
Measurement of Chest Physiological Signals using Wirelessly Coupled
Bio-Impedance Patches

Kaan Sel1, Jialu Zhao1, Bassem Ibrahim1, and Roozbeh Jafari2, Senior Member, IEEE

Abstract— Continuous monitoring of respiration and heart
pressure pulse waves generated by lung and heart movements
is essential in the diagnosis and management of cardiovascular
and lung diseases. Traditional methods in measuring these
physiological signals are not convenient for long-term
monitoring during daily activities and sleeping due to their
use of long wires and/or face masks, and leading to patients
having to spend long duration in clinics while undergoing
supervised monitoring. In this paper, we present a new method
to measure global chest physiological signals using small-sized
smart band-age like patches placed at different locations of the
chest. The introduced patches communicate with each other
using human body and detect small variations in the bio-
Impedance (Bio-Z) depending on the mechanical heart and
lung movements, where one patch injects an AC current from
one side of the chest and several Bio-Z sensors measure the
voltage difference across different locations of the chest. In
order to prevent usage of long wires and increase convenience
for wearable applications, electrical connection between current
injection and Bio-Z sensing patches are eliminated. Independent
component analysis is used to separate sources of physiological
observations and improve accuracy of the system. We show
that the presented system can successfully detect respiration
rate and heart rate with an average error of 4.86% (less than
1 breath per minute) and 1.86% (less than 2 beats per minute)
respectively tested on 6 healthy subjects over 6 minutes of data
collection for each subject.

I. INTRODUCTION

Accurate measurement of vital signals such as respiration
rate (RR) and heart rate (HR) plays a crucial role in
healthcare applications. Continuous monitoring of these
physiological signals can improve the diagnosis and
management of cardiovascular diseases, asthma, acute
respiratory distress syndrome (ARDS), and several other
lung diseases [1]. The failure of respiration is also a
strong indication of a sleep disorder called obstructive sleep
apnea syndrome (OSAS), or simply sleep apnea, which is
a serious medical condition that can lead to serious, life
threatening complications [2], [3]. Therefore, development
of a convenient system for long-term monitoring of chest
physiological signals during daily activities and sleeping
is essential. The conventional method for respiration
monitoring is nocturnal polysomnography (PSG), where
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several sensors and chest-strips are placed on the upper
body, face and fingertip of the subject in a private room to
record brain waves, oxygenation level in blood, heart rate and
respiration rate [4]. Respiration of the subject is monitored
through sensor belts, measuring chest wall movements
and upper abdominal wall movements through piezoelectric
sensors [5]. In order to acquire clean signal readings, this
method requires that belts be securely attached to the subject
for the duration of the measurement, causing the subject
discomfort. Another method to detect respiration waves is
to use pressure-sensors and nasal thermocouples, in which
subjects nose and mouth are covered with a face mask, often
resulting in an unpleasant and uncomfortable experience
during the examination [6]. In addition to being inconvenient
for long-term monitoring and obliging patients to spend the
night in a medical clinic, both methods are ad hoc and
require an extra set of sensors for measuring heart activity.
Current wearable systems offer continuous monitoring of
physiological signals across certain body parts such as
wrists, arms and ankles with convenient user experience
to measure heart rate, blood pressure [7], [8] and pulse
wave velocity [9]. In addition, there are some studies that
measure photoplethysmography (PPG) derived respiratory
signals by processing PPG signals measured from several
locations of the body [10], [11], [12], [13], [14], since PPG
signal carries a modulation of respiratory-induced variations
of venous, caused by the alterations in intrathoracic pressure
[15]. However, not only light penetration measured in
PPG systems is sensitive to the location, skin thickness
and temperature, and many other parameters, but also
respiratory induced intensity variations are rather weak
resulting in inconsistent respiration rate calculations. Bio-
impedance (Bio-Z) measurement is a promising method to
provide stable monitoring of a holistic set of physiological
signals [16]. This non-invasive electrical signal is measured
by introducing an AC current into the human body and
sensing the voltage difference induced across a portion of
the body through biopotential electrodes. There are studies
to estimate RR using localized Bio-Z sensors across several
locations of the body [17], [18], [19], where current injection
and voltage sensing electrodes are placed over a single
patch. However, these systems can only measure variations
over a localized region of the body, and are sensitive
to motion artifacts and placement of the sensor. Electro-
impedance tomography (EIT) is a method to measure Bio-
Z signals on the chest to capture ventilation and cardiac
related changes over a larger area, however with the cost
of utilizing long wires used in connecting current injection
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and voltage impedance patches [20], [21]. Hence, it is not
convenient for long-term monitoring, which is essential in
the diagnosis of OSAS and other lung diseases. Therefore,
a more robust and convenient method should be studied.
Our objective is to develop an accurate, comfortable and
easy-to-use method for continuous monitoring of global
chest physiological signals to be integrated into wearable
devices such as small-size smart patches. In this paper,
we propose a method for accurate measurement of these
signals by placing small size Band-Aid like patches on
different locations of the chest, where the communication
between patches is established through the human body
without utilizing long wires. We achieve this by separating
the current injection and voltage sensing patches completely
from each other. The system includes a signal transmitter
responsible for injecting a known sinusoidal AC current
from one side of the chest, whereas receiver side contains
a multi-channel bio-impedance (Bio-Z) sensing hardware to
detect variations due to blood volume changes and lung
movements at different locations of the chest to have full
coverage across the upper body. We apply certain signal
enhancement and processing stages both in hardware and
in software to detect small variations in captured signals. In
addition, we apply independent component analysis (ICA) to
separate respiration and heart movements. We use our system
to estimate RR and HR values. The proposed method can
be utilized in the design of battery-powered fully wearable
smart/small patches to be placed on different locations of
the human body for continuous monitoring of vital signals
as illustrated in Fig. 1.

Our contribution in this paper can be summarized as
follows:

• A novel method for continuous data collection over a
large chest area to obtain vital signs such as respiration
rate and heart rate simultaneously using small-sized
smart patches placed at different locations of the chest.

• The current injection and voltage sensing patches do not
share any electrical connection with each other or with
earth ground, eliminating the need for long wires.

• Presented multi-channel bio-impedance sensing
hardware and signal processing stages can measure
small variations in the bio-impedance signal at multiple
locations.

The rest of the paper is organized as follows. In Section
II, we describe the developed measurement setup and our
source separation method using ICA. Then, we share the
experimental results in Section III. Finally, our conclusion is
given in Section IV.

II. METHODS

A. Multi-Channel Bio-Impedance Sensing

Biological tissues consisting of cells and membranes
have both resistive and capacitive behaviors. The resistive
part is governed by the conductive characteristics of body
fluids, whereas cell membranes contribute to the frequency-
dependent capacitive impedance. The measure of impedance

Fig. 1. Smart sensors utilized in certain parts of upper body to conduct a
holistic set of physiological observations through wirelessly coupled analog
operation using human body.

when an electric current flows through cell membranes is
called as Bio-Z [22]. Bio-Z can be measured by injecting a
very small electric current into the human body. As current
seeks the least resistive path it passes through the cells
inducing a voltage and using biopotential electrodes this
voltage can be sensed to obtain Bio-Z as shown in Fig. 1.
The variations in the Bio-Z over time corresponds to several
physiological phenomena such as blood volume changes,
fluid levels, muscle contractions and body motion. Our Bio-
Z sensing system is consisting of two parts that are the
transmitter (TX) and receiver (RX). The TX is responsible
for injecting an AC current at the desired frequency and
amplitude into the human body. Voltage induced with this
current is sensed across the RX sensing electrodes being
both amplitude and phase modulated according to the Bio-Z
path it travels. The electrical contact with the skin for both
current injection and voltage sensing is established through
small size pre-gelled circular Ag/AgCl electrodes with 12
mm radius. In order to obtain a convenient and easy-to-wear
system, any wiring between the TX and RX patches are
eliminated. Therefore, the devices are completely isolated
from each other and have no earth ground connection. To
obtain complete electrical isolation between TX and RX,
in addition to removing any wires connecting these two
systems, both systems are powered with separate batteries.
In addition, to create a common potential point between the
TX and RX, grounds of each patch are connected to the
body through biopotential electrodes. This prevents floating
common mode signals to be amplified, in addition improves
signal power that is transmitted to RX.

Overall Bio-Z sensing system is shown in Fig. 2. Both the
TX and RX hardware depend on ARM Cortex M4 MCU.
The TX MCU sends a digital waveform to a 16-bit DAC,
DAC8811 from Texas Instruments to drive the voltage-to-
current converter to generate a programmable AC current
signal. The signal frequency and amplitude can be controlled
by MCU. A series capacitor is used to prevent any residual
DC voltage at the DAC output to avoid injecting DC current
into the human body.

In order to detect the small variations in the amplitude
of the Bio-Z at about 1 mΩ we designed the RX of our
system as a low-noise bio-impedance sensing hardware using
discrete components. To prevent digital noise distortion in
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Fig. 2. Multi-channel bio-impedance sensing.

the analog signal, a single star ground point is set in the
circuit as a reference to all voltage measurements. A low-
noise instrumentational amplifier (IA) is used to amplify
the induced differential voltage across biopotential sensing
electrodes. The amplified signal is introduced to an analog
anti-alias low-pass filter, after which the signal is sampled
by a high-precision ADC. The ADC ADS1278 from Texas
Instruments samples the three Bio-Z channels simultaneously
at 93.75 kSPS with 24-bit resolution.

The sampled data of all channels are sent to the MCU,
which then sends it to the PC through Hi-Speed USB Bridge
for signal post-processing. A band-pass filter around the
carrier frequency is applied to each received channel to
eliminate the low/high-frequency noise, DC offset and 60-Hz
interference. A simple envelope detection technique is used
to obtain the modulated signal by multiplying the signal with
itself and applying a low-pass filter to filter out the image
frequency and out of band noise. The cut-off frequency of
the low-pass filter is set as 4.4 Hz to measure heart rates up
to 180 beats per minute (bpm) and all other physiological
phenomena happening inside the bandwidth. The hardware
was calibrated by measuring the impedance of a known
resistance in order to convert the measured voltage to an
accurate ohmic value. The measured system was capable
of measuring impedance with RMS error less than 1 mΩ.
In parallel to Bio-Z sensing digital signal processing (DSP)
stages, a low-pass filter is applied to the received channels
with cut-off frequency of 30 Hz in order to get ECG
measurement and remove the high frequency Bio-Z carrier
signal, using the same set of bio-potential sensing electrodes.

The system allows multiple operation happening
simultaneously, without the necessity of providing a
common reference between the sensors. This provides the
ability to improve signal-to-noise ratio of sources that are
common to all sensors (e.g. heart and lung movements,

blood flow) and avoid motion artifacts that are specific to
individual sensors using digital signal processing techniques
(e.g. ICA). In this paper, we introduce three Bio-Z sensing
electrode pairs placed at different locations of the chest
to observe chest physiological signals at three different
locations and extract heart and lung sources globally.

B. Source Separation Using Independent Component
Analysis

ICA is a computational method used in signal processing
to find the mutually independent linear projections of a
multivariate signal [23]. Previous reports in the literature
have successfully demonstrated that ICA can be applied in
features extraction [24], blind source separation [25], audio
signal processing [26]. It is also used in removing motion
artifacts and noise components from the physiological signals
(i.e. EEG), since these artifacts are expected to be mostly
independent [27], [28]. In this paper, we demonstrate that
the heart pressure pulse and respiratory cycle signals can be
extracted using ICA of the measured Bio-Z signals.

In order to apply ICA, it is assumed that a vector of N
recorded signals, ν = [ν1, ν2, ..., νN ]T , is a superposition
of M unknown non-Gaussian distributed and statistically
independent sources, s = [s1, s2, ..., sN ]T . The linear
superposition can be modeled through a mixing matrix, A,
as,

ν = A× s (1)

The aim of this analysis is to find a separating matrix, such
that,

y = ŝ = W × ν (2)

where, y = [y1, y2, ..., yN ]T , corresponds to the independent
components (IC), which are the output of ICA. The optimal
W corresponds to the matrix that maximizes the non-
Gaussianity of y. The classical measure of non-Gaussianity
is kurtosis, and can be calculated as [29],

kurt(y) = E[y4] − 3(E[y2])2 (3)

If y is Gaussian, kurtosis is zero. Thus, the absolute value
of the kurtosis can be used as a measure of non-Gaussianity.
There are several ICA algorithms that are implemented
and publicly available. FastICA is an efficient method in
maximizing the measures of non-Gaussianity and kurtosis
for each independent component by estimating components
of the mixing matrix [30]. In this paper, FastICA package
on Matlab [31] using Hyvarinen’s fixed-point algorithm
[32] is utilized to decompose three Bio-Z measurements at
previously specified locations. The resultant ICs are classified
according to their similarities with the respiration and heart
rate cycles.

III. EXPERIMENTAL RESULTS

All of our tests were conducted from human subjects
under the IRB approval IRB2017-0086D by Texas A&M
University. We used our system to measure three Bio-
Z signals and ECG signals from the chest. Sensors were
placed around the chest in order to capture a holistic set of
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physiological observations as shown in Fig. 3. The current
injection electrodes were placed underneath the left armpit
and three pairs of voltage sensing electrodes were placed
at the middle of the chest (Bio-Z1), on right chest muscle
(Bio-Z2) and underneath the right armpit (Bio-Z3). The
separation between both current injection electrodes and Bio-
Z sensing electrodes were selected as 3 inches to realize a
small size wearable device, while still being able to detect
small variations in Bio-Z signal. A sinusoidal AC current
signal was applied at the current injection electrodes with a
frequency of 10 kHz and amplitude of 900 µA in order to
comply with the safety standards [33]. Data was collected
over 6 trials of 60 seconds each in sitting position from
6 healthy subjects during which subjects respiration related
chest movement was recorded using an inertial measurement
unit (IMU) designed in our lab [34] placed at the chest
with a chest strap. The IMU measures acceleration in three
different axis, where a low-pass filter with a 0.5 Hz cut-
off frequency was applied to remove high frequency noise
from the measurements and to get respiration rate. ECG
reading was obtained through the Bio-Z1 sensor after the
DSP process explained in Methods section of this paper and
used as a reference for HR measurements.

Fig. 3. Placement of current injection and Bio-Z electrodes, and IMU on
the chest.

In order to separate sources of Bio-Z signals, raw Bio-Z
readings were set as inputs (observations) to ICA. After ICA,
two independent components were calculated successfully
separating the sources of respiratory cycle (IC1) and heart
pressure pulse (IC2). The measured ECG signal, IMU signal,
the three raw Bio-Z signals after band-pass filtering and
envelope detection and ICA outputs are shown in Fig. 4.
It is shown that heart pressure pulse modulated Bio-Z1 and
Bio-Z2 signals stronger than Bio-Z3 signal. This is due to the
fact that Bio-Z1 and Bio-Z2 sensors are both placed closer
to the current injection and to the heart compared to Bio-
Z3 sensor. In order to get the respiration and heart pulse
frequency peaks on Fourier spectrum, FFT was applied to
the ICs, where Fig. 5 shows FFT of ICA inputs and outputs.
It is observed that ICA successfully separates heart pressure
pulse and respiration signals. In parallel to ICA method,
performance of filtering method is also evaluated in this
study, where a band-pass filter with 0.5 Hz and 3 Hz low
and high cut-off frequencies respectively were applied to the
raw Bio-Z signals to capture HR higher than 30 bpm, and a

Fig. 4. Measured ECG, IMU, raw Bio-Z and ICA output signals using
multi-channel Bio-Z sensing system on subject 1.

Fig. 5. FFT analysis of independent component analysis inputs (raw Bio-
Z signals, top graph) and outputs (bottom graph). IC1 corresponds to
respiration cycle and IC2 corresponds to heart pressure pulse.

low pass filter with 0.5 Hz cut-off frequency were applied to
the raw Bio-Z signals to capture RR lower than 30 breaths
per minute.

To calculate the time difference between each periodic
cycle in order for HR detection, five different points
were extracted for each band-pass filtered Bio-Z periodic
cycle, corresponding to the local maxima, local minima,
extrapolated local maxima, extrapolated local minima and
maximum slope point. The R-peaks of the ECG signal
measured synchronously with Bio-Z signals were used as
a reference for heart rate calculations. A custom designed
peak detection algorithm was applied to IMU signal, two
ICs and low-pass filtered Bio-Z signals to minimize false
peaks and measure beat-to-beat time differences. Using the
time-differences obtained from the averaged extracted points
over the entire data for all corresponding signals, the average
respiratory cycle period and heart rate were calculated for
each subject. The overall performance in HR detection is
shared in Table 1, where percentage error was calculated
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using 360 beats for each subject for each method (over a
total of 2160 heart rate cycles) using filtered Bio-Z1, Bio-
Z2, Bio-Z3 signals and IC2 based on the reference ECG
data. The percentage errors for each subject in the detection
of RR using an average of 60 beats for each subject for each
method using low-pass filtered Bio-Z1, Bio-Z2 and Bio-Z3
signals and IC1 based on the reference IMU data is shown
in Table 2. Standard deviation (SD) for the change in error
in overall trials is also shared for both RR and HR in Table
I and II.

TABLE I
PERCENTAGE AVERAGE ERROR IN HEART RATE DETECTION

Work Method used in HR detection

ICA Bio-Z1
(Filtering)

Bio-Z2
(Filtering)

Bio-Z3
(Filtering)

Subject 1 0.16 0.92 0.59 11.29
Subject 2 4.81 3.94 3.34 3.85
Subject 3 0.6 0.79 0.67 1.11
Subject 4 2.45 14.76 15.32 4.28
Subject 5 2.46 2.3 4.2 5.16
Subject 6 0.68 0.2 0.67 10.94
Average 1.86 3.82 4.13 6.11

SD of Err 2.81 5.86 6.36 5.16

TABLE II
PERCENTAGE AVERAGE ERROR IN RESPIRATION RATE DETECTION

Work Method used in RR detection

ICA Bio-Z1
(Filtering)

Bio-Z2
(Filtering)

Bio-Z3
(Filtering)

Subject 1 0.79 0.65 0.64 0.69
Subject 2 3.01 3.28 9.38 56.22
Subject 3 8.38 8.42 8.45 8.36
Subject 4 4.32 4.94 5.04 5.22
Subject 5 8.98 6.69 18.01 15.97
Subject 6 3.72 1.97 2.69 3.47
Average 4.86 4.33 7.37 14.99

SD of Err 6.07 6.58 13.22 24.38

The results shared in Table I corresponding to HR
detection performance show that ICA method gives the best
accuracy (1.86% average error) as well as lowest standard
deviation of errors (2.81% SD) compared to the band-pass
filtered Bio-Z signals. In addition, it is observed that Bio-Z1
sensor placed on the middle of the chest performs better in
HR detection than Bio-Z2 and Bio-Z3 sensors placed on right
side of the sternum and underneath right armpit locations
respectively. In addition, ICA method in RR detection has
less error (4.86% average error) and SD (6.07% SD) than
the average error introduced by the low-pass filtered Bio-Z
sensors. We showed that our system can detect heart rate and
respiration rate with errors less that 2 bpm and 1 breath per
minute, respectively. Moreover, we showed that the system
extracts respiration pattern of the patients, which is essential
in diagnosis of sleep apnea. The cause of higher error and
SD in RR detection compared to HR detection is because of
the processing of a low number of respiration cycles over 1
minute of data. For a more accurate RR error estimation, a
longer period of data collection can be utilized in a future
study.

IV. CONCLUSION

In this paper, we showed a non-invasive, easy-to-use
and convenient wearable distributed patch system for
capturing of vital physiological signals across the chest.
Unlike other systems that are inconvenient and unsuitable
for continuous data collection during daily activities and
sleeping, our system utilizes small/smart sensors distributed
across the chest having full coverage of the upper body
without any electrical connection between TX and RX
sides. We presented our hardware for multi-channel Bio-
Z sensing for measuring blood and lung volume changes.
We used independent component analysis to separate
respiration and heart rate signals and to improve HR and
RR detection accuracy. The proposed method provides
continuous monitoring of chest signals to improve diagnosis
of heart and lung related diseases.
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