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Abstract—We propose a novel blood volume pulse (BVP) signal
extraction method for heart rate estimation that incorporates the
self-similarity properties of BVP in the spatial and temporal
domains. The main novelty of the proposed method is the
incorporation of the temporal self-similarity of BVP via low-
rank approximation in the time-delay coordinate system for BVP
signal extraction. To make a low-rank approximation of BVP in
the time domain, we introduce knowledge of linear time-invariant
systems, i.e., the autoregressive (AR) model lies in the low-rank
subspace in the time-delay coordinate system. In the medical
field, it is widely known that BVP has quasi-periodic temporal
characteristics owing to the cardiac pulse and exhibits self-
similarity properties in the temporal domain. Hence, we model
the temporal behavior of BVP as an AR process, allowing for
a low-rank approximation of BVP in the time-delay coordinate
system. Low-rank approximation of BVP in the time and spatial
domains enables reliable BVP signal extraction, resulting in
accurate heart rate estimation. The experiments demonstrate the
effectiveness of the proposed method.

Index terms— non-contact vital sensing, heart rate estima-
tion, time-delay embedding, low-rank approximation

I. INTRODUCTION

Heart rate (HR) provides insights into the person’s physiolog-
ical and emotional state. HR can be defined as the average
speed of the heartbeat that can be measured by counting
the number of the cardiac pulses appearing in a certain time
window.

Traditional methods for HR estimation require contact-type
sensors, such as electrocardiograms and pulse oximetry sen-
sors. These methods are widely used for their good accuracy;
however, the restrictions associated with these contact-type
sensors make subjects uncomfortable. Therefore, it is desirable
to develop non-contact HR estimation.
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In the last decade, numerous methods for non-contact HR
estimation using cameras have been proposed. In fact, the
blood volume pulse (BVP) associated with the cardiac pulse
causes temporal and periodic changes in skin color in facial
videos. Hence, BVP can be measured by analyzing such
temporal changes in a facial video. Once the BVP signal has
been measured, the HR outcome can also be obtained.

Previous methods extracted the BVP signal for HR estima-
tion based on a frequency analysis [1]–[3]. In these methods,
it is assumed that the BVP contains the dominant frequency
component derived from the cardiac pulse. Based on this
assumption, HR is estimated by searching for the maximum
frequency component of the extracted BVP signal. However,
these frequency-domain methods have the inherent limitation
that the accuracy of HR estimation is limited by the frequency
resolution of the BVP signal. According to the previous
literature [1]–[3], frequency-domain methods require a long
observation time (10 - 30 s) to obtain the fine frequency
resolution required for accurate HR estimation. This limitation
reduces HR estimation performance in cases where HR is
prone to sudden changes (e.g., instantaneous emotions, sports,
and exercises). Hence, it is difficult to apply frequency-domain
methods to a wide variety of scenarios.

Unlike frequency-domain methods, time-domain methods
allow accurate HR estimation, even when HR changes rapidly
[4]. This advantage is mainly because the frequency resolution
remains the same, no matter how short the observation time.
However, HR estimation accuracy is significantly degraded
due to noise arising from local facial movements (e.g, facial
expression) and non-uniform fluctuations in illumination [5].
In fact, the temporal variation in skin color arising from the
BVP is quite subtle; the pixel intensity attributable to the BVP
is merely varied in less than 2 bits of the analog-to-digital
converter of the camera [5].

To overcome the aforementioned problems, the authors of
[6] proposed a time-domain method using the spatial sim-
ilarity of the BVP signal based on multiple facial patches
representation. This method [6] assumed that the BVP signal
could be observed similarly in neighboring patches because the
blood flows over the facial region with approximately the same
timing. Based on this assumption, they claimed that the BVP
signal could be represented by a low-rank approximation in the
spatial domain. Specifically, the robust principal component978-1-6654-7592-1/22/$31.00 ©2022 IEEE
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analysis was performed on a set of facial patch signals to
obtain low-rank components, including a BVP signal with less
noise.

However, when similar noise is imposed on all facial
patches due to motion of subjects or fluctuations in illumi-
nation, the BVP signal is difficult to extract accurately using
this method [6]. This is primarily because many of the imposed
noise components appear in the low-rank component, which
is expected to contain a less noisy BVP signal. Hence, the HR
estimation performance also declines.

In this study, we propose a novel BVP signal extraction
method that incorporates the spatio-temporal characteristics
of the BVP signal to accurately estimate HR in a non-
contact manner. In the medical field, BVP has quasi-periodic
characteristics owing to the cardiac pulse [7], indicating that it
contains self-similarity properties in the temporal domain and
thus can be represented as an autoregressive (AR) process.
The main novelty of the proposed method is the incorporation
of the temporal self-similarity of the BVP signal via a low-
rank approximation in the time-delay coordinate system. In
the realization theory of linear time-invariant system, it is
well known that the order of the AR process is related to
the rank of a time-series signal represented in the time-delay
coordinate system. This suggests that a low-rank approxima-
tion of the BVP signal in the time-delay coordinate system
can be achieved. By performing a low-rank approximation of
the latent BVP signal in the spatial and temporal domains,
the proposed method enables accurate extraction of the BVP
signal, leading to accurate HR estimation, even with a short
observation time.

II. RELATED WORK

The framework for HR estimation from videos is mainly
composed of BVP signal extraction and HR estimation from
the extracted BVP signal. Once the accurate BVP signal
has been extracted, the accurate HR outcome can be ob-
tained. Thus, many researchers proposed BVP signal extrac-
tion scheme for accurate HR estimation.

There are methods for BVP signal extraction based on
frequency analysis [1], [5]. Kumar et al. proposed a BVP
extraction scheme using weighted average of multiple patch
observations [5]. In the method [5], the weights for fusing
multiple patch observations were determined based on the
assumption that the dominant frequency component would be
obtained if the patch signal contained components attributable
to a cardiac pulse. Nowara et al. [1] proposed a noise
reduction scheme in the frequency domain using multiple
patch observations for HR estimation. They assumed that
the BVP candidates obtained from multiple patches would
contain dominant frequency components derived from the
cardiac pulse. Based on this assumption, the joint sparsity of
the frequency components among multiple spatial patches was
used to denoise the BVP signal. Because the aforementioned
methods rely on analysis in the frequency domain, HR es-
timation performance is limited by the frequency resolution
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Fig. 1: Overview of the proposed method.

of patch signals. In practice, these methods require long-
term observations (10 - 30 s) to obtain the fine frequency
resolution for accurate HR estimation. This limitation degrades
HR estimation performance when the HR changes suddenly,
such as instantaneous changes in emotion, exercise, and sports
[8].

Several studies have been reported on BVP signal extraction
in the time domain [6]. Tulyakov et al. [6] introduced a
matrix completion scheme in the time domain for BVP signal
extraction, based on a spatial low-rank approximation between
multiple patches.

The aforementioned time-domain method can alleviate the
problems of frequency-domain approaches. However, if all
spatial patches are subjected to similar noise, it is difficult
to distinguish the noise component from the BVP because the
noise component also satisfies the same spatial low rankness as
the BVP. In contrast, the proposed method allows for low-rank
approximation of the BVP signal in the spatial and temporal
domains, alleviating the aforementioned problem of [6].

III. PROPOSED METHOD

Figure 1 presents an overview of the proposed method.
We first detect the facial region of a subject from an input
RGB facial video, and divide it into M facial patches using
the previous method [9]. By tracking each facial patch in an
input video using [9], we obtain M time-series RGB signals
attributable to the latent BVP signal. Note that each patch
signal is obtained by averaging the pixel values within the
patch.

In the proposed method, we represent a set of observed
RGB signals in the matrix form O ∈ RM×T (T denotes the
size of the time window). As described earlier, O includes
the BVP signals as well as the noise caused by changes in
the illumination or head movements of the subject. Thus, our
objective is to extract the BVP signal accurately from noisy
observation O. HR can then be estimated by measuring the
beat-to-beat peak positions of the estimated BVP signal. We
detail the proposed method in subsequent sections.



A. Preprocessing

We describe the preprocessing procedure for the observed
RGB signals, which is used to extract reliable components
attributable to the BVP signal, similar to the previous studies
[2], [9]. First, we use a band-pass filter to remove the fre-
quency component outside the range of HR. We determine
the bandwidth of the band-pass filter as 0.5 - 8 Hz based
on the knowledge of normal HR range of a human [10]. We
then perform color-difference space conversion for the filtered
signals. According to the past study [11], analysis in the color-
difference space was effective for BVP extraction from RGB
videos. Based on this findings, we project the RGB patch
signals into the color-difference space using the method [11].
The processed observation, defined as Y ∈ RM×T , is used in
the proposed method and represented as

Y = C [BPF (O)] , (1)

where C[·] and BPF(·) denote the operators of color-difference
space conversion and band-pass filtering, respectively.

As mentioned earlier, the observation Y includes the com-
ponents attributable to the BVP signal as well as the residual
noise components; thus, it can be modeled as

Y = S + E , (2)

where S and E denote the BVP candidate and residual noise
matrices, respectively.

B. BVP Candidate Extraction

In this section, we detail the scheme for BVP candidate
extraction based on the temporal characteristics of the BVP
signal.

1) Autoregressive Model: Since BVP has quasi-periodic
temporal characteristics induced by the cardiac cycle, it can be
modeled as a stationary process. According to the past study
[12], an AR model is suitable for representing the temporal
behaviors of BVP signal. Based on this finding, the AR model
is used for the proposed method.

Let the m-th facial patch components of Y, S and E
(i.e, m-th row component of each matrix) be denoted as
ym = (ym1 , ym2 , ..., ymT ), sm = (sm1 , sm2 , ..., smT ), and em =
(em1 , em2 , ..., emT ), respectively. Using ymt , smt , and emt , the AR
model is formulated as

ymt = smt + emt , (3)

smt =

p∑
i=1

φis
m
t−i, (4)

emt = εt , (5)

where φi and p denote the i-th coefficient and order of the
AR model, respectively. In addition, emt is represented as white
noise εt according to [12].

2) Time-Delay Coordinate System: In the realization theory
of linear time-invariant system, it is well known that the order
of the AR model p is related to the rank of a time-series
signal modeled by the AR process in the time-delay coordinate
system [13]. This suggests that the time-series signal sm and
the residual noise components em would be separated using
the first p-rank components of the observation ym in the time-
delay coordinate system.

We first project ym, sm, and em into the time-delay coordi-
nate system. In this coordinate system, these are respectively
represented as Hankel matrices [14]: Hym , Hsm , and Hem . The
observations in the time-delay coordinate system, i.e., Hym , are
modeled as

Hym = Hsm + Hem , (6)

where

Hym =


ym1 ym2 · · · ymT−r+1

ym2 ym3 · · · ymT−r+2
...

...
. . .

...
ymr ymr+1 · · · ymT

 , (7)

where r is the dimension of the time-delay embedding.
3) Estimation of BVP Candidates: Based on the aforemen-

tioned representation in the time-delay coordinate system, we
estimate the latent Hsm with the low-rank approximation of
Hsm as

min
Hsm

∥Hsm − Hym∥F s.t. rank(Hsm) ≦ p, (8)

where ∥·∥F and rank(·) denote the operators that compute the
Frobenius norm and the rank of an input matrix, respectively.

To obtain the BVP candidate sm, we perform inverse time-
delay embedding of Hsm (i.e, de-Hankelization), which is
represented as

sm = H−1(Hsm), (9)

where H−1(·) denotes the de-Hankelization operator.
We perform the aforementioned processing for each facial

patch. The BVP candidate matrix S can be obtained by
stacking each sm in a row.

C. BVP Signal Extraction

We estimate the latent BVP matrix X from the BVP
candidate matrix S. According to the past study [6], BVP
tends to be similar at neighboring facial patches because the
blood flows over the facial region at approximately the same
time. Based on this assumption, we estimate X via the low-
rank approximation of X in the spatial domain. Because BVP
would be unique regardless of the facial patches, the rank of
X can be approximated as 1. Hence, we estimate X by solving
the following optimization problem:

min
X

∥X − S∥F s.t. rank(X) = 1 . (10)



D. HR Estimation in the Time Domain

To estimate HR, we apply the beat-to-beat peak period
analysis on the estimated BVP matrix X. Since rank of X
is 1, the BVP signal, denoted as x, can be obtained from the
arbitrary row component of X. We perform the peak detection
on x to obtain the peak locations {τk}Kk=1 (K is the number of
detected peaks in x). Using {τk}Kk=1, we calculate the average
inter-beat interval d as

d =

∑K
k=2(τk − τk−1)

K − 1
. (11)

We finally obtain HR by converting d to the beats-per-
minute (bpm) unit.

IV. EXPERIMENTS

A. Experimental Settings

1) Dataset: To demonstrate the effectiveness of the pro-
posed method, we conducted experiments using TokyoTech
Remote PPG dataset [15], MR-NIRP dataset [1], and UBFC
dataset [16], called “Tokyo,” “MR,” and “UBFC,” respectively.
The details of these datasets are summarized in Table I.

2) Comparison Methods: We compared the proposed
method with the following BVP signal extraction methods:
DistancePPG [5], SparsePPG [1], and SAMC [6]. Specifically,
DistancePPG [5] and SparsePPG [1] are based on frequency
analysis, and SAMC [6] is a time-domain approach. In each
method, HR was estimated using beat-to-beat peak period
analysis. Note that although SparsePPG method used a near-
infrared video [1], we used RGB video as the input for
SparsePPG method to make a fair comparison.

We set the size of time window T to 5 s for all methods
to evaluate the HR estimation performance over a short-term
observation time. The time window was moved such that it
overlapped with its neighbors by 4 s. By conducting prelim-
inary experiments, we set the parameters for the proposed
method to p = 6 and r = 100. We also ensured that the control
parameters of the other comparison methods were optimal.

3) Evaluation Metrics: We quantitatively evaluated the
results using the mean absolute error (MAE). In addition,
we evaluated the success rate (SR) of HR estimation by
aggregating the outputs for which the difference between the
estimated and ground-truth HRs was less than a certain thresh-
old (±5 bpm). Furthermore, we assessed the HR estimation
performance using the Bland-Altman analysis [17], [18], a
data-plotting method for evaluating the agreement between
the estimated and ground-truth HRs; the plots in which the
measurements are narrowly distributed around zero exhibit
better performance.

B. Results

Table II shows the comparison results of the MAE and
SR. Each value was obtained by averaging the results of all
subjects in each dataset. It can be seen that the proposed
method shows the highest accuracy among the comparison
methods.

TABLE I: Details of datasets used in experiments.

Tokyo [15] MR [1] UBFC [16]
# Subjects 9 8 47
# Videos 9 8 50

Resolution 640×480 640×640 640×480
Frame rate 30 fps 30 fps 30 fps
Duration 180 s 180 s 60 s

TABLE II: Quantitative results of MAE and SR.

MAE (bpm) SR (%)
Ours [6] [5] [1] Ours [6] [5] [1]

Tokyo [15] 3.7 6.0 15.3 62.4 86.4 71.8 39.8 16.1
MR [1] 1.9 2.2 10.3 28.6 94.2 92.9 62.9 15.6

UBFC [16] 4.9 10.7 9.2 58.3 75.8 53.2 62.2 7.4

The results are discussed below: SAMC [6], which is a
time-domain approach, showed better results than the other
comparison methods [1], [5]. We reason that the time-domain
approach was less affected by the frequency-resolution prob-
lem, which becomes a crucial issue with frequency-domain
methods [1], [5] when the observation time is short. However,
the results of SAMC [6] were worse than those of the proposed
method. We reason that SAMC used only the similarity of
adjacent patch signals to perform low-rank approximation; the
noise components added to the facial patches contaminated
the low-rank component, resulting in poor HR estimation
performance.

The results based on the Bland-Altman plot are shown in
Fig. 2. The plots obtained by the proposed method were nar-
rowly distributed around zero, indicating better performance
than the other comparison methods.

V. CONCLUSION
We proposed a novel BVP signal extraction method for

non-contact HR estimation that incorporates the self-similarity
properties of BVP in the spatial and temporal domains. We
modeled the temporal behavior of BVP as an AR process,
allowing for a low-rank approximation of BVP in the time-
delay coordinate system. The low-rank approximation of BVP
in the temporal and spatial domains enabled reliable BVP
signal extraction, resulting in an accurate heart rate estimation.
Through the experiments, we demonstrated the effectiveness
of the proposed method.
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