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Remote measurement of respiratory behaviour through RGB cameras has gained significant attention in the last
couple of decades. Unlike traditional contact-based methods that may cause discomfort and require specialised
equipment, contactless physiological measurement techniques offer a non-invasive way to monitor vital signs.
In this survey article, we comprehensively review the literature and techniques related to estimating respiratory
information from RGB cameras. We categorise the approaches into three main groups: methods utilising
respiration-induced body movements, methods extracting respiratory information from blood volume pulse
signals obtained via remote photoplethysmography, and deep learning-based techniques for direct respiratory
signal extraction. To evaluate these approaches, we perform a comparative assessment using publicly available
datasets. As a result, we uncover emerging trends while identifying strengths and weaknesses in the field. Our
contributions include a detailed review of the literature, a benchmark of representative methods on multiple
datasets, and the introduction of a new Python package called RESPYRE that implements the benchmarked
approaches, making them accessible to the research community. This survey aims at promoting reproducibility,
facilitate further research, and guide the development of more accurate and practical methods for remote
respiration measurement using RGB cameras.
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1 Introduction

The brain constantly regulates body functions by anticipating its needs and attempting to meet
them before they arise (allostasis, [140]). Such relentless endeavour to predict changing conditions,
evaluate priorities and prepare the organism to satisfy them involves the production of physiological
responses of various nature (e.g., variations in heartbeat and respiratory rhythm).

Indeed, the duet of interoception - the set of processes by which the nervous system takes in,
integrates, and makes meaning of sensory signals originating within the body - and allostatic
regulation is the bulk of the organism’s ability to respond to changes in the environment as to
preserve its existence [140, 142]. Thus, it is no surprise that the monitoring of physiological signs
is of primary importance to a variety of scopes: clinical purposes, aliveness detection, affective
computing, and health assessment.

In general, the measurement of vital signs requires invasive equipment to be placed appropriately
on the subject’s body. In most cases this fact hinders the adoption of such kind of information
due to various reasons: from physical discomfort, to the need of employing dedicated equipment
and expertise, up to the actual impossibility of placing the required sensors [33]. Under such
circumstances, in the last couple of decades, the scientific community has witnessed the rise of a
burgeoning wave of novel approaches to measure vital signs in a contactless way. This has led to the
development of techniques enabling the non-contact measurement of many different physiological
signals, like Blood Volume Pulse (BVP) signals, Blood Pressure, Electro-Dermal Activity (EDA),
blood Oxygenation levels (SpO,), Respiration Waveforms (RW) and Respiration Rates (RR).
This set of methods has been typically referred to as Contactless physiological measurement [108].
The flourish of proposals pledges to supersede the contact-based approaches with a negligible
loss of reliability and accuracy, but with sensible gains in both unobtrusiveness and wideness of
applicability.

Non-contact physiological measurement methods have hitherto been mainly concerned with
the proposal of solutions for the measurement of cardiac and respiratory signals. In particular,
contactless cardiac measurement has received considerable attention. This trend is witnessed by
the increasing number of studies [37, 60, 108, 120, 137, 160], accompanied by the release of publicly
available datasets and code [15, 17, 109, 110].

Yet, remote respiration monitoring is gaining more and more consideration, especially after
the spread of COVID-19 pandemic [104]. Indeed, respiratory behaviour is considered a sensitive
marker of many physiopathological stressors while being one of the earliest vital signs signalling
changes in a patient’s clinical status [62]. Two recent review articles [6, 103] show that contactless
respiration measurement may be performed through many different instruments: acoustic sensors,
thermal cameras, depth cameras, radar sensors, laser vibrometry, stereoscopic cameras, time-of-
flight sensors, structured light sensors, Wi-Fi and RGB cameras.

RGB cameras are particularly appealing as they represent one of the most ubiquitous and
affordable sensors enabling non-contact breathing monitoring. Yet, to the best of our knowledge, a
literature review focusing on the explicit adoption of RGB cameras for the non-contact measurement
of respiratory signals is still missing, despite the increasing interest in the topic from both the
scientific community and the stakeholders. Indeed, although [6] and [103] effectively survey the
broad spectrum of approaches adopting any of the aforementioned sensors, the specific literature
related to RGB cameras is barely touched.

The chief concern of this work is to carefully review the RGB-camera approach and the possible
applications which may result from such technology. Further, we perform a comparative assessment
of distinct groups of techniques, by evaluating them on publicly available datasets in order to
highlight their strengths and weaknesses. Our motivation is to promote the reproducibility and
expansion of this evaluation. In brief, this survey aims at the following contributions:
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Fig. 1. Overview of the overall organisation of the reviewed literature based on the proposed taxonomy:
Motion-based, rPPG-based, and Deep Learning-based approaches. Each group is further divided into appro-
priate categories based on the methods proposed in the literature. The rightmost part of the figure lists a
subset of representative works for each category.

(1) A review of the literature and techniques related to estimation of respiratory information
from RGB cameras.

(2) A benchmark of the most representative approaches on 3 publicly available datasets

(3) A novel Python suite, called REsPYRE ! implementing the benchmarked approaches, made
freely available to the scientific community.

The manuscript unfolds as follows: Section 2 presents the different approaches that can be
employed to estimate respiratory information from RGB videos. These can be collected into three
main groups, as shown in Figure 1: (i) methods that exploit the respiration-induced body movements
of subjects for the estimation of RW or RR. (ii) Methods that extract respiratory information from
BVP signals estimated via remote photoplethysmography (rPPG) algorithms. (iii) Deep Learning-
based methods that are either trained end-to-end to extract respiratory signals or employed at
some intermediate step. Section 3 presents an in-depth experimental analysis and benchmarking of
some of the most representative techniques that have been presented in the literature. Eventually,
in Section 4, we discuss the results and draw some concluding remarks.

2 Overview of the Approaches for RR Measurement
2.1 A Data-driven Exploration of the Current Landscape

Historically, respiratory information estimation methods using RGB cameras can be broadly cat-
egorised into two distinct branches: those exploiting chest/shoulder movements (Motion-based
approaches); those related to the extraction of modulations of the cardiac activity eventually
estimated via rPPG-based approaches.

Earliest attempts of respiratory activity measurement from RGB cameras explicitly relied on
the adoption of either one of the two approaches or their fusion. In the last decade, though, the
rise of Deep Learning models in computer vision has started to gather momentum in the field of
camera-based physiological estimation, respiratory measurement making no exception. In spite
of the fact that the physiological and mechanical principles at the foundation of these modern

!https://github.com/phuselab/resPyre
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Fig. 2. (a) Percentage of articles belonging to each of the considered categories. (b) Evolution of the percentages
over time (3-years moving average).

approaches are the same, their black box nature prevents a sharp categorisation of these methods in
either one of the two classes mentioned above. Thus, in this work methods exploiting deep-learning
techniques will be aggregated in a third category (Deep Learning-based approaches).

Results are summarised in Figure 2(a). The rPPG and motion-based approaches dominate the lit-
erature if compared to the Deep Learning-based methods. However, upon scrutinising the temporal
evolution of the proportions associated with the three categories, an intriguing yet unsurprising
trend emerges. In recent years, there has been a noticeable shift in the field of RGB camera-based
respiration measurement. While the initial approaches primarily encompassed rPPG or motion-
based methodologies, the past decade has witnessed a significant rise in the adoption of Deep
Learning-based techniques, demonstrating a rapid and exponential evolution (see Figure 2(b)).

2.2 Motion-based Approaches

The mechanical activity of the lungs during respiration is reflected on different parts of the body of
the subject, thus producing small and periodic spatio-temporal fluctuations in the pixel intensity
values recorded by a camera sensor. This evidence has given rise to several motion-based remote
respiration measurements that infer the respiration rate on the basis of the movement of some ROI,
such as the head, the chest, and the thorax, up to automatically detected ROIs.

Besides the distinction based on the ROI, the motion-based RR approaches can be categorised
according to the adopted method of motion estimation. Notably, in [170] a mathematical model
describing the algorithmic principles of camera-based respiratory motion extraction has been pro-
posed, together with a fully controllable setup employing a physical phantom apt for investigating
different algorithms. In a nutshell, according to [170] the model of respiratory motion extraction
from a camera can be defined as follows:

Denote by F(x, y) the light intensity of the video frame occurring at time t at the spatial coordi-
nates (x, y). For short intervals, assuming a spatially uniform ambient light , i.e., I(x, y) = I, the
intensity of the light contaminated by the component of the respiratory motion hitting the camera
sensor can be approximated as follows:

E(x,y) = P, (1 +P, (x —vd,y— vyt)) + Ni(x, y), (1)

where the constant P, is the DC component of the signal and P,, is a steady and modulating
zero-mean shifting pattern, with v, and v, velocities along x and y directions, for “small” elements
of the chest area captured by the camera. N;(x, y) is an uncorrelated zero-mean noise accounting
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Fig. 3. Motion-based approaches for RGB camera-based respiration estimation at a glance. Motion is estimated
from couple of cropped frames containing the desired ROI, using 3 representative approaches: Optical Flow,
DoF, Vertical pixels’ colour projection cross-correlation. After post-processing, the respiratory waveform is
eventually recovered (rightmost part of the figure).

for unequal pixel offsets and signal quantisation. Notably, P, (x -wthy— vyt) speaks for the
zero-mean modulating part arising from respiratory induced movements.

Motion-based approach for respiratory information estimation practically implements different
strategies to estimate the movement pattern represented by v, and v, in Py,.

In the literature, the approaches that deliver such estimates can be split into three main cate-
gories: Optical-Flow/Motion tracking based methods, Difference of Frames (DoF) based methods,
RGB/Intensity based methods (see Figure 3). For completeness’ sake, a fourth category should be
mentioned, which includes approaches that track a specific pattern (e.g., a chessboard) placed on
the subject’s thorax. Clearly, such approaches suffer from scarce applicability in general. Hence,
albeit reviewed here for the sake of completeness, they will not be further considered.

2.2.1 Optical-Flow/Motion Tracking Based Methods. Optical flow (OF) or motion tracking
techniques have been widely exploited as a general strategy to analyse the movement patterns
induced by respiration. One of the earliest methods for the estimation of RW has been proposed
in [116]. Authors devised an approach for the estimation of both posture changes and the subject’s
respiration in bed by evaluating chest or blanket movements via OF analysis. RW is obtained by
simply averaging OF velocity vectors over a fixed ROL In the same vein, in [100] RW is obtained as
a weighted average of the motion velocities computed via the Lucas-Kanade method. The weights
are determined based on the signal-to-noise ratio (SNR) estimated from the temporal properties
of the velocity vector. As a result, pixel blocks exhibiting higher SNR values are selected as those
carrying more respiratory information.

The authors of [31] present a solution for estimating the RR by considering two challenges related
to respiration. Firstly, respiration generates subtle motion that is captured by a subset of pixels,
predominantly along edges. Secondly, different points on the thorax move in distinct directions,
resulting in the cancellation of contributions if simply summed. To address these issues, their
solution combines OF with image gradient information to reduce the influence of pixels in uniform
regions. Additionally, they train a principal flow field (PFF) on an initial 15-second segment of
the video to learn the motion direction. Subsequently, the OF obtained for the rest of the video is
projected onto the PFF, effectively solving the problem of summing contributions from vectors
with different directions. Finally, RR is determined by identifying the dominant frequency within
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small time intervals for each collected signal. Their method does not require the explicit definition
of a ROI as long as the video framing captures the chest of the person being monitored.

It is worth noting that several contributions in this field utilise Eulerian Video Magnification
(EVM) [174] to enhance the motion changes in the video. This is the case for [12, 52, 80] where
the ROIs to be tracked are first EVM-magnified. The earliest of these three articles [80] requires to
draw the ROI manually whilst the other two solutions detect the ROIs automatically.

The distinctive feature proposed in [70] is the adoption of the slow-motion mode built-in smart-
phone cameras for capturing body movement. This allows them to have 240 fps useful to capture
even very small movements. Apart from this, the method is straightforward, tracking several ROIs
and applying a standard frequency analysis, requiring the persons to be still and lying on their side.

The classic Horn and Shunk (HS) OF algorithm followed by the extraction of the y-axis
velocity component has been adopted in [90, 115, 135]. A single velocity vector is then obtained
either by averaging [115, 135] or computing the median [90] of the vertical velocities within a
ROI located over the chest.

In [106] RR is estimated by tracking the motion of the intercostal and abdominal muscles by
the means of Dense Inverse Search (DIS) OF method [81]; a specific setting is adopted in which
subjects are filmed from a lateral perspective while seated. The respiratory signal is recovered
from the phase of the OF, while extracting at the same time a quality index from its modulus.
DIS-OF is adopted also in [44] for estimating motion on patient’s own and forced breathing during
mechanical ventilation in intensive care unit. Displacement OF vectors computed on three manually
localised ROIs in zones of the lungs and abdomen are averaged and then filtered, thus obtaining
the respiration signal. In [71], RR is conducted by employing vertical-OF feature and subsequently
processed using motion factorisation techniques (SVD or PCA). These techniques are based on
the observation that the motion related to chest/abdomen movement caused by respiration can
be treated as independent motion within a video. ROIs are automatically detected by leveraging
inherent characteristics of respiration. Respiratory signal is recovered via integration of the flow
vectors. The same method was later employed by [95] for RR and cessation of breathing detection.

In [56] motion along the y-axis is derived by applying the Kanade-Lucas—Tomasi (LKT)
algorithm on face and chest landmarks. Moreover, to limit the method’s vulnerability to
body movement, a motion artefact removal step is applied adopting the kurtosis to remove
sudden motion artefacts. RR is calculated via spectral analysis of the cleaned signal. Table 1
summarises the solutions relying on respiratory motion estimation at a glance. Approaches are
grouped based on the specific motion estimation method adopted, and the considered region of
interest.

2.2.2 Difference of Frames (DoF) Based Methods. To detect the motion induced by respiration,
one possible approach involves the simple computation of the DoF, as the fluctuation of this feature
effectively describes the respiration waveform.

In [156] an early solution was proposed computing the subtraction of consecutive frames, so
to detect chest movement. Specifically, once computed the DoF at time ¢, the latter is binarised
and the pixel equal to 1 is summed thus capturing the global movement at that time. The temporal
series obtained by applying this process to the whole video is then smoothed via an average filter,
and the respiratory rate is determined by calculating the gradient of the respiratory wave so far
derived. Another very simple solution is proposed in [122] where RR is estimated from respiratory
movements while sleeping. To this end, a suitably developed bed cover exhibiting specific patterns
is employed. Motion is still estimated via the difference of frames.

Lee et al. [86] propose a more robust solution that can adaptively detect motion in subjects without
any positional constraint. This is achieved by utilising the Persistent Luminous Impression
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Article Method ROI Additional notes

[100,116] OF Whole Frame (person in bed) ~ Output: RW

[31] OF Whole Frame (Thorax) Processing includes: PFF

[80] OF Manual Selection of the Chest  Processing includes: ICA, PCA, EVM

[12] Vertical-OF Chest Processing includes: EVM

[52] Tracking Detected Chest Processing includes: PCA, EVM

[70] Tracking Abdomen/Shoulders (manual)  Video acquired in Slow-Motion mode
[115,135] Vertical-OF Chest -

[90] Vertical-OF Upper body Processing includes: Median, Zero Crossing
[106] Phase-OF Side of the thorax Processing includes: Quality Score

[44] OF Manual Selection of Abdomen -

[71] Vertical-OF Chest Processing includes: PCA

[56] Tracking Face and Chest landmarks Processing includes: Kurtosis

[173] Tracking Markers on the Abdomen -

[107] Tracking Markers on the Abdomen Output: RW

[156] DoF Whole Frame (Abdomen) -

[122] DoF Whole Frame (person in bed)  Acquisition: employing a patterned bed cover
[86] DoF Whole Frame (person in bed)  Processing includes: PLIM

[73] DoF Skin segmented (infant in bed) Processing includes: skin detection

[159] DoF Manual selection of Abdomen  Processing includes: Riesz Transform

[25] DoF Whole frame (infant in bed) Processing includes: EVM, ML; Output: RW
[26] DoF Whole frame (infant in bed) Processing includes: EVM, ML; Output: RW
[7] DoF-EVM Chest Processing includes: ML

[8] DoF Chest Processing includes: ML

[9] DoF Chest Processing includes: phase-based-EVM, ML
[2] DoF Manual selection of Chest Processing includes: WPD-EVM

[136] DoF Whole frame (infant in bed) Processing includes: PFF, EVM

[13] Projection Whole frame (person in bed) -

[21] Projection Whole frame (upper body) Processing includes: ML

[143] Image Gradient =~ Manual selection of Shoulders Processing includes: Tracking

[134] Intensity Manual selection of Chest -

[145] Intensity Manual selection of Chest Processing includes: EVM

[102, 105] Intensity Manual selection of Chest -

[146] Intensity Chest Processing includes: EVM

[117] Spectral Analysis Abdomen (manual) Acquisition: front and rear smartphone cameras
[128] Blind Decomp. Chest Output: RW

[135] Intensity Chest Processing includes: PCA

OF: optical flow; RW: Respiration Waveform; PFF: Principal Flow Field; ICA: Independent Component Analysis; PCA:
Principal Component Analysis; EVM: Eulerian Video Magnification; DoF: difference of frames; PLIM: Persistent
Luminous Impression Model; ML: Maximum-likelihood; WPD: Wavelet Pyramid Decomposition.

Model (PLIM) previously introduced in [165]. PLIM implements background subtraction, so that
the slow adaptation of the reference frame compensates for motion unrelated to respiration. In [73]
a method is proposed for automatic respiration monitoring of neonatal infants. The method consists
of an automatic ROI selection scheme based on a skin/non-skin classification procedure and a
motion analysis step. The latter accomplishes two tasks: detection of spurious movements (e.g.,
nursing interventions), and detection of subtle movements of the thorax and the abdomen.

In [159] respiration is detected on the basis of the variations in the local phase, computed using an
efficient approximation of the Riesz transform. Movement at time £ is characterised by summing up
the local phases weighted by the local amplitude, and differentiated with respect to the analogous
feature obtained on the Reference frame (Difference of Phases, DoP). Eventually, RR is obtained by
windowing the obtained signal, and by selecting the largest frequency component of the Fourier
transformed signal.
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Also in this category, several works exploit the EVM capability to magnify intensity video frames,
facilitating the subsequent task of the DoF. For example, in [25] DoF on EVM magnified intensity
video frames is utilised. Aiming at detecting potential apnea episodes in the neonatal population,
the Maximum Likelihood (ML) approach is then adopted to determine the presence/absence of
periodic motion. The same authors propose an extension of their work to support multi-cameras (or
depth-sensors) [26]. This way the system becomes more robust by exploiting the correspondence
of the periodic components estimated by each signal. Again, in [7] the same authors propose a
variant to obtain the effect of DoF directly with the EVM magnification algorithm (DoF-EVM). First,
they integrate the motion signal extraction with the EVM spatio-temporal processing, designing
a task driven band-pass filter so to include normal periodicity movements (cut-off frequencies
adopted: 0.25 and 1.05 Hz). Second, they do not reconstruct the magnified video while separately
considering the filtered and amplified levels. Each level is binarised and then the average value
computed for each frame and each level. The final RR is estimated by jointly analysing the obtained
temporal signal per level, using the Maximum Likelihood criterion.

In [8] and [9] Alinovi et al. make their approach proposed in [7] more robust by tackling the
problem of sensitivity to large body movements. The proposed solution operates at two levels:
global exclusion of frames that are significantly affected by large changes, and local identification
of ROIs that are affected by local movements. Specifically, in [8] no video magnification is adopted,
whilst in [9] a phase-based motion magnification is applied.

In [2] the chest motion of newborns is detected by computing the DoF of magnified video frames,
which is obtained via Wavelet Pyramid Decomposition (WPD) and an elliptic band pass filter.
This demonstrates smaller errors in RR estimation than using traditional Laplacian decomposition.

The last article we consider that adopts EVM is [136]. Here the goal is the measurement
of the RR of preterm infants placed in open cribs, and monitored via an RGB camera. Once
applied the EVM, the motion gradient is obtained, followed by noise reduction steps via the PFF
method.

2.2.3 RGB/Intensity Based Methods. The process of respiration leads to observable alterations
in appearance which, if accurately characterised, can enable the modelling of respiration dynamics.

An efficient way to characterise the visual variations induced by the respiration movement is the
computation of the vertical colour projection, as done in [13] and in [21]. In [13] the integration is
extended to the whole frame, while in [21] multi sub-blocks are considered and the ML criterion is
adopted to select the block containing valid respiratory motion.

Alternatively, in [143] breathing patterns are estimated calculating the image vertical derivative
within a small ROI located on the subjects’ shoulder. The shoulder’s edge is then used to divide the
ROI into two sections (above and below the border line) so that the vertical movement associated
with breathing is estimated by comparing the displacement of the two sections. In addition, motion
tracking is applied to compensate the large body movements. Even simpler, the bare fluctuation of
the mean colour/intensity over a ROI has been pointed out in [134, 145] as a possible strategy to
capture the respiration waveform. In [102, 105] intensity changes in correspondence to the upper
chest are monitored for extracting the respiratory rate. The novelty here lies in the fact that, among
all the lines within the considered ROI, only the five with the highest standard deviations are
addressed for the RR estimate. In [146] EVM is employed to amplify the motion changes in the
video before extracting and integrating the intensity values within the ROL In [117] the spectral
analysis of the intensity values in the chest and abdominal ROIs is carried out for the RR estimation.
The most reliable ROI is identified by selecting the signal with the greatest absolute value of the
mean auto-correlation. The method also captures the fingertip with the smartphone’s rear camera
for the Heart Rate (HR) estimation.
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More robust solutions have been proposed, addressing the distortion caused by the presence of
noise in the colour/intensity signal. In [128] each pixel is considered as a noisy realisation of a linear
time-invariant (LTI) system composed of multiple channels connected in parallel with unknown
dynamics, but driven by the same process, namely the respiratory signal. RW is hence recovered
by solving a blind deconvolution problem. In [135] the intensity signals of pixels belonging to
the subject’s chest are extracted and combined via two different approaches, namely PCA and 5%
method. The PCA selects the signals that constitute 95% of the variance explained, whereas the 5%
method selects 5% of the signals with the highest standard deviation. RR is determined in the time
domain on the basis of the peak-to-peak distances.

2.2.4  Pattern Matching Based Methods. Pattern matching methods are those relying on the
detection and tracking of the movement of predetermined patterns that are discernible in the
recorded video. The advantages are clearly related to the surmised higher reliability of algorithms
that are specifically tailored for the detection of a given pattern; yet such methods are much less
serviceable in more general and unconstrained settings.

Wiesner et al. [173] proposed one of the earliest approaches in this direction, estimating RR by
measuring abdominal motion through the tracking of plastic cubes with coloured faces placed on
the subject’s abdomen.

More recently, in [107] RW is derived by the detection and tracking of a custom pattern on the
thorax of the subjects. Such pattern is detected using standard image processing methods and then
tracked via the LKT method.

2.2.5 Summary. This paragraph has introduced and reviewed the literature on motion-based
approaches for respiratory information estimation. The reviewed techniques aim at exploiting the
subtle motion induced by respiration in various body regions. Different sub-categories have been
identified, primarily differing in their chosen motion estimation method.

Advantages: Motion-based techniques can be adapted effortlessly to various regions of interest
(ROISs), such as the head, chest, and thorax, or automatically detected ROIs. Notably, no strict
video specifications must be ensured: video compression, lower resolution, or low frame rates
are acceptable as long as reasonable quality is maintained. Specifically, many of the reviewed
articles employed lower-resolution video frames to speed up computations. Similarly, frame rate
requirements are extremely lax; as respiratory cycles occur at very low frequencies (0.1 Hz to 1 Hz),
the Nyquist theorem dictates that sampling frequencies should be above 2 Hz—far below typical
video frame rates.

Limitations: Some motion-based methods, especially those that rely on deep learning for com-
puting optical flow, can be computationally intensive, requiring substantial processing resources.
Moreover, all challenges related to motion estimation (e.g., the aperture problem, occlusion, and
rigid motion assumptions) must be taken into account. Most importantly, when selecting a ROI,
uniform or textureless regions should be avoided, as they offer minimal useful information for
motion estimation.

2.3 Remote-PPG-based Approaches

Photoplethysmography (PPG) is an opto-electronic technology usually employed for the mea-
surement of cardiac activity and Heart Rate [59]. It basically employs a sensor able to capture the
reflected light skin variations due to the blood volume changes. rPPG is the name usually attributed
to the contactless technique able to measure reflected light skin variations by using an RGB-video
camera as a virtual sensor. Notably, beyond contactless measurement of heart rates, rPPG signals can
be employed for a variety of downstream tasks such as the assessment of health related conditions
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Fig. 4. Remote-PPG-based methods. The upper part of the figure depicts the derivation of the respiratory
induced variations capturing the amplitude (RIAV), the frequency (RIFV) and the intensity (RIIV) variations
from the segmentation of the PPG waveform. The lower part of the figure depicts the respiratory waveform
as recovered by BSS.

(e.g., stress [185] or depression [23]), to reveal DeepFakes in videos (e.g., [14, 38, 41]) or for the
estimation of other physiological signals [18, 65].

Indeed, due to the tight bond between cardiac and respiratory activities, signals coming from
PPG waveforms (and to some extent rPPG waveforms, too) may be employed to extract respiratory
related information, the so called Respiratory Induced Variations (RIVs). According to the
related literature, there exists 3 different kinds of RIVs: [18, 58, 113]:

(1) Respiratory-Induced Intensity Variation (RIIV): It is an amplitude modulation of the BVP
signal originating from changes in venous return due to changes in intra-thoracic pressure
throughout the respiratory cycle. This causes a baseline modulation of the PPG signal. During
inspiration, intra-thoracic pressure decreases, thus producing a small decrease in central
venous pressure increasing venous return. The opposite happens during expiration.

(2) Respiratory-Induced Amplitude Variation (RIAV): Inspiration causes left ventricular
stroke volume decrease due to changes in intra-thoracic pressure. This produces a decrease in
cardiac output and hence in peripheral pulse strength. The opposite occurs during expiration.

(3) Respiratory-Induced Frequency Variation (RIFV): It is a variation of HR in the course of
the respiratory cycle; HR increases during inspiration and decreases during expiration. This
produces a periodic change in pulse rate caused by an autonomic nervous system response.
Such phenomenon is known as respiratory sinus arrhythmia (RSA).

The literature concerning the estimation of respiratory information from rPPG can be broadly
divided into two categories: methods that extract RIVs after a morphological segmentation of the
estimated rPPG signal, and methods aimed at separating the cardiac vs. respiratory signals (the last
implicitly connected to RIVs) via Blind Source Separation (BSS) techniques (see Figure 4).

2.3.1  Methods Relying on rPPG Morphological Segmentation. An early method proving the
effectiveness of RIVs for RR estimation is [163], where Verkruysse et al. extracts the baseline
modulation (RIIV) from the rPPG signal estimated by selecting the G or B channels from the RGB
traces; the latter are obtained via a simple forehead ROI pixels intensity average. Similarly, in [162]
authors extract the baseline wandering (RIIV) from rPPG signals estimated via the CHROM [42] and
PBV [43] methods. The weights defining the CHROM and PBV projections from RGB traces to rPPG
estimate are computed for the filtered traces of normalised pixel differences that include the range
of pulsatile frequencies, and then applied to the differently filtered pixel differences containing
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only respiratory frequencies. Conversely, in [125] authors retrieve the RIFV-related respiration
rate. To this end, the rPPG signal is estimated by the ICA method [126]. Inter-Beat-Intervals
(IBI) are computed by detecting the peaks in the estimated BVP signal, thus obtaining the Heart
Rate Variability (HRV) signal. HRV is analysed via Power Spectral Density estimation using the
Lomb periodogram. The high frequency (HF) powers only ([0.15 — 0.4]Hz) are considered as
reflecting parasympathetic influence on the heart, which is connected to RSA. The RR is hence
estimated by selecting the HF peak in the HRV PSD derived via rPPG. Similarly, in [34] authors
compute the HRV from the IBIs of the BVP signal, which is estimated via the POS [171] rPPG
method. HRV samples with values exceeding three times the standard deviation of the HRV signal
are considered outliers and are therefore removed. RR is calculated by selecting the frequency with
the maximal energy peak within the range of 5 to 30 breaths per minute relying on the HRV’s PSD
estimate yielded by the Lomb-Scargle periodogram. In the same vein, in [114] the instantaneous
respiratory rate was estimated from the rPPG IBIs, by exploiting a bank of short FIR notch filters.
In [19] both pulse and breathing rates are recovered by analysing the periodicity of the face skin
colour. After having detected the face and the skin pixels, the methods consider the u* plane in
the CIEL*u*v* colour space; the u* plane suitably covers the [540 — 577 |nm wavelength band that
best accounts for the oxy-deoxyemoglobin fluctuation. The 1D signal obtained by averaging the
u* value corresponding to all the skin pixels in a frame is then converted via the Continuous
Wavelet Transform (CWT) within the [0.15 — 0.4] Hz band of frequency. The RIFV is obtained by
detecting the respiratory cycles and measuring the intercycle intervals.

Actually, RIVs information can be further processed to derive amplitude and frequency mod-
ulations as reviewed and benchmarked by Charlton et al. [30] as to the extraction of respiratory
information from contact PPG signals, and by [99] for rPPG signals. Specifically, in [99] the rPPG
signal is obtained by adopting four rPPG methods, namely CHROM [42], PBV [43], PVM [101], and
Energy Variance Maximisation [97]. Then, the Incremental Merge Segmentation (IMS) algorithm
is applied, and the resulting signals are processed using 12 algorithms to extract a comprehensive
set of features characterising the amplitude and frequency of the rPPG. RR is eventually estimated
by using different methods, either frequency-domain or time-domain based. The RRs estimated
from different features are finally merged by exploiting different fusion techniques. Results show
that RIIV and RIFV are the features that deliver the best RR estimates; fusion of multiple RIVs
yields more robust estimates. Energy Variance Maximisation and CHROM turned out to be the
best methods to estimate rPPG in the service of the extraction of respiratory rates.

Several other works investigated the opportunity of extracting different features and merging
them to obtain a more reliable estimate. Notably, in [50], the authors proposed a method (FuseMod)
for the extraction of respiratory information from rPPG computed either referring to the whole face
or the forehead only, both automatically detected. The method relies on 7 different signals, obtained
from the RIVs, to characterise the amplitude and frequency modulations of the rPPG signals. The
RW signals are then opportunely post-processed via normalisation, artefact removal and signal
differentiation procedures, and fused using different heuristics (simple mean, a-trimmed mean,
median). The effectiveness of different rPPG methods (GREEN [163], CHROM [42], Hue [138],
normG [150]) is investigated, too. Results show that RR can be more effectively estimated by
employing CHROM as rPPG method and by using the median of the 7 RIVs as the fusion strategy.
Importantly, experiments are conducted on a publicly available dataset (BP4D+ [182]).

A further feature investigated is the RR estimation from the image of the fingertip placed on the
lens of a mobile phone, notably affected by artefacts. In [75] two approaches are proposed. The
first approach involves utilising a smart fusion algorithm (previously proposed for PPG in [76])
to detect artefacts and merge the RIVs components obtained after applying the IMS technique to
the rPPG signal. The second concerns the adoption of the EMD that decomposes the rPPG signal
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in Intrinsic Mode Functions (IMF); the RR is identified through the frequency peak with the
highest power among all IMF.

Alternatively, in [84] RR is obtained by fusing the estimates derived from the RIVs, three pulse-to-
pulse respiration signals (the pulse width variability, PWYV, the pulse amplitude variability, PAV, and
the pulse rate variability, PRV), and the respiration-induced amplitude and frequency modulations
(AM and FM) extracted from a time-frequency spectrum; the latter is obtained by exploiting the
variable frequency complex demodulation method (VFCDM) [167]. Again, the extraction of
amplitude and frequency modulations from the rPPG signal has been pursued by [118] and [141].
Nam et al. [118] presents a method for RR estimation using the rPPG signal. An autoregressive
(AR) model, VFCDM, and the CWT were used to identify frequency and amplitude modulations
containing respiratory-related information. According to the obtained results, the VFCDM method
provided the most accurate results.

2.3.2  Methods Relying on Blind Source Separation of rPPG. Within this subgroup, we encounter
techniques that do not focus directly on characterising the RIVs, but rather recover it from the
rPPG signal via Blind Source Separation.

In [57], multiple patches are detected on the subject’s face. The GREEN rPPG method is applied
and RR is estimated after performing a denoising procedure (Wavelet-based Multivariate Denoising).
According to the authors, this approach enables the detection of the effects of respiratory motion,
which directly modulates the baseline of the PPG signal. The frequency determined in the range
between 9 to 40 respirations per minute with the highest number of votes among patches yields the
predicted RR. In [127, 138] a very simple approach is pursued. After performing face and landmark
detection, a ROI on the subject’s forehead is selected. RGB pixels belonging to the ROI are converted
to the HSV colour space. The average Hue intensity trace in the ROI is considered as the rPPG
estimate. Respiration rate is recovered by selecting the peak in the spectrum of the estimated rPPG
in the [0.18 — 0.5]Hz range.

Conversely, in [155] RR is recovered from the rPPG signal obtained by measuring brightness
changes in a ROIL More precisely, authors perform an AR spectral estimation on the derivative of
the average brightness values measured on the cheeks of participants.

In [39], once the ROI corresponding to the newborn’s chest is manually localised, the average
RGB color for each frame is computed, and the values are stacked into 6-second-long windows. A
pre-filtering step is applied to reduce the signal offset: the linear function that best fits the signal
is subtracted from the original signal, thereby reducing low-frequency components. A narrow
bandpass filter [0.50 — 1] Hz is applied, and the RR is found via peak detection in the spectrum of the
obtained signals. In [10, 11], video of a naked newborn is acquired under light sources that ensure
uniform illumination. The ROI of interest, located on the thorax, is manually selected and magnified
using the EVM. The average RGB color of the ROI is computed for each frame, summarised into a
single signal, and used for peak extraction from the PSD.

In [97, 98] the goal is to define a novel rPPG method by exploiting the combination of RGB
traces that maximise the respiratory information over the cardiac one. In [97] an algorithm called
Energy Variance Maximisation is proposed in order to effectively combine the RGB traces to obtain
a signal that maximises the SNR of the output trace, while in [98] the continuous wavelet transform
is employed in order to deal with non-stationarities of the respiratory signal (Wavelet Variance
Maximisation algorithm).

In [172] the respiratory motion artefact is recovered via BSS. Specifically, two regions of interest
are selected on subjects’ faces; the 6 channels obtained by stacking the RGB average color intensity
variation traces belonging to the ROIs are fed as input to the Second-Order Blind Identification
(SOBI) BSS algorithm. The separated output channels are surmised to contain both the BVP signal
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and the respiratory motion artefact. A kurtosis-based identification strategy is then employed for
the automatic selection of the Respiration Waveform (and BVP).

In [157], RR is estimated by exploiting the low-frequency amplitude variations of the rPPG signal.
To this end, the breathing-induced amplitude variations are extracted using a band-pass filter with
an upper cut-off frequency of 0.7Hz. Subsequently, an AR model is applied to identify the RR.

In [112] authors propose a method for the estimation of RR by tracking the nostrils’ movements
in facial videos. To this end, the rPPG POS method is applied on two ROIs. One around the nostrils,
the other on the forehead. The two spectra derived from the corresponding BVP estimates are
subtracted. The authors claim that this procedure isolates the nostril movement related to respiration
from BVP-related information and noise.

It should be noted that certain contributions have investigated the utilisation of both rPPG-based
and motion-based methods or, at least, they have proposed a direct comparison.

In [3] and similarly in [5], the authors propose and compare the rPPG-based solution (based on
the GREEN method [163]) with a motion-based one (by computing the vertical motion on a feature
point in the forehead). In both cases a face detector and EVM are applied following [4]. Denoising
is obtained by using the complete ensemble empirical mode decomposition with adaptive
noise (CEEDAM) method and the canonical correlation analysis (CCA). Interestingly enough,
the solution is suitable for monitoring multiple subjects simultaneously (up to 6). Experiments
show that the rPPG-method obtains better performances than the motion-based one.

In [139] another comparison is put in place, by processing videos of head and upper part of the
chest in three ways: deriving the rPPG from the face (based on the GREEN method [163] coupled
with EMD and IMF analysis), the head and the chest motion (detecting the vertical-OF). This study
produced the best results referring to the chest motion, followed by the rPPG method.

To fully leverage the potential of multiple features, methods that involve their fusion have been
proposed. For example, in [69] authors estimate respiration waveforms by exploiting both RIVs and
head movements. Specifically, PWV, RIFV and RIAV are derived from the estimated rPPG signal [83]
over M different ROIs selecting the candidate rPPG trace that maximises the SNR among the 3 x M
traces. A fourth RW is obtained by considering the signal recovered from the face movement on the
y-axis as returned by the KLT tracking algorithm. The fusion of RIVs and motion-related respiratory
information is obtained in the shape of a weighted combination of their spectra.

Alternatively, in [164] authors propose a method for the camera-based estimation of physiological
signals (HR and RR) in the Neonatal Intensive Care Unit. A multi-task deep convolutional neural
network (CNN), previously presented in [28] is devised in order to automatically perform patient
skin segmentation and detect its presence/absence. Given the segmented skin region, 3 rPPG signals
were estimated by averaging the RGB colour intensity channels, and 9 motion-related respiratory
signals were extracted by tracing the waveforms of geometrical information describing the skin
area (area, perimeter, centroid, fitting ellipse). The Multiple Kalman filter approach is eventually
adopted to fuse the RR estimates obtained for each of the 12 above-mentioned respiratory signals.
A similar, yet simplified version of the above procedure has been later presented in [74] and [29].

Table 2 provides an overview of solutions that extract respiratory-induced variations from
rPPG signals. Approaches relying solely on estimated rPPG signals are marked with an “R” in the
“Approach” column, while those utilising hybrid techniques (i.e., combining rPPG estimates with
motion information) are marked with an “H.” The “Method” column specifies the rPPG technique
used for blood volume pulse estimation, while the “ROI” column indicates the considered Region of
Interest.

2.3.3 Summary. This paragraph has introduced and reviewed the literature on rPPG-based
respiratory estimation methods. These approaches rely on extracting Blood Volume Pulse (BVP)
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Table 2. rPPG-based (R), Hybrid (H) Methods

Article Approach Method ROI Processing includes
[163] R G, B channel average + RIIV Forehead

[162] R CHROM, PBV + RIIV Face

[125] R ICA + RIFV Face

[34] R POS + RIFV Face

[114] R Green + RIFV Face

[19] R u* channel average, CWT + RIFV Face

[99] R CHROM, PBV, PVM, EVM + RIVs+ Face IMS, fusion

[50] R Green, CHROM, Hue, normG + RIVs+ Face, Forehead Fuse-Mod

[75] R intensity average + RIVs+ Fingertip IMS, smart fusion, EMD
[84,118,141] R Green + RIVs+ Fingertip

[57] R Green + most voted frequency peak detection ~ Face Multi-Patches Wavelet denoising
[127,138] R Hue + frequency peak detection (FPD) forehead

[155] R AR spectral estimation/intensity average Cheeks

[39] R color average + FPD Newborn Chest

[10, 11] R color average + FPD Newborn Chest EVM

[97] R Energy Variance Maximization + FPD Face

[98] R Wavelet Variance Maximization + FPD Face

[172] R color average, BSS + FPD 2 ROIs on the face Kurtosis

[157] R Green + auto-regressive Face

[112] R POS + spectra subtraction Nostrils, Forehead

[3] H Green + FPD / vertical-OF Face / Forehead FD, EVM, CEEDAM, CCA
[139] H Green + FPD / Motion Face / Head, Chest EMD

[69] H color average + RIVs / vertical-OF Multi-ROIs on Face / Head

[164] H 3 color intensity average / 9 motion estimations Face CNN for Skin Segmentation,

multiple Kalman filters

The column “Method” includes both the technique adopted to compute the rPPG and the subsequent method adopted to
derive the respiration rate. In case of hybrid approaches, also the motion-based method is specified after the “/”.
Analogously, the column “ROI” specifies the area considered by the rPPG-based method and, in case of multi or hybrid
method, also the ROI considered by the motion-based branch. Acronyms used in the table: CHROM, PBV, POS: rPPG
methods; ICA: Independent Component Analysis; RIV: Respiratory Induced Variations; RIFV: RIV capturing the
frequency (RIFV); RIIV: RIV capturing the intensity; RIV+: extended set of features derived from the rPPG signals; CWT:
continuous wavelet transform; FD: Face Detection; IMS: Incremental Merge Segmentation; EMD: Empirical Mode
Decomposition; AR: auto-regressive; EVM Eulerian Video Magnification; BSS: Blind Source Separation; CEEDAM:
Complete Ensemble Empirical Mode Decomposition with Adaptive Noise; CCA: Canonical Correlation Analysis; CNN:
Convolutional Neural Network; EVM: Energy Variance Maximization.

signals using rPPG, from which respiratory information is derived using either morphological
segmentation or blind source separation.

Advantages: The considerations for motion-based methods (see Section 2.2.5) regarding video
resolution and frame rates also apply to rPPG-based approaches. Low resolution is not an issue
when estimating rPPG signals, but it can help reduce quantisation noise if intended as a means of
performing pixel averaging [36, 171]. Similarly, typical video frame rates (e.g., 20 fps) are perfectly
reasonable sampling frequencies for representing respiratory information in rPPG signals. Unlike
motion-based approaches, however, a different source of information-respiratory-induced BVP
variations—is used. Since rPPG does not explicitly rely on motion information, the issue of uniform
or textureless regions does not apply here.

Limitations: The most important issue in rPPG-based solutions is that the accuracy of the estimated
respiratory signal heavily depends on the quality of the underlying rPPG signal. Notably, it can be
influenced by factors such as video compression, motion artifacts, and lighting conditions. Heavily
compressed videos can distort the rPPG signal [111], thus limiting the applicability of rPPG-based
solutions in general scenarios.

2.4 Deep-learning based Approaches

Recently, deep learning has gained widespread adoption across various fields such as computer
vision [27], natural language processing [123], and autonomous vehicles [82]. In the realm of
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Fig. 5. Deep-learning methods for RGB camera-based respiration estimation at a glance. Given a sequence
of multiple frames, a variety of neural architectures have been employed to learn to predict respiratory
waveforms. Some notable examples are: (I) Dual branch Convolutional Neural Networks [93, 119] - (II)
Autoencoders [144] - (111) 3D Convolutional Neural Networks [53, 180] and (1V) Transformers with Temporal
Shift Modules [178].

contactless estimation of physiological data, deep learning is also garnering significant interest
and achieving remarkable success [49]. Some articles adopt machine learning techniques in the
preprocessing phase to locate regions of interest [51, 64, 77, 79, 87, 89]. More interestingly, in
the specific domain of RR via RGB cameras, very recent publications provide further evidence
for the effectiveness of deep learning-based approaches in this field. They are characterised by
the architecture adopted, together with the feature extracted and the considered ROI. A variety
of different neural architectures have been employed in order to learn to predict respiratory
information from videos; they are summarised at a glance in Figure 5.

Specifically, in [121] autoencoders are used to disentangle physiological from non-physiological
features. In particular, a multi-scale spatiotemporal map is carried out to characterise the RGB
and YUV channels in correspondence to facial ROIs. Then an autoencoder architecture with two
encoders is designed, aiming at characterising the physiological/non-physiological signals, using a
cross-verified scheme. The method predicts both HR and RR, and concerning RR it has been tested
on the OBF dataset.

Undoubtedly, CNN architectures are the most extensively utilised in this domain. In [22] the
Eulerian motion magnification method through Hermite transform is applied to the whole video
capturing the person’s chest. The magnified video is then used to train a CNN to classify inhalation
and exhalation frames. Then, the average of the breathing cycle length (in number of frames) is
computed, and the RR is derived accordingly.

In [168] a two-stage pipeline based on the CNN architecture is used for the RR and HR estimations.
First, a preprocessing is adopted, consisting in the automatic cheek ROI detection and the phase
based video motion processing (PVMP), aiming at attenuating motion changes while magnifying
the colour ones in the frequency bands corresponding to respiration and pulse rates. Second, this
filtered ROI is processed by a CNN constituted by three parts: a shared one, and two branches
specialised for the RR and HR estimation respectively. The network is a pipeline including 3 types
of convolutions: the standard one, the depth-wise convolution, and the 1D convolutional layers.

The method presented in [68] is a CNN model based on residual blocks and the 1D convolution,
aiming at identifying the pixels having an appearance variance correlated to the respiration
information. Mainly due to the pixel-based nature of this step, the produced binary map is
noisy. The evidence used to denoise this map is that the “good” pixels are either in-phase
or out-of-phase, exhibiting symmetrical behaviour, whereas noisy pixels do not display this
characteristic.
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In [154], a spatio-temporal CNN is employed to estimate the rPPG signal, taking as input the
automatically obtained ROI encompassing the forehead, cheeks, and nose, which is achieved through
the Haar cascade detector. HR and RR are subsequently derived from the rPPG signal through
post-processing.

A research trend has emerged, introducing dual-branch architectures that aim at modelling both
motion and appearance simultaneously. A seminal work in this line is represented by [35], where
a dual branch CNN, namely DEePPHYS, is adopted to estimate both HR and RR in an end-to-end
fashion. The motion model branch is a VGG-style CNN that takes as input the difference between
two consecutive frames’ face crops to capture the motion and produces a feature map (FM). The
appearance model takes as input the original frame’s face crop, aiming at learning a soft-attention
mask (SAM) that assigns high values to skin areas relevant for physiological estimation. The
final masked feature map is obtained by multiplying the FM with the SAM, and by processing
it through fully connected layers to output the continuous signal to be used for the HR and RR
estimation. During post-processing, a band-pass filter selects the frequency range of interest, the
power spectrum is derived, and the highest peak is detected. An improvement of this approach
is proposed in [93], where a multi-task temporal shift convolutional attention network
(MTTS-CAN) is presented to predict cardiovascular and respiratory measurements simultaneously.
The main novelty here is the introduction of the Temporal Shift Module (TSM) in the motion
branch, so to overcome limitations of the previous work in capturing long temporal dependencies.
TSM enables the creation of temporal dependencies beyond consecutive frames by temporally
shifting part of the channels. This approach simulates the behaviour of a 3D CNN while maintaining
the computational efficiency of a 2D CNN. Additionally, to mitigate the undesired introduction of
artifacts from the TSM module, a soft-attention mask is applied in the motion branch. The method’s
efficiency is further enhanced, as most of the computations serve both the BVP and respiration
estimates, with the loss function designed to account for both tasks.

MTTS-CAN has achieved great success, to the extent that several variants have been proposed
to further improve its performance: in [130] the architecture proposed in [93] is enriched by the
channel-wise attention, the rationale being that while the spatial attention highlights the most
relevant pixels to be considered for the physiological estimation, the channel-wise attention weights
differently the features along the channel dimension, further cleaning the feature map. In [85],
a lighter model inspired by MTTS-CAN is designed to predict PPG and respiratory signals. It is
a multi-input, multi-task Siamese network model, without attention or time-shift modules. The
two siamese branches are VGG-like and take as input the forehead and the lower part of the face,
respectively. These ROIs are automatically detected in the first frame of a 600-frame time window
and remain fixed throughout the entire video. The features produced by the two branches are then
added and used to estimate the PPG and respiratory signals. For what concerns the RR estimation,
the method applies to the produced respiratory signal a band-pass filter with cutoff frequencies
[0.1 — 0.4]Hz, then it searches for the peaks and computes the average peak-to-peak distance. The
model is lightweight, thus suitable for mobile devices. The method proposed in [131] also adopts
MTTS-CAN as the backbone, while introducing a novel loss function, the Pulse-Respiration
Quotient (PRQ), which integrates the frequency correlation between HR and RR to enhance the
robustness of both estimates. PRQ information is further utilised in post-processing filtering as a
correlation measure between HR and RR to improve prediction accuracy.

More recently, in [119] another advancement of MTTS-CAN, namely BicSmALL, has been pro-
posed. It is a unified model to derive simultaneously facial action, cardiac, and pulmonary mea-
surements. It is characterised by a high-resolution branch (Big) aiming at deriving spatial texture
features, and a low-resolution branch (Small) conceived to model the temporal dynamics. Another
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novelty consists in the adoption of the wrapping temporal shift module in order to deal efficiently
with short frame sequences.

Differently, in [32] Chen et al. propose dual branch architecture (ACTNET) specifically
designed for respiratory rate estimation from facial video data. It integrates a CNN branch to
capture subtle facial color changes with local attention mechanisms and a Transformer branch to
model long-term temporal dependencies in video sequences. A feature coupling unit fuses local
and global features to enhance performance. The authors report improved performance on the
COHFACE and DEAP datasets compared to other neural approaches.

In [132] transformers are used for generating instantaneous evaluation of physiological signals.
The proposed method consists of a spatial backbone to characterise each single frame (DEEPPHYS-
based architecture is adopted to this aim), and addresses temporal aggregation via a Transformer
encoder focused over N frames. The authors adopt the maximum cross-correlation loss applied
in the frequency domain to overcome the limitations of the MSE loss. Experiments have been
conducted on the V4V dataset obtaining a MAE of 5.4 BPM.

Many recent solutions have focused on the robust estimation of rPPG signals and the extraction
of respiratory frequencies (RF) from processed rPPG signals [66, 91, 92, 184]. However, the
reported results are validated not against a respiratory ground truth, but rather by computing
RFs from contact PPG signals. Notable examples include the architectures proposed in [178, 179],
namely PHYSFORMER and PHYSFORMER++. These models utilise transformers to generate rPPG
signals. The respiration rate is subsequently derived from IBIs. PHYSFORMER is characterised by
cascaded temporal difference transformer blocks, while PHYSFORMER++ takes this analysis further
by introducing a two-pathway SlowFast temporal difference transformer that implements a periodic-
and cross-attention transformer. This approach allows for capturing both the fine-grained and
long-range spatio-temporal relationships for rPPG measurement.

Similarly, in [96], the authors propose a Dual Generative Adversarial Network (DuaL-GAN)
to enhance rPPG-based physiological measurements. RF estimates are obtained through signal
processing of the recovered rPPG signals.

More recently, some approaches have employed self-supervised learning techniques to learn
to estimate physiological signals from facial videos without the need of a synchronised ground
truth. In line with the aforementioned methods, most of these approaches do not explicitly predict
a respiratory waveform, but extract breathing rates from rPPG signals [94, 180]. Alternatively, the
approach presented in [1] (CALIBRATIONPHYS) leverages multiple synchronised cameras to train
deep learning models, using contrastive learning to distinguish between correct and incorrect respi-
ratory signals. By incorporating data augmentation and pre-trained models, it enhances robustness
and adaptability across different camera types to directly predict BVP and respiratory waveforms.
Results on a self-collected multi camera dataset demonstrate the efficacy of the contrastive pre-
training stage with a sensible performance boost if compared with other DL-based approaches and
slight improvements over a method relying solely on optical flow.

In a different vein, in [53] the authors introduce CLIFFPHYS, a family of models adopting hyper-
complex neural architectures for camera-based respiratory measurement. Their approach extracts
respiratory motion from RGB videos using optical flow and monocular depth estimation to obtain
motion and depth fields. By employing Clifford Neural Layers [20], the approach aims at modelling
geometric relationships within these fields to estimate respiratory waveforms. CLIFFPHYs is trained
on the SCAMPS and COHFACE datasets. The authors report results on a COHFACE test split
(MAE = 0.83) and on the BP4D+ dataset (MAE = 3.50), showing a significant performance boost
compared to other deep learning-based solutions such as MTTS-CAN and BiGSMALL.

Eventually, the work presented in [144] aims at disentangling the contribution of various physio-
logical signals for robust estimation of respiration. The proposed model is a two-stage network for
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Table 3. Deep-learning Based Methods

Article Architecture ROI Additional notes

[121] Autoencoder FH, C RR as a postprocessing of DL; DL characterised by: Spatio-Temporal
Map over RGB and YUV color space

[161] LSTM CH RR derived directly with DL; Processing includes: Optical Flow

[168] CNN C RR derived directly with DL; DL characterised by: 2-stage processing

[68] CNN F RR derived directly with DL; DL characterised by: Residual block and
pixel selection

[22] CNN CH RR derived directly with DL; Processing includes: EMV

[154] CNN FH, C,N RR as a postprocessing of DL; Processing includes: Haar cascade face
detector

[35] CNN - Dual branch F DEEPPHYS RR as a postprocessing of DL

[93] CNN - Dual branch F MTTS-CAN; DL characterised by: Multi-task Temporal Shift Convolu-
tion Attention network; RR derived directly with DL

[130] CNN - Dual branch F DL characterised by: channel-wise attention added to MTTS-CAN; RR
derived directly with DL

[85] CNN - Dual branch FH, F DL characterised by: lighter version of MTTS-CAN eliminating Atten-
tion and MTS module; RR derived directly with DL

[131] CNN - Dual branch F DL characterised by: Pulse-Respiration Quotient loss used in the MTTS-
CAN architecture; RR derived directly with DL

[119] CNN - Dual branch F B1GSMALL; characterised by: two resolution branches and wrapping
temporal shift module; Predicts Respiratory Waveform

[132] Transformers F RR as a postprocessing of rPPG; DL characterised by: Maximum cross-
correlation Loss

[179] Transformers F PHYSFORMER; RR as a postprocessing of rPPG; DL characterised by:
temporal difference transformer

[178] Transformers F PHYSFORMER++; RR as a postprocessing of rPPG; DL characterised by:
SlowFast temporal difference transformer

[96] GAN F DuaL-GAN; RR as a postprocessing of rPPG

[180] 3D/1D Conv + BiLSTM F rPPG estimation via a frequency-inspired self-supervised framework;
RR as a postprocessing of rPPG

[94] Masked Autoencoder F rPPG estimation as a self-supervised reconstruction task; RR as a post-
processing of rPPG

[53] Hypercomplex 3D CNN F CLIFFPHYS; strong 3D motion and geometric inductive biases for respi-
ratory waveform prediction

[32] CNN + Transformer F ACTNET; Exploits local color changes between facial frames (CNN)
while the Transformer captures long-term temporal relationships

[1] 2D CNN F CALIBRATIONPHYS; Employs data augmentation and contrastive learn-
ing to build pre-trained models for Heart and Respiratory Rate Mea-
surements

[144] 2D CNN Enc./Dec. + 3D CNN F It implements a Time-Varying Interference Disentanglement module

followed by Biosignal Regression with Long-Term Temporal Attention
Acronyms used in the table: RR - respiration rate; DL - Deep Learning; F - Face; FH - Forehead; C - Cheeks; CH - Chest;
N - Nose.

remote respiratory rate estimation using facial video under natural light. It addresses challenges
like specular reflections from head movements and entangled physiological signals by first using
an encoder-decoder structure to extract respiratory motion from video frame differences. This
re-characterised signal, disentangled from interferences, is then combined with facial appearance in
the second stage. A long-term temporal attention module enhances the model’s ability to track the
extended breathing cycle. The proposed model is trained, validated, and tested on the COHFACE
and MAHNOB-HCI datasets. The authors report an MAE of 5.025 on the COHFACE dataset and
8.191 on the MAHNOB-HCI dataset for the best model.

The reviewed deep-learning based solutions are summarised at a glance in Table 3. Methods are
grouped based on the employed architecture and the adopted Region of Interest.

2.4.1  Summary. This paragraph has introduced and reviewed the literature on deep learning-
based remote respiratory estimation methods. These approaches rely on different neural
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Table 4. Datasets

Dataset Subjects Videos Resolution FPS Signals Additional notes

MAHNOB [147] 27 527 780 x 580 61 ECG; EEG, EDA, RW, Videos are quite heavily compressed, and
temperature, AU, eye thought for implicit media tagging
gaze, body movements

OBF [88] 106 212 1920 x 1080 60 ECG, BVP, RW It includes near infrared videos
AFRL [47] 25 300 658 x 492 30 PPG,RW Videos capture head motion
MMSE/BP4D+/V4V [133, 182] 140 1400 1040 x 1392 25 BVP,RW, EDA, AU Thought for Multimodal affect analysis. In-
cludes thermal videos.
COHFACE [61] 40 160 640 x 480 20 PPG,RW Heavily compressed videos
DEAP [78] 22 160 720 x 578 50 EEG, EDA, BVP, RW, Thought for Multimodal affect analysis
temperature
MSPM [149] 103 - 1920 x 1080 90  PPG (multiple sites), BP, The respiratory GT is represented by a si-
RW nusoidal pattern displayed to the subjects
on a screen
SCAMPS [110] 2800 2800 320 x 240 30 PPG,PR,RW, AU Videos are synthetically produced

Acronyms used in the table: ECG - Electrocardiogram waveform, EEG - Electroencephalogram waveforms, RW -
Respiratory waveform, PPG - Photoplethysmogram waveform, BVP - Blood Volume Pulse Signal, EDA - Electrodermal
activity, AU - Action Units, BP - Blood Pressure.

architectures (convolutional, recurrent, transformer) to predict respiratory waveforms using
end-to-end training.

Advantages: General considerations on video resolution and frame rates made in Section 2.2.5 also
apply to DL-based methods. Interestingly, spatial subsampling is deliberately employed by some
methods [35, 93, 119] to reduce computational cost and quantisation noise. Moreover, most of the
proposed approaches can be trained end-to-end to directly extract respiratory signals from videos,
allowing for the avoidance of specific preprocessing steps. Furthermore, the power of cutting-edge
DL methods can be exploited to improve the estimation of respiratory signals (self/semi-supervision,
large-scale pre-training, multi-task learning).

Limitations: DL methods can be computationally demanding during training, with some deep
models requiring significantly more processing time than simpler methods in the evaluation phase.
Moreover, they typically require large and diverse datasets for training and validation; the lack of
such datasets can lead to issues with accuracy and generalisation. Additionally, some models are
trained in a multi-task manner to leverage both the respiratory-induced variations in rPPG signals
as well as motion information. Consequently, as discussed in Section 2.3.3, these models may still
need to rely on uncompressed or lightly compressed videos.

3 Experimental Evaluation

By and large, the articles surveyed here primarily focus on describing the proposed approach,
while the experimental analysis and comparison with both baselines and competing methods
are often relegated to the background, with a few exceptions. Moreover, the shortage of viable
datasets available for such a purpose appears to be a long-standing issue of this research field that
exacerbates such a tendency. As a matter of fact, many works rely on a handful of non-public
videos to test their proposals, thus making it difficult to achieve a fair evaluation. This section aims
at filling this gap by setting out an extensive experimental analysis of the literature on multiple
publicly available datasets. Table 4 lists and describes the datasets proposed in the literature that
can serve as a benchmark for testing and benchmarking camera-based respiratory measurement
algorithms.

Clearly, an exhaustive evaluation of all the methods surveyed in Section 2 is not feasible. However,
it is worth noticing that many approaches in the literature often present little novelty when
compared with each other. As a matter of fact, they basically differ for the particular type of
pre/post-processing applied, or for a heuristic specifically designed for the condition at hand.
Therefore, here we deliberately adopt a simplified experimental pipeline that aims at highlighting
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the eventual empirical differences between the variety of approaches. In a nutshell, and at the
highest level of abstraction, it can be summarised via the following chain of operations:

video — ROI Selection — Method — Band-pass Filtering - RW — RR

A representative (albeit plainer) version of the diverse procedures surveyed here has been
reimplemented and tested on three publicly available datasets, namely BP4D+, COHFACE, and
MAHNOB. This resulted in the implementation of a software package called RESPYRE , designed
to standardise the evaluation of datasets and models in this domain. To ensure reproducibility
and facilitate future research, RESPYRE is released as an open-source Python package, available at
https://github.com/phuselab/resPyre. It provides a unified benchmarking framework with modular
implementations of various approaches, allowing users to easily compare methods under a common
experimental setup. The package includes documentation and example scripts to guide users through
installation, dataset integration, and method evaluation. Additionally, RESPYRE is designed to be
extensible, enabling researchers to incorporate new models and datasets seamlessly.

The choice of the approaches to test closely follows from the taxonomy proposed in Section 2.

In summary, the original RGB video frames are cropped so as to obtain a ROIL Two different
ROIs can be defined depending on the estimation method at hand:

(1) Face ROIL: The Mediapipe [55] face detector is adopted to obtain a sequence of frames centre-
cropped on the subject’s face. Subsequently, these ROIs are fed as input to either an rPPG
method or a deep learning-based approach to produce a respiration waveform.

(2) Chest ROIL The Mediapipe [55] pose landmarker is adopted to obtain a sequence of frames
centre-cropped on the subject’s chest. The ROIs are then used by various motion-based
respiratory information estimation methods to produce a respiration waveform.

The ROIs obtained are then fed as input into subsequent processing stages.

3.1 Evaluation Procedure and Metrics

Each method produces an estimate of the respiratory waveform. Subsequently, these are bandpass
filtered using a Butterworth bandpass filter with cut-off frequencies set at [0.1—0.5]Hz. Respiratory
rates can henceforth be derived via spectral analysis; specifically, the Welch periodogram is used to
estimate the spectrum of the estimated respiratory waveform. The peak in the estimated spectrum
yields the estimated RR h. In order to measure the accuracy of the estimate h, this is compared to
the reference RR h recovered from contact respiration sensors. The same procedure (band-pass
filtering and maximisation of the Welch periodogram) is employed for the reference RW.

We adopt common metrics to evaluate the performance of one or more methods in estimating the
correct RR, namely Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE),
Pearson Correlation Coefficient (PCC), and Concordance Correlation Coefficient (CCC).

3.2 Datasets

Among the datasets briefly summarised in Table 4, we selected three: BP4D+ [182], COHFACE [60],
and MAHNOB-HCI [147]. This selection was based on their public availability, widespread adoption,
ease of access, and coverage of diverse acquisition conditions, including variations in video quality,
lighting environments, camera perspectives, subject demographics (e.g., different ages, genders,
and ethnic backgrounds), elicitation stimuli, and movement patterns (e.g., stationary subjects, head
movements, or talking). While the remaining datasets in Table 4 contain valuable information and
could be considered for more in-depth analyses, some were excluded from the current preliminary
benchmark due to various factors such as: limited accessibility or their primary use as training sets
for deep learning-based methods (e.g., OBF and AFRL), overlapping acquisition conditions (e.g.,
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DEAP), absence of a contact respiratory ground truth (e.g., MSPM) or their synthetic nature (e.g.,
SCAMPS). The selected datasets are briefly described below.

3.2.1 BP4D+ [182]. BP4D+ includes 3D, 2D, thermal, and physiological data recordings, such
as heart rate, blood pressure, skin conductance (EDA), and respiration rate, along with metadata
like facial features and FACS codes. The dataset comprises recordings from 140 individuals (58
men and 82 women) between the ages of 18 and 66, representing diverse ethnic backgrounds,
including East Asian, Middle Eastern, Hispanic/Latino, and Native American participants. Each
subject completed 10 tasks designed to elicit various emotional responses. High quality videos were
captured at 25 frames per second, while physiological signals were recorded at a sampling rate of
1000 Hz. Recently, the V4V dataset [133] has been constructed by selecting subjects from BP4D+.

3.2.2 COHFACE [60]. This dataset comprises 160 RGB video sequences, each lasting one minute,
captured alongside synchronised heart rate and breathing rate data from 40 participants (12 women
and 28 men). During recording, subjects remained seated and motionless in front of a webcam to
ensure full facial visibility. The dataset includes recordings under two lighting conditions: controlled
studio lighting with a spotlight and natural ambient light. The videos are encoded using the MPEG-4
Visual format (MPEG-4 Part 2) with a bitrate of approximately 250 kbps. They have a resolution of
640 x 480 pixels and a frame rate of 20 frames per second.

3.23 MAHNOB-HCI [147]. Originally designed for emotion analysis, this database has also
been utilized for evaluating remote physiological sensing algorithms. A total of 30 participants
(17 women and 13 men, aged 19 to 40) were monitored while watching selected movie clips and
images. Data collection involved six video cameras capturing different viewpoints, a head-worn
microphone, an eye gaze tracker, and various physiological sensors including respiration amplitude.
The MAHNOB-HCI dataset videos are encoded using H.264/MPEG-4 AVC compression, with a
bitrate of 4200 kbps, a frame rate of 61 fps, and a resolution of 780 x 580 pixels.

3.3 Motion-based Methods

3.3.1 Difference of Frames (DoF). The DoF approach is probably the simplest method to detect
motion in videos and is adopted here as the baseline model. As the name suggests, it basically
computes the difference between consecutive frames (chest ROIs) [73, 159].

Denote #, € R™" (with wand h the ROI's width and height) the gray-scale cropped video
frame, then the DoF can be seen as a simple pixel-wise FIR filter expressed by DoF, = F; — F;_p;,
where At is the time step between consecutive frames. The cumulative motion signal derived by
summing the intensity of the pixels in the DoF sequence of ROIs, constitutes the estimated raw

respiratory waveform RW: r; = Z::Ol Zﬁ;é DoFy(x,y), Vt. Results of the DoF approach on the
BP4D+, COHFACE and MAHNOB-HCI datasets are reported in Table 5.

3.3.2  RGB/Intensity-based Methods (Pixels Projection). A variety of approaches exploiting pixels
intensity/colour variations caused by the respiratory induced movements have been proposed. Here
we implement a simple yet effective approach that estimates motion by correlating one dimensional
image profiles (1D-PROFILE) obtained by aggregating the pixels of the current cropped frame onto
its horizontal axis [13, 21, 170]. Such approach assumes that the relevant information (respiration)
appears by and large as rigid vertical motion. Subsequently, the obtained one-dimensional profile
is cross-correlated with that of a previous frame, and the position of the maximum in the cross-
correlation function yields an estimate of the vertical displacement (vyt in Equation (1)).
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Table 5. Comparative Performance of Respiratory Rate Estimation Methods Across Multiple Datasets

Method Type Method BP4D+ COHFACE MAHNOB-HCI
MAE| MAPE| PCCt CCCT MAE| MAPE| PCCt CCCt MAE| MAPE| PCCt CCCt
Difference of Frames DoF 2.52 14.59 0.44 0.41 2.48 18.42 0.30 0.25 3.18 17.95 0.08 0.07
Linear 307 1627 039 038  1.29 945 058 057 324 2014 016 -0.16
Profile 1D Quadratic 380 1964 013 012 085 636 074 071 223 1399 033 033
Cubic 3.92 20.18 0.06 0.06 0.84 6.41 0.73 0.71 2.51 16.16 0.31 0.29
FNBK 1.87 11.78 0.54 0.49 1.02 7.89 0.72 0.69 2.71 16.74 0.26 0.25
CRAFT 1.59 9.39 0.62 0.60 0.82 6.38 0.74 0.71 1.81 11.14 0.44 0.44
lcv-RAFT 1.43 8.37 0.69 0.68 0.68 5.18 0.82 0.80 1.97 12.20 0.47 0.47
Optical Flow irr-PWC 1.53 9.16 0.66 0.64 0.69 5.39 0.77 0.75 1.84 11.51 0.50 0.50
GMA 1.39 8.38 0.69 0.67 0.66 5.08 0.83 0.81 2.10 13.08 0.35 0.34
RAFT-s 1.42 8.52 0.70 0.69 0.72 5.66 0.76 0.74 1.95 12.25 0.42 0.42
RAFT 1.40 848 071 070 0.64 484 0.84 0.82 206 1268 043 043
rPPG Morph. Feat. IMS 4.40 21.20 0.07 0.04 3.76 27.44 -0.03  -0.02 2.53 15.24 0.21 0.20
Peaks 469 2252 0.6 0.06 3.3 2235 -0.04 -0.03 278 1637 -0.17 -0.13
EMD 6.26 2976 003 0.01 254 1644 022 022 363 2112 004 004
BSS of rPPG o
SSA 636 3024 -001 000 253 1616 016 016 298  17.05 025  0.22
Deep Learning MITS-CAN 362 1916 023 021 231 1750 043 035 332 1994 007 007
BigSmall 317 1671 030 029 392 2870 021 015 336 1954 -0.12 -0.12

Best scores are in bold, best for each method type are underlined.

In our implementation, the 1D-profile p;, € R" is obtained as a combination of mean and standard
deviation of the gray-scaled pixels intensity of the cropped frame, i.e.,

P =05xu(F ) +0.5xa(Fy), (2)

where (7 ;) € R" and 6(F,) € R” represent the average and standard deviation of pixels’ intensity
on the horizontal direction, respectively. The raw respiratory waveform is then obtained as the
position of the maximum of the cross-correlation function of the current 1D-profile p; with the
previous p,_a; In practice, as respiratory motion may happen at the sub-pixel level, the cross-
correlation function is typically interpolated before determining the maximum [13, 21, 170]. More
formally, denote A, Pt(T) the interpolated cross-correlation between the 1D-profiles at times ¢
and t — At as a function of the displacement 7; the RW at time ¢ is obtained as
n= é arg max Ap p (0. (3)
Results are reported in Table 5 varying the types of interpolation (Linear, Quadratic, Cubic) of
the profiles cross-correlation function.

3.3.3  Optical Flow. Another popular approach to estimate the respiratory related velocities
vectors is given by the computation of the OF [71, 90, 170]. It allows to extract the motion of objects
between consecutive frames of a video, caused by the relative movement of a subject w.r.t. the
camera. Call F; the RGB video frame at time ¢, at the most general level the OF equation writes
%vx + %vy + 33—3;’ = 0, where v, = %’t‘ and v, = %’. The problem of OF is solving v, and v, to
determine movement over time. This is, in general, unfeasible but a variety of approaches have
been developed as approximate methods. OF can be computed on a subset of “interesting” pixels
(sparse OF) or on the entire frame (dense OF). While the former is less computationally expensive,
the latter typically exhibits higher accuracy, hence in our experiments dense OF has been used.

OF has traditionally been approached as an optimisation challenge usually leveraging variational
techniques, which can be solved as an energy minimisation process. However, recent methods
employing deep learning have yielded remarkable outcomes, typically surpassing “knowledge-
driven” approaches on benchmarks [181]. Typically, these methods take a pair of video frames as
input and produce OF as output. Formally: (vy, v,) = NN(F;_a, &), where NN represents a Neural
Network. Similarly to the pixels projection case (and following the vast majority of approaches
presented in the literature), we assume that the respiratory information appears mainly as vertical
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motion. The RW can be hence recovered by computing the median of all the vertical displacements
vectors estimated by a given OF method at every frame.

We compare results for respiratory rate estimation using 6 Deep OF models, namely CRAFT [151],
LCV-RAFT [175], IRR-PWC [67], GMA [72], RAFT-Small and RAFT [158]. In addition the
Farneback [48] knowledge-based OF method is employed as a baseline. Results for all the adopted
metrics are reported in Table 5.

3.4 rPPG-based Methods

To extract BVP signals from video, we implement the rPPG estimation pipeline as implemented in the
PYVHR package [15, 17]. pYVHR provides a variety of different rPPG methods [16, 24, 42, 124, 171];in
our experiments the CHROM [42] rPPG approach is employed. Differently from the original settings,
the BVP signal band-pass filtering cut-off frequencies have been set to the range [0.1 — 4.0]Hz in
order to keep the lower frequencies eventually conveying respiratory information.

The obtained estimate is subsequently processed to extract RIVs. In the literature, this has been
accomplished either through morphological segmentation of the rPPG signal or via Single-Channel
Blind Source Separation techniques.

3.4.1 rPPG Morphological Segmentation. As summarised in Section 2.3, respiratory information
can be mined from (r)PPG signals by tracking its local minima/maxima. In the biomedical signal
processing literature, lots of efforts have been devoted to the development of algorithms to extract
such quantities that are specifically tailored to the characteristics of the BVP signals (e.g., [45, 75]);
however some approaches employ “general purpose” peak finding methods [50].

In our experiments, two approaches have been implemented to extract local minima/maxima
from the estimated rPPG; the first one relies on a morphological segmentation of the rPPG signal,
called IMS algorithm [75]. For comparison, a simple local minima/maxima finding algorithm as
proposed in [50] has been implemented too.

In both cases, three respiratory induced variations (namely RIIV, RIAV, RIFV) have been recov-
ered (see Figure 4). Each RIV represents a RW estimate; the corresponding respiration rates are
determined via maximisation of their Power Spectral Density. The final RR value is then obtained
via averaging. Results are reported in Table 5.

3.4.2 Blind Source Separation. An alternative approach to recover respiratory information
embedded into rPPG signals is to consider the latter as the result of a mixed number of sources
(one of which is respiratory modulation). Single Channel Blind Source Separation (SC-BSS)
techniques may hence be employed to extract such information.

In the literature, articles pursuing this route have mainly adopted Empirical Mode Decompo-
sition (EMD) as the SC-BSS method to extract RIVs. In a nutshell, EMD is an analytical technique
employed for effectively characterising time series that are both non-linear and non-stationary in
nature. This method entails the projection of the time series onto a basis within a space that consists
of IMFs [63]. EMD segregates a limited set of the IMFs and directly derives the frequency and
amplitude dynamics from these functions [129]. In this work, and following [18], we compare EMD
with Singular Spectrum Analysis (SSA) as an alternative SC-BSS technique. SSA [46] represents
a decorrelation method that projects a singular combination of sources with zero mean (time series)
onto an orthonormal basis within a space. This technique entails breaking down the time series (in
our context, rPPG) into an assortment of empirical orthogonal functions (EOFs) by constructing
a trajectory matrix using the original data and subsequently employing Singular Value Decom-
position (SVD) on this matrix. The outcome entails a collection of principal components (PCs)
that effectively capture the most prevalent patterns present within the data. Subsequently, these
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principal components are harnessed to reconstruct the initial time series, effectively disentangling
the signal from noise.
Results of correct RR recovering using either EMD or SSA are reported in Table 5.

3.5 Deep Learning-based Methods

Among the various neural architectures proposed for predicting respiratory information, we have
selected those with publicly available implementation code and pre-trained model weights.

For our benchmark, two approaches have been selected: MTTS-CAN and BicSmALL. We excluded
from the experimental analysis methods that do not explicitly learn to predict respiratory waveforms,
but instead derive them subsequently from predicted cardiac signals. Although, from a taxonomic
standpoint, such methods are technically Deep-Learning-based, they are primarily trained to
leverage only cardiac information, from which respiration is later recovered (in a sense similar to
an rPPG-based approach).

As discussed in Section 2.4, both MTTS-CAN and BIGSMALL are two recent expressions of
probably the most successful and studied neural architecture in this field (dual-branch Convolutional
Attention Neural Network) and training protocol (Multi-task learning).

In our implementation, we have adapted the original code and used the pre-trained model weights
released by the authors for both MTTS-CAN ? and BicSMALL. *

RR prediction results are reported in Table 5. It is worth remarking that the BicSmMaLL model was
originally trained and tested on the BP4D+ dataset. Notably, our results are comparable to those
published by the authors, and for some metrics, even better. This improvement is likely due to the
prediction on some videos that were originally used for training, which means the results for this
model are probably slightly overestimated.

3.6 Discussion

The above experimental results show how a marked difference exists in the accuracy of the predic-
tions when it comes to the remote respiration monitoring via RGB cameras. First thing to notice is
how such differences are specific to the dataset and the experimental conditions at hand. Figure 6
clearly indicates that, in our benchmark, the MAHNOB-HCI dataset resulted as the most challenging
for almost all the tested approaches. Conversely, COHFACE showed as the simplest corpus w.r.t.
the prediction of respiratory information, with BP4D+ sitting somewhat in the middle.

Most importantly, some approaches exhibited stark differences in performance w.r.t. the others.
Optical Flow-based approaches clearly outperform all the others by a large margin. Notably, this
trend is consistent within all the datasets.

Interestingly enough, the OF estimation method plays a crucial role; when comparing the
“baseline” FARNEBACK OF estimation method with state-of-the-art Deep OF approaches, a clear
divergence in terms of both MAPE and PCC can be noticed in favour of the methods relying on
Deep OF estimation (see Figure 6). Similar considerations hold for the MAE and CCC metrics.
On average, the best performing optical flow-based method (LCV-RAFT) achieves a PCC value of
0.66 (strong correlation) and a MAPE of 8.58. To the best of our knowledge, these results can be
considered the state of the art (SOTA) for this task.

The superior performance of OF-based methods can be attributed to their ability to explicitly
capture motion patterns and directly model the chest and abdominal movements induced by
breathing. This makes them more robust and generalisable across different conditions and datasets.
Additionally, our results indicate that deep learning-based OF methods (e.g., LCV-RAFT) outperform

Zhttps://github.com/xliucs/MTTS-CAN
Shttps://github.com/girishvn/BigSmall
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Fig. 6. MAPE (a) and PCC (b) metrics results for each method and dataset.

traditional algorithms (e.g., Farneback), likely due to their superior capability in accurately capturing
fine-grained motion patterns and handling complex real-world scenarios. However, this increased
accuracy comes at the cost of higher computational demands, which raises considerations regarding
real-time deployment.

rPPG-based approaches showed as the least accountable for predicting respiration rates from
RGB cameras in our experiments. This is not surprising as respiratory induced variation extraction
heavily relies on the quality of the underlying (r)PPG signal. Notoriously, this depends on the
amount of compression of the original video, with heavily compressed videos (e.g., COHFACE
or MAHNOB-HCI) significantly disrupting the rPPG signal. Clearly, such limitation hinders the
adoption of rPPG-based solutions in the most general case. In our benchmark, all rPPG-based
approaches reached weak correlation (PCC < 0.2) and high errors (MAPE > 20) with SC-BSS
(specifically SSA) slightly outperforming approaches based on morphological segmentation.

Quite surprisingly, cutting edge approaches based on Convolutional Attention Networks, albeit
beating rPPG-based methods, ranked unfavourably if compared against motion-based approaches,
specifically with those grounded on (deep) OF estimation. Unexpectedly, simple motion-based
baseline methods such as DoF or ProriLE-1D yielded more robust estimations of RRs. The under-
performance of attention-based CNN methods relative to motion-based approaches suggests that
these models may struggle to effectively disentangle respiratory-related motion from other facial
and body movements. We hypothesise that their reliance on learned feature representations, rather
than an explicit modelling of either motion or respiratory induced cardiac variations, could make
them more susceptible to domain shifts across datasets.

As to the computational demands of the benchmarked approaches, Figure 7 depicts the rela-
tionship between either the MAPE (Figure 7(a)) or PCC (Figure 7(b)) and the time (in seconds)
required by each method to process one frame of a video, on average. Clearly, there exists a bold
gap in computational demands when comparing the baseline DoF approach with the most compu-
tationally expensive IRR-PWC Deep OF-based method, with almost three orders of magnitude of
difference. However, by glimpsing at Figure 7, it is clear that an increase in resource requirements
does not always correlate with an improvement in performance. If, on the one hand, the most
accurate approaches are the heaviest in terms of computation (i.e., Deep OF-based methods), on
the other hand, the lightest procedure (DoF) is far from being the least accurate. In this respect, it
is worth mentioning the excellent speed/accuracy tradeoff exhibited by the PRoFILE-1D procedure,
significantly outperforming all the approaches except the OF-based, but with tremendously lower
computational requirements.
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Fig. 7. MAPE (a) and PCC (b) values vs. average wall time requirements (seconds) of each method to process
a video frame. y axis is on a logarithmic scale.

3.6.1 Open Challenges and Future Directions. Despite the growing interest in RGB camera-based
respiratory estimation, several open challenges may hinder its widespread adoption and relia-
bility. One of the primary limitations is the lack of large and diverse publicly available datasets
that include physiological ground truth for respiration. Existing datasets are often constrained
in size, demographic diversity, and recording conditions, limiting the generalisability and proper
evaluation of proposed methods. In fact, current approaches cannot be adequately tested for
their robustness to challenging conditions such as camera motion, illumination variations, signif-
icant subject motion (e.g., during physical exercise), and, more generally, any out-of-laboratory
scenario.

Another critical challenge is video compression: to fully exploit the available information (i.e.,
both motion and respiratory-induced cardiac variations, RIVs), it is essential that data remain
uncompressed, as compression artifacts degrade the quality of rPPG signals [111], from which
RIVs are extracted. Moreover, the absence of well-established and reproducible benchmarks further
complicates the objective evaluation and comparison of different approaches.

On the modelling side, it is evident that end-to-end deep learning-based solutions have yet
to emerge as dominant and reliable approaches for this task, likely—at least in part—due to the
aforementioned data limitations. While some models attempt to integrate both rPPG and motion-
based cues for respiratory estimation (e.g., [93, 119]), the use of compressed videos during training
may render such efforts ineffective. Conversely, training on uncompressed videos only partially
addresses the problem, as the use of widely available compressed videos during inference would
still force these models into an out-of-distribution setup, where rPPG signals are severely degraded,
leaving motion as the primary, yet often unreliable, source of information.

Accurately estimating motion remains a challenging problem, as demonstrated by the exten-
sive research on OF estimation using deep learning. Notably, current deep learning solutions for
respiratory estimation tend to be relatively shallow compared to architectures designed for OF
estimation [72, 158], largely due to data scarcity. This limitation in representational power may
lead to suboptimal results.

Future advancements in this field should focus on integrating synthetic data [110] along with
specifically designed unsupervised [148], self-supervised [94, 166, 176, 180] or contrastive learn-
ing [1, 54, 152, 153] procedures to mitigate labelled data limitations. While this has recently become
a vibrant research direction for rPPG estimation, approaches that explicitly apply the same concepts
to other physiological signals, including respiration, remain relatively uncommon. Additionally,
explicit inductive biases, particularly in the modelling of motion, could improve robustness and
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generalisation. For instance, current dual-branch architectures (e.g., [93, 119]) initialise the “mo-
tion branch” by computing frame differences; however, our experimental analysis suggests that,
while efficient, this approach may be suboptimal. Instead, leveraging the improved motion esti-
mation capabilities of (pre-trained) OF models could enhance robustness to distribution shifts for
motion modelling. Similarly, with regard to the exploitation of respiratory-induced cardiac varia-
tions, future advancements should build upon recent efforts in rPPG estimation from compressed
videos [40, 169, 177, 183], which continues to be a compelling yet challenging research problem.

Nonetheless, a concerted effort is also needed to expand the availability of diverse and open
datasets featuring uncompressed or minimally compressed videos with corresponding respiratory
ground truth, mirroring recent progress in the rPPG domain [108]. Lastly, the establishment of
standardised benchmarking protocols is essential to ensure fair comparisons and facilitate progress
in this research area. This work aims at taking a first step in this direction.

4 Conclusion

Estimating respiratory information from RGB cameras is an evolving and continuously expanding
area of research. In many aspects, it also qualifies as a well-established field that has amassed
a substantial body of outcomes, including the introduction of algorithmic principles and the
accumulation of knowledge over time. However, beneath the progress hitherto achieved, there
persist several critical issues that quest for attention.

Specifically, in the examination of the existing literature, it becomes apparent a noticeable trend
when it comes to the experimental evaluation of proposed algorithms.In many cases, there seems
to be a lack of careful consideration when comparing newly proposed techniques with already
established ones.

Moreover, although a few recent proposals have taken advantage of publicly available datasets for
performance evaluation, the use of limited or non-public datasets hinders significant advancements
and tends to favor less effective methods.

The in-depth experimental, taxonomy-based analysis conducted here has shown how the overall
efficacy of remote respiration measurement via RGB cameras delivered by the methods proposed in
the literature, is on average reasonably high. However, there are significant differences in outcomes
when multiple methods are benchmarked. In our experiments, at least, approaches exploiting
chest/shoulder/torso movements qualified as the most reliable. Specifically, the estimation of
velocity vectors via Optical Flow yielded the most robust outcomes; in this respect, the accuracy of
such estimation appears to be of paramount importance, with SOTA Deep OF estimators delivering
the best results.

Conversely, those methods relying on the processing of Blood Volume Pulse signals to recover res-
piratory modulations appear to deliver sub-optimal results with increased computational demands.
It is worth noting, however, that while a variety of datasets can serve the purpose of benchmarking
RR estimation algorithms (see Table 4), only a handful of them are easily accessible and provide
uncompressed (or lightly compressed) videos, which are essential for the proper extraction of
cardiac (and consequently respiratory) information.

The analysis of the literature unsurprisingly reveals a general trend in the community toward
shifting to end-to-end deep learning-based solutions. Notwithstanding that it is reasonable to
assume that in a more or less near future such approaches may take over in terms of prediction
accuracy (similarly to many other fields), current empirical evidence suggests a cautious attitude.
Indeed, for what concerns RR estimation, end-to-end solutions appear to suffer from scarce accuracy
and poor generalisation abilities. This is an issue that in this specific field (and probably, more in
general, in the broader case of remote physiological measurement) appears to be exacerbated due
to the dearth of large and diverse datasets for training and validation.
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In this article, we have reviewed and analysed the literature and techniques for estimating
respiratory information in a contactless manner using RGB cameras. Additionally, based on the
analysis, a benchmark for the most representative approaches has been conducted on three publicly
available datasets. The code to reproduce the experiments is made publicly available to the scientific
community in the form of a Python package named ResPYRE . We hope this work serves as a valuable
guide for practitioners facing the challenges of RGB-based respiratory information estimation, its
understanding, and benchmarking.
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Appendix
A Online Resources

Code for reproducing the experiments can be accessed freely at https://github.com/phuselab/
resPyre.
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