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Abstract

Continuous and beat-to-beat monitoring of blood pressure (BP), compared to office-based BP
measurement, provides significant advantages in predicting future cardiovascular disease.
Traditional BP measurement methods are based on a cuff, which is bulky, obtrusive and not
applicable to continuous monitoring. Measurement of pulse transit time (PTT) is one of the
prominent cuffless methods for continuous BP monitoring. PTT is the time taken by the pressure
pulse to travel between two points in an arterial vessel, which is correlated with the BP. In this
paper, we present a new cuffless BP method using an array of wrist-worn bio-impedance sensors
placed on the radial and the ulnar arteries of the wrist to monitor the arterial pressure pulse from
the blood volume changes at each sensor site. BP is accurately estimated by using AdaBoost
regression model based on selected arterial pressure pulse features such as transit time, amplitude
and slope of the pressure pulse, which are dependent on the cardiac activity and the vascular
properties of the wrist arteries. A separate model is developed for each subject based on
calibration data to capture the individual variations of BP parameters. In this pilot study, data was
collected from 10 healthy participants with age ranges from 18 to 30 years after exercising using
our custom low-noise bio-impedance sensing hardware. Post-exercise BP was accurately estimated
with an average correlation coefficient and root mean square error (RMSE) of 0.77 and 2.6 mmHg
for the diastolic BP and 0.86 and 3.4 mmHg for the systolic BP.
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. Introduction

CARDIOVASCULAR disease is the leading global cause of death, accounting for more than
17.3 million deaths per year in 2013 (31% of all global deaths), a number that is expected to
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grow to more than 23.6 million by 2030 [2]. In 2010, the estimated global cost of
cardiovascular disease was $863 billion, and it is estimated to rise to $1044 billion by 2030
according to the predictions of the American Heart Association. Blood pressure (BP) is a
leading risk factor for the prediction of cardiovascular disease [3]. Many studies have now
confirmed that ambulatory BP measured continuously every half-hour over a 24-hour period
is better than traditional office-based BP measurement in predicting future cardiovascular
events. Moreover, the nighttime pressure is superior to daytime pressure in predicting
cardiovascular disease [4]. BP is commonly measured by a sphygmomanometer or
oscillometric method using an inflatable cuff which is bulky, obtrusive and allows only
sporadic measurements [5]. Therefore, cuffless BP monitoring methods are essential to
achieving continuous BP measurement during daily activities and sleeping in order to
provide better predictions for cardiovascular disease. Our objective in this paper is to
develop a cuffless BP monitoring method for a wrist-worn device, which is comfortable and
easy-to-use to provide continuous and accurate BP measurements autonomously without
user intervention. A prominent method for continuous BP monitoring without using a cuff is
pulse transit time (PTT). This method relies on modeling the correlation between BP and
PTT which is the time taken by the pressure pulse to travel through the arteries between two
fixed points during each cardiac cycle. PTT increases as BP decreases according to Moens—
Korteweg equation [6]. PTT is challenging to be measured between two points within a few
centimeters over the wrist arteries because it requires accurate local measurements of the
pressure pulse. In addition, the radial and ulnar arteries of the wrist exhibit different vascular
properties, which affect the PTT measurements. Our approach is based on placing an array
of sensors on the wrist arteries, which provide local measurements of the cardiac activity of
both the radial and ulnar arteries for accurate estimation of the PTT and consequently the BP
[1]. In this paper, we use a model for the vascular properties of the radial and ulnar arteries
of the wrist to estimate the systolic and diastolic BP by a regression model based on PTT
and other features extracted from an array of 2x2 of bio-impedance sensors placed on the
wrist arteries. A pair of bio-impedance sensors are placed on each of the radial and ulnar
arteries to measure the local blood volume changes of the arteries to estimate the local PTT
of each artery for accurate BP measurements. A model is generated for each user to
characterize the unique vascular properties of the wrist arteries, which vary from person to
person. We use bio-impedance sensing because it is a non-invasive electrical signal that can
measure local blood volume changes in the arteries using small metal electrodes placed on
the skin. Bio-impedance sensors are low cost and low power, which can be easily used for a
large array of sensors in a wearable device. In addition, configurable sensing areas can be
realized by controlling the location of the current injection and voltage sensing electrodes.

The contributions of this paper can be summarized as follows:

. A new cuffless BP method using an array of bio-impedance sensors placed on
the radial and ulnar arteries of the wrist, which can be integrated into a wrist-
worn device, as illustrated in Fig. 1.

. High-resolution bio-impedance sensing circuits and signal processing with root
mean square error (RMSE) less than 1 mQ for accurate measurements of the
local arterial pressure pulse in the wrist arteries.
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. Accurate systolic and diastolic BP estimation by abstracting the pressure pulse
with six characteristic points which are used for feature extraction based on the
amplitude and slope of the pulse of each sensor and the transit time between each
pair of sensors.

. In this pilot study, we evaluate the performance of our methods on 10 human
subjects for post-exercise blood pressure changes.

This paper is organized into seven sections. After the introduction, the previous work related
to cuffless BP is presented in section Il. Our methods are discussed in section 111, and the
data collection procedures are shown in section V. The results are presented in section V,
and the limitations of this work are discussed in section V1. Finally, conclusions are
presented in section VII.

[I. Previous Work

The high potential for using PTT method for continuous BP measurement has led to
significant interest in the research community. The predominant method of estimating PTT
in the literature measures the time delay between each R-peak of the Electrocardiogram
(ECG) signal and a characteristic point on a corresponding pulse wave measured by a
distally placed sensor of a different modality, e.g., photoplethysmography (PPG) or bio-
impedance (Bio-Z) [7-12]. These PTT measurement methods rely on ECG, which has two
main issues. First, ECG is monitored from the potential between two electrodes across the
two sides of the heart, which can be realized in a small form factor device as a chest patch.
However, this patch is not conveniently wearable and cannot be integrated with the distal
pulse arrival sensor in a single wearable device. Second, the time delay measured using ECG
includes the pre-ejection period (PEP), which is the time from the onset of the R-peak to the
start of the physical pumping of blood out of the heart. PEP is not included in PTT and is not
correlated with BP, which leads to higher errors in BP estimation [13]. In a previous study, a
wrist-worn device was used to monitor BP based on PTT measured from ECG and PPG
signals. However, the user needs to press a finger on an electrode on the device to get a
measurement by monitoring ECG between both hands [14]. BP was also monitored through
a watch using seismocardiogram (SCG) and PPG sensors only when the user holds his arm
with the watch towards his chest for a specific time [15]. In another prior investigation, BP
was measured without ECG using PTT calculated from dual PPG sensors placed on the
forearm and the wrist with 17cm distance between them, which cannot fit in a small form
factor wearable device [16]. In a more recent investigation, a smartphone-based approach
was used to measure BP via the oscillometric finger-pressing method, which requires the
user to press his finger towards a PPG sensor with gradual pressure increase constrained by a
specific range [17]. These methods, although providing interesting and important insights
into BP monitoring, are not applicable for continuous BP monitoring because they require
user’s intervention or cannot be incorporated into a smart watch form factor for a true
wearable experience. A recent investigation estimated BP using PTT measured from a pair
of bio-impedance sensors placed on the wrist where each sensor covers both arteries [18].
This method measures a global PTT from both arteries, which results in larger BP error
compared to our approach that depends on local measurements from each artery.
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PPG sensors are commonly used for measuring hemodynamic parameters including heart
rate, PTT and cuffless BP monitoring leveraging optics. In previous work, a multi-
wavelength PPG sensor on the finger was used to measure the pulse delay through the
arterioles and the capillaries, which was found to be correlated to BP [19]. On the other side,
the proposed approach depends on measuring the pulse transit time through the arteries,
which are the main blood vessels that branch into multiple smaller arterioles, which branch
into further smaller capillaries. BP is mainly controlled by the stiffness of the arteries rather
than the arterioles and the capillaries. In the arteries, the pulse pressure (PP) and blood
velocity near the heart are very high and decrease in the arterioles and the capillaries where
the rate of flow is slowed by the narrow openings of the arterioles and the capillaries till BP
becomes constant inside the capillaries. Therefore, estimation of pulse transit time through
the arteries is more accurate than the arterioles and the capillaries. In addition, the challenge
with optical modalities is the light cannot travel far and can only capture blood volume
changes in skin surface (/.e. from capillaries). On the other hand, since Bio-Z injects a
current, it can reach deeper tissue compared to the propagation depth of light used by PPG
sensors. Thus, the Bio-Z signal provides a more accurate measurement of arterial blood
volume changes since it can reach deep arterial sites. PPG signals can be affected by
ambient light and skin tone, which is not applicable for bio-impedance. In addition, the PPG
signal requires optical components such as a light source and a photo detector, which
consume large power to penetrate the skin.

Other pulse waveform measurement methods are available such as flexible strain or pressure
sensors placed over a superficial artery, which can measure waveforms indicative of BP via
the tonometric principle [20]. The strain sensor measures the force on the skin surface due to
the pulsation of the artery that is deep inside the tissue. Therefore, the measured signal is
corrupted by external sources of skin movements such as muscle contractions. On the other
side, Bio-Z sensor injects current into the body and senses the voltage difference using
separate pairs of electrodes (4-probe Kelvin sensing) to measures the impedance of the
underlying tissue and blood volume changes inside the arteries with the minimum effect
from skin surface movements. Recently, ultra-thin ultrasound device was presented for
cuffless BP monitoring by measuring blood flow velocity [21]. However, ultrasound
methods use highly directive beam, which is extremely sensitive to the placement location of
the device relative to the artery, and require an expert to place the sensor directly over the
artery to get the arterial pulse signal. On the other side, the Bio-Z sensor has lower
directivity, which makes it less sensitive to the artery’s location. In addition, the Bio-Z
sensor has lower power consumption compared to ultrasound because Bio-Z operate at low
frequency of few kHz compared to few MHz for ultrasound. Furthermore, the simplicity of
the hardware implementation of the Bio-Z sensor is preferable for our method, which relies
on an array of sensors integrated into a small-form factor wearable device.

1. Methods

A. Bio-impedance Sensing Hardware

Bio-impedance is an electrical non-invasive signal measured by injecting AC current in the
human body and sensing the voltage difference using separate pairs of electrodes. The
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changes in bio-impedance over time (AZ) corresponds to the blood volume changes at the
sensing location, which is used to measure the arrival time of the pressure pulse. In order to
measure PTT over wrist arteries, a pair of Bio-Z sensors are placed on the wrist along the
radial artery (Bio-Z1 & Bio-Z2) and another pair were placed along the ulnar artery (Bio-Z3
& Bio-Z4). Each pair of sensors shares the current injection electrodes to place all the
electrodes in a small area suitable for a small form factor wrist watch. Small size pre-gelled
Ag/AgCl electrodes with dimensions 0.8cm x 1.5cm are used to provide contact with the
skin for current injection and voltage sensing. The spacing between the sensing electrodes is
0.8cm and all other electrodes are placed as close as possible.

The amplitude of the Bio-Z variations due to blood volume changes is very small of about
20 mQ for the proposed small spacing distance between sensing electrodes. Therefore, we
built low-noise bio-impedance sensing hardware using discrete components to provide high-
quality signals of the blood volume changes from the wrist arteries. Our bio-impedance
sensing hardware depends on the ARM Cortex M4 microcontroller (MCU), which sends a
digital waveform to a 16-bit digital-to-analog converter (DAC) to drive the voltage-to-
current converter to generate a programmable AC current signal. The MCU can control the
frequency and amplitude of the current signal as shown in Fig. 2. Any residual DC voltage at
the DAC output is removed by a series capacitor to avoid injection of DC current into the
human body. We measure a voltage in response to the injected current, which is modulated
in amplitude (amplitude modulation or AM) as a function of the tissue bio-impedance. The
sensed voltage is demodulated. The voltage sensing path depends on the low noise
instrumentation amplifier (IA) AD8421 from Analog Devices with low noise spectral
density of 3.5 nV/V/Hz at 1 kHz. The 1A is followed by an analog anti-aliasing low-pass
filter, after which the signal is sampled by a high-precision analog-to-digital converter
(ADC). The 1A has a programmable gain set by an external resistor, which is adjusted to
provide a gain of 40 dB to measure Bio-Z up to 70 Q. In addition, the IA has a high
common-mode rejection ratio (CMRR) of 126 dB to cancel out the DC offset voltage before
ADC sampling in order to ensure full utilization of the ADC’s dynamic range. The circuits
of the sensing path are replicated exactly for the four Bio-Z channels in order to match the
delays between them to ensure time synchronization. The time delay mismatch between the
Bio-Z channels was measured to be a few micro seconds using an external resistor
connected to all channels. The ADC ADS1278 from Texas Instruments samples the four
Bio-Z channels simultaneously at 78.125 kSPS with 24-bit resolution to enable accurate
measurement of PTT with a time error less than 12.8 ps, or 0.39% of the average measured
PTT. Table I presents a summary of the specifications used in the proposed Bio-Z sensing
hardware.

The sampled data of all channels are sent to the MCU through SPI interface, which then
sends it to the PC through an FTDI Hi-Speed USB Bridge for signals post-processing. Each
received channel is filtered by a bandpass filter centered around the AC current frequency to
remove the residual DC offset, 60 Hz interference and high-frequency noise. Then, the Bio-
Z is extracted using synchronous demodulation by multiplying the filtered signal by the in-
phase carrier signal generated by the MCU and its quadrature to generate the real and
imaginary parts of the Bio-Z signal. The multiplier outputs are filtered by a second order low
pass filter with a cut-off frequency of 6 Hz to remove the image frequency and out of band
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noise, and measure up to the maximum human heart rate of 220 beats per minute. The
hardware is calibrated by measuring the impedance of a known resistor in order to convert
the measured voltage to an accurate resistance value. The measurement system was capable
of measuring impedance with RMS error less than 1 mQ, which is much lower than the
target Bio-Z variations.

B. Blood Pressure Estimation Algorithms

The BP estimation algorithms consist of signal abstraction of each Bio-Z signal with its
characteristic points followed by feature extraction, and finally systolic BP (SBP) and
diastolic BP (DBP) estimation using AdaBoost regression models.

1) Signal Abstraction—The wrist Bio-Z signal variations due to blood volume changes
in the arteries are abstracted by four characteristic points for every heart beat after removing
the Bio-Z DC offset. At every heart beat, the Bio-Z signal descends from the first main peak
to the first notch, which indicates a sudden increase in the blood volume due to the arrival of
the pressure pulse to the sensing location. The Bio-Z peak point represents the diastolic
phase while the notch point represents the systolic phase of the pressure pulse. In addition,
the back reflection of the pressure pulse due to higher vascular resistance causes the second
smaller peak and notch in the middle of the cardiac cycle. In order to detect both DBP and
SBP, we use four characteristic points from all phases of the cardiac pulse of Bio-Z signal,
which are the diastolic peak, maximum slope, systolic foot and the inflection point as shown
in Fig. 3. The diastolic peak (DIA) and the systolic foot (SYS) are detected by the
intersection of the tangent to the slope with the horizontal line from the maximum and the
minimum of the signal, respectively. This method provides accurate measurement of the
diastolic and systolic points because it is immune to noise that may occur at the peak or the
foot of the signal [22]. The maximum slope (MS) point is also an important point in the
middle of the descending slope section. The fourth point is the inflection point (IP), which is
the maximum slope point between the second peak and notch. All these points are identified
from the first and the second derivative of the Bio-Z signal using the zero crossing, peak and
foot points. The amplitude and time values of these points are used for extracting the BP
features.

2) Features Extraction—The features extracted from the measured pulse waveforms
are highly correlated with BP. When the heart pumps blood to the rest of the body, the
velocity of the pressure pulse, which propagates through the arteries, is highly correlated
with the elastic properties of arteries, similar to a pipe with elastic walls according to
Moens—Korteweg (M-K) equation [6]:

[E. h
PWV = Ry 1)

where PWV is the pulse wave velocity, £is Young’s modulus, which is related to the vessels
elasticity, /s the vessel thickness, R is the inner radius of vessels and o represents the blood
density. For an elastic vessel, the relation between the blood pressure and £is given by [23]
as follows:
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where £y and A, are constants, Prepresents the blood pressure in arteries and a. is a
correction factor. PWV can be measured by dividing PTT by the distance between two
sensing sites on an artery. Therefore, PTT was selected as one of our main features of BP,
which is proportional to 1/PTT2. Additional features were also selected to improve
correlation with BP such as the ratio between the amplitudes of systolic foot and inflection
point relative to the diastolic peak, which is a measure of the intensity of the reflection wave.
In addition, the time interval between the systolic foot and the inflection point measures the
arterial stiffness, while the area under the curve represents the total peripheral resistance
[24]. All these features are useful in modeling the vascular properties of arteries and we use
them in building the regression model for BP.

The four characteristic points of the four Bio-Z signals are used to generate 50 features for
each heart beat that can accurately model the vascular properties of the two arteries of the
wrist. The features can be categorized into four sets, which are PTT, time, amplitude and
area as shown in TABLE Il. The PTT features are calculated from each pair of signals, while
the rest of the features are calculated from each signal individually. These features are
related to the cardiac output and arterial stiffness of each wrist artery which can be used for
accurate estimation of BP. Window-based features are proposed in this paper in order to
reduce the effect of feature variations from beat to beat due to noise or other physiological
activities that are uncorrelated to BP such as respiration rate. The window-based features are
calculated by taking the average of the beat-by-beat features over 10 beats with 50% overlap.
We assume BP to be constant during each window which is equivalent to an average of 8
seconds of time, which is a realistic expectation.

3) BP Regression Model—Finally, DBP and SBP are estimated using advanced
regression models trained by the Bio-Z features extracted from the wrist and BP data
measured simultaneously by a reference continuous BP monitoring device. Although BP
varies from one location to another over an artery, they are correlated with each other. Our
method provides brachial BP measurements from features extracted from the wrist pulse
signals by training the regression models using brachial BP data. Separate models are used
for DBP and SBP estimation because DBP and SBP rely on different features. The models
are trained for each user in order to capture the individual variations of their vascular
properties for more accurate BP estimation.

Our subject-specific models are trained using a limited number of training window samples
for each subject, which require careful selection of model hyper-parameters to avoid
overfitting. We use the Adaptive Boosting (AdaBoost) regression model, which establishes a
prediction by combining the outputs of a number of weak learners through a weighted sum
of different subsets of the training data set. AdaBoost is an ensemble learner that reduces
overfitting by decreasing the variance between the different training data subsets. The
dataset of each subject is shuffled and divided into 10 folds to get 80% of the data for
training the models, 10% for selecting the hyper-parameters, and 10% for testing. The
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AdaBoost models consist of 50 decision trees with tree depth is selected from the range of 4
to 14. For each model, the tree depth with the minimum testing error is selected to provide
the best model complexity that avoids overfitting and underfitting. The performance of the
models is evaluated using the average across all the 10 folds of the root mean square error
(RMSE), mean absolute error (MAE) and correlation coefficient (R).

V. Data Collection

The performance of our method was evaluated using Bio-Z and BP data collected
simultaneously from human subjects during exercising to produce a change in BP. Four Bio-
Z signals were measured from the wrist using our hardware. The electrodes were placed on
the radial and the ulnar arteries, as shown in Fig. 7, after detecting the location of the arteries
using the Huntleigh Dopplex MD2 Bi-Directional Doppler, which can measure arterial
blood flow with a high sensitivity probe with a diameter of 20 mm. For the Bio-Z current
injection frequency, we used the highest possible frequency supported by our measurement
system, which is 9.75 kHz. At higher current injection frequency, the cell membrane
impedance gets smaller, more current can flow inside the cells and the electrode exhibits a
lower impedance with the skin, which results in better sensing of blood volume changes
from the Bio-Z signal. The current amplitude was adjusted to 800pA in order to be
compliant with the safety standards [25]. For the validation of Bio-Z measurements, ECG
signals from the chest and PPG signals from the finger were measured simultaneously with
the Bio-Z signals. The ECG was measured by the SparkFun single lead Heart Rate Monitor
board, which is based on the AD8232 analog front end developed by Analog Devices. The
leads were attached to Covidien pre-gelled ECG patches and placed on the chest to provide a
single channel of ECG. The PPG was measured using the AFE4490 EVM by Texas
Instruments. The sensor itself is a finger-clip based transmitting type PPG device. The ECG
analog output and the PPG photodiode output were directly routed to two channels of our
own ADC just like the Bio-Z channels to maintain accurate time synchronization between
all of them.

In order to monitor SBP and DBP at every heart beat simultaneously with Bio-Z, continuous
BP was measured using the non-invasive reference device Finapres NOVA system. This
system measures BP continuously using a finger pressure cuff placed on the middle finger,
which was calibrated by the standard brachial pressure cuff. Finapres system was cleared
from the U.S. Food and Drug Administration (FDA) for measuring BP in 2017 [26] and is
also widely used in literature as a reference device for continuous BP measurements [10, 17,
27-29]. In order to synchronize the heart beats of the Bio-Z signal acquired by our setup
with the continuous BP signal measured from Finapres device, an additional PPG signal was
monitored by the Finapres device using a PPG finger clip. Both PPG signals measured by
our setup and Finapres were synchronized together using a matched filter dependent on
matching the unique pattern of inter-beat-intervals.

Data was collected from ten healthy human subjects (seven males and three females) with
age ranges from 18 to 30 years in this pilot study under the IRB approval IRB2017-0086D
by Texas A&M University, and each participant was seated on a bike with his arm rested on
the bench. Initially, 3 minutes of data were collected at rest. Then, the participant exercised
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for 5 minutes through cycling on the bike to raise the BP followed by 4 minutes of data
collection to capture the recovery of BP to its normal value. This was repeated 5 times to
increase the number of samples collected per subject to be able to train a model for each
subject. Finally, another 3 minutes of data were collected at rest.

V. Results

A. BP and Wrist Bio-impedance Data

The proposed Bio-Z measurement method relies on synchronous demodulation, in order to
monitor both the real and imaginary parts (or magnitude and phase) of the Bio-Z signal
which provides complementary information about the tissue and blood flow. Fig. 8 shows an
example of the real and imaginary parts of the four Bio-Z channels. Each Bio-Z signal
consists of a DC offset which represents the tissue impedance in addition to variations due to
heart signal rate. The DC component of the real part of wrist Bio-Z at 9.75 kHz varies from
29 to 51 Q, which is significantly higher than the imaginary component that varies from 0.4
to 4 Q depending on the Bio-Z sensor location. The DC offset varies slowly due to slight
movements of the wrist. This slow variation of the DC offset is consistent across all sensors
because they are placed within a small area on the wrist and affected by the same pattern of
wrist movements. There are different trends in the real part compared to the imaginary part,
because the real part measures the resistance of the intra- and extra- cellular fluids, while the
imaginary part measures the capacitance of the cell membrane.

We compared the heart pulse signal of the different parts of the Bio-Z signal (real,
imaginary, magnitude and phase) for the four Bio-Z sensors after removing the DC offset
and respiration rate by a high pass filter as shown in Fig. 9. The real and magnitude of Bio-Z
are almost equivalent because the real part is much larger than the imaginary part. Also, the
pulse signal exhibits higher consistency in the real part compared to the imaginary and phase
representations. Therefore, we used the pulse signal from the real part of Bio-Z for the
proposed BP models.

An example of the physiological signals as measured by our circuits and Finapres after
filtering and pre-processing are shown in Fig. 10. The figure plots the Bio-Z variations
(ABio-Z) versus time for the 4 sensors placed on the wrist arteries with an amplitude varying
from £10 mQ to £25mQ after removing the DC offset. ABio-Z clearly shows the arrival time
of the pressure pulse at the wrist arteries every heart beat which is the time when ABio-Z
drops suddenly from the peak to the foot. Our measured ABio-Z signals in time domain
show a significant difference in amplitude and timing between the four sensors placed on the
wrist, which implies that vascular properties vary with location and from an artery to
another. In addition, Fig. 10 shows the cardiac cycle that starts with the R-peak of the ECG
signal followed by the rise in the BP from the DBP to SBP, and then the Bio-Z and PPG
signals show the arrival of the pressure pulse at the wrist and the finger respectively. The
reflections inside the arteries are shown by the smaller peaks that occur before the next heart
beat.

Fig. 11 illustrates an example of the different Bio-Z waveforms during signal processing and
characteristic points detection. The figure shows the raw Bio-Z signal with DC offset of
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around 31.2 Q and high-frequency noise before low pass filtering, in addition to the clean
output Bio-Z signal after the filtering. After removing the DC offset, ABio-Z is shown with
amplitude of around £20 mQ. The ABio-Z is used to detect the four characteristic points
(DIA, MS, SYS and IP) relying on the peak, foot and zero crossing points of the first and
second derivatives of ABio-Z as shown in Fig. 11.

Fig. 12 shows an example of the beat-to-beat SBP and DBP of subject 1 for short period of
1.3 minutes (260 heart beats) after exercising simultaneously with the measured PTT in
addition to the pressure pulse arrival time (PAT) which is the time from the R-peak of the
ECG to the maximum slope point of the Bio-Z or PPG signals. The SBP and DBP decrease
with heart beats from the elevated SBP and DBP of 150 and 75 mmHg respectively to the
normal BP of 120 and 60 mmHg. In addition, the figure illustrates PAT at wrist and finger as
they increase continuously when BP decreases with high correlation as expected. The PAT
measured at the finger from the PPG sensor is higher than the PAT measured at the wrist
from the Bio-Z sensors with around 30 ms. This shows that Bio-Z sensors at the wrist
capture the arterial pulse signal that arrives at the wrist first then move to the finger
following the blood flow direction in the arteries from the heart to the finger. Furthermore,
the variation of beat-to-beat PTT due to BP change is shown in this figure. The PTT between
different Bio-Z channels exhibit different behavior, therefore it is useful to account for PTT
between all Bio-Z channels for more accurate BP estimation. The BP, PAT, and PTT show
large variations from beat to beat due to physiological effects such as respiration rate.
Therefore, the proposed window-based features act as a filter to remove these variations as
shown by the solid lines in this figure, which leads to more accurate BP estimation
compared to the beat-to-beat features. The measured PTT from the wrist is less than 30 ms
and negative for some trials as shown in this figure because blood may move in the opposite
direction for small distances near the wrist as a result of the reflection of the pressure pulse
from the termination of the wrist arteries in the hand in addition to the slope variations
between the measured Bio-Z signals due to different vascular properties [30].

Motion artifacts especially due to wrist movements can cause signal corruption to the Bio-Z
signals measured from the wrist sensors. Although the participants placed their wrist in
resting position on the bench during the data collection, small wrist movements can cause
Bio-Z signal corruption for few heart beats. We conducted a number of experiments for the
characterization of the effect of small wrist movements on the measured Bio-Z signals. A
motion sensor was placed on the wrist to measure the wrist movements simultaneously with
the measured Bio-Z signals. The participants were asked to place their wrist on the bench in
resting position then moved it by 5 cm horizontally every 10 seconds. Fig. 13 shows an
example for the acceleration measured by the motion sensor and the Bio-Z sighal measured
from the sensor Bio-Z1 for 50 seconds during the wrist movements. The Bio-Z signal shows
clear pulse waveform during the applied wrist movements with some noise in the waveform
in few heart beats. This results show that Bio-Z signal can be reliably acquired during small
movements of the wrist in our experiment.

We collected a total of 13,050 samples of beat-to-beat BP and Bio-Z features which are
equivalent to of 2,848 sample windows from all subjects after removing noisy samples
which are the samples corrupted by motion artifacts. We removed the corrupted heart beats
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with large PTT variance higher than a certain threshold based on the small distance between
the sensors. These noisy samples were removed to ensure proper training of our models and
accurate BP predictions. The measured DBP ranges from 50 to 100 mmHg and SBP ranges
from 90 to 160 mmHg according to the histogram in Fig. 14.

B. BP Estimation Error

C. Feature

The collected BP and Bio-Z features were used for training and testing the AdaBoost
regression models for DBP and SBP for each subject. The best tree depth was selected for
each model at the minimum testing error to avoid over or under fitting. Fig. 15 shows an
example of the behavior of the testing and training RMSE with the variation of the
AdaBoost tree depth from 4 to 14. The training error decreases monotonically with
increasing the tree depth, while the testing error had a minimum at tree depth of 9, which is
the best choice for the model complexity for best fitting.

The performance of the DBP and SBP regression models is evaluated by taking the average
of the correlation coefficient and RMSE of all the subjects as shown in TABLE I11. Our
regression models show excellent performance for BP estimation with average correlation
coefficient and RMSE of 0.77 and 2.63 mmHg for the DBP and 0.86 and 3.44 mmHg for the
SBP, respectively. The achieved performance from the AdaBoost regression model is much
better than the maximum correlation coefficients of the individual features with BP, which is
0.16 and 0.22 for the area under the curve from DIA to IP points of Bio-Z2 with DBP and
SBP respectively. The AdaBoost models are able to capture more complicated functions
between these features to model BP effectively. In Fig. 16, we present the estimated SBP and
DBP and the BP error for all BP samples from all subjects. Fig. 17. shows the long-term
variation of SBP and DBP due to multiple exercising sessions by showing 15 minutes of
data from subject 3 collected over 50 minutes by the concatenation of initial rest data, three
post-exercise data trials (1,2 and 4) and final rest data after removing noisy data. The
estimated SBP and DBP track the reference changes over wide BP range (from 110 to 150
mmHg for SBP and from 70 to 90 mmHg for DBP). The figure shows a sudden increase in
BP after each 5-minute exercising session followed short-term recovery. This figure shows
that BP increases in the long-term for 50 minutes due to successive exercising sessions.

Importance Analysis

The feature importance score was calculated for each AdaBoost model for DBP and SBP for
each subject by counting the times a feature was used to split a node, weighted by the
number of samples it splits. We checked the detection of the right BP parameters for each
AdaBoost model by measuring the consistency of feature ranking for the different training
folds for each BP model. We calculated the percentage of the repetition of the top N
important features in the top N rankings of the 10 folds used in model training. In Fig. 18,
the average repetition percentage is plotted for all features with top 5 features are repeated
on average of 77% for DBP and 82% for SBP.

The top 20 important individual features for DBP and SBP are shown in Fig. 19, which were
calculated from the average of their feature importance scores across all the subjects, while
the most important features categorized by type and point for DBP and SBP are presented in
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Fig. 20. These figures show that the PTT features are the most important for DBP as
previously shown in [31], while PTT, amplitude and area features are equally important
features for SBP. In addition, PTT between the radial and ulnar arteries (PTT 13, 14, 23 and
24) are more important compared with PTT from a single artery (PTT 12 and PTT 34). This
shows the importance of sensing the Bio-Z signals from both arteries to measure the time
difference between the arrival of the pressure pulse to both arteries for more accurate BP
estimation. We can also conclude from the feature importance categorized by points that the
IP point is effective for BP estimation because it is the most important point for SBP and the
second most important point for DBP. The features extracted from the IP point measure the
amplitude and timing of the reflected pressure pulse through the arteries, which is highly
correlated to BP [32].

D. Inter-subject Variability

The feature importance variation from one subject to another is shown in the histogram of
the top 3 features of all subjects as illustrated in Fig. 21. The most frequent feature is
repeated for only 4 subjects for DBP and for 3 subjects for SBP out of 10 subjects. This
shows the large variations in the important wrist BP features among subjects, which is the
motivation for using subject-specific models to capture these individual variations instead of
one global model for all subjects to achieve accurate estimated BP values.

E. Comparison with Different Regression Models and Previous Work

The BP estimation performance of the AdaBoost model is compared to other regression
models such as Support Vector, Random Forest, Linear, Gradient Boosting and Decision
Tree regression models as shown in Table IV. The AdaBoost model has the best performance
compared to the other models. The linear model shows larger BP errors, which indicate that
BP estimation from the used features is a non-linear problem that requires a non-linear
model such as AdaBoost for more accurate results.

The window-based features show significant improvement compared to the beat-to-beat
features as shown in Table V which has a worse correlation coefficient and RMSE for both
DBP and SBP compared to the window-based features. Since we have a limited number of
around 280 window samples per subject, we shuffled the data before splitting it into training
and testing to include BP samples from all trials in the training dataset. However, we also
tested our models without shuffling the data to use consecutive samples in the training and
testing our models. The RMSE increases for unshuffled data to 3.34 and 5.0 mmHg for DBP
and SBP respectively, because the unshuffled data results in an increase in the difference
between the BP values in the training and testing datasets. In our collected data, there is a
variation of BP ranges from one trial to another because of the time duration between the
trials, fatigue of the subject, removal of invalid data or other external factors. The measured
average BP difference between closest pairs in the training and testing dataset is doubled
from 0.08 mmHg for the shuffled data to 0.16 mmHg for the unshuffled data. In addition,
the correlation between this BP difference and the measured BP error is 0.4 and 0.44 for
DBP and SBP respectively. Therefore, the larger BP error measured from the unshuffled
data is due to the larger BP difference between the BP values in training and testing datasets.
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This implies that the accuracy of BP estimation improves with larger training dataset that
uniformly covers all BP ranges.

In comparison with other prior investigations using PTT from ECG and PPG signals in Table
V, our method offers better performance in all metrics compared to [9] and similar
performance compared to [10]. In addition, the BP RMSE of our method is better by 4.9
mmHg for DBP and 1.7 mmHg for SBP compared to the previous work [18] that estimates
BP from wrist Bio-Z.

We also investigated the BP estimation performance with a smaller number of sensors as
shown in Table VI. The performance degrades when using two sensors only on the radial or
the ulnar arteries compared to the full array of 4 sensors. Similarly, using two sensors is
better than using only 1 sensor. This shows the importance of sensing the pressure pulse
from multiple sensors from both wrist arteries for more accurate BP estimation.

VI. Discussion

The results of this pilot study presented in the previous section show that BP can be
estimated from the wrist using features extracted from an array of bio-impedance sensors
with a small error for both SBP and DBP. We can conclude that our approach that employed
information from both arteries can improve the accuracy of BP estimation from the wrist,
which helps in achieving an accurate wearable device for cuffless BP monitoring. However,
these results were achieved under specific assumptions. First, the results were shown for 10
healthy subjects with a limited range of age for only post-exercise BP variations for one day.
Our approach requires detailed validation with a larger number of subjects including
hypertensive people for different blood pressure modulation mechanisms. In addition, the
long-term validity of the developed BP models can be tested on different days with a new
attachment of the electrodes, which was shown in a previous cuffless BP method [33].
Second, a unique model was trained for each subject to capture the individual variations of
BP parameters from the wrist arteries for better BP estimation performance. However,
calibration data is required to be measured from each user to build its unique model. Third,
the location of the wrist arteries was detected by measuring the blood flow using an
ultrasound Doppler device in order to place the sensors directly over the arteries which is not
applicable to an easy-to-use wearable device. In addition, each time the user wears the
wearable device, the sensors can be placed on a different location on the wrist which may be
far from the arteries and could result in using a wrong model. Therefore, a method is
required for automatic artery detection each time the user wears the device. Our future
solution for this problem is to use a larger array of sensors that covers both arteries. Signals
will be monitored from each sensor on the array and based on some specific metrics, the
sensors close to the artery can be detected. Fourth, fixed posture with a specific position of
the participant’s wrist on the bench was used during the whole data collection process. The
change of posture and wrist position relative to the heart causes changes in the BP. These BP
changes can be corrected using a motion sensor placed on the wrist to detect the height of
the wrist relative to the heart and the posture through activity recognition methods. Finally,
we used wet electrodes in the data collection, which have a large size and are not applicable
for long-term usage because of the skin irritation and dryness of the gel over time. Using
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smaller dry metal electrodes solves this problem and helps in developing an array of
electrodes on a small area of 5cm x 5cm which can fit in a wrist band as we proposed in
[34]. However, dry electrodes may suffer from motion artifacts more than wet electrodes,
which can cause signal corruption during wrist and body movements. However, studies
showed that taking BP readings every 30 minutes is enough to predict cardiovascular
disease. Therefore, a wrist-worn device with a motion sensor can detect when the wrist is at
rest to start measuring the Bio-Z signals for a few seconds without motion artifacts, which is
enough for accurate BP reading. In addition, sleeping time is more important than daytime
for BP measurements, meanwhile it an excellent time to measure valid data without motion
artifacts.

VIl. Conclusion

In this paper, we presented a method for cuffless blood pressure monitoring from the wrist
using an array of bio-impedance sensors. Two pairs of sensors were placed on the radial and
ulnar arteries of the wrist to capture the vascular properties of the two arteries. We showed
our low noise circuits for accurate bio-impedance sensing from the wrist. Systolic and
diastolic blood pressure were measured using AdaBoost regression model based on different
features extracted from the bio-impedance signals. In this pilot study, data was collected
from 10 human subjects after exercising to evaluate the performance of our method for post-
exercise BP variations. The results showed a large correlation coefficient and small root
mean square error of 2.6 and 3.4 mmHg for diastolic and systolic blood pressure
respectively. Leveraging window-based features and an array of sensors provided a smaller
error compared to using sample-based features and a pair of sensors on only one artery. In
this paper, we proposed a new method for continuous blood pressure measurement in a
comfortable form factor such as smart watches, which can contribute to more effective
monitoring and management of cardiovascular disease.
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The block diagram of the BP estimation hardware and signal processing from wrist-worn

bio-impedance sensors array. [1]
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Fig. 2.
The block diagram of the bio-impedance sensing hardware. [1]
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The Bio-Z signal marked with four different points selected for Bio-Z signal abstraction,
which are diastolic peak (DIA), maximum slope (MS), systolic foot (SYS) and inflection
point (IP). [1]
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The PTT features measured between a pair of Bio-Z signals at all the characteristic points.
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The time and amplitude features measured for a single Bio-Z signal from PK to the rest of
points.
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The time and amplitude features measured for a single Bio-Z signal from PK to the rest of
points.
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Finapres BP Cuff

Fig. 7.
Pictures showing the placement of electrodes and sensors on the wrist and fingers (left) and
the experimental setup for BP monitoring (right). [1]
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An example of the real and imaginary parts of the Bio-Z signals for the four sensors.
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Fig. 9.
An example of the heart pulse signals extracted from the real, imaginary and phase parts of
ABio-Z for the four Bio-Z sensors. The real part has the most consistent pulse signal.
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Fig. 10.
An example of continuous BP signal measured from the Finapres device

variations measured from our four sensors placed on the radial and ulnar

25

and bio-impedance
arteries of the

wrist. Simultaneous ECG signal measured from the chest and PPG signal measured from the

finger were shown for validation. [1]
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Fig. 11.
Example of Bio-Z signal before and after low pass filtering, ABio-Z, first derivative and

second derivative highlighted with the detected four characteristic points (DIA, MS, SYS
and IP)
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Fig. 12.
The heartbeat-based and window-based BP and Bio-Z features after exercise for subject 1.
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Fig. 13.
An example of the clean pulse signal as measured from the ABio-Z signal in presence of

small wrist movements that was captured by the acceleration change from a motion sensor
placed on the wrist.
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Fig. 14.
The histograms of DBP and SBP for all the subjects. The DBP ranges from 50 to 100 mmHg

and SBP ranges from 90 to 160 mmHg.
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Fig. 15.
Example of the variation of testing and training error with changing the AdaBoost tree

depth. The best model fitting occurs at the minimum testing error wat tree depth=9.
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Fig. 16.
The estimated DBP and SBP and the error for all the subjects using AdaBoost model using

the window-based features. [1]

IEEE Trans Biomed Circuits Syst. Author manuscript; available in PMC 2020 December 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Ibrahim and Jafari

Page 34

1 Exercising Session 2 Exercising Sessions
(Not plotted) (Not plotted)

At Rest Post-Excercise m

| Trial 1

Trial 2 | Trial 4

=
[4)]
o

Reference
Estimated

%140
£
£130
o
0 120 |
7}
110 |
0 2 4 6 8 10 12 14
Time (min.)
| 0 | |
90 Reference : :
:Ea Estimated n w
€ l | : W )
E 80 mry " it i
1 , |
% a ‘\'«. v : "‘ ’ [ [
B0 i I 1 I
1 . | ll 1 I 1 1 . 1
0 2 4 6 8 10 12 14
Time (min.)
Fig. 17.

The estimated and reference SBP and DBP of all valid data concatenated together for subject
3 (Initial rest, three post-exercise trial and final rest). The estimated SBP and DBP track the
reference over wide range (from 110 to 150 mmHg for SBP and from 70 to 90 mmHg for
DBP). BP was increased after each exercising session followed by short-term recovery.
Trials 3 and 5 were removed because the data included some noisy heart beats from wrist
movements.
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Fig. 18.

Average repetition percentage of top N important features among the 10 training folds.
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0.5
Feature Importance Score

The top 20 most important individual features of DBP and SBP for all subjects.
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Fig. 20.
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Feature importance for SBP and SBP categorized by feature type (top). Feature importance
for SBP and SBP categorized by feature point (bottom).
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Fig. 21.
Histogram of top 3 individual features from all subjects.
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Bio-Z Hardware Specifications

Specification Value
Resistance Range Upto 70 Q
Accuracy 1mQ
IA Gain 40 dB
IA CMRR 126 dB
Sampling Frequency | 78.125 kSPS
3-dB Bandwidth 6 Hz
Number of Channels 6
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TABLE Il

Wrist Bio-Z Features

Page 40

Feature —_— Number of
Set Feature Description Features
PTT The time delay between each pair of Bio-Z signals measured at MS point as shown in Fig. 4. 6
Time The inter-beat interval (T) and the time interval from the DIA point to the rest of points, which are Tys, Tsys and 16
Tp as shown in Fig. 5.
Amplitude  These are the difference in amplitude from DIA point to the rest of points, which are Ays, Asys and Ajp as shown 12
inFig. 5
Area The areas under the Bio-Z curve starting from the DIA point to the rest of points, which are AR5, ARsys, 16

ARp and AR as shown in Fig. 6.
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DBP and SBP estimation performance for each subject using AdaBoost

TABLE Il

DBP SBP
Subject R RMSE R RMSE
(mmHg) (mmHg)
1 0.86 2.25 0.86 2.86
2 0.83 3.29 0.92 3.84
3 0.78 2.01 0.91 2.54
4 0.83 2.46 0.92 25
5 0.79 3.69 0.89 4.78
6 0.59 3.25 0.81 4.64
7 0.77 2.67 0.83 3.93
8 0.76 2.38 0.82 3.37
9 0.7 2.16 0.77 2.69
10 0.83 2.18 0.85 3.22
Average | 0.77+0.08 | 2.63+0.58 | 0.86+0.05 | 3.44+0.84
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regression models comparison for DBP and SBP

DBP SBP
Regression Model R RMSE R RMSE
(mmHg) (mmHg)
AdaBoost 0.77 2.6 0.86 35
Support Vector 0.76 2.7 0.83 3.8
Random Forest 0.73 2.7 0.72 42
Linear 0.66 3.3 0.76 4.5
Gradient Boosting | 0.64 35 0.75 53
Decision Tree 0.62 35 0.68 5.1
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TABLE V

DBP and SBP estimation performance compared with other work

DBP SBP
Work R | RMSE MAE R | RMSE MAE
(mmHg) | (mmHg) (mmHg) | (mmHg)

Window-based Features 0.77 2.63 1.95 0.86 3.44 2.51
Beat-to-beat Features 0.64 3.88 2.95 0.74 511 3.84
Window-based Features (Unshuffled) | 0.5 3.34 2.59 0.62 5.0 3.74
[10] 0.57 3.52 431 0.54 5.45 8.21

[11] 0.79 2.2 - 0.85 3.1 -

[18] 0.84 7.47 - 0.81 5.17 -
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TABLE VI

The comparison of the BP error for different sensors

DBP SBP
Bio-Z Sensors
Placement R RMSE R RMSE
(mmHg) (mmHg)
Ulnar pair of sensors only 0.73 2.8 0.82 3.8
Radial pair of sensors only 0.69 3.0 0.79 4.1
Average of single sensor only | 0.65 31 0.75 4.4
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