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1. Abstract 

Wireless patient monitoring systems have been used to track the physiological health 

conditions of sportspersons, athletes, and patients after/before hospitalisation without 

interrupting their routine activities.  Electrocardiogram (ECG) and Blood Pressure (BP) are 

two vital signs from which heart related problems can be diagnosed. Blood Pressure 

measurement using cuff based technique provides the measurement of blood pressure 

intermittently. This research work is focused on estimation of continuous blood pressure 

utilising wirelessly acquired ECG and photoplethysmograph (PPG) signals. 

To meet the desired goal, wavelet based method is proposed that improves detection of R- 

peak from ECG acquired at different sampling frequencies. Peak, valley and dicrotic notch 

of PPG are spotted using feature extraction algorithm. With reference to R peak of ECG, 

time domain features of PPG are further derived. Finally, proposed distributed model 

approach using machine learning technique estimates the systolic and diastolic blood 

pressures. 

In the proposed distributed model approach, during training phase, complete dataset is 

divided into M groups and either feed-forward back propagation neural network (BPNN) 

or support vector regression (SVR) is used for training M different models. At the same 

time, SVM pre-classifier is also trained for each of M groups. During test phase, extracted 

features first pass through SVM pre-classifier and further diverted to the relevant model by 

which blood pressures estimation is carried out. 

Algorithm for accurate R Peak detection from ECG has been validated with simulated 

model of ECG, standard MIT-BIH database, and wirelessly captured ECG using prototype 

device. For MIT-BIH case and wireless data, the accuracy of proposed R peak detection 

algorithm is 99.58 and 99.73, respectively. 

Proposed blood pressure estimation algorithm is tested on MIMIC database and wireless 

database captured using prototype device. The results are compared against British 

Hypertension Society (BHS) standards and Association for the Advancement of Medical 

Instrumentation (AAMI) standards. According to BHS standard, for estimation of systolic 

blood pressure, the proposed algorithm achieves grade B while for Diastolic and Mean 

Arterial Pressure (MAP), it achieves grade A. For proposed work, performance indices like 

mean error and standard deviation for estimation of systolic and diastolic pressure falls 

within acceptable AAMI standards.  
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2. Brief description on the state of art  

Wearable health monitoring system is an area of research for many years and used to 

monitor vital signs including ECG [1]. Wearable device gives an advantage of knowing the 

health status of patient anywhere, anytime using non-invasive sensors for measuring vital 

signs. It improves quality of life, bringing benefits to patients by reducing hospitalisation 

cost; assist medical personnel, and society [2]. Vital Signs indicate the clinical 

measurements from subject‟s body which reflects the physiological condition of subject 

[3]. For diagnosis of cardiac disorder, ECG being non-invasive technique is extensively 

used by medical fraternity. ECG is an electrical signal captured using non invasive 

electrodes and it is a combination of impulse generated from contractile activity of heart 

[3]. QRS wave is prominent signal, corresponds to ventricular excitation of heart cycle. 

Detection accuracy of R peak in QRS wave is important for diagnosis of various cardiac 

disorders including heart rate variability [4]. Arrhythmia due to irregular heartbeats can be 

diagnosed by accurate heart rate derived using R peak detection of ECG [5]. Various 

algorithms for QRS detection are proposed [4], [6], [7], [8] but the shape of QRS and noise 

in ECG have kept it challenging to extract the exact morphology of QRS. In case of 

wireless transmission of ECG signal, reconstruction and feature extraction of ECG signal 

acquired at low sampling frequency, is advantageous to have lower power consumption in 

vital sign monitoring system [9] [10]. 

Blood pressure, another vital sign is a pressure exerted by blood on walls of blood vessels. 

According to WHO report [11], hypertension is a silent killer that prevails in many people 

because of luxurious lifestyle. During each beat of heart, blood pressure varies between its 

maximum and minimum values. Systolic (maximum) blood pressure is the pressure 

exerted in the arteries when the heart contracts, where as diastolic (minimum) blood 

pressure is observed when the heart relaxes [12]. Blood pressure monitoring can control 

hypertension and the risk of Cardio Vascular Diseases (CVDs) [13]. Minimum values of 

systolic pressure 140 mm of Hg and diastolic pressure value of 90mm of Hg are 

considered to be alarming and the patient having these values is said to have hypertension 

[14]. Traditional methods used for Blood Pressure measurement gives intermittent reading 

of BP; accurate diagnosis and control of hypertension, continuous monitoring of blood 

pressures using ECG and PPG is a work for research [15], [16], [17]. Blood pressure is 

dependent on factors like cardiac volume; arteries wall elasticity, blood volume, blood 

density etc. [17]. Continuous monitoring requires cuff less techniques and use of 
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plethysmograph (PPG) are considered very important and widely adopted by many 

researchers [18], [19], [20]. Pulse Transit Time (PTT) is a time index showing the time 

delay that blood takes to reach along arterial site after ventricular contraction of heart [13]. 

Blood density, diameter of arterial wall, and elasticity of walls affect the pulse wave 

velocity PWV [21].  In [22] systolic pressure and heart rate are derived using PTT. In [23], 

data driven approach is adopted and using machine learning algorithm for PPG waveform 

and systolic pressure is being estimated. Blood Pressure is derived using various regression 

algorithms using multi-parameter fusion technique [24]. In [25], back propagation neural 

network is used for estimation of blood pressure using PPG parameters. In all above 

methods, single model has been used to estimate systolic as well as diastolic blood 

pressure. To adjust the drug dosage for treatment of hypertensive patient, it is necessary to 

know the profile of pressure for a long time [18]. Inflated cuff based methods are very 

inconvenient and disruptive techniques for blood pressure measurement during ambulatory 

reading, or to patients in sleep during hospitalisation [13]. So, if Continues blood pressure 

measurements with the help of PTT can be useful in diagnostic of patients‟ condition.  

3. Research gap 

After going through literature papers, research gap can be identified as follows: 

1.  All existing methods for cuff less techniques of BP measurement struggle to meet 

BHS standard grades especially in case of estimating systolic pressure. Careful 

investigation reveals that compared to different estimation problems, blood pressure 

estimation is a challenging problem for machine learning algorithms. These challenges are 

due to (a) variability found in input data and (b) non uniform training samples.  In case of 

(a), it is found that slight variations in input data results in changing blood pressure 

significantly while in case (b) when data is taken from unclassified subjects, available data 

is non-uniform for different blood pressure range. i.e. most of the training data for systolic 

pressure found near 110- 125 mm of  Hg  and significantly less  data in range of 150 mm 

of Hg and above. This introduces unintended bias while training machine learning 

algorithms.   

2. All above mentioned R peak detection algorithms uses MIT-BIH ECG signals sampled 

at 360 Hz frequencies and do not consider lowering power consumption by lowering the 

sampling rates while acquiring signals. 
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3. Generally, all research algorithms are validated using signals available from physionet 

website but they do not consider wireless modes of capturing data.  

4. Problem definition  

The aim is to derive blood pressure using cuff less technique with the help of vital signs 

acquired using wireless monitoring system that will help in the efficient diagnosis of 

cardiac related problems. 

5. Objective and scope of work 

In the field of patient monitoring systems, major objectives are to acquire vital signs from 

patients under observation, correct interpretation of acquired data, analysis and generating 

control actions etc. Advancement in signal processing techniques and machine learning 

algorithm helps diagnosing various diseases in the field of biomedical. Considering 

various requirements of patient monitoring systems and ability of machine learning 

algorithms to execute better control actions once trained properly, we have indentified 

objectives as under: 

1. To acquire vital signs out of ECG and PPG signals using wireless monitoring device. 

2. To investigate algorithms that pre-process signals for efficient noise removal.  

3. To extract important features from ECG and PPG signals that is useful for continuous 

blood pressure and heart rate derivation.  

4. To investigate an efficient machine learning algorithm that estimates systolic and 

diastolic blood pressure using features of PPG and ECG. 

6. Original contributions by the thesis 

Original contribution by thesis is listed below. 

1. Algorithm for R peak detection for wireless ECG has been proposed. The algorithm 

improves the state of art in ability to extract R peaks of ECG signals at different sampling 

frequencies and results in lowering power consumption of wireless monitoring system.  

2. The proposed algorithm exploits capacity of DWT and utilising entropy of wavelet 

coefficients as a measure for selection of coefficients, helps improving results for different 

sampling frequency.  

3. In this thesis, R peak detection algorithm is validated on (a) simulated ECG model 

with variable heart rate (b) on wireless ECG acquired using wireless monitoring device in 

addition to standard MIT-BIH arrhythmia database generally used in the literature. 
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4. The thesis has investigated multi patient monitoring using Bluetooth piconet by 

simultaneously capturing ECGs. Performance is evaluated for two subjects doing activities 

like cycling, jogging and staircase climbing which add high motion artifacts while 

capturing ECG. The work demonstrates sequential removal of various noise and successful 

R peak detection from ECG.  

5. The thesis proposes an algorithm for time domain features extraction from 

photoplethysmograph (PPG) with the help of accurate R peak detection of ECG. 

Algorithm pre-processes signal and detects index points like dicrotic notch, peak and 

valley of PPG, using which various features of PPG can be derived. 

6. In this thesis, distributed modelling approach for estimation of blood pressure using 

extracted features has been proposed to overcome the shortcomings of current approaches. 

Current approaches use single model to estimate blood pressure. Proposed distributed 

model approach improves the accuracy of blood pressure estimation compared to similar 

work and results in high acceptability according to BHS and AAMI standards. 

7. Our approach evaluates performance of various machine learning techniques like 

support vector machine (SVM), support vector regression (SVR) and back propagation 

neural network (BPNN) for blood pressure estimation and  work is validated on Multi 

parameter Intelligent Monitoring in Intensive Care (MIMIC database) and wireless ECG-

PPG signal acquired using multi channel monitoring device In comparison with similar 

work, proposed work shows significant improvement. 

7. Methodology of research, results and discussion 

This section details methods of experimentations, implementation of proposed algorithms 

and comparison of results with other available similar work.  Proposed work is 

summarised by subdividing in two main parts. (A) R peak detection from ECG and (B) 

blood pressure estimation utilising features extracted from ECG and PPG. Part A explains 

accurate detection of R peak from ECG which is important for diagnosis of various cardiac 

disorders like heart rate variability. Later, part B demonstrates blood pressure estimation 

from various feature extracted from ECG and PPG signals. In order to improve R peak 

extraction of wireless ECG signal acquired at different sampling frequencies, following 

algorithm is proposed. 

A. Proposed algorithm for R peak detection from ECG 

Pseudo code for proposed algorithm for R peak Detection is summarised below:  
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1. Remove baseline drift of ECG using Fast Fourier Transform (FFT)-Inverse Fast 

Fourier Transform (IFFT).  

2. Apply Peak Rejection Adaptive Sampling Modified Moving Average (PRASMMA) 

[26] to remove high frequency noise in signal. 

3. Select a small time segment of ECG for further analysis. 

4. Apply db4 wavelet decomposition up to 6 levels. 

5. Select the wavelet coefficients for further processing based on their entropy value.  

6. Apply threshold on sum of wavelet coefficients. 

7. Identify R peak indices from QRS portion of ECG. 

Above algorithm results in successful detection of R peak and can be helpful with home 

monitoring device for heart rate derivation and reduces power consumption of wireless 

system as it can detect R peak on very low sampling frequency of 100 Hz. The algorithm 

is validated on three different experimental setups described below. 

Performance evaluation on simulated ECG  

Proposed algorithm is first tested on ECG model which is made using principles of Fourier 

series [27] using MATLAB.  ECG model incorporated various noises at low and high 

frequency as well as power hums at 50Hz, as shown in Fig. 1. After successful R peak 

detection on ECG, proposed algorithm is tested for tachycardia, bradycardia and other 

abnormal heart rate variability conditions. In all cases, algorithm is able to remove noises 

and accurately detects R peaks. Successful detection of R peaks (with red coloured circles) 

in bradycardia case is shown in Fig. 2. 

  

Fig. 1 Simulated ECG with added Noise (PLI 

+ Motion artifacts + Baseline wander)  

Fig. 2 Successful R peak detection on ECG with low 

hear rate: bradycardia:(HR 45) 

Performance evaluation on MIT-BIH database 

MIT-BIH database [28] is considered as a standard for testing performance of algorithm by 

many researchers [4], [6], [7].  For Record 107 of MIT-BIH database R peak detected 
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using proposed algorithm is shown in Fig. 3. According to Association for the 

Advancement of Medical Instrumentation (AAMI/ANSI) standard [29], the performance 

of QRS detection algorithm are evaluated using statistical parameters namely, sensitivity 

(S), positive predictivity (P) and detection error rate (E).  

 

Fig. 3 Plot of ECG waveforms and R peaks location for MIT-BIH record 107, Fs=360 Hz (0-55 sec), Small 

circle on top represent detection of R peak positions. 

A comparison with other similar work is summarised in Table I. It primarily appears that 

work done by Sabarimalai and Soman [4] is slightly better than proposed work. However, 

it is worth to note that all authors including Sabarimalai and Soman   have experimented 

on fixed 360 Hz frequency, only. In addition, their algorithm is not tested for wireless 

monitoring devices including different sampling frequencies. Our algorithm being aimed 

for wireless ECG signal turns out to be more generalised and adaptive to any sampling 

frequency, which is advantageous in case of wireless monitoring devices. 

Table I Comparison with other algorithm applied on MIT BIH database 

Author(s) S (%) P (%) Accuracy (%) 

 Pan and Tompkins [6] 99.75 99.54 99.29 

Zahia et al. [7] 99.64 99.82 99.46 

Sabarimalai and Soman [4] 99.93 99.88 99.80 

Proposed  Method 99.73 99.85 99.58 

Proposed algorithm is able to successfully detect R peaks with 99.58% accuracy on 

complete MIT-BIH database. 

Performance evaluation on wireless prototype model 

The hardware prototype model is used to capture ECG using Bluetooth wireless link, in a 

real environment. The hardware system is divided into two parts: (a) Transmitter system 

and (b) Receiver system. The transmitter system consists of ECG signal processing board 
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and Bluetooth transceiver. The Bluetooth transceiver uses wireless Bluetooth protocol to 

send ECG signal to Bluetooth enabled laptop that works as a receiver. The transmitter 

system is connected to Ag-AgCl2 disposable electrodes via patient cable to capture ECG 

signal for Lead I configuration. The ECG data is collected at different sampling rates (100 

Hz, 150 Hz, 200 Hz, 250 Hz and 500 Hz) with subject„s sitting-standing position. R peaks 

successfully detected for 100 Hz sampling frequency is shown in Fig. 4.  

 

Fig. 4 R peak detected on wireless ECG with sampling frequency 100Hz using proposed algorithm 

Proposed algorithm demonstrates its efficacy in removal of baseline drift as well as high 

frequency noise and R peak locations are accurately found. The result of performance 

measures are summarised in Table II.   

Table II Performance analysis of proposed R peak algorithm on wireless ECG acquired by actual 

experimentations 

Wireless ECG at Fs and 

Position 
S% P % E 

100 Hz sitting 100 99.18 0.82 

150 Hz standing 100 100 0 

150 Hz sitting 100 98.85 1.15 

200 Hz standing 100 100 0 

200 Hz sitting 100 100 0 

250 Hz sitting 100 99.49 0.51 

250 Hz standing 100 100 0 

500 Hz sitting 100 100 0 

500 Hz standing 100 100 0 

overall   wireless ECG 100 99.68 0.32 

Simultaneous monitoring of ECGs from multiple subjects 

Proposed algorithm is further tested for multi subjects monitoring where, ECGs are 

captured simultaneously from two subjects doing activities like cycling, jogging and 

staircase climbing. Bluetooth Piconet is used for simultaneous monitoring of ECG of two 
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subjects using prototype system. Fig. 5 shows the system that comprised two transmitters 

and a receiver while, Fig. 6 demonstrates successful detection of R peak on ECG having 

high motion artifact introduced due to involvement of subject in high movement activities. 

Bluetooth Sensor 1 for subject 1

Bluetooth 

Enabled 

Device : 

Laptop

Bluetooth Sensor 2 for subject 2

ECG Analog 

Front End

Microcontroller + 

Bluetooth Module

ECG Analog 

Front End

Microcontroller + 

Bluetooth Module

 

Fig. 5 Block Diagram for Bluetooth piconet for the measurement of ECG of two subjects 

  
Fig. 6  R peak detection on ECG of subject in activity like cycling, jogging, and stair-case climbing for (a) 

subject 1and (b) subject 2 using 100 Hz sampling rate. 

B. Proposed algorithm for blood pressure estimation using machine 

learning technique 

This section includes proposed distributed model approach that improves estimation 

accuracy of systolic and diastolic pressures using features extracted from ECG and PPG.  

For estimation of blood pressure researchers have proposed various methods including 

linear regression [23], back propagation [17], random forest regression [15] and support 

vector regression [30]. All methods aim at improving estimation accuracy and meeting 

AAMI / BHS standards. Blood pressure estimation is a challenging problem for machine 

learning algorithms. These challenges are due to (a) variability found in input data and (b) 

non uniform training samples.  In case of (a) it is found that slight variations in input data, 
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results in changing blood pressure significantly while in case (b) when data is taken from 

unclassified subjects, available data is non-uniform for different blood pressure range.  

In order to overcome above difficulties, we propose distributed model approach for blood 

pressure estimation in which complete database is divided into M groups and individual 

database is separately trained for systolic/diastolic pressure. Distributed model approach 

using various clustering strategies have been used in other field of study for estimation 

purpose and proved more robust and efficient technique than single model approach 

[31],[32]. Distributed model approach helps to capture and distinguish smaller range of 

blood pressure and solves the issue with case (a) by providing better training.  At the same 

time, pre-classifying and dedicating a separate model to capture range of blood pressure 

will alleviate undue biasing in data. Two soft computing approaches namely back 

propagation neural network [33] and support vector regression [34] are used to train the 

models. Following stepwise procedure is carried out for blood pressure estimation. 

1. Acquire ECG, PPG and measure actual blood pressure using sphygmomanometer. 

2. Apply pre-processing to remove unwanted noise from ECG and PPG. 

3. Extract informative features from the pre-processed signals.  

4. Distribute the dataset into training and testing dataset. 

5. Divide training set (having a wide range of systolic pressure) into M smaller sets 

(having a small range of blood pressure). 

6. For each of M datasets, train a model for blood pressure estimation. At the same time, 

SVM pre-classifier is also trained for each of M groups with the help of known labels 

of M models.  

7. During test phase, first pass extracted features through SVM pre-classifier and further 

divert to the relevant blood pressure estimation model. 

8. Evaluate the performance of models using estimated results and actual values. 

In order to prove efficacy of proposed algorithm, statistical performance measures like 

mean error (ME) and standard deviation (STDDEV) are used to comply with AAMI 

standards [35] To check the compatibility with BHS standards, cumulative error in 

estimation is used [35]. 

Validation of proposed algorithm on MIMIC Database 

 MIMIC II database [36] that contains multi-parameter recordings obtained from intensive 

care unit patients, is used for simulation. In this study, total 200 records are extracted for 
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simulations. These records include synchronized ABP signal, ECG signal and finger PPG 

signal. Table III and Table IV show results of systolic and diastolic pressure estimations 

respectively. Proposed distributed approach exhibits clear distinctions compared to 

existing traditional techniques like multiple linear regression, single model approaches of 

SVR and BPNN in terms of meeting standards. For BHS standards, while traditional 

approaches are not able to achieve any grades, proposed distributed approach achieves 

grade B and grade A, in systolic and diastolic pressure estimations respectively. ME and 

STDDEV are below AAMI standards recommendations for distributed approaches which 

is not evident in traditional approaches. 

Table III Performance evaluation for estimation of systolic pressure using various methods for MIMIC  

Error in systolic estimation 

using Methods implemented 
<5mm of 

Hg 

<10mm 

of Hg 

<15mm 

of Hg 

ME  STDDEV  

Multiple Linear Regression 23.37% 45.45% 63.63% 1.403 15.97 

BPNN (single Model 

approach)  
20.77% 38.96% 57.14% -3.33  18.09  

SVR (single model approach)  25.97% 54.54% 71.42% 1.91 15.91 

BPNN (Proposed distributed 

model approach)  
61.03% 89.61% 98.70% 0.79 5.97 

SVR (Proposed distributed 

model approach)  
53.24% 79.22% 94.80% 1.14 7.70  

 

Table IV Performance evaluation for estimation of diastolic pressure using various methods for MIMIC  

Error in  diastolic 

estimation using Methods 

implemented 

<5mm of 

Hg 

<10mm 

of Hg 

<15mm 

of Hg 

ME  STDDEV  

Multiple Linear Regression 31.16% 71.42% 90.90% -0.637 9.652 

BPNN (single Model 

approach) 
29.87% 62.33% 79.22% 1.196 18.09 

SVR (single model approach) 35.06% 77.92% 84.41% 1.860 10.083 

BPNN (Proposed distributed 

model approach) 
62.33% 85.715 95.80% 0.841 7.68 

SVR (Proposed distributed 

model approach) 
68.83% 88.31% 97.40% 0.882 6.201 

 

Comparison of proposed work with other work 

 

Table V shows comparison of performance criterion to fulfil AAMI standards with other 

similar work on MIMIC database. It can be concluded that for systolic estimation, 

proposed work shows least STDDEV compared to other similar work.  
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Table V Comparison of performance criterion to fulfil AAMI standards on MIMIC database 

Method 

Systolic Error 

mm of Hg 

Diastolic Error 

mm of Hg 

MAP Error 

mm of Hg 

ME 
STDD

EV ME 
STDD

EV ME 
STD 

DEV 

Artificial Neural Network  [30] 13.78 17.46 6.86 8.96 8.84 11.24 

Random Forest Regression [15] −0.06 9.88 0.36 5.70 0.16 5.25 

Proposed approach (SVR) 1.14 7.70 0.882 6.201 1.176 5.209 

Proposed approach (BPNN) 0.79 5.97 0.841 7.68 1.23 6.02 

Table VI demonstrates comparison of performance criterion to fulfil BHS standards on 

MIMIC. It is clear that while other similar works fail to achieve any grades for systolic 

pressure estimation, proposed work using SVR and BPNN shows grade B and grade A 

respectively, according to BHS standard. MAP is derived from estimated systolic and 

diastolic pressure value.  For diastolic and MAP estimations also proposed works achieves 

grade A according to BHS standard and improves similar work. 

Table VI Comparison of performance criterion to fulfil BHS  standards on MIMIC 

Cumulative Error 

in mm of Hg in%  

Systolic Estimation Diastolic Estimation MAP  Estimation 

< 5 <10 <15 <5 <10 <15 <5 <10 <15 

ANN [30] 28.8 51.5 69.5 51.2 78.9 93.6 44.7 71.6 86.7 

BHS Standard No Grade Grade B Grade C 

Random Forest 

Regression [15] 34.1 56.5 72.7 62.7 87.1 95.7 54.2 81.8 93.1 

BHS standard No Grade Grade A Grade B 

Proposed Approach  

(SVR)  
53.24 79.22 94.80 68.83 88.31 97.40 72.72 92.20 98.70 

BHS standard  Grade B Grade A Grade A 

Proposed approach   

(BPNN)  61.03 89.61 98.70 62.33 85.71 95.80 67.53 88.31 96.10 

BHS standard  Grade  A Grade A Grade A 
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Validation of Proposed Algorithm on wireless database 

ECG signals are acquired using prototype wireless hardware as explained above in part 7 

A. To capture PPG non invasive sensor HRM-2511E is used. The PPG sensor contains the 

circuit for filtering of noisy PPG signal and amplification of the signal. Further both ECG 

and PPG captured using electrodes are transmitted using Bluetooth module [26] as shown 

in Fig. 7. 

PPG  

Optical 

Sensor

ECG 

Electrodes

Analog 

front end 

for PPG 

Sensor

ECG 

Analog 

front end 

ADC+
Microcontroller 

+

Bluetooth 

module

Bluetooth 

Enabled PC

Bluetooth 

Transmitter
Bluetooth 

Enabled 

Receiver

 

Fig. 7 Block diagram of wireless Bluetooth based system for ECG-PPG acquisition 

The ECG-PPG signals of 87 subjects are captured using wireless prototype system after 

getting their written consent in prescribed format. Wireless ECG and PPG acquired using 

prototype are used for feature extraction. To validate the results of proposed algorithm, the 

estimated values are verified against pressure readings measured by sphygmomanometer. 

Features of total 67 out of 87 subjects were used for further analysis after successful 

extraction. Systolic, diastolic and MAP pressures are estimated using SVR based 

distributed model approach. Result summary is presented in Table VII and Table VIII. 

Table VII Estimation error by proposed work using SVR to fulfil AAMI standards on wireless database 

BP Estimation Error in 

mm of Hg 
ME STD DEV 

Systolic estimation 0.04 4.750656 

Diastolic Estimation 1.999887 4.78381 

Mean Arterial 

Pressure(MAP) Estimation 

 

2.765531 

 

 

3.611159 
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Table VIII Cumulative error in estimation by proposed work using SVR to fulfil BHS  standards on wireless 

database 

Cumulative Error in 

% estimation 

<5mm of 

Hg 

<10mm of Hg <15mm of Hg 

Systolic pressure 74.07% 92.59% 100% 

Diastolic pressure 70.37% 92.59% 100% 

Mean Arterial 

Pressure 
81.481% 100% 10% 

 

Values of ME and STDDEV by proposed work are compared with the similar work carried 

out by Zhihong [17], where author has used BPNN with single model approach. For 

experimental work he has used wireless data of seven subjects.  From Table IX, it is clear 

that the value of mean error and standard deviation in systolic estimation are less than the 

reference work [17].  Table X, highlights that proposed method using SVR is consistent 

with the grade A in the estimation of SBP, DBP and MAP. 

 Table IX Comparison with other methods for mean error and standard deviation on wireless database 

Wireless Database  Used 

in Estimation process 

 Systolic error Diastolic error 

Method ME STDDEV ME STDDEV 

Proposed Approach with 

SVR ( with 67 subjects) 
SVR 0.04 4.750656 1.999887 4.783817 

Zhihong Xua [17]   (with 

7 subjects) 
BPNN 1.08 4.87 -0.52 3.84 

Table X Comparison with other methods for cumulative error percentage on wireless database 

 Systolic pressure Diastolic pressure 

Cumulative Error in % mm 

of Hg <5 <10 <15 <5 <10 <15 

Proposed approach Using 

SVR  
74.07 92.59 100 70.37 92.59 100 

BHS standard Grade A Grade A 

Zhihong Xua [17]  76 96 99 86.4 98.28 99.69 

BHS standard Grade A Grade A 

8. Achievements with respect to objectives 

1. Successfully acquired ECG and PPG using wireless multi channel monitoring system. 

2. Removed unwanted noise using pre-processing techniques. 
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3. Detection of R peak from ECG accurately with all types of arrhythmia using proposed 

algorithm. Using reference of R peak detected accurately using proposed algorithm, other 

time domain features of PPG are extracted. 

4. Time domain features extraction from PPG using accurate R peak detection of ECG. 

5. Algorithm development for estimation of systolic and diastolic pressure using features 

of PPG and ECG, using distributed approach using machine learning techniques. It is 

successfully validated on standard MIMIC database, and wireless database captured using 

prototype model. Results of proposed algorithm are compared with similar work to show 

improvement in meeting the criterion of AAMI and BHS standards.  

9. Conclusion   

The proposed R peak detection algorithm utilises the capacity of discrete wavelet 

transform for successful detection of R peaks of ECG signals at different frequencies. The 

algorithm is adaptive to any sample frequency of ECG. The algorithm is tested on 

simulated ECG modifying with abnormal heart rate variability conditions. In all cases, R 

peak was detected successfully. The proposed algorithm is tested on noisy and multiform 

ECG of MIT-BIH database with overall accuracy of 99.58%. The algorithm‟s 

effectiveness is also tested on various wireless ECG data acquired using different sampling 

frequencies and it is observed that proposed algorithm performs accurately on ECG 

captured at lower sampling rate with 99.73% accuracy. Experiment for simultaneous 

monitoring of ECG of subjects with high motion activity proves the efficacy of hardware 

system to be used as multi channel monitoring system. 

The machine learning techniques like support vector machines (SVM), support vector 

regression (SVR) and back propagation neural network (BPNN) are successfully applied to 

estimate blood pressure. According to the BHS standard, the proposed distributed model 

approach using SVR is achieves grade A in the estimation of diastolic pressure and mean 

arterial pressure; and it achieves grade B in the estimation of the systolic pressure value for 

both MIMIC and wireless data. The mean error for systolic, diastolic and mean arterial 

pressure estimation is within acceptable value according to AAMI standard. Regarding the 

standard deviation values for systolic, diastolic and mean arterial pressure error are within 

the 8 mmHg standard margins. Proposed distributed model approach improves the 

accuracy of blood pressure estimation compared to similar work and results in high 

acceptability according to BHS and AAMI standards. 
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