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Abstract
Purpose – Cardiovascular disease is a global public health challenge, with its rising prevalence severely 
impacting quality of life and leading to chronic conditions and fatalities. Monitoring heart rate (HR) is a crucial 
indicator of cardiac health. Remote photoplethysmography (rPPG) and HR monitoring through videos have 
shown promise for remote healthcare applications. Various deep learning approaches have reported state-of-the-
art results on different datasets. While these results are encouraging, their applicability to real-world deployment 
is limited due to the presence of different types of biases present in these datasets.
Design/methodology/approach – We conducted a thorough search on various scholarly databases (e.g., 
Google Scholar and IEEE Xplore) with keywords “rPPG” or “remote photoplethysmography”, datasets “heart 
rate” and similar variants. This led us to identify 32 public and private commonly used rPPG datasets.
Findings – By doing an extensive literature review on 32 commonly used rPPG datasets, we showed that most of 
the available datasets do not consider important demographic factors along the dimensions of age, sex, ethnicity 
and including patients during data collection. The most underrepresented category was patients, as only one 
dataset included them in the study. This could be related to the ease of data collection; however, it could lead to 
models that may not be generalizable to other groups, demographics or subsets of populations. Overall, our 
findings reveal that representation bias is present across various rPPG datasets.
Research limitations/implications – Our findings are limited to these 32 rPPG datasets, and further 
investigation of more datasets could reveal insights into the representation bias problem.
Practical implications – Biased rPPG datasets could lead to biased deep learning models that may not 
generalize in real-world conditions, leading to misdiagnosis and under- or over-estimation of HR estimation.
Social implications – Our in-depth analysis provides key insights to researchers to collect inclusive and diverse 
datasets and develop algorithms to mitigate biases in estimating HR and rPPG among different demographics.
Originality/value – This is one of the first literature reviews that delves deeper into common rPPG datasets and 
evaluates them for the presence of representation bias along the dimensions of age, sex, ethnicity and including 
patients.
Keywords Heart rate, Digital health, Remote monitoring, Remote photoplethysmography, Representation bias
Paper type Literature review

1. Introduction
Cardiovascular diseases (CVD) are the leading cause of death globally, taking approximately 
18 million lives every year [1]. CVD comprises a variety of disorders of the heart and blood 
vessels [2]. Older adults are at a high risk of CVD [3]. Increased heart rate (HR) is identified as 
one of the major risk factors for all-cause mortality and cardiovascular events, with a stronger 
relationship in men than women [4]. It has been reported that an increase in HR of 10 beats per 
minute is associated with a 20% increase in the risk of cardiac-related deaths [4]. Continuous 
monitoring of HR could provide early warning for CVD risk, better management of 
cardiovascular conditions and prevention of potential deaths [5].
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The gold standard to measure HR is an electrocardiogram (ECG) that corresponds to the 
electrical activity of the heart [6]. Traditionally, ECG is measured using an electrocardiograph 
machine with a single or multiple leads attached to the body. Due to the hardware requirement 
and operation by a trained technician, these devices cannot be used for continuous monitoring 
in a community setting. Modern-day smartwatches also provide the capability to capture ECG; 
however, their results remain inconclusive [7]. Moreover, wearable devices are often marred 
by other issues, such as frequent device recharge, ruggedness (e.g. water resistance), data 
accuracy, interoperability and user experience [8].
Photoplethysmogram (PPG) is a widely used technique to measure HR. It involves a light 

source and a photo detector to measure volumetric changes in blood vessels beneath the skin. 
When the light source illuminates the tissue, it detects subtle variations in the intensity of light 
either reflected or transmitted due to blood flow, producing the PPG signal [9] (see Figure 1). 
This process follows the Beer–Lambert law [10], which states that the amount of light 
absorbed by blood is directly proportional to the depth of light penetration in the skin and the 
concentration of hemoglobin in the blood [11]. During the cardiac cycle, small changes in 
hemoglobin concentration cause fluctuations in light absorption by blood vessels, leading to 
changes in skin intensity values. While PPG methods can be less accurate than ECG methods 
for HR measurement, they are more user-friendly and cost-effective, making them suitable for 
long-term use by the general population [12]. Many modern-day smartwatches provide the 
PPG capabilities for measuring and continuously monitoring HR [13]. However, these devices 
may not be appropriate for the neonatal and older population and those with delicate skin or 
existing skin infections [14]. Prolonged use of these devices may cause discomfort and 
increase the risk of skin infections and burns [15, 16]. As a result, remote 
photoplethysmography (rPPG) [17] methods have emerged as a promising alternative, 
offering a non-invasive, contactless and scalable solution for HR monitoring. The rPPG is a 
non-contact technique that uses a standard camera to detect subtle changes in skin color caused 
by blood flow variations to measure HR. By analyzing the reflected light from the skin’s

Figure 1. Principle of remote PPG based on the dichromatic reflection model
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surface in a video, rPPG algorithms can estimate HR without requiring any physical contact. 
This method relies on the principle that heartbeat pulsations cause changes in skin blood 
perfusion, which alters the reflected light [17]. These approaches usually employ a digital 
camera to record a person’s video, then apply face detection algorithms to localize the face, 
followed by defining a region of interest (e.g. cheek and forehead) and extracting rPPG from it 
[17]. HR is then computed through a series of post-processing techniques, including frequency 
analysis and peak detection [18].
In the past, both conventional computer vision and deep learning models have been 

proposed for HR estimation using rPPG signals extracted from videos of human participants 
[17]. While there has been significant progress in remote HR monitoring using rPPG, the 
specific needs of patients with heart conditions have not been thoroughly addressed in existing 
studies [19]. Researchers have collected and released several rPPG datasets for advancing 
research in this area, but they may not be representative of different demographics, such as age, 
sex and ethnicities. They may not contain data from cardiac patients, who may be in need for 
these solutions. It is not clear if models trained on a specific demographic may generalize to 
others. Thus, we take the position of the presence of representation bias in existing rPPG 
datasets. These factors could limit the value of rPPG methods to be translated into practice and 
improve clinical care and patient outcomes. As a result, we conducted a thorough review and 
reported 32 public and private rPPG datasets. These datasets clearly show the presence of 
representation biases along the dimensions of age, sex, ethnicity and including patients in the 
studies. These findings pave the way to collect diverse and inclusive datasets to benefit larger 
sections of society. It also points towards the development of data augmentation and synthetic 
data generation strategies and algorithms that could mitigate the impact of representation bias 
in these datasets. Our key contributions are as follows:

(1) We performed one of the first literature reviews to highlight the presence of 
representation bias in commonly used rPPG datasets;

(2) We identified representation bias in rPPG datasets along the dimensions of age, sex 
and ethnicity and not including patients, and

(3) We presented four levels of bias mitigation strategies in rPPG datasets including 
community, dataset, algorithm and evaluation levels.

2. Representation bias
Representation bias [20] in predictive modeling occurs when the models are trained on data 
that are not representative of the entire population, i.e. it may underrepresent certain parts (or 
demographics) of the population. Representation bias could stem from historical 
discrimination to selection and sampling biases in the data acquisition and preparation 
methods. It may also be related to the access and ease of collecting data. In the context of rPPG 
datasets, it is easier to collect data from young and healthy adults in comparison to patients and 
older populations, who may be at higher risk of CVD. Representation bias often results in 
skewed data distributions or omission of certain demographics’ data altogether. This could 
lead to difficulties in modeling tail-end or unseen samples, such as in predicting abnormal HR 
situations among CVD patients if the model is trained only on healthy young adults with 
normal heart rates.
While abnormal HR may not occur frequently, absence or poor representation of those data 

samples could lead to unfavorable outcomes. As an example, if an rPPG dataset contains 
videos of the majority of young and healthy adults in a resting condition, most of their HR 
values may be almost similar. In these cases, the model may either learn to predict an average 
HR value or may not perform well when the HR values go abnormally high or low on patient 
data with CVD or arrhythmia conditions because the model may not have seen those variations
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in the past. At best, such a model could predict the presence of “anomalous” HR [21] but may 
still not give an accurate prediction of HR.
Dasari et al. [22] mention the dominance of Caucasians (or White) and laboratory-collected 

rPPG datasets and that the performance of state-of-the-art deep learning models is unknown in 
other demographics. They collect inclusive data and evaluate state-of-the-art rPPG algorithms 
on participants from different demographic groups (India and Sierra Leone) in their natural 
environmental settings and identify the estimation bias in the measured signals. They also 
provide a list of rPPG datasets with and without contact-based sensors (wearable and video) 
with a focus on demographic diversity and laboratory environment. They did not consider 
patient population in their review. Our literature review is only focused on non-contact video-
based rPPG datasets for HR estimation. We identified 32 rPPG datasets along the dimensions 
of age, sex, ethnicity and patient population. This focused research inquiry led to deeper 
insights into the systemic issue of representation in rPPG datasets and opened opportunities for 
their mitigation to develop diverse and inclusive datasets and fairer algorithms for HR 
estimation.

3. Remote rPPG datasets
With the advances in deep learning and interest in rPPG approaches, various researchers have 
collected different rPPG datasets. We conducted a thorough search on various scholarly 
databases (e.g., Google Scholar and IEEE Xplore) with keywords “rPPG” or “remote 
photoplethysmography”, datasets “heart rate” and similar variants. This led us to identify 32 
public and private commonly used rPPG datasets that are summarized in Table 1. This may not 
be a comprehensive list of all the available rPPG datasets. Xiao et al. [17] presented a similar 
(and shorter) list of rPPG datasets, where they described various attributes of these datasets 
alongside a discussion on the performance of conventional computer vision and supervised 
and unsupervised deep learning approaches on these datasets with respect to performance 
metrics, such as mean absolute error and root-mean-square error. Their review of datasets and 
predictive algorithms set the benchmark and guidelines for advancing research in this area. 
However, the focus of our review is not the evaluation of machine learning or deep learning 
algorithms or other signal processing approaches to extract rPPG or predict and/or detect HR. 
Interested readers are advised to refer to corresponding literature for an in-depth understanding 
of these topics [17–19].
We shift our focus from comparing traditional performance metrics and predictive 

modeling approaches to highlight the representation bias that these rPPG datasets contain. The 
focus of our investigation is to identify the presence of representation bias in rPPG datasets. 
The deductions challenge the generalizability of many state-of-the-art rPPG-based HR 
detection approaches across different demographics, thus diminishing their utility in real-
world situations. We now discuss the presence of representation bias in existing rPPG datasets 
along the dimensions of age, sex, ethnicity and including patients.

3.1 Age bias
Out of the 32 datasets, 6 datasets did not provide any age information (PURE, PFF, Camer-
aHRV, UBFC, MPSC and IMVIA-NIR), 14 datasets have data collected from younger or 
middle-aged adults (considering 60 years as a cut-off for older adults as per United Nations 
[23]) – MAHNOB-HCI, Deap-Part 2, AFRL, ECG-Fitness, LGI-PPGI-DB, OSF, VIPL-HR, 
Toadstool, StableSet, Moli-PPG-1, Moli-PPG-2, UBFC-Phys, iBVP and NRC-UBC. Eight 
papers reported data collected from both young and older individuals (MMSE-HR, OBF, MR-
NIRP, BP4Dþ, TokyoTech-NIR, COHFACE, NRC-UBC and V4V). From the datasets with 
available age statistics, it is evident that older adults are generally underrepresented. For 
example, the V4V dataset includes only 1 older adult among its 179 participants, and the
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Table 1. List of 32 rPPG datasets, - represents missing information on that field in the paper

# Dataset Year Participants Age Sex Ethnicity Public

1 MAHNOB-HCI 
[24]

2011 27 (540 videos) 19–40 years, 
(26.06 ± 4.39) 

11M, 
16F 

Different cultural 
backgrounds

Yes

2 Deap - Part 2 
[25]

2012 22 (32 in 
original)

19–37 years 
(26.9)

16M, 
16F 

– Yes

3 PURE [26] 2014 10 (60 Videos,
6 conditions) 

– 8M, 2F – Yes

4 AFRL [27] 2014 25
(300 Videos) 

18–28 years, 
(23.7) 

17M, 8F – No

5 BP4D þ [28, 29] 
(Extended from 
BP4D)

2014 140 18–66 years 58M,
82F

Black, White, Asian, 
Hispanic and others

Yes

6 MMSE-HR [29] 
(subset of 
BP4Dþ)

2016 40 (102 videos) 18–66 years in 
original

17M,
23F

Black, White, Asian, 
Hispanic and others

Yes

7 COHFACE [30] 2016 40 (160 
Videos)

15–65 years 
(35.6 ± 11.5)

28M,
12F

– Yes

8 PFF [31] 2017 13 (85 Videos) – – – Yes
9 CameraHRV

[32] 
2018 16 – 9M, 7F – Yes

10 OBF [33] 2018 106 (2,120 
Videos)
6 patients

Healthy: 18–68 
years (31.8) 
Patient: 43–81 
years

61%M
39%F

White, Asian and 
Others

Yes

11 ECG-Fitness 
[34] 

2018 17 (204 videos) 20–53 years 14M, 3F – Yes

12 LGI-PPGI-DB 
[35]

2018 25 25–42 years 20M, 5F Majority White Yes

13 OSF [36] 2018 7 23–37 years 6M, 1F – Yes
14 UBFC [37] 2019 -(43 Videos) – – – Yes
15 TokyoTech-NIR

[38]
2019 9 20–60 years 8M, 1F – Yes

16 VIPL-HR [39] 2019 107 (2,378 
Videos) 

22–41 years 79M,
28F

Asians Yes

17 VIPL-HR-V2
[40]

2020 500 (2,500 
Videos) 2nd 
version of 
VIPL-HR 

- (35.4 ± 18.0) 49%M
51%F

Asians Yes

18 MR-NIRP [41] 2020 18 (180 
Videos)

25–60 years 16M, 2F 
(5 M 
beard) 

White, Indian and 
Asian

Yes

19 Toadstool [42] 2020 10 (10 Videos) 26–48 years 5M, 5F – Yes
20 StableSet [43] 2020 24 (24 Videos) 18–30 years

(21.6)
9M, 15F – No

21 ViscarPPG [43] 2020 10 (20 Videos) (29 ± 5) 7M, 3F Skin type ranging 
on a Fitzpatrick scale 
from II to IV

Yes

22 EatingSet rPPG 
[43]

2020 20 (32 ± 8.6) 14M, 6F Skin type on the 
Fitzpatrick scale 
from II to IV

No

23 MoLi-PPG-1 
[44] 

2020 30 18–35 years – – Yes

24 MoLi-PPG-2 
[44] 

2020 15 18–35 years – – Yes

25 UBFC-Phys [45] 2021 56 (12 
eliminated)

19–38 years 
(21.8 ± 3.11)

10M,
46F

– Yes

(continued )
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COHFACE dataset features just 2 older adults out of 40 participants who are above the age of 
60 years.

3.2 Sex bias
Five datasets did not report the sex of study participants (PFF, UBFC, MoLi-PPG-1, MoLi-
PPG2 and IMVIA-NIR); three datasets only reported the percentage (OBF, VIPL-HR-v2 and 
CMU). One dataset, Deap-Part2, mentioned the sex-ratio of the full dataset including the non-
rPPG dataset, while others mentioned the count of male and female participants. NRC-UBC 
reported an “other” gender. Only three datasets have either balanced or almost balanced 
distribution of sexes (Deap-Part 2 (16M, 16F), Imaging Photoplethysmography (8M, 6F) and 
Toadstool (5M, 5F)), while others have either proportionally large number of male participants 
(PURE (8M, 2F), ViscarPPG (7M, 3F), COHFACE (28M, 12F), ECG-Fitness (14M, 3F), MR-
NIRP (16M, 2F), AFRL (17M, 8F), EatingSet rPPG (14M, 6F), and V4V (101M, 78F) or 
female participants (MAHNOB-HCI (11M, 16F), MMSE-HR (58M, 82F), StableSet (9M, 
15F), NRC-UBC (69F, 56M, 1 other) and BP4Dþ (58M, 82F)).

3.3 Ethnicity bias
In total, 20 datasets did not report the ethnicity distribution of their study participants 
(MAHNOB-HCI, Deap-Part 2, PURE, AFRL, COHFACE, PFF, Cam-eraHRV, ECG-Fitness, 
LGI-PPGI-DB, OSF, UBFC, TokyoTech-NIR, Toadstool, StableSet, MoLi-PPG-1, MoLi-
PPG-2, UBFC-Phys, MPSC, BH and IMVIA-NIR), 3 datasets only mention the skin types and 
not the ethnicity (EatingSet rPPG, Vis-carPPG and NRC-UBC) and 9 datasets report 
participants’ ethnicity (BP4Dþ, MMSE-HR, OBF, VIPL-HR, VIPL-HR-V2, MR-NIRP, 
V4V, CMU and iBVP). Of these, the VIPL-HR and VIPL-HR-V2 datasets were collected 
exclusively from Asian participants, while the CMU dataset was collected from Indian 
participants and people from Sierra Leone, while other datasets had a mix of Black, White, 
Asian, Hispanic, Indian, Native Americans and others. The remaining six datasets show the

Table 1. Continued

# Dataset Year Participants Age Sex Ethnicity Public

26 V4V [46] 2021 179 (1,358 
Videos)

18–66 years 101M,
78F

African American, 
White, Asian, 
Hispanic and Native 
American 

Yes

27 MPSC [47] 2021 8 – 2M, 6F Heterogeneous skin 
colors

Yes

28 CMU [22] 2021 140 (41.9) (≈46% 
F) 

40 Indians, 96 from 
Sierra Leone

Yes

29 BH [48] 2022 35 - (24 ± 2.31) 16M, 
19F

– Yes

30 iBVP [49] 2024 33 18–45 years, 
(27 ± 5.8)

10M,
23F

Asian, African, 
White, mixed and 
others

Yes

31 IMVIA-NIR
[50]

2024 10 – – Varying ethnicities Yes

32 NRC-UBC [51] 2024 126 Young (<40),
middle age 40–
59), older (>59)

69 F, 
56M, 1 
Other

Dark, medium and 
light skin tones

No

Note(s): M and F stands for male and female participants. Age is represented as range with (mean ± standard-
deviation) under the range if given
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ethnicity distribution (i.e. the percentage of individuals from different ethnic backgrounds) in 
their data (BP4Dþ, MMSE-HR, OBF, MR-NIRP, V4V and iBVP).

3.4 Patient bias
In our review, only the OBF dataset contains data from both healthy and CVD patients (age 
range from 43–81 years). OBF includes videos from 100 healthy participants and 6 patients with 
atrial fibrillation (A-Fib), all of whom were White. This finding that only one dataset contains 
patients’ videos is striking with severe implications. The clinical utility of HR estimation models 
from rPPG datasets is to support cardiac patients who need this technology the most. However, 
in the absence of datasets that contain diverse videos from patients, it is very difficult to leverage 
the real utility of the advancement of deep learning methods to support this demographic. The 
dearth of patients’ rPPG video data means there are limited data available to train and evaluate 
reliable and robust HR estimation models. Thus, the real-world performance of these models 
largely remains unknown. This trend is alarming and shows the difficulty in collecting data from 
(diverse) patients, which could be related to tedious ethical approvals, lack of access to patient 
population or the awareness of being inclusive of patients in these studies.

3.5 Summary
Figure 2 shows the representation bias heatmap of the 32 rPPG datasets presented in Table 1. 
The age bias is present in 18 datasets (56.25%), and age is not reported in 6 datasets (18.75%). 
The sex bias is present in 23 (71.88%) datasets, and sex is not reported in 5 datasets (15.63%). 
The ethnicity bias is present in 3 datasets (9.38%), and it is not reported in 16 datasets (50%).

Figure 2. Representation bias heatmap of rPPG datasets
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The patients’ information is only present in one data set. These findings show that all the 
reviewed rPPG datasets contain one or more types of representation biases. In many rPPG 
datasets, the age, sex and ethnicity information is not reported, with half of the studies not 
reporting ethnicity information.

4. Analysis and discussion
The above results show the presence of representation biases in rPPG dataset. Now, we discuss 
the implications of these biases.

Age bias. While the older and younger heart function the same, the HR is slightly lower in 
older adults [52, 53]. Therefore, if a model is trained solely on younger adults and tested on 
older adults, it will most likely overestimate the predicted HR because it may never have seen 
lower HR values during training. Therefore, this model will most likely report increased HR 
for older adults, which is indicative of a CVD, whereas they may be healthy. Collecting data 
from younger adults with lower HR than normal may be difficult to obtain and may not be a 
good representation of CVD patients whose HR may fluctuate abruptly. Conversely, a model 
trained on older adults with lower HR may underestimate the HR of younger people in the test 
set, indicating they may have CVD disease. Both the above decisions would be wrong and 
could lead to wrong diagnoses: primary care overheads and mental stress for the people. One 
may argue that if a dataset contains healthy adults doing exercises, then it shall record high HR 
values that might work to predict patients with CVD. However, studies show that both lower 
and higher HRs (≤and ≥64) in CVD patients lead to all-cause mortality [54]. Moreover, during 
exercise, older adults’ HR does not increase much compared to the younger adults [55]. 
Therefore, with similar reasoning as above, younger people’s exercise data may not be directly 
applicable to the older population, and using younger adults’ resting HR data to predict older 
adults’ exercise HR will also be wrong because of other human physiological factors involved 
(e.g. increased breathing rate and other physiological indicators).

Sex bias. The average adult male HR (70 � 72 bpm) is slower than female HR (78 � 
82 bpm) [56]. This difference is because typically the female heart’s size is smaller than 
men’s, which leads to pumping less blood with each beat and needing to beat at a faster rate to 
match the output of the large male heart. Female hearts also have a different intrinsic 
rhythmicity to the pacemaker of their hearts that leads to faster HR [57]. Therefore, models 
trained on one sex and tested on the other may either over- or underestimate HR due to different 
base line HR and could lead to erroneous conclusions. If the dataset of either sex is 
underrepresented during training the models, it may still lead to similar predictive issues.

Ethnicity bias. CVD and their risks are not evenly distributed across ethnicities; they may 
be related to many factors, including genetics [58], lifestyle [59] and health disparities [60]. In 
a UK biobank observational study, people of South Asian descent were found to be at more risk 
of CVD compared to European or Black individuals [61]. In a Canadian study, the prevalence 
of CVD among South Asians was found to be higher than in the Chinese population, while the 
Black population had a relatively low prevalence of CVD despite the least favorable overall 
cardiovascular risk factor profile [62]. In the US, it was reported that Mexican Americans and 
non-Hispanic Blacks had elevated CVD risk factors compared to non-Hispanic Whites and 
non-Hispanic Asians [63]. Another study on CVD projection in the US, based on the 2020 
census, states that the prevalence of CVD risk factors is projected to decrease in the White 
population, whereas it continues to significantly increase in racial and other minorities [64]. 
All of these studies point to the fact that awareness of ethnic differences and CVD risks is 
paramount to developing ethnicity-specific cardiovascular prevention programs. From an 
artificial intelligence modeling perspective, it is imperative that the researchers pay attention 
to collecting datasets that represent a diverse cohort to build ethnicity-specific models to 
support their future health in a better way. Models trained and tested on one group of 
population may serve that population’s challenges, but those models’ generalization abilities 
across ethnicities remain unknown.
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Patient bias. The patients’ group is severely underrepresented in the rPPG datasets 
reviewed in this paper. While training and testing HR measurement models on young and 
healthy individuals is important to benchmark algorithms’ performance, the real value of rPPG 
lies in helping those who are at a high risk of CVD. The exact reason to miss out on data from 
CVD patients in these datasets is not clear. We believe it may be related to easier access to the 
younger population (e.g. university students) and healthy individuals. Recruiting patients may 
require strict ethical approvals that could be inhibitory. However, models trained in the 
younger population with not much HR fluctuations or abrupt changes may not generalize well 
on the CVD patients’ population. This further limits the validation of rPPG algorithms on 
cardiac population and their usefulness in clinical applications.
From the above discussion, it is clear that the majority of the current rPPG datasets suffer 

from different types of representation biases, including age, sex, ethnicity and patient 
inclusivity. We argue that these representation biases could be a hindrance in translating the 
real potential of deep learning and other predictive modeling algorithms to clinical and real-
world settings. The reviewed datasets provide a good platform for benchmarking new or 
existing algorithms, yet their actual benefit to high-risk populations needs significant efforts.

4.1 Mitigating representation biases
Mitigation of representation biases in rPPG datasets can be approached by following 
strategies:

(1) Community level: The literature review shows that among the datasets reviewed, 
younger adults dominate these datasets. Most of these datasets are not diverse enough 
with respect to age, sex and ethnicity. Our review found only one study (OBF) 
containing patient videos. Ironically, heart patients should be included more in rPPG 
datasets, as advances in technology will benefit this population. Another finding is the 
lack of reporting of demographic statistics in these datasets regarding age, sex and 
ethnicity. These gaps in data collection allude to a clear pathway to the improve quality 
of rPPG datasets by including older adults and patients across sex and gender and 
different ethnicities and improving upon reporting the demographics in these datasets. 
This calls for not only data collection in laboratories but also fostering partnerships 
with various clinics in the communities and funding diverse studies to create inclusive 
rPPG data banks. Education and awareness around creating diverse and inclusive 
rPPG datasets for serving broader communities are paramount to this effort.

(2) Dataset level: From Table 1, we infer that only some of the datasets contain a large 
number of participant videos (>1,000 videos, e.g. OBF, VIPL-HR, VIPL-HR-V2 and 
V4V) that may be more appropriate for training deep learning algorithms. Among 
reviewed datasets, one of the reasons for representation biases could be related to the 
ease of data collection in certain demographics, such as young healthy adults from 
specific ethnic groups. As a result, most of the rPPG datasets are highly imbalanced 
with respect to age, sex, ethnicity and patient population. Data augmentation 
approaches [65] including synthetic data generation [66] and diffusion models [67] 
can help rebalancing these datasets, which can help the deep learning models to learn 
less biased HR estimation models.

(3) Algorithmic level: To handle imbalance in rPPG datasets, approaches that could help 
mitigate biases include data reweighting, loss-balancing and fine-tuning. HR 
estimation approaches utilizing imbalanced regression [68] and contrastive 
regression [69] could help predict abnormal HR or skewed data distributions. To 
mitigate the effect of the majority demographic group in HR estimation, approaches 
based on adversarial learning [70] can be helpful to debias the models. Representation 
bias in rPPG datasets is a conglomeration of different biases along the dimensions of 
age, sex, ethnicity and patient population. These different biases may require specific

Applied 
Computing and 

Informatics

Downloaded from http://ftp.nowpublishers.com/aci/article-pdf/doi/10.1108/ACI-06-2025-0270/11080300/aci-06-2025-0270en.pdf by guest on 01 August 2026



mitigation approaches due to the type of bias, i.e. categorical (e.g. sex) or numerical 
(e.g. age). An rPPG dataset may have one or more types of biases (see Figure 2, for e.g. 
containing only younger healthy Asian adult males). Most of the traditional bias 
mitigation approaches tackle biases in datasets along one or two dimensions, as it is 
difficult to handle multiple dimensions of biases at the same time. Therefore, novel 
multi-task learning approaches [71] should be developed to handle multiple biases 
simultaneously and improve the fairness of HR estimation from rPPG videos.

(4) Evaluation level: The reviewed dataset papers mostly train and test new or existing 
deep learning models on the same dataset. Therefore, the generalization of those 
models across other datasets is unknown. It is highly recommended that future 
research in HR estimation from rPPG videos should not only benchmark on their 
dataset but also extend it to evaluate on other rPPG datasets to be rendered useful for 
practical purposes. These cross-dataset evaluations could be along the dimension of 
age (e.g. train models on younger adults and test on older adults), sex (e.g. train and 
test models across males and females), ethnicities (e.g. train on white participants and 
test on minority groups or vice versa) and patients (e.g. train models on healthy adults 
and test on patient populations). The cross-datasets evaluation approach will highlight 
the generalization abilities of algorithms across different datasets along the 
dimensions of age, sex, ethnicities and patient population. In order to improve the 
generalization of rPPG algorithms and make them acceptable in real-world scenarios, 
it is imperative to address additional challenges, such as variations in skin tones [72], 
illumination conditions [73], detection of multiple individuals [74] and long-distance 
estimations [75]. Patient-specific challenges are often related to the study settings, i.e. 
the reviewed datasets mostly have healthy participants who were sedentary in 
controlled lab conditions (low motion and good lighting). However, patients are often 
subject to conditions that violate these assumptions. Cardiac patients often exhibit 
physiological states that either weaken the rPPG signal or introduce confounding 
artifacts [76]. Moreover, clinical settings introduce high levels of environmental and 
patient-specific noise that are absent in lab datasets, e.g. motion artefacts, occlusions 
and obstructions and non-ideal lighting. Therefore, there is a real need to collect and 
evaluate rPPG datasets from participants (preferably cardiac patients) in natural or 
semi-naturalistic conditions with different confounding factors, including changing 
physical states (i.e. sitting to walking). This can further help develop frameworks to 
develop new algorithms, benchmark datasets, streamline data processing pipelines 
and perform data augmentations and systematic evaluation [77–79]. Performing 
fairness evaluation [80] of HR estimation models based on biased rPPG datasets could 
be a useful metric to identify the presence of representation biases and develop models 
to mitigate their impact.

To illustrate the practical application of the four-level mitigation strategies proposed above, 
specific datasets from Table 1 can be mapped to the technical intervention levels. While the 
community-level strategy is a broader call for creating new publicly available inclusive 
datasets (addressing the severe patient bias and lack of demographic reporting that we found), 
the other three levels can be directly applied to existing datasets. Table 2 shows some examples 
of datasets derived from Table 1 and their relation to different mitigation strategies discussed in 
this section.
There is a natural priority among the above-discussed mitigation strategies. We propose 

that addressing data collection at the community and/or data level is the foundational priority, 
as achieving a representative and diverse data pool is a non-negotiable requirement for 
achieving equitable generalization. This must be supported and validated by fixing the 
evaluation level through the adoption of standardized, subgroup-specific metrics. Without 
rigorous evaluation standards that explicitly measure performance across various
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demographics (age and ethnicity) and patient groups, we cannot accurately confirm that data 
collection or complex algorithmic-level fixes are effectively reducing bias and improving 
fairness.

5. Conclusions
In this paper, we highlighted the presence of representation and dataset biases in various rPPG 
datasets. Instead of focusing on model architecture or comparing performances on standard 
datasets, we focused on the representation bias issue that is often overlooked and could 
undermine the usefulness of these models in real-world situations. By doing an extensive 
literature review on 32 commonly used rPPG datasets, we showed that most of the available 
datasets do not consider important demographic factors during data collection along the 
dimensions of age, sex, ethnicity and including patients. This could be related to the ease of 
data collection; however, it could lead to models that may not be generalizable to other groups, 
demographics or subsets of populations. Furthermore, the existing datasets predominantly 
feature young adult participants, making it essential to incorporate datasets with heart patients, 
newborns and older populations to assess rPPG methods effectively. Besides building biased 
models, an adverse consequence of excluding older adults from rPPG datasets (and other 
digital health applications) could constitute digital ageism [81] that could lead to 
discrimination and lost opportunities for older adults. The severe under-representation of 
diverse ethnicities and skin tones in current datasets fundamentally limits the generalizability 
of color-based rPPG methods, introducing a clear racial and/or ethnic bias. Furthermore, the 
scarcity of data from patients with complex or chronic physiological states (e.g. arrhythmias 
and heart failure) points to a critical form of exclusion akin to digital ableism [82], where the 
technology fails to serve the population most in need of continuous health monitoring. 
Mitigating these systemic representation biases across all demographic and physiological axes 
is essential for achieving equitable and robust real-world deployment of rPPG technology.

Table 2. Sample dataset candidates for applying the four-level mitigation strategies

Mitigation
level

Example datasets 
(from Table 1) Rationale for fit

Data level VIPL-HR, VIPL-HR-V2 
and V4V

These are the three largest datasets identified in our review. 
However, they suffer from significant, known demographic 
skews (e.g. VIPL-HR and VIPL-HR-V2 are Asian-only; VIPL-
HR is sex-skewed; V4V is age-skewed. Their large scale makes 
them ideal candidates for re-balancing using data augmentation, 
synthetic data generation or diffusion models to correct for the 
under-representation of specific groups

Algorithm
level

BP4Dþ, V4V, NRC-
UBC and iBVP

These datasets are strong candidates because they provide explicit 
demographic annotations that are necessary for algorithm-level 
fixes. For example, BP4Dþ and V4V annotate multiple 
ethnicities and NRC-UBC uniquely annotates both age groups 
and skin tones. This labeling enables the use of techniques like 
adversarial debiasing or multi-task learning to train models that 
are invariant to these specific biased attributes

Evaluation
level

Example Pairings 
VIPL-HR and BP4Dþ 
MAHNOB-HCI and 
OBF

This level requires cross-dataset generalization tests to check for 
bias. The pairings should be chosen to stress-test a specific bias 
Ethnicity: Train on the ethnically homogenous VIPL-HR 
(Asians) and test on the diverse BP4Dþ
Patient: Train on a healthy, young dataset, for, e.g. MAHNOB-
HCI (19–40 years) and test on OBF, the only dataset identified 
that includes patient data
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The finding that half of the reviewed studies fail to report ethnic demographic data 
represents one of the most significant and fundamental barriers to creating fairer rPPG 
algorithms. This failure to report prevents researchers from even identifying if their models 
perform poorly across different skin tones, thereby hindering the design of targeted 
algorithmic mitigation strategies and preventing the development of robust and equitable 
evaluation standards. Until the research community mandates and enforces comprehensive, 
standardized reporting of demographic data in all new dataset releases and model validations, 
these systemic representation gaps will persist and continue to compromise the clinical 
viability of rPPG.
Our findings are limited to 32 rPPG datasets, and further investigation of more datasets 

could reveal insights into the representation bias problem. We provided four levels of 
representation bias mitigation strategies comprising community, data, algorithm and 
evaluation. These strategies point to closer integration of researchers with the community, 
awareness and education around collecting and reporting inclusive and diverse datasets, along 
with innovations in evaluation, data augmentation and algorithms to handle multiple types of 
representation biases in rPPG datasets for fair estimation of HR. To summarize, there is a 
pressing need for comprehensive, inclusive, diverse and high-quality real-world rPPG datasets 
to thoroughly evaluate the generalization of new or existing methods for estimating HR from 
human videos.
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