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Heart Rate Estimation Based on Deep Learning Using

Biosignal measured by Nail Tip Sensor

Yuto Shimada

Department of Electrical and Computer Engineering

National Institute of Technology, Kagawa College

Abstract

Remote monitoring is important in a home health care for handling sudden changes of
patient’s physical conditions. One approach to achieve remote monitoring is that patients
wear biometric sensors at all times. However, since almost all biometric sensors are used
in contact with the body surface, and wearing them for a long period causes a decrease
in quality of life and hygiene problems. As another approach to solve this problem, a nail
tip sensor was developed. This sensor is a wearable device that is attached to the surface
of the fingernail. Therefore, there is no stress about wearing it, and it can be firmly fixed
for a long time. This sensor can measure photoplethysmography (PPG) by observing the
intensity of reflected light associated with the dilation and contraction of the blood vessels.
Thus, monitoring the heart rate in daily life can be realized. Nevertheless, the PPG
derived from the heart rate obtained from the nail tip sensor is so weak, and it contains
enormous noise caused by body movements and other factors. To cope with this problem,
fundamental frequency estimation algorithms for periodic signals were utilized to estimate
the heart rate from PPG signals. Although these methods achieved accurate heart rate
estimation during sleeping, it was difficult to estimate the heart rate during daily activities.
In this thesis, I confirm the efficacy of a supervised heart rate estimation method using the
nail tip sensor and a deep neural network (DNN) to realize even more accurate heart rate
estimation. First, I develop a labeling application to easily generate correct heart rate
values for the measured PPG. Using the labeled data prepared by this application, I build
several types of DNN models and experimentally investigate their accuracy in predicting
heart rate from PPG. As a result, it was revealed that the bidirectional long-short term
memory model can estimate the heart rate with high accuracy both during sleeping and

during daily activities.

Keywords: nail tip sensor, heart rate estimation, deep neural network, recurrent neural

network
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Fig. 1.2. Nail tip sensor for PPG measurement.
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Unsupervised methods Supervised methods

’ Heart rate estimation using kalman filter from ECG [4] ‘

Heart rate estimation using
PPG based on DNN [6, 7]

’ Heart rate estimation using adaptive filter from PPG [5] ‘

Heart rate estimation checking the ability
of the vibrometric traces [8]

Heart rate estimation using videos
based on DNN [9, 10]

Heart rate estimation using STFT to detect the formant
maximum peaks from vowel speech signals [11]

Fig. 1.3. Summary of heart rate estimation methods.
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Dead time

Cycle heart rate

Fig. 1.4. Overview of the zero-cross method.
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Fig. 1.5. Proposed approach for estimating heart rate based on DNN.
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Table 2.1. Activity scenes in each time period (Data 1)

Japanese standard time Scene

18:00 — 00:53 Moderate activity
00:53 — 07:00 Sleep

07:00 — 09:47 Moderate activity
09:47 — 11:07 Hard exercise
11:07 — 12:30 Moderate activity
12:30 — 13:56 Sleep

13:56 — 15:09 Hard exercise
15:09 — 18:00 Moderate activity
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(b) Five seconds in sleep (left), moderate activity (center), and hard exercise (right) periods

Fig. 2.1. PPG (top) and ECG (bottom) signals in Data 1 for (a) 24 hours and (b) five

seconds.
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Fig. 2.2. PPG (top) and ECG (bottom) signals in Data 2 for (a) 24 hours and (b) five
seconds.
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Fig. 2.3. PPG (top) and ECG (bottom) signals in Data 3 for (a) 24 hours and (b) five
seconds.
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Table 2.2. Activity scenes in each time period (Data 2)

Scene

Japanese standard time
12:00 — 12:50
12:50 — 12:56
12:56 — 13:00
13:00 — 13:09
13:09 — 14:50
14:50 — 15:15
15:15 — 18:08
18:08 — 18:30
18:30 — 23:03
23:03 — 07:30
07:30 — 10:15
10:15 — 10:41
10:41 - 11:20
11:20 — 11:35
11:35 — 11:40
11:40 — 12:09

Moderate activity
Car driving
Moderate activity
Car driving
Moderate activity
Walking
Moderate activity
Car driving
Moderate activity
Sleep

Moderate activity
Car driving
Moderate activity
Car driving
Moderate activity

Car driving

Table 2.3. Activity scenes in each time period (Data 3)

Scene

Japanese standard time
13:00 — 13:11
13:11 — 13:34
13:34 — 16:03
16:03 — 16:17
16:17 — 17:45
17:45 — 18:05
18:05 — 23:50
23:50 — 06:10
06:10 — 09:08
09:08 — 09:53
09:53 — 11:34
11:34 — 11:48
11:48 — 12:15
12:15 — 12:32
12:32 — 13:05

Moderate activity
Car driving
Moderate activity
Car driving
Moderate activity
Car driving
Moderate activity
Sleep

Moderate activity
Car driving
Moderate activity
Car driving
Moderate activity
Car driving

Moderate activity




13

0 30

HRERERN

31 0000

00000100000 DNNOOOOOoOOoooDooooooooooogoogooooo
O0000oo0oooooooog STFTODOO0O 32000000000000000000
DNNOOOOOO MLPORNNOOO BIRNNOOOOOOOO 3300340000 350
0000003600 00000000

3.2 STFT

STFTO Fig. 31 000000000000000000000000000000000
OO0STFTO00000000D0000000000000000000000000000
000000 QOO0 7000000000000 2=[2(1),2(2),---,2(),---,2(T)]T € RT
0j000000000000000000000000000

2D =[G - 1)r+1),2(( = D7 +2),-,2(( - Dr + Q)" (3.1)

) : . . T
::[ZU)O)’ZUKQL...7ZUNq)V..’ZU)“Qﬂ c R® (3.2)
oooot=1,2,---,70j=1,2,---,J000 ¢=1,2,---,Q0000000000000

0000000000000000000000D0D0D0DDDooooooooooooo-to
go0ooooooooooooo Jooooooogoo

J= g (3.3)

0o000JoOOoo0oooOooooooooooo0TOooooo0 00000 OO0ODODOOO
000000000000 0000 200000000000 Z0000000

Z = STFT,(z) € C'*/ (3.4)



14 030 0Oooo

4 Time domain N N

Waveform

Time-frequency domain

I > Y
X : : : "R 8 ‘
- 3 125
: : : o TN
/ Discrete @
i i L
Wirfldow Fourier transform - >
functior ime
Shift ‘ Spectrogram
lengtht | i \// Complex-valued matrix
Windowlength@
\I w length Q / \ /
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Fig. 3.3. Structure of dense (fully connected) layer.
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Fig. 3.4. Popular activation functions used in DNN.
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Fig. 3.6. Structure of LSTM unit.
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Fig. 3.7. Structure of GRU.
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Fig. 3.8. Simplified diagram of BiRNN structure.
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Fig. 4.1. Power spectrogram of Data 1 (PPG) after applying high-pass filter.
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Fig. 4.2. Power spectrogram of Data 2 (PPG) after applying high-pass filter.
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Fig. 4.3. Power spectrogram of Data 3 (PPG) after applying high-pass filter.
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Fig. 4.6. Label of Data 1 (PPG).
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Fig. 4.8. Label of Data 3 (PPG).
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Divide spectrogram into 10 segments before training.
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Fig. 5.1. Method of division data.

doooooon
> (uj =) (v — )
VI =02 - )

UbbwbO0OuwbhO0O0D0OO0O0DOOO0ODODOO0ObOOOoO0ObOOoOnbDO

Poorr = (5.3)

53 0OU0O0O0O

goo0o0o0o0o0 10bobo 30gb0bobobobobobobobobooooog
gobogoobogboboobboooboooboobbooboooboobboooboon
goooooboo0o0ooooooOooUoboboOooo0opDoOooOooDbboObooo 2000
gooogon

OOODNNOODOOOOODOOODOODOOOOOOOooOoooooooOo 7:2:10
goooooodooooodooo0oboo0oo0oobo0ooO0booO0Ob0OOdOFEig. 5100
oooooooooooobob 1o00bboOoOo 21000000

0000000 MLPORNNOOO BiRNNOOODO Figs. 5.2-540000MLPOOOO
040000000000000C00 1000000C00000BIRNNODOOOOOODO
000 200000000D0000000OOCconcatenation0 001 0000000000O0O
00 1000000000000 DNNOOODDOOODOODOOOOOO sigmoid 0 OO
00000 3500000000000000(0,35000000000000O00O0O0OO
Table 51 0000000000000 O0ODODOOOCOO0OO0O0O0O0OOOODODOOOCOOOO



32 o550 0Oo0OOoooono

Four h@@layers

-~ TN
o go| |&>2| |82 |58
— | —
= : 312l |32 |82 |3|5Px3.5P0
' © © © o |0 Output;
o o a a o puttt;
Input vector d;
Fig. 5.2. MLP architecture.
LST™
or
GRU
.
LSTM
or hj_pi2
GRU

Concat
Flatten

Outputu;

Input matrix D;

o
=
H

GRU
Fig. 5.3. RNN architecture.
LSTM
or hj_pi1
GRU

LSTM
GRU
g

LSTM
or j—B+2

R
‘ G - . Outputu;
—g v
; LSTM
Input matrix D;
or 3
GRU T [LsT™m
or
GRU

Fig. 5.4. BiRNN architecture.

54 0000

oopbOoO0s300000bbo0oboooooooooobooDoobo 2000D000O
000000000 100000 300000000000 00D0D00O0D00O0O 5410000



54 0O0OO0OO 33

Table 5.1. Experimental conditions

Window function in STFT Blackman window
Window length in STFT 512 points (25.6 sec)
Shift length 128 points (6.4 sec)
Number of epochs 100
Number of time frames after division 134
Optimizer Adam
Learning rate 1075
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—— Training data ---- Validation data
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Fig. 5.5. Loss function values for training and validation datasets of Data 2 obtained by
MLP.
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Fig. 5.6. Loss function values for training and validation datasets of Data 2 obtained by
LSTM.
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Fig. 5.7. Loss function values for training and validation datasets of Data 2 obtained by
GRU.
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Fig. 5.8. Loss function values for training and validation datasets of Data 2 obtained by
BiLSTM.
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Fig. C.6. MAE and RMSE of predicted heart rates for test data of Data 3 estimated by
DNN models trained with all of Data 1, Data 2, and Data 3.
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Fig. C.7. Pearson correlation of predicted heart rates for test data of Data 3 estimated
by DNN models trained with all of Data 1, Data 2, and Data 3.
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Fig. C.8. Spectrograms of Data 3 and heart rates of labels and predicted results obtained
by MLP trained with all of Data 1, Data 2, and Data 3, where (a)—(j) correspond
to each of test data.
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Fig. C.9. Spectrograms of Data 3 and heart rates of labels and predicted results obtained
by LSTM trained with all of Data 1, Data 2, and Data 3, where (a)—(j) corre-
spond to each of test data.
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Fig. C.10. Spectrograms of Data 3 and heart rates of labels and predicted results ob-
tained by GRU trained with all of Data 1, Data 2, and Data 3, where (a)—(j)
correspond to each of test data.
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Fig. C.11. Spectrograms of Data 3 and heart rates of labels and predicted results obtained
by BIiLSTM trained with all of Data 1, Data 2, and Data 3, where (a)—(j)
correspond to each of test data.

79



80 00 C D00UOO0oo0O0o0oUoOoO 200000 3000000

[— Prediction

150

100

ul
o

Heart rate [bpm]

o

150

100

50

Heart rate [bpm]

150

100

50

Heart rate [bpm]

150

100

50

Heart rate [bpm]

150

100

50

Heart rate [bpm]

0 5 10 0 5 10
Time [m] Time [m]

Fig. C.12. Spectrograms of Data 3 and heart rates of labels and predicted results obtained
by BiGRU trained with all of Data 1, Data 2, and Data 3, where (a)—(j)
correspond to each of test data.
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Fig. C.13. MAE and RMSE of predicted heart rates for test data of Data 3 estimated by
DNN models trained with all of Data 1, Data 2, and Data 3.
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Fig. C.14. Pearson correlation of predicted heart rates for test data of Data 3 estimated
by DNN models trained with all of Data 1, Data 2, and Data 3.
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