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Abstract— Accuracy of blood pressure (BP) measurement is
a challenging issue in oscillometry. Most of the automated
noninvasive BP monitors estimate BP from envelope of the
measured oscillometric pulses. The peak and the trough of the
oscillometric pulses are very sensitive to noise caused by breathing, heart-rate variability, motion artifacts, muscle contraction,
and environmental noise. Therefore, accuracy of the estimated BP
based on the oscillometric waveform envelopes is not reliable in
some cases. Recently, employing a modeling approach to estimate
BP, we obtained the accurate results for a set of healthy subjects.
The method is based on the lumen area oscillations model
and estimates BP by comparing the actual and corresponding
simulated waveforms. The method’s accuracy worsened when we
tested it on a broader range of healthy subjects, while a significant
drop was observed when the method was used for patients
with chronic cardiovascular diseases. The work presented in this
paper represents an improved version of our previous approach.
We tested the proposed method on both healthy subjects and
patients with chronic cardiovascular diseases, and compared
the results to two popular BP estimation algorithms: maximum
amplitude algorithm and maximum/minimum slope algorithm.
We observed up to 56.7% and 57.3% improvements in mean
absolute error, 98.9% and 64.4% improvements in mean error,
50% and 59% improvements in standard deviation of errors,
and up to 57.6% and 55.8% in measurement uncertainty for the
estimated systolic and diastolic pressures, respectively.
Index Terms— Arterial lumen area (ALA) oscillations
simulator, arterial pressure, blood pressure (BP) measurement,
compliance parameter, maximum amplitude algorithm (MAA),
maximum/minimum slope algorithm (MMSA), oscillometry,
regression model.

I. I NTRODUCTION

O

SCILLOMETRY is the most popular noninvasive technique for automatic estimation of blood pressure (BP)
as it can be relatively easily implemented in automated BP
measurement devices [1]–[3]. In oscillometry, an inflatable
cuff is wrapped around the subject’s wrist or upper arm and is
inflated to a suprasystolic BP at which the vessel underneath
the cuff is completely occluded. The cuff pressure (CP) is
then slowly deflated to a subdiastolic BP (SDBP) which is the
Manuscript received September 17, 2016; revised January 5, 2017; accepted
January 5, 2017. The Associate Editor coordinating the review process was
Dr. Domenico Grimaldi.
The authors are with the School of Electrical Engineering and Computer
Science, University of Ottawa, Ottawa k1N 6N5, ON, Canada.
Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TIM.2017.2657978

minimum CP required to record the cuff deflation curve (CDC)
which is the pressure oscillations within the cuff [4]–[10]. The
resulting oscillometric waveform (OMW) contains oscillometric pulses that are induced into the cuff by the arterial BP
pulses over the cuff deflation period. Several techniques, such
as filtering [7] and detrending [11], are used to extract the
OMW from the CDC. Most of the automated oscillometric
devices estimate BP from OMW envelope (OMWE) of the
oscillometric pulses. The OMWE is formed by subtracting
troughs of the oscillometric pulses from corresponding peak
amplitudes [12]. Mean arterial pressure (MAP), which is the
average BP across arterial tree, coincides with the CP at which
the envelope attains maximum [13].
One of the biggest challenges of automated oscillometric
monitoring devices is the accuracy of the measured BP. Accurate estimation of BP can save many human lives, especially
for patients who require monitoring of the BP at home. The
study in [14] suggests that a 3–4 mmHg increase in SBP
translates into 20% higher stroke mortality and 12% higher
mortality from ischemic heart diseases. Therefore, even small
errors in the estimated BP could have large consequences on
health condition of patients [15], especially for patients with
chronic cardiovascular diseases, such as arterial stiffness and
atrial fibrillation [16].
Accuracy depends on the embedded estimation algorithm
that estimates systolic BP (SBP) and diastolic BP (DBP)
from the recorded oscillometric pulses [1]. Many studies have
been carried out to improve accuracy of the oscillometric
methods [17]–[19]. Most of them estimate BP from the
oscillometric envelope. For example, the maximum amplitude algorithm (MAA) estimates SBP and DBP by adopting
two empirical systolic and diastolic ratios, respectively [7].
The main problem of this technique is that the estimation
is based on the empirical criteria depending on the envelope which is not unique, especially over a broad range of
subjects. Another technique called maximum/minimum slope
algorithm (MMSA) estimates SBP and DBP from the maximum and minimum slopes of the envelope, respectively [13].
This technique is coefficient-free, but not reliable in some
cases, because the estimation is based on the oscillometric
envelopes [20]. In addition, envelopes are pushed up and down
by human breathing activity during the measurements, and
hence, they are modulated with the breathing effect noise as
well. Although breathing effect can be removed by advanced
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filtering techniques [21], the envelope remains contaminated
with other noise such as motion artifacts, muscle contraction,
or environmental noise that can corrupt the oscillometric
envelope. Therefore, accuracy of the estimated BP relies on the
accuracy of the envelope and acquiring an accurate envelope
is a crucial step in oscillometric BP measurements.
In this paper, we have extended our previously proposed
method [22] for BP estimation from the arterial lumen
area (ALA) oscillations model in the diastolic region over
a broader range of healthy subjects. Moreover, the extended
method (ALA-based) provides accurate estimation of the BP
with subjects who are obese and patients with chronic cardiovascular diseases. The diastolic region over the cuff deflation
period is the region, where the arterial pressure is greater
than or equal to the CP, while the systolic region is the
region where the arterial pressure is less than the CP. In our
previous work [22], we estimated BP accurately by processing
the oscillometric pulses over a constant range (80/20 mmHg)
of the deflating CP for all subjects. Moreover, the results
were validated against a commercial BP monitor (Omron)
which was Food and Drug Administration (FDA) approved,
but not hospital-grade. The previous approach was accurate
over a specific data set including 150 recordings acquired
from ten healthy subjects (DS2 in this paper), but accuracy
decreased significantly when we tested the old method on
a broader range of healthy subjects with a wider range of
ages (DS1 in this paper), and validated the results with the
corresponding accurate reference values employing the auscultatory method as gold standard. More importantly, we could
not observe acceptable results when we tested the old method
on another data set including obese subjects and patients
with cardiovascular diseases (DS3 in this paper). To this end,
we changed the constant range (80/20 mmHg) to a dynamic
range from MAP to SDBP known as the diastolic region.
In order to find an accurate MAP, we employed the dynamic
threshold algorithm (DTA) [23] to select the pulse at MAP
and to determine the corresponding CP as MAP. With the new
approach, we could get more pulses to process and estimate
unknown parameters of the ALA model more accurately.
This method employs the compliance parameter “c” that was
previously estimated through an optimization process. The
optimization process was time-consuming, especially for the
new approach with more oscillometric pulses. To this end, we
derived a linear regression model to estimate the “c” directly
from the corresponding amplitude ratio of the oscillometric
pulse at MAP. As a result, after we applied the extended
method (ALA-based), we observed significant improvements
in accuracy of the results over all data sets, including healthy
and sick subjects.
We adopted the ALA model [24], [25] to construct simulate
version of the OMW corresponding to the actual recordings.
Actual (OMWact ) and corresponding simulated (OMWsim )
OMWs are compared to optimize the model’s arterial pressures
at the peak and trough of the oscillometric pulses in the
diastolic region and estimate SBP and DBP, respectively. The
parameter “c” of the model which is the compliance parameter
is estimated from a developed linear regression model. In order
to estimate the parameter “c,” arterial pressure and ALA
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oscillations simulators [13] are employed and customized to
construct the OMWsim corresponding to the OMWact . Parameter “c” is obtained by minimizing the differences between the
amplitude ratios of the actual (Ract ) and the corresponding
simulated (Rsim ) oscillometric pulses at MAP. In order to
calculate amplitude ratios, DTA [23] was employed to locate
the oscillometric pulse at MAP.
Two different data sets of healthy subjects and one data
set of patients with chronic cardiovascular diseases were
employed to evaluate our proposed method. Results were validated against references and compared with the corresponding
results from the MAA and MMSA estimation algorithms, and
improvements are discussed in Section IV.
II. M ETHODOLOGY
It is generally accepted that the information pertaining to
SBP and DBP is embedded in CDC, and that is why CDC is
the focus of all oscillometric estimation algorithms [8]. The
CDC is composed of a slow-varying component due to the
deflating CP, and the oscillating component due to the pressure
pulsations in the artery. The oscillating component (OMW) is
extracted from the CDC. All oscillometric estimation algorithms, including our proposed ALA-based method, require
the OMW to estimate BP.
There are two main approaches to extract the OMW from
CDC: namely, the filtering [9] and detrending [10]. The filtering method removes the frequency components of the deflating
CP and keeps the frequency components of the OMW. Generally, the lower cutoff frequency for high-pass or bandpass
filters is set between 0.3 and 0.5 Hz, and the upper cutoff
frequency for bandpass filters is set around 20 Hz in order to
eliminate the high frequency noise.
In the detrending method, a curve of best fit representing the
deflating CP is constructed and subtracted from the recorded
CDC. Fitting the line requires locating the beginning of each
oscillometric pulse on the CDC. These points are then joined
together to construct a line corresponding to the decreasing CP.
In order to compare the accuracy of the proposed ALA-based
method with MAA and MMSA, we have implemented the
MAA and MMSA estimation algorithms.
A. Maximum Amplitude Algorithm
The MAA is the most popular estimation algorithm that
estimates BP from the OMWE. The MAP is equal to CP
at which the envelope attains maximum. The SBP and the
DBP are linearly related to the maximum amplitude of the
envelope by applying two empirical systolic (rs ) and diastolic
(rd ) ratios, respectively. These ratios serve to determine the
time points at which the CP coincides with the SBP and
DBP, respectively [9] (see Fig. 1). The ratios are empirically
determined over the specific population of the subjects, so may
not estimate BP accurately over a broader range of subjects,
because these parameters are different for individuals with
different cardiovascular systems and vary between different
health conditions, age, or populations [11].
B. Maximum/Minimum Slope Algorithm
The MMSA uses the OMWE and estimates SBP and DBP
from the maximum and minimum slopes of the envelope in
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Fig. 1.
Procedure of the MAA. CDC of a sample BP recording (top,
blue). Curve of best fit presenting the CP (top, red). OMWE (bottom). CP at
which the OMWE attains maximum is determined as MAP. CP at which the
OMWE becomes equal to rs · OMWmax is determined as SBP. CP at which
the OMWE becomes equal to rd · OMWmax is determined as DBP.

the systolic and diastolic regions, respectively. Similar to the
MAA, MAP is equal to CP at which the envelope attains
maximum. The SBP and the DBP are equal to CPs at which
the first derivative of the envelope becomes maximum and
minimum, respectively [11] (see Fig. 2). MMSA is coefficientfree and estimates BP without adopting the empirical ratios,
but is still very sensitive to noise such as motion artifacts.
III. C HARACTERIZATION OF THE ALA-BASED M ETHOD
The ALA-based method is based on a modeling approach
that estimates accurate BP from the ALA model in the diastolic
region for both healthy and sick subjects with cardiovascular
diseases. The ALA model in (14) is employed [24], [26] to
estimate BP from peak and trough amplitudes of the recorded
oscillometric pulses in the diastolic region.
In order to determine the compliance parameter “c” of the
model in (14), a linear regression model [13] is derived from
the ALA model in (3) and the parameter “c” is estimated
directly from the amplitude ratio of the corresponding oscillometric pulse at MAP (Ract ).
A. Estimation of the Compliance Parameter ‘c’
The compliance parameter “c” has significant effect on the
BP oscillations. Therefore, compliance parameter is determined accurately prior to BP estimation. In order to determine “c,” we investigated the correlation between “c” and
the corresponding actual OMW for each recording. The compliance of the vessel underneath the cuff is maximum at
MAP, so the oscillometric pulse at MAP is the best pulse
to investigate its relation with the “c.” The ALA model in (3)
is adopted [13] to investigate the correlation of its parameter “c” with corresponding Ract over all recordings of DS1.
Ract in (2) is calculated by dividing peak amplitude (pk) of the
oscillometric pulse at MAP to the absolute value of the trough

Fig. 2. Procedure of the MMSA. CDC of a sample BP recording (top,
blue). Curve of best fit presenting the CP (top, red). OMWE (middle). First
derivative of the OMWE (bottom). CP at which the OMWE attains maximum
is determined as MAP. CP at which the first derivative of the OMWE becomes
maximum is determined as SBP. CP at which the first derivative of the OMWE
becomes minimum is determined as DBP.

amplitude (|tr|): Ract = pk/|tr|. The DTA [23] is employed to
locate the oscillometric pulse at MAP and estimate CP at the
located pulse (MAPDTA ) by averaging the CPs at the beginning
and the end points of the selected pulse. The DTA compares
the amplitude ratios of all oscillometric pulses with a threshold
TR, calculated in (1) and selects the oscillometric pulse at
MAP as the one with the closest amplitude ratio to TR
[1 − (0.33 + 0.0012HR)]
(0.33 + 0.0012HR)


pkact
=
|tr act | Pa =MAP

TR =

(1)

Ract

(2)

where TR is the threshold, HR is the heart-rate in beats/min,
Ract is the amplitude ratio of the actual oscillometric pulse at
MAP, andpkact and tract represent peak and trough amplitudes
of the actual oscillometric pulse at MAP.
To derive the regression model, the ALA model in (3) is
employed [13] to determine the parameter “c” of the model
and investigate the correlation between “c” and corresponding
Ract from the actual waveforms. Due to the good correlation
of 98% between “c” and the corresponding Ract value, we
derived a linear regression model
ln(a Pt (t)+b)
.
(3)
1+e−c Pt (t )
In order to derive the regression model, parameter “c” of
the model in (3) is optimized by minimizing the differences
A(t) = d
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Optimization of C0 and C1 parameters of the simulated arterial pressure.

between simulated and corresponding actual amplitude ratio
of the oscillometric pulses at MAP. Parameters a = 0.03,
b= 3.3, and d= 0.08 are the simulated cuff constants and are
set at their initial values [13]. The transmural pressure Pt (t)
is the difference between the arterial pressure Pa (t) and the
CP Pc (t)
Pt (t) = Pa (t) − Pc (t).

(4)

Pc (t) in (4) is replaced with the deflating CP, and the arterial
pressure Pa (t) is replaced by the customized simulated arterial
pressure (Pa_sim ). In order to construct and customize Pa (t),
the simulated arterial pressure in (5) is employed [13] and
customized by replacing the MAP with MAPDTA , and optimizing the amplitude of the harmonics C0 , and C1 (see Fig. 3).
In addition, the model requires HR, and phase angle of the
second harmonic (ϕ). The heart rate is replaced with the
subject’s heart-rate, and ϕ is replaced with its initial value
equal to −1.2 radians [13]




HR
HR
t +C1 cos 4π
t +ϕ .
Pa (t) = MAP + C0 cos 2π
60
60
(5)
The HR is estimated by counting the number of the
oscillometric pulses over the duration of the OMW, and the
amplitudes of the harmonics C0 and C1 are optimized by
minimizing the objective function Of c0c1 in (6). SBPref and
DBPref are the reference systolic and diastolic pressures, while
the corresponding simulated systolic and diastolic pressures
are estimated from the maximum and minimum values of the
simulated arterial pressure (Pa_sim )
Of c0c1 = (SBPref − SBPsim )2 + (DBPref − DBPsim )2
where SBPsim = Max(Pa_sim )

(6)
(7)

DBPsim = Min(Pa_sim ).

(8)

The simulated ALA model A(t) in (3) is required to
construct the simulated OMW (OMWsim ). The ALA model
has two components:A(t) = A1 (t) + A2 (t), the slow-varying
component A1 (t) due to the deflating CP and the oscillating
component A2 (t) due to the arterial pressure oscillations.
The average BP at each heartbeat is equal to MAP, so the
slow-varying component in (9) is found by replacing the Pa (t)
with MAPDTA . The oscillating component in (10) is extracted
by subtracting the slow-varying component A1 (t) from A(t)
ln(a(MAPDTA −P c (t)) + b)
1+e−c(MAPDTA −P c (t ))
A2 (t) = A(t) − A1 (t).
A1 (t) = d

(9)
(10)

The oscillating component A2 (t) is proportional to OMWsim
by ϕ [27]. The proportional factor ϕ is empirically initialized
to 40 in this paper. This constant value is determined empirically to construct simulated OMWs with peaks and troughs
amplitudes closer to the corresponding actual waveforms
OMWsim = ϕ · A2 (t).

(11)

The simulated arterial pressure Pa , transmural pressure Pt ,
lumen area oscillations waveform A(t), slow-varying component A1 (t), and simulated oscillometric waveform OMWsim
of a sample simulated recording are shown in Fig. 4.
As stated before, the simulated and corresponding actual
waveforms are compared to evaluate compliance parameter
“c” of the model in (3). To this end, DTA is employed
and oscillometric pulses at MAP are located for both actual
and simulated waveforms, and differences between amplitude
ratios of the simulated (Rsim ) and corresponding actual (Ract )
waveforms are minimized to optimize the parameter “c”
Of c = (R act −R sim )2 .

(12)

Finally, the correlation between parameter “c” and Ract is
investigated over all recordings for all data sets. Due to the
good correlation of 98% over DS1, a linear regression model
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The oscillating component is proportional to the simulated
waveform, so OMWsim (t) in (17) is obtained by multiplying
the oscillating component with a proportional factor ϕ which
is set to 40 for all recordings in this paper
OMWsim (t) = ϕ · A2 (t).

(17)

In order to estimate SBP as peak value of the arterial
pressure pulses (Pap k ), lumen areas A0 M, Am , and Pa_pk
of the ALA model in the diastolic region are optimized by
minimizing the objective function Of SBP in (18) (see Fig. 5)
numberofpeaks

Of SBP =

(pk act_i − pk sim_i )2

(18)

i=1

Fig. 4. ALA oscillations waveform and its components of a sample simulated
recording. From the top, arterial pressure, transmural pressure, where at zero
transmural pressure (green line), the arterial and CPs become equal to MAP,
lumen area waveform (blue) and its slow-varying component (red), and the
simulated oscillometric waveform at the bottom.

is derived to estimate parameter “c” of the ALA model in (3)
directly from the corresponding Ract .
B. Estimation of the SBP and DBP
ALA oscillations are modeled by (13) and (14) for systolic
and diastolic regions, respectively [24], [25]. The proposed
ALA-based method is developed in the diastolic region,
because the vessel underneath the cuff is under less external
CP and can oscillate freely, so the parameter “c” of the model
can be estimated accurately. To this end, the ALA model in the
diastolic region (14) is employed to construct and customize
the simulated oscillometric waveforms corresponding to the
actual waveforms. The parameter “c” of the model in (14) is
replaced with the estimated parameter “c” from Section III-A.
The customized simulated waveforms are compared with
corresponding actual waveforms to find the simulated arterial
pressures at peak (Pa_pk ) and trough (Pa_tr ) of the OMWs,
and estimate SBP and DBP, respectively
⎧
A0 ea( Pa (t )−Pc (t ))
⎪
⎪
⎪
⎨
for Pa (t) ≤ Pc (t)−systolicregion
(13)
A(t) =
−c( P a (t )−Pc (t ))
⎪
A
−
(A
−
A
)e
m
m
0
⎪
⎪
⎩
for Pa (t) ≥ Pc (t)−diastolicregion
(14)
where A0 is the lumen area at which the transmural pressure:
Pt (t) = Pa (t) − Pc (t) is zero, and Am is the lumen area when
the artery is fully expanded. Parameters “a” and “C” represent
compliance parameters in the systolic and diastolic regions,
respectively.
The oscillating component A2 (t) in (16) is obtained by
subtracting the slow-varying component in (15) from the ALA
model in (14). The slow-varying component A1 (t) is obtained
by replacing Pa (t) of the model in (14) with MAPDTA
A1 (t) = Am − (Am − A0 )e−c(MAPDTA −Pc (t ))
for Pa (t) ≥Pc (t)
(15)
−c( P a (t )−Pc (t ))
−A1 (t)
A2 (t) = Am − (Am − A0 )e
for Pa (t)≥Pc (t).

(16)

where pk act_i and pksim_i are the actual and the corresponding
simulated peak values of the oscillometric pulses in the
diastolic region, respectively.
The compliance parameter “c” of the model is replaced with
the “c” value that we derived earlier from the developed linear
regression model. A0 and Am represent the ALAs at MAP
and the area at which the area is fully expanded, respectively.
Pa_pk is the arterial pressure at peaks of the oscillometric
pulses which is considered as SBP after the optimization
process is done, while pk act and pksim represent the actual
and corresponding simulated peaks of the oscillometric pulse
at MAP, respectively. The objective function Of SBP holds the
sum of the squared differences between the actual (pkact ) and
the corresponding simulated (pksim ) peaks of the oscillometric
pulses in the diastolic region. Of SBP is minimized through an
iteration process to optimize the initial parameters A0 , Am
and Pa_pk , and finally estimate the SBP.
The optimized ALAs, A0 , Am , and the determined parameter “c” of the model are used to optimize the arterial pressure
at troughs of the oscillometric pulses (Pa_tr ) in the diastolic
region by minimizing the objective function Of DBP in (19),
and estimate DBP (see Fig. 6)
number of troughs

Of DBP =

(tract_i − trsim_i )2

(19)

i=1

where tract_i and tr sim_i are the actual and the corresponding
simulated trough values of the oscillometric pulses in the
diastolic region, respectively.
In Fig. 6, “c” is the estimated compliance parameter, while
A0 and Am represent the optimized ALAs at MAP, and
the area at which the area is fully expanded, respectively.
Pa_tr is the arterial pressure at troughs of the oscillometric
pulses, which is considered as DBP after the optimization
process is done. tr act and trsim represent the actual and
corresponding simulated troughs of the oscillometric pulse at
MAP, respectively, The objective function Of DBP holds the
sum of the squared differences between the actual (tract ) and
corresponding simulated (trsim ) troughs of the oscillometric
pulses in the diastolic region. Of DBP is minimized through
an iteration process to optimize the initial parameter Pat r and
finally estimate the DBP.
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Fig. 5.

Estimation of the SBP in the diastolic region.

Fig. 6.

Estimation of the DBP in the diastolic region.

IV. E XPERIMENTAL R ESULTS
In order to evaluate the proposed ALA-based estimation
method, two data sets of healthy subjects (DS1, DS2) and one
data set of patients with chronic cardiovascular diseases (DS3)
are employed to estimate BP and compare the validated results
with corresponding validated results estimated by the MAA
and MMSA estimation algorithms. Each measurement of
DS1 is provided together with two independent simultaneous
reference readings observed by two nurses using a double
stethoscope and the auscultatory method. The average of
two readings is used as the reference BP to validate the
results of the estimation methods. The DS2 is referenced
by an FDA-approved monitor (Omron), and the DS3 is referenced by a professional FDA-approved monitor (BpTru).
In order to compare the accuracy of the estimated pressures
(SBP and DBP) by our proposed ALA-based method to those
corresponding to MAA and MMSA estimation algorithms,

we have compared the validated results of each estimation
algorithm with the validated results of the ALA-based method.
In order to validate the results over each data set, all measurements are compared with corresponding reference pressures
and differences are recorded as errors. Mean error (ME), mean
absolute error (MAE), and standard deviation of errors (STDE)
about mean are calculated for all estimation methods. Finally,
the validated results of the proposed ALA-based method are
compared to corresponding validated results of the MAA
and MMSA estimation algorithms over all data sets and
improvements achieved by the proposed method are shown
in Tables I–III.
A. Data Sets
1) DS1: DS1 comprises 85 healthy subjects composed
of 48 males and 37 females aged from 12 to 80 years
old. The OMWs are acquired using a wrist BP monitor
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TABLE I
VALIDATED R ESULTS OF MAA, MMSA, AND P ROPOSED ALA-BASED M ETHOD AND THE I MPROVEMENTS FOR D ATA S ET
DS1 OVER 85 H EALTHY S UBJECTS

TABLE II
VALIDATED R ESULTS OF MAA, MMSA, AND P ROPOSED ALA-BASED M ETHOD AND THE I MPROVEMENTS FOR D ATA S ET
DS2 OVER T EN H EALTHY S UBJECTS

TABLE III
VALIDATED R ESULTS OF MAA, MMSA, AND P ROPOSED ALA-BASED M ETHOD AND THE I MPROVEMENTS FOR D ATA S ET
DS3 OVER 13 S ICK S UBJECTS

(UFIT TEN-10 by Biosign Technologies Inc.) in accordance
with the recommendations of the ANSI/AAMI/ISO standard [28]. Five sets of oscillometric wrist BP measurements
were obtained repeatedly with 1 min delay from each subject
resulting in 425 measurements. The reference values for
the corresponding recordings are obtained by averaging the
two measurements acquired by two nurses using a double
stethoscope.
2) DS2: DS2 comprises ten healthy subjects composed of
six males and four females aged from 24 to 63 years old. The
OMWs are acquired using a prototype designed in biomedical
research laboratory of the University of Ottawa [29]. Five sets
of oscillometric arm BP measurements were obtained from
each subject in three days resulting in 150 measurements. The
reference values for the corresponding recordings are obtained

from a FDA—approved Omron monitor (HEM-790IT). The
cuff includes a built in dry electrode, and wristband placed on
the right hand of the subjects is used as a second electrode
for simultaneous electrocardiogram (ECG) recording.
3) DS3: DS3 comprises 13 patients composed of five males
and eight females aged from 46 to 85 years old with various
chronic conditions including atrial fibrillation, hypertension,
and subjects with obesity. The OMWs are acquired using a
Health Parametrics Inc. prototype device (EABPM-01). Six
sets of oscillometric arm BP measurements were obtained
repeatedly from each patient resulting in 78 measurements.
The reference values for corresponding recordings are obtained
from a clinically standard arm BpTru monitor (BPM-100).
A dry flexible electrode is made of conductive fabric embedded inside the cuff, and a second electrode is placed on the
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of the oscillometric pulses from corresponding peaks
OMW = CDC − CP
OMWE = pk − tr.

Fig. 7. Linear regression between amplitude ratio of the actual oscillometric
pulse at MAP (Ract ) and corresponding compliance parameter (c) in the
diastolic region over 425 recordings of the data set DS1.

device, such that the patient touches are used for simultaneous
ECG recording.
B. Results
In order to derive the regression model, we observed correlations between Ract and the corresponding parameter “c”
of the ALA model in (3) over all data sets. The correlations
were approximately the same over all data sets, but we
derived the regression model from DS1, because it includes
more trials acquired from more subjects with more variety
of ages. Due to the good correlation of 98% between Ract
and corresponding “c” over DS1, the linear regression model
in (20) was derived by fitting a linear regression line between
Ract and corresponding “c” (see Fig. 7)
c = 0.01101 · Ract − 0.0003981.

(20)

The regression model in (20) is used to provide the parameter “c” of the ALA model in (14) directly from corresponding Ract over all data sets. The estimated parameter
“c” is used to optimize parameters A0 and Am and estimate
SBP by minimizing differences between peaks of the actual
and corresponding simulated pulses in the diastolic region
(see Fig. 5). Next, parameters “c,” A0 , and Am are used to
estimate DBP by minimizing differences between troughs of
the actual and corresponding simulated pulses in the diastolic
region (see Fig. 6). Estimated pressures from MAA, MMSA,
and the proposed ALA-based method are validated against
corresponding references and compared to estimate improvements achieved by the proposed method. Results are shown
in Tables I–III.
The oscillometric recording device for DS1 returns two
waveforms: the deflating CP and the discrete derivative of
the CDC which we used to extract the OMW. The CDC is
retrieved by integrating the derivative of the recorded CDC,
and the detrending approach is employed to extract the OMW
in (21) by subtracting the recorded CP from corresponding CDC. The OMWE in (22) is formed by subtracting troughs

(21)
(22)

The proposed ALA-based method is tested on DS1 including 425 recordings obtained from 85 healthy subjects, and estimated pressures are validated against references. The MAE,
ME, and STDE of the validated results are calculated and compared to the corresponding values obtained from the MAA and
MMSA estimation algorithms to estimate the improvements
achieved by ALA-based method relative to MAA and MMSA
estimation algorithms (see Table I).
In order to have more confidence on the results, we repeated
the testing procedure on DS2 comprising 150 recordings
obtained from 10 healthy subjects. The overall procedure is
the same as for DS1, except for OMW which is obtained
from the recorded CDC utilizing a second-order bandpass
digital Butterworth filter with a lower cutoff frequency of
0.5 Hz and an upper cutoff frequency of 20 Hz. The validated
results and improvements achieved by ALA-based method
relative to MAA and MMSA estimation algorithms are shown
in Table II.
Finally, in order to investigate accuracy of the proposed
ALA-based method on obese subjects and patients with
cardiovascular diseases such as hypertension, and atrial fibrillation, we repeated the testing procedure on DS3 comprising 78 recordings obtained from 13 healthy subjects. The
overall procedure is the same as for DS2. The validated
results and improvements achieved by ALA-based method
relative to MAA and MMSA estimation algorithms are shown
in Table III.
V. M EASUREMENT U NCERTAINTY A NALYSIS
The main causes of measurement uncertainty in our BP
measurement systems are the electronics of the recording
device and the implemented BP estimation method. The
utilized recording devices were all calibrated before measurements with small variations within permitted tolerances,
so the hardware side of the measurement systems has no
significant contribution to the measurement uncertainty of
the estimated pressures. The BP estimation method is the
main source of measurement uncertainty. It is important to
mention that all sources of measurement uncertainty, except
the BP estimation methods, influence the recorded OMW,
which is the same input for all estimation methods. Therefore,
measurement uncertainties of the measurement systems will
differ based on the estimation methods. In other words, the
measurement uncertainty will not change if we do not change
the estimation method. More importantly, our goal is to
compare the measurement uncertainty of the proposed ALAbased method with that of the MAA and MMSA estimation
algorithms. As a result, measurement uncertainties of all
estimation methods are estimated and compared to evaluate level of improvements achieved by the proposed ALAbased method relative to the MAA and MMSA estimation
algorithms.
Measurement uncertainty can be evaluated statistically [30].
This method provides a confidence interval (CI), which is
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TABLE IV
I MPROVEMENTS IN M EASUREMENT U NCERTAINTIES OF THE BP M EASUREMENTS A CHIEVED BY THE
ALA-BASED M ETHOD R ELATIVE TO THE MAA AND MMSA A LGORITHMS

defined as the “margin within which the ‘true value’ being
measured can be said to lie, with a given level of confidence” [31]. The level of confidence expresses the degree of
confidence in the result [30]. The standard uncertainty u(x)
over n measurements for measurand x in (23) is obtained from
the square root of the variance of the measurements divided
by n [31]
u(x) =

Sx2
.
n

over one patient, and there are m patients (for a total of
n × m measurements {x ik |k = 1..m; i = 1..n }), m standard
uncertainties (u k ) for each data set each with n measurements
can be calculated in terms of the corresponding experimental
variance sk2 [30]

n

(23)

In our case, x is the SBP or DBP estimated by each
of the three BP estimation algorithms (MAA, MMSA, and
ALA-based method), and Sx2 is the variance of the estimated
SBP or DBP about their corresponding mean (x) over each
subject.
In order to find the CI, a coverage factor (K ) is required
to be multiplied by u(x) and provide expanded uncertainty U
in (24) [30]. The coverage factor depends on the probability
density function of the measurand. For a normal distribution,
if K = 1, then CI = x ± u(x) at a level of confidence
of 68.3%. If K = 2, then CI = x ± 2u(x) at a level of
confidence of 95%. If K = 3, then CI = x ± 3u(x) at a level
of confidence of 99.7% [32]
U = K u(x)

(24)

C I = x ± U.

(25)

In order to analyze measurement uncertainties for the
measured SBP and DBP estimated by MAA, MMSA, and
proposed ALA-based method over healthy and sick subjects,
we would ideally need a large number of repeated BP measurements from each subject, because uncertainty analysis
of the measurements over different subjects or one subject
in different days has no value. Moreover, if the number
of measurements per subjects exceeds five or maximum six
measurements at a time, the intrinsic BP variation will be high
and affect accuracy of the measurement uncertainty analysis
for that specific subject. Therefore, we can get maximum five
to six measurements from each subject at a time to perform
measurement uncertainty analysis.
Statistically, when the number of measurements per subjects
is too small to meet the conditions of the central limit theorem,
the corresponding distribution of the measurements can be
taken as a t-distribution [33], [34]. The variance in (23)
denoted by Sx2 will be the sample variance of a small number
of BP measurements about the mean. If n measurements of
BP are carried out sequentially in a measurement session

sk2
, k = 1..m
n

uk =

(x i − x̄)2

i=1

n

xi
i=1

and x̄ =
.
(26)
n−1
n
In order to compare the three BP estimation techniques
(MAA, MMSA, and ALA-based method), we calculated the
global uncertainty in terms of the experimental variance
{Sk2 |k = 1..m} per measurement session using equation
similar to the pooled estimate of variance S 2p [30]
wheresk2

=

SP
u= √
m
m

with

S 2P

=

k=1
m

(27)

v k Sk2
vk

k=1

where v k = n k −1 are the degrees of freedom.

(28)

In our case, we ran the same number n of measurements in
each session, such that
m

S 2P

=

k=1

Sk2

.
(29)
m
The coverage factor K is estimated from the t-distribution
table [33] with degree of freedom equal to (n−1) at the
confidence level of 95%. The coverage factor is 2.776 for each
set of n = 5 measurements of the DS1, and 2.571 for each set
of n = 6 measurements of the DS3.
The DS1 includes trials of 85 healthy subjects each with five
repeatedly measured BP resulting in total of 425 measurements
with average of corresponding two nurse reference values.
The DS2 includes trials of ten healthy subjects with singular
measurements performed in different days and different times
and, as such, this data set was not suitable for uncertainty
analysis. The DS3 includes trials of 13 sick subjects each
with 6 repeatedly measured BP resulting in total of 78
measurements with corresponding reference values. Therefore,
we analyzed uncertainties of the measurements over DS1
comprising healthy subjects and DS3 comprising sick subjects.
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TABLE V
I MPROVEMENTS IN C ONFIDENCE I NTERVALS OF THE BP M EASUREMENTS A CHIEVED BY THE
ALA-BASED M ETHOD R ELATIVE TO THE MAA AND MMSA A LGORITHMS

Each subject of the DS1 is analyzed for MAA, MMSA,
and ALA-based method over its n = 5 BP readings and
measurement uncertainties are estimated for each of the
m = 85 subjects separately. Similarly, each subject of DS3
is analyzed for MAA, MMSA, and ALA-based method over
its n = 6 trials and measurement uncertainties are estimated
for each of the m = 13 subjects.
Improvements in measurement uncertainties by the proposed ALA-based method are estimated relative to MAA and
MMSA BP estimation algorithms for healthy and sick subjects
and shown in Table IV.
CIs of the estimated BP at a confidence level of 95% are
calculated for the proposed ALA-based method over data sets
DS1 and DS3, and compared to the corresponding values from
the MAA and MMSA estimation algorithms. The proposed
method has improved CIs of the estimated BP significantly.
Improvements in CIs achieved by the proposed ALA-based
method are calculated relative to the MAA and MMSA
estimation algorithms for healthy and sick subjects and are
shown in Table V.
VI. C ONCLUSION
Although the current commercially available oscillometric
BP monitors have successfully fulfilled validation protocols
in various standards developed by the International Organization for Standardization, the American Association for the
Advancement of Medical Instrumentation [35], or the British
Hypertension Society [25], they are not reliable in some
categories of patients who need to see the doctor for accurate
BP measurements [36]. The proposed ALA-based method has
significantly improved the accuracy of the BP measurement
compared to the two popular oscillometric MAA and MMSA
estimation algorithms for both healthy and sick subjects.
Moreover, unlike the other approaches used in oscillometry,
the proposed method does not require coefficients that are
determined empirically from specific population studies.
According to the results listed in Tables I–III, we observed
up to 20.8% and 46.7% improvements in MAE, 95.5% and
14.9% in ME, and 24.9% and 46.5% improvements in STDE
for SBP and DBP, respectively, compared with MAA, for
healthy subjects. Similarly, improvements were up to 56.7%
and 57.3% in MAE, 98.9% and 64.4% in ME, and 50% and
59% in STDE for SBP and DBP, respectively, compared with
MMSA, for healthy subjects.
Also, we observed 38.6% and 26.2% improvements
in MAE, 92.6% and 97.7% in ME, and 25.9% and
3.26% improvements in STDE for SBP and DBP, respectively, compared with MAA, for the sick subjects.

Similarly, improvements were 16.6% and 21.4% in MAE,
83.4% and 97.4% in ME, and 30.6% and 3.99% in STDE
for SBP and DBP, respectively, compared with MMSA, for
sick subjects.
Finally, the proposed method improved uncertainty of the
measurements up to 57.6% and 55.8% for healthy subjects,
and 19.6% and 17% for sick subjects, for SBP and DBP,
respectively.
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