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Abstract— Continuous and robust monitoring of physiological 
signals is essential in improving the diagnosis and management of 
cardiovascular and respiratory diseases. The state-of-the-art 
systems for monitoring vital signs such as heart rate, heart rate 
variability, respiration rate, and other hemodynamic and 
respiratory parameters use often bulky and obtrusive systems or 
depend on wearables with limited sensing methods based on 
repetitive properties of the signals rather than the morphology. 
Moreover, multiple devices and modalities are typically needed for 
capturing various vital signs simultaneously. In this paper, we 
introduce ImpediBands: small-sized distributed smart bio-
impedance (Bio-Z) patches, where the communication between the 
patches is established through the human body, eliminating the 
need for electrical wires that would create a common potential 
point between sensors. We use ImpediBands to collect 
instantaneous measurements from multiple locations over the 
chest at the same time. We propose a blind source separation (BSS) 
technique based on the second-order blind identification (SOBI) 
followed by signal reconstruction to extract heart and lung 
activities from the Bio-Z signals. Using the separated source 
signals, we demonstrate the performance of our system via 
providing strong confidence in the estimation of heart and 
respiration rates with low RMSE (HRRMSE = 0.579 beats per 
minute, RRRMSE = 0.285 breaths per minute) and high correlation 
coefficients (rHR = 0.948, rRR = 0.921).  
 

Index Terms—bio-impedance, chest, heart rate, physiological 
sensing, respiration, SOBI, source separation, wearable,  

I. INTRODUCTION 

REVENTION of many disorders requires sustainable and 
long-term health tracking [1]. In the case of cardiovascular 

and respiratory diseases, the symptoms of many complications 
are observed through the anomalies in the hemodynamic (e.g., 
heart rate, heart rate variability, blood pressure) and respiratory 
parameters (e.g., respiration rate, pulmonary volumes) [2]. 
Continuous and reliable monitoring of these biomarkers, such 
as heart rate (HR), blood pressure and respiration rate (RR) 
allows the early diagnosis and management or even prevention 
of the disease [3]. 
 A significant challenge remains in building a continuous 
monitoring system that provides a convenient, non-obtrusive 
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and non-invasive vital signs acquisition mechanism without 
restricting the mobility of the end-user for long-term operation. 
The current adopted bio-medical instrumentation is obtrusive 
and bulky, employing rather old technologies, requiring 
multiple sets of sensors and devices to provide a plurality set of 
vital measurements. This limitation directly impacts adherence 
to wearing the sensors over an extended period of time. Current 
wearables that focus on the convenience of wear implement 
modalities that can only capture skin surface observations [4]–
[6]. These observations are not sufficient to capture certain 
hemodynamic and respiratory parameters with high-fidelity 
because activities of the small capillaries near the skin surface 
do not retain the information that major arteries would provide. 
 To address these gaps, we introduce ImpediBands: 
distributed smart small-size patches that can perform 
continuous measurements of global chest physiological signals 
for accurate estimation of hemodynamic and respiratory 
parameters with a single device. Our ImpediBand technology, 
as illustrated in Fig. 1, collects multiple instantaneous bio-
impedance (Bio-Z) observations across different locations on 
the chest while establishing communications between the 
patches through the body. Therefore, the proposed method 
leverages the Bio-Z observations to determine a plurality of 
vital signs from the lungs and the heart. To measure Bio-Z, we 
apply a very small AC signal to the thorax and pick up 
differential voltages across multiple locations employing four-
terminal sensing (Kelvin sensing). We chose Bio-Z sensing for 
non-invasive and high-fidelity physiological signal acquisition 
due to the higher penetration of the signals into the body as we 
will elaborate more in detail within Section II including the 
discussion on the limitations with the current state-of-the-art 
techniques. The variations in the Bio-Z signal corresponds to 
the periodic heart and lung activities, muscle contractions, and 
body fluid level changes, allowing to observe a holistic set of 
physiological measurements. Our specific work for 
ImpediBands offers a set of improvements over the traditional 
Bio-Z measurement systems, providing a more reliable and 
modular physiological data acquisition while enhancing the 
convenience and unobtrusiveness of the system for the end-
users and support long-term wearability.  
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Our contribution in this paper can be summarized as follows: 
 The ImpediBands are smaller-sized (3-inches) Bio-Z 

patches as compared to the convention (over 10 
inches), while limiting the estimation error to less than 
a beat and breath-per-minute for heart and respiration 
rates (HRRMSE = 0.579 beats per minute, RRRMSE = 
0.285 breaths per minute, rHR = 0.948, rRR = 0.921). 

 The ImpediBands use a novel Bio-Z sensing technique 
over multiple locations through a single injection 
location to obtain a complete picture of physiological 
indicators.  

 We use the set of multivariate observations acquired at 
different locations on the thorax to decompose the 
physiological sources based on their time coherence. 

 Our proof of concept study demonstrates a wireless  
coupling between ImpediBand patches without the 
need for a shared reference or a common ground 
connection. Hence, the final design would eliminate 
the needs of chest-bands and/or wires connecting 
various bands, offering a convenient and comfortable 
form factor.  

The rest of the paper is organized as follows. We present the 
previous related work and introduce the notion of Bio-Z in 
Section II. We share our methods and details of the 
experimental evaluation in Section III and Section IV 
respectively. We provide a discussion in Section V evaluating 
our performance and elaborating on the limitations and 
potential techniques to address the gaps. Finally, our conclusion 
is given in Section VI. 

II. RELATED WORK 

Bioinstrumentation devices can be categorized into two 
different classes. The first class includes devices that are highly 
accurate and medical-grade yet bulky and immobile. The 
second class consists of wearable sensors and devices that 
provide unique opportunities for unobtrusive, low-cost and 
ambulatory sensing, but the challenge lies in the fidelity and 
robustness of the sensing and the fact that diverse physiological 
observations would require a plurality of sensors. Our proposed 
system directly addresses these gaps with improved accuracy 
and wearability (Section IV and Section V). In the remainder of 
this section, we discuss prior arts with respect to both classes of 
the physiological sensing paradigms. We then introduce an 
overview of the ImpediBands framework. 

A. Current Practice for Physiological Monitoring  

The current practices commonly used in clinics to measure 
hemodynamic parameters result in an inconvenience for the 
patient. Unfortunately, the current respiratory measurement 
systems rely on invasive and bulky sensors which are 
inconvenient for the patients. Nocturnal polysomnography 
(PSG) and capnography are two commonly used techniques for 
respiration monitoring, despite the obtrusive patient experience. 
PSG devices operate based on a technology that was developed 
in the 1960s, where respiration of the patient is monitored 
through sensor belts, measuring chest wall movements and 
upper abdominal wall movements through piezoelectric sensors 

[7], [8]. To acquire clean signals, these belts should be securely 
attached to the subject for the duration of the measurement, 
causing significant discomfort. In contrast, capnography 
systems measure RR by continuously monitoring CO2 and O2 
gas exchanges with the help of nasal sensors or face masks, and 
however, the patient still undergoes an unpleasant experience 
[9]. In addition, these techniques are costly, requiring 
evaluation in specialized clinics. Moreover, both methods are 
ad hoc and require an extra set of sensors to measure additional 
vital signs such as heart activity and hemodynamic parameters.  

Current wearable systems, in contrast to the previous 
practices, offer continuous and unobtrusive yet localized signal 
measurements from specific parts of the human body such as 
wrists, arms, and ankles to acquire heart rate (HR) and several 
other hemodynamic parameters [10]–[12]. The most widely 
used wearable systems rely on either electrocardiogram (ECG) 
or photoplethysmography (PPG) signals, for heart rate 
measurements. In the PPG based systems, the skin is 
illuminated with light at a certain wavelength and intensity; the 
intensity of the reflected/transmitted light is then measured at 
the receiver. The rate of the cardiac pump can be extracted from 
the variations in the received illumination magnitude. These 
variations are caused by the periodic changes of the blood 
volume mostly at the capillaries, as most of the time, the 
penetration of the light is not strong enough to reach the arterial 
sites [13], [14]. PPG can additionally provide insight into the 
respiratory parameters [16]–[20]. The respiration 
measurements from PPG sensors are due to the mixing of the 
PPG signal with the respiratory-induced variations of veins, 
caused by the alterations in intrathoracic pressure [21]. The 
main challenge in vital sign extraction, for example for RR, is 
the dependency of the target vital sign on the mixing quality, 
which is a factor of skin thickness, temperature, sensor 
locations, and many other parameters overall impacting the 
estimation accuracy. [22]. In addition, this mixing effect is 
usually very weak compared to the PPG signal amplitude, 

Fig. 1.  ImpediBands: distributed Bio-Z sensors for continuous physiological 
sensing of hemodynamic and respiratory parameters to improve diagnostic and
prognostic services. The ImpediBands establish the communication with each
other through the human body using the known characteristics of the signal
injection. [55] 
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decreasing the reliability and accuracy of the respiration signal 
extraction [23]. The electrical polarization, recorded with an 
ECG, can also provide the heart rate information with improved 
robustness to noise [25], [26], however same challenge remains 
when it comes to extracting ECG-derived respiratory activity 
inducing itself at the heart rate variability [4], [27], [28].  

In addition to PPG and ECG, several investigations are 
focusing on modalities for noncontact measurement. These 
modalities still need to be close to the body. Examples include 
two groups of sensors to extract cardiorespiratory parameters; 
(a) respiratory-induced plethysmography (RIP) [29], [30], 
motion [31], acoustic [32], pressure/strain [33], [34], 
pyroelectric and triboelectric nanogenerator [35], [36], 
capacitive [37] and radio-frequency (RF) [38] based wearable 
systems and (b) those that are dependent on surrounding 
radar/Wi-Fi or Bluetooth stations [39]–[41]. The correct 
operation of the first group of sensors is dependent on their 
relative position to the body, their placement and environmental 
factors (humidity, temperature), and if ideal conditions are not 
created, they may suffer from low SNR. Station-based sensing 
systems that use radar and Wi-Fi signals additionally are not 
wearable and not suitable for scenarios where the user is 
moving due to the stationary requirements of their 
corresponding setups [25]. 

Bio-impedance is another non-invasive technique used in the 
physiological signal acquisition, where the method relies on an 
AC signal stimulation to the epidermis through electrodes and 
measuring a voltage difference across two points on the body. 
This allows the extraction of more information compared to 
optical modalities since it penetrates inside the body throughout 
its course. Therefore, it is possible to carry a holistic set of 
physiological measurements with Bio-Z, including but not 
limited to HR, heart rate variability (HRV), RR, muscle 
movements, and hydration level by capturing the variations 
induced by the muscle activities and concentration changes. 
Several studies in the literature measure vital signs related to 
blood flow such as heart rate, pulse transit time, and eventually, 
blood pressure [11], [12], [42], [43] using the current injection 
and voltage sensing electrodes lined up in one patch and located 
across the arm and wrist. Moreover, other studies estimate the 
respiration rate over a localized single patch [44]–[46]. 
However, extracting respiratory waves are somewhat 
challenging from these localized measurements since these 
systems can only measure variations of the impedance that are 
partially correlated to the respiratory cycle through arm and 
wrist motion and respiratory-induced blood flow, making the 
measurement sensitive to motion artifacts and placement of the 
electrodes. To obtain highly accurate measurements, it is 
essential to place the sensors on the actual sources of the 
respiration, which are the lungs. Electro-impedance 
tomography (EIT) or impedance cardiography (ICG) are 
methods that depend on placing two sets of injection electrodes 
on both sides of the neck and abdominals and two sensing 
electrode pairs across the upper chest to record the impedance 
changes over the whole chest area [47], [48]. The cardiac and 
ventilation readings, in this case, are stronger than the 
measurements taking place at different body locations, since the 

sensors directly sense heart and lung movements [49]. 
However, the major drawback of this system is the utilization 
of long wires all across the chest to establish an electrical 
connection between injection and sensing electrode pairs. 
Moreover, the patch sizes are more than tens of cm. Hence, the 
state-of-the-art sensing paradigms are not convenient for long-
term monitoring, which is essential in providing more effective 
diagnostics and management of cardiovascular and respiratory 
diseases. A single patch can be placed on the chest to capture 
the respiration. However, such an approach captures a plurality 
of signal sources and with a single sensing site; various sources 
could not be separated effectively, especially when the 
frequencies of the physiological activities, as well as physical 
activities, overlap. 

B. Overview of the ImpediBand Framework 

ImpediBands leverage Bio-Z for non-invasive and high-
resolution sensing to continuously estimate various vital signs 
including HR and RR. Unlike traditional Bio-Z systems that 
require an electrical connection between the injection and 
sensing electrode pairs, we eliminate all wired-communications 
between the patches to provide a convenient and comfortable 
experience to the users. Moreover, with the proposed method 
we are able to collect global measurements from the chest, 
where observations cover the upper body completely through 
the distributed patches without the necessity of utilizing any 
kind of chest band. We accomplish this by injecting the current 
signal from the side of the body and placing voltage sensing 
electrodes in parallel to the injection patch at different locations 
over the chest, rather than the uniaxial placement of sensing 
electrodes with respect to the injected signal. This kind of 
sensing configuration is proposed for the first time by our team 
to the best of our knowledge. Moreover, the novel placement of 
the ImpediBands over the chest provides multiple observation 
points and allows enhancement in the source estimation through 
blind source separation (BSS) techniques [50]. The term blind 
refers to the condition where only the information carried by the 
observations is known and used, with no information on the 
sources. Our ImpediBand Bio-Z patches placed over the chest 
capture an instantaneous mixture of the heart and lung activity 
sources. Hence, it is possible to separate Bio-Z signals 
generated by the heart and lungs to increase the fidelity and 
stability of the hemodynamic and respiratory parameter 
estimation, due to the strongly correlated information carried by 
the captured signals in time. To leverage this time coherence of 
the sources appearing in the observations, we apply a second-
order blind identification (SOBI) algorithm using the second-
order statistics of the observations and obtain both heart and 
respiration waves from the correlation analysis under a range of 
delay assumptions [51]. We then reconstruct the signals based 
on the estimated mixing matrix to extract both phase and 
frequency information of the sources. A detailed explanation of 
the iterative SOBI algorithm and the associated advantages are 
shared in the next section. Overall, ImpediBands provide a 
high-fidelity modular sensing mechanism while offering 
comfort and convenience to the end-user that justify continuous 
wear. In this paper, we demonstrate our device performance in 
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estimating HR and RR highly accurately, yet we do not 
specifically target characterizing the robustness of the system. 

III. METHODS 

Through establishing electrical contact with the skin via 
electrodes, it is possible to stimulate the epidermis with an 
alternating electrical current. While this AC signal finds the 
least impeding path, at high frequencies it passes through a 
combination of extracellular fluid, cell membrane, and 
intracellular fluid, capturing a mixture of information about the 
physiological status [45]. This behavior can be modeled using 
an RC circuit as shown in Fig. 2, by representing the 
intracellular and extracellular fluids with resistors, RI and RE 
respectively, and the cell membrane as a capacitor, CM in 
parallel to RE and in series with RI. Therefore, the frequency of 
the injected signal directly affects the impedance path, where at 
low frequencies the current will not be able to penetrate through 
the capacitive cell membrane, whereas at very high frequencies 
body will act as a low-pass filter [52]. Notice that, in the 
calculation of a transfer function from a cellular region, the ratio 
of RC parameters with respect to each other is more significant 
than the values themselves. There are several advantages of 
injecting a high-frequency AC signal into the epidermis. First, 
increasing frequency significantly decreases the electrode-to-
skin impedance caused by the unideal current transfer between 
ions and electrons [53]. Therefore, the voltage drop across the 
electrodes at the injection side becomes minimal allowing 
higher amplitudes of current stimulation. Second, the allowance 
of injection amplitude before damaging the tissues increases 
with increasing frequency after 1 kHz (up to 100 kHz), as stated 
by the safety standards [54]. Third, changes in the impedance 
of the tissues and underlying cells due to physiological changes 
(blood flow, lung and heart movements, hydration, and muscle 
movements, etc.) will be carried by this higher frequency 
signal. In return, the flicker noise dominating the low-frequency 
spectrum will less distort the information carried by the injected 
signal. For all these aforementioned reasons, while still 
suffering from reasonable attenuation at the tissue impedance 
due to its low-pass behavior, we selected to work with 10 kHz 
for the Bio-Z measurements. We have verified this carrier 
frequency in our prior works [11], [55]. 

A. Simplified Impedance Modelling of the Thorax 

A voltage pick-up sensor placed at the upper chest would 
reflect the variations in the Bio-Z signal based on the 
physiological autonomic motive forces (heart, lungs, pulsatile 
movement) as well as controlled muscle forces (respiration-
based chest motion, stretching, etc.). Placing multiple of these 
sensors captures these activities from multiple locations with 
various contributions of each activity. This allows the 
application of advanced source separation techniques to 
separate these individual activities. To leverage the common 
information present in the multiple observations, we propose 
placing three Bio-Z sensors at different locations of the chest 
that pick-up the voltages induced by only a single current 
injection site located underneath the left armpit.  

To be able to simulate our proposed approach, we created a 
simplified impedance mapping of the upper chest, where we 
only simulated the variations caused by the periodic activation 

of the heart and lungs at 1.3 Hz and 0.2 Hz respectively in the 
analysis, to match with our experimental data. In our 
simulations, the time constant of the tissue impedance is much 
smaller than the body impedance changes due to heart and lung 
activities (𝜏 𝜇𝑠 ≪ 𝜏 / 𝑠). This is because the 
CM, RI and RE values are on the order of nano-farads and tens 
of ohms, respectively for the tissue impedance block provided 
in Fig. 2 (b) [56]–[58]. Therefore, we were able to reduce the 
model complexity by replacing the tissue impedance block with 
a resistive element. With this simplification, the fastest 
frequency component is due to the time variant resistance (i.e. 
1.3 Hz) instead of our original injection frequency of 10 kHz. 
Hence, the Nyquist sampling criterion requirement is relaxed 
by 5 orders of magnitude, allowing a larger time step selection 
for the simulation and significantly decreasing the number of 
samples per second.  

The simplified impedance mapping consists of a resistive 10-
by-13 matrix (130 elements in total) to represent the whole 
upper chest. Each element corresponds to two parallel resistive 
tissue blocks to include the possibility of representing regions 
with multiple organs (i.e. heart and lungs) associated with a 
single element. Each resistive tissue block is assigned to have a 
non-stationary part that is 5 orders of magnitude larger than the 
time-dependent part to match our experimental results as well 
as the previous work [55], [56]. Fig. 3 shows the model and the 
placement of the voltage pick-up sensors as well as the current 
injection point. Table I shows the values assigned for each 
resistive block.  

We used LTSPICE to run the simulation and processed the 
differential voltage data in MATLAB. Fig. 4 shows the 
variations in the normalized sensor readings, where all sensors 
were able to capture the respiratory activity, no matter the 
sensor location. However, Sensor 3 shows a very weak response 
to the variations caused by heart activity both due to its location 
with respect to the heart and the injection point. We also shared 
the simulation results corresponding to the magnitudes of lung 
and heart activities appearing within the differential voltages 
picked-up over different columns in Fig. 5. For this simulation, 
we only changed the columns of the sensors, whereas the rows 
of the differential points of the voltage sensors remained 
unchanged at rows 4 and 9 as in Fig. 4. The simulation results 
show that the peaks for heart activity and lung activity do not 
necessarily need to happen at the same sensing point, justifying 

 
Fig. 2. Tissue impedance modelling (a) AC signal paths within the tissue
intracellular (ICF) and extracellular (ECF) fluids, at low and high frequencies 
(b) Equivalent tissue impedance circuit.  
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placing multiple patches across different locations, which we 
employ in the ImpediBands framework. Hence, our approach 
allows capturing a holistic set of observations directly from the 
sources. In addition, it allows creating a diverse mixing matrix, 
where although the exact locations of the sources are unknown, 
leveraging through our iterative-SOBI algorithm it is possible 
to estimate these source activities. Moreover, this analysis 
shows that although the exact values of the voltage electrode 
placement, as well as the current flowing through each element, 
may also remain unknown, the impedance variations are still 
appearing at the differential voltage nodes. The fundamental 
purpose of the simplified chest modeling shared here is to 
demonstrate the components (physiological sources) that 
appear in the Bio-Z sensing across different locations. 
However, the model is not dedicated to providing an accurate 
representation of the amplitudes of each component in the 
observations. In addition, this simulation is a simplified 2D 
model and the exact location of the peaks may change in the 
real case and from subject to another based on the chest 
anatomy. Since it is challenging to determine the exact location 
of the peak in advance, we needed to consider the placement of 
the sensors at arbitrary locations on the chest.  

B. Multi-Channel Bio-Impedance Sensing 

The Bio-Z sensing of the ImpediBands consists of two parts, 
which we refer to in this paper as the transmitter (TX) and the 
receiver (RX). The TX is responsible for the generation of a 
programmable AC current for injection into the human body, 
with controlled gain and amplitude. As the current passes 
through the chest, it induces a voltage sensed by the RX patches 
located at different locations over the chest. Separating the 

injection and sensing electrodes leverage the four-point sensing 
mechanism to mitigate the effect of the electrode-skin interface, 
which is commonly used in previous related work [46], [48]. 
This is because the sensing electrodes usually followed by a 
buffer or instrumentational amplifier (IA) with a very high input 
gain rejecting a current flow to its input. Therefore, the voltage 
drop across the sensing patches caused by a portion of the 
injected current that is passing through the underlying Bio-Z 
will be buffered to the output with negligible loss and 
interference.  

The current injection and the voltage sensing are established 
using small-sized (24 mm diameter) pre-gelled (wet) circular 
Ag/AgCl electrodes. To ensure that the ImpediBand patches 
remain comfortable to wear, we separate and electrically isolate 
the TX and RX patches from each other, by giving up the phase 
calibration between the injection site and the sensing sites. 
Since our injection and sensing patches do not contain a 
common potential, only the frequency information is known by 
the sensing patches. This is enough to carry out a phase 
insensitive lock-in based amplitude demodulation to fully 
capture the variations in the Bio-Z signal. These variations 
correspond to the physiological signals initiated by the periodic 
heart and lung movements, which are the focus of this work. 
Consequently, the phase calibration becomes insignificant. To 
provide a reference point to the differential inputs of the RX, 
we also connected the circuit ground of the RX patches to the 

Fig. 3. SPICE based impedance modelling of the upper chest. Each element
represents a resistive value. Depending on the location of the element,
resistance becomes time varying. 

 
Fig. 4. LTSPICE simulation results that show the variations in the sensor
voltages based on their location on the upper body. All sensors reflect the
simulated activities of the heart and lungs at 1.3 and 0.15 Hz, respectively. 
 
 

Fig. 5. LTSPICE simulation results for voltage pick-up sensors placed at 
different columns of row 4 and row 9.  

TABLE I 
VALUES ASSIGNED FOR DIFFERENT RESISTIVE ELEMENTS 

Element 
annotation 

Assigned resistance value (𝒎𝛀  

Zbody-tissue 10  
Zheart Zbody-tissue 25 sin 2𝜋 ∙ 1.3 ∙ 𝑡𝑖𝑚𝑒  
Zlung Zbody-tissue 50 sin 2𝜋 ∙ 0.2 ∙ 𝑡𝑖𝑚𝑒  
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body using our electrodes. This improves the common-mode 
rejection ratio, by preventing the amplification of the floating 
common-mode signals and increasing the received SNR at the 
RX (Section IV). 

The TX and RX hardware are shown in Fig. 6, where both 
depend on discrete components for the proof of concept. Both 
patches incorporate an ARM Cortex M4 MCU and operate 
through a small size battery and a power management board 
designed in our lab. The TX MCU is responsible for running a 
16-bit DAC (DAC8811, Texas Instruments, USA) to generate 
an AC signal (with programmable frequency) with its output 
amplitude based on a reference generator set at 5.1 Volts giving 
80 μV resolution. The DAC operates at low power with I
2 μA. A capacitor is placed at the output of the DAC to prevent 
DC injection into the skin. This voltage signal is then converted 
to the electrical current through a 5.1 kΩ resistor fed to the 
negative input of a low power precision amplifier (OPA211, 
Texas Instruments, USA) of 1.1 nV/√Hz noise density at 10 
kHz with 45 MHz gain-bandwidth product (G 1) with 
positive input being grounded. The amplifier supports low 
power applications with a typical supply current of 3.6 mA. The 
injection bio-potential electrodes are connected to the feedback 
loop of the op-amp, allowing 0.7 mA rms current flow at the 
digital normalized gain of one, which can be set through PC. To 
comply with the safety standards at 10 kHz, we used 0.64 mA 
rms as our injection amplitude [54]. 

The amplitude of the variations in the Bio-Z signal due to 
blood flow is very small at approximately 50 𝑚Ω with several 
inches of electrode separation. Therefore, we designed the RX 
of our ImpediBand system with low-noise Bio-Z sensing 
hardware using discrete components. Each RX patch includes 
two sensing electrodes to measure the accumulated voltage 
difference due to the current flow induced by the injected AC 
signal. This voltage is then amplified with a low noise (3.2 
nV/√Hz input voltage noise at 10 kHz) and low power (2.3 mA 

maximum supply current) instrumentational amplifier 
(AD8421, Analog Devices, USA) at the gain set to 20 dB with 
110 dB common-mode rejection ratio (2 MHz bandwidth). It is 
then provided to an ADC after passing through a low-pass anti-
aliasing filter with cut-off frequency at 30 kHz. For improved 
data acquisition, we selected a high-resolution and high-speed 
delta-sigma ADC (ADS1278, Texas Instruments, USA) that 
samples three independent Bio-Z channels simultaneously at 
93.75 kSPS with 24-bit resolution (0.3 μV sensing resolution, 
with 9 points per signal period). The ADC can operate in low 
power mode with a power dissipation of 31 mW/ch. In this 
work, we use a single multi-channel ADC to carry out all analog 
to digital conversion, which does not violate the idea of wireless 
communication between the patches, due to the isolated 
processing of each individual analog channel. A single RX 
patch with the current HW configuration consumes less than 0.3 
A at 5 V during active mode and can support 3 hours of 
continuous operation with no duty cycling with ultra-low power 
step-up converter of above 90% efficiency (MAX8627, Maxim 
Integrated, USA) and 3.7V 1000mAh thin LiPo battery 
(LP256258, LiPol Battery Co., China). The battery life can be 
further expanded with the duty cycling of sensing. As the 
fundamental purpose of this paper is to demonstrate a proof of 
concept, we did not further investigate the power optimization. 
Nevertheless, we discussed our plans for optimal power-
management for the final form factor of the ImpediBands in 
Section V. The acquired signals are then transferred to a PC 
through USB communication (FT223H, Future Technology 
Devices International Ltd, USA) for digital signal processing 
(DSP) and extracting heart and respiration activities. We first 
tested the system with a 4.4 𝑘Ω resistor (representing both of 
the electrode-to-skin impedances, [53]) in series with 50 Ω 
resistor as the load, where we connected the two ends of the 50 
Ω resistor to the IA to extract the noise characteristics and to 
find the Volts to Ohms gain of each of the channels. Our noise 

Fig. 6.  Multi-channel low noise Bio-Z sensing hardware. Both current injection and voltage sensing patches depend on the ARM Cortex M4 MCU. The patches
do not share any electrical connection between each other and the earth ground. In order to improve the signal quality, we use extra electrodes to connect circuit 
GND with the body. [55] The choices of components support a small factor custom-developed PCB with a wearable form factor. The design can easily be integrated 
into a custom-developed PCB to get a wearable form factor. 
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measurements across this known calibration resistor show that 
the system is capable of acquiring Bio-Z measurements with a 
root mean square (RMS) error less than 1 𝑚Ω, which is 
sufficiently lower than the target Bio-Z variations (50 𝑚Ω .  

All DSP operations are carried out in MATLAB for our proof 
of concept prototype, where a corresponding flowchart is 
shown in Fig. 7. The proposed DSP operations can be ported 
and executed on local MCUs. Since the phase information is 
lost due to the electrical isolation between RX and TX patches, 
we carry a lock-in based demodulation, followed by a second-
order Butterworth low-pass filter with 4.4 Hz cut-off to reject 
the image noise, as well as high-frequency fluctuations, while 
accepting the heart rates up to 180 beats per minute (bpm). We 
then down-sample the signals from 93.750 kHz to 375 Hz. After 
the demodulation, we obtain three simultaneous Bio-Z 
measurements at different locations and distances to the heart 
and lungs. The details of the patch placement and patch sizes 
are shared in the Results section of this manuscript. This allows 
us to apply blind source separation (BSS) techniques to separate 
the signals sourced independently by heart and lungs from each 
other using the multiple simultaneous observations. In this 
paper, we introduce a variation of SOBI leveraging the 
information on the second-order statistics of the Bio-Z 
observations and the prior knowledge on human physiology to 
separate and extract heart and respiration rates. The reason we 
selected SOBI is due to its success in using the time coherence 
of the source signals appearing in the observations with 
different time delays. Moreover, SOBI is robust to the time 
delay variations of the sources for each observation. These 
unknown delays are introduced due to blood flow being present 
at various parts of the chest but with different phases and the 
capacitive components of the Bio-Z sensing.  
 In addition to low-noise and high-fidelity Bio-Z sensing, our 
system takes advantage of the sensor placement on the chest to 
capture ECG signals without any extra effort. ECG is a 
biopotential signal appearing at the baseband of the measured 
voltages with our Bio-Z sensors located at the chest. To obtain 
the ECG signal, we apply a second-order Butterworth low-pass 

filter with a 30 Hz cut-off frequency. We use ECG as a 
reference for our HR measurements. However, it is also 
possible to calculate systolic time intervals with the timing 
information on ECG and Bio-Z signals using a localized 
measurement at the heart. This requires studying the 
morphology of the periodic heart activity signals and is planned 
for the future.  

C. Iterative Source Separation using Second Order Blind 
Identification (SOBI)  

Our proposed physiological sensing approach brings out a 
holistic set of observations that are linear projections of both 
physiological and physical sources. In the literature, to extract 
the underlying sources in these linear mixtures, which resemble 
vital signs or other signals of interest, several BSS techniques 
are developed. Independent Component Analysis (ICA) is a 
commonly used technique for feature extraction [59], audio 
signal processing [60], and also blind source separation for 
noise rejection in EEG and EMG signals [61]–[63]. Moreover, 
in our prior work, we utilized ICA for separation of heart and 
lung sources modulating the Bio-Z based observations, with the 
assumption that the sources are statistically independent [55]. 
This is usually not the case for physiological sources. In 
addition, ICA, due to its statistical behavior, is highly sensitive 
to the difference in phase delays appearing on the observations 
associated with the blood flow and introduced through 
capacitive components of the Bio-Z sensing. Several studies in 
the literature attempt to combat the phase delay by introducing 
latency-insensitive versions of ICA, however at a trade-off of 
loss of information or accuracy [64]–[66].  

 Bio-Z measurements over a large chest area demonstrate 
high variances in terms of phase delays since blood arrives at 
different time instances to each sensing location, which limits 
the utility of ICA and other purely statistical methods. Second-
order separation (SOS) techniques contrast with this feature of 
statistical methods, where the separation takes place due to the 
temporal characteristics in the ongoing activity of the 
underlying sources [67]. In order to enhance the robustness of 
the SOS algorithms and combat the ambiguity in the time 
delays introduced by the human body, an effective method is to 

 
Fig. 7. Block diagram of our signal processing stages carried in MATLAB. 
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run the algorithm multiple times, with a set of preselected time 
lags introduced to the signals before each run. SOBI is a 
promising SOS technique exploiting the temporal coherence of 
the underlying sources with different spectral contents to 
perform their separation from each other [51]. Since it is based 
on joint diagonalization of multiple covariance matrices with 
different time delays, instead of a single unique matrix 
preferred in other SOS techniques, it significantly improves the 
robustness in determining the heart and lung sources at low 
processing cost [51], [68]. We leveraged this feature of the 
SOBI in our study to get better estimates of the sources.  

The input data can be represented as a vector of N recorded 
signals, 𝜈 𝜈 , 𝜈 , … , 𝜈 , as the observations of M unknown 
independent sources, 𝑠 𝑠 , 𝑠 , … , 𝑠 . This instantaneous 
linear mixture can be modeled through an 𝑛 𝑚 mixing 
matrix, A as, 

 
 𝜈 𝑡 𝐀 𝑠 𝑡 𝑛 𝑡  (1) 

 
Here, 𝑛 𝑡  represents the additive noise modeled under two 
assumptions: (i) source signals 𝑠 𝑡  and noise 𝑛 𝑡  are 
statistically independent, (ii) 𝑛 𝑡  is white, stationary and with 
zero mean [69]. Second-order statistics-based source separation 
techniques leverage the temporal correlations between the 
observations. Hence they provide an advantage for scenarios 
where the observed signals retain low SNR, mainly because the 
noise is not common between these observations and does not 
significantly impact the correlation estimations [51]. In 
addition, noise elements that are not Gaussian can be added to 
the source estimation problem.  

SOBI only uses this array of observations, without any prior 
knowledge of the model, to find the mixing matrix to get the 
estimated and uncorrelated sources, 𝑦 �̂�. In order to obtain A, 
SOBI starts with the whitening process of the observations to 
reduce the determination of the 𝑛 𝑚 mixing matrix A to a 
unitary 𝑚 𝑚 matrix, U, without any loss of generality, using 
the whitening matrix, W [51].  

 
 𝐀 𝐖𝐓 𝐔 (2) 

 
Then, within a preset time delay window, 𝜏, the algorithm 
calculates a set of covariance matrices. We selected the 𝜏 to be 
100, corresponding to a ±13 ms time window, with our 
sampling frequency of 375 Hz after the down-sampling.  This 
step is followed by a joint diagonalization analysis to find the 
orthonormal change of basis [69]. At the output, the matrix with 
the highest sum-squared cross-correlation value is selected as 
the first estimated component, and the iteration continues until 
all m components are determined. Bio-Z measurements across 
the chest provide a strong reflection of the respiration [55]. This 
reflection is captured from all of our sensors simultaneously. In 
addition, each sensor captures a set of other internal and 
external sources such as heart movements, blood flow, motion 
artifacts and other biopotential signals, which do not necessarily 
appear with the same temporal structure in the observations. 
Due to the strong appearance of the respiration cycle in the 
temporal characteristics of the Bio-Z signals, the very first 
estimated source at the output of the SOBI that has the highest 

eigenvector gives the respiratory signal. In addition to the 
sources, SOBI estimates the mixing matrix, which allows us to 
isolate the appearance of each source in the observations. We 
perform reconstruction of the Bio-Z observations by removing 
the contribution of the respiratory activity extracted by SOBI 
for each observation using the demixing matrix that is the 
inverse of mixing matrix. The resulting signals include the 
temporal information of the heart activity without any 
disturbance on the phase characteristics (i.e. delayed arrival of 
heart pressure pulse wave at different locations of the thorax 
due to finite pulse wave velocity). The iterative SOBI algorithm 
that includes the reconstruction is presented in Algorithm 1. 

D. Peak Detection, HR and RR Estimation 

We use the reconstructed Bio-Z based heart activity signal to 
estimate the HR. First, we extract the spectrogram of each 
signal using FFT and detect a dominant frequency region. We 
then apply a second-order Butterworth low-pass filter with a 
cut-off frequency that is 1 Hz higher than the dominant 
frequency to reject the high-frequency oscillations. To calculate 
the HR, we use the zero-crossing, foot and peak points of the 
first and second derivatives of the signal to detect the important 
characteristic points, such as local peaks, feet and maximum 
slope points (MSPs). We use these points to calculate the 
corresponding interbeat intervals (IBI). IBI is effectively the 
period or the duration of one heartbeat. We apply a similar peak 
detection algorithm to the ECG signals to measure the reference 
IBIs. In order to reduce the effect of motion artifacts, we apply 
a moving average filter to the inverse of the calculated IBIs 
(1/IBI, beats per second) with a 30-second averaging window 
and 28 seconds of overlap to both Bio-Z and ECG signals. We 
multiply the output of each window by 60 to obtain the HR 
value in beats per minute (bpm) for each 30-second window.  

For the respiration signal detected by the SOBI algorithm, we 
apply an additional second-order Butterworth low-pass filter at 
1 Hz, to remove the high-frequency oscillations, followed by a 
peak detection algorithm to calculate inter-breath intervals 

 

Algorithm 1 Iterative Second Order Blind Identification (SOBI) 
for phase and frequency recovery of the physiological sources. 

Input: raw Bio-Z signals 𝑣 𝑡 𝐵𝑖𝑜𝑍1 𝑡 ,𝐵𝑖𝑜𝑍2 𝑡 ,
𝐵𝑖𝑜𝑧3 𝑡  that are observations of the system 
Output: estimated sources 𝑦 𝑡 , mixing matrix A 
1. 𝑧 𝑡 𝐖  𝑣 𝑡  // whitening 
2. for j = 1 to 𝝉 do: // adding time delays to observations, 𝜏 = 100 
3.     𝑅 𝑗 𝐸 𝑧 : , 𝑗:𝑁 ∙ 𝑧 : ,1:𝑁 𝑗  // estimate correlation 

matrix for the given time lag 
4. end for 
5. U  joint diagonalization of 𝑅 𝑘  | 𝑗 1, … , 𝜏  with the 

minimum sum-squared off diagonals 
6. 𝐀 𝐖 U // estimating mixing matrix 
7. 𝑦 𝑡 𝐀 𝑣 𝑡  // estimating sources 
8. 𝐵𝑖𝑜𝑍𝑅 𝑡  𝑦 𝑡  // first estimated source corresponding to  

the respiratory activity 
9. 𝐈 𝐃 𝐀 & 𝜈 𝑡 𝐃 𝑦 𝑡  // get demixing matrix that is 

the inverse of estimated mixing matrix 
10. 𝐵𝑖𝑜𝑍𝐻 𝑡  𝜈 𝑡 𝐃𝐧𝐱𝟏  𝑦 𝑡  // subtract the contribution 

of the respiratory part from the Bio-Z signal to obtain heart 
activity with its unique phase 
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(IBrI) similar to IBIs. In order to provide an average estimate 
of the RR for a preset interval, we apply a 60-second averaging 
window to the calculated IBrIs with 55 seconds of overlap.  

IV. EXPERIMENTAL RESULTS 

In order to evaluate the performance of the system, we used 
ImpediBands to extract continuous HR and RR values from 10 
healthy human subjects under the IRB approval IRB2017-
0086D by Texas A&M University. Prior to the main 
experimental study, we first evaluated the performance 
improvement with the body GND electrode placement and 
conducted two pilot studies to decide on the optimum patch size 
and to show the importance of multiple patch approach rather 
than single patch measurements. The patch size is critical in 
understanding the limitations of our system and to demonstrate 
the feasibility of suitable electrode size/separation for enhanced 
wearability. A smaller electrode separation on a single patch 
leads to a direct decrease in the size of the patch supporting the 
wearable applications built on top of this technology with a 
trade-off in the SNR. In addition, the multiple patch approach 
proposed in this paper is essential in providing high-fidelity 
separation of heart and lung activities.  

We provide a detailed explanation of the data collection 
protocol utilized in our experiments, the source separation 
performance of our system as well as the results of each 
aforementioned study in this section.  

A. Data Collection 

As discussed in the earlier sections, we implemented a novel 
sensing technique with the ImpediBand patches to provide 
global observations of the chest physiology. We achieve this 
through two main steps. First, the injection electrodes within 
the TX patch were placed underneath the left armpit. Second, 
with the assumption that all parts of the upper body see a 
fraction of this current, we place three RX ImpediBand patches 
at different locations of the upper body as shown in Fig. 8. The 
first RX patch (Bio-Z1) was placed across the heart (left of the 
sternum), the second patch (Bio-Z2) was placed at the right of 

the sternum and the last Bio-Z sensor (Bio-Z3) was placed 
underneath the right armpit, giving full coverage across the 
chest. The electrode placement was performed by the subjects 
themselves over the dedicated areas to ensure their own comfort 
level. Such a case also demonstrates the realistic variations in 
the placement for each individual. In all our Bio-Z 
measurements, we inject a sinusoidal at 10 kHz with 0.64 mA 
rms amplitude, complying with the safety standards [54].  

To evaluate the effect of GND electrode placement of the RX 
patches on the body, we run two one-minute long experiments 
with the only difference between the experiments being the 
inclusion of the GND electrode. For both experiments, we used 
the TX patch for the injection and Bio-Z1 for sensing. Since the 
voltage pick-up is differential, the location of the GND 
electrode is not significant. On the other hand, the GND 
electrode is placed next to the RX patch to prevent the patch 
size increase. Under the same injection amplitudes, we 
observed that the SNR of the carrier signal, picked-up by the 
TX patch with the body GND electrode is 7 dB higher than the 
case without the body GND electrode since GND electrode 
improves the common-mode rejection of the IA [70], [71]. Fig. 
9 shows the flipped ΔBio-Z signal after the demodulation for 
both cases. The signal fidelity is better with the body GND 
electrode, in agreement to the SNR measurements. 
Consequently, moving forward we used the body GND 
electrodes placed next to the RX patches with no constraint on 
the precise placement.  

For the pilot study regarding the size of the ImpediBand 
patches, we tested the effect of the separation amount between 
differential electrodes (nodes) of each patch from 1-inch to 5-
inches under a total of 25 minutes of data collection from a 
single subject. Moving forward, we used 3-inches separation 
between the two differential nodes of each TX and RX patches, 
due to its superior performance compared to the smaller sizes 
while providing similar performance compared to the larger 
sizes. The results of this study are shared in the following 
subsections. In order to complete an extensive evaluation of the 
ImpediBands, we collected four sets of five-minute continuous 
data from 10 healthy subjects.  

To assess the performance of ImpediBands for estimating the 
HR, we used the ECG signal captured simultaneously by the 
Bio-Z1 sensor placed at the heart to detect the true heartbeats. 
Moreover, we used capnography (RespSense II, Nonin, USA) 

Fig. 8. (a) Placement of the ImpediBand TX and RX patches for data collection
from multiple locations over the chest. (b) In addition, we used capnography
utilizing a nose cannula to measure CO2 changes and gold standard respiration.
(c)-(d) ImpediBands TX and RX prototypes for proof of concept study.  

 
Fig. 9. Flipped ∆Bio-Z signals with and without GND electrode placed at the 
body. The placement of body GND electrode improves the signal fidelity. 



TBioCAS-2020-Jan-0018-Reg 10

for measuring a reference of the respiration waves recorded 
during the data collection with ImpediBands to assess our 
estimation of RR. The capnography tracks the CO2 
concentration through a nasal cannula connected to the device 
to determine the RR.  During the whole data collection process, 
subjects remained seated with the capnography device 
connected through a nasal cannula. Prior to the start of the 
actual data collection with the ImpediBands, we asked subjects 
to hold their breath for 10 seconds, where we used this signature 
time interval to synchronize capnography data to the 
ImpediBands data.  

B. Source Separation 

An example of the physiological signals measured with our 
setup and the capnography device is shown in Fig. 10. We 
clearly observe periodic lung movements due to respiration on 
the raw Bio-Z signals captured by the ImpediBand patches. 
Therefore, we expect iterative SOBI to identify this significant 
temporal correlation between the sensors with high fidelity. Fig. 
11 shows an exemplary frequency spectrogram correlating the 
raw Bio-Z inputs that are sent to iterative SOBI, the respiration 
and heart activity signals obtained through iterative SOBI. We 
also plot the corresponding references for both sources in the 
figure. After the application of the iterative SOBI algorithm 
with the signal reconstruction, the system estimates heart and 
lung activities with high accuracy. The separated heart (Bio-
ZH) and respiration (Bio-ZR) source signals (y(t)) were used in 
HR and RR estimations, respectively.  

C. Peak Detection, Inter-Beat and Inter-Breath Interval 
Estimation 

An example of the extracted characteristics points on the Bio-
ZH and Bio-ZR signals, and on the corresponding reference 
signals are shown in Fig. 12. We calculate IBIs from a 

combination of maximum slope point (MSP), peak and 
footpoints in Bio-ZH and R-peaks in the ECG signal. To 
estimate IBrIs from the Bio-ZR and capnography signals, we 
use the MSPs. In order to mitigate the effect of motion artifacts 
and high-frequency oscillations that alter the peak points, we 
apply the moving average algorithm presented in Section III.C. 

D. Effect of Patch Sizes in Device Performance 

1) Respiration Rate 
The Pearson’s correlation coefficient (r) and average root 

mean square error (RMSE) in breaths-per-minute (BPM) in RR 

Fig. 10. (a)-(b) Time plots of the measured physiological signals with
ImpediBand and (c) the reference capnography measurement. All Bio-Z 
sensors are reading an instantaneous mixing of the underlying sources (heart
and lungs signals). (d) All signals scaled and plotted within the same time
legend.  

 
Fig. 11. The frequency spectroscopy of the input and output SOBI signals. (a)
The raw Bio-Z signals are modulated by the respiration cycle with the
additional frequency components appearing at higher frequencies. (b) It is
observed that, the respiration signal obtained after the application of source
separation is matching with the reference signal acquired through
capnography. (c) Moreover, the heart activity signal estimated after signal
reconstruction exhibits an improved SNR matching with the reference ECG
signal. 

 
Fig. 12. (a) Feature extraction from Bio-ZH with reference ECG and (b) Bio-
ZR with reference capnography signals. An example of the extracted points
from the physiological signals are shown with different colors in the plots. 
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estimation for five different patch sizes that are determined by 
the separation between the differential electrodes of each patch 
starting from 5-inches up to 1-inch are provided in Table II. The 
Bland-Altman and Pearson’s correlation analyses for this pilot 
study are given in Fig. 13. For each plot, we used 51 IBrIs 
calculated from the averaged peak-to-peak values. We observe 
that ImpediBands provide strong confidence in RR estimation 
with all patch sizes with a minimum of 0.9 correlation and a 
maximum of 0.3 BPM RMSE.  
2) Heart Rate 

We share the r and RMSE in bpm in HR estimation for all 
patch sizes starting in Table III. Results show that the device 

performance with higher than 3-inches patch separation 
remains comparable with an RMSE of less than one bpm. 
However, in contrast to RR estimation performance, further 
decreasing the size from 3-inches to 2-inches degrades the 
signal quality and increases the error in HR estimation. Fig. 14 
shows the corresponding Bland-Altman and Pearson’s 
correlation plots for different patch sizes using 140 IBIs for 
each size. The 95% limits of agreement are also given in Table 
III. We used 3-inches patch size to move forward with the 
extensive analysis due to the high accuracy in both HR and RR 
estimations using this configuration.  

TABLE II 
SIZE-PERFORMANCE COMPARISON IN RR AND IBRI ESTIMATION  

Patch 
Size 

(inches) 

RR IBrI 

r 
RMSE 
(BPM) 

Upper 
95% 

limit (s) 

Lower 
95% 

limit (s) 
r 

5 0.961 0.167 0.444 -0.389 0.961 
4 0.914 0.112 0.439 -0.464 0.914 
3 0.912 0.067 0.274 -0.283 0.912 
2 0.904 0.299 0.785 -0.605 0.904 
1 0.962 0.183 0.549 -0.482 0.962 
      

Fig. 14. (a)-(e) Bland-Altman and (f)-(k) Pearson’s correlation analyses plots
for different patch sizes to evaluate the HR estimation performance. From (a)
to (e) and (f) to (k) the patch sizes are selected as 5-inches, 4-inches, 3-inches,
2-inches and 1-inch, respectively for both analyses. 

Fig. 13. (a)-(e) Bland-Altman and (f)-(k) Pearson’s correlation analyses plots
for different patch sizes to evaluate the RR estimation performance. IBrI refers
to inter-breath interval. From (a) to (e) and (f) to (k) the patch sizes are selected
as 5-inches, 4-inches, 3-inches, 2-inches and 1-inch, respectively for both
analyses. 

TABLE III 
SIZE-PERFORMANCE COMPARISON IN HR AND IBI ESTIMATION  

Patch 
Size 

(inches) 

HR IBI 

r 
RMSE 
(bpm) 

Upper 
95% 

limit (ms) 

Lower 
95% 

limit (ms) 
r 

5 0.976 0.267 6.16 -6.95 0.976 
4 0.980 0.325 9.15 -4.87 0.984 
3 0.983 0.655 17.1 -18.9 0.983 
2 0.751 3.697 124.3 -25.6 0.765 
1 -0.122 5.217 189.2 -67.2 -0.090 
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E. Performance Evaluation of ImpediBands over Multiple 
Test Subject  

1) Respiration Rate 
We used 1377 IBrIs in the analysis, where we excluded data 

for subjects 7 and 9 in the analysis due to peak detection 
problems and very high noise in the dataset for these subjects, 
respectively. Moving forward, we present r, RMSE in BPM and 
average BPM for each subject in Table IV. In Fig. 15, we 
provide the plots for Bland-Altman and Pearson’s correlation 
analysis over 1377 IBrIs. The results show a strong agreement 
between our method and the reference method, where the 
negative and positive 95% limits of agreement values appeared 
less than 1.3 BPM, with the mean of the error (𝐼𝐵𝐼
𝐼𝐵𝐼 ) appearing as 0.07 BPM. In addition, Pearson’s 
correlation analysis resulted in 0.983 for the correlation 
coefficient, r.  
2) Heart Rate 

In the performance evaluations, we used 3798 IBIs calculated 
using more than 2 hours of data collection in total from seven 
healthy subjects. For this evaluation, we excluded data 
corresponding to Subjects 1 and 9 due to high divergence from 
the rest of the subjects. In addition, we observed an anomaly in 
ECG of Subject 5, also detected with the ImpediBand sensors. 
For this reason, we separated Subject 5’s data from the dataset. 
To indicate the agreement between the ECG and Bio-ZH 
acquired with the ImpediBands, we compared the averaged IBIs 
for both signals. Table V provides the average RMSE in bpm 
and r for each subject in HR estimation. The results demonstrate 
a strong correlation of estimated HR with the reference HR for 
each subject, with average r appearing at 0.948 and RMSE at 
0.579 bpm. In order to conduct a comprehensive analysis of the 
IBI estimation performance, we carried the Bland-Altman and 
Pearson’s correlation analyses over 3798 IBIs. We share the 
Bland-Altman plot in Fig. 16, showing a strong agreement 
between our technology and the gold standard. The 95% limits 
of the agreement appear at 22.1 ms and -22.4 ms. Pearson’s 
correlation plot is also provided in the same figure with 
Pearson’s correlation coefficient of 0.998.  

F. Effect of the Number of Patches in Heart Activity 
Estimation Accuracies 

 In order to evaluate the performance improvement with our 
method with respect to the traditional methods that depend on a 
single patch measurement, we run a pilot study on a single 
subject over 20 minutes of data collection. With the subjects at 
rest, we placed the sensors as showed in Fig. 8 and carried the 
lock-in based demodulation separately for each sensor to 
extract the raw Bio-Z signals. We then define three different 
methods to extract the heart activity. The first method runs a 2nd 
order Butterworth filtering with a cut-off at 0.5 Hz on a single 
patch Bio-Z, whereas second and third methods depend on the 
application of iterative SOBI on two patches and three patches 
(proposed method) respectively. To evaluate the performance 
in separating the heart activity, we performed precision and 
recall analysis on estimated peak locations from the output 
signal and the true peak locations extracted from the ECG, as 
well as the Bland-Altman and Pearson’s correlation analyses on 
the estimated IBIs and the true IBIs. For the filtering case with 

a single patch, we chose the patch placed on the heart to get the 
strongest heart activity, and for two patches based iterative 

 
Fig. 15. IBrI estimation performance evaluation with ImpediBands in reference
to capnography. (a) Bland-Altman plot is shared. The positive and negative
95% agreement points appeared at 0.753 s and -0.825 s respectively. (b) 
Pearson’s correlation plot is shared, showing a very strong correlation of IBIs
estimated from ImpediBands with the reference capnography measurement
(r=0.983). 

TABLE IV 
RR ESTIMATION PERFORMANCE FOR EACH SUBJECT USING IMPEDIBANDS 

Subject r RMSE (BPM) 

1 0.978 0.097 
2 0.893 0.294 
3 0.919 0.292 
4 0.892 0.364 
5 0.935 0.128 
6 0.962 0.559 
8 0.848 0.365 
10 

 

Average 
0.944 

 

0.921±0.042 
0.181 

 

0.285±0.151 

 

TABLE V 
HR ESTIMATION PERFORMANCE FOR EACH SUBJECT USING IMPEDIBANDS 

Subject r RMSE (bpm) 

2 0.982 0.503 
3 0.999 0.068 
4 0.955 0.572 
6 0.913 0.751 
7 0.851 1.260 
8 0.942 0.644 
10 

 

Average 
0.997 

 

0.948±0.053 
0.257 

 

0.579±0.380 
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SOBI, we tried all three input combinations and took the 
average.  
1) Precision and Recall Analysis on Peak Detection 

We used 1988 beats in the analysis, where we applied our 
peak detection algorithm to the output signal for each method 
and the reference ECG signal. Based on the time location of 
each of the estimated peak with respect to the reference peak, 
we classified them as true positive (TP), false positive (FP) or 
false negative (FN). The TP, FP, and FN refer to the cases 
where the estimation falls in between 20% of the current beat 
in reference to ECG peak, falls outside of this 20% threshold 
and no peak is found inside this threshold, respectively. We 
then calculated the accuracy and precision as, 

 

 Accuracy
TP

TP FP
 (3) 

 Precision
TP

TP FN
 (4) 

 
After this classification, we also calculated the RMSE based on 
the TPs only, where the error is defined as the difference 
between the IBIs calculated through reference versus estimated 
peaks. Fig. 17 shows the accuracy, precision, and RMSE 
obtained for each method, where the proposed method performs 
the best in all analysis metrics. In addition, SOBI even with two 
patches shows a significant improvement compared to the 
traditional filtering approach. 

2) Bland-Altman and Pearson’s Correlation Analyses on 
Beat-to-Beat IBI Estimation. 

In this analysis, instead of classifying estimated peaks with 
respect to the reference peak, for each reference peak, we chose 
the closest estimated peak, followed by beat-by-beat IBI 
calculation for both reference and estimated signals. We used 
1295 IBIs in the analysis. Moving forward, we present r, RMSE 
and Bland-Altman coefficients in Table VI. In Fig. 18, we 
provide the plots for Bland-Altman and Pearson’s correlation 
analysis over all IBIs. The results show a significant 
improvement in the agreement between our method and the 
reference method compared to filtering. 

V. DISCUSSION AND FUTURE WORK  

Overall our results demonstrate that the ImpediBands 
perform HR and RR estimations high accurately with an 
average RMSE of 0.288 BPM and 0.589 bpm for HR and RR, 
respectively. We also demonstrated the performance of the 
system under various electrode separation configurations and 
patch sizes. Our pilot study indicated that the 3-inches patch 
separation is sufficient for high fidelity signal acquisition. 
Moreover, it is still possible to use 1-inch patches to extract the 
respiration rate. The bio-impedance modality used in this paper 
is explored in the context of this application for the first time by 
our team. Other modalities were investigated by other research 
groups to extract respiration activity. These groups looked into 

TABLE VI 
PATCH NUMBER DEPENDENT PERFORMANCE COMPARISON  

IN IBI ESTIMATION  

Method  
 

IBI 

Lower 
95% 

limit (ms) 

Mean 
Error 
(ms) 

Upper 
95% 

limit (ms) 
r 

RMSE 
(%) 

1 Patch with 2  
order Butterworth 

HPF 
-107.12 3.95 115.03 0.8658 6.1% 

2 Patches with 
iterative SOBI 

-108.85 1.14 111.13 0.8780 6.0% 

3 Patches with 
iterative SOBI 

(proposed 
method) 

-81.87 1.68 85.24 0.9184 4.5% 

Fig. 17. Precision and recall analysis for the traditional method vs. proposed
method, where the average IBI is 931 ms. 1 Patch experiment uses the Bio-Z1
patch placed on the heart to get the strongest heart activity. SOBI with 2 patches
setting is the average of the all three input combinations (i.e. Bio-Z1 & Bio-Z2,
Bio-Z1 & Bio-Z3, Bio-Z2 & Bio-Z3). 

 

 
Fig. 16. IBI estimation performance evaluation with ImpediBands in reference 
to ECG. (a) Bland-Altman plot is shared. The positive and negative 95% 
agreement points appeared at 22.1 ms and -22.4 ms respectively. (b) Pearson’s 
correlation plot is shared, showing a very strong correlation of IBIs estimated 
from ImpediBands with the reference ECG (r=0.998). 
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the frequency content to extract the average BPM respiration 
rate. In contrast, this work analyzes the individual breaths to 
extract the IBrI relations. Nevertheless, we compared our RR 
estimation accuracy with the state-of-the-art works as shared in 
Table VII.  

This work presents a proof of concept rather than the 
realization of a final device. Therefore, we leveraged discrete 
components in order to facilitate fast prototyping and retain the 
flexibility of adjusting circuit parameters to maximize the 
performance of the system. The choices of components, 
however, as described in the paper, support a small factor 
custom-developed PCB with a wearable form factor. In this 
work, we carried out the data processing in MATLAB, with the 
data transferred through USB communication. The data 
processing requires point-wise multiplications for 
demodulation purposes, multiple second-order IIR filtering, 
and application of iterative-SOBI. Iterative-SOBI algorithm 
requires 𝜏+3 iterations of X by N and N by X matrix 
multiplication for a single source estimation, with 𝜏, X and N 
being the time delay window, number of observations and 
number of samples, bringing up a computational complexity 
that is linear with the number of samples (i.e., O(𝜏𝑋 𝑁 ). We 
believe most modern MCUs can handle this computational 
complexity. Processing the data points on chip can also 
eliminate the USB communication with an external processing 
unit, a required step for the final wearable form factor. In order 
to achieve real-time operation with the proposed method, we 
offer running the iterative-SOBI algorithm over a sliding 
window with a latency less than 100ms (for real-time 
experience) that is almost an order of magnitude larger than our 
time-delay window (13 ms). Our system updates the HR and 
RR values every two and five seconds, respectively due to the 
usage of sliding window averaging. Two improvements can be 
performed in the future: (1) implementing a better peak 
detection algorithm to eliminate sliding window averaging in 
heart and respiration activity signals, (2) increasing the SNR by 
injecting/sensing from all patches at the same time, which will 
multiply the number of observations. These improvements will 
be tested by our team in future studies. In our setup, we 

employed a single ADC to carry out all analog to digital 
conversion. This does not violate the idea of wireless 
communication between the patches since the ADC inputs are 
differential voltage signals fed by a buffer isolating each 
individual channel. In this work, we did not focus on the power 
optimization of the ImpediBand patches. However, we chose 
low-power analog components while building the patches. In 
addition, the power consumption of the digital components can 
be improved further through various duty-cycling techniques 
[72], [73]. Moreover, carrying out the demodulation of the RX 
signals in analog settings (e.g. AD630, Analog Devices, USA) 
will reduce the sampling rate and will decrease the power 
consumption of the digital modules. The final version of the 
ImpediBand system requires building a fully wearable 
prototype with optimized power consumption and an extensive 
study on the types of electrode selection, such as e-Tattoos that 
provide intimate and seamless contact with the skin [53].  

There are several novelties introduced with ImpediBand 
technology. First, the ImpediBands TX and RX patches do not 
carry a common potential and completely isolated from each 
other, for the first time in the literature. This improves the 
wearability of the system significantly and eliminates the 
dependency on chest bands to carry the wiring between patches. 
On the other hand, it results in a loss of the phase part of the 
body tissue impedance. However, two points can be argued 
here. First, the cardiorespiratory activities are relative and 
repetitive changes that also appear as relative changes in the 
measured Bio-Z, therefore time synchronization of TX and RX 
is not significant for such activities. Second, for applications 
where body phase response becomes important (i.e. 
dehydration and body muscle/fat mass measurements), an 
additional signal at higher frequencies (i.e. higher than 1 MHz) 
can be modulated with the actual injection signal at the desired 
frequency for time synchronization at the beginning of the 
measurements. In addition, we introduce a novel sensing 
technique to gather more information from the chest, where we 
used a single injection underneath the left armpit and measured 
the Bio-Z variations from multiple locations that are parallel to 
the injection patch. Compared to the traditional methods where 
all the injection and sensing remain within a local region with 
electrodes placed over a single line, this parallel configuration 
of the patches allowed us to collect multiple instantaneous 
observations of the underlying sources from different angles 
and distances. On the other hand, since the injection and sensing 
patches are physically separated from each other by a 
significant distance, the injected current suffers from 
dissipation over the other parts of the body. Nevertheless, with 
a low-noise sensing system, we show that even a small portion 
of the injected signal is sufficient to extract the hemodynamic 
and respiratory activities. Moreover, the appearance of the 
sources in the sensing sites is shown by the initial 2-layer 
SPICE simulation. The simulation results are in agreement with 
the experimental output of our system. We are working on a 
more precise chest modeling with more added layers and higher 
unit-resolution. In our previous work, we showed promising 
results for 3-D electrical modeling of the wrist in [56], which 
we plan to extend the study to the chest in the future. 

In this paper, we introduce an iterative application of the 
SOBI, to leverage multiple simultaneous observations and the 
strong appearance of the respiratory muscular movement, 

Fig. 18.  Bland-Altman (right) and Pearson’s correlation (left) plots for
different number of patches. (a) 1 patch with 2  order Butterworth HPF with
0.5 Hz cut-off frequency. (b) 2 Patches with iterative SOBI. (c) 3 Patches with
iterative SOBI (proposed method).   
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improving our previously reported blind source separation 
performance as well as the convention. In our previous work, 
we used ICA for the separation of these sources and obtained 
an RMSE of 1.48 bpm for HR and 0.97 BPM for RR estimation 
[55]. ICA is a statistical method, which is highly sensitive to the 
latency variations within the observations due to the presence 
of finite blood flow velocity and capacitive part of the Bio-Z 
signal. In this work, we improved the existing signal processing 
by implementing iterative SOBI instead of ICA, which exploits 
the temporal coherence of the observations under multiple time 
delays to obtain the uncorrelated sources. In addition, 
considering temporal dependency rather than statistical 
dependency provides a better estimation of the sources of the 
measurements, under unideal mixing conditions where 
observations are dominated by a single source (i.e. respiratory 
activity due to lung movements). Our iterative SOBI algorithm 
improves the convention that depends on a straightforward 
application of SOBI to estimate all of the sources including the 
heart activity, which would be an averaged signal due to 
temporal mismatch of the source at different sensor locations. 
Instead, we reconstruct the observations by suppressing the 
respiratory contribution. Therefore, our method allows 
recovering both frequency and phase information of the heart 
activity and blood movement, in comparison to the previous 
techniques that were only able to extract the periodicity of the 
signals due to this inevitable averaging. Hence, we can further 
use the Bio-Z signals to extract hemodynamic features like 
pulse transit time (PTT), pulse wave velocity (PWV), aortic 
valve opening (AO), left-ventricular ejection time (LVET), and 
other parameters that depend on temporal characteristics of the 
signals. We compared our method that utilizes three Bio-Z 
patches with a single Bio-Z patch. The results show a 
significant improvement in the estimation performances with 
our method. In addition, we show that placing three patches is 
higher fidelity than placing two patches although followed by 
the same signal processing flow. This is expected as the 
inclusion of an extra sensor that provides an additional 
observation point will result in better source separation. For 
extreme cases, where signals suffer from high disturbance 
caused by other physiological changes, as well as motion 
artifacts, the number of ImpediBand patches can be increased 
to provide additional fidelity to the estimation performance.  

The state-of-the-art technique in measuring chest impedance, 
the impedance cardiography (ICG), uses electrodes placed over 
the neck and the side abdomen to carry a global measurement 
of various including all of the underlying chest sources. In this 

study, we also focus on the chest vital signs with our smaller-
size injection and sensing patches. In the future, we will 
compare our approach with ICG in acquiring modalities other 
than HR and RR (e.g. systolic time intervals, cardiac output). In 
our work, we also electrically isolated the injection patches 
from the sensing patches, for the first time.  

One limitation of this study is that all our data collection was 
performed on healthy subjects. An extensive performance 
evaluation over a variety of test subjects is essential. Our system 
leverages from Kelvin sensing technique to isolate the Bio-Z 
measurements from the contact impedance variations. Hence 
the system performance becomes insensitive to the interface 
changes between the skin and the Ag/AgCl electrodes, due to 
changing temperature, humidity, and other external factors. 
However, human activity might still be picked up by the Bio-Z 
sensors due to tissue impedance changes with the muscle 
activations. Placing the sensors across different locations of the 
chest will expose sensors to the motion artifacts at different 
levels and temporal characteristics. Hence, the iterative-SOBI 
algorithm becomes less sensitive to these artifacts, while 
searching for the temporal correlations between the 
observations. In order to avoid the detonation caused by the 
motion artifacts, our testing protocol requires subjects to stay 
still while taking measurements. This might look like a 
limitation of the work, however, our objective in this paper was 
not the motion artifact rejection. A more comprehensive 
investigation with the inclusion of motion should be conducted 
in the future to obtain a better understanding of the system 
performance under extreme conditions. On the other hand, the 
literature has shown the importance of nocturnal physiological 
sensing [74]. In addition, the respiration studies are preferably 
performed during sleep to prevent bias introduced by the 
subject [75]. Therefore, it is reasonable to assume that the 
interference of the motion artifacts will be less critical at 
nighttime.  

VI. CONCLUSION 

ImpediBands provide global measurements across the chest 
with superior accuracy in terms of capturing the periodic heart 
and lung movements. Moreover, this measurement technique 
enables new research questions concerning Bio-Z signal 
morphologies and physiological modeling and their prognostic 
and diagnostic values. We evaluated the performance of our 
system on 10 healthy subjects over 3 hours of data collection. 
We compared the HR and RR estimation accuracy with the 
ECG recorded with the ImpediBands and capnography, 

TABLE VII 
RR ESTIMATION ACCURACY COMPARED WITH THE STATE-OF-THE-ART METHODS 

Method Sensor location RMSE (BPM) r ME ± SD (BPM) 

ECG (Welch spectrum) [27] Abdomen - - 0.90 ± 1.26 

PPG (Fourier spectrum) [23] Forehead - - 1.80 ± 1.10 

PPG (Holo-Hilbert spectrum) [19] Wrist - - 0.04 ± 0.96 

Radio-frequency (near-field coherent) [38] Xiphoid process 3.45 - - 

Capacitive pressure sensor [37] Face mask 2.26 - - 

ICG (empirical mode decomposition) [49] Upper body - 0.729 - 

Bio-Z (ICA) [55] Chest - - 0.97 ± 1.21 

This work (Bio-Z, iterative-SOBI) Chest 0.29 0.921 0.04 ± 0.40 
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respectively. The results showed a strong correlation and small 
RMSE of r=0.998 and 0.58 bpm in HR estimation and r=0.983 
and 0.20 BPM in RR estimation compared to the gold 
standards. We demonstrated that ImpediBands provide reliable 
and continuous physiological sensing ability while offering a 
convenient experience to the users in terms of wearability. 
ImpediBands accommodate long-term monitoring to improve 
the diagnosis and management of cardiovascular and 
respiratory diseases. In the future, we will perform further 
analysis to determine the hemodynamic parameters (i.e. cardiac 
output) and systolic time intervals (pre-ejection period, left 
ventricular ejection time, dZ/dt analysis). These measurements 
will create new opportunities and use-cases for the adoption of 
our technology to improve the quality of care.  
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