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ABSTRACT

Heart rate (HR) is a key parameter in evaluating the physio-
logical and emotional states of a person. In this paper, we pro-
pose a novel video-based heart rate (HR) estimation method
based on physiological modeling with multispectral imaging.
To capture blood volume pulse (BVP) associated with a per-
son’s heartbeat, we utilize a camera that records multispectral
video consisting of red, green, blue, and near-infrared infor-
mation. The novelty of the proposed method is the incor-
poration of a physiological BVP model into a multispectral
HR estimation framework. The integration of a physiological
model-based BVP signal extraction scheme into an adaptive
multispectral framework enables the suppression of noise de-
rived from ambient light and the accurate extraction of the
BVP signal, thereby enhancing HR estimation performance.
The experiments using RGB/NIR video datasets demonstrate
the effectiveness of the proposed method.

Index Terms— Non-contact heart rate estimation, blood
volume pulse, RGB/NIR camera

1. INTRODUCTION

Heart rate (HR) can provide insight into the physiological and
emotional states of a person. In the last decade, non-contact
video-based HR estimation methods have garnered consider-
able attention as alternatives to traditional contact-type HR
measurement devices [1, 2]. Blood volume pulse (BVP) as-
sociated with cardiac pulse causes subtle temporal changes in
skin color. The HR can be estimated by analyzing the tempo-
ral variation of reflected light from the skin, However, despite
its significance, the performance of video-based HR estima-
tion in the real world remains challenging.
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Fig. 1. Concept of proposed method.

The problem with video-based HR estimation is primar-
ily the low signal-to-noise ratio (SNR) of the BVP signal.
Two primary factors contribute to the low SNR of the BVP
signal. First, as reported in [3], the temporal variation de-
rived from BVP is notably small, typically less than 2 bits
in an 8-bit depth video. Second, the camera records tempo-
ral variations of ambient illumination as well. Consequently,
the recorded video encompasses both the subtle light derived
from BVP and a significant amount of ambient light unrelated
to the BVP signal, resulting in a low SNR of the BVP signal.
Therefore, it is desirable to develop an HR estimation method
that can effectively address these issues.

To address the first issue, researchers have developed
methods based on the physiological modeling of the BVP
phenomenon occurring within the human body, such as
chrominance analysis based on the skin reflection model [4, 5]
and spatio-temporal analysis based on the BVP physics
model [6, 7]. Previous studies have shown that the per-
formance of BVP signal extraction and the accuracy of the
estimated HR can be improved by incorporating the phys-
iological BVP model. In particular, spatio-temporal BVP
modeling has been shown to be effective for accurate HR
estimation. Kurihara et al. proposed a BVP signal extraction
scheme that incorporates spatio-temporal BVP dynamical
characteristics [6]. They modeled the periodic temporal char-
acteristics of the BVP derived from the periodic cardiac pulse
and the spatial similarity of the BVP across the face caused
by propagation through facial blood vessels.

Multispectral imaging, typically near-infrared (NIR)
imaging, has been demonstrated to mitigate the effects of am-
bient illumination variations on HR estimation [8, 9, 10, 11].
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The influence of noise derived from uncontrolled illumina-
tion can be suppressed by using NIR video captured with the
NIR flash unit. Furthermore, because NIR light is invisible
to the human eye, it can be used without disturbing the sur-
rounding environment. In the method [11], a framework was
proposed that allows the flexible utilization of RGB and NIR
observations for various illumination scenes.

Although these are effective in enhancing the perfor-
mance of HR estimation, they encounter difficulties in simul-
taneously addressing both aforementioned issues.

In this study, we propose a novel method for HR estima-
tion that leverages physiological modeling with multispectral
imaging (Fig.1). The novelty of this study lies in the incor-
poration of the BVP model into the flexible RGB/NIR inte-
gration framework. The previous RGB/NIR method for HR
estimation primarily addressed the noise derived from ambi-
ent illumination variations. By incorporating the BVP model
into the RGB/NIR integration framework, we aim to enhance
HR estimation performance.

2. PRELIMINARY

In this section, we briefly review the RGB/NIR integration
method [11] and the spatio-temporal BVP signal extraction
method, referred to as BVPDMD [6].

2.1. Flexible RGB/NIR Spectral Integration

In the method [11], HR estimation was performed based on
Bayesian inference. Let the latent HR at the 7-th time win-
dow be h. and a pair of RGB and NIR subsequences ob-
served at the 7-th time window be z, = (IR INR) where
IRGB and INR denote the subsequences of the RGB and NIR
videos, respectively. The size of each time window is denoted
as N. We define all the observations up to the 7-th time win-
dowasZy., = (z1,...,2;).

The posterior probability of k., defined as P(h, | Z1.,),
can be derived using Bayes rule as

P(h: | Z1:r) o« P(zr | he) P(hy | Z1:7—1)

- P(z, | hy) fP(hT hrs) P(hr—y | Zasy—s) dhrs |
(1)

where P(z, | h;), P(h: | hy—1), and P(h,—1 | Z1.7—1)
denote the likelihood at 7, state transition probability from
7 — 1 to 7, and posterior probability at 7 — 1, respectively.
In addition, P(h, | hr—1) is the state transition probability,
which is modeled as a first-order autoregressive model be-
cause HR variations are expected to be small within a short
duration [12, 13].

Among the terms in Eq. (1), the likelihood term P(z | h,)
plays a crucial role in determining the HR estimation perfor-
mance. We enhance the performance of HR estimation by

incorporating the BVP model when computing P(z. | h;).
The details of this process are explained in Sect.3.3.

We calculate P(h, | Z;.,) sequentially based on a particle
filter framework [13]. Using the obtained P(h, | Z;.,), we
infer the latent HR h¥* based on the maximum a posteriori
estimation (MAP) as

hE =argmax P(h; | Zy.r) . 2)
h

T

2.2. Spatio-temporal BVP Signal Extraction
2.2.1. Naive DMD

DMD is a data-driven modal decomposition method based
on a linear dynamical model. Suppose an observed discrete
time-series signal Y1.. = [y1,¥2, ..., Y] € R*€ with e time
length, where each element y; has a [-dimensional compo-
nent. DMD models the spatio-temporal dynamics of Y.,
based on the following linear discrete dynamical system:

Y2:e ~ Fleefl ) (3)

where F denotes a state-transition matrix characterized by a
linear dynamical system obtained by solving Eq. (3).

DMD seeks the dominant spatio-temporal dynamics by
applying eigendecomposition to F. The k -th time step signal
modeled by a linear discrete dynamical system, that is, y; ~
Fk’lyl, can be represented as

J
yi & Py = WA D = Y bt @)

Jj=1

where J denotes the number of DMD modes. The matrix
U = (¢,19,...,15) € C*/ comprises J column vec-
tors, where each vector 1p; denotes the j-th eigenvector (re-
ferred to as DMD modes), and A denotes the corresponding
DMD eigenvalues represented by the diagonal matrix form:
A = diag (A\1,...,As). In addition, b = (by,ba,...,05)"
represents the vector comprising the amplitude of each DMD
mode. Based on the DMD theory, the j-th eigenvector 1);
and the corresponding eigenvalues \; represent the spatial
and temporal structures of the input signal, respectively.

2.2.2. BVPDMD With BVP Dynamics Modeling

BVPDMD incorporates the nonlinearity and quasi-periodicity
of the BVP dynamics into a naive DMD framework. The
following section briefly describes the BVPDMD framework.
For further details, refer to the original study [6].

The direct application of DMD to extract the BVP sig-
nal containing nonlinear dynamical components is ineffec-
tive, because DMD assumes that the input signal follows a lin-
ear dynamical system. To address this issue, BVPDMD first
transforms the observed signal extracted from multiple facial
patches into a time-delay coordinate system. This enables the
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Fig. 2. Overview of the proposed method.

input signal to be approximated as a linear dynamical system,
which can be analyzed using DMD.

To incorporate the quasi-periodic characteristics of BVP,
BVPDMD models the BVP dynamics as an oscillating physi-
cal system. This is achieved through physics-informed DMD,
which restricts the estimated state-transition matrix to be con-
sistent with the prior knowledge on the physical structure.

BVPDMD then performs regularized optimization on the
extracted DMD modes to promote the DMD modes in line
with the spatio-temporal BVP characteristics.

To extract the BVP signal, BVPDMD identifies the DMD
mode that is expected to contain the BVP components.
BVPDMD selects the DMD mode with the highest DMD
amplitude within the frequency band that is considered to
be possessed by BVP, and thereafter extracts the BVP sig-
nal through an inverse time-delay transformation. Finally,
HR can be estimated by applying a beat-to-beat peak period
analysis to the extracted BVP signal.

3. PROPOSED METHOD

By incorporating physiological modeling of BVP into multi-
spectral sensing, we enhance the performance of HR estima-
tion. Specifically, we incorporate the BVPDMD framework
into the likelihood computation based on flexible RGB/NIR
integration (Fig.2). In the following section, we describe the
proposed method in detail.

3.1. Obtaining Observation Signals From Facial Patches

First, image patches are selected from the RGB/NIR video.
Asin a previous study [11], we select patches and obtain their
trajectory. We denote the set of the selected RGB and NIR
patches by {P21M_ (D e {RGB,NIR}), where M is the
number of patches.

From {PD}M_. in the RGB and NIR video, we ex-
tract the RGB and NIR observation signals. The signals
extracted from the RGB and NIR video in the 7-th time win-

dow are defined as {of,,}ce(r,c,B}> oNIR " respectively,

T,m *

where the component o7 ,,, denotes a time-series signal in the
c(e {R, G, B})-th color channel.

3.2. Dividing Facial Patches Into Groups

To calculate the HR candidates, we perform BVPDMD for
each group comprising adjacent patches, unlike in the origi-
nal method in which BVPDMD was performed for all patches
(i.e., the entire face). This is because, in an uncontrolled illu-
mination scene, the observation signal is heavily deteriorated,
and the spatio-temporal structure of the observation signals
extracted from multiple patches becomes complex, making
it difficult to analyze the observation signal extracted from
the entire face at once. Because the spatio-temporal struc-
tures observed from adjacent patches are expected to be simi-
lar, analyzing them by each group makes the spatio-temporal
analysis more tractable.

We first divide the facial patches into groups. The num-
ber of patches in each group is denoted as k. We group the
patches such that the Euclidean distance between each patch
in the same group is close, in an iterative manner. Let G,/
be the patch index set belonging to the m/’-th group obtained
in the m/-th iteration. We also define the patch index set that
does not belong to any group for up to the m/’-th iteration as
Emy = ({1, ..., MI\{G;} ), where A\B calculates the set of
difference between two input sets /3 and A. As an initial step,
weset & to & = {1,..., M}.

In the m’-th iteration, to form the m’-th group, we select
the v-th patch P, from &,,,_1 and determine the k patches
closest to P, from &,,,_1\v. The set of patch indices belong-
ing to the m/-th group G, is obtained as

G = Neary, (Pos(Py) , {Pos(Pu)}uee,, \o)s )

where Neary, (h,H) is an operator that determines the k-
nearest neighbor patches to the input patch position h among
the set of query patch positions H and returns the correspond-
ing indices. The operator Pos(-) returns the center position of
the input patch.



This procedure is repeated until the M’-th iteration in
which all patches belong to a group (i.e., £y = &, where

¢ denotes an empty set), and we obtain {G,, }%;1.

3.3. RGB/NIR Likelihood Computation using BVPDMD

Here, we describe the scheme for the computation of the like-
lihood of the RGB and NIR observations. We calculate the
HR candidates from the RGB and NIR video by applying
BVPDMD to each local patch set. We then compute the like-
lihood of RGB and NIR observation by aggregating all HR
candidates.

3.3.1. HR Candidates Extraction From RGB Video

We transform the RGB signals into a color-difference space,
which is effective for RGB video-based HR estimation [5, 4].
Based on a previous method [4], we project o7 ,,, onto the
chrominance space and obtain the chrominance signal u, ,.

We calculate the HR candidates using BVPDMD [6]. For
the m’-th RGB HR candidate, we apply BVPDMD to the
chrominance components belonging to the m/-th group patch
set G,,». Furthermore, to assess the reliability of the calcu-
lated HR candidate, we use the DMD amplitude as a confi-
dence score. When BVPDMD is performed, the amplitude
of the extracted DMD mode representing the BVP compo-
nents can be obtained. The larger the amplitude of the se-
lected DMD mode, the stronger the BVP components that the
selected DMD mode is expected to contain. Thus, we can
consider the corresponding HR candidate to be reliable.

The m/-th RGB HR candidate and the corresponding re-
liability, denoted by o*GP respectively, are calculated as

T,m’

(czmr s o7m) = BVPDMD({ur v }eg,, ), (6)
where (¢, ) = BVPDMD(#) denotes the BVPDMD op-
erator that computes the HR candidate ¢ and corresponding
DMD amplitude « from the set of time-series signals .

We perform BVPDMD for all patch sets and obtain a pair
of HR candidates and the corresponding confidence scores,
denoted by (cBFB,... cBGR) and (P, ... alGP), re-
spectively. /

3.3.2. HR Candidates Extraction From NIR Video

We describe the extraction of HR candidates from an NIR
video using BVPDMD in detail. Similarly to the RGB pro-
cess described in Sect.3.3.1, we apply BVPDMD analysis to
each grouped set of NIR patches to obtain a pair of HR can-
didates and the corresponding confidence scores.

The m/-th NIR HR candidate and the corresponding relia-

bility, denoted as cNE, and aNE, respectively, are calculated
as

T,m T,m’

(N, al%) = BVPDMD ({0} ¥} meg,, ) - (D)

T,m’s Srm/

3.3.3. RGB and NIR Likelihood Computation

Similar to the method [11], we model the RGB and NIR like-
lihoods Pp(I2 | h,) (D € {RGB, NIR}) using the weighted
kernel density estimation. We compute Pp(IZ |h,) (D €
{RGB, NIR}) as

PD(LP | h‘T) =

M’ D
1 1 D hT - CT m/
7 /K . ) 8
oM al MW m/2=1 Qrm, ( w ) ®)

where K (-) denotes a Gaussian kernel with a bandwidth W.

3.4. Flexible RGB/NIR Likelihood Integration

The likelihood P(z. | h.) in Eq. (1) is formed by flexibly
integrating the RGB and NIR likelihoods using the RGB and
NIR weights w? (D € {RGB, NIR}) as

RGB

w.
= Praa(IFP | hy)

P(zr | hr) = wRGB | NIR

wNIR

* W Par(T [ hy),  (9)

where Pp(IP | h,) (D € {RGB, NIR}) denotes the RGB and
NIR likelihood.
The weights w? (D € {RGB, NIR}) are defined as

w‘lr?/GB - (1- Bgack)(l — ), (10)

wilt = gy, (1)
where P2k is computed through correlation analysis of the
RGB signals observed in the face and background regions.
When background light provides stable and sufficient illumi-
nation, we expect that the signals relevant to the HR will be
distinguishable from the background illumination, thereby in-
dicating weak correlations between the face and background
signals. Conversely, when the background light significantly
fluctuates, a dominant color cast occurs on the face regions
owing to the varying background illumination, indicating a
strong positive correlation between the face and background
signals.

To calculate 3%2, we utilize the green channel of the
RGB signal. This is primarily because the green component
includes more signals relevant to BVP than the red and blue
components, and thus significantly affects the accuracy of the
BVP signal extraction [14].

Based on these assumptions, to examine the positive cor-
relation, we calculate 322K as

BPack — max (py, 0) , (12)

where p, is the Pearson correlation coefficient between the
facial and background signals.



The other weight -, assesses which signals measured
from the RGB and NIR videos are more reliable using con-
fidence scores of the RGB and NIR HR candidates. When

the confidence scores of the RGB HR candidate {aTan],B} are
higher than those of the NIR {aNE} we consider the RGB
HR candidates to be more reliable for HR estimation.

To compute ~,, we first compute each mode (i.e., the
most frequently observed value) among a set of HR candi-
dates {cR¢P} and {cfme, }, defined as ¢RGB and &NR | respec-
tively. Using the confidence scores of the patches belonging
to each mode ¢R*GP and MR, we compute v, as

Z NIR
m/eQNIR a'f‘,m’
TR (13)

Vr =
Zm’EQBGB ai(v}n}? + ZnL’eQI;HR aT,m’

where QRSB and ONR denote the sets of patch indices be-

longing to modes ¢RSB and éNTR | respectively.

3.5. HR Estimation by MAP Estimation

We estimate the HR based on Bayesian inference, as de-
scribed in Sect.2.1. By incorporating the computed likelihood
P(z, | h;) into Eq. (1), we calculate the posterior probability
P(h; | Zy.;). Finally, we infer the 7-th HR h* based on
MAP estimation, as shown in Eq. (2).

4. EXPERIMENTS

4.1. Experimental Settings
4.1.1. Dataset

To demonstrate the effectiveness of our method, we con-
ducted experiments on the following datasets: TUS [11],
TokyoTech Remote PPG [15], and MR-NIRP [16]. Table 1
summarizes the details of each dataset.

The TUS dataset was obtained under various illumination
scenes. Specifically, (i) bright (illuminance: 600 1x), (ii) low-
light (illuminance: 0.4 1x), (iii) varying illumination with a
sinusoidal frequency (0.83 Hz) close to the HR of a healthy
person (illuminance: 1 Ix), and (iv) realistic varying illumi-
nation, such as a theater (illuminance: 1 1x). We refer to
these conditions as “S1,” “S2,” “S3,” and “S4,” respectively.
In addition, to evaluate in more realistic scenarios, in “S5”
and “S6,” the participants are allowed to freely move in front
of the camera. The illumination conditions of “S5” and “S6”
are similar to those of “S1” and “S3,” respectively.

4.1.2. Comparison Methods

We compared our method with the following state-of-the-
art methods based on non-deep learning: RGB video-based
methods [4, 17, 3, 18, 7, 6], NIR video-based methods [19,
16], and RGB/NIR video-based methods [8, 11]. Further-
more, we compared our method with two deep learning-based

Table 1. Details of datasets used in experiments.

TUS [11] Tokyo [15] MR [16]
Camera Two-plate  Single-chip RGB and

RGB/NIR  RGB/NIR NIR
# Subjects 18 8 8
# Videos 66 8 8
Resolution 1296 X966 640x480 640x640
Frame rate 30 fps 30 fps 30 fps
Duration 120 s 180 s 180 s
Ilumination  Bright, Dark, Varying Bright Bright

Table 2. Quantitative comparisons in TUS dataset using av-
erage MAE [bpm]. The best scores are presented in bold.

Method Sl S2 S3 S4 S5 S6 Avg.
[4] 10.72 15435 2298 57.23 23.64 13992 68.14
[17] 51.98 131.73 20.23 30.59 34.09 2526 4898
[3] 5.18 157.34 2851 3520 13.89 7391 52.34
[18] 413 87.05 23.14 2694 626 2560 28.85
[7] 3.61 126,63 23.04 3344 999 25.60 37.05
[6] 3.04 10423 2290 2857 627 25.80 31.80
[20] 12.08 13.78 1798 1434 1223 2147 1531
[21] 19.53  74.04 27.89 5378 2731 2835 3848
[19] 27.58 2424 26.03 28.06 25.13 25.13 26.03
[16] 4541 4637 59.69 22.64 5731 5731 48.12
[8] 5.59 13.47 2234 17774 1560 2559 16.72
[9] 40.34 39,53  30.01 37.96 3825 3740 37.25
[11] 2399 2694 2497 20.63 2606 18.25 23.47

Ours 2.20 5.46 643 680 418 1430 6.56

methods: RGB video-based methods [20, 21] and RGB/NIR
video-based method [9]. We used pre-trained models pub-
lished by these authors for a fair comparison.

Based on preliminary experiments, we set the parameters
for our methods to T' = 150 (5 s) and W = 2. The parameters
required for BVPDMD used in our method for HR candidate
extraction were the same as those presented in the original
study [6].

4.1.3. Evaluation Metrics

The results were quantitatively evaluated using the mean ab-
solute error (MAE). Furthermore, we assessed the HR estima-
tion performance using the Bland—Altman analysis [22, 23],
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.

4.2. Comparison Results

Table 2 summarizes the comparison results using the MAE on
the TUS dataset. We also summarize the comparison results
using the MAE in Tokyo and the MR dataset in Table 3. Our



Table 3. Quantitative comparisons in Tokyo and MR datasets
[15, 16] based on the average MAE [bpm]. The best scores
are presented in bold.

Method Tokyo [15] MR [16] Avg.
4] 22.11 17.29 19.70
[17] 14.62 12.91 13.76
[3] 11.17 3.71 8.81
[18] 8.72 4.96 6.84
[7] 3.39 2.24 2.81
[6] 4.11 2.36 3.24
[20] 8.27 6.67 7.47
[21] 51.25 16.72 33.98
[19] 21.53 30.06 25.80
[16] 127.68 52.21 89.95
[8] 5.64 8.44 7.04
[9] 36.77 38.79 37.78
[11] 15.17 26.68 20.93
Ours 2.33 1.35 1.84

Table 4. Impact of employing spatio-temporal BVP modeling
within RGB/NIR sensing using TUS dataset. We evaluated
the performance using the SR [%].

Method S1 S2 S3 S4 S5 S6 Avg

RGB/NIR wo/BVP 157 152 124 21.8 144 209 167
RGB/NIR w/BVP 909 61.1 540 622 76.6 351 633

method exhibits superior performance compared to the other
methods on all datasets.

Fig 3 shows the comparison results using Bland—Altman
plots. We can clearly observe that our method produces a
narrow distribution around zero, indicating that it is capable
of accurate HR estimation.

4.3. Analysis

We examined the impact of incorporating BVP modeling
into RGB/NIR likelihood computations. To highlight these
effects, we estimated the HRs using only the likelihood of
observation (i.e., maximum likelihood estimation). We com-
pared our method with a method that computes the RGB
and NIR HR candidates from each patch without using
BVPDMD. Specifically, instead of BVPDMD, we used a
bandpass filter (0.7 — 4 Hz) with a frequency band expected
to contain BVP to extract BVP signals from each patch of
the RGB and NIR videos. We then performed peak detection
on each extracted BVP signal to extract the HR candidates.
To obtain the confidence score used to calculate the likeli-
hood, we calculated the ratio of the largest amplitude to the
second-largest amplitude of the power spectrum, similar to
the original flexible RGB/NIR integration framework. We
denote the above method and the method that incorporates
BVP modeling by “wo/BVP” and “w/BVP,” respectively.

As evaluation metrics. we used success rate (SR), which
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Fig. 3. Comparisons using Bland—Altman plots for all scenes
and subjects in TUS dataset. The solid line represents the
mean error, and the dashed lines indicate 95 % limits of agree-
ment between the estimated and ground-truth HRs.

is the ratio of the number of successful HR estimation results
to the total number of results. Following previous studies [8,
11, 6], we considered it successful if the HR estimation error
was less than a certain threshold (+ 5 bpm).

Table 4 summarizes a comparison of the results for the
TUS dataset. The method “w/BVP” outperformed the method
“wo/BVP,” indicating that BVP modeling contributes to the
improvement of the HR estimation performance. In the
method “wo/BVP,” the BVP signal was extracted using a
bandpass filter and frequency analysis, which is a general-
purpose signal processing technique. Although the bandpass
range was determined on the basis of the BVP characteristics,
it is difficult to extract the BVP signal because the BVP signal
is extremely weak and susceptible to noise. We infer that by
incorporating the BVP model, the accuracy of the BVP signal
extraction can be improved; thus, the accuracy of the HR
estimation can also be improved.

5. CONCLUSION

We proposed a video-based HR estimation method based on
physiological modeling with multispectral imaging. The HR
estimation performance can be enhanced by incorporating a
physiological BVP model into the RGB/NIR sensing scheme.
We demonstrated the effectiveness of our method through ex-
periments using RGB/NIR video datasets.



Despite these promising results, the proposed method
faces challenges when implemented on devices with limited
computational resources. The BVPDMD algorithm has high
computational complexity because it iteratively solves opti-
mization problems in a high-dimensional space [6]. We plan
to investigate an algorithm that can solve problems with less
complexity, such as first-order optimization.
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