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ABSTRACT

In order to prevent traffic accidents due to abrupt changes in the driver's health condition, we have proposed a
non-contact type electrocardiographic sensor that monitors the electrocardiogram (ECG) of a driver holding a steer-
ing wheel while seated. However, the heart rate detection accuracy degrades while driving due to the lower sig-
nal-to-noise ratio (SNR) of the ECG caused by the noise from vehicle vibration and static electricity, among others.
In this study, we propose a method of detecting R-peaks of the ECG from the low SNR ECG signal with high accu-
racy using a multi-channel one-dimensional convolutional neural network with accelerometer signals as an input. As
the results, we achieved an F-score of 78.5% and a root-mean-square error (RMSE) of 1.99 ms. The R-peak detec-

tion performance was significantly improved when the input data length of around 1100 ms was chosen.

1. INTRODUCTION

Today the number of car accidents still remains at a high level. It is believed that many cases of the accidents are
attributable to human errors such as carelessness of the driver or violation of the Road Traffic Law; on the other
hand, there are not a few cases attributable to abrupt changes in the health condition of the driver, which was caused
by his/her underlying illness.

In recent times, heart diseases are the leading cause of death [1], which accounts for a large percentage of car acci-
dents caused by driver illness [2]. Because the risk of heart diseases increases exponentially with age, considering
that many countries will face an aging society and the number of elderly drivers is expected to increase in the future,
the number of traffic accidents caused by heart diseases is expected to increase.

Therefore, it is one of the urgent tasks to develop a system that can detect cardiovascular abnormalities that arise
during driving a vehicle by monitoring the heart activities such as the ECG or heart rate of the driver, and carry out
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appropriate driving interventions, such as moving the vehicle to the shoulder and safely stopping it, and take appro-
priate measures to rescue the driver, such as notifying the abnormality of the driver to other vehicles or calling of the
emergency services.
The purpose of this study is to accurately detect the driver's heart rate interval (R to R interval, RRI) by using a
non-contact method without the need to attach electrodes to the body surface. For heart rate variability (HRV) anal-
ysis [3], RRI should be acquired with high accuracy of about several milliseconds. A capacitively coupled electro-
cardiographic (cECG) sensor is one of the typical methods for monitoring the heartbeat in a contactless manner.
However, it is difficult to obtain RRI with high enough accuracy with the method while driving, because noise
caused by vehicle vibrations etc. will superimpose the cECG signals to decrease the signal-to-noise ratio (SNR) [4].

In this study, we propose a method to accurately detect the driver's RRIs in a moving vehicle by using the accel-
erometer signal of the vehicle together with the cECG signal. A one-dimensional convolutional neural network
(1D-CNN) using cECG signals and accelerometer signals as multichannel inputs is used to detect the R-peaks for
acquiring RRI.

The proposed method is evaluated by experiments using data acquired from 4 subjects while driving and the effec-
tiveness of the method is demonstrated. The method detects R-peaks in the low SNR cECG signal with a F-score of

78.5% when the input window length is 1100 ms.

2. RELATED WORKS

Methods for monitoring the activity of the heart fall roughly into two categories: contact type methods and
non-contact type methods.

In the contact type methods, the potential differences between two or more body surfaces sandwiching the heart are
obtained by attaching the electrodes to the surfaces, but this forces the driver to attach the electrodes every time he
or she gets on the vehicle, and therefore is unrealistic to apply to driver monitoring.

On the other hand, the non-contact type method does not have such disadvantages, but has a problem that the signal
quality is unstable because the signal is easily affected by temperature, humidity, body movement or static electrici-
ty.

Non-contact monitoring of heart activity includes electrocardiogram monitoring using a cECG sensor [5], ballisto-
cardiogram monitoring [6], magnetocardiography monitoring using a magnetic impedance sensor [7], and Doppler
sensing [8], and several experiments of monitoring heart activity in running vehicles using these methods have been
reported [4] [9] [10]. Among them, a cECG sensor is relatively resistant to noise as compared with other non-contact
type sensors.

ECG waveform of one heartbeat is composed of five consecutive waves, P, Q, R, S, and T waves, as shown in Fig-
ure 1. An adaptive correlation filter [11] can be used to detect signals such as QRS signals from noisy ECG data.
However, the detection fails if the noise intensity becomes greater than the signal intensity.

R-peak detection from noise-intensive ECG acquired in a running vehicle using CNN are reported [12] [13] [14],

but the precision level required for HRV analysis has not been attained.
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Figure 1. A typical ECG waveform. An ECG waveform of one heartbeat is composed of five consecutive waves, P,

O, R, S, and T waves.

3. PROPOSED METHOD

The architecture of the proposed method is shown in Figure 2.
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Figure 2. Schematic overview of the proposed method

We propose a 1D-CNN model for inferring the probability of the presence of the R-peak of an ECG at each mo-
ment from low SNR cECG signal and accelerometer signals acquired synchronously.

Considering that the low SNR of the cECG signal is due to the noise caused by vehicle vibrations, accelerometer
signals, which are considered to be correlated with vehicle vibrations, are used as inputs of the model to remove the
noise.
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Given that an ECG waveform is composed of five consecutive waves, P, Q, R, S, and T waves (see Figure 1), in
order to detect R-peaks, inclusion of the information of P, Q, S, and T waves within the same beat as the R-peak
would be effective. Therefore, 1D-CNN layers are adopted because they are able to incorporate local time series
relations of inputs.

The input to the 1D-CNN is the amplitude data of the cECG and accelerometer signals for a specific duration, and
the output is the existence probability of the R-peak at the center of the duration. The R-peak timing is inferred by

detecting the moment when the probability exceeds a threshold and detecting the local maximum of the probability.

4. EXPERIMENT

4-1 Data

We evaluated the proposed method with cECG signals acquired using a cECG system integrated into the passenger
seat of a car [4] and acceleration signals acquired using a three-axis accelerometer attached to the steering wheel.
For the reference signal, a contact-type ECG sensor (NeXus-10 Mark II, a multi-sensor physiological measurement
system made by Mind Media Co.) with adhesive electrodes was used.

We acquired cECG signals and reference ECG signals of 6 subjects seated on the passenger seat of a running vehi-
cle, and used data from 4 subjects whose reference ECG signals were measured with sufficient intensity. The total
length of the data from the 4 subjects was 20 minutes.

The sampling rate was 1000 Hz, 2048 Hz and 1000 Hz for the cECG signal, reference contact-type ECG signal,
and the accelerometer signal, respectively, and the contact-type ECG signal was subsequently downsampled to 1000

Hz.

4-2 Model Overview
The structure of the 1D-CNN model used in the experiment is shown in Figure 3. The input of the model was the
cECG and accelerometer signals for the duration of 500 ms (500 points in total, since sampling is performed at 1000

Hz), and the output was the existence probability of the R-peak at the moment 250 ms from the beginning.
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Figure 3. The architecture of the network

Each convolution block consisted of two 1-dimensional convolutional layers (1d Conv), two dropout layers, two
batch normalization layers (BN), two activation functions (ReLU), and one pooling layer (Max Pooling). After re-
peating the block four times, three fully connected layers (FC) were applied. The parameters for each layer of the

network are shown in Table 1. All the layers with the same function (layer name) had the same parameter values.

4-3 Training

In training the 1D-CNN model, 500 ms-length cECG and accelerometer signal sections were extracted and used as
inputs, and R-peak labels created from the reference signals were used as annotations. Specifically, if an R-peak
existed at the center of the 500 ms reference signal section, the annotation was 1, otherwise 0.

The training data set was created by extracting an input/annotation pair from cECG, accelerometer and reference
signals, and sliding the whole data by 1 ms (the sampling interval) to extract another pair, and so forth, and then

the model training was performed using the data set.

4-4 Evaluation Method
The output from the trained 1D-CNN model, which takes on a fractional value, was thresholded to give either O

(R-peak not found) or 1 (R-peak found) as the final output, and the performance was evaluated. For evaluation met-

Precision = e 100
reaswn—TP+FPx

Recall TP 100
=— %
= TP Y FN

2 X Precision X Recall
F score = — x 100
Precision + Recall

rics, Precision, Recall, and F-score were used. Each metric was calculated as follows:
The definitions of TP, FP and FN are as follows:

TP : The number of R-peaks which was detected within the tolerance window of 20 ms of a true R-peak, and for
which no other R-peaks are detected within the window. The true R-peaks are obtained from the reference sig-
nal.

FP : The number of R-peaks which was detected outside the tolerance window mentioned above, or for which other
instances of such R-peaks are also detected within the same window (each detected instance will be counted).

FN : The number of true R-peaks which was not detected.

In addition, all R-peaks detected within the tolerance windows were evaluated in terms of the temporal
root-mean-square error (RMSE) from the true R-peak locations.
Leave-one-subject-out cross validation was performed on the data and the average of the evaluation metrics over

the 4 cross-validation evaluations was used as the R-peak detection performance of the model. In each of 4

cross-validation evaluations, data for two subjects, one subject, and one subject were used for the training data, the
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validation data, and the test data, respectively.

5. RESULTS AND DISCUSSION

5-1 Choice of the Accelerometer Channels to Use
The choice of the input channels of the accelerometer to be used can have an impact on the performance of the
model. Here such choice was studied. The input channel candidates were cECG and accelerometer signals in three

directions (Acc_x, Acc_y, Acc_z) as shown in Figure 4 obtained from the accelerometer.

Figure 4. Three axis directions of the accelerometer
Table 2. Experimental results. Performance of R-peak detection on cECG single depending on the input signals
to the 1D-CNN.

Input Recall | Precision | F-score RMSE
cECG 70.5 69.0 69.7 2.01
cECG, Acc_x 74.8 69.6 72.1 2.16
cECG, Acc_y 77.4 67.5 72.1 2.01
cECG, Acc_z 72.8 70.2 71.4 2.19
cECG, Acc_x, Acc_y, Acc_z 70.1 76.2 73.0 2.14

The results are shown in Table 2.

When all of Acc_x, Acc_y and Acc_z are used as input, the F-score is larger by 3% or more compared to the case
where only cECG is used, and the RMSE is also a sufficiently small value of about 2 ms. Therefore, it can be said
that the use of the accelerometer signals is advantageous for detecting R-peaks.

Figure 5 shows the waveforms of cECG, reference ECG, the vertical component of the accelerometer signal
(Acc_z) and the output of the model.

In this example, a correlation is seen between the cECG and the accelerometer signal: where the noise intensity is
large in cECG, the amplitude of the accelerometer signal is also large.

It is considered that the influence of the noise superimposed on the ECG signal can be canceled by using the accel-

erometer signal as an input of the ID-CNN model, and as a result, erroneous R-peak detections can be suppressed.

5-2 Choice of the Input Data Length

The length of the data section will affect the performance of the model, and here such effect was studied. 1D-CNN
model training was performed by choosing a different value for the input data section length, from 100 ms to 1500
ms. Note that the model inputs were cECG, Acc_x, Acc_y and Acc_z. The model output was the existence probabil-
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ity of the R-peak at the center of the input data section (for example, the output is the existence probability of the
R-peak at 750 ms from the beginning of the data section if the input data length is 1500 ms), which was then
thresholded to give either O or 1 as mentioned above. The results are shown in Table 3.

Generally, as the input data section length increases, the detection performance improves. The maximum F-score is
achieved when the input data section length is 1100 ms, and thereafter, it starts to decrease. This may be due to the
following reasons:

The RRIs of a resting healthy human are about 600 ms to 1000 ms, and the RRIs of our subjects are also roughly

distributed in that range. Therefore, in the data used here, there are no other R-peaks in the range of around 1200 ms
centered at one of the R-peaks. When the input data section length is 1100 ms (< 600 ms x 2), if an R-peak is located
at the center of the data section (= output is 1), no other R-peaks exist in the interval. However, if the R-peak devi-
ates from the center by several tens of ms or more, other R-peaks will enter the section. In other words, when the
input data length is around 1100 ms, in addition to whether the R-peak is actually found at the center of the section
(Criterion 1), whether no other R-peaks are found in the section (Criterion 2) can be used to determine whether we
do have an R-peak at the center of the interval, so hence improving the accuracy.
If the input data section length is too short, the detection performance deteriorates due to insufficient information on
the neighbor waves (P, Q, S, and T waves) in the input section, in which case the Criterion 1 becomes unreliable;
and if the input data section length is too long (> 600 ms x 2 ), even if an R-peak is located at the center, other
R-peaks can enter the input data section, and therefore the Criterion 2 becomes irrelevant (it won’t be used). In ei-
ther case, the detection performance is expected to deteriorate.

Table 3. Performance of R-peak detection depending on the input data window length (100 ~ 1500 ms).

Input data length | Recall | Precision | F-score RMSE
100 ms 66.5 66.3 66.4 2.02
300 ms 71.6 71.8 71.7 2.26
500 ms 70.1 76.2 73.0 2.14
700 ms 72.7 73.4 73.0 1.98
900 ms 76.6 74.4 75.5 2.24
1100 ms 75.7 81.5 78.5 1.99
1300 ms 74.4 72.6 73.5 2.00
1500 ms 71.7 73.1 72.4 2.22

Noise and accelerometer data are correlated
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Use of the accelerometer signals suppresses false detection due to noise

Hirota 7



6. CONCLUSION

In this study, we proposed a method to accurately detect the driver's RRI in a running vehicle by the 1D-CNN, us-
ing the multi-channel inputs consisting of the accelerometer signals of the vehicle and the cECG of the driver, and
discussed its results.

We confirmed that the detection performance was improved by more than 3% points in F-score by using the accel-

Figure 5. Improvement of detection performance by adding accelerometer inputs
erometer signals as an input to the 1D-CNN together with the cECG data, acquired for a total of 20 minutes for 4
subjects while driving. In addition, the detection performance was improved as the input data section length was
increased, and the maximum F-score of 78.5% is achieved when the input data section length is 1100 ms. Further-
more, under all conditions, a sufficiently small RMSE of about 2 ms was achieved, and the R-peaks were detected
with sufficient accuracy to withstand HRV analysis.

As a future work, we plan to add more training data to handle ECGs with diverse characteristics. We also plan to

implement features to detect specific health problems, such as arrhythmias.
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