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Abstract 1 

Background: The development of wearable health monitoring systems is garnering tremendous 2 

interest in research, technology and commercial applications. Their ability of providing unique 3 

capabilities in continuous, real-time, and non-invasive tracking of the physiological markers of 4 

users can provide insights into the performance and health of individuals. Electrocardiogram 5 

(ECG) signals are of particular interest, as cardiovascular disease is the leading cause of death 6 

globally. Monitoring heart health and its conditions such as ventricular disturbances and 7 

arrhythmias can be achieved through evaluating various features of ECG such as R-peaks, QRS 8 

complex, T-wave, and P-wave. Despite recent advances in biosensors for wearable applications, 9 

most of the currently available solutions rely solely on a single system attached to the body, 10 

limiting the ability to obtain reliable and multi-location biosignals. However, in engineering 11 

systems, sensor fusion, which is the optimal integration and processing of data from multiple 12 

sensors, has been a common theme and should be considered for wearables. In recent years, 13 

due to an increase in the availability and variety of different types of sensors, the possibility of 14 

achieving sensor fusion in wearable systems has become more attainable. Sensor fusion in 15 

multi-sensing systems results in significant enhancements of information inferences compared 16 

to those from systems with a sole sensor. One step towards the development of sensor fusion 17 

for wearable health monitoring systems is the accessibility to multiple reliable 18 

electrophysiological signals, which can be recorded continuously. 19 

Results: In this paper, we develop a textile-based multi-channel ECG band that has the ability to 20 

measure ECG from multiple locations on the waist. As a proof of concept, we demonstrate that 21 

ECG signals can be reliably obtained from different locations on the waist where the shape of 22 
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the QRS complex is nearly comparable with recordings from the chest using traditional gel 23 

electrodes. In addition, we develop a probabilistic approach – based on prediction and update 24 

strategies – to detect R-Peaks from noisy textile data in different statuses, including sitting, 25 

standing, and jogging. In this approach, an optimal search method is utilized to detect R-Peaks 26 

based on the history of the intervals between previously detected R-Peaks. We show that the 27 

performance of our probabilistic approach in R-Peak detection is significantly better than that 28 

based on Pan-Tompkins and optimal-threshold methods.   29 

Conclusion: A textile-based multi-channel ECG band was developed to track the heart rate 30 

changes from multiple locations on the waist. We demonstrated that (i) the ECG signal can be 31 

detected from different locations on the waist, and (ii) the accuracy of the detected R-Peaks 32 

from textile sensors was improved by using our proposed probabilistic approach. 33 

Despite the limitations of the textile sensors that might compromise the quality of ECG signals, 34 

we anticipate that the textile-based multi-channel ECG band can be considered as an effective 35 

wearable system to facilitate the development of sensor fusion methodology for pervasive and 36 

non-invasive health monitoring through continuous tracking of heart rate variability (HRV) from 37 

the waist. In addition, from the commercialization point of view, we anticipate that the 38 

developed band has the potential to be integrated into garments such as underwear, bras or 39 

pants so that individuals can use it on a daily basis. 40 

  41 
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Background 42 

The ultimate goal of the wearable technology is to enable continuous access to humans’ 43 

physiological states. This is achievable through real-time tracking of physiological signals that 44 

can capture bio-information underlying the users’ health status. Wearable health monitoring 45 

systems allow clinicians and caretakers to continuously monitor changes in the patient’s vital 46 

signs. For example, ECG monitoring can be used for tracking the health conditions of people 47 

suffering from ventricular disturbances, arrhythmias and other diseases like diabetes and 48 

Parkinson’s disease (1)(2)(3). Wearable health monitoring, in turn, empowers patients to be 49 

active in the optimal management of their chronic or acute conditions (4,5) and provides non-50 

intrusive monitoring of at-risk groups (6). Therefore, wearable systems for continuous health 51 

monitoring provide proactive, affordable, and personalized health care services to the general 52 

population, especially individuals in need (7,8). 53 

Despite the ever-increasing use and commercialization of wearable electronics, limitations are 54 

impeding the success and utility of existing products for health monitoring. Devices such as 55 

smart watches are limited to a single location on the body (e.g. the wrist) (9), thereby 56 

restricting the access to different types of biosignals which are detectable from multiple 57 

locations on the body. While some systems such as Holter monitor can detect signals from 58 

multiple locations on the body, they are often obtrusive to day to day activities due to the 59 

presence of wires and the need for a clinician to position gel electrodes on the body. In 60 

addition, the embedded sensors are uncomfortable and have limited longevity. Current 61 

wearables, such as the Polar Belt (10) (© Polar Electro) and MyoTM armband (11) (NorthTM, 62 

Waterloo, Canada, formerly Thalmic Labs) are obstructive as they must be worn as an addition 63 
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to an individual’s day to day attire. To address these challenges, multi sensing and processing 64 

approaches like sensor fusion might offer a unique solution, specifically if they can be 65 

integrated into comfortable, wearable, and multi-purpose electrodes like textile sensors. 66 

Smart or electronic textiles (e-textiles) are textile products capable of interacting with the 67 

environment and the users. The development of e-textiles is made possible through flexible 68 

textile circuitry, which paves the way for a truly unobtrusive and universal garment based 69 

wearable devices. Textile sensors have been used to sense biopotential (12–14), temperature 70 

and humidity (15,16), respiration (17), and pressure sensing (18–20). As such, e-textiles present 71 

a unique opportunity for unobtrusive integration of different sensing modalities in multiple 72 

locations on the body. In recent years, numerous studies have looked into the effects of 73 

electrode position, size, and skin contact pressure (holding pressure) on signal quality (21–23). 74 

In addition, other factors such as electrode to skin sensorial comfort, integration or 75 

construction techniques, and laundering/reusability need to be considered in the design, 76 

development and selection of textile electrodes for long-term ECG monitoring (24,25). Athos, 77 

Hexoskin, OMSignal and Hitoe are examples of textile-based electronic devices that can collect 78 

ECG signal from the torso. Silver-based conductive yarns, silicone-based electrodes, and 79 

conductive polymer coated fibers are used in these products to create the textiles electrodes 80 

(26–28). 81 

In this paper, we describe the development and assessment of a textile-based multi-channel 82 

ECG band that measures ECG from multiple locations on the waist. This band contains four 83 

knitted textile sensors. Two types of conductive yarns are selected, creating silver-based and 84 

carbon-based textile sensors. Using a data acquisition board designed in-house for multi-85 
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channel textile sensing, we show that ECG signals can be reliably obtained from different 86 

locations on the waist where the shape of the QRS complex is reasonably similar to those 87 

recorded from the chest using traditional gel electrodes. As well, we develop a novel 88 

probabilistic approach for detecting R-peaks that enables heart rate variability (HRV) to be 89 

continuously monitored during different tasks, namely, sitting, standing, and jogging. Our 90 

investigation suggests that the developed textile-based band can be considered as the first step 91 

towards the development of sensor fusion methodology for pervasive and non-invasive health 92 

monitoring through continuous tracking of HRV from the waist. Although the developed waist-93 

band is used as a proof of principal in this paper, we anticipate that this textile-based band can 94 

be integrated into garments such as underwear, bras or pants. 95 

The organization of this paper is as follows. In Results, we show that the R-peaks can be reliably 96 

detected from different locations on the waist using our textile-based ECG band. As well, the 97 

performance of the proposed algorithm for R-peak detection from textile sensors is compared 98 

with that of the conventional algorithms. Concluding remarks, discussions, and future 99 

directions are provided in Discussion. Finally, Materials and Methods are provided in four 100 

sections, namely, textile sensors, multi-channel ECG recording units, signal processing 101 

algorithm, and statistical tests.  102 

 103 

 104 
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Results 105 

In this paper, ECG signals were simultaneously recorded from four different locations on the 106 

waist using textile sensors (see Materials and Methods for the exact locations of the sensors), 107 

as well as a reference ECG signal from the chest using gel electrode from 6 subjects. All the 108 

tests were conducted in accordance with a Research Ethics Board (REB) approved by the 109 

University of Toronto. All participants gave their consent to participate after being informed of 110 

the nature and objectives of the experiment. Data was recorded during two stationary statuses, 111 

namely, sitting and standing, each of which lasts for two minutes. Following the same protocol, 112 

ECG signals were recorded during jogging to compare the performance of the proposed 113 

algorithm for R-peak detection, i.e., History Dependent Inverse Gaussian (HDIG), vs. 114 

conventional algorithms, namely, optimal-threshold and Pan-Tompkins (PT) (29). The detected 115 

R-Peaks were compared with those detected (simultaneously) from the chest using gel-116 

electrode (which is considered as the reference signal), and the accuracy (ACC) and F1 score 117 

were calculate (see Appendix-A for more details). The ACC and F1-score are the major statistics 118 

to quantify the quality of binary classifications (R-peak detection). Both measures lie within 119 

[0,1] where 0 and 1 represent the worst and best performances, respectively.  120 

Textile sensors are reliable for continuous detection of R-peaks from the waist 121 

Figure 1 shows two examples of recorded ECG signals and detected R-peaks using silver and 122 

carbon electrodes. As can be seen in this figure, the recorded ECG signals from the waist using 123 

both silver and carbon textile sensors are reliable enough to accurately track the heart rate.  124 
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 125 

Figure 1. Two ECG signals recorded in the sitting status from the waist using carbon (left) and silver 126 

electrodes (right). 127 

Figure 2 shows the performance of each textile sensor for sitting and standing statuses by the 128 

mean and standard deviation of ACC and F1-score of the detected R-peaks.  129 

 130 

Figure 2. Performance of textile sensors in R-peak detection from the waist. The HDIG algorithm is used 131 

for R-peak detection. The accuracy (left) and F1-score (right) of the detected R-peaks in different states 132 

(sitting and standing) are calculated with respect to those detected by gel-electrode (chest). 133 

As it is obvious, the accuracy of detection of R-peaks from the waist using both silver and 134 

carbon sensors is comparable with that detected from the gel-electrode (chest), confirming that 135 

the heart rate can be monitored from waist using textile electrodes in the stationary statuses. 136 
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Proposed R-peak Detection Algorithm for Textile-based Recordings is Robust to 137 

Motion Artifact 138 

Nearly all textile-based sensors induce slowly-varying motion artifacts into the signal (30). 139 

Although such artifacts can be reduced by the use of appropriate electronic circuits as well as 140 

wearable designs which maintain a consistent skin-electrode connection with enough pressure, 141 

the presence of motion artifact in textile sensors is inevitable (see 142 

(31)(32)(33)(34)(35)(36)(37)(38) for other alternative ways to reduce motion artifact in textile 143 

sensors). This necessitates the use of effective signal processing algorithms. Here, we show that 144 

exploiting the HDIG algorithm for peak detection (i.e., the 4th step of the proposed algorithm, 145 

see Materials and Methods) significantly enhances the ACC and F1-score of heart rate. The 146 

performance of the HDIG method is compared to that of the optimal threshold method for both 147 

sitting and standing statuses. Figure 3 shows that both accuracy and F1-score of the R-peaks 148 

detected by the HDIG method are significantly higher than those obtained by the optimal 149 

threshold method (p-value < 0.05 for both measures).  150 

 151 

Figure 3. The detection performance of HDIG vs. optimal-threshold methods (see Appendix B) for sitting 152 

and standing states. Both accuracy and F1-score measures of the HDIG method are significantly higher 153 
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than that of the optimal-threshold method. One-way ANOVA test (F-distribution) is used, p-values for 154 

F1-score and ACC are, 0.014 and 0.004, respectively. 155 

To further explore the robustness of the proposed probabilistic approach to motion artifact, the 156 

performance of this method is compared to that of the optimal threshold and PT (29) methods 157 

during the jogging status in which motion artifact occurs more often. Figure 4 (A) shows a 158 

segment of the recorded ECG from the waist during jogging. This signal is highly contaminated 159 

by motion artifact (slowly-varying signal), and R-peaks are barely detectable by visual 160 

inspection. The detected R-peaks using HDIG, optimal threshold, and PT (29) are shown in 161 

Figure 4 (B). One can observe that all the R-peaks are correctly detected by the HDIG method, 162 

and neither false positive (FP) nor false negative (FN) is produced. However, the optimal 163 

threshold and PT methods produce several FP and FN in this segment of the recorded signal. 164 

In the jogging status where motion artifact is consistently larger than that in the stationary 165 

statuses (sitting and standing), the performance of HDIG is significantly more reliable than that 166 

of simple threshold (p-value<0.001) and PT (29) (p-value<0.001). Figure 5 shows the F1-score of 167 

the detected R-peaks using these algorithms during jogging (the results of both silver and 168 

carbon sensors are combined). It is to be noted that in the jogging status, due to the poor 169 

quality of the textile-ECG, true negative (TN) is high and therefore the true negative rate 170 

(
𝑇𝑁𝑇𝑁+𝐹𝑃) is near 1. Therefore, we use F1-score to quantify the performance of the detected R-171 

peak in the jogging state. 172 



 

 

11 

 173 

Figure 4. A segment of ECG signal during jogging, which is simultaneously recorded from the chest and 174 

the waist, is shown in (A). R-peaks are detected in (B) using PT (29) (left), optimal threshold (middle) and 175 

HDIG (right) methods. The R-peaks of the chest ECG is plotted as the reference. 176 

 177 

Figure 5. The R-peak detection performance of HDIG, optimal-threshold, and PT methods during jogging. 178 

One-way ANOVA test is used, p-values are 0.00062 and 0.00011 for HDIG vs. optimal threshold and 179 

HDIG vs. PT, respectively.   180 
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Heart rate can be reliably monitored from different locations on the waist, 181 

implications for sensor fusion 182 

The ACC and F1-score of the detected R-peaks from various locations on the waist, namely, 183 

front, back, cross-I and cross-II (see Materials and Methods), are evaluated in this section. The 184 

HDIG method is used to detect R-peaks from ECG signals recorded from each location on the 185 

waist. Figure 6 shows the ACC and F1-score of the detected R-peaks in the sitting and standing 186 

statuses for each location on the waist.  187 

 188 

Figure 6 – F1 score and Accuracy of different locations, sitting and standing for the combined silver and 189 

carbon sensors (ANOVA test, for each state (sitting – standing – jogging), for 4 groups (1) back, (2) front, 190 

(3) cross-I and (4) cross-II. 191 

Although the accuracy of detected R-peaks is sufficiently high for all four locations, back and 192 

front sensors have relatively better performances. As shown in Figure 5 (compared to Figure 6), 193 

the performance of R-peak detection significantly reduces during the jogging status. However, 194 

this performance can be compensated by exploiting multiple sensors using sensor fusion. 195 

Although this is not the focus of this paper, the evidence of R-peak detection from multiple 196 

locations on the waist can be considered as the first step toward the development of sensor 197 

fusion methodologies to detect various features of ECG from the waist.   198 
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Shape of QRS complex is preserved in the recorded ECG from the waist  199 

Despite the fact that R-peak detection is the major step in estimating the heart rate variability, 200 

other features in the ECG signals like the QRS complex are useful for classifying heart-related 201 

diseases. In this section, we quantify the similarity between the shape of the QRS complex 202 

recorded from the waist (using textile electrodes) and that from the chest (using gel-electrode). 203 

The similarity measure can be written as: 204 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 1 − 1𝑁𝐿 ∑ ∑ (𝑄𝑅𝑆𝑖𝑐ℎ𝑒𝑠𝑡(𝑚)−𝑄𝑅𝑆𝑖𝑤𝑎𝑖𝑠𝑡(𝑚))𝐿𝑚=1 2𝑁𝑖=1 1𝑁𝐿 ∑ ∑ 𝑄𝑅𝑆𝑖𝑐ℎ𝑒𝑠𝑡(𝑚)𝐿𝑚=1 2𝑁𝑖=1                                                                            (1) 205 

where 𝑄𝑅𝑆𝑖𝑐ℎ𝑒𝑠𝑡 and 𝑄𝑅𝑆𝑖𝑤𝑎𝑖𝑠𝑡  indicate the ith QRS segment of the ECG signal recorded from 206 

chest and waist, respectively. All QRS segments are with the same length of L. As the similarity 207 

measure is normalized to the (average) energy of the QRS from chest (see (1)), this measure is 208 

positive and less than or equal to 1, where 1 represents the full match between 𝑄𝑅𝑆𝑖𝑐ℎ𝑒𝑠𝑡 and 209 𝑄𝑅𝑆𝑖𝑤𝑎𝑖𝑠𝑡. For each recorded ECG signal, the segments of the QRS complex are obtained by 210 

selecting 300 msec before and after the correctly detected R-peaks (i.e., true positive R-peaks). 211 

Figure 7 shows the selected QRS segments from a sample of recorded ECG.   212 
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Figure 7. QRS segments obtained from ECG signals recorded from chest (top) and waist (bottom). The 214 

amplitude of each segment is normalized to its R-peak value.   215 

As can be observed from this figure, the shapes of the QRS complex of the chest and the waist 216 

are almost similar. The similarity measure is calculated for both types of textile sensors during 217 

stationary statuses. Figure 8 demonstrates that the QRS similarity measure (between waist and 218 

chest) is reasonably high (> 0.8) for both carbon and silver sensors. However, it is worth 219 

mentioning that the QRS duration appears to be longer in the waist ECG compared to that in 220 

the gel electrode. Therefore, an accurate estimation of P-wave and other features of ECG such 221 

as PQ interval and T-wave using textile sensors might be compromised (see Discussion for 222 

further details on the limitations of textile sensors).  223 

 224 

Figure 8. The QRS similarity measure for carbon and silver sensors. 225 
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Discussion 229 

Sensor fusion in wearable technology 230 

Sensor fusion is the optimal integration and processing of data from multiple sensors that 231 

provide both redundancy and complementary data by maximizing information content. Sensor 232 

fusion reduces system’s sensitivity and uncertainty due to errors and artifacts, resulting in 233 

increased signal-to-noise ratios (SNR), enhanced system robustness and reliability, improved 234 

resolution and precision, and increased the dimensionality of measurements (6,9,39). Sensor 235 

fusion has already received tremendous attention in automotive automation (40), mobile robot 236 

navigation (41), and target tracking (42). In addition, sensor fusion techniques have been widely 237 

used in human movement analysis by using inertial measurement units (IMU) and respiration 238 

activity measurements given multiple physiological recordings. IMU-based sensor fusion have 239 

been used for pedestrian navigation (with GPS) (43) and human movement analysis in 3D 240 

orientations (44). In respiration analysis, respiratory patterns have been analyzed with multiple 241 

ECG recordings (45) and data fusion techniques (e.g., modified Kalman-Filter (46)). Multi-242 

sensing techniques, specifically in wearable sensors where the data can be highly contaminated 243 

by noise, facilitate the development of sensor fusion methods. Therefore, utilizing fusion 244 

techniques to interpret multi-sensor data from wearables is the next step towards optimizing 245 

health monitoring systems. 246 

Limitations of textile-based waist band for extracting various features of ECG 247 

The quality of the waist-ECG signal and the accuracy of R-peaks depend on the body position. 248 

For example, in the sitting position, the quality of ECG was relatively similar for all different 249 
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locations on the waist (no significant difference between different locations). This quality is 250 

reasonably high for all locations in standing position, however, the F1-score and ACC of “back” 251 

location were significantly higher than those of “cross-I” and “cross-II” locations (ANOVA p-252 

value of F-statistic for both F1-score and ACC was <0.05 for all pairwise comparisons). Despite 253 

the good enough similarity (>0.8) of the QRS complex in the textile-ECG (waist) and gel-ECG 254 

(chest), the quality of various features of textile-ECG is compromised. For example, the QRS 255 

interval is prolonged and the amplitude of P-wave is reduced (not distinguishable from the 256 

baseline) in textile-ECG. Thus, the textile sensors might not be recommended when information 257 

of precise characteristics of ECG is to be inferred. In addition, textile sensors are highly sensitive 258 

(compared to the gel electrodes) to motions artifacts. In the jogging status, the quality of ECG 259 

and the performance of R-peak detection are influenced by large amount of motion artifacts. 260 

Although the developed waist band provides a prototype for sensing ECG from multiple 261 

locations on the waist, further considerations on the textile sensors, electronics, and algorithms 262 

can improve the quality of ECG signals. Specifically, with respect to electronics, having textile-263 

compatible electronics, e.g., placing pre-amplifiers subsequently after the textile sensors (i.e., 264 

active electrodes), can significantly improve the quality of ECG signals which in turn enhances 265 

the performance of R-peak detection algorithms. We investigate this line of research in our 266 

future studies. 267 

Implication of the multi-channel ECG band for the development of sensor fusion methods 268 

In non-stationary and time-varying body positions, i.e., the jogging status, a combination of 269 

locations might provide high-quality ECG signals. This capitalizes on the importance of optimal 270 
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integration of multiple sensors, i.e., sensor fusion, for different body positions in wearable 271 

health monitoring systems. It is to be noted that all the ECG sensors in the multi-channel ECG 272 

band provide a common signal. However, information underlying different features of the ECG 273 

signal, e.g., QRS complex, is not distributed uniformly between those sensors. Each sensor, in 274 

certain positions of the human body, might contain different information (of a common signal); 275 

thus, sensor fusion might be applied to better integrate data and infer information. 276 

We anticipate that textile sensors and sensor fusion methodologies have the capability of non-277 

invasively measuring and effectively processing a wide range of biometric signals. Therefore, e-278 

textiles together with sensor fusion techniques can provide deep insights into an individual’s 279 

vital signs while increasing the quality, reliability, robustness, and precision of measurements. 280 

Systems utilizing this methodology can be used for widespread biological signal monitoring and 281 

feedback during the day to day activities and clinical settings (47–49). 282 

 283 

Conclusion 284 

In this paper, we developed a textile-based multi-channel ECG band that tracks heart rate 285 

changes from multiple locations on the waist. A data acquisition board was designed for multi-286 

channel recording through textile sensors. As well, we developed a novel probabilistic approach 287 

to detect R-peaks from noisy ECG signals recorded by the textile sensors. We showed that the 288 

R-peaks can be reliably detected from different locations on the waist, and the shape of the 289 

QRS complex is comparable with that recorded from the chest using traditional gel electrodes. 290 

 291 
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Materials and Methods 292 

I. Textile sensors (Textile Development) 293 

Different types of materials have been used to produce conductive textile electrodes, these 294 

materials can be embedded into fabrics as conductive fibers, such as carbon, copper, or silver. 295 

In this paper, two different types of conductive textile electrodes were developed using silver-296 

plated nylon yarns and carbon-coated nylon yarns. These yarns are the most frequently used 297 

conductive yarns in the smart textile industry. In order to compare the effect of these materials 298 

on ECG signal quality, textile-based multi-channel ECG bands were knitted in a double jersey 299 

structure on a V-bed 18” gauge flat knitting machine. The textile electrodes were produced 300 

using Stoll flatbed knitting machines (Reutlingen, Germany) at Myant Inc. (Toronto, Canada). 301 

The electrode knitting structure can be seen in Figure 9. Digital photographs were taken using 302 

Oitez USB microscope. Each band has 4 electrodes located at the iliac crest (x2) and across the 303 

frontal plane on the back (x2) (Figure 10). The contact area of each textile electrode was 4.5 304 

cm2 and the holding pressure of the textile electrodes in the band was 10 mmHg. The base 305 

band, which was the foundation for the electrodes, was made of a stretchable and washable 306 

fabric, regularly used in underwear/bra, waist/chest bands. 307 
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 308 

Figure 9. Photograph of textile sensors, silver (a), (b), and carbon (c), (d).  309 
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 311 

Figure 10. Photograph of the whole band. Schematic of gel electrode placement on chest and waist 312 

band electrode locations + vectors. 313 

II. Multichannel ECG Recording Unit 314 

Recording ECG with dry textile electrodes is generally challenging as the electrode-skin contact 315 

impedance is high, and it significantly varies between the electrodes (50). This attenuates the 316 

signal before it can be amplified, and accordingly reduces the signal to noise ratio. In addition, 317 

the mismatch between electrodes results in high levels of interference noise on the signal (51). 318 

In this paper, a custom made biosignal recording system is developed to simultaneously record 319 

8-channel ECG signals. Figure 11. shows an image of the developed 8-channel ECG measuring 320 

unit. 321 
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 322 

Figure 11. Photo of the designed board. 323 

The block diagram of the electronic circuit is depicted in Figure 12. 324 

 325 

Figure 12. Block diagram 8- channel custom-made ECG recording circuit. 326 

As shown in Figure 12, the first stage includes diodes for high voltage protection, low tolerance 327 

series resistors for limiting the current, and a differential passive low-pass filter for RF rejection 328 

(4 KHz cut-off frequency). The gain of the instrumentation amplifier was set to 10. An integrator 329 

circuit was implemented from instrumentation output to its reference as a negative feedback 330 

that acts as a high pass filter with cut-off frequency of 0.16 Hz. The next amplifier has an 331 

adjustable gain between 5-100 and it works as a second order low-pass filter with a cut-off 332 

frequency of 40 Hz. The last analog stage is a second-order high-pass filter (at 0.16 Hz) with a 333 

gain of 3.6. Therefore, the total high pass filtering is of the third order. The cut-off frequencies 334 

were set based on the requirements for ECG monitoring which suggests maximum of 0.5Hz for 335 
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ECG monitoring applications and minimum 35 Hz for low pass filtering (1). The gain of all 8 336 

channels were calibrated to be about 3,000. This value was found appropriate to have a 337 

minimum quantization error while avoiding the amplifiers to saturate frequently due to motion 338 

artifact. The ground electrode was connected to the mid-rail driven by an operational amplifier. 339 

The outputs of all 8-channels go to the 12-bit resolution ADC of a STM32 microcontroller 340 

(multiplexing ADC) which transmits the data to a computer through Bluetooth. The circuit is 341 

powered with a 3.6 V battery and the sampling frequency was 200 Hz. 342 

Three simultaneous recordings of ECG signals from chest (Gel electrode, channel 4) and waist 343 

(silver textile electrode, channels 2&3) are plotted in Figure 13. 344 

 345 

Figure 13. Screenshot of simultaneously recorded ECG signals (three channels in this example) using the 346 

developed recording unit. Note: channel 1 is grounded, and not shown in this figure. 347 

 348 

 349 
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III. Signal Processing (Algorithm) 350 

This part is a detailed explanation of the different steps used for the proposed algorithm. 351 

Background, Prior Works, and Proposed Algorithm  352 

The ECG signal is nonlinear and non-stationary. ECG signal processing and feature extractions 353 

are more robust with nonlinear methods (52). The most important features of an ECG signal 354 

(see Figure 14) are: P-wave (atrial depolarization), T-wave (ventricular repolarization), and the 355 

QRS complex (ventricular depolarization). The QRS complex is the most prominent feature in an 356 

ECG signal, which has been widely used for the diagnosis of cardiac diseases and the 357 

assessment of the irregularities in the heart rhythm (53). The accurate and efficient detection of 358 

R-peaks from the ECG signal is essential for further post-processing and classification of ECG 359 

signals. Due to the non-stationary nature of an ECG signal, and relatively high sensitivity of 360 

wearable sensors to motion artifacts and other external interferences, accurate detection of R-361 

peaks from the waist is challenging in wearable technology. From a signal processing point of 362 

view (29), discrete wavelet transformation (54), empirical mode decomposition (55), (56), 363 

Hilbert transformation (57), (58), (59), and artificial neural network (60) are the most 364 

recognized methods for R-Peak detection (see (53) for the details of each method). It is to be 365 

noted that almost all of these approaches characterize heart rate variability (equivalent to 366 

transient changes of R-R intervals, i.e. the interval between two adjacent R-peaks) as a 367 

deterministic continuous process – rather than a random (Poisson point) process where R-R 368 

intervals indicate the time difference between electrical impulses from the heart’s conduction 369 

system that represent ventricular contractions (3). By incorporating Poisson point process 370 
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model of the dynamics of R-R intervals, a novel probabilistic approach is developed in this paper 371 

to estimate the R-R intervals (and accordingly detect R-peaks) in real-time. Our proposed 372 

algorithm consists four building blocks: (1) pre-processing (denoising), (2) energy calculations, 373 

(3) smoothing and (4) R-peak detection. The details of each block are described as follows. For 374 

better understanding the performance of each step, Figure 15 shows the results of each step on 375 

a 5-sec sample ECG signal. 376 

 377 

 378 

Figure 14: Most significant features of a typical ECG signal 379 

(1) Pre-processing: 380 

We use a discrete wavelet transform for denoising and pre-processing the recorded ECG 381 

signals. The sym6 wavelet is utilized to decompose the signal up to 5 levels. The fifth 382 

approximate coefficient is subtracted from the signal to eliminate the baseline drift (de-383 

trending the signal). The rigsure threshold method is applied to the detailed coefficients to 384 

remove the high-frequency components. Finally, the de-noised signal is reconstructed from the 385 

thresholded detailed coefficients. 386 

 387 

Q S

P
T

R



 

 

25 

(2) Energy calculation: 388 

To enhance the representation of the R-peaks, the energy of the derivative of the pre-389 

processed signal, x(t), is calculated.  390 

𝐸𝑛[𝑥(𝑡)] = (𝑑(𝑥(𝑡))𝑑𝑡 )2                                                                                                                                 (2) 391 

where En[.] denotes the time-varying energy of the derivative of the pre-processed signal x(t). 392 

The goal of this step is to amplify the effects of instances with abrupt changes (i.e., increase the 393 

signal-to-noise ratio 𝑅 = 𝑙𝑜𝑐𝑎𝑙 𝑚𝑎𝑥𝑖𝑚𝑎𝑙 𝑝𝑒𝑎𝑘𝑛𝑒𝑎𝑟𝑏𝑦 𝑠𝑚𝑎𝑙𝑙𝑒𝑟 𝑝𝑒𝑎𝑘𝑠 ), hence R-peaks will be detected with higher 394 

probability (with respect to the adjacent smaller peaks). 395 

(3) Smoothing:  396 

To eliminate the fluctuations surrounding the local peaks in the calculated energy (see (2)), 397 

En[x] is filtered by a narrow Gaussian kernel (𝜇 = 0, σkernel = 300 msec).  398 𝑍(𝑡) =  𝐸𝑛[𝑥(𝑡)] ∗ 𝑁(𝜇, 𝜎2)                                                                                                                   (3) 399 

where “*” indicates convolution, and N(.) is a zero-mean Gaussian kernel with a standard 400 

deviation of σ. This step helps better detection of R-peaks by smoothing the fluctuations near 401 

the peak of the energy signal.  402 

(4) R-peak Detection:  403 

An iterative probabilistic approach is developed – based on prediction and update strategies – 404 

to detect the peaks of Z(t). We use an optimal search method to detect peaks based on the 405 

History Dependent Inverse Gaussian (HDIG) point process model of heartbeat intervals (3) (61). 406 

Given any R-peak index 𝑢𝑘, the RR interval is calculated based on HDIG model using the 407 
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previously detected R-peaks within the 25 s interval preceding 𝑢𝑘. The HDIG model provides 408 

precise probabilistic definitions of heart rate variability that can be updated at any desired time 409 

resolution. The time-varying parameters of the HDIG point process model are estimated by the 410 

local maximum likelihood estimation of instantaneous heart rate variability (3). The search for 411 

the next R-peak, in prediction step, is performed within the interval 𝐼 =  (𝑢𝑘 + RR(k) - a,𝑢𝑘 +412 

RR(k) + a) for some chosen a (a = 300 ms in this work). The new R-peak, 𝑢𝑘+1, is calculated, in 413 

the update step, as the maximum of Z(t) for t ɛ 𝐼. In fact, the HDIG model is incorporated to 414 

predict the interval within which the next R-peak occurs. Then, the detected R-peak in this 415 

interval updates the predicted R-R interval. 416 

It is to be noted that we compare the performance of this probabilistic method (based on HDIG) 417 

in detecting R-peaks with that of the optimal threshold method (see Appendix-B for details on 418 

this method). Therefore, steps 1-3 of our algorithm is the same for both methods. 419 
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Figure 15. Schematic representation of the proposed algorithm. 421 

IV.     Statistical tests 422 

The ANOVA tests are performed to compare different groups and to decide if they are 423 

significantly different. All ANOVA tests are performed for pairwise comparisons, i.e. two groups 424 

in each test. For example, for comparing the F1-scores of HDIG and that of PT, in the jogging 425 

state, all (jogging) samples from different electrodes across the waist are included. Then, the 426 

pairwise ANOVA test is performed: F-statistic is calculated and the corresponding p-values are 427 

shown. 428 

For pairwise comparisons, the ANOVA test and t-test are almost equivalent. Both tests consider 429 

the difference between groups by comparing their mean and standard deviation. ANOVA test is 430 

more appropriate than t-test when ≥ 3 groups are to be compared. And, we choose ANOVA test 431 

over t-test to be consistent with the possible “comparisons for ≥ 3 groups” in the future work, 432 

e.g., it might be needed to compare multiple (≥10) electrode materials. Thus, ANOVA tests can 433 

be performed for all 10 groups, and if the results were significant, the group with the highest 434 

mean can be selected.  435 

 436 

Appendix 437 

A- Statistical measures of the performance of detected R-peaks 438 

We consider the detected R-peaks in the ECG signals recorded by both textile and gel electrodes as 439 

the events. Apparently, a binary sequence of events and no-events can be made for each recorded ECG 440 

signal based on which the most common statistical measures, namely, true positive (TP), true negative 441 
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(TN), false positive (FP) and false-negative (FN), are employed to calculate the performance of the 442 

proposed algorithm. The predicted peaks from the waist (textile electrode) and the chest (gel-electrode) 443 

are considered as “signal” and “ref”, respectively. To calculate the above-mentioned statistical 444 

measures, an event (equivalent to a detected R-peak) in “signal” is called TP if the underlying time index 445 

lies within [-25, 25]msec of that associated with “ref”. This interval sets a precision-level for our 446 

classification (considering that the mean R-R interval for all subjects is about 750 msec, the classification 447 

error does not exceed  
25𝑚𝑠𝑅𝑅 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 ≈ 25𝑚𝑠750𝑚𝑠 = 3.3%).  Accordingly, FP and FN denote the events that are 448 

incorrectly detected and missed (when compared to “ref”), respectively. The definition of TN for truly 449 

non-detected R-peaks is tricky. Since the sampling frequency is 200 Hz, the conventional definition of TN 450 

leads to a large number corresponding to all samples which are correctly detected as no-events. To 451 

eliminate that, the “no-event” corresponds to a set of all samples in “ref” which do not lie within the 452 

abovementioned interval. In better words, all the samples in “signal” that contains no R-peak and 453 

overlaps with “no-event” are counted as a TN. Figure S1. illustrates these statistical measures for a 454 

segment of “ref” and “signal”. In this figure, #TP = 6, #FP = 9, #TN = 4, #FN = 2, 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  𝑇𝑃𝑇𝑃+𝐹𝑁 =455 

68 = 0.75 , 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃𝑇𝑃+𝐹𝑃 = 615 = 0.4 , 𝐴𝐶𝐶 =  𝑇𝑃+𝑇𝑁𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 = 6+46+9+4+2 = 0.476  and 𝐹1 =456 

2𝑇𝑃2𝑇𝑃+𝐹𝑃+𝐹𝑁 = 0.522. ACC is the accuracy and F1-score is the harmonic mean of precision and sensitivity. 457 

These two are the major statistics to quantify the quality of the algorithm. 458 
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Figure S1. Illustration of calculating TP, FP, FN, and TN 460 

Note that each block of “event” in Figure S1 contains only one TP. This is because the classification 461 

precision (L = 50ms) is sufficiently short that only one heat beat can occur ( 
𝐿2 = 25𝑚𝑠 ≪ 𝑅𝑅 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙). 462 

B- Optimal-threshold method 463 

The optimal threshold is calculated based on receiver operating characteristic (ROC) curve. Given 464 

each individual ECG signal recorded by textile sensors, the smoothed version of the energy is calculated 465 

by the third step of the proposed algorithm (see Methods). Given m = max (energy), 101 threshold 466 

values are selected within the interval of [0, 𝑚] (𝑚𝑖 = 𝑖100 ∗ 𝑚, 𝑖 = 0, … ,100). TP, TN, FP and FN are 467 

calculated for each mi, and accordingly. TPR denotes “true positive rate” and FPR means “false positive 468 

rate”.  𝑇𝑃𝑅𝑖 = 𝑇𝑃𝑇𝑃+𝐹𝑁  (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) and  𝐹𝑃𝑅𝑖 = 𝐹𝑃𝐹𝑃+𝑇𝑁 (1 − 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) are computed to create the 469 

ROC curve. As shown in Figure S2, the optimal threshold is the mi with the maximum distance from the 470 

line 𝑦 (𝑇𝑃𝑅) = 𝑥 (𝐹𝑃𝑅) in ROC curve. 471 

 472 

Figure S2: ROC curve and 𝑚𝑜𝑝𝑡 choosing, high sensitivity case 473 
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It is to be noted that this optimum threshold is used in the 4th step (peak detection) of the algorithm 474 

incorporating either HDIG or optimal-threshold methods. 475 

 476 
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Abbreviations 493 

ECG: Electrocardiogram 494 

PT: Pan-Tompkins 495 

HDIG: History-dependent inverse Gaussian 496 
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Figures

Figure 1

Two ECG signals recorded in the sitting status from the waist using carbon (left) and silver electrodes
(right).

Figure 2

Performance of textile sensors in R-peak detection from the waist. The HDIG algorithm is used for R-peak
detection. The accuracy (left) and F1-score (right) of the detected R-peaks in different states (sitting and
standing) are calculated with respect to those detected by gel-electrode (chest).

Figure 3

The detection performance of HDIG vs. optimal-threshold methods (see Appendix B) for sitting and
standing states. Both accuracy and F1-score measures of the HDIG method are signi�cantly higher than



that of the optimal-threshold method. One-way ANOVA test (F-distribution) is used, p-values for F1-score
and ACC are, 0.014 and 0.004, respectively.

Figure 4

A segment of ECG signal during jogging, which is simultaneously recorded from the chest and the waist,
is shown in (A). R-peaks are detected in (B) using PT (29) (left), optimal threshold (middle) and HDIG
(right) methods. The R-peaks of the chest ECG is plotted as the reference.

Figure 5

The R-peak detection performance of HDIG, optimal-threshold, and PT methods during jogging. One-way
ANOVA test is used, p-values are 0.00062 and 0.00011 for HDIG vs. optimal threshold and HDIG vs. PT,
respectively.



Figure 6

F1 score and Accuracy of different locations, sitting and standing for the combined silver and carbon
sensors (ANOVA test, for each state (sitting – standing – jogging), for 4 groups (1) back, (2) front, (3)
cross-I and (4) cross-II.

Figure 7

QRS segments obtained from ECG signals recorded from chest (top) and waist (bottom). The amplitude
of each segment is normalized to its R-peak value.

Figure 8

The QRS similarity measure for carbon and silver sensors.



Figure 9

Photograph of textile sensors, silver (a), (b), and carbon (c), (d).



Figure 10

Photograph of the whole band. Schematic of gel electrode placement on chest and waist band electrode
locations + vectors.

Figure 11



Photo of the designed board.

Figure 12

Block diagram 8- channel custom-made ECG recording circuit.

Figure 13

Screenshot of simultaneously recorded ECG signals (three channels in this example) using the developed
recording unit. Note: channel 1 is grounded, and not shown in this �gure.

Figure 14

Most signi�cant features of a typical ECG signal



Figure 15

Schematic representation of the proposed algorithm.
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