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Abstract
Heart Rate Variability (HRV) analysis is an important tool for health monitoring. A non-invasive smart health monitoring
system based on optical fiber interferometer can get HRV information from the Ballistocardiogram (BCG) signal. For
some patients, the HRV can hardly be calculated due to the interferences from breath and other vibrations. In this research,
we obtain a stable and high-sensitive BCG signal by a Mach-Zehnder interferometer (MZI) based sensor. In order to reduce
the noise in signal, we introduce an advanced least mean squares (LMS) adaptive filter into the procedure. We use the
signal processed by a bandpass filter as the ‘desired signal’ to deal with the raw data and obtain a preferable output for
HRV calculation.
Key words: BCG, Heart Rate Variability, LMS adaptive filter

1.Introduction

With developing of the aging world, a real-time monitoring of vital signs can efficiently obtain the statues of body. Vital
signs which contain breath and heartbeat signal is a significant tool for human healthcare monitoring and curing!!l.
Therefore, it has been an acceptable communication index to judge the illness and patients status for longitudinal
monitoring, continuous treat which can help the professionals diagnose fast and accurate. A reliable HRV data can interpret
the statues of body and indicate illness of heart, vessels and other organs of a human body!>?!. HRV now is a widely
accepted analysis method in vital signs monitoring. Compared with other methodology, an HRV data can help monitor
heart rate, blood pressure and other index of vital signst>1.

HRYV interpreting the variability of heart rate can be calculated by Electrocardiogram(ECG)'®! and BCG!"! signal . BCG
signal has the advantages that it can be used for heart rate, HRV, blood pressure and kinds of features which can further
indicate the real-time status of human beings including sleep, fatigue and illness’®?). Meanwhile, BCG signal has its
advantage in long-time monitoring since it can be collected by a non-invasive monitoring system. It can help professionals
better get patients vital signs during sleeping or other rest time. Usually, the heart beat provided the dominant part of body

vibration. Therefore, enlarging the strong vibration and limiting the small vibration is purpose. A common BCG signal can

o

Fig.1 BCG signal

be described as Fig.1
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Where a J peak is the dominant vibration by a heartbeat. An I peak and K peak can be found before and after it respectively.

It is a basic mode for heartbeat identification.

To obtain a high-quality BCG signal, a sensitive and stable sensor is necessary. Yul'”! has presented a sensor based on

Mach-Zehnder interferometer (MZI) which can provide a stable and high sensitive BCG signal for HRV calculation.

LMS filter is an FIR filter has advantages in signal strengthen and noise limitation!'". It has been used in BCG processing

which has capacity for convergence issuest'? and less complex!'*l. Delayed LMS adaptive Filter (DLMS) and pipelined

architecture is used to overcome the path delay!"#!. In LMS application, a ‘desired respond’ is hard to obtain. However, the

BCG signal and noise have their significant frequency character!'> which can be the basic of ‘desired respond’ obtaining.
2.Methodology and Experiment

2.1 MZI Sensor

An MZI sensor structure can be described by Fig.1 which is based on a Mach-Zehnder interference.

Reference Arm

coupler coupler

Sensing Arm

Fig.2 MZI sensor structure
From the structure figure, sensor has a laser light source, two optical couplers, three photodetectors (PDs) and fibers.
Especially, the first couplerisa 1 X 2 coupler which separate the light source to two same light. The two light go

through the sensing arm and reference arm respectively. Aftera 2 X 3 coupler, the signal can be detected and changed

to electric signal by three PDs that they have a phase difference of g

2.2 BCG signal
A common BCG signal can be shown as figure 2.
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Fig.3. (a)Raw BCG signal collected by 3 PDs, (b)Synthetic BCG signal

Proc. of SPIE Vol. 11547 115471P-2

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 14 Oct 2020
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



In the figure, the blue line, red line and yellow line respectively shows the signal with a settled phase difference. The figure
2(b) is the synthetic BCG calculated by raw data in 2(a). Obviously, it has a strong baseline drift in raw data. Accordingly,
a strong baseline drift can be seen in the synthetic BCG signal which will influence the signal processing procedure.

2.3 LMS filter

A standard LMS filter flowchart is shown in Fig.3 ,

Fig.4 LMS filter
Where X, (i) is a series of real discrete-time signals. Then the LMS algorithm can be described as
Wn+1(i) = Wn(l) + ZMSan(i) (21)
Where ¢; is the error factor which can be calculated by
& =d; -y (2.2)

Where d; is the ‘desired response’, a signal which can better interpret the demand compared with the input signal.
Especially, the vectors X,,(i) and w,, (i) respectively represent the input of tapped delay line and the filter weight.
The parameter u need to fulfill the demand

0<p<—

(2.3)

Amax

Where A,,,, is the maximum eigenvalue of autocorrelation matrix of input signals.

2.4 Experiment design

In this research, we obtain the input signal by an MZI sensor which has three PDs with a phase difference of g Then we

preprocess the signal by a lowpass filter. We obtain the ‘desired response’ by a bandpass filter. The flow chart can be
described by fig.4.

Input signal Lowpass Output Signal
Filter

Bandpass
Filter

Fig.5 Flowchart of experiment
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3.Result and discussion
The data is a 60 seconds stable data collected by an MZI cushion sensor with a sample rate of 1000Hz. The raw data is
synthesized to a BCG signal and processed by a bandpass filter of 2Hz to 7Hz. Filter tap parameter M=3, Convergence
index u = 0.002. The result is shown in Fig.6
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Fig.6 (a)BCG signal processed by a 2Hz to 7Hz bandpass filter.(b) BCG signal processed by a 7Hz lowpass filter.

(c)Output signal (d)Adaptive filter parameters.
From data in Fig.5(a), the raw signal processed by a bandpass filter can significantly limit the baseline drift which is used
to be the ‘desire responds’ as the heart vibrate rate of human being can hardly out of this range. However, a bandpass filter
may reduce some significative vibrate less than 2Hz. But the data processed by a lowpass filter can hardly deal with the
baseline drift and still maintain some low frequency noise. Therefore, an LMS filter can use a signal passed bandpass filter
to iteratively approximate the lowpass signal. The data in 5(c) shows that the new filter can maintain some little vibrate
and filter the main noise at same time.

Especially, some details between bandpass signal and LMS filter are shown in Fig.7.
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Fig.7 Detail of output signal and ‘desired signal’
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From the detail figure, the amplitude of signal processed by LMS filter is narrow. As figure 7(a) shows that LMS filter can
reduce the confusion between similar vibration as the red box shows. In figure 7(b), LMS filter can smooth the small
vibration. In figure 7(c), LMS filter has advantage in enlarging the stronger vibration. Meanwhile, the figure7(d) shows
that LMS filter can reduce the small vibration.

Meanwhile, we have a further experiment changing the threshold frequency of ‘desired responds’ which processed by a
1Hz to 7Hz filter. The output signal is showed in Fig.8
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Fig.8 Output signal which ‘desired respond’ processed by (a)1Hz to 7Hz filter (b)2Hz to 7Hz filter
Compared (a) to (b), the output is disordered and the baseline is not return to zero. Therefore, ‘desired respond’ chosen can
influence the capacity of filter. The raw signal processed by a 2Hz to 7Hz bandpass filter is more preferable.
4.Conclusion
This research uses an LMS filter to process the BCG signal. A raw signal collected from MZI sensor preprocessed by a
2Hz to 7Hz bandpass filter is chosen to be the ‘desired respond’. By the processing of LMS filter, the small body vibration
can be limited and strong vibration will be enlarged compared with the signal processed by a 2Hz to 7Hz bandpass filter
only. Meanwhile, the signal processed by a 2Hz to 7Hz bandpass filter is a better ‘desired respond’ for the LMS filter.
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