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Abstract. Early Warning Score (EWS) is a measure commonly used in
hospitals since 90’s to quantitatively assess the health of patients and
predict its deterioration. Currently, nurses perform this assessment peri-
odically by measuring respiration rate, oxygen saturation, systolic blood
pressure, heart rate, core body temperature, and level of consciousness.
Automation of this process using wearable devices allows for continuous
monitoring inside and outside hospitals while reducing nurses’ workload
and monitoring costs. Current systems designed for this purpose use
a separate device for measuring each of those bio-metric signals. This
presents a challenge for the comfort and practicality of use in a real-life
setup and increases its associated costs. In this work, we present a new
method for estimation of systolic blood pressure, which allows reduction
of the number of sensors. In our proposed method we use a smartwatch
Photoplethysmogram (PPG) signal, which is mainly used for heart rate
estimation, to estimate the (systolic) blood pressure too. An important
feature of this system, in contrast to State-of-the-Art (SoA), is continu-
ous, easy, and comfortable monitoring of blood pressure.
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1 Introduction

Wearable devices have claimed many areas of our life; sports [12,22], physi-
cal [3,6] and mental [12,13,19,20] health being only a few of them. Despite
several challenges such as constrained resources [7,17], changes in the environ-
mental conditions [4,5,17], and excessive noise and artefact introduced by users’
activities [14–16], they have been thriving and proved themselves helpful. A key
factor in their current and future growth is their design and ease of use [17,18].
In this work, we follow this direction by proposing a method that allows a further
extended health monitoring using smart watches.

A patient’s health status can be assessed based on their vital signs. Research
on cardiac arrests shows that certain symptoms can be observed long before the
situation turns into a case of emergency; symptoms may appear even 24 h before
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actual health deterioration [10]. Early Warning Score (EWS) is a standard man-
ual tool for assessing patients’ health status and predicting health deterioration.
Healthcare professionals periodically monitor patients’ vital signs (heart rate,
respiratory rate, body temperature, blood pressure, and blood’s oxygen satura-
tion) and assess their health status by a criticality level defined as EWS [11].
Each vital value is assessed and assigned a score based on Table 1. A score of 0
indicates an ideal health condition of a vital sign, while score 3 corresponds to
the worst. The EWS is the aggregate value of all the individual vital sign scores.
The higher the score, the higher the criticality.

Table 1. A conventional Early Warning Score (EWS) chart [21].

Vital sign score 3 2 1 0 1 2 3

Heart rate (beats per minute) 0–39 40–50 51–59 60–100 101–110 111–129 ≥130

Systolic blood pressure (mmHg) 0–69 70–80 81–100 101–149 150–169 170–179 ≥180

Respiratory rate (breaths per minute) 0–8 9–14 15–20 21–29 ≥30

Body temperature (◦C) ≤35 35.1–38 38.1–39.5 ≥39.6

Blood oxygen saturation (%) 0–84 85–89 90–94 95–100

This manual procedure has been applied to hospitalized patients, which takes
a considerable amount of time from the nurses. A portable device that auto-
mates the procedure would save time for the nurses and allow patients to pursue
their daily lives with a much higher chance of survival. However, currently, each
of these measurements require a separate sensor and separate wearable device
which makes the system bulky and impractical. This is the issue that we try
to address by extracting Blood Pressure (BP) from the Photoplethysmogram
(PPG) signal of a smartwatch, which is easy to wear and measures heart rate
as well. In other works [16] authors have proposed a novel method, which can
extract Respiratory Rate (RR) from the same PPG signal, accurate enough for
EWS and in a fashion much more reliable than other existing works [14]. The
reliability of measuring EWS using portable devices (even with dedicated sen-
sors) is an important issue, which has been discussed in many previous works
and many methods were proposed for improvement of different issues [3–6].

Regarding the extraction of BP from PPG, however, we are not the first ones.
Johnson et al. [9] proposed using Pulse transit time (PTT) and linear regression.
In this method, two PPG sensors are required, and the time that a peak requires
to travel between the two points is used to estimate the BP. They achieve a high
accuracy but their approach has shown to be sensitive to hand movements. A
more similar study has been performed in [8]. They use the change of blood
volume (BV) and blood vessel resistance (VR), considering of the influence of
two external factors, namely the pressure between index finger and sensor and
the temperature of the interest region. Even though this approach has a good
accuracy, it is more complex and it needs to be worn on the finger, which is less
convenient than a smartwatch, which is the approach we propose here.
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The rest of this work is organized as follow; In Sect. 2, we propose our novel
method for extracting the BP information from PPG signals. Next, we present
the setup and result of our experiments in Sect. 3, and finally draw the conclu-
sions in Sect. 4.

2 Proposed Method

Since the amount of light that returns to the photo-detector of the smartwatch
PPG sensor is proportional to the volume of blood in the tissue, the PPG signal
represents an average of all blood volume in the arteries and any other tissue,
through which the light has passed. Therefore, changes in the Blood Volume
Pulse (BVP) signal can indicate increase or decrease in blood perfusion as well
as changes in the elasticity of the vascular walls, reflecting changes in BP. We
plan to use this phenomenon to extract systolic and diastolic BP from the BVP
signal captured by PPG optical sensor. Figure 1 shows a typical PPG signal
and various Points of Interest (PINs) on that signal, particularly systolic and
diastolic points.

Fig. 1. PINs related to BP on a BVP signal.

2.1 Pre-processing

The pre-processing step includes Inter beat interval (IBI) extraction and band-
pass filtering. In the IBI extraction, “good” heart beats (cycles) are separated
from “bad” heart beat cycles. That is, the extremely noisy portion of the signal,
which do not assimilate normal heart beats in a typical BVP, are tagged for
removal. This process is symbolically shown in Fig. 2.
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Fig. 2. Corrupted portions of the signals removed by IBI pre-processing.

2.2 Band-Pass Filtering

The BVP signal captured by PPG sensor of a smartwatch is often contami-
nated with noise, and especially with movement artifacts. Therefore, we apply
a 4th order Butterworth band-pass filter in the range of [0.8fs 0.8/fs, 4.4/fs] with
fs = 64 Hz. This proved to be very helpful in improving the quality of the signal,
hence, the PINs, and consequently overall performance of the system.

2.3 Extracting PINs

In the next step, five critical points or PINs were extracted from each cycle of the
PPG signal. These five PINs, shown Fig. 1, are: systolic point, diastolic point,
dicrotic notch, second wave peak, and the fifth point. The fifth point is defined
as 1

2 (systolic point + diastolic point).
It is important to bear in mind that the shape of the PPG signal changes

depending on age of the subject. As shown in Fig. 3, for older people, second
wave peak points are somehow smoothed out and dicrotic notches are placed at
higher positions in comparison with people at younger ages.

2.4 Linear Estimation

We studied the correlation between the systolic and diastolic BPs and sundry
of variables such as the mean, median and Standard Deviation (STD) of the
PINs, as well as the ratio of the medians of four PINs over the median of the
diastolic points. In addition, we studied their correlation with the difference and
sum of the systolic and diastolic points. We found out that there are moderate
to strong correlations between some of these parameters. This means that we
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Fig. 3. Shape of PPG signal, particularly regarding second wave peak and dicrotic
notch, changes based on the age.

can calculate such parameters, specifically BPs, one from another using a simple
linear regression, i.e.;

y = β1x + β0, (1)

where y is the desired parameter, x the measured value, and βi respective coef-
ficients. In Sect. 3.2, we present the βi values obtained through our experiments.

3 Experiments

3.1 Setup

We conducted our experiments on 36 subjects aged 6–80 years old, the distribu-
tion of which is shown in Table 2. Three subjects were removed from the data
since due to excessive noise contamination (no clean part was detected in the
pre-processing step.). In addition, due to reasons which we will describe in the
next subsection, we collected another data set consisting of 11 subjects 20–40
years old. The subjects were asked not to drink alcohol or coffee and not to
smoke for at least 2 h before the experiment.

During the experiments, the subjects were asked to sit relaxed and wear
Empatica smartwatch [1], which measures the BVP using a PPG sensors, on
their right wrist. The watch was connected via Bluetooth to an iPhone to record
and monitor the output signals from all sensors in real time. One minute after
starting to record a session, blood pressure was measured via the Smart Blood
Pressure Wrist Monitor (BP7S) [2], which was worn on the subjects’ left wrist.
The BP7S took approximately 40 s to measure systolic and diastolic BP. Since
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it is very important that the cuff is positioned at our heart level during BP
measurements, BP7S is equipped to detect wrist position and the measurement
will start only when the correct position is detected. This helps us to obtain
accurate results from BP7S, which we use as ground truth. BP7S is also able to
sync its readings to iPhone via Bluetooth using iHealth MyVitals App and save
data to the secure iHealth cloud.

Table 2. The division of collected data into age ranges, the number of subjects in each
group, and estimation coefficients for systolic and diastolic BPs.

Age range # of subjects Estimation β0 β1

All ages 32 Systolic 115.61 −0.41

Diastolic 74.66 0.75

Under 20 6 Systolic 119.86 −0.41

Diastolic 87.83 0.29

20–40 12 Systolic 105.79 0.80

Diastolic 76.60 0.17

40–60 10 Systolic 78.87 0.77

Diastolic 53.99 0.41

Over 60 4 Systolic 123.12 4.96

Diastolic 73.63 0.01

3.2 Results

We first studied the correlations between different parameters across the entire
age range. The strongest correlation —with a large margin— was 0.483, between
diastolic BP and the median of the sum of the systolic and diastolic points.
However, this correlation is not very strong. Therefore, we divided the collected
data to the age ranges shown in Table 2 and extracted the estimation coefficients,
βi, of Eq. (1) for each group. This grouping based on age increased the highest
correlation to 0.77. However, once we used our linear estimation model, Eq. (1),
the uniform model (extracted for all ages) provided better results in most cases
and on average too. These results are inserted in Table 3, where we observe that
except for the age range of 20–40, the uniform model has a smaller error.

To further verify this observation, we collected an extra set consisting of 11
subjects aged between 20–40 years old, which was not included in our previous
analysis and extraction of the coefficients. We then ran both unified and the
model adjust to 20–40 years data on this new test data set and obtained the
following results, shown in Table 4. This is consistent with the previous results,
reported in Table 3.
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Table 3. Error percentage in systolic and diastolic BPs estimation using different
methods.

Age range Uniform model Age-based

Systolic Diastolic Average Systolic Diastolic Average

Under 20 14.10 12.64 13.37 15.20 27.94 21.57

20–40 15.08 11.51 13.30 7.85 10.31 9.08

40–60 9.70 7.50 8.60 41.12 21.17 31.15

Over 60 7.70 6.12 6.91 23.42 4.60 14.00

Average 12.29 09.80 11.04 21.57 16.30 18.93

Even though the average of these two estimations is not considerably differ-
ent, given that in EWS, systolic BP is the main used metric and the difference
of estimation for this metric is higher between the two methods, we propose a
combination of two as the final solution. In other words, to use the coefficients
fitted to the 20–40 years old data for subjects in that age range, and the unified
model for everyone else. That is;

SysBP =

{
0.8x + 105.79 20 ≤ age ≤ 40
−0.41x + 115.61 otherwise

(2)

where
x = Med(SP + DP), (3)

that is, the median of the Systolic Point (SP) and the Diastolic Point (DP),
extracted from the PPG signal, as explained in Sect. 2.

Table 4. Error percentage in systolic and diastolic BPs estimation using different
methods.

Age range Uniform model Age-based

Systolic Diastolic Average Systolic Diastolic Average

20–40 14.43 11.61 13.02 9.36 10.80 10.08

This gives us an average error of 9.52% for the systolic BP estimation over all
43 data sets. Even though, this error is not ideal, it is acceptable for the purpose
of EWS, since in most cases it not very likely lead to any error. Particularly
for the normal range (healthy subject or score 0), which has a 43% width with
respect to its middle point. In other blood pressure ranges this width is lower,
however, 9.52% error in such cases, the worst case scenario, will lead to maximum
1 score error.
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4 Conclusions

In this paper, we presented a new method for estimating BP based on the SP and
the DP of the PPG signal. This method requires only a single PPG signal, which
is available -virtually- in all smartwatches. Therefore, it is cheap (no additional
costs if integrated in a smartwatch) and comfortable to use. The average accuracy
of this method is 90.48%, which is acceptable for many applications such as
EWS1. Moreover, by reusing PPG signal that is used for heart rate estimation,
it reduces the number of sensors required for monitoring patients. Thus taking
one step towards a practical, comfortable, and continous monitoring of EWS.
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