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Abstract. Abnormality in the heart rhythm owing to premature ventricular contraction (PVC) often causes

fatal cardiac consequences. Normally, early detection of PVC uses long-term Electrocardiogram (ECG) mon-

itoring (Holter) techniques. In recent days, Photoplethysmography (PPG) based approaches are also being

adopted for PVC detection. Primarily, the lower cost and effortless acquisition of PPG makes it suitable for long-

term continuous monitoring applications. However, the PPG-based PVC detection method has not been stan-

dardized yet and it is an open research problem to date. In this research, a less complicated and automated PVC

detection method is proposed that uses PPG signal-based analysis only. Instead of any computationally intense

time-plane features, the overall morphology of each of the PPG beats is quantified using two simple statistical

parameters. Variations of these two parameters are then employed as features to identify the abrupt morpho-

logical changes caused by PVC. The proposed features are also used to identify and eliminate noisy data

segments and minimize the rate of false detections. Finally, a simple threshold-based criterion is used to identify

the presence of PVC beats among the normal beats. After evaluation over the PPG signal records obtained from

the MIMIC dataset, the proposed method exhibits sensitivity, specificity and accuracy of 99.23%, 99.68% and

99.05%, respectively. Compared to other ECG or PPG-based methods, the methodological simplicity and the

overall noteworthy outcome associated with the proposed PPG-based PVC detection technique show immense

potential for implementation in personalized health monitoring applications.

Keywords. Computerized disease detection; expert health system; photoplethysmography; premature

ventricular contraction (PVC); statistical feature extraction.

1. Introduction

In recent decades, the dire influences of cardiovascular

diseases (CVDs) have been considered as a leading cause of

increased mortality in our society and even today it is being

treated as a serious health concern [1]. Certain cardiac

abnormalities are found to be associated with the rhythmic

inconsistency of the cardiac cycles, commonly known as

arrhythmia [2]. Out of many, premature ventricular con-

traction (PVC) is regarded as a specific kind of cardiac

arrhythmia, found to be present in normal people as well,

without having a medical history of any cardiac diseases

[3]. The problem of PVC originates due to the presence of

ectopic centers in the ventricles, which in turn causes pre-

mature heartbeats as a result of premature contraction of the

ventricle [4]. Recent research shows that, apart from its

apparent benign nature, the effects of PVC often lead to

serious life threatening cardiac disorders such as heart

failure [5], atrial fibrillation [6] and ventricular fibrillation

[7], etc.

Hence, early detection of PVC plays an important role to

reduce cardiac disease-related mortality rates.

The conventional approaches for arrhythmia detection

are typically based on long-term monitoring (Holter) and

analysis of the ECG signal [8]. However, for the sake of

accuracy and to avoid manual overload, recent ECG based

methods are employing different computerized approaches.

Most often these automated methods use different types of

feature, such as ECG morphological features [9], PCA

based features [10], frequency-based features [11], Con-

volutional neural networks (CNNs) [12] and also different

classification methodologies such as linear discriminants

[9, 10] artificial neural networks [11], decision trees, sup-

port vector machines and random forest [12], etc. for
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automated identification of arrhythmic beats. Apart from

the complicacy involved in these feature extraction and

classification techniques, the use of the ECG signal itself

also imposes certain limitations as mentioned below.

(1) ECG acquisition is relatively costly and complicated;

(2) ECG requires multiple electrodes to be placed at dif-

ferent parts of the body via conductive gel, which imposes a

direct effect on patient comfort and mobility; (3) proper

acquisition of ECG signal requires skilled operators and (4)

ECG signal quality is found to be compromised by

improper placement of ECG electrodes, the presence of

multiple noises and movement-related artefacts [13, 14].

These limitations sometimes impose a major restriction on

the use of computationally intense ECG based techniques

for long term monitoring applications.

Consequently, as a competent alternative, different non-

invasive and unique properties of Photoplethysmogram

(PPG) signal are now being extensively investigated,

because of its suitable, inexpensive acquisition technology

and operative independent operational facilities. Typically,

a non-invasive and electro-optic technique is exploited in

the Photoplethysmography method in order to extract the

information related to the variation in the blood volume at

different human body extremities (i.e. earlobe, fingertip

and toe). Usually, the low-frequency morphology (ap-

proximately 1 Hz) of the PPG wave includes a pulsating

AC-part (corresponds to the average changes in blood

volume with each cardiac cycle) overlapped on a quasi-

DC part (indicating the influence of respiration and

vasomotor activity, etc.). The pulsatile part of the PPG

single is characterized by some clinically significant

fiducial points, as illustrated in a single PPG beat wave-

form of figure 1 [15, 16].

Contemporary researches have revealed the fact that,

analysis of the PPG signal [17] features essentially leads to

the extraction of a variety of cardiovascular factors for

instance heart rate (HR) [18], cardiac outputs (CO) [19] and

blood pressure (BP) [20], etc. Moreover, PPG signal fea-

tures also present suitable promise to identify different

cardiac disorders such as myocardial infarction (MI)

[21, 22], premature ventricular contraction (PVC) [23–26].

To date, only a handful of literature is available that

exploits the clinical aspects of the PPG signal to indicate

the presence of premature ventricular contraction (PVC)

[23–26]. The method proposed in [23] uses the correlation

characteristics of a 2-lead ECG and PPG to analyze the

arrhythmic heartbeats. Then, peak-to-peak interval (PPI) of

the pulse and the pulse height features are used for accurate

quantification of the arrhythmic pulse over a very small

dataset, taken from three subjects only. The inherent

potential of the PPG signal in terms of amplitude, rhythm,

and pulse analysis for PVC detection is explained in [24]

without any quantification. In [25], PVC beats are initially

marked by the ECG signal and the turbulence onset, slope

and shape-related parameters are computed from the PPG

beats. The extracted PPG features are then used in a linear

classifier to carry out PVC classification over a PPG dataset

obtained from 27 patients with 4131 PVC beats. Six tem-

poral (peak-to-peak intervals) and power-derived features

(the power ratios) are used in [26] to classify PVC beats

using artificial neural network. The methodology uses the

R-R interval of the synchronously recorded ECG signal for

manual annotation of the PVC beats in the corresponding

PPG signal. The entire algorithm is evaluated over the

twenty-six PPG dataset with 3280 PVC beats and finally

shows the classification of two distinct types of PVC (PVC

with large or small pulse amplitude) with reasonable

accuracy. However, most of the above-mentioned research

either uses (1) the detection of multiple fiducial points

[23, 25], (2) the extraction of multiple features [25, 26], or

(3) uses a complicated classification model [26].

In this research, the detection of a number of fiducial

points and the extraction of computational intense time

plane features are avoided and the overall PPG beat mor-

phology is represented in terms of two easy-to-extract sta-

tistical parameters via accurate detection of PPG onset

points only. The calculated beat-to-beat difference of these

two parameters present discriminating separation for the

PVC betas as compared to the normal beats and hence are

used as features to identify the occurrence of PVC by

means of a simple threshold-based classification technique.

Compared to the above-mentioned researches [23–26], both

the adopted feature extraction and classification techniques

present much reduced computational complexity with a

promise to be implemented in personal health monitoring

devices. Furthermore, the same extracted features, com-

bined with two less complicated conditions are also used to

identify and discard the PPG beats degraded with motion

artefacts. The adopted artefact removal methodology is

very simple and requires no advanced signal analysis

techniques. The efficiency of the developed algorithm

method is validated over the standard dataset obtained from

the MIMIC database.

Figure 1. A representative Photoplethysmography (PPG) signal

beat along with its detected characteristic points.
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The remainder of the article is structured as follows. The

entire methodological details regarding the developed

algorithm and also particulars about the selected database

are explained in Section 2. The experimental results

obtained and evaluation of the proposed algorithm with

other current state-of-the-art works is described in Sec-

tion 3. Detailed discussion related to the robustness and

competence of the algorithm is carried out in section 4.

Finally, the synopsis of the work and the prospect of the

proposed method are concluded in Section 5.

2. Methodology

The entire methodology followed in the developed PVC

detection algorithm is presented in the block diagram of

figure 3. The whole endeavor has been classified into four

key sections: (i) denoising of the acquired PPG signal and

detection of PPG onset points, (ii) extraction of PPG signal

features; (iii) elimination of noisy beats using the extracted

features; and at the end, (iv) PVC beat classification based

on the obtained features.

2.1 Database used

The detection of PVC using PPG signal features is quite

a new area of research and therefore, no standard PPG

based PVC dataset is available to date. In the present

research, the presence of PVC is identified using twenty

five PPG signal records of 1 to 2-hour duration, collected

from the Physionet MIMIC Database [27] with a sam-

pling frequency of 125 Hz. However, to minimize the

errors in the detected fiducial points and the calculated

features, the collected PPG datasets are again re-sampled

to 250 Hz. While collecting all the PPG signal records,

the corresponding ECG signal records are also taken into

account to facilitate the identification of the PVC beats

as shown in figure 2. In this case, primarily the PVC

induced abnormalities are identified in the ECG signal

beats by investigating the nature of the ‘QRS-complex’,

‘R-R interval’ and the polarity of the R-peaks respec-

tively. Each of the ECG based PVC beats are then uti-

lized for manual annotation of the PVC beats in the

corresponding PPG signal. In the present research, after

examining the entire database, near about 2,423 PVC

beats are taken into account for analysis. After detection

of the PPG based PVC beats, the rest of the PPG beats

with normal sinus rhythm are considered as the non-PVC

(N).

It is to be mentioned that, during the investigation, PPG

signal records obtained from other subjects of the database

has not been taken into account due to the presence of

massive signal corruptions, pathological variation or due to

the absence of exploitable signal information. Detail

description about the used database is given in table 1

below.

2.2 Preprocessing and normalization

During the course of PPG data acquisition, the signal

quality is vastly compromised by various factors. Mostly,

the amount of light captured by the photo-detector, stability

of the index finger pressure on the acquisition sensor,

inadequate blood perfusion at the peripheral tissues and the

episodes of motion artefact noises often impose detrimental

changes in the signal morphology and make it incompetent

for further processing [28], etc.

Although, the techniques used for the detection of onset

points of the PPG signal follows signal derivative-based

methodologies. Consequently, the algorithm becomes sen-

sitive to high-frequency noise and artefacts. Hence, to

minimize the effect of high-frequency noise, the PPG sig-

nals used in the present research are de-noised using a finite

impulse response (FIR) band-pass filter having a cut-off

frequency ranging from 0.5 to 15 Hz. The use of a band

pass filter not only facilitates effective removal of the high-

frequency noise elements but also helps to maintain the

clinical bandwidth of the PPG signal.

Figure 2. Two typical ECG signal based PVC segments (a1 and a2) and the effect of PVC on the corresponding PPG signals (b1 and

b2) are presented with highlighted marked zones.
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After denoising, in order to facilitate further evaluation

of all the PPG records under the same scale, amplitude

normalization of the denoised PPG signal within the range

of 0 to 1 is carried out using equation (1).

Vnorm ¼
Vsignal � Vsignal minð Þ

Vsignal maxð Þ � Vsignal minð Þ

� �
ð1Þ

In the above equation, Vsignal ¼ denoised PPG data,

VsignalðminÞ orVsignalðmaxÞ
� �

= the minimum (or the maxi-

mum) reference value of the PPG data, Vnorm = the nor-

malized PPG data.

2.3 Beat segmentation

In order to quantify sudden irregular variation in the PPG

signal due to PVC, careful inspection of the PPG waveform

morphology via beat-by-beat segmentation is required.

Physiologically, the pulse onset corresponds to the begin-

ning of the blood ejection into the aorta as a result of

ventricular contraction. Whereas, the systolic peak signifies

the maximum changes in the blood volume and also indi-

cates the end of blood ejection in the PPG waveform [16].

In this research, the onset-to-onset segmentation of the PPG

beats is carried out using a robust, accurate and less com-

putationally intensive technique, as described in [29]. At

first, the mentioned algorithm facilitates the identification

of all the characteristic points from the PPG first derivative

(FDPPG).

Accurate positions of these detected FDPPG fiducial

points are then employed to locate the precise location of

the PPG onset points. As a whole, the detection of PPG

onset uses no computationally rigorous transformation

methodologies. Rather, the methodology follows signal

derivatives; amplitude thresholding, slope reversal and

empirical formula based less complicated mathematical

techniques in order to confirm its easy realization in the

hardware level. A visual illustration of beat segmentation is

presented in figure 3.

2.4 Feature extraction

Premature ventricular contraction (PVC) causes irregularity

in the heartbeat, which can be realized in the form of pal-

pitation in the chest. Usually, in the case of PVC, the

ventricular contraction begins even when it is partially fil-

led with blood by the atria and thus resulting in a skipped

beat. Such discrepancies due to premature contraction of

the ventricle present a distinct signature in the electrical

response (ECG wave) of the heart as reported by many

studies [9–12]. Moreover, this sudden imbalance in the

cardiac cycle due to PVC should also affect the mechanical

pumping activity of the heart and must impose improper

variation on the ejected blood volume rate also. Now, with

each cardiac cycle, these resulting changes in the blood

volume can be quantified at multiple marginal sites of the

body in the form of PPG signal. Therefore, rapid and

irregular variations in the morphology of the PPG beat can

be thought of as an efficient alternative for the non-invasive

detection of PVC.

The primary objective of the proposed research is to

present a simple and highly implementable PVC detection

technique based on nominal analysis of the PPG signal. In

general, PPG signal analysis can be categorized into two

parts. (1) Analysis of the PPG signal via extraction of time

domain features. (2) Frequency domain analysis of the PPG

signal via some computationally intense transform based

technique.

However, feature extraction in the time domain neces-

sitates precise detection of a number of fiducial points from

the PPG waveform. The required fiducial point detection

algorithm in turn enhances the computational load of the

overall analysis. Whereas, apart from its inherent com-

plexity, the adopted transform based technique on the other

hand creates confusion about the selection of the coeffi-

cients while representing the signal. Consequently, careful

inspection is carried out in the present research while

selecting the feature type and dimension.

Generally, every PPG beat contains a prominent primary

peak and its time-plane morphology is found to be analo-

gous to the probability distribution curve. Hence, variation

of two statistical features, kurtosis and skewness has been

chosen to describe the morphological changes in the PPG

signal due to PVC. Inherently, kurtosis is used to quantify

the peakedness of any distribution. Whereas, skewness is

used to measure the symmetry (or asymmetry) of the data

values around the sample mean [30]. The occurrence of

PVC episodes is associated with abrupt changes in the PPG

signal. Hence, immediately after the PVC episodes, these

two parameters are found to capture the resulting effects on

the PPG beat morphology very efficiently. Most

Table 1. Details about the used PPG dataset collected from

MIMIC dataset.

Record

no.

Collected PVC

beats

Record

no.

Collected PVC

beats

039 m 0 404 m 0

041 m 0 408 m 9

055 m 1 439 m 12

211 m 0 442 m 1295

212 m 164 444 m 7

218 m 0 449 m 6

221 m 10 466 m 3

224 m 0 471 m 1

225 m 0 474 m 2

230 m 0 482 m 48

237 m 37 484 m 67

252 m 0 485 m 761

253 m 0 – –

Total 212 Total 2211

   28 Page 4 of 11 Sådhanå           (2022) 47:28 



importantly, these parameters can be easily calculated

based on the algebraic values of the PPG samples, involves

the detection of PPG onset only and requires minimal

infrastructure to implement. In the case of a PPG beat y (n)

of length N, the kurtosis and skewness values are calculated

by the following equation

Kurtosis Kð Þ ¼
1
N

PN
i¼1 yi � yð Þ4

1
N

PN
i¼1 yi � yð Þ4

n o2

2
64

3
75 ð2Þ

Skewness Sð Þ ¼
1
N

PN
i¼1 yi � yð Þ3ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

PN
i¼1 yi � yð Þ2

q� �3

2
6664

3
7775 ð3Þ

Here, yi = ith sample value and y = mean value of the

corresponding PPG beat.

Beat-to-beat extracted values of kurtosis and skewness,

as plotted in figures 4(b) and figure 4(c) indicate

stable variation of these values for normal beats and abrupt

variation for PVC beats. Although, depending on the

pathophysiological conditions, sometimes beat-to-beat

kurtosis and skewness values of few normal PPG pulses

present compatible variation with the PVC beats. Hence,

beat-to-beat differences of these two parameters, denoted

by DIK (difference in kurtosis) and DIS (difference in

skewness) are computed and taken as features in this

research to identify the presence of PVC beats in the PPG

signal. In Figures 4(b) And 4(c), differences of kurtosis

(DIK) and skewness (DIS) values between the PVC beat

(k2 or s2) and the previous (k1 or s1) or next normal beat

(k3 or s3) are shown by an example. Evidently, in the

presence of a PVC beat, the corresponding DIK and DIS

values present a discriminating higher range compared to

the normal beats. Finally, the extracted DIK and DIS fea-

ture values are evaluated using a simple threshold-based

classification technique for the identification of PVC beats.

The generalized threshold condition is determined after

trying the algorithm over the entire datasets.

The calculated DIK and DIS feature values, obtained

from the normal PPG and PVC induced PPG beats are also

represented in the box plot of figure 5. Evidently, the

median value of figure 5 presents discriminating difference

for the PVC beats compared to the normal beat. A two-

sample t-test is also carried out in order to justify the

supremacy of the chosen statistical features and the out-

come is indicated in figure 5 with minimized p-values

(\0.0001). The obtained low p-values for both of the fea-

tures also indicate the potential of these extracted features

to classify the existence of PVC beats from the normal.

2.5 Elimination of the artefact corrupted PPG
beats

As stated earlier, PPG acquisition methodologies are highly

affected by motion artefacts (MA). Unusual movement of

the subjects often introduces sudden and intermittent arte-

facts in the acquired PPG signal with random morpholog-

ical variations as indicated within the marked zone of

figure 6(a). Eventually, the altered wave morphology

associated in the MA induced PPG signal waveform causes

random variation in the extracted feature values, which

might often lead to false detection of the PVC beats. As a

whole, the effect of MA corruption distorts the embedded

clinical information by diminishing the signal quality. In

the proposed method, instead of using any advance motion

artefact removal technique, the data segment corrupted with

MA is removed by means of simple and convenient criteria

as discussed below.

Criterion 1: After evaluation over the whole database, it

can be seen that the calculated PPG onset-to-onset time

intervals are either lower than 300 ms or higher than 1500

ms respectively. This corresponds to the upper and lower

threshold values of an individual’s heart rate as 200 beats/

minute or 40 beats/ minute and also facilitates rejection of

artefact corrupted beats.

Criterion 2: The difference in kurtosis (DIK) and skew-

ness (DIS) values between two consecutive beats must lie

above some threshold values [above 1 for DIK and above

0.8 for DIS]. Both of the threshold values are chosen

empirically and are indicated by dashed line in fig-

ures 6(b) and also in figure 6(c), respectively.

Figure 3. Block diagram representation of the entire methodology for PVC detection. Subsequent to pre-processing and normalization,

the onset points of the PPG signal are detected in order to facilitate the calculation of two statistical parameters from each of the PPG

beats. The calculated beat-to-beat difference values (DIK and DIS) of the extracted parameters are then considered as features. The

extracted features are also used to eliminate noisy beats with two simple criterions. Finally, the features are used to classify the PVC

beats via a less complicated threshold-based classification technique.
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2.6 Classification

The median values of each of the proposed feature,

obtained from the box-plot distribution characteristics of

figure 5 and also the obtained p-values of each of the
extracted features present considerable discrimination
between the normal and the PVC class. In the proposed
algorithm, instead of any complicated classification

Figure 4. a A typical amplitude normalized PPG based PVC record is presented, where the occurrence of PVC beats are marked within

the dashed lines. Figure b and c indicates the calculated values of Kurtosis and c Skewness parameter against the PPG beats. From the

above figure, it is evident that these parameters present discriminating higher values for the PVC beats compared to the normal beats.

Figure 5. Statistical distribution of the extracted features, difference in a Kurtosis and b Skewness values are shown in the box-plot for

normal (N) and PVC beats respectively. The median is indicated in the box by the middle line, the edges represent the 75th and 25th

percentiles and the outliers are indicated by the whiskers. Moreover, the calculated p-values of these features are also indicated in the

figures.
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techniques, the adopted features are simply classified by

means of a simple threshold-based decision rule method.

The decision rule adopted to classify with feature values

(DIK and DIS) into one of the two classes is formulated as

follows

Beatn ¼
PVC;Kn � Kn�1 [ DIKthð ÞorKn � Knþ1 [ DIKthð Þand

Sn � Sn�1 [ DISthð ÞorSn � Snþ1 [ DISthð Þ

Normal; else

8>>>>>><
>>>>>>:

ð4Þ

The intra-class variation between the adopted features

(DIK and DIS) is also represented in figure 7 in the form of

a two-dimensional scatter plot. Clearly, figure 7 shows that

in comparison with the normal class, the proposed attri-

butes present much ample variation for the PVC.

3. Experimental results

In general, the efficiency of the developed algorithm is

exhibited by means of four standard parameters, form

instance, detection accuracy (Acc), sensitivity (Se), speci-

ficity (Sp) and also the receiver operating characteristic

(ROC) curve respectively. Details of the performance

evaluators are formulated as follows.

Sensitivity Seð Þ ¼ TP

TPþ FN
� 100% ð5Þ

Specificity Spð Þ ¼ TN

TNþ FP
� 100% ð6Þ

Accuracy Accð Þ ¼ TPþ TN

TPþ FNþ TNþ FP
� 100% ð7Þ

Where, TP is the sum of appropriately identified PVC beats,

TN is the sum of appropriately identified healthy beats, FN

signifies the sum of PVC beats mistakenly identified as

healthy, FP represents the sum of healthy beats erroneously

identified as PVC. Sensitivity (Se) signifies the capability

of an analysis to categorize positive cases and Specificity

(Sp) signifies the probability of being true positive when the

test result is positive.

3.1 Performance evaluation

The occurrence of PVC episodes is highly intermittent in

nature. Hence, in the present research, around four million

PPG beats from the adopted PPG dataset are investigated to

find out the presence of PVC. After evaluation over the

entire dataset, 2,423 PPG based PVC beats are taken into

account. Moreover, implication of the developed model is

also evaluated statistically by means of a 5-fold cross-val-

idation method, considering less availability of the data.

Moreover, to reduce the class imbalance, only 2,423 normal

bets against 2,423 PVC beats are finally chosen for vali-

dation. It is worth mentioning that after detecting the PVC

beats from a record under investigation, an equal number of

normal beats are also taken from the same record. If any

record shows the absence of the PVC beats, no normal beat

is taken from that record.

Now, as per the procedure followed in cross-validation,

the entire database is initially divided into five identical

sections. Then, corresponds to every iteration, one section

is kept for testing and the remaining four parts are

employed for the validation purpose. Depending on the

Figure 7. The values of DIK and DIS for all the records are

represented in the form of a two dimensional scatter plot. Every

PVC beats are pointed out by the square symbol whereas black

filled circle symbol is used to represent the normal beats. The

chosen threshold-based boundary values for the classification of

PVC beats are indicated by the red solid lines.

Figure 6. a Detected PPG beats in the presence of motion

artefact (MA) corruption. b Corresponding variation in kurtosis

(DIK) and c) skewness values obtained from the PPG beats.

Allowable threshold ranges corresponding to each of the param-

eters are marked in the figure by dotted lines. Evidently, these two

parameters present wide variation for the MA corrupted section

(marked as the artefact zone), compared to other MA free zone.

Sådhanå           (2022) 47:28 Page 7 of 11    28 



arbitrary divisions of the dataset, the whole process is

iterated five times. During cross-validation, the selected

feature threshold values are kept unaltered in each fold, to

make the training and validation process independent of

each other. Following evaluation over the adopted dataset,

the overall outcome of the developed algorithm is presented

in Table 2 along with the pre-determined threshold values

for DIK and DIS values. Evidently, Table 2 shows high

average detection accuracy (Acc) of 99.05 %, sensitivity

(Se) of 99.23% and specificity (Sp) of 99.68%,

respectively.

3.2 Validation of the classification technique

The proposed research uses beat-to-beat differences of two

statistical parameters and a computationally simple

threshold-based decision rule method for classification and

finally come up with high accuracy. However, for further

generalization, a standard comparison of the chosen

threshold-based classification technique against other state-

of-the-art classification methods is carried out to verify the

discrimination efficiency of the proposed features. It is to

be motioned that, for every adopted classification tech-

nique, training and testing process is carried out using five-

fold cross-validation method. The average performance

after final evaluation over fivefold is depicted in the final

ROC plot of figure 8 and given in Table 3 as well. The

significantly high accuracy, as indicated by each of the

classifiers including the proposed one in Table 3 justifies

the discrimination efficiency of the adopted features.

3.3 Performance comparison

It is to be mentioned that, to date only a few types of

research have followed the analysis of the PPG signal to

address the problem of PVC detection. Hence, in the pre-

sent research, the performance of the method is compared

only with a few PPG-based methods. In addition, the results

obtained from the developed model are also compared with

other automated ECG centric PVC detection methods to

establish its proficiency. Although variation in the number

and type of the used data sets, adopted feature dimension,

differences in the validation process and most importantly

the employed classification techniques of the suggested

literature creates an imbalance for exact comparison. The

detailed assessment of the proposed algorithm in terms of

its performance with other contemporary literature is listed

in Table 4. Clearly, the descriptions incorporated in Table 4

are indicative of the fact that compared to other related

ECG or PPG based literature; the proposed algorithm

shows high efficiency in terms of its accuracy and robust-

ness using two easy-to-calculate PPG features only.

4. Discussion

Recent researches reveal that the underlying cardiovascular

attributes of the PPG signal can be a facilitator of PVC

detection [23–26]. Although, it is worth mentioning that

PPG-based techniques to identify PVC beats is compara-

tively a new area of research. In this study, a simple,

automated yet robust PVC detection method is proposed

based on the variation analysis of two simple statistical

parameters, extracted from the PPG signal. The major steps

Table 2. Performance of the selected threshold based classification technique.

Classification method Chosen threshold values True class Acc (%) Se (%) Sp (%) AUC (%)

Threshold based DIK = 0.53 PVC 99.05 99.23 99.68 100

DIS = 0.23 N

Figure 8. The Receiver operating characteristic (ROC) plots for

the proposed classification methods as mentioned in Table 3.

Table 3. Performance comparison of the selected classifier with

other standard classification techniques.

Classification method Acc (%) Se (%) Sp (%) AUC (%)

Decision tree 98.80 98.56 99.05 99.0

Quadratic discriminant 98.00 98.54 98.24 100

Logistic regression 99.01 98.92 99.19 100

SVM (Linear) 99.00 98.96 99.02 100

SVM (Non-linear) 98.98 98.92 99.05 100

k-NN (k=10) 98.76 98.83 98.69 99

Proposed 99.05 99.23 99.68 100
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involved in the proposed approach are kept simple for

targeted implementation in portable, handy, battery-oper-

ated health monitoring devices with limited hardware

capabilities. The proposed algorithm comes up with certain

distinct advantages as summarized below.

(1) The suggested PVC detection methodology uses PPG

signal acquired from a single channel to ensure its easy

implementation for home monitoring applications.

(2) No feature selection method is used and only two

simple statistical parameters, calculated from accurate

detection of PPG onset points are used. Then, unique

beat-to-beat difference using these two parameters is

considered as features and reported in this research for

the first time.

(3) Instead of any complicated transformation methods,

accurate detection of PPG onset algorithm follows

much less computationally-intensive techniques.

(4) The proposed set of features presents such significant

contrast between the two classes, a simple threshold

based classification technique is found to be sufficient

for the identification of the PVC beats with high

accuracy.

(5) Instead of using any advanced signal processing

approaches, the motion artefact corrupted beats are

eliminated in this method based on a simple criterion on

the same extracted features. The proposed criteria

impose no additional computational burden.

In the case of beat-by-beat normalization of the PPG

beats, the amplitude of each of the normal or the PVC beats

will be in the same range of 0 to 1. In such a case, the

calculated feature values obtained from each of the PVC

and the normal beats might not produce a discriminating

outcome. Hence, in the present algorithm, instead of beat-

by-beat normalization of the PPG beats, the entire PPG

signal record under investigation is normalized within a

range of 0 to 1. This will not only facilitate to provide a

discriminating feature values within a range of 0 to 1 but

also helps to estimate a generalized threshold value for each

of the adopted features.

In this research, rather than selecting the kurtosis values

and skewness values from the PPG beat as features, beat-

by-beat differences between these two parameters are taken

as features to identify the presence of PVC.

Apart from simplicity in the adopted approach, this will

impose a certain restriction to identify the onset of a par-

ticular PVC episode. Hence, it is important to mention that

if any PVC beat with large or small amplitudes exist in a

PPG record, the present algorithm is only capable of indi-

cating the presence of that PVC beats but not the location of

that particular beat.

In real life automated analysis, this is a fact that the

occurrence of motion artefact might induce rapid morpho-

logical variations in the PPG waveform. Although, the

derivative-based technique followed for the detection of

PPG onset is usually responsive to motion artefact. The

resultant uneven amplitude variation under motion artefact

corruption eventually degrades the overall efficiency of the

algorithm. Moreover, the identified noisy data segments,

using the extracted features are discarded from the data

strip in the proposed method. This might impose a problem

for datasets with a small duration. In the future, instead of

removing the noisy data segments, the use of some

advanced motion artefact reduction algorithm should be

used to facilitate the recovery of the PPG beats from the

noisy segments.

The algorithm efficiency is tested over the PPG dataset

obtained from the Physionet MIMIC databases only.

Although, the presence of PVC beats in the MIMIC dataset

is limited. In the future, further evaluation of the proposed

algorithm is required over a huge number of other PPG

based PVC records. In addition, it has been observed from

the adopted PPG dataset that, within the chosen interval,

few PPG record contains no PVC beats at all compared to

other records. Investigation of those records over some

additional time interval is required to study the occurrence

Table 4. Performance comparison with other reported PVC detection techniques.

Signal used Ref. (year) Feature used Classifier

Performance (%)

Acc Se Sp

ECG [9] (2004) Morphology indices Linear discriminant 80.5 43.0 99.3

ECG [10] (2013) ECG beat and Z-score Probabilistic neural network 99.71 97.98 99.10

ECG [11] (2006) Wavelet transform Artificial neural networks (ANN) – 76.5 85.8

ECG [12] (2019) Convolutional neural networks (CNNs) Decision trees, Support vector machines

and Random forest

99.77 99.30 –

PPG [23] (2009) Time plane Threshold based 98.90 91.50 99.0

PPG [25] (2013) Time plane Linear classifier 99.3 90.5 99.9

PPG [26] (2015) Temporal and power-derived features Artificial Neural Networks (ANN) N 99.7 99.8 93.3

PVC-1 99.8 93.2 99.9

PVC-2 99.8 92.4 99.9

Proposed – Statistical Threshold based 99.05 99.23 99.68
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of PVC beats in the PPG signal. However, this will increase

the additional computational burden and will also add extra

memory requirements. In the proposed research, careful

inspection of the ECG signal beats is carried out from the

beginning, to identify the presence of the PVC beats only.

Although, other arrhythmia types, for example premature

atrial contraction, atrial fibrillation, atrial flutter, etc could

also affect PPG signal. The effect of these arrhythmia types

on the proposed features and consequent classification

outcome has not been considered in this research and will

be studied in the future.

The discrimination efficiency of the extracted features is

verified by a number of other standard classification tech-

niques. A high value of accuracy reported by each of the

classification techniques indicates the robustness of the

proposed features and also demonstrates the usefulness of

the PPG signal features for the detection of PVC beats.

Although considering computational overheads and low-

cost health monitoring applications, only the threshold-

based classification method is chosen in this research.

However, it is acknowledged that further optimization in

the performance of the proposed method against other new

and superior classifiers are an open area of research to date.

All the experimentation of the algorithm is performed

and justified by executing it on the software level and no

real-time hardware platform is developed in the present

study. The evaluation result is prepared using MATLAB on

a personal computer. As a whole, the overall process of

fiducial point identification, extraction of features and at

last, classification using a simple thresholding criterion

takes around 10 seconds on average to identify the presence

of the PVC beat, while evaluated over a PPG signal record

of one-hour duration. The execution time is calculated by

taking the entire database under consideration and only the

average value is reported. Clearly, the high computational

efficiency of the algorithm establishes its utility to be used

in state-of the-art health monitoring devices to serve a wide

variety of populations and to prevent cardiac disease-re-

lated mortality.

5. Conclusion

A simple and automated algorithm is developed in this

research, for primary level detection of the PVC using PPG

signal features only. In comparison with other ECG-based

approaches, the acquired PPG signal using a single channel

provides a much easier, non-invasive and inexpensive way

out. The proposed onset detection algorithm also follows

signal derivative, amplitude threshold and slope reversal

based less complicated techniques. Evidently, the use of

these simple methodologies establishes immense promise

for hardware implementation of the algorithm. The pro-

posed algorithm employs a beat-to-beat variation of only

two statistical parameters from the PPG signal, kurtosis and

skewness as features and a simple threshold-based decision

rule method for the detection of PVC with an accuracy of

99.05%. The proposed model is examined using numerous

PPG records, acquired from the ICU patients of the stan-

dard MIMIC database.

The proposed simple methodologies, high-speed execu-

tion and the promising outcome of the algorithm ensure its

compatibility in cutting-edge health monitoring devices

which can be applied to minimize the mortality rate due to

PVC. The entire methodology is also indicative of the fact

that PPG signal features can be applied for the efficient

detection of PVC. In the future, further modification of this

algorithm over a larger subject population along with

advanced signal processing techniques is also suggested in

order to improve the detection efficiency.
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