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Abstract

REMOTE PhotoPlethysmoGraphy (rPPG) allows the extraction of car-
diac information just by analyzing a video stream of a person
face. In this work the adoption of Single-Photon Avalanche Diode

(SPAD) cameras for rPPG applications is investigated in order to exploit
the higher sensitivity of the SPAD sensors. In particular, a rPPG applica-
tion in an automotive environment is proposed in order to monitor, in a
non invasive fashion, the driver’s health state and potentially avoid acci-
dents caused by acute illness states. In order to compensate for the SPAD
camera’s low spatial resolution, a novel facial skin segmentation method,
based on a deep learning architecture, is proposed. This method is able to
precisely associate a skin label to each pixel of a given image depicting a
face even when working with low resolution grayscale face images (64x32
pixel) and is able to work in presence of general environment condition re-
garding illumination, facial expressions, object occlusions and regardless
of the gender, age and ethnicity of the subject. Moreover, some metrics
were developed in order to monitor the dependability of the heart rate esti-
mation and detect situations where an optical solution, such as rPPG, could
fail. Finally, a rPPG application has been developed able to run in real time
on a small ARM device equipped on a car. After receiving data from the
SPAD camera, it is able to extract the heart signal and analyze it in order to
constantly monitor the driver’s health condition.
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CHAPTER1
Introduction

Being able to constantly check, in real time and without any contact, the
health condition of a person could have a signi�cant impact in many dif-
ferent situations. Possible applications include �tness assessments [103],
medical diagnosis [103] and driver monitoring [130]. The act of ex-
tracting biomedical information analysing a video stream is called re-
mote PhotoPlethysmoGraphy (rPPG) or imaging PhotoPlethysmoGraphy
(iPPG) [103]. This is an evolution of contact PPG, a technique introduced
in early 20th century that is nowadays commercially and clinically imple-
mented in order to monitor the cardiac activity. The basic concept of PPG
is placing a light emitter and a light receiver in contact of the subject skin
and analysing the light intensity variation in order to estimate information
about the cardiac activity. This is possible since the light intensity �uctua-
tions that could be observed with a PPG device are caused by the periodic
passage of blood in the vessel underneath the skin which changes how the
light is re�ected and transmitted by the subject's skin. On the other hand,
rPPG aims at conducting the same analysis in a remote way without making
any physical contact with the subject. As stated above, the bene�t of using
rPPG are numerous in many different situations and in particular this could
have a signi�cant impact in the automotive industry. The possibility of con-
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Chapter 1. Introduction

stantly check the driver's heart state could be extremely useful especially if
this could be achieved without distracting or disturbing the driver. A com-
putational unit equipped on the car that is able to extract a rPPG signal and
analyze it in real time in order to consistently monitor the driver's cardiac
activity could be pivotal in many situations. For example, these data could
be used to enable particular features of the vehicle, such as autonomous
driving, that could take control of the vehicle itself and avoid car accidents
by simply safely parking the car in case of detected driver sickness or al-
tered emotional state. With the evolution of smart cars this could become
an important on board safety feature. In addition to that, all the acquired
biometric parameters could also be transmitted to a cloud based system in
order to constantly monitor the health conditions and the emotional state
of the driver, for example for automatically activating health services or
live remote assistance in case of necessity. Moreover the biometric data
could also be exploitable for other purposes, such as for example, by insur-
ance company in order to check the driver's health state in case of car ac-
cidents and/or automotive companies, in order to evaluate driving comfort
and conditions. For all these motivations, many automotive companies are
researching on rPPG and the task of developing an rPPG automotive system
was an important part of project DEIS. This was a H2020 project that ran
from 2017 to 2020 which has the purpose to develop methods in order to
asses the dependability of many Cyber-Physical Systems. On the described
automotive related task Politecnico di Milano jointly worked with General
Motors and Ideas & Motion.

1.1 Problem statement and objectives

The main goal of this work is to develop a rPPG system able to estimate
numerous biomedical measurements in real time and in a dependable fash-
ion. Moreover, this work explores the possibility of adopting a SPAD (i.e.
Single-Photon Avalanche Diode) array camera instead of traditional RGB
camera, as done in the majority of publications in the rPPG �eld [103], [93].
SPAD cameras are capable to detect even a single photon [13], have ex-
tremely high frame rate [14] and have proved their usefulness in a very
large range of applications [15], such as 3D optical ranging (LIDAR) [15],
Positron Emission Tomography (PET) [5] and many others. In rPPG ap-
plications SPAD's high precision could be useful in measuring accurately
the �uctuations in the light intensity re�ected by the skin produced by the

http://www.deis-project.eu/
https://www.gm.com/
https://www.ideasandmotion.com/
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blood �ow. On the other hand, the main drawback of using a SPAD sen-
sor is their low spatial resolution due to technical limitations. In order to
overcame this problem and use as much spatial information as possible, an
ad-hocdeep learning based method is proposed. This is one of the �rst
work in which Deep Learning methods are used in this �eld, being the
adoption of this kind of techniques very recent in rPPG, the �rst publica-
tions started in 2019 [12], [57], [95]. Moreover, all the other rPPG methods
based on deep learning completely substitute the classical signal processing
techniques with data driven ones using end-to-end networks. On one hand,
the use of an end-to-end deep learning model has proven to achieve state
of the art results on many computer vision tasks such as image segmenta-
tion, object detection, and many others [31]. On the other hand, this kind
of methods required a massive amount of training data in order to learn
how to extract heart related information directly from video frames and
no prior domain knowledge is incorporated. This make the performance
of these methods tightly linked to the training dataset and potentially un-
able to generalize in different setting conditions. Moreover, the complete
substitution of classical signal processing techniques developed using solid
theoretical backgrounds (signal �ltering, Fourier transform, etc.) with data
driven ones could lead to non-optimal solutions. For the best of our knowl-
edge no prior work has been done in trying to combine traditional and deep
learning based signal processing in this �eld. Lastly, in all the considered
studies the cameras used are traditional RGB cameras. The main aim of
this study is to validate the effectiveness of performing rPPG using SPAD
camera, in particular in low illumination conditions, coupled with a deep
learning technique in order to compensate for the low spatial resolution of
Single-Photon cameras. Adopting a SPAD camera could also be bene�-
cial in the use of the propose rPPG system in uncontrolled environments in
which there could be sudden light variations (for example, if this technol-
ogy is used in order to monitor a driver, this could happen in tunnel or in
presence of car light re�exes). In this kind of scenarios, the best strategy in
order to remove this high frequency noise is oversampling and SPAD cam-
eras are the best one in this �eld [14]. Finally, since the rPPG estimation of
biomedical measures is related to optical signals that could be affected or
masked by noise some dependability evaluation metrics are also proposed.

1.2 Thesis overview and contributions

The rest of this work is organized in chapter tackling problems, such as
pulse signal extraction using SPAD camera, skin segmentation on low res-
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olution grayscale images, which are preparatory and necessary in order to
develop a SPAD based rPPG system that will be described in the last chap-
ter. In particular, the rest of the work is organized as follow:

CHAPTER 2 proposes an extensive overview on the PPG and rPPG state
of the art describing the two techniques and analysing the different
between them. Moreover a particular focus is directed to deep learn-
ing methods in general and their particular use in the rPPG �eld criti-
cally describing also the possible drawbacks hidden behind using such
methods.

CHAPTER 3 describes SPAD cameras highlighting their usefulness in
rPPG applications. In particular the scope of this chapter is to in-
vestigate the possibility of using SPAD cameras in rPPG application
and evaluate their performances in respect to RGB cameras. In or-
der to achieve that, a set of experiments have been conducted on still
subjects acquired in controlled conditions in order to:

� Select the best wavelength for performing rPPG with SPAD cam-
era.

� Compare the rPPG estimations obtained using SPAD camera and
the ones that could be obtained using traditional RGB cameras.

Five different metrics are also introduced in order to evaluate the ex-
perimental results.

CHAPTER 4 has the scope to propose an automatic method with the aim
of solving the task of detecting skin pixels in grayscale low resolution
face images, as the one obtained using a SPAD array camera. Since
the facial skin detection problem is very speci�c, very few data are
available for this speci�c problem. For this reason, a complex transfer
learning approach is described in which anad-hocdeveloped Con-
volutional Neural Network (CNN) model was trained starting from a
colorization problem.

CHAPTER 5 introduces a modi�cation of the CNN described in the pre-
vious chapter. In particular this new version is able to solve the prob-
lem of detecting skin pixels in grayscale low resolution face images
ef�ciently and in real-time even when run on hardware with limited
computing capabilities. The Convolutional Neural Network model de-
scribed in Chapter 4 is optimized and modi�ed in order to adapt to the
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computational requirement. Also in this case, a transfer learning ap-
proach is adopted in order to exploit the knowledge already present in
the �rst network.

CHAPTER 6 has the goal to introduce a rPPG system that, making use
of a SPAD camera and an single-board ARM computer, is able to
estimate biometric parameters, such as Heart Rate, in real time and
in a dependable way. A rPPG pipeline is proposed making use of
the SPAD camera, described in Chapter 3, the deep learning based
method for facial skin segmentation, described in Chapter 5, and tra-
ditional signal processing techniques in order to estimate biometric
parameters.

CHAPTER 7 draws the conclusions of the presented work, highlighting
its major contributions and the possible paths for future works that
could be carry on inside this �eld.
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CHAPTER2
Related Works

Contact photoplethysmography (PPG) is a simple technique that traces
back to the 1930s [36]. Using this approach blood volume changes related
to the pulsating nature of circulatory systems [107] are measured using
light. In more recent years, starting from 2008, it was demonstrated [114]
that PPG could be performed remotely (i.e. rPPG) using ambient light as
the optical source and, since then, many studies focused on the extraction
of heart rate using cameras were published [24,27,46,82,93,94,111,115].
Some surveys on the state of the art of this �eld could be found in [103],
[71], [122] and [34]. More recent works [12], [95], [57] explored the possi-
bility of using deep learning techniques in rPPG applications. In the rest of
this chapter an overview on PPG and rPPG systems will be described with
a focus on the adoption of deep learning techniques in this particular �eld.

2.1 Photoplethysmography

The term "plethysmography" is commonly used in the medical �eld and
describes the action of registering and measuring ("grapho") the increase
("pletysmos") of volume in an organ or living body [51]. In 1930s [36]
the idea of using light ("photo") for measuring this volume changes was
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Figure 2.1: PPG using transmitted light Figure 2.2: PPG using re�ected light

�rstly introduced giving birth to the term "PhotoPlethysmoGraphy" (PPG).
Although the term PPG does not specify what kind of volume variation is
observed, nowadays PPG is strongly connected to the study of blood vol-
ume changes in blood vessels [17]. The basic form of PPG requires only a
few electrical components: a light source, used to illuminate the skin, and
a light detector, needed to measure the small light variation produced by
the blood �owing in the vessels [17]. PPG could be performed exploiting
re�ected light or transmitted light, as shown in Fig. 2.1 and Fig. 2.2 re-
spectively. In the �rst case, the tissue to analyse, a �nger in the example
shown in Fig. 2.1, is placed in between the light source and light detec-
tor; the light rays are propagated through the subject's �nger and the light
intensity recorded by the detector is related to the amount of blood in the
vessels in each sampling time. On the other hand, PPG could be performed
in re�ection mode placing the light receiver and light source side by side,
as in Fig. 2.2. The lights penetrate the �rst layer of skin (the penetration
depth depends on the light wavelength [8]) and reaches the blood vessels,
a portion of it is re�ected back impacting on the light sensor. Also in this
case, the intensity of the light received by the sensor is correlated to the
amount of blood in the vessel in each sampling time. Although the use of
transmitted light could lead to relatively good signal, the measurement site
may be limited since the PPG system must be placed in body locations in
which transmitted light can be detected [109]. Fingertip and earlobe are the
preferred monitoring positions since a suf�cient amount of transmitted light
could be detected; however, these sites have limited blood perfusion [109]
and moreover �ngertip sensor interferes with daily activates. On the other
hand, systems using re�ected light could be adopted in various body po-
sitions. However, re�ection-mode PPG is affected by motion artifacts and
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Figure 2.3: Differences between electrical cardiac signal and PPG pulse signal.

pressure disturbances [109].
The pulse signal extracted using PPG consists of two different compo-

nents: the "AC" component, relative to the pulsative nature of the signal,
and the "DC", which is relative to the average blood volume in the tis-
sue [6]. Although the DC component, which more precisely is quasi-DC
since it varies slowly over time, carries important information on the respi-
ration [3], vasomotor activity [43] and vasoconstrictor waves [6], Traube-
Hering-Mayer (THM) waves [6] and also thermoregulation [100], the ma-
jority of PPG systems focused more on the study of the AC component.
For this reason, PPG is commonly used nowadays in order to monitor
the heart activity and in particular the cardiac cycle. The latter is de-
�ned as the sequence of events that takes place between two consecutive
heartbeats [108], [80]. The cardiac cycle is composed by two consecutive
phases: the ventricular diastole, i.e. the relaxation phase, and the ventricu-
lar systole, i.e. the contraction stage [80]. During the �rst phase the blood
pressure in the vessels decrease whilst after the contraction the blood is
pumped outside of the heart thus being distributed in the body through the
vessel increasing their pressure [80]. There are many other methods and de-
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vices that could perform heart monitoring like Photoplethysmography [80],
for example Electrocardiogram (ECG). On the other hand, PPG is based
on the analysis of pulse signal, which represents the variation of the light
intensity re�ected (or transmitted, depending on the sensor's position) from
the skin due to the transition of blood in vessels. Although the pulse signal
is different from the electric one generated by the heart activity, due to their
own natures, the two are strongly related. Obviously, as can be observed
from Fig. 2.3, due to a mechanical delay of approximately 200 ms [123]
which also depends on the body part used to extract the pulse signal, they
are not synchronized but, on the other hand, they show the same trend since
the pressure wave frequency correspond to the heart beating. Therefore,
by analysing the pulse signal it is possible to retrieve the Heart Rate (HR).
Further analysis on pulse signal could lead to Heart Rate Variability (HRV)
estimation. In particular, the tachogram, which is a chart reporting time
on the abscissa and time interval between two consecutive R waves on the
ordinates [67], could be retrieved from the pulse signal. Moreover, the
tachogram representation in the frequency domain presents two different
main components that are commonly called Low Frequency component
(LF) and High Frequency component (HF) and the ratio between this two
quantities is a measure of the simpatho-vagal balance, or rather gives a
quantitative information about the functioning and the activation of the au-
tonomic nervous system [67]. Finally the peak of the HF component in a
normal subject at rest corresponds to the respiration frequency [67]. For
these reasons, performing a spectral analysis of the tachogram could lead
to the following information: Heart Rate, LF/HF balance and Respiration
Rate.

Studies in the �eld of PPG started in 1936 with the �rst experiments of
two separate research groups which developed similar instrumentation in
order to monitor the blood volume changes in rabbit ear after drugs admin-
istration [6], [17]. In the following year, Hertzman and his team, published
the �rst paper describing the adoption of a PPG technique to a human pa-
tient in order to monitor the blood volume changes in their �ngers [36]. In
this paper re�ected light was used and in the following year the same team
was able to validate the clinical utility of PPG comparing estimations ob-
tained using it with ones gathered by monitoring simultaneously the same
patient adopting mechanical plethysmography. An example of one of the
early PPG system, proposed in [37], is depicted in Fig. 2.4. Although in
the following years (1940 [38]) the same research team was able to develop
an electronic system able to split AC and DC components, this technology
was abandoned for a long period shortly after. The main reason behind it
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Figure 2.4: One of the �rst PPG system proposed in 1938 [37].

was the limited advancement in lighting technology [6]. As a matter of fact,
the power battery light used in these preliminary studies had a very wide
spectrum and was not optimized for this speci�c task. Moreover, using
this kind of torch, constant light intensity could not be guaranteed [6]. In
more recent years, the developments in semiconductor technology, i.e. light
emitting diodes (LED), photodiodes and phototransistors, coupled with the
need of non-invasive and low-cost cardiovascular monitor devices helped
re-establishing PPG [6]. Nowadays PPG is used in both clinical and com-
mercial devices. In particular, in recent years, the wearable devices market
is on the rise and among the different categories on the wearable technol-
ogy market, pervasive health monitoring applications are ranked the fastest
growing segments due to the overwhelming need to monitor chronic dis-
eases and aging populations [29]. Not only this kind of devices are able
to provide input to �tness tracking applications but also monitor important
physiological parameters, such as Heart Rate, Heart Rate Variability, glu-
cose measures, blood pressure readings and many others. The development
of this kind of wearable devices started approximately in 2001 with the cre-
ation of a smart PPG ring [89] and continuous to this day with ear, forehead
and wristband devices [29]. One of the most recent smart watch devices is
depicted in Fig. 2.5 where in the back PPG light emitters and sensors could
be noticed.

PPG is not the only method existing in order to estimate heart related
information. The other conventional method used nowadays in clinical op-
erations is ECG [58]. This technology is considered to be one of the oldest
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Figure 2.5: Rear view of a modern commercial wearable device (smartwatch) equipped
with a PPG system.

diagnostic tools still used in medicine today with �rst recordings dating
back as early as 1903 [58]. ECG uses conductive electrodes attached to the
patient's body in a prede�ned and standardised con�guration in order to
detect and record the difference in the electric potential between different
electrodes generated by the electric activity of the cardiac muscles [58]. Al-
though �xed-on-body electrodes are reliable and give good signal quality,
there are several disadvantages in using this method. The main drawbacks
are related to the direct contact of sensors and patient skin. This method
could be perceived as uneasy or annoying. Moreover could not be adopted
in many situations (infants, patients with skin allergy and so on). Elec-
trodes misplacement could also cause faulty measurements [58]. Modern
alternative heart activity monitoring methods include HR from speech [74],
thermal imaging [19], optical vibrocardiography [81], Doppler radar [113]
and capacitively coupled ECG [87]. Although all of these methods are
remote (i.e. they do not require contact with the subject) some of them
are unreliable, require expensive hardware and/or expose the subject to mi-
crowave/ultrasound radiation [58]. The other remote method commonly
used to estimate information about the cardiac activity is called remote PPG
and its the main focus of this work. Its principles and development will be
described in the following section.
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2.2 Remote photoplethysmography

There are a number of terms used in the literature to describe this class of
approaches. The most common ones are: remote PPG (rPPG), non-contact
PPG (ncPPG), imaging PPG (iPPG) and PPG imaging (PPGi/PPGI) [71].
For consistency the term rPPG will be used exclusively in the rest of this
work in order to refer to this approach. The basic idea behind this class
of methods is to perform PPG without contact with the subject, thus in-
creasing the distance between subject-sensor and subject-light source. In
a typical setting the subject face is acquired by the camera and using re-
�ected light the �uctuations of the light intensity received related to the
subject cardiovascular system are measured. The time varying amount of
blood in the subject vessels causes the light modulation [122]. This cardio-
vascular related modulation in the re�ected intensity light is experimentally
observed and more than a theoretical reason have been proposed [122]. The
�rst one is the conventional theory behind contact PPG so that the intensity
light variation is a direct measurement of the periodically changing vessels'
cross-sections [78]. The second theory is based on the assumption that vis-
ible light is not able to penetrate down to pulsating arteries [122]. Accord-
ing to this theory [101], the deformation of the larger arteries, caused by
the blood volume changes, causes a cyclic deformation of the skin tissue
above them [52]. Finally a third theory, which is not alternative to the �rst
two but complementary, links the pulsating nature of the observed signal to
ballistocardiographic effects [122]. Both local and global movements (for
example, respectively, tilting due to small arteries and head movement due
to the aorta's blood injection) contribute to the creation of the pulse sig-
nal [16], [79]. The discussion on the theoretical nature of the pulse signal
is still open.

In 2008 one of the �rst rPPG work was published [114]. This publica-
tions show that a video captured with a common RGB camera is enough
to obtain a plethysmographic signal whence measuring HR and respiration
rate. In the following years many publications in this �eld emerged. Typical
setups for validating rPPG involve the use of a low-cost RGB camera, and
devices used to obtained ground truth values for HR, HRV and respiration
rate, such as ECG. In these experiments the face of the subject is recorded.
Typically, the subject is asked to stand still in front of the camera. Different
subject positions have been explored in different works: in [86] and in [24]
for example, the subjects were asked to sit still in front of the camera at a
distance of 1-2 meters. In [46] a two step approach was adopted; �rstly the
subjects were asked to rest lying horizontally then they were asked to stand
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up, thus seeing the modulation of the sympatho-vagal balance. In [82] the
differences between the supine position and the sitting position was investi-
gated. In the majority of these setups the distance kept between the subject
and the camera varies from 30 cm to 1 meter and the illumination used
is commonly ambient light, with exception like in [24] in which a profes-
sional studio illumination was used and in [82] in which a low amplitude
�uctuation lamp was used. Results in the extraction of parameters of inter-
est were compared with signals extracted by different devices. Particular
attention is paid to the choice of the camera and the camera settings like
frame rate and resolution. The choice of the camera is critical as long as it
is a single device used to extract all the biological signals mentioned above.
Cameras used in literature are commonly CCD (Charge Coupled Device)
cameras: some studies use webcam integrated in laptop [86, 112], while
others record video using compact-cameras or giga-Ethernet-cameras [46].
The resolution of these devices varies around 640x480 pixels, but is enough
to extract the signal. All these cameras are RGB cameras so the output is
composed by 3 channels, red, green and blue, and the depth resolution is
8-bit per channel. Particular attention is commonly paid to acquisition fre-
quency but different works provide different values: in [86] 15 fps were
used, while others acquire at 20 to 120 fps. Very few works studied the
relationship between heart rate estimation accuracy and frame rate. Ex-
perimental results reported in [10] showed that the effects of lowering the
acquisition frame rates to 60 and 30 fps does not introduced observable
differences in heart rate estimation accuracy, while others [70] noticed that
in other related tasks, like estimating heart rate variability, this could have
a remarkable impact. Once the setup has been established the aim is to
extract the biological signals from the video and compare them to signals
coming from the other devices.

Several algorithms were developed in order to extract heart rate, heart
rate variability and respiration rate. As described in Sec. 2.1, the waveform
of the signal extracted from a camera is completely different from the one
extracted using an ECG, but there is a strong correlation in the frequencies
and in the relative time position of particular features like peaks or zero-
crossing. Usually the video records the face of the subject and a Region
Of Interest (ROI) is selected in each frame. There are several ways to de-
termine this ROI. The easiest one considers a region by manually choosing
the pixels of the image corresponding to the skin of the subject [93, 94].
In this kind of choice typical ROIs are rectangles and the selected portion
of the face are forehead and cheeks. Other approaches are based on face
recognition and tracking [4,86]. In these cases two different methodologies
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were developed: the �rst one adopt a face detection algorithm and the fore-
head region is obtained with �xed proportion while novel works focuses
on the detection of skin pixels [4, 27]. Once the ROI is selected, the signal
extracted is given by the mean of the value of all the pixels in the region.

The output given by the camera is divided in 3 channels: red, green and
blue. This is due to the Bayer �lter placed on the sensors of the camera.
Different approaches have been proposed: some consider single channel,
while other consider a combination of the different channels. The easiest
method explained in literature takes into account the information embedded
only in the green channel. For example, in [82] 3 different signals coming
from the R,G and B channels were considered. Results reported in [82]
show that the cardiac signal is present in all the 3 signals, with the G com-
ponent having the highest amplitude, so the G component was chosen in
the rest of the study in order to obtain the cardiac information. Also the
study conducted in [94] arrived to the conclusion that G channel contains
enough information recommending the use of the single G channel in order
to reduce computational costs and to implement online analysis. A com-
pletely different approach was used in [24] in which all the channels are
considered in order to remove movement artifacts; the results of this study
show that the pulsatility of the signal varies in respect to the wavelenght
of the light considered. In particular, it exhibits its maximum in green and
the in minimum red, so a ratio of normalized green and red would make
a motion robust pulse signal. Further development lead to the usage of
all the three channels and in particular their differences in order to obtain a
chrominance signal. This returned good signal and robustness to motion ar-
tifacts. A similar approach was followed in [46] in which the chrominance
model was adopted coupled with zero-phase component analysis (ZCA).
A combination between chrominance model and independent component
analysis (ICA) on the three channels was also adopted in order to extract a
robust signal. ICA was also used in [86]. ICA and ZCA works similarly:
given independent signals these algorithms detect all the components that
are present in all channels and clearly separates them. In these studies the
inputs are the three channel and these algorithms are capable to reject mo-
tion and noise components and to extract he pulse wave. Once the channel
or the combination of channels is selected the extraction of HR, HRV and
Respiration Rate (RR) can be developed.

After extracting the signal, the majority of the proposed methods apply
some data �ltering techniques in order to remove noises due to electronic
interference and quick movements. Since these �lters usually are band-pass
�lters, also slow components are removed from the signal; these compo-
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nents are due to slow movements of the subject during acquisition, but also
to slow and small variations in illumination. The signal searched has fre-
quency components between 0.4 and 2 Hz so the band-pass �lter showed in
most of the studies has passband between 0.4 and 4 Hz to avoid introduc-
tion of processing artifacts. Most recent publication developed an adaptive
bandpass �lters, which dynamically changes the cut-off frequencies based
on previously estimated HR [72].

Once the signal has been denoised and �ltered, the rest of the analysis is
dedicated to �nd the signal frequency components. In order to achieve this
result a Discrete Fourier Transform (DFT) is performed, leading to �nd the
peak corresponding to HR. Further analysis lead to the extraction of HRV,
but, in order to obtain this information, it is necessary to detect the peaks in
the previously elaborated signal. In order to perform this analysis, a record-
ing period of at least 5 minutes and a subject at rest with paced breathing
are required. In [82] this setup was used in order to assess the practicability
and the feasibility of a non-contact rPPG method based on video recording
of the human face for analyzing HRV, comparing the results for RR data
and HRV parameters with those obtained simultaneously using a validated
standard heart rate device.

All the studies compared the obtained results with a signal extracted us-
ing medical devices such as ECG or contact PPG sensors. Tasli et al. [111]
underlined that after detrending and �ltering operations on the video signal,
the error on the estimation of HR is around 3% and stated that the main lim-
itation of his method is observed under poor lighting conditions. De Hann
et al. [24] demonstrated that rPPG provided pulse rate in 92% good agree-
ment with a contact PPG sensor. De Hann et al. encountered problems
in the choice of illumination and in motion artifacts that ruined the signal.
For what concern the HRV calculation, Moreno et al. [82] explained that
the main encountered problems were facial movements and illumination
changes.

A standard rPPG pipeline is depicted in Fig. 2.6. As can be observed
the rPPG pipeline could be divided in two consecutive steps: the signal
extraction part, which focus on the processing of the video stream in order
to obtain the pulse signal, and the signal processing one which analyses the
pulse signal in order to obtained the biometric parameters estimation.

2.3 Deep learning

The term "Deep Learning" (DL) relates to a class of Machine Learning
(ML) algorithms that raised in popularity (also on general media) in recent
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Figure 2.6: Example of a traditional rPPG pipeline.

years. Since 2012 [60] DL based methods where able to outperform classi-
cal ML algorithms in almost any �eld they were applied [31], from image
classi�cation [60], speech recognition [118], autonomous vehicles [119],
drug discovery [20], medical diagnosis [2] and many others [31], [127].

The problem of Arti�cial Intelligence (AI) is tightly connected to the
history of information since could be traced back to 1842 [73], many
years before the �rst working physical computer was ever created. Arti-
�cial Intelligence is a broad term that contain, but is not restricted to, ML
which is the problem of solving tasks without, or limiting, the use of hard-
coded knowledge and instead extracting signi�cant pattern directly from
row data [31]. Extracting complex patterns from raw data, that are typi-
cally affected by a plethora of different factors, such as noise, intrinsic and
extrinsic variability, large dimensionality, etc., is generally a hard task. For
this reasons the �rst proposed class of ML algorithms, which in many ap-
plication �elds were the state of the art until very recent years [106], uses
a mix of learned and hard coded knowledge. In particular, expert knowl-
edge was transferred into the algorithm by adopting an engineered feature
extraction step that was able to treat the raw data by preprocising them in
order to extract a-priori relevant information. This operation, called fea-
ture extraction, made the learning part of traditional ML algorithms much
easier. On the other hand, DL based methods directly work on raw data
essentially merging the feature extraction and feature analysis stages into a
single trainable end-to-end phase [31]. This has the bene�t of not relying
at all on external knowledge and letting the algorithm select (learn) the best
data representation directly analysing the data. Clearly this choice comes
with costs that directly affect the complexity of the model (number of pa-
rameters to be trained), the sample size of required data, the computational
complexity of the training process (both hardware and software) and many
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others.

While deep learning is a term that gained popularity only in recent years,
the idea behind it could traced back to 1940s [31]. As matter of fact the
terms DL, Arti�cial Neural Networks (ANN), Cybernetics, Connectionism
and some others are just the re-branding of the same idea during its 80 years
of history. It all started with the theoretical development of biological learn-
ing [69] and the �rst proposed models that tried to mimic the human brain
functionalities by modelling a biological neuron [31] using linear models.
In the 60s some algorithms were proposed in order to train this kind of
linear models on real data, one example is the Perceptron [92]. In the 70s
and 80s, again drawing inspiration from the brain biology, nonlinear func-
tions were added to these models in order to increase their representation
power [31]. During the same years scientists begun to realise that the prob-
lem of realising accurate biological neural model would be much harder
to realise. In particular, since it is impossible to monitor a large number
of neuron during their activity such models could not be validated. More-
over, starting from the 80s it was proven numerous times that simpler model
could outperform more biological oriented ones in many tasks. For all these
reasons, nowadays deep learning methods do not have the ambition of re-
producing exactly biological neural structures, which are currently studied
by neuroscience, but simply uses the latter to gather inspirations. A typi-
cal example of this is the introduction of Convolutional Neural Networks
(CNN) [62] which was inspired by mammalian visual system. During the
90s the backpropagation algorithm was introduce, which is still to this days
the predominant method used to train a neural network method. In the years
2000s the creation and development of bigdata and powerful GPU greatly
help the evolution of neural networks into deep learning models. In particu-
lar, the creation of large datasets such as ImageNet [25] and CIFAR-10 [59]
both created in 2009 and containing 3.2 million and 6 thousand samples re-
spectively, made possible the development of deep model architectures with
increasing number of parameters. For example, LeNet-5 [62], proposed in
1998, was composed by 60k parameters, AlexNet [60], from 2012, had
60M parameters while VGG-16 [102], proposed in 2015 reached 138M pa-
rameters. On the other hand, the training step of such massive models could
not be accomplished without the parallel development of computationally
more powerful GPUs. Thanks to these development neural network models
were able to grow in size and depth increasing their representation power
in order to be able to solve more and more tasks with higher and higher
precision [31]. Nowadays deep learning based methods are the state of the
art in a plethora of different applications, especially in the computer vision
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�eld, and an increasing number of companies, such as Facebook, Google,
Microsoft, Baidu and Apple are investing more and more in this �eld [31].

2.3.1 The use of deep learning in rPPG

While machine learning techniques are widely used in contact PPG applica-
tions [28], very recent works [12,57,95] explored the opportunity of using
deep learning methods also in rPPG applications.

In [12], published in 2019, authors propose the adoption of an end-to-
end deep learning method to be applied directly on video stream returning
an HR estimation. The authors adopted a Neural Network based on 3D
convolutional layers [49]. These are convolutional layers which works on
3D data, 2 dimensions being related to space (i.e. image) plus 1 for time.
The complete architecture is composed by a single 3D convolutional layer
composed by 32 kernels of 58x20x20. A 3D max pooling follows the con-
volutional layer. Recti�ed linear unit (ReLU) is employed as an activation
function. An additional dropout operation has been introduced to regular-
ize the CNN. The �nal output of the CNN part is then �attened and passed
to a fully connected module with a hidden layer that includes 512 neurons.
The hidden layer is connected to the 76 output neurons: 75 for the pulse
rates (in a range between 55 to 240 bpm at regular intervals of 2.5 bpm)
plus an extra "No PPG" class for cases in which an estimation could not be
performed. The activation functions for the �rst and second (output) dense
layers are, respectively, ReLU and softmax functions. As for the convolu-
tional layer, a dropout operation is implemented to improve regularization.
Only a very limited number of datasets that comprise high-quality and un-
compressed facial recordings with reference physiological measurements
(e.g., heart rate from ECG or contact PPG) are currently available. Many
of them contains compressed videos (MANHOB-HCI [105], COHFACE
dataset [39]) while the sampling size of other is unfeasible for deep learn-
ing training (UBFC-RPPG [11]). For this reason the authors of [12] heavily
relay on synthetic data, generated try to mimicking the statistics of real PPG
signals.

The work presented in [57], also published in 2019, proposed another
deep learning based rPPG method with the aim of estimating average HR.
In this case a set of signals, which are time series of red, green, and blue
color components averaged over certain regions in the facial area (cheeks,
forehead, nose, etc.), were used as the network inputs. A traditional convo-
lutional neural network followed by two fully connected layers were used.
In particular, the size of input data sample size is (18x64), where the 1st di-
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Figure 2.7: Example of a fully deep learning based rPPG pipeline.

mension is for color signal channels, 3 three channels signal extracted in 6
locations, the 2nd is for discrete time. Being the input bidimensional, a stan-
dard convolution network could be applied as if it were a single-channel im-
age. Due to relatively large kernels and, therefore, quick reducing of tem-
poral information through the convolutional layers of the network, pooling
layers were not adopted in order to avoid double reducing. The architecture
contains �ve 2D convolution layers followed by two fully connected layers,
using ReLU activations after each layer. Batch Normalization and dropout
layers were also adopted. Multiple outputs of this network correspond to
different possible HR values inside the 40-125 range, with constant step.
This method was trained and tested with proprietary video sequences ac-
quired using 3 different cameras.

Finally, the authors of [95], published in 2020, propose the use of two
consecutive deep learning modules in order to estimate average HR directly
from a video stream. The two methods are called Front-End (FE) and Back-
End (BE). FE has the purpose of improving the interpretability of subtle
color changes of facial videos, while BE estimates HR from output of FE.
FE is also divided in two consecutive steps, one able to select relevant ROI
and one used to extract the pulse signal. The �rst one is the adoption of
a state of the art neural network for object detection [64] trained to detect
relevant ROI inside a face image. A simple convolution network is then
used to extract and enhance the quality of the pulse signal. Two re�ner net-
works, were also adopted in order to asses the quality of intermediate and
�nal output of FE. These two re�ners are adversarially learned to under-
stand the distribution of high quality RoIs and extracted color signals from
RoIs. BE is obtained with three-fully connected layers that estimate the
average HR from the signal received from FE. The MANHOB-HCI [105]
coupled with a proprietary dataset were used for training and testing. Real
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Figure 2.8: Example of an rPPG pipeline mixing deep learning signal extraction and
classical signal processing.

time performances were achieved using a GeForce GTX 1080 GPU.
All these works completely substitute the classical signal processing

techniques with deep learning ones using an end-to-end network, as in [12]
and [57], or by using two consecutive neural networks, as in [95]. A rep-
resentation of this kind of methods is depicted in Fig. 2.7. On one hand,
the use of an end-to-end deep learning model has proven to achieve state
of the art results on many computer vision tasks such as image segmen-
tation, object detection, and many others. On the other hand, this kind of
methods required a massive amount of training data in order to learn how
to extract heart related information directly from video frames and no prior
domain knowledge is incorporated. This make the performance of this kind
of methods tightly linked to the training dataset and potentially unable to
generalize in different setting conditions. A possible solution to the scarcity
of training data could be the adoption of transfer learning techniques but,
due to the peculiarity of the rPPG task, extremely few datasets exist for
similar problems. Moreover, the complete substitution of classical signal
processing techniques developed using a solid theoretical background (sig-
nal �ltering, Fourier transform, etc.) with data driven ones could lead to
non-optimal solutions. Moreover even than some of this work claim to
achieve realtime performances as [95] they require powerful GPU. For the
best of our knowledge no prior work has been done in trying to combine
traditional and deep learning based signal processing in this �eld. An ex-
ample of the rPPG pipeline proposed in this work is depicted in Fig. 2.8.
Lastly, in all the considered studies the cameras used are traditional RGB
cameras.
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CHAPTER3
Performing rPPG using SPAD cameras

SCOPE & AIMS: The scope of this chapter is to investigate the possi-
bility of using SPAD cameras in rPPG application and evaluate their
performances in respect to RGB cameras.

METHODS: Two experiments have been conducted on still subjects ac-
quired in controlled conditions in order to select the best wavelength
for performing rPPG with SPAD camera and compare its estimations
with the one that could be obtained using traditional RGB cameras.
Five different metrics have been introduced in order to evaluate the
experiment results.

RESULTS: The best performance are achieved using 550 nm light but rea-
sonable results are also achieved using near infrared light (850 nm).
SPAD cameras are able to achieve comparable results in respect to
RGB cameras in heart rate estimation and slightly superior accuracy
in estimation of the tachogram and respiration rate.

PUBLICATIONS: The main part of this chapter was published as a jour-
nal paper [133] and a conference paper [130].
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3.1 Problem description

In rPPG applications SPAD's high precision could be vary useful in ac-
curately measure the intensity variations of the light re�ected by the skin,
caused by the blood �owing underneath it. The work presented in this
chapter has the aim of exploring the possibility of performing rPPG us-
ing a SPAD camera to compute HR, HRV and RR. In order to evaluate
the performances of SPAD camera in a rPPG task two experiments are de-
scribed in this chapter. The �rst of the two experiments has the aim of
comparing the rPPG estimation obtained with a SPAD camera using light
with different wavelength. In order to �nd the optimal optical wavelength,
different optical �lters were used in order to �nd out which wavelength
results in containing the highest information related to pulse wave. In par-
ticular, ten different optical �lters starting from 400 nm, blue light, up to
850 nm, infra-red light, with 50 nm steps, were used for this comparison.
This wavelengths range was chosen in order to match the spectral range of
the SPAD camera. The main goal of this experiment is selecting the light
component that simultaneously is able to penetrate the �rst layer of skin
and carries the most amount of information and is ef�ciently detected by
the SPAD camera. The second experiment on the other hand, is performed
in order to compare the rPPG results that could be achieved with a SPAD
camera in respect to the one obtainable using a traditional camera. For both
experiments measurements are performed on a sat still subject in front of
the camera with the arti�cial illumination directed on its face. The values
of the pixels inside a manually obtained ROI are averaged resulting in a
pulse wave which represents the raw signal that is processed in order to
estimate HR, HRV and RR. In order to evaluate the results of both these
experiments �ve parameters were considered: single beat detection, heart
rate estimation, tachogram estimation, LF/HF estimation and respiration
rate estimation. Moreover, in order to perform and validate biometric mea-
surements with a SPAD camera and compare it to estimation that could be
obtained from a traditional RGB camera, a portable ECG device was used
for reference.

The rest of this chapter is organized as follow: in Sec. 3.2 all the devices
used in order to collect the experimental data are described, including the
SPAD camera. Subsequently, in Sec. 3.3 the two experiments are described,
including the setup and the evaluation metrics de�nition. Following this, in
Sec. 3.4 all the signal processing techniques used in order to obtain from the
acquired raw data the evaluation of each metric are described. Moreover, in
Sec. 3.5 the results obtained on the experimental collected data are reported.
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Finally, in Sec. 3.6, the conclusions of this chapter are drawn.

3.2 Materials

In this section all the devices uses in order to collect the experimental data
described in Sec. 3.3.1 and Sec. 3.3.2 are described.

3.2.1 SPAD camera

Due to their design SPADs are photodetectors able to reveal even a single
photon [121]. Considering a biased p-n junction, on which a bias voltage
greater than the breakdown voltage is appliedVA > VB . A single inci-
dent photon impacting in the depletion layer causes the creation of pair of
electron and hole. The electric �eld is so high that each of this electric
charges, that would be normally eliminated by recombination, are accel-
erated so much that instead of recombining could impact against an atom
causing ionization (i.e. the creation of another pair of electron-hole). In this
positively-looped process each charge creates even more electrical charges
generating a a self-sustaining avalanche [121]. Due to this process using a
SPAD a single incident photon impacting in the depletion layer is able to
trigger a macroscopic current (in the milliamp region); this means that from
a single-photon event a digital output is obtained. After the photon has been
seen, the avalanche is then stopped in order to avoid unnecessary power dis-
sipation due to the avalanche itself, and to rearm the SPAD making it able to
see another photon; in order to achieve these targets a dedicated hardware
is implemented. A simple solution is the use of a properly sized resistor in
series with the SPAD: after a photon-event the parasitic capacitance of the
photodetector is discharged, the resistor has the task to reload the capacitor
in the way to rearm the SPAD. This gives a simple but slower way to obtain
our proposals. A better solution is the use of an Active-Quenching Circuit
(AQC) [23] that provides a faster quenching in a smaller area respect to the
previously mentioned solution. When a photon triggers the avalanche, the
AQC powers down the SPAD in order to rearm it, this gives an holdoff time
during which the photodetector is completely blind. This period can be
made adjustable, short holdoff periods (in the order of 20 ns) are required
in applications where high photon �uxes are present at the cost of high af-
terpulsing [7] (i.e. the retriggering of the SPAD due to a trapped charges of
the previous avalanche), instead much longer holdoff periods are required
when weak signals are present or when afterpulsing can heavily affect the
measurement and so its reliability.
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Figure 3.1: SPC3 SPAD camera commercialized by Micro Photon Devices (MPD) for
single-photon counting applications.

Counting, timing and other applications

A simple use of the SPAD is counting photons: a counter is added at the
output of the photodetector and each photon increases the counter value by
one. This behavior can be compared to a conventional pixel of a camera that
integrate the light signal over the time. The advantaged of using SPAD in
this way is the single-photon resolution of the integrated signal. This tech-
nology is currently applied in the observation of �uorescence [30], spec-
troscopy [76], night vision [97], driver assistance [116] and other �elds. A
more advanced use is the Time-Of-Flight (TOF) measurements, in which a
pulsed illuminator provides a pulsed signal to the target. Due to the pres-
ence of background light, in order to have a reliable measure, many rep-
etitions are needed in such a way as to realize a histogram containing the
arrival time of the photons. Once the peak has been found the TOF measure
is concluded. TOF measurements done in this way can be used to map 3D
places in dark conditions or to realize LIDAR [66] (Light Detection and
Ranging) systems in not heavily illuminated conditions or with a proper
Field of view (FOV) and proper optical �lters.
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