.63 9.66 0.03 2045 0.20 1.26 1.24
-6 60.38 25.02 1.08 20.17 0.18 1.26 1.26
-9 70.59 40.82 198 23.34 0.18 1.26 1.26
-12 78.24 43.25 336 25.60 0.18 1.26 1.26
12 0.04 007 0.03 3943 0.19 0.16 0.19
9 1.18 0.07 0.03 76.42 0.20 0.16 0.20
High 6 3.07 0.07 0.03 94.70 0.25 0.17 0.23
Fre. 3 12.47 0.08 0.03 104.01 0.26 0.17 0.28
quency 0 3144 235 0.03 104.86 0.23 0.21 19.08
noise -3 49.63 9.66 0.03 105.43 0.24 20.92 20.83
-6 60.38 25.02 1.08 109.67 0.30 29.17 29.20
-9 70.59 40.82 198 110.61 21.62 21.62 21.72

-12 78.24 43.25 336 115.19 0.25 1.26 1.27
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Figure 7.4: HR rMSE of individual ECG detectors and majority voting fusion with different
combinations of detectors for different levels of ‘em’ noise in ECG and square wave noise in
ABP

signals and has reduced the HR estimate error by 97.06% with respect to that of "epltd’. The
HR rMSE of individual ECG detectors and majority voting fusion with different combinations
of detectors for different levels of ‘em’ noise in ECG and square wave noise in ABP is plotted
in Figure 7.4.

SSF-TKE has minimum HR rMSE at all noise levels of ECG ’em’ noise followed by epltd
and gqrs. 'gqrs’ is highly sensitive to ECG "em’ noise; whereas epltd and SSF-TKE method
are noise resistant up to noise levels of 3 dB and -3 dB respectively. The performance of all the
three combinations of voting fusion is excellent, with gqrs/SSF-TKE combination performing
the best. There is substantial improvement in HR estimation performance of gqrs/SSF-TKE
combination as compared to individual detectors for noisy ECG and ABP signals (for -6 dB
to -12 dB); whereas for gqrs/epltd and epltd/SSF-TKE combinations such improvement is
at noise levels of -9 dB and -12 dB. It can be seen that the HR estimation performance of
individual ECG detectors is excellent in relatively clean signals, but proposed voting fusion

method is effective when the noise level in cardiovascular signals is high.

It can be observed from the above Table 7.8 that in ECG 'ma’ noise also, the performance
of SSF-TKE is better than that of gqrs and epltd at all noise levels. The HR rMSE from

majority voting fusion of gqrs/SSF-TKE combination is giving better performance in the more



7.4 Performance Evaluation 119

Table 7.8: HR estimation performance of MVF on noise dataset (ECG 'ma’ and ABP noises)

ABP Noise levels HR rMSE (bpm)
Noise in ECG and aqrs  epltd SSF- ABP Voting Fusion
ABP (dB) TKE gqrs/SSF-TKE  epltd/SSF-TKE  gqrs/epltd
12 2.10 0.06 0.03 14.29 0.22 0.16 0.22
9 7.15 0.06 0.03 14.29 0.24 0.16 0.23
Exponential 6 19.18 0.08 0.03 14.29 0.23 0.16 0.22
satura- 3 32.13 1.81 1.17 14.30 0.22 0.17 0.23
tion to 0 49.02 11.30 1.19 14.30 0.23 0.17 0.24
ABP -3 60.51 2198 1.19 14.30 0.22 0.18 1.25
maximum -6 75.40 28.73 2.64 14.30 0.22 1.26 1.25
-9 85.41 40.33 3.77 14.61 0.22 1.26 1.25
-12 91.34 4759 392 1592 0.19 1.26 1.26
12 210 0.06 0.03 12.84 0.22 0.16 0.22
9 7.15 0.06 0.03 12.84 0.25 0.16 0.23
Exponential 6 19.18 0.08 0.03 12.98 0.23 0.16 0.22
satura- 3 32.13 1.81 1.17 13.09 0.22 0.17 0.23
tion to 0 49.02 11.30 1.19 13.04 0.23 0.17 0.23
ABP -3 60.51 2198 1.19 13.11 0.22 0.18 1.25
minimum -6 75.40 28.73 2.64 13.27 0.22 1.26 1.25
-9 85.41 4033 3.77 13.35 0.22 1.26 1.25
-12 91.34 4759 392 1342 0.20 1.26 1.26
12 210 0.06 0.03 1.58 0.22 0.16 0.22
9 7.15 0.06 0.03 221 0.25 0.16 0.23
Linear 6 19.18 0.08 0.03 2.20 0.34 0.22 0.32
Satura- 3 32.13 1.81 1.17 2.20 0.43 0.28 0.41
tion to 0 49.02 11.30 1.19 244 0.46 0.31 0.43
ABP -3 60.51 2198 1.19 4.49 0.46 0.31 0.41
mean -6 75.40 28.73 2.64 4.68 0.44 0.31 0.39
-9 85.41 4033 3.77 14.27 0.40 0.29 0.39
-12 91.34 4759 3.92 14.27 0.44 0.29 0.43
12 2.10 0.06 0.03 20.17 0.22 0.16 0.22
9 7.15 0.06 0.03 20.10 0.25 0.16 0.23
6 19.18 0.08 0.03 20.18 0.23 0.16 0.22
Square 3 32.13 1.81 1.17 20.33 0.22 0.17 0.23
Wave 0 49.02 11.30 1.19 20.22 0.23 0.17 0.24
-3 60.51 2198 1.19 2045 0.22 0.18 1.25
-6 75.40 28.73 2.64 20.17 0.22 1.26 1.25
-9 85.41 4033 3.77 23.34 0.22 1.26 1.25
-12 91.34 4759 392 25.60 0.19 1.26 1.26
12 2.10 0.06 0.03 3943 0.22 0.16 0.22
9 7.15 0.06 0.03 7642 0.25 0.16 0.23
High 6 19.18 0.08 0.03 94.70 0.24 0.16 0.23
Fre. 3 32.13 1.81 1.17 104.01 0.24 0.20 0.24
quency 0 49.02 11.30 1.19 104.86 0.22 0.15 14.08
noise -3 60.51 2198 1.19 105.43 0.22 17.05 31.16
-6 75.40 28.73 2.64 109.67 18.32 25.73 34.14
-9 85.41 4033 3.77 110.61 0.29 19.33 20.29

-12 91.34 47.59 392 115.19 0.26 18.33 16.97
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Figure 7.5: HR rMSE of individual ECG detectors and majority voting fusion with different
combinations of detectors for different levels of ‘ma’ noise in ECG and square wave noise in
ABP

noisy signals as compared to other two combinations, except in linear saturation to ABP mean
noise, in which the performance of epltd/SSF-TKE is better. MVF method has limitation on
high frequency ABP noise at some noise levels. ECG 'ma’ noise along with ABP square
wave noise at different noise levels is plotted against HR rMSE in Figure 7.5. It can be
seen that the combination of gqrs and SSF-TKE have lesser rMSE or more accuracy in HR
estimation as compared to other two combinations. In ECG 'ma’ noise at -12 dB noise level,
"gqrs’ and ’epltd’ has HR rMSE of 91.34 bpm and 47.59 bpm respectively. In the worst
noise combination of ECG 'ma’ noise with ABP square wave noise each of SNR -12 dB,
majority voting fusion (gqrs/epltd) combination has achieved HR rMSE of 1.26 bpm. Thus,
majority voting fusion (gqrs/epltd) combination has increased the accuracy of HR estimation
as compared to that of individual QRS detector in extremely concurrently noisy ECG and ABP
signals and has reduced the HR estimate error by 97.35% with respect to that of ’epltd’. The
MVF method works effectively in HR estimation on different types of noisy signals especially

at higher noise levels as shown in Figure 7.5.

Figure 7.6 shows that majority voting fusion method provides an accurate HR estimation

in noisy ECG with 'ma’ noise and noisy ABP with "high frequency’ noise each of -12 dB of
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Figure 7.6: HR estimation from multimodal physiological signals in record no. 123 synthetic
noise generated in ECG and ABP (a) ECG signal with detected beats (gqrs) (V); (b) ABP
signal with detected beats (*) (pulse adjusted by PTT); (c) Beat detection () by voting fusion
method; (d) HR estimates from ECG (gqrs), ABP, EOG and reference beats; (e) Voting fusion
HR estimate.
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the synthetic noise dataset by fusing them with simultaneously recorded NC signals. There
are large numbers of false beat detection in noisy ECG by ’gqrs’ as seen in Figure 7.6 (a)
resulting in large variation in estimated HR from reference HR as can be seen in Figure 7.6
(d). Similarly, wabp’ detects large number of false positive in noisy ABP [Figure 7.6 (b)]
and HR estimated from ABP is also highly erroneous as shown in Figure 7.6 (d). In such
condition the HR estimation from fusion of noisy cardiovascular signals, with large no. of false
detections, will be inaccurate. The beat detections by SSF-TKE method in EOG signal are
matching with reference beat annotations as can be seen in Figure 6.4 (d) and correspondingly
the HR estimated from EOG is matching with the reference beat HR [Figure 7.6 (d)]. The
final string of fused beats produced by MVF method by fusion of cardiovascular signals with
non-cardiovascular signals are matching with reference beat annotations as seen in Figure 7.6
(c). The HR estimated independently from ECG, ABP and EOG signals along with that from
reference beat annotations are shown in Figure 7.6 (d). The HR obtained from voting fusion
of noisy cardiovascular signals and NC signals is plotted in Figure 7.6 (e) and it is matching
with reference beat HR. This establishes effective participation of NC signals in majority
voting fusion method and contribution of these signals in accurate HR estimation when both
ECG and ABP signals are corrupt concurrently. Hence, inclusion of NC signals in fusion of

multimodal signals for HR estimation enhances robustness of the system.

7.5 Implementation of algorithms on Single board micro-

computer

The proposed algorithms are validated on standard training and test datasets as well as on syn-
thetic noise dataset in previous chapters. With the advancement of mobile technology, portable
medical devices have become integral part of modern healthcare systems. The portable med-
ical device software development is significantly becoming more important due to low power
consumption, increased wireless connectivity, telemedicine, home-care and remote monitor-
ing. These software programs can be accessed on different platforms to connect many different
devices with one another. This facility has made it possible to monitor vital health parameters
of body continuously and obtain the doctor’s advice in advance for treatment.

We have also implemented our algorithms on single board microcomputer to demonstrate
that the algorithms can run on portable devices as well. Different varieties of single board mi-
crocomputers are available based on their architecture, connectivity to hardware, size, mem-
ory, power consumption and cost. Raspberry Pi is a series of small single-board computers

developed in the United Kingdom by the Raspberry Pi foundation and it has numerous advan-
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tages over other processors.

RPi uses software programs that are open source and provides direct accessible processor
pins as GPIOs. It has very less software glitches and therefore very convenient to use. It is low
cost, small in size, portable, consumes less power and uses a SD card for storage, which is fast
and has no moving parts. The advantage of SD card storage is that it can be easy to swap data
quickly with other SD cards running on other GNU/Linux distributions and it easily changes
the functionality of the Pi. The ability to load Linux OS and Windows 10 IoT in RPi has made

it versatile for many applications. It is compatible to use with any monitor and input devices.

The Raspberry Pi has two models; model A and model B. The board of model A has no
Ethernet port and it’s power consumption is low whereas model B has an Ethernet port. It com-
prises of a program memory (RAM), processor and graphics chip, CPU, GPU, Ethernet port,
GPIO pins, Xbee socket, UART, power source connector and various interfaces for other ex-
ternal devices. The Central processing unit processes the instructions of the computer through
logical and mathematical operations and the GPU (Graphics Processing Unit) is designed to
speed up the operation of image calculations. The Ethernet port is used for communicating
with additional devices and the general purpose input & output pins (GPIO) are used to asso-
ciate with the other electronic components. These pins can accept input & output commands
based on programming of raspberry pi. The raspberry pi affords digital GPIO pins. The XBee
socket is used for wireless communication and the power source cable enables an external
power source. The Universal Asynchronous Receiver/ Transmitter (UART) is a serial input &
output port that can be used to transfer the serial data in the form of text and also useful for
converting the debugging code. It supports three different O/Ps for display like HDMI video,
composite video, and DSI video, where the DSI video needs some specific hardware. Rasp-
berry pi contains SD card as a main storage device and it supports max 64 GB SD card.. The
raspberry pi supports Linux, Qtonpi, ARM, Mac operating systems. Disk manager application

can select OS to write it to an SD card.

We have chosen Raspberry Pi 3 with 64 bit CPU, single board microcomputer to imple-
ment our algorithms. Raspberry Pi 3 is the latest type B model in RPi series. It’s Specifications
are: 1.2 GHz, 1 GB RAM, BCM 2837 Quad Core ARMv7 processor.

Implementation details: We have implemented our algorithms in Octave using WFDB
toolbox. Octave is an open source scientific programming language that is very similar to
MATLAB. The WFDB Toolbox for Octave is a collection of functions for reading, writ-
ing, and processing physiologic signals and time series in the formats used by PhysioBank
databases. In order to port our algorithms to Raspberry Pi, we chose Raspbian OS which is
a free operating system based on Debian, optimized for Raspberry Pi hardware and supports

octave packages. However, WFDB toolbox could not be installed on Raspberry Pi as the tool-
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box requires 64 bit OS and there is no free/open-source 64 bit OS that supports it. Therefore,
we converted all the signals in WFDB compatible formats to csv format using wfdb2mat ap-
plication. This allows our software to easily read signals/records by using octave’s native file
readers. It removes the dependency of our software on WFDB toolbox for reading and writing
data. Furthermore, to improve the run time performance, we vectorized octave code and used
C++ implementations for parts of code that could not be vectorized. After installing octave on
Raspbian and making modifications to data I/O part of our code as mentioned above, we were
able to port our software to Raspberry Pi 3 successfully.

Validation of Run time Performance: The run time performance of MVF algorithm on
Raspberry Pi 3 has been analysed using various signals of standard and synthetic noise datasets.
Data acquisition and signal conditioning time is assumed to be zero because the datasets used
in this study are pre-recorded signals.

(1) We have chosen record no. 100 from Physionet/CinC Challenge 2014 that contains 7
simultaneously recorded signals like ECG, ABP, EEG, SpO2 etc. are of 10 minutes duration.
The fusion algorithm was implemented on three signals ECG, ABP, EEG. The signals in record
no.100 were converted to csv format using wfdb2mat application. The converted csv files and
algorithms in octave files were stored in SD card of Raspberry Pi 3. The algorithm achieved
the following performance statistics:

(1) Algorithm run time for computing 693 beat annotations (10 minutes of recorded data)
has been reduced to 4.3248 secs

(i1) Time between beats: 10 x 60 / 693 = 0.865 secs

(111) Average algorithm compute time on Raspberry Pi 3 between beats: 4.3248 / 693 =
0.00624 seconds ~ 6.24 ms.

(iv) Real time constraints for next beat computation < 0.865 sec

Computation time achieved is ~ 138 x faster than required constraints: 0.00624 seconds
vis-a-vis 0.865 seconds

The algorithm computation time is 6.24 ms/beat whereas in real hospital environment,
computation time up to 865 ms/beat is available.

(2) We have also evaluated computation time on a record no. 113 from PhysioNet/CinC
Challenge - 2014 containing seven signals i.e. ECG, ABP, EEG, EOG, EMG etc. The algo-
rithm using five signals of the record in the fusion i.e. ECG, ABP, EEG, EOG and EMG has
achieved the following performance statistics:

(1) Algorithm run time for computing 665 beat annotations (10 minutes of recorded data)
has been reduced to 8.372 secs

(i1) Time between beats: 10 x 60 / 665 = 0.902 secs

(111) Average algorithm compute time on Raspberry Pi 3 between beats: 8.372 / 665 =
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0.01258 seconds ~ 12.6 ms.

(iv) Real time constraints for next beat computation < 0.902 sec

Computation time achieved is ~ 72 x faster than required constraints: 0.01258 seconds
vis-a-vis 0.902 seconds

The algorithm computation time is 12.6 ms/beat whereas in real hospital environment,
computation time up to 902 ms/beat is available.

(3) The run time of the proposed HR estimation algorithm has also been measured on
the synthetic noise dataset using ECG with 'ma’ noise and ABP with ’square wave’ noise
of -12 dB each mixed in clean ECG and ABP signals of record no. 123 of set-p dataset of
Physionet/CinC Challenge - 2014. The record contains seven signals i.e. ECG, ABP, EEG,
EOG, EMG etc.

Total number of beats in the signal is 734 and its duration is 10 minutes.

(a) Run time with algorithm using cardiovascular signals only (ECG and ABP): The run
time of the algorithm using only cardiovascular signals is 2.3015 seconds with following ac-
curacy: Sensitivity 92.10%, Predictivity 79.34%, F1 score 85.25% and HR rMSE 64.21 bpm.

(1) Algorithm run time for computing 734 beat annotations (10 minutes of recorded data)
is 2.3015 seconds.

(i1) Time between beats: 10 x 60 / 734 = 0.817 seconds

(iii) Average algorithm computation time on Raspberry Pi 3 between beats: 2.3015 / 734
=0.00314 seconds ~ 3.14 ms.

(iv) Real time constraints for next beat computation < 0.817 seconds

Computation time achieved is ~ 260 times faster than required constraints i.e. 0.00314
seconds vis-a-vis 0.817 seconds

The algorithm computation time is 3.14 ms/beat whereas in real hospital environment,
computation time up to 817 ms/beat is available.

(b) Run time with algorithm using cardiovascular signals along with EEG, EOG and EMG
(5 signals): The run time of the algorithm using cardiovascular signals and non-cardiovascular
signals is 7.97 seconds with following accuracy: Sensitivity 99.73%, Predictivity 99.73%, F1
score 99.73% and HR rMSE 0.19 bpm.

(1) Algorithm run time for computing 734 beat annotations (10 minutes of recorded data)
is 7.97 seconds.

(i1) Time between beats: 10 x 60 / 734 = 0.817 seconds

(ii1) Average algorithm computation time on Raspberry Pi 3 between beats: 7.97 / 734 =
0.01085 seconds ~ 10.85 ms.

(iv) Real time constraints for next beat computation < 0.817 seconds

Computation time achieved is ~ 75 times faster than required constraints i.e. 0.01085
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seconds vis-a-vis 0.817 seconds

The algorithm computation time is 10.85 ms/beat whereas in real hospital environment,
computation time up to 817 ms/beat is available.

The MVF algorithm using calibrated noisy cardiovascular signals (ECG and ABP) in the
fusion process takes computation time of 3.14 ms between i.e. 260 times faster than the real
time beat interval (817 ms) but the accuracy of beat detection (F1 score 85.25%) and HR esti-
mation (64.21 bpm) are very low. Whereas the fusion of five signals i.e. noisy cardiovascular
along with non-cardiovascular signals significantly increased the accuracy of beat detection
(F1 score 99.73%) as well as of HR estimation (0.19 bpm) and the computation time of the
algorithm (10.85 ms) is still 75 times faster than the real time constraints.

The results show that as more signals are added (fused together), the rMSE decreases,
but the computation time increases. This validates an intuitive notion that computation time
is a cost function for increased accuracy, better predictability and sensitivity. The run time

analyses on Raspberry Pi show that our algorithms can run on portable devices in real time.

7.6 Computational Complexity

We have performed asymptotic runtime complexity analysis of our algorithm. The algorithm
was divided into different stages to calculate time complexity of each stage separately. The
analyses of computational complexity of different stages are briefly discussed.

(A) Beat Detector: Three QRS detectors and one ABP pulse detector have been used in
our algorithm. Let us suppose that there are total 'N’ number of samples in the signal.

(a) "gqrs’: ’gqrs’ applies low pass filter on every sample of the signal and tries to find
peaks in it. The computational complexity of gqrs therefore becomes proportional to N i.e.
O(N).

(b) ’epltd’: "epltd’ also checks each sample of the ECG signal, to find the R peaks. Thus,
the asymtotic runtime complexity of “epltd’ is proportional to N i.e. O(N)

(c) SSF-TKE: SSF-TKE method first applies low pass filter on the entire signal. It then
calculates slope sum and Teager Kaiser Energy for every sample in the signal. The computa-
tional complexity of SSF-TKE is also proportional to the number of samples in the signal i.e.
ON)

(d) "wabp’: ’wabp’ algorithm applies low pass filter on the signal and calculates slope
sum function for every sample of the signal. The asymptotic complexity of *wabp’ is also
proportional to the number of samples in signal i.e. O(N).

(B) SQI Calculation: The proposed beat SQI has been used in the algorithm for beat

signal quality assessment of NC signals and beats derived from ABP, whereas combination of
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beat SQI and KSQI have been used for ECG signal quality assessment. The computational

complexity of two SQI assessment methods are:

(a) Beat SQI: The proposed beat SQI considers beat locations and their regularity to de-
termine signal quality. Suppose 'K’ is the number of detected beats in the signal. Beat SQI
algorithm process every detected beat to compute the quality of the signal, hence the asymp-

totic time complexity is proportional to 'K’ i.e. O(K).

(b) K-SQI (Kurtosis SQI): Kurtosis SQI is calculated using a 10s window around every
beat location (5s on either side) and Kurtosis is calculated in that window. Thus, the asymp-
totic complexity of the algorithm is O(K*S); where K’ represents the number of detected

beats and ’S’ denotes the number of samples in 10s.
(C) Voting Fusion: Voting Fusion involves three main substeps:

(a) Generate Reference Signal: For generating reference signal, windows of duration 5s
are created with 2s overlap for the entire signal. The reference beats in each window are
selected from all available signals in the record. Let us suppose there are 'L" numbers of 5s
windows with 2s overlap in the entire signal, and M as the number of beats in each window.
Since the mean of beat SQIs are calculated, the complexity for each window is O(M). There
are "L’ such windows, so the total complexity of this step is O(L*M).

(b) Match beats of other signals with reference signal beat: For identifying beats of other
signals that match reference signal beat, the beats in other signals are sorted within 150 ms of
the reference beat and the closest beats are selected. If the number of beats in the reference

signal is 'R’ then the computational complexity of this step would be O(R*log R).

(c) Generate final votes: In the final voting step, we iterate through the final reference
beats set and their matches. Let the number of reference beats is 'R’, then this step would take
complexity of O(R).

Overall the asymptotic complexity of voting fusion is summation O(L*M) + O(R*log R)
+ O(R). Since 'R’ (number of reference beats) < R*log R << L*M (number of beats in a 5s
window * number of windows), we can approximate the computational complexity of voting
fusion step to be O(L*M).

The asymptotic complexity of our entire pipeline would be the sum of complexities of
all the stages: O(Beat detector) + O(SQI calculator) + O(Voting fusion) = O(N) + O(K) +
O(L*M). Since, K (number of beats) < L*M (number of beats in a 5s window * number of
windows) << N(number of samples in signal), therefore the asymptotic complexity of our

algorithm is O(N), where N’ is the number of samples in the signal.
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7.7 Discussion

The proposed MVF algorithm has achieved accurate heart rate estimation for all types of com-
bination of noisy signals and in worst case also where both cardiovascular signals are simul-
taneously extremely noisy. To achieve accurate heart rate estimation, the threshold (scaling
factor ’C’) in MVF algorithm has been set to keep the false beat detection (FP) very low. The
method has achieved higher gross positive predictivity on PhysioNet/CinC Challenge 2014
public training dataset (except that of Pangerc et al.) and on MIT-BIH polysomnographic
database as compared to that of other studies. The higher positive predictivity with nearly
same sensitivity as compared to that of single detector *gqrs’ has substantially improved ac-
curacy of HR estimation and has reduced HR rMSE. In the proposed algorithm, we have
adopted window wise approach for selection of reference signal for beat fusion. Window wise
approach yields accurate and reliable HR estimation as it allows for dynamic switching of the
reference signal based on relative quality of the signals. Beat SQI has enhanced participation
of NC signals in the voting fusion process, which is evident from the fact that the beat SQI
based voting fusion of multimodal signals has achieved excellent results in HR estimation as
compared to that of single ECG detector (gqrs) and also when both ECG and ABP signals
in PhysioNet/CinC Challenge 2014 public training dataset and MIT-BIH polysomnographic
database are noisy. The method is also able to accurately estimate HR in signals with brady-
cardia and tachycardia.

To the best of our knowledge, none of the previous studies have reported HR estimation
from fusion of cardiovascular and NC signals. Q. Li et al. have obtained robust HR estima-
tion with average rMSE of 1.0 £ 0.8 bpm from fusion of cardiovascular signals (ECG and
ABP signals) of MIMIC II database using Kalman filter and signal quality analysis, with the
assumption that both ECG and ABP signals are not corrupt simultaneously. However, there
is no such constraint in the proposed voting fusion method and it has provided accurate HR
estimate from fusion of multimodal physiological signals with average rMSE of 0.84 bpm and
1.80 bpm in PhysioNet/CinC Challenge 2014 training dataset respectively for worst case i.e.
when both the cardiovascular signals are simultaneously noisy. The rMSE of HR estimates ob-
tained from majority voting fusion of multimodal physiological signals are within acceptable
clinical limits of + 5 bpm [3].

We have evaluated HR estimation performance of majority voting fusion method on syn-
thetic noisy cardiovascular signals to assess the contribution of NC signals in voting fusion
for robust HR estimation when both the cardiovascular signals are concurrently noisy. All the
three combinations of voting fusion method have demonstrated robust and accurate HR esti-
mation in ECG ‘bw’,‘em’ and ‘ma’ noises with different combinations of six types of ABP

noise, except for epltd/SSF-TKE and gqrs/epltd combinations on higher levels of brown noise
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(Tables 7.6, 7.7 and 7.8). It has also been observed that for low noise levels (high SNR level
i.e. 6 dB, 9 dB and 12 dB) the performance of voting fusion is not better than that of single
detectors. However, for noisy signals, all the three combinations have substantially improved
accuracy of HR estimation over single detectors. It is evident from the experimental analysis
that when both the cardiovascular signals are extremely noisy, NC signals have participated in
fusion process and contributed to achieve robust and accurate heart rate within clinical accept-

able limits.

We have observed that HR estimation results from fusion of multimodal signals are usually
better than those of individual signals; this difference of HR estimation is more pronounced
when both cardiovascular signals are noisy. Many studies in past have fused only cardiovas-
cular signals i.e. ECG and ABP and obtained very good results. However, the main advantage
of using additional three non-cardiovascular signals in our algorithm is that it has increased
robustness of the system. This is because our algorithm uses five multimodal signals in fusion
and sources of noise affecting these signals are different, hence the likelihood of simultaneous
corruption of all the five signals is very low. The data fusion of ECG and ABP signals with
NC signals, containing significant quantum of ECG artifacts, can therefore provide a much
improved estimation of HR especially, when ECG and ABP are simultaneously corrupted by

severe noise and artifacts.

The MVF algorithms are implemented on various signals and their computation time was
estimated by single board microcomputer. The run time of proposed algorithm using cali-
brated noisy cardiovascular signals (ECG and ABP) in the fusion process takes computation
time of 3.14 ms which is very low as compared to real time constraints but the accuracy of
beat detection (F1 score 85.25%) and HR estimation (64.21 bpm) are very low. The fusion
of five signals have significantly increased the accuracy of beat detection (F1 score 99.73%)
and HR estimation (0.19 bpm) but the computation time of the algorithm have comparatively
increased to 10.85 ms from 3.14 ms. It is still much faster than the real time constraints. The
results show that as more signals are fused together the HR, rMSE decreases, but the com-
putation time increases. This validates that computation time is a cost function for increased
accuracy of HR estimation better sensitivity and predictability of beat detection. The run time

analyses on raspberry pi show that our algorithms can run on portable devices in real time.

The asymptotic complexity of our algorithm would be the sum of complexities of all the
stages: O(Beat detector) + O(SQI calculator) + O(Voting fusion) = O(N) + O(K) + O(L*M).
Since, K (number of beats) < L*M (number of beats in a 5s window * number of windows)
<< N(number of samples in signal), therefore the asymptotic complexity of our algorithm is

O(N), where "N’ is the number of samples in the signal.
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7.8 Conclusion

The majority voting fusion method has substantially improved accuracy of HR estimates from
single well known QRS detectors even at higher noise levels in concurrently noisy ECG and
ABP signals. The validation of the algorithm on synthetic noise dataset has demonstrated
that fusion of NC signals with cardiovascular signals by majority voting fusion method has
substantially reduced the HR rMSE even when both ECG and ABP signals are noisy simulta-
neously. All the three combinations (gqrs/SSF-TKE, epltd/SSF-TKE and gqrs/epltd) of voting
fusion have performed consistently well for all types of ECG and ABP noise for high noise
levels (-6 dB to -12 dB). The main advantage of using cardiovascular signals along with addi-
tional three non-cardiovascular signals in our algorithm is that it has increased robustness of
the system. The rMSE of HR estimates obtained from majority voting fusion of multimodal
physiological signals are within acceptable clinical limits of + 5 bpm. The algorithms are
implemented successfully on Raspberry Pi and computation time of proposed algorithm was
much faster than real time constraints. These algorithms can be implemented on portable de-
vice. The computational complexity of algorithms is simple i.e O(N), where N’ is the number

of samples in the signal.



Chapter 8
Conclusions and Future scope

Many studies have been carried out in the past for heart rate estimation from fusion of car-
diovascular signals using different signal processing techniques. Most of these studies have
used ECG and ABP signals with the assumption that both the signals are not noisy concur-
rently. It has been observed that sometimes both ECG and ABP signals are simultaneously
noisy and HR estimation from such signals will be erroneous. Some of the studies have used
non-cardiovascular signals along with cardiovascular signals for robust heart beat detection,
but they have not extended their studies to heart rate estimation. This thesis has endeavored
to develop signal processing methods for robust heart rate estimation from fusion of cardio-
vascular signals with non-cardiovascular signals even when cardiovascular signals are noisy
simultaneously or missing.

We have developed a novel SSF-TKE method for ECG artifacts detection in non-cardiovascular
signals and extended the method for heart beat detection in ECG signal. The proposed method
does not require any additional ECG channel as well as any a priori input for R-peak artifacts
detection in NC signals. We have next proposed a new statistical and rhythm based beat SQI
method for assessment of signal quality which works on single channel. The beat SQI has
enabled effective participation of NC signals in majority voting fusion by assigning proper
weights to signal beats depending upon their quality. Fusion of quality signals is the next
important step in heart rate estimation. A beat SQI based majority voting fusion method has
been developed in this study for robust heart rate estimation from multimodal physiological
signals.

Our algorithms have been found to work extremely well on noisy signals. We have evalu-
ated the algorithms on many standard databases and also validated them on a synthetic noise
dataset in which we have added various levels of different types of noises in clean ECG and
ABP signal of record no. 123 from PhysioNet/CinC Challenge 2014 training dataset. It has
been observed that when both ECG and ABP signals are extremely noisy concurrently, NC
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signals effectively participates in fusion process and provide accurate HR estimates. Finally,
the proposed algorithms have been implemented on Raspberry Pi 3 to determine computation
time. Our algorithm is about 72 to 138 times faster than the required constraints (depending
upon the no. of signals in the record) for real time applications. This makes our algorithm
suitable for implementation in any real time device. Computationally also, the proposed algo-
rithm is simple with asymptotic complexity of O(N), where N’ is the number of samples in
the signal.

Some of the major contributions of thesis are summarized below:

* SSF-TKE method works exceedingly well in ECG artifact detection in NC signals. The
method has yielded very high sensitivity and predictivity in NC signals containing good
quantum of ECG artifacts.

* The R-peak detection performance of proposed SSF-TKE algorithm in ECG has been
excellent across a large number of standard databases with wide variety of signal mor-
phologies. It is also highly resistant against for all types of ECG noises and performed
quite well in signals with pacemaker beats. The performance of our algorithm on noisy
signals is better than that of *gqrs’ and epltd’.

* A novel statistical and rhythm based beat SQI algorithm has been proposed that works
on a single QRS detector. The performance of beat SQI in the classification of signal
quality has been found to be better than that of bSQI, which is a standard metric for
signal quality assessment. The method works satisfactorily on bradycardia, tachycardia
and signals with different types of arrhythmias. The algorithm can be implemented on

real time data.

* The robust heart beat detection performance of proposed beat SQI based majority voting
fusion method has been found excellent in standard databases and it has outperformed
other methods in MGH/MF waveform database and MIT-BIH noise stress database.
Its performance is comparable to other studies on other databases as well. The fusion
method has improved the overall score in beat detection over well known single QRS
detectors on standard databases, PhysioNet/CinC Challenge 2014 test dataset and also
on concurrently noisy ECG and ABP signals of synthetic noise dataset. The majority
voting fusion method with epltd/SSF-TKE combination has achieved score of 91.76%
on PhysioNet/CinC Challenge 2014 hidden test dataset and it currently ranks 5th in the
results from the 2014 challenge.

* The beat SQI based majority voting fusion method has yielded robust heart rate esti-

mation even in records with concurrent noisy ECG and ABP signals of long duration
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standard databases and on synthetic noise dataset containing concurrently extremely

noisy cardiovascular signals.

* The run time performance of algorithms on Raspberry Pi 3 have been analysed and

observed that it can be implemented in real time.

* The proposed algorithm is computationally simple with asymptotic complexity of O(N),
where "N’ is the number of samples in the signal.

8.1 Suggestions for future work

Although we have proposed many new signal processing algorithms for heart rate estimation
in the present work, but one may consider the following future directions for further improve-

ments:

* We have used SSF-TKE method for ECG artifacts detection in NC signals. The detected
artifacts can be removed by developing new techniques to get clean NC signals for

improved clinical uses.

* In SSF-TKE method, we have considered morphological features of only QRS complex
and its periodicity for R-peak detection in ECG. Performance of the proposed method
can be enhanced further, especially in ECGs with arrhythmias, by incorporating other

morphological features of ECG waveform.

* The present SSF-TKE method is limited to R-peak detection; it can be further extended
for ECG beat classification.

* In our study, we have used only two cardiovascular signals (ECG and ABP) in majority
voting fusion for beat detection and heart rate estimation. The method can be further
extended to include other simultaneously recorded pulsatile cardiovascular signals i.e.
PPG, stroke volume (SV) etc.

* Machine learning techniques can also be explored out for fusion of multimodal physio-
logical signals.
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Appendix A

Detailed results of ECG artifacts
detection, R-peak detection and majority

voting fusion

Table A.1: R-peak artifacts detection performance of SSF-
TKE method on EEG, EOG and EMG signals of Phys-
10Net/CinC Challenge 2014 training dataset

y

Signal Total EEG EOG EMG

No. No. of Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
beats (%) (%) (%) (%) (%) (%)

100 693 39.54 37.90

101 797 67.38 75.00

102 685 98.25 98.83

103 707 67.47 67.66 96.75 97.02 49.79 49.37

104 720 52.64 54.53

105 724 55.11 55.80

106 888 79.62 85.70 86.04 93.17 47.64 59.08

107 757 53.63 58.25

108 907 88.75 92.74 74.42 81.13 47.08 57.62

109 655 39.08 36.06

110 735 53.61 54.95

111 690 82.90 79.33 96.67 95.83 88.26 86.75
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112 707 41.87 42.65 90.66 90.66 59.26 57.63
113 665 56.69 54.64 83.61 80.81 56.24 50.54
114 631 100.00 99.68
115 648 70.52 65.57
116 169 48.52 61.65
117 868 60.14 69.32 86.52 92.03 51.38 59.31
118 551 66.24 53.76 75.86 66.35 68.6 56.67
119 741 97.57 97.97 99.87 99.73 97.98 97.98
120 722 50.97 52.12
121 883 83.81 88.94 57.64 69.54 45.3 55.17
122 631 92.71 93.30
123 734 99.46 98.38 99.59 98.65 99.05 98.78
124 787 79.92 87.60 91.11 93.12 73.57 78.14
125 721 44.24 44.99
126 635 68.50 63.04 81.57 78.13 69.61 67.79
127 738 49.73 51.62
128 800 39.88 45.64
129 685 84.82 84.20
130 838 92.00 94.83
131 693 56.71 56.38
132 869 78.25 86.96 94.59 96.37 52.01 61.58
133 792 34.85 40.59
134 757 68.69 74.29
135 661 50.98 48.07
136 695 94.10 96.04
137 728 37.23 38.28
138 740 74.32 76.50 97.7 98.1 93.92 95.73
139 601 67.05 60.97
140 715 37.90 39.68
141 702 93.30 92.78
142 600 66.50 57.74
143 920 76.85 83.38 73.37 81.33 42.61 52.83
144 527 61.29 69.46 99.24 99.43 71.54 75.1
145 708 86.30 88.94 63.7 65.65 50.14 47.59
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146 794 74.94 81.96 93.07 94.99 82.49 84.63
147 872 98.05 99.07

148 728 39.01 40.40

149 727 97.39 97.93 84.59 85.42 74.69 73.98
150 811 42.05 47.76

151 806 92.93 95.54

152 595 42.86 35.61

153 566 67.84 57.57 74.38 63.69 75.44 68.1

154 920 85.00 92.11

155 745 75.57 80.20 95.03 97.12 81.48 84.42
156 882 35.94 47.46

157 717 40.73 43.20

158 838 64.68 71.88

159 710 89.44 87.95

160 659 49.32 45.26

161 670 72.24 67.41 86.57 82.5 96.87 95.3

162 690 64.78 64.22 81.16 82.23 48.55 46.02
163 884 89.37 93.71 61.2 72.04 46.95 53.97
164 872 87.61 92.83 79.24 84.06 50.11 57.12
165 646 41.33 37.77

166 684 43.71 43.08

167 736 13.18 42.73

168 860 37.21 44 .82

169 785 48.15 52.87

170 738 74.66 76.74

171 665 40.60 38.24

172 880 71.59 80.77

173 728 59.07 59.89

174 805 60.37 66.03

175 723 63.35 62.48 95.99 95.99 73.58 72.98
176 688 55.23 54.60 77.03 76.7 41.72 38.89
177 689 51.67 50.14 87.23 85.37 55.88 52.96
178 774 78.94 81.47 98.84 99.09 97.55 98.05
179 861 57.14 68.81 87.46 91.83 57.03 67.26




156 Detailed results of ECG artifacts detection, R-peak detection and majority voting fusion

180 884 83.03 91.18

181 655 44.89 39.89 82.6 78.98 41.53 37.47
182 791 92.54 94.09 54.87 59.21 76.99 78.89
183 697 63.41 61.30 99.71 99.14 82.07 78.46
184 602 63.12 56.97 73.42 66.27 40.37 33.33
185 729 44.86 4431

186 726 61.57 61.83

187 592 40.03 33.15 54.9 46.63 43.92 35.09
188 841 62.31 69.96

189 721 38.83 39.44 89.04 91.32 52.98 51.48
190 698 39.83 37.37 89.4 88.76 49.71 46.45
191 460 44.78 46.82

192 721 49.51 50.00

193 597 97.99 96.69

194 841 35.20 44.78

195 717 40.45 41.19

196 527 62.24 69.49

197 681 97.21 95.94 56.83 54.35 442 41.12
198 699 43.78 41.46 91.27 92.2 45.35 40.43
199 666 96.47 96.34

1020 600 47.50 40.25

1023 635 68.50 63.04 81.57 78.13 69.61 67.79
1032 799 44.31 52.52

1069 738 64.09 66.90

1073 602 63.12 56.97 73.42 66.27 40.37 33.33
1503 751 57.66 63.40 87.35 89.86 60.85 62.43
2283 784 39.29 45.43

2527 701 38.37 42.23 56.49 56.9 53.35 51.44
2800 752 41.22 45.59

3188 822 39.17 49.77

Total 79597

Average 62.74 64.52 82.76 83.09 62.45 62.71
Gross 63.17 65.25 82.73 83.40 62.15 62.54
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y

Gross F1
Score (%) 64.19 83.06 62.34
Overall
Score (%) 63.92 83.00 62.46
Table A.2: R-peak artifacts detection performance of SSF-
TKE method on EEG, EOG and EMG signals of MIT-BIH
Polysomnographic database
Signal Total EEG EOG EMG
No. number | Sensitivity| Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
of beats (%) (%) (%) (%) (%) (%)
slpOla 7806 98.73 98.72
slp 01b 11467 95.26 94.72
slp 02a 16145 89.03 94.24
slp02b 11317 81.86 89.08
slp 03 24917 4242 41.98
slp 04 27029 52.07 54.86
slp 14 22920 49.92 45.85
slp 16 27604 39.74 44.23
slp 32 21718 41.08 40.37 79.14 77.82 51.72 47.55
slp 37 30611 74.76 84.19 71.46 80.67 49.82 58.17
slp 41 25884 67.12 64.20 82.10 80.52 70.41 67.40
slp 45 27686 82.36 83.92 94.21 94.92 87.43 87.76
slp 48 24711 59.69 55.70 78.56 74.38 48.48 43.30
slp 59 16901 39.53 39.68
slp 60 25017 45.51 63.28
slp 61 25482 54.69 54.13
slp 66 15775 72.29 73.77
slp 67x 5374 82.88 84.13
Total 368364
Average 64.94 67.06 81.10 81.66 61.57 60.83
Gross 60.79 62.74 81.01 81.91 61.94 61.22
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Gross F1
ross 61.75 81.46 61.58
Score (%)
Overall
vera 63.88 81.42 61.39
Score (%)

Table A.3: R-peak detection performance of SSF-TKE
method on ECG signal of PhysioNet/CinC Challenge 2014
training dataset

Signal Total Sensitivity | Predictivity F1 score
No. number (%) (%)
of beats

100 693 100 100 100.00
101 797 99.12 100 99.56
102 685 100 100 100.00
103 707 100 100 100.00
104 720 100 100 100.00
105 724 100 100 100.00
106 888 100 100 100.00
107 757 100 100 100.00
108 907 100 100 100.00
109 655 100 100 100.00
110 735 100 100 100.00
111 690 100 100 100.00
112 707 99.72 99.72 99.72
113 665 100 99.85 99.92
114 631 100 100 100.00
115 648 100 100 100.00
116 169 100 100 100.00
117 868 100 100 100.00
118 551 100 99.46 99.73
119 741 100 100 100.00
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120 722 100 100 100.00
121 883 100 100 100.00
122 631 100 100 100.00
123 734 100 100 100.00
124 787 99.87 99.87 99.87
125 721 100 100 100.00
126 635 100 100 100.00
127 738 99.59 99.73 99.66
128 800 100 100 100.00
129 685 100 100 100.00
130 838 99.76 99.76 99.76
131 693 99.86 99.86 99.86
132 869 100 100 100.00
133 792 98.23 98.86 98.54
134 757 100 100 100.00
135 661 100 100 100.00
136 695 100 100 100.00
137 728 100 100 100.00
138 740 100 100 100.00
139 601 100 100 100.00
140 715 100 100 100.00
141 702 100 100 100.00
142 600 100 100 100.00
143 920 100 100 100.00
144 527 100 100 100.00
145 708 100 99.86 99.93
146 794 99.24 99.49 99.36
147 872 100 100 100.00
148 728 100 100 100.00
149 727 100 100 100.00
150 811 100 100 100.00
151 806 100 99.88 99.94
152 595 100 100 100.00
153 566 100 99.82 99.91
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154 920 99.13 100 99.56
155 745 100 100 100.00
156 882 100 100 100.00
157 717 100 100 100.00
158 838 100 100 100.00
159 710 100 100 100.00
160 659 99.7 99.85 99.77
161 670 100 100 100.00
162 690 100 100 100.00
163 884 100 100 100.00
164 872 100 100 100.00
165 646 100 100 100.00
166 684 100 100 100.00
167 736 100 100 100.00
168 860 100 100 100.00
169 785 100 100 100.00
170 738 100 100 100.00
171 665 100 100 100.00
172 880 98.86 99.54 99.20
173 728 100 100 100.00
174 805 100 100 100.00
175 723 100 100 100.00
176 688 100 100 100.00
177 689 100 100 100.00
178 774 100 100 100.00
179 861 100 99.88 99.94
180 884 99.89 100 99.94
181 655 100 100 100.00
182 791 100 100 100.00
183 697 100 100 100.00
184 602 100 100 100.00
185 729 100 100 100.00
186 726 100 100 100.00
187 592 100 100 100.00
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188 841 98.22 98.69 98.45
189 721 99.45 99.58 99.51
190 698 100 100 100.00
191 460 100 99.78 99.89
192 721 100 100 100.00
193 597 100 100 100.00
194 841 100 100 100.00
195 717 100 100 100.00
196 527 100 100 100.00
197 681 100 100 100.00
198 699 100 100 100.00
199 666 100 100 100.00
1003 957 100 100 100.00
1009 1330 54.29 98.9 70.10
1016 806 100 100 100.00
1019 254 98.03 83.28 90.06
1020 600 100 99.67 99.83
1022 873 99.77 100 99.88
1023 635 100 100 100.00
1028 572 66.96 59.47 62.99
1032 799 95.62 96.95 96.28
1033 744 98.92 98.92 98.92
1036 1139 64.79 100 78.63
1043 857 100 100 100.00
1069 738 100 100 100.00
1071 604 99.17 99.5 99.33
1073 602 100 100 100.00
1077 997 99.3 100 99.65
1169 1013 78.38 88.42 83.10
1195 819 2.56 2.56 2.56

1242 844 7.46 8.55 7.97

1284 649 96.3 96.3 96.30
1354 894 37.7 50.15 43.04
1376 1580 51.39 98.19 67.47
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1388 1002 98.7 100 99.35
1447 583 78.56 64.69 70.95
1456 967 98.55 99.79 99.17
1485 942 88 98.93 93.15
1503 751 100 100 100.00
1522 746 68.5 69.34 68.92
1565 715 99.58 99.44 99.51
1584 1208 54.55 99.85 70.55
1683 653 64.62 76.59 70.10
1686 786 83.21 82.26 82.73
1715 1130 63.36 93.47 75.52
1742 1000 99.9 100 99.95
1774 1139 55.66 97.84 70.95
1804 520 69.62 57.92 63.23
1807 766 83.42 87.41 85.37
1821 1111 79.66 98.99 88.28
1858 783 21.07 22.98 21.98
1866 764 97.64 99.73 98.67
1900 986 97.06 99.69 98.36
1906 643 83.36 81.21 82.27
1954 748 100 99.87 99.93
1993 724 99.72 99.59 99.65
1998 1222 53.6 99.7 69.72
2041 16 100 72.73 84.21
2063 639 88.42 87.06 87.73
2132 864 81.13 97.71 88.68
2164 1068 88.48 94.88 91.57
2174 883 93.2 99.04 96.03
2201 1130 60 95.22 73.61
2203 682 80.94 78.97 79.94
2209 677 99.85 99.56 99.70
2247 914 86.87 98.51 92.32
2277 942 63.91 73.5 68.37
2279 147 51.02 74.26 60.48
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2283 784 60.2 63.27 61.70
2296 732 100 100 100.00
2327 546 92.12 86.13 89.02
2370 449 71.49 55.63 62.57
2384 1636 52.87 100 69.17
2397 940 98.94 99.36 99.15
2469 962 99.38 99.58 99.48
2527 701 99.43 99.57 99.50
2552 1004 98.71 99.7 99.20
2556 990 98.99 100 99.49
2602 573 82.9 76.37 79.50
2639 963 99.38 99.58 99.48
2664 1126 58.44 86.13 69.63
2714 864 88.77 98.21 93.25
2728 104 100 89.66 94.55
2732 1010 94.55 97.75 96.12
2733 522 75.1 69.5 72.19
2798 833 100 99.4 99.70
2800 752 80.32 85.55 82.85
2812 980 83.78 88.28 85.97
2839 1611 50.71 99.51 67.18
2850 561 82 72.56 76.99
2879 620 95.81 92.81 94.29
2885 930 87.85 98.67 92.95
2886 149 100 100 100.00
2907 722 91.69 89.1 90.38
2923 1084 91.42 100 95.52
2970 940 91.38 99.65 95.34
3188 822 100 99.76 99.88
3266 982 82.38 99.14 89.99
41024 86 100 100 100.00
41025 622 99.04 99.04 99.04
41081 729 51.85 96.92 67.56
41164 631 95.09 98.68 96.85
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41173 982 97.45 97.95 97.70
41180 680 86.76 86.76 86.76
41566 168 95.24 81.63 87.91
41778 87 77.01 72.83 74.86
41951 254 59.06 98.68 73.89
42228 866 92.84 97.57 95.15
42511 173 37.57 48.51 42.34
42878%* 929
42961 614 49.67 99.67 66.30
43247 748 51.47 99.48 67.84
Total 151031
Average 90.83 94.46 92.65
Gross 89.62 95.21
Gross F1 92.33
Score
(%)
Overall 92.53
Score
(%)

* Record no. 42878 of PhysioNet/CinC Challenge 2014 training dataset does not have
ECG signal, hence total no. of ECG beats in the dataset is 150102

Table A.4: R-peak detection performance of gqrs, SSF-TKE
method and epltd on ECG signals of MIT-BIH Polysomno-
graphic database

y

Signal Total gqrs SSF-TKE epltd
No. number | Sensitivity| Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
of beats (%) (%) (%) (%) (%) (%)

slp Ola 7806 99.96 99.94 100 99.99 99.99 99.96
slp O1b 11467 99.95 99.91 99.97 99.97 99.97 99.83

slp 02a 16145 99.8 99.46 99.54 99.90 99.86 99.50
slp02b 11317 99.78 99.01 99.43 99.67 99.85 99.04
slp 03 24917 99.97 96.15 99.97 97.83 99.99 95.80
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slp 04 27029 99.96 99.18 99.72 99.84 99.93 99.44

slp 14 22920 99.91 99.73 99.75 99.79 99.94 99.42

slp 16 27604 99.89 98.71 99.64 99.87 99.91 99.17

slp 32 21718 99.94 99.11 99.88 99.91 99.96 99.25

slp 37 30611 99.92 99.93 100 100 99.98 99.90
slp 41 25884 99.95 99.84 99.93 99.85 99.99 99.86

slp 45 27686 99.96 99.6 99.94 99.96 99.97 99.66

slp 48 24711 99.96 99.73 99.99 99.98 99.99 99.79

slp 59 16901 100 99.99 99.99 99.99 99.99 100.00
slp 60 25017 100 99.98 99.97 98.88 100.00 94.51

slp 61 25482 99.96 99.97 99.75 99.80 100.00 99.96

slp 66 15775 100 100 99.96 99.99 99.99 100.00
slp 67x 5374 100 99.98 100 100 99.98 100.00
Total 368364

Average 99.94 99.46 99.86 99.74 99.96 99.17

Gross 99.94 99.38 99.86 99.69 99.96 99.02

Gross F1

Score (%) 99.66 99.77 99.49

Overall

Score (%) 99.68 99.79 99.53

Table A.5: R-peak detection performance of gqrs and SSF-
TKE method ECG signals of MIT-BIH Arrhythmia database

Signal Total gqrs SSF-TKE method
No. number | Sensitivity| Predictivity| Sensitivity| Predictivity
of beats (%) (%) (%) (%)
100 2273 99.87 100.00 100.00 100.00
101 1865 99.87 100.00 100.00 99.95
102 2187 100.00 100.00 100.00 100.00
103 2084 98.13 90.48 99.95 100.00
104 2229 98.61 97.69 99.78 99.73
105 2572 95.72 94.19 99.92 99.77
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106 2027 98.13 92.51 95.12 96.79
107 2137 97.94 99.90 99.86 99.81
108 1763 99.32 92.79 96.94 94.00
109 2532 99.37 99.92 99.64 99.76
111 2124 99.86 99.86 99.76 99.44
112 2539 99.53 99.92 100.00 100.00
113 1795 99.94 100.00 100.00 100.00
114 1879 100.00 100.00 99.79 98.63
115 1953 99.69 99.44 100.00 100.00
116 2412 99.75 100.00 99.92 99.96
117 1535 100.00 100.00 100.00 100.00
118 2278 100.00 100.00 100.00 99.65
119 1987 100.00 99.85 99.95 99.80
121 1863 99.95 99.89 100.00 99.95
122 2476 99.84 100.00 100.00 100.00
123 1518 99.93 100.00 99.60 97.67
124 1619 99.88 100.00 100.00 99.39
200 2601 52.15 90.76 99.23 99.69
201 1963 97.66 100.00 94.80 93.75
202 2136 99.72 100.00 92.93 99.20
203 2980 99.09 94.50 79.90 98.55
205 2656 98.83 99.81 99.17 100.00
207 1860 99.57 99.89 96.94 97.99
208 2955 82.33 91.19 88.16 99.69
209 3005 97.90 96.36 94.74 100.00
210 2650 98.34 99.24 97.25 99.61
212 2748 98.22 98.76 100.00 99.96
213 3251 100.00 100.00 91.88 99.97
214 2262 99.51 99.65 99.51 99.47
215 3363 99.46 99.97 73.60 100.00
217 2208 98.19 99.86 98.28 98.73
219 2154 99.95 99.86 98.56 94.86
220 2048 99.95 100.00 99.12 100.00
221 2427 99.09 98.40 99.01 99.22
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222 2483 99.80 100.00 89.29 99.91
223 2605 99.16 99.96 99.88 99.88
228 2053 99.95 99.56 99.51 99.03
230 2256 100.00 99.96 100.00 100.00
231 1571 99.94 99.94 90.58 84.05
232 1780 100.00 97.37 98.99 77.66
233 3079 99.45 99.84 91.39 99.93
234 2753 99.96 100.00 99.64 100.00
Total 109494
Average 97.99 98.57 97.14 98.45
Gross 97.71 98.55 96.63 98.59
Gross F1
Score (%) 98.12 97.60
Overall
Score (%) 98.20 97.70
Table A.6: R-peak detection performance of SSF-TKE
method and epltd algorithm on ECG signals of MGH/MF
Waveform database
Signal Total SSF-TKE method epltd
No. number | Sensitivity| Predictivity Sensitivity| Predictivity
of beats (%) (%) (%) (%)
1 2628 76.45 65.35 94.06 94.32
2 6652 95.60 99.22 99.20 99.80
3 7042 53.49 99.63 99.33 99.93
4 3317 98.34 94.94 98.46 96.37
5 8284 99.13 99.87 99.18 99.94
6 7600 99.14 99.42 95.76 85.02
7 5598 98.48 99.89 98.95 99.78
8 5006 98.62 99.82 96.38 91.24
9 9374 73.85 99.58 99.15 99.03
10 9511 76.86 99.93 98.93 99.37
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11 6663 97.76 98.49 97.01 99.69
12 6326 83.70 99.25 87.46 91.32
13 6663 99.62 99.82 99.43 98.87
14 7741 99.50 98.15 99.08 83.69
15 6714 98.78 99.80 98.66 94.41
16 3906 99.10 99.79 99.10 97.04
17 8170 99.39 99.72 99.39 99.22
18 7267 89.51 99.68 98.07 99.12
19 5730 95.92 99.53 95.72 99.93
20 6492 90.28 98.16 99.52 99.69
21 5041 94.35 99.79 98.81 99.82
22 6762 96.69 98.04 98.55 97.50
23 7165 94.45 97.83 98.42 98.62
24 7390 99.16 99.54 99.31 99.90
25 4160 96.42 95.52 96.56 67.02
26 7984 45.93 47.95 4722 47.84
27 5474 93.90 98.79 99.36 99.05
28 5094 96.25 96.10 99.35 99.37
29 7894 98.66 99.30 99.46 99.75
30 7098 97.56 99.17 99.28 98.11
31 7369 55.19 77.20 95.16 94.64
32 6812 95.05 99.55 97.87 97.31
33 8872 99.32 99.56 99.20 90.62
34 5061 99.21 100.00 98.66 90.93
35 4110 99.54 99.95 99.54 99.98
36 5873 99.34 99.34 99.34 99.68
37 5657 98.78 99.48 98.92 99.26
38 4697 99.08 99.23 99.13 97.47
39 5798 99.67 99.78 98.48 84.61
40 3947 91.26 71.81 0.00 0.00
41 503 87.28 24.02 0.00 0.00
42 4585 48.46 88.49 73.96 97.81
43 7692 82.58 99.65 98.69 99.78
44 5371 83.82 96.18 97.56 99.85
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45 10340 51.75 99.65 97.48 99.79
46 5876 88.02 99.14 95.49 99.57
47 11378 52.74 98.34 97.87 99.31
48 2928 97.58 99.51 99.76 99.32
49 9242 56.17 99.06 94.70 98.73
50 11130 48.39 98.93 97.06 99.73
51 5355 99.29 95.70 99.18 99.36
52 6455 87.11 99.47 98.81 95.64
53 5859 99.25 99.97 99.23 99.81
54 6718 99.58 99.96 99.60 99.94
55 5693 99.07 98.57 59.51 59.64
56 5116 99.30 99.74 99.71 99.38
57 5811 74.15 75.07 75.34 42.67
58 4027 95.43 99.87 99.60 99.88
59 6828 96.49 99.88 99.55 99.72
60 2793 99.86 99.96 99.53 98.86
61 6842 67.41 66.61 99.09 97.19
62 5036 99.70 99.07 99.31 99.92
63 6661 99.34 99.91 94.82 79.24
64 7629 99.36 99.24 98.66 95.33
65 7019 99.39 99.03 99.39 99.71
66 2423 97.32 91.29 95.87 90.04
67 6571 94.61 96.58 97.57 97.82
68 4750 98.08 99.32 97.71 89.47
69 8173 69.94 93.72 69.50 100.00
70 9809 63.18 99.69 72.60 98.29
71 5717 99.28 98.82 99.32 98.35
72 6552 74.94 74.72 99.11 70.18
73 11641 52.13 98.20 99.52 99.76
74 6653 24.44 28.31 0.00 0.00

75 1762 65.66 63.26 99.04 99.54
76 9663 52.75 98.87 94.91 91.90
77 7173 86.42 99.95 99.78 99.99
78 7914 99.42 99.81 93.04 82.67
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79 5031 99.54 99.62 99.58 99.90
80 4326 99.28 100.00 99.28 99.84
81 7467 0.00 0.00 99.30 99.64
82 7332 58.93 99.72 98.62 99.72
83 5683 99.28 99.98 99.28 99.98
84 3923 96.56 87.40 99.06 97.08
85 9790 54.99 99.94 99.64 99.91
86 9811 71.31 98.98 97.91 98.24
87 4383 99.16 96.84 99.18 98.71
88 5982 99.38 99.71 99.38 99.80
89 8154 93.21 99.92 98.61 96.26
90 4197 99.36 99.33 99.38 99.78
91 5739 99.60 99.97 99.29 99.37
92 6427 98.51 99.26 95.66 65.82
93 7131 90.87 99.98 99.44 99.90
94 5734 99.48 99.74 99.55 99.83
95 8405 53.53 83.45 98.88 94.96
96 4817 98.96 99.87 98.92 99.81
97 6934 99.44 99.96 98.79 97.19
98 6341 97.97 99.63 99.40 99.78
99 7915 99.46 100.00 99.33 99.65
100 4222 99.48 99.76 99.62 99.86
101 4711 98.26 98.80 99.04 97.59
102 4212 98.84 95.99 98.93 99.36
103 6358 96.84 97.82 97.88 98.73
104 6544 99.19 99.04 98.81 99.16
105 77717 84.63 99.22 98.56 92.97
106 6797 94.78 99.91 96.51 92.23
107 4512 98.83 99.82 98.56 99.17
108 8364 96.34 99.88 99.63 99.90
109 8841 74.01 94.95 99.59 99.92
110 6057 99.36 99.78 99.27 99.60
111 6782 99.19 99.93 98.29 98.92
112 6536 98.59 99.32 99.01 96.78
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113 6851 99.39 100.00 99.37 99.63
114 7384 98.71 99.95 98.56 98.70
115 8166 89.76 99.99 98.27 99.31
116 5189 97.75 80.25 99.02 99.50
117 8229 65.85 97.31 98.12 96.37
118 9544 79.35 99.71 97.55 93.73
119 5742 81.19 99.74 96.69 92.01
120 5613 97.97 99.12 99.39 98.12
121 8481 99.39 99.48 99.56 99.38
122 660 48.18 17.25 65.00 18.46
123 6257 97.57 98.06 86.32 55.15
124 9359 51.48 99.90 89.62 95.30
125 9262 85.36 99.82 99.31 99.56
126 4302 95.49 93.90 97.88 89.20
127 4072 65.79 64.68 95.95 74.45
128 8583 92.47 99.75 93.22 96.99
129 11053 56.85 99.51 98.13 98.89
130 4013 75.08 73.01 70.52 70.91
131 5976 98.64 99.83 98.69 99.73
132 7937 73.16 99.83 99.51 99.48
133 4390 99.93 76.59 99.36 92.77
134 6441 99.21 99.98 99.38 99.88
135 4777 81.43 99.79 99.41 99.77
136 7358 55.26 99.98 99.31 99.92
137 6480 97.64 99.72 99.04 99.64
138 3933 99.26 99.31 99.24 98.76
139 7823 84.39 98.74 99.09 98.92
140 7955 98.98 99.76 99.33 98.60
141 6432 96.02 99.63 99.18 99.52
142 7639 97.37 99.95 99.27 99.58
143 5334 98.71 99.12 99.12 96.65
144 4407 98.41 99.63 98.46 95.28
145 8751 93.72 99.93 98.02 96.50
146 6655 97.40 99.36 99.11 99.74
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147 9399 71.79 99.91 99.55 98.55
148 8265 97.94 99.91 99.33 99.50
149 7120 99.28 99.48 99.10 98.33
150 7283 69.05 99.66 98.81 97.07
151 7247 52.86 97.41 99.13 99.87
152 4261 99.32 96.62 99.34 99.44
153 3592 98.69 97.717 98.89 99.75
154 6053 98.91 99.98 98.98 99.83
155 7330 91.62 99.97 99.24 99.86
156 6192 99.18 99.22 99.22 99.92
157 9102 69.59 99.06 99.45 99.93
158 9557 54.89 98.31 99.33 99.05
159 7872 53.26 83.43 99.52 99.86
160 6430 99.21 99.35 99.14 99.47
161 6516 99.05 98.43 98.39 95.06
162 5461 99.21 99.16 98.90 98.47
163 4962 96.27 98.17 94.46 99.64
164 5880 99.10 100.00 97.93 99.74
165 6583 99.06 99.98 98.95 99.21
166 9322 54.05 99.82 99.59 99.96
167 4891 99.63 95.32 99.69 99.67
168 6360 99.80 99.13 99.86 99.44
169 7780 99.31 99.83 99.28 99.10
170 894 99.89 100.00 99.66 99.78
171 7710 99.73 99.66 99.83 99.81
172 3681 86.36 72.07 99.65 98.55
173 9819 61.02 99.87 85.33 86.38
174 92717 91.89 99.95 99.07 99.71
175 7384 53.35 99.95 98.97 99.25
176 3871 98.92 96.09 93.65 72.85
177 5842 99.25 98.42 99.26 99.06
178 5219 92.12 97.31 98.37 96.05
179 4290 98.79 95.49 71.89 88.39
180 6934 96.96 99.54 99.11 99.68
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181 6633 98.99 98.50 94.95 78.39
182 6960 97.30 98.92 98.59 97.25
183 5133 100.00 99.04 99.96 99.75
184 6273 99.92 99.68 99.68 97.67
185 5326 99.91 98.48 99.14 96.30
186 7708 90.74 98.77 96.25 99.12
187 7566 95.32 99.85 99.52 99.85
188 6501 96.74 98.93 95.39 94.37
189 10885 53.84 99.02 87.10 92.46
190 6904 95.13 98.69 96.18 95.37
191 7314 58.57 99.24 99.22 98.45
192 7280 98.82 99.49 99.52 98.93
193 7539 97.67 98.57 99.77 99.21
194 4632 98.55 80.58 98.68 96.99
195 6131 99.25 99.57 99.14 99.48
196 6693 99.93 99.97 99.88 99.39
197 7679 99.67 99.26 99.93 99.13
198 9747 53.65 99.34 99.79 99.94
199 3917 98.90 99.59 99.08 99.54
200 5668 99.42 99.86 99.61 99.65
201 5623 99.20 98.92 99.25 99.43
202 4152 99.08 100.00 99.08 99.81
203 6136 99.01 99.74 99.15 99.80
204 6060 91.80 90.96 27.05 99.76
205 2816 99.57 86.04 0.04 10.00
206 999 98.60 80.94 98.00 89.08
207 4710 95.65 84.74 97.64 88.17
208 2956 97.87 98.91 99.42 98.39
209 1949 98.05 93.95 69.01 55.44
210 6460 89.21 97.00 90.36 98.18
211 2766 97.69 93.82 99.17 98.07
212 9806 49.14 98.65 96.16 99.19
213 7187 88.08 96.66 96.15 98.90
214 4325 95.08 92.74 99.38 98.92
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215 7067 94.20 94.91 99.14 98.91
216 3723 51.92 49.39 93.02 97.88
217 6738 50.58 97.85 97.63 99.37
218 4606 79.05 94.11 21.30 82.09
219 6781 51.05 90.63 96.89 99.49
220 6348 40.12 98.38 71.717 98.51
221 4858 51.32 94.90 95.16 99.66
222 7898 48.67 98.06 91.43 99.68
223 5182 64.42 95.29 99.59 99.83
224 4171 95.68 99.68 99.14 99.69
225 2441 73.74 84.27 96.11 95.37
226 7520 99.52 99.44 99.53 100.00
227 9384 57.03 99.78 99.29 99.81
228 3942 91.40 71.35 0.00 0.00

229 3620 96.91 69.94 0.00 0.00

230 0

231 3969 76.95 67.14 0.03 50.00
232 3999 99.32 97.33 0.03 25.00
233 3717 96.34 75.72 0.00 0.00

234 5227 92.31 90.70 0.02 50.00
235 0

236 5969 94.14 98.35 98.96 99.24
237 5989 96.46 95.02 0.02 20.00
238 5332 79.73 78.58 0.00 0.00

239 4782 95.32 81.63 0.00 0.00

240 5523 87.09 77.73 0.00 0.00

241 5119 20.10 19.50 0.02 50.00
242 5806 68.41 68.36 0.02 50.00
243 6435 48.95 48.25 0.00 0.00

244 3856 64.55 90.21 82.86 98.70
245 4865 94.04 95.79 99.38 99.57
246 1784 98.77 92.30 99.55 94.02
247 6435 95.35 96.42 94.56 98.45
248 5609 97.18 98.04 100.00 97.09
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249 5749 99.93 99.57 99.95 99.88
250 2103 99.48 99.81 99.86 99.90
Total 1542273
Average 86.76 93.75 89.46 90.06
Gross 84.61 95.06 91.44 95.59
Gross Il 89.53 93.47
Score (%)
Overall 90.05 91.64
Score (%)
Table A.7: R-peak detection performance of gqrs, SSF-TKE
method and epltd algorithm on ECG signals with paced beats
in PhysioNet/CinC Challenge 2014 training dataset
Signal Total eqrs SSF-TKE method epltd
No. number | Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
of beats (%) (%) (%) (%) (%) (%)
2469 962 100 49.97 99.38 99.58 99.9 49.97
2639 963 99.9 49.97 99.38 99.58 99.9 50
2812 980 99.9 50 83.78 88.28 99.9 50.03
41173 982 100 50.03 97.45 97.95 93.48 86.04
Total 3887
Average 3887 99.95 49.99 95.00 96.35 98.30 59.01
Gross 99.95 49.99 94.96 96.42 98.28 55.60
Gross F1
Score (%) 66.65 95.67 71.02
Overall
Score (%) 74.97 95.67 77.79
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Table A.8: Heart beat detection performance of majority vot-

ing fusion method with different combinations of QRS de-
tectors on PhysioNet/CinC Challenge 2014 training dataset

Signal Total Voting Voting Voting
No. number fusion fusion fusion
of beats | (gqrs/SSF- (epltd/SSF- (gqrs/epltd)
TKE) TKE)
Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
(%) (%) (%) (%) (%) (%)

100 693 100.00 100.00 100.00 100.00 100.00 100.00
101 797 100.00 100.00 99.87 100.00 100.00 100.00
102 685 100.00 100.00 100.00 100.00 100.00 100.00
103 707 99.86 100.00 99.86 100.00 99.86 100.00
104 720 100.00 100.00 99.86 100.00 100.00 100.00
105 724 100.00 100.00 100.00 100.00 100.00 100.00
106 888 100.00 100.00 99.89 100.00 99.89 100.00
107 757 99.87 100.00 100.00 100.00 99.87 99.87
108 907 100.00 100.00 99.89 100.00 99.89 100.00
109 655 100.00 100.00 99.85 100.00 99.85 100.00
110 735 99.86 100.00 99.86 100.00 99.73 100.00
111 690 99.71 100.00 99.71 100.00 99.57 100.00
112 707 100.00 100.00 100.00 100.00 100.00 100.00
113 665 99.85 99.85 100.00 100.00 99.40 99.10
114 631 100.00 100.00 100.00 100.00 100.00 100.00
115 648 100.00 100.00 100.00 100.00 100.00 100.00
116 169 99.41 100.00 99.41 100.00 99.41 100.00
117 868 100.00 100.00 100.00 100.00 100.00 100.00
118 551 100.00 100.00 99.82 100.00 99.82 100.00
119 741 100.00 100.00 99.87 100.00 100.00 100.00
120 722 100.00 100.00 100.00 100.00 100.00 100.00
121 883 100.00 100.00 100.00 100.00 100.00 100.00
122 631 99.84 100.00 100.00 100.00 99.84 99.84
123 734 100.00 100.00 100.00 100.00 100.00 100.00
124 787 99.87 99.87 100.00 99.87 99.87 99.75
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125 721 100.00 100.00 100.00 100.00 100.00 100.00
126 635 100.00 100.00 100.00 100.00 99.84 100.00
127 738 99.59 99.73 99.73 99.86 99.86 100.00
128 800 100.00 100.00 99.88 100.00 99.88 100.00
129 685 100.00 100.00 100.00 100.00 100.00 100.00
130 838 100.00 100.00 100.00 100.00 99.88 100.00
131 693 99.86 99.86 99.71 99.86 99.86 97.88

132 869 99.88 100.00 99.88 100.00 99.88 100.00
133 792 99.62 99.50 99.87 99.37 99.75 99.37

134 757 100.00 100.00 100.00 100.00 100.00 100.00
135 661 100.00 100.00 100.00 100.00 100.00 100.00
136 695 100.00 100.00 100.00 100.00 100.00 100.00
137 728 100.00 100.00 99.86 100.00 99.86 100.00
138 740 99.86 100.00 99.86 100.00 99.86 100.00
139 601 99.83 100.00 99.83 100.00 99.67 100.00
140 715 99.86 100.00 100.00 100.00 99.86 100.00
141 702 100.00 100.00 100.00 100.00 100.00 100.00
142 600 100.00 100.00 99.83 100.00 99.83 100.00
143 920 100.00 100.00 100.00 100.00 100.00 100.00
144 527 99.81 100.00 100.00 100.00 99.62 100.00
145 708 100.00 100.00 100.00 100.00 100.00 100.00
146 794 100.00 100.00 99.87 100.00 100.00 100.00
147 872 100.00 100.00 99.89 100.00 100.00 100.00
148 728 100.00 100.00 100.00 100.00 100.00 100.00
149 727 100.00 100.00 100.00 100.00 100.00 100.00
150 811 100.00 100.00 100.00 100.00 100.00 100.00
151 806 99.88 100.00 99.88 100.00 99.88 100.00
152 595 100.00 100.00 100.00 100.00 100.00 100.00
153 566 99.82 100.00 99.82 100.00 99.82 100.00
154 920 100.00 100.00 100.00 100.00 99.78 99.78

155 745 100.00 100.00 100.00 100.00 100.00 100.00
156 882 100.00 100.00 100.00 100.00 100.00 100.00
157 717 100.00 100.00 100.00 100.00 100.00 100.00
158 838 99.88 100.00 100.00 100.00 99.88 100.00
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159 710 100.00 100.00 99.86 100.00 99.86 100.00
160 659 99.85 100.00 100.00 100.00 99.70 100.00
161 670 99.70 99.70 100.00 100.00 99.70 99.70

162 690 100.00 100.00 99.86 100.00 99.86 100.00
163 884 100.00 100.00 99.89 100.00 99.89 100.00
164 872 100.00 100.00 100.00 100.00 100.00 100.00
165 646 99.85 100.00 100.00 100.00 99.85 100.00
166 684 100.00 100.00 100.00 100.00 100.00 100.00
167 736 100.00 100.00 99.86 100.00 100.00 100.00
168 860 100.00 100.00 100.00 100.00 99.88 100.00
169 785 100.00 100.00 100.00 100.00 100.00 100.00
170 738 100.00 100.00 99.86 100.00 99.86 100.00
171 665 100.00 100.00 100.00 100.00 100.00 100.00
172 880 99.43 99.66 99.66 99.89 99.66 99.66

173 728 99.86 100.00 99.86 100.00 99.86 100.00
174 805 100.00 100.00 100.00 100.00 99.88 100.00
175 723 100.00 100.00 99.86 100.00 99.72 100.00
176 688 100.00 100.00 100.00 100.00 100.00 100.00
177 689 99.71 100.00 99.71 100.00 99.71 100.00
178 774 100.00 100.00 100.00 100.00 100.00 100.00
179 861 100.00 100.00 100.00 100.00 99.88 100.00
180 884 99.89 100.00 100.00 100.00 100.00 99.89

181 655 100.00 100.00 100.00 100.00 100.00 100.00
182 791 100.00 100.00 100.00 100.00 100.00 100.00
183 697 100.00 100.00 100.00 100.00 100.00 100.00
184 602 100.00 100.00 100.00 100.00 99.83 100.00
185 729 100.00 100.00 100.00 100.00 99.86 100.00
186 726 100.00 100.00 100.00 100.00 100.00 100.00
187 592 100.00 100.00 100.00 100.00 100.00 100.00
188 841 99.64 99.64 99.64 99.64 99.64 99.76

189 721 99.72 99.72 99.86 99.86 99.86 99.72

190 698 100.00 100.00 99.86 100.00 99.86 100.00
191 460 100.00 100.00 99.78 100.00 100.00 100.00
192 721 100.00 100.00 99.86 100.00 99.86 100.00
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193 597 100.00 100.00 100.00 100.00 100.00 100.00
194 841 100.00 100.00 99.88 100.00 99.88 100.00
195 717 99.86 100.00 99.86 100.00 99.72 100.00
196 527 99.81 100.00 100.00 100.00 99.62 100.00
197 681 99.71 100.00 99.85 100.00 99.71 100.00
198 699 100.00 100.00 100.00 100.00 100.00 100.00
199 666 100.00 100.00 100.00 100.00 100.00 100.00
1003 957 99.69 100.00 100.00 100.00 99.90 100.00
1009 1330 99.92 99.92 99.92 99.92 99.92 99.92
1016 806 100.00 100.00 100.00 100.00 100.00 100.00
1019 254 68.90 77.78 100.00 81.94 99.61 93.36
1020 600 100.00 99.83 100.00 100.00 100.00 99.83
1022 873 99.77 100.00 99.77 100.00 100.00 100.00
1023 635 100.00 100.00 100.00 100.00 99.84 100.00
1028 572 81.99 56.92 83.22 58.77 80.24 55.64
1032 799 97.00 97.00 97.50 97.50 99.87 99.87
1033 744 0.00 0.00 0.00 0.00 0.00 0.00
1036 1139 100.00 100.00 99.39 100.00 99.82 100.00
1043 857 100.00 100.00 100.00 100.00 99.88 100.00
1069 738 100.00 100.00 99.86 100.00 100.00 100.00
1071 604 96.19 99.15 97.85 99.16 96.19 99.15
1073 602 100.00 100.00 100.00 100.00 99.83 100.00
1077 997 99.50 99.90 99.50 99.90 99.50 99.90
1169 1013 99.41 97.48 99.90 97.50 99.41 97.48
1195 819 3.66 4.52 53.48 52.77 35.16 34.99
1242 844 44.67 44.46 74.17 78.64 44.67 44.46
1284 649 99.69 99.85 99.69 99.85 99.69 99.85
1354 894 95.30 89.12 90.49 94.62 95.30 88.38
1376 1580 91.01 99.38 97.72 99.61 91.90 99.32
1388 1002 96.21 99.90 96.21 99.90 96.11 99.90
1447 583 71.53 78.38 95.88 75.13 90.05 90.05
1456 967 99.79 99.69 99.79 99.69 99.90 99.79
1485 942 91.51 98.97 88.00 98.81 97.98 98.40
1503 751 99.87 99.87 100.00 100.00 99.20 99.87
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1522 746 33.38 25.94 32.84 25.31 33.51 2543
1565 715 99.16 99.16 99.30 99.16 98.60 96.84
1584 1208 99.92 99.92 99.09 99.17 99.34 99.26
1683 653 70.90 71.22 96.94 97.38 70.60 69.85
1686 786 95.42 99.21 96.06 99.34 95.42 99.21
1715 1130 99.56 100.00 99.56 100.00 99.56 100.00
1742 1000 99.70 100.00 99.80 100.00 99.60 99.80
1774 1139 91.04 98.11 89.99 96.70 93.94 90.30
1804 520 90.38 88.35 95.58 93.42 90.38 88.35
1807 766 83.29 82.86 83.81 83.05 83.29 82.86
1821 1111 99.01 99.46 99.19 99.55 99.73 99.73
1858 783 85.19 87.53 82.38 87.52 82.63 88.15
1866 764 96.07 99.73 96.07 99.73 98.17 99.34
1900 986 99.09 99.39 99.29 99.80 99.80 99.29
1906 643 77.29 36.95 78.85 37.67 77.92 36.95
1954 748 96.39 99.86 99.87 98.94 96.26 99.86
1993 724 98.90 99.31 99.72 99.45 98.90 99.31
1998 1222 97.55 98.92 98.28 99.75 98.28 99.75
2041 16 93.75 100.00 100.00 94.12 93.75 100.00
2063 639 62.44 64.04 84.51 88.24 86.85 88.94
2132 864 98.15 98.83 98.61 98.61 97.92 97.80
2164 1068 94.66 93.78 95.60 94.36 99.34 91.70
2174 883 72.71 93.31 73.95 90.07 72.71 93.31
2201 1130 85.22 95.73 83.01 95.62 87.26 94.26
2203 682 98.83 87.53 98.39 86.47 97.36 87.60
2209 677 99.70 99.56 99.70 99.70 99.70 99.41
2247 914 90.81 98.22 90.92 98.46 98.03 97.71
2277 942 93.95 93.85 100.00 99.05 94.16 92.40
2279 147 100.00 98.66 100.00 98.66 100.00 98.66
2283 784 40.69 36.50 40.94 36.85 40.94 36.77
2296 732 100.00 100.00 100.00 100.00 99.73 99.46
2327 546 96.52 93.77 96.52 92.62 98.17 93.22
2370 449 99.78 99.12 99.78 99.12 99.78 99.12
2384 1636 99.88 99.94 99.88 100.00 99.88 99.94
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2397 940 99.79 98.74 99.79 98.84 99.47 95.41
2469 962 99.79 99.17 99.79 99.17 99.90 49.97
2527 701 99.71 99.86 100.00 100.00 99.71 99.86
2552 1004 99.40 99.20 99.10 98.81 99.10 98.91
2556 990 99.49 99.49 99.60 99.50 99.49 99.49
2602 573 91.45 89.73 92.32 90.74 91.10 89.54
2639 963 99.79 99.17 99.79 99.17 99.90 50.00
2664 1126 99.56 98.33 99.56 98.33 99.56 98.33
2714 864 91.32 98.50 90.28 98.48 96.41 98.23
2728 104 99.04 89.57 99.04 89.57 99.04 100.00
2732 1010 99.31 99.70 99.80 99.70 99.80 99.70
2733 522 78.74 73.52 78.16 74.32 80.08 73.72
2798 833 99.52 99.52 99.88 99.40 99.52 99.52
2800 752 74.47 74.17 74.47 72.45 75.00 71.76
2812 980 90.92 80.05 88.37 85.40 99.80 52.75
2839 1611 96.15 99.74 95.84 99.94 97.64 99.68
2850 561 98.22 93.71 98.22 91.83 99.11 91.00
2879 620 96.61 87.57 96.45 83.99 95.48 85.92
2885 930 90.43 98.71 87.96 98.44 96.24 98.68
2886 149 99.33 100.00 99.33 100.00 98.66 100.00
2907 722 91.37 99.72 97.23 99.72 97.37 99.72
2923 1084 98.43 100.00 98.25 100.00 98.43 100.00
2970 940 98.09 99.78 99.04 99.79 98.62 99.68
3188 822 99.88 99.64 100.00 100.00 100.00 100.00
3266 982 95.52 98.84 96.03 98.85 99.39 99.29
41024 86 96.51 100.00 97.67 100.00 96.51 100.00
41025 622 99.36 99.52 99.36 99.68 99.36 99.52
41081 729 99.45 98.37 99.45 99.32 99.86 98.64
41164 631 97.78 97.01 96.51 97.13 97.15 95.63
41173 982 97.45 97.95 98.68 98.68 92.57 78.77
41180 680 37.35 37.35 78.24 78.24 37.21 37.21
41566 168 74.40 52.97 79.76 51.15 77.98 5391
41778 87 85.06 72.55 88.51 63.11 86.21 66.96
41951 254 100.00 99.61 100.00 100.00 100.00 99.61
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42228 866 95.50 98.22 97.58 99.18 96.65 99.05
42511 173 17.34 16.04 19.08 14.29 19.08 15.94
42878 929 99.78 100.00 99.78 100.00 99.78 100.00
42961 614 97.56 100.00 97.39 100.00 98.86 99.35
43247 748 94.39 99.02 93.85 99.72 97.99 99.73
Total 151031
Average 94.76 94.62 96.04 95.48 95.56 94.17
Gross 95.28 95.04 96.35 95.83 96.01 93.36
Gross
F1
Seore 95.16 96.09 94.66
(%)
Overall
Score 94.93 95.93 94.78
(%)

Table A.9: Heart beat detection performance of majority vot-

ing fusion method with different combinations of QRS de-

tectors on MIT-BIH Polysomnographic database
Signal Total Voting Voting Voting
No. number Fusion Fusion Fusion

of beats | (gqrs/SSF- (epltd/SSF- (ggrs/epltd)
TKE) TKE)
Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
(%) (%) (%) (%) (%) (%)

slpOla | 7806 100.00 99.99 99.99 100.00 99.99 99.99
slpOlb | 11467 99.91 99.92 99.50 99.95 99.49 99.92
slp02a | 16145 99.61 99.87 99.93 99.94 99.88 99.81
slp02b 11317 99.45 99.64 99.86 99.92 99.87 99.78
slp 03 24917 99.97 97.76 99.98 97.06 99.99 96.87
slp 04 27029 99.77 99.85 99.91 99.93 99.94 99.93
slp 14 22920 99.77 99.74 99.87 99.89 99.91 99.82
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slp 16 27604 99.65 99.83 99.96 99.94 99.98 99.92
slp 32 21718 99.85 99.88 99.96 99.99 99.94 99.95
slp 37 30611 100.00 100.00 100.00 99.99 99.99 99.99
slp 41 25884 99.95 99.86 99.95 99.96 99.97 99.97
slp 45 27686 99.94 99.96 99.98 99.96 99.95 99.94
slp 48 24711 99.96 99.94 99.99 100.00 99.97 99.98
slp 59 16901 99.96 99.99 100.00 99.99 100.00 100.00
slp 60 25017 99.37 99.96 100.00 99.88 99.97 99.94
slp 61 25482 99.75 99.80 99.83 99.84 100.00 99.98
slp 66 15775 99.96 99.99 100.00 99.99 99.99 100.00
slp67x | 5374 100.00 100.00 100.00 100.00 100.00 100.00
Total 368364

Average 99.83 99.78 99.93 99.79 99.93 99.77
Gross 99.82 99.74 99.94 99.75 99.95 99.72
Gross

F1

Score 99.78 99.84 99.84

(%)

Overall

Score 99.79 99.85 99.84

(%)
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Table A.10: Heart beat detection performance of majority

voting fusion method with different combinations of QRS

detectors on MGH/MF Waveform database

Y

Signal Total Voting Voting Voting
No. number fusion fusion fusion
of beats | (gqrs/SSF- (ggrs/epltd) (epltd/SSF-
TKE) TKE)
Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
(%) (%) (%) (%) (%) (%)

1 2628 96.23 99.37 97.30 99.38 93.91 97.98
2 6652 98.20 99.32 98.38 99.73 98.41 99.32
3 7042 97.71 99.93 97.71 99.94 97.69 99.93
4 3317 97.86 95.75 98.07 98.04 97.26 94.19
5 8284 99.13 99.87 99.14 99.95 98.93 99.98
6 7600 99.26 99.63 99.26 99.91 98.86 95.83
7 5598 98.77 99.89 98.71 99.89 98.70 99.86
8 5006 98.56 99.82 98.48 99.64 94.39 98.13
9 9374 99.08 99.72 99.15 99.82 99.00 99.60
10 9511 98.91 99.96 99.22 99.88 98.48 99.68
11 6663 97.63 98.55 97.82 99.80 96.02 96.85
12 6326 96.46 99.71 98.23 99.68 93.16 97.32
13 6663 99.56 99.36 99.52 99.31 99.31 99.25
14 7741 99.50 99.44 99.60 99.63 98.59 97.14
15 6714 98.59 99.35 98.44 98.80 71.86 96.17
16 3906 99.13 99.87 99.13 99.79 93.86 99.08
17 8170 99.40 99.83 99.39 99.98 62.97 51.15
18 7267 97.52 99.58 97.81 99.75 91.23 97.40
19 5730 95.46 99.51 95.46 99.91 95.45 99.36
20 6492 94.49 98.68 99.49 99.28 92.41 91.10
21 5041 98.29 99.74 98.67 99.88 98.43 99.68
22 6762 97.57 98.60 96.97 99.57 88.11 98.30
23 7165 98.72 98.51 98.91 99.80 96.82 99.61
24 7390 99.27 99.55 99.28 99.92 99.20 99.57
25 4160 92.55 98.52 93.05 99.28 94.09 88.47




185

26 7984 46.56 46.80 46.53 46.77 46.67 47.37
27 5474 96.49 98.99 99.14 99.40 95.78 98.55
28 5094 92.70 92.43 93.78 95.83 91.77 90.95
29 7894 99.40 99.48 99.42 99.85 95.83 99.34
30 7098 97.58 99.80 98.00 99.64 96.17 99.71
31 7369 94.86 96.83 95.70 97.48 93.50 92.97
32 6812 97.717 99.51 97.78 99.43 77.89 95.35
33 8872 99.33 99.51 99.35 99.95 99.12 99.83
34 5061 99.15 99.96 99.15 99.86 97.85 97.85
35 4110 99.54 100.00 99.54 100.00 99.54 99.98
36 5873 99.35 99.37 99.39 99.95 91.79 99.37
37 5657 91.37 98.87 97.60 98.82 97.68 98.84
38 4697 98.89 99.66 98.87 99.81 71.34 96.77
39 5798 99.55 99.86 99.57 99.98 98.09 94.45
40 3947 96.45 62.72 96.38 62.70 96.63 59.48
41 503 91.05 23.51 91.05 22.32 92.05 19.31
42 4585 79.19 96.21 72.91 99.46 71.15 91.50
43 7692 96.44 96.13 97.93 97.07 97.57 96.89
44 5371 81.70 94.67 85.50 95.79 96.15 98.59
45 10340 93.87 99.48 96.41 99.61 81.19 99.85
46 5876 90.37 98.96 95.68 99.07 88.05 96.80
47 11378 97.21 96.98 97.81 98.33 95.80 99.39
48 2928 95.49 97.83 95.56 96.58 95.63 97.56
49 9242 97.72 99.66 98.43 99.38 91.81 98.84
50 11130 74.11 97.16 76.89 99.25 88.62 99.81
51 5355 92.32 94.66 91.02 95.64 95.01 97.19
52 6455 99.60 99.06 99.64 99.08 86.32 55.69
53 5859 99.11 99.93 99.15 99.93 99.03 99.88
54 6718 99.58 99.96 99.58 99.96 99.58 99.96
55 5693 99.58 98.57 77.45 71.77 59.76 58.97
56 5116 99.30 99.47 99.34 99.49 99.65 98.95
57 5811 74.86 74.44 75.32 38.87 74.38 43.73
58 4027 99.45 99.85 99.50 99.83 99.58 99.98
59 6828 99.63 99.90 99.65 99.97 86.32 95.20
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60 2793 99.79 99.96 99.79 99.96 99.82 90.52
61 6842 32.96 51.74 32.96 51.74 59.28 70.43
62 5036 99.70 99.07 99.70 99.88 99.62 99.07
63 6661 99.31 99.94 99.35 99.92 76.46 56.70
64 7629 99.41 99.28 99.42 98.76 99.08 98.44
65 7019 98.56 99.84 98.56 99.84 82.21 97.66
66 2423 97.69 91.07 97.73 93.93 87.91 86.44
67 6571 99.24 98.05 99.10 97.95 98.39 97.81
68 4750 98.57 99.49 98.86 99.77 96.67 96.84
69 8173 97.74 99.63 98.12 99.98 94.10 99.41
70 9809 98.04 99.95 98.57 99.94 91.98 99.61
71 5717 98.44 98.96 98.34 98.13 98.99 98.67
72 6552 87.79 87.92 99.25 99.09 92.19 69.47
73 11641 99.17 98.56 99.66 99.96 97.59 96.11
74 6653 49.92 50.27 50.64 48.96 50.53 51.92
75 1762 90.35 96.48 99.49 99.66 64.25 73.36
76 9663 97.86 97.16 97.88 97.21 92.01 93.17
77 7173 99.57 99.87 99.64 99.87 99.68 99.99
78 7914 99.43 99.97 99.44 99.90 90.06 98.41
79 5031 99.54 99.60 99.54 99.98 99.52 99.54
80 4326 99.21 99.95 99.19 99.74 99.19 99.93
81 7467 81.85 97.36 81.85 97.36 81.85 97.36
82 7332 99.58 100.00 99.58 100.00 98.68 100.00
83 5683 99.28 99.98 99.26 99.96 99.28 99.98
84 3923 98.22 85.39 98.24 85.53 99.01 85.91
85 9790 99.43 99.94 99.54 99.93 99.47 99.92
86 9811 96.94 99.94 97.32 99.92 79.67 81.78
87 4383 99.11 96.83 99.11 100.00 98.88 96.78
88 5982 99.40 99.73 99.40 99.92 99.31 99.68
89 8154 99.58 99.88 99.58 99.88 83.92 98.36
90 4197 93.26 98.61 93.30 98.47 76.24 94.28
91 5739 99.58 99.95 99.58 99.90 84.28 98.33
92 6427 99.24 99.69 99.25 99.36 97.03 91.73
93 7131 99.06 99.99 99.40 99.96 98.89 99.96
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94 5734 99.46 99.93 99.51 99.89 96.42 99.71
95 8405 99.12 94.89 99.26 94.39 98.47 96.49
96 4817 98.92 99.83 98.88 99.83 98.86 99.81
97 6934 99.42 99.94 99.34 99.88 82.97 99.22
98 6341 96.12 98.98 96.23 98.91 81.25 98.68
99 7915 99.42 99.99 99.42 99.91 99.33 99.89
100 4222 99.50 99.83 99.50 99.83 99.31 99.79
101 4711 96.20 98.78 96.75 99.85 82.70 99.21
102 4212 90.98 97.11 90.88 99.71 91.00 96.87
103 6358 95.91 97.65 96.85 98.69 95.19 97.60
104 6544 97.85 99.75 97.57 99.87 74.39 97.71
105 7777 94.02 99.40 97.18 97.88 77.88 97.21
106 6797 97.68 99.91 98.31 99.58 94.79 96.58
107 4512 98.69 99.82 98.71 99.73 98.76 99.80
108 8364 99.57 99.82 99.57 99.94 99.59 99.82
109 8841 99.56 96.13 99.68 98.99 99.46 97.83
110 6057 98.73 99.717 98.88 99.85 82.07 98.71
111 6782 99.01 99.66 99.01 99.60 71.68 85.58
112 6536 98.59 99.34 98.97 99.92 92.84 98.43
113 6851 99.34 99.99 99.33 99.90 99.10 99.57
114 7384 99.01 99.96 99.01 99.88 98.63 99.51
115 8166 99.35 99.96 99.38 99.95 90.11 99.50
116 5189 83.14 92.04 83.10 93.29 83.20 92.09
117 8229 86.81 99.76 99.03 99.67 97.07 97.55
118 9544 99.74 99.57 99.74 99.72 99.16 98.32
119 5742 99.67 99.84 99.67 99.84 99.39 98.72
120 5613 98.29 99.14 99.16 99.71 97.59 98.58
121 8481 99.49 99.45 99.53 99.42 92.81 98.88
122 660 60.61 15.88 73.64 17.23 67.42 20.67
123 6257 97.92 98.60 98.00 98.76 88.22 77.45
124 9359 90.55 99.84 98.20 99.69 91.07 98.58
125 9262 93.86 99.87 99.51 99.79 77.48 99.13
126 4302 96.51 96.85 96.61 97.58 96.37 95.11
127 4072 81.11 95.30 81.11 93.12 85.14 91.60
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128 8583 97.68 99.82 97.59 99.75 93.25 98.78
129 11053 85.19 99.59 98.84 99.66 84.25 99.08
130 4013 56.34 54.96 55.97 56.39 70.27 68.80
131 5976 98.76 99.86 98.78 99.90 92.52 99.28
132 7937 95.26 99.95 99.21 99.87 94.71 99.68
133 4390 99.93 88.63 99.77 99.73 83.44 91.83
134 6441 99.25 99.98 99.35 99.92 99.36 99.97
135 ATT7 97.07 99.81 99.00 99.85 97.22 99.85
136 7358 99.51 99.92 99.51 99.92 78.57 98.25
137 6480 98.07 99.48 99.10 99.61 62.85 97.56
138 3933 99.21 99.31 99.19 99.85 99.11 99.21
139 7823 95.33 99.22 98.24 99.34 95.23 99.10
140 7955 99.30 99.75 99.35 99.75 98.92 99.42
141 6432 89.96 99.09 91.00 99.12 87.78 98.35
142 7639 99.28 99.89 99.27 99.84 98.86 99.60
143 5334 95.18 97.94 95.16 97.71 92.61 96.47
144 4407 98.48 99.63 98.84 99.73 70.18 96.00
145 8751 99.45 99.93 99.27 99.79 98.32 98.91
146 6655 98.87 99.76 98.93 99.85 99.29 99.74
147 9399 95.05 99.96 99.32 99.74 91.24 99.10
148 8265 98.14 99.88 98.39 99.80 98.05 99.69
149 7120 99.21 99.73 99.20 99.76 98.68 99.20
150 7283 97.38 99.94 98.89 99.90 97.67 99.37
151 7247 97.70 99.97 97.71 99.97 98.01 98.64
152 4261 99.34 96.64 99.30 99.11 99.37 96.60
153 3592 82.24 96.07 82.24 96.13 98.78 97.63
154 6053 99.06 99.98 99.06 99.97 98.58 99.40
155 7330 98.20 99.70 98.32 99.67 98.92 99.92
156 6192 99.05 99.95 99.03 99.84 99.05 99.22
157 9102 99.19 99.76 99.36 99.94 99.03 99.79
158 9557 99.37 99.27 99.37 99.29 98.92 99.38
159 7872 95.48 88.15 95.48 88.15 99.28 88.75
160 6430 98.41 99.33 98.41 99.98 99.10 99.18
161 6516 97.34 99.06 97.18 99.86 98.50 98.63
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162 5461 99.23 98.96 99.23 99.60 99.14 98.44
163 4962 96.27 98.17 94.60 99.75 95.71 97.88
164 5880 99.10 100.00 99.08 99.91 98.20 99.62
165 6583 98.97 99.97 98.94 99.82 98.85 99.92
166 9322 99.52 99.88 99.53 99.96 99.53 99.88
167 4891 99.67 95.63 99.65 97.66 99.69 95.72
168 6360 99.80 99.30 99.78 99.87 99.73 99.03
169 7780 99.37 99.83 99.38 99.82 99.07 99.52
170 894 99.89 100.00 99.78 100.00 99.89 100.00
171 7710 90.73 90.83 90.77 90.85 94.28 94.22
172 3681 99.10 99.00 99.10 99.00 97.31 99.11
173 9819 99.30 99.94 98.85 99.22 66.68 66.89
174 9277 99.16 99.80 99.11 99.73 99.04 96.96
175 7384 99.36 99.88 99.40 99.95 96.93 99.10
176 3871 97.88 96.05 97.91 99.79 89.77 93.01
177 5842 99.20 98.39 99.20 99.95 98.94 98.25
178 5219 98.79 99.40 98.79 99.88 98.14 97.15
179 4290 96.76 96.69 96.64 99.50 86.90 94.48
180 6934 98.38 99.10 98.44 99.56 98.21 99.40
181 6633 98.94 99.51 98.94 99.48 91.65 95.97
182 6960 98.53 98.96 99.20 98.21 98.58 96.80
183 5133 100.00 99.00 99.98 99.04 100.00 98.98
184 6273 99.84 99.89 99.89 99.86 99.16 98.00
185 5326 99.87 98.70 99.92 99.37 99.27 98.14
186 7708 92.85 98.94 95.04 99.35 91.61 98.88
187 7566 99.37 99.84 99.50 99.93 99.33 99.81
188 6501 98.14 99.07 98.34 98.70 96.65 97.25
189 10885 98.02 99.92 99.72 99.93 91.70 98.68
190 6904 97.58 97.78 98.09 96.66 93.13 97.75
191 7314 98.92 96.71 99.70 96.84 98.74 79.04
192 7280 99.35 99.48 99.35 99.57 99.44 99.49
193 7539 91.86 98.84 91.84 99.30 99.92 98.59
194 4632 98.58 91.78 98.64 96.84 98.53 81.50
195 6131 99.09 99.57 99.17 99.56 99.07 99.59
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196 6693 99.91 99.97 99.96 99.79 99.85 99.93
197 7679 99.86 99.26 99.90 99.20 99.91 99.19
198 9747 99.72 99.76 99.72 99.82 99.83 99.68
199 3917 99.00 99.90 99.03 99.85 98.98 99.85
200 5668 99.40 99.79 99.47 99.75 99.61 99.88
201 5623 99.00 98.88 98.86 99.93 99.11 98.85
202 4152 99.06 99.95 99.04 99.76 97.78 99.95
203 6136 97.96 99.68 98.01 99.83 99.09 99.77
204 6060 89.83 99.54 90.53 99.84 13.86 49.12
205 2816 91.80 89.88 93.29 99.77 14.60 30.49
206 999 98.50 90.03 98.50 98.11 97.90 87.01
207 4710 66.28 74.02 66.45 73.35 95.33 86.00
208 2956 97.43 99.31 98.14 99.49 98.21 98.78
209 1949 97.23 94.66 97.59 93.01 58.65 58.20
210 6460 91.15 93.15 91.16 98.02 90.43 94.95
211 2766 97.90 85.43 98.84 89.96 97.69 93.40
212 9806 79.99 92.09 85.80 93.03 88.10 99.47
213 7187 90.87 97.16 95.91 98.97 92.00 97.28
214 4325 97.94 89.52 98.17 95.59 98.94 89.74
215 7067 82.81 90.57 85.06 92.75 95.78 95.82
216 3723 88.61 96.12 92.18 98.73 90.46 62.73
217 6738 79.56 87.74 77.68 96.11 92.05 99.41
218 4606 95.57 96.05 96.44 96.29 37.00 66.07
219 6781 91.49 99.22 92.83 95.39 88.81 99.55
220 6348 52.49 86.66 77.85 89.81 68.21 86.74
221 4858 44.42 95.36 51.71 94.22 78.24 81.72
222 7898 88.53 97.14 89.11 88.00 56.77 61.22
223 5182 91.91 97.26 97.72 97.25 99.15 99.92
224 4171 97.96 98.84 98.87 99.11 98.11 99.27
225 2441 95.58 88.71 96.03 88.96 95.45 97.20
226 7520 99.52 99.44 99.52 100.00 98.32 99.50
227 9384 99.39 99.82 99.42 99.90 96.24 99.79
228 3942 98.35 77.05 98.55 76.00 93.66 73.04
229 3620 96.57 57.59 96.57 57.62 96.52 54.45
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230 0

231 3969 96.62 96.99 98.39 95.31 98.56 94.33
232 3999 99.52 97.60 99.75 97.67 99.10 95.96
233 3717 84.50 52.99 84.37 49.06 87.06 38.14
234 5227 95.89 92.51 97.17 92.65 97.17 91.23
235 0

236 5969 94.49 98.31 97.79 98.90 95.43 98.72
237 5989 94.17 98.26 94.07 97.93 79.21 85.65
238 5332 96.14 84.35 96.34 82.17 97.34 75.95
239 4782 96.01 65.73 95.80 65.62 95.90 65.47
240 5523 95.18 73.14 95.51 72.32 95.71 70.56
241 5119 29.89 28.30 29.73 29.56 31.82 28.73
242 5806 82.33 77.31 83.33 74.63 85.29 56.93
243 6435 74.89 71.74 82.08 78.45 98.06 93.73
244 3856 74.77 99.38 75.60 98.91 86.41 93.41
245 4865 92.39 97.57 92.62 98.34 98.71 96.97
246 1784 96.86 93.56 96.75 94.16 98.93 93.49
247 6435 90.13 93.94 90.33 93.08 93.50 96.58
248 5609 99.70 99.40 99.66 99.10 99.68 99.34
249 5749 99.95 99.65 99.95 99.91 99.93 99.67
250 2103 99.90 99.95 99.90 99.95 99.90 99.95
Total 1542273

Average 94.61 95.22 95.35 95.47 91.31 92.22
Gross 94.87 95.99 95.68 95.89 91.60 92.65
Gross

F1

Score 95.42 95.78 92.12

(%)

Overall

Score 95.17 95.60 91.94

(%)
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Table A.11: Heart beat detection performance of majority

voting fusion method with different combinations of QRS

detectors on MIT-BIH noise stress database

Y

Signal Total Voting Voting Voting
No. number fusion fusion fusion
of beats | (gqrs/SSF- (ggrs/epltd) (epltd/SSF-
TKE) TKE)
Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
(%) (%) (%) (%) (%) (%)

118 e24 | 2301 99.00 99.61 99.00 99.96 99.00 99.65
118el18 | 2301 99.00 99.61 99.00 99.91 99.00 99.65
118el12 | 2301 99.00 99.48 99.00 99.61 98.96 99.13
118 e06 | 2301 98.96 98.57 98.48 89.42 98.91 98.87
118 e00 | 2301 96.35 90.86 97.04 67.98 96.31 96.22
118 e-06 | 2301 90.57 78.32 95.87 58.67 87.22 87.72
119e24 | 2094 94.51 98.07 94.84 100 94.51 98.36
119el18 | 2094 94.46 98.02 94.84 99.8 94.46 98.12
119el12 | 2094 94.32 97.58 94.79 95.62 94.32 95.09
119e06 | 2094 90.11 92.05 94.41 87.36 90.26 89.15
119e00 | 2094 85.96 84.43 92.55 72.07 85.34 84.49
119 e-06 | 2094 82.23 72.69 91.26 59.24 78.75 78.98
Total 26370
Average 93.71 92.44 95.92 85.80 93.09 93.79
Gross 93.87 92.07 96.03 82.60 93.25 93.89
Gross
F1
- 92.96 88.81 93.57
(%)
Overall
Score 93.02 90.09 93.50
(%)
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Table A.12: Heart beat detection performance of majority

voting fusion method with different combinations of QRS
detectors on MIT-BIH Arrhtyhmia database

Signal Total Voting Voting Voting
No. number fusion fusion fusion
of beats | (gqrs/SSF- (ggrs/epltd) (epltd/SSF-
TKE) TKE)
Sensitivity | Predictivity Sensitivity| Predictivity Sensitivity| Predictivity
(%) (%) (%) (%) (%) (%)
100 2273 100 100 100 100 100 100
101 1865 99.95 99.89 99.09 99.78 99.95 99.79
102 2187 100 100 100 100 100 100
103 2084 99.95 100 99.86 99.43 100 100
104 2229 99.87 99.73 99.87 99.60 99.91 99.73
105 2572 99.92 99.3 98.83 97.73 98.52 98.56
106 2027 95.12 96.79 99.65 98.25 93.73 96.50
107 2137 97.94 99.9 99.72 100 99.91 99.95
108 1763 97.45 97.56 99.49 97.88 99.38 98.82
109 2532 99.64 99.76 100 99.96 99.84 99.84
111 2124 99.95 99.91 99.95 99.95 100 100
112 2539 100 100 99.92 100 100 100
113 1795 100 100 100 100 100 100
114 1879 99.79 99.15 99.31 99.89 99.73 99.10
115 1953 100 100 100 99.95 100 100
116 2412 99.79 100 99.79 100 99.92 99.96
117 1535 100 100 100 100 100 100
118 2278 99.96 99.65 100 100 100 99.65
119 1987 99.95 99.8 99.95 100 99.6 98.65
121 1863 99.95 99.9 100 100 100 100
122 2476 100 100 100 100 100 100
123 1518 99.8 99.47 99.74 100 99.8 99.67
124 1619 99.94 99.75 99.94 100 99.63 99.57
200 2601 99.54 99.85 94.5 99.88 99.88 99.88
201 1963 95.67 96.31 97.66 100 95.72 96.26
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202 2136 98.55 99.67 99.67 100 98.50 99.67
203 2980 82.95 98.37 98.89 97.07 78.62 94.94
205 2656 99.21 100 99.55 99.85 99.47 100
207 1860 99.14 98.14 99.89 100 99.30 98.14
208 2955 98.85 99.73 98.78 99.42 99.26 99.86
209 3005 99.33 100 99.47 99.1 98.47 99.40
210 2650 97.85 99.65 99.47 99.92 98.49 99.43
212 2748 100 100 99.82 99.75 100 100
213 3251 99.48 100 99.97 100 99.69 100
214 2262 99.56 99.65 99.56 99.65 99.91 99.96
215 3363 99.41 100 99.67 100 99.38 100
217 2208 98.37 99.82 98.41 99.86 99.95 99.95
219 2154 99.26 96.22 99.91 100 99.21 96.83
220 2048 99.07 100 99.95 100 99.12 100
221 2427 99.3 99.22 99.79 99.84 98.52 98.31
222 2483 91.1 99.96 99.80 99.60 91.06 99.69
223 2605 99.88 99.88 99.54 100 99.96 99.96
228 2053 99.46 98.98 100 99.81 99.51 99.03
230 2256 100 100 100 99.96 100 100
231 1571 99.94 99.56 100 100 99.94 99.56
232 1780 99.16 80.23 100 98.13 99.04 80.17
233 3079 98.64 99.9 99.55 99.9 98.67 100
234 2753 99.96 100 99.96 100 100 100
Total 109494
Average 98.81 99.08 99.56 99.67 98.78 98.98
Gross 99.44 99.18 99.54 99.65 98.63 99.02
Gross
F1 (%) 99.31 99.60 98.82
Overall

99.12 99.61 98.85

Sc. (%)
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Table A.13: Heart beat detection performance of majority

voting fusion method on ECG "bw’ noise and different types

of ABP noises of synthetic noise dataset

ABP Noise F1 Score (%) Improvement in
] in F1 score due to
noise ECG voting over
& gqrs/epltd (%)
ABP SSF- Voting Voting
gqrs | epltd ABP * : -
(dB) TKE gq/ST"| ep/ST | gqlep=| gq/STx| ep/ST+| gg/ep
0 99.86 | 100.0 | 100.0 | 75.00 | 99.73 | 99.86 | 99.86 | -0.13 | -0.14 | -0.14
-3 99.59 | 100.0 | 100.0 | 75.00 | 99.86 | 99.86 | 99.86 | 0.27 | -0.14 | -0.14
Asmax | -6 98.99 | 100.0 | 100.0 | 75.00 | 99.86 | 99.86 | 99.86 | 0.87 | -0.14 | -0.14
-9 96.96 | 99.86 | 100.0 | 74.74 | 99.73 | 99.86 | 99.73 | 2.77 | 0.00 | -0.13
-12 93.27 |1 99.59 | 100.0 | 74.49 | 99.73 | 99.86 | 99.73 | 6.46 | 0.27 | 0.14
0 99.86 | 100.0 | 100.0 | 82.57 | 99.73 | 99.86 | 99.86 | -0.13 | -0.14 | -0.14
-3 99.59 | 100.0 | 100.0 | 82.35 | 99.86 | 99.86 | 99.86 | 0.27 | -0.14 | -0.14
Asmin | -6 98.99 | 100.0 | 100.0 | 82.29 | 99.86 | 99.86 | 99.86 | 0.87 | -0.14 | -0.14
-9 96.96 | 99.86 | 100.0 | 81.61 | 99.73 | 99.86 | 99.73 | 2.77 | 0.00 | -0.13
-12 93.27 | 99.59 | 100.0 | 79.81 | 99.73 | 99.86 | 99.73 | 6.46 | 0.27 | 0.14
0 99.86 | 100.0 | 100.0 | 99.73 | 99.73 | 99.86 | 99.86 | -0.13 | -0.14 | -0.14
-3 99.59 | 100.0 | 100.0 | 99.59 | 99.86 | 99.86 | 99.86 | 0.27 | -0.14 | -0.14
Qlamean | -6 98.99 | 100.0 | 100.0 | 99.46 | 99.86 | 99.86 | 99.86 | 0.87 | -0.14 | -0.14
-9 96.96 | 99.86 | 100.0 | 75.00 | 99.73 | 99.86 | 99.73 | 2.77 | 0.00 | -0.13
-12 93.27 | 99.59 | 100.0 | 75.00 | 99.73 | 99.86 | 99.73 | 6.46 | 0.27 | 0.14
0 99.86 | 100.0 | 100.0 | 74.33 | 99.73 | 99.86 | 99.86 | -0.13 | -0.14 | -0.14
-3 99.59 | 100.0 | 100.0 | 74.26 | 99.86 | 99.86 | 99.86 | 0.27 | -0.14 | -0.14
Asw -6 98.99 | 100.0 | 100.0 | 73.92 | 99.86 | 99.86 | 99.86 | 0.87 | -0.14 | -0.14
-9 96.96 | 99.86 | 100.0 | 68.50 | 99.73 | 99.86 | 99.73 | 2.77 | 0.00 | -0.13
-12 93.27 1 99.59 | 100.0 | 65.97 | 99.73 | 99.86 | 99.73 | 6.46 | 0.27 | 0.14
0 99.86 | 100.0 | 100.0 | 71.79 | 99.73 | 99.86 | 99.86 | -0.13 | -0.14 | -0.14
-3 99.59 | 100.0 | 100.0 | 71.44 | 99.86 | 99.86 | 99.86 | 0.27 | -0.14 | -0.14
apf -6 98.99 | 100.0 | 100.0 | 70.90 | 99.73 | 99.86 | 99.73 | 0.74 | -0.14 | -0.27
-9 96.96 | 99.86 | 100.0 | 70.75 | 99.73 | 99.86 | 98.99 | 2.77 | 0.00 | -0.88
-12 93.27 1 99.59 | 100.0 | 70.36 | 99.73 | 99.86 | 99.73 | 6.46 | 0.27 | 0.14
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* Abbreviations:- agmax: Exponential saturation to BP maxm. noise, agyiy: Exponential
saturation to BP minm. noise, ajymean: Linear saturation to BP mean noise, agy,: Square wave
noise, aps: High frequency noise, gq/ST: gqrs/SSE-TKE, ep/ST: epltd/SSF-TKE and gqg/ep:
gqrs/epltd.

Table A.14: Heart beat detection performance of majority
voting fusion method on ECG ’em’ noise and different types

of ABP noises of synthetic noise dataset

ABP Noise F1 Score (%) Improvement in
] in F1 score due to
Hotse ECG voting over
& gqrs/epltd (%)
ABP SSF- Voting Voting
gqrs | epltd ABP = ; = ; -
(dB) TKE eq/ST | ep/ST"| gglep | gq/ST | ep/ST+| gqlep
0 91.28 | 99.79 | 100.0 | 75.00 | 99.73 | 99.73 | 99.66 | 8.45 | -0.06 | -0.13
-3 85.54 | 98.33 | 100.0 | 75.00 | 99.73 | 99.66 | 99.66 | 14.19 | 1.33 | 1.33
Asmax | -6 83.02 | 93.73 | 99.93 | 75.00 | 99.73 | 99.66 | 99.66 | 16.71 | 5.93 | 5.93
-9 79.98 | 87.05 | 99.79 | 74.74 | 99.73 | 99.66 | 99.66 | 19.75 | 12.61 | 12.61
-12 77.47 | 85.37 | 98.57 | 74.49 | 99.73 | 99.66 | 99.66 | 22.26 | 14.29 | 14.29
0 91.28 | 99.79 | 100.0 | 82.57 | 99.73 | 99.73 | 99.66 | 8.45 | -0.06 | -0.13
-3 85.54 | 98.33 | 100.0 | 82.35 | 99.73 | 99.66 | 99.66 | 14.19 | 1.33 | 1.33
Asmin | -6 83.02 | 93.73 | 99.93 | 82.29 | 99.73 | 99.66 | 99.66 | 16.71 | 5.93 | 5.93
-9 79.98 | 87.05 | 99.79 | 81.61 | 99.73 | 99.66 | 99.66 | 19.75 | 12.61 | 12.61
-12 77.47 | 85.37 | 98.57 | 79.81 | 99.73 | 99.66 | 99.66 | 22.26 | 14.29 | 14.29
0 91.28 | 99.79 | 100.0 | 99.73 | 99.73 | 99.73 | 99.73 | 8.45 | -0.06 | -0.06
-3 85.54 | 98.33 | 100.0 | 99.59 | 99.73 | 99.73 | 99.73 | 14.19 | 140 | 1.40
Qlamean | -6 83.02 | 93.73 | 99.93 | 99.46 | 99.73 | 99.73 | 99.73 | 16.71 | 6.00 | 6.00
-9 79.98 | 87.05 | 99.79 | 75.00 | 99.73 | 99.73 | 99.73 | 19.75 | 12.68 | 12.68
-12 77.47 | 85.37 | 98.57 | 75.00 | 99.73 | 99.73 | 99.73 | 22.26 | 14.36 | 14.36
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0 91.28 | 99.79 | 100.0 | 74.33 | 99.73 | 99.73 | 99.66 | 845 | -0.06 | -0.13
-3 85.54 | 98.33 | 100.0 | 74.26 | 99.73 | 99.66 | 99.66 | 14.19 | 1.33 1.33
Agw -6 83.02 | 93.73 | 99.93 | 73.92 | 99.73 | 99.66 | 99.66 | 16.71 | 593 | 593
-9 79.98 | 87.05 | 99.79 | 68.50 | 99.73 | 99.66 | 99.66 | 19.75 | 12.61 | 12.61
-12 77.47 | 85.37 | 98.57 | 65.97 | 99.73 | 99.66 | 99.66 | 22.26 | 14.29 | 14.29
0 91.28 | 99.79 | 100.0 | 71.79 | 99.73 | 99.73 | 98.92 | 845 | -0.06 | -0.88
-3 85.54 | 98.33 | 100.0 | 71.44 | 99.73 | 98.85 | 98.85 | 14.19 | 0.52 | 0.52
apf -6 83.02 | 93.73 | 99.93 | 70.75 | 99.73 | 98.19 | 98.19 | 16.71 | 4.46 | 4.46
-9 79.98 | 87.05 | 99.79 | 70.90 | 98.85 | 98.79 | 98.79 | 18.87 | 11.73 | 11.73
-12 77.47 | 85.37 | 98.57 | 70.36 | 99.73 | 99.66 | 99.66 | 22.26 | 14.29 | 14.29
* Abbreviations:- agmax: Exponential saturation to BP maxm. noise, agyi,: Exponential
saturation to BP minm. noise, ajamean: Linear saturation to BP mean noise, agy,: Square wave
noise, aps: High frequency noise, gq/ST: gqrs/SSE-TKE, ep/ST: epltd/SSF-TKE and gqg/ep:
gqrs/epltd.
Table A.15: Heart beat detection performance of majority
voting fusion method on ECG "ma’ noise and different types
of ABP noises of synthetic noise dataset
Noise F1 Score (%) Improvement
ABP in in F1 score
Noise ECG due to voting
& over
ABP gqrs/epltd
(dB) (%)
SSF- Voting Voting
gqrs epltd ABP
TKE 2qrs/SSF-TKE epltd/SSF- cqrslepltd | gqrs/SSF-TKE epltd/SSF- sqrsfepltd
TKE TKE
0 88.14 | 97.73 | 99.79 | 75.00 | 99.73 99.73 | 99.73 | 11.59 2.00 2.00
-3 84.89 | 93.81 | 99.79 | 75.00 | 99.73 99.73 | 99.66 | 14.84 5.92 5.85
amax | -0 81.11 | 91.71 | 98.71 | 75.00 | 99.73 99.66 | 99.66 | 18.62 7.95 7.95
-9 78.80 | 88.17 | 96.54 | 74.74 | 99.73 99.66 | 99.66 | 20.93 1149 | 11.49
-12 76.57 | 85.60 | 89.51 | 74.49 | 99.73 99.66 | 99.66 | 23.16 14.06 | 14.06
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0 88.14 | 97.73 | 99.79 | 82.57 | 99.73 99.73 | 99.73 | 11.59 2.00 2.00
-3 84.89 | 93.81 | 99.79 | 82.35 | 99.73 99.73 | 99.66 | 14.84 5.92 5.85
amin | -0 81.11 | 91.71 | 98.71 | 82.29 | 99.73 99.66 | 99.66 | 18.62 7.95 7.95
-9 78.80 | 88.17 | 96.54 | 81.61 | 99.73 99.66 | 99.66 | 20.93 11.49 | 11.49
-12 76.57 | 85.60 | 89.51 | 79.81 | 99.73 99.66 | 99.66 | 23.16 14.06 | 14.06
0 88.14 | 97.73 | 99.79 | 99.73 | 99.73 99.73 | 99.73 | 11.59 2.00 2.00
-3 84.89 | 93.81 | 99.79 | 99.59 | 99.73 99.73 | 99.73 | 14.84 5.92 5.92
amean | -0 81.11 | 91.71 | 98.71 | 99.46 | 99.73 99.73 | 99.73 | 18.62 8.02 8.02
-9 78.80 | 88.17 | 96.54 | 75.00 | 99.73 99.73 1 99.73 | 20.93 11.56 | 11.56
-12 76.57 | 85.60 | 89.51 | 75.00 | 99.73 99.73 | 99.73 | 23.16 14.13 | 14.13
0 88.14 | 97.73 | 99.79 | 74.33 | 99.73 99.73 | 99.73 | 11.59 2.00 2.00
-3 84.89 | 93.81 | 99.79 | 74.26 | 99.73 99.73 | 99.66 | 14.84 5.92 5.85
aw | -6 81.11 | 91.71 | 98.71 | 73.92 | 99.73 99.66 | 99.66 | 18.62 7.95 7.95
-9 78.80 | 88.17 | 96.54 | 68.50 | 99.73 99.66 | 99.66 | 20.93 11.49 | 11.49
-12 76.57 | 85.60 | 89.51 | 65.97 | 99.73 99.66 | 99.66 | 23.16 14.06 | 14.06
0 88.14 | 97.73 1 99.79 | 71.79 | 99.73 99.86 | 98.98 | 11.59 2.13 1.25
-3 84.89 | 93.81 | 99.79 | 71.44 | 99.86 99.06 | 97.99 | 14.97 5.24 4.18
ant | -6 81.11 | 91.71 | 98.71 | 70.75 | 99.12 98.39 | 97.67 | 18.01 6.67 5.95
-9 78.80 | 88.17 | 96.54 | 70.90 | 99.73 98.78 | 98.85 | 20.93 10.61 | 10.68
-12 76.57 | 85.60 | 89.51 | 70.36 | 99.73 98.92 | 98.99 | 23.16 13.32 | 13.39
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Table A.16: HR estimation performance of majority voting

fusion method with gqrs/SSF-TKE combination on Phys-
10Net/CinC Challenge 2014 training dataset

Signal Total HR rMSE (bpm)
No. number | ECG | ABP | EEG | EOG | EMG | Voting
of beats | (gqrs) (gqrs/SSF
TKE)

100 693 0.02 | 12.75 | 7.81 0.05
101 797 0.02 | 342 | 11.64 0.10
102 685 096 | 0.06 | 4.11 0.07
103 707 0.17 | 0.09 | 799 | 9.56 | 13.78 0.21
104 720 0.02 | 1.17 | 9.42 0.05
105 724 0.03 | 2.04 | 1149 0.07
106 888 1.99 | 131 | 1473 | 11.87 | 22.02 0.17
107 757 299 | 1.60 | 12.76 1.34
108 907 0.06 | 0.21 | 12.06 | 14.80 | 17.22 0.09
109 655 1.32 | 091 | 12.19 0.05
110 735 1.10 | O0.11 | 8.18 1.12
111 690 0.64 | 0.85 | 639 | 232 | 446 1.05
112 707 1952 | 0.86 | 7.40 | 2.69 | 6.95 0.14
113 665 498 | 2790 | 9.16 | 8.24 | 10.86 0.16
114 631 095 | 277 | 2.12 0.08
115 648 0.03 | 0.11 | 13.46 0.21
116 169 0.14 | 0.56 | 26.87 0.13
117 868 1.24 | 551 | 17.73 | 11.93 | 16.79 0.17
118 551 0.04 | 547 | 17.11 | 14.73 | 15.66 0.06
119 741 0.56 | 0.09 | 3.03 1.07 | 1.76 0.12
120 722 0.02 | 1.38 | 9.42 0.09
121 883 0.06 | 0.23 | 13.40 | 17.35 | 20.31 0.14
122 631 1.84 | 3.75 | 4.88 0.18
123 734 0.04 | 0.08 1.71 1.21 1.11 0.07
124 787 18.08 | 8.70 | 11.20 | 5.81 | 9.36 0.25
125 721 0.03 | 0.07 | 6.26 0.03
126 635 0.05 | 0.04 | 10.54 | 10.13 | 9.96 0.07
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127 738 1.09 | 142 | 10.10 0.22
128 800 0.02 | 0.10 | 9.72 0.03
129 685 0.01 | 0.10 | 7.55 0.07
130 838 0.17 | 1.07 | 7.04 0.27
131 693 12.08 | 37.32 | 9.47 0.24
132 869 1.81 | 3.52 | 12.43 | 7.34 | 16.67 0.15
133 792 26.66 | 2.76 | 14.22 1.89
134 757 0.84 | 0.10 | 7.55 0.09
135 661 0.07 | 0.14 | 8.97 0.09
136 695 0.02 | 0.06 | 6.66 0.03
137 728 0.02 | 0.08 | 7.34 0.09
138 740 005 | 1.25 | 940 | 454 | 5.16 0.06
139 601 0.65 | 1.07 | 12.33 0.64
140 715 0.82 | 0.09 | 13.96 0.82
141 702 0.02 | 0.10 | 4.19 0.04
142 600 0.02 | 053 | 11.95 0.02
143 920 1.50 | 294 | 9.55 | 13.36 | 16.23 0.10
144 527 098 | 021 | 924 | 038 | 8.81 0.99
145 708 1.15 | 299 | 331 | 7.99 | 9.94 0.04
146 794 2253 | 0.08 | 922 | 6.20 | 7.99 0.15
147 872 0.17 | 0.12 | 5.33 0.26
148 728 18.26 | 0.06 | 10.59 0.08
149 727 0.04 | 146 | 1.61 | 597 | 498 0.07
150 811 0.04 | 1.06 | 12.35 0.04
151 806 0.09 | 0.85 | 843 0.09
152 595 0.02 | 032 | 14.02 0.01
153 566 3.80 | 7.90 | 15.21 | 12.96 | 12.18 1.04
154 920 520 | 11.88 | 14.30 0.45
155 745 020 | 0.09 | 891 | 3.34 | 7.99 0.28
156 882 888 | 1.74 | 19.58 0.08
157 717 0.06 | 0.08 | 11.70 0.11
158 838 1.12 | 0.15 | 11.33 1.16
159 710 0.75 | 0.07 | 3.39 0.10
160 659 234 | 0.13 | 543 2.49
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161 670 005 | 005 | 948 | 6.55 | 5.23 0.12
162 690 003 | 349 | 877 | 6.56 | 875 0.09
163 884 0.06 | 0.24 | 10.82 | 14.51 | 16.54 0.15
164 872 1.09 | 093 | 6.83 | 949 | 13.31 0.12
165 646 1.39 | 0.10 | 10.43 1.42
166 684 253 | 248 | 12.08 0.21
167 736 0.55 | 0.07 | 642 0.03
168 860 15.68 | 0.90 | 18.77 0.08
169 785 30.39 | 0.14 | 13.25 0.25
170 738 0.02 | 007 | 551 0.02
171 665 0.04 | 0.10 | 12.49 0.17
172 880 8.65 | 0.85 | 14.98 2.24
173 728 1.04 | 0.11 | 9.82 1.04
174 805 0.05 | 0.12 | 11.03 0.08
175 723 6.24 | 0.09 | 11.35 | 230 | 844 0.28
176 688 245 | 231 | 835 | 6.18 | 9.12 0.17
177 689 692 | 220 | 7.80 | 7.30 | 8.25 1.88
178 774 1.25 | 0.73 | 7.57 | 2.06 | 4.45 0.08
179 861 0.07 | 856 | 15.44 | 14.08 | 17.41 0.14
180 884 4.02 | 1.31 | 10.96 1.11
181 655 002 | 0.05 | 9.89 | 4.838 | 9.14 0.04
182 791 0.07 | 005 | 6.16 | 7.73 | 4.93 0.07
183 697 0.03 | 052 | 693 | 140 | 6.13 0.03
184 602 0.08 | 1.56 | 13.66 | 12.65 | 15.89 0.08
185 729 046 | 0.08 | 6.60 0.13
186 726 0.01 | 0.73 | 5.48 0.03
187 592 1.06 | 0.05 | 14.04 | 14.41 | 15.27 0.05
188 841 35.10 | 1.67 | 13.88 1.58
189 721 20.01 | 096 | 783 | 637 | 7.55 0.34
190 698 428 | 0.05 | 748 | 4.69 | 9.16 0.10
191 460 5.68 | 0.13 | 10.06 0.15
192 721 4.14 | 044 | 6.32 0.04
193 597 0.02 | 0.77 | 4.38 0.05
194 841 0.04 | 145 | 24.34 0.09
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195 717 293 | 0.11 | 11.55 1.47
196 527 0.73 1.96 | 13.22 0.74
197 681 0.54 | 16.28 | 1.80 | 7.19 | 9.87 0.56
198 699 1971 | 096 | 826 | 3.53 | 9.61 0.14
199 666 0.04 1.01 | 6.35 0.04
1020 600 5.10 | 0.57 | 1342 0.07
1023 635 0.05 | 0.04 | 10.54 | 10.13 | 9.96 0.07
1032 799 0.16 | 4.40 | 19.38 0.74
1069 738 0.02 1.24 | 10.18 0.06
1073 602 0.08 1.56 | 13.66 | 12.98 | 15.89 0.08
1503 751 1979 | 3.22 | 10.54 | 7.25 | 9.68 0.25
2283 784 68.29 | 10.88 | 25.43 4.87
2527 701 17.55 | 0.12 | 14.12 | 8.42 | 8.87 0.11
2800 752 41.87 | 16.78 | 13.41 4.02
3188 822 39.78 | 14.76 | 18.16 1.48
Total 79597

Average

HR rMSE 490 | 246 | 1035 | 7.83 | 10.54 0.42
(bpm)
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Table A.17: HR estimation performance of majority voting

fusion method with combination of QRS detectors on MIT-

BIH Polysomnographic database

Signal Total HR (rMSE)
No. number | ECG | ABP | EEG | EOG | EMG | Voting Voting Voting
of beats | (gqrs) (gqrs/SSFr (epltd/SSK-(gqrs/epltc
TKE) TKE)

slp Ola 7806 0.57 | 1.02 | 2.82 0.56 0.07 0.45
slp O1b 11467 1.00 | 4.57 | 5.07 0.67 1.84 2.19
slp 02a 16145 4.65 | 590 | 9.79 3.14 0.88 2.66
slp02b 11317 6.78 | 433 | 12.90 4.56 1.74 1.54
slp 03 24917 428 | 2.11 | 10.79 1.23 1.67 2.71
slp 04 27029 6.57 | 4.18 | 11.13 1.27 1.01 0.92
slp 14 22920 207 | 698 | 12.17 1.77 0.83 2.27
slp 16 27604 7.20 | 198 | 14.83 1.68 0.84 1.39
slp 32 21718 5.08 | 1.30 | 10.70 | 6.71 | 9.98 1.01 0.48 0.71
slp 37 30611 1.78 | 3.69 | 13.85 | 14.59 | 17.33 0.49 0.41 0.36
slp 41 25884 144 | 762 | 980 | 8.61 | 9.11 0.75 0.45 0.96
slp 45 27686 312 | 128 | 7.75 | 478 | 5.90 0.77 0.56 0.83
slp 48 24711 1.91 1.13 | 10.73 | 9.00 | 11.70 0.28 0.24 0.52
slp 59 16901 0.12 | 1.84 | 10.81 0.20 0.16 0.05
slp 60 25017 0.25 1.82 | 22.34 0.51 0.54 0.51
slp 61 25482 0.53 1.35 | 11.86 0.63 0.35 0.39
slp 66 15775 0.01 1.34 | 8.26 0.11 0.24 0.05
slp 67x 5374 0.02 | 0.85 | 8.37 0.19 0.06 0.05
Total 368364
Average
HR

263 | 296 | 10.78 | 8.74 | 10.80 1.10 0.69 1.03
rMSE
(bpm)
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