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Abstract This paper proposes a novel wavelet neural network algorithm for the continuous and noninvasive
dynamic estimation of blood pressure (BP). Unlike prior algorithms, the proposed algorithm capitalizes on the
correlation between photoplethysmography (PPG) and BP. Complete BP waveforms are reconstructed based
on PPG signals to extract systolic blood pressure (SBP) and diastolic blood pressure (DBP). To improve the
robustness, Daubechies wavelet is implemented as the hidden layer node function for the neural network. An
optimized neural network structure is proposed to reduce the computational complexity. Further, this paper
investigates an inhomogeneous resilient backpropagation (IRBP) algorithm to calculate the weight of hidden
layer nodes. The IRBP improves the convergence speed and reconstruction accuracy. Multiparameter intelligent
monitoring in Intensive Care (MIMIC) databases, which contain a variety of physiological parameters captured
from patient monitors, are used to validate this algorithm. The standard deviation o between reconstructed
and actual BP signals is 4.4797 mmHg, which satisfies the American National Standards of the Association for
the Advancement of Medical Instrumentation. The reconstructed BP waveform can be used to extract the SBP
and DBP, whose standard deviations o are 2.91 mmHg and 2.41 mmHg respectively.
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1 Introduction

Blood pressure (BP) is an important parameter reflecting the performance of human circulatory system.
Mankind is plagued by numerous diseases related to arterial blood pressure (ABP), including hypertension
and heart disease. Because of the complex mechanisms of these diseases, they are difficult to cure.
Countless scientists and clinicians are dedicated to identifying early warning indicators of these diseases.
Therefore, physiological signals acquisition [1-5] and processing [6-9] have become widespread research
topics in recent years.
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Figure 1 (Color online) Multi-feature extraction from Figure 2 Multi-feature extraction from a single PPG.
ECG and PPG.

Among these diseases, hypertension has a high incidence. The measurement of systolic blood pressure
(SBP) and diastolic blood pressure (DBP) is meaningful for the prevention of hypertension. For this
reason, portable electronic sphygmomanometers have become common. However, the usage of a cuff can
cause discomfort to users, which may then reduce the measurement accuracy. Another disadvantage of
this approach is that it is impossible to measure BP in real time.

Rather than using a cuff, researchers are attempting to measure BP by other methods such as, arterial
tonometry [10] and pulse wave velocity (PWV) [11]. For arterial tonometry, many sensors are pressed
onto the skin surface of arteries, which is not suitable for application. The measurement of PWYV is
an extremely complex process, where different mathematical models are established and the blood flow
must be measured accurately. Fortunately, the pulse transit time (PTT) reported in [12] and [13] has a
strong correlation with BP. Compared with arterial tonometry and PWYV, the measurement of PTT is
uncomplicated, requiring only two sensors. There are two typical methods to measure PTT. The first
[14] is to calculate the delay between Electrocardiogram (ECG) and PPG, and the second method [15]
is to measure the delay of different PPGs acquired from different parts of the body. To improve the
accuracy of the evaluation of BP, a new feature vector extraction algorithm was proposed by Li et al.
in [16]. As illustrated in Figure 1, the PPG is divided into different parts by amplitude. A group of
PTTs and other feature vectors related to PPG are extracted. Experimental results demonstate that
the correlation of BP and several feature vectors related to single PPG signals are as strong as those
of BP and PTT. The estimation of BP through single PPG signals has been investigated in [17-19].
Compared with [12] and [13], only one sensor is needed by this approach, which reduces the hardware
cost. Moreover, the alignment problem of different signals (ECG and PPG, PPG and PPG) is solved,
which reduces the measurement error. Kurylyak et al. [20] proposed a neural network-based method for
BP estimation from single PPG signals. The method of extracting feature vectors from PPG signals is
presented in Figure 2.

These algorithms indicate that there is a strong correlation between PPG and BP. The number of
sensors and data alignment are two key issues for estimating BP from multi-physiological parameters
(ECG and PPG, PPGs). The single PPG method is a good solution for these issues. However, all these
algorithms focus on the correlation between BP values (SBP and DBP) and feature vectors only. Robust
performance is an implicit and main problem for these algorithms. The quality of feature vectors (PTTs
and others) extracted from physiological parameters is strongly dependent on input signals (physiological
parameters) acquired by sensors. If input signals are disturbed by noise, the quality of feature vectors
will decline, reducing the estimation accuracy of the BP. For example, the notch of PPGs (C points) in
Figure 1 is difficult to determine because of the noise interference.

To solve these problems, a novel wavelet neural network algorithm for BP estimation is proposed in this
paper. Differing from previous algorithms, we do not extract feature vectors from the PPG. Complete
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Figure 3 The input signal z(t) is decomposed in the multi-dimensional frequency space

PPG signals are chosen as feature vectors. The complete correlation information between the PPG and
BP is maintained. Complete BP signals are reconstructed and used to extract the SBP and DBP. In this
manner, we avoid the noise interference of feature vector extraction and obtain accurate SBP and DBP.

The rest of this paper is organized as follows: Section 2 presents the theory of wavelet transform (WT)
and the application of Daubechies wavelet. Section 3 discusses wavelet neural networks. The IRBP is
proposed in Section 4. The experimental results are presented in Section 5. Our conclusions are made in
Section 6.

2 Wavelet transform

WT refers to decomposing signals with finite length or fast decay of the oscillation waveform that is the
mother wavelet ¢(¢). In general, ¢(t) is the combination function of ¢(¢), which is the scale function or
father wavelet. Its calculation expression is defined as

G(t) = V2> hpp(2t — k), (1)

keZ

V(t) = V2 g2t~ k), 2)
keZ
where hy, and g5, are a pair of equivalent filter coefficients (lowpass and highpass). The input signal z(t)
is decomposed by step as indicated in Figure 3. This is the main property of WT, the multi-resolution
analysis. WT can analyze signals at different scales by adjusting filter types (low-pass, high-pass and
band-pass). For different signals, we can adjust the scale function to acquire parts of interest. This is
the primary reason that the wavelet is chosen as the node function of neural networks.

Daubechies wavelet is a kind of wavelet function named after Ingrid Daubechies [21]. The convergence
property and the fact that it is compactly supported in frequency domain are advantages of the Daubechies
wavelet [22]. It is used mainly in the discrete wavelet transform, especially in fast wavelet transform.

In this paper, MIMIC databases [23] are chosen as data sources. Original PPG signals and fast Fourier
transform (FFT) spectrum analysis are presented in Figure 4(a) and (b) respectively. Clearly, the energy
of PPG signals is mainly concentrated in the low frequency (below 20 Hz). Therefore, We fully use
the low-pass filter feature of Daubechies wavelet. The frequency response of the Daubechies wavelet at
different scales is illustrated in Figure 4(c). With an increasing of the scale, the bandwidth declines. The
3 dB bandwidth of scales 2',22 and 23 are 38, 19 and 9 respectively. The frequency range at scales 2 and
22 is sufficient for processing PPG signals in MIMIC databases. The optimal scale is selected according
to the processing effect and computational complexity. A detailed analysis is provided in Section 5.

3 Neural network

Neural network is a powerful tool for nonlinear function estimation owing to its ability to reconstruct
complicated signals. Many typical studies have been reported [24-26]. Nevertheless, the application of
neural networks suffers from specific issues, including the node function, the number of hidden layers,
the number of nodes per layer and the node weight. The reconstruction error is determined by these
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Figure 4 (Color online) (a) Original PPG signals extracted from MIMIC databases; (b) the FFT spectrum analysis of
signals in (a); (c) the frequency response of the Daubechies wavelet at different scales.

Figure 5 The 3-layer wavelet neural network.

issues. Moreover, the computational complexity is another issue that must be solved carefully and it
is determined by the number of hidden layers and the number of nodes per layer. Neural network
based on wavelets was first proposed by Zhang and Benveniste [27]. Zhang et al. presented a function
learning algorithm based on wavelet neural networks [28]. Subsequently, an optimized wavelet network
for multidimensional nonlinear estimation was proposed by Zhang [22].

The objective function f(¢) can be approximated by selecting a suitable scale such that

k

where m and k are the scale factor and translation factor respectively. ( , ) represents the dot product.

A 3-layer wavelet neural network is proposed in [28], as indicated in Figure 5. This design substantially
simplifies the structure of the neural network and reduces the computational complexity. Further, the
wavelet node function can remove interference and improve the reconstruction accuracy.

However, owing to the large number of hidden layer nodes, it is difficult to apply. Parallel multipli-
cation operations of all hidden layer nodes increase requirements of the necessary processor. The power
consumption increases because of the large number of multiplication operations. This paper proposes
an optimized wavelet neural network, as presented in Figure 6. Based on the theory in [22], we choose
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Output

Figure 6 The optimized wavelet neural network.

a single-scaling wavelet basis as the node function. For one-dimensional PPG signals processing, the
scale factor s of all wavelet node functions is consistent and the translation factor 7 is determined by the
threshold k. Therefore, the wavelet node function ¢ can be reused as indicated in Figure 6, where it is
set as the input node function. The output of hidden layer nodes is generated by cache. T represents the
cache cycle.

Compared with the structure in Figure 5, the optimized wavelet neural network significantly reduces
the computational complexity and the difficulty in application without losing the reconstruction accu-
racy. The number of multiplication operations is reduced to 1/N of that in Figure 5. Using the proposed
structure, the increasing of the number of hidden layer nodes results in only a minimal increase of the
computational complexity. Without parallel multiplication operations, the power consumption consider-
ably reduced. Furthermore, the implementation of the proposed structure is much easier than that in
Figure 5, because the structure of cache hidden layer nodes without multipliers is much simpler than that
of wavelet hidden layer nodes.

4 IRBP

The neural network must be trained to minimize the error between the actual and reconstruction curve.
Christian et al. improved the resilient backpropagation algorithm to improve the convergence speed
[29]. Based on [29], Rusiecki proposed a new solution to remove the outlier error [30]. As analyzed in
Subsection 2.2, the low-pass characteristic of Daubechies wavelet node function can remove high-frequency
interference, which is presented as outliers in the time domain. Improving the convergence speed is a
primary objective of this paper. Through simulation, we determined that reconstruction accuracy is
related to the convergence speed. This paper proposes an IRBP to improve the convergence speed and
reconstruction accuracy simultaneously.

4.1 Criterion function

To measure the performance of IRBP, criterion functions are presented in this subsection. ¢; is the input
signal and f(¢;) is the goal function. The estimation residual is defined as

ri = f(t;) — Oy, (4)

where O; is the estimation of f(¢;).

The mean function (u) is defined as

1 N
H= N;|ri|~ (5)

The standard deviation (o) function is defined as
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4.2 Theory of IRBP

To simplify the computation, the convergence speed direction of [29] and [30] are adjusted based on the
sign of the error derivative and the step-size of convergence speed depends mainly on scaling factors, 7 [29]
and a [30]. The setting of scaling factors has no specific guideline. We have validated these algorithms by
adjusting scaling factors and validation results are presented in Figure 7. The gradient of o represents the
convergence speed. As indicated in Figure 7(a), if the step-size is sufficient, the convergence speed is fast
and the reconstruction error rapidly declines. However, it oscillates within a certain range and we cannot
determine optimal weights (when o is the least). Conversely, if we reduce the step-size, the convergence
speed reduces. The reconstruction error declines extremely slowly and the number of iterations increases
sharply. Determining the least o is difficult. To solve this problem, this paper optimizes algorithms
proposed in [29] and [30] and proposed IRBP based on the global error gradient.
The adjustment step-size is computed as

(t) —_—— ] —_
AV = 1 <51gn< " > *abs< t)) , (7)

where sign(-) is a symbol function and abs(-) is the absolute value of arguments. The ¢ represents the

number of iterations and % is employed to lower the adjustment speed and avoid reconstruction error

oscillation. E represents the standard deviation (o). In (7), the global reconstruction error gradient

%—]f is used to adjust the step-size rather than the local reconstruction error partial derivative %Jf;).

Because the global reconstruction error gradient implies the changing speed of global error (increasing or

decreasing) and finding the least global reconstruction error is the other goal of this paper. Incidentally,
the adjustment step-size A® can be adjusted effectively, which benefits for determining optimal weights.
For each weight, the variable Aw;®) is defined as

OE® 9gEt-1)
ow;  Ow;
OE® gpt—1)
a—wi ow;
OE® 9EE—D
ow;  Ow;

A(t), >0

)

Awi(t) _ —Awi(t_l), < O,E(t) > E(t—l), (8)

0, <0,EM < -1,

SE®
w;

the Aw;®) is equal to A® . Conversely, if the sign changes, the Aw;® will be adjusted according to the

The updating criterion is the same as that in [29]. If the sign of

is the same in consecutive iterations,

global reconstruction error E. The global information plays a more important role in the adjustment of
oE®

Aw;® | when the local information (%

) is inconsistent. Finally, the weight of different nodes is defined
as

wz(t) = wi(til) -+ sz(t) (9)

Steps of the IRBP are presented as follows:
Step 1 Initialize weights of each node randomly.
Step 2 Reconstruct the goal function.

Step 3 Calculate the global reconstruction error E according to (6).

oE®
ot

less than € (¢ < 0.01) in consecutive multiple iterations, stop training and determine the optimal weight

is

Step 4 Determine whether E is the minimum. If the global reconstruction error gradient

of each node. Otherwise, go to Step 5.

Step 5 Update the weight of each node according to (7), (8) and (9). Then go to Step 2.

In this algorithm, the maximum number of iterations and the goal reconstruction error are not set
because the minimum reconstruction error gradient is set to the stop condition of iterations. In this
manner, the number of iterations can be effectively reduced when the reconstruction error cannot attain
the intended target.
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Figure 7 (Color online) The reconstruction error in different number of iterations. The relationship between the number
of iterations and the reconstruction error (Long step-size (a) and Short step-size (b)).
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Figure 8 The reconstruction error in different number of iterations.

Experimental results are shown in Figure 8. Compared with [29] and [30], the reconstruction error
of this algorithm declines rapidly and stably. It effectively avoids the reconstruction error oscillation
as indicated in Figure 7(a) and the number of iterations is much less than that in Figure 7(b). It is a
potential option for the calculation of node weights of neural networks.

5 Experiment

The MIMIC database [23] was used to validate the proposed algorithm. The data of more than 90 ICU
patients were recorded. Each case contains signals and periodic measurements acquired by a bedside
monitor, and some clinical data are acquired from patient’s medical records. Fingertip PPG and ABP
signals are available in some databases. Some of them are severely contaminated by kinds of noises so that
the characteristic of signals has already disappeared. This paper only selects signals whose characteristics
are retained.

To begin, the optimal scale of Daubechies wavelet must be selected. Reconstruction error and computa-
tional complexity are two primary factors to be considered. As analyzed in Subsection 2.2, the frequency
range at scales 2! and 22 meets the requirement for processing PPG signals in MIMIC databases. Figure
9(a) illustrates the relationship between the reconstruction error and dbs at scales 2 and 22. For different
dbs, the reconstruction error is similar at different scales because the frequency range meets requirements.
The tap number of dbs at different scales is presented in Figure 9(b). The number of multiplication op-
erations is proportional to the tap number. From db2 to db6, the computational complexity increases
sharply. Therefore, the db2 at scale 2! is chosen as the hidden layer node function. For other signals, we
can capitalize on the fact that Daubechies wavelet decomposition and the hidden layer node function is
selected based on the reconstruction error and computational complexity.

The single-scaling Daubechies wavelet basis improves the robust performance of node function by re-
moving high-frequency interference. The 3-layer wavelet neural network significantly reduces the number
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Figure 9 (a) The reconstruction error of dbs at different scales; (b) the tap number of dbs at different scales.
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Figure 10 (Color online) The reconstruction result. (a) Input PPG signals (250 Sample/Second, MIMIC databases 230);
(b) the original BP and the reconstruction BP (250 Sample/Second, MIMIC databases 230).

Amplitude (mmHg)

Table 1 The reconstruction error of different databases

Reconstruction error 41 55 212 216 218 224 225 230 252
1 (mmHg) 3.9054 3.8999 3.2364 3.0891 3.7245 3.5985 4.0212 2.9658 3.3719
o (mmHg) 5.1704 4.8242 5.1170 3.9491 4.4337 4.8735 5.6685 4.0761 4.5289

of hidden layers. The optimized structure in Figure 7 addressed the issue that the computational com-
plexity will increase with the increasing in the hidden layer node number. The node weight Wy is of great
significance to improve the reconstruction accuracy. The proposed IRBP algorithm improves convergence
speed and reduces reconstruction error effectively.

The input wave for network training is part of PPG signals and corresponding BP signals in MIMIC
databases. In the training phase, PPG signals are input wave of the wavelet network. Corresponding BP
signals and reconstruction signals are used to determine the optimal weights of the wavelet network as
indicated in Section 4 (the IRBP algorithm). Finally, the wavelet networks reconstruct another part of
BP signals based on corresponding PPG signals in MIMIC databases. Input PPG signals are indicated
in Figure 10(a) and corresponding BP signals are presented in Figure 10(b), where the solid line and
dotted line are the original and reconstruction BP waveform respectively.

The reconstruction error of different databases is presented in Tables 1 and 2. The average of ;1 and o
are calculated, which are 3.4094 mmHg and 4.4797 mmHg respectively. In [31], the American National
Standards of the Association for the Advancement of Medical Instrumentation is presented. The deviation
between measured value and the mercury standard sphygmomanometer must be less than 8 mmHg. All
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Table 2 The reconstruction error of different databases

Reconstruction error 253 403 408 437 443 444 466 474 Average
n (mmHg) 3.8961 3.8912 2.8543 3.9424 2.2896 3.7354 2.6693 2.8613 3.4090
o (mmHg) 4.9486 4.9173 3.7751 5.2003 2.7778 4.7103 3.1919 3.9929 4.4797

Table 3 Comparisons of different methods

Reference Method Algorithm SBP (u =+ o) DBP (u =+ o)
This work BP waveform reconstruction Wavelet neural network 2.324+291 1.92 £2.47
Linear regression 9.8 £8.09 5.88 £5.11
[20] Feature extraction neural network (4 inputs) 5.19 £5.01 2.91 £2.92
neural network (21 inputs) 3.8 £3.46 2.21 £2.09
[32] Feature extraction Hilbert Huang transform +3.85 +1.84
Wavelet transform +4.17 +2.57

the o in Tables 1 and 2 satisfy this criterion.

The SBP and DBP can be extracted from reconstructed BP waveform. Comparisons of different
methods are listed in Table 3. (In [32], the calculation method of mean p is different from that of this
paper and [21]. Therefore, the mean  of [32] is not listed in Table 3). Clearly, most critera of this work
are superior to other algorithms’. Comparison results indicate that the proposed algorithm is reliable
enough to provide accurate SBP and DBP information for users.

6 Conclusion

A novel wavelet neural network algorithm for continuous and noninvasive BP measurement has been pro-
posed in this paper. Making full use of the low-pass characteristic of Daubechies wavelet, the robustness
of hidden layer node function is improved. By reducing large number of parallel multiplication opera-
tions, the optimized neural network structure significantly reduces the computational complexity, which
facilitates the implementation and application. The IRBP provides detailed method for the adjustment
of step-size, which improves convergence speed and lowers the reconstruction error. Validated with the
MIMIC database, the average mean squared error ¢ between reconstructed and actual BP signals is
4.4797 mmHg, which satisfies the American National Standards of the Association for the Advancement
of Medical Instrumentation. Medical researchers can extract SBP and DBP from reconstructed BP wave-
form. The o of SBP and DBP are 2.91 mmHg and 2.41 mmHA respectively, which are superior to other
algorithms’. In addition, by adjusting the Daubechies wavelet according to input signals, the proposed
algorithm can be used to reconstruct other waveform. This algorithm provides a new method for BP
estimation and is a potential option for nonparametric estimation.
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