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Abstract: This article deals with the treatment and application of cardiac biosignals, an excited
accelerometer, and a gyroscope in the prevention of accidents on the road. Previously conducted
studies say that the seismocardiogram is a measure of cardiac microvibration signals that allows for
detecting rhythms, heart valve opening and closing disorders, and monitoring of patients’ breathing.
This article refers to the seismocardiogram hypothesis that the measurements of a seismocardiogram
could be used to identify drivers’ heart problems before they reach a critical condition and safely stop
the vehicle by informing the relevant departments in a nonclinical manner. The proposed system
works without an electrocardiogram, which helps to detect heart rhythms more easily. The estimation
of the heart rate (HR) is calculated through automatically detected aortic valve opening (AO) peaks.
The system is composed of two micro-electromechanical systems (MEMSs) to evaluate physiological
parameters and eliminate the effects of external interference on the entire system. The few digital
filtering methods are discussed and benchmarked to increase seismocardiogram efficiency. As a
result, the fourth adaptive filter obtains the estimated HR = 65 beats per min (bmp) in a still noisy
signal (SNR = −11.32 dB). In contrast with the low processing benefit (3.39 dB), 27 AO peaks were
detected with a 917.56-ms peak interval mean over 1.11 s, and the calculated root mean square error
(RMSE) was 0.1942 m/s2 when the adaptive filter order is 50 and the adaptation step is equal to 0.933.

Keywords: arrhythmia; driving restrictions; adaptive digital filter; noninvasive method; heart rate

1. Introduction

Quality of life can be expressed by many factors, some of which are health and
the opportunity to participate in favorite activities. Carrying out one’s favorite work
may be restricted or completely suspended due to health impairments [1]. For staff of
various professions, one of the main monitoring objects is related to cardiovascular diseases,
resulting in mortalities in Europe of about 4 million [2] and up to 46% of all deaths in the
United States [3]. Cardiovascular diseases are a leading cause of death in the world [4], and
523.3 million people had cardiovascular disease (CVD) in 2019 [5,6]. The future prognoses
of researchers are plaintive because the COVID-19 pandemic and fast aging will allegedly
make the CVD numbers worse in the coming years [5,6].

Cardiovascular disease is hard to predict and can render people unfit to perform some
daily or professional activities or cause them to suddenly lose control for short time periods
and harm others [1,7]. This transient loss of consciousness event is called syncope and can
result from cardiac conditions, mostly consisting of arrhythmic events, bradyarrhythmia,
or tachyarrhythmias [8,9]. For this reason, the American Heart Association and Heart
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Rhythm Society developed recommendations to prevent a person from putting others at
risk of harm and at the same time have the opportunity to work according to a society and
its culture [1,7,10,11].

Athletes, pilots, drivers, and physicians are among the most prominent professions
whose health statuses are regulated by strict legal provisions or directives. Arrhythmia
is identified as one of the main problems of heart activity whose duration cannot exceed
the prescribed time limits for electrocardiogram (ECG) short and long QT syndromes
(SQTS and LQTS, respectively), namely SQRT ≤ 320 ms and LQTS ≥ 470 ms for males
and LQTS ≥ 480 ms for females [12–14]. Athletes check their arrhythmic levels before
competition and in training during exercise, beyond which they cannot be allowed to
participate in competitions [12,15]. The international aviation agency has regulations
stating that pilots must check that their arrhythmic levels do not reach certain limits which
result in sinus bradycardia (<40 beats per min (bmp)), sinus tachycardia (>100 bpm at
rest), or sino-atrial block (>3 s during the day or >4 s at night). Otherwise, they must
reschedule flights and contact their doctors. According to the New Standards for Driving
and Cardiovascular Diseases [16] and European Commission Directive 2016/1106 [17], the
threshold QT interval is LQTS > 500 ms. The European Society of Cardiology (ESC) and
the Canadian Cardiovascular Society (CCS) suggest driving restrictions in case of recurrent
or unexplained syncope or substantial cardiovascular comorbidities, unless a definitive
treatment can be ensured and controlled [18]. Moreover, the Japanese Circulation Society
(JCS) describes driving restrictions for private and commercial patients with reflex syncope,
which recommend restricting private driving until their symptoms are controlled and for
commercial driving unless an effective treatment has been established [19]. The restrictions
of activity unite these three risky professions and point out the importance of using a wide
range of preventive actions before a sudden event happens. Furthermore, the population
over the age of 65 continues to increase globally [20], which implies an increasing average
age of active people with a higher risk of cardiovascular disease [14,21] in workplaces,
driving vehicles, or traveling by plane. The acceptable risk of harm (RH) estimated by the
CCS created a risk estimation formula [22]. Because aging continues, the solutions require
finding and using additional diagnostic facilities that prevent sudden cardio events and
protect the public from injury [23].

This article deals with the proposal to introduce a preventive diagnosis of heart disease
in drivers to avoid critical health conditions that accompany road incidents. Studies of
long-distance drivers’ working conditions show that a driver’s health is exposed to various
stressors, both physical and psychological [24,25]. As a result, many working hours are
lost, and there is the threat of an accident on the road due to long working hours, weak
metabolism, social isolation, low control, and work shifts [14,26]. It enforces the investi-
gations of Canadian, German, Finnish, Swiss, Japanese [14,19], Spanish [27], and Czech
Republic roads [28]. Car manufacturers have a wide range of improvements that improve
drivers’ working conditions and facilitate vehicle management, ergonomic solutions, and
the integration of various automatic control, navigation, and alert systems [9,29,30]. Most
of these automotive electronic systems are related to car control and diagnostics, but a
very small part of the driver and machine interfaces is oriented toward real-time driver
health diagnostics, except in sports cars [31–35]. For example, [28] points out the increase
in living standards and suggests using various driver response systems which can measure
unobtrusively various life functions and health conditions of drivers in order to monitor
their alertness.

The most popular measurement of cardiac work is the recording of an electrocar-
diogram, which has advanced signal processing methods [36,37], but the daily activities
of patients are constrained during measurement. Alternatively, the progress of technol-
ogy allows the detecting of weak cardio signals with a better diagnostic capacity without
the requirement of attaching any sensor directly to the patient’s skin by using a micro-
electromechanical system (MEMS) [38,39]. In that case, the recording of a seismocar-
diogram (SCG) is possible by non-invasive measurement of low-frequency vibrations
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from 0 to 50 Hz of cardio cycle mechanics along the timings of corresponding cardiac
events [40]. This article analyzes using the seismocardiogram method for warning a driver
about possible cardiovascular disease during driving. Additionally, this article is one of the
non-multiple types of research dealing with a moving patient [41] without simultaneously
measuring the ECG.

The novelty of this article reflects a not yet examined location of the SCG sensor when
the MEMS is integrated into the driver’s safety belt for measuring the cardio mechanical
vibrations. Hence, the SCG signal is affected not only by the already known respiratory and
body movement artifacts but also by the movement of the car [28] and the acoustic com-
ponents [42]. The aim is to obtain a useful SCG signal sufficient for heart rate calculation.
Therefore, this signifies that it is necessary to select an appropriate adaptive filter algo-
rithm and optimal settings to rapidly find an AO peak during driving. Consequently, the
benchmark of the fourth adaptive digital filters has been examined with different settings.

The rest of the article is organized as follows. Section 2 discusses the related works and
use methods, describes the system, and introduces SCG signal processing with adaptive
filters. Section 3 presents the experimental data and analysis. Section 4 concludes the work
of this paper and briefly introduces future works.

2. Materials and Methods
2.1. Related Works

Numerous researchers working on various driver response systems encounter au-
tonomous car system requirements and advance them for safer driving. Technological
progress over the past few generations let researchers set up unattached and attached sen-
sor systems inside vehicles [28]. Researchers use galvanic, capacitive, mechanical, optical,
or electromagnetic types of contact in different locations for monitoring the vital signs of
a driver [43]. Based on this, a few monitoring methods and systems like video motion, a
capacitive electrocardiogram, electroencephalogram, balistocardiogram, seismocardiogram,
thermography, photoplethysmography, magnetic induction, and radar-based methods
are possible [28,43].

An increase in the speed of signal processing allows one to return to the mechanocar-
diography previously proposed and analyzed by scientists, also known as a balistocar-
diogram, seismocardiogram, or gyrocardiogram. Unlike the most popular clinical cardiac
monitoring methods such as electrocardiogram, ultrasound cardiogram, phonocardiogram,
or photoplethysmography, the measurement of mechanocardiogram is oriented toward the
recording and analysis of mechanical heart transmitters.

The micromechanical system (sensor), which is micro in five types—metal, semicon-
ductor, ceramics, polymer, and composite—is used for the measurement of these twins.
In this case, the greatest attention shall be paid to the characteristics of the accelerome-
ters and their type, of which there are five: piezo resistance, receptacle, tunnel, optical,
and piezoelectric [44].

A mechanocardiogram, a balistocardiogram, seismocardiogram, or gyrocardiogram
may be recorded at the same time as several parameters of a heart condition, as the trans-
mitter of the heart muscle consists of the atrial, lung, mitral, and triple valves’ opening
and bruising, the movement of a heart muscle caused by a sinus node, and the propaga-
tion of the heart sound. The surveyor may provide a lot of information, thus increasing
the sensitivity and resilience of an MEMS to interference, reduced dimensions (0.08 g,
5 mm × 5 mm × 1.6 mm [32] and 3 mm × 3 mm × 1 mm [45]), and lowering energy costs,
enabling measurements with various types of smartphones (e.g., portable phones and
clocks) or specialized devices. Specialized devices have been developed according to the
future anchorage site, such as a chest, a chair, or a bed [46]. The ability to see heart valve
tremors in MEMS sensors has led scientists to investigate the possibility of diagnosing
early-stage myocardial infarction, heart failure, atrial fibrillation, and other diseases related
to cardiac valves.
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Previously, the greatest attention was focused on the measurement of the balloon
cardiogram when the waves of the surfaces were generated by the rise of blood pressure
slopes and during the fall. Attempts have been made to monitor the work of a driver’s heart
by creating a special occupant evaluating the vibration of the breath at 0.13–0.73 Hz [47] and
the vibration of the body due to ballistic forces [45]. Following a further examination of the
seismocardiogram, the recording of mechanical fluctuations was caused by the movement
of the heart and circulation through the main channels of the upper body. The mathematical
model described clearly reflects the mechanical nature of the seismocardiogram signal
and the calculation method that evaluates the forces operating in the vascular walls [48].
The balistocardiogram and seismocardiogram signals are not identifiable due to their
mechanical twisting nature, although they can be measured with the same accelerometers.
In both cases, it is necessary to properly select the location of the suitable sensor, such as
the seat suitable for the balloon cardio signal and the limbs when the most suitable place
to measure the seismocardiogram signal is to the left of the crude side rather than the
chest. The measurement of the seismocardiogram signal shall include all three axes of the
acceleration direction to obtain the desired accuracy [49].

The experimental studies described in relevant scientific articles show that the most
extensive mechanocardiogram signals are recorded and analysed together with an elec-
trocardiogram to better detect the beginning of systolic time intervals and to combine the
observed deviations of the electrocardiogram and the seismocardiogram [50,51]. Such
systems are not flexible and are not convenient for home use or during activity because
the electrodes attached to the body must be used, which causes discomfort for patients.
Therefore, this variant of cardiac disorders is more suitable for clinical use when there is
a limited number of patients involved or sitting. One of the greatest advantages of such
complementary systems is that it is possible to evaluate the dependency of the heart on
the body. Lying on the left side is the riskiest heart disease, as the heart muscle is the most
unloaded due to the mechanical pressure of the warrior in the heart [52,53].

Investigators have increasingly tried to perform non-invasive seismocardiogram or gy-
rocardiogram measurements with a smart phone without measuring the electrocardiogram.
To be properly diagnosed, it is necessary to know the result of the systolic time intervals
(from 149 ms to 1091 ms when the heartbeat drops from 220 to 30 bpm [54]) and to further
analyze the signal obtained by comparing the theoretical classification requirements with
the practical ones. One of the first articles on automatic identification of seismocardiogram
signals appeared in 2016, with an emphasis on the statistical calculation of systolic time
intervals [55]. In accordance with the method proposed in this article in 2017, Finnish
scientists have applied the automatic recognition of seizures to the experimental test for
atrial fibrillation [45].

The seismocardiogram signal is classified as a nonstationary signal that can lead to
sudden abnormalities that indicate possible signs of disease. The analysis and processing
of such biosignals is problematic, requiring a range of statistical methods, including fast
Fourier transformation, wavelength theory, machine learning, decision tree, and analysis of
the related and unrelated attributes [56,57]. In summary, scientists seek to automatically
detect the attribute in the biosignal so that large and small data do not accumulate. The
choice of methods used for analysis depends heavily on the characteristics of the signal
that characterize the frequency, time intervals, number of attributes, operation principle,
and purpose of interpretation. The purpose of the interpretation is to understand the
real-time alerts, diagnostics, prophylactic monitoring, and planning [56]. The analysis
performed is faster and more reliable in advance of a prior signal classification based on
the frequency of intervals, frequency, form of attributes, and the distribution of the signal
in the separate segments [58,59].

As we see in the literature analysis, measurement of the mechanocardiogram signals
is not a new topic and has garnered interest from investigators since recording of the
reactionary forces of Gordon’s invented organism in 1877, known as a balistocardiogram,
but the tests have been reduced due to the simplicity of the application of electrocardio-
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grams and the more accurate diagnosis of cardiac diseases [60]. Thanks to technological
progress, micromechanical systems have become smaller and more accurate, so researchers
are again encouraged to deal with the development of mechanocardiogram signals and the
extension of applications, such as the use of seismocardiogram signals for the nonclinical
prevention of cardiac diseases, allowing the first signs of heart problems to be observed [61].
It is a very real topic to solve health problems during human daily activity and not in
hospitals by using wearable technologies with the ability to alert users to the presence of
health diseases. Moreover, this investigation is a small step in big research which requires
creativity, know-how, and a wide range of knowledge from different study fields.

2.2. The System Discription

The idea of the system described in this article is based on a provision that the mea-
surement of a driver’s heart rate is carried out in a non-invasive manner without causing
a sense of discomfort, avoiding ethical and private data protection aspects. Additionally,
the electronic system must evaluate and predict signal changes in the noisy environment
with many uncertainties, such as vibrations and body movements. The main requirement
of this system is to prevent the driver from carrying out his direct function to manage the
car safely.

The designed system was for the seismocardiogram measurement via an accelerometer,
which was integrated in safety belt of the driver. There is a different measuring principle for
measuring mechanical displacement of the chest load to that previously described in [3,7],
where an accelerometer was integrated in the driver seat for measuring vibration of the
back of the chest. The MEMS sensor had very good contact with the body, which was closer
to the heart and provided a bigger signal amplitude of the forward chest vibration. The
driver could not see the integrated MEMS sensor in the safety belt, and he or she did not
have to enter any personal data in order to be in line with the requirements.

A more detailed comparison of the vital sign monitoring methods is summarized in
Table 1, and the present research method is included too. The advantages and disadvantages
are discussed in Table 1 based on the work in [28,43].

In order to reduce the system’s interference and ensure the reliability of the diagnos-
tics, the use of two accelerometers is described. Figure 1 shows the idea for where the
accelerometers would be located.

The hardware of this system consists of two MPU9250 accelerometers, an ESP32
WROOM microcontroller, and an SD card reader.

The main accelerometer is integrated in the safety belt and is located at the chest
during driving. The location of the second accelerometer is the seat of the driver. This
location was chosen with respect to the need to measure the movement of the car and the
movement of the driver’s body. A second accelerometer was attached to the driver’s seat
because the chair is directly related to the driver and the weak vibrations of the car and the
potholes on the road, which are measured for the acceleration amplitudes.

When measuring the seismocardiogram with an accelerometer, it is important to
calculate the resultant of all accelerations of the accelerometer coordinates, because in this
case, the most accurate reading of the seismocardiogram was obtained, with the evaluation
being as a close to human accelerometer as possible [62]. This way, it was not necessary to
accurately record the position of the accelerometer and perform precise corrections of the
position in each case. Then, the driver wanted to change the angle of the seat back while
driving. Therefore, the drive felt free and could concentrate attention only on the road.
Moreover, the system did not require any additional adjustments before or after driving.
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Table 1. Advantages and disadvantages of vital sign monitoring systems used in vehicles.

Vital Sign Monitoring
Method Sensor Location Advantages Disadvantages

Seismocardiogram Safety belt
(this research)

Allows measuring cardiac and respiratory
activity unobtrusively.

The signal of the three-axis accelerometer
characterizes specific events of

the heart’s activity.
The SCG signal is measured from the

front of the chest.
The additional reference signal is not required.

The safety belt obliges using the vital sign
monitoring system automatically.

Requires solving noise issues.

Seismocardiogram Worn sensor

Allows measuring cardiac and respiratory
activity unobtrusively.

The signal of the three-axis accelerometer
characterizes specific events of

the heart’s activity.
Does not require a reference signal.

Driver required to wear
sensor on the body.

Requires solving noise issues.

Seismocardiogram Back of the car seat

Allows measuring cardiac and respiratory
activity unobtrusively.

The signal of the three-axis accelerometer
characterizes specific events of

the heart’s activity [28,43].

The seat attenuates the SCG signal.
Requires a reference signal, which

increases signal processing duration.

Balistocardiogram Car seat

Allows measuring cardiac and respiratory
activity unobtrusively.

Records the cardio, mechanic, and lung
vibrations and the momentum of the blood

pulse traveling down to the aorta [28].

The noise of car motor vibrations may
make measurement difficult [28].

Requires a reference signal.

Capacitive
electrocardiogram

Steering wheel
Car seat

Back of car seat

Records electrical activity of the heart muscle.
Still the most valuable physiological signal.

No galvanic contact with the body.
Electrically insulated and remains stable in

long-term applications [43].

Both hands have to touch two
different parts of the wheel.
Requires an infinitely high

ohmic resistance [43].

Video monitoring Camera-based

Allows measuring cardiac
activity unobtrusively.

No contact required to monitor a
driver or passengers.

Monitoring of respiratory and temperature can
happen in complete darkness.

Driver drowsiness and attention detection.
Driver stress and pain detection by analyzing

facial expressions [28,43].

Requires free line of sight.
Absence of privacy.

Sufficient light cannot be guaranteed
for operating in the far

infrared spectrum.
Shadows from other cars and trees can

rapidly change the signal [28,43].

Radar system
transmitter—

receiver system
Doppler radar

Front radar
Back of car seat

Allows measuring cardiac and respiratory
activity unobtrusively.
No contact required.

Uses high-frequency electromagnetic waves
that are emitted and reflected by

the chest’s surface [28,43].

The heart-related motions are very
small and hard to detect [43].

Electroencephalogram Special helmet
Allows measuring concentration, reaction

time, and cognitive state, as well as
drowsiness of drivers [43].

The measurement system is complex.
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s(t) =
√

sx(t)
2 + sy(t)

2 + sz(t)
2 (1)

The total acceleration (Equation (1)) required was calculated on the basis Figure 2
that a better SCG signal could be obtained instead of only the z-axis, as in other previous
studies [54,63]. In addition to preparing this signal for processing, normalization of the
total acceleration was performed. As a result, the power of the big vibrations reduced and
impacted the input signal processing.
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This did not disturb the driver during the trip, and this system avoided personal
identity regulations. The data were collected on an SD card if needed.

2.3. The Signal Processing

Adaptive filtering has many advantages and is useful for biomedical applications.
Unlike other filters, an adaptive filter can self-adjust the filter coefficients to a rapidly and
unpredictably changed signal. The principle of operation of the adaptive filter is defined
by Equation (2) [64,65]:

e(n) = d(n)− y(n) (2)
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The operation of this filter is based on the tendency of the filter output signal y(n) to
correspond as closely as possible to the affected signal d(n) through the feedback response
of the error signal e(n) to the coefficients H(z) of the filter transfer function so that e(n)
is zero [64,65]:

y(n) =
L

∑
k=1

bn(n)x(n − k) (3)

The structure shows in Figure 3 that, based on the fact that the SCG signal is measured
in the frequency band of 1–20 Hz, it feeds the signal of the frequency band of interest to the
adaptive filter to make the adaptive filter much more efficient and effective [66,67]. For this,
a finite impulse response filter (FIR) or an infinite impulse response filter (IIR) can be used.
As a result, one accelerometer can be used for measurement. Apart from the fundamental
adaptive filter configuration, the frequency band is 5–45 Hz for the adaptive filter with a
delay (Figure 4). Additionally, the performance for detecting AO peaks was analyzed with
the FIR and IRR filters:
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The adaptive filter modifies the filter coefficients bn(k) according signal property and
they can be calculated with Equation (4) [64]. The estimation accuracy of coefficients bn(k)
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depends to rule how changes the convergence parameter ∆, which lie in the range described
in Equation (5) [64].

bn(k) = bn−1(k) + ∆e(n)x(n − k) (4)

0 < ∆ <
1

10LPx
(5)

where: L is length of the FIR filter and Px power of the signal in the input.
The power is calculated using Equation (6) [64]:

Px ≈ 1
N − 1

N

∑
n=1

x2(n) (6)

3. Results and Discussion

The proposed system collects data without additional measurements, except for seis-
mocardiogram detection. The main aim of this system is to monitor the heart rate with one
system and, at the same time, avoid disturbing human activity during the driving process.

The duration of the interval between two peaks has a few requirements. The first
requirement sets a 410-ms minimal time interval between two peaks. This requirement
helps to avoid incorrectly detecting mistakes in the opening moments of the aorta. The
second limitation relates to the signal’s minimal level, which means that the peak has to be
above this minimal level, which is equal to the total signal power. Each adaptive filter has
its own minimal level, depending on the signal processing results.

4. Experimental Results

The data were collected to perform a deeper analysis of the proposed system’s per-
formance. Figure 5 shows the signal processing results, where the top diagram indicates
the seismocardiogram signal in the input. The second diagram shows the adaptive filter
learning processes that calculate the adaptive error. As a result, the third diagram indicates
the filtered signal and looks like the driver’s seismocardiogram. The fourth diagram shows
that the third adaptive filter could recognize patterns of heart beats which represent the
aorta opening in the seismocardiogram.

The calculated signal-to-noise ratio of the third adaptive filter (SNR = −8.0627 dB)
was negative, indicating huge noise in the environment. Thus, the fourth adaptive filter
was analyzed, which first filtrated the SCG signal with the IIR filter (filter order of five)
and afterward with an adaptive filter with a delay (order of 5) (Figure 4). In that case,
Figure 6 presents three signal processing diagrams of the fourth adaptive filter, showing
the adaptation error, signal in the fourth adaptive filter output, and efficiency of the
adaptive filter.

Figure 6 shows that the denoised signal y(t) in the output of the fourth adaptive filter
was clearer and could mark places with similar form (black ellipse), which repeated but had
different amplitudes. As a result, this partly conformed to publications of other authors and
enforced the importance of continuing research by creating and developing new methods.

Figure 7 shows how the variation of the signal-to-nose ratios of the adaptive filters
depended on the filter order. An interesting fact is that the signal-to-noise ratio was negative.
This means that the adaptive filter did not perform as well as the filtration. Therefore, the
filtrated signal had noise. This situation is not typical compared with other signals, such as
with electrocardiogram measurement.
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On the other hand, the received signal managed to find the peak markings and heart
rate calculations, while the signal had a negative value for the SNR in all adaptive filters
from the first one to the fourth −7.61 dB, −7.22 dB, −8.06 dB, and −11.32 dB, respectively.
The processing benefit of the fourth filter was the smallest (3.39 dB), and the others were
about 7 dB.

Figure 8 shows the driver’s seismocardiogram with detected peaks and a calculated
heart rate of 65 beats per minute.
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Figure 8. Driver seismocardiogram after the fourth adaptive filter and detected peaks.

Additionally, calculations have been performed to better understand the seismocardio-
gram signal and the behaviour of four different adaptive filter configurations. The settings
of the adaptive filters and signal processing data are tabulated in Table 2.

Table 2. Adaptive filter processing data.

Adaptive Filter 1 Adaptive Filter 2 Adaptive Filter 3 Adaptive Filter 4

Filter order 90 90 200 50

mu AF step 1.0133 × 10−3 1.0133 × 10−3 5.0855 × 10−3 9.3302 × 10−1

Heart rate (beats/min) 109 107 111 65

RMS (m/s2) 0.5212 0.5208 0.5198 0.0684

SNR (dB) −7.61 −7.22 −8.06 −11.32

RMSE (m/s2) 0.0472 0.0370 0.0248 0.1942

Detected peaks number 53 52 53 27

Peak interval mean (ms) 549.07 558.21 536.15 917.56

Peak Interval STD 117.82 127.11 117.22 635.12

Processing time (s) 57.69 1.09 1.09 1.11

Processing benefit (dB) 7.10 7.49 6.65 3.39

The data in the table show that increasing the minimum duration limit between pulses
decreased the heart rate and coincided with the value of the standard deviation between
the detected peaks, which means greater reliability for the measurement. In all cases, the
root mean square error (RMSE) of the third adaptive filter was 0.0248 (m/s2), and it was
the smallest value compared with the other filters, indicating the stability of the signal peak
level of the received signal at this adaptive filter output. The RMSE of the fourth adaptive
filter (0.1942 (m/s2) indicates smaller stability of the received signal peaks’ levels. Hence,
the seismocardiogram signal was not stable.

Figure 9 shows the benchmark of all the adaptive filter autocorrelations and presents
that the signals after processing did not change enough from the input signal in the
first three adaptive filters. Alternatively, the signal in the fourth was evidently changed
from 5 to 20 time lags.

Additionally, the data show that the fourth filter detected 27 fewer peaks than the
other 53 peaks. The standard deviation of 635.12 for the peak intervals shows that in these
cases, the system did not find any peak.

Measurement of the processing duration was performed, which shows that the typical
adaptive filter without delay spent the longest time in processing (57.69 s). As a result, this
adaptive filter is not recommended for signal processing of seismocardiograms.
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Figure 9. Autocorrelations of the filtered seismocardiogram signals.

5. Conclusions

A system monitoring driver cardiovascular disease has been described. Several ad-
vantages and disadvantages of the SCG were described and compared with alternative
investigations. The results of the experiments show that the developed system collected
sufficient data and could interpret them later using an adaptive filter. As a result, the fourth
adaptive filter obtained an estimated HR = 65 beats per min (bpm) in a still-noisy signal
(SNR = −11.32 dB). In contrast with the low processing benefit (3.39 dB), 27 AO peaks
were detected with a 917.56-ms peak interval mean over 1.11 s, and the calculated root
mean square error (RMSE) was 0.1942 m/s2 when the adaptive filter order was 50 and the
adaptation step was equal to 0.933.

Signal processing was performed using four adaptive filter algorithms and compared.
The results show that the filtered signal was noisy, and more advanced adaptive filter algo-
rithms and a sensor system with few accelerometers are needed for better signal acquisition.

The proposed system and methodology can be useful and integrated in car safety sys-
tems. For better performance, more research and improvements to the system are needed.
Furthermore, future works will relate to improving the processing methods by including
machine learning with an additional mathematical model of the seismocardiogram.
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