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Abstract: This paper deals with robust heart rate detection intended for the in-car monitoring of
people. There are two main problems associated with radar-based heart rate detection. Firstly, the
signal associated with the human heart is difficult to separate from breathing harmonics in the
frequency domain. Secondly, the vital signal is affected by any interference signal from hand gestures,
lips motion during speech or any other random body motions (RBM). To handle the problem of
the breathing harmonics, we propose a novel algorithm based on time series data instead of the
conventionally used frequency domain technique. In our proposed method, a deep learning classifier
is used to detect the pattern of the heart rate signal. To deal with the interference mitigation from the
random body motions, we identify an optimum location for the radar sensor inside the car. In this
paper, a commercially available Novelda Xethru X4 radar is used for signal acquisition and vital sign
measurement of 5 people. The performance of the proposed algorithm is compared with and found
to be superior to that of the conventional frequency domain technique.

Keywords: ultra-wide band; heart rate detection; interference mitigation; deep learning; perceptive car

1. Introduction

Continuous, real-time monitoring of physiological parameters, such as breathing rate
(BR) and heart rate (HR), may be necessary to assess the well-being of an elderly person
or the drowsiness of a perceptive car driver. Recently, radar-based non-invasive vital sign
detection has become a hot research topic [1]. Early systems for vital sign detection were
based on continuous-wave (CW) radar due to their simple architecture and low cost [2].
However, such radar is not able to measure the distance to the subject due to its very poor
range ambiguity, and noise cannot be filtered out based on the proximity of the sources to
the subject [3]. These issues may be solved by using stepped frequency-modulated contin-
uous wave (SFCW) [4] and frequency-modulated continuous wave (FMCW) radar [5–8].
Although SFCW and FMCW radars can both detect vital signs and measure the range
to the target, such solutions are more power consuming and costly compared to CW
radar. Another attractive solution for non-invasive vital sign detection is the impulse radio
ultra-wideband (IR-UWB) technology [9,10], due to its unique capabilities, such as high res-
olution, good penetration, low power requirement and simple hardware design. IR-UWB
radar has been used in various applications such as multi-human localization [11], human
computer interaction [12], gesture recognition [13–15] and vital sign monitoring [16–21].
Recently, many research works are focused on improving the accuracy of vital sign de-
tection by either employing novel signal processing algorithms and/or by using specific
experimental design setup for signal acquisition. A novel algorithm based on singular
value decomposition (SVD) was proposed for signal denoising and wavelet transform
was successfully used for vital sign extraction [18]. I. Choi et al. [22] have proposed an
algorithm for robust heart rate estimation using IR-UWB radar. Three candidate peaks
for heart rate are selected and the most suitable of them is selected as heart rate by using
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fuzzy logic. In a recently published work, a UWB radar on a drone was used to detect
the respiration rate of human through the wall [23]. The proposed methods successfully
suppressed the vibrations generated due to unbalanced motor motion and the respiration
signal was also enhanced. In a recent study, an algorithm was designed based on data
fusion from two radar sensors and correlation technique to measure vital signs accurately
compared to a one radar-based vital sign measurement [24]. A novel adaptive spectrum
estimation algorithm was proposed in [25] to detect the heart rate accurately in the presence
of breathing harmonics as well as inter-modulation of breathing and heart rate signals
through UWB radar sensor. In another work [26], researchers used a fusion of radar and
computer vision with RealSense RGB and depth sensor to improve the accuracy of vital
sign measurement.

Although radar-based vital sign detection is a convenient approach, there are chal-
lenges associated with it. The main challenge associated with the signal processing is the
separation of breathing and heart rate. Traditionally, frequency domain techniques such as
Fourier transform (FT) are used for extracting the breathing and heart frequencies from the
spectrum of the vital signal. For this purpose, band pass filters are used, as breathing and
HR have their own frequency bands. However, the breathing harmonics and intermod-
ulation of breathing and heart rate signals may also occur in the frequency range of HR.
This makes it difficult to distinguish the harmonics and HR. To this end, we propose an
algorithm based on time series data, which is the original vital signal instead of converting
it into frequency domain. The proposed algorithm consists of three main stages, i.e., heart
pattern extraction, pattern classification and heart rate detection.

Another challenge associated with radar-based vital sign detection is the effect of
motion artifacts on the measurement process. There have been studies carried out on the
effect of motion artifacts on vital signs and thus to compensate it. For instance, in [23]
the random body motion detection during vital sign measurement was studied and the
interval of signal affected by RBM was separated from the whole signal duration. However,
the vital signal was not detected during this interval and it was just considered a noisy
signal. Changzhi Li et al. [24] have worked on reducing the motion artifacts during vital
sign measurement in different scenarios such as sleep monitoring and lie detection. In
that study, complex signal demodulation and arctangent demodulation techniques were
used for RBM cancellation. Qinyi et al. [25] have employed matched filters to detect the
vital signs in the presence of large-scale RBM. Mengyao Yang et al. [27] have worked on
radar-based vital signs of multiple people in a car. In that work, the variational mode
decomposition (VMD) method has been employed to find the vital signs of the driver and
the passengers with a single radar. Our work is focused on vital sign detection inside a
perceptive car, which is able to interact with its driver and passengers based on their vital
signs and behavioral patterns. Therefore, it is important to devise a strategy to compensate
the effect of RBM due to the motion of the car. Thus, we have determined an optimal
location for radar sensor, so that the radar signal is least affected by the interference from
RBM and other external interfering movements inside the car.

In this work, IR-UWB commercial radar sensors were deployed for signal acquisition.
All the experiments were performed in real time using actual radar sensors. The backscat-
tered signal is pre-processed for clutter and noise cancellation. An optimum point on the
human body is selected based on the maximum variation in the backscattered signal. The
vital signal is then collected for a certain time period. A deep learning classifier is used
to select the segments of the vital signal which matches the training data of heart signal
patterns. The intervals among the peaks of the vital signal are analyzed using a statistical
method to detect the heart rate of the human subject. Multiple human targets were used
for the experiments to show the performance of the proposed algorithm.

The original contributions of the paper are that we have proposed an algorithm based
on time series data instead of the frequency domain data. A deep learning algorithm based
on AlexNet and SVM was employed for the classification of the original HR signal from
the motion artifacts due to the body motion or motion of the vehicle. Another contribution
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of this work is that the algorithms are developed and tested on real data obtained from the
commercial radar sensors instead of only using simulation-based algorithms.

Apart from the above contributions, there are certain limitations associated with our
research: (a) The experiments were performed in the car while it was not moving on the
road, so the effect of the movements due to driving is not taken into account. (b) We put
the sensor on the front side of the seat facing the back of the human. Since the main goal
is to deploy the sensor inside the seat or at the backside of the seat, the effect of the seat
attenuation should also be included for more accurate results. We plan to address these
issues in future work.

The rest of paper is organized as follows. Section 2 describes the pre-processing of
the raw data acquired with the radar sensor. The problems associated with in-car vital
sign monitoring are also discussed. In Section 3, the proposed algorithm is presented
and discussed in detail. Experimental results and obtained performance are discussed in
Section 4, followed by the conclusion and future work.

2. Signal Pre-Processing and Problem Statement

In order to have an overview of the vital detection system presented in this work, a
block diagram of the system is shown in Figure 1.

Electronics 2022, 11, x FOR PEER REVIEW 3 of 16 
 

 

on AlexNet and SVM was employed for the classification of the original HR signal from 
the motion artifacts due to the body motion or motion of the vehicle. Another contribution 
of this work is that the algorithms are developed and tested on real data obtained from 
the commercial radar sensors instead of only using simulation-based algorithms. 

Apart from the above contributions, there are certain limitations associated with our 
research: (a) The experiments were performed in the car while it was not moving on the 
road, so the effect of the movements due to driving is not taken into account. (b) We put 
the sensor on the front side of the seat facing the back of the human. Since the main goal 
is to deploy the sensor inside the seat or at the backside of the seat, the effect of the seat 
attenuation should also be included for more accurate results. We plan to address these 
issues in future work. 

The rest of paper is organized as follows. Section 2 describes the pre-processing of 
the raw data acquired with the radar sensor. The problems associated with in-car vital 
sign monitoring are also discussed. In Section 3, the proposed algorithm is presented and 
discussed in detail. Experimental results and obtained performance are discussed in Sec-
tion 4, followed by the conclusion and future work. 

2. Signal Pre-Processing and Problem Statement 
In order to have an overview of the vital detection system presented in this work, a 

block diagram of the system is shown in Figure 1. 

 
Figure 1. System overview. 

First, we perform the vital signal extraction from the backscattered raw data. The raw 
signal 𝑟 𝑛  is passed through a decluttering filter to remove the unnecessary reflections 
from the background. The resulting decluttered signal is represented by 𝑠 𝑛 . Then, the 
column of maximum variance is extracted as a vital signal represented by 𝑧 𝑚 . The var-
iables ′𝑚′ and ′𝑛′ stand for time and range and will be explained in detail in Equation 
(1). Since the vital signal is non-stationary over time, some segments of the signal might 
be corrupted by noise or huge body movements. In order to remove the corrupted seg-
ments of the signal, a pattern detection algorithm is implemented in this work. A one-
class classifier allows us to find the segments of the signal which have a similar pattern to 
the stored patterns of the vital signal and discarding the remaining segments that are not 
similar to a pre-defined dataset of vital signals. Using this filtered vital signal, the heart 
rate is detected using the time period of the signal segments. 

Let us consider the raw data acquired by the IR-UWB radar, which contains the signal 
from the human body, as well the signal from the static background objects such as floor, 
walls and chair. Since we are interested in the signal that is reflected from the human 
body, we need to filter out all the unnecessary clutter components from the background 
environment. This is accomplished by clutter removal filter as explained below. 

The backscattered signal is represented as: 

𝑟 𝑛 =  𝑎 𝑝 𝑛 𝜏 ℵ 𝑛   (1)

where n and m stand for the fast time and slow time index, respectively. The fast time is 
directly related to the range or distance of the object from the radar and slow time repre-
sents the acquisition time. The acquisition time corresponds to the real time during which 
the experiment is performed and it has the unit of seconds. The slow time index is con-
verted to the real time by using the receiver sampling frequency and the velocity of light. 

Figure 1. System overview.

First, we perform the vital signal extraction from the backscattered raw data. The raw
signal rm(n) is passed through a decluttering filter to remove the unnecessary reflections
from the background. The resulting decluttered signal is represented by sm(n). Then,
the column of maximum variance is extracted as a vital signal represented by z(m). The
variables ‘m’ and ‘n’ stand for time and range and will be explained in detail in Equation (1).
Since the vital signal is non-stationary over time, some segments of the signal might be
corrupted by noise or huge body movements. In order to remove the corrupted segments of
the signal, a pattern detection algorithm is implemented in this work. A one-class classifier
allows us to find the segments of the signal which have a similar pattern to the stored
patterns of the vital signal and discarding the remaining segments that are not similar to a
pre-defined dataset of vital signals. Using this filtered vital signal, the heart rate is detected
using the time period of the signal segments.

Let us consider the raw data acquired by the IR-UWB radar, which contains the signal
from the human body, as well the signal from the static background objects such as floor,
walls and chair. Since we are interested in the signal that is reflected from the human
body, we need to filter out all the unnecessary clutter components from the background
environment. This is accomplished by clutter removal filter as explained below.

The backscattered signal is represented as:

rm(n) =
L

∑
l=1

aml p(n− τml) + ℵ(n) (1)

where n and m stand for the fast time and slow time index, respectively. The fast time
is directly related to the range or distance of the object from the radar and slow time
represents the acquisition time. The acquisition time corresponds to the real time during
which the experiment is performed and it has the unit of seconds. The slow time index is
converted to the real time by using the receiver sampling frequency and the velocity of
light. Fast time is associated with the time of arrival (ToA) of the transmitted impulse. The
variables τml and aml are the time delay and the amplitude associated with the lth multipath.
p(n) and ℵ(n) represent the elementary radar waveform and additive noise, respectively.
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In order to remove the clutter components from the backscattered signal, a loopback filter
is used [28], which may be represented as follows:

cm, n= αcm−1, n + (1− α)rm, n (2)

sm, n = rm,n − cm,n (3)

where α is proportional to the signal to clutter ratio, cm, n represents the clutter signal and
sm, n is the filtered signal after removal of the clutter components. During initialization,
the raw signal is considered as the clutter signal (for m = 1). Next, the clutter signal is
updated according to Equation (2) (when m > 1). A lower value of α results in a faster
estimation of the environment clutter, but the clutter signal may be affected by impulse
noise. Comparatively, a higher value of α needs longer time for clutter estimation, but it
makes it more robust to impulse noise [29]. An experiment was performed and the data
with clutter and the resulting decluttered signal are shown in Figure 2.
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In Figure 2a, the backscattered raw signal is shown, which shows clutter components
at distance near the radar. Figure 2b shows the signal after the removal of clutter using
Equations (2) and (3). It can be noticed from Figure 2b that the target at distance of 30–45 cm
is clearly observable after the removal of the clutter signal. The value of parameter α was
0.9 for the experiments in this work.

After removing the clutter components, the range where maximum chest displacement
occurs is determined. In the literature, the most prevalent method is to choose the row with
the maximum variance as the suitable range for extracting the vital signal z[n].

The resulting vital signal at the output of the maximum variance technique is shown in
Figure 3a. Conventionally, the time domain signal is transformed to the frequency domain
and then BR is detected from the spectrum range of 10–30 bpm and HR is detected as the
peak signal in the spectrum range of 50–120 bpm. To extract BR and HR from the spectrum,
bandpass filters are used. This approach may be very effective in cases when BR and HR
follow sinusoidal patterns. However, the BR may not be exactly a sinusoidal pattern and
therefore its spectrum contains harmonics at multiples of the BR frequency. There may
also be intermodulation components due to the BR and HR signals [9]. The breathing
frequency harmonics may occur in the frequency range of HR and therefore it is difficult to
distinguish the BR harmonics from HR.
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The vital signal in the frequency domain is shown in Figure 3b. The actual breathing
and heart rate are 10 bpm and 103 bpm, respectively. For the above example, the actual
breathing rate was obtained by manual count while the HR was obtained by ECG sensor.
Due to the intermodulation of breathing and heart frequencies, there are several frequency
peaks that occur in the range of heart rate frequencies. The highest frequency peak in the
frequency range of HR is at 69 bpm which is not actually a heart rate value but a false alarm
created by the intermodulation of BR and HR. This value is close to the intermodulation
of the HR (103 bpm) and the third breathing harmonics (30 bpm). The little shift may
be caused by noise or due to the approximation of the BR. Currently, researchers have
dealt with this problem in the frequency domain such as in [9], where the authors have
proposed a solution based on notch filters, which may suppress the breathing harmonics.
This solution performs well when the breathing harmonics and HR are separated clearly.
However, when the breathing harmonics are located close to the HR, then the notch filter
may also suppress the true HR frequency and thus result in a false alarm. In order to deal
with this problem, an algorithm is proposed in Section 4.

Another problem specific to the in-car vital sign monitoring is the RBM during driving.
Leem et al. [30] have demonstrated the feasibility of estimating the vital signs of the driver
using IR-UWB radar inside a vehicle. They have also shown that this method can be
useful to detect the drowsiness of the driver which may be very helpful to reduce the
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risk of accidents. However, the problem related to BR harmonics was not mentioned in
that work and the position of the radar sensor was not optimized to reduce the interfer-
ence from the random body motion of the driver or any other driving-related motions.
Zhicheng Yang et al. [31] have also studied radar-based in-vehicle vital sign monitoring.
An optimum position inside the vehicle was determined using a total of 16 different posi-
tions inside a car. By comparing the results from all the positions, the rear-view mirror was
found to be the confident position. This work was mainly aimed at breathing monitoring.
Since breathing motion is larger than heart rate motion, the rear mirror may be optimal
position for breathing monitoring, but as heart motion is very minor, the incident angle also
affects the magnitude of the reflected signal. In our work, the main focus is on heart rate
measurement, so we choose a position where the heart motion has sufficient magnitude,
while the breathing magnitude is small, so that it may not interfere with the heart motion.
Another important factor that we need to consider in selecting the optimal point for in-car
HR monitoring is that the interference from outside motions, such as a motion by the body
of nearby sitting passenger or the hand gesture of the driver itself, is minimum so that the
HR may be detected robustly.

3. Proposed Algorithm

The following Figure 4. shows an overview of the signal processing steps involved in
extracting the accurate value of HR from the vital signal which may be contaminated with
external noise.
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The proposed algorithm consists of the following steps. In the first step, the part of the
signal which refers to the heart rate cycle is extracted. In Figure 4, it is represented by z(m).
Then, the signal is divided into smaller segments. The segmented signal is represented
by z′(m). In the second step, the segments are transformed into grayscale images I(m)
using image processing steps such as image resizing and image pixel normalization. Then,
the resulting images are classified whether it matches the images stored in the training
database obtained from the sample heart rate signal or not. This step is performed by
employing a one-class classifier. The proposed one-class classifier is a combination of CNN
and an SVM. This step removes the unwanted segments that do not resemble the heart rate
pattern. In the next step, an algorithm is used based on local peaks to detect the heart rate.
Each step is detailed below.

3.1. Signal Segmentation and Image Transformation

Vital signal comprises many cycles of heart rate signals, depending on the length of
the signal. The time interval between two consecutive peaks represents the instantaneous
time period of the heart rate. In order to calculate this time interval, it is important to obtain
the local peaks which refer to the heart motion. A peak detection algorithm is used in this
paper to find local peaks from the vital signal, as illustrated in Figure 5.

The peak detection algorithm cannot discriminate whether a peak is due to the heart
motion or some random noise. In order to distinguish the peaks that are caused by heart
motion from the peaks due to noise or other interferences, it is necessary to analyze the
pattern of the signal between the peaks. The vital signal is first divided into smaller
segments. Each segment consists of four consecutive peaks. The pattern corresponding
to the heart rate duration is transformed into an image as illustrated in Figure 6. All the
x and y axis data are removed from plots before conversion into images because we are
only interested in the shape of the segments for classification. The images are then resized
into a same size (50 × 50) because of the different lengths of the segments.
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Figure 6. Heart rate patterns extracted for four consecutive peaks: (a) direct plot of the pattern;
(b) image transformation into grayscale image for CNN features extraction.

In order to create a dataset of the signal segments, so that the deep learning algorithm
can use it for training the weights of the neural network, we have divided the vital signal
into segments consisting of four consecutive peaks. The two peak-based segments are not
appropriate because of the very short duration and sometimes they do not result in good
patterns. Therefore, we have chosen four peak-based patterns in this work. In the future,
lengthier signal segments may be chosen for performance comparison.

3.2. Pattern Classification

The above peak detection method only finds peaks, but it is not sure that these peaks
originate from heart pattern or some noise signal. In order to make a decision, we use one-
class classifier algorithm. Since this is a pattern recognition tasks, the local signal portion
between four consecutive peaks is converted into an image, as previously mentioned.
Then, the features are extracted using AlexNet, a pre-trained CNN successfully used in
many fields such as computer vision [32], natural language processing [33] and radar
signal processing [34,35]. After feature extraction, the one-class classification is performed
through SVM. AlexNet architecture is given in Figure 7, while the global classification block
diagram is provided in Figure 8.
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AlexNet is trained with millions of images and has eight deep layers: five convolu-
tion layers and three fully connected layers. The convolution layers are mainly used for
automatic feature extraction from the input image. Max pooling method is used in this
architecture to reduce the size of the image after each convolution layer. The final fully
connected layer in AlexNet contains a softmax activation function, which yields a vector
representing a probability distribution over one thousand classes. We have employed
AlexNet for feature extraction only. A set of 4096 features are extracted from the input
image. The classification tasks are performed by an SVM, whose output is only one class. It
is similar to the task of anomaly detection, where the desired class is known and the outlier
features are not known to the classifier. The block diagram of the CNN-SVM classifier to
detect the anomaly pattern is shown in Figure 8.

SVM is a machine learning technique and it may be used in both supervised learning
as well as unsupervised learning. In one-class classification technique, it may be used
as an unsupervised learning method. It projects the input data in a higher dimension
space using a non-linear transformation and learns to linearly separate the classes in the
projected space by a hyperplane. There are certain hyperparameters, commonly used in the
literature [36,37], that need to be chosen for the selected SVM model. Since we are working
with one-class SVM, we have chosen the following parameters as follows: We have used
radial basis function (RBF) to train the SVM model, with the kernel scale properly selected
by the Harris Hawk optimization algorithm (HHO), and sequential minimal optimization
(SMO) as the optimization approach for the SVM implemented in this work.

3.3. Heart Rate Detection

After the classification of the image segments as heart rate pattern and noise pattern,
the heart rate is determined from the set of intervals between the resulting peaks. Since the
resulting data consist of two HR cycles, we have to divide the duration of these segments by
a factor of 2 to obtain the accurate value of the HR. An illustration of the segment duration
and time domain-based HR extraction is provided in Figure 9.

In Figure 9, the peak interval represents the number of samples between two consecu-
tive peaks. This interval is later translated to frequency by applying the receiver sampling
rate. In Figure 9a, the histogram represents the segment duration when no classification
algorithm is applied. Therefore, it contains some small duration segments which refer
to false alarm segments of the HR. These false alarm segments might be caused by some
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interference noise or random body motion, HR and BR harmonics or the intermodulation
of these signals. In Figure 9b, these false alarm segments are successfully removed by the
trained AlexNet and SVM-based one-class classifier which differentiates the HR-related
patterns and the false alarm patterns. In this paper, we have taken the mean value of
the durations as the parameter to estimate the HR. From this mean value and slow time
sampling frequency, the HR may easily be extracted by the following formula.

HR =
Samples per sec ond

Samples per cycle
(4)

The slow-time sampling frequency for the experiment was 30 samples/second. The
mean interval values, i.e., samples per cycle, for Figure 9a,b were 21.42 and 23.37 sam-
ples, respectively. Equation (4) results in a HR of 84 bpm for Figure 9a and 77 bpm for
Figure 9b, whereas the actual HR was obtained as 78.5 bpm. It is thus demonstrated that
the proposed algorithm improves the accuracy of the HR measurement compared to the
conventional approach.
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4. Results
4.1. Experimental Setup

In this section, the hardware and software setup as well as the subjects involved in the
experiments are discussed.

4.1.1. Hardware and Software Setup

In this work, we have used IR-UWB sensor modules Xethru X4, from Novelda, Norway
(Figure 10).
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Figure 10. Novelda IR-UWB radar sensor (X4).

This sensor module is a system on chip radar as it has the signal generator, external
memory, transmitter and receiver antenna and other necessary components available on
one chip. A Gaussian derivative pulse is used for the transmitting signal. The radar module
may be driven by a PC or a microcontroller, using different software such as MATLAB,
Python or Microchip Studio. In this work, we have connected it to a PC and used MATLAB
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software for data acquisition. The most important parameters of the radar module are
listed in Table 1.

Table 1. Radar module parameters.

Parameters Value

Output power −12.6 dBm
Center frequency 8.748 GHz

Pulse repetition frequency 40 MHz
Bandwidth (−10 dB) 2.95 GHz

Range resolution 6.4 mm
Beamwidth 65◦

Sampling frequency 23.3 GHz
No. of antenna arrays per radar chip 1 Tx & 1 Rx

According to the experimental setup for data acquisition shown in Figure 11, the radar
sensor is deployed at the backside of the human body.
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Figure 11. Experimental setup for data acquisition.

The transmitted radar impulse signals are reflected by the human back and contain
the information related to the motion caused by the human heart beats. After sampling
the received signal and averaging it to increase the SNR, a bandpass filter is applied to
remove the out of band noise from the backscattered signal. The filtered signals are then
stored in the PC through a micro-USB cable. The distance of the human to the radar sensor
is kept between 0.5 and 1 m due to the targeted application because in a typical vehicle
the distance between the driver and the rear seat may be less than a meter. To prove the
robustness of the algorithm, experiments were carried out in different conditions. During
the experiments, the subjects were resting for most of the time and also talking and slightly
moving their bodies for certain time intervals.

4.1.2. Subjects Involved in the Experiments

All the subjects involved in these experiments participated voluntarily. Both male
and female human subjects were considered for the experiments. The list of five subjects
involved in the experiments for this work is presented in Table 2.

Table 2. Details of participants.

Gender Age (Years) Height (cm) Weight (kg)

M 33 182 72
M 21 173 73
M 28 174 77
F 26 170 60
M 24 165 62

All of the participants were healthy and without any special health conditions or
disabilities.
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4.2. Signal Processing and HR Results

The signal is first passed through a clutter removal filter. The results of the vital signal
extracted from different subjects after the clutter removal filter are given in Figure 12.
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and RBM signal (d).

The red dots represent the peaks extracted using the local peak detection algorithm as
discussed in the algorithm section of the paper. In Figure 12a–c, the signals correspond to
the body in the resting condition, while in Figure 12d, the encircled part of the vital signal
represents the random body motion (RBM). During the RBM, the acquired vital signal is
corrupted by the huge motion of the body; however, the peak detection algorithm alone
cannot differentiate it from the normal resting vital signal. Therefore, a deep learning-based
method is used in this work to perform this classification task as explained below.

From the above vital signals, we extract images in grayscale as discussed in Section 3.1
and then the CNN is used for feature extraction. It may be noted that the input size of the
AlexNet is 227 × 227 × 3, whereas the grayscale image of our database is 50 × 50. In order
to convert the size of our input images to the AlexNet, we have used the MATLAB function
for augmenting the image data. The output image size is specified as 227 × 227 and the
color preprocessing option is selected as gray to RGB which will convert the grayscale
image into a three-dimensional RGB image. The SVM followed by CNN is used for one-
class classification or anomaly detection. The patterns that give a high score of SVM output
matches the usual patterns used for training, while those patterns which are abnormal will
give a lower score. The hyperparameters of the SVM were optimized by using the HHO.
HHO algorithm [38] is a meta-heuristic optimization technique proposed in 2019 [39],
which adopts a multi-strategy to update the population position and during the iterative
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process it is able to maintain the population diversity to the maximum extent possible,
resulting in a good convergence. It performs better than the traditional metaheuristic
optimization approaches such as particle swarm and genetic algorithms. In this work, a
total of 2500 images were used for training and testing of the network, and then pre-trained
AlexNet and SVM were employed to extract the features and classify the patterns. The
example in Figure 13 shows the two patterns and their respective scores compared to
the threshold.
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As shown in Figure 13, the normal vital signal and the signal corrupted by RBM or
any other external factors yield different accuracy scores. The signal segment in Figure 13a
represents normal vital signal pattern and thus the accuracy score is greater than the
threshold, while the signal segment in Figure 13b represents corrupted signal and hence the
accuracy score is less than the experimentally set threshold value. This method validates
the short duration segments of the signal and therefore it can detect and very effectively
remove the RBM or another interference signal for a very short duration.

As discussed in Section 3.3, the heart rate values were extracted from the duration of
the segments. The mean value of the segments that result in a good accuracy score was
calculated. In order to compare the extracted and actual HR values, we have used the gold
standard device for the HR measurement, i.e., the ECG. The ECG module PSL-iECG2 was
used as a benchmark device. It uses low voltage (5 V) and the current consumption is also
very low, i.e., 50 mA. The CNN layers for the feature extraction were selected based on
the accuracy results shown in Table 3. By increasing the depth of the CNN architecture of
AlexNet, the accuracy increases. However, at Conv4, it almost reached the steady state, so
this layer was selected as the optimal depth of the AlexNet architecture in this work.

Table 3. Classification accuracy vs. CNN layers.

CNN Layers Average Accuracy

Conv1 64.3%
Conv2 78.6%
Conv3 89.5%
Conv4 97.4%
Conv5 97.4%

For the classification accuracy determination, the vital signal was measured under
a resting condition as well as motion condition. Five volunteers were involved in the
experiments and the vital signal was measured for a duration of 1 min for each individual.
These experiments were repeated 20 times for each individual to gather a large amount of
training data for the neural network. The artifact parts of the experiments were monitored
manually so that the experiment timing may be divided into stationary (when the human
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is resting) and non-stationary (when the human is performing some body motions). The
overall dataset comprised 2500 images. In total, 60% of the images were used for training
and 40% were used for validation. In the validation part, both normal and outlier (stationary
and non-stationary in this case) images were stored. If the model output matched the true
value, then it was considered a correct decision, otherwise it was considered an inaccurate
decision by the classifier. Since our work is related to the accurate HR monitoring, the
important metric is accuracy. We have evaluated the performance of the model based on
the classification accuracy. The accuracy results are shown in Table 3.

Table 3. shows that the classification accuracy converges after the fourth convolution
layer. Therefore, the features of the AlexNet were extracted after the fourth layer.

The average error of the proposed algorithm with respect to the benchmark ECG
sensor was calculated for the experiment performed on the five individual subjects. The
time duration of 5 min was selected for the better evaluation of the proposed algorithm. The
non-stationary scenarios were randomly performed during the experiments. Although the
overall error rate depends on the time length of the non-stationary signal length. However,
for the same experiments, where the non-stationary signal length is same, the error is
dependent on the selection of the CNN layers, as shown in Table 4.

Table 4. Average HR error.

CNN Layers Average Error

Conv1 19.78%
Conv2 12.40%
Conv3 6.95%
Conv4 2.31%
Conv5 2.32%

Table 4 shows that the minimum error rate is achieved at Conv4, so it is better to extract
a feature at this layer as the algorithm already achieves the steady state and adding further
layers will result in more memory and time complexity without a significant improvement
in the accuracy.

5. Conclusions and Future Work

In this paper, we have proposed an algorithm for robust heart rate detection. Since
current technology is limited with regards to vital sign measurement in challenging condi-
tions such as body movement, this approach may prove very useful as it accurately detects
the heart rate under movement conditions. In this work, real signals from a commercial
IR-UWB radar sensor were used for the validation of the algorithms. The vital signal was
segmented using peak detection and then deep learning-based classification was applied
to find out whether the segment refers to the heart rate pattern or noisy pattern. The
experiments were performed inside a standing car. The radar was placed at the back side
of the human, at a few centimeters distance. The results were promising when compared
to the ECG sensor results. The summary of the main achievements of this work is given
as follows.

1. We propose an algorithm based on time series data, which is the original vital signal,
instead of converting it into frequency domain.

2. We have determined an optimal location for radar sensor, so that the radar signal is
least affected by the interference from RBM and other external interfering movements
inside the car.

3. A deep learning classifier is used to detect the pattern of the heart rate signal.
4. The methods proposed in this work have a better performance than state-of-the-art

algorithms on real data.

Our future goal is to deploy this radar behind the driver’s seat to develop specific
algorithms to compensate for the low SNR due to the through-the-seat setting of the
radar sensor.
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