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Abstract 

 

Non-contact measurement of Respiratory Rate (RR) is suitable for various clinical and home-

based healthcare applications. RR monitoring can inform healthcare providers of early indicators 

of critical illnesses. However, the obtrusive nature of contact-based sensors for RR monitoring 

makes them uncomfortable for extended use and vulnerable to movement-derived noise. Hence, 

camera-based approaches have attracted considerable attention as they enable contact-free RR 

monitoring. This thesis presents an improved non-contact method for RR monitoring that leverages 

camera derived remote photoplethysmography (rPPG) to measure RR. Unlike previous work, the 

proposed method supports subject movement during monitoring.  

We apply Independent Component Analysis (ICA) on the RGB channels of facial videos to 

distinguish the source (i.e. PPG signal) from noise. We use the Complete Ensemble Empirical 

Mode Decomposition with Adaptive Noise (CEEMDAN) scheme to decompose the selected ICA 

output into its Intrinsic Mode Functions (IMFs). We propose a Machine Learning (ML) algorithm 

to select the IMF that best reflects the RR. We evaluated the proposed method on 200 facial videos 

collected from 10 subjects. Our approach decreased the RMSE by at least 39.6% compared to 

state-of-the-art techniques when subjects were stationary. For subjects in movement, we achieved 

an RMSE of 2.30 BPM (breaths/min). 
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Chapter 1. Introduction 

Respiratory Rate (RR), commonly defined as the number of breaths per minute, is an important 

indicator of the health status and aids in identifying health abnormalities [1]. The RR measure can 

serve as a predictor of critical illnesses. For instance, RR is screened in emergency departments of 

hospitals for indicating respiratory dysfunctions and predicting cardiac arrest [1]. In primary care, 

RR can identify apnea, pneumonia and pulmonary embolism [1]. Hence, monitoring RR can 

support effective triage decisions and facilitate the regionalization of critical care [2]. Its 

continuous measurement is prominent for monitoring health conditions and it is typically measured 

as the number of breaths per minute (BPM). 

 
1.1. Problem Statement 

 
The conventional techniques to measure respiration rate are contract-based and require sensors 

to be attached to the body, e.g. belt, or facemask [3]. These sensors limit the movement of the 

patient. Even conventional ambulatory sensors designed for home care affect the freedom of 

movement due to excessive wiring. Moreover, in long-term monitoring, the sensor attachment to 

the body may lead to skin irritations and/or patient discomfort. For example, monitoring vital signs 

of burned skin patients or premature infants in the Neonatal Intensive Care Unit (NICU) requires 

the use of adhesives to attach sensors to their skin which might result in pain and skin irritation 

[5]. Although some contactless methods, namely air mattress sensors, are capable of monitoring 

respiration [4], the RR signal can be distorted by non-respiratory-induced movements [4]. 

Furthermore, these sensors are restricted to particular contexts (e.g. subject sleeping on the 

mattress). Hence, non-contact techniques are well suited for these scenarios. 
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1.2. Goals and Objectives 

 
 

Lately, researchers have been focusing on the feasibility of measuring RR using camera through 

motion vectors related to the respiratory-induced movements and remote Photoplethysmography 

(rPPG). Such remote measurement solutions can be applicable to situations where contact-based 

sensors are not desirable or feasible such as the monitoring of infants in neonatal intensive care, 

elderly individuals in senior care centers, patients in hospital emergency waiting rooms, and 

prisoners on suicide watch. 

The measurement of rPPG is based on the principle that when the heart pumps blood, the 

arterioles blood volume increases which leads the skin color to vary. Therefore, a standard RGB 

camera can record these color changes instigated by the light absorption properties of the blood. 

Consequently, we have developed a method to extract RR from a facial video of a subject in 

movement. The objective of this study is to assess the performance of the aforementioned method 

by comparing the RR extracted from a facial video with those collected via capacitive belt sensor 

and self-counting as ground truth.  

Also, we note that previous video-based RR measurement studies present several shortcomings. 

Firstly, individuals were limited to slight movements [6][7][8]. Specifically, for motion-based 

measurement techniques [9-10], it is challenging to differentiate between respiratory-induced 

motions and other movements that are unrelated to breathing. Moreover, the measured rPPG signal 

can be corrupted by movement artifacts and noise derived from lighting changes [11]. The RR is 

subtly modulated in the PPG signal. Hence, its accurate extraction is highly affected by noise [12]. 

Therefore, we focus on improving the robustness of rPPG-based RR measurement while relieving 



3  

the assumption of subject stillness. Hence, the subject can freely move within the environment. 

The proposed algorithm can estimate the RR if it receives a facial video containing the subject’s 

forehead (given that both eyes are visible). 

1.3. Motivation 

 

 
Contactless techniques to monitor vital signs have a variety of applications in clinical areas and 

home-based healthcare. The common techniques to measure RR are contact-based which requires 

sensors attached to the body [3] while in long-term monitoring, these attachments may lead to 

discomfort and limitations in mobility. Furthermore, in some cases, patients refuse continuous 

monitoring and hence reject obtrusive sensors (e.g. prisoners on suicide watch).  

We can envision numerous scenarios where remote measurement of RR can be desirable and 

effective: 

 Monitoring residents of senior care centers to alert staff to emergencies 

 Monitoring patients in hospital emergency waiting rooms to notify staff if a patient’s 

condition unexpectedly deteriorates 

 Monitoring prisoners on suicide watch to communicate emergencies to guards and 

medical staff 

 Monitoring sleeping infants to send an alarm to parents in case of an emergency 

We present a novel motion-robust non-contact camera-based method as a replacement to contact-

based conventional sensors for extraction of respiratory rate. Typical cameras are surrounding us 

everywhere. From security cameras in public places to personal ones on and off mobile phones. 

Therefore, the ability to measure this vital sign using a typical and widely available camera, with 

no additional hardware, can prove favorable for the diagnosis of a number of important clinical 

conditions.  
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1.4. Contributions 

 
We summarize our contributions as follows: 

 
1. We apply the Complete Ensemble Empirical Mode Decomposition with Adaptive Noise 

(CEEMDAN) [13] to decompose the rPPG signal and obtain the most informative coefficient 

that reflects RR. 

2. We develop a Machine Learning (ML) algorithm to select the most informative CEEMDAN 

derived IMF. 

1.4.1 Publication 

 

The outcome of this thesis was submitted as a journal paper to the IEEE Journal of Translational 

Engineering in Health and Medicine: 

M.Ghodratigohar, H.Ghanadian, H. Al Osman. "A Non-Contact Respiratory Rate monitory method 

using CEEMDAN and Machine Learning". Submitted to Journal of Translational Engineering in Health 

and Medicine (JTEHM), Submitted March 30th, 2019. 

 

1.5. Thesis Outline 
 

The rest of this thesis is organized as follows: 

 

Chapter 2 discusses the relevant background and related work. We summarize previous literature 

related to the contactless approaches to monitor the RR signal. 

Chapter 3 describes the proposed method to estimate the RR signal with a camera. Furthermore, 

we describe the proposed decomposition methods and machine learning schemes. 

Chapter 4 presents the results for the validation and lab experiments we conducted to assess the 

effectiveness of the proposed method. Moreover, we discuss the results and present our 

conclusions. 

Chapter 5 summarizes the thesis findings and provides insights into future wor
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Chapter 2. Background and Related Works 

In this chapter, we provide a brief explanation of the relevant concepts in machine learning, 

image processing, and physiological signals. Moreover, we present existing non-contact RR 

measurement methodologies and summarize the rPPG based methods in Table 1 and Table 2. 

 
2.1. RR Measurement 

 
 

RR, defined as the number of respirations per unit of time, is a significant vital sign measure for 

assessing individuals’ well-being [1]. Its regular measurement is crucial in supporting the triage 

decision and facilitate regionalization of critical care [2]. Fluctuations in RR can be an indicator 

of potentially serious clinical event such cardiac arrest and the basis for admission to the intensive 

care unit [14-17]. The process of measuring RR can be classified into either contact or non-contact 

method. 

 

2.1.1 Contact Measurement 

The common techniques to measure respiration rate are contact-based which requires sensors 

attached to the body, e.g. belt or a facemask [3]. They are usually based on measuring one of the 

following parameters: respiratory related sounds, airflow, chest or abdominal movements, respiratory 

CO2 emission, pulse oximetry (SpO2-blood oxygen Saturn) and Electrocardiogram (ECG) [3].  

2.1.1.1 Acoustic Monitoring 

In the acoustic based methods, a microphone placed close to the airways records respiratory sounds 

and through its variations the RR can be estimated using frequency analysis [18]. In [19], they extracted 
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breaths sounds from an acoustic signal contaminated by environmental noise using spectral 

characteristics of normal breaths sounds measured at a distance of 100 mm. They observed that 

environmental noise has unique frequency distribution patterns. Hence, they can distinguish 

breaths sounds by filtering for the appropriate range. Werthammer et al. [20] reported that snorting, 

speaking, crying, coughing, etc. had a negative effect on the function of this method.  

2.1.1.2 Airflow Monitoring 

Since exhaled air is warm and humid, RR can be measured by monitoring the respiratory airflow 

[21]. A nasal or oral thermistor can be used to detect the fluctuations of temperature between inhaled 

and exhaled air to measure the airflow and RR. This method is vulnerable to the high incidence of 

thermistor displacement [22]. Some patients may not feel comfortable with the sensor especially that it 

is placed over the mouth and/or upper lip area [23].  

2.1.1.3 CO2 Monitoring 

The CO2 monitoring method measures an overall estimate of changes in CO2 levels by diffusing 

gas with a heated electrode set to the skin. However, the electrode might cause burns on the sensitive 

neonatal skin [24]. Folke et al. [25] also propose a CO2 sensor that measures RR. However, they 

indicated that subtle design changes in the collecting device could introduce large differences in the 

sensor performance [23]. 

2.1.1.4 Movement Detection 

For chest and abdominal derived movement detection, a sensor integrated into a belt wrapped 

around the chest or abdomen is used. A conductor can be integrated into the belt such that during 

respiration, when the chest area expands, the conductor resistance increases. The variations in the 

conductor’s resistance reflects RR.  A strain gauge can be used with a belt device wrapped around the 

patient’s chest to measure changes in the thoracic or abdominal circumference during breathing which 
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corresponds to respiration cycles [25]. In inductive plethysmography, a sinusoidal wire is wrapped 

around the chest and/or abdomen. The sensor measures variations in inductance related to changes 

in the shape of the torso caused by respiration [26]. A piezoelectric sensor integrated within a belt 

wrapped around the chest generates a small voltage when it stretches due to respiration derived 

changes in the chest or abdomen volume. Hence, the RR information can be estimated from 

generated voltage [26]. Kang et al. [27] developed a capacitive based respiration sensor integrated 

with a belt. The sensor measures the alteration in the area between two capacitor plates that slide 

parallel to one another. During respiration, the sensor will be stretched and since the plates are 

laterally connected with one-dimensionally stretchable nonwovens, it enables the plates to slide in 

opposite directions. Therefore, the RR can be obtained based on respiration derived moment of the 

plates inside the capacitive sensor. 

2.1.1.5 PPG  

 PPG-based measurement is another low-cost and non-invasive means of sensing the blood 

volume pulse (BVP) that leads to estimating RR. The PPG signal is obtained from variations in the 

reflected light from the tissue [28] through a pulse oximeter attached to the finger to measure the 

oxygen saturation level in the blood. During exhalation, the parasympathetic nervous system 

increases the flexibility of blood vessels which affects the pulse wave of the PPG signal [29]. 

Respiration modulates the amplitude and rate of PPG pulses. Therefore, the respiratory information 

can be extracted from the pulse width, rate, and amplitude variability of the PPG signal [29]. 

Leonard et al. [30] processed the PPG signals of ten healthy adults using a wavelet transform that 

led to the observation of respiration waveforms. Wertheim et al. [31] demonstrated the feasibility 

of extracting RR from the PPG of infants by detecting the peak of the PPG frequency spectrum 

associated with RR. Lazaro et al. [32] recorded a PPG signal using a smartphone (iPhone 4s). The 

subjects were asked to place their finger on the camera as the onboard flashlight illuminated the 
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subjects’ fingers.  They extracted the PPG signals by averaging the green channel on a 50x50 pixel 

Region of Interest (ROI) selected from the captured video. They then combined derived respiration 

information from the pulse, rate and amplitude variability of the PPG signal to estimate the RR.  

2.1.1.6 ECG 

ECG derived RR is based on the fact that respiration modulates the ECG signal [3]. The body-

surface ECG is affected by the electrodes’ motions associated with respiration. Such motions lead 

to fluctuations in the thoracic electrical impedance during inhalation and exhalation. Therefore, 

fluctuations in the mean cardiac electrical axis are correlated with respirations which permits the 

estimation of RR [33]. Mazzanti et al. [34] utilized Principal Component Analysis (PCA) to 

estimate the ECG leads that contributed the most to the respiratory variations. The shortcoming of 

these methods is that movement artifacts cause errors in RR estimation [3]. 

 

 

2.1.2. Non-Contact Measurement 

2.1.2.1 Radar 

 
To the best of our knowledge, Caro et al. [35] were the first to introduce remote respiration 

monitoring using radar as an apnea (i.e. abrupt stop in respiration) detector. They investigated the 

existence of a Doppler shift in the frequency of the received wave to measure breathing. 

Furthermore, Chen et al. [36] utilized a Doppler radar [37] to measure HR and RR. The system 

exposes the subject to a low-intensity microwave signal that is reflected back to the radar’s sensor. 

Since respiration causes motion on the chest wall and abdomen, it effects on the reflected signal 

permits the deduction of the RR. 

Iyer et al. [38] employed a Doppler radar-based radio frequency sensor for a smart home 

application to detect human subjects in a room by finding their RR and HR. Their proposed sensor 

simultaneously operates at 2.44 and 5.25 GHz frequency bands to transmit and receive the 
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generated signal. Based on the normal range of the HR and RR, they apply a bandpass filter on the 

received signal to eliminate noise. For their experiment, they collected a sample of 10 minutes of 

a 33-year-old male subject stationed within a distance of 1-m from the sensor. Subsequently, they 

used ‘morlet’ as the mother wavelet to decompose the spectrum of the obtained signal. Therefore, 

the maximum peak of the decomposed signal corresponds to the desired heart or respiration rate. 

Their experimental results demonstrate the applicability of this method to smart home applications. 

Uenoyama et al. [39] used a 1,215 MHz-microwave radar antenna box with a maximum output 

power of 70 mW and two micro stripe antennas for radiating and receiving to measure the RR of 

sleeping subjects. The radar system was attached to the room ceiling, 200 cm from the clothed 

healthy subjects laying in a bed. They considered the subject’s chest as the ROI to track the 

respiration-induced movements. They measured the RR by calculating the Fast Fourier Transform 

(FFT) of the chest wall motions measured by the radar. The consider the peak of the FFT signal to 

reflect the RR. 

2.1.2.2 Laser 

Kondo et al. [40] proposed an RR measurement scheme that use a laser diode to measure the 

distance between the chest wall and the sensor. By plotting the changes in the latter distance against 

time, they obtained respiratory waveforms that led to the RR estimation.  

Min et al. [41] used an ultrasonic proximity sensor to measure the chest-wall motion. However, 

with such method, the texture of the subject’s clothes can affect the RR measurement accuracy 

[42].   

2.1.2.3 Thermal Camera 

Using thermal cameras creates new opportunities to realize non-contact vital signs 

measurement techniques. As exhaled air is coming from inside the lungs, it has a higher 

temperature than inhaled air. Yang et al. [43] used a thermal camera to measure HR and RR by 
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monitoring periodic temperature changes that result in infrared light modulation near superficial 

blood vessels and the nasal area. Murthy et al. [44] used a cooled mid-wave infrared Phoenix 

camera with thermal sensitivity of 0.0250C to record thermal video sequences and a second-order 

statistical method to measure the contact-free RR of subjects. They conducted their experiment in 

a dimly lit room to avoid problems with reflection. They selected an area at distances ranging from 

6-8 feet from the nose tip as the ROI that shows the differences in temperature during breathing. 

They used an adaptive thresholding algorithm to distinguish the skin of the face from the no-skin 

area in the profile view of the subject. They divided their process into two phases, training and 

testing. In the training phase, they trained the system on the subject’s breathing temperature profile. 

Hence, they monitored the temperature of the ROI during the first breathing cycles and computed 

the Tmin (minimum temperature) Tmax (maximum temperature) and the average of Tmin and 

Tmax (Tave). They considered that the temperature distribution in inspiration is between Tmin 

and Tave and for expiration is within Tave and Tmax. After repeating this process for several 

breathing cycles, they computed the mean and variance of these distributions (they considered a 

normal distribution). In the testing phase, by considering the means and variances of temperature 

distributions in training phase, if the difference between the incoming temperature distribution to 

the distribution of the temperature for inhalation in training is lower, the pixels of the ROI 

containing incoming temperature are labeled as inspiration and otherwise, they are labeled as 

expiration. Based on this decision, they update the parameters (weight, mean and variance) of the 

inspiration and expiration distributions. After detecting the first full cycle of breathing, they can 

estimate RR with the time stamps of all the frames in the cycle. However, this approach can yield 

inaccurate results due to the variation in room temperature [45]. 

To compare the microwave radar-based method with thermal imaging, we considered the 

Uenoyama et al. [39] and Murthy et al. [44] as representative studies. For the thermal imaging 
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method presented in [44], they performed testing on ten participants. They did not report the age, 

health condition, and body temperature of the participants. They did not specify the room 

temperature where the experiment took place. They did not investigate whether the accuracy of the 

method would be affected by a rise or drop in body or room temperature. For instance, they did 

not explore the effect of fever on the correctness of their measurements. For the radar-based 

method [39], they conducted testing on sixteen subjects. Eight of the subjects were healthy and 

young (mean age, 25 years; range, 21–44 years); the other eight were elderly individuals (mean 

age, 69 years; range, 66– 75 years) with some disorders (hypertension 4/8, angina pectoris 2/8, 

aortic regurgitation 1/8, left upper lobectomy 1/8, prostatauxe 1/8, gastric ulceration 1/8). This 

variety in the subjects’ characteristics highlights the comprehensiveness of their investigation. 

However, they did not test the feasibility of their method for situations where the subject is not 

laying in the bed on their back (i.e. sleeping on their side or stomach). Moreover, they did not 

explore the effects of covering the subjects with blankets. For the experiments of both studies, the 

subjects were limited in their natural movements. 

2.1.2.4 Depth Camera 

Wijenayake et al. [46] employed a depth camera to acquire the depth data of the chest 

respiratory motion. This method requires the attachment of dot markers onto the person’s chest 

area. Moreover, any wrinkles on the subject’s garment within the chest wall area can have 

adverse effects on the accuracy of the results [46]. 

2.1.2.5 RGB Camera 

Using an RGB camera, we can measure the RR using two methods: 1) monitoring the motion 

of an ROI that reflects breathing, such as the chest, abdomen, shoulders, neck, or nostrils [8]; or 2) 

extracting the RR from an rPPG signal obtained from a video.   

Janassen et al. [8] observed that respiration induces subtle trunk motions on chest or abdomen 
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which can be captured by dense optical flow with a camera to extract the respiratory signal. They 

employed the dense optical flow algorithm to estimate pixel motion vectors. They observed that 

their methods’ performance degrades at farther distances from camera and under varying lighting 

conditions. 

Lin et al. [47] and Tran et al. [48] used a standard camera to record changes of simple harmonic 

movements during respiration to estimate RR. In [47], they detect the face to identify the relative 

upper body location. Then, they model the movements of the upper body induced by respiration 

from the vertical variation of the optical flow to calculate the RR. In [48], they localize the chest 

region through body segmentation and by tracking respiration-derived optical flows of the upper 

body, they calculate the average breathing signal.  

Prathosh et al. [42] and Zhao et al. [49] investigated imaging changes in the reflected light 

caused by respiration-induced motion to measure RR. In [42], they used an RGB camera while in 

[49] they used a near-infrared camera that is sensitive to light in the visible and near infrared region. 

Their base principle is that respiratory movements of the body surface shapes the path length of 

light reflect off the chest wall. Hence changes in the reflected light are correlated with respiratory 

events which leads to RR estimation.  

Shao et al. [50] estimated RR by monitoring a region around the edge of the shoulder and 

implementing a differential detection and motion-tracking algorithm. The accuracy of the 

algorithm was negatively affected by subject movements.  

Al-Naji et al. [51] used a motion magnification technique based on wavelet decomposition and 

an elliptic filter to magnify breathing movement of the chest caused by inhalation and exhalation. 

After magnification, they implemented frame subtraction to detect the motion and measure RR. 

Wei et al. [52] proposed monitoring the motion within two ROIs: the face and neck. They applied 

a blind identification algorithm to obtain a respiratory motion artifact. Then, they leveraged a 
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kurtosis-based method to automatically select the best signal carrying RR information among all 

decomposed signals. 

Jorge et al. [53] proposed a convolutional neural networks based method for skin segmentation. 

To extract RR, they implement ICA as a blind source separation technique for a linear combination 

of multiple shape measurements over the exposed skin region. Also, Yang et al. [54] demonstrated 

the feasibility of RR monitoring based on nostril movements using input head-up facial videos. 

They measured the nose position using the face parts detection algorithm for each frame in a target 

video. By measuring the horizontal width and vertical length of the nostrils in each frame, they 

monitor the nostrils movements within each 1-minute video to estimate RR. Wu et al. [55] 

developed the Eulerian Video Magnification(EVM) technique to amplify respiratory-induced 

motions in the videos of subjects to monitor RR. Alghoul et al. [56] compared the EVM and ICA 

approaches. Their investigation revealed that ICA-based methods generally perform better than 

EVM-based techniques. 

The main challenge associated with all of the aforementioned motion-based techniques is the 

differentiation between respiratory-induced movement and other unrelated motions. 

The blood absorbs more light compared to the surrounding tissue. Hence, we can obtain a PPG 

signal by assessing the effects of the variation in the blood volume on the light reflected from the 

skin. Therefore, it affects the reflectance of the light [57].  

Earlier work has shown that these variations can also be measured at a distance to obtain rPPG 

[58]. Furthermore, previous studies have proven the feasibility of using a regular RGB video 

camera for rPPG monitoring in ambient light conditions [59], [60]. 

Respiration modulates the PPG in three ways [58]: baseline, amplitude, and frequency 

modulation. Respiration causes pressure variations in the chest-abdominal area, and leads to 

pressure changes in the blood vessels and blood volume. Karlen et al. [61] estimated the RR from 
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PPG by averaging three independent RR values obtained from each of the respiratory-induced 

variations. Moreover, Gastel et al. [62] used the linear combination of the normalized color 

channels that provides rPPG and extracted the respiratory-induced baseline modulation to obtain 

the RR. Their algorithm detects the face and divides it into sub-regions. They calculate the Signal 

to Noise Ratio (SNR) for each sub-region. The sub-region with the highest SNR is used for RR 

estimation. However, this approach is noise-sensitive and fails to estimate RR from noisy rPPG 

signals [63]. Similarly, Tarassenko et al. [64] measured low-frequency amplitude variations of the 

camera reflectance signal to obtain RR. Using 13 facial features in their implemented face 

registration algorithm, they recognized faces in the frontal and profile view. Once the patient’s 

face is recognized in every video frame, they utilized a non-parametric Bayesian image 

segmentation algorithm to segment the image into three categories: face, upper body, and 

background. Then, they averaged the RGB channels derived from the face region to fit their auto-

regressive model. They implement this model and a pole cancellation scheme to construct an 

appropriate map of the spatial distribution of RR from the coefficients of the auto-regressive 

model. 

Poh et al. [6] averaged the color intensity of RGB channels of ROI. Afterwards, they used ICA 

[59] as a blind source separation technique to extract the desired informative channel containing 

blood volume pulse information as PPG signal from a linear mixture of the underlying signals. 

Afterward, they determined RR from the power spectrum of quantified Heart Rate Variability 

(HRV). In another study by the same authors, they selected the second component produced by 

ICA as the PPG signal [57]. Although RR estimation from HRV is effective for healthy young 

subjects, this method might not provide accurate results for elderly subjects with chronic diseases 

[65].  Sanyal and Nundy [7] proposed a Hue-based (from the HSV color space) rPPG measurement 

technique. They averaged the time dependent fluctuations of Hue to measure arterial pulsations 
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and eventually RR from the forehead region during limited user motion. 

 

Table 1: Summary of the measurement set up of the main references works and the proposed method 

 

Ref. Activity # of 

Subjects 

Region of Interest and  

Detection Algorithm 

 

[62] 

1: Seated Stationary 

2: Supine Position 
 (0 F, 4M) 

(2 neonates) 

Face: Manually initialized  

 

[64] 
 

Supine Position 

 

46 

   (10 F, 36 M) 

Face: Face registration algorithms of 

Everingham et al .[66] 

 

[6] 
 

  Seated Stationary 
 

12 

(4 F, 8 M) 

Face: OpenCV Library (a boosted 

cascade classifier)[67] 

 

[7] 

 

  Seated stationary 
25 

(10 F, 15 M) 
Forehead: OpenCV Library (a boosted 

cascade classifier)[68] 

 
 

Proposed 

Method 

 

1: Seated Stationary 

2: Walking freely (Distance 5 meter 

from the camera) 

 
 

10 

(3 F, 7M) 

Forehead: OpenCV Library (a boosted 

cascade classifier) [67] 

KLT feature Tracker[69] 

 

 

 Table 1 compares the existing related rPPG based RR estimation algorithms with the proposed 

method in terms of the activity of the subjects, the number of subjects, and applied algorithms for 

face and/or forehead detection. The activity includes sitting without motion, supine position 

without motion and movement without restrictions. Also, the gender of the participants is reported 

in the number of subject’s column. Table 2 depicts the color spaces in use and source separation 

schemes with filters and their related noise reduction methods. The last column describes the 

component select after the application of source separation. 
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Table 2: Summary of the algorithm of the reference works and the proposed method 

 

 

Ref. 

 

Color 

Space 

Blind Source 

Separation 

Method 

 

Noise Reduction 

 

Component selection 

 

[62] 

 

RGB 
 

N/A 
 

A Band Pass Filter 

 

No source separation 
applied. Linear 
combination of Red, 
Green and Blue 

 

[64] 

 

RGB 
 

N/A 
 

A Band Pass Filter 
Average color intensity 

of Green channel  

 

        [6] 

 

RGB 

 

 

ICA 
-Five Point Moving  

Average 

-Hamming Window Filter 

Component with the 
highest 

peak in PSD 

 

 [7] 

 
HSV 

 
N/A 

 

A Band Pass Filter 
No source separation 
applied. Hue Channel 
 

 
 

Proposed 

Method 

 
 

RGB 

 
 

ICA 

-Butterworth Band Pass filter 

-CEEDMAN decomposition 

for noise removal   

   

Machine learning method 

for the selection of PPG 

channel. 

Machine learning method 

for the selection of the 

intrinsic mode function 

that reflects RR. 

 

We employ Poh. et al [6] and Sanyal and Nundy [7] as benchmarking methods. Hence, we 

investigate these studies in more detail and compare their results with the proposed method in 

chapter 4. 

Fig. 1 & 2 depict the benchmarking methods proposed by Poh. et al [6] and Sanyal and Nundy 

[7] respectively.  Both benchmarking methods use a face detection algorithm to localize the face 

of the stationary subjects. Poh et al. [6] used the center 60% width and full height of the face 

bounding box as the ROI for further calculations. They separated the ROI into RGB channels and 

averaged related pixels for each frame to form the raw signals. After detrending and normalizing 

the three acquired signals, they decomposed them into independent component signals using ICA 

as a blind source separation technique. They designated one of the ICA outputs as the most 

reflective of PPG. Poh. et al. [6] chose the ICA outputted signal with the maximum integrated 

power spectrum. However, Poh. et al. [57] heuristically chose the second component produced 
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through ICA. After filtering the chosen ICA output in the frequency range of interest, they 

calculated the power spectral density of the extracted HRV signal to estimate RR [57]. 

Ghanadian et al. [71], argued that we cannot predict a priori the order of ICA produced 

channels. Hence, they proposed a stacked Machine Learning (ML) algorithm to select the most 

informative channel at the ICA output [71]. 

 

           Figure 1: RR prediction algorithm for Poh et al. [6] method 

 

Sanyal and Nundy [7] converted the RGB pixels to the corresponding HSV color space. As 

they tracked the forehead, they chose a specific range in the Hue that corresponds to the color of 

the skin in their ROI. They averaged the Hue of all pixels in each frame to obtain a raw PPG signal. 

Then, they applied a band pass filter in the frequency range of interest on the obtained PPG signal. 

They applied the FFT to detect the dominant frequency of the obtained PPG signal that leads to 

RR estimation. 
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           Figure 2: RR prediction algorithm for Sanyal et al. [7] method 

 

2.2. The Region of Interest Detection Systems 

 
 

To develop a remote RR measurement system using video, we must first detect the ROI. Based 

on the literature of rPPG based RR monitoring, the face is the most commonly used ROI.  

 

2.2.1. Face Detection 

 
Face detection is a mature research area with techniques applicable to a wide variety of systems, 

namely biometrics, indexing of images, human-computer interfaces and computer vision [72]. 

All face recognition algorithms can be categorized into two major parts: (1) face detection and 

normalization (2) face identification [73]. Face detection consists of the separation of the image 
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into two sections that are the face and the background. Although similarities exist between faces, 

they can vary in terms of the subject’s age, skin color, and facial expression [74]. Hjemal et al. 

[75] divides the face detection techniques into two categories: feature-based and image-based 

techniques. The feature-based technique detects facial features to localize the face. However, the 

differences in environmental conditions and facial features between subjects present challenges 

when such technique is applied [74]. Image-based face detection employ pattern recognition 

methods that rely on machine learning approaches like support vector machine and neural 

networks [74]. 

Yuille et al. [76] detected facial features using deformable templates. The templates of features 

of interests such as lips or eyes, are described by parameterized templates. The parameterized 

templates provide a generalized description of the expected shape of the facial features. Feature 

detection is achieved by correlating facial segments with the templates. Brunelli et al. [77] uses a 

dataset containing facial images as reference to obtain facial features. Each unclassified input 

image is compared with the reference facial features dataset and the result of this comparison is a 

matching score. The image with the highest matching leads to face recognition. The method 

proposed by Jin et al. [78] employs a combination of template matching and color information. 

They used color information to segment eye-pair candidate and finally detect face by template 

matching. The shortcoming of aforementioned approach is the high computational procedure of 

template matching methodology. Also, the existence of similar skin color on background can cause 

false detection [79].  To overcome these deficiencies, Wang et al. [79] used a self-adaptive 

template to overcome the skin-like color of background. Afterwards, they adopted a secondary 

template matching to decrease the amount of calculation and increase the speed of matching 

process. 

It has been proven that the combination of skin color segmentation, shape analysis and motion 
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information for locating and tracking the face [80,81,82]. In Hunke et al. [83] neural network-

based method, they use a face color classifier to extract all areas containing face-like colors. Then, 

they feed the color and movement information obtained from the difference between pixels in 

consecutive frames to a neural network that can detect the face. 

In our work, we detect the human faces and eyes using a Haar cascade scheme [68] (more details 

in chapter 3). Using the location of the eyes and face, we calculate the location of the forehead (i.e. 

our ROI). 

 

2.3. Independent Component Analysis (ICA) 

 

 
Independent component analysis (ICA) is a blind source separation technique that separates 

multivariate signals from underlying sources [6]. It is a computational method for distinguishing 

a multivariate signal into additive subcomponents.  

 Poh et al. [6], [57] used ICA to extract the desired informative channel containing blood volume 

pulse information from a linear mixture of the acquired RGB signals of recorded video. We employ 

this technique in the proposed method (see Fig.3). Through this process, ICA decomposes the 

recorded RGB signals to three independent source signals. One of these resulting signals typically 

better reflects the PPG information.  

If we denote the intensity of the RGB channels in the ROI of the recorded video by 𝑦, then the 

intensity of the RGB channels at time t is 𝑦1(𝑡), 𝑦2(𝑡) and 𝑦3(𝑡), respectively. When they feed 

the color intensity signals to ICA, they obtain the output 𝑥1(𝑡), 𝑥2(𝑡) and 𝑥3(𝑡). Usually, one of 

these signals reflect the measured PPG better than the others. 

The input of the ICA is a linear mixture of the RGB derived underlying sources: 

𝒀(𝒕) = 𝑨𝑿(𝒕) (1) 
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Where 𝒚(𝒕) is vector [𝒚𝟏(𝒕), 𝒚𝟐(𝒕), 𝒚𝟑(𝒕)]𝑻 and 𝑿(𝒕) is vector [𝒙𝟏(𝒕), 𝒙𝟐(𝒕), 𝒙𝟑(𝒕)]𝑻 and A is a 

square matrix that contains mixture coefficients named 𝑎𝑖𝑗. Therefore, to realize the relationship 

between 𝒚(𝒕) and 𝑿(𝒕), we have to calculate the inverse of matrix A denoted as W.  Once they 

calculate W, the source signals 𝑿(𝒕) can be estimated. 

 

 

 

 

 

 
 

 
 

 

Figure 3: Independent Component Analysis 

 

2.4. Signal Processing 

 
 

It is not feasible to estimate RR from ICA outputted components as they require noise 

reduction. To the best of our knowledge, only Poh et al. [6,57] method use ICA to estimate RR 

from selected ICA-driven component. For noise reduction, they utilize five-point moving average 

and hamming window filter. Moving average filter is a linear-phase finite-impulse-response filter 

that is easy to implement [84]. This filter is applied to data points of the signal by averaging various 

subsets of the signal. It is defined as follows: 

          (for five points)   𝑍(𝑛) =
𝑧(𝑛−2)+𝑧(𝑛−1)+𝑧(𝑛)+𝑧(𝑛+1)+𝑧(𝑛+2)

5
  (2) 

 

         They are generally used to remove motion artifacts and works well for intermittent noise [85]. 

 Hamming window filter is a type of band pass filter that reduces the ripples in the signal. It can 

provide a more accurate representation of the original signal's frequency spectrum [86],[87]. 
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2.5. Empirical Mode Decomposition 

   Empirical mode decomposition (EMD) [88] is a technique that has been successfully 

implemented for artifacts removal in the PPG signal [89]. It is an adaptive decomposition method 

that derives its required basis function from the signal itself [88]. Fig.4 depicts the flow chart of 

EMD methodology. It decomposes the given signal into its Intrinsic Mode Functions (IMF). To 

define a component as IMF, it should satisfy two main conditions: 

1. The number of extreme values and the number of zero crossings should be equal or differ 

by no more than one.  

2. The average of local minimums and maximums should be zero. 

Obtaining IMFs requires a process called sifting. A signal x(t) is divided into details, d(t), and 

the residual, m(t). Therefore, x(t)= m(t)+d(t).  By considering d(t) as the first IMF, the sifting 

process is repeated on the m(t), m(t)=x(t)-d(t). Therefore, to find the first IMF of the given signal 

x(t), we should iterate the loop as follows: 

1. Find the local minimum and maximum of x(t). 

2. Compute the maximum and minimum envelop of x(t) to calculate their average. 

 3.       Find the a(t) = x(t)-m(t) to check whether a(t) is an IMF, and if it is not, assign a(t) to 

x(t) and go back to step 1. 

Madhav et al. [90] and Grade at al. [91] utilized EMD to estimate RR by decomposing the PPG 

signal. Their results revealed that EMD can be efficiently used to extract RR from PPG signals. 
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   Figure 4: Empirical Mode Decomposition Flow Chart 

 

 

2.6. Ensemble Empirical Mode Decomposition 

EMD presents some shortcomings associated with the presence of oscillations of very disparate 

amplitudes in a mode, or the presence of very similar oscillations in different modes, known as 

“mode mixing” [13].  Hence, ensemble empirical mode decomposition (EEMD) was utilized to 
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eliminate the mode-mixing effect [92]. 

The steps for the EEMD algorithm are as follows: 

1. Consider signal x(t) as the sum of the target signal z(t) and white noise n(t): 

x(t)=z(t)+n(t)  

2. Decompose x(t) using the EMD algorithm described in section 2.5.   

 3.     Repeat the loop from step 1 and 2 by adding different white noise at each time. The new 

IMF combination that we will obtain from each iteration is Rij where i is the iteration 

number and j is the IMF scale. 

4.     For the final output, obtain the ensemble of the final IMF as EEMD  Rj(t)=∑ 𝑅𝑖𝑗

𝑧𝑖

𝑗=1
(t)            

where zi denotes the trial numbers. 

Motin et al. [93], utilized EEMD to decompose the PPG signal to extract HR and RR. They applied 

the FFT to extract the frequency at the maximum power for each generated IMF.  After 

determining the dominant frequencies, they selected the IMFs with dominant frequency in the RR 

range for further processing. Then, they applied PCA on the selected IMFs to produce their 

Principal Components (PCs). Therefore, the first PC has the most variation in selected IMF which 

represents RR.  For RR estimation, they applied FFT on the first PC to determine the frequency 

containing the maximum power and multiplied by 60. 

 In the Orphanidou et al. [94] study, they developed an algorithm for estimating RR from 

corrupted and noisy PPG of ambulatory signals. Therefore, they used EEMD to obtain clear IMFs 

that might contain RR information.  

Ambekar et al. [95] utilized EEMD on the PPG signal to obtain the IMFs.Afterwards, they 

singled out IMFs which are in the frequency range of the RR. Then, they summed all selected 

IMFs to obtain a single signal, which they use to compute the RR. Moreover, they showed 

significant improvement in their results obtained by EEMD over EMD.  
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2.7. Machine Learning 

 

 
In the proposed solution, we utilize a Machine Learning (ML) algorithm that uses specific 

characteristics of the IMFs in both time and frequency domain to detect the best IMF. 

ML enables the computers to learn using statistical techniques [96], [97]. Through this procedure 

and using mathematical models, the machine learns from a given dataset known as “training data” 

to make prediction or decisions. Fig.5 shows the concept in different types of ML. 

The type of ML algorithms are conventionally categorized based on their learning approaches as: 

 
 Supervised Learning: The algorithms use labeled data with known input and output data. 

Based on the data, the machine recognizes the relationship between the input, labels, and 

output, to predict the label of new inputs. 

 Unsupervised Learning: The algorithms process an unlabeled input dataset during training 

and learn its structure by clustering related data points. 

In addition to these categories of learning, ML models can be trained through a process of reinforcement 

learning. In this category, the agent learns the behavior through trial-and-error interactions with a dynamic 

environment [98]. 

A supervised learning algorithm can be further categorized as a classifier or regressor. 

 

2.7.1. Classification 

 
Classification modeling is the task of identifying to which class a new input belongs based on 

the training dataset which has known memberships or labels. Hence, the output of the classifier is 

a label that describes the class of the input. 
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2.7.2. Regression 

 
Regressing is a statistical process of defining a function from input variables to a continuous output 

variable. Therefore, the output of regression is a continuous value.  

 

Classification Regression 

 

 

 

 

 

 

 

 

 

                                   Supervised Learning              Unsupervised Learning               

                      Figure 5: Machine Learning categories  
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2.8.  Summary of Chapter 2 

 

 

In this chapter, provided a brief explanation of RR and the importance of its measurement in 

both contact based and non-contact based methods.  

We described how an RGB camera can be leveraged to the RR using two methods: 

 1) Monitoring the motion of an ROI that reflects breathing, such as the chest, abdomen, 

shoulders, neck, or nostrils [8]. 

 2) Extracting the RR from an rPPG signal obtained from facial videos. 

Respiration modulates the PPG in three ways [58]: baseline, amplitude, and frequency 

modulation.  The blood absorbs more light compared to the surrounding tissue. Hence, we can 

obtain a PPG signal by assessing the effects of the variation in the blood volume on the light 

reflected from the skin Furthermore, previous studies have proven the feasibility of using a 

regular RGB video camera for rPPG monitoring in ambient light conditions [59], [60]. Table.1 

& 2 summarize and compare the experimental setups and algorithms of previous rPPG 

methods. 

We based our rPPG approach on Sanyal and Nundy [7] and Poh. et al [6] method. Fig.2 

& 1 depicts their procedure of their approach respectively. They chose face as the ROI and 

since this region is the most commonly used ROI in the literature, we selected the same ROI. 
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Chapter 3. Proposed Method 

Fig. 6 &7 depicts our approach which we base on the benchmarking methods proposed by Poh. 

et al. [6,57] and Sanyal and Nundy [7] respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                        

 
                                                   Figure 6: RR estimation algorithm of the proposed method 
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Figure 7: RR estimation procedure from the forehead  
 

 

 

3.1. Forehead Detection and Tracking  
 

    According to Fallet et al. [99], the forehead region contains the largest power at the HR 

frequency and thus can allow us to obtain an informative PPG signal. Hence, we detect and track 

the forehead as our desired ROI. 

    In the first frame, a Haar cascade scheme detects the face and eyes using OpenCV [68]. This is 

a machine learning method trained from negative and positive images and is used for various object 

detection applications, in particular, for the detection of the eyes and face [67]. 

   We detect the forehead based on the Sanyal and Nundy [7] approach. The Haar cascade function 

returns two bounding boxes representing the eyes and face respectively. Hence, it returns the 

coordinates of the top left corner (X and Y), height (H) and width (W) of each box (3,4). 

 

Box of eyes =[Xeye,Yeye,Heye,Weye]                    (3) 

Box of face= [Xface,Yface,Hface,Wface]                (4) 
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With the aforementioned parameters of the eyes and face boxes, we calculate the forehead’s 

bounding box using (5). 

         Box of forehead = [Xeye + (Weye*0.45),Yface, Weye* 3.2,(Yeye - Yface)*0.8]         (5) 

Using the strategy described in [6,57], we optimize the parameters to maximize the ROI 

information without capturing unwanted facial features (e.g. eyebrows or sideburns). This would 

increase the probability of obtaining an accurate signal as the subject moves away from the camera. 

(See Fig. 8). 

 

 

 

 

 

        

 

 

 

 

 

 

 

 

                                                                               Figure. 8: Forehead detection and tracking 

 

 

 

After detecting the forehead, we track it in subsequent frames using the Kanade–Lucas–Tomasi 

(KLT) algorithm [69] as the subject might be in motion, which causes the ROI’s location to vary 
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significantly between frames. 

3.2. Decomposition   
 

    We spatially average the pixels of the ROI for each of the RGB channels in each frame using the 

method presented in [6]. Using the smoothness priors approach [100] and a smoothness parameter 

of λ=2000, we de-trend the signal. Then, to normalize it, we subtract the mean of the signal and 

divide by its standard deviation. This is followed by the application of an IIR band pass filter of the 

5th order corresponding to the frequency range of interest associated with RR (cut-offs: 0.05 to 0.75 

Hz) that covers 3-45 breaths per minute. These processed RGB signals are presented to ICA to 

distinguish between the desired informative signal and noise.  As one of the three ICA outputted 

signals should be selected for further processing, we apply the ML model proposed by Ghanadian 

et al. [71] to select the best ICA-based decomposed component that corresponds to the rPPG signal. 

     Next, the ML model derived output of ICA is presented to CEEMDAN to decompose the target 

signal, which leads to the RR estimation. CEEMDAN was proven as an important improvement on 

the Ensemble Empirical Mode Decomposition (EEMD) [92], which in turn is an enhancement on 

the Empirical Mode Decomposition (EMD) [88]. EMD is a data driven approach that can iteratively 

decompose a given signal. Using the dyadic filter bank behavior of EMD, the original signal can be 

expressed as a sum of amplitude and frequency modulated (AM–FM) functions called Intrinsic 

Mode Functions (IMFs) [101]. EMD can decompose the given signal x(t) into n number of IMFs. 

The input signal can be reconstructed from the IMFs and residue (rn) as follows (6): 

𝑥(𝑡) = ∑ 𝐼𝑀𝐹𝑖

𝑛

𝑖=0

+ 𝑟𝑛(𝑡)                              (6)   

       To be considered an IMF, a signal must satisfy two conditions: first, the number of extrema 

and zero crossings must be equal or differ by one at most; second, the mean value of the upper and 

lower envelope must be zero everywhere. 
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However, EMD presents some shortcomings associated with the presence of oscillations of very 

disparate amplitudes in a mode, or the presence of very similar oscillations in different modes, 

known as “mode mixing” [13].  

  EEMD was proposed to overcome the aforementioned EMD issues. It performs the EMD over 

an ensemble of the signal with injected Gaussian white noise. Although the addition of white noise 

solves the mode mixing problem, the EEMD derived IMFs would be polluted by the added noise 

which cannot be completely canceled after a finite average. Therefore, the reconstructed signal from 

the obtained IMFs will differ significantly from the original signal. Moreover, the added noise may 

produce an incorrect number of modes. 

In an attempt to overcome the problems associated with EEMD, Torres et al. [13] proposed 

CEEMDAN. By adding adaptive white Gaussian noise in every stage of the EMD, every IMF can 

be obtained by calculating the unique residue which effectively resolves the mode-mixing problem 

and results in a near zero reconstruction error. According to the principle of CEEMDAN, if we 

assume that Ej(.) is an operator that produces the j-th mode obtained by EMD, set zi(t) to be a zero 

mean unit variance white noise, and define β𝑖 coefficients to select the signal to noise ratio at each 

stage, our signal x(t) can be decomposed as follows: 

1. For i = 1, …, L decompose each xi(t)=x(t)+ β0zi(t) using EMD (until we obtain its first 

mode) to compute the first IMF decomposed by CEEMDAN: 

 𝐼𝑀𝐹1̃ =  
1

𝐿
∑ 𝐼𝑀𝐹𝑖1

𝐿
𝑖=1                                                   (7)    

                        At j=1, calculate the first residue: 

 𝑟1(𝑡) = 𝑥(𝑡) − 𝐼𝑀𝐹1̃                                                   (8) 

2. Using EMD and until obtaining its first mode, decompose r1(t)+ β1E1(zi(t)) for every  

         i = 1, …, L   to calculate the second IMF of CEEMDAN: 

                𝐼𝑀𝐹2̃ =  
1

𝐿
∑ 𝐸1(𝑟1(𝑡) + 𝛽1𝐸1(𝑍𝑖(𝑡)))𝐿

𝑖=1                     (9) 
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3.  For j = 2, 3, . . ., C, calculate the j-th residue: 

   𝑟𝑗(𝑡) = 𝑟𝑗−1(𝑡) − 𝐼𝑀𝐹𝑗̃                                              (10) 

4. Using EMD, decompose rj(t)+ βjEj(zj(t)) to obtain its first mode and calculate the next 

          IMF of CEEMDAN (for every i = 1, …, L): 

                𝐼𝑀𝐹𝑗+1
̃ =  

1

𝐿
∑ 𝐸1(𝑟𝑗(𝑡) + 𝛽𝑗𝐸𝑗(𝑍𝑖(𝑡)))𝐿

𝑖=1                 (11) 

5. Afterwards, we repeat the steps of 3 and 4 to obtain further IMFs of CEEMDAN until it 

satisfies the IMF criteria (i.e. the number of extrema and zero crossings must be equal or 

differ by one at most and the mean value of the upper and lower envelope is zero 

everywhere). Hence, the final residue value (12) and our signal (13) can be defined as: (C 

refers to the total number of IMFs) 

6.  

𝑟𝐶(𝑡) = 𝑥(𝑡) − ∑ 𝐼𝑀𝐹𝑗̃
𝐶
𝑗=1                                             (12) 

𝑥(𝑡) = ∑ 𝐼𝑀𝐹𝑗̃ +𝐶
𝑗=1  𝑟𝐶(𝑡)                                            (13) 

According to Colominas et al. [102], a value close to 0.2 for the standard deviation of the added 

noise effectively reduces the residual noise in the reconstructed signal and minimizes the 

reconstruction error. Consequently, we adopt this value. 

 

3.2. IMFs Filtration and Selection  

 

Using an ensemble size of 100, we obtain the IMFs using CEEMDAN. Afterward, we identify 

the IMFs containing artifacts and discard them. The normal range of RR for children aged 2 to 18 

years’ old and young adults is typically between 8 to 45 Breaths Per Minute (BPM) [91], [103]. 

The range of RR for older adults is within the mentioned range, although it is more restricted [63].  

Hence, to distinguish between IMFs that contain no useful information and ones that may reflect 
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RR, we apply the FFT on each IMF to determine its dominant frequency (the frequency associated 

with the maximum power). Then we reject the IMFs with a dominant frequency that does not fall 

in the RR range. In particular, we consider IMFs with a dominant frequency less than 0.05 Hz (3 

BPM) and greater than 0.75 Hz (45 BPM) as noise artifacts. We select IMFs with a dominant 

frequency within the range of 0.05–0.75Hz for additional analysis.  

For instance, in Fig.3, the selected output of ICA (using the Ghanadian et al. [71] ML model) is 

decomposed to its IMFs. After dropping the IMFs with dominant frequencies outside the 

previously specified range, the first three maintained IMFs are selected. In the next step, we need 

to determine which one of these IMFs is most reflective of the RR information. We explain our 

procedure to achieve the latter in Section 3.3. 

 

             

 

 

 

 

 

 

 

 

 

 

   

Figure. 9: An example of decomposing selected ICA output with CEEMDAN  
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3.3 . IMF Selection  

 
At this stage, we have to select the final IMF such that its dominant frequency represents RR. 

We utilize an ML algorithm that uses specific characteristics of the IMFs in both time and 

frequency domain to detect the best IMF. Initially, we selected thirty-five features from each IMF 

to train the ML algorithm. We ran the PCA (Principal Component Analysis) as a feature selection 

algorithm [104], to choose the most informative features. Below is a summary of the final selected 

features: 

 We transform the IMF using a five-level decomposed Daubechies wavelet (order one) 

[105]. We apply FFT on the obtained wavelets and select the dominant frequency of each 

as features. 

 We use the same wavelets of the previously described features. We select as a feature the 

ratio of the peak absolute magnitude of each wavelet to its Root-Mean-Square (RMS) 

value. We calculate the peak-magnitude-to-RMS ratio as follows: 

                                                     𝑝𝑒𝑎𝑘 𝑡𝑜 𝑟𝑚𝑠 𝑟𝑎𝑡𝑖𝑜 =
‖𝑥‖∞

√
1

𝑁
∑ |𝑥𝑛|2𝑁

𝑛=1

            (14) 

            Where x is the given signal with N values, and ‖𝑥‖∞ is the largest absolute value in x.  

 We apply the FFT on the IMF and select the dominant frequency and its amplitude as 

features.  

 We use the peak-magnitude-to-RMS ratio of the IMF as a feature. 

 We detect the local maxima and minima points of the IMF, we calculate the average of 

these points and the difference between successive ones as features.  

 We use the mean of autocorrelation with twenty lags as a feature. This feature measures 

the correlation between xt and xt + k, where k = 0..., K where xt is a stochastic process. 

According to [106], the autocorrelation for lag k is: (𝐶0 is the sample variance of the time 
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series and T is sample size of x) 

                                                        𝑟𝑘 =
𝐶𝑘

𝐶0
                                                                             (15) 

           Where:                                     𝑐𝑘 =
1

𝑇
∑ (𝑥𝑡 − 𝑥̅)(𝑥𝑡+𝑘 − 𝑥̅)𝑇−𝑘

𝑡=1                                      (16) 

 We compute the Zero-Crossing Rate (ZCR) as a feature. ZCR is the rate of sign-changes 

along a signal as defined by: 

                                                          𝑧𝑐𝑟 =
1

𝑇−1
∑ 1𝑅<0

𝑇−1
𝑡=1 (𝑥𝑡𝑥𝑡−1 )                                          (17) 

             Where x is a signal of length T and 1𝑅<0 is an indicator for membership of an element in 

a given subset of the signal.  

   

    We conducted initial testing on several classifiers to determine the ones that render the best 

performance. Consequently, we identified the best three classifiers: Random Forest, K-star, and 

Rotation Forest. We present the summary of these classifiers’ performance in Section 4.2. 

     Random Forest is an ensemble learning method that was developed by Breiman [107]. It 

contains multiple decision trees that train on the dataset and returns the average of their predictions.  

Random Forest models do not require pruning and are less likely to over fit [108]. Rodriguez et al. 

[109] proposed Rotation Forest as a classifier ensemble method with a built in feature selection 

mechanism. It uses the decision tree as a base classifier and splits the feature set into subsets. It 

runs PCA on each subset to obtain a new extracted feature set. 

     K-star [110] is an instance-based classifier that utilizes an entropic-based distance function to 

quantify the complexity of transforming one instance into another. 

     Moreover, we propose to utilize a stacking algorithm to improve performance. By stacking, we 

combine several classifiers, which leads to the emergence of a final, habitually more accurate 

classifier [111]. 
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     The ML model outputs “one” if it estimates that the IMF carries the RR information and “zero” 

otherwise. If the model produces more than a single “one” output for the considered IMFs (i.e. it 

judges that more than a single IMF carries the respiration signal), then we calculate the average of 

the RR comprised in all of these IMFs. Similarly, if the ML model deems that none of the IMFs 

carry respiration information, we calculate the mean RR that we can obtain from these IMFs. 

3.4 . RR Estimation  

    After selecting the IMF that contains the RR information, we transform it using FFT, extract the 

RR frequency (fRR) by calculating the dominant frequency, and convert it to breath per minute 

(18). 

                                                  𝑅𝑅 = 𝑓𝑅𝑅 ∗ 60  (𝐵𝑟𝑒𝑎𝑡ℎ/ min)                                                        (18)
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3.5 . Summary of Chapter 3 

In this chapter, we explained our proposed method. We base our approach on the benchmarking 

methods proposed by Poh. et al. [6,57] and Sanyal and Nundy [7]. Since we detect and track the 

forehead as our desired ROI, we implement a Haar cascade scheme detects the face and eyes using 

OpenCV [68].  Based on the Sanyal and Nundy [7] approach, we detect the forehead using the 

detected bounding boxes of face and eyes. After face detection, we track the forehead in subsequent 

frames using the Kanade–Lucas–Tomasi (KLT) algorithm [69]. 

After spatially averaging the RGB channels of ROI, we smooth, de-trend, and normalize them 

respectively. This is followed by applying an IIR band pass filter of the 5th order corresponding 

to the frequency range of interest (3-45 breaths per minute) associated with RR (cut-offs: 0.05 to 

0.75 Hz) . 

The processed RGB signals are presented to ICA to distinguish between the desired informative 

signal and noise.  we apply the ML model proposed by Ghanadian et al. [71] to select the best 

ICA-based decomposed component that corresponds to the rPPG signal. 

Afterwards, the selected output of ICA is presented to CEEMDAN to decompose the target 

signal, which leads to extract the IMF that represents the RR. CEEMDAN was proven as an 

important improvement on the Ensemble Empirical Mode Decomposition (EEMD) [92], which in 

turn is an enhancement on the Empirical Mode Decomposition (EMD) [88]. 

After the application of CEEMDAN, we identify the IMFs containing artifacts and discard them. 

We consider IMFs with a dominant frequency less than 0.05 Hz (3 BPM) and greater than 0.75 Hz 

(45 BPM) as noise artifacts. Therefore, we ignore them and select the rest of the IMFs. 

At this stage, we utilize an ML algorithm that uses specific characteristics of the IMFs in both 

time and frequency domain to detect the best IMF.  
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       Chapter 4. Experiment, Results, Evaluation and 

Discussion 

4.1. Dataset 

 

To collect our dataset, we recruited 10 consenting adult subjects (3 females and 7 males) with 

mean age of 27.3 and standard deviation of 2.5 years through the experimental setups shown in 

Fig.10. We recorded 250 one-minute-videos of subjects in stationary and movement modes as 

described in Sections 4.1.1 and 4.1.2, respectively. 

 

 

 

 

 

 

 

 
 

Figure. 10: Experimental Setup for (a) Movement mode, (b) Stationary mode 
 

 

 

4.1.1. Stationary Mode  

 

We instructed the subjects to wear a thoracic expansion sensor shown in in Fig.11 (Zephyr 

Bioharness1) that measures RR, based on respiratory-derived chest movements (sampling rate: 
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250Hz). Moreover, we provided them with a thumb counter (a mechanical device that 

incrementally counts in response to the pressing of its button). We instructed them to practice 

counting their breaths using the thumb counter. Once they felt comfortable with the breaths 

counting process, we asked them to sit in front of a webcam with minimum movements. 

 

 

 

 

 

 

                                                                             Figure. 11: chest belt (Zephyr Bioharness) 

 

   Once they felt comfortable with the breaths counting process, we asked them to sit in front of 

a webcam with minimum movements. We directed them to count their breaths using the thumb 

counter while we recorded a minute-long video of their face. We further corroborated the accuracy 

of their count by a visual inspection of their chest movements, using the method proposed by the 

Johns Hopkins University and John Hopkins Hospital [112,7]. 

Afterward, whenever we had a discrepancy of more than 5 breaths / minute between the sensor, 

thumb counter, or visual inspection, we discarded the video and collected another one. We 

adopted as ground truth the subject-measured RR recorded by the thumb counter. We repeated 

this process until we collected 5 videos for each subject, where each video had a length of 1 

minute.  
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Fig. 10b & 12depicts our experimental setup for the stationary subjects. Our light sources 

consisted of a combination of ceiling and natural light coming through windows. 

For video recording, we used the Logitech C270 RGB webcam recording at 30-frames per 

second and 640×480 pixels per frame. We mounted the camera on a tripod located one-meter 

far from the subject. 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
                                                          Figure 12: Experimental Setup for Stationary Mode 

 

                  Table 3 describes the conditions for the Stationary Mode subset collection. 
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                                                              Table 3: Description of the stationary data subsets  

 

Parameters Stationary Mode 

Experiment length per subject (second) 300 

# of participants 10 
(3 F ,7 M) 

Distance from the camera (meter) 1 

Recording rate (fps) 30 

# of 1 min. video segments 50 

# of frames 90000 

 

4.1.2. Movement Mode  

     For the movement mode, the subjects were free to roam within a 7m×7m room (walking, lying 

down, etc.) for a 20 minutes’ video recording. We directed the subjects to face the camera 

regardless of their position in the room. This ensured that the subjects’ forehead was visible to the 

webcam at all time. The lighting condition, type of camera, and ground truth calculation procedure 

are identical to those of the stationary mode as described in Section 4.1.1. Table 4 describes the 

conditions for the Movement Mode subset collection and figure 13 depicts the experimental setup 

for movement mode. 

                              Table 4: Description of the Movement data subsets  

 

Parameters Movement Mode 

Experiment length per subject (second) 1200 

# of participants 10 
(3 F ,7 M) 

Distance from camera (meter) 0-5 

Recording rate (fps) 30 

# of 1 min. video segments 200 

# of frames 360000 
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                                                         Figure 13: Experimental Setup for Movement Mode              
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4.1.3. Dataset Training 

 
To train the ML algorithm for IMF selection, we randomly chose 75% of the dataset (i.e. 189 

one-minute-video segments) and reserved 25% to test the trained model. We processed the videos 

according to the procedure depicted in Fig. 9 until we reached the CEEMDAN stage. After 

selecting the first three IMFs in the range of interest, we extracted a total of 567 selected IMFs 

from 189 video segments (three IMFs from each video) of the training dataset. We labeled one of 

the IMFs extracted from each video as “one” and the others as “zero”. The “one” label corresponds 

to the IMF that contains the RR information. We label the others as “zero”. For accurate labeling, 

we calculated the absolute difference between the RR estimated from IMF and the RR obtained 

from the ground truth. The IMF that had the closest estimation to the ground truth is consequently 

labeled as “one”. The other two corresponding to the same video are labeled as “zero”.  

 Before initiating the training, in the pre-processing procedure, we shuffled the data to maintain 

a generalized model. Tables 5 and 6 present the cross-validation results of the ML models for each 

classifier and their stacked models respectively. 

Table 5: Performance of the cross-validation of individual classifiers 

 

 

 

 

 

 

 

 

 

 

 

Performance Metrics Rotation Forest Random Forest K-Star 

Precision 0.809 0.831 0.802 

Recall 0.802 0.825 0.795 

Accuracy (%) 80.246 82.469 79.506 

Area under ROC 

Curve (AUC) 

0.892 0.892 0.887 



45  

Table 6: Performance of the cross-validation of stacked classifiers  

 

 

 

 

 

 

 

 

 

 

 

 
4.2. Evaluation  

 

With having the dataset described in stationary and movement mode, in this section, we 

evaluate the proposed contributions. 

 

4.2.1.  RR Estimation in Stationary Mode 

 
For the stationary mode, we used the stationary subject’s data subset described in section 

4.1.1. In both modes, one of the three selected IMFs outputted by CEEMDAN contains the 

RR information. Hence, we proposed an ML model to estimate the IMF that best reflects the 

RR. Tables 6 and 7 show the classification results for the considered classifiers in ML 

models, namely Rotation Forest, Random Forest, K-Star and their stacked classifiers. 

Sacking classifiers improves the overall performance of the model [111]. Hence, we obtained 

the best performance by stacking Random Forest and K-Star. Therefore, we adopted this 

stacked classifier as our proposed ML-based method. 

Performance 

Metrics 

Random 

Forest, 

Rotation 

Forest 

K-Star, 

Rotation 

Forest 

 

K-Star, 

Random 

Forest, 

Rotation 

Forest 

 

Random 

Forest, 

K-Star 

Precision 0.829 0.817 0.807 0.845 

Recall 0.825 0.810 0.800 0.842 

Accuracy (%) 82.46 80.98 80.00 84.197 

Area under ROC 

Curve (AUC) 

0.895 0.875 0.878 0.904 
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Table 7: Performance of the individual classifiers 

 

Performance Metrics Rotation 

Forest 

Random 

Forest 

K-Star 

Precision 0.797 0.825 0.761 

Recall 0.783 0.822 0.756 

Accuracy (%) 78.271 82.222 75.555 

Area under ROC 

Curve (AUC) 

0.877 0.867 0.860 

 

 
Table 8: Performance of the stacked classifiers 

 

Performance 

Metrics 

Random 

Forest, 

Rotation 

Forest 

K-Star, 

Rotation 

Forest 

K-Star, 

Random 

Forest, 

Rotation 

Forest 

Stacking C 

(Random 

Forest, K-

Star) 

Precision 0.823 0.781 0.794 0.834 

Recall 0.822 0.778 0.793 0.830 

Accuracy (%) 82.22 77.77 79.25 82.963 

Area under 

ROC Curve 

(AUC) 

0.885 0.853 0.851 0.889 

 

To measure rPPG, Poh et al. [57] heuristically chose the second component of the ICA as the 

informative channel. However, Poh et al. [6] selected the component with the highest 

integrated power spectrum. Sanyal and Nundy [7] used the Hue channel. Ghanadian et al. [71] 

proposed an ML model to choose the informative ICA channel. In Table 8, we apply 

CEEMDAN and the proposed ML-based method (Stacked Random Forest and K-Star) for IMF 

selection on the PPG channels produced by Poh et al. [57], [6], Sanyal and Nundy [7], and 
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Ghanadian et al. [71]. We observe from Table 8 that the combination of the Ghanadian et al. 

[71] rPPG collection scheme and proposed CEEMDAN with ML-based IMF selection method 

renders the best results. Hence, we adopt this combination as the overall proposed method for 

the measurement of remote RR. 

Table 9: Application of the Proposed CEEMDAN with ML-based IMF selection method on the rPPG obtained from Poh et 

al. [57], Poh et al. [6], Sanyal and Nundy [7] and Ghanadian et al. [71] 

 

Performance 

Metrics 

Poh et al. [57] + 

CEEMDAN 

with ML IMF 

selection 

Poh et al. [6] + 

CEEMDAN 

with ML IMF 

selection 

Sanyal and 

Nundy [7] + 

CEEMDAN 

with ML IMF 

selection 

Ghanadian el 

al. [71] + 

CEEMDAN 

with ML IMF 

selection 

Precision 0.597 0.617 0.444 0.834 

Recall 0.537 0.574 0.667 0.830 

Accuracy (%) 53.703 57.446 66.666 82.963 

Area under 

ROC Curve 

(AUC) 

0.554 0.602 0.492 0.889 

 
 

Table 7 compares Poh et al.’s [6,57] and Sanyal and Nundy’s [7] techniques for RR estimation 

with the proposed method. The proposed method reduces the RMSE by 39.6% compared to Sanyal 

and Nundy [7], 51.8% compared to Poh et al. [57], and 44.42% compared to Poh et al. [6]. 

 
Table 10: Comparison of Poh et al. [57], Poh et al. [6] Sanyal and Nundy [7] and proposed method in stationary mode 

 

            Parameters Poh et al 

[57] 

Poh et al [6] Sanyal and 

Nundy [7] 

Proposed 

method 

Mean Bias (BPM) -0.15 -0.30 -0.68 -0.28 

SD of Bias (BPM) 3.95 3.26 3.10 1.87 

Upper limit (BPM) 7.60 6.70 5.40 3.40 

Lower limit (BPM) -7.90 -7.30 -6.70 -4.00 

RMSE (BPM) 3.92 3.39 3.13 1.89 

Pearson Corr. 

Coefficient 

0.62* 0.66* 0.42* 0.88* 

                          *: (p<0.004) 
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  Table 8 shows the advantage of obtaining the rPPG signal to measure the RR using the method 

described in Ghanadian et al. [71] compared to the Poh et al. [6, 71] and Sanyal and Nundy [7] 

techniques. Making an assumption regarding the ICA component containing the most useful 

information, given that the signals are outputted in a random order, does not align with the nature 

of ICA [113]. Hence, we used the Ghanadian et al. [71] ML-based approach which selects the ICA 

component based on several of its characteristics rather than its order as proposed in [57], or only 

one of its properties as presented in [6]. 

Since respiration modulates both amplitude and frequency features of the PPG signal [58], we utilized 

CEEMDAN to decompose the selected ICA output to its intrinsic amplitude and frequency modulated 

(AM–FM) functions. In the movement mode, the subject is free to roam the environment. Therefore, the 

measured rPPG signal is more vulnerable to noise caused by lighting condition changes and movement 

[11]. CEEMDAN is an iterative and adaptive signal decomposition method that finds oscillatory features 

in the signal. Therefore, it allows us to differentiate effectively between undesired noise and RR information 

by eliminating uncorrelated IMFs. 

The main challenge with the application of CEEMDAN involves selecting the intrinsic mode 

function that represents RR. After the initial selection of these functions in the range of interest, 

we proposed an ML-based algorithm for the selection of the CEEMDAN-outputted signal that best 

reflects the RR information. We employed a stacked ML algorithm to combine a group of “weaker 

learners” to build a “stronger learner”. After implementing several classifiers, we achieved the best 

results by stacking the Random Forest and K-Star (Table. 7). Random Forest classifiers combine 

several decision trees using the bagging approach to improve the overall performance. K-Star is 

an instance-based learner that uses entropy for classification. Compared to other instance-based 

algorithms, K-star tends to be one of the best overall performers [110]. 



49  

The application of ICA on the RGB channels results in the primary separation of noise from the 

source signal. Therefore, the IMFs obtained from the decomposed ICA output (after the 

disqualification of unlikely IMFs as described in Section 3.2) are not considerably affected by 

noise and hence exhibit similar dominant frequencies. Consequently, in some cases, even when 

the ML algorithm does not predict the best IMF (i.e. the IMF that returns the RR closest to the 

ground truth), the estimation is not entirely erroneous and does carry RR information. This 

contributes to the low RMSE we obtained in Table 9. Moreover, Poh et al. [6] calculate the RR 

from the HRV signal. However, some oscillations around the 0.1 Hz frequency in the HRV signal 

might be a result of fluctuations in the baroreceptor reflex and blood pressure [114]. Hence, the 

measurement of slow RR (e.g. around 6 breaths per minute) might be adversely affected by this 

phenomenon thus leading to erroneous RR readings [70]. 

 

 4.2.2. RR Estimation in Movement Mode 

 
To the best of our knowledge, this is the first work that proposes a remote RR measurement from 

RGB camera during movement. Table 10 shows the results of the proposed algorithm when we 

permitted the subjects to move in the room as described in Section 4.1.2. The RMSE for the 

proposed method in the movement mode increases by 17.8% compared to the stationary mode. 

However, the proposed method still exhibits a lower RMSE in the movement mode compared to 

those obtained for Sanyal and Nundy [7], Poh et al. [6], and Poh et al. [57] in the stationary mode.           

To evaluate the performance of the proposed method in movement mode, in addition to Table 10, 

we present scatter plots in Fig. 14. We assess the linear regression between the actual (i.e. ground 

truth) and estimated RR to evaluate the agreement between them. We obtained a high agreement 

(R2=0.94) between both measures, which demonstrates that the RR measures obtained through the 

proposed method are highly in agreement with the ground truth. 
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Table 11: Estimated RR in Movement Mode 

 

Parameters Proposed method 

Mean Bias (BPM) 0.46 

SD of Bias (BPM) 2.26 

Upper limit (BPM) 4.90 

Lower limit (BPM) -4.01 

RMSE 2.30 

Pearson Corr. coefficient 0.80* 

                            *: (p<0.004) 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
                                                Figure 14: Statistical Results of (a) Regression model (b) Bland and Altman 
 

 

4.3. Summary of Chapter 4 

 
We recruited 10 consenting adult subjects (3 females and 7 males) to recorded 250 one-minute-

videos of subjects in stationary and movement modes. The subjects wore a thoracic expansion 

sensor to measure RR, based on respiratory-derived chest movements. Moreover, we provided 

them with a thumb counter to count their RR. We adopted as ground truth the subject-measured 

(a) (b) 
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RR recorded by the thumb counter. 

After processing the collected videos, we select the first three IMFs in the range of interest. To 

selecting the best IMF that reflects the RR, we utilize ML. We extract the RR from the latter IMF. 

To the best of our knowledge, this is the first work that proposes a remote RR measurement from 

RGB camera during movement. The RMSE for the proposed method in the movement mode was 

2.30 BPM which increases by 17.8% compared to the stationary mode. 
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Chapter 5. Conclusion & Future Works 

 
 

In this chapter, we present our conclusions and describe potential future work in this field. 

 
5.1. Conclusions 

 
 

We proposed an algorithm for rPPG-based RR estimation. The proposed approach uses 

CEEMDAN for signal decomposition. It uses an ML model for selecting the IMF outputted by 

CEEMDAN that best represents RR information. The ML technique selects the best IMF with an 

accuracy of 82.96%. Moreover, our approach exhibits more accurate results for RR estimation 

compared to existing state-of-the-art methods for stationary mode measurement. We demonstrated 

the performance of the proposed method for subjects in movement where we obtained an RSME 

of 2.30 BPM. 

We distinguish our work from existing ones as follows: 

 
 We apply the Complete Ensemble Empirical Mode Decomposition with Adaptive Noise 

(CEEMDAN) [13] to decompose the rPPG signal and obtain the most informative 

coefficient that reflects RR. 

 We develop a Machine Learning (ML) algorithm to select the RR information carrying 

IMF after applying the CEEMDAN method on the selected rPPG signal. 
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5.2. Future Works 

 

 
There are several potential improvements that can be made to the proposed method: 

1. Deep artificial neural networks (ANNs) can be used for feature extraction from the IMF 

signals as opposed to engaging in feature engineering as we have done in this work. 

Recently, the applications of deep convolutional neural networks (CNNs) have shown its 

great success in various problems of computer vision same as image classification [115-

117].  

2.   Emotional changes such as sadness, fear, happiness and anxiety can dramatically 

influence RR [118]. In [119], they investigated the influences of emotions in 

cardiorespiratory activities. They musically induced the emotions through listening to 

various music in different genres. At the same time, they recorded the physiological 

activities (e.g. RR) of individuals and finally, they were able to distinguish the emotions 

and the genre of listened music through these physiological signs. Masaoka et al. [120] 

investigated the relationship between metal stress and respiration. Using unpleasant 

sounds, they found out the positive correlation between unpleasant emotions caused by 

mental stress and RR. Also, looking at various photographs/images, which induces 

emotional can change RR [118].  Therefore, for future studies, combining emotion derived 

facial expression estimation with the RR information can be leveraged in a multimodal 

affect recognition system. 

3. Since the ROI in the proposed method is the forehead, this region might be covered by hair 

or wearable artifacts. Moreover, the subject might not be facing the camera which reduces 

the visibility of the ROI. Therefore, the development of a robust multi-modal ROI detection 

scheme that can choose among multiple possible ROIs (face, cheeks, forehead etc.) 
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depending on the context or the application of multi-camera based system are suitable 

future research directions.  

4. In this thesis, we do not investigate the feasibility of this technique in a real-time scenario. 

Therefore, deploying the proposed method in a real-time system may interest researchers 

in the field and a has the potential of further studies. For instance, in real-time systems it 

can be used for: 

o Monitoring and assessing the vital sign of athletes (e.g. soccer players) and the 

functionality of their lungs/respiratory system during competitions for further 

physiological analysis.  

o Monitoring prisoners in cells in attempt to inhibit them from suicide. 

o Monitoring the emotion/vital sign of astronauts in international space station. 

o X-ray medical imaging centers to detect the most appropriate time for exposing X-

rays (with detecting the inhalation and exhalation phases) to capture the picture of 

chest bones. 

o Evaluating the performance of actors/actresses and their ability in believability of 

their role through assessing their emotion using camera. 

o Highly secured systems for assessing the emotional status of individuals (e.g. lie 

detector) 
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