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A Benchmark Study
Dimitrios Koutsakis & Salvija Zelvyte
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
This study explores the feasibility of employing camera-based, deep learning algo-
rithms for detecting vital signs in autonomous vehicles, with a focus on enhancing
driver safety. By evaluating various remote photoplethysmography techniques in
dynamic vehicular environments, challenges such as motion artifacts and varying
lighting conditions were addressed. Findings suggest that machine learning models,
particularly neural network based approaches, hold promise in accurately estimating
heart rate and respiratory rate from video data in such settings. The study empha-
sizes the potential of deep learning methodologies to improve driver safety through
the integration of non-invasive vital sign monitoring systems in autonomous vehi-
cles. Future research should address dataset imbalances and broaden the bench-
mark scope to include additional vital signs and algorithms, while also exploring
alternative methods such as optical-flow based approaches to enhance respiration
rate detection.

Keywords: Camera-based, Vital Sign Detection, Autonomous Vehicles, Software
Engineering, Benchmark, Remote Photoplethysmography, Deep Learning, Neural
Network, Machine Learning.
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1
Introduction

The majority of car accidents stem from drivers’ sudden inability to control their ve-
hicles, often caused by factors like fatigue, drowsiness, stress, distraction, or health
related incidents [3][4]. Implementing systems that can detect these factors early
on is crucial for preventing those accidents. A promising solution to address this
issue involves integrating vital sign monitoring into vehicles to detect driver inca-
pacitation and avert collisions. Furthermore, ensuring that the monitoring solution
does not require direct physical contact with the driver is essential to avoid dis-
rupting driving capabilities, thereby ensuring safety for both the driver and others
on the road. In order to holistically asses a patient’s condition, five vital signs are
required: heart rate (HR), respiration rate (RR), blood pressure, body temperature,
and blood oxygen saturation (SpO2) [19].

One of the most common approaches to achieve this task is through remote Pho-
toplethysmography (rPPG). This non-invasive technique utilizes optical methods
to detect subtle variations in blood volume within skin tissue, thereby enabling the
monitoring of vital signs such as HR and RR using camera-based sensors. The
application of rPPG in vehicles, however, faces unique challenges. Dynamic ve-
hicle environments, characterized by motion artifacts and fluctuating illumination
conditions can significantly impair the accuracy of rPPG readings [1]. Addressing
these challenges is imperative for ensuring drivers’ safety and health, particularly in
situations where sudden health conditions might impair driving abilities. Machine
learning-based algorithms for rPPG have shown promising results in detecting vital
signs, indicating a potential pathway to improve vital sign detection in a laboratory
setting [44] [45].

This thesis was conducted as part of a pre-study for developing Video-based Driver
Condition Monitoring for Safe Driving (ViDCoM).

1.1 Statement of the Problem
The primary problem lies in the utilization of rPPG techniques within the dynamic
vehicle environments. Since rPPG is a non-invasive method using camera sensors
to detect blood volume changes in the skin tissue, it is highly susceptible to various
external factors prevalent in vehicle settings.

1



1. Introduction

Motion Artifacts: Vehicles inherently involve motion, both from the vehicle itself,
like vibrations, accelerations, and decelerations and from the driver, such as head
movements, facial expressions, and other physical activities. These motions can in-
troduce significant artifacts into the rPPG signal, leading to inaccurate predictions.

Fluctuating Illuminations: The illumination within a vehicle is not consistent,
impacting the accuracy of vital sign detection. Changes in external lighting condi-
tions such as transitioning from tunnels to open roads, day-to-night changes as well
as variations in internal cabin lighting can affect the quality of the optical signals
captured by camera-based systems.

Environmental and Contextual Variability: Each vehicle and driving scenario
can present a unique set of environmental factors, such as window tints, cabin de-
signs, and driver positioning and skin complexity. These varying factors can further
complicate the process of extracting accurate physiological signals from rPPG data.

Machine Learning (ML) models, particularly Neural Network (NN) approaches,
have shown promising results in vital sign detection using rPPG in different en-
vironments, like indoors and hospitals [44][45]. However, their effectiveness in the
context of dynamic vehicle environments remains largely unexplored and is yet to
be extensively studied and validated.

1.2 Purpose of the Study
The contribution of this thesis lies in advancing the domain of camera-based, real-
time vital sign monitoring within dynamic vehicle environments using ML approaches.
The central objective is to investigate the effectiveness of ML techniques, particularly
NN models, in accurately estimating Heart Rate (HR) and Respiration Rate (RR)
using rPPG in autonomous vehicles. Specifically, our aim is to evaluate the perfor-
mance of these models in a vehicle environment and compare the outcomes with the
current state-of-the-art.

This thesis will focus on measuring their effectiveness in mitigating common vehicu-
lar challenges such as motion artifacts from driver activities and external vibrations,
as well as variations in illumination due to changing external lighting and internal
cabin lights.

1.3 Research Questions and Hypotheses
This thesis aims to explore the application of NN models for camera-based HR and
RR detection in dynamic vehicle environments. The study is guided by the following

2



1. Introduction

research questions (RQs) and hypotheses (Hs):

RQ1: How accurately can ML models for rPPG estimate HR and RR in the dynamic
vehicle environment? This question seeks to investigate the feasibility of us-
ing rPPG ML models to detect HR and RR under the unique conditions of a
vehicle environment.

RQ2: To what extent can state-of-the-art rPPG NN models, which are trained on
generalized environments, maintain their accuracy and performance in auto-
motive settings? This question aims to assess the generalizability of existing
ML models trained on non-vehicular environments when evaluated in a vehicle
setting.

H1: The NN models designed for HR and RR estimation in generalized environ-
ments demonstrate applicability in dynamic vehicle conditions, showcasing
comparable performance.

H2: The pulse oximeter data provide the raw Photoplethysmography (PPG) wave-
form recordings such as those provided in the MR-NIRP dataset can be used
to accurately estimate the HR and RR of the subject which can act as the
ground-truth data for evaluating the algorithms.

1.4 Limitations and Delimitations
The study relies on existing datasets, which may not cover all possible driving sce-
narios or environmental conditions. The variety of vehicles, driver behaviors, and
external factors like weather conditions in these datasets may limit the generaliz-
ability of the findings. Additionally, the quality and resolution of the video data
in the dataset might affect the accuracy of HR and RR detection, particularly in
low-light conditions or with low-resolution cameras. Furthermore, the quality of the
ground-truth vital sign measurements can greatly impact the accuracy and reliabil-
ity of the evaluation.

The scope of the study is narrowed down to focus exclusively on HR and RR extrac-
tion from rPPG, neglecting the exploration of other vital signs or non rPPG-based
methods. This delimitation may restrict the holistic assessment of a driver’s health
status.
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2
Background and Related work

The following chapter explores the various existing methods for monitoring vital
signs within a vehicle environment, focusing on both contact-based and remote ap-
proaches. It also examines the specific processes involved in extracting specific vital
signs from the signals collected via these methods. Moreover, it includes a review of
the literature on various algorithms developed and tested for detecting vital signs
remotely within vehicles.

2.1 Contact-based vital sign detection in vehicles
There are several methods that can be applied in a vehicle environment for detect-
ing a driver’s vital signs, including Electrocardiogram (ECG), ballistocardiography
Ballistocardiography (BCG), and Photoplethysmography (PPG). ECG is a biopo-
tential diagnostic procedure that with the help of electrodes, monitors the heart’s
electrical activity over a period of time [28]. For ECG monitoring in vehicle envi-
ronments, the electrodes can typically be placed in steering wheels, car seats and
backrest [19][26]. BCG is also a medical sensing method, typically used in car seats
and backrests when it comes to vehicle environments. It utilizes pressure sensors
that captures vibrations generated by the mechanical actions of the heart and lungs,
along with the drive from the blood pulse moving through the aorta [19].

PPG is a method used for continuously monitoring different cardiovascular param-
eters, such as HR and RR. This is done by optically measuring the blood volume
changes within tissue microvasculature with every heartbeat, also known as Blood
Volume Pulse (BVP) [8][9][10][18]. This technology is affordable and easily accessi-
ble within consumer devices like smart wearables. These devices are equipped with
sensors that gather PPG signals, which are linked to cardiac activity. This is ac-
complished through invasive techniques, specifically skin contact, involving several
areas of the skin such as the wrist or fingertip [11].

Leonhardt et al. conducted a review of different methods that can be used for
detecting vital signs in vehicles [19]. The main focus of the review was on place-
ment of sensors in areas such as steering wheels, car seats, safety belts and cockpits.
Sidikova et al. conducted a similar review over different methods for detecting vital
signs in vehicle environments [26]. The study covered various systems including car
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seat, steering wheel, helmet, camera, radar and other. The following paragraphs
will detail some of the different techniques presented in these reviews.

Steering wheel sensors: Early techniques utilized electrodes on the surface of
the steering wheel to measure ECG readings, enabling the assessment of drivers’
stress levels [20][21]. Recent advancements include integrating sensors like conduc-
tive fabric for ECG monitoring in steering wheels [22][25]. Since frequent steering
adjustments and steering with one hand is a common practice between drivers,
steering wheel-based ECG monitoring is challenging. Due to its biopotential na-
ture, ECG requires both hands to touch different conductive parts.

Another study measured vital signs in vehicle environments using a PPG sensor
on the steering wheel. This sensor was placed on the left side of the horn, for the
driver to be able to position their left thumb on it. The authors point out that
this could also be a challenge when the driver changes the position of their hands
on the steering wheel, since the contact between the thumb and the PPG sensor
can be lost. This method also requires the driver to place their finger on the sensor
manually meaning that it does not provide constant monitoring [29].

Car seat sensors: Methods based on ECG sensing in car seats and backrests
for vital sign monitoring have evolved over the years [23][24]. Various designs have
been proposed that integrate electrodes into car seats to track vital signs such as
HR and RR. While these methods offer promising capabilities, challenges such as
sub-optimal electrode placement, concerns about signal quality, and limitations due
to motion artifacts and triboelectricity still remain [19].

Apart from ECG monitoring integrated into car seats, efforts have also been made
to incorporate BCG sensors in car seats [30][31]. However, the main challenge for
BCG monitoring is motor vibrations while driving, which can negatively affect the
sensor’s measurements.

2.2 Remote vital sign detection in vehicles

An alternative method for PPG signal collection is rPPG, which involves extracting
plethysmographic information from conventional video cameras through the RGB
channels. As the skin is illuminated, its color changes over time due to motion-
induced intensity variations and subtle color changes caused by the pulse (Figure
2.1). By analyzing color variations in the skin captured by the camera, rPPG can
extract BVP in a non-invasive manner [51]. However, the accuracy of rPPG relies
heavily on stable skin locations or precise tracking, as even minor movements can
significantly affect performance [12].
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Figure 2.1: The skin reflection model that contains specular and diffuse reflec-
tions. The specular reflections are affected by motion variations while the diffused
reflections contain pulsatile information [51].

Other non-intrusive techniques for vital sign monitoring in vehicle environments are
radar and optical flow-based methods. The term radar originates from "radio detect-
ing and ranging" representing a technique that uses high-frequency electromagnetic
waves emitted from a transmitter. These waves bounce of the surface of the human
chest and carries back the information of chest displacements and the inner organ
movements to a receiver [19]. The optical flow is camera-based method used to esti-
mate motion within a video sequence using a Convolutional Neural Network (CNN).
In the case of vital sign detection, this can be used to measure RR by monitoring the
chest motion from the respiration cycles [39]. A distinct advantage of this method
over rPPG, that is mainly based on color channels, is that it is adaptable to various
camera types ,including infrared and thermal, making it impervious to illumination
changes.

In the subsequent sections, radar, optical flow and rPPG based methods will be
explored, including specific examples of studies that employ these techniques in a
vehicular environment.

2.2.1 Radar-based methods
A study conducted by Vinci et al. introduced the idea of employing continuous wave
radar sensors to monitor HR and RR while driving. They explored two measurement
setups: firstly, positioning the radar system within the steering wheel, directed
towards the thorax. Secondly, they placed the same radar sensor on the car seat’s
backrest, directed towards the back [41]. Another study positioned the radar sensor
towards the driver’s back in the backrest for HR detection [42]. Similarly in 2018,
Schires et al. mounted a miniaturised ultra-wideband pulsed radar in the backrest
for monitoring the motion of the heart and lungs, in order to measure HR and
RR [43]. All three studies concluded that motion artifacts could pose challenges in
extracting displacement signals using radars, which would impact the accuracy of
the vital sign measurements.
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2.2.2 Optical flow-based methods
In 2023, Othman et al., proposed an optical flow-based method to estimate RR
in a vehicle environment, by utilizing the Openpose human pose estimation model
and SelFlow NN. This approach managed to measure RR effectively at low vehicle
speeds and displayed remarkable robustness against illumination changes. However,
its accuracy declined significantly at higher velocity due to noise introduced from
increased driver motion and external vibrations [6].

2.2.3 rPPG-based methods
In 2017, Wu et al. developed a rPPG algorithm for monitoring HR in vehicle envi-
ronments using RGB videos [32]. For HR estimation, a k-nearest neighbor classifier
was employed based on frequency domain features. A few years later the same au-
thors further developed their previous study to improve the algorithm for outdoor
driving HR estimation by including more outdoor driving data [33]. Another re-
search based on RGB data was conducted by Huang et al., they introduced a novel
transformer-based algorithm with promising results, but they mentioned that it is
prone to overfitting [35]. Additionally, they created a custom dataset, taking into
account motion and illumination artifacts. However, this dataset is not available to
the public yet.

In 2019, Hernandez-Ortega et al. tried to improve the extraction of the rPPG
signal from a baseline HR estimation system based on Near-Infrared (NIR) imaging
by integrating a quality-based approach [34]. In 2022, Nowara et al. proposed the
AutoSparsePPG algorithm that leverages quasi-periodicity to improve rPPG signal
estimation over its predecessor, SparsePPG [56]. Additionally, the paper introduced
the publicly available MR-NIRP Car dataset with synchronized NIR and RGB video
recordings, along with ground-truth pulse oximeter measurements. The MR-NIRP
Car dataset was used to evaluate the performance of the proposed algorithm in de-
tecting HR along with a range of other unsupervised rPPG methods. In 2023, Xu
et al. developed Ivrr-PPG, a method aimed to address illumination challenges and
extract a clean signal from rPPG [36]. The core idea of their approach is centered on
capturing the nonlinear relationship between changes in illumination and the rPPG
signal using NIR cameras.

Wang et al. conducted a benchmark study that also utilized the MR-NIRP Car
dataset to evaluate four types of rPPG methods in HR estimation [40]. Specifically,
the study explored the performance of two unsupervised physiological based meth-
ods and two deep learning models. For the deep learning models they used modified
versions of the PhysNet model, proposed by Gideon et al. [64]. This study did not
extensively investigate other algorithms, particularly limiting its coverage of deep
learning methodologies. Another study proposed by Chiu et al. used two distinct
CNN-based models for rPPG construction and HR estimation, with evaluation con-
ducted using MR-NIRP car dataset and other custom datasets that are not publicly
available [38]. However, the results reported for most algorithms do not match those
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reported in other studies indicating some irregularity in the testing process.

NIR-based methods have demonstrated superior handling of illumination artifacts
compared to RGB-based methods, due to their ability to capture signals unaffected
by visible light variations. However, NIR methods inherently carry less information
than RGB-based approaches due to their single-channel nature. Finally, it is worth
noting that all the studies presented in this subsection focus exclusively on evaluat-
ing the algorithms on HR detection and did not explore other vital signs.

2.3 Deriving vital signs from PPG signal
PPG sensors use optical methods to monitor fluctuations in blood flow volume within
the tissue’s microvascular bed. This PPG signal can be used to extract various vital
signs, serving as a valuable tool for identifying cardiovascular diseases and other
medical conditions. Such metrics include HR, Heart Rate Variability (HRV), RR
and SpO2.

Figure 2.2: Attenuation of light while transmitted through different layers of tissue
and blood [18].

Heart Rate and Heart Rate Variability: When the heart beats, blood gets
pumped into the arteries and capillaries, increasing their blood volume. As a result,
PPG waveform features peaks and valleys corresponding to the systolic and diastolic
phases of the cardiac cycle (Figure 2.2). By analyzing the time interval between
successive peaks in the PPG waveform, it is possible to calculate the HR also known
as Inter-Beat Interval (IBI) [10]. Furthermore, variations between consecutive IBIs
measure the HRV [16].
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Respiration Rate: Respiration influences the PPG signal in three distinct man-
ners. Firstly a phenomenon known as respiratory sinus arrhythmia (RSA) causes
HR to align with the breathing cycle due to an autonomic reaction to breathing.
This results in the HR rising with inhalation and falling with exhalation, leading to
variations in the PPG signal’s frequency, known as respiratory-induced frequency
variations. Secondly, fluctuations in intrathoracic pressure during the respiratory
cycle prompt a shift of blood between the pulmonary and systemic circulations,
altering the signal’s baseline intensity, a mechanism called respiratory-induced in-
tensity variations. Lastly, a decrease in cardiac output, linked to diminished ven-
tricular filling, affects the strength of the peripheral pulse. This effect, known as
respiratory-induced amplitude variations, reflects changes in the amplitude of the
PPG waveform. Different algorithms have been proposed for extracting RR from
PPG by leveraging one of or a combination of these phenomena [13].

Blood Oxygen Saturation: The measurement of SpO2 through pulse oxymetry is
based on the principle that haemoglobin absorbs more red light while oxyhaemoglobin
has higher infrared absorbtion. The PPG signal is split into two elements: the AC
component, which originates from the pulsatile arterial blood, and the DC com-
ponent, attributed to tissue background, venous blood, and the steady portion of
arterial blood flow (Figure 2.2). These AC and DC segments are then utilized to
determine the SpO2 level in the blood. It should be noted that to measure SpO2,
two PPG sensors are required, one red and one infrared [14][15][17].

In this thesis, we are conducting a benchmark study of NN-based rPPG methods,
focusing only on HR and RR estimation. The majority of current literature are
only focusing on extracting HR from rPPG, while RR and other vital signs are very
under-represented. Moreover, within the context of vital sign detection in vehicle
environments, there has been minimal attention given to NN-based approaches. The
existing literature lacks comprehensive benchmarking, particularly in comparing di-
verse NN-based methodologies for vital sign monitoring in a vehicle environment.
Consequently, this thesis aims to address this gap by providing a thorough evalua-
tion and comparison of various NN-based approaches using rPPG for HR and RR
detection in vehicle environments.
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The aim of this benchmark study is to evaluate the adaptability and performance
of various machine learning models in estimating HR and RR from rPPG signals in
a vehicular environment. This environment introduces unique challenges, such as
motion artifacts, lighting variations, and background noise, which can significantly
impact the accuracy and reliability of rPPG signal processing. By comparing differ-
ent types of unsupervised physiological-based algorithms and supervised NNs this
study seeks to uncover which methodologies are most effective in overcoming these
challenges and maintaining high performance in vital sign estimation in automotive
settings. The comparison aims not only to benchmark the current state-of-the-art
but also to identify key factors that contribute to the success or limitations of each
approach in real-world settings.

Furthermore, a crucial component of this study is the establishment of a compre-
hensive preprocessing framework tailored for rPPG signal analysis. This framework
aims to standardize the initial stages of data handling, ensuring that the input data
across all tested models maintain a consistent quality and format that facilitates
fair comparison. This comparability is essential for accurately assessing the relative
performance of each algorithm under identical conditions, thereby ensuring that
any observed differences in performance are attributable to the models’ inherent
characteristics rather than variations in data preparation. A well-defined prepro-
cessing framework, also, enhances the reproducibility of the research by providing
clear guidelines for data preparation. This ensures that researchers and software en-
gineers can reliably replicate and validate studies, assess methodologies, and bench-
mark against the current state-of-the-art. Ultimately, this increases confidence in
applying these findings to real-world scenarios while maintaining consistent method-
ological standards.

3.1 Benchmark Study
A benchmark study within technical research compares the performance of differ-
ent tools or techniques using representative tests and performance measures. It
comprises three essential components: motivating comparison, task sample, and
performance measures. Motivating comparison outlines the comparison to be made
and the research agenda to be advanced through the benchmark. Task sample in-
volves selecting representative tasks relevant to the tool or technique’s intended use.
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Performance measures gauge the effectiveness of the technology in meeting its pur-
pose, whether quantitatively or qualitatively [60].

The benchmark research methodology is well-suited for this thesis as it provides a
structured framework for comparing the performance of various algorithms against
established state-of-the-art methods.

In this case, the motivating comparison lies in evaluating the performance of ML al-
gorithms in predicting rPPG signals that can be used to estimate HR and RR within
the dynamic and challenging environment of autonomous vehicles. This comparison
aims to advance the research agenda by exploring the feasibility and efficacy of in-
tegrating advanced ML algorithms, designed for controlled laboratory settings, into
autonomous vehicle systems for vital sign monitoring purposes. The task sample
selection is crucial in benchmark studies, as it ensures that the tasks chosen are
representative of real-world scenarios and challenges. In the context of this project,
these tasks should encompass variations in lighting conditions, vehicle motion, sub-
ject movement, and other factors that may affect the accuracy of rPPG-based HR
and RR estimation. Finally, the performance measures need to capture the algo-
rithms’ effectiveness, accuracy, and adaptability in predicting heart and respiration
signals in realistic vehicular environments.

This approach will enable a comprehensive understanding of how a deep learn-
ing rPPG-based HR and RR detection in a vehicle environment framework is (a)
designed, (b) realized, and (c) systematically evaluated within professional settings.
The research will generate empirical data and insights crucial for the design and de-
velopment of robust and effective camera-based health monitoring systems, thereby
advancing the integration of real-time physiological monitoring in vehicle software.
Moreover, this study provides developers with systematic methodologies and in-
troduces performance benchmarks. In software engineering, a benchmark study is
crucial as it establishes a standard against which the performance of various software
systems can be evaluated and compared.

3.2 rPPG Algorithms

The rPPG algorithms can be broadly categorized into two main approaches: super-
vised NN models and conventional unsupervised methods. The former employ deep
learning techniques to interpret subtle changes in facial videos, adapting to various
conditions such as motion and lighting variations. The later utilize statistical and
signal processing methods to extract vital signs from video by analyzing the color
changes caused by blood volume fluctuations in the skin. Different methods perform
a combination of color transformations and signal decomposition techniques on the
RGB signals to construct an estimate of the BVP (Figure 3.1).
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3.2.1 Unsupervised methods
Conventional unsupervised rPPG algorithms generate temporal RGB signals by cal-
culating the average red, green, and blue values over time from spatially averaged
RGB values of skin pixels. These signals are often transformed from RGB into
different color spaces to enhance the BVP signal and suppress noise. After trans-
formation, advanced signal processing techniques are applied to further refine the
signals. These might include methods like Independent Component Analysis (ICA)
or bandpass filtering. These techniques help to decompose the signals into compo-
nents, isolating the one that most closely represents the BVP [51][61].

Figure 3.1: Typical processing components of conventional unsupervised algo-
rithms for rPPG [61].

This benchmark study explores the performance of six unsupervised methods for
rPPG with different architectures.

ICA: ICA is a computational method used to separate a multivariate signal into
independent components [49]. Poh et al. introduced a method that leverages ICA to
separate temporal RGB color signals into either uncorrelated or independent signal
sources in order to extract the BVP [50].

POS: The Plane-Orthogonal-to-the-Skin method computes a projection plane that
is orthogonal to the skin tone, utilizing physiological and optical principles. This
approach involves applying a fixed matrix projection to the spatially normalized and
averaged pixel values, which facilitates the extraction of the rPPG signal [51].

CHROM: A method proposed by de Haan et al. that estimated the BVP by a
linear combination of the chrominance signals obtained from the RGB video [52].

GREEN: This method is based on the principle that the green channel, due to
its mid-spectrum wavelength, has a higher absorption contrast with blood than the
red and blue channels. This makes it more sensitive to changes in blood volume
under the skin. As a result, BVP can be extracted from the green channel after
spatial averaging of the RGB video [53].

LGI: Local Group Invarince (LGI) is a feature representation technique designed
to be invariant to motion by employing differentiable local transformations. Pilz
et al. proposed a method that leverages LGI to extract BVP reliably in dynamic
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environments despite motion artifacts [54].

PBV: Another method introduced by de Haan et al., the Blood Volume Pulse
Vector (PBV) is based on the understanding that blood pulsations affect the RGB
channels in a PPG signal to varying degrees. By representing these changes with a
unique signature or vector, allows for a more accurate isolation of the pulsatile com-
ponent of the blood volume signal. This process helps in removing any alterations
in color that are not related to blood movement enabling accurate extraction of the
BVP signal [55].

3.2.2 Supervised Neural Network models
The vast majority of existing supervised NN models for rPPG adopt a CNN-based
architecture. These models often utilize an attention mechanism to learn and ex-
tract the necessary regions of interest (ROIs) which then pass through a collection
of convolutional and fully connected layers to extract the BVP (Figure 3.2).

Figure 3.2: Basic design of CNN-based NN models for rPPG [61].

This benchmark explores the performance of four CNN-based NN models and one
transformer-based architecture.

DeepPhys: Chen et al. introduced DeepPhys, the first end-to-end system for
non-contact video-based physiological measurement for HR and RR. DeepPhys is
a two-branch 2D convolutional attention network that incorporates a motion rep-
resentation based on a skin reflection model and an attention mechanism utilizing
appearance information [44].

TS-CAN: Liu et al. designed a 2D temporal shift convolutional attention network
called TS-CAN that utilized a Temporal Shift Module (TSM) to better capture
spatio-temporal information. The architecture of TS-CAN consists of two branches
that handles a distinct representation: one for motion modeling and the other for
capturing meaningful spatial features (i.e., appearance). These branches operate
concurrently, with the appearance branch directing the motion branch through a
gated attention mechanism [45].

EfficientPhys-C: Liu et al. introduced an additional 2D-CNN with a TSM de-
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signed for on-device computations in real-time. In contrast to TS-CAN and Deep-
Phys, the architecture of EfficientPhys-C is built on a single branch that incorporates
a normalization module for computing differences in frames and learnable normal-
ization. Additionally, it includes a self-attention module which enables the model
to focus on skin pixels relevant to the PPG signal [47].

PhysNet: Yu et al. introduced an end-to-end spatio-temporal network called Phys-
Net, which employs a 3D-CNN that captures semantic rPPG features across both
spatial and temporal dimensions concurrently. This approach enhances the learn-
ing of robust contextual features and aids in the restoration of rPPG signals with
reduced temporal fluctuations [46].

PhysFormer: PhysFormer employs a video transformer-based design, focusing on
the dynamic combination of both local and global spatio-temporal elements to im-
prove rPPG signal representation. This architecture prioritizes the extraction of
long-term, global characteristics, which results in notable enhancements in perfor-
mance when measured against various alternative methods [48].

Table 3.1: Basic architecture of each NN model.

NN Model: Architecture
DeepPhys two-branch 2D-CNN
TS-CAN two-branch 2D-CNN with TSM

EfficientPhys-C single-branch 2D-CNN with TSM
PhysNet single-branch 3D-CNN

PhysFormer Transformer

The mentioned NN models utilized distinct architectures (Table 3.1) and demon-
strated performance comparable to the state-of-the-art for rPPG detection in gen-
eralized settings. However, the datasets used in these studies did not involve real-
world automotive settings, where other challenges and conditions could impact their
performance.

3.3 rPPG Datasets
Datasets play a pivotal role in training and evaluating rPPG algorithms. These
collections feature video recordings of human subjects under controlled or realis-
tic environments with varied lighting, movements, and physiological states. Each
recording is paired with accurate physiological measurements obtained from conven-
tional contact-based sensors enabling precise validation of rPPG algorithms. Table
3.2 presents a brief overview of the datasets utilized in this benchmark study, with
detailed description provided in the subsequent sections.

15



3. Methodology

Table 3.2: Overview of the datasets utilized in this benchmark.

Dataset Subjects Videos Ground-Truth Context

PURE [57] 10 59 PPG, SpO2
Indoor setting

Natural lighting
Motion (head rotation, talking, etc.)

UBFC-rPPG [58] 42 42 PPG, HR
Indoor setting

Natural and artificial lighting
Motion (head rotation, talking, etc.)

SCAMPS [59] - 2800 PPG,
HR, RR, HRV

Synthetic dataset
Simulated realistic setting

Simulated dynamic lighting
Simulated motion (head rotation, facial actions)

MR-NIRP [56] 19 190 PPG
Vehicle setting

Natural dynamic lighting
Motion (head rotation, talking, vehicle motion, etc.)

3.3.1 General Datasets
The vast majority of datasets are composed in indoor settings with stable lighting
to maintain high video fidelity and quality of the ground-truth physiological mea-
surements. Subjects often perform small movements to simulate realistic conditions
such as speech and head motion. Additionally, there exist some synthetic datasets
with computer generated videos of human-like subjects and corresponding artifi-
cially generated physiological data.

PURE: The Pulse Rate Detection Dataset (PURE) contains recordings from 10
individuals, which include 8 males and 2 females. These recordings were made us-
ing an RGB camera, capturing video at a frame rate of 30 Hz and a resolution of
640x480 pixels. The subjects were situated in front of a realistic non-uniform in-
door setting and were lit by ambient natural light coming through a window (Figure
3.3). The ground-truth measurements for PPG and SpO2 levels were collected at
a frequency of 60 Hz using a pulse oximeter attached to the finger of the subject.
Each participant underwent six recording sessions under different motion scenarios,
providing a diverse set of data across various physical conditions [57].

Figure 3.3: Frame sample from the PURE dataset [57].

UBFC-rPPG: The University Bourgogne Franche-Comté rPPG (UBFC-rPPG)
Dataset consists of RGB videos captured with a webcam at a frame rate of 30 Hz.
The videos have a resolution of 640x480 pixels and are saved in an uncompressed
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8-bit RGB format. Ground-truth PPG data was acquired using a pulse oximeter.
During the recording sessions, subjects were situated roughly one meter from the
camera. The videos were recorded indoors in front of a uniform and static back-
ground, with lighting provided by a mix of natural sunlight and artificial light sources
(Figure 3.4). The subjects were recorded while playing a game to simulate realistic
motion patterns [58].

Figure 3.4: Frame sample from the UBFC-rPPG dataset [58].

SCAMPS: Synthetics for Camera Measurement of Physiological Signals Dataset
(SCAMPS) is a synthetic dataset that contains 2800 videos, totaling 1.68 million
frames, synchronized with cardiac and respiratory signals. The videos and ground-
truth waveforms were produced using an advanced facial processing pipeline, achiev-
ing high-fidelity and near photorealistic visuals. To ensure robust testing conditions,
the videos include a range of variables such as head movements, facial expressions,
and shifts in ambient lighting, as well as, a simulated realistic background environ-
ment (Figure 3.5) [59].

Figure 3.5: Frame sample from the SCAMPS dataset [59].

3.3.2 Dataset in vehicle environment
Remote PPG detection while driving faces distinct challenges from those encoun-
tered in other settings. Consequently, datasets gathered in different scenarios do not
provide relevant insights for analyzing rPPG detection in vehicles. The vast major-
ity of rPPG datasets available to the public were obtained in indoor environments
using RGB cameras under controlled lighting conditions, which are rarely present
in a realistic vehicular setting. These discrepancies render existing general purpose
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datasets inadequate for exploring the specific challenges associated with rPPG mea-
surement in automotive environments. There have been a limited number of studies
attempting to capture rPPG data in vehicles using camera technology, and to date,
only one provides a publicly available dataset [58][57].

MR-NIRP: The MERL-Rice Near-Infrared Pulse Car Dataset (MR-NIRP) con-
sists of recordings from 18 healthy individuals, featuring 16 males and 2 females,
aged between 25 and 60 years, with diversity in facial features and skin tones. The
recordings were captured using both NIR and RGB (10-bit raw) cameras at a frame
rate of 30 Hz and resolution of 640x640 pixels. Ground-truth PPG signals were
obtained using a finger pulse oximeter, recorded at 60 Hz. It should be noted that
for safety reasons and to maintain the quality of the PPG signal the subjects were
situated in the passenger seat during recording [56].

The videos in the MR-NIRP dataset were captured under two primary settings:
inside a garage with the engine running, and while driving in city conditions, per-
forming stops at traffic lights and maneuvers such as sudden stopping, accelerating,
and turning. For the driving scenario, videos were recorded during different natural
lighting conditions, including daytime with sunny and overcast weather, as well as
nighttime recordings. Additionally, the dataset is separated based on three motion
conditions: still, where the subjects were sitting quietly with minimal head motion,
small motion, with the subjects performing natural head movements and talking,
and large motion, with additional and more abrupt head movements (Figure 3.6).

Figure 3.6: Frame sample from the MR-NIRP dataset [56].

3.4 Experimental Setup
For this benchmark, in vehicle setting, we employed the MR-NIRP car dataset, since
it is the only dataset publicly accessible that is specific to vehicular environments.
The analysis encompassed still, small and large motion scenarios, conducted within
garage and driving contexts.
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To train and evaluate the performance of the described models on the MR-NIRP
car dataset, we used the rPPG-Toolbox, an open-source platform for training and
benchmarking NN-based and unsupervised rPPG algorithms [61]. Additionally, the
rPPG-Toolbox provides pretrained weights for the supervised NN models in this
benchmark (Section 3.2.2), that are trained on the general-purpose datasets (Sec-
tion 3.3.1). These pretrained models were used for the evaluation on MR-NIRP.

3.4.1 Preprocessing
To ensure a fair evaluation of all tested algorithms, we implemented a simple uni-
form preprocessing pipeline with minimal adjustments to meet the specific input
requirements of each method. A visualization of the preprocessing pipeline can be
found in Figure 3.7.

Figure 3.7: Preprocessing Pipeline for the input videos of the NN models and the
unsupervised methods.

For each video, face detection was performed on the first frame using RetinaFace,
a robust single-stage face detection framework that leverages multi-task learning to
perform pixel-wise face localization [62]. This was followed by cropping a rectan-
gular region scaled to 150% of the detected bounding box. Given that the subjects
exhibited limited movement, the 50% scale increment was sufficient to ensure the
subject’s face remained within the cropped frame across all video frames. Subse-
quently, the cropped video frames were resized to 72x72 pixels. For Physformer,
the frames were resized to 128x128 pixels in order to match the input parameters
used by the model’s authors as well as the pretrained versions of the rPPG-Toolbox
[48][61]. For the labels, the ground-truth PPG signal was downsampled from 60 Hz
to 30 Hz in order to match the frame rate of the videos.

For the Unsupervised methods, the MediaPipe FaceMesh was also applied to de-
tect landmarks of the subject’s face on each image frame [63]. For this study the
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whole face was selected as the Region of Interest (ROI) meaning that all 478 land-
mark indices were included. The area within the convex hull polygon enclosing the
chosen landmarks was extracted and used as the ROI. For the NN methods, there
was no need for ROI extraction since all tested algorithms contain a trainable at-
tention mechanism which can independently learn to extract the desired ROIs.

After that, the input of the NN models was difference-normalized (cnorm), meaning
that the difference of every two consecutive frames and labels (c) was calculated,
and normalized by their standard deviation (σ).

cnorm = c(t + 1) − c(t)
σ(c(t + 1) − c(t))

The use of difference-normalized frames as the models’ input helps minimize reliance
on the overall brightness of frames and the subject’s skin tone [45]. EfficientPhys-C
was exempted from this preprocessing step as it already contains a normalization
module that calculates frame differences in its architecture. Instead, the standard-
ized frames were passed as its input while the labels were difference-normalized as
usual. Additionally, since DeepPhys and TS-CAN have two branches, they accept
difference-normalized frames on the motion branch and standardized frames on the
appearance branch.

3.4.2 Postprocessing
The predicted rPPG signal was processed identically for all algorithms to extract
the vital signs. It is important to note that if the signal is difference-normalized,
it is the first derivative of the PPG signal. In that case, the cumulative sum of its
values needs to be calculated to retrieve the rPPG signal before the postprocessing.
A visualization of the postprocessing pipeline can be found in Figure 3.8 [61].

Figure 3.8: Postprocessing Pipeline for the predicted and ground-truth PPG sig-
nals to extract the corresponding HR and RR.
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Both the predicted and ground-truth signals were detrended with a fixed lambda
value of 100, then filtered using a second order butterworth bandpass filter to remove
noise. The selection of the filter frequencies is dependent on the application and na-
ture of the data. Therefore, to extract HR the lower and upper cutoff frequencies of
the filter were set to 0.75 Hz and 2.5 Hz respectively corresponding to the normal
pulse frequency in healthy adults of 45 to 150 Beats per Minute (Beats/min). For RR
extraction the cutoff frequencies were set to 0.08 Hz and 0.5 Hz covering the normal
adult RR of 5 to 30 Breaths per Minute (Breaths/min). It should be noted that to
achieve the stated cutoff, the actual frequencies used in the filter were doubled in or-
der to prevent aliasing, adhering to the Nyquist–Shannon sampling theorem [45][65].

The filtered signal was then transformed into the frequency domain via Fast Fourier
Transform (FFT). Power Spectral Density (PSD) analysis was used to identify the
highest power frequency which corresponds to the predicted vital sign. The extrac-
tion of HR was done in 10 second windows with no overlap while for RR a 30 second
window with no overlap was used [61][45].

3.4.3 Excluded Cases
Certain cases of the MR-NIRP dataset were omitted from the study due to factors
that could potentially affect the benchmark (Table 3.3).

Table 3.3: Table of excluded MR-NIRP recordings from this study. The entry
subject12* indicates that all recording from this subject were omitted.

Justification Excluded Cases

Dark Frames

subject5_garage_still_975
subject6_garage_still_975

subject6_garage_small_motion_975
subject6_garage_large_motion_975

subject2_driving_still_940

Corrupted Frames subject2_garage_small_motion_940

PPG Sampling Error
subject7_driving_small_motion_975

subject7_driving_still_975
subject12*

Specifically, five videos were too dark to detect the subject’s face while one case con-
tained corrupted video frames. Additionally, in two cases the recorded ground-truth
PPG signals had large spans of zeroes indicating some kind of error in the sampling
process (Figure 3.9).
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(a) subject7_driving_still_975

(b) subject7_driving_small_motion_975

Figure 3.9: Ground-truth PPG signals with large spans of zeros that indicate
sampling error

Furthermore, all samples from Subject 12 were excluded from the study as PSD
analysis of the ground-truth signal showed excessive levels of noise, indicating po-
tential sampling error (Figure 3.10). In addition to that, the extracted HR from
these PPG signals was consistently lower than 50 Beats/min which is not indicative
of a healthy adult male like Subject 12. This phenomenon was observed in most
recordings of this subject, making them unsuitable for accurate ground-truth vital
sign extraction [66].

Figure 3.10: Example PSD plots from Subject 12. The depicted samples were
extracted from the recordings "subject12_garage_small_motion_975" and "sub-
ject12_driving_still_940" respectively.

3.5 Training Setup
To achieve consistent and reproducible results across our tests, this benchmark was
conducted using uniform hardware configuration, featuring a single Nvidia Tesla
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V100 GPU with 32GB of memory. However, as highlighted in [61], the pretrained
models included in the rPPG-Toolbox were not trained with fixed hardware spec-
ifications. Despite that, all test results were obtained using our predefined GPU
setup.

3.5.1 Dataset Folds
In order to evaluate the models’ performance in vehicular environments effectively, it
was necessary to use the MR-NIRP dataset for both training and testing. Therefore,
to avoid overfitting and ensure unbiased predictions, distinct train-validation-test
splits were required. Due to the absence of a set of folds for training and testing
on the MR-NIRP dataset, we followed the procedure described by Gideon et al.
[64]. Specifically, the dataset was split into 5 folds by subject ID with a different
held-out test set each time (Table 3.4). All models were trained and tested on every
fold with the average of the results across all folds being reported in this benchmark.

Table 3.4: The subject IDs in every train-validation-test set for each fold.

Train Set Validation Set Test Set
Fold 1 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11 13, 14, 15 16, 17, 18, 19
Fold 2 5, 6, 7, 8, 9, 10, 11, 13, 14, 15, 16 17, 18, 19 1, 2, 3, 4
Fold 3 1, 9, 10, 11, 13, 14, 15, 16, 17, 18, 19 2, 3, 4 5, 6, 7, 8
Fold 4 1, 2, 3, 4, 5, 13, 14, 15, 16, 17, 18, 19 6, 7, 8 9, 10, 11
Fold 5 1, 2, 3, 4, 5, 6, 7, 8, 16, 17, 18, 19 9, 10, 11 13, 14, 15

For intra-dataset testing, there was no need for a distinct test set from the MR-NIRP
dataset since the evaluation was performed on different datasets. In that case, the
entire MR-NIRP dataset was utilized for training, with a simple 80-20 split for the
training and validation sets and no folds were used.

3.5.2 Training Parameters
To facilitate a fair comparison between the pretrained models provided by the rPPG-
Toolbox and our own, similar training parameters were adopted. This included the
use of the AdamW optimizer (Adam optimizer for PhysNet) and the negative Pear-
son loss function. Additionally, we employed a one-cycle learning rate scheduler
with a peak learning rate of 0.009 for all models. Training was carried out over
30 epochs, selecting the model with the lowest validation loss at the end of each
epoch. Moreover, a batch size of 4 was used for all experiments and 20% dropout
was applied to avoid overfitting.

The training configuration for PhysFormer diverged from the conventional setup
due to its distinct architecture, and it adhered to the experimental details laid out
by the authors of the model. Specifically, for PhysFormer, the Adam optimizer was
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employed with an initial learning rate of 0.0001 and weight decay of 0.00005 with no
learning rate scheduler. Instead of negative Pearson loss, a dynamic loss implemen-
tation was utilized that incorporates negative Pearson loss, frequency cross-entropy
loss, and label distribution loss. Additionally, the model’s parameters were set as
follows: N = 12, h = 4, D = 96, D′ = 144, matching the configuration used on the
pretrained models provided in the rPPG-Toolbox [48][61].

3.6 Evaluation Metrics
Evaluating the effectiveness of rPPG algorithms in realistic automotive environments
requires an assessment of both their accuracy and efficiency. The following evalu-
ation metrics were chosen to ensure that the tested algorithms accurately predict
vital signs under dynamic vehicular conditions and are viable for real-time applica-
tions. These metrics offer a holistic view of the models’ performance in practical
scenarios and their suitability for deployment in realistic automotive settings.

3.6.1 Performance Metrics
The selection of performance metrics in this study was guided by the goal of pro-
viding a comprehensive evaluation of the adaptability and accuracy of the tested
algorithms in estimating HR and RR from rPPG signals within a dynamic vehicular
environment. Therefore, five metrics were selected, each addressing distinct aspects
of algorithm performance, from error rates to signal quality.

Mean Absolute Error (MAE): Calculates the average of the absolute differ-
ences between the predicted (RP red) and ground-truth (RGT ) signal rate (HR or
RR) over all observation windows (T ). This simple metric provides an intuitive
understanding of the prediction accuracy without considering the error direction.
It is particularly suited to health monitoring applications where small prediction
deviations can have significant implications.

MAE = 1
T

T∑
i=1

|RGT − RP red|

Root Mean Square Error (RMSE): Measures the magnitude of the predic-
tion error between the predicted (RP red) and ground-truth (RGT ) signal rates over
all observation windows (T ). By penalizing larger errors more severely than smaller
ones, RMSE offers insight into the reliability and consistency of the models. This
characteristic is crucial for rPPG technologies in dynamic environments like vehicles,
where outliers can drastically affect performance reliability.

RMSE =

√√√√ 1
T

T∑
i=1

(RGT − RP red)2
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Mean Absolute Percentage Error (MAPE): Calculates the average of the
absolute differences between the predicted (RP red) and ground-truth (RGT ) signal
rates, expressed as a percentage of the ground-truth signal rate over all observa-
tion windows (T ). MAPE quantifies the error as a percentage, making it a scale-
independent measure of the prediction accuracy.

MAPE = 100
T

T∑
i=1

∣∣∣∣RGT − RP red

RGT

∣∣∣∣

Pearson Correlation Coefficient (ρ): A statistical measure that calculates the
linear correlation between the predicted (RP red) and ground-truth (RGT ) signal rates
across all windows (T ). This measure quantifies the algorithm’s precision and relia-
bility in capturing the trends of the vital signs. A high Pearson correlation indicates
that a model can consistently predict the direction and magnitude of changes in HR
and RR.

ρ =
∑T

i=1(RGT − RGT )(RP red − RP red)√∑T
i=1(RGT − RGT )2 ∑T

i=1(RP red − RP red)2

Signal-to-Noise Ratio (SNR): Defined according to the method proposed by
de Haan et al. as the ratio between the area under the curve of the power spectrum
around the first and second harmonic of the ground-truth signal rate frequency and
the area under the curve of the rest of the power spectrum. This metric is critical
for determining a model’s effectiveness in distinguishing physiological signals from
external disturbances, such as vehicle vibrations and lighting variations. High SNR
values indicate superior performance in isolating the vital signs from noise [52].

SNR = 1
T

T∑
i=1

∣∣∣∣∣∣∣10 log10


∑hf

f=lf

(
Ŝ(f) · Ut(f)

)2

∑hf
f=lf

(
Ŝ(f) · (1 − Ut(f))

)2


∣∣∣∣∣∣∣

Ŝ represents the power spectrum of the predicted signal S, f denotes the frequency,
and Ut(f) is a binary template that is equal to 1 around the first and second har-
monics of the ground-truth signal and 0 everywhere else. In this implementation,
we consider only the power spectrum between the frequencies (lf - hf) of 0.75 - 2.5
Hz for HR and 0.08 - 0.5 Hz for RR.

3.6.2 Efficiency Metric
In real-world automotive settings, the responsiveness of health monitoring systems is
critical, requiring immediate action based on instantaneous, real-time data process-
ing. Additionally, efficient algorithms are particularly valuable in these environments
since computational and power resources are often limited. Therefore, assessing the
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efficiency of such systems is crucial to understanding their practicality and effective-
ness in real-world applications. To evaluate this aspect of the tested algorithms, a
comparative measure was employed that enables the assessment of the NN models’
efficiency relative to each other.

Throughput: Measures the average number of video frames that the NN models
can process within one second and is quantified as frames per second (FPS). This
metric provides an indicator of the algorithm’s performance in terms of speed and
real-time processing capability. Higher throughput rates indicate that the algorithm
can handle live video streams efficiently, making it suitable for real-time applications.
The throughput was calculated by dividing the total number of frames processed
(N) by the total time taken by the GPU (tGP U) to process these frames.

Throughput = N

tGP U

As opposed to the performance metrics introduced in section 3.6.1, which evaluate
the accuracy of the model on specific input data, throughput is completely indepen-
dent of the benchmark datasets. Instead, it relies on hardware configuration and
the NN model’s architecture. By maintaining a consistent GPU setup and training
parameters, as described in section 3.5, this measure was used to compare the effi-
ciency of different NN architectures for rPPG. It should be noted that this measure
only takes into consideration the processing time of the algorithms, meaning that
preprocessing and postprocessing are not accounted for. Furthermore, throughput
is applicable only to the NN models as the unsupervised methods perform all the
processing on the CPU.
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Results

In this thesis we conducted a benchmark study focusing on the effectiveness of ML
models, particularly supervised NN models, as well as unsupervised methods, for
rPPG signal detection in the dynamic environment of autonomous vehicles. This
study utilized the MR-NIRP car dataset to evaluate the performance of various
algorithms in detecting physiological signals, such as HR and RR. The NN algo-
rithms tested included DeepPhys, TS-CAN, EfficientPhys-C, PhysNet and Phys-
Former, which were trained and tested on the benchmark dataset using 5-Fold
cross-validation. The detailed performance metrics of the models for each fold are
presented in Appendix A.2.

To assess the NN algorithms’ ability to generalize across different environments the
same model architectures, pretrained on three general datasets, PURE, UBFC-rPPG
and SCAMPS, were tested on MR-NIRP. Additionally, to determine the applicabil-
ity of features learned in a vehicular setting to more general environments, the NN
models trained on MR-NIRP were tested on the PURE and UBFC-rPPG datasets.
SCAMPS was excluded from this testing phase as it contains only synthetic data
that would not reflect the algorithm’s performance in the real world.

Furthermore, several conventional unsupervised methods were tested including ICA,
POS, CHROM, GREEN, LGI, and PBV to act as a baseline for assessing the effec-
tiveness of the NN rPPG models.

4.1 Heart Rate estimation
In this section, the test results for HR estimation using both unsupervised methods
and supervised NN models are presented.

4.1.1 Unsupervised methods
For HR estimation, the unsupervised methods showed inconsistent performance
across different scenarios.
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Table 4.1: Overall HR performance metrics of each unsupervised method evaluated
on the MR-NIRP, PURE, UBFC-rPPG and SCAMPS datasets.

Unsupervised Methods - HR

MR-NIRP PURE UBFC-rPPG
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 9.08 14.34 13.14 0.32 -6.60 3.06 12.27 3.57 0.84 8.41 4.15 12.95 3.91 0.77 3.26
POS 7.74 14.26 12.30 0.39 -3.71 4.23 12.81 8.41 0.85 8.12 0.54 1.71 0.55 0.99 6.90

CHROM 8.94 15.60 14.05 0.31 -5.41 5.38 14.94 10.58 0.79 5.11 0.70 2.58 0.72 0.99 4.23
GREEN 12.44 17.19 17.71 0.16 -11.59 11.17 23.71 12.89 0.29 -4.25 16.15 27.83 15.18 0.31 -9.88

LGI 7.87 13.33 11.21 0.44 -4.81 1.09 5.34 1.46 0.97 9.38 1.57 7.13 1.60 0.92 4.94
PBV 9.72 15.45 13.95 0.28 -7.13 7.31 17.92 8.74 0.64 0.62 3.73 11.56 3.68 0.82 0.82

On the MR-NIRP dataset, POS exhibited the lowest MAE, indicating its superior
accuracy in HR estimation among the unsupervised methods (Table 4.1). LGI fol-
lowed closely with regard to MAE but outperformed all methods in terms of RMSE.
This suggests that LGI, while slightly less accurate on average than POS, has a
better performance in minimizing large errors in HR estimation. The MAPE met-
ric further supports the effectiveness of LGI, presenting the lowest value among all
methods, indicating its higher overall precision across varying HR ranges. In terms
of correlation with the true HR (ρ), LGI again achieved the best performance. How-
ever, when comparing the SNR, POS outperforms all, suggesting that it is better
at distinguishing the HR signal from background noise, a critical factor in dynamic
environments like those encountered in autonomous vehicles.

Further evaluation of the unsupervised methods on the PURE and UBFC-rPPG
datasets revealed that the performance differences among the algorithms were highly
inconsistent and heavily dependent on the context and conditions of the data they
were tested on. This evaluation also highlighted that the MR-NIRP dataset posed
substantially greater challenges compared to the general datasets tested for the un-
supervised methods.

Table 4.2: Case specific HR performance metrics of each unsupervised method
evaluated on the MR-NIRP subsets.

Unsupervised Methods - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 11.14 15.42 14.77 0.23 -10.96 10.58 14.92 14.43 0.22 -10.11 9.46 14.07 13.34 0.30 -7.60
POS 9.16 14.22 13.01 0.34 -8.12 8.54 13.87 12.26 0.33 -6.96 8.14 13.97 12.37 0.40 -3.92

CHROM 10.90 16.19 15.36 0.21 -9.75 9.78 15.22 14.01 0.27 -8.07 8.38 14.68 12.68 0.35 -4.72
GREEN 14.71 18.67 19.87 0.01 -14.16 13.27 17.31 17.81 0.11 -13.74 11.91 16.61 16.80 0.17 -10.86

LGI 12.23 17.16 16.32 0.09 -10.37 10.68 15.41 14.36 0.26 -8.84 8.74 14.08 12.51 0.34 -5.32
PBV 11.74 16.44 15.49 0.11 -10.66 12.01 16.88 16.19 0.13 -10.18 9.86 15.56 14.06 0.23 -6.55

Garage Large Motion Garage Small Motion Garage Still
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 10.75 16.18 13.82 0.13 -9.22 6.19 11.93 8.57 0.44 -3.64 1.64 5.23 2.50 0.89 5.54
POS 5.97 12.56 9.00 0.53 -4.23 2.97 7.46 4.43 0.75 -0.24 1.73 7.29 3.04 0.80 6.11

CHROM 7.82 13.46 11.06 0.48 -6.98 5.53 11.50 8.22 0.51 -3.67 1.99 8.07 3.53 0.76 3.50
GREEN 13.66 18.10 18.16 0.10 -13.69 12.85 17.43 17.73 0.24 -12.16 6.71 12.83 9.99 0.42 -5.72

LGI 6.37 11.14 8.93 0.61 -5.83 2.90 6.44 3.98 0.82 -0.95 0.91 2.50 1.30 0.98 6.19
PBV 8.04 12.89 10.89 0.52 -6.50 5.69 10.17 7.75 0.66 -5.37 5.41 12.22 7.87 0.51 -1.07
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To assess the algorithms’ performance in specific vehicular conditions we are eval-
uating them on subsets of the MR-NIRP dataset. As detailed in Section 3.3.2,
MR-NIRP is divided into two distinct subsets based on the vehicle’s state. The first
contains recordings captured in a garage setting with a stationary vehicle where il-
lumination is stable. The second subset consists of recordings taken during driving,
where background motion, window reflections, and fluctuating lighting conditions
present more challenging conditions. Each subset is further split into three cate-
gories based on the subject’s movement: still, small motion, large motion.

In realistic driving conditions, the majority of unsupervised methods proved in-
effective in predicting accurate HR measurements (Table 4.2). This is evident as all
methods had RMSE close to, or greater than 15 beats/min, which indicates that the
HR was incorrectly estimated and the rPPG signal was not recovered well. Across
all three driving conditions, POS consistently showed the most robust performance
in all evaluation measures. LGI, while slightly less effective in higher motion sce-
narios, offered competitive accuracy, especially in driving still conditions.

In the controlled garage environment, the performance differences among the algo-
rithms were more pronounced (Table 4.2). LGI demonstrated the best performance,
achieving the lowest overall error and highest ρ in all garage scenarios. In large
and small motion scenarios POS had comparable performance to LGI while also
outperforming it in certain metrics.

Generally, GREEN and PBV under-performed in comparison to the other tested
methods. Notably, ICA, POS and CHROM exhibited strong performance under op-
timal conditions, such as the garage still environment but did not adapt well to the
other cases. Furthermore, all methods experienced a drastic decrease in accuracy
when subjected to conditions involving motion or changes in illumination.

(a) ICA (b) POS (c) CHROM

(d) GREEN (e) LGI (f) PBV

Figure 4.1: Example plot of the predicted HR signal from each unsupervised
method (red) against the ground-truth signal (black). The specific example corre-
sponds to "subject18_garage_still_940" recording of the MR-NIRP dataset.
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The prediction examples depicted in Figure 4.1, while circumstantial, effectively
illustrate the common issues encountered in unsupervised rPPG methods. These
methods often fail to accurately capture the shape and temporal dimension of the
BVP, as shown by the clear misalignment with the ground-truth signal in all cases,
which can cause inaccuracies in extracting vital signs like HR.

4.1.2 Neural Network models
The comparative analysis of the supervised NN models for HR estimation reveals
clear variations in performance across different model architectures. Tables 4.3 and
4.4 compare the performance of all the evaluated NN models when trained on the
MR-NIRP dataset.

Table 4.3: Overall HR performance metrics of all the supervised NN models when
trained on the the MR-NIRP dataset and evaluated on the MR-NIRP, PURE,
UBFC-rPPG and SCAMPS datasets.

NN Models - HR

MR-NIRP PURE UBFC-rPPG
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 7.45 12.69 9.95 0.31 -4.37 1.91 9.64 2.07 0.91 8.25 1.98 7.11 2.02 0.92 3.16
TS-CAN 6.78 11.76 9.17 0.40 -4.20 1.16 6.00 1.60 0.97 8.85 1.38 5.02 1.44 0.96 2.82

EfficientPhys-C 7.01 12.20 9.46 0.36 -4.25 1.36 6.04 1.99 0.96 7.06 3.95 12.88 3.73 0.78 1.37
Physnet 4.28 9.02 5.67 0.55 2.02 1.32 6.59 2.00 0.96 9.01 12.91 24.34 11.50 0.33 -3.40

PhysFormer 6.42 11.01 8.33 0.38 -0.39 1.14 4.77 1.82 0.98 8.87 24.39 33.11 22.02 -0.05 -12.45

On the MR-NIRP dataset, PhysNet demonstrated the strongest performance in all
evaluation metrics, followed by PhysFormer and TS-CAN. DeepPhys and EfficientPhys-
C, while not performing as well as the top models, still outperformed many unsu-
pervised methods.

Table 4.4: Case specific HR performance metrics of all the supervised NN models
when trained on the the MR-NIRP dataset using 5-Fold cross-validation and evalu-
ated on the MR-NIRP subsets.

NN Models - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 11.79 16.49 15.71 0.08 -10.18 9.95 14.56 13.00 0.21 -8.02 7.00 12.06 9.74 0.32 -3.47
TS-CAN 11.73 15.98 15.58 0.18 -10.45 8.83 13.48 11.81 0.31 -8.09 7.09 11.73 9.91 0.36 -4.20

EfficientPhys-C 11.07 15.48 14.78 0.20 -10.50 9.64 14.41 12.67 0.24 -8.28 7.44 12.52 10.42 0.31 -3.98
PhysNet 7.04 11.55 9.20 0.35 -4.21 5.80 10.47 7.56 0.44 -1.27 4.37 9.00 6.11 0.51 2.02

PhysFormer 9.17 12.97 12.08 0.19 -7.22 7.88 12.28 10.16 0.26 -3.39 6.35 10.81 8.57 0.37 -0.10

Garage Large Motion Garage Small Motion Garage Still
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 10.47 14.65 13.31 0.24 -8.72 4.99 9.46 6.65 0.51 -3.36 1.14 3.80 1.65 0.87 6.60
TS-CAN 8.45 12.90 10.87 0.31 -7.13 3.32 7.66 4.58 0.63 -1.97 0.81 2.32 1.13 0.88 7.38

EfficientPhys-C 8.25 12.70 10.62 0.31 -7.64 3.66 8.27 4.98 0.61 -1.86 0.96 3.08 1.41 0.87 7.12
PhysNet 5.43 10.01 6.53 0.52 -0.17 1.96 5.37 2.46 0.78 5.54 0.35 1.32 0.52 0.98 11.78

PhysFormer 7.07 11.28 9.10 0.35 -2.45 4.11 7.96 5.00 0.54 2.92 3.19 6.72 3.75 0.73 9.05
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In intra-dataset testing, the performance differences between the NN models were
more inconsistent. While models trained on the MR-NIRP dataset showed minimal
performance differences when tested on the PURE dataset, disparities were more
pronounced on UBFC-rPPG. All models performed well on PURE, reinforcing the
observation that PURE is generally a less challenging dataset. Notably, TS-CAN
outperformed all models on the UBFC-rPPG test set, while PhysNet and Phys-
Former struggled to adapt their features effectively. Similar observations were made
when models trained on the general-purpose datasets were tested on MR-NIRP, de-
tails of which will be presented in subsequent sections.

A comprehensive analysis of each model’s performance is detailed in subsequent
sections.

4.1.2.1 DeepPhys

When trained and tested on the MR-NIRP dataset, DeepPhys demonstrated promis-
ing results (Table 4.3), achieving performance comparable to the best unsupervised
methods tested (Table 4.1).

Table 4.5: Overall HR performance metrics of the DeepPhys model trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

DeepPhys - HR - MR-NIRP
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 7.45 12.69 9.95 0.31 -4.37
PURE 10.10 15.31 13.72 0.24 -8.09

UBFC-rPPG 10.14 15.35 13.75 0.25 -8.12
SCAMPS 11.17 16.04 15.22 0.19 -9.95

Specifically, DeepPhys outperformed all unsupervised methods in every error metric,
MAE, RMSE and MAPE. However, despite its superior accuracy, DeepPhys exhib-
ited slightly lower Pearson correlation coefficient (ρ) and SNR values compared to
some unsupervised approaches. This indicates that while DeepPhys is adept at min-
imizing absolute errors, its correlation with the actual HR signal and its ability to
filter out noise may not always surpass those of the top-performing unsupervised
algorithms.

Examining case specific test results, it is evident that the model experienced a
similar decrease in accuracy as the unsupervised methods when subjected to non-
optimal conditions (Table 4.4). While DeepPhys performs adequately in garage still
scenarios it seems to not be able to adapt well when faced with motion artifacts and
changes in illumination.
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Table 4.6: Case specific HR performance metrics of the DeepPhys trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

DeepPhys - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 11.79 16.49 15.71 0.08 -10.18 9.95 14.56 13.00 0.21 -8.02 7.00 12.06 9.74 0.32 -3.47
PURE 12.89 16.88 17.29 0.14 -12.92 12.68 17.05 17.10 0.15 -11.68 10.12 15.26 14.21 0.30 -7.56

UBFC-rPPG 13.67 17.90 18.17 0.09 -13.26 13.06 17.28 17.68 0.16 -12.44 10.61 15.67 14.94 0.25 -8.24
SCAMPS 13.62 17.37 18.04 0.07 -12.48 12.40 16.59 16.71 0.21 -11.66 9.97 15.39 14.00 0.29 -7.95

Garage Large Motion Garage Small Motion Garage Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 10.47 14.65 13.31 0.24 -8.72 4.99 9.46 6.65 0.51 -3.36 1.14 3.80 1.65 0.87 6.60
PURE 13.00 18.29 16.60 0.05 -11.65 9.46 14.86 12.46 0.13 -8.23 2.31 7.56 3.64 0.77 3.50

UBFC-rPPG 12.96 18.29 16.61 0.04 -10.96 8.30 13.70 11.07 0.27 -7.21 1.53 5.55 2.10 0.87 4.69
SCAMPS 14.74 19.03 19.17 0.02 -13.77 11.66 16.89 15.93 0.00 -10.93 6.62 11.84 9.53 0.46 -5.32

The generalization capability of DeepPhys was further explored through its perfor-
mance when trained on the PURE, UBFC-rPPG, and SCAMPS datasets (Tables
4.5, 4.6). While these models showed an expected increase in error metrics as com-
pared to the one trained on MR-NIRP, the differences are not significant. It should
also be noted that the one trained on the synthetic dataset, SCAMPS, had the most
drastic drop in accuracy.

(a) Raw Predicted Signal (b) Standardized Predicted Signal

Figure 4.2: Example plot of the predicted HR signal from DeepPhys (red)
against the ground-truth signal (black). The specific example corresponds to "sub-
ject18_garage_still_940" recording of the MR-NIRP dataset. The predicted signal
was extracted with the DeepPhys model trained using fold 1 (3.4). The raw pre-
dicted signal is depicted in plot (a) and the standardized predicted signal in (b).

It is a common phenomenon that NN models for rPPG struggle to retain the scale
of the labels they are trained on. This is evidently the case for DeepPhys as shown
by the example in Figure 4.2 and also for all other CNN-based NN models tested in
this benchmark (Figures 4.3, 4.4, 4.5). Even though the magnitude of the predicted
signal does not match the ground-truth, the model seems to be able to predict the
frequency contents well, which is the only factor necessary for HR estimation. This
is an interesting observation, but the discrepancy in the scale of the two signals
should not affect the accuracy of the model in extracting most vital signs.
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4.1.2.2 TS-CAN

The TS-CAN model managed to outperform DeepPhys in all metrics when trained
and tested on the MR-NIRP dataset (Table 4.3).

Table 4.7: Overall HR performance metrics of the TS-CAN model trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

TS-CAN - HR - MR-NIRP
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 6.78 11.76 9.17 0.40 -4.20
PURE 10.75 16.51 15.00 0.24 -8.59

UBFC-rPPG 9.93 15.28 13.81 0.28 -7.71
SCAMPS 12.88 17.89 18.20 0.13 -11.41

Overall, TS-CAN exhibited a significantly higher Pearson’s correlation coefficient (ρ)
with the ground-truth HR signal than DeepPhys. This was a point of contention for
DeepPhys since it was not able to compete with unsupervised methods such as POS
and LGI. Although TS-CAN did not outperform LGI in this metric, it effectively
narrowed the gap, showcasing a competitive edge in accurately correlating with the
true HR signals.

Table 4.8: Case specific HR performance metrics of the TS-CAN trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

TS-CAN - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 11.73 15.98 15.58 0.18 -10.45 8.83 13.48 11.81 0.31 -8.09 7.09 11.73 9.91 0.36 -4.20
PURE 12.97 17.49 17.47 0.16 -12.20 12.82 17.87 17.57 0.16 -11.29 11.17 16.69 16.25 0.29 -7.86

UBFC-rPPG 14.33 18.44 19.66 0.07 -12.92 13.26 17.93 18.43 0.15 -11.54 9.75 14.89 14.01 0.32 -7.47
SCAMPS 15.03 18.95 20.77 0.06 -13.83 14.25 18.68 20.00 0.13 -13.26 12.73 18.08 18.70 0.19 -10.58

Garage Large Motion Garage Small Motion Garage Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 8.45 12.90 10.87 0.31 -7.13 3.32 7.66 4.58 0.63 -1.97 0.81 2.32 1.13 0.88 7.38
PURE 11.55 16.62 15.17 0.19 -11.26 10.45 16.82 14.36 0.14 -8.44 4.34 11.84 6.70 0.57 -0.71

UBFC-rPPG 11.11 16.26 14.25 0.14 -9.76 7.82 13.34 10.74 0.38 -6.30 1.99 6.64 2.97 0.82 2.84
SCAMPS 15.16 19.74 20.20 -0.01 -12.72 12.95 18.26 18.27 0.07 -11.43 7.61 13.23 10.81 0.30 -6.76

In case-specific results, TS-CAN demonstrated commendable robustness when sub-
jected to motion, acquiring significant performance improvements over DeepPhys in
the garage tests (Table 4.4). However, similar to DeepPhys, it encountered difficul-
ties under varying illumination conditions, failing to provide accurate HR predictions
in the more challenging driving scenarios.

Regarding its generalization capabilities, TS-CAN performed similarly to DeepPhys,
with very accurate results in the least challenging garage still test case but struggled
to adapt to varying motion and illumination conditions (Tables 4.7, 4.8). Notably, a
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significant disparity in performance was observed when TS-CAN was trained on the
PURE versus the UBFC-rPPG dataset. Furthermore, the model did not produce
accurate results when trained on the synthetic SCAMPS dataset.

(a) Raw Predicted Signal (b) Standardized Predicted Signal

Figure 4.3: Example plot of the predicted HR signal from TS-CAN (red)
against the ground-truth signal (black). The specific example corresponds to "sub-
ject18_garage_still_940" recording of the MR-NIRP dataset. The predicted signal
was extracted with the TS-CAN model trained using fold 1 (3.4). The predicted
signal in (a) does not retain the magnitude of the ground-truth. In (b) the predicted
signal is standardized to have a more accurate comparison with the labels.

4.1.2.3 EfficientPhys-C

EfficientPhys-C is designed to be efficient and lightweight while achieving compara-
ble performance to other NN models for rPPG.

Table 4.9: Overall HR performance metrics of the EfficientPhys-C model trained
on MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

EfficientPhys-C - HR - MR-NIRP
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 7.01 12.20 9.46 0.36 -4.25
PURE 9.22 14.52 12.59 0.30 -7.63

UBFC-rPPG 10.02 15.53 13.82 0.26 -7.60
SCAMPS 12.86 17.45 17.99 0.14 -11.69

When trained and evaluated on the MR-NIRP dataset using 5-Fold cross-validation,
EfficientPhys-C performed similarly to the DeepPhys and TS-CAN. Specifically, it
managed to outperform the DeepPhys model in all measures while falling slightly
behind TS-CAN in all performance metrics. It should be noted that EfficientPhys-C
is considerably faster than TS-CAN (Table 4.19) while achieving comparable accu-
racy, which highlights a potential advantage over other NN models.
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Table 4.10: Case specific HR performance metrics of the EfficientPhys-C trained
on MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

EfficientPhys-C - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 11.07 15.48 14.78 0.20 -10.50 9.64 14.41 12.67 0.24 -8.28 7.44 12.52 10.42 0.31 -3.98
PURE 12.23 16.63 16.60 0.20 -12.17 11.46 16.43 15.47 0.21 -10.07 8.41 13.55 11.94 0.41 -5.91

UBFC-rPPG 13.23 17.35 17.99 0.18 -12.42 12.77 17.77 17.50 0.15 -10.98 10.05 15.63 14.31 0.26 -6.55
SCAMPS 13.76 17.43 19.16 0.15 -13.42 13.95 18.46 19.61 0.11 -12.45 11.63 17.14 16.77 0.19 -9.72

Garage Large Motion Garage Small Motion Garage Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 8.25 12.70 10.62 0.31 -7.64 3.66 8.27 4.98 0.61 -1.86 0.96 3.08 1.41 0.87 7.12
PURE 11.59 16.96 15.01 0.08 -10.37 8.14 13.44 11.01 0.26 -7.68 3.82 9.39 5.36 0.61 -0.78

UBFC-rPPG 12.71 17.98 16.27 -0.03 -11.23 8.60 14.18 11.67 0.30 -7.35 2.48 7.75 3.87 0.75 2.39
SCAMPS 13.86 18.05 18.39 0.00 -13.30 13.68 17.79 18.71 0.08 -12.57 11.16 15.76 15.72 0.19 -10.52

In the context of case-specific and intra-dataset evaluations (Tables 4.9, 4.10), the
model follows the general trend observed in its overall performance metrics. While
its results are consistently close to those achieved by TS-CAN, EfficientPhys-C falls
slightly behind in nearly all performance metrics.

(a) Raw Predicted Signal (b) Standardized Predicted Signal

Figure 4.4: Example plot of the predicted HR signal from EfficientPhys-C (red)
against the ground-truth signal (black). The specific example corresponds to "sub-
ject18_garage_still_940" recording of the MR-NIRP dataset. The predicted signal
was extracted with the EfficientPhys-C model trained using fold 1 (3.4). The pre-
dicted signal in (a) does not retain the magnitude of the ground-truth. In (b) the
predicted signal is standardized to have a more accurate comparison with the labels.

4.1.2.4 PhysNet

The PhysNet model, when trained and tested on the MR-NIRP dataset for HR esti-
mation, significantly outperformed both the supervised and unsupervised methods
previously discussed (Table 4.3).
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Table 4.11: Overall HR performance metrics of the PhysNet model trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

PhysNet - HR - MR-NIRP
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 4.28 9.02 5.67 0.55 2.02
PURE 14.87 23.40 21.39 0.14 -8.91

UBFC-rPPG 13.10 19.52 19.48 0.22 -9.32
SCAMPS 21.99 27.79 32.80 0.04 -13.92

When trained directly on the MR-NIRP dataset, PhysNet managed to achieve out-
standing results in all test cases, with a significant reduction in all error metrics
compared to the other evaluated methods. Notably, the Pearson correlation coef-
ficient (ρ) and SNR achieved with PhysNet were higher than those obtained with
unsupervised methods, indicating a strong agreement with the true HR signals and
effectiveness in canceling out noise. The main distinguishing characteristic of this
model to the other CNN based architectures is the integration of a temporal dimen-
sion which seems to offer a distinct advantage in accurately capturing the rPPG
signals in environments with increased motion and background noise.

Table 4.12: Case specific HR performance metrics of the PhysNet trained on
MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

PhysNet - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 7.04 11.55 9.20 0.35 -4.21 5.80 10.47 7.56 0.44 -1.27 4.37 9.00 6.11 0.51 2.02
PURE 10.94 15.77 14.99 0.26 -10.06 10.85 16.70 14.82 0.30 -8.95 9.12 16.16 13.16 0.31 -5.80

UBFC-rPPG 15.85 20.86 22.96 0.03 -12.41 14.87 20.64 21.73 0.19 -11.46 14.99 22.08 22.90 0.18 -8.55
SCAMPS 20.26 25.69 29.36 -0.04 -14.41 20.41 26.28 30.04 0.07 -13.99 19.26 25.32 29.21 0.12 -12.47

Garage Large Motion Garage Small Motion Garage Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 5.43 10.01 6.53 0.52 -0.17 1.96 5.37 2.46 0.78 5.54 0.35 1.32 0.52 0.98 11.78
PURE 20.75 28.09 29.65 -0.09 -12.46 24.48 33.68 35.85 -0.04 -11.17 24.19 33.96 36.32 0.10 -9.43

UBFC-rPPG 12.78 18.12 18.11 0.20 -10.99 11.07 16.87 16.26 0.26 -9.04 5.88 13.07 9.57 0.49 -3.27
SCAMPS 22.85 27.98 33.32 0.00 -15.16 25.64 31.34 38.35 -0.04 -14.61 27.51 32.51 41.99 0.07 -14.69

When examining the model’s performance across different training datasets not
specifically tailored to the dynamic conditions of autonomous vehicles, a sharp de-
cline in accuracy is observed (Tables 4.11, 4.12). Specifically, the model did not
retrieve an accurate HR signal in all intra-dataset tests as indicated by the ex-
tremely high error metrics. This drop in performance underscores the challenge of
generalizing across datasets with varying characteristics and conditions.
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(a) Raw Predicted Signal (b) Standardized Predicted Signal

Figure 4.5: Example plot of the predicted HR signal from PhysNet (red)
against the ground-truth signal (black). The specific example corresponds to "sub-
ject18_garage_still_940" recording of the MR-NIRP dataset. The predicted signal
was extracted with the PhysNet model trained using fold 1 (3.4). The predicted sig-
nal in (a) does not retain the magnitude of the ground-truth. In (b) the predicted
signal is standardized to have a more accurate comparison with the labels.

4.1.2.5 PhysFormer

As a Transformer-based model, PhysFormer is designed to leverage temporal dynam-
ics and long-range dependencies within rPPG signals, which could be particularly
advantageous for complex and dynamic scenarios such as those presented in au-
tonomous vehicles.

Table 4.13: Overall HR performance metrics of the PhysFormer model trained
on MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

PhysFormer - HR - MR-NIRP
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 6.42 11.01 8.33 0.38 -0.39
PURE 10.79 17.27 15.31 0.32 -8.23

UBFC-rPPG 14.34 20.78 21.74 0.15 -9.86
SCAMPS 28.61 34.05 42.87 -0.01 -14.92

When trained and tested on the MR-NIRP dataset, PhysFormer showcased perfor-
mance that surpassed the majority of the evaluated models across most metrics (Ta-
ble 4.3). Despite not reaching the high accuracy level set by PhysNet, PhysFormer
achieved lower error rates than all the 2D-CNN models included in the benchmark.
However, it is important to note that while PhysFormer had lower errors compared
to TS-CAN, which is the top-performing 2D-CNN model, it fell short in terms of the
Pearson correlation coefficient (ρ) and SNR. The lower performance in these areas
suggests that while PhysFormer is adept at reducing average estimation errors, its
predictions may not align as closely with the ground-truth across the entire range
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of HRs, and it may struggle more with noise in the signal compared to TS-CAN.

Table 4.14: Case specific HR performance metrics of the PhysFormer trained
on MR-NIRP, PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP
dataset.

PhysFormer - HR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 9.17 12.97 12.08 0.19 -7.22 7.88 12.28 10.16 0.26 -3.39 6.35 10.81 8.57 0.37 -0.10
PURE 13.26 18.16 18.38 0.19 -11.86 12.66 18.71 17.63 0.26 -10.31 11.30 18.03 16.71 0.29 -7.34

UBFC-rPPG 16.77 21.80 24.73 0.07 -13.68 17.09 22.50 25.47 0.08 -12.72 15.89 22.05 24.62 0.06 -9.86
SCAMPS 25.86 30.62 37.72 0.01 -15.88 27.84 33.34 41.24 -0.03 -14.90 29.06 35.02 44.27 0.00 -14.49

Garage Large Motion Garage Small Motion Garage Still
Train Set: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

MR-NIRP 7.07 11.28 9.10 0.35 -2.45 4.11 7.96 5.00 0.54 2.92 3.19 6.72 3.75 0.73 9.05
PURE 10.09 16.13 13.72 0.32 -9.30 9.09 16.37 12.81 0.42 -6.86 6.11 13.18 8.89 0.56 -3.42

UBFC-rPPG 12.51 17.25 17.82 0.22 -11.11 12.24 19.69 18.58 0.18 -8.35 7.19 16.29 11.95 0.35 -1.85
SCAMPS 30.10 34.79 44.16 -0.09 -15.77 29.49 34.78 43.74 0.00 -15.06 30.24 35.56 46.77 0.00 -14.28

When examining the performance of PhysFormer across different scenarios, it demon-
strated great adaptability to situations involving high motion and varying illumina-
tion conditions (Table 4.4). Interestingly, the model had the weakest performance
out of all tested algorithms in the garage still scenario, which presented optimal
conditions. In contrast, PhysFormer exhibited remarkable consistency in its per-
formance across varying degrees of motion, as its accuracy was less impacted by
increased motion and illumination artifacts.

In terms of generalization performance, PhysFormer struggled to produce viable
results during intra-dataset testing (Tables 4.13, 4.14). Mirroring the trend of Phys-
Net, the model experienced a sharp decline in performance when trained on datasets
with different conditions from its training set.

(a) Raw Predicted Signal (b) Standardized Predicted Signal

Figure 4.6: Example plot of the predicted HR signal from PhysFormer (red)
against the ground-truth signal (black). The specific example corresponds to "sub-
ject18_garage_still_940" recording of the MR-NIRP dataset. The predicted signal
was extracted with the PhysFormer model trained using fold 1 (3.4). The raw pre-
dicted signal is depicted in plot (a) and the standardized predicted signal in (b).
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Noteworthy is the ability of PhysFormer to capture the actual scale of the ground-
truth data. As mentioned before, NN models are not usually able to retain the
magnitude of the signal they are trained on. As illustrated in Figure 4.6, PhysFormer
not only aligns with the temporal pattern of the ground-truth signal but also its
amplitude.

4.2 Respiration Rate estimation
In this section, the test results for RR estimation using both unsupervised methods
and supervised NN models will be presented.

Many of the rPPG algorithms tested in this benchmark did not manage to pre-
dict a signal that contained adequate respiratory information. For those methods
there is no value in evaluating and comparing their performance as they did not
accurately capture the respiratory signal.

4.2.1 Unsupervised methods
For RR detection, the effectiveness of unsupervised rPPG methods demonstrated
mixed results.

Table 4.15: Overall RR performance metrics of the unsupervised methods evalu-
ated on the MR-NIRP, PURE, UBFC-rPPG and SCAMPS datasets. The unsuper-
vised methods GREEN, LGI, and PBV did not yield accurate RR predictions.

Unsupervised Methods - RR

MR-NIRP PURE UBFC-rPPG
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 2.45 4.86 26.45 0.04 21.69 2.44 4.96 26.06 0.04 19.39 2.66 5.36 24.09 0.10 19.38
POS 4.03 7.88 53.16 0.02 18.02 2.50 5.31 26.40 0.01 18.47 3.04 6.07 29.29 -0.09 19.71

CHROM 5.50 9.60 77.65 -0.01 14.90 3.11 6.12 35.08 0.05 16.48 4.55 8.38 53.66 0.04 17.34
GREEN 11.81 14.62 185.25 -0.04 4.26 8.40 11.79 119.82 -0.04 8.25 8.38 11.78 126.91 0.01 9.49

LGI 10.87 13.80 168.96 -0.01 4.82 4.10 7.38 52.95 0.18 14.66 5.95 9.91 90.02 0.34 9.84
PBV 11.26 14.15 176.63 -0.03 4.97 5.23 8.79 70.84 0.17 12.31 7.98 11.52 115.03 0.13 7.53

Overall, unsupervised methods did not produce accurate RR predictions as indi-
cated by the large errors (Table 4.15). It should be noted that for RR detection,
all results with RMSE greater than 5 would be considered inaccurate. The main
exception is ICA, which showed some promise with the lowest errors across all tested
algorithms. However, the low Pearson correlation coefficient (ρ) suggests a lack of
alignment between the predicted respiration signals and the actual ground-truth.
This discrepancy indicates that while this method can estimate RR with relatively
minimal error in terms of absolute values, it still struggles to capture the precise
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timing and pattern of respiration, pointing to a significant weakness in the predic-
tive capabilities of current unsupervised methods.

Table 4.16: Case specific RR performance metrics of the unsupervised methods
evaluated on the MR-NIRP dataset. The unsupervised methods GREEN, LGI, and
PBV did not yield accurate RR predictions in any test case.

Unsupervised Methods - RR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 3.20 6.29 31.19 -0.08 20.13 2.59 5.05 27.50 0.16 21.16 2.08 4.20 22.90 0.07 22.24
POS 4.24 8.15 50.07 0.05 16.34 4.33 8.21 59.57 0.12 16.81 4.79 9.04 65.51 -0.01 16.60

CHROM 6.45 10.80 85.41 -0.03 12.67 5.86 10.15 86.46 0.07 13.54 7.25 11.39 109.32 -0.12 12.78
GREEN 13.58 15.85 215.38 -0.09 1.40 13.72 15.81 218.05 -0.04 0.43 13.20 15.60 209.30 -0.01 2.84

LGI 13.37 15.55 210.18 -0.05 0.51 13.05 15.30 203.44 -0.04 0.07 12.92 15.10 204.57 0.00 1.96
PBV 13.13 15.30 209.13 -0.04 1.13 14.08 16.07 223.91 -0.05 0.31 12.13 14.73 191.03 0.06 2.57

Garage Large Motion Garage Small Motion Garage Still
Method: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

ICA 2.94 5.50 28.47 -0.19 21.63 2.54 4.96 27.22 0.01 21.41 1.89 3.43 25.41 -0.05 23.33
POS 3.05 5.99 30.04 -0.03 19.19 2.79 5.92 30.90 -0.04 20.99 2.22 4.28 30.58 -0.02 22.37

CHROM 5.44 9.30 70.10 0.11 15.97 3.39 6.96 39.45 -0.01 18.15 3.05 5.72 42.93 -0.03 19.42
GREEN 14.06 16.00 219.71 -0.05 1.59 9.37 12.80 141.86 -0.13 8.30 6.04 9.95 92.18 -0.05 13.26

LGI 12.55 14.88 191.88 -0.05 3.71 7.57 11.28 111.93 0.01 9.95 3.98 7.48 61.15 -0.05 17.35
PBV 13.60 15.72 206.93 -0.23 2.04 8.65 12.07 132.74 -0.07 10.69 5.01 8.92 77.84 -0.09 16.49

Case-specific assessments of the unsupervised methods revealed considerable re-
silience to motion variations, with ICA and POS displaying minimal deviation in
their performance across different motion cases (Table 4.16). However, POS achieved
RMSE slightly lower than 5 only in the optimal garage still tests. Furthermore, ICA
exhibited good adaptability in varying illumination, showing consistent results when
comparing controlled garage environments to dynamic driving scenarios.

(a) ICA (b) POS (c) CHROM

Figure 4.7: Example plot of the predicted RR signal against the ground-truth
signal (black) for ICA, POS, CHROM unsupervised methods. The specific example
corresponds to "subject18_garage_still_940" recording of the MR-NIRP dataset.

The example comparison of signals predicted by the three unsupervised methods
against the ground-truth, shown in Figure 4.7, underscores the observations made
regarding the low ρ values. It is evident from these visualizations that the predicted
signals bear little to no resemblance to the actual respiration signal. This reinforces
the conclusion that there is a significant discrepancy in capturing the true pattern
of respiration.

40



4. Results

4.2.2 Neural Network models
Similarly to the unsupervised methods, most supervised NN models did not produce
accurate RR estimates. PhysNet and PhysFormer, however, demonstrated promis-
ing results, surpassing the top performing unsupervised methods in certain metrics.

Table 4.17: Overall RR performance metrics of all the supervised NN models
when trained on the the MR-NIRP dataset and evaluated on the MR-NIRP, PURE,
UBFC-rPPG and SCAMPS datasets. DeepPhys, TS-CAN and EfficientPhys-C did
not yield accurate RR predictions.

NN Models - RR

MR-NIRP PURE UBFC-rPPG
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 10.95 13.70 175.18 0.07 5.23 4.35 7.95 64.88 0.21 15.32 10.05 13.22 156.47 0.23 5.86
TS-CAN 10.37 13.40 164.64 0.04 6.11 3.12 6.50 41.84 0.23 17.51 7.84 11.48 114.38 -0.04 9.46

EfficientPhys-C 10.51 13.52 166.78 0.03 5.81 3.96 7.36 55.81 0.27 14.54 7.87 11.51 118.22 0.21 9.16
Physnet 3.12 6.36 39.39 0.15 16.84 1.18 3.47 16.19 0.48 19.38 6.55 10.50 96.60 -0.01 10.91

PhysFormer 4.10 7.49 54.09 -0.01 15.95 3.86 7.46 49.79 0.07 16.21 4.81 8.11 59.43 0.09 13.74

When trained and evaluated on the MR-NIRP dataset, PhysNet emerged as the
superior model for RR estimation among the supervised NN models, showcasing the
lowest MAE, RMSE, and MAPE, as well as the highest Pearson correlation coef-
ficient (ρ) and SNR (Table 4.17). Notably, PhysNet achieved significantly higher
correlation with the ground-truth signal than any other supervised or unsupervised
method tested, indicating its superior ability to accurately capture the shape of the
respiration signal. The example plot presented in Figure 4.8 confirms this obser-
vation. The visual comparison clearly shows that the predicted signals from these
models capture the shape of the ground-truth respiratory signal better than the
unsupervised methods in Figure 4.7.

(a) PhysNet (b) PhysFormer

Figure 4.8: Example plot of the predicted RR signal against the ground-truth sig-
nal (black) for PhysNet, PhysFormer NN models. The specific example corresponds
to "subject18_garage_still_940" recording of the MR-NIRP dataset. The predicted
signal was extracted with the models trained using fold 1 (3.4) and standardized.

In intra-dataset testing, the NN models were mostly unable to predict RR accurately.
An exception to this occurred when the NN models were trained on the MR-NIRP
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dataset and tested on PURE, where they performed adequately, with PhysNet even
surpassing ICA, the best-performing unsupervised method on this dataset, across
all performance metrics (Table 4.17). When trained on general-purpose datasets, no
NN model was able to predict accurate RR measurements on the MR-NIRP dataset.
Therefore, these test results are not reported in the main section of the study and are
included in the Appendix A.1, instead. This outcome suggests a notable limitation
in the models’ ability to generalize RR estimation across datasets not specifically
tailored for RR detection. It also underscores the difficulty these methods face in
generating rPPG signals that accurately capture the respiration patterns present in
the BVP.

Table 4.18: Case specific RR performance metrics of all the supervised NN models
when trained on the the MR-NIRP dataset using 5-Fold cross-validation and eval-
uated on the MR-NIRP subsets. DeepPhys, TS-CAN and EfficientPhys-C did not
yield accurate RR predictions in any test case.

NN Models - RR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 10.48 13.56 166.99 0.14 4.42 12.30 14.58 191.16 0.05 3.72 11.42 13.96 186.00 0.04 4.80
TS-CAN 12.16 14.18 198.33 -0.01 5.87 12.94 15.01 202.08 -0.17 3.31 11.39 14.31 181.08 -0.13 7.58

EfficientPhys-C 13.18 15.12 211.18 0.08 4.64 11.85 14.29 187.24 0.01 5.05 10.78 13.66 171.87 -0.16 6.43
PhysNet 4.09 7.71 44.99 0.03 14.08 4.42 8.11 54.83 -0.03 13.93 2.95 5.90 36.39 0.40 16.80

PhysFormer 5.36 8.77 73.63 -0.01 12.99 4.93 8.28 60.39 -0.02 13.41 4.22 7.59 55.40 -0.04 15.92

Garage Large Motion Garage Small Motion Garage Still
NN Model: MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ↑ SNR↑

DeepPhys 13.77 16.35 211.11 -0.49 6.06 11.50 14.09 194.79 -0.09 5.57 5.20 8.30 79.03 0.23 12.50
TS-CAN 8.06 10.61 115.00 0.00 9.27 12.30 15.02 202.99 0.04 5.86 3.66 7.05 59.31 0.04 15.74

EfficientPhys-C 10.99 14.22 167.22 -0.33 4.79 9.89 13.13 163.82 0.05 5.89 4.61 9.35 77.15 -0.05 14.49
PhysNet 1.79 3.45 24.04 0.07 17.45 2.35 4.03 34.58 0.19 19.25 1.25 2.88 18.77 0.40 22.50

PhysFormer 4.81 8.10 68.49 -0.08 15.27 3.43 6.39 45.92 -0.11 18.43 1.44 2.92 20.72 0.39 21.43

Case-specific assessments revealed that PhysNet achieved superior performance in all
garage scenarios, but experienced a significant increase in errors during the driving
test cases (Table 4.18). This indicates that the model can be resilient to motion
in controlled environments, but it fails to adapt well in realistic driving conditions
with varying illumination. As for Physformer, although it performed comparably
to PhysNet in the optimal garage still tests, it did not achieve accurate results in
scenarios involving motion or changes in lighting.

4.3 Efficiency of Neural Network models

In this section we present the efficiency evaluation of the NN models. The through-
put for all NN models was calculated across the tests conducted in this benchmark
and is presented in Table 4.19.
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Table 4.19: Average Throughput of NN models.

NN Model: Throughput↑ (FPS)
DeepPhys 15863
TS-CAN 15412

EfficientPhys-C 25776
Physnet 1812

PhysFormer 8076

EfficientPhys-C demonstrated the highest throughput, significantly outperforming
the other models. This model’s speed is largely attributed to its design optimiza-
tions for computational efficiency, making it particularly suitable for real-time ap-
plications in resource-constrained environments [47].

Both DeepPhys and TS-CAN showed comparable throughput levels. The incor-
poration of the TSM in TS-CAN appears to enhance its accuracy capabilities with-
out substantially impacting its processing speed, thus maintaining a competitive
throughput. Conversely, Physnet and PhysFormer, while delivering superior perfor-
mance in terms of accuracy (Section 4.1), recorded the lowest throughput out of all
NN models. Apparently, their clear performance advantage over the other tested
NN models comes at the cost of efficiency. Their slower processing rates may limit
their utility in scenarios where immediate data processing is crucial.

It is important to note that all models achieved throughput rates sufficiently high
to handle real-time processing demands under our experimental setup and hard-
ware configuration (Section 3.5). Given that the video data were recorded at 30Hz,
each model is capable of processing at least 60 seconds of input frames every sec-
ond (Throughput > 1800 FPS), which is greater than the evaluation window used
in this benchmark for both HR and RR, confirming their feasibility for real-time
application in automotive systems.
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In this chapter, we present a summary of the results that answers the two main
research questions (Section 1.3) of this thesis. This overview highlights key insights
and conclusions drawn from the benchmark analysis of NN models and unsupervised
methods in the context of HR and RR estimation within dynamic vehicle environ-
ments. Following this summary, we discuss various factors that may have influenced
the results of this benchmark.

5.1 Discussion of Results

This section aims to summarize the results and provide our conclusions regarding
the two research questions of this thesis. RQ1 aims to explore the feasibility and
effectiveness of rPPG NN models in accurately detecting HR and RR in a vehicular
environment. RQ2 aims to assess the effectiveness of NN models trained for gen-
eralized environments in accurately estimating HR and RR in a vehicle environment.

5.1.1 Heart Rate estimation in vehicles

To answer RQ1 for the HR estimation task, we evaluated and compared the per-
formance of various NN models and unsupervised methods for rPPG in a vehicular
setting. According to the results in section 4.1, the NN models, specifically trained
on the MR-NIRP dataset, demonstrated commendable performance in the dynamic
environment of a vehicle. In general, the majority of NN models were able to out-
perform conventional unsupervised methods in HR estimation, under both optimal
and challenging conditions (Figure 5.1).

Particularly notable is the performance of PhysNet, which displayed superior ac-
curacy across all test cases. This model exhibited remarkable resilience to motion
artifacts, showing only minimal decreases in accuracy during high-motion tests.
Additionally, while all methods experienced some performance degradation under
varied illumination conditions that are present on the realistic driving scenarios,
PhysNet proved to be the most robust, consistently outperforming others.
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Figure 5.1: Visualization of case specific HR estimation RMSE of POS, LGI un-
supervised methods and all the supervised NN models when trained and evaluated
on the the MR-NIRP dataset (Tables 4.2, 4.4).

Another point of discussion could be the ability of PhysFormer to capture the actual
scale of the ground-truth data. As mentioned in section 4.1.2.1, CNN-based models
fail to retain the magnitude of the ground-truth signal they are trained on. This
seemingly unique feature of Physformer could be a result of its distinct transformer-
based architecture or the use of a specialized loss function for training, which might
have enabled the model to accurately learn the magnitude of the data it is trained
on. Even though this characteristic does not offer any benefits when it comes to HR
estimation, it could be a considerable advantage of this model in other rPPG signal
processing applications.

5.1.2 Respiration Rate estimation in vehicles
For the RR estimation task, the answer to RQ1 is somewhat ambiguous, as many of
the tested algorithms failed to produce meaningful results. The best performing NN
models, PhysNet and PhysFormer, were not able to outperform any of the unsuper-
vised methods in the error metrics. However, these models did generate respiration
signals that correlated more closely with the ground-truth compared to unsupervised
methods. Additionally, PhysNet once again showed the best motion robustness in
the garage test cases. Despite this, like all NN models, it was not as effective under
varying illumination when compared to the best unsupervised methods.

Overall, the performance of the best NN models and unsupervised methods was
largely constrained by challenging conditions, with these algorithms only managing
to produce accurate predictions in optimal, controlled environments, such as the
garage still scenarios. In more dynamic and less predictable settings, such as dur-
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ing driving with large or small motion and varying illumination, their effectiveness
significantly diminished (Figure 5.2).

Figure 5.2: Visualization of case specific RR estimation RMSE of ICA, POS,
CHROM unsupervised methods and PhysNet, PhysFormer supervised NN models
when trained and evaluated on the the MR-NIRP dataset (Tables 4.16, 4.18).

The generally low ρ observed across all RR tests does raise some doubts on the
reliability of these results for evaluating the effectiveness of the algorithms. The
challenge of RR detection is compounded by the nature of the respiration signal,
which occupies a very narrow and low frequency range (∼0.08-0.5 Hz), in contrast to
HR signals (∼0.75-2.5 Hz) which typically has much greater amplitude and range.
This results in the ground-truth respiration signal in the recorded BVP to have very
low SNR which makes it inherently difficult to distinguish the respiration signal from
potential noise.

5.1.3 Generalization Performance
To address RQ2 we tested the performance of the NN models when trained with
general purpose datasets and evaluated on the MR-NIRP. For HR estimation, the
models trained on PURE, UBFC-rPPG or SCAMPS and tested on MR-NIRP gen-
erally exhibited a decline in performance compared to when trained and tested on
MR-NIRP directly (Figure 5.3).

Overall, the ability of the NN models to generalize across settings is variable and
independent from their performance in RQ1. Models like DeepPhys, TS-CAN and
EfficientPhys demonstrated moderate generalization abilities, managing adequate
performance under optimal, garage still, vehicular conditions. However, in more
challenging cases with dynamic lighting and motion changes their performance de-
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teriorated greatly. This aligns with the limitations of the general datasets as they do
not contain the range of motion, lighting, and other environmental factors specific to
vehicular settings, thereby limiting the models’ ability to adapt to these conditions.

Furthermore, the best performing models, PhysNet and PhysFormer, exhibited no-
tably poor generalization performance with large errors even in optimal conditions.
This discrepancy indicates that the models might overfit to the specific environ-
mental characteristics of the training datasets. As a result these models are able to
isolate the necessary ROIs from background noise making them robust and effective
in the setting they are trained on, at the cost of generalizability across different
environments.

Figure 5.3: Visualization of the overall HR estimation RMSE of all the supervised
NN models when trained on MR-NIRP, PURE, UBFC-rPPG, or SCAMPS and
evaluated on the the MR-NIRP dataset (Table 4.3).

The generalization performance of NN models for RR estimation was particularly
poor, as most of the evaluated models did not produce viable RR estimates in
intra-dataset testing. As discussed previously (Section 5.1.2), extracting RR using
rPPG poses significant challenges, where detecting subtle respiratory signals be-
comes particularly difficult since these signals are often obscured by noise. The task
of generalizing features from stationary or less dynamic settings to highly variable
environments, such as inside a moving vehicle, complicates this issue.

5.2 Influencing Factors
There are several factors that may influence the validity of the results. Understand-
ing these factors is crucial for interpreting the findings accurately and for considering
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the broader implications and potential limitations of this benchmark study.

5.2.1 Vehicular Dataset limitations
This benchmark study relies solely on the MR-NIRP dataset for testing in a vehicu-
lar environment, presenting a notable limitation due to the lack of dataset diversity.
The videos in the dataset were recorded from a single type of vehicle cabin, restrict-
ing the variety of vehicle environments represented. This constraint raises concerns
about the ability of the models to generalize across different vehicular settings. Ad-
ditionally, employing the same dataset for training, validation, and testing could
potentially introduce bias, which we have attempted to mitigate by implementing
subject exclusive 5-Fold cross-validation. By adopting this approach, we ensure that
all subjects are included in the test set, while also minimizing the risk of the models
overfitting to any individual subject’s facial features.

Furthermore, as mentioned in section 3.3.2, MR-NIRP consists mainly of male par-
ticipants. As a result, it lacks representation of various aspects of women’s ap-
pearances, such as cultural nuances or makeup styles. This dataset imbalance may
introduce bias and result in poor performance when tested on more diverse data.

Additionally, by the dataset’s design, all subjects were placed in the passenger seat.
This could potentially compromise the validity of the study with regard to drivers’
vital sign monitoring applications. This aspect however, does not pose a significant
cause for concern as the exclusive focus of the tested algorithms is the face, mean-
ing that the subject and camera placement should not impact the accuracy of the
predictions as long as there is a clear view of their face.

5.2.2 ROI extraction for Unsupervised methods
ROI extraction is a common preprocessing step when evaluating the performance
of unsupervised rPPG methods. This process enables algorithms to concentrate on
the color fluctuations of skin pixels rather than the background noise in the frames.
While ROI extraction may be unnecessary under optimal conditions with a uniform
background and consistent lighting, it became essential in the dynamic setting of the
MR-NIRP dataset, where external illumination and motion introduced significant
noise [56][40].

Additionally, the selection of specific facial landmarks can significantly impact the
effectiveness of rPPG algorithms. Extensive research has explored how different
landmark regions influence the accuracy of rPPG measurements. For the purposes
of this benchmark study, however, we chose to utilize the entire face as the ROI.
This approach prioritizes simplicity and ensures that all facial regions, including
those not typically ideal, are considered, as they may still hold rPPG information
that the algorithms can leverage [67][68].
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5.2.3 Excluding Cases vs. Pseudo-Labeling
In this benchmark, we decided to exclude certain cases that displayed evidence of
incorrect sampling in the ground-truth PPG data (Section 3.4.3). An alternative
approach would be pseudo-labeling, which involves substituting faulty signals with
labels generated through an unsupervised rPPG method applied to the video data.
While this technique has been employed in other studies to preserve the utility of
cases with sampling errors for training and testing neural network models, we opted
against it [64].

Our primary concern was that pseudo-labeling could introduce significant bias into
the neural network models, potentially compromising the accuracy of the results.
Moreover, utilizing labels generated by the same unsupervised methods that the
study aims to evaluate would raise substantial questions about the benchmark’s va-
lidity, as it could obscure the true comparative performance of the tested algorithms.
Thus, excluding problematic cases was deemed a more sensible choice to ensure the
integrity and reliability of our findings.

5.2.4 Selection of Loss function
For the training configuration (Section 3.5.2), we maintained most parameters con-
sistent with those utilized in the pretrained models of the rPPG-Toolbox. However,
we diverged in our choice of loss function, opting for negative Pearson correlation
loss for all models except PhysFormer, in contrast to the Mean Squared Error (MSE)
loss employed by the original authors for training DeepPhys, TS-CAN, and Efficient-
Phys [61].

This deliberate choice was influenced by the unique challenges posed by the MR-
NIRP dataset, which exhibits greater variations in lighting and motion compared
to the other datasets. Given these characteristics, training with MSE loss proved
to be ineffective due to its high sensitivity to scale. Adjusting the loss function
helped accommodate the specific needs of MR-NIRP for additional normalization,
enhancing the models’ robustness against these variabilities.

5.2.5 Accuracy of extraction methods
A critical factor that can influence rPPG-based estimation is the accuracy of the
vital sign extraction methods. This process must effectively isolate the subtle phys-
iological signals from background noise and artifacts typical in dynamic environ-
ments, such as those encountered in vehicle settings. In this benchmark, we utilized
a FFT-based approach to isolate the dominant frequency that corresponds to the
appropriate HR or RR. This is a simple and accurate method commonly used in
many rPPG applications. However, it is possible that a different combination of
filtering and extraction techniques could yield more accurate readings.
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Regarding the extraction of RR, as mentioned in section 2.3, the process of res-
piration has multiple measurable effects on the BVP. Using a FFT-based method,
that only takes into consideration the frequency domain of the signal, means it relies
solely on the effects of RSA for calculating the RR. Therefore other approaches that
leverage a combination of the other respiration induced variations could be more
effective in isolating the respiration signal from potential noise.

5.3 Ethical Considerations
While conducting this study, we have prioritized the ethical sourcing of all data and
the protection of privacy concerns. All data used in this research are permitted
for academic purposes. The datasets utilized have explicit permissions for research
applications, ensuring compliance with legal and ethical standards. We have en-
sured that our research aligns with the guidelines and expectations set by the data
providers and the academic community. Furthermore, all published data, including
images, adhere to permissible use guidelines. The visual data presented in this thesis
are sourced from subjects that permit academic publication, and we have ensured
that no sensitive information is disclosed.
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In this thesis, we explore the feasibility and effectiveness of utilizing camera-based,
deep learning algorithms for the detection of vital signs in autonomous vehicles.
The objective was to benchmark various rPPG techniques in the context of dy-
namic vehicular environments, characterized by challenges such as motion artifacts
and fluctuating lighting conditions.

Our findings indicate that the application of ML models, particularly NN-based
approaches, demonstrated significant potential in accurately estimating HR and RR
from video data in these settings. The results validated our hypotheses, showing
that supervised NN models can perform robustly under the conditions tested, de-
spite the inherent challenges. By addressing the specific requirements and obstacles
of in-vehicle rPPG measurement, this study contributes valuable insights towards
the integration of non-invasive vital sign monitoring systems in autonomous vehicles.
The success of our work underscores the promise of deep learning methodologies in
enhancing driver safety and health monitoring in real-world automotive applications.

6.1 Future Work
Despite the accomplishments of this study, there are areas for enhancement in fu-
ture research. As mentioned in section 5.2.1, the vehicular dataset used for this
benchmark is imbalanced, posing a risk of generating biased results. To address this
potential risk, future work could involve incorporating a larger and more balanced
in-vehicle dataset for training and testing.

This benchmark study focuses on comparing methods solely tested on RGB record-
ings. To expand the scope of the benchmark in future efforts, NIR recordings could
also be integrated. As described in the related work, section 2.2.3, both NIR and
RGB-based methods offer distinct advantages and disadvantages in vital sign detec-
tion. By evaluating both methodologies, a more comprehensive benchmark can be
established that accounts for the diverse strengths and limitations of each approach.

To expand the benchmark’s scope further, future research could encompass test-
ing on additional vital signs like HRV and SPO2. While our current focus has been
only on HR and RR detection due to time constraints, it’s important to recognize
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that there are other vital signs that should be considered for holistic assessment of
a driver’s health status. Exploring these additional parameters could potentially
provide a more comprehensive understanding of different physiological dynamics.

Considering the continuous evolution of this field, it’s essential to regularly update
the benchmark with the most recent advancements in NN-based methodologies.
This proactive approach is important for the future work in preserving the bench-
mark’s reliability and utility, ensuring its continued value as a trusted resource for
researchers and software engineers.

The results obtained from RR testing, as discussed in section 5.1.2, did not yield
satisfactory outcomes. Future research could focus on enhancing this aspect by ex-
ploring alternative methods better suited for RR detection. Although extracting the
RR signal from rPPG is feasible, it presents challenges and the potential for inac-
curacies. Therefore, in future work, it may be advantageous to explore optical-flow
based methods, as mentioned in section 2.2.2, that could potentially offer improved
accuracy in RR estimation.
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A
Appendix

A.1 Additional Respiration Rate results

Table A.1: Overall RR performance metrics of all the NN methods trained on
PURE, UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP dataset.

NN Models - RR - MR-NIRP
DeepPhys TS-CAN EfficientPhys-C

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 12.56 14.79 202.15 0.07 2.90 12.10 14.48 194.46 0.02 3.82 12.69 14.95 203.81 0.02 3.45
UBFC-rPPG 12.54 14.85 201.82 0.05 2.94 12.53 14.85 200.35 0.02 3.56 12.28 14.70 196.74 0.03 3.86

SCAMPS 12.95 15.16 207.81 0.01 3.21 11.69 14.32 185.70 0.06 4.89 8.57 11.86 134.97 0.04 9.46

PhysNet PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 7.92 11.75 120.28 -0.01 9.54 10.87 13.80 168.96 -0.01 4.82
UBFC-rPPG 7.27 10.74 108.34 0.03 10.56 11.26 14.15 176.63 -0.03 4.97

SCAMPS 4.80 8.67 65.12 0.02 12.97 3.93 7.41 55.42 -0.10 17.36

Table A.2: RR performance metrics of all the NN methods trained on PURE,
UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP dataset over the Driving
test cases.

NN Models - RR - MR-NIRP

Driving Large Motion Driving Small Motion Driving Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 12.54 15.06 205.80 0.11 1.93 13.08 15.05 208.68 0.04 1.19 13.22 15.28 213.46 0.12 2.10
UBFC-rPPG 13.68 15.85 223.84 -0.05 0.49 13.21 15.25 212.14 0.05 1.40 12.66 14.99 205.38 0.12 2.51

SCAMPS 12.86 15.38 206.97 -0.17 2.40 13.33 15.45 212.36 0.08 2.60 12.95 15.14 208.00 0.03 3.52
TS-CAN

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 10.61 14.10 178.05 0.17 6.74 9.33 12.46 144.87 0.08 7.14 8.24 11.62 133.88 0.03 8.24
UBFC-rPPG 10.48 13.69 167.60 0.32 3.89 10.94 13.54 171.34 0.02 3.25 12.03 14.51 200.08 -0.09 3.98

SCAMPS 12.97 15.35 203.62 -0.20 1.24 13.01 15.58 192.47 0.05 2.97 9.33 12.91 138.52 -0.05 6.06
EfficientPhys-C

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 10.79 14.10 169.66 0.33 4.77 9.19 12.39 142.41 0.11 6.49 8.46 12.09 137.66 0.03 8.23
UBFC-rPPG 11.85 14.74 185.37 -0.01 3.82 11.56 14.51 175.92 0.08 3.08 10.71 13.48 180.20 -0.09 6.34

SCAMPS 14.15 16.31 216.42 -0.20 1.69 11.50 13.95 171.96 0.13 2.15 9.28 12.71 139.17 -0.06 5.20
PhysNet

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 2.70 6.42 24.72 0.29 17.17 3.73 7.41 55.01 -0.17 17.55 2.21 5.15 33.10 0.28 19.14
UBFC-rPPG 5.04 8.52 46.50 -0.04 13.22 5.85 9.46 56.11 0.19 9.92 3.69 7.03 48.29 0.31 14.55

SCAMPS 4.31 8.33 46.74 -0.12 12.32 4.63 8.86 60.53 -0.09 14.45 4.15 8.13 41.54 0.17 14.35
PhysFormer

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 2.89 6.21 35.65 -0.02 15.64 3.59 6.62 45.36 0.01 16.06 2.77 5.80 42.00 0.22 18.34
UBFC-rPPG 3.16 5.94 32.23 0.38 14.21 5.43 8.89 47.07 -0.10 12.09 2.83 6.18 27.65 -0.13 17.89

SCAMPS 8.07 12.24 107.87 -0.05 10.36 5.06 8.36 54.00 -0.04 12.18 6.90 10.71 90.21 -0.26 10.61
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Table A.3: RR performance metrics of all the NN methods trained on PURE,
UBFC-rPPG or SCAMPS and evaluated on the MR-NIRP dataset over the Garage
test cases.

NN Models - RR - MR-NIRP

Garage Large Motion Garage Small Motion Garage Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 11.43 13.98 182.45 0.17 3.66 9.29 12.61 148.45 0.12 6.42 9.56 12.80 169.17 -0.25 7.07
UBFC-rPPG 11.87 14.65 208.33 0.08 2.29 9.17 12.25 151.85 0.17 4.18 8.09 11.20 130.40 -0.09 9.94

SCAMPS 12.30 15.00 186.67 -0.21 0.64 10.99 14.09 176.49 0.00 6.23 10.99 13.24 167.50 0.29 7.05
TS-CAN

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 12.52 15.29 217.47 0.10 3.80 8.04 12.05 132.26 0.05 8.81 12.52 15.48 216.67 -0.05 5.92
UBFC-rPPG 13.18 14.85 212.64 0.09 1.43 11.24 13.92 191.55 -0.08 4.46 4.64 7.77 65.07 0.39 13.86

SCAMPS 12.45 15.21 213.89 0.28 5.82 11.57 14.78 176.25 -0.22 2.50 5.42 8.13 80.90 0.18 11.97
EfficientPhys-C

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 10.88 13.90 181.25 0.21 5.06 7.60 11.18 126.55 -0.07 8.88 9.94 12.94 164.38 0.19 5.51
UBFC-rPPG 10.55 13.52 168.61 0.21 4.04 11.36 14.45 185.89 0.30 5.35 6.82 10.65 103.20 0.18 10.61

SCAMPS 9.67 13.33 158.89 0.39 5.55 10.91 13.83 161.54 -0.25 3.33 6.01 9.52 91.25 0.16 11.43
PhysNet

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 1.21 1.92 18.54 0.28 18.97 0.69 1.37 11.25 0.57 20.80 0.77 1.58 12.08 0.56 23.32
UBFC-rPPG 0.88 1.60 12.22 -0.20 17.17 3.01 5.10 46.90 0.08 19.12 1.62 3.27 17.82 0.76 21.16

SCAMPS 3.96 7.78 43.89 -0.15 10.59 5.35 9.59 74.10 -0.14 14.32 1.83 3.95 30.00 -0.05 20.19
PhysFormer

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

PURE 4.72 8.73 60.08 -0.19 14.19 2.45 5.57 41.55 -0.11 19.15 1.26 2.93 19.79 0.52 19.60
UBFC-rPPG 5.86 9.60 71.94 -0.12 12.14 1.82 4.14 29.94 -0.06 20.82 1.20 1.96 18.40 0.39 22.15

SCAMPS 8.50 12.70 134.44 -0.21 10.15 5.42 9.05 49.16 -0.04 14.88 2.34 5.76 27.85 0.50 19.85
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A.2 Results per Fold

A.2.1 Heart Rate results

Table A.4: Overall HR performance metrics of all the NN methods for each Fold.

NN Models - HR
DeepPhys TS-CAN EfficientPhys-C

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 7.71 12.84 10.80 0.18 -4.99 7.66 12.64 10.82 0.28 -5.16 8.15 13.10 11.48 0.20 -5.25
FOLD2 6.48 11.19 9.50 0.48 -3.71 5.71 10.52 8.47 0.55 -2.83 5.79 11.09 8.65 0.50 -2.43
FOLD3 5.55 9.94 8.03 0.28 -3.06 5.55 9.81 8.09 0.30 -3.29 5.81 10.11 8.49 0.29 -3.57
FOLD4 9.22 16.22 10.64 0.52 -5.01 7.66 14.23 8.97 0.59 -4.42 8.13 15.09 9.36 0.57 -4.77
FOLD5 8.31 13.25 10.77 0.11 -5.10 7.31 11.57 9.47 0.27 -5.28 7.18 11.59 9.30 0.24 -5.24

PhysNet PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 4.73 8.76 6.81 0.46 -0.09 5.44 9.44 7.87 0.38 -0.20
FOLD2 3.64 8.46 5.66 0.68 2.28 4.75 9.32 7.46 0.59 1.32
FOLD3 2.72 5.81 3.96 0.60 3.18 4.45 8.02 6.64 0.41 2.70
FOLD4 5.78 13.16 6.17 0.63 1.60 12.46 19.14 13.37 0.17 -7.44
FOLD5 4.54 8.89 5.72 0.40 3.15 5.00 9.12 6.32 0.33 1.69

Table A.5: HR performance metrics of all the NN methods for each Fold over the
Driving test cases.

NN Models - HR

Driving Large Motion Driving Small Motion Driving Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 4.73 8.76 6.81 0.46 -0.09 4.73 8.76 6.81 0.46 -0.09 4.73 8.76 6.81 0.46 -0.09
FOLD2 3.64 8.46 5.66 0.68 2.28 3.64 8.46 5.66 0.68 2.28 3.64 8.46 5.66 0.68 2.28
FOLD3 2.72 5.81 3.96 0.60 3.18 2.72 5.81 3.96 0.60 3.18 2.72 5.81 3.96 0.60 3.18
FOLD4 5.78 13.16 6.17 0.63 1.60 5.78 13.16 6.17 0.63 1.60 5.78 13.16 6.17 0.63 1.60
FOLD5 4.54 8.89 5.72 0.40 3.15 4.54 8.89 5.72 0.40 3.15 4.54 8.89 5.72 0.40 3.15

TS-CAN
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20
FOLD2 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32
FOLD3 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70
FOLD4 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44
FOLD5 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69

EfficientPhys-C
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 4.73 8.76 6.81 0.46 -0.09 4.73 8.76 6.81 0.46 -0.09 4.73 8.76 6.81 0.46 -0.09
FOLD2 3.64 8.46 5.66 0.68 2.28 3.64 8.46 5.66 0.68 2.28 3.64 8.46 5.66 0.68 2.28
FOLD3 2.72 5.81 3.96 0.60 3.18 2.72 5.81 3.96 0.60 3.18 2.72 5.81 3.96 0.60 3.18
FOLD4 5.78 13.16 6.17 0.63 1.60 5.78 13.16 6.17 0.63 1.60 5.78 13.16 6.17 0.63 1.60
FOLD5 4.54 8.89 5.72 0.40 3.15 4.54 8.89 5.72 0.40 3.15 4.54 8.89 5.72 0.40 3.15

PhysNet
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20
FOLD2 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32
FOLD3 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70
FOLD4 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44
FOLD5 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69

PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20 5.44 9.44 7.87 0.38 -0.20
FOLD2 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32 4.75 9.32 7.46 0.59 1.32
FOLD3 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70 4.45 8.02 6.64 0.41 2.70
FOLD4 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44 12.46 19.14 13.37 0.17 -7.44
FOLD5 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69 5.00 9.12 6.32 0.33 1.69
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Table A.6: HR performance metrics of all the NN methods for each Fold over the
Garage test cases.

NN Models - HR

Garage Large Motion Garage Small Motion Garage Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 3.52 5.86 5.11 0.60 -3.36 2.64 5.34 3.71 0.75 -1.99 0.24 0.93 0.37 0.99 9.86
FOLD2 9.59 14.68 12.36 0.46 -8.60 6.70 11.42 10.20 0.57 -4.00 2.12 7.16 3.51 0.81 3.75
FOLD3 10.84 15.04 15.72 0.01 -9.89 3.39 7.10 4.68 0.45 -2.15 0.70 2.11 1.06 0.94 7.16
FOLD4 20.80 26.21 23.43 -0.08 -12.68 6.74 13.46 7.64 0.51 -6.08 0.93 3.95 1.05 0.97 5.50
FOLD5 7.62 11.45 9.91 0.21 -9.06 5.47 9.98 7.02 0.27 -2.59 1.71 4.85 2.24 0.66 6.75

TS-CAN
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 3.91 7.86 5.71 0.52 -1.74 2.88 9.05 4.33 0.49 -0.86 0.24 0.93 0.35 0.99 11.02
FOLD2 9.52 14.35 12.88 0.40 -7.65 3.89 8.34 5.85 0.75 -1.66 0.48 1.39 0.76 0.99 5.09
FOLD3 5.86 8.85 8.63 0.19 -6.76 2.47 5.30 3.52 0.69 -1.24 0.61 1.46 0.94 0.97 8.53
FOLD4 12.89 19.82 14.08 0.20 -10.19 3.08 7.12 3.69 0.86 -4.78 0.59 1.44 0.83 1.00 6.73
FOLD5 10.06 13.63 13.06 0.23 -9.29 4.30 8.49 5.53 0.36 -1.33 2.15 6.39 2.75 0.45 5.51

EfficientPhys-C
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 2.93 5.56 4.24 0.69 -1.52 2.39 5.67 3.45 0.72 -0.30 0.24 0.93 0.36 0.99 10.47
FOLD2 9.52 14.69 12.79 0.34 -7.91 4.85 10.73 7.47 0.60 -1.92 1.25 5.32 2.20 0.88 5.01
FOLD3 6.25 10.38 9.46 0.10 -8.02 2.76 6.71 3.97 0.62 -1.14 0.66 1.52 1.00 0.97 8.40
FOLD4 13.87 20.62 15.40 0.25 -11.79 3.86 9.69 4.41 0.72 -3.68 0.39 1.17 0.56 1.00 6.46
FOLD5 8.69 12.25 11.23 0.17 -8.98 4.44 8.56 5.63 0.39 -2.25 2.25 6.45 2.95 0.49 5.25

PhysNet
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 1.37 3.42 2.07 0.84 3.91 0.24 0.93 0.35 0.99 7.69 0.10 0.59 0.14 1.00 13.83
FOLD2 5.79 11.76 7.95 0.56 -0.46 1.72 5.60 2.85 0.86 4.59 0.59 1.68 0.96 0.99 8.60
FOLD3 2.44 4.27 3.46 0.75 0.88 0.96 2.57 1.36 0.91 6.53 0.28 1.71 0.44 0.96 12.72
FOLD4 12.30 21.00 12.57 0.12 -5.85 4.59 11.65 4.80 0.59 1.80 0.39 1.17 0.51 1.00 10.61
FOLD5 5.27 9.63 6.63 0.32 0.65 2.29 6.10 2.91 0.57 7.08 0.39 1.44 0.55 0.97 13.15

PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 3.03 5.77 4.48 0.66 4.53 1.07 2.75 1.59 0.92 6.46 0.24 0.93 0.36 0.99 14.21
FOLD2 7.40 12.19 10.78 0.50 -2.29 2.85 6.46 4.44 0.80 4.34 2.34 7.42 4.27 0.77 7.57
FOLD3 5.76 9.25 8.58 0.07 -0.25 2.18 4.91 3.02 0.64 7.10 0.66 2.07 1.01 0.93 12.80
FOLD4 13.48 18.93 14.54 0.25 -13.83 11.33 18.74 12.02 -0.12 -7.89 11.67 20.39 11.73 0.06 -0.38
FOLD5 5.66 10.28 7.14 0.26 -0.41 3.13 6.96 3.93 0.46 4.61 1.03 2.78 1.40 0.88 11.06
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A.2.2 Respiration Rate results

Table A.7: Overall RR performance metrics of all the NN methods for each Fold.

NN Models - RR
DeepPhys TS-CAN EfficientPhys-C

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 10.28 13.37 165.59 0.09 6.43 10.79 13.63 171.49 -0.06 7.14 10.56 13.58 169.27 -0.01 6.72
FOLD2 12.00 14.41 194.79 -0.01 4.83 9.69 13.08 159.44 0.08 7.20 9.57 12.83 153.69 0.14 6.73
FOLD3 10.23 13.05 164.78 0.12 5.28 10.45 13.32 168.89 0.10 5.10 10.51 13.60 166.89 0.08 5.46
FOLD4 11.41 14.16 179.96 0.11 4.26 10.66 13.82 162.75 -0.02 5.04 10.22 13.38 155.33 0.03 4.74
FOLD5 10.85 13.53 170.80 0.04 5.34 10.23 13.15 160.66 0.12 6.05 11.71 14.20 188.72 -0.09 5.38

PhysNet PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 3.37 6.73 47.11 0.18 16.24 4.53 7.72 68.28 0.07 15.52
FOLD2 2.26 5.35 31.86 0.09 19.19 2.91 6.02 40.34 0.03 17.36
FOLD3 3.87 7.15 43.28 0.23 14.96 3.32 6.56 34.87 0.03 16.58
FOLD4 4.11 8.10 50.34 -0.01 14.68 5.82 9.74 71.52 -0.08 12.93
FOLD5 1.98 4.46 24.34 0.28 19.15 3.93 7.41 55.42 -0.10 17.36

Table A.8: RR performance metrics of all the NN methods for each Fold over the
Driving test cases.

NN Models - RR

Driving Large Motion Driving Small Motion Driving Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 8.35 11.77 127.71 0.26 8.46 9.81 12.93 164.60 0.23 4.71 12.92 15.38 204.48 -0.12 4.60
FOLD2 13.58 16.02 214.89 -0.21 2.97 13.33 15.26 208.76 0.07 4.03 12.55 14.40 208.33 -0.16 4.93
FOLD3 10.42 13.35 154.47 0.07 4.72 10.55 13.06 162.58 0.15 5.28 11.27 13.82 188.99 0.07 4.49
FOLD4 10.30 13.17 175.40 0.28 2.37 14.26 16.21 217.85 0.00 1.93 9.57 12.86 154.17 0.30 5.64
FOLD5 9.76 13.46 162.50 0.31 3.57 13.55 15.43 202.00 -0.22 2.65 10.81 13.32 174.02 0.10 4.36

TS-CAN
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 12.16 14.18 198.33 -0.01 5.87 12.94 15.01 202.08 -0.17 3.31 11.39 14.31 181.08 -0.13 7.58
FOLD2 10.61 14.10 178.05 0.17 6.74 9.33 12.46 144.87 0.08 7.14 8.24 11.62 133.88 0.03 8.24
FOLD3 10.48 13.69 167.60 0.32 3.89 10.94 13.54 171.34 0.02 3.25 12.03 14.51 200.08 -0.09 3.98
FOLD4 12.97 15.35 203.62 -0.20 1.24 13.01 15.58 192.47 0.05 2.97 9.33 12.91 138.52 -0.05 6.06
FOLD5 9.23 13.05 162.83 0.23 4.39 10.55 13.15 156.32 0.13 3.83 11.01 13.82 169.71 0.21 6.53

EfficientPhys-C
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 13.18 15.12 211.18 0.08 4.64 11.85 14.29 187.24 0.01 5.05 10.78 13.66 171.87 -0.16 6.43
FOLD2 10.79 14.10 169.66 0.33 4.77 9.19 12.39 142.41 0.11 6.49 8.46 12.09 137.66 0.03 8.23
FOLD3 11.85 14.74 185.37 -0.01 3.82 11.56 14.51 175.92 0.08 3.08 10.71 13.48 180.20 -0.09 6.34
FOLD4 14.15 16.31 216.42 -0.20 1.69 11.50 13.95 171.96 0.13 2.15 9.28 12.71 139.17 -0.06 5.20
FOLD5 12.48 15.09 218.50 0.20 3.29 12.25 14.21 176.53 -0.09 3.99 10.55 13.52 172.60 -0.09 6.36

PhysNet
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 5.92 9.62 78.13 0.16 10.64 5.18 9.06 75.26 -0.11 13.18 2.62 5.14 34.04 0.54 15.81
FOLD2 2.70 6.42 24.72 0.29 17.17 3.73 7.41 55.01 -0.17 17.55 2.21 5.15 33.10 0.28 19.14
FOLD3 5.04 8.52 46.50 -0.04 13.22 5.85 9.46 56.11 0.19 9.92 3.69 7.03 48.29 0.31 14.55
FOLD4 4.31 8.33 46.74 -0.12 12.32 4.63 8.86 60.53 -0.09 14.45 4.15 8.13 41.54 0.17 14.35
FOLD5 2.48 5.65 28.86 -0.12 17.05 2.71 5.77 27.21 0.06 14.56 2.08 4.08 25.00 0.70 20.14

PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 5.08 7.83 73.83 -0.14 13.79 5.75 9.26 90.80 0.23 12.13 5.34 8.29 78.98 -0.10 14.67
FOLD2 2.89 6.21 35.65 -0.02 15.64 3.59 6.62 45.36 0.01 16.06 2.77 5.80 42.00 0.22 18.34
FOLD3 3.16 5.94 32.23 0.38 14.21 5.43 8.89 47.07 -0.10 12.09 2.83 6.18 27.65 -0.13 17.89
FOLD4 8.07 12.24 107.87 -0.05 10.36 5.06 8.36 54.00 -0.04 12.18 6.90 10.71 90.21 -0.26 10.61
FOLD5 7.59 11.65 118.56 -0.21 10.94 4.80 8.25 64.74 -0.22 14.58 3.25 7.00 38.16 0.08 18.09
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Table A.9: RR performance metrics of all the NN methods for each Fold over the
Garage test cases.

NN Models - RR

Garage Large Motion Garage Small Motion Garage Still
DeepPhys

Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 13.77 16.35 211.11 -0.49 6.06 11.50 14.09 194.79 -0.09 5.57 5.20 8.30 79.03 0.23 12.50
FOLD2 11.43 13.98 182.45 0.17 3.66 9.29 12.61 148.45 0.12 6.42 9.56 12.80 169.17 -0.25 7.07
FOLD3 11.87 14.65 208.33 0.08 2.29 9.17 12.25 151.85 0.17 4.18 8.09 11.20 130.40 -0.09 9.94
FOLD4 12.30 15.00 186.67 -0.21 0.64 10.99 14.09 176.49 0.00 6.23 10.99 13.24 167.50 0.29 7.05
FOLD5 13.92 15.42 221.67 -0.14 4.93 9.01 11.81 137.99 -0.30 8.52 8.64 11.74 140.21 0.18 8.71

TS-CAN
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 8.06 10.61 115.00 0.00 9.27 12.30 15.02 202.99 0.04 5.86 3.66 7.05 59.31 0.04 15.74
FOLD2 12.52 15.29 217.47 0.10 3.80 8.04 12.05 132.26 0.05 8.81 12.52 15.48 216.67 -0.05 5.92
FOLD3 13.18 14.85 212.64 0.09 1.43 11.24 13.92 191.55 -0.08 4.46 4.64 7.77 65.07 0.39 13.86
FOLD4 12.45 15.21 213.89 0.28 5.82 11.57 14.78 176.25 -0.22 2.50 5.42 8.13 80.90 0.18 11.97
FOLD5 8.35 11.29 114.72 0.52 7.28 10.40 13.03 157.57 -0.38 7.03 10.33 13.23 177.71 -0.12 8.04

EfficientPhys-C
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 10.99 14.22 167.22 -0.33 4.79 9.89 13.13 163.82 0.05 5.89 4.61 9.35 77.15 -0.05 14.49
FOLD2 10.88 13.90 181.25 0.21 5.06 7.60 11.18 126.55 -0.07 8.88 9.94 12.94 164.38 0.19 5.51
FOLD3 10.55 13.52 168.61 0.21 4.04 11.36 14.45 185.89 0.30 5.35 6.82 10.65 103.20 0.18 10.61
FOLD4 9.67 13.33 158.89 0.39 5.55 10.91 13.83 161.54 -0.25 3.33 6.01 9.52 91.25 0.16 11.43
FOLD5 15.82 17.19 254.44 -0.26 3.27 8.13 10.75 117.29 -0.16 7.04 11.35 14.41 198.26 -0.20 7.58

PhysNet
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 2.20 4.45 36.11 -0.10 21.42 1.25 1.93 18.13 0.26 20.90 0.66 1.48 9.93 0.62 23.16
FOLD2 1.21 1.92 18.54 0.28 18.97 0.69 1.37 11.25 0.57 20.80 0.77 1.58 12.08 0.56 23.32
FOLD3 0.88 1.60 12.22 -0.20 17.17 3.01 5.10 46.90 0.08 19.12 1.62 3.27 17.82 0.76 21.16
FOLD4 3.96 7.78 43.89 -0.15 10.59 5.35 9.59 74.10 -0.14 14.32 1.83 3.95 30.00 -0.05 20.19
FOLD5 0.73 1.52 9.44 0.51 19.08 1.46 2.15 22.50 0.19 21.13 1.39 4.14 24.03 0.09 24.65

PhysFormer
Train Set: MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑ MAE↓ RMSE↓ MAPE↓ ρ ↑ SNR↑

FOLD1 2.20 4.03 26.11 0.34 19.14 4.03 7.50 61.11 -0.21 18.40 1.03 1.76 15.97 0.43 22.37
FOLD2 4.72 8.73 60.08 -0.19 14.19 2.45 5.57 41.55 -0.11 19.15 1.26 2.93 19.79 0.52 19.60
FOLD3 5.86 9.60 71.94 -0.12 12.14 1.82 4.14 29.94 -0.06 20.82 1.20 1.96 18.40 0.39 22.15
FOLD4 8.50 12.70 134.44 -0.21 10.15 5.42 9.05 49.16 -0.04 14.88 2.34 5.76 27.85 0.50 19.85
FOLD5 2.78 5.44 49.86 -0.21 20.70 3.44 5.71 47.85 -0.11 18.90 1.39 2.18 21.60 0.10 23.16
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