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Simone Benatti, Member, IEEE

Abstract— This research introduces the second version of ANGELS,
an embedded system designed to analyze PPG and EDA signals in the
context of driver monitoring. ANGELS is a cost-effective and energy-
efficient solution that performs real-time acquisition and processing
of PPG and EDA signals, enabling continuous monitoring of driver
physiological parameters. Notably, ANGELS operates autonomously
without needing accelerometer data to mitigate distortions caused
by vehicle motion. Following an initial validation in collaboration
with Maserati, supplementary experiments were conducted within
our laboratory-level driving simulator. ANGELS v2 integrates an addi-
tional EDA sensor compared to its predecessor. Despite its unobtru-
sive nature, ANGELS v2 features a mean absolute error of 1.19 BPM
in heart rate detection and 1.9 misdetected peaks per minute in EDA
peak detection, which is the standard metric to evaluate EDA. These results are achieved within a power envelope of 230
mW. These results underscore the reliability and promising potential of ANGELS v2 to enhance driver safety.
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[. INTRODUCTION

Human-Machine Interaction (HMI) is gaining a remarkable
traction in the automotive industry due to its potential to
enhance the driving experience and improve driver safety
by mitigating attention deficits and drowsiness - significant
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contributors to vehicle accidents. Upscale vehicles now offer
a range of solutions aimed at reducing these issues.

Among commercially available solutions, most include lane
assistance, collision avoidance radars, lidars, braking assis-
tance, and cruise control [1]. In addition, several high-end
vehicles incorporate driver monitoring systems to reduce ac-
cidents caused by driver drowsiness. These systems analyze
steering wheel movements and behavioral features such as eye
blinks or head movements through integrated cameras [2]-[9].
Fundamentally, these systems are based on a safety paradigm
that evaluates vehicle behavior in unsafe situations. Their main
advantages are unobtrusiveness and ease of installation within
the vehicle interior.

Nevertheless, these systems lack the inherent capacity to
directly asses the driver’s physiological state. Monitoring
specific physiological parameters provides an opportunity to
gain fundamental insights into a driver’s state [10]. This
approach enables the implementation of predictive measures
that proactively avoid unsafe scenarios, in contrast to an
exclusive reliance on reactive responses based on the vehicle’s
behavior [11], [12]. Recent research shows that monitoring
physiological signals through wearable or in-vehicle sensors
allows the monitoring of driver conditions. Methods that have
been extensively studied include the analysis of ECG, PPG,
EDA, and EEG signals [13]. Despite their unobtrusiveness,
it is noteworthy that camera-based systems are hampered by
variations in lighting conditions and line-of-sight obstructions,

Authorized licensed use limited to: UNIVERSITA MODENA. Downloaded on February 12,2025 at 22:47:45 UTC from |IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2024.3385480

IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2017

such as eyeglasses or sunglasses, which may affect their
performance.

From a clinical standpoint, direct measures of sleep and
wake states are performed by Electroencephalography (EEG)
[14] analysis due to its ability to detect autonomic nervous
system (ANS) activity. However, the electrode placement
needed on the skin and scalp makes EEG unfeasible for
unobtrusive use in an automotive context. As a result, indi-
rect measures are becoming increasingly important to detect
changes in physiological parameters indicative of driver’s state
alterations, such as drowsiness. Electrocardiography (ECG)
[15], Photoplethysmography (PPG) [16], and Electrodermal
Activity (EDA) [17] signals provide indirect insight into ANS-
related states [18].

Although the ECG is widely used in research to monitor
driver status, its requirement for simultaneous contact of two
active electrodes plus a third reference makes it unsuitable
for in-vehicle monitoring. In contrast, PPG and EDA require
simpler contact interfaces. PPG is detected by a photodiode-
led pair that can also be placed under one of the 2 hands
holding the steering, whereas EDA needs 2 nearby electrodes
that can also be placed against the palm of a hand. PPG
uses an optical approach that measures changes in blood
volume within microvascular tissues during each heartbeat,
directly correlating with heart rate (HR) [19], while EDA
reflects variations in skin electrical conductivity [20]. EDA
is measured as the voltage between two electrodes subjected
to a small current. EDA includes a DC component, namely
the Skin Conductance Level (SCL) component, and distinct
short waveforms representing the variable aspect of the signal,
namely the Skin Conductance Response (SCR) component.
This metric is important because it quantifies responses to
internal and external stimuli [21].

Variations in sensor-skin contact can compromise the re-
liability of PPG and EDA signals. A common strategy to
address this concern involves embedding sensor data with
accelerometer data to identify signal noise associated with
rapid motion. This approach is widely used in wearable
devices such as wristbands and smartwatches, as validated by
Burrello et al. [22].

However, approaches used in wearable devices rely on
correlation and proportionality between the noise of EDA and
PPG signals and measured acceleration values. These solutions
do not work on the steering wheel of a car since here the
main causes of noise and low signal quality are variations in
contact pressure or relative hand movements with respect to
the steering wheel, which are not directly measurable with an
Inertial Measurement Unit (IMU).

This study presents an extended and improved version of
ANGELS (smArt steeriNG wheel for driver Safety) [23],
a low-cost embedded system designed for seamless integra-
tion into a vehicle steering wheel. The updated platform
is customized for acquiring and processing PPG and EDA
signals, enabling real-time monitoring of HR and SCR peaks
without relying on accelerometer data for signal processing.
The system includes a sensitive photodiode sensor unit de-
veloped by ST Microelectronics [24] and a pair of flexible

AgCl electrodes (Soft-Pulse™, Ditwyler Schweiz AG) .
These components can be easily integrated into the steering
wheel, along with a miniaturized embedded platform for real-
time signal processing using a modified version of the Pan-
Tompkins algorithm [25] and a custom SCR peak extraction
and detection algorithm. Notably, the system is unobtrusive,
features a low power consumption profile, and is economically
viable, with costs in the hundreds of dollars. This design makes
ANGELS a viable option for integration into a wide range of
vehicles, contributing significantly to improvements in driving
safety.

The main contributions of the work are:

o A novel version of ANGELS that can acquire and process
continuously PPG and EDA signals from the driver in a
non-invasive way.

e An improved algorithm for PPG and EDA signal analysis.
We tested the algorithm on a dataset collected in the
Maserati driving simulator on seven subjects and in
our laboratory at the University of Modena and Reggio
Emilia, where 27 subjects were involved. Our PPG peak
detection algorithm achieves 99.8% Accuracy, 97.1%
Sensitivity, and 99.06% Positive Predictive Value (PPV).
Regarding HR detection, the Mean Absolute Error (MAE)
is 1.19 BPM. About EDA, the MAE is 1,19 peak
misdetected per minute. Considering both signals, the de-
veloped artifacts removal algorithm has a 92% Accuracy
score, 92% Sensitivity, and 85% PPV.

o The power profiling of the system, which operates with
a latency of 10 s and featuring 230 mW of power
consumption.

Il. RELATED WORKS

In the context of driver monitoring, combining different
sensors to monitor several physiological signals stands out as
a strategy to improve the accuracy and reliability of detection
systems. This section explores combinations of sensors such
as ECG, PPG, Electromyography (EMG), and respiratory
rate (RR), each providing complementary data to provide a
comprehensive picture of the driver’s status.

Table I lists recent studies using physiological signals to
analyze driver states. Budak et al. [26] employ a headband to
collect EEG data from the driver. In contrast, Jiao et al. [27]
design an integrated device for obtaining EEG and Electroocu-
lography (EOG) signals through body-attached electrodes. As
previously discussed, EEG is the gold standard for directly
monitoring brain activity. Despite the less intrusive nature of
wearable EEG headbands and EOG glasses, challenges arise in
maintaining signal quality among driving-related movements,
making them impractical for automotive applications.

Fujiwara et al. [19] and Yuda et al. [31] employ a system
based on ECG and RR monitoring sensors. The correlation
between Heart Rate Variability (HRV) derived from ECG
and breathing patterns from RR can identify the onset of
fatigue earlier than using each signal separately. While RR
can be measured contactless with wearables, ECG needs hand
contact.

Uhttps://datwyler.com/de/unternehmen/innovation/softpulse
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TABLE | EDA sensor probes and (ii) a compact board for signal acqui-
STATE OF ART COMPARISON sition and processing (refer to Fig 1). PPG probes and EDA
Authors Signals Acquisition Obtrusive electrodes are seamlessly integrated into the steering wheel by
Budak(26] EEG Wearable Yes modifying a commercial leather steering wheel cover.
Lee[28] ECG, PPG Wearable Yes . .
~ Body attached The PPG sensor probes include compact optical systems
Fujiwara[19] HRV sensors Yes designed explicitly for PPG acquisition. These probes integrate
. Guzde- 2 RR Body attached Yes a Silicon Photomultiplier (SiPM) photodetector coupled with
ernandez[29] sel?bm infrared and red LEDs as optical light sources. The SiPM
Kohl30 PPG Body attached Y p g .
oh[30] Sensors es detector, developed by STMicroelectronics, features a total
Yuda[31] ECG, Body attached Yes area of 4 x 4 mm? with 4871 microcells arranged in a square
RR Sensors . :
NMurafidharan[32] PG Wearshle Yes pattern, each having a pitch of. 60um [24]. The EDA dry elec-
EEG Body attached trodes are made of a conductive elastomer and manufactured
Jiao[27] . Yes
EOG Sensors by Datwyler.
Sahayadhas[33] E&% BOdSye :St(ti‘s’hed Yes Both the PPG probes and EDA electrodes are housed within
PPG, Steering Wheel a 3D-printed support structure, and a long-pass optical filter is
Our Work EDA Integrated Sensors No employed to safeguard the SiPM from external light interfer-

Similarly, Sahayadha et al. [33] combine ECG and EMG
signals for driver monitoring. EMG, measuring the electrical
activity of muscles, provides insights into driver movements
and aids in predicting driver behavior. This work used medical-
grade devices to acquire ECG and EMG signals, where EMG
was explicitly employed to analyze muscle fatigue and im-
prove ECG-based driver assessment. Like ECG, EMG needs
a series of electrodes in close contact with the body, making
it susceptible to electrode displacement and impractical for
automotive applications.

Guede-Fernandez et al. [29] and Koh et al. [30] propose
a study based on PPG and RR signals for monitoring heart
activity. PPG sensors offer a less intrusive method for monitor-
ing fatigue when used alongside devices measuring respiration
rates. Lee [28] and Muralidharan [32] base their studies on
a combination of ECG and PPG. The integration of ECG
and PPG sensors presents an alternative approach to moni-
toring HRYV, reducing the limitations inherent in each method
when utilized independently, such as ECG’s susceptibility
to electrode displacement and PPG’s sensitivity to motion
artifacts. However, the aforementioned papers rely on body-
worn sensors, which can achieve high-quality signals but are
impractical in automotive applications where it is necessary
that all hardware is integrated into the vehicle dashboard.

Our study introduces a novel fusion of PPG and EDA
techniques. EDA sensors provide valuable ANS information,
enabling stress and emotional state monitoring. Like ECG,
EDA is susceptible to distortion from motion artifacts, but
its acquisition at the same site, such as the hand, presents
advantages. Combined with PPG, our approach enables the
comprehensive evaluation of the driver’s state, due mainly to
the fact that noise is eliminated using a PPG-based algorithm
that does not require the presence of inertial sensors

[1l. MATERIALS & METHODS
A. System Description

The system described in this manuscript represents an
advancement of ANGELS, incorporating two primary com-
ponents: (i) a sensorized steering wheel integrating PPG and

ence. Wire-to-board connectors facilitate connectivity between
the probes. The acquisition and processing board consists of
four main blocks: (i) an analog front-end incorporating the
probe power rail, a DAC to regulate the LED’s current, and
an operational amplifier to condition the EDA signal, (ii) the
ADC ADS1298 for acquiring two channels of PPG and EDA
signals, (iii) the STM32F4 microcontroller for onboard signal
processing, and (iv) an esp32 for streaming acquired data via
Bluetooth Low Energy (BLE) and WiFi (IEEE 802.11 b/g/n)
protocols.

B. Data Acquisition

To assess the performance and reliability of the updated
ANGELS version, three distinct measurement sessions were
conducted involving 27 subjects. The sessions encompassed
i) acquisitions on the fingers, ii) acquisitions on both fingers
and palm and iii) acquisitions of PPG and EDA signals on a
given set of predefined hand movements. Each experiment was
performed under similar conditions and on different days to
minimize cross-test variability. In the first two tests, the EDA
signal acquired by ANGELS was compared with a reference
signal. The reference signal relied on a BITalino EDA front-
end from PLUX Biosignals [34], linked to our board for sig-
nal synchronization. Standard Kendall”™ H124SG electrodes
from Cardinal Health, measuring 30x24 mm and equipped
with a conductive solid gel for optimal adhesion, were utilized
for this acquisition, ensuring high-quality EDA monitoring.
The data were sampled at 1 kHz and streamed to the PC via
WiFi using the TCP protocol.

The first measurement involved five volunteers aged be-
tween 20 and 30 years. Thanks to the adhesive ring, the
reference device electrodes were placed on the left hand’s
distal phalanx of the index and middle finger. In contrast,
ANGELS dry electrodes were fixed to a stable surface to
prevent unwanted movements. Testers were instructed to hold
the middle phalanx of the same fingers on the dry electrodes.
Each measurement lasted 2 minutes, during which testers re-
mained quiet and comfortably seated. The Valsalva Maneuver
was performed midway through the acquisition to induce a
cardiovascular change and stimulate the sympathetic nervous
system, producing an SCR event [35]. The Valsalva maneuver
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Steering PPG and EDA Probes Acquisition and Processing Board
Wheel
AgCl electrode
Sensorized steering wheel
with probes on 10:10 Highly sensitive Embedeed board to acquire
a) hand position b) SiPM c) and elaborate the signal
Fig. 1. Block scheme of the proposed system, which comprises three main blocks: a) a steering wheel as a base platform for placing sensor

probes and allowing continuous signal acquisition; b) two pairs of PPG and EDA probes, which are placed close together to ensure the acquisition
of both signals on the same site, and they are encapsulated into a steering wheel cover to gather driver physiological signals from the palm without
causing discomfort; ¢) an acquisition and processing board where the main components are highlighted in purple. There are ADS1298 to make
the AD signals conversion, Wi-Fi and Bluetooth module, DAC to control the LEDs current, PPG front-end to polarize the photodetectors, and an
STM32F40 for online data elaboration. The board also includes a conditioning circuit for EDA signals.

consists of forced expiration against a closed glottis. It causes a
cardiovascular change that stimulates the sympathetic nervous
system and thus produces an SCR event [35]. This experiment
aimed to assess the similarity between signals acquired by our
device and the reference in the same site.

The second measurement involved twelve testers between
20 and 30 years of age. As in the first protocol, the reference
device electrodes were placed on the index and medium finger
of the left hand. Our device was inserted into a steering
wheel of the University of Modena and Reggio Emilia driving
simulator to simulate in-car acquisition. The protocol followed
the method used during the first experiment, with testers seated
steadily in the simulator. This experiment aimed to compare
the hand-acquired EDA signal with the one acquired at the
reference site and assess its quality. A total of 24 minutes of
signals were recorded.

The third measurement involved ten volunteers between
20 and 30 years of age, distinct from those in the second
experiment. PPG and EDA signals were acquired simulta-
neously with sensors integrated into the steering wheel, as
shown in Fig. 1.b. Testers were instructed to keep the left
hand steady for 5 minutes to ensure robust signal acquisition.
Controlled movements were introduced every 30 seconds to
induce artifacts, including removing hands, sliding the hand,
and making rapid left and right steering wheel movements.
This experiment aimed to create controlled artifacts on PPG
and EDA signals and evaluate the performance of the artifact
removal algorithm outlined in section III-C. In total, 50
minutes of PPG and EDA signals were recorded. Across all
experiments, a cumulative duration of 84 minutes of signals
was acquired.

C. Algorithm description

One of the main advances of ANGELS is a novel algorith-
mic approach to elaborate the acquired PPG and EDA signals.
This is a robust time-domain algorithm composed of two parts:
i) a PPG peaks detection block described in [23], and ii) an
EDA peaks detection block.

1) PPG peak detection: The PPG processing algorithm
comprises three main stages: a filtering stage, an artifact
removal block, and a peak detection stage [23]. Distortions due
to driving movements affect signals acquired on the steering
wheel, so proper artifact removal is paramount. Following
band-pass filtering between 0.5 and 10 Hz, a rolling standard
deviation is applied to assess the signal quality and identify
windows affected by motion artifacts, as depicted by the
Artifacts Removal block in Fig. 2c). The rolling standard
deviation is computed for each sample within a 1 s time
window, moving one sample at a time. If the standard deviation
overcomes a threshold set at 0.005, a 5 s window (2.5 s
backward, 2.5 s forward) is removed [23]. Through a tuning
phase, it was empirically determined that this threshold exhib-
ited optimal performance in correctly discriminating corrupted
PPG windows from intact ones in the dataset acquired in [16].
Fig. 2 provides an example of the algorithm’s functioning
and block scheme, and Fig. 2b) represents the outcome of
artifact removal on a signal segment. Due to probe proximity,
as shown in Fig. 1.b, driving movements are bound to generate
simultaneous artifacts on both EDA and PPG signals. When
hands cover the PPG sensors only partially, also the EDA
electrodes remain exposed, leading to artifacts in both signals.
To mitigate this effect, a 5-second window was removed when
an artifact was detected.

After the artifact removal phase, precise peak detection
is ensured by a Pan-Thompkin-like algorithm, which inte-
grates adaptive thresholding to detect HR frequency. Peak
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detection is detailed in the Algorithm 1 diagram, where the
starting derivation and integration phases of the original Pam-
Tompkins algorithm is substituted with the zeroing of the
PPG negative value. As shown in Algorithm 1 diagram, the
algorithm is based on a while loop that iterates over 50s
long signal windows, with a 40s overlap. After refreshing
PPG data using the Shift data_buffer routine, the Searchback
condition is evaluated. If the interval between the current
sample and the last peak exceeds a predefined boundary (B.S),
indicating a peak misidentification, the algorithm initiates a
search for a peak within the range delimited by the current
sample and previous peaks. If the Searchback condition is
not met, the algorithm continues with peak detection. From
line 32, an adaptive thresholding approach is deployed. This
method calculates the median peak interval for each 10-
second period based on the preceding 13 detected peaks.
Should this interval fall below the current minimum distance
(min_dist) plus 0.2 x fs for eight consecutive times, the
threshold is reduced by 0.01. Conversely, if it surpasses the
same criterion for eight consecutive iterations, augmentation
by 0.01 x fs ensues. Consequently, min_dist adapts with the
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Fig. 2. Block diagram of the algorithm used to detect PPG peaks, along
with an instance of the ANGELS elaboration pipeline for a signal window.
Figure a) displays a window of the raw PPG signal, while figure b) shows
the same window with the processed signal. The blue line represents the
PPG signal, and the orange dotted line depicts the removed corrupted
portion of the signal, with red circles indicating the identified peaks.
Figure c) offers a block diagram of the algorithm, outlining its key stages
[23].

peak-to-peaktrend, thereby recalibrating thresholds in the peak
detection process every 10 seconds. This adaptive paradigm
enhances algorithmic reliability, as demonstrated by [23].

Algorithm 1 Peak Detection Stage
1: Input: PPG Signal

2: Ouput: PPG Peaks

3 PPG(PPG <0)« 0,5+ 1, BS+ 16 x fs

4: while s < length(PPG) do

5: Shift data_buffer

6: current < max(BS, s)

7: if Searchback condition is met then

8: for i < 1 to current do

9: peaki < data_buf f (%)

10: if peaki > threshold2 then

11 if no peak or(s— BS+i) — Prev_Peak >
min_dist) then

12: spki < 0.875 x spki + 0.125 X peaki

13: New_Peak < s— BS +1i

14: else if data buff(s — BS + i) < peaki
then

15: Prev_Peak <+ s — BS +1

16: else

17: npki < 0.875 x npki 4+ 0.125 X peaki

18: thresholdl < npki + 0.25 x (spki — npki)

19: threshold2 < 0.5 x thresholdl

20: else

21: peaki « databuf f(current)

22 if peaki > thresholdl then

23: spki < 0.875 x spki + 0.125 X peaki

24: if no peak or s— Prev_Peak > min_dist then

25: New_Peak < s

26: else if databuff(current — s +
Prev_Peak) < peaki then

27: Prev_Peak < s

28: else

29: npki < 0.8 X npki 4+ 0.2 X peaki

30: Update threshold1 and threshold2

31 Every 10 seconds

32: while m < (length(Peaks) — 13) do

33: for t < 1 to 8 do

34: peaks_dist < Peaks(m + t) — Peaks(m +
t—1)

35: if mean(peaks_dist) < min_dist+(0.2x fs) then

36: count_1 < count_1 + 1

37: if count_1 > 8 then

38: min_dist < min_dist — (0.01 x fs)

39: count_1,count_2 < 0

40: else

41: count_2 < count 2 + 1

42: if count_2 > 8 then

43: min_dist < min_dist + (0.01 x fs)

44: count_1,count 2 < 0

2) EDA peak detection: The EDA processing algorithm
encompasses four key blocks: a filtering stage, an artifact
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removal block, the signal division into SCR and SCL compo-
nents, and an SCR peaks detection block. Fig. 3 illustrates the
algorithm’s block diagram and an example of signal window
elaboration. Following a second-order low-pass filtering at 2
Hz, the artifact removal block is applied, as detailed in the
previous section III-C.1. The SCR and SCL components are
isolated using a 0.5 Hz fifth-order low-pass filter and a fifth-
order high-pass filter at 0.5 Hz.

We employed an algorithm based on the approach developed
by Kim et al. [36] to detect SCR occurrences, namely the
SCR peaks, showed in Algorithm 2. The algorithm works on
signal segments of 50 seconds in a while loop. SCR peaks are
identified by locating two consecutive zero crossings, from
negative to positive and positive to negative. The first for
cycle, line 5, serves to find the first zero crossing point. The
second for, line 8, determines the consecutive point. The
peak amplitude is determined by finding the maximum value
between these two zero crossings. Subsequently, SCR peaks
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Fig. 3.  Block diagram of the EDA elaboration algorithm and an
example of the ANGELS elaboration pipeline for a signal window. In
part a), a segment of unprocessed EDA data is shown. In part b), the
SCR component is shown in the same window after the algorithm has
been processed: the blue line represents the SCR signal, the orange
dotted line reflects the removed corrupted portion of the signal, and the
red circles indicate the detected peaks. In c), a block diagram of the
algorithm is shown, outlining its main steps.

with an amplitude less than 10% of the maximum SCR am-
plitude in the considered segment are excluded, following the
procedure outlined in [36]. The threshold is calculated on the
50-second segment at the first iteration; afterward, it is updated
considering only the new 10-second signal. This procedure
allows us to consider contextual information about the level
of SCR amplitude for the signal under investigation, which
can vary considerably. This approach offers an advantage over
conventional SCR detection by human visual inspection, where
the threshold level is set arbitrarily, making objective analysis
complex [36]. Notably, this method eliminates the need for
an explicitly set threshold, a significant advantage given the
inherent variability in EDA signal values across individuals
and the unconventional acquisition method employed in our
study, further contributing to increased signal variability.

Algorithm 2 SCR Peak Detection Stage

1: Input: SCR component

2: Output: SCR Peaks

3: thr < max(signal)/10

4: while i < length(signal) do

5 for i < length(signal) and start = 0 do

6 if (signalli] x signal[i — 1]) < 0 then
7: start <1 —1
8
9

for i < length(signal) do
if (signalli] x signal[i — 1]) < 0 then

10: stop +—1—1

11: segment < signal[start : stop]

12: if (max(segment) > 0) and (max(segment) > thr)
and (start x stop # 0) then

13: peak + find_max(segment) + start

14: start < stop

15: stop < 0

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the latest
ANGELS release, focusing on validating the acquired EDA
signals. Our analysis includes key metrics such as correlation
index, absolute error, accuracy, and power consumption.

Initially, a comparative analysis was conducted between
the EDA-acquired signal and the EDA reference to determine
their level of similarity. The primary objective was to evaluate
the signals’ similarity by calculating their Pearson correlation
coefficient. This coefficient measures the linear correlation
between two datasets, and it is determined by the ratio of the
covariance of two variables to the product of their standard
deviations. The resulting numerical value falls within the
range of -1 to 1. A value of -1 indicates no correlation,
while 1 signifies a high degree of similarity between the
signals. Notably, we based this assessment on data from
the first experiment, where the EDA signals were acquired
simultaneously and at the same location. The dataset analysis
revealed a remarkable average correlation coefficient of 0.84
among the acquired signals. As a result, the signals recorded
by our system closely match the reference signal, which aligns
with our expectations. Furthermore, these results validate the
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Fig. 4. Box plot displaying the number of peaks detected in the acquired
signals, represented by blue circles according to our system, while the
blue line shows the error bars depicting the MAE. Additionally, the red
squares indicate the number of peaks detected in the reference signals.

effectiveness of the implemented dry electrodes, which are
more feasible than the wet ones.

Considering the second experiment, the evaluation focuses
on signal similarity by analyzing peak occurrences within
the SCR component. We employed this approach instead of
studying the correlation coefficient, mainly due to variations
in the measurement location compared to the previous experi-
ment. Additionally, the SCR peak number within a predefined
time interval is one of the most informative metrics for EDA
analysis, making it a more appropriate evaluation feature for
our context. In this regard, we calculate the peak number
within a specified time frame, precisely 1 minute of signal
starting from the midway to the end of the acquisition. This
interval ensures the collection of signals during and after the
Valsalva Maneuver, thereby accounting for peaks induced by
the intended stimulus while excluding peaks resulting from
uncontrolled stimuli. The same methodology is applied to
the reference signal. Subsequently, the mean absolute error
(MAE) is employed as a metric to quantify the accuracy of our
peak count estimation in 1-minute time intervals. The MAE
is defined as follows:

Z?:l(PeakNipTEd — PeakNitTue)
n

where PeakNP"*? indicates the Peak Number detected on
the palm, Peak N'"*¢ indicates the value of peaks detected on
the reference signal, and n is the number of windows.

To evaluate the algorithm performance in removing motion
artifacts, we adopted three metrics: Positive Predictive Value
(PPV), Sensitivity, and Accuracy.

In Fig 4, a box plot is presented to compare the number of
detected peaks in the measured signal (blue circles) and the
reference signal (red squares) calculated in the same interval
(1 minute). The blue lines are error bars reporting the MAE.
The x-axis denotes the individual testers. The comparison
considers intervals, including the detected peaks along with the
associated error bars. Except for testers numbered 3 and 5, all
intervals enclosed the peak numbers observed in the reference

MAE =

Reference peaks number (a.u.)

Fig. 5. Comparison of the number of peaks, expressed in a. u., from the
reference signal (horizontal axis) and the number of peaks estimated by
ANGELS (vertical axis). The blue circles are the points, the blue lines
are the error bars depicting the MAE, and the black line is the bisector
representing the ideal position of the points.

signal. This discrepancy is attributed to unforeseeable factors,
such as involuntary movements or variations in sweating levels
between the finger and palm, capable of distorting the signal.
Nevertheless, testers 3 and 5 constitute outliers within our
dataset and do not exert a discernible influence on the overall
results.

The scatter plot in Fig. 5 shows the correlation between
the measured and reference peaks, represented by blue circles
with corresponding error bars, similar to Fig. 4. The black
bisector line is the theoretical alignment of points. Notably,
within the intervals defined by the error bars, all data points
intersect the theoretical line, validating the measurement’s
accuracy. The outcomes from both Fig. 4 and Fig. 5 under-
score the information reliability acquired through our system.
Furthermore, as previously described, the SCR peak number
within a predefined time interval is considered a key feature
of the EDA analysis. This metric is commonly employed in
analyzing human behavior, particularly in contexts related to
stress or drowsiness [37]. Consequently, these results establish
ANGELS as a trustworthy and effective solution for monitor-
ing the driver’s physiological state.

The third experimental phase refers to the assessment of the
artifacts removal algorithm. Fig.6 illustrates the algorithm’s
outcomes, presenting raw PPG and EDA signals in Fig.6 a)
and b), respectively. The high and rapid peaks in the signals
are the distortions induced by controlled driver movements,
as described in Sec III-B. In particular, movement artifacts
exhibit significantly higher absolute values concerning the
useful signal, leading to strong signal corruption. In Fig. 6
¢) and d), the same signals are plotted post-application of the
artifacts removal block. The absent portions indicate segments
deleted by the elaboration algorithm detailed in Sec III-C.

Table II resumes the filter algorithm’s performance, utilizing
the designated metrics for each assessed tester. However,
it is noteworthy that specific drivers exhibit metric values
lower than expected. This discrepancy arises because of the
algorithm’s inability to dynamically adjust the threshold value,
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TABLE Ill
0.5 CYGLES, LATENCY, AND ENERGY CONSUMPTION FOR EACH BLOCK OF
~ o 20 THE PROPOSED ALGORITHM. ALL THE RESULTS ARE COMPUTED ON A
< | ll i L\ l 2 10S WINDOW.
o 0 [ [ l [ l ™ <« 10
o l H o Cycles (#) Latency (ms) Energy (mJ)
0. w PPG filtering 250868 2.99 0.20
-0.5 0 Artifacts removal 191000 2.27 0.15
0 100 200 0 100 200 PPG Peak detection 5120000 60.95 4.02
a) Time (s) b) Time (s) EDA filtering 259329 3.09 0.20
3 SCR Peak detection 42000 0.50 0.03
x10
10 w
S s %\ \ | |
G o . :{ 15 \ N \ SCR peak detection. We analyzed the execution breakdown to
& fa) \\ assess system latency. As described in Sec III-C, after an initial
S Y10 50-second data acquisition, the signal processing is performed
1 2 0 1 2 only on the new 10-second signal segment. For this reason, the
c) Time (s) x10° d) Time (s) x10° results illustrated in Table III refer to this time window. The
cumulative latency across all blocks is 69.80 ms, notably less
Fig. 6. Example of the artifact removal on the PPG and EDA signal  than the window duration. Consequently, the window duration

simultaneously on volunteer 3. In a) and b), the raw PPG and the raw
EDA signals are depicted in red. The rapid signal variations are the
movement artifacts. In ¢) and d), the same signal windows after the PPG
and EDA filtering and artifacts removal stages, respectively, are depicted
in blue.

TABLE I
PPV, SENSITIVITY, AND ACCURACY OF EACH ANALYZED TESTER.

Volunteers PPV (%)  Sensitivity (%) Accuracy (%)
1 33.6 64.0 67.9
2 80.2 100 90.5
3 100 100 100
4 100 100 100
5 65.4 54.9 73.4
6 100 100 100
7 100 100 100
8 79.2 100 90.9
9 90.3 100 96.0
10 100 100 100

fixed at 0.005 (refer to Sec. III-C.1), which occasionally
misclassifies signal segments not correlated with controlled
movements. Consequently, signal segments are erroneously
removed even when the driver’s hand remains steady. Nonethe-
less, the algorithm achieves a mean PPV of 85.0 %, a mean
accuracy of 92.0 %, and an overall sensitivity of approximately
92.0 %. These elevated values underscore the algorithm’s
efficacy in removing non-usable signal segments, particularly
when contact between the steering wheel and the driver’s hand
is compromised.

Table I compares our approach with other SoA Biological-
based driver’s state detection systems. We focus our compari-
son on the deployability of a car cockpit; most of these systems
rely on wearable devices, e.g., headbands, smartwatches, etc.,
and do not investigate the embeddability of the system in a real
vehicle. In contrast, our solution explicitly targets a real-world
scenario, considering biological signals that can be collected
unobtrusively and offering algorithmic solutions compatible
with a real-time domain.

Finally, we tested the proposed solution for latency and
power consumption. As outlined in Section III-C, the algo-
rithm includes two main components: PPG peak detection and

represents the maximum latency for the system. Considering
that ANGELS is mostly intended for automotive applications,
this latency is acceptable because the biological parameters we
want to monitor (i.e., sleepiness and stress) have a slow rate
of change concerning HR and SCR variations. Regarding the
power envelope of the system, starting from the measurement
made in the previous work [23], we specifically evaluated the
contribution of the EDA acquisition device and the algorithm
for processing it. Table III shows that the data elaboration
contributes 4.60 m.J. Considering the hardware components,
such as the LEDs and their driver, the supply stages, and
the pC, the total power consumption is 230 mW. This
value is compatible with the typical constraints of automotive
applications.

Table IV outlines the most relevant features of the new
version of ANGELS. The experimental result demonstrates the
system’s reliability in defining the relevant features of the PPG
and EDA signals while being unobtrusive and maintaining low
latency and affordable power consumption for the automotive
context.

TABLE IV
REVIEW TABLE OF THE MAIN CHARACTERISTIC OF ANGELS.

Feature Value

PPV 99.9 %

Accuracy 99.9 %

PPG Sensitivity 97.0 %
MAE 1,19 BPM

PPV 84.9 %

Accuracy 91.9 %

EDA Sensitivity 91.9 %
MAE 1.90 a.u.
System Power Consumption 230 mW
¥ Latency 120.0 ms

V. CONCLUSION

Adopting biosignal-based HMIs has gained significant
prominence within the automotive industry, primarily focusing
on enhancing driving safety and driver comfort. This paper
introduces an improved version of ANGELS, which is now
able to acquire EDA signals and process them together with
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PPG in real time, allowing the accurate detection of HR
and SCR peaks. Notably, this system has been integrated
into the vehicle’s steering wheel, ensuring user comfort and
system feasibility. Moreover, it can eliminate motion artifacts
and common noise in physiological signals without needing
accelerometers typically employed in wearable systems. AN-
GELS v2 has achieved noteworthy precision, with a heart
rate detection accuracy of 1.19 BPM and an MAE of 1.9
peak number per minute in the SCR peak analysis while
maintaining a conservative power consumption of 230 mW.
Future research endeavors will encompass the integration and
analysis of additional sensors to improve artifact removal
performance, culminating in developing a robust, cost-effective
system poised to meet the needs of the lower-middle market
sector of the automotive industry.
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