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Abstract

Many countries around the world face a shortage of medical personnel, leading to
work overload or even burnout. This calls for political and scientific solutions to relieve
the medical personnel. The measurement of vital signs in hospitals is still predomi-
nately carried out manually with traditional contact-based methods, taking over a
substantial share of the medical personnel’'s workload. The introduction of contactless
methods for vital sign monitoring (e.g., with a camera) has great potential to relieve the
medical personnel. This systematic review's objective is to analyze the state of the art
in the field of contactless optical patient diagnosis. This review distinguishes itself from
already existing reviews by considering studies that do not only propose the contact-
less measurement of vital signs but also include an automatic diagnosis of the patient’s
condition. This means that the included studies incorporate the physician’s reasoning
and evaluation of vital signs into their algorithms, allowing an automated patient diag-
nosis. The literature screening of two independent reviewers resulted in a total of five
eligible studies. The highest number of studies (three) introduce methods for the risk
assessment of infectious diseases, one study introduces a method for the risk assess-
ment of cardiovascular diseases, and one study introduces a method for the diagnosis
of obstructive sleep apnea. Overall, high heterogeneity in relevant study parameters is
reported among the included studies. The low number of included studies indicates a
large research gap and emphasizes the demand for further research on this emerging
topic.
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Introduction

Many countries around the world face shortage of medical personnel, such as Germany
[1] or the UK [2]. The COVID-19 pandemic has emphasized this issue even further and
led to appeals from medical personnel associations to their governments to take action
[3]. The staff shortage leads to work overload and ultimately burnout [3]. For the scien-
tific community, these issues rise the need for designing solutions that will relieve the
medical personnel. The frequent, however necessary, measurement of vital signs takes
up a large portion of the medical personnel’s workload. A study has shown that on aver-
age it takes 6.5 min per patient for one measurement [4]. Regardless, the majority of vital
sign measurements are still carried out manually with traditional contact-based methods
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[5]. Contact-based measurements encompass a number of disadvantages, starting with
the high workload for the staff and continuing with a higher risk of a viral transmission
[6-10], patient discomfort, reduced mobility, risk of skin irritation [11] and risk of meas-
urement deviations [12]. The aforementioned disadvantages may be reduced using con-
tactless measurement methods. These methods reduce the contact between the medical
staff and the patients, thereby reducing the risk of viral transmission and reducing the
staff’s workload. Besides the benefits for the medical staff, contactless methods enhance
patient comfort by removing the risk of skin irritation and mobility constraints [11].

Most contactless methods are based on optical and radar technology, but there are
also approaches using Wi-Fi, RFID, and acoustics [5]. In the scope of this review, only
optical methods are considered. This boundary is set due to the following reasons: (1)
optical and radar technologies are currently the two most advanced and most promising
contactless patient monitoring technologies [5]; (2) the capabilities of radar-based moni-
toring are already discussed in [13]; and (3) no previous review on the same topic was
found. Several review articles on the topic of contactless optical vital signs monitoring
already exist, such as [14, 15]. This systematic review focuses on research publications
that not only propose contactless optical measurements of vital signs but also provide
a fully automated diagnosis of the patient’s condition. To clarify the focus of this article,
the following example is provided. In article number one [16], a research group intro-
duces an algorithm to measure heart rate and respiration rate using an infrared camera.
In article number two [17], the same group extends their work using the measured vital
signs to autonomously diagnose a person with an infectious disease. Article number one
is not included in this review, while article number two is.

The goal of this article is to analyze the state of the art in the topic of fully autonomous
patient condition diagnosis, observe the use cases for which these studies have been pro-
posed, compare the used algorithms and classification methods, compare the hardware
setups, give a discussion on the current state of technology and state the challenges and
the potentials for future work in this field. The structure of the article is the following: (1)
a brief introduction to the topic and motivation for the review; (2) results of the review;
(3) discussion; (4) conclusion; and (5) a statement of the methods used in the review

process.

Results

Study selection

The search yielded 10,326 articles. After removing the duplicates and irrelevant search
results, the titles and abstracts of a total of 418 articles are screened. Out of the 418
screened articles, 381 are directly excluded for failing to meet the eligibility criteria
and 37 are sought for retrieval. Out of the 37 articles, 35 are obtained and two were
not retrieved. The 35 obtained articles are assessed in detail according to the eligibil-
ity criteria. This resulted in five articles being included in the study and 30 articles
being excluded for not meeting the eligibility criteria. Out of the 30 excluded articles,
21 are excluded due to an incorrect study design (e.g., for not incorporating a diagnosis
of the patient condition, but rather only measuring one or multiple vital signs), five are
excluded for containing contact-based methods and four are discarded for containing
non-optical technologies (e.g., radar or wearables). It is to be noted that one study [18]
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does not provide a final diagnosis, but rather discusses the benefits it brings to support
the patient diagnosis. The reviewers decided to include this study in the review even
though the eligibility criterion (3) is not fully met, because this study introduces a new
use case for patient diagnosis and a clear statement of how their work will benefit the
diagnosis process. The PRISMA flow diagram of the study selection process is shown in
Fig. 1. A detailed protocol of records identification, screening and decisions is provided
in Additional file 1.

Summary of included studies

In the work of Sun et al. (2017) [17], a combined infrared thermography (IRT) and
RGB camera system are developed to screen patients with suspected infectious dis-
eases by measuring the heart rate (HR), respiratory rate (RR), and body temperature
(BT) and performing a logistic regression discriminant analysis. The measurement
hardware included a 0.3 MP IRT camera and a 0.3 MP CMOS RGB camera. A sin-
gle rPPG signal from an ROI on the forehead is computed from the green channel
of the RGB camera for obtaining the HR. The RR is computed by analyzing relative
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Fig. 1 PRISMA flow diagram of the study selection process
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temperature variations in the nasal area via the IRT camera. The BT is determined by
facial skin temperature measurement via the IRT camera. The vital sign computation
is presented in detail in a previous publication of the same research group in [16]. The
computed three vital signs are used to create a logistic regression discriminant func-
tion to compute the probability of an infection. A study involving 16 patients and 22
healthy control subjects resulted in a sensitivity of 87.5 % and a specificity of 100 %.
The overall accuracy is 94.7 %.

Casalino et al. (2018) [19] introduced a real-time monitoring system for cardio-
vascular risk detection through the analysis of HR, RR, peripheral oxygen saturation
(SpOz2), and lip color. The measurement hardware consisted of a single standard HD
1080p webcam. Three rPPG signals are computed from the red, green, and blue chan-
nels from an ROI on the patient’s forehead and used for determining the HR and RR.
SpO3 is computed according to [20] via the red and blue rPPG channels. Lip color is
clustered into three categories via K-Means clustering [21] and determined via the
RGB value of the dominant color. The medical significance of different lip colors with
respect to cardiovascular risk is provided by a medical professional. After determin-
ing the four vital parameters, the rules for the fuzzy logic [22] are set with the help of
a medical professional. The fuzzy rules classify cardiovascular risk into four catego-
ries, namely: low, medium, high, and very high. For the evaluation of the risk assess-
ment, a data set consisting of measurements of 116 patients is generated. The risk
assessment evaluation resulted in an overall accuracy of 69 %.

Jiang et al. (2020) [23] reported an early respiratory infection screening method for
persons wearing a protective face mask by the use of IRT. The measurement hardware
consists of an Android smartphone and a FLIR ONE Pro smartphone plug-in, a device
that contains a thermal and an RGB camera with a resolution of 1.5 MP. Breathing
patterns are computed by analyzing facial temperature variations obtained via the
IRT camera. The collected raw breathing signal is fed into a bidirectional Gate Recur-
rent Unit (BiGRU) [24] neural network with an additional attention layer [25]. The
GRU neural network is a simplified version of Long—Short-Term Memory (LSTM),
which is found to often outperform LSTM networks with few input data [24]. Bidirec-
tional networks have the structural advantage with which they can further strengthen
the correlation between the context of the sequence [26]. Lastly, the attention layer
does estimations of all outputs to find the most important ones. The BIGRU-AT neu-
ral network classifier is used to classify breathing patterns into normal and abnormal.
The model is trained and evaluated with data from 73 patients and a total of 4217
measurements. The total accuracy of the model is 83.7 %.

Negishi et al. (2020) [27] presented succeeding research to the previously intro-
duced work from Sun et al. (2017) [17]. While the hardware remains unchanged, the
algorithm is adapted, a new patient study is conducted, and new results are presented.
The measured vital signs remain HR, RR, and, BT. For the measurement of HR, not
only the green channel but also the red and the blue channels are used. For the meas-
urement of RR, besides the nasal, the oral area is included as well. The estimation of
BT remains unchanged. The classification model is adapted as well. A support vector
machine (SVM) model is introduced with the three vital signs as input values. The
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Table 1 Comparison of the diagnosis goals and measured vital signs within included publications

Article Publication year = Country Diagnosis goal Vital signs
Sunetal. [17] 2017 Japan Seasonal influenza HR, RR, BT
Casalinoetal. [19] 2018 Italy Risk of cardiovascular disease  HR, RR, SpO,,Lip color
Jiang et al. [23] 2020 China Early respiratory infection (on  Breathing pattern

the example of COVID-19)
Negishi et al. [27] 2020 Japan Seasonal influenza HR, RR, BT
Gastel et al. [18] 2021 Netherlands  Support for obstructive sleep  HR, RR, SpO;

apnea diagnosis

Table 2 Comparison of the patient studies and diagnosis models within included publications

Article Study size Reference measurement  Diagnosis model Model
accuracy
(%)
Sunetal.[17] 38 patients by doctor  Physical examination regres-  Logistic 94.7
sion
Casalino etal.[19] 116 patients by doctor Physical examination Fuzzy logic 69.0
Jiang et al. [23] 50 patients Physical examination by BiGRU-AT neural network 83.7
doctor
Negishietal[27] 50 patients Physical examination by Support vector machine  88.0
doctor
Gastel etal.[18] 8 patients Polysomnography n/a n/a

evaluation included 28 patients and 22 healthy control subjects, resulting in a sensi-
tivity of 85.7 %, a specificity of 90.1 %, and an overall accuracy of 88.0 %.

Gastel et al. (2021) [18] introduced a multi-vital sign monitoring system for supporting
the diagnosis of Obstructive sleep apnea (OSA) [28] in sleep clinics. The measurement
hardware consisted of three identical monochromatic cameras with different optical
bandpass filters in the near-infrared (NIR) spectrum, allowing spectral selectivity in the
NIR spectrum. In addition, a wide-band NIR light source with a visible light-blocking fil-
ter is used. The multi-parametric sleep analysis, polysomnography;, is used as a reference
system and the measurements are evaluated by experienced sleep clinicians according to
the standard provided by the American Academy of Sleep Medicine (AASM) [29]. The
work introduces the measurement of HR, RR, and SpO;. The approach for determining
the three vital signs is presented in a previous publication of the same research team in
[30]. The study includes eight patients and 46.5 h of video recordings. The measurement
of HR and RR have a deviation of under two beats per minute (BPM) and under two
respiration per minute (RPM) for 91 % of the measurement duration. The SpO, meas-
urement shows a deviation of up to 4 % within 89 % of the measurement duration. The
authors state that the findings may be used as a surrogate measurement system during a
PSG to decrease the number of contact-based sensors in the procedure.

Study comparison

The summary of all five included studies is given together with references to previous
works or cited works from other authors. The summary shall give the reader a short and
clear insight into each included work itself along with specific details which are relevant
to this review.
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Table 3 Comparison of the measurement hardware within included publications

Article Sensors & resolution No. of channels Source of lighting
Sunetal[17] Nippon Avionics TVS-500EXLVIRT IRT and 2 (G&IRT) Ambient light
RGB 0.3 MP
Casalino et al.[19] Microsoft LifeCam HD 1080p RGB Webcam 3(R,G&B) 2x 18 LED strips 12V, 6 W,
2.1 MP 0.5 A,120° beam angle
Jiang et al. [23] FLIR One Pro 1.5 MP IRT & 1.5 MP RGB 4R, G B&IRT)  Ambient light
Negishietal. [27] Nippon Avionics TVS-500EXLVIRT IRT and 4(R,G,B&IRT)  Ambient light
RGB 0.3 MP
Gasteletal. [18] 3 x Allied Vision Manta G283B NIR Mono 2.8 3 (3 x NIR Mono) Exo Terra Night Heat Lamps
MP

NUMBER OF STUDIES

HEART RATE . 4

RESPIRATORY RATE I 4

BODY TEMPERATURE I 2

OXYGEN SATURATION s 2

BREATHING PATTERN N |

LIP COLOR N |

Fig. 2 Count of occurrences of different vital sign measurements in the selected studies

A summary of relevant characteristics of all included studies is provided in Tables 1, 2
and 3. In Table 1, a comparison is given regarding the origins of the work, the diagnosis
goals, and the specific vital signs which are measured. In Table 2, a comparison regard-
ing the size of the study sample, the way the reference measurements are conducted,
the classification model for the diagnosis, and the accuracy of the classification model is
given. In Table 3, a comparison regarding the measurement hardware is given, providing
details on the optical sensors, the number of analyzed optical channels, and the source
of lighting. A summary of the occurrence of different vital signs involved in the diagnosis
model is given in Fig. 2. Further discussions on the results of the comparison are pro-
vided in section .

Risk of bias in studies

There is no evident risk of bias in the selection process of studies for this systematic
review since none of the authors are or were affiliated with any of the authors or insti-
tutions listed in the selected studies. To reduce the risk of bias in the study selection
process, two reviewers independently screened the results of the database searches, as
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described in the subsection on the selection process. Furthermore, the management of
the systematic review process is done with the automated online tool Rayyan [31] for
keeping a study selection protocol and documenting the decisions of both reviews con-
cerning the eligibility of screened studies. Disagreements in the decisions regarding the
study inclusion process between the authors were resolved by discussion until a consen-
sus was reached.

Discussion

The focus of this review are research studies that propose fully automatic patient diag-
nosis models based on contactless optical vital parameter measurements. Considering
that only five studies met the proposed eligibility criteria, it is evident that this field is
highly under-researched. Furthermore, by observing the publication years, it can be seen
that the oldest article is published only five years ago, while the youngest one is pub-
lished just one year ago. This shows that this field is potentially evolving and that the
trend is likely to go upward in the years to come. This forecast is supported by the fact
that the number of research studies in the field of contactless optical vital sign measure-
ment and monitoring is a highly investigated topic at the moment [14, 15]. Furthermore,
multiple reports [32, 33] show that the COVID-19 pandemic [34] increased the global
interest in contactless monitoring research. Supporting this report is the fact that three
out of the five included studies are designed to detect persons at risk of an infectious
disease [17, 23, 27]. Two of the three are specifically designed to detect people with the
risk of a COVID-19 infection [23, 27]. One study [23] considers even the infection risk
assessment of persons wearing a face mask, a very common means of decreasing the risk
of viral transmission.

The remaining two studies do not share the same diagnosis goal. One of the studies
[19] deals with the risk prediction of cardiovascular diseases, while the second study [18]
deals with supporting the diagnosis of the sleep disorder OSA. The variety of investi-
gated use cases emphasizes the versatility of contactless optical monitoring and its usa-
bility in a wide range of diagnosis scenarios.

A high dissimilarity is present in the selection of the optical measurement equipment.
The range begins with consumer-level webcams in [19] and reaches high-quality indus-
trial cameras in [18]. Furthermore, the number and spectra of optical channels are like-
wise diverse (see Table 3). A possible trend is found in the latest three studies [18, 23,
27], in which the infrared (both NIR and FIR) spectrum is given a higher significance.
This trend can be explained by considering the following points: (1) the measurement of
relative temperature variations in the nasal and oral regions via infrared thermography
has shown good results in terms of RR and breathing pattern analysis [27, 35, 36]; and (2)
since it is not practicable to use visible light sensors for the measurement of vital signs
during sleep, the use of NIR cameras has proven to be a good alternative [18, 37-39].

A further dissimilarity in the selected studies are the selected classification algorithms.
Out of the four studies [17, 19, 23, 27] which present a final classification algorithm,
every study presents a different model. It is noted again that one included study [18]
does not include a final classification and is hence not regarded at this point. The clas-
sification algorithms range from well-established methods, such as logistic regression in
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[17], fuzzy logic in [19] and support vector machine in [27], up to modern ML classifiers
such as BiGRU-AT neural networks in [23].

It is further observed that one study [23] has a clear dissimilarity to the other four.
While the other four studies follow the following steps: (1) determine values of vital signs
individually; and (2) feed the values of the vital signs into the classifier, the study in [23]
introduced a different approach. This study is the only one not to determine the values
of vital signs (HR, RR, or BT), but rather analyze the breathing patterns to win additional
information in the classification process. This is the reason for selecting the BiGRU-AT
neural network classifier since this architecture is designed for dealing with patterns and
time-series data [24]. The fact that the raw time-series are fed into the classifier directly
leads to a high number of input values. This causes high computation time and memory
requirements. Furthermore, various publications have demonstrated that classification
accuracy can be improved by introducing a feature extraction level before the classifier.
Introducing this additional stage can not only result in higher classification accuracy but
also in lower computation time and memory requirements due to the lower number of
inputs to the classifier. This improvement was demonstrated in several biomedical engi-
neering topics, such as in [40] for seizure detection via EEG analysis, and in [41] for
multiple sclerosis classification via gait analysis, but also in other fields, such as in [42]
for fault diagnosis in gearboxes. Therefore, the introduction of a feature extraction level
in the scope of contactless patient diagnostics has great potential to enhance classifica-
tion accuracy and decrease computation time and needs to be investigated in the future.

The included studies are highly diversified among all observed parameters. Therefore,
the authors do not see a statistical evaluation and scoring among the studies as reason-
able. Hence, the statistical comparison between the studies remains on the comparisons
in Tables 1, 2 and 3 and in Fig. 2.

Taking into account the reports which show growing global interest in contactless
patient monitoring [32, 33], we see high potential for this topic and believe that the
topic of contactless optical diagnostics will be stronger investigated in the future. From
our point of view, there are several points which remain insufficiently researched and
which should be considered in future research, including: (1) a higher focus on system-
atic clinical evaluation, because a higher number of clinical trials and patient studies will
generate more data, which will have the potential to improve the diagnosis models; (2)
introduction of new and further studies in the already introduced use cases, since we
observed only three separate use cases in the included publications, whereas contactless
monitoring methods may be applied to a vast amount of use cases in patient monitoring;
and (3) the extraction and analysis of features in biosignals prior to the classification and
higher integration of expert medical knowledge into the algorithm design, since classifi-
cation models of a smaller, however more purposeful amount of input data, will decrease
the computation complexity and can lead to higher model accuracy [40-43].

Conclusion

The low yield of only five studies in the study selection process shows a large research
gap in the field of fully automated contactless optical patient diagnostics. A high het-
erogeneity is observed among the included studies, ranging from the selection of meas-
urement hardware to the implementation of classification algorithms. Nevertheless, the
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promising results presented in the included studies along with the reports [32, 33] show-
ing a growing interest in contactless patient monitoring prove the potential of this area
and we expect that this area will gain more attention in the future.

Methods

Protocol

This systematic review is performed in accordance with the guidelines of the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [44].
The PRISMA checklist is used to follow and include all relevant and applicable review
parameters and for the terminology and definition of review items and terms.

Eligibility criteria

In order for a study to be eligible for this review, the following criteria must be fulfilled:
(1) use of solely contactless measurement technologies for the estimation of vital signs
and/or other relevant health parameters; (2) exclusive use of optical sensors, rang-
ing from commercially available webcams to industrial level cameras and from visible
light sensors to infrared thermography (IRT); (3) a diagnosis of the patient condition
is obtained; (4) measurement is compared with a reference medical device or with the
diagnosis of a medical professional, and (5) publication is written in English.

Information sources and search strategy

Research articles published in five digital databases from inception until July 2022 are
included in this systematic review. The screened databases include Google Scholar,
IEEE Xplore, PubMed, MDPI, and arXiv. The structure of the keyword search is as fol-
lows [acute diagnosis OR real-time diagnosis OR rapid diagnosis OR diagnosis] AND
[contactless OR optical] AND [vital signs OR heart rate OR respiratory rate OR body
temperature OR oxygen saturation]. Bibliographies of eligible articles are screened for
missed publications.

Selection process

Two reviewers generated a list of keywords and a list of databases to include in the selec-
tion process. These two lists are presented in the previous subsection. Both reviewers
individually conducted the database searches, screened titles and abstracts, and selected
articles for further eligibility assessment. The selected articles are added to and further
managed by both reviewers through Rayyan [31], an online automatic tool for collab-
oration on systematic reviews. All of the selected articles for eligibility assessment are
independently reviewed by both reviewers and recommended for inclusion, potential
inclusion, or exclusion from the study. The final selection of eligible articles for the study
is done by the mutual consent of the two reviewers.

Data collection process

The data sought in the articles includes: (1) information about the hardware setup,
including the sensors, sources of lighting, number of optical channels, as well as other
setup components; (2) information on the data collection, including the data gathering

from the optical measurement system, as well as the data gathering from the reference
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measurement system; (3) information about the diagnosis goal; (4) information about
the algorithm and classification, including the vital signs and other patient parameters
that are measured, the algorithms behind the measurements, the classification method
and the structure of the classification model; and (5) size of the study and study results.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512938-023-01125-8.

[ Additional file 1. Protocol of records identification, screening and decisions. }

Author contributions

B.A. and T.Z. designed and conducted the review. B.A. summarized, synthesized, and discussed the contents of the
eligible studies. CW. and K.S. gave critical insights regarding the structure and content of the review, contributed to the
discussion, and revised the drafts. All authors read and approved the final manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. This work is funded through a research grant (No.:
458611451) from the German Research Foundation (DFG). We acknowledge support by the Open Access Publication
Fund of the University of Duisburg-Essen.

Availability of data and materials
The protocol and results of the database identification, screening, and decisions are included in the supplementary
material. Further inquiries can be directed to the corresponding author.

Declarations

Ethics approval and consent to participate
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 21 March 2023 Accepted: 8 June 2023
Published online: 17 June 2023

References

1. Kroll, W.: Knappe Ressourcen in der Katastrophe und erhéhte Anforderungen im intensivmedizinischen Alltag,
1st edn. Die Corona-Pandemie: Ethische, gesellschaftliche und theologische Reflexionen einer Krise, pp. 103—
118. Nomos Verlagsgesellschaft mbH & Co. KG, Baden-Baden ( 2020). https://doi.org/10.5771/9783748910
589-103.

2. Taylor M. Why is there a shortage of doctors in the UK? Bull R Coll Surg Engl. 2020;102(3):78-81. https://doi.org/10.
1308/rcsbull.2020.78.

3. Facharztmagazine R. Jetzt handeln: Personal im gesundheitswesen vor burnout! Schmerzmedizin. 2021;37(3):6-7.
https://doi.org/10.1007/s00940-021-3115-4.

4. Dall'Ora C, Griffiths P, Hope J, Briggs J, Jeremy J, Gerry S, Redfern OC. How long do nursing staff take to measure and
record patients'vital signs observations in hospital? a time-and-motion study. Int J Nurs Stud. 2021. https://doi.org/
10.1016/J.UNURSTU.2021.103921.

5. Wang W, Wang X. Contactless Vital Signs Monitoring. Cambridge: Academic Press; 2021.

6. LengerkeTV, Lutze B, Krauth C, Lange K, Stahmeyer JT, Chaberny IF. Promoting hand hygiene compliance: Psygiene -
a cluster-randomized controlled trial of tailored interventions. Deutsches Arzteblatt Int. 2017;114:29-36. https://doi.
org/10.3238/ARZTEBL.2017.0029.

7. Stahmeyer JT, Lutze B, von Lengerke T, Chaberny IF, Krauth C. Hand hygiene in intensive care units: a matter of time?
Jhosp Infect. 2017;95:338-43. https://doi.org/10.1016/J.JHIN.2017.01.011.

8. Lambe KA, Lydon S, Madden C, Vellinga A, Hehir A, Walsh M, O'Connor P. Hand hygiene compliance in the icu: A
systematic review. Critical Care Med. 2019;47:1251-7. https://doi.org/10.1097/CCM.0000000000003868.

9. Daeschlein G. How can compliance with hand disinfection be improved? Deutsches Arzteblatt Int. 2017. https://doi.
0rg/10.3238/arztebl.2017.0027.

10. Dufour JC, Reynier P, Boudjema S, Aladro AS, Giorgi R, Brouqui P. Evaluation of hand hygiene compliance and associ-
ated factors with a radio-frequency-identification-based real-time continuous automated monitoring system. J
Hosp Infect. 2017;95:344-51. https://doi.org/10.1016/J.JHIN.2017.02.002.

11. Dias D, Cunha JPS. Wearable health devices-vital sign monitoring, systems and technologies. Sensors. 2018. https://
doi.org/10.3390/518082414.

12. Bruyneel M, Sanida C, Art G, Libert W, Cuvelier L, Paesmans M, Sergysels R, Ninane V. Sleep efficiency during sleep
studies: results of a prospective study comparing home-based and in-hospital polysomnography. J Sleep Res.
2011;20:201-6. https://doi.org/10.1111/).1365-2869.2010.00859.X.


https://doi.org/10.1186/s12938-023-01125-8
https://doi.org/10.5771/9783748910589-103
https://doi.org/10.5771/9783748910589-103
https://doi.org/10.1308/rcsbull.2020.78
https://doi.org/10.1308/rcsbull.2020.78
https://doi.org/10.1007/s00940-021-3115-4
https://doi.org/10.1016/J.IJNURSTU.2021.103921
https://doi.org/10.1016/J.IJNURSTU.2021.103921
https://doi.org/10.3238/ARZTEBL.2017.0029
https://doi.org/10.3238/ARZTEBL.2017.0029
https://doi.org/10.1016/J.JHIN.2017.01.011
https://doi.org/10.1097/CCM.0000000000003868
https://doi.org/10.3238/arztebl.2017.0027
https://doi.org/10.3238/arztebl.2017.0027
https://doi.org/10.1016/J.JHIN.2017.02.002
https://doi.org/10.3390/S18082414
https://doi.org/10.3390/S18082414
https://doi.org/10.1111/J.1365-2869.2010.00859.X

Ali¢ et al. BioMedical Engineering OnLine (2023) 22:61 Page 11 of 12

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34

35.

36.

37.

38.

39.

Paterniani G, Sgreccia D, Davoli A, Guerzoni G, Di Viesti P, Valenti AC, Vitolo M, Vitetta GM, Boriani G. Radar-based
monitoring of vital signs: A tutorial overview. Proc IEEE. 2023;111(3):277-317. https://doi.org/10.1109/JPROC.2023.
3244362.

Pham C, Poorzargar K, Nagappa M, Saripella A, Parotto M, Englesakis M, Lee K, Chung F. Effectiveness of consumer-
grade contactless vital signs monitors: a systematic review and meta-analysis. J Clin Monit Comput. 2022;36:41-54.
https://doi.org/10.1007/510877-021-00734-9/FIGURES/3.

Rohmetra H, Raghunath N, Narang P, Chamola V, Guizani M, Lakkaniga NR. Ai-enabled remote monitoring of vital
signs for covid-19: methods, prospects and challenges. Computing. 2021. https://doi.org/10.1007/500607-021-
00937-7/TABLES/1.

Nakayama, Y, Sun, G, Abe, S, Matsui, T.: Non-contact measurement of respiratory and heart rates using a cmos cam-
era-equipped infrared camera for prompt infection screening at airport quarantine stations. 2015 IEEE International
Conference on Computational Intelligence and Virtual Environments for Measurement Systems and Applications
(CIVEMSA) (2015). https://doi.org/10.1109/CIVEMSA.2015.7158595

Sun G, Nakayama'Y, Dagdanpurev S, Abe S, Nishimura H, Kirimoto T, Matsui T. Remote sensing of multiple vital signs
using a cmos camera-equipped infrared thermography system and its clinical application in rapidly screening
patients with suspected infectious diseases. Int J Infect Dis: JID : official publication of the International Society for
Infectious Diseases. 2017;55:113-7. https://doi.org/10.1016/J.1JID.2017.01.007.

Gastel MV, Stuijk S, Overeem S, Dijk JPV, Gilst MMV, Haan GD. Camera-based vital signs monitoring during sleep - a
proof of concept study. IEEE J Biomed Health Inform. 2021;25:1409-18. https://doi.org/10.1109/JBHI.2020.3045859.
Casalino G, Castellano G, Pasquadibisceglie V, Zaza G. Contact-less real-time monitoring of cardiovascular risk using
video imaging and fuzzy inference rules. Information. 2018. https://doi.org/10.3390/INFO10010009.

Verkruysse W, Svaasand LO, Nelson JS, Picard RW. Advancements in noncontact, multiparameter physiological
measurements using a webcam. IEEE Trans Biomed Eng. 2004;25:7-11. https://doi.org/10.1364/0OE.21.017464.
MacQueen J. Some methods for classification and analysis of multivariate observations. In: Proceedings of the fifth
Berkeley Symposium on Mathematical Statistics and Probability. University of California Press; 1967, pp. 281-297.
Novak V, Perfilieva |, Mockor J. Mathematical principles of fuzzy logic. The Springer International Series in Engineer-
ing and Computer Science. vol. 517; 1999. https://doi.org/10.1007/978-1-4615-5217-8.

Jiang Z, Hu M, Fan L, Pan'Y, Tang W, Zhai G, Lu Y. Combining visible light and infrared imaging for efficient detection
of respiratory infections such as covid-19 on portable device. Comput Res Repos. 2020. https://doi.org/10.48550/
arXiv.2004.06912.

Cho, K, Merriénboer, BV, Gulcehre, C, Bahdanau, D., Bougares, F, Schwenk, H., Bengio, Y.: Learning phrase repre-
sentations using rnn encoder-decoder for statistical machine translation. Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing, 1724-1734 (2014)

Vaswani, A, Brain, G., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, AN.,, tukasz Kaiser, Polosukhin, |.: Atten-
tion is all you need. Conference on Neural Information Processing System (2017)

Bahdanau, D, Cho, K., Bengio, Y.: Neural machine translation by jointly learning to align and translate. International
Conference on Learning Representations (2015)

Negishi T, Abe S, Matsui T, Liu H, Kurosawa M, Kirimoto T, Sun G. Contactless vital signs measurement system using
rgb-thermal image sensors and its clinical screening test on patients with seasonal influenza. Sensors. 2020. https://
doi.org/10.3390/520082171.

Strollo PJ, Rogers RM. Obstructive sleep apnea. New Engl J Med. 1996;334:99-104. https://doi.org/10.1056/NEJM1
99601113340207.

Berry, RB, Brooks, R, Gamaldo, C.E, Harding, S.M,, Lloyd, R.M., Marcus, C.L, Vaughn, BV.: AASM | Scoring Manual
Version 2.2 The AASM Manual for the Scoring of Sleep and Associated Events Rules, Terminology and Technical
Specifications Version 2.2 (2015). www.aasmnet.org. Accessed 9 Jan 2023.

Vogels, T, Gastel, M.V, Wang, W,, Haan, G.D.: Fully-automatic camera-based pulse-oximetry during sleep. IEEE Com-
puter Society Conference on Computer Vision and Pattern Recognition Workshops 2018-June, 1430- 1438 (2018).
https://doi.org/10.1109/CVPRW.2018.00183

Rayyan: Faster systematic reviews. https://www.rayyan.ai/. Accessed 11 Nov 2022.

Sullivan F. Advanced Non-contact Patient Monitoring Technologies: A New Paradigm in Healthcare Monitoring.
2020. https:.//www.businesswire.com. Accessed 9 Jan 2023.

Awad A, Trenfield SJ, Pollard TD, Ong JJ, Elbadawi M, McCoubrey LE, Goyanes A, Gaisford S, Basit AW. Connected
healthcare: Improving patient care using digital health technologies. Adv Drug Deliv Rev. 2021;178: 113958. https://
doi.org/10.1016/j.2addr.2021.113958.

Ciotti M, Ciccozzi M, Terrinoni A, Jiang WC, Wang CB, Bernardini S. The covid-19 pandemic. Crit Rev Clin Lab Sci.
2020. https://doi.org/10.1080/10408363.2020.1783198/FORMAT/EPUB.

Zhang C, Gebhart |, Kihmstedt P, Rosenberger M, Notni G. Enhanced contactless vital sign estimation from real-time
multimodal 3d image data. J Imag. 2020. https://doi.org/10.3390/jimaging6110123.

Hanawa, D,, Inou, H., Mishima, S., Oguchi, K.: Basic study on noncontact sensing of flow velocity in nasal breathing
by using far infrared optical imaging. In: 2020 Opto-Electronics and Communications Conference (OECC), pp. 1- 3 (
2020). https://doi.org/10.1109/0ECC48412.2020.9273662

Cattani, L, Alinovi, D, Ferrari, G, Raheli, R, Pavlidis, E.,, Spagnoli, C, Pisani, F.: A wire-free, non-invasive, low-cost video
processing-based approach to neonatal apnoea detection. In: 2014 IEEE Workshop on Biometric Measurements and
Systems for Security and Medical Applications (BIOMS) Proceedings, pp. 67— 73 (2014). https://doi.org/10.1109/
BIOMS.2014.6951538

Bartula, M, Tigges, T, Muehlsteff, J.: Camera-based system for contactless monitoring of respiration. In: 2013 35th
Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), pp. 2672 2675 (
2013). https://doi.org/10.1109/EMBC.2013.6610090

Martinez, M., Stiefelhagen, R.: Breath rate monitoring during sleep using near-ir imagery and pca. In: Proceedings of
the 21st International Conference on Pattern Recognition (ICPR2012), pp. 3472—- 3475 (2012)


https://doi.org/10.1109/JPROC.2023.3244362
https://doi.org/10.1109/JPROC.2023.3244362
https://doi.org/10.1007/S10877-021-00734-9/FIGURES/3
https://doi.org/10.1007/S00607-021-00937-7/TABLES/1
https://doi.org/10.1007/S00607-021-00937-7/TABLES/1
https://doi.org/10.1109/CIVEMSA.2015.7158595
https://doi.org/10.1016/J.IJID.2017.01.007
https://doi.org/10.1109/JBHI.2020.3045859
https://doi.org/10.3390/INFO10010009
https://doi.org/10.1364/OE.21.017464
https://doi.org/10.1007/978-1-4615-5217-8
https://doi.org/10.48550/arXiv.2004.06912
https://doi.org/10.48550/arXiv.2004.06912
https://doi.org/10.3390/S20082171
https://doi.org/10.3390/S20082171
https://doi.org/10.1056/NEJM199601113340207
https://doi.org/10.1056/NEJM199601113340207
http://www.aasmnet.org
https://doi.org/10.1109/CVPRW.2018.00183
https://www.rayyan.ai/
https://www.businesswire.com
https://doi.org/10.1016/j.addr.2021.113958
https://doi.org/10.1016/j.addr.2021.113958
https://doi.org/10.1080/10408363.2020.1783198/FORMAT/EPUB
https://doi.org/10.3390/jimaging6110123
https://doi.org/10.1109/OECC48412.2020.9273662
https://doi.org/10.1109/BIOMS.2014.6951538
https://doi.org/10.1109/BIOMS.2014.6951538
https://doi.org/10.1109/EMBC.2013.6610090

Ali¢ et al. BioMedical Engineering OnLine (2023) 22:61 Page 12 of 12

40.

41.

42.

43.

44,

Page, A, Turner, J,, Mohsenin, T, Oates, T.. Comparing raw data and feature extraction for seizure detection with
deep learning methods. Proceedings of the Twenty-Seventh International Florida Artificial Intelligence Research
Society Conference, 284-287 (2014)

Hu W, Combden O, Jiang X, Buragadda S, Newell CJ, Williams MC, Critch AL, Ploughman M. Machine learning
classification of multiple sclerosis patients based on raw data from an instrumented walkway. BioMed Eng OnLine.
2022;21(1):21. https://doi.org/10.1186/512938-022-00992-x.

Jing L, Zhao M, Li P, Xu X. A convolutional neural network-based feature learning and fault diagnosis method for the
condition monitoring of gearbox. Measurement. 2017;111:1-10. https://doi.org/10.1016/j.measurement.2017.07.
017.

Janecek A, Gansterer W, Demel M, Ecker G. On the relationship between feature selection and classification accu-
racy. Proc Mach Learn Res. 2008;4:90-105.

Page, M.J, McKenzie, J.E, Bossuyt, PM.,, Boutron, I, Hoffmann, T.C,, Mulrow, C.D,, Shamseer, L, Tetzlaff, J.M.,, Akl, E.A,
Brennan, S.E, Chou, R, Glanville, J,, Grimshaw, J.M,, Hrébjartsson, A, Lalu, M.M.,, Li, T, Loder, EW., Mayo-Wilson, E.,
McDonald, S., McGuinness, LA, Stewart, LA, Thomas, J,, Tricco, A.C, Welch, V.A, Whiting, P, Moher, D.: The prisma
2020 statement: an updated guideline for reporting systematic reviews. BMJ 372 (2021). https://doi.org/10.1136/
BMIN71

Publisher’s Note

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

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1186/s12938-022-00992-x
https://doi.org/10.1016/j.measurement.2017.07.017
https://doi.org/10.1016/j.measurement.2017.07.017
https://doi.org/10.1136/BMJ.N71
https://doi.org/10.1136/BMJ.N71

[ ) UNIVERSITAT
DEUS ISSEBNU R G
ucrFupniico

universitats
ub

Duisburg-Essen Publications online bibliothek

This text is made available via DuEPublico, the institutional repository of the University of
Duisburg-Essen. This version may eventually differ from another version distributed by a
commercial publisher.

DOI: 10.1186/s12938-023-01125-8
URN: urn:nbn:de:hbz:465-20240326-144716-5

This work may be used under a Creative Commons Attribution 4.0
BY License (CC BY 4.0).



https://duepublico2.uni-due.de/
https://duepublico2.uni-due.de/
https://doi.org/10.1186/s12938-023-01125-8
https://nbn-resolving.org/urn:nbn:de:hbz:465-20240326-144716-5
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	Current methods for contactless optical patient diagnosis: a systematic review
	Abstract 
	Introduction
	Results
	Study selection
	Summary of included studies
	Study comparison
	Risk of bias in studies

	Discussion
	Conclusion
	Methods
	Protocol
	Eligibility criteria
	Information sources and search strategy
	Selection process
	Data collection process

	Anchor 17
	References

	Leere Seite

