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Background: Consumer-level cameras have provided an advantage of designing cost-effective, non-contact 

physiological parameters estimation approaches which is not possible with gold standard estimation tech- 

niques. This encourages the development of non-contact estimation methods using camera technology. 

Therefore, this work aims to present a systematic review summarizing the currently existing face-based 

non-contact methods along with their performance. 

Methods: This review includes all heart rate (HR) and oxygen saturation (SpO2) studies published in jour- 

nals and a few reputed conferences, which have compared the proposed estimation methods with one or 

more standard reference devices. The articles were collected from the following research databases: In- 

stitute of Electrical and Electronics Engineers (IEEE), PubMed, Web of Science (WoS), Science Direct, and 

Association of Computer Machinery (ACM) digital library. All database searches were completed on May 

20, 2021. Each study was assessed using a finite set of identified factors for reporting bias. 

Results: Out of 332 identified studies, 32 studies were selected for the final review. Additionally, 18 studies 

were included by thoroughly checking these studies. 3 out of 50 (6%) studies were performed in clinical 

conditions, while the remaining studies were carried out on a healthy population. 42 out of 50 (84%) 

studies have estimated HR, while 5/50 (10%) studies have measured SpO 2 only. The remaining three stud- 

ies have estimated both parameters. The majority of the studies have used 1–3 min videos for estimation. 

Among the estimation methods, Deep Learning and Independent component analysis (ICA) were used by 

11/42 (26.19%) and 9/42 (21.42%) studies, respectively. According to the Bland-Altman analysis, only 8/45 

(17.77%) HR studies achieved the clinically accepted error limits whereas, for SpO 2 , 4/5 (80%) studies have 

matched the industry standards (±3%) . 

Discussion: Deep Learning and ICA have been predominantly used for HR estimations. Among deep learn- 

ing estimation methods, convolutional neural networks have been employed till date due to their good 

generalization ability. Most non-contact HR estimation methods need significant improvements to im- 

plement these methods in a clinical environment. Furthermore, these methods need to be tested on the 

subjects suffering from any related disease. SpO 2 estimation studies are challenging and need to be tested 

by conducting hypoxemic events. The authors would encourage reporting the detailed information about 

the study population, the use of longer videos, and appropriate performance metrics and testing under 

abnormal HR and SpO 2 ranges for future estimation studies. 

© 2022 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Physiological parameters serve as reliable indicators of an indi- 

idual’s health. Five physiological parameters used for determining 

he individual’s health status are Blood Pressure (BP), Heart Rate 

HR), oxygen saturation ( SpO 2 ), body temperature, and Breathing 

ate (BR) [1] . Estimating these parameters requires sophisticated 

pparatus that involves the placement of electrodes or sensors in 
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ontact with the skin using adhesive gels. This approach of es- 

imating parameters is called the contact-based approach, which 

as limitations such as discomfort or allergies due to the sen- 

ors or electrode placement. Therefore, it is not suitable in cer- 

ains scenarios such as unobtrusive monitoring, sensitive or burnt 

kin, and neonatal intensive care unit (ICU) monitoring. This orig- 

ates the need for an alternative non-contact based estimation ap- 

roach that is based on a non-contact variant of Photoplethysmog- 

aphy (PPG) known as remote PPG (rPPG) or imaging PPG (iPPG). 

PPG or iPPG requires a camcorder with an illumination source 

o select the Region of Interest (ROI) appropriately, followed by 

 PPG signal extraction and physiological parameter estimations 

2] . An appropriate ROI selection is critical for accurate PPG ex- 

raction, thereby estimating correct physiological parameters. Sev- 

ral studies have been performed to explore the potential ROIs for 

stimation. In this context, the first attempt of ROI selection was 

erformed by Pavlidis et al. [3] , which explored the potential of 

he face in estimating cardiac pulse, BR, and blood flow, using a 

hermal imaging model. The study concluded that the thin layer 

f tissues present in the facial region enables the estimation of 

he blood volume pulse accurately. Furthermore, Verkruysse et al. 

4] proved the potential of the facial area for HR and respiratory 

ate monitoring.This was further validated in a study conducted by 

an der Kooij and Naber [5] , which explored the potential of differ- 

nt body organs and found that the facial region can provide more 

ccurate HR estimates than other body organs. SpO2 can also be 

ccurately estimated using facial ROI [6] . Currently, three vital pa- 

ameters, namely HR, SpO2, and BR, can be computed using PPG, 

ence rPPG. Among these, HR and SpO2 are estimated in various 

ritical scenarios such as intensive care units, surgery, COVID diag- 

osis, and sleep quality analysis, [7,8] . Furthermore, breathing rate 

s not the most frequently used monitoring vital signs and has rel- 

tively limited applicability [9] . Therefore, this review focuses on 

ace-based HR and SpO2 non-contact estimation studies. 

Several aspects have already been explored in the existing re- 

iews in the literature. Hassan et al. [10] and, Wang et al. [11] have

xplored the existing HR estimation methods followed by compar- 

ng them using benchmark datasets. Sun and Thakor [12] discussed 

he implications of imaging PPG (iPPG) and its technical limita- 

ions. Kranjec et al. [13] presented a review summarizing image 

nd non-image based methods for HR estimation. Hardford et al. 

14] presented a systematic review that discusses the clinical as- 

ect of all image based non-contact approaches using a modified 

uidelines for Reporting Reliability and Agreement Studies (GR- 

AS) criterion. 

However, no systematic review presented the non-contact es- 

imation approaches from the engineering specific context. There- 

ore, this review aims to provide a detailed review of non-contact 

acial video-based physiological parameter estimation methods in 

linical and non-clinical settings. This is the first systematic review 

ummarizing the technical and non-technical elements of face- 

ased non-contact estimation approaches to the best of our knowl- 

dge. This will provide a basis for further research in this thriving 

omain and help improve the quality of future studies.The contri- 

utions of this systematic review for standardizing and improving 

he non-contact estimation studies are as follows: 

• This review strictly follows newly updated PRISMA guidelines 

[15] and answers all the relevant questions regarding designing 

a non-contact estimation study, such as selecting ROI, estima- 

tion methods, and performance metrics. 
• It summarizes and analyzes the existing HR and SpO2 non- 

contact estimation studies published in journals, collected us- 

ing five research databases. It also proposes a novel protocol 

for “risk of bias” analysis by identifying crucial factors from the 

existing studies. 
2 
• It presents the statistical analysis of all the performance metrics 

used in the existing studies. This will allow a baseline to com- 

pare the newly proposed methods with existing state-of-the-art 

studies’ already reported performance metrics. 
• It also presents the advantages and disadvantages of the various 

parameters, estimation methods, and data acquisition methods, 

enabling the identification of a suitable regime for conducting 

a physiological parameter estimation study. 

. Methods 

.1. Eligibility criteria 

This systematic review is prepared following the new Pre- 

erred Reporting Items for Systematic Reviews and Meta-Analyses 

PRISMA) statement [15] . The PRISMA checklist for this review is 

vailable as supplementary material Annex 1. 

It includes all the studies related to facial video-based HR and 

pO 2 estimation in comparison with the appropriate reference de- 

ices. Few HR estimation studies have included other physiological 

arameters: breathing rate, step count, eye blink, and HRV. It is im- 

ortant to note that no explicit searches have been performed for 

he estimation of these parameters. Instead, the search is limited to 

ournal papers only. Conference papers and book chapters were not 

onsidered due to limited novelty in the studies. However, papers 

ublished in reputed international conferences such as the confer- 

nce on computer vision and pattern recognition (CVPR), Interna- 

ional Conference on Computer Vision, and European Conference 

n Computer Vision (ICCV) were included in this review. Addition- 

lly, patents were also not included since these do not align with 

he protocol used in this systematic review. 

.2. Information sources 

The search has been performed in the following databases: In- 

titute of Electrical and Electronics Engineers (IEEE), PubMed, Web 

f Science (WoS), Science Direct and, Association of Computer Ma- 

hinery (ACM) digital library. The database search was completed 

n May 20, 2021. 

.3. Search strategy 

The articles search was conducted between December 2008 to 

ay 2021, since the first attempt for Heart rate and SpO 2 esti- 

ation using the face region was published in December 2008 

y Verkryusse et al. [16] . Furthermore, the studies from the en- 

ineering specific context were considered for this review. Specif- 

cally, studies demonstrating the novel approaches for any of the 

omponents/modules (Region of Interest selection, BVP/PPG sig- 

al extraction, and Heart rate calculation) of estimation using face 

ideos using any imaging modality were only considered for this 

eview. Specifically, this review includes the studies conducted us- 

ng various image color models such as RGB, CIE, LAB, YCbCr, 

UV, NIR, and monochrome color filters(e.g., magenta, orange). 

owever, studies demonstrating the implications of existing non- 

ontact methods in the scenarios such as driving were not in- 

luded. Related estimation studies using other organs of the hu- 

an body such as arms, hand palms, etc., were excluded. More- 

ver, the studies relating to fetal heart rate monitoring, patents re- 

ated to HR or SpO 2 estimation methods or devices, use of smart- 

hone sensors by contact, PPG signals or contact based approaches, 

nd animal physiological parameters estimations were also ex- 

luded. The sole reason for excluding these studies is that they are 

eyond the scope of this review. The details of the search strategy 

re presented in Table 1 . 
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Table 1 

Search Strategy. 

Search Strategy 

1 (Contactless OR Noncontact OR non-contact OR non-invasive OR 

non-invasive OR remote OR contact free OR contact-free).ti 

2 (Oximetry).MeSH OR ( SpO 2 OR ”blood oxygen ∗ OR blood 

saturation OR oxygen saturation).ti 

3 (Heart Rate Determination).MeSH OR (Heart rate OR Pulse rate 

NOT(Variability)).ti 

4 (face AND video ∗ OR webcam OR camera OR smartphone OR 

mobile camera).ti 

5 (iPPG OR rPPG OR Physiological).ti OR 

Photoplethysmography).MeSH 

6 2 AND 3 

7 3 OR 4 

8 (1 OR 7) AND 6 
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.4. Study selection and data collection 

All the articles resulting from the implemented search strategy 

ere consolidated to the Endnote reference manager. First, the set 

f duplicate conference articles and patents were screened out us- 

ng the reference manager. The researcher Ankit Gupta (AG) per- 

ormed the title, abstract and full text screening. Two researchers 

ntonio G. Ravelo-García (AR) and Fernando Morgado Dias (FMD), 

ere consulted to avoid doubts or confusion in the article screen- 

ng process. 

.5. Data collection and outcomes 

The data are collected by thoroughly reading the article’s full 

ext. Consequently, AG collected study title, estimated physiolog- 

cal parameters, reference device(s) used, video length, frame rate 

fps), camera resolution, shooting distance, databases used, number 

f subjects, age range, gender, clinical/normal study, skin (types or 

olor) and ethnicity information, ROI used, ROI selection method, 

VP/PPG extraction method, color channels, lighting source, perfor- 

ance metrics, Bland-Altman analysis information, type of artifacts 

Motion, Illumination or both) addressed. 

The potential outcome of this study is to present the avail- 

ble face-based non-contact HR and SpO 2 estimation methods us- 

ng various image modalities in comparison with the respective 

eference device(s). The secondary outcome is to assess their per- 

ormance defined by the inclusion/exclusion of important parame- 

ers included in every study and to analyze the corresponding re- 

orted performance metrics, their practical implications, and lim- 

tations. Furthermore, the common performance metrics reported 

or all studies were selected and used for study categorization us- 

ng a threshold, which could mitigate the effect of low and high 

xtreme values. Due to heterogeneity among HR and SpO 2 esti- 

ation studies, different performance metrics were independently 

hosen for both types of studies. 

.6. Study quality assessment 

AG performed the quality assessment of the included articles 

sing a proposed scoring scheme, supervised by AR and FMD. The 

cores were given based on the inclusion of selected parameters as 

ell as performance metrics for HR and SpO 2 studies. 

The proposed scoring protocol uses a two-step scoring pro- 

ess: scoring based on the inclusion and exclusion of the follow- 

ng factors: camera resolution, shooting distance, number of par- 

icipants, Bland-Altman analysis, motion or illumination artifacts 

HR studies), ethnicity; analyzing the performance metrics (RMSE 

nd correlation for HR and R-squared for SpO 2 ) and accuracy (er- 

or < ±5 beats per minute) (bpm) justifying the method’s clinical 
3 
elevance. For inclusion of each parameter, a score of one is as- 

igned and zero otherwise, except artifacts. The studies address- 

ng motion and illumination artifacts simultaneously, are assigned 

 score of 2, whereas, in the case of none or one of the arti-

acts, a score of 0 or 1 is assigned to each study, respectively. For 

uantitative values such as the number of participants, RMSE, cor- 

elation, and R-squared values, the median is calculated to miti- 

ate the effect of lower and higher extremes. Additionally, in some 

ases, a single score is also calculated by combining the score 

f the individual parameters. For instance, the “AND” operation 

or video resolution and camera distance and the “OR” opera- 

ion for RMSE and Correlation were used for HR estimation stud- 

es. 

Individual scores are summed up for overall quality assessment. 

or HR estimation studies, these scores are finally used to catego- 

ize studies into three categories: weak, fair, and strong. The stud- 

es with the score less than 2 will be categorized as weak, since 

n almost all the reported studies, camera characteristics (cam- 

ra shooting distance, video resolution), and performance metrics 

RMSE, and correlation) were reported summing up to a score of 2. 

tudies with a score between 3 and 5 would be categorized as fair, 

hereas a score ranging from 6 to 8 would signify a strong study. 

n the other hand, SpO 2 studies with a score of 1 would be cat- 

gorized as weak, since majority of studies used regression, while 

he studies with the score of 3 and 4 would be considered fair and 

trong studies. 

.7. Visual interpretation and tabulation of results 

This review uses box-whisker plots and bar and error charts. 

ox-whisker plots will be used to examine the distribution of per- 

ormance metrics used for estimation studies, while bar charts will 

e used to visualize the study categorization, distributions of re- 

ions of interest, and the estimation methods for HR and SpO 2 

tudies. Error charts will be used for analyzing the upper and 

ower statistical limits of Bland-Altman plots. Additionally, tables 

ill also be used for presenting statistical values (mean ± stan- 

ard deviation) of all performance metrics used in the estimation 

tudies in the review and identified factors collection and scoring 

n supplementary files. 

.8. Heterogeneity, missing data, and subgroup analysis 

Since all the studies have reported different performance met- 

ics to support the efficacy of methods, calculating a single sta- 

istical metric would be infeasible and insufficient. Alternatively, 

imilar numerical metrics were compared to provide a descriptive 

ummary. 

The proposed protocol penalizes for missing data, which is re- 

uired for the study’s quality assessment. 

Since the authors have collected the data from individual stud- 

es and assessed the studies’ quality based on the data, they have 

ot performed any subgroup analysis. Furthermore, this review 

imed at providing a narrative summary based on the data col- 

ected from the included studies for HR and SpO 2 estimations in- 

ependently. 

. Results 

.1. Study screening results 

Out of 332 articles retrieved from the search strategy presented 

n Table 1 using multiple databases, 32 articles were included, fol- 

owed by data collection and analysis. While screening these arti- 

les, 18 more studies were included by thoroughly checking the 

eferences list of every included article. This technique is called 
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Fig. 1. Prisma Flow Diagram. 
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nowballing. Fig. 1 depicts the PRISMA flow diagram illustrating 

he article’s screening process. Consequently, 50 articles were in- 

luded in the final review, out of which 38/50 (76%) studies esti- 

ated, 10/50 (20%) studies estimated two, and the remaining esti- 

ated three physiological parameters. It is important to note that 

o explicit search was performed for other parameters except for 

R and SpO 2 , although other parameters were also estimated as a 

art of HR estimation studies. 

However, the study did not include non-contact methods us- 

ng chest, arm, palm, or finger for HR estimations since this re- 

iew is constrained to face-based methods only. Furthermore, stud- 

es constituting fetal heart rate monitoring were not considered 

ince HR estimation was performed using the lower abdominal 

rea. 

One article’s full text by Zhang et al. [17] could not be retrieved 

or which the authors were contacted, but no responses were re- 
eived. e

4 
.2. Population characteristics 

.2.1. Age and gender 

21/50 (42%) did not report the age, while the remaining 29/50 

58%) studies reported the age range. The minimum and maximum 

ge range for all studies lie between 18 and 80. Furthermore, it is 

ifficult to plot the distribution of age ranges due to the consider- 

ble heterogeneity. 

Gender has been reported by 34/50 (68%) studies, while 16 

tudies did not provide any relevant information. Apart from 4/50 

8%) studies [18–21] , all the study samples were male dominant. 

owever, these studies have collected data from a relatively lower 

umber of participants. 

.2.2. Ethnicity and skin color 

Numerous studies proved the importance of considering the 

thnicity or skin color for HR and SpO estimation studies since 
2 



A. Gupta, A.G. Ravelo-García and F.M. Dias Computer Methods and Programs in Biomedicine 219 (2022) 106771 

Fig. 2. ROI distribution with HR and SpO 2 studies. 
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arker skin tone poses more challenges for estimation tasks than 

hite skin. 14/50 (28%) studies reported the subjects’ ethnicity, 

kin color, or tone information for estimation studies. Furthermore, 

/14 (57.14%) [8,22–27] studies used the Fitzpatrick scale to define 

he subjects’ skin tone. The study conducted by Haan and Jeanne 

28] included the subjects from i-vi (all scales), while 2 studies 

onducted by Wang et al. [22,23] included subjects with the i-v 

cale. The remaining studies included subjects with a scale ranging 

rom ii-iv. On the other hand, 6/14 (42.85%) studies instead men- 

ioned the ethnicities of the subjects: 3 studies [2,29,30] consid- 

red two or more,2 studies [18,23] considered subjects with Asian 

thnicity, and one study conducted by Kumar et al. [31] has con- 

idered skin color. 

.3. Study design 

.3.1. Physiological parameters 

Out of the total included studies, 42/50 (84%) studies belong to 

R estimations, while 5/50 (10%) to SpO 2 estimations. Additionally, 

/50 (6%) studies estimated both physiological parameters simul- 

aneously. Furthermore, out of 42 studies, HRV, breathing rate, eye 

link and step counts were estimated in 4/50 (8%) [20,30–32] , 4/50 

8%) [32–35] , and 1/50 (2%) studies, respectively. 

.3.2. Databases used 

For HR studies, 34/45 (75.55%) studies used self-created 

atabases with the number of participants ranging from 4 to 117 

ith 25 . 82 ± 25 . 11(mean ± std) . In contrast, the remaining stud- 

es used benchmark databases to prove the efficacy of their re- 

pective HR estimation methods. Moreover, 24/34 (35.29%) stud- 

es have only used their databases, while the rest have used self- 

reated, as well as publicly available databases. 3/11 (27.27%) stud- 

es [21,36,37] have used a single database, while 8/11 (72.72%) [38–

5] studies have employed more than one database for perfor- 

ance analysis of their HR estimation algorithms. All SpO 2 studies 

reated their databases with the number of participants ranging 

rom 4 to 46 with 20 . 5 ± 16 . 78 . 

.3.3. Region of interest selection 

The face-based physiological parameters estimation needs an 

OI, which will be used to extract the source signal. In total, all 

R estimation studies used six ROIs, namely, face, cheeks, nose, 

orehead, areas near eyes, and mouth. 7/45 (15.5%) [25,30,34,46–

9] studies have used two or more ROIs from the face region, 

hile face and cheeks were used by 27/45 (60%) and 15/45 
5 
33.33%) studies, respectively. On the other hand, nose and fore- 

ead have been used by five studies each while the remaining used 

outh and areas near eyes. The ROI distribution for HR and SpO 2 

tudies is shown in Fig. 2 . 

.3.4. Artifacts 

Artifacts removal is an important step for BVP or PPG signal ex- 

raction using facial videos since the PPG component has relatively 

eaker strength and amplitude than the artifacts. HR studies have 

ddressed two types of artifacts, namely motion and illumination 

rtifacts. 4/45 (8.88%) HR studies have addressed and alleviated the 

ffect of illumination, while motion artifacts have been addressed 

nd mitigated in 16/45 (35.55%) studies. On the other hand, 16/45 

35.55%) studies [19,23,24,28,29,31,35,39,40,42,45,49–52] have ad- 

ressed and proposed strategies to lessen the effect of both arti- 

acts. 9/45 (20%) HR and all SpO 2 estimation studies did not ad- 

ress any artifact. 

.3.5. Estimation methods 

As mentioned before, conventional HR estimation methods deal 

ith extracting the BVP/PPG signal from the RGB signal traces 

ollowed by calculating the highest frequency and multiplying it 

ith 60 for frequency to bpm conversion. Among conventional 

R estimation methods, 9/45 (20%) studies [2,30,32,34,42,51,53–

5] used Independent Component Analysis (ICA), 6/45 (13.33%) 

tudies [20,23,28,29,41,48] used color subspace transformations 

CHROM/POS), and 6/45 (13.33%) studies [18,50,56–59] used En- 

emble Mode Decomposition (EMD) and its variants. However, 

ith the advent of deep learning, several end-to-end HR estima- 

ion methods have also been proposed, which use different types 

f neural networks architectures for estimating the heart rate us- 

ng a facial video. 11/45 (24.44%) [24,34,35,37–41,44,45,52] studies 

tilized neural networks and its variants for HR estimation. Other 

PG extraction methods used by HR estimation studies are wavelet 

ransforms [19,25,60] , filtering based methods [47] , autoregressive 

odels [29], Gaussian mixture models [61] , Eulerian video magni- 

cation [33] , independent vector analysis [18,21,44] , maximum ra- 

io diversity [31] , sub-band selection [19] , multiple linear regres- 

ion [59] , and Second Order Blind Identification (SOBI) [34,55] . 

ig. 3 depicts the distribution of the estimation methods used in 

he literature, whereas Table 2 presents the classification of esti- 

ation methods as the feature and classifier based methods. On 

he other hand, all SpO 2 studies used the ratio of ratios method 

ollowed by regression, except the study conducted by Van Gastel 

t al. [26] . This study proposed an adaptive PBV method (APBV) 

or BVP signals extraction from multiple ROIs, followed by their 



A. Gupta, A.G. Ravelo-García and F.M. Dias Computer Methods and Programs in Biomedicine 219 (2022) 106771 

Fig. 3. Various estimation methods used for estimation of HR studies:AR-Autoregressive,EVM- Eulerian Video Magnification, GMM-Gaussian Mixture Model, ICA-Independent 

Component Analysis, IVA- Independent Vector Analysis, MRD-Maximum Ratio Diversity, NN-Neural Networks, NLMS- Non-Linear mean square filter, SBS-Sub-Band Selection, 

SOBI-Second Order Blind Identification, WT-Wavelet Transform. 

Table 2 

Estimation Methods classification. 

Feature based methods Classifier based methods 

Color subspace transformations (CHROM [20,28,41] , POS [23,29,48] ), EMD based 

(EEMD [18,50,57–59] , CEEDMAN [56] ), EVM [36] , JBSS (IVA [18,21,44] ), MRD [31] , 

SOBI [34,55] , SBS [22] , WT [19,25,60] , ANN [24] , ICA [2,30,32,34,42,51,53–55] , 

Filtering Based methods [47] , and GMM [61] . 

Convolutional 3D Networks [37] , VGG-16 [39] ), CNN 

[36,40] , CNN with attention based mechanisms 

[35,38,45] , ResNet-18 [41] , Autoregressive Models [33] , 

and Mulitple Regression [59] . 
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apping to different SpO 2 levels ranging from 65 to 100% with an 

nterval of 5%. The proposed APBV method is based on the PBV 

ethod proposed by De Haan and Van Leest [62] , which extracts 

he blood volume pulse vector (PBV) for BVP signal extraction. 

.4. Instruments used 

.4.1. Reference devices 

Four reference devices have been used for comparing the es- 

imated values with ground truth. This review has only reported 

he use of reference devices for the self-created databases since 

eference devices information for the benchmark databases could 

e easily extracted from the respective articles. As mentioned be- 

ore, 34 HR estimation studies have created their databases. 8/34 

23.52%) studies have used electrocardiogram as a reference device, 

2/34 (64.70%) studies have used pulse oximeters as a reference 

evice, while one study conducted by Wang et al. [23] used both 

eference devices. Few HR estimation studies used Arm Band HR 

onitor [24] and sphygmomanometer [57,59] . On the other hand, 

pO 2 ground truth acquisition was carried out using a pulse oxime- 

er only. 

.4.2. Camera characteristics 

Non-contact studies require a camera for video acquisition of 

OI; hence camera characteristics such as camera type, video reso- 
6 
ution, frame rate, and shooting distance affect the accuracy of pa- 

ameter estimation. However, the camera type was not included in 

he study’s quality assessment, but it is a critical parameter since 

t defines the quantity and quality of PPG information for physio- 

ogical parameters estimation. 

The camera type is defined by the color channels used for 

ideo acquisition in a non-contact study. The color channel selec- 

ion is crucial for extracting accurate PPG information. For instance, 

he RGB spectra have stronger pulsatile strength than the infrared 

pectra. Therefore, this section summarizes the respective studies’ 

olor channel distribution and camera types for the included stud- 

es. 40/50 (80%) studies used red, green, and blue channels, fol- 

owed by NIR used by 6/50 (10%) studies. Other color channels 

sed in the existing non-contact studies include monochrome color 

lters [30,63,64] , YCbCr [19,60] , YUV [52] , and LAB [50] . Further-

ore, a few studies have used more than one spectra, e.g., Kado 

t al. [51] and Yu et al. [20] used a combination of RGB and NIR

pectra. The details regarding the color channels are presented in 

upplementary files ( Table 1 ). Additionally, YUV, YCbCr, and LAB 

olor channels can be deduced from the RGB image model; there- 

ore, 42 studies have used RGB cameras. Four studies used NIR 

ameras, whereas five used customized camera setups, with three 

tudies using monochrome and two using RGB-NIR spectra combi- 

ation. 
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Table 3 

Performance Metrics Statistics. 

Metric Number of Studies Mean ± SD 

Mean Error 9 0 . 57 ± 1 . 49 

Standard Deviation 17 4 . 91 ± 2 . 41 

RMSE 28 5 . 15 ± 3 . 24 

MER 8 6 . 03 ± 1 . 26 

Correlation 26 0 . 88 ± 0 . 11 

Signal to Noise ratio 5 3 . 17 ± 1 . 75 
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The distance between the subject’s face and the camera is an- 

ther important parameter since a larger distance between the face 

nd the camera deteriorates the strength of PPG signal informa- 

ion. Hence, it is necessary to identify a suitable shooting distance 

or a cleaner PPG signal. The shooting distance for HR and SpO 2 

stimations ranged between 0.3 and 2 m, respectively, while, the 

idely used shooting distances were 0.5 and 1.0 m, used by 11/50 

22%) and (13/50) (26%), respectively. However, 4/50 (8%) studies 

sed less than 0.5 m shooting distance, while it is 1.5 m or greater 

or 10/50 (20%) studies. Furthermore, a few studies have acquired 

he videos using more than one shooting distance. Specifically, the 

tudies conducted by Song et al. [53] and Tran et al. [29] tested 

he effect of video shooting distances on HR estimation, whereas 

ifferent shooting distances for different activities were also used 

y Li et al. [49] . 12/50 (24%) HR estimation studies did not report

amera shooting distances. 

Camera resolutions also play a vital role in accurate HR estima- 

ion by providing finer details from individual image frames, which 

re crucial to detect subtle color changes for extracting PPG infor- 

ation. A higher camera resolution provides more information but 

lso needs intense computations. Hence, identifying a camera reso- 

ution with minimal information loss is a non-trivial task for accu- 

ate HR estimation. A diversified range of video camera resolutions 

as been employed to estimate accurate HR and SpO 2 estimations 

9/45 (42.22%) HR estimation studies used cameras with a resolu- 

ion of 640 × 480. In contrast, the twelve studies used 320 × 240, 

280 × 720, and 1920 × 1080, each employed by four HR studies. 

A higher frame rate provides a larger number of contiguous im- 

ges for a video, thereby providing more information to detect the 

lood volume pulse from raw RGB signal traces. Similar to reso- 

ution, a higher frame rate has more computational requirements. 

ence, it is necessary to use a frame rate that not only ensures 

inimal loss but also provides a noise free PPG signal. All estima- 

ion studies, except in one, by Song et al. [41] have reported the 

rame rates for video acquisition with a range of 12–120 frames per 

econd (fps). 29/50 (58%) estimation studies used 30 frames per 

econd (fps) for video acquisition. Other frame rates used by esti- 

ation studies were 15 fps [2,26,32,46,54] , 20 fps [22,23,28,44,45] , 

nd 25 fps [22,23,28,45,63] . However, numerous studies have also 

athered the video samples at a higher sampling rate, for instance, 

0 fps [20] , 60 fps [38] , 100 fps [20] , etc. 

.5. Clinical studies 

Although most estimation studies were conducted on healthy 

ndividuals, three clinical studies [20,33,60] have been included us- 

ng the search strategy mentioned in Table 1 . Most importantly, 

hese studies have estimated two or more physiological parame- 

ers. Yu et al. [20] conducted a study on geriatric patients which 

imed at estimating heart rate and heart rate variability, while the 

tudy conducted by Tarassenko et al. [33] estimated heart rate, 

pO 2 , and breathing rate of the patients undergoing dialysis. The 

tudy conducted by Bal [60] aimed at estimating the heart rate and 

pO 2 in the pediatric intensive care limit. 

.6. Performance metrics 

.6.1. HR estimation studies 

The performance analysis for HR estimation studies utilized 

 metrics, namely, mean and standard deviation error (SD), root 

ean square error (RMSE), mean of error-rate percentage (MER), 

ignal to noise (SNR) ratio, and correlation. Among all of them, the 

ajority of studies used RMSE and correlation. The mean and stan- 

ard deviations of all metrics are provided in Table 3 . Few stud- 

es have tested their estimation algorithms under different applica- 

ion scenarios or using multiple databases wherein average RMSE 
7 
r correlation values were calculated for the analysis. Addition- 

lly, accuracy and Bland-Altman analysis were also included. The 

etails of all metrics are found in the supplementary file (Table 

-Table 12). 25/45 (55.55%) studies reported RMSE, out of which 

0/25 (40%) have achieved the RMSE within ±5 bpm, whereas the 

emaining studies have the mean RMSE of 2.73 bpm and standard 

eviation of 1.32 bpm. A box-whisker plot in Fig. 4 a depicts the 

rror distribution of error metrics. As shown in the figure, higher 

MSE values for the two studies correspond to testing the pro- 

osed methods under challenging conditions such as fitness ex- 

rcise and cold pressure test (in which subjects were asked to 

ut hands in very cold water), while collecting the video and the 

round truth HR values. 

Pearson correlation values have been reported in 26/45 (57.77%) 

f the HR estimation studies. Among them, 15/26 (57.69%) 

2,19,28,32,34,36,38,42,45,49,50,53,57,59,60] studies achieved the 

orrelation value of 0.90 or more, while the average correlation 

alue for the remaining studies is 0.77 with the standard deviation 

f 0.093. 

10/45 (22.22%) [19,21,24,29,43,49,51,59,60,65] studies have re- 

orted accuracy, which is, calculated as the percentage of samples 

ith the error difference ±5 bpm between ground truth and esti- 

ated HR values. This metric is used to justify the clinical rele- 

ance, since the clinically accepted error between reference device 

easurement and estimation is ±5bpm [66] . The Pearson correla- 

ion values and accuracy distribution are shown in Fig. 4 b. 

23/45 (51.11%) studies have included B-A plots in their analysis. 

dditionally, one study by Lin and Lin [47] did not present the B-A 

lot, but rather the level of agreements. Fig. 5 a depicts the mean 

ias and upper and lower levels of agreement for HR estimation 

tudies in chronological order. 8/23 (34.78%) studies achieved the 

ean difference within the clinically accepted range, while the rest 

ay need significant improvements in the future. The detailed lim- 

ts of agreement of all studies are presented in the supplementary 

le (Table 4 and Table 5). 

.6.2. SpO 2 estimation studies 

As mentioned before, 7/8 (87.5%) non-contact estimation stud- 

es used regression analysis for SpO 2 (with range 80–100%) cal- 

ulations, utilizing the ratio of ratios method using two wave- 

ength light intensities. 5/8 (62.5%) [26,27,46,63,64] studies have 

eported R 2 values. Furthermore, the root mean squared metric (A- 

ms %) was calculated for two studies [8,46] , while the same num- 

er of studies [60,63] have used the Pearson correlation value to 

est the algorithm’s performance. 3/5 (60%) studies [26,27,63] have 

chieved an R 2 value of 0.8 or more, while the remaining two stud- 

es achieved relatively lower values, 0.65 and 0.58, respectively. 

verall, the mean R2 value is 0.78, with a standard deviation of 

.14. Furthermore, 5/8 (62.5%) studies have used B-A plots to show- 

ase the performance of the proposed methods, as depicted in 

ig. 5 b. 

.7. Challenges 

Non-contact methods for HR estimation studies deal with three 

ypes of noises: camera quantization, motion, and illumination 
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Fig. 4. HR Performance metrics distribution of HR estimation studies. 

Fig. 5. A summary of Bland-Altman analysis for HR and SpO 2 estimation studies. 
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oise. Almost all the studies have assumed a constant light illumi- 

ation incident on every region of the face, which does not comply 

ith the real-time situations. Secondly, the low strength of the PPG 

ignal as compared with the noise due to motion and illumination 

rtifacts poses a major challenge for extracting the cleaner PPG sig- 

al. Low resolution and camera shooting distance further degrade 

he quality of the acquired PPG signal. Furthermore, a temperature 

older than the ambient may increase the blood viscosity, which 

educes the blood flow, thereby resulting inaccurate PPG signal ex- 

raction. Therefore, camera quantization noise, motion and illumi- 

ation variation artifacts, extreme colder temperature conditions, 

amera characteristics such as the camera shooting distance and 

esolution are critical challenges that need to be addressed while 

esigning the non-contact estimation study. 

.8. Applications 

The majority of existing non-contact methods for physiologi- 

al parameters estimations are in a proof of concept stage. How- 

ver, several studies have deployed their methods for real-time ap- 

lications. 8/50 (18%) studies have deployed their proposed non- 

ontact estimation methods in real-time situations like fitness ex- 

rcise, driving, and clinical conditions. 

3/8 (33.33%) studies have tested their methods in clinical con- 

itions. Specifically, Tarassenko et al. [33] estimated HR, SpO2, 
8 
nd respiratory rate (RR) of the patients undergoing dialysis, Bal 

60] monitored the health status of patients in pediatric intensive 

are units by estimating HR and SpO2, and Yu et al. [20] esti- 

ated HR and HRV for Geriatric patients undergoing physiotherapy 

reatment. Furthermore, 4/8 (55.55%) [23,28,44,48] studies have es- 

imated heart rate during fitness exercises, while one study by 

u et al. [24] used a non-contact approach for HR monitoring of 

rivers. This proves the effectiveness of non-contact methods in 

eal-time applications, where it is infeasible to use conventional or 

old standard physiological parameters estimation techniques. 

On the other hand, few studies such as [55] and [47] have also 

stimated parameters such as step count and eye blink. Step count 

an be used to monitor fitness, whereas eye blink can be used to 

nalyze sleep quality. 

.9. Studies quality assessment results 

This study have identified seven vital parameters for HR es- 

imation studies, namely: camera characteristics (camera resolu- 

ion and shooting distances), Bland-Altman analysis, results score 

erformance metrics (RMSE and correlation), artifacts, accuracy 

error < ±5 bpm ) , number of subjects used for the study, and in-

lusion/exclusion of ethnicity. On the other hand, SpO 2 estimation 

tudies quality was assessed using the following four parameters: 

amera characteristics, number of subjects, inclusion/exclusion of 
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Fig. 6. Study Categorization Results. 
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land-Altman analysis, and the coefficient of determination (R 2 ) . 

ther parameters similar to HR studies such as artifacts, accuracy, 

MSE, correlation, and ethnicity were not reported in most studies, 

nd hence not included in this analysis. 

The details of the studies and their analysis based on these pa- 

ameters are presented in a supplementary file ( Tables 1, 2 , and 3 ).

he studies were categorized into three categories: strong, fair, and 

eak, as depicted in Fig. 6 . Based on the proposed protocol, 5 HR

tudies were identified as “strong”, reporting maximum identified 

arameters, while the number of “fair” and “weak” studies were 

ound to be 30 and 11, respectively. On the other hand, 3 SpO 2 

tudies are categorized as weak, 2 studies as fair and 3 studies are 

ategorized as strong. 

. Discussion 

This review is intended to search and summarize the currently 

xisting facial video-based non-contact methods for estimating two 

idely used physiological parameters, HR and SpO 2 , respectively. 

onitoring these parameters under real-time environments such 

s clinical conditions, driving, or fitness exercise will only be feasi- 

le using non-contact approaches since it allows higher degrees of 

reedom, unlike contact based approaches. The analysis and com- 

arison of multi-factors opted for diverse studies would enable re- 

earchers to wisely select the important parameters for designing 

he study and assist them in quantifying their respective studies 

ased on the distribution of various error metrics, correlation, and 

ccuracy using this review. 

.1. Context of evidence and limitations 

The non-contact estimation approaches summarized in this re- 

iew are at the proof of concept stage with a few shortcom- 

ngs. These include relatively constrained video acquisition set- 

ings, smaller sample sizes, and a limited clinical context. The ref- 

rence devices used for most of the studies are pulse oximeters, 

hile some have also used ECG. While other studies have used 

ther devices, whose accuracy can be questionable compared with 

 standard HR monitoring device (ECG or PPG). Moreover, the se- 

ection of a valid reference device plays a key role in assessing the 

pplicability of the proposed method in comparison to it. Addition- 

lly, a valid reference device could also address the limitations of 

he ECG or PPG in interpreting the results. 

Most studies have used lower camera resolution, making it a 

ost-effective solution for real-time monitoring such as driving, fit- 

ess exercises, and clinical monitoring. However, selecting the ap- 

ropriate video resolution is challenging and also affected by the 
9 
istance between the camera and the subject’s face. A study con- 

ucted by Song et al. [53] attempted to find the optimal resolution 

nd camera shooting distance. It was concluded that higher resolu- 

ion enhances the quality of the PPG signal whereas a distance of 

ore than 1 m will deteriorate the HR estimations, which is con- 

istent with the findings of this review. However, high-resolution 

ameras are computationally intensive for estimating physiological 

arameters, and camera distance of 1 m or less limits the applica- 

ility of non-contact approaches for clinical or sleep settings. Addi- 

ionally, the frame rate plays a key role in tracking tiny variations 

resent in the image sequences, which ensures an accurate PPG 

ignal. A few attempts have been made with higher sampling rates, 

ut the performance of HR estimation with a higher frame rate 

n comparison with 30 fps did not show significant performance 

mprovement [67] . Furthermore, a frame rate of 30 fps worked 

ell with most of the studies. Except for clinical and SpO 2 esti- 

ation studies, most studies have acquired data for about 1 min 

o 3 min, which may limit the legitimacy of the methods. More- 

ver, a shorter interval may hinder the robustness of the proposed 

ethod under different estimation conditions. The SpO 2 estimation 

tudies have considered relatively longer duration subject’s videos. 

he limitation of the prolonged video acquisition is the presence of 

rtifacts due to movement and uneven illuminations. Besides, im- 

ge quantization can also produce undesirable noise, but this ef- 

ect can be mitigated by assuming constant light over the region 

f interest. The presence of these artifacts deteriorates the estima- 

ions of the physiological parameters, as the PPG signal (from the 

GB color channel) is very weak and is difficult to extract from the 

rtifacts’ corrupted signals. An obvious approach to mitigate this 

roblem would be to convert RGB to other movement or illumi- 

ation artifact resistant color channels such as YUV [52] , LAB [50] , 

tc. For dark scenarios, an infrared channel could be a better alter- 

ative, but the only problem is that the strength of the PPG signal 

s relatively weaker than the signal from the RGB channel. A com- 

ination of RGB with IR, which is similar to the one conducted by 

ado et al. [51] or other color models, may produce promising re- 

ults but at the cost of increasing the problem’s complexity and 

hile also being computationally intensive. 

A vast category of rPPG extraction methods has been used in 

he literature. Neural networks and their variants have been used 

xtensively for HR estimation studies. The neural networks based 

ethods performed relatively better than other conventional rPPG 

stimation methods. Additionally, there has been extensive use of 

ransfer learning for HR estimation methods. Most importantly, 

eural networks do not need assumptions to process the data, 

hich was the case with the existing state-of-the-art methods. On 

he other hand, SpO 2 studies employed regression using the ratio 
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f ratios method with an exception [26] , which used BVP signals 

o map to SpO 2 levels ranging from 65 to 100%. 

8/45 (17.78%) HR estimation studies 

2,20,25,31,34,56,64,68] have achieved clinically acceptable er- 

or differences as depicted in Fig. 3 , whereas other studies might 

eed significant improvements in the future. Furthermore, sev- 

ral studies have justified their method’s clinical relevance by 

eporting the accuracy, which is calculated as the percentage of 

tudy samples having an error less than ± 5 bpm. However, it is 

orth noting that these studies have predominantly used their 

elf-created databases under well-constrained laboratory condi- 

ions to test their method in the normal HR and SpO 2 ranges. The 

erformance of these methods may deteriorate for abnormal HR 

arameter ranges. In addition, the accuracy in this scenario will 

ot be sufficient to justify their clinical relevance and therefore 

eeds further analysis. On the other hand, the performance of 

pO 2 estimation under extreme conditions is difficult to test since 

t needs multiple breath holding events, which is not always 

ossible for individuals. Consequently, developing a robust SpO 2 

stimation method proves to be difficult due to the need to 

easure the subtle changes in the saturated blood. Therefore, 

here are limited SpO 2 estimation studies in the literature. There 

s a need to devise methods for estimating SpO 2 values from a 

ingle PPG signal extracted from the facial ROI, similar to other 

hysiological parameters. 

Another limitation within almost all studies is that the param- 

ters were estimated for healthy individuals, limiting the estima- 

ion methods’ ability for diseased people with conditions such as 

ypoxemia, bradycardia, or tachycardia. 

Finally, this study found some common factors applicable for 

ll non-contact approaches to estimate both physiological parame- 

ers. Ethnicity, movement, illumination, and clinical relevance de- 

icted by accuracy are the common factors used by all studies. Al- 

hough none of the SpO 2 estimation studies have reported move- 

ent and illumination artifacts, but these factors are worth con- 

idering while developing non-contact approaches for physiological 

arameter estimations. 

.2. Limitations of the review process 

There are certain limitations and challenges associated with 

ynthesizing this review. The search strategy aimed to summarize 

nd analyze novel methodologies for HR and SpO 2 estimations us- 

ng only facial videos. This excludes the estimation studies from 

ther body parts, which may limit our findings, and analysis to face 

egion. Being a review, we excluded patents and commercial ap- 

lications in these areas. This review did not include unpublished 

tudies or conference papers (except for a few discussed in“ eligi- 

ility criteria”). Therefore, this review may have publication bias. 

urthermore, reporting and lead-time bias may be possible since 

atabases were used to collect research articles using our search 

trategy. In addition, it was difficult to compare the studies with 

issing information such as an insufficient description of popula- 

ion, highly diversified error metrics. These factors might affect the 

ssessment of the “risk of bias” among studies. Additionally, some 

tudies have presented their results using visual representation; it 

s challenging to extract numerical values from them for analysis. 

verall, there is a high level of heterogeneity among studies, which 

as difficult to tackle for studies quality assessment. 

.3. Future research and recommendations 

This review aims to provide insight into this rapidly grow- 

ng domain of developing non-contact approaches for face-based 

hysiological parameters estimations. We have identified seven key 

actors for HR estimations and four for SpO estimations, which 
2 

10 
hould be addressed while designing an estimation study. The 

ata collection is a crucial step, which might affect the efficacy 

f the proposed method. The study population should be prop- 

rly described for better representation and result analysis. For 

nstance, information such as age, gender, video resolution, and 

amera shooting distance should be provided to compare two or 

ore studies. Furthermore, the selection of valid reference devices 

eeds to be done for ground truth data collection. Traditional HR 

stimation is a complicated process and requires certain conven- 

ional assumptions with limited generalizability, while neural net- 

orks based methods are less dependent on these assumptions 

ith good generalizing ability for highly diverse study samples 

41] . Hence, the applicability of neural network based methods is 

ecommended for physiological parameters estimation. Comparing 

stimated values with ground truth should be done using appro- 

riate performance metrics. Although it is challenging to have a 

efined set of metrics for performance analysis of the proposed 

ethods, reporting the following metrics: RMSE, correlation, ac- 

uracy, and Bland-Altman plots is highly recommended. Further- 

ore, for SpO 2 , all studies used the ratio of ratios method consid- 

ring two color channels; an alternative approach utilizing cleaner 

VP/PPG signals like [26] could be beneficial in ensuring accurate 

stimations. Designing a SpO 2 estimation study is challenging, es- 

ecially under hypoxemic events or severely infected Covid pa- 

ients, since it is difficult to collect the data aligned with these 

onditions. Moreover, the ratio of ratios method have certain lim- 

tations in tracking minute variations from saturated blood. Fi- 

ally, all studies have used a shorter time frame for physiolog- 

cal parameters estimation in healthy individuals. Future studies 

hould focus on methods, which takes less time to estimate pa- 

ameters using longer video sequences, handling challenges like 

otion and illumination artifacts, and performing under different 

thnic groups for real-time scenarios. Furthermore, future estima- 

ion studies should also focus on estimating under the abnormal 

arameter ranges or during a cardiopulmonary or related diseased 

ondition. 
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