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Cuffless Blood Pressure Estimation by Error-Correcting Output
Coding Method Based on an Aggregation of AdaBoost
with a Photoplethysmograph Sensor

Satomi Suzuki and Koji Oguri

Abstract— This paper presented a novel cuffless and
non-invasive technique of Blood Pressure (BP) estimation with
a pattern recognition method by using a Photoplethysmograph
(PPG) sensor instead of a cuff. Error-Correcting Output
Coding (ECOC) method was adopted as a multi-classifier
machine based on an aggregation of general binary classifiers.
AdaBoost was applied as binary classifier machine. 368
volunteers participated in the experiment. The estimated
Systolic Blood Pressure (SBP) was calculated from their
individual information and several features of their Pulse Wave
(PW). As a result of the comparison between measured SBP,
estimated SBP, MD=-1.2 [mmHg] and $D=11.7 [mmHg| were
obtained. Hence, this technique would be helpful to the advance
the development of continuous BP monitoring system, since the
only one device to monitor BP is smaller than traditional
measurements.

1. INTRODUCTION

LOOD Pressure (BP) is a quite important factor for

assessing a cardiovascular condition. In particular,
Systolic Blood Pressure (SBP) is considered as a better
predictor of major cardiovascular adverse events compared
to Diastolic Blood Pressure. In general, non-invasive BP
measurements need a cuff. However, such measurement
techniques give loads to patients mentally and physically.
Moreover, these can hardly monitor BP continuously. The
realization of gauge for monitoring BP at all times is eagerly
anticipated.

Recently, it has been easy to measure daily biological
signals since sensor technologies have been developed and
all kinds of measurement instruments have become much
smaller and consumed less power. Therefore, this study
suggests a method of SBP estimation with a wearable sensor
instead of a cuff.

The relation between biological signals and BP has been
concerned for more than 30 years. Most studies of biological
signals with BP have focused on Pulse Transit Time (PTT)
[1]-[5]. In these studies, patients have to keep using at least
two sensors, since two devices (e.g. electrocardiogram,
Photoplethysmograph (PPG)) are necessary for obtaining
PTT. Hence, patients would feel uncomfortable or
inconvenient. As other previous study without PTT, Park et
al. [6] have predicted mean arterial pressure with

S. Suzuki is with Graduate School of Information Science and
Technology, Aichi Prefectural University, Aichi, Japan (e-mail:
s.suzuki@bme.ist.aichi-pu.ac.jp)

K. Oguri is with Faculty of Information Science and Technology, Aichi,
Prefectural University, Aichi, Japan (e-mail: oguri@ist.aichi-pu.ac.jp)

978-1-4244-3296-7/09/$25.00 ©2009 IEEE

/
i

.

Fig. 1.

-

Photoplethysmograph sensor.

physiological characteristics from pressure that measured by
a tonometry sensor. A device for BP monitoring should be
small-scale due to patients’ loads. Therefore, our study
depends on only Pulse Wave (PW) signal which detected by
a PPG sensor, since PPG sensor is a very small gauge (Fig.
1). Moreover, subject just wears the sensor on the surface of
the body to measure the signal. We aim to estimate SBP by
analyzing PW.

This paper proposes a novel algorithm to estimate SBP by
means of a multi-class recognition method based on an
aggregation of general binary classifiers. We classify SBP
value into multiple classes according to arbitrary thresholds
of SBP. And then, estimated SBP is calculated by using the
learning SBP estimation models that are constructed from
training examples.

1. PHOTOPLETHYSMOGRAPH

Oxygenated hemoglobin in blood has very high
absorption of blue and green light. In addition, surface of the
body can hardly reflect the light which has wavelengths in
550 [nm] and under regions. Therefore, the signal that
obtained by PPG sensor with the light has the wavelengths
in this region represents capacity changing of blood vessel
according to volume of blood flowing. The signal is a kind
of PW.

Individual features of PW would reflect the blood ejection
from heart, the shape of blood vessels and the condition of
blood vessel walls. Although the signal of PW is a bit
different depending on measured areas, PW is basically
constructed by the ejection wave and the returning reflected
wave from blood vessel walls. In this study, several features
are calculated from PW to estimate SBP. Figure 2 shows the
characteristics of PW.
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Fig. 2. The feature of pulse wave.

1. METHOD

In this study, SBP is estimated by a multi-class
recognition based on a combination of two-class recognition
methods. Two main types of a multi-class predictor have
been proposed. One is classical combinations and other
predictors such as Neural Network and multi-Support Vector
Machine. Another is an exhaustive combination of binary
classifiers such as Pairwise and Error Correcting Output
Coding (ECOC) method. Many easily-implemented and
high-speed binary predictors have been presented. Moreover,
we can choose optimal method and parameters for each class.
Therefore, a promising high accuracy multi-class predictor
would be constructed.

Our study applies ECOC method which suggested by
Dietterich and Bakiri [7]. ECOC method is defined by
following algorithm.

1. Encoding: Multiple lavels are encoded to binary data
with a code table.

2. Binary Classification: Binary classification problem is
preformed for each binary sequence.

3. Decoding: Output multi-class are calculated by decoding
method with the code table.

In this study, the multi-class predictor comprises an
aggregation of AdaBoost. We focus on a Humming distance
to decode. Figure 3 depicts a diagrammatic illustration of a
multi-class recognition method based on ECOC method by
means of an aggregation of binary-class predictors.

A.  Code Table

Error rate in the encoding should be as low as possible for
high accuracy estimation. To that end, we have to create an
applicable code table. This study suggested Global Data
Sequence Code Table (GDS-CT) as an opportune code table
to encode. The elements of GDS-CT have “+1” or “-1”. In
particular, only each adjacent element in GDS-CT have
“+17.

The number of class is defined G and p denotes the
number of binary problem. The number of binary predictor
increases exponentially by up to >’7'G+1)with an increase

in G. For given G = 4, Equation (1) denotes an example of
code table Wgps.cr-

Output class
[————

Code table
W

Codeword
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Code table 1
w
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Fig. 3. A diagram of multi-class recognition method based on
ECOC method by means of binary classifier.
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B. Encoding Method

As preprocessing step of multi-class recognition, SBP
value is classified into binary class by means of several
thresholds (BPThreshold). To specify a certain range of SBP,
the maximum BPThreshold (maxThreshold) is defined
180[mmHg] and the minimum BPThreshold (minThreshold)
is defined 80[mmHg]. And then, BPThreshold is calculated
with Threshold Interval for SBP (BPTI). BinaryClass as an
indicator function consists of the following formula.

) —1 (BP < BPThreshold)
BinaryClass = 2
+1 (BP = BPThreshold)

C. Binary Classification

We focus on AdaBoost which is one of boosting
algorithms in ensemble learning methods [8]. AdaBoost has
been applied to many tasks for pattern classification due to
its high precision rate and very high speed for the binary
classification problem. The key idea of AdaBoost is to give a
reweighing of examples in accordance with the best
performance tuned in each step, and to succeed to the next
step in terms of a renewal error rates by reweighing.

Let us consider a classification problem where for a given
feature vector x, the corresponding label y. Figure 4 shows a
diagrammatic illustration of AdaBoost algorithm as binary
classifier for given n examples. This study adopted a
Classification And Regression Trees (CART) algorithm as a
weak learner machine.
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Fig. 4. A diagram of AdaBoost algorithm for binary problem.
The number of weak learner is 7. For weak learner f, a weight of
example i is defined D(i). For initialization, D;(i/)=1/n. Final decisions
H as the majority vote from both /, denoting a result of weak learner ¢
and ¢, denoting the reliability of 4,.

D. Decoding Method

Humming decoding is applied as a decoding method. The
Humming decoding algorithm in this study consists of
following steps:

1. Humming distance between results obtained with binary
predictors and a codeword C; indicating an optional class
for each row was calculated.

2. Multiple classes (OutputClass) are defined a codeword
which has a minimum Humming distance. OutputClass
is obtained by following formula,

. &1-H,C
OutputClass = arg min mek(m) 3)

m=1
where H is the results which obtained by means of binary
predictors, p is the number of binary predictor.

E. Evaluation Index
The estimated SBP (estSBP) is
OutputClass, minThreshold and BPTI.

calculated with

estSBP = OutputClass x (BPTI —1) + minThreshold (4)

A correlation coefficient (), a Mean Difference (MD) and
a standard deviation of difference (SD) between measured
SBP (measSBP) and estimated SBP are applied as evaluation
indexes. These are obtained by following formulas,
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TABLEI
THE NUMBER OF SUBJECTS FOR EACH AGE GROUP
Age [years] -19 20-29  30-39 40-49 50-59 60-69  70-
N [subjects] 14 29 0 4 17 184 119
Photoplethysmograph

Commercial
manometer

sensor

Experimental environment.

Fig. 5.

where n is the number of data, e;is the difference between
measured SBP and estSBP;.

IvV. EXPERIMENT

160 males and 208 females participated in our experiment.
Table I shows the number of subjects for each age group. All
volunteers kept their posture for 5 minutes.

SBP was measured on the right brachial by a commercial
BP meter (TM-2540R, A&D Corp.) with a cuff every minute.
PPG signal was measured on the left finger by PPG
reflection mode sensor (DENSO Corp.) continuously. The
sampling frequency is 100 [Hz]. The PPG sensor used
wavelengths in 520 [nm] regions. Figure 5 shows the
experimental environment. In addition, the subjects
described their personal information such as their age, height
and weight.

V. RESULT

Database was needed for a balance of subjects’ age.
Subject data are randomly selected for the database in terms
of subjects’ age and SBP. And then, training set and test set
were produced (Table II).

Specifically, we constructed the learning models with the
training set to estimate SBP. And then, estimated SBP was
calculated by using the models in terms of the test set.

As a result of the comparison between measSBP and
estSBP, MD=-1.2 [mmHg] and SD=11.7 [mmHg] were
obtained (Table III). Figure 6 displays a distribution of
measSBP and estSBP.
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TABLE II
DETAILED INFORMATION OF EACH DATASET
training set test set
N [subject] 195 21
Age [year] 51.1E£214 46.8%21.1
SBP [mmHg] 118.6t18.4 112.0£17.7
Male [%] 37.8 50.0
TABLE III
COMPARISON OF MEASURED SBP AND ESTIMATED SBP
r MD [mmHg] SD [mmHg]
training set 0.96 1.3 5.1
test set 0.75 -1.2 11.7
200 ‘ ‘ ‘
* training set
1800 * test set |
= 1601 1
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£ 140t 1
[
M
%)
g 120 ]
k5|
£
% 1001 ]
o
801 1
60 L L L L L L
60 80 100 120 140 160 180 200
MeasuredSBP[mmHg]
Fig. 6. Distribution of measSBP and estSBP.

VI. DISCUSSION

According to American National Standard (ANS) for
automated sphygmomanometers, MD should be less than 5.0
[mmHg] and SD should be less than 8.0 [mmHg]. For
training set, calculated MD and SD fully satisfy ANS. For
test set, calculated MD fully satisfies ANS, but SD does not.
This reason is that AdaBoost for test set cannot find the
value which does not exist in training set. At that time, the
error in test set is produced. Therefore, the database needs
the sufficient number of sample data to realize cuffless BP
monitoring system by proposed method.

In case the number of sample data set is not sufficient,
proposed method should be combined a linear analysis such
as a multiple regression analysis.

vil. CONCLUSION

This study presented a novel non-invasive technique of
SBP estimation without a cuff. We focused on PPG sensor
which has been extensively used for the evaluation of the
vascular system in recent years. SBP was estimated with a
multi-classifier ~machine. Specifically, the machine
comprised a coupling ensemble Adaboost due to its high
precision rate and extremely high speed. Humming decoding
was applied as a decoding method.

Two data sets to create the learning models and to test
were chosen due to the imbalance of subjects’ age-group. As
a result of the comparison between measured SBP and
estimated SBP, MD calculated for test set fully satisfies
ANS. Cuffless BP monitoring would become more
convenient and helpful through this technique since the only
one device for monitoring is smaller than traditional
measurements. Overall, this study represents a great advance
in the field of the cuffless continuous monitoring system
development for BP.

In the future, the data of middle age will be increased
further. Therefore, it is intended that the estimation accuracy
for test set will fully satisfy ANS.
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