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Contactless facial video recording
with deep learning models

for the detection of atrial
fibrillation

Yu Sun?, Yin-Yin Yang?, Bing-Jhang Wu?, Po-Wei Huang?, Shao-En Cheng?, Bing-Fei Wu?* &
Chun-Chang Chen3

Atrial fibrillation (AF) is often asymptomatic and paroxysmal. Screening and monitoring are

needed especially for people at high risk. This study sought to use camera-based remote
photoplethysmography (rPPG) with a deep convolutional neural network (DCNN) learning model for
AF detection. All participants were classified into groups of AF, normal sinus rhythm (NSR) and other
abnormality based on 12-lead ECG. They then underwent facial video recording for 10 min with rPPG
signals extracted and segmented into 30-s clips as inputs of the training of DCNN models. Using voting
algorithm, the participant would be predicted as AF if > 50% of their rPPG segments were determined
as AF rhythm by the model. Of the 453 participants (mean age, 69.3 +13.0 years, women, 46%), a total
of 7320 segments (1969 AF, 1604 NSR & 3747others) were analyzed by DCNN models. The accuracy
rate of rPPG with deep learning model for discriminating AF from NSR and other abnormalities was
90.0% and 97.1% in 30-s and 10-min recording, respectively. This contactless, camera-based rPPG
technique with a deep-learning model achieved significantly high accuracy to discriminate AF from
non-AF and may enable a feasible way for a large-scale screening or monitoring in the future.

As the world’s population is ageing, atrial fibrillation (AF) has become a serious public health issue. Patients
with AF-related ischemic stroke were more likely to have severe disability, high recurrence rate, high fatality
rate, and greater medical cost than those without!—. Because of its paroxysmal and asymptomatic natures**, AF
is commonly diagnosed after an ischemic stroke has occurred®. Anticoagulants can significantly reduce the risk
but documentation of AF is required to initiate this preventive therapy. Thus screening for AF in particularly
among the elderly is reccommended”?.

Current methods of AF detection like implanted loop recorder”!? and electrocardiogram (ECG) patch!! are
either invasive or expensive, while handheld recorder'? is convenient for screening but not feasible for long-
term monitoring. Photoplethysmography (PPG) with pulse waveforms generated from optical sensors of mobile
devices has become a new trend and shows sufficient accuracy for the detection of heart rate and other physi-
ological parameters'®. Recent studies revealed various algorithms with good performance in discriminating AF
from sinus rhythm!#-"”. Though digital wearables are increasingly popular worldwide, most elderly, who are the
main population of AF, are still not used to the application of this high-tech device!®. An emerging noncontact
technique called remote photoplethysmography (rPPG) has been developed for detecting heart rate, which uses
digital camera to measure the subtle variations of skin color reflecting the cardiac pulsatile signal due to heart
activity pumping blood to and from the face!*-?'. This method would potentially be applied to mass screen with
less cost, as well as to long-term monitoring under appropriate settings. Studies in estimating the accuracy of
rPPG in detecting AF are still limited®>?*. In this study, we sought to estimate the ability of rPPG measurement
with deep learning (DL) models in discriminating AF from non-AF.
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Methods

Study population and examination procedure. This was a prospective, single-center study conducted
between June 1, 2019 and August 31, 2020 with participants recruited from outpatient departments of neurology
and cardiology, and neurological ward at En Chu Kong Hospital, New Taipei City, Taiwan. Patients in critical
medical conditions were excluded. All participants provided written informed consent prior to their enrollment
in the study. This study followed the tenets of the Declaration of Helsinki and was approved by the Institutional
Review Board of En Chu Kong Hospital (ECKIRB10803006). All the methods were performed in accordance
with the relevant guidelines and regulations. In the examination room, each participant received a standard 10-s,
12-lead ECG and then immediately sat in front of a digital camera at a distance of 1-2 m for facial video record-
ing. We placed another 3-lead ECG monitor (Deluxe-100, North-vision Tech. Inc. Taiwan) which was simulta-
neously started with the video recording. Participants were instructed to position themselves as stable as possible
and to minimize movement during recording. The ambient light source for recording is the daylight lamp where
the illuminance measured in front of participants’ face was at around 200-400 1x. The video recording ended at
10 min or when subjects declined to continue before that time point.

ECG diagnosis and facial rPPG recording. Participants were classified into three groups based on their
12-lead ECG results: first, “AF” with or without other abnormal ECG patterns; second, “normal sinus rhythm”
(NSR) in which the ECG results were completely normal; third, “Others” with abnormal ECG results except AE.
In this study, we assumed that the presence of AF in patients would persist during the periods of receiving the
12-lead ECG exam and subsequent 10 min of facial video-recording. The 12-lead ECG data were analyzed by a
cardiologist blinded to the rPPG results.

In order to obtain the heart rhythm information from the facial image sequence, we used industrial camera
(84 frames per second in VGA resolution) (FLIR BFLY-U3-03S2C-CS) as a sensor to capture face images. Once
the image was captured, the face detection algorithm? was used to locate the region of interest (ROI) on the face.
Then, we averaged the RGB value from the ROI and used an optical technique?, rPPG- to capture the subtle color
change of the skin due to the blood pulsation caused by the heartbeat. To reduce the noise caused by motion or
environment illuminance variance, a forth order Chebyshev I bandpass filter (cutoff frequency: 0.5-3 Hz) was
utilized. The example of extracted RGB signal, original rPPG, and filtered rPPG was shown in Fig. 1. It should
be noticed that the camera setting about the auto exposure, auto gain, and auto focus were all disabled to ensure
the rPPG signal quality. The entire recording of rPPG signals of each participant was divided into multiple 30-s
segments. If the subject was classified as AF, his or her total segments of rPPG data would be labeled as AF, and
the same rule applied to groups of “NSR” and “Others”

Model development and AF prediction. We adopted a sample-level, 12-layer, deep convolutional neu-
ral networks (DCNN)?* fed with 30-s segments of rPPG signals as the input for the feature computation. The
overall model architecture was shown in Fig. 2 and Supplementary Fig. S1. For the first 11 convolutional layers,
batch normalization, dropout and max pooling were included in several different layers. As for the activation
function between convolutional layers, a rectified linear activation function was applied. A fully-connected layer
was used as the last layer. The model was designed as a binary classifier, using annotations of ECG from a cardi-
ologist as ground truth and the probabilities of predictions as output.

The DCNN was implemented with PyTorch framework for model training in three datasets: “AF vs NSR, “AF
vs Others” and “AF vs Non-AF”, separately. In order to apply the DL algorithms to the population with various
heart conditions, three datasets were formed and DCNN models were trained with input data of 30-s segments
to discriminate AF from NSR, from other abnormalities, and from all non-AF, respectively. The data of rPPG
segments from each dataset was partitioned into 10 equal-sized sets and we used tenfold cross-validation method
for model training and validation®. The next step was to detect AF patients. Participants with 10 min of video
recording would be supposed to have 20 segments of 30-s length. Every segment is fed into the model to obtain
an atrial fibrillation score by voting algorithm?®. If the score is bigger than 0.5, the corresponding participant
would be classified as an AF case. Figure 3 showed the whole process of the study.

Statistical analysis. The diagnostic performance of the DCNN model was evaluated by calculating the sen-
sitivity, specificity, positive predictive value, and accuracy rate using the confusion matrix with 12-lead ECG as
the reference standard. We plotted receiver operating characteristic (ROC) curve and measured the area under
the curves (AUC) to verify the performance of the binary classifier system under discrimination threshold. Since
the models were trained in three datasets: “AF vs NSR”, “AF vs Others”, and “AF vs all Non-AF’, calculation of the
measures was performed for these three models respectively. For estimating the diagnostic accuracy of whole
length of rPPG recording on each subject, we repeated the calculations of AUC/sensitivity/specificity/ positive
predictive value/accuracy rate for these three datasets with AF participants identified by voting algorithm. A
sensitivity analyses was performed to check the relationship between camera recording time and the accuracy
rate of rPPG in detecting AF based on 15- to 300-s data segments.

Results

Of the 473 enrolled patients, 20 were excluded due to the following reasons: 7 had too many artifacts on ECG, 6
had missing data on ECG or on facial recordings, and 7 had the quality of rPPG signals too poor to read. Finally,
we have a total of 453 (mean age, 69.3 +13.0 years, women, 46%) patients successfully analyzed, in which the
mean length (+ standard deviation, SD) of video recording for each participant was 484 (+ 148) seconds and the
average number (+ SD) of 30-s samples per person was 16.12 (+4.93). Based on 12-lead ECG, there were 116 par-
ticipants with NSR, 105 with AF, and 232 classified as others. The patients with AF (mean age, 74.3 +12.5 years,
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Figure 1. The examples of extracted RGB and rPPG signals. (A) Signals of a subject with normal sinus rhythm.
(B) Signals of a subject with atrial fibrillation. (C) Signals of a subject with atrial premature complexes.
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C. Other abnormality
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Figure 1. (continued)

women, 51.4%) were older with more women than patients without AF (mean age, 67.8+13.0 years, women,
44.8%). The ECG patterns in the group “Others” included abnormalities in rate and rhythm (e.g., sinus arrhyth-
mia, atrial premature complexes, atrial flutter, ventricular premature complex), axis (e.g., right or left axis devia-
tion), amplitude (e.g., ST depression, T-wave abnormality), durations and intervals (e.g., conduction delay or
block, right or left bundle branch block, long QT). Pacing was found on the ECG of 5 participants of whom
2. Besides, the ECG patterns of 16 patients, though manually interpreted as snus rhythm, were classified into
the group of “Others” because their ECG resembled arrhythmia or atypical morphology of NSR due to various
artifacts. The various ECG patterns of the participants of group “Others” were summarized in Table S1 in the
Supplementary Information. Individuals with both AF and other ECG abnormalities were classified as “AF”
group and were not uncommon in the study population.

This DCNN model had gained great success in the audio processing region since the relatively slim archi-
tecture and smaller convolution kernel were applied, which were also suit for the rPPG signal processing. We
separately plotted the ROC curves of “AF vs. NSR, “AF vs. Others” and “AF vs. Non-AF” of the three models based
on data of 30-s rPPG segments (Fig. 4A,C,E). The ROC curves were plotted again based on the aforementioned
voting results for predicting subject to be AF or not (Fig. 4B,D,F). The results of the performance of models with
measures of AUC, sensitivity, specificity, positive predictive value, and accuracy rates were shown in Table 1.
The performance of DL algorithms changed as the model was trained in different population composition. For
predicting AF by 30-s-rPPG segments in the dataset of “AF vs NSR’, the sensitivity, specificity, positive predictive
value and accuracy rates of test set were 95.0%, 87.3%, 90.2% and 91.6%, respectively. The diagnostic sensitiv-
ity and accuracy decreased while the specificity slightly increased as the model was trained in the dataset of
“AF vs Others” With all data pooled together, the sensitivity, specificity, positive predictive value and accuracy
rates in discriminating AF from non-AF by the algorithm were 80.3%, 93.6%, 82.1% and 90.0%, respectively
(Table 1). We checked the relationship between video recording time and the accuracy rate of rPPG and found
that the accuracy rate reached a peak when the segment length was set at 120-240 s. This results were shown
in Supplementary Fig. S2. We further calculated the diagnostic accuracy by assessing the whole length of rPPG
recording signals for each subject. For the model trained in the dataset of “AF vs NSR’, the sensitivity, specificity,
positive predictive value and accuracy rates on the test set were 99.1%, 94.8%, 94.6% and 96.8%, respectively. For
the model trained in the dataset of “AF vs Others”, though the sensitivity slightly decreased, the algorithm still
performed well with the sensitivity, specificity, positive predictive value and accuracy being 94.3%, 95.7%, 90.8%
and 95.3%, respectively. Finally, we evaluated the model performance in detecting AF among all participants
with and without arrhythmia or ECG abnormalities. The results showed high sensitivity (93.3%) and high posi-
tive predictive value (94.3%). The accuracy and specificity rates were even up to 97.1% and 98.3%, respectively
(Table 1). The corresponding values for the performance of training datasets and testing datasets were shown in
Table S2 and Table S3 in the Supplementary Information.
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Discussion

We demonstrated that a camera-based recording can detect AF using the rPPG technology incorporated with
DL algorithms. With 12-lead ECG as standard reference, algorithm performance from 10 min of rPPG recording
achieved high sensitivity (93.3%) and specificity rates (98.3%) with accuracy rate up to 97.1% in discriminating
AF patients from those without AF. The ultrashort 30-s recording segment also yielded a high accuracy rate
(90%). Even in the sample population of group “Others” with various abnormalities or arrhythmic ECG, the
positive predictive value remained high (90.8%), which indicated low false positive rate. These data support
the ability of DL-assisted rPPG to correctly discriminate AF from other pulse irregularity and abnormal ECG
waveforms just by using a camera and even by a very short time recording.

In recent years, there have been several studies reporting the use of smartphones and their apps in detecting
AF These apps demonstrated good performance in detecting AF'>'¢*3, with accuracy rate around 95%-98%
according to a review by Pereira et al.'*, in which the smartphone camera recorded PPG signals through fingertip
contact. Like handheld ECG recorder, the heart rhythm can only be measured as long as the person does not
move the device because even slight movement may severely distort measurement. In addition, digital weara-
bles may not be so popular among the less-tech savvy individuals, as well as the elderly who are really the high
AF-risked population'®. Other than the detection performed by direct contact on the devices, the rPPG method
with video recording on the face has the pulsatile signals remotely captured. The motion-robust rPPG algorithms
enable the recording with an affordable, consumer-level camera under “normal” ambient light conditions'**!, and
even for multiple people at the same time with minimal motion distortions*>-**. These advantages make rPPG a
promising tool not just for mass screening of AF but also for the remote, long-term heart rate monitoring outside
the hospital, such as at home, in workplace environment or even in driving condition®”.

In terms of using video-based rPPG for AF detection, relatively low error rates (17-29%) in the study by
Couderc and colleagues proved that this method is feasible*>. Another two studies by Shi et al. and Eerikainen
et al. with small sample size also showed promising results with accuracy rates improved to 92-98%27*. A study
by Yan and colleagues used smartphone camera for contactless facial recording and analyzed the data by the
Cardio Rhythm application in patients with AF and sinus rhythm yielded 95% of sensitivity and specificity'®?.
Our study extended the application of using facial rPPG to differentiate AF from not only normal sinus rhythm
but also other arrhythmia and various ECG patterns and also proved the high accuracy rate (97%). Since the
diversity and size of data are very important factors for better performance of DL algorithm, more than half
(232/453) of our participants, as classified as group “Others”, were neither normal sinus rhythm nor AF. Their
ECG patterns showed various abnormalities in rate, rhythm, axis, wave morphology, durations and intervals. The
results of the algorithm performance differed between datasets fed with more “normal ECG” subjects and dataset
with more “abnormal ECG” subjects. Algorithm for population with AF and NSR achieved highest sensitivity.
The sensitivity decreased but the specificity increased when model trained by lots of abnormal ECG patterns as
feature inputs. Among the 453 participants, there were a total of 36 subjects misclassified by the models as to
be either false positive or false negative cases (7 in the model of “AF vs NSR”, 16 in “AF vs Others”, 13 in “AF vs
Non-AF”). Interestingly, all of them were misclassified by only 1 of the 3 models. For example, subjects who were
misclassified in the dataset composed of “AF and NSR” were not misclassified in the dataset composed of “AF
and non-AF’, and vice versa, suggesting the results of DL markedly affected by population composition of ECG
characteristics. Since the participants were enrolled from the stroke ward and the department of cardiology and
neurology, most of the participants were old and many had heart disease or rhythm problems. Previous reports
showed that some abnormal rhythms such as ventricular premature contractions, atrial premature contractions
and sinus arrhythmia were likely to be false positive of AF by PPG-based wearables'®!®. This study performed
model training from various abnormal ECG patterns including the morphology of pacing. There were 2 AF
patients among the 5 participants with pacing. These 2 AF patients were correctly classified by rPPG with deep-
learning algorithm. But 1 of the other 3 patients without AF was misclassified as AF by the model. Overall, this
study showed relatively low rate of misclassification by models among subjects with abnormal rhythms, e.g. 0/11
sinus tachycardia, 0/2 sinus bradycardia, 1/15 ventricular premature contractions, 0/11 atrial premature contrac-
tions, 3/15 sinus arrhythmia (2 in “AF vs Non-AF” model, 1 in “AF vs Others” model were misclassified among
15 sinus arrhythmia). And the ECG findings in our patients with AF not just showed AF alone. Instead, most of
them have combined with other abnormal morphology or rhythms. DL approaches can yield good performance
in detecting AF even in the population with high burden of other arrhythmia®. Algorithms developed by present
three training models all achieved high accuracy rates (>95%) in detecting AF patients, either from the datasets
with more NSR or from that with more other arrhythmias or abnormal ECG features.

The Heart Rhythm Society consensus statement defined AF as an arrhythmia lasting>30 s on 1-lead ECG
or if present on the entire 10 s 12-lead standard ECG***. This study estimated the performance of rPPG-based
algorithms in both 30-s samples and 10 min of recordings. Though the current rule of 30-s recording cannot be
applied on the model-predicted pulse irregularity presented on the form other than ECG, this rPPG-DL modality
as with high sensitivity and low false positive rate on detecting AF shown in this study enables a promising tool
for screening. Furthermore, the DL models achieved higher accuracy along with higher detection rate as the
recording time increasing, which suggests a favorable cost-effective option in calculating AF burden by using
rPPG for long-term monitoring in the future.

The performance of DL algorithms changes when models are trained in datasets from different target sub-
jects. Thus, algorithms developed in wearables such as smartphones among mostly young people may not be
suitable for the elderly. Similarly, the best model trained in hospital setting may not be as good when applying in
community screen. This study provides the evidence that rPPG-DL method may enable a reliable, non-contact
screening or monitoring for AF detection as with the model specifically trained in the target individuals. The
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Figure 2. The overall DCNN model architecture.

cut point of >50% AF(+) 30-s samples in this study for predicting AF individual may also need to be adjusted
to get better predictive ability when applying to another population.

Limitations. There are some limitations to the study. First, the 12-lead ECG and video-based rPPG record-
ing were not simultaneously performed. The depicted waveforms, in particular p-wave, of the output data from
our simultaneous monitoring by 3-lead ECG were not clearly discernible in severe background noise. In addi-
tion, some tachycardia or ectopic beats on 3-lead monitor were also difficult in the interpretation of irregular
rhythms. In order not to misclassify the participants with various cardiac diseases, we chose 12-lead ECG as
standard reference. Since all of the subjects with AF in this study were either cases of long-term follow-up at
our outpatient clinic, or cases of acute embolic stroke with high AF burden, it is highly possible that their AF
would persist during the 10-s of 12-lead ECG exam and subsequent 10 min of rPPG recording. Nevertheless, the
occurrence of paroxysmal AF during this 10-min examination still cannot be excluded. Second, all subjects in
this study were selected to be able to position themselves sitting and facing camera steadily. There may be some
selection bias as very ill patients were excluded. The applicability of rPPG on these kinds of patients is uncer-
tain. Third, seven participants with poor rPPG recording were excluded due to too much motion artifacts and
poor lighting. Lighting conditions and motion artifacts are always great challenges for rPPG recording. Though
motion-robust rPPG algorithms are proposed in extracting a clean pulse signal in ambient light environments
using a regular color camera in subjects who move significantly*>**%, studies to examine the generalizability in
monitoring subjects for AF detection under free-living condition are warranted. Fourth, because some of our
elderly patients, especially those with cognitive impairment, were unable to tolerate sitting steadily for 10 min,
the length of video-recording time among our participants varied from 5 to 10 min. Thus we could not precisely
make the conclusion for how long the exact recording time should be to obtain the accuracy rate provided in
this study. The last point is that we chose industrial camera for the purpose of obtaining high resolution image.
Although motion-robust rPPG algorithms have been developed by using consumer-level camera in detecting
heart rate”*! and facial video recording by smartphone camera has been used to differentiate AF from NSR'®?,
the ability of AF detection from other various abnormal ECG for mass screen by using regular camera needs
further studies.

Conclusions

The application of camera-based rPPG technique with DL algorithms achieved high accuracy in detecting AF
among population with normal and various abnormal ECG patterns. The robust performance of deep learning
models may enable rPPG, either by a common video camera or by a smartphone with built-in camera, to be a
promising tool for mass screening and long-term monitoring in a non-contact and a favorable cost-effective way.
This would represent a major advance for stroke prevention in the near future. Further studies are warranted to
evaluate the model performance in hospital setting, large-scale community screening, and home-based long-
term monitoring.
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Figure 3. Study flow diagram. AF atrial fibrillation, DCNN deep convolutional neural network, ECG
electrocardiograph, NSR normal sinus rhythm, rPPG remote photoplethysmography. Step 1: Case enrollment
and ECG-proved classification. Step 2: Extraction of rPPG signals and dividing them into 30-s segments as
the data of for three datasets: “AF vs NSR’, “AF vs Others”, “AF vs Non-AF”. Step 3: Each segment was used as
the input of DCNN learning model. For each dataset, tenfold cross validation method was applied to measure
the performance of the models with data split into train set (9 folds) and test set (onefold). The procedure
was repeated 10 times until all folds had served exactly once as the hold-out set. Eventually, we calculated

the average accuracy of the ten folds as the performance of the model and the standard deviation values of
model performance between each fold were also calculated. Step 4: Best model algorithms were generated to
determine whether or not the 30-s-rPPG segment to be AF Step 5: Participant with more than 50% of segments
determined as AF by the above models was considered positive for AE
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Figure 4. Performance of the deep-learning models for classification of atrial fibrillation based on 30-s segment
data and whole-length recording of subjects. AF atrial fibrillation, NSR normal sinus rhythm, ROC receiver
operating characteristic. Receiver operating characteristic (ROC) curves based on data of 30-s segments (Left)
and voting results of whole-length recording of subjects (Right) in the datasets: “AF vs NSR” (Fig. 2A,B), “AF

vs Others” (Fig. 2C,D), “AF vs Non-AF” (Fig. 2E,F). By voting algorithm, subject who had more than 50% of
model-determined AF segments was classified as AF case.
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Value %

Validation data sets AUC Sensitivity Specificity PPV Accuracy
Data of segments

AF vs NSR 0.93+£0.2 95.0+£3.3 87.3+6.4 90.2+3.9 91.6+2.4
AF vs Others 0.95+0.3 83.8+7.7 90.6+3.8 82.4%6.3 88.2+2.8
AF vs Non-AF 0.93+0.0 80.3+£10.0 93.6+1.9 82.1+5.3 90.0+3.0
Subject

AF vs NSR 0.98+0.0 99.1+£0.8 94.8+3.0 94.6+1.6 96.8+1.5
AF vs Others 0.98+0.0 94.3+3.2 95.7+2.6 90.8+4.1 95.3+2.0
AF vs Non-AF 0.98+0.0 93.3£5.9 98.3+£1.5 943+3.7 97.1+2.4

Table 1. Confusion matrix for classification of atrial fibrillation based on data of 30-s segments (n=7320)
and on voting results of whole recording on each subject (n=453). AF atrial fibrillation, AUC area under
the curve, ECG electrocardiograph, NSR normal sinus rhythm, PPV positive predictive value, 7PPG remote
photoplethysmography.

Received: 22 May 2021; Accepted: 20 September 2021
Published online: 07 January 2022

References

1.

2.
3.

4.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Marini, C. et al. Contribution of atrial fibrillation to incidence and outcome of ischemic stroke: Results from a population-based
study. Stroke 36, 1115-1119. https://doi.org/10.1161/01.STR.0000166053.83476.4a (2005).

Benjamin, E. J. et al. Impact of atrial fibrillation on the risk of death: The Framingham Heart Study. Circulation 98, 946-952 (1998).
Wolf, P. A., Abbott, R. D. & Kannel, W. B. Atrial fibrillation as an independent risk factor for stroke: The Framingham Study. Stroke
22, 983-988. https://doi.org/10.1161/01.5tr.22.8.983 (1991).

Turakhia, M. P. et al. Estimated prevalence of undiagnosed atrial fibrillation in the United States. PLoS ONE 13, e0195088. https://
doi.org/10.1371/journal.pone.0195088 (2018).

. Lown, M,, Yue, A., Lewith, G., Little, P. & Moore, M. Screening for Atrial Fibrillation using Economical and accurate TechnologY

(SAFETY): A pilot study. BM] Open 7, €013535. https://doi.org/10.1136/bmjopen-2016-013535 (2017).

. Jaakkola, J. et al. Stroke as the first manifestation of atrial fibrillation. PLoS ONE 11, €0168010. https://doi.org/10.1371/journal.

pone.0168010 (2016).

. Brieger, D. et al. National Heart Foundation of Australia and the Cardiac Society of Australia and New Zealand: Australian clinical

guidelines for the diagnosis and management of atrial fibrillation 2018. Heart Lung Circ. 27, 1209-1266. https://doi.org/10.1016/].
hlc.2018.06.1043 (2018).

. Hindricks, G. et al. 2020 ESC Guidelines for the diagnosis and management of atrial fibrillation developed in collaboration with

the European Association for Cardio-Thoracic Surgery (EACTS). Eur. Heart J. 42, 373-498. https://doi.org/10.1093/eurheartj/
ehaa612 (2021).

. Freedman, B. et al. Screening for atrial fibrillation: A report of the AF-SCREEN international collaboration. Circulation 135,

1851-1867. https://doi.org/10.1161/circulationaha.116.026693 (2017).

Botto, G. L. et al. Presence and duration of atrial fibrillation detected by continuous monitoring: Crucial implications for the risk
of thromboembolic events. J. Cardiovasc. Electrophysiol. 20, 241-248. https://doi.org/10.1111/j.1540-8167.2008.01320.x (2009).
Steinhubl, S. R. et al. Effect of a home-based wearable continuous ECG monitoring patch on detection of undiagnosed atrial fibril-
lation: The mSToPS randomized clinical trial. JAMA 320, 146-155. https://doi.org/10.1001/jama.2018.8102 (2018).

Svennberg, E. et al. Mass screening for untreated atrial fibrillation: The STROKESTOP study. Circulation 131, 2176-2184. https://
doi.org/10.1161/circulationaha.114.014343 (2015).

Coppetti, T. et al. Accuracy of smartphone apps for heart rate measurement. Eur. J. Prev. Cardiol. 24, 1287-1293. https://doi.org/
10.1177/2047487317702044 (2017).

Orchard, J. et al. eHealth tools to provide structured assistance for atrial fibrillation screening, management, and guideline-
recommended therapy in metropolitan general practice: The AF - SMART Study. J. Am. Heart Assoc. 8, €010959. https://doi.org/
10.1161/jaha.118.010959 (2019).

Pereira, T. et al. Photoplethysmography based atrial fibrillation detection: A review. NPJ Digit. Med. 3, 3. https://doi.org/10.1038/
$41746-019-0207-9 (2020).

Yan, B. P. et al. Contact-free screening of atrial fibrillation by a smartphone using facial pulsatile photoplethysmographic signals.
J. Am. Heart Assoc. https://doi.org/10.1161/jaha.118.008585 (2018).

Aschbacher, K. et al. Atrial fibrillation detection from raw photoplethysmography waveforms: A deep learning application. Heart
Rhythm 021, 3-9 (2020).

Perez, M. V. et al. Large-scale assessment of a smartwatch to identify atrial fibrillation. N. Engl. . Med. 381, 1909-1917. https://
doi.org/10.1056/NEJMo0al1901183 (2019).

Verkruysse, W., Svaasand, L. O. & Nelson, J. S. Remote plethysmographic imaging using ambient light. Opt. Express 16, 21434—
21445. https://doi.org/10.1364/0e.16.021434 (2008).

Sinhal, R., Singh, K. & Raghuwanshi, M. M. An overview of remote photoplethysmography methods for vital sign monitoring.
Comput. Vis. Mach. Intell. Med. Image Anal. Adv. Intell. Syst. Comput. 992, 21-31 (2020).

van der Kooij, K. M. & Naber, M. An open-source remote heart rate imaging method with practical apparatus and algorithms.
Behav. Res. Methods 51, 2106-2119. https://doi.org/10.3758/s13428-019-01256-8 (2019).

Couderc, J. P. et al. Detection of atrial fibrillation using contactless facial video monitoring. Heart Rhythm 12, 195-201. https://
doi.org/10.1016/j.hrthm.2014.08.035 (2015).

Yan, B. P. et al. High-throughput, contact-free detection of atrial fibrillation from video with deep learning. JAMA Cardiol. 5,
105-107. https://doi.org/10.1001/jamacardio.2019.4004 (2020).

Zhang, K., Zhang, Z., Li, Z. & Qiao, Y. Joint face detection and alignment using multitask cascaded convolutional networks. IEEE
Signal Process. Lett. 23, 1499-1503. https://doi.org/10.1109/LSP.2016.2603342 (2016).

Wang, W.,, Brinker, A. C. D,, Stuijk, S. & Haan, G. D. Algorithmic principles of remote PPG. IEEE Trans. Biomed. Eng. 64, 1479—
1491. https://doi.org/10.1109/TBME.2016.2609282 (2017).

Scientific Reports |

(2022) 12:281 | https://doi.org/10.1038/s41598-021-03453-y nature portfolio


https://doi.org/10.1161/01.STR.0000166053.83476.4a
https://doi.org/10.1161/01.str.22.8.983
https://doi.org/10.1371/journal.pone.0195088
https://doi.org/10.1371/journal.pone.0195088
https://doi.org/10.1136/bmjopen-2016-013535
https://doi.org/10.1371/journal.pone.0168010
https://doi.org/10.1371/journal.pone.0168010
https://doi.org/10.1016/j.hlc.2018.06.1043
https://doi.org/10.1016/j.hlc.2018.06.1043
https://doi.org/10.1093/eurheartj/ehaa612
https://doi.org/10.1093/eurheartj/ehaa612
https://doi.org/10.1161/circulationaha.116.026693
https://doi.org/10.1111/j.1540-8167.2008.01320.x
https://doi.org/10.1001/jama.2018.8102
https://doi.org/10.1161/circulationaha.114.014343
https://doi.org/10.1161/circulationaha.114.014343
https://doi.org/10.1177/2047487317702044
https://doi.org/10.1177/2047487317702044
https://doi.org/10.1161/jaha.118.010959
https://doi.org/10.1161/jaha.118.010959
https://doi.org/10.1038/s41746-019-0207-9
https://doi.org/10.1038/s41746-019-0207-9
https://doi.org/10.1161/jaha.118.008585
https://doi.org/10.1056/NEJMoa1901183
https://doi.org/10.1056/NEJMoa1901183
https://doi.org/10.1364/oe.16.021434
https://doi.org/10.3758/s13428-019-01256-8
https://doi.org/10.1016/j.hrthm.2014.08.035
https://doi.org/10.1016/j.hrthm.2014.08.035
https://doi.org/10.1001/jamacardio.2019.4004
https://doi.org/10.1109/LSP.2016.2603342
https://doi.org/10.1109/TBME.2016.2609282

www.nature.com/scientificreports/

26. Lee, J., Park, ], Kim, K. & Nam, J. Sample-level deep convolutional neural networks for music auto-tagging using raw waveforms.
Proceedings of the 14th Sound and Music Computing Conference (2017).

27. Eerikainen, L. M. et al. Detecting atrial fibrillation and atrial flutter in daily life using photoplethysmography data. IEEE J. Biomed.
Health Inform. 24, 1610-1618. https://doi.org/10.1109/jbhi.2019.2950574 (2020).

28. Barbara, D. & Garcia-Molina, H. The reliability of voting mechanisms. IEEE Trans. Comput. 36, 1197-1208. https://doi.org/10.
1109/TC.1987.1676860 (1987).

29. Mc, M. D. et al. PULSE-SMART: Pulse-based arrhythmia discrimination using a novel smartphone application. J. Cardiovasc.
Electrophysiol. 27, 51-57. https://doi.org/10.1111/jce.12842 (2016).

30. Krivoshei, L. et al. Smart detection of atrial fibrillationt. Europace 19, 753-757. https://doi.org/10.1093/europace/euw125 (2017).

31. Tang, C,, Lu, J. & Liu, J. Non-contact heart rate monitoring by combining convolutional neural network skin detection and remote
photoplethysmography via a low-cost camera. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW) (2018).

32. Wang, W, Stuijk, S. & de Haan, G. Exploiting spatial redundancy of image sensor for motion robust rPPG. IEEE Trans Biomed
Eng 62, 415-425. https://doi.org/10.1109/tbme.2014.2356291 (2015).

33. van Gastel, M., Stuijk, S. & de Haan, G. Motion robust remote-PPG in infrared. IEEE Trans. Biomed. Eng. 62, 1425-1433. https://
doi.org/10.1109/tbme.2015.2390261 (2015).

34. Poh, M. Z., McDuff, D. J. & Picard, R. W. Non-contact, automated cardiac pulse measurements using video imaging and blind
source separation. Opt. Express 18, 10762-10774. https://doi.org/10.1364/0e.18.010762 (2010).

35. Huang, P. W,, Wu, B. ]. & Wu, B. E A heart rate monitoring framework for real-world drivers using remote photoplethysmography.
IEEE ]. Biomed. Health Inform. 25, 1397-1408. https://doi.org/10.1109/jbhi.2020.3026481 (2021).

36. Shi, J. et al. Atrial fibrillation detection from face videos by fusing subtle variations. IEEE Trans. Circuits Syst. Video Technol. 30,
2781-2795. https://doi.org/10.1109/TCSVT.2019.2926632 (2020).

37. Kwon, S. et al. Deep learning approaches to detect atrial fibrillation using photoplethysmographic signals: Algorithms development
study. JMIR Mhealth Uhealth 7, €12770. https://doi.org/10.2196/12770 (2019).

38. Calkins, H. et al. HRS/EHRA/ECAS expert Consensus Statement on catheter and surgical ablation of atrial fibrillation: Recom-
mendations for personnel, policy, procedures and follow-up. A report of the Heart Rhythm Society (HRS) Task Force on catheter
and surgical ablation of atrial fibrillation. Heart Rhythm 4, 816-861. https://doi.org/10.1016/j.hrthm.2007.04.005 (2007).

39. Charitos, E. I et al. A comprehensive evaluation of rhythm monitoring strategies for the detection of atrial fibrillation recurrence:
Insights from 647 continuously monitored patients and implications for monitoring after therapeutic interventions. Circulation
126, 806-814. https://doi.org/10.1161/circulationaha.112.098079 (2012).

40. Cheng, J., Chen, X., Xu, L. & Wang, Z. J. Illumination variation-resistant video-based heart rate measurement using joint blind
source separation and ensemble empirical mode decomposition. IEEE J. Biomed. Health Inform. 21, 1422-1433. https://doi.org/
10.1109/jbhi.2016.2615472 (2017).

Acknowledgements
This study was supported by Ministry of Science and Technology, Taiwan (Grant no. MOST 108-2221-E-009-
123-MY2), which was not involved in any phase of this study.

Author contributions

B.EW. acquired the funding and performed part of study design and drafting of the manuscript. Y.S. provided
original concept and wrote the original draft of the manuscript. C.C.C performed reading of all the ECG data.
Y.Y.Y. and PW.H. performed model development in pilot study. S.E.C. and B.J.W. improved the AT model. All
authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-021-03453-y.

Correspondence and requests for materials should be addressed to B.-EW.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:281 | https://doi.org/10.1038/s41598-021-03453-y nature portfolio


https://doi.org/10.1109/jbhi.2019.2950574
https://doi.org/10.1109/TC.1987.1676860
https://doi.org/10.1109/TC.1987.1676860
https://doi.org/10.1111/jce.12842
https://doi.org/10.1093/europace/euw125
https://doi.org/10.1109/tbme.2014.2356291
https://doi.org/10.1109/tbme.2015.2390261
https://doi.org/10.1109/tbme.2015.2390261
https://doi.org/10.1364/oe.18.010762
https://doi.org/10.1109/jbhi.2020.3026481
https://doi.org/10.1109/TCSVT.2019.2926632
https://doi.org/10.2196/12770
https://doi.org/10.1016/j.hrthm.2007.04.005
https://doi.org/10.1161/circulationaha.112.098079
https://doi.org/10.1109/jbhi.2016.2615472
https://doi.org/10.1109/jbhi.2016.2615472
https://doi.org/10.1038/s41598-021-03453-y
https://doi.org/10.1038/s41598-021-03453-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Contactless facial video recording with deep learning models for the detection of atrial fibrillation
	Methods
	Study population and examination procedure. 
	ECG diagnosis and facial rPPG recording. 
	Model development and AF prediction. 
	Statistical analysis. 

	Results
	Discussion
	Limitations. 

	Conclusions
	References
	Acknowledgements


