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Abstract

Unobtrusive Daily ECG Monitoring Sensors and 

Middleware for Mobile Healthcare Applications

Sungjun Kwon

Interdisciplinary Program in Bioengineering

The Graduate School

Seoul National University

Electrocardiography is a non-invasive procedure of recording the electrical 

impulses of the heart with electrodes placed on the skin. Remarkable advances 

in sensing and communication technology are expanding healthcare services to 

our everyday lives. Daily monitoring of electrocardiogram (ECG) will open up 

new opportunities for developing useful healthcare applications because ECG 

is a basic indicator to infer the structure of the heart and the function of its 
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electrical conduction system. It also sensitively represents the changes in 

cardiac activity and the activation in autonomous nervous system (ANS). 

Despite the high potential of daily ECG monitoring, its obtrusiveness makes it 

challenging for it to become widely deployed and available. The users of 

existing ECG monitoring systems need to intentionally touch the sensor 

continuously on the body for monitoring or to wear an uncomfortable sensing 

device such as a chest belt, which is not yet widely accepted to most of common 

users.

This study is motivated to address the obtrusiveness of daily ECG monitoring 

sensors. The purposes of the study are summarized as the following two aims: 

1) enhancing the usability and wearability of a body-attached sensor, 2) 

reducing a burden of intentional cooperation and carrying a sensor for daily 

monitoring. First, I propose CardioGuard, a nonintrusive sensor with high 

usability and wearability for daily ECG monitoring for women, which is 

designed by leveraging the structure of women's functional underwear. By 

utilizing the existing functional components of a bra (i.e., bra wires) as sensor 

electrodes, the bra sensor avoids making users feel uncomfortable by attaching 

additional sensors. The sensing reliability of CardioGuard was evaluated with 

10 participants during 12 representative daily activities. CardioGuard sensor 
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reliably captured about 90% of ECG during those activities. While almost 100% 

of ECG was reliably captured by CardioGuard during the activities excepting 

walking, relatively less ECG (72.2%) was reliably captured during the walking

and running activities. However, the result excepting three abnormal cases

which has unexpectedly very low sensing reliability (21.4% to 27.8%) showed 

more than 92% of reliable ECG on average and it presents the feasibility of the 

CardioGuard for reliable sensing during the walking activities. The user study 

was also conducted to evaluate the usability of the sensor. The results showed 

that the sensor reliably captures ECG with high usability and wearability during 

natural daily activities. Most of the participants strongly agreed that the bra 

sensor achieves high comfort and it is fully satisfied with its own functions as 

the underwear. The signal quality test and the washing durability test also 

showed excellent results. The signal quality test showed that the CardioGuard 

sensor measures high quality of ECG whose power is 12 times stronger than 

the noise power. The washing durability test showed that the sensing capacity 

of the bra sensor is expected to be maintained during its typical lifetime.

Second, I propose Sinabro, a smartphone-integrated unobtrusive mobile ECG 

monitoring sensor which captures a user s ECG opportunistically during daily 

smartphone use. I first investigated a potential opportunity to capture ECG 
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during daily usage of smartphones. Based on this opportunity, I designed a

smartphone-case-type ECG sensor that can be integrated with a smartphone for 

unobtrusive sensing. Multiple metal-based dry electrodes are placed on the 

outer frame of the case to come into contact with the user s two hands and ear 

during natural smartphone usage such as texting and calling. Sinabro was 

evaluated in aspect of the sensing reliability with 14 participants during natural 

smartphone use; i.e., holding, typing, gaming, and calling. The results showed 

Sinabro opportunistically captured reliable ECG in diverse smartphone use 

cases. 100% of ECG was reliably captured during holding. During texting in 

portrait orientation and calling, over 96% of ECG was reliably captured on 

average. In contrast, there were relatively unreliable sensing in the other three 

cases, i.e., texting and playing highly- and low-interactive gaming in landscape 

orientation. The ratios of reliable sensing varied from 81.4% to 90.8%, and their 

SDs were relatively large (11.8%–22.6%). However, the result excepting four 

abnormally unreliable ECG data, the ratio was increasing to 96% and it shows 

the high feasibility to reliable sense during the use cases in landscape 

orientation. 

Finally, I propose a smartphone middleware for supporting ECG-based mobile 

healthcare applications using CardioGuard and Sinabro. The middleware 
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handles unstable ECG signals and extracts diverse heart-related information, 

such as heart rate (HR), heart rate variability (HRV). The middleware exposes 

the extracted health information to mobile healthcare applications via a set of 

APIs and it enables the applications to be developed and executed without a

burden for sensing and extracting high-level health information issues. The 

middleware includes the algorithms for extracting ECG-derived features; i.e., 

HR and HRV. The feature extraction algorithms were optimized by empirical 

analyses for determining the parameter values. The performance of the feature 

extraction was evaluated and the results showed the middleware extracted 

highly reliable ECG-derived features opportunistically in serious and frequent 

noisy data. Overall, the average error of the extracted parameters was only 5.6%. 

The error in the low-interaction gaming was slightly high, 8.3%. In the average 

errors of different HRV parameters, most of the parameters showed less than 

an average of 10% error, except LF/HF. The average error of SDNN was only 

1.9%. The average error of mean HR was especially low, at only 0.1%, which 

is almost completely accurate heart rate estimation. LF and HF showed 

relatively high error rates (7.4%, 9.5%, respectively), and they caused the high 

error of LF/HF. However, TF, normalized LF and normalized HF showed low 

average error (< 5.3%). The results also showed the high feasibility of the 
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middleware to provide reliable variation trends of HRV parameters. The 

variation trends of HRV parameters showed significantly high Pearson 

correlations (0.97) with those from the reference data.

Although recent significant progress in daily ECG monitoring has shown the 

potential of pervasive healthcare applications, its obtrusiveness has obstructed 

them to be widely accepted to common users. The proposed unobtrusive daily 

ECG monitoring sensors will help these applications come to our reality by 

addressing the obtrusiveness. The proposed software framework will also 

promote the development of ECG-based smartphone healthcare applications by 

reducing the burden of the sensing, signal processing, and the feature extraction 

issues in development procedures.

Keywords: CardioGuard, Sinabro, bra sensor, phone-case-type sensor, 

physiological monitoring, electrocardiography, wearable sensor, 

opportunistic sensing, unobtrusive sensing, smartphone middleware

Student Number: 2011-30296
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1. Introduction 

1.1. Motivation

Electrocardiography is a non-invasive procedure of recording the electrical 

impulses of the heart with electrodes placed on the skin. During a heartbeat, the 

pacemaker cells in the sinoatrial node start the depolarization and it orderly 

spreads out through the atrium, atrioventricular node, bundle of His, and 

Purkinje fibers (Figure 1-1). The multiple electrodes detect the tiny electrical 

changes on the skin that arise from the heart muscle depolarizing during a 

heartbeat.

The orderly progression of depolarization characterizes ECG tracing. ECG 

enables the clinicians to infer the structure of the heart and the function of its 

electrical conduction system [2]. In addition, ECG can be used to measure the 

size and position of the heart chambers and it presents any damage to the heart’s 
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Figure 1-1. Conduction system for cardiac activity and ECG waveform, (a)

Anatomy of the intrinsic conduction system for cardiac activity, (b)

Comparison of action potential shape at various locations [1]

22



muscle cells or conduction system. Therefore, ECG has been applied to 

diagnostic applications including arrhythmia, ischemic heart disease, atrial and 

ventricular hypertrophy, and cardiomyopathy. Moreover, ECG also can be 

utilized to infer the activation of the autonomic nervous system (ANS) since 

ECG precisely shows the changes of a heartbeat interval during each heartbeat. 

The advantages of ECG for healthcare applications including higher 

diagnostically information, low cost, and non-invasive method have lead 

various paradigms for ECG monitoring system to be emerged. 

Remarkable advances in sensing and communication technology are expanding 

healthcare services to our everyday lives. Pervasive healthcare applications are 

emerging increasingly based on daily monitoring of diverse biological signals 

[3-8]. Daily monitoring of electrocardiogram (ECG) will open up new 

opportunities for developing useful healthcare applications because ECG is a 

basic indicator to infer the structure of the heart and the function of its electrical 

conduction system. It also sensitively represents the changes in cardiac activity 

and the activation in autonomous nervous system (ANS) (Figure 1-2). For 

example, an application can detect cardiac chronic diseases with intermittent 

symptoms such as arrhythmia [9] which are difficult to detect without daily 

continuous ECG monitoring. Moreover, resting heart rate (HR) is a predictive 
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Figure 1-2. Pervasive healthcare applications based on daily ECG monitoring
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risk factor for cardiovascular mortality such as a heart attack, a coronary artery

disease [10-13] and HR response has a relation to variation in resting HR in 

diabetics [14]. Heart rate variability (HRV) analysis using ECG enables 

assessment of the level of stress that users suffer [15-17] and can recognize 

negative emotions in real time [18-25]. In addition, a sleep quality can be 

analyzed using these features [26-30]. Thus, an application can provide useful 

feedback to users and potentially induce behavioral changes.
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1.2. Research Objectives and Challenges

Despite the high potential of daily ECG monitoring, the obtrusiveness of daily 

monitoring makes it challenging for it to become widely deployed and available. 

Fundamentally, ECG sensing requires more than two body parts (with a 

sufficient electric potential difference) that are stably attached to the electrodes 

of a sensor. With this requirement, users of existing ECG monitoring systems 

need to intentionally touch the sensor continuously on the body for ECG 

monitoring. In addition, the monitoring is possible only when users wear the 

device, which is not yet widely accepted to most of common users. Thus, the 

approach is often limited to specific situations such as monitoring for clinical 

and fitness purposes. For example, people wear commercial heart rate monitors 

such as chest strap-type device [31] during exercise.

Prior studies have addressed such obtrusiveness. A popular approach is to 

reduce the user’s attention and intentional cooperation by embedding the 

sensors in daily clothes using flexible materials such as conductive fabrics, 

which can be used as the electrodes for sensing. For the development of a 

wearable ECG monitoring system, it is challenging to simultaneously achieve 
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both the wearability of the sensors and the reliability of sensing. There have 

been a number of previous studies on enhancing the wearability of the ECG 

sensors using conductive fabrics as the electrodes. Conductive fabrics have 

enough conductivity to measure electric bio-signals and also have high 

flexibility and softness (similar to common fabrics for clothes) that provide a 

high level of usability for wearable sensors. However, such flexibility may 

cause negative effects on measurement accuracy when the sensor is in motion; 

deformation of fabric or rubbing with the skin due to active movement results 

in critical noise in the measured signals. This imposes a serious limitation on 

the reliable measurement of ECG signals during diverse everyday activities. In 

addition, some types of conductive fabrics are not physically or chemically 

durable. For example, they may lose conductivity after washing or exposure to 

sweat. Additionally, some conductive fabrics are not bio-compatible. Therefore, 

it is hard to utilize these fabrics as sensors in clothing practically. Fabric woven 

from silver-coated conductive yarn overcomes limitations of durability and bio-

compatibility, but it is expensive. 

Vuorela et al. [32] proposed a portable system to support long-term ECG 

recording in daily situations. This system uses an electrode band made of 

conductive fabric. This provides a high level of wearability. However, its 
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performance in measurement is degraded by the movement of body. In addition, 

the user is required to wear an additional body band equipped with electrodes, 

and this can be a burden. Moreover, the placement of the sensing device hardly 

considers users’ key concerns about wearability and appearance; the device 

might deteriorate the appearance of clothes when they wear it in daily situations.

Varadan et al. [33] developed a daily ECG measurement system applied in a 

sports bra. They improved the possibility of practical adoption in daily 

situations by incorporating custom-designed, flexible electrodes into a sports 

bra. They also built a mobile application to show measured ECG data. However, 

there are limitations to the application of the system in daily situations, since 

the system is embedded in a sports bra, which is not worn by women for 

everyday activities. Moreover, the system was not sufficiently evaluated in 

diverse movement situations (e.g., light running, riding a bus, or riding a 

bicycle). Thus, its motion robustness was not examined in detail. In addition, 

while the chemical durability of electrodes was evaluated, other aspects 

including the system’s physical durability and cost were not considered.

Another interesting approach is to integrate the sensing function into prevailing

personal daily items, such as a smartphone. For example, a smartphone 

application to monitor heart rate based on the phone camera requires users to 
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gently place their finger on lens and hold still for 10 seconds or more [34].

AliveCor [35] is a smartphone case equipped with an ECG sensor, enabling a 

user to measure ECG in daily environment. However, these approaches requires 

explicit initiation and attention from users. The user should consciously contact 

the body on the sensor to monitor cardiac activities. Such explicit attention 

being required makes consistent ECG monitoring challenging. Users are likely 

to forget and have other priorities.
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1.3. Purpose of the Study

This study was motivated to address the obtrusiveness of daily ECG monitoring 

system (Figure 1-3). The purposes of the study are summarized as the following 

two functional aims: 1) enhancement of the usability of a wearable ECG sensor, 

2) reducing a burden of carrying additional sensors.

First, I propose CardioGuard, a nonintrusive, wearable sensor with high 

usability for daily ECG monitoring for women, which is designed by leveraging 

the structure of women's functional underwear. By utilizing the existing 

functional components of a bra (i.e., the bra wires) as electrodes for ECG 

sensing, the bra sensor avoids making users feel that they are wearing additional 

sensors. Additionally, the electrodes can tightly contact the skin of users. As 

such, the bra sensor minimizes discomfort during the daily activities of wearers 

while measuring ECG signals accurately, even during movement. In addition, 

the form factor and the placement of the sensor device are designed to 

considerably enhance wearability. The sensor device is placed at the cleavage, 

the free space naturally formed by the structure and shape of a bra. The shape 

and size of the sensor device is designed to entirely fit in the free space while 
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Figure 1-3. The goal of the study; to address the obtrusiveness of the previous

ECG monitoring sensors
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remaining invisible and maintaining the appearance of wearers. The device is 

light enough that a wearer hardly feels the additional weight.

Second, I propose Sinabro, a smartphone-integrated unobtrusive mobile ECG 

monitoring sensor which captures a user’s ECG opportunistically during daily 

smartphone use. First, the potential opportunity to capture ECG is investigated 

during the daily usage of smartphones. Based on this opportunity, an ECG 

sensor in the form of a phone case is designed, that can be integrated with a 

smartphone for unobtrusive sensing. Specifically, multiple electrodes are 

attached at the corners, front, and back of the smartphone, which could allow 

maximal opportunities for ECG measurement when a user touches the phone 

with two body limbs during daily use, such as two hands when sending a text 

message, or an ear and a hand when making a phone call. 

Moreover, I propose a smartphone middleware for supporting ECG-based 

mobile healthcare applications using CardioGuard and Sinabro sensor. The 

middleware handles unstable ECG signals and extracts diverse ECG-derived 

information, such as heart rate (HR), heart rate variability (HRV). The 

middleware exposes the extracted health information to mobile healthcare 

applications via a set of APIs and it enables the applications to be developed 

and executed with less burden.
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2. Unobtrusive Daily ECG Monitoring Sensors

2.1. CardioGuard: A Bra Sensor with High Usability 
for Daily ECG Monitoring

Diverse healthcare applications, e.g., sleep monitoring, stress and emotion 

management, have been widely studied, which are based on daily ECG 

monitoring. Daily ECG monitoring also shows high feasibility to trace change 

of the user’s core temperature [36]. Daily ECG monitoring of a woman has a 

possibility to detect ovulation dates and to diagnose pregnancy because core 

temperature has a high correlation with the menstrual cycle of a woman. 

Recently, there is a large-scale project to develop social security system for a 

woman, based on the physiological monitoring [37]. The security system 

connects the social security network with ECG-based anxiety detection to 

protect the women against heinous crimes such as murder and rape. 
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In this study, I propose CardioGuard, a bra sensor with high usability for daily 

ECG monitoring. By overlaying ECG sensing onto the function of the existing 

wires of a bra (i.e., keeping the shape of cups), the bra sensor avoids the 

additional sensors (i.e. electrodes) for ECG sensing and it makes users feel 

more comfortable. The bra sensor reliably measures ECG signals using metal-

based, wire-type dry electrodes. It wirelessly transfers the data using Bluetooth 

interface.

2.1.1 Bra Sensor

For the design of the bra sensor, enhancing the sensor’s usability was focused 

on nonintrusive monitoring of ECG in daily situation. Figure 2-1 shows the 

prototype of the bra sensor and the sensor device. The wire electrodes capture

ECG signals, and a tiny computing device pre-processes the signals and 

transmits the data wirelessly. Figure 2-2 shows an example of ECG signal

measured using the bra sensor and the sensor device. The quality of the signal 

is good enough to detect ECG features, including the P and T waves and the 

QRS complex. 

A conductive metal was used as the electrodes to overcome the limitations of 

conductive fabric in terms of the physical durability, cost, and reliability of
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Figure 2-1. The prototype of the CardioGuard sensor system, (a) The wearing

example, The triangular shape of the sensor device is attached at the cleavage

of the bra sensor, (b) Gold-plated wire electrode, (c) The structure of the bra

sensor, (d) The front/back/side views of the prototype of the sensor device. The

detail size of the device is shown at each view, (e) The hardware and circuit

components of the sensor device
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Figure 2-2. An example of the electrocardiogram signal measured by the

CardioGuard sensor
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sensing during motion. Metal-based, dry electrodes can measure high quality 

ECG signals, and their production cost is low. Their ability to withstand 

deformation from an external forces make them reusable. However, it is 

challenging to use the metal as a wearable sensor due to its low flexibility. Its 

rigidity can cause discomfort for the wearer. Corrosion by water and sweat is 

another disadvantage. The shortcoming of low flexibility was addressed by 

utilizing the metal wires in the bra (which keep the shape of cups) as dry

electrodes for ECG sensing. Figure 2-1-(b) shows the detailed shape and 

placement of the electrodes. The thickness of the wire electrodes (0.5 mm) was 

carefully determined to maintain both durability and flexibility. A small portion 

of the area of each wire electrode is exposed at the lower center of each cup and 

directly contacts the skin of the user’s breast. These exposed areas are usually 

tightly contacted with the skin when the bra is secured. Such tight contact 

makes the bra sensor robust against motion artifacts during daily activities. To 

protect the skin from metal allergies and prevent corrosion by water and sweat, 

the wire electrodes are plated with gold. Moreover, the conductivity of gold 

(4.52x107 S/m) is about seven times greater than that of high carbon steel 

(6.21x106 S/m), which is the material used for the wire electrodes. Therefore, 
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the gold plating enhances a quality of signal by increasing the conductivity of 

the wire electrodes. 

I also carefully designed the sensor device and designated its placement to 

achieve a high degree of usability and convenience. Figure 2-1-(d) shows the 

front and back views of the sensor device. The sensor device was placed at the 

cleavage that is naturally formed between the two cups. This makes the device 

invisible when worn (see Figure 2-1-(a)). The triangular shape of the sensor 

device is designed to fully utilize the free space. In addition, the device is small 

and light enough to wear without discomfort. The detailed size is shown in 

Figure 2-1-(d). Its weight is only 11.4 grams. The device uses gold-plated, snap-

type metal connectors (shown in Figure 2-1-(e)); these are easily attached and 

detached from the wire electrodes.

In the design of the sensor device, the need for low power consumption was 

considered. The sensor device buffers the measured signal for a couple of 

seconds before transmission to save power. The Bluetooth module consumes 

25% more battery in transmission mode than in stand-by mode. If the measured 

data were transmitted instantly after every sample, the Bluetooth module would 

stay in transmission mode continuously and thus would consume more power. 

44% of the power consumption can be saved by transmitting the ECG signals 
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every two seconds with buffering. At a sampling rate of 128Hz, the device uses 

142.93 mWh with the buffering and 205.82 mWh without it. Recently, diverse 

low power front-end ECG chip is released, e.g., ADS1292 [38], Texas 

Instrument, and Bluetooth 4.0 (BLE, Bluetooth Low Energy) supports wireless 

communication with low energy consumption. These technologies makes the 

proposed sensor work for more than 1 day with a single charge by dramatically 

reducing power consumption of the processing and the communication. As 

occasion arises, the processing and the communication modules in the sensor 

device can be turned on or off by the smartphone middleware.

2.1.2 Evaluation

The major contribution of this study is to propose the ECG sensor that has 

highly feasibility for daily monitoring. Therefore, the proposed sensor’s 

reliability, usability, and durability were evaluated with focusing on its 

possibility to be adopted in practical situation such as doing diverse daily 

activities and washing using a laundry machine. To examine the reliability of 

the sensor measurement, two tests were performed: a signal-to-noise ratio (SNR) 

test and a QRS peak detection test during daily activities. The SNR test 

quantitatively examined the quality of the signals measured by the CardioGuard.
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The QRS peak detection test assessed the reliability of the device in diverse 

daily situations of typical users. The usability of the proposed sensor was 

evaluated through an interview and a questionnaire survey. A washing 

durability test was performed to validate the device’s feasibility for practical 

use.

� Signal Quality

The SNR test was performed to evaluate the device’s signal quality. A

simulated ECG measurement environment was prepared, which imitated a 

woman’s body wearing the bra sensor using a mannequin and an ECG simulator, 

MiniSim [39]. The copper tape was attached on the left and right breast of the 

mannequin and connected the two points with the RA and LA channels of the 

ECG simulator. Then, the bra sensor was worn on the mannequin so that the 

wire electrodes contacted the copper tape (see Figure 2-3). The raw signal 

measured by the sensor device was acquired using a laptop with a Bluetooth 

interface. The source signal was acquired using an FDA-approved ECG 

measurement system, the BIOPAC MP150 ECG module [40], connected 

directly to the ECG simulator. Both of the signals were measured for 200 

seconds and were time-synchronized.

2020



Figure 2-3. The experimental setup for signal quality test
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The results of the SNR test showed that the bra sensor can measure high quality 

ECG signals. The SNR of the raw signal was 10.64 dB; the ECG signal power 

was 12 times stronger than the noise power. When the raw signal was processed 

using a digital filter (a 5th order Butterworth low-pass filter with a cutoff 

frequency of 35 Hz), the SNR increased to 12.28 dB; the ECG signal power 

was 17 times stronger than the noise.

� Reliable Monitoring in Daily Activities

To evaluate the device’s sensing reliability, a QRS peak detection test was 

conducted during diverse daily situations. The test was designed to examine 

how accurately the CardioGuard measured ECG signals during daily activities 

compared with a reference ECG measurement system. As a metric, QRS peak 

detection ratio (PDR) was used, which is the ratio of the number of QRS peaks 

detected from the CardioGuard to the number of QRS peaks detected from the 

reference signal. The QRS peaks of each signal were detected manually by 

experienced experts. The ECG signals measured by the bra sensor were 

collected by the custom-developed data acquisition application running on a 

Galaxy S3 smartphone. The signal of the embedded three-axis accelerometer in 

the smartphone was acquired simultaneously to quantitatively measure the 
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degree of the subject’s movement. The reference signal was acquired using a 

portable 4-channel ECG holter monitor, the Shimmer2R [41], with Ag-AgCl 

electrodes with standard leads. The reference device sampled the ECG at the 

same sampling rate (i.e., 128Hz) as the sensor device and saved the signals in 

the local microSD memory. 10 female participants from the age group of 19 to 

32 were recruited for this test. Their BMIs ranged from 17.17 to 22.24. Figure 

2-4 shows the experimental setup for the test. Each participant wore the bra 

sensor fitted to her size (34AA, 34A, and 36AA in US sizes). The reference 

device and the smartphone were also attached to the left upper arm using a band 

during the test. The participants were asked to perform pre-defined activities 

for specified amounts of time (see Table 2-1). 12 representative daily activities

were selected. For the selection, the activities with different degrees of 

movement were considered and they were categorized into three groups, as 

shown in Table 2-1. Note that two of the activities, lying down and treadmill 

walking, were subdivided into more detailed activities. 

Overall, the results show the feasibility of the CardioGuard for reliable ECG 

sensing during diverse daily activities. The average PDR was 89.53% for all 

activities. This increased up to 98.29% for all moving activities except walking, 
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Figure 2-4. The experimental setup of the evaluation for reliable monitoring in

daily activities
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and to 99.57% for stationary activities such as working at a desk and resting on 

a chair. In the case of walking activities, the average PDR was relatively low

(72.2%). However, there were significant differences between the averages of 

each individual participant (see Figure 2-5-(d)). The results of all participants 

except for three unexpectedly low PDR cases showed the feasibility of the 

CardioGuard for reliable sensing in the walking activities. During all stationary 

and moving activities (except walking), highly reliable ECG data were 

measured for all participants. Figure 2-5 shows the detailed results of these tests. 

All average PDRs for stationary activities were larger than 99% and their 

standard deviations (SDs) were very small (from 0.11 to 1.94) (see Figure 2-5-

(a)). The average PDRs for sitting activities such as resting on a chair, working 

at a desk, and eating were near 100%. The average PDRs for lying activities 

were slightly lower; however, the differences were negligible. For moving 

activities except walking, the average of PDRs were also high, ranging from 

97.12% to 99.95% (see Figure 2-5-(b)). Considering that these activities occupy 

a significant portion of daily activities, I believe that the CardioGuard shows 

high potential for a reliable ECG monitoring in practical situations.

Figure 2-5-(c) shows the average PDRs for the group of walking activities. 

These are relatively low compared to those of the other two groups of activities; 
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Figure 2-5. The average QRS peak detection ratios (PDRs) and standard

deviations for 12 representative activities, (a) stationary activities, (b)

movement activities except walking, (c) walking activities, and (d) individual

participants for walking activities

(a) (b)

(d)(c)
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they vary from 63.84% to 82.77%. However, they show large SDs of up to 47. 

This is because there were large variations between participants. In the cases of 

participants 4, 7 and 8, QRS peaks were rarely detected for walking activities 

(see Figure 2-5-(d)). Without these participants, the average PDRs during 

walking activities were also greater than 92%. From this result, I can see the 

potential feasibility of the CardioGuard for reliable sensing in high movement 

situations. 

� Usability

To examine the wearability of the bra sensor and the usefulness of the 

CardioGuard sensor, a questionnaire-based survey was conducted with 15 

female participants. 10 of the participants were the participants from the 

previous study; the other five participants were additionally recruited. The ages 

of the new participants ranged from 32 to 48 and their bra sizes included 36A, 

which was not included in the previous reliable monitoring evaluation. To avoid 

the bias of the response, all participants recruited had no prior knowledge on 

this work. 

The questionnaire was carefully designed by customizing a Post-Study System 

Usability Questionnaire (PSSUQ) [42], which is a conventional tool used to 
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assess users’ perceived satisfaction with systems or applications. Table 2-2

shows detailed questions. Two questions regarding the comfort of the bra 

sensor, i.e., Q1 and Q2, were designed to ask participants about relative scores 

compared to the original commercial bra used to make the prototype of the 

CardioGuard. a 5-point Likert scale [43] was adopted for each question.

Before the survey, participants were given enough time to experience and 

compare both the bra sensor and the original commercial bra. Additionally, I 

verbally described several of the potential healthcare applications based on the 

CardioGuard mentioned in Table 2-2 and asked the participants about the 

usefulness of the applications and willingness to use the CardioGuard. In 

addition, to better understand the participants' opinions, the questionnaires were 

followed up with individual interviews conducted in person. 

Regarding the comfort and function of the bra sensor, most of the participants 

strongly agreed or agreed with Q1, Q2, and Q3. Mean scores and their SDs 

were 4.2 (1.03), 4.4 (0.97), and 4.5 (0.53), respectively. They felt that the bra 

sensor was as comfortable as the regular bra and that there was no functional 

difference compared to the existing wires in the regular bra. In addition, they 

did not feel that the direct contact between the skin and the wire electrode 

caused discomfort. 
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Table 2-2. Questions used in system usability evaluation

[CardioGuard Bra]

Q1. Do you think wearing the bra sensor is as comfortable as the regular 

bra?

Q2. Do you think wire electrodes can fulfill the function of the existing wires 

in a regular bra?

Q3. Do you feel comfortable with the touch of the wire electrodes?

Q4. Do you feel uncomfortable because of the size of the sensor device?

Q5. Do you feel uncomfortable because of the weight of the sensor device?

[System Usefulness]

(After explain some examples of the healthcare applications including sleep 

analysis, emotion detection, stress analysis and the detection of cardiac 

diseases which are based on HR and HRV and can be possible by the 

proposed sensor system.)

Q6. Do you think those healthcare applications with proposed sensor system 

are useful to management your health?

Q7. Are you willing to wear our sensor system in daily life if those applications 

are provided?
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Regarding the weight of the sensor device, most of the participants strongly 

agreed with Q5 (mean score of 4.8 and SD of 0.41). Most of the participants 

said that they could not feel the weight of the sensor while wearing it. However, 

in terms of the size of the sensor device, 4 participants agreed with Q4 and 4 

disagreed with it. The remaining 7 participants were neutral. Many of them 

thought that the size would not matter when they wore loose-fitting clothes. A 

few participants, however, had concerns that the device might stand out when 

they wore slim-fitting clothes and would thus spoil the appearance of their 

clothes. They worried that it might cause other people to regard them as patients 

who have serious diseases.

Most participants had a positive attitude about the practical uses of the 

CardioGuard; most of them agreed with Q6. They answered that the described 

healthcare applications would be helpful to maintain their health conveniently 

in daily life. They thought that the applications could provide opportunities to 

control their body’s condition when they felt tired or suffered from a disease. 

Regarding Q7, most of the participants showed their (strong) willingness to use 

CardioGuard. 10 participants (strongly) agreed with Q7 while four were neutral 

and one disagreed with it. They thought that the sensor would be helpful in 

maintaining their health and that it would not cause discomfort.
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A few participants gave additional comments that should be considered in order 

to improve the CardioGuard. One participant had concerns about the side 

effects of wearing an electronic device near her heart for a long time. Some 

participants commented about the effectiveness of the healthcare applications. 

One participant thought that the applications should more seriously consider 

effective ways of showing the health information to users who have no 

professional medical knowledge. Another participant had concerns about 

motivating users’ behavior for health. She believed that a recommendation of 

actions would not be enough to encourage behavior changes in users.

� Washing Durability

To examine the durability of the bra sensor after daily washing, a washing 

durability test was conducted. As a metric for washing durability, SNR values 

were used, which were obtained from the same experimental setup for the signal 

quality test. One bra sensor was washed 20 times using a laundry machine. 

Before laundering, the sensor device was detached from the bra sensor and the 

bra sensor was put in a laundry mesh. Twenty grams of standard detergent and 

tepid water were used for each washing. One laundry cycle included an 8-

minute washing, one rinse, and a 5-minute spin-dry. The SNR values were 
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obtained 8 times: before the first wash, and after the first, third, fifth, seventh, 

tenth, fifteenth, and twentieth washings.

There was not considerable degradation of the signal quality during the 20 

washing cycles. The initial SNR was 10.64 dB. After the first wash cycle, the 

SNR slightly decreased to 10.07 dB. However, it maintained that value as the 

number of washings increased. Even after 20 wash cycles, the SNR was 9.96

dB. From this result, I conclude that the functionality of the wire electrodes and 

the snap-type connectors was not significantly compromised by repeated 

washings. Considering that a regular bra usually falls into disuse after 30 wash 

cycles, the sensing capacity of the bra sensor is expected to be maintained 

during its typical lifetime.

2.1.3 Discussion

To investigate the causes of the low PDR results, three additional examinations

were performed. First, the effect of individual differences in body movement 

during the walking activities on the PDR results was examined. Gait might 

incur bodily vibration, which results in rubbing or weak contact between the 

wire electrode and the skin. This might cause severe noise in ECG sensing. The 

correlation between the strength of bodily vibration and the results of PDRs 
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was analyzed during the walking activities. For this analysis, the mean of the 

root mean squares (RMSs) for acceleration values of each axis was calculated.

These were collected using a built-in accelerometer of the test smartphone 

during the experiment. High RMS values were considered to represent a strong 

bodily vibration. There was no significant difference in the RMS values 

between the participants whose PDR was low (participants 4, 7 and 8) and the 

others. Rather, the RMS of the low PDR group was 1.53 (SD: 0.15) which is 

slightly smaller than that of the others (1.66, SD: 0.16). The RMS of participant 

7 (a member of the low PDR group) was 1.7. This is larger than the average 

RMS of the high PDR group, but the difference is slight. Moreover, the RMSs 

of participants 2 and 3 were larger than that of participant 7, but participants 2 

and 3 showed high PDRs. From this analysis, individual difference in potential 

body vibration did not have a significant effect on PDR results in the walking 

activities.

Secondly, the effect of QRS peak power on PDR during the walking activities

was examined. In general, it is easier to detect QRS peak correctly if the power 

of the ECG signal is relatively large. To investigate the influence of QRS peak 

power on PDR, the mean QRS peak power during the resting activity was 

calculated and compared among participants. A large QRS peak power did not 
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guarantee a high PDR. While participant 4 had the largest QRS peak power 

(132.07mV) among all participants, her mean PDR in walking activities was

27.8%. In addition, the QRS peak power of participant 7 was only 3mV smaller 

than that of participant 9. However, while the average PDR of participant 9 was 

92.58% for walking activities, that of participant 7 were 25%. Thus, I concluded 

that there is no considerable correlation between QRS peak power and the low 

PDRs. 

Based on these investigations, I speculate that the low PDRs shown in 

participants 4, 7, and 8 were caused by accidental problems with fitting of their 

bra sensors. If the banding of bra is relatively loose or if the bra sensor does not 

fit the user well, the movement of the upper body can result in rubbing or in 

weak contact between the wire electrode and the skin. This can cause serious 

noise in the ECG signal measurement. To estimate these fitting problems, the 

responses from the questions about the comfort of the bra sensor (See Table 

2-2, Q1-Q2) in questionnaire-based survey were investigated. I considered the 

fact that participants felt uncomfortable if the bra sensor did not fit them well. 

The average scores of Q1 and Q2 from the low PDR group, participants 4, 7, 

and 8, are 3.0 (SD: 1) and 3.3 (SD: 1.15), respectively. However, those from 

the relatively high PDR group are 4.71 (SD: 0.49) and 4.86 (SD: 0.38), 
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respectively. The scores show that the low PDR group felt more uncomfortable 

than the other group. Accordingly, I conjecture that there might be fitting 

problems which caused severe noise and low PDRs. However, it will be 

necessary to examine the correlation between fit and detection accuracy in 

detail in order to answer to this problem more specifically. Additionally, 

technical solutions to address the problem should be investigated in further 

studies.

This study shows the positive results for the feasibility of the CardioGuard in 

daily situations. However, ECG can be high priority and high risk data for some 

applications that require clinical decision making and medical intervention. 

Therefore, it is still necessary to conduct further studies to examine the 

applicability of the system to these applications. 

3636



2.2. Sinabro: A Smartphone-Case-Type Sensor 
for Opportunistic Daily ECG Monitoring

In this study, the primary approach is to address the obtrusiveness (i.e., user’s 

attention and a burden of carrying additional sensors) by overlaying the ECG 

sensing onto daily smartphone usage, e.g., phone calls, texting, and gaming; 

sensing is performed opportunistically while users do such activities with their 

smartphone. Such opportunistic monitoring will lower the barriers to daily ECG 

monitoring for ordinary users who are interested in their heart-related status but 

reluctant to use the aforementioned obtrusive approaches. Moreover, it will 

enable many new, useful applications without user intervention. For example, 

an application can notify users of the stress levels of conversation partners via 

phone vibrations when talking over the phone and allow them to respond 

appropriately, as they do naturally during face-to-face conversation; the 

Sinabro can capture ECG signal of the user without attracting his/her attention 

while the user is on the phone and extract stress levels from the signal.
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2.2.1 Sensing Opportunities in Daily Smartphone Use

The potential opportunities for ECG monitoring was investigated during daily 

smartphone usage. This study is intended to answer the following questions.

� How many potential opportunities exist per day?

� How long does each opportunity last?

� How reliably can be ECG signal captured, given the opportunity?

� Experimental setup and analysis

For this study, 14 smartphone users (male/female: 10/4, age: 23–34) on the 

Korea Advanced Institute of Science and Technology (KAIST) and Seoul 

National University (SNU) campus were recruited and collected their 

smartphone usage logs for 6 days, on average (4–12 days). The collected logs 

were analyzed to calculate the number of ECG sensing opportunities and their 

time durations. The opportunities from three major smartphone use activities

were focused: (1) calling without using earphones or a speakerphone; (2) 

keyboard typing; and (3) gaming and taking a picture in landscape mode. ECG 

signals can be captured with two electrodes during these activities, i.e., with 

two hands or one hand and an ear. Users often hold their smartphone with two 

hands while using instant messaging and typing messages, playing mobile 
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games, and taking pictures. While talking over the phone, they usually hold it 

with one hand and touch it to their ear. Note that this analysis does not present 

the actual opportunities where ECG signals could be measured. Instead, I

intended to investigate the potential feasibility for this study. 

To collect the logs of smartphone use, a smartphone application to log a range 

of user interaction data, i.e., start/end times of call events, touch events for 

typing, landscape view events, and app usage events was developed. To analyze 

typing duration, consecutive typing events within 5 seconds were considered as

typing sessions and their time duration were measured; there are some time 

intervals between typing events, e.g., when chatting with a messenger, users 

often wait for a response from their friends before responding again.

These events were classified into five groups by time durations, considering 

different conditions for features to compute and the purpose of analyses based 

on previous literature. The time durations include 10–30 seconds for HR, 30–

60 seconds for ultra-short term heart rate variability (HRV) analysis [44], 1–2

minutes for the high-frequency HRV components [45], 2–5 minutes for the 

low-frequency HRV components [45], and 5 or more minutes that is typically 

recommended duration for HRV analysis [25, 45].
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� Results

A number of potential opportunities for unobtrusive ECG monitoring exist 

throughout the day, as shown in Figure 2-6. The average number of potential 

opportunities varied from about 1.7 to 23, depending on the time durations 

Figure 2-6-(a)). The number of opportunities to obtain HRs was more than 20 

per day. Also, there were about 6 potential opportunities for ultra-short term 

HRV analyses (30–60 sec.) per day. The number of opportunities varied largely, 

depending on the users. However, there were avg. 8.5 events for the user who 

had the fewest number of opportunities. For the users who used their phones 

frequently, three of them showed more than 80 opportunities on average. 11 

users had more than 20. 

The average number of potential opportunities varied depending on the type of 

usage cases (see Figure 2-6-(b)). The typing case had the largest number of 

opportunities. The call case had the second most, but there was no remarkable 

difference, compared to the landscape case. In the typing case, the number of 

short time durations was relatively larger, compared to other two cases. There 

might be a number of opportunities for HR and ultra-short term HRV analysis.

In the call and landscape cases, the number of opportunities for larger time 

durations increased since it is more likely that phone calls and gaming last for 
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(a)

(b)

Figure 2-6. The results of the study of potential sensing opportunities in daily

smartphone use, (a) a number of potential sensing opportunities by different

time durations, (b) a number of potential sensing opportunities by different use

cases
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minutes. They might be opportunities for analysis with more than 2 minute-

ECG recordings.

2.2.2 Smartphone-Case-Type Sensor

I designed the Sinabro sensor device for reliable and durable ECG monitoring 

without user intervention during daily smartphone usage. The sensor prototype 

is shown in Figure 2-7. Multiple metal-based dry electrodes (Figure 2-7, -

) are placed on the outer frame of the case to come into contact with the user’s 

two hands during natural smartphone usage. An electrode on the head of the 

front (Figure 2-7, -front) was also placed to capture ECG from the user’s ear 

during a call. The electrode -front is the continuation of the electrode -

rear. Aluminum film was used as the electrodes, since it has enough 

conductivity to capture ECG and high durability against sweat and humidity. 

Furthermore, its thinness makes it easy to adapt to the curved surfaces of a 

smartphone. The phone case-type sensor enables users to easily adapt the sensor 

onto their existing smartphones. The design of the prototype sensor mainly 

targets three use cases in daily smartphone use situations: phone calls, two 

hands in landscape orientation (e.g., during gaming, photo taking) and in 

portrait orientation (e.g., typing, gaming) (see Figure 2-8). During a phone call, 
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Figure 2-7. The prototype of the phone case-type sensor
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(a)

(b)

Figure 2-8. The target usage cases of Sinabro and an example of ECG signal

captured by Sinabro, (a) The target usage cases of Sinabro; phone calls, two

hands in landscape orientation and in portrait orientation, (b) An example of

ECG signal captured by Sinabro; top: raw ECG, bottom: bandpass-filtered

ECG (cut-off: 7Hz-35Hz)

30 31 32 33 34 35 36 37
-2
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the user’s ECG is captured from his/her ear and the hand that holds the 

smartphone by a combination of the electrode -front and or . During 

the use cases with two hands in portrait orientation, ECG is captured by the 

electrodes and . In landscape orientation, the electrodes -rear and 

cover ECG sensing. As I mentioned in Chapter 1, ECG sensing fundamentally 

requires more than two body parts to be in contact with the sensor, which have 

a sufficient electric potential difference. With this requirement, holding the 

smartphone with one hand in portrait orientation was excluded in a target 

situation despite this quite frequent usage case. The sensor device 

simultaneously monitors multiple ECG channels from four combinations of 

electrodes ( – , – , – , and – ). A low-power integrated ECG 

front-end analog-digital-converter (ADC) (ADS1298, Texas Instruments, USA) 

(Figure 2-7- ) was used to perform major sensor-side processing. It extracts 

multiple ECG channels and converts the analog signals into 24-bit digital data. 

The digitalized multi-channel data are delivered to the micro controller unit 

(MCU) (ATMEGA128A, Atmel, USA) (Figure 2-7- ) via the serial peripheral 

interface (SPI), and the data are wirelessly forwarded to the smartphone through 

a Bluetooth interface (ESD-200, SENA, Korea) (Figure 2-7- ). The MCU 

parses the command from a data receiver (e.g., a smartphone app) and controls 
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the device, e.g., sensing turned on/off, configuring the sampling rate, etc. It also 

handles the Bluetooth module and ADC. The default sampling frequency is 250 

Hz, and it can be controlled as 125 Hz, 250 Hz or 500 Hz by Sinabro 

middleware in real time. There is a trade-off between the reliability of HRV 

parameters and the processing cost. A higher sampling rate reduces the error of 

RR intervals and it enables HRV parameters to be extracted more accurately. 

On the other hand, it requires more battery consumption and computing cost by 

increasing the data rate of wireless communication and signal processing.

Therefore, the Sinabro has an option to control the sampling rate at diverse 

resolutions depending on the purpose of the pervasive healthcare application.

The device consumes 166.5 mWh during processing and communicating and 

only 51 mWh in standby mode.

2.2.3 Evaluation

The sensing reliability of the Sinabro was evaluated during naturally 

smartphone usage. To examine the reliability of the sensor measurement, a 

QRS peak detection test was performed under five predetermined use cases. 

4646



� Experimental setup

Fourteen participants were recruited from Seoul National University 

(male/female: 9/5; average age: 25.1; SD: 2.36) for this study. This study was 

approved by the Institutional Review Board of Seoul National University 

Hospital (IRB No. C-1512-110-728). A smartphone equipped with the Sinabro 

prototype was provided to the participants; the Samsung Galaxy S4 was used 

for the prototype. The sampling rate of the sensor device was set as 250 Hz. To 

collect ECG data in daily natural smartphone usage cases, they were asked to 

use the smartphone under five predetermined use cases: texting in the portrait 

and landscape orientations, playing highly and less interactive games in 

landscape orientation, and calling without a hands-free device. Each usage case 

was performed for 5 min. The detailed settings for each use case were as follows. 

In the texting case, the participants were asked to have a conversation with the 

experimenter through a messenger app for following their natural typing. In the 

gaming case, they were asked to play two games with different interaction 

levels. One is a highly interactive action game, Touch Fighter for Kakao [46],

which incurs frequent and strong inputs (at least 1–2 inputs per second, up to 

five). The other was the low-interaction baseball game, Com2uS Professional 

Baseball 2015 [47], which involves relatively less frequent, gentler inputs (avg. 
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0.5 per second). Both games were played with two hands in landscape mode. 

For calling, the participants were asked to have a conversation with the 

experimenter through a phone. They held the phone with their left hand and 

touched it to left ear. During the usage cases, the reference ECG data were 

simultaneously collected to calculate PDR using a conventional ECG 

acquisition system, BIOPAC MP150 with ECG100C module [40], with 

Ag/AgCl electrodes, which were attached to the left and right forearms. Before 

the experiment, raw ECG data for 30 seconds under stable contact with the 

electrodes was collected for the personal calibration data. The calibration data 

were collected for three cases: holding in the portrait and landscape orientations 

and calling without any motion in the contacted body parts.

� Results

Figure 2-9 shows the results of PDR. There were no missed QRS peaks in the 

30-second holding cases. This shows that Sinabro can capture clear ECG 

signals under the condition of stable contact between the sensor and the hands. 

For texting in portrait orientation and calling, most of the QRS peaks were 

correctly detected; the PDRs were 98.7% and 96.5%, on average, respectively. 

In contrast, there were relatively more missed peaks in the other three cases, 
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Figure 2-9. Average QRS peak detection ratios (PDRs) and SD for different 

use cases
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i.e., texting and playing highly- and low-interactive games in landscape 

orientation. The average PDRs varied from 81.4% to 90.8%, and their SDs were 

relatively large (11.8%–22.6%). Four participants among the fourteen showed 

quite low PDRs in the case of highly interactive gaming (33.2%–66.9%). While 

playing the low-interactive game and texting in landscape orientation, two and 

three participants, respectively, also showed much lower PDRs (54.8%–77.5%). 

Except for those participants, the average PDRs were larger than 96%.

2.2.4 Discussion

Unobtrusiveness is a key factor to turn daily physiological sensing into reality. 

Attaching additional sensors onto the body and carrying a separate device for 

monitoring are possible solutions. However, users often feel that carrying more 

devices and initiating manual measurements are cumbersome, making daily 

monitoring challenging. Sinabro opportunistically senses ECG signals during 

daily smartphone use using a phone-case-type sensor, reducing the users’ 

burden for manual sensing significantly. Sinabro has an advantage to be easily 

adopted to the existing smartphone because of its phone-case-type design. On 

the other hand, some of commercial smartphones use metal bands as the outer 

frame to strengthen their durability (e.g., iPhone series, Vega IRON). Therefore,
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the Sinabro can be fully embedded in those smartphones by utilizing the metal 

bands as the sensor for ECG monitoring.

There were several interesting findings which could lead to improved 

performance for Sinabro. For instance, the severity of the artifact during the 

landscape-mode usage showed a high correlation with the participant’s thumb 

length. Figure 2-10 shows the average drop rates of the participants and their 

thumb length. The drop rate is the rate of the data filtered out by the smartphone 

middleware. The smartphone middleware which will be introduced in Chapter 

3 dropped the noisy data from the feature extraction process, which is too much 

distorted to detect QRS peaks correctly. Therefore, the high drop rate means 

the severe noisy data. The overall average thumb length of the participants was 

59.8 mm (SD: ±8.5). The thumb lengths of three participants — 3, 9 and 14 —

who showed relatively large drop rates were 53, 49, and 50 mm, respectively. 

They had shorter thumbs than the others. According to the Pearson correlation, 

the correlation coefficient was -0.58, and the p-value was 0.03 (<0.05). 

Currently, many commercial smartphones are equipped with big screens with 

vertical sizes above 11 cm. When using a smartphone with both hands in the 

landscape mode, users often touch the screen using their thumbs. Users with 

short thumbs 
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Figure 2-10. The average drop rate and thumb length of the participants
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are likely to change their hand posture (more than those with longer thumbs)

when they touch the center area of the screen. Such changes in hand posture 

cause significant motion artifacts and reduce sensing accuracy by temporarily 

separating the hands and electrodes.
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3. Smartphone Middleware for Supporting 

ECG-based Mobile Healthcare Applications

Though daily physiological monitoring sensors for smartphone healthcare 

applications are rapidly emerging, previous works did not often consider 

software support. Some studies introduced smartphone healthcare applications 

based on their own sensing systems [33, 48] but these do not include functions 

to allow other applications to access the sensing data. The smartphone software 

for supporting healthcare applications should guarantee reliable monitoring and 

efficiently provide sensing data to the applications. Moreover, it should also 

enable multiple, concurrent applications to easily share the sensing data and 

extracted high-level features. However, the smartphone is not used exclusively 

for physiological monitoring and healthcare. Therefore, the software should not 

limit the use of other applications and functions on the smartphone. The 

5555



software also should not cause inconvenience by using too much of the 

smartphone system’s resources.

In this study, I propose a smartphone middleware to support pervasive 

smartphone healthcare applications based on daily ECG monitoring. 

CardioGuard and Sinabro combined with the middleware allow developers to 

be free from detailed sensing issues and easily access raw ECG data and its 

high-level features. It enables developers to build a number of ECG-based 

smartphone healthcare applications without encountering complicated 

implementation issues such as issues of reliable monitoring, sensor 

management, and feature extraction. 
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3.1. Architecture

The middleware manages and controls the sensor device by monitoring the 

user’s context. It delivers captured ECG data and high-level features to multiple 

smartphone applications which request them. Figure 3-1 shows the architecture 

of the middleware. The usage analysis/detection and the context processing 

modules (Figure 3-1- ) detect a potential opportunity for reliable ECG sensing.

The modules can infer the chance of reliable ECG sensing for CardioGuard and 

Sinabro using user’s context information and smartphone sensor data. For 

example, when the user’s smartphone location is moving but his/her 

smartphone accelerometer data is relatively stable, the modules can infer that 

the user is moving using a vehicle. Then, the modules can determine the 

moment has a high chance to measure reliable ECG for CardioGuard because 

his/her activity is stationary. The user’s both hand interaction can be detected 

by monitoring of the launched application and the frequency of touch events on 

the screen. 

When the sensing function is on, the sensor communication module receives 

raw ECG data from the sensors and delivers them in real time to the pre-
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Figure 3-1. The architecture of the smartphone middleware
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processor and the feature extraction module (Figure 3-1- , ). The raw ECG 

data and the extracted features can be delivered in real time to multiple 

applications using Sinabro APIs (Figure 3-1- ).
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3.2. ECG-derived Feature Extraction

In many of the target opportunities of CardioGuard and Sinabro, the users’ body 

and hands might be dynamically and continuously moving. Therefore, the 

captured signals can easily be exposed to the motion artifact. It makes it 

difficult to detect QRS peaks correctly by distorting ECG signal. These 

wrongly-detected or missed QRS peaks can degrade the reliability of the QRS-

interval-based derived features, such as HR and HRV.

Cost-efficient QRS peak detection algorithm was developed, that is suitable for 

the limited computing environment such as a smartphone. It guarantees the 

reliability of the extracted features by dropping noisy data from the extraction 

process. In designing the algorithm, the reliability of the features was 

prioritized. Considering the existence of numerous and frequent sensing 

opportunities in daily situation, I thought that providing reliable ECG-derived 

features to healthcare apps was more important than providing more data.

However, the algorithm reconstructs missing or dropped ECG data, if possible, 

to maximize the chances of feature extraction.
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The processing flow of the algorithm is as follows (see Figure 3-2). First, the 

algorithm receives bandpass-filtered ECG data (cut-off: 7~35Hz) from the 

preprocessor and filters out the data which have a low amplitude using a 

threshold, th_la (Figure 3-2-(a), the black line). After the bandpass filtering, R 

waves are relatively clarified, so that their amplitude level becomes quite 

distinct from that of other waves, i.e., P, Q, S, and T waves. Low-amplitude 

filtering can efficiently sort out QRS peak candidates and considerably reduce 

the amount of data that the algorithm needs to manage and process. For example, 

assume that one-second of ECG data are collected at a sampling rate of 250 Hz 

and that the user’s heart rate is 60 BPM. Then, only one or two samples among 

250 are a QRS peak, and the other samples are not. An important issue in this 

step is how to determine the threshold, th_la, since a more precise threshold 

can result in more accurate QRS peak detection. The threshold is obtained by a 

coefficient value times the mean of the QRS peak amplitudes. For the mean 

QRS peak amplitude, I considered that different users usually show different 

ECG features, such as QRS peak amplitude, and different use cases may also 

affect the signal amplitude. Thus, I obtained the mean of the QRS peak 

amplitudes in a personalized way with calibration data, which are individually 

collected for 30 seconds without any movement and maintaining stable contact 
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Figure 3-2. The detection and correction process of the QRS peak detector, (a)

Blue solid line: bandpass-filtered ECG data; black solid line: the threshold for

low-amplitude filtering, th_la, (b) blue line: low-amplitude-filtered data; black

solid line: smoothed signal of the blue line; red circle: detected QRS

candidates; red bar: noisy section; blue bar: valid QRS peak section, (c) gray

box: the range of valid intervals; blue solid lines: valid intervals; red dotted

lines: invalid intervals, (d) O: valid QRS peak; X: invalid QRS peak, (e) blue

solid line: bandpass-filtered ECG; red circle: detected QRS peaks after

correction; magenta star: interpolated QRS peaks

6262



between the sensor and body through the user’s cooperation. Accordingly, the 

personalized and case-sensitive thresholds were set for different users.

��_�� = ����(	
) � �. , (Eq. 3-1)

Ac is a set of the QRS peak amplitudes in the calibration data and the coefficient 

value was set as 0.6, which was determined based on empirical analysis (see 

Section 3.3.1).

Next, the algorithm detects noisy sections among the QRS peak candidates and 

filters them using a smoothing technique (see (Eq. 3-2)).

	������(�) = ���� �	 �� � ��
��� , 	 �� � ��

�� + �� , 	(�), … , 	 �� + ��
���� (Eq. 3-2)

A is the amplitude of the QRS peak candidate and fs is the frequency of 

sampling of the data. The window size was set as ��
� for the smoothing. When 

the smoothing technique is applied to the candidate data, the noisy data involve 

longer time durations than the clear QRS peaks (Figure 3-2-(b)). Thus, the 

algorithm detects a noisy section whose width is larger than a certain threshold. 

The threshold is also empirically obtained; it is currently 1.05-times the mean 
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width of the R wave from the smoothed calibration data. Through this step, 

most invalid QRS peak candidates can be removed.

The third step is a correction process for wrongly-detected or missed QRS 

peaks. This is important to improve the reliability of the derived features, such 

as HRV parameters. Wrongly-detected or missed QRS peaks degrade the 

accuracy of the derived features by inducing inaccurate RR intervals (Figure 

3-2-(c)). The correction process removes wrongly-detected QRS peaks mapped 

to abnormal intervals and recovers the missed QRS peaks using interpolation 

(Figure 3-2-(e)). The details of the correction process are as follows. First, the 

algorithm detects invalid intervals. The range of a valid interval length was 

statistically set using the reference ECG data acquired for evaluation. Mean 

and SD of valid RR intervals in the reference data were calculated and the 

range was set as mean RR interval ± 1.96 × SD. Next, the algorithm sequentially 

iterates all RR intervals to determine whether two detected peaks mapped to 

each of them are valid using the correction rule (shown in Table 3-1), which 

considers the conditions of the previous and later intervals. The head and tail 

peaks are defined as the front and rear peaks in two peaks mapped to the current 

interval, respectively. Thirteen intervals shown in Figure 3-2-(c) were 

calculated from the detected peaks shown in Figure 3-2-(b). The correction 
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Table 3-1. The correction rule for the wrongly-detected QRS peaks by invalid 

short intervals

Current Interval Head Peak Tail Peak

valid

valid valid

invalid valid

not fixed �� valid valid

invalid

valid not fixed

invalid not fixed

not fixed �� invalid not fixed
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results for the QRS peaks are shown in Figure 3-2-(d). The correction rule 

should be applied sequentially to the intervals. For example, when the 

correction process iterates the 11th interval, the current interval is invalid, so 

the tail peak is not fixed in this iteration. In the next iteration for the 12th 

interval, the current interval is invalid, and the head peak is not fixed, so the tail 

peak is not fixed, and the head peak is decided to be invalid.

After the correction process, the algorithm re-calculates the RR intervals from 

the corrected QRS peaks and finds the section where the QRS peaks are missing 

by detecting invalid long intervals. The algorithm interpolates the sections 

mapped to the invalid long intervals (Figure 3-2-(d)) into multiple short 

intervals using Seo’s interval split model [49] to recover the missed QRS peaks. 

The model predicts possible cases for the interpolation, including the estimated 

number and length of the short intervals. It uses the Piecewise Cubic Hermite 

(PCH) method for the interpolation. If the number of cases is greater than one, 

the model will choose the best case to be the one whose sum of the estimated 

lengths of the short intervals is most similar to the original length of the invalid 

long section.

The PCH method shows superior performance in interpolating missed QRS 

peaks [50]. However, if many QRS peaks are consecutively-missed, the 
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performance of the interpolation would degrade rapidly. Therefore, the 

algorithm drops windows that include invalid long intervals with more than an 

estimated three missed QRS peaks. This threshold was also set based on the 

empirical analysis described in Section 3.3.1.
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3.3. Evaluation

The reliability of the middleware was evaluated in two aspects. First is the 

accuracy of QRS peak detection and second is the performance of the feature 

extraction. A key factor of the feature extraction performance is how accurately 

it detects reliable ECG with minimizing the drop rate of the sensing data. To 

evaluate the performance of the middleware in more restricted environment, I

used the data on this test, which was acquired for evaluation of the sensing 

reliability of Sinabro. The Sinabro data includes relatively more frequent 

unreliable ECG than CardioGuard data. The Sinabro data was also acquired in 

diverse use cases. Therefore, Sinabro data enables the evaluation to show the 

results more sensitively in those two aspects. Before the evaluation, the 

empirical analyses to determine three parameters used in QRS peak detection

were presented; i.e., the number of consecutively-missed QRS peaks for data 

drop, personalized, case-sensitive threshold, the coefficient value to derive the 

threshold for low-amplitude filtering. 
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3.3.1 Parameter Setup in QRS Peak Detector

The empirical analyses to determine the parameter values used in QRS peak 

detection were presented. As mentioned, the QRS peak detector uses multiple 

thresholds to filter out unreliable ECG data before the feature extraction process,

in order to provide accurate QRS peak detection and reliable features, e.g., the 

threshold for low-amplitude filtering, detecting noisy sections in smoothed data 

of QRS peak candidates, and dropping data with long, consecutively-missed 

QRS peaks. These thresholds can make a trade-off between the reliability of 

the extracted features and the rates of the dropped or filtered data. Precisely-

refined thresholds allow us to avoid incorrect filtering and to keep the reliability 

of the extracted features at a reasonable level. Before the system evaluation, 

three analyses were performed to find better thresholds, in order to decrease the 

error of the extracted features and the rates of the dropped data at the same time. 

The average error of the HRV parameters and the average rates of the dropped 

data were used as the evaluation metrics for the analyses.

� The Number of Consecutively-Missed QRS Peaks for Data Drop

First, I looked into the desirable number of consecutively-missed QRS peaks to 

decide whether a window of data should be dropped or not. If the number is 
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large, many data windows can be processed for feature extraction. However, 

the error of the extracted features, such as the HRV parameters, can increase, 

since there are many consecutively-missed peaks, which make it difficult to 

correctly interpolate the missed peaks. On the other hand, if the number is small, 

many data windows might be dropped, and thus, the chance to extract the 

features will decrease. However, the reliability of the extracted features from 

the remaining windows would be improved. The average error of HRV 

parameters and the average drop rates of the data windows were calculated 

under different thresholds, i.e., 1~6. The coefficient value for the low-amplitude 

filtering threshold was controlled as 0.6 and personalized and case-sensitive 

thresholds were used for this analysis.

The results show the trade-off between the average error of HRV and the drop 

rate by the threshold (see Figure 3-3). In the threshold from 1–3, the drop rate 

decreased rapidly, but the error slightly increased. From 3–6, the trends of 

increasing error and decreasing drop rate are similar. Based on the results, the 

threshold was empirically set as three for data drop.
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Figure 3-3. The average error of the HRV parameters and the average drop

rate by the number of consecutively-missed QRS peaks
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� The Effect of the Personalized, Case-Sensitive Threshold

Next, the effect of a threshold for low-amplitude filtering was examined. As 

shown in Figure 3-2-(a), the QRS peak detector first applies low-amplitude 

filtering to select QRS peak candidates. A key parameter for determining the 

threshold, th_la, is the mean of the QRS peaks’ amplitudes in the calibration 

data. QRS peaks usually show different amplitudes, depending on the user. In 

addition, since Sinabro and CardioGuard sensors capture ECG signals under 

different usage cases and daily activities, the amplitudes of the captured QRS 

peaks can be different, even for the same user. In the case of CardioGuard, this 

is mainly because the conductance between the electrodes and the skin is 

changing in different daily environment by humidity and sweat. In the case of 

Sinabro, the size of the electrodes contacting the body and the body parts are 

changing in different use cases and they lead to change the amplitudes of the 

captured signal. For example, the conductance of the bra sensor is increasing 

under the environment with high temperature and humidity. In the case of 

Sinabro, a user’s hand posture in landscape orientation might be different from 

that in portrait orientation, and the body parts contacting the sensors while 

playing a game are different from those when calling. The effect of a 

personalized and case-sensitive threshold on the performance of the feature 
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extraction was investigated to set the thresholds, by considering individually 

different ECG features and different sensing conditions in different usage cases. 

The evaluation metrics from the calibrated thresholds with those from the 

unified threshold were compared with. While the unified threshold was set as 

the mean peak amplitude from the calibration data of all of the participants in 

all of the use cases, the personalized threshold was set as the mean peak 

amplitude from the personal calibration data. The case-sensitive threshold was 

set as the mean peak amplitude from the calibration data of all of the 

participants in the target use case. The number of consecutively-missed QRS 

peaks for data drop and the coefficient value for low-amplitude filtering were 

controlled as three and 0.6, respectively.

Figure 3-4 shows the analysis results. When the unified threshold was used, the 

average error and the drop rate were 8.3% and 39.5%, respectively, which were 

the highest among all of the thresholds. When applying the case-sensitive 

threshold, the HRV error decreased by 2%, and the drop rate also decreased 

slightly, by 1.2%. With a personalized threshold, the drop rate decreased 

significantly to 22.2%, and the HRV error also decreased by 2.6%. The smallest 

HRV error and drop rate were obtained when a personalized and case-sensitive 

threshold was applied. The results show that the personalized and case-sensitive 
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Figure 3-4. The effect of the personalized and case-sensitive threshold in noise

filtering on the average error of the HRV parameters and the average drop rate
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threshold filtered out the noise signals more precisely than the unified threshold. 

While the personalized and case-sensitive threshold has the advantage of better 

performance, personal calibration data need to be collected from users in order 

to apply the personalized and case-sensitive threshold. Since the calibration 

data collection would be a one-time operation and the time for it is reasonably 

short, about 30 seconds for each of the target use cases, it would only be a minor 

burden for users.

� The Coefficient Value to Derive the Threshold for Low-Amplitude 

Filtering

The performance of the feature extraction with different coefficient values was 

analyzed to set the refined value of the threshold, th_la, for the low-amplitude 

filtering. The evaluation metrics by changing the coefficient value from 0.3 to 

0.8 were calculated. For this analysis, the number of consecutively-missed QRS 

peaks for dropping data was set as three and a personalized and case-sensitive 

threshold were used. Figure 3-5 shows the results of the analysis. The drop rate 

greatly decreased by 54%, with the coefficient value increasing from 0.3 to 0.6, 

and it was saturated at 0.6. The average error decreased from the range of 0.3–

0.6 and increased again after 0.6. Based on the results, the coefficient value of 
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Figure 3-5. The average error of the HRV parameters and the average drop rate by the

coefficient values for the threshold of low-amplitude filtering
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the threshold for low-amplitude filtering was set as 0.6, which showed the 

smallest error, as well as a low drop rate.

3.3.2 Feature Extraction 

Two aspects of the middleware were evaluated. First, the accuracy of QRS peak 

detection was evaluated. Second, the performance of the feature extraction was 

examined. The evaluation metrics were as follows. Sensitivity (Se), the positive 

predictive value (PPV) and error (Er) were used as evaluation metrics to 

evaluate the accuracy of the QRS peak detection algorithm. This is important, 

since the accuracy of the QRS peak detection is a key factor to reliably derive 

the RR-interval-based features. The definitions of the metrics are given in Eq.

3-1. TP, FP and FN were calculated by comparing the QRS peaks detected by 

the algorithm with those that the experienced expert detected manually from 

the reference ECG data.

�� = ��
����� × ��� (%),

!!" = ��
����� × ��� (%), (Eq. 3-3)

#$ = �� + ��
�� + �� × ��� (%),  
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TP: the number of valid QRS peaks correctly detected by the algorithm 

FP: the number of QRS peaks wrongly detected as valid peaks by the algorithm

FN: the number of valid QRS peaks not detected by the algorithm

Se is how many real QRS peaks were correctly detected or interpolated by the 

algorithm. PPV is how many peaks that were detected as valid were real QRS 

peaks. Er is the ratio of the missed and wrongly-detected peaks to the real QRS 

peaks.

The average error rates of the derived features, including the HR and HRV 

parameters, were calculated to evaluate the feature extraction performance. The 

error rate was obtained by comparing the HRV parameters derived from the test 

data with those from the reference ECG data. The linear relationship between 

the HRV parameters from the test data and those from the reference data were 

also investigated using the Pearson correlation.

The feature extraction process was performed every second with 30-second

sliding time windows. The coefficient value of the threshold for the low-

amplitude filtering was 0.6, and personalized and case-sensitive thresholds 

were set using the calibration data. The number of consecutively missed QRS 

peaks for the data drop threshold was set as three. The extracted HRV 

parameters included the time-domain parameters, mean HR, SDNN and 
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RMSSD, frequency-domain parameters, LF, HF, normalized HF (nHF), 

normalized LF (nLF), TF and LF/HF [45]. Mean HR is the average of all 

normal RR intervals. It can be utilized to diagnose abnormal pulse such as 

tachycardia and bradycardia. SDNN is SD of all normal RR intervals and it has 

a relation to adjustability during the surrounding changes. RMSSD is the square 

root of the mean of the squares of the successive differences between adjacent 

RR intervals. It is changed by the emotional status; low in anger and scare. LF

and HF are the power distribution across the low frequency from 0.04 Hz to 

0.15 Hz and high frequency from 0.15 Hz to 0.4 Hz, respectively. HF reflects 

a parasympathetic reaction. It shows high in peaceful mental state. LF reflects 

both sympathetic and parasympathetic reactions and it shows high in an excited 

condition and low in severe fatigued or stressful condition. TF is total spectral 

power under 0.4 Hz. Because of the limitation of the size of time windows, the 

extracted parameters do not include VLF. LF/HF is the ratio calculated by 

dividing LF power by HF power.

� Performance of the QRS Peak Detector

The QRS peak detection algorithm precisely detected or corrected almost all of 

the QRS peaks in reliable ECG data. Se was 99.9% on average, and only 0.1% 
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of real QRS peaks were not detected. PPV was also very high, and Er was very 

low: 99.6% and 0.5%, respectively. Only 0.4% of the peaks detected by the 

algorithm were not correct QRS peaks. The results did not show significant 

differences among the different use cases. Even in the case of highly interactive 

gaming, for which the algorithm showed the worst results, the QRS peak 

detector missed only 0.2% of the real QRS peaks, and only 0.5% of the detected 

peaks were wrong. However, about 38% of the data were dropped in that case. 

Note that Se, PPV and Er were calculated by counting the matched peaks in the 

results from the QRS peak detector with the real QRS peaks in the reference 

ECG data, which were manually detected by the experienced experts. Therefore, 

these results do not include the accuracy of the RR intervals calculated from 

the results of the QRS peak detector.

The QRS peak detector dropped an average of 21.6% of the data from the 

feature-extraction process. Relatively more data were dropped in the usage

cases in landscape orientation. Those use cases showed an average 32.3% drop 

rate. Participants 3, 7, 9 and 14 showed higher average drop rates than the others 

in the usage cases. Except for the results of these four participants, the average 

drop rate was decreased to 8.1%. For calling and texting in portrait orientation, 

only 3.9% and 8.7% of the data were dropped on average, respectively.
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� Performance of the Feature Extraction

The results showed that the middleware can feasibly provide highly reliable 

ECG-derived features. Figure 3-6 shows the average error of the HRV 

parameters and the average drop rates for the different usage cases. Overall, the 

average error of the HRV parameters was only 5.6%. The error in the low-

interaction gaming was slightly high, 8.3%, while the errors of the other use 

cases were less than 5.6%. The usage case of low-interactive gaming showed a 

different noise pattern that was short and had a similar amplitude as the QRS 

peaks, but frequently appeared between QRS peaks. Therefore, much of the 

data in that case were filtered by the smoothing technique, but not dropped, 

because of its shortness. This means that many of the data’s QRS peaks were 

interpolated by the correction process, which increased the error. In the use case 

of highly-interactive gaming, once the noise occurred, it was relatively long and 

had a high amplitude. Therefore, its drop rate was about 5% higher than the 

low-interaction gaming, even though its error was slightly lower.

In the average errors of different parameters (see Figure 3-6-(b)), most of the 

parameters showed less than an average of 10% error, except LF/HF. The time-

domain parameters SDNN, RMSSD and mean HR showed relatively low error. 

The average error of SDNN was only 1.9%. The average error of mean HR was 
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(a)

(b)

Figure 3-6. The average error and SDs of the HRV parameters, (a) Different use cases,

(b) different parameters; SDNN, SD of all normal RR intervals; RMSSD, square root

of the mean of the squares of the successive differences between adjacent RR intervals;

LF, low frequency; HF, high frequency; TF, total spectral power; nLF and nHF,

normalized LF and HF
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especially low, at only 0.1%, which is almost completely accurate heart rate 

estimation. In the frequency-domain parameters, few parameters showed 

somewhat noticeable errors. The average errors of LF and HF showed relatively 

high error rates, and they caused the high error of LF/HF. They were sensitive 

to the interval errors from the interpolated QRS peaks. However, the other 

parameters, TF, nLF and nHF, showed less than 5.3% average error.

The middleware also showed high feasibility in providing reliable variation 

trends of HRV parameters. The HRV parameters showed significantly high 

Pearson correlations with those from the reference data (see Table 3-2). The 

average correlation was 0.97, and the SD was only 0.04. The average 

correlation was calculated using only the correlations whose p-values were less 

than 0.01 to guarantee that the results would be statistically significant. Most 

of the data showed p-values lower than 0.01. The ratio of the low p-value data 

was an average of 97%. The errors of LF, HF and LF/HF were relatively high: 

greater than 5%. However, they showed a very significant linear relationship (a 

correlation greater than 0.95) with the reference data. Therefore, the 

middleware has an advantage in supporting pervasive healthcare applications 

with an interest in the variation trends of HRV parameters.
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3.3.3 Power Consumption

A simple test was conducted to measure the power consumption of the 

middleware in monitoring mode and standby mode using the “Battery” menu 

in the Android settings. According to the test, the power consumption of 

middleware in monitoring mode is 290.7 mWh. In standby mode, the “Battery” 

menu did not show the consumption because of its negligible amount.
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3.4. Discussion

The studies in smartphone-based computer–human interface (CHI) and activity 

recognition communities will help the middleware detect potential 

opportunities accurately for CardioGuard and Sinabro. There is a rich body of 

work on recognizing physical activities and smartphone usage in those 

communities. For example, Anjum et al. [51] built a smartphone application 

which tracks users’ physical activities including walking, running, climbing 

stairs, descending stairs, driving, cycling and being inactive using the built-in 

smartphone sensors. He et al. [52] utilized three built-in kinematic sensors in a 

smartphone to recognize fifteen physical activities. Kim et al. [53] proposed a 

system to recognize hand grip patterns when using mobile devices. They 

covered an array of capacitive touch sensors on mobile devices and estimated 

the user’s hand grip by monitoring the activated touch sensors. Goel et al. [54]

proposed a system to detect the hand posture and pressure on a smartphone. 

The system infers the user’s hand posture by recognizing the rotation of the 

device, the strength of touch and the shape of the swipe arc using built-in 

sensors. The system detects diverse hand postures, such as one-hand grip during 
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smartphone use. Applying these methods to the middleware has a possibility to 

improve the reliability of sensing data and save processing costs by accurately 

detecting potential opportunities.
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4. Conclusion

In this dissertation, I proposed CardioGuard and Sinabro to overcome the 

limitations of the previous daily ECG monitoring sensors. The proposed 

sensors achieve a high degree of reliability and usability for unobtrusive ECG 

sensing in daily environment. In addition, I additionally proposed a smartphone 

middleware to support ECG-based mobile healthcare applications. The 

middleware manages and controls the proposed sensors, and delivers sensing

data and extracted high-level features to multiple mobile applications which 

request them.

Through extensive evaluations, I showed that the CardioGuard and the Sinabro 

sensors with the proposed middleware achieve a high degree of reliability for 

daily ECG monitoring. CardioGuard was evaluated in diverse aspects for 

practical use; signal quality, reliable sensing in daily activities, usability, and 

washing durability. The evaluation results demonstrated that the feasibility of 
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CardioGuard and Sinabro for reliable ECG monitoring in practical daily 

situations. The results showed that the bra sensor can measure ECG signals 

reliably with achieving the desired usability from a user’s perspective. The 

other results showed that the phone-case-type sensor could opportunistically 

capture reliable ECG during natural smartphone usage and the middleware 

could extract highly accurate HRV features from sensing data by CardioGuard 

and Sinabro with a reasonable rate of data drop. 

Although recent significant progress in daily ECG monitoring has shown the 

potential of pervasive healthcare applications, its obtrusiveness has obstructed 

them to be widely accepted to common users. The proposed unobtrusive 

sensors will help these applications come to our reality by addressing the 

obtrusiveness. The proposed software framework will also promote the 

development of ECG-based smartphone healthcare applications by reducing the 

burden of the sensing, signal processing, and the feature extraction issues in 

development procedures.
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