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on bio-impedance sensor array
and autoencoder
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Continuous monitoring of blood pressure (BP) is essential for the prediction and the prevention of
cardiovascular diseases. Cuffless BP methods based on non-invasive sensors integrated into wearable
devices can translate blood pulsatile activity into continuous BP data. However, local blood pulsatile
sensors from wearable devices suffer from inaccurate pulsatile activity measurement based on
superficial capillaries, large form-factor devices and BP variation with sensor location which degrade
the accuracy of BP estimation and the device wearability. This study presents a cuffless BP monitoring
method based on a novel bio-impedance (Bio-Z) sensor array built in a flexible wristband with small-
form factor that provides a robust blood pulsatile sensing and BP estimation without calibration
methods for the sensing location. We use a convolutional neural network (CNN) autoencoder that
reconstructs an accurate estimate of the arterial pulse signal independent of sensing location from a
group of six Bio-Z sensors within the sensor array. We rely on an Adaptive Boosting regression model
which maps the features of the estimated arterial pulse signal to systolic and diastolic BP readings. BP
was accurately estimated with average error and correlation coefficient of 0.5+ 5.0 mmHg and 0.80 for
diastolic BP, and 0.2 + 6.5 mmHg and 0.79 for systolic BP, respectively.

Hemodynamic parameters, consisting of heart rate, stroke volume, cardiac output, peripheral resistance of
blood vessels, and blood pressure (BP) are fundamental biomarkers that determine the proper function of the
cardiovascular system. Abnormalities in hemodynamic parameters result in cardiovascular diseases (CVDs),
which involve disorders and diseases related to the heart as well as blood vessels. According to the World Health
Organization, CVDs are the leading causes of global death, and responsible for around one-third of all deaths
across the world. In addition, according to the Harvard School of Public Health, the estimated global cost of
CVDs was $863 billion in 2010, and is expected to reach $1044 billion in two decades'. As a result, in order to
decrease the mortality rate and to reduce the economic burden of CVDs, prognostic and preventive policies are
of paramount importance.

BP is a key risk factor in the prediction of CVDs?, which can be measured and monitored through non-
invasive techniques. In order to effectively diagnose and manage cardiovascular events; continuous, passive,
and frequent monitoring of BP is significantly required. Due to a variety of human activities throughout the
day and different physical and mental reactions to daily incidents, daytime BP measurements are insufficient
as a reliable predictor of CVDs. On the other hand, at nighttime and during sleep, BP readings demonstrate
a more precise measurement as they reflect an individual’s true cardiovascular circulatory health’. Therefore,
nighttime BP monitoring plays a more prognostic role than the daytime measurement. Sphygmomanometers
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and oscillometric methods are the current BP measurement systems that operate using an inflatable rubber cuff
wrapped around the arm. Even though these cuff-based systems are widely used in clinical routines; they are
bulky and obtrusive, and are appropriate only for infrequent readings*. In addition, vital nighttime BP monitor-
ing is not supported by cuff-based systems. Even with automated BP reading systems, the cuff’s inflation and
deflation may suddenly wake up the individual at night and alter the nighttime reading. Moreover, while auto-
mated BP systems drop the necessity of in-clinic and by-specialist measurements, their accuracy is unknown’.
As aresult, a cuffless BP monitoring system with a wearable form factor is essential to achieving continuous BP
monitoring during day and night.

The characteristics of blood pulsation in blood vessels have received extensive consideration in the imple-
mentation of cuffless BP monitoring systems®!!. Pulse transit time (PTT) is defined as the time taken by the
pulsatile blood flow to travel through an artery between two fixed points during each cardiac cycle. Based on
Moens-Korteweg equation, PTT is highly correlated with BP'?, and in fact, is inversely proportional to BP. In
addition, PTT can be derived from simultaneous monitoring of photoplethysmogram (PPG) signal, which detects
the changes of blood volume in arteries, and electrocardiogram (ECG) pulse, which acquires the cardiac bio-
electrical activity in terms of impulses over time. PTT is approximately measured as the time difference between
each R-peak of the ECG signal and a characteristic point on the PPG pulse'*~'¢. Also, seismocardiogram (SCG)
which detects the local vibration of the thorax wall can be employed as an alternative for the ECG'. However,
the existing systems suffer from three major issues. First, monitoring of either ECG or SCG signals requires a
pair of patches on the chest, which in combination with the distal pulse arrival PPG sensor on either arm or wrist
cannot be integrated into a wearable device with a small form factor. Moreover, the PTT measured based on ECG
R-peak includes the time interval from the start of ventricular depolarization until the moment of aortic valve
opening, called the pre-ejection period (PEP). More specifically, the delay period between the ECG R-peak and
PPG signal is known as pulse arrival time (PAT) which consists of PTT and PEP. However, PEP is not correlated
with BP and besides, it cannot be measured, independently. In addition, in the case of patients with cardiovas-
cular disorders, the PEP becomes even more significant and generates a source of error for the estimation of BP.
Therefore, the BP estimation through the PTT measured based on ECG signal inherently carries a significant
level of error'8-2!. For accurate BP monitoring, we need to focus on the arteries which lie deep in the tissue and
its pulsatile activity is highly correlated to BP. However, the PPG sensor relies on the light signal that has a limited
penetration depth of few millimeters which can not reach the arteries at the wrist or the arm. Instead, the PPG
sensor capture pulsatile activities in capillaries, which do not accurately reflect on BP. Therefore, it is important
to rely on a new cuffless BP measurement method that does not depend on ECG and PPG and provides accurate
monitoring of blood pulsatile activity for more accurate BP readings from small-form factor devices.

In this work, we propose a new wrist-worn method for cuftless BP monitoring based on bio-impedance (Bio-
Z) sensors that monitor the pulsatile activity of the wrist arteries with high accuracy and reliability to provide
high fidelity BP estimation. The Bio-Z sensing method is a non-invasive technique that in general, can detect
the static and dynamic behavior of body composition and live tissues. The Bio-Z signal is measured by injecting
alternating current (AC) signals into the body via a pair of electrodes and then, sensing the potential difference
on another pair. The amplitude and phase of the measured voltage signal are modulated by the tissue impedance
at the sensing site. One major advantage of Bio-Z sensing is the deep penetration of the current signal in the
tissue and hence, can detect the blood pulsatile at the depth of wrist arteries from the changes in bio-impedance.
Therefore, Bio-Z signals can provide more accurate BP readings compared to PPG sensors (Figure S3). How-
ever, there are multiple challenges with BP estimation from wrist-worn devices based on local blood pulsatile
sensors placed on a small area at the wrist. The small-form factor devices limit BP estimation to a small area
on the peripheral wrist arteries which results in low sensitivity of pulse features to BP. In addition, the sensing
location relative to the artery is critical to BP estimation because it affects the morphology and quality of the
blood pulsatile signals. Therefore, we created a paradigm upon an array of Bio-Z sensors to accurately detect
the morphology of arterial pulsatile for better BP estimation. The concept of sensor array allows the detection of
the pulsatile activity of both radial and ulnar arteries simultaneously which provides comprehensive BP features
for a more accurate estimation of BP. In addition, the Bio-Z sensor array is easily configurable by changing the
electrodes for current injection and voltage sensing on the fly to select the sensing location close to the artery
that has the highest signal quality of blood pulsatile. The electrode selection can be based on the quality metrics
for collected Bio-Z signals, e.g. peak-to-peak amplitude and signal-to-noise (SNR) ratio, which can be defined
at the processor of the hardware connected to the wristband. Besides, Bio-Z sensors are low cost and low power;
therefore, they are easy to build and can be used for a large array of sensors.

In this study, we use the Bio-Z sensor array in a novel method to accurately estimate the true pulsatile activity
of the artery independent of the sensing location. The BP models that are trained by features extracted from the
estimated arterial pulse signal provide consistent and reliable BP predictions with different sensing locations. This
calibration-free method for the sensing location relies on combining the pulse signals from multiple sensing loca-
tions to reconstruct the true arterial pulse signal independent of the sensing location. The reconstruction method
depends on an autoencoder which is an unsupervised machine learning algorithm that can compress a high-
dimension input into its lower dimension representation. The estimated lower dimension signal is equivalent to
the target pulsatile activity. The autoencoder is implemented using a convolutional neural network (CNN) which
can effectively learn the transfer function between the artery and each sensor based on the training data of Bio-Z
pulse signals without any labels. As a result, the autoencoder can reconstruct the artery’s pulsatile signal which is
used for BP feature extraction and predictions. In addition, we propose a new additional set of features that focus
on the reliable representation of the significant parts in the pulse morphology for more accurate BP prediction.
The new set of features include the histogram of the pulse amplitude in addition to the complete characteristics
of the dicrotic notch which is the secondary peak point in the middle of the heartbeat pulse morphology. We
show that these features are highly correlated with BP and can significantly improve the BP predictions.
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Figure 1. (a) The proposed wrist worn device for the cuffless blood pressure (BP) monitoring based on 6 Bio-Z
signals sensed from 3 columns of the (Bio-Z) sensor array. A convolutional neural network (CNN) autoencoder
algorithm is used to reconstruct the arterial pulse signal from the sensor array. The systolic and diastolic BP

are predicted based on AdaBoost regression model trained by BP features extracted from the estimated arterial
pulse signal. (b) The implemented wrist-worn sensor array consisting of 6 x 8 silver electrodes. The size of each
electrode is 5 mm x 5 mm and the spacing between each two adjacent electrodes is 3.2 mm, (c) Integration of the
wristband to the Bio-Z sensing hardware through our designed Bio-Z XL PCB for detecting the bio-impedance
signals.

In this work, we show the development of the hardware and signal processing algorithms for a cuffless BP
system based on a wrist-worn device. The system includes an array of 6 Bio-Z sensors activated from 3 electrode
columns in the wristband of the electrode array as shown in Fig. 1(a). The wristband is connected to our custom
multi-channel Bio-Z sensing hardware for high-resolution Bio-Z sensing. The proposed CNN autoencoder
reconstructs the radial arterial pulse signal from the raw pulse signals from the 6 Bio-Z sensors. This study
demonstrates using AdaBoost regression models based on the features extracted from the arterial pulse signal
to estimate SBP and DBP based on the significant BP features in the morphology of the estimated arterial pulse
signal. We show in this work that the Bio-Z sensor array combined with the CNN autoencoder method can esti-
mate reliable pulsatile activity that improves the BP estimation accuracy at different sensing locations compared
to the use of a single Bio-Z pulse signal.

Results

The human subject experiments for BP estimation were performed with a total of N =4 subjects with age range
from 20 to 25 years. In order to train and test the subject-specific BP models, we collected the wrist Bio-Z data
from our sensor array simultaneously with reference BP data from a standard BP device. The Bio-Z signals were
measured by the electrode array wristband with a size of 46 x 64 mm for the electrode array that was connected
to the Bio-Z sensing hardware implemented in our custom Bio-Z XL board as shown in Fig. 1(b). The wristband
includes 6 x 8 array of silver electrodes with a size of 5x 5 mm and 8.2 mm center-to-center spacing between
electrodes as shown in Fig. 1(c). The electrode array was placed at the bottom side of the wrist to be close to the
radial and ulnar arteries of the wrist for effective sensing of the arteries’ pulsatile activity. Three adjacent columns
of the electrode array were utilized for Bio-Z sensing to measure 6 Bio-Z channels (V| to V) from different sens-
ing locations around the radial artery.

Data collection was done during applying significant BP changes temporarily to evaluate our methods in
predicting extreme BP changes. The experiment relied on repeating multiple trials of BP maneuvers that include
elevation of BP temporarily above the normal level followed by BP recovery to normal values. The BP maneuvers
we utilized for this study were based on using handgrip exercise and cold pressor test to elevate BP. In addition,
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Figure 2. (a) The electrode configuration for the 6 Bio-Z signals from 3 sensing columns that are collected at
four different sensing locations which are POS1, POS2, POS3 and Re-Attach with the illustration of the used
electrode columns and the distance relative to the radial artery for each sensing location. (b) The data collection
setup showing the participant placing his left arm on the bench with the attached Finapres BP finger cup, PPG
finger clip and our Bio-Z electrode array wristband that is connected to our custom Bio-Z sensing hardware
(Bio-Z XL) while the participant’s right arm is placed in the ice bucket for the cold pressor that followed

hand grip exercise using the same hand. (c) The systolic BP and diastolic BP change during around 90 min of
the experiment of a single participant which includes 12 repeated trials to increase BP by 3 min of handgrip
exercising, 1 min of cold pressor test followed by 3.5 min at rest for BP recovery for each trial. The participant in
the photo gave his consent for his photo to be used for publication.

we collected data at different sensing locations to evaluate the performance of the proposed BP estimation algo-
rithms by changing the sensing location after training the BP model.

In order to provide sufficient data for BP model training, we collected 90 min of Bio-Z and BP data with
around 6000 heartbeats from each participant divided among 12 trials of BP maneuvers and 4 sensing locations
called POS1, POS2, POS3 and Re-Attach. The first 6 BP trials were measured at the initial sensing location POS1
from columns 2,3, and 4 with the middle column 3 aligned with the radial artery as shown in Fig. 2(a).

Figure 3(a) shows an example of the experimental data collected by the Bio-Z XL board and the electrode
array wrist band for the 6 Bio-Z channels at POS1 at the wrist around the radial artery. The data illustrates the
high-quality Bio-Z pulse signal (ABio-Z) for all channels after removing the DC component of static tissue
impedance by the signal pre-processing algorithms. The plot highlights the DIA peak (black), MS (blue) and
SYS foot (red) points for each heartbeat that are estimated by the characteristic points detection algorithms with
high accuracy and consistency for different pulse morphologies. The plot shows the average DC component and
peak-to-peak value of the pulse (Pk2Pk) over 2.5 min time segment for each signal that varies from 27.4Q to
43.5Q and from 46.0mQ to 120.7mQ respectively. The largest signal occurs in the middle column at sensor 4
because of its alignment with the radial artery and the higher current density at the middle column. In addition,
Fig. 3(a) shows the reference BP signal from the Finapres device as measured simultaneously with the Bio-Z
signals. The reference systolic and diastolic BP are shown for every heartbeat as the interpolation of the peak
and foot points of the continuous BP signal from Finapres.

The next step in the proposed algorithms towards BP prediction is the estimation of the arterial pulse sig-
nal from the 6 input ABio-Z signals using the CNN autoencoder algorithm. The output signal from the CNN
autoencoder, defined as ABio-Z,g, is the estimation of the pulsation in the radial artery based on filtering the
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Figure 3. (a) An example of the experimental data collected by the Bio-Z XL board and the electrode array
wrist band for the 6 sensing locations at the wrist around the radial artery simultaneously with continuous BP
signal from the reference Finapres BP device. The data illustrates the Bio-Z pulse signal (ABio-Z) after removing
the DC component by the signal pre-processing algorithms and after characteristic points detection. The plot
highlights the DIA peak (black), MS (blue) and SYS foot (red) points. The reference systolic and diastolic BP are
shown as the interpolation of the peak and foot points of the continuous BP signal from Finapres. (b) The plot
of the CNN autoencoder output of radial artery’s pulsation signal (ABio-Z, in red) which estimated from the
input Bio-Z pulse signals (ABio-Z in blue) measured from different sensing locations at the wrist by learning the
transfer function from the artery to each sensing location from the training data. The plot shows the high quality
and consistency of the estimated arterial pulse signal compared to the input signals.

input signals with CNN weights that are learned from the ABio-Z data and represent the transfer functions
between pulsation in the artery to the sensors on the skin. An example of the CNN autoencoder output ABio-
Z g is shown in Fig. 3(b) compared to the 6 input ABio-Z signals. The estimated signal has high-quality pulse
morphology that is consistent over multiple beats and is considered as the accurate arterial pulse signal. The BP
prediction with regression models relies on the features extracted from this estimated arterial pulse signal. The
effectiveness of the proposed method in arterial pulse estimation is assessed by the improvement that occurs in
BP estimation by this signal compared to the baseline method that relies on the raw input ABio-Z pulse signals.

The data were collected from 4 healthy participants using our developed wristband and sensing hardware
and were captured over 12 consecutive BP trials of 7.5 min for each trial as shown in Fig. 2(c). As a result, the
measurements were conducted over a total period of 90 min for each participant. The DBP and SBP were esti-
mated using separate regression models based on the ensemble learning method of AdaBoost, which builds the
prediction by combining several weak learners’ outputs through a weighted sum of different subsets of the train-
ing data set (See Supplementary Note 3). The BP AdaBoost model is trained by the BP features that are extracted
from the wrist ABio-Z signals for each subject after processing with the CNN autoencoder. The ABio-Z signals
are measured simultaneously with the reference BP signal measured from the Finapres BP reference device. We
used subject-specific models that were trained for each subject based on the subject’s data to capture the unique
arterial properties for each individual. The performance of the models was evaluated using the BP mean error
(ME), standard deviation error (STD), root-mean-square error (RMSE), and correlation coefficient (R). We used
three different training and testing methods to evaluate the BP prediction performance that varies in splitting
the data between training and testing and the number of training iterations within each method.
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Figure 4. Bio-Z Array BP performance evaluation. (a) The plot of SBP (blue) and DBP (orange) predictions
versus reference BP from Finapres (gray) over time for each subject for the first 6 BP trials (BP trials from 1 to
6) of POS1 using the proposed method with 20-fold cross validation. (b) The Bland-Altman plots of SBP and
DBP estimation error versus reference BP from Finapres after removing the mean BP for all subjects using the
proposed method with leave one trial out cross validation. (¢) Histograms of SBP and DBP estimation error.

The first method of 20-fold cross-validation trains and tests the model using POS1 data only by splitting the
data into 20 folds with 19 folds (95% of POS1 data) for training and onefold (5% of POS1 data, 2.25 min) for
testing. The performance of this method is evaluated by the average of all 20 folds. The second method evaluates
the BP model performance for a longer continuous time segment of POS1 data by using leave one complete trial
out cross-validation method. In this method, the POS1 data is splitted into 5 BP trials of POS1 data (37.5 min.)
for training data and the remaining single BP trial of POSI (7.5 min.) for the testing data. The third method
evaluates the BP performance for different sensing locations and for longer time segments by training the model
with the first 4 BP trials of POS1 data (30 min) and testing the model with the remaining 8 BP trials for the four
locations (POS1, POS2, POS3 and Re-Attach) by taking the average of each 2 trial for each location which are
15 min. time segment. The arterial pulse signal (ABio-Z ) is estimated for each location by four separate CNN
models denoted by AE1, AE2, AE3 and AE4 for the locations POS1, POS2, POS3 and Re-Attach respectively.
Detailed comparison between the training methods is presented in Table S2 and Figure S4.

The BP performance for each subject using the first training method of 20-fold cross-validation is graphically
illustrated in Fig. 4(a) (See more information in Table S3). The proposed method is tested for extreme BP values
by introducing large changes in each subject BP using handgrip exercising followed by cold pressor. The DBP
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varies across the 4 subjects with an average range of 40.8 mmHg between a minimum and maximum values of
64.8 mmHg and 105.7 mmHg with STD of 2.3 mmHg, 4.6 mmHg and 4.8 mmHg, respectively. While the SBP
varies with an average range of 53.0 mmHg between a minimum and maximum values of 114.9 mmHg and
167.9 mmHg with STD of 7.0 mmHg, 7.3 mmHg and 11.7 mmHg, respectively. The average BP performance
using 20-fold cross-validation for the DBP is illustrated by an average RMSE of 5.0 mmHg and a substantial
average correlation coefficient of 0.80 with respective insignificant STDs of 0.5 mmHg and 0.08 demonstrate
high accuracy estimation of the DBP from bio-impedance features in comparison with the DBP acquired by
the reference BP monitoring system. In addition, an average of the mean error (ME) of 0.2 mmHg shows the
precision in BP estimation by our developed wrist-worn sensor array.

On the other side, an average RMSE of 6.6 mmHg with an average correlation coeflicient of 0.79 and respec-
tive STDs of 0.7 mmHg and 0.04 were estimated for the SBP. In addition, the mapping algorithm resulted in an
average BP mean value of 133.3 mmHg and an average ME of — 0.2 mmHg with STD of 7.6 mmHg and 0.3 mmHg,
respectively. Figure 4(a) shows the estimated SBP and DBP plotted in comparison to the reference BP for the
study participants for the time duration of 45 min. of POS1 data. The insignificant values of RMSE and ME along
with the remarkable correlation coefficient illustrates consistency between the predicted SBP and DBP values
and the reference BP measurements.

In addition, the breakdown of the contribution of all steps in the proposed algorithm including using AE only,
AE with adding new features and finally adding the BP averaging are compared with the baseline method for
20-fold cross-validation as shown in Table S4. The performance of DBP and SBP estimation with the proposed
method is compared by the baseline method. The baseline performance is calculated from the average of the two
sensors in the middle electrode column which have the largest pulse signals and best performance among all the
electrode columns. The proposed method with 20-fold cross-validation shows significant improvement in RMSE
and correlation coefficient and each step in the proposed method is partially responsible for this improvement.
For the 20-fold cross-validation method, using CNN autoencoder causes BP to improve compared to the baseline
from 6.6 mmHg and 0.64 to 6.0 mmHg and 0.71 for the DBP and from 9.0 mmHg and 0.57 to 8.1 mmHg and
0.67 for the SBP. Using new proposed features with CNN autoencoder causes BP to improve to 5.7 mmHg and
0.74 for the DBP and 7.5 mmHg and 0.73 for the SBP. Finally using the complete proposed method by adding the
BP averaging cause BP performance to achieve its maximum of 5.0 mmHg and 0.80 for the DBP and 6.6 mmHg
and 0.79 for the SBP.

The training method of leave one trial out shows the effect of decreasing the training data and increasing the
testing data to one complete trial. The BP performance of the proposed method using leave on trial out is shown
in Table S5. The RMSE and correlation coefficient is 5.2 mmHg and 0.77 for the DBP and 6.9 mmHg and 0.76
for the SBP with only slight degradation compared to the 20-fold cross-validation method. The Bland-Altman
plots and histograms of DBP and SBP errors are plotted in Fig. 4(b) and (c) respectively.

For the proposed method with leave one trial out cross validation, the DBP and SBP error distribution for the
three BP error ranges under the thresholds 5 mmHg, 10 mmHg and 15 mmHg are 69%, 94% and 99% for DBP
and 60%, 86% and 96% for SBP. These results show that the BP performance is consistent with grade A for both
DBP and SBP according to the British Hypertension Society (BHS) standard®* (See Table S6).

The BP performance of the last method of testing on different locations using the proposed method compared
to the baseline method is shown in Table S7. The third training method shows the effectiveness of the proposed
method when training the model on POS1 data and testing the model on other positions POS2, POS3 and Re-
attach. The baseline method has the best performance when the model is trained and tested on the same location
of POS1 which is RMSE and correlation coefficient of 7.2 mmHg and 0.67 for DBP and 8.2 mmHg and 0.64 for
SBP. The baseline method performs poorly when tested on different locations with RMSE and correlation coef-
ficient of 9.4 mmHg and 0.50 for DBP and 11.4 mmHg and 0.47 for SBP for the average of the three locations.
The proposed method improves the BP performance at different locations by RMSE and correlation coefficient of
7.4 mmHg and 0.72 for DBP and 10.2 mmHg and 0.62 for SBP with an average improvement of 34.1% in correla-
tion coeflicient and 15.9% in RMSE compared to the baseline method at different locations. The BP performance
of the proposed method at different locations is close to the baseline method at the same location of POS1 by a
factor of 92%. The degradation in BP performance in this case compared to the 20-fold cross-validation and the
leave on trial out due to the reduction in the training data from 95% and 83.3% to 66.7% of POS1 data and the
increase in the testing time segment from 2.25 min. and 7.5 min. to 15 min.

Discussion

In this study, we demonstrated the feasibility and effectiveness of predicting systolic and diastolic BP values from
the bio-impedance signals detected from the wrist’s radial artery. The signals are acquired through a non-invasive
cuffless wristband with a flexible sensor array. A CNN autoencoder algorithm was proposed to estimate the arte-
rial pulse signal from the input six Bio-Z signals measured from the wrist. In addition, a BP mapping algorithm
based on a subject-specific AdaBoost regression model was developed and trained by the bio-impedance features
extracted from the estimated pulse signal. The CNN autoencoder is required to be trained for each individual to
capture the unique mapping between the sensing location and pulsatile features for each person. However, our
CNN autoencoder has the advantage of being an unsupervised machine learning method that learns the CNN
weights continuously and online from the input data without the need for labels or specific calibration data. This
ensures that the CNN model weights keep updated with any change in the sensing location.

The proposed cuffless BP system was shown its effectiveness in predicting BP for continuous-time segments
up to 15 min. and for large BP changes up to 53.0 mmHg with acceptable accuracy. The BP prediction methods
were reliable for two different types of BP maneuvers which are exercising and cold pressor. In addition, the effect
of changing the sensing location on the BP prediction performance was shown for the first time and we were able

Scientific Reports |

(2022) 12:319 | https://doi.org/10.1038/s41598-021-03612-1 nature portfolio



www.nature.com/scientificreports/

to improve the results by 34.1% in correlation coefficient and 15.9% in RMSE by using our proposed methods of
CNN autoencoder to estimate the arterial pulsation independent on the location in addition to the proposed new
features and BP averaging technique. For additional improvements for the BP predictions, the sensor array can
be extended to add the signals from the ulnar artery to the current signals from the radial artery. We only used 3
columns from the 8 columns of the sensor array in our wristband. Additional 3 columns can be used around the
ulnar artery to utilize the full array band and to generate an estimation of the arterial pulse at the ulnar artery.

Since the vascular properties of ulnar and radial arteries vary from one subject to another, a general model
cannot be utilized. In this manuscript, we showed the variance in the arterial pulse morphologies among the
participants, Therefore, a regression model based on AdaBoost technique was used for each participant. Ada-
Boost showed a higher correlation coefficient between the estimated and the reference BP and a lower RMSE in
comparison with the Support Vector, Random Forest, Linear, Gradient Boosting, and Decision Tree regression
models®. Since mapping the bio-impedance features to BP values is a nonlinear problem, the AdaBoost algorithm
provides the most accurate results.

The time length of bio-impedance data collection has a direct impact on the data optimization process and
the accuracy of BP estimation from the extracted characteristic points. We showed that longer training data will
increase the correlation coefficient between the estimated and the measured BP and will decrease the RMSE
between them. Our current hardware system does not have a wearable form factor and best-case scenario, the
time length of collected data will be limited to a few hours which can be improved in the future version of the
system. In order to facilitate long-term bio-impedance data collection and to continuously read BP, this system
can be improved by implementing a wearable version with the form factor of a smartwatch. Such a system can
acquire the required amount of data as the input to a new complex training model such as deep neural networks
(DNN) and as a result, a generalized model for mapping bio-impedance extracted features to BP values can be
investigated. In addition, the long-term accuracy of BP predictions over multiple weeks can be evaluated by
collecting data from the same subject over long-period of time to evaluate the performance of BP model over
time. Another possible improvement is minimizing the size of the calibration data that is required to train the
subject-specific BP model for a new subject through transfer learning methods that utilize data from previous
subjects. The long-term and continuous reading of BP opens a new horizon in the prognosis and prevention of
cardiovascular disorders and diseases, and potentially impacts the mortality rate of CVDs.

Methods

Background. In one of our previous works, we demonstrated the proof of concept for a cuffless BP estima-
tion based on four Bio-Z sensors using subject-specific regression models?*. We placed two pairs of sensors on
the radial and the ulnar arteries. The pulse morphology is captured from the significant characteristic points of
each heartbeat in the estimated Bio-Z pulsatile activity. The characteristic points are the basis for our BP estima-
tion algorithm, which are highly correlated with the changes of BP and translate the Bio-Z as a function of time
to BP. A regression model is developed based on an Adaptive Boosting (AdaBoost) meta-algorithm which takes
the features extracted from the characteristic points of the pulse signals, and through subject-specific model
parameters, provides a precise estimation of systolic BP (SBP) and diastolic BP (DBP) readings. The subject-
specific BP models are essential to capture the individual properties of the arterial blood pulsation that varies
significantly from one person to another. We showed that using pulsatile activity from Bio-Z signals and using
features extracted from multiple sensors at different arteries improve BP estimation compared to a single sensor.
However, the Bio-Z sensors were based on conventional Ag/AgCl wet electrodes, which due to lack of wear-
ability and dryness of the contact surface gel, are not appropriate for long-term data collection. In this work, we
present an electrode array consists of small 48 built-in silver electrodes embedded in a 2-dimensional matrix of 6
by 8 that are robust against the aforementioned issues and demonstrate constant skin-electrode impedance with
negligible fluctuations over time. Accurate mapping of Bio-Z pulses to BP substantially depends on accurate
detection of dynamic time-dependent behavior of the wrist arterial pulsatile. Therefore, the wrist-worn sensor
array is designed in a flexible wristband, which conforms with the wrist shape and provides a robust contact with
the skin for reliable current injection and voltage sensing.

Our previous work was constrained by placing the 4 sensors precisely on the wrist arteries for the whole
study after detecting the location of the arteries. The fixed sensing location provided low-error BP predictions
because the BP models were trained and tested at the same sensing location based on consistent pulse signals.
However, the sensor in a wrist-worn device changes its location frequently due to user movements and placing
the device at different locations. Each sensing location provides different morphology for the pulse signal based
on the tissue transfer function between the artery and sensor at the skin. Therefore, the change in sensing loca-
tion affects the measured pulse signal and the BP models. As a result, BP models behave poorly by changing the
sensing location. The solution to this problem can be expensive and complicated by calibrating the BP models
for sensing location by collecting data from multiple locations and training multiple BP models for all possible
locations. Then for BP predictions, the sensing location is detected to select the suitable BP model for predict-
ing BP as a function of the sensing location. This approach requires collecting a lot of data at different sensing
locations which is inconvenient to the user. In addition, complicated algorithms are required for detecting the
sensing location and predicting BP. Therefore, we propose in this study a new simple and reliable method for
accurate BP detection independent of the sensing location without the need for complex calibration algorithms
for the sensing location.

Introduction. The proposed method for cuffless BP measurements from a wrist-worn device rely on using
small-form factor of non-invasive sensors that measure blood pulsatile activity from the arteries and transform
them into BP models using regression models. The sensors need to be placed as close as possible to the artery
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for accurate and consistent measurement of the arterial pulsation that results reliable BP estimation. The change
of sensing location away from the artery results in changes in pulse signal morphology and BP results. These
changes are significant for the small-form factor sensors that are integrated into a wrist-worn device because
they suffer from frequent position displacements on the wrist due to user movements of the arm and when the
user takes off the device and re-attaches it to the wrist at a different location. These continuous displacements
affect the measured pulse signal and the accuracy of BP estimation.

The arterial pulsation sensing can be modeled by source signal (Y) that represents the arterial pulse located
deep inside the tissue at the location of the artery. The sensor placed on the skin measures the signal V' which is
the output of the transfer function (k) with the input is arterial pulsation Y that represents the effect of the tissue
and the distance between the sensor and the artery as shown in Figure S5(a). Therefore, transfer function (h)
changes for different locations of the sensor on the skin relative to the artery’s location which causes changes in
the sensor output signal (V). Since, the BP estimation relies on the morphology of the pulse signal, the changes
occur in the sensor output with location increase the BP error. In order to reduce the effect of the sensing location
on the estimated signal, we propose using multi-sensor pulse signal estimation from multiple locations around
the target artery instead of single point measurement as shown in Figure S5(b). Each sensor output is a function
of the source arterial pulse signal with the function varies with sensing location. The estimated multi-sensor
pulse signals are used for the reconstruction of the arterial pulse autoencoder. The autoencoder is an unsuper-
vised machine learning algorithm that finds the lower-dimension representation of the high-dimension input
signals. This method provides accurate pulsatile activity of the artery independent of the sensing location which
improves the BP estimation at different locations.

In this work, the human subject experiments for BP estimation were performed under the approval of the
Institutional Review Board (IRB) of the University of Texas A&M (IRB no. IRB2017-0335D). All research was
performed in accordance with the IRB guidelines and regulations. All participants provided written informed
consent to take part in the study.

Arterial pulse estimation using autoencoder. Based on the explained sensing model, each pulse sig-
nal from the sensor output X; at the skin is related to the source signal of the pulsatile activity Y at the artery
deep inside the tissue through the discussed transfer function of a filter 4 that is defined by certain weights b,
and depends on the sensing location. Our objective is to reconstruct the hidden arterial pulse signal Y from the
measured pulse signals from multiple sensors outputs X; at different sensing locations for i=1 to K where K is
the number of sensors.

We propose using the unsupervised machine learning algorithm of autoencoder to estimate the arterial pulse
signal Y from the input pulse signals X;. The autoencoder is capable of estimating a lower dimension representa-
tion, called the code, from the higher dimension inputs. The autoencoder consists of an encoder network that
encodes the inputs from the input layer into a lower dimension representation in the hidden layer which is
decoded by the encoder network to reconstruct the inputs at the output layer as shown in Figure S6. The lay-
ers of the encoder and decoder networks are implemented as neural networks and their weights are estimated
through the gradient descent optimization method to minimize the error between the input and output layers
by minimizing the loss function which is the square error between the input and output layers. As the number
of sensors K and the dimension of the input increases, the accuracy of the code estimation increases.

The autoencoder can accurately estimate the arterial pulse signal when the decoder network is equivalent
to the transfer functions h that maps the Y at hidden layer to the measured pulse signals X; and in this case,
the encoder network represents the target reconstruction function that reconstructs the arterial pulse from the
input observations. This goal is achieved by implementing the encoder and decoder networks as convolutional
neural network (CNN) with a linear activation layer which consists of a window of weights that sweeps the input
dimensions similar to the operation of the filter that model the pulse transfer function. The input pulse signals
are divided into overlapping time segments which are considered the input samples for the training of the CNN
networks of the autoencoder. After the gradient descent optimization and minimizing the loss function, the
weights of the encoder CNN are used to estimate the arterial pulse signal from the input signals which is used
to extract the BP features for BP estimation using the regression models.

System overview. The proposed wrist-worn BP monitoring system relies on an array of Bio-Z sensors
from multiple locations on the wrist. The Bio-Z sensor array consists of six channels of Bio-Z sensing bio-instru-
mentation that interface with the body through a flexible wristband that conforms with the skin and includes
a 2D array of metal electrodes to provide good contact with the skin for high-quality signal monitoring. The
Bio-Z hardware includes injection of small AC current and voltage sensing from multiple pairs of electrodes.
The measured voltage signals are pre-processed to extract raw Bio-Z signal which is followed by pulse detection
algorithms to extract the pulse signals, denoted as ABio-Z. Then, the proposed CNN autoencoder combines the
multiple Bio-Z pulse signals to estimate the arterial pulse signal called ABio-Z g which is used for BP prediction.
The next step includes the detection of the characteristic points of the pulse signals that are used to extract the BP
features. Then, AdaBoost regression models are used to estimate systolic and diastolic BP after training by Bio-Z
and reference BP data collected simultaneously as explained in the following sections as shown in Figure S8.

Bio-Z sensing hardware. The wrist-worn sensor array consists of 48 dry silver electrodes, each with an
area of 5 mm x5 mm and center-to-center spacing of 8.2 mm between each two adjacent sensing points. An
important aspect of the developed wrist-worn sensor array is that it is built based on dry electrodes. Conven-
tional Ag/AgCl wet electrodes reduce the wearability of the wristband, and besides, as the conductive gel of
the wet electrodes dries over time, the electrode-skin impedance increases drastically. The proposed wristband
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developed based on dry silver electrodes provides an electrode—skin impedance with minimum fluctuations over
time and ensures the detection of arterial pulse with excellent signal quality and high SNR ratio. The selection of
the sensor array specifications addressed different trade-offs between the signal quality and size of the array. We
aimed to develop a dense array of electrodes that cover a large area of the wrist arteries by using a large number
of electrodes and small spacing between them to provide a large number of Bio-Z signals that will improve the
performance of the autoencoder reconstruction algorithm. However, the quality and signal-to-noise ratio of the
Bio-Z signal is improved by increasing the spacing between electrodes and lowering the skin-electrode imped-
ance by increasing the size and conductivity of the electrode. We selected the sensing area to cover the bottom
part of the wrist for most people with a width of 64 mm. The height of the device was selected 46 mm to limit the
device size below 5 cm to provide small-form factor device. These specifications allowed the development of 48
electrodes that are arranged in 6 x 8 array of electrodes that cover the wrist arteries in a small form factor device
with good Bio-Z signal quality. This electrode arrangement allows the sensing of 2 Bio-Z signals per column by
injecting current between the top and bottom electrodes and sensing voltage between the 2 middle electrode
pairs. Therefore, our electrode array can support up to 16 simultaneous Bio-Z signals with 2 measurements per
column that cover the radial and ulnar arteries at the bottom of the wrist. We explored different materials for
electrodes such as wet Ag/cl electrodes and stainless steel. Silver has an outstanding electrical conductivity of
62.1 x 10° Siemens/m and a very low electrical resistivity of 15.9x 10~ Q.m, which makes it an ideal choice for
sensing bio-impedance signals, easy implementation and practical for long-term usage in wearable devices. For
future work, there are other promising materials for electrodes such as graphene which is ultrathin material that
is conformal with skin to provide accurate and consistent signals for a long period of time with a skin-friendly
electrode.

The 6 x 8 array of electrodes are embedded in a flexible wristband, appropriate for conforming with the wrist
shape. The flexible wristband is made from Ecoflex rubber which is a durable and flexible silicone that conforms
with the shape of the wrist to provide good contact with the skin for all silver electrodes. The height of the elec-
trodes and the spacing between them are precisely controlled by placing the electrodes in a mold designed for
the wristband with a fixed location and depth for the electrodes with wire connections that are covered by the
Ecoflex silicone. The wristband is then connected to the Bio-Z sensing hardware through wires for bio-impedance
signal detection. The wrist-worn sensor array and the integration with the hardware are shown in Fig. 1. The
Bio-Z sensing hardware consists of the circuitry to generate and inject alternating current signals to the wrist
skin at programmable frequencies and amplitudes, and the analog signal conditioning circuit to sense, amplify,
and filter the detected differential voltage on each pair of electrodes.

The high accuracy and low noise sensing of blood pulsation play a critical role in the estimation of BP which
relies on precise amplitude and time features extracted from these signals. The main challenge of the sensing
hardware and signal processing is the multi-channel detection of small Bio-Z variation (ABio-Z) ranges from 50
mQ to 150 mQ due to blood volume changes in the presence of large DC Bio-Z of around 50 Q) that represents
the static tissue fluids. In addition, the signal measurement methods require high time resolution and continuous
data acquisition for several minutes. The low-noise multichannel Bio-Z sensing hardware, the so-called Bio-Z
XL, is explicitly designed to capture the slight variations in Bio-Z with high resolution. A custom-developed
printed circuit board (PCB) is designed to provide simultaneous low-noise 6 Bio-Z sensing channels for this
study, as shown in Fig. 1(c).

An ARM Cortex M4 microcontroller as the central processor, instructs and controls the essential functions
of the system. The main functions consist of generating the programmable alternating current signal, sampling
the sensed and amplified potential difference of voltage sensing electrodes and then, sending the digitized data
to a stationary computer connected to the Bio-Z XL board through USB (See more details about Bio-Z circuit
design in Supplementary Note 4).

In this study, three adjacent columns of the electrode array were utilized for Bio-Z sensing to measure 6
Bio-Z channels (V, to Vi) from different sensing locations around the radial artery. The Bio-Z current signal
was injected in three columns between the electrodes at the top and bottom rows to provide the best current
distribution for the three columns. The six bio-Z voltage signals were measured from the middle pairs in the
three columns with 2 voltage measurements per column as shown in Figure S8. The measured voltage signals are
combined by the proposed autoencoder method to reconstruct the arterial pulse signal independent of sensing
location that improves BP prediction accuracy. The rest of the electrode columns are not used in this study, how-
ever, they can be added to our autoencoder method to include additional measurements from the ulnar artery
to improve the accuracy of the reconstructed arterial pulse signal and improve BP estimation.

As the reference for BP data estimation, we employed BP monitoring by Finapres NOVA system. In fact, we
collected the bio-impedance data through the wristband simultaneously with Finapres. The system continuously
measures BP using a finger pressure cuff place on the middle finger that is calibrated by the brachial cuff. How-
ever, the data collected by our system and the BP measurements acquired by Finapres need to be synchronized.
Therefore, since the Finapres system is equipped with continuous PPG monitoring and collects the PPG data
using a finger clip along with BP, we added a PPG sensor to our Bio-Z XL device, as well. Based on a comparison
between the unique pattern of inter-beat intervals of the two PPG signals, we can synchronize the BP estimated
by our AdaBoost regression model and the BP measured by the Finapres system.

Data collection procedures. In order to provide sufficient data for BP model training, we collected 90 min
of Bio-Z and BP data with around 6000 heartbeats from each participant divided among 12 trials of BP maneu-
vers and 4 sensing locations called POS1, POS2, POS3 and Re-Attach. The first 6 BP trials were measured at the
initial sensing location POS1 from columns 2,3, and 4 with the middle column 3 aligned with the radial artery as
shown in Fig. 2(a). In order to consider the effect of different sensing locations on the BP estimation, we repeated
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the data collection at different sensing locations relative to the artery. We selected two fixed sensing locations by
shifting the sensing electrode columns by 1 column to the left and the right of the radial artery without taking off
the sensor band from the wrist. The selected electrode configuration provides displacement in sensing location
by 8.2 mm to the left and the right of the radial artery which are defined as POS2 and POS3 (Fig. 2a). In addition
to the fixed change in sensing location, we also considered an additional arbitrary sensing location by taking
off the wrist band and re-attaching it again to the wrist at a random location such that the artery is between the
electrode columns 2 and 4. The data was collected for 2 BP trials at the new sensing locations POS2, POS3, and
Re-Attach which is enough data for testing the models that are trained for POS1.

During the experiment, the participant sits on a chair with his left arm on a bench at rest to minimize the
effect of the motion artifacts on the Bio-Z and BP signals, and to keep the wrist at a constant height relative to
the heart as shown in Fig. 2(b). Before placing the wristband on the participant’s wrist, we locate and mark the
radial artery’s location using Huntleigh Dopplex MD2 Bi-Directional Doppler which measures the velocity of
blood flow using a high sensitivity probe. The mark of the radial artery is used to align the sensing location of the
Bio-Z electrodes in the wrist band with the artery’s location. The array band is placed on the wrist according to
the initial sensing configuration POS1 which is based on electrode columns 2,3 and 4 with the center column 3
is aligned with the radial artery. In addition to the wrist-worn sensor array, we used the Finapres NOVA system,
which continuously measures BP uses a finger pressure cuff placed on the middle finger of the left hand and
automatically calibrated with the standard brachial pressure cuff. Finally, in order to avoid movement of the left
hand which holds all the sensors, and therefore to prevent the motion artifacts and noise; the handgrip exercise
and cold pressor tests are carried out using the right hand of the participant. The SBP and DBP readings are
extracted from the maximum and minimum BP values at the peak and foot points of the reference BP signal
for each heartbeat. The beat-to-beat SBP and DBP readings were smoothed by a moving average window of 20
heartbeats.

Each trial to change BP consists of 7.5 min. The trial starts by handgrip exercising for 3 min, followed by a
cold pressor test for 1 min by immersing the right hand in an ice water container, and ends by 3.5 min at rest.
During each trial, starting from normal BP, an increase in BP occurs gradually with handgrip until it reaches its
peak value by the end of the 3 min of the exercise. After that, BP starts to decrease and the cold pressor jumps in
to slow down the drop in BP by trying to elevate the BP again. After that, the BP recovers back slowly to normal
BP during the resting period as shown in Fig. 2(c).

The choice of handgrip exercise compared to other exercising methods such as cycling or running on a tread-
mill provides a large enough BP increase of about 50 mmHg above normal BP with minimum wrist movements
to decrease motion artifacts in the collected data. We chose the cold pressor test to follow handgrip exercise in
order to include different physiological mechanisms of BP changes from exercising for more general BP models.
Also, BP drops suddenly in healthy subjects after handgrip exercise; therefore, the cold pressor helps to keep
BP high for a longer time. This is preferable in order to provide more data points at high BP for better training
and testing of the BP models. The handgrip exercise and cold pressor test are the best BP maneuvers that can
change BP with minimal increase in heart rate so that the model is focused on BP changes rather than heart rate
changes. In addition, these 2 BP maneuvers can be performed by participants in the lab with a high degree of
repeatability in BP profile from one iteration to another among all subjects.

Since the proposed data training model is subject-specific, a solid and reliable BP reference reading is inevita-
ble. With respect to this requirement, we used Finapres NOVA system, which uses the standard brachial pressure
cuff for self-calibration and continuously measures BP using a finger pressure cuff placed on the middle finger.
The Finapres reference system has the U.S. Food and Drug Administration (FDA) approval and besides, has
received significant attention as a reference device for continuous BP measurements®-2°.

Bio-impedance signal pre-processing. The Bio-Z signal processing is responsible for extracting the
Bio-Z blood pulsation signal, defined as (ABio-Z), from the raw Bio-Z signal. The raw Bio-Z signal includes the
ABio-Z pulse signal superimposed over a slowly-varying Bio-Z DC component that corresponds to the static
tissue impedance. The most prominent feature in the raw Bio-Z signal is the sharp edge between the systolic and
diastolic points repeated each heartbeat with the max. slope point in the middle of the edge. The DC component
of Bio-Z is estimated from the interpolation between max. slope points detected beat-by-beat. The max. slope
points are detected from the lower peaks of the first derivative of Bio-Z constrained by a minimum peak distance
0f 0.57 x (1/HR) and a minimum peak height of 35% of the lower peak envelope. The HR is the average heart rate
of the processed time segment of 2.5 min calculated from the frequency of the most prominent peak of the signal
power spectral density. The lower peak envelope of the raw Bio-Z signal is determined using spline interpola-
tion over local maxima separated by at least 0.65 s. Then, the ABio-Z pulse signal is extracted by subtracting the
estimated DC component of Bio-Z from the raw Bio-Z signal.

CNN autoencoder. For generalization, we assume we have K sensor signals that will be combined with the
CNN autoencoder to reconstruct the arterial pulse signal denoted as ABio-Z,,, at the intermediate layer which
the encoder output.

In order to arrange the input data for the CNN autoencoder, each pulse signal of ABio-Z is divided into sepa-
rate heartbeats that have different amplitude and number of samples according to the heartbeat duration. The
number of samples per heartbeat is equalized and downsampled to L samples for each heartbeat in the dataset
per subject by interpolation of each heartbeat at new L time samples with equal time steps that span each heart-
beat. The downsampling of the signals helps in reducing significantly the number of autoencoder parameters.
Consequently, all the heartbeats are normalized in duration with the same time grid. In addition, the amplitude
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of the heartbeats is normalized by dividing the amplitude of the whole heartbeat by its peak-to-peak amplitude,
so that the amplitude of all pulses has the same amplitude range.

The input K heartbeats sequence is divided into time segments of N heartbeats with a time step of 10% of the
heartbeat period L. Then, each time segment is arranged in a 3D array of N heartbeats Nx Kx L with N is the
number of heartbeats, K is the number of sensors and L is the length of the pulse. This 3D array is the input to the
autoencoder as shown in Figure $9. The encoder CNN network consists of a 3D convolution window with dimen-
sions of Nx Kx F and stride of 1, where F is the filter width as a segment within L. The decoder network consists
1D CNN network repeated N x K times with a convolution window size of F and stride of 1. All CNN networks
have a linear activation layer and zero biases to match the linear filter model that was adopted for the transfer
function from arterial pulse to the sensor measurement. The total parameters to be trained for the autoencoder
using this implementation is 2 x N x Kx F. The CNN autoencoder is implemented with Keras functions in Python.
The autoencoder is trained using Adam optimizer as a stochastic gradient descent algorithm with mean squared
error as loss function. In order to ensure the continuity of the final encoder output ABio-Z,,,, the encoder CNN is
applied again after training with the input data as the concatenation of all the 3D arrays of the input data along the
time axis. In addition, the encoder CNN coeflicients are upsampled to the original heartbeat sampling rate and
reapplied on the original heartbeat data before downsampling in order to generate the encoder output ABio-Z,
in the original high sampling rate to provide high time resolution in the next steps of point detection and feature
extraction. In this study, the CNN autoencoder parameters are selected according to Table S8.

Characteristic points detection. The dynamic cardiac activity of ABio-Z pulse signal is characterized by
six characteristic points each heartbeat, consisting of diastolic peak (DIA), maximum slope (MS), systolic foot
(SYS), inflection point (IP), dicrotic peak (DP) and dicrotic notch (DN)¥. The selected points can completely
abstract the blood pulse morphology and describe the main rising and falling edges of the heartbeat as shown in
Figure S10(a). On every heartbeat, the ABio-Z signal descends from the first peak to the first foot, which indi-
cates a sudden increase in the blood volume as the pressure pulse arrives at the sensing point on the wrist. The
ABio-Z peak DIA and foot SYS points represent the diastolic and systolic phases of the BP pulse, respectively.
Furthermore, due to higher vascular resistance, the back reflection of the BP pulse results in the second smaller
dicrotic peak and notch in the middle of the heartbeat.

The MS point of ABio-Z corresponds to a foot point in the first derivative of the ABio-Z signal and a zero
crossing in the second derivative of the ABio-Z signal. The DIA and SYS points are calculated from the first
derivative of ABio-Z signal by the two zero-crossing points adjacent to the foot point. The IP point acts as the
MS point at the second smaller falling edge in the same heartbeat. The IP point is calculated from the zero cross-
ings in the second derivative of ABio-Z signal that follows the MS zero crossing in time in the same heartbeat.
Also, the IP point corresponds to a secondary foot point in the first derivative that follows the main foot of the
MS point. Similar to the DIA and SYS points, the DP and DN points are calculated from the two zero-crossing
points adjacent to the IP second at the foot point of the first derivative of ABio-Z signal. The coordinates of the
six characteristic points in terms of time and amplitude are the parameters employed to determine BP features.
An example of the detection of the characteristic points of the ABio-Z based on the first and second derivatives
is shown in Figure S11. The plot shows the point detection algorithm can accurately detect all the characteristic
points for six heart beats in the presence of variations in the pulse morphology from beat to beat.

Bio-impedance BP features extraction. Based on the DIA, MS, SYS, IP, DN, and DP characteristic
points, the features extracted from the bio-impedance pulse signal are categorized into sets of time, amplitude,
area, dicrotic and histogram. The time intervals between DIA and MS, SYS, and IP are the time parameters for
each signal normalized by the inter-beat interval (Tz;) which is the period of the heartbeat between succes-
sive MS points. Besides, the amplitude parameters for each bio-impedance pulse are the amplitude differences
from DIA to MS and IP points normalized by pulse foot to peak amplitude Agys. Moreover, the area under the
bio-impedance signal from DIA to the MS, SYS, and IP points represent the area parameters for each signal
normalized by the full pulse area. These sets of features were used in previous work and we introduce a new set
of dicrotic features in this work. The dicrotic set of features are added to include the amplitude and time between
dicrotic peak and notch normalized by Agys and Tyg; respectively which are highly correlated with BP changes.
The final set of features is a new proposed feature for the pulse amplitude histogram based on the population of 5
amplitude bins which are the division of the normalized pulse amplitude into 5 equal intervals. The time, ampli-
tude, area, dicrotic and histogram parameters are shown in Figure S10(b), (¢), and (d) and explained in Table S9.

The aforementioned features are substantially related to the cardiac output and the arterial stiffness of the wrist
arteries and so, are highly correlated with BP. The time interval between the systolic foot and the inflection point
measures the arterial stiffness, and besides, the area under the curve represents the total peripheral resistance of
the blood vessel®®. In addition, the ratio between the amplitudes of the systolic foot and inflection point relative
to the diastolic peak determines the intensity of the reflection wave. In this regard, the features can accurately
model the vascular properties of the wrist arteries and will be the basis for estimating the DBP and SBP.

BP prediction model. An advanced regression model is employed to translate the features extracted from
bio-impedance signals to BP. Besides, since the DBP and SBP rely on different features, a separate regression
model is utilized for each of them. In order to improve the accuracy of BP estimation, the individual variations
of each participant’s vascular properties are acquired. Therefore, the subject-specific models are trained for each
participant in our study using a limited number of training window samples. AdaBoost is the regression model
we used for our BP estimation. It is a meta-algorithm which by training a sequence of weak models through a
weighted sum of different subsets of the training data set, improves the prediction power of the algorithm and
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boosts the performance of decision trees. In fact, AdaBoost is an ensemble technique that attempts to convert
a set of weak classifiers into a strong one. The hyper-parameters of the AdaBoost models consist of the number
of the decision trees and the tree depths, which were selected as 32 and 8, respectively. For each model, the
tree depth with the minimum testing error is selected to provide the best model complexity that avoids both
overfitting and underfitting. The Bio-Z and BP data are splitted by different configurations as explained in the
Experimental Results section.

Ethical statement. The human subject BP measurements were performed under the approval of the Insti-
tutional Review Board of the University of Texas A&M (IRB no. IRB2017-0086D).

Data availability
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data is available and can be shared with interested parties upon reasonable request.
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able request.

Received: 19 August 2021; Accepted: 6 December 2021
Published online: 10 January 2022

References

1. Bloom, D. E. et al. The global economic burden of noncommunicable diseases. Program on the Global Demography of Aging
(2012).

2. Stamler, J., Stamler, R. & Neaton, J. D. Blood pressure, systolic and diastolic, and cardiovascular risks: US population data. Arch.
Intern. Med. 153(5), 598-615 (1993).

3. Dolan, E. et al. Superiority of ambulatory over clinic blood pressure measurement in predicting mortality: The Dublin outcome
study. Hypertension 46(1), 156-161 (2005).

4. Ogedegbe, G. & Pickering, T. Principles and techniques of blood pressure measurement. Cardiol. Clin. 28(4), 571-586 (2010).

5. Sala, C., Santin, E., Rescaldani, M., Cuspidi, C. & Magrini, E. What is the accuracy of clinic blood pressure measurement?. Am. J.
Hypertens. 18(2), 244-248 (2005).

6. Chen, W., Kobayashi, T., Ichikawa, S., Takeuchi, Y. & Togawa, T. Continuous estimation of systolic blood pressure using the pulse
arrival time and intermittent calibration. Med. Biol. Eng. Compu. 38(5), 569-574 (2000).

7. Poon, C., & Zhang, Y. T. Cuff-less and noninvasive measurements of arterial blood pressure by pulse transit time. In Engineering
in Medicine and Biology Society, 2005. IEEE-EMBS 2005. 27th Annual International Conference of the, 2006, pp. 5877-5880 (2006).

8. Chen, Y., Wen, C,, Tao, G., Bi, M. & Li, G. Continuous and noninvasive blood pressure measurement: a novel modeling methodol-
ogy of the relationship between blood pressure and pulse wave velocity. Ann. Biomed. Eng. 37(11), 2222-2233 (2009).

9. Chen, Y., Wen, C,, Tao, G. & Bi, M. Continuous and noninvasive measurement of systolic and diastolic blood pressure by one
mathematical model with the same model parameters and two separate pulse wave velocities. Ann. Biomed. Eng. 40(4), 871-882
(2012).

10. Ding, X.-R., Zhang, Y.-T., Liu, J., Dai, W.-X. & Tsang, H. K. Continuous cuffless blood pressure estimation using pulse transit time
and photoplethysmogram intensity ratio. IEEE Trans. Biomed. Eng. 63(5), 964-972 (2015).

11. Miao, E et al. A novel continuous blood pressure estimation approach based on data mining techniques. IEEE J. Biomed. Health
Inform. https://doi.org/10.1109/JBHI.2017.2691715 (2017).

12. Vlachopoulos, C., O’'Rourke, M. & Nichols, W. W. McDonald’s Blood Flow in Arteries: Theoretical, Experimental and Clinical
Principles (CRC Press, 2011).

13. Zheng, Y.-L,, Yan, B. P,, Zhang, Y.-T. & Poon, C. C. An armband wearable device for overnight and cuff-less blood pressure meas-
urement. IEEE Trans. Biomed. Eng. 61(7), 2179-2186 (2014).

14. Thomas, S. S. et al. BioWatch: A noninvasive wrist-based blood pressure monitor that incorporates training techniques for posture
and subject variability. IEEE J. Biomed. Health Inform. 20(5), 1291-1300 (2016).

15. Kachuee, M., Kiani, M. M., Mohammadzade, H. & Shabany, M. Cuffless blood pressure estimation algorithms for continuous
health-care monitoring. IEEE Trans. Biomed. Eng. 64(4), 859-869. https://doi.org/10.1109/TBME.2016.2580904 (2017).

16. Miao, F, Liu, Z., Liu, J., Wen, B. & Li, Y. Multi-sensor fusion approach for cuff-less blood pressure measurement. IEEE J. Biomed.
Health Inform. 24, 79-91 (2019).

17. Carek, A. M., Conant, J., Joshi, A., Kang, H., & Inan, O. T. SeismoWatch: Wearable cuffless blood pressure monitoring using pulse
transit time. In Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (2017).

18. Muehlsteff, J., Aubert, X., & Schuett, M. Cuffless estimation of systolic blood pressure for short effort bicycle tests: the prominent
role of the pre-ejection period. In Engineering in Medicine and Biology Society, 2006. EMBS 06. 28th Annual International Confer-
ence of the IEEE, 2006, pp. 5088-5092 (2006).

19. Payne, R., Symeonides, C., Webb, D. & Maxwell, S. Pulse transit time measured from the ECG: An unreliable marker of beat-to-
beat blood pressure. J. Appl. Physiol. 100(1), 136-141 (2006).

20. Mukkamala, R. et al. Toward ubiquitous blood pressure monitoring via pulse transit time: Theory and practice. IEEE Trans. Biomed.
Eng. 62(8), 1879-1901 (2015).

21. Ding, X.-R. et al. Continuous blood pressure measurement from invasive to unobtrusive: celebration of 200th birth anniversary
of Carl Ludwig. IEEE ]. Biomed. Health Inform. 20(6), 1455-1465 (2016).

22. O’brien, E., Waeber, B., Parati, G., Staessen, J. & Myers, M. G. Blood pressure measuring devices: Recommendations of the European
Society of Hypertension. BMJ 322(7285), 531-536 (2001).

23. Ibrahim, B. & Jafari, R. Cuffless blood pressure monitoring from an array of wrist bio-impedance sensors using subject-specific
regression models: Proof of concept. IEEE Trans. Biomed. Circuits Syst. 13(6), 1723-1735 (2019).

24. Maver, J., Strucl, M. & Accetto, R. Autonomic nervous system activity in normotensive subjects with a family history of hyperten-
sion. Clin. Auton. Res. 14(6), 369-375 (2004).

25. Voss, A. et al. Comparison of nonlinear methods symbolic dynamics, detrended fluctuation, and Poincare plot analysis in risk
stratification in patients with dilated cardiomyopathy. Chaos Interdiscipl. J. Nonlinear Sci. 17(1), 0151 (2007).

26. Chandrasekhar, A. ef al. Smartphone-based blood pressure monitoring via the oscillometric finger-pressing method. Sci. Transl.
Med. 10(431), 8674 (2018).

Scientific Reports | (2022) 12:319 https://doi.org/10.1038/s41598-021-03612-1 nature portfolio


https://doi.org/10.1109/JBHI.2017.2691715
https://doi.org/10.1109/TBME.2016.2580904

www.nature.com/scientificreports/

27. Ibrahim, B., & Jafari, R. Continuous blood pressure monitoring using wrist-worn bio-impedance sensors with wet electrodes. In
2018 IEEE Biomedical Circuits and Systems Conference (BioCAS), 2018. IEEE, pp. 1-4 (2018).
28. Elengdi, M. On the analysis of fingertip photo plethysmogram signal. Curr. Cardiol. Rev. 2012, 14-25 (2012).

Acknowledgements
The work was supported in part by the National Institute of Health Grant 1RO1EB028106-01 and
1R01HL151240-01A1.

Author contributions

B.I. and R.J. conceived the idea of using Bio-Z sensor array and CNN autoencoder for BP estimation and designed
the experiments. B.I. designed the instrumentation for bio-impedance acquisition, performed blood pressure
experiments and analyzed the data. The manuscript was written through the contributions of all authors. All
authors have given approval to the final version of the manuscript.

Competing interests

The authors, RJ and BI, filed a patent related to this research and this patent is licensed to SpectroBeat LLC. The
associated patent application is US 2020/0138303 with the title "System and method for cuft-less blood pressure
monitoring".

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/s41598-021-03612-1.

Correspondence and requests for materials should be addressed to B.I. or R.J.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:319 | https://doi.org/10.1038/s41598-021-03612-1 nature portfolio


https://doi.org/10.1038/s41598-021-03612-1
https://doi.org/10.1038/s41598-021-03612-1
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Cuffless blood pressure monitoring from a wristband with calibration-free algorithms for sensing location based on bio-impedance sensor array and autoencoder
	Results
	Discussion
	Methods
	Background. 
	Introduction. 
	Arterial pulse estimation using autoencoder. 
	System overview. 
	Bio-Z sensing hardware. 
	Data collection procedures. 
	Bio-impedance signal pre-processing. 
	CNN autoencoder. 
	Characteristic points detection. 
	Bio-impedance BP features extraction. 
	BP prediction model. 
	Ethical statement. 

	References
	Acknowledgements


