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Abstract

Automatic and continuous blood pressure monitoring is important for preventing
cardiovascular diseases such as hypertension. The evaluation of medication effects and
the diagnosis of clinical hypertension can both benefit from continuous monitoring.
The current generation of wearable blood pressure monitors frequently encounters
limitations with inadequate portability, electrical safety, limited accuracy, and precise
position alignment. Here, we present an optical fiber sensor-assisted smartwatch for
precise continuous blood pressure monitoring. A fiber adapter and a liquid capsule
were used in the building of the blood pressure smartwatch based on an optical fiber
sensor. The fiber adapter was used to detect the pulse wave signals, and the liquid
capsule was used to expand the sensing area as well as the conformability to the body.
The sensor holds a sensitivity of -213uw/kPa, a response time of 5 ms, and high repro-
ducibility with 70,000 cycles. With the assistance of pulse wave signal feature extraction
and a machine learning algorithm, the smartwatch can continuously and precisely
monitor blood pressure. A wearable smartwatch featuring a signal processing chip, a
Bluetooth transmission module, and a specially designed cellphone APP was also cre-
ated for active health management. The performance in comparison with commercial
sphygmomanometer reference measurements shows that the systolic pressure and
diastolic pressure errors are -0.35 +4.68 mmHg and -2.54 +4.07 mmHg, respectively.
These values are within the acceptable ranges for Grade A according to the British
Hypertension Society (BHS) and the Association for the Advancement of Medical
Instrumentation (AAMI). The smartwatch assisted with an optical fiber is expected to
offer a practical paradigm in digital health.

Keywords: Blood pressure, Optical fiber sensor, Smartwatch

Introduction

The most prevalent disease worldwide has been hypertension, which dramatically raises
the chance of developing heart, brain, kidney, and other disorders [1-4]. In the past
three decades, 1.28 billion persons aged 30—79 who have hypertension are now affected
by it, but only 14% have it under control [5]. It has been reported that monitoring blood
pressure fluctuations within 24 h will contribute to assessing drug effects and preventing
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cardiovascular diseases. As such, continuous blood pressure monitoring is in great
demand for cardiovascular health management.

Traditional cuff sphygmomanometers require a cuff airbag wrapped around the arm
to inflate and pressurize [6, 7]. The inflated airbag interrupts the blood flow and further
limits the possibility of continuous measurement. To achieve wearable continuous blood
pressure monitoring, photoplethysmogram (PPG) and pressure/strain sensors have been
widely developed. PPG measures the light attenuation due to the blood flow, records the
pulsatile state of blood vessels, and obtains pulse wave signals which are essential for
blood pressure estimation [8—10]. Despite the potential of PPG sensors for non-invasive
and continuous ways, the large power consumption, and low sensitivity constrained its
application in clinical practice. Recently, benefiting from the development of electronics,
materials, and mechanical designs, numerous flexible biomedical sensors such as those
based on triboelectric [11, 12], piezoelectric [13], magnetoelastic [14], resistive [15,
16], capacitive [17, 18], and ultrasonic technology [19], have been created to constantly
monitor pulse wave signals and blood pressure. Although the above sensors have already
shown promise for sensing physiological signals, the sensitivity to electromagnetic inter-
ferences (EMIs) and un-insulation become new barriers to the broad adoption of this
technology in practice [20]. In addition, obstacles to the practical application include the
biocompatibility of metallic components. Therefore, the development of a highly sensi-
tive flexible blood pressure sensor with the ability of electrical safety is urgent in an intel-
ligent wearable device.

Nowadays, optical fiber sensors have offered avenues for blood pressure monitor-
ing. They hold considerable promise for wearable applications due to their high sensi-
tivity, flexibility, fast response time, lightweight, compactness, great biocompatibility,
and immunity to electromagnetic interference [21-23]. Moreover, under the back-
ground of Fiber To The Home (FTTH), more details regarding cardiovascular health
can be obtained using optical fiber sensors in network systems, which is important for
future medical networks and the realization of telemedicine and precision [24]. Recent
advances based on micro-fiber [25], Fiber Bragg Gratings (FBG) [26], and Singlemode-
Multimode-Singlemode (SMS) [27] have been widely reported. Despite the great per-
formance the reported sensors exhibit, there remains space to be improved. The current
optical fiber sensor greatly depends on the position of the sensor alignment to the artery,
which is not amenable for practice. In addition, the aforementioned blood pressure sen-
sors estimate systolic and diastolic pressure through pulse transit time (PTT). Neverthe-
less, due to the confounding influences of the cardiovascular, pulmonary, and autonomic
nervous systems, the association between PTT and blood pressure is not linear and has
low accuracy. Last but not least, the complex and bulky optical fiber blood pressure
monitoring systems make it difficult to be integrated a continuous monitoring smart-
watch. In summary, it has not yet been possible to create devices that are very sensitive,
naturally electrically safe, and devoid of position alignment.

In this work, we proposed and developed an optical fiber sensor-assisted smartwatch
for continuous precise blood pressure monitoring. A fiber adapter and a liquid cap-
sule were used in the building of the blood pressure smartwatch. The fiber adapter was
used to detect the pulse wave signals and the liquid capsule was used to enhance the
sensing area as well as the conformability to the body. Then, typical features of pulse
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wave signals will be extracted and constructed blood pressure estimation model with
a machine learning algorithm. The optical fiber sensor facilitates the smartwatch to
have a high sensitivity up to -213 pw/kPa in the pressure range of 0-2 kPa, an ultra-fast
response time of 5 ms, and high reproducibility with 70,000 cycles. In addition, a wear-
able signal processing chip, a Bluetooth transmission module, and a specially designed
mobile APP are easily connected with the optical fiber sensor to create a blood pressure
monitoring smartwatch. The smartwatch’s performance reveals that the mean deviation
is less than 3 mmHg and the error standard deviation is less than 5 mmHg, which meets
the requirement of the international standard. In order to solve the problem of pulse
shape variation and the difficulty to extract the feature points uniformly, the automatic
correction threshold method is proposed in this work. The Feature extraction based on
automatic correction thresholding method will improve the accuracy of feature recogni-
tion, and further increase the accuracy of blood pressure. Our smartwatch allows for
precise continuous blood pressure monitoring, illustrating its potential application in
cardiovascular disease prevention and diagnosis, which will facilitate the development of

individual-centered health management.

Method

Continuous blood pressure monitoring smartwatch

To provide tailored healthcare delivery and encourage anticipatory behavior with an
emphasis on illness prevention and health promotion, an optical fiber sensor assisted
smartwatch was designed for continuous and portable blood pressure monitoring. A
schematic of the blood pressure monitoring system is displayed in Fig. 1(a). The system
consisted of an optical fiber sensor, signal acquisition, data processing, blood pressure
calculation, smartwatch terminal, and cellphone. The heart’s pulsation propagates out-
ward along arterial vessels to create the pulse wave. The pulsation will result in different
patterns corresponding to artery elasticity, and blood viscosity. The pulse signals were
sensed by the optical fiber sensor and then detected by photodetectors and converted
into electrical signals. The microprocessor was designed which included signal acquisi-
tion, conversion, denoising, and feature extraction. In order to estimate blood pressure
more accurately, the neural network was used here to train the model. Finally, the sys-
tolic blood pressure (SBP) and diastolic blood pressure (DBP) values were displayed on
the screen and transmitted to a mobile phone wirelessly.

Principle and fabrication of optical fiber sensor-assisted smartwatch

An optical fiber sensor-based blood pressure smartwatch is made up of two components:
a liquid capsule and a fiber adaptor. The fiber adapter was used to collect weak pressure
signals, such as pulse wave signals, the liquid capsule was utilized to expand the sens-
ing area. Figure 1(b) exhibits the whole structure of the proposed fiber adapter which
comprised a polyethylene (PE) tube (inner/outer diameter: 127/254 pum, SCI PE-01), an
air core, and two multimode fibers. It should be pointed out that the two multimode fib-
ers had the same cladding diameter while different core diameters (Sending MME, core/
cladding: 62.5/125 um, Receiving MME, core/cladding: 105/125 pm). To improve the sta-
bility, ultraviolet (UV) glue was chosen to seal the two multimode fibers and PE tube at
both ends because of its rapid curing.
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Fig. 1 Schematic of the blood pressure monitoring system. a The monitoring system consists of an optical
fiber sensor, signal acquisition, data processing, blood pressure calculation, smartwatch terminal, and mobile
phone. b The fiber adapter’s construction. ¢ Distribution of the field energy density. d Distribution of the
optical field energy density under pressure e The fabrication of proposed sensor

In order to understand the working principle of fiber adapter, finite-elemental anal-
ysis (FEA) by Comsol Multiphysics simulating the optical field energy of two adapters
against increasing external pressure was conducted. As demonstrated in Fig. 1 (c), when
probe light passed through the Sending MMF and entered the PE tube without being
compressed, the majority of the optical field energy was distributed in the air core. Fig-
ure 1 (d) illustrates that the PE tube would deform when pressure was applied, the trans-
mission loss was caused by the optical field’s energy distribution, which tended to the
cladding. As such, by monitoring the change in transmitted light intensity at the receiv-
ing end, pulse wave signals can be measured to estimate blood pressure.

Although fiber adapter has already shown excellent promise for micro-scale vital signs
signals, distortion caused by position drift and misalignment remain barriers to broad
adoption of this technology in practical application. For achieving free alignment and
spatial insensitivity, a liquid capsule was designed. According to Pascal’s Principle, any
location in an incompressible static fluid that is stimulated by an external pressure may
experience a rise in pressure, which will instantly be communicated to all other places in
the static fluid [28]. As such, the fiber adapter sealed inside the capsule will receive any
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detected pulse wave signals from the liquid capsule base without degradation so that the
spatial insensitivity and free alignment are successfully realized. In addition, the liquid
capsule which promotes conformability to the body will improve the coupling between
the optical fiber sensor and body, enabling more precise blood pressure monitoring.

The process for fabrication of optical fiber sensor is shown in Fig. 1(e). First, the
two multimode fibers with flat end surfaces were aligned and inserted into both sides
of the PE tube. For better stability, the two multimode fibers and PE tubes were sealed
by ultraviolet (UV) glue. Next, the Polydimethylsiloxane (PDMS, Sylgard 184; module,
~2 MPa) films with a thickness of 700 um were used as the packaging material which
sandwiched the fiber adapter. Here, PDMS was chosen owing to its low refractive index,
excellent flexibility, transparency, and biocompatibility [29-31]. As for the liquid cap-
sule, the PDMS foundation and liquid made up the convex-shaped liquid capsule, which
had a 25 mm radius of curvature. The PDMS base had an external diameter of 20 mm, a
depth of 1.75 mm, and a thickness of 400 pum. The recessed area (depth: 1.5 mm, diam-
eter 15 mm) in the middle was filled with glycerol solution due to the chemical stability
and non-toxicity. The base and PDMS film were created through molding. In a vacuum
chamber, a 10:1 combination of PDMS monomer and curing agent was degassed for
15 min. The precursor was then poured into the corresponding specially made mold.
The film and base can be demolded and filled with glycerol solution following a 40-min
cure at a temperature of 80 °C. Finally, the PDMS film sandwiched with a fiber adapter
was used to seal the liquid capsule. Thus, the optical fiber sensor was prepared. The soft,
flexible PDMS film and base offer electric insulation and corrosion resistance for the

sensor.

Characterization of the proposed sensor

The static and dynamic response of the optical fiber sensor was systematically investi-
gated. During the sensitivity test, a probe controlled by a three-dimensional micro dis-
placement stage gradually compressed the sensor. The balance (JJ124BC) beneath the
sensor simultaneously recorded the applied pressure with a resolution of 0.1 mg, while
the optical power output of the sensor was recorded simultaneously by the optical power
meter (PMSII-B). As Fig. 2(a) displayed, the proposed sensor exhibits decreasing power
curves with applied pressure. The sensitivity is calculated using the slopes of the change
in optical power (AG)) vs the applied pressure (AP); the formula is S=(AG))/(AP).
The sensor displayed a sensitivity as -213 pw/kPa with a high linear working range of
0-2 kPa. Especially, the high linearity (R*=0.989) in this range is also exhibited, which
helps to avoid distortion in pulse wave signals detection. It should be pointed out that
the pulse wave signal is a weak pressure, thus sensors with a linear range of less than
2 kPa are sufficient for measuring pulse waves [20, 32]. To investigate the repeatability
of sensitivity, five loading cycles are applied to the sensor. As Fig. 2(b) shown, five cycles
present a high coincidence which means the sensor has a good consistency. Besides the
sensitivity and consistency, the response time is also necessary for real-time vital signs
monitoring. A ping pong ball fell freely to the sensor and promptly rebounded which
induced a transient pulse of the sensor’s output. As Fig. 2(c) presented, the rise time is
only 5 ms, demonstrating the sensor is ultrafast in response and satisfies the real-time
vital signs monitoring.
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Fig. 2 The characteristics of the optical fiber sensor. a The sensor’s optical power-pressure curve, which
ranges from 0-8 kPa. b Study of sensitivity coincidence over 5 cycles. ¢ 70,000 cycles of cyclic loading at a
frequency of 2 Hz are applied to the sensor. d Response time of the sensor. e The sensing area with sixteen
grids on the wrist. f Arterial pulse signals from various sites by proposed sensor

To assess the operational stability and dependability over the long period, the proposed
sensor was fixed to a three-dimensional micro displacement stage, and a vibration stage
operating at a frequency of 10 Hz continuously supplied periodic pressure, as Fig. S1
investigated. Figure 2(d) shows that no obvious performance degradation was observed
after 70,000 cycles, which indicates excellent robustness and durability. In addition, the
sensor’s dynamic response was further assessed at various frequencies between 10 and
40 Hz and the results are displayed in Fig. S2. It is obviously seen that under the high
frequencies, the sensor shows no performance deterioration and continues to function
flawlessly. It is hopeful that it will be evolved into a useful wearable gadget because of the
long-lasting and repeatable performance.

To evaluate the free alignment and spatial insensitivity, the proposed sensor was
placed at a different place in the wrist region to detect pulse signals. As Fig. 2(e)
depicted, sixteen grids with an area of 20 x 20 mm? were marked in the radial artery
region. The position of the arterial blood vessel has been indicated with a red star. The
center of the sensor is aligned at different locations in the grid. Setting up a coordinate
system will help to get a better understanding. The radial artery was set to the origin of
the coordinates. The center of the sensor was placed on (0,0) (0,5) (0,-5) (0,10) (0,-10)
(5,0) (-5,0) (10,0) (-10,0) (10,10) (10,-10) (-10,10) (-10,-10), respectively as depicted in
Fig. 2(f) (Solid red circle). Obviously, there is no distortion of pulse wave signals caused
by position drift which will ensure accuracy in blood pressure results. To further validate
the liquid capsule performance, a fiber adapter was positioned at each grid point to col-
lect signals, as displayed in Fig. S3. Compared with the proposed sensor, only when the
fiber adapter was placed in close proximity to the radial artery, were undistorted pulse
wave signals able to be successfully obtained. Thus, the proposed sensor held a number

Page 6 of 14



Li et al. PhotoniX

(2023) 4:21

of appealing qualities that made it ideal for long-term cardiovascular treatment, includ-
ing great sensitivity, outstanding durability, and quick response time.

Pulse wave analysis and blood pressure monitoring

During the whole ventricular pulsation, the heart contracts and relaxes continuously,
leading to the expansion and contraction of the aortic vessel wall. Thus, the periodic
increase and decrease of blood volume form the pressure changes in waves as pulse
signals [33-37]. The pulse wave signals carry abundant cardiovascular information.
The pulse wave signal’s characteristics such as shape, period, peak value, and waveform
feature are closely related to cardiovascular health levels [38, 39]. When pathological
changes occur, the shape of the pulse wave will change accordingly. Thus, the features
of pulse wave signals contain a wealth of physiological and pathological information
about blood pressure. In this work, several blood pressure-related features were selected
and analyzed. As presented in Fig. 3(a), The foot, the percussion wave peak, the dicrotic
notch, and the dicrotic wave peak wave are all denoted by the letters "A," "B," "C," and
"D," respectively. The detailed relationships and definitions are defined in Table 1.

Benefiting from the high sensitivity, fast responsivity, high repeatability as well as con-
formability to the body, the smartwatch can be employed to measure pulse wave signals
and estimate blood pressure by recording the dilation and contraction of blood vessels
walls. Here, a machine learning technique was used to estimate the blood pressure, as
demonstrated in Fig. 3(b). The pre-process was as follows: firstly, a low-pass filter with
a cutoff frequency of 10 Hz was utilized to eliminate the noise brought on by high-
frequency interference. Then the baseline drift caused by light intensity variation and
other perturbations was eliminated via a polynomial method. Next, wavelet process-
ing was used to increase the signal-to-noise ratio (SNR). The features of the pulse wave
were extracted and then construct a trained model to estimate blood pressure values.
The automatic correction threshold method is proposed to solve the misjudgment prob-
lem of feature points as presented in Fig. S4. A small initial threshold is set to identify
whether the position of the dicrotic wave and dicrotic notch is misjudged, so as to auto-
matically correct the threshold, and finally realize the adaptive extraction of the pulse
wave points of different forms. This method can effectively solve the misjudgment prob-
lem of feature points. The Feature extraction based on automatic correction threshold-
ing method will improve the accuracy of feature recognition, and increase the accuracy
of blood pressure.

To establish a data set for the blood pressure estimation models, it was essential to
precisely extract the features of the pulse wave signals, which will improve the accuracy
and reduce overfitting. To further display the relationship between blood pressure val-
ues and features extracted from pulse wave signals, the Person correlation analysis was
used to uncover the correlation coefficient [40]. Figure 3(c) and (d) plot the heat map
of the Pearson correlation coefficient of SBP, DBP and pulse wave features, respectively.
When two variables are positively correlated, the correlation coefficient is between 0 and
1, while negatively correlated, the correlation coefficient is between -1 and 0. It illus-
trates that the correlation coefficient between SBP and TmCA, TmBB, Areal, Area2,
RSD, AmAB, AmAC are 0.80, 0.81, 0.66, 0.66, -0.66, -0.61, -0.70, respectively. As for
DBP, the correlation coefficient between DBP and TmCA, TmBB, Areal, Area2, RSD,
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Propagation Neural Network

Table 1 Definitions of the selected features of pulse wave signals

Features Definitions

AmAC Amplitude between A peak and C peak

AmAB Amplitude between A peak and B peak

TmBB The time span between two successive A peaks

TmCA The timespan between C peak of the current heartbeat and A
peak of the next heartbeat

TmAC The timespan between A peak and C peak of the same heartbeat

Area 1 Area of the systolic phase

Area 2 Area of the diastolic phase

RSD The ratio of systole TmAC to diastole TmCA
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AmAB, AmAC are 0.74, 0.64, 0.72, 0.72, -0.75, -0.56, -0.43, respectively. Especially, the
two variables are considered to be significantly correlated when the correlation coeffi-
cient is greater than 0.6. Therefore, the seven features mentioned above were all selected
to establish a data set for the SBP estimation models, TmCA, TmBB, Areal, Area2, and
RSD were selected to establish a data set for the DBP estimation models.

Blood pressure estimation model based on machine learning

Machine learning is considered a promising blood pressure estimation algorithm and it is
expected to combine the extracted pulse wave features with it. The retrieved features in
this instance served as inputs and produced two outputs that represented SBP and DBP.
Back Propagation Neural Network (BPNN) was popularly used for blood pressure estima-
tion because of its excellent generalization and adaptive ability [41-43]. A typical BPNN
consists of the input layer, the hidden layer, and the output layer, as illustrated in Fig. 3(e).
The principle of BPNN is shown in Fig. 3(f). When the network received a set of training
samples, the activation values of the neurons propagated via the intermediate levels to the
output layer. Each neuron in the output layer then received the network’s input response.
The second stage was the back-propagation of the error, from the output layer through
each intermediate layer to correct each weight, and finally returned to the input layer. As
the network continued to correct in the direction of decreasing error, the system’s ability
to respond to input accurately grew as well. In this work, a four-layer neural network that
composed of an input layer, two hidden layers, and an output layer was constructed.

Results and discussion

Blood pressure monitoring

To validate the performance of the smartwatch for continuous blood pressure monitoring,
we cooperated with the division of cardiology of hospital. The 105 sets of data were randomly
selected for a practical experiment. Note that 70% of the dataset was used as the training set,
while the remaining 30% was selected as the test set. Figure 4(a) and (b) plot the histogram
distribution of the SBP and DBP dataset, respectively. During the measurement process, the
volunteers kept silent and wore a smartwatch on their left-hand wrist to monitor blood pres-
sure in real-time. To assess the precision of the measurement value, the intelligent sphyg-
momanometer (OMRON HEM-8102A) was worn on the upper arm of the right hand.

To fully evaluate the smartwatch’s accuracy and precision, the error analysis was
carried out. As shown in Table 2, the mean bias (Mean) and error standard devia-
tion (SD) for SBP are determined as—0.35+4.68 mmHg. For DBP, they are, respec-
tively, — 2.54 mmHg and 4.07 mmHg. The Association for the Advancement of Medical
Instrumentation (AAMI) states that standard deviations must be fewer than 8 mmHg
and mean biases must be less than 5 mmHg [44]. Therefore, the smartwatch meets the
requirements. Moreover, the British Hypertension Society (BHS) standard states that
errors are commensurate with grade A [45]. The results of error analysis indicate that
the smartwatch is well within the international standards.

Figure 4(c) and (d) present the measured blood pressure correlation analysis com-
pared to the reference values. Here, the measured SBP and DBP were obtained from
the testing data by using the Back Propagation Neural Network which was trained by
using the training data. Also, the reference values were monitored by a commercial

Page 9 of 14



Li et al. PhotoniX

(2023) 4:21
a b
@) )
] 3
= =
£ £
3 3
G G
=3 (=]
= =
2 :
£ £
= =
z Z
0 0
(100,110] (110-120] (120-130] (130-140] (140-150] [55.65] (65,751  (75.85]  (8595]  (95,105]
Systolic blood pressure (mmHg) Diastolic blood pressure (mmHg)
(©) (@
140 105
R*=0.89 R*=0.92 °
sk : ° 100 | -
— —~ 95F
- =
:cgb 130 % ook
& 125F E g5t
o a
2 1o} 8 sof
= =
S st £ Br
2 2
g 110 § r
65|
105F ° @ Actual value 60 @ Actual value
100 N N N N L Predicted line 55 N N N N N N Predicted line
100 105 110 115 120 125 130 135 140 55 60 65 70 75 80 8 90 95 100 105
Reference SBP (mmHg) Reference DBP (mmHg)
(e) ®
20 20
5 5
& a
8 8
= =
5} 10k Mean+1.96SD:8.82 L 10 F
& & Mean+1.96SD:5.44
1) * 17}
4 * * f * ~ * *
b=} * * * -] *
Scy * X * Mean-035| &2 *  x* *
sI 0 * can:lk SZ of * % Mean:-2.54
2 £ * % * g E e e *
zE& B k* * zE *x O *
S b * b * *¥ *
= * = * *
S -10F 5 -10f * *
P Mean-1.96SD:-9.52 =
k) S Mean-1.96SD:-10.52
kS B
> >
g b B
105 110 115 120 125 130 135 140 60 65 70 75 8 8 90 95 100 105
Mean of Measured and Reference SBP (mmHg) Mean of Measured and Reference DBP (mmHg)

Fig. 4 a Distribution of SBP. b Distribution of DBP. ¢ Correlation analysis of systolic blood pressure by 30
subjects. d Correlation analysis of diastolic blood pressure by 30 subjects. e Bland—-Altman plots of systolic
blood pressure. f Bland-Altman plots of diastolic blood pressure

Table 2 Results of blood pressure measurement

Blood pressure Mean (mmHg) SD (mmHg)
SBP -0.35 4.68
DBP -2.54 407

monitor. The estimated SBP and DBP correlation coefficients are 0.89 and 0.92,
respectively, demonstrating that smartwatch correlates well with the reference sphyg-
momanometer. In addition, Bland—Altman analysis was used to evaluate the consist-
ency of smartwatch and sphygmomanometer computing as Mean £ 1.965SD (Standard
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deviation) [46]. Brand-Altman recorded the deviation of two blood pressure values
measured by smartwatch and sphygmomanometer, plotting it against the mean values
at the same time. The Bland—Altman plots of SBP and DBP are illustrated in Fig. 4(e)
and (f). For SBP, the mean blood pressure value is -0.35 mmHg with a 95% confidence
interval of -9.52 mmHg to 8.82 mmHg and. Correspondingly, the 95% confidence
interval is between -10.52 mmHg to 5.44 mmHg and the mean blood pressure value
is -2.54 mmHg, for DBP. All results fall within the 95% confidence limits, suggesting
that blood pressure values measured by the smartwatch are accurate and in complete

agreement with the sphygmomanometer.

Ambulatory blood pressure monitoring

Compared with the current research which focused on the blood pressure sensors with-
out integration [47-49], this work not only proposes a robust and sensitive sensor that
eliminates the distortion of pulse signal caused by position drift and misalignment, but
more importantly develops a wearable smartwatch integrated with essential elements.
To demonstrate an application of ambulatory blood pressure monitoring, the proposed
smartwatch was worn by a 25-year-old female as shown in Fig. 5(a), and the structure
of a blood pressure smartwatch is illustrated in Figs. S5 and S6 displayed the accuracy

of the smartwatch compare to a commercial sphygmomanometer. The SBP difference
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between the proposed smartwatch and the commercial sphygmomanometer is 0 while
the DBP difference is 4 mmHg. The results of the error analysis indicate that the smart-
watch is well within international standards. The blood pressure data from 8:00 in
the morning to 8:00 the next day was continuously recorded. It can be observed from
Fig. 5(b) that blood pressure has the lowest value at night (2:00 am) and rises rapidly
after getting up in the morning, then a peak at 6-10 am and 4-8 pm will appear, fol-
lowed by a slow decline. To further improve user-friendliness, a customized APP pro-
gram was developed as exhibited in Fig. 5(c). The personal information interface, a 24-h
historical data interface, a real-time measurement interface, and a week historical data
interface were displayed to realize capture and analysis of health data in real-time. In
addition, it is significant to assist patients with hypertension recording their condition
as a reference for medication. As such, the proposed smartwatch provides digital and

personalized health monitoring.

Conclusion

In general, we have demonstrated a unique flexible high-performance optical fiber sensor
and integrated it with a smartwatch to achieve automatic and accurate blood pressure mon-
itoring. Combining the advantages of the fiber adapter and the liquid capsule, the sensor
can perform effective measurement of pulse wave signals. Besides excellent performance,
such as robust sensitivity(-213 pw/kPa), fast dynamical response(< 5 ms), and high stability
(>70,000 cycles), high-fidelity pulse wave signals in the region of 20 x 20 mm? are obtained
while the distortion caused by position misalignment was eliminated. This work not only
designs an optical fiber sensor but more importantly extends the sensing area and integrates
it into a smartwatch. By extracting the features of pulse waves using the automatic correc-
tion threshold method and constructing a BPNN estimation model, blood pressure val-
ues can be accurately calculated. The errors of SBP and DBP were -0.35+4.68 mmHg and
-2.54+4.07 mmHg, respectively, which were within the international standard. Further-
more, a wearable smartwatch integrated with a signal processing chip, a Bluetooth trans-
mission module, and a specially designed mobile APP was developed to monitor 24-h blood
pressure. This work constitutes the breakthrough for ambulatory personalized blood pres-

sure monitoring as well as active daily human health management.
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