JOURNAL OF KTgX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Non-Contact Heart Rate Estimation via
Adaptive RGB/NIR Signal Fusion
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Abstract—We propose a non-contact heart rate (HR) estima-
tion method that is robust to various situations, such as bright,
low-light, and varying illumination scenes. We utilize a camera
that records red, green, and blue (RGB) and near-infrared (NIR)
information to capture the subtle skin color changes induced by
the cardiac pulse of a person. The key novelty of our method is
the adaptive fusion of RGB and NIR signals for HR estimation
based on the analysis of background illumination variations. RGB
signals are suitable indicators for HR estimation in bright scenes.
Conversely, NIR signals are more reliable than RGB signals in
scenes with more complex illumination, as they can be captured
independently of the changes in background illumination. By
measuring the correlations between the lights reflected from
the background and facial regions, we adaptively utilize RGB
and NIR observations for HR estimation. The experiments
demonstrate the effectiveness of the proposed method.

Index Terms—Remote vital sensing, RGB/NIR camera, Vary-
ing illumination

I. INTRODUCTION

EART rate (HR) is an essential vital sign based on which

the physiological and emotional states of a person can be
assessed [1], [2], [3], [4]. Traditional HR estimation methods
require contact-type sensors, such as electrocardiograms [5]
and pulse oximetry sensors [6]. However, the restrictions
associated with these sensors make subjects uncomfortable.

In the last decade, camera-based non-contact HR estimation
methods have attracted considerable research attention [7], [8].
Cameras can capture temporal skin color variations arising
from changes in the amount of blood circulated during a car-
diac cycle [9]; thus, HR can be estimated using the time-series
signals recorded in the videos. Notably, effective video-based
methods have several potential applications, for example, in
human-robot interaction [10], telemedicine [11], and driver
monitoring systems [12].

A large number of researchers have developed video-based
HR estimation methods using a monocular red, green, and blue
(RGB) camera [13], [14], [15], [16], [17], [18], [19], [20],
[21], [22], [23], [24], [25], [26]. However, their effectiveness
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is limited in uncontrolled scenes such as low-light scenes or
scenes with varying illumination. In low-light scenes, only
minimal light can enter the camera. In scenes with varying
illuminations, the videos contain dominant color casts caused
by varying background illumination. These characteristics
affect the accuracy of the measurements of skin color changes
attributable to cardiac pulses.

To overcome these problems, researchers have proposed HR
estimation methods using near-infrared (NIR) cameras and
flash units [12], [27], [28], [29], [30], [31]. Because NIR cam-
eras can capture only the NIR components of incoming light,
the influences of varying background illuminations can be
suppressed for HR estimation. However, NIR signals yield less
accurate HR estimation compared with RGB signals because
of the light absorption characteristics of blood. According to
previous studies [12], [31], [32], [33], blood tends to absorb
less incident NIR light than visible (RGB) light, thereby
making it difficult to measure the blood volume changes
caused by the cardiac cycle by calculating the skin color
changes.

Kado et al. [30] used a single-plate camera that enabled
the simultaneous recording of RGB and NIR information for
HR estimation. However, the method [30] had a limitation.
When the background lights illuminating the scenes were
steady, the use of NIR signals decreased the accuracy of
HR estimation, as mentioned above. Conversely, when the
background illumination fluctuated significantly, the use of
RGB signals decreased the accuracy of the HR estimation.

An example of the HR estimates obtained using RGB and
NIR videos captured under bright and varying illumination
conditions is shown in Fig. 1. For HR estimation using the
RGB videos, the green components are the most reliable of
the RGB signals [9]; thus, we analyzed the changes in the
green pixel values. We measured the temporal changes in the
green and NIR pixel values in the face region (blue rectangular
region shown in Fig. 1). To investigate the impact of the
background illumination on the accuracy of the HR estimation,
we also measured the temporal changes in the green and
NIR pixel values in the background region (orange rectangular
region shown in Fig. 1). We then computed their power spectra
using these extracted time-series signals. In line with previous
studies [17], [30], we estimated the HR by exploring the
frequency with the largest power spectrum component in the
power spectra.

In a bright stable scene (Fig. 1 (a)), HR estimation using
RGB videos was observed to be more accurate, compared
with NIR videos. This may be attributable to the fact that
the HR-related RGB face patch signal can be accurately
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Fig. 1. Challenges for HR estimation difficulties under various illumination
conditions. The time-series signals extracted from the face and background
patches (blue and orange rectangles) in each video are shown below each
video sequence. The corresponding power spectra are also shown next to
each time-series signal. (a) In a bright and stable scene (illumination level:
600 Ix), the result obtained using an RGB video was superior to that obtained
using an NIR video (ground-truth (GT): 1.26 Hz, RGB: 1.26 Hz, and NIR:
1.00 Hz). (b) In a varying illumination scene (the subject watched an action
movie; illumination level: 1 1x), the NIR video yielded a better result than
the RGB video (GT: 1.23 Hz, RGB: 0.80 Hz, and NIR: 1.33 Hz).

differentiated from the signal obtained from the background
illumination. As shown below in the RGB video sequence, the
characteristics of the face- and background-patch time-series
signals (blue and orange lines) vary. Conversely, in scenes
with significantly varying background illumination (Fig. 1
(b)), the RGB face patch signal was highly influenced by
the background illumination variations, as shown in the RGB
video sequence below. This indicates that the extraction of
the HR-related time-series signal from the RGB video is not
accurate. In contrast, we observed that the face patch signal
extracted from the NIR video can be observed distinctly from
the illumination variations, thereby providing an accurate HR
estimate. These preliminary experiments imply that adaptively
utilizing RGB and NIR signals can contribute significantly to
HR estimation under various illumination conditions.

In this study, we propose a novel method for remote HR
estimation using RGB and NIR videos. The key novelty of
the proposed method is the incorporation of measures based
on cross-correlation analysis between the face and background
signals into a framework for HR estimation. As we demon-
strated previously, when the background illumination varies
significantly, it is preferable to pay greater attention to the NIR
signals for accurate HR estimation than to the RGB signals
because reflecting NIR light can be captured independently of
background illumination variations. Conversely, RGB signals
are more reliable than NIR signals for HR estimation when
the illumination condition is stable. These observations suggest
that correlations between the face and background signals are
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effective cues for determining a more effective signal between
the RGB and NIR for HR estimation. By exploiting the out-
comes of the cross-correlation analysis between the face and
background signals, the proposed method yields an accurate
HR estimation that is robust to illumination variations.

This study is an extended and more detailed version of
our earlier study presented in [34]. The new contributions
can be summarized as follows. We introduce a scheme that
suppresses the influence of extensive subject motions, which
significantly degrades the HR estimation accuracy [35], [36].
We report additional experimental results using the following
public datasets: TokyoTech Remote PPG [37], MERL-Rice
NIR Pulse (MR-NIRP) [12], and UBFC-rPPG [38].

The remainder of this paper is organized as follows: Related
works on video-based HR estimation are presented in Section
II. In Section III, we provide an overview of the proposed
method. In Section IV, we explain the preprocessing procedure
for extracting time-series signals related to latent HR. In
Section V, we provide a scheme for adaptively fusing RGB
and NIR observations, which is the primary contribution of this
study. In Section VI, we present the details of motion-robust
time-series filtering. In Section VII, we report the results
of experiments on real RGB and NIR videos. Finally, we
conclude this paper in Section VIII.

II. RELATED WORKS
A. RGB Video-based Methods

Poh et al. [13] modeled HR signal extraction as a blind sig-
nal separation problem. Lam ef al. [17] proposed a framework
for HR estimation based on the majority voting rule for the HR
candidates extracted from multiple patch signals. Tulyakov et
al. [18] introduced self-adaptive matrix completion to elimi-
nate unreliable HR candidates.

Optical and physiological models of light reflection on the
skin have been investigated for HR estimation [19], [20], [39].
Haan et al. [19] introduced novel chrominance features based
on the analysis of a skin reflection model to eliminate specular
reflection components that were unrelated to the HR. Based
on this model, researchers have proposed an HR estimation
method that considers the spectral sensitivity of the camera
and the irradiance spectrum of ambient lights [39].

In recent decades, several deep-learning-based methods for
HR estimation have been proposed [23], [24], [25], [26], [40],
[41], [42]. Spetlik et al. [23] proposed a two-step convolutional
neural network (CNN) for HR estimation. Chen et al. [24]
proposed an attention mechanism for the HR estimation. Niu et
al. [41], [42] constructed spatiotemporal maps using multiple
patch signals. Subsequently, for HR estimation, they fed the
constructed spatiotemporal maps into a regressor comprising
a CNN and a recurrent neural network.

Several researchers have exploited background information
for HR estimation to reduce the interference due to background
illumination variations [15], [43], [44], [45], [46]. Li et al.
[15] constructed an adaptive filter using the incoming light
reflected from background regions as guidance signals (similar
to guided filter [47]). They then applied the filter to the
time-series RGB signals observed in the face regions, thereby
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Fig. 2. Overview of our method: (a) Our RGB/NIR imaging system. We utilize two-plate RGB/NIR camera (upper panel). The lower figure shows the relative
spectral sensitivity of our imaging system. (b) Our Bayesian HR inference: (1) likelihood computation via adaptive fusion of RGB and NIR observations and
(2) motion-robust time-series filtering based on the head movement of the subject.

leading to compensation of the color cast due to background
illumination. Tarassenko ef al. [43] constructed autoregres-
sive models from face and background time-series signals to
investigate the frequency correlations between the face and
background signals. They then eliminated common frequency
components, such as flicker components of fluorescent lights,
by using the pole cancelation technique in the z-domain.
However, in scenes with largely varying illuminations, latent
HR signals are expected to be significantly covered with
background illumination, thereby making it difficult to effec-
tively eliminate the components of background illumination
variations from the face.

In contrast to the RGB video-based methods so far, we
simultaneously exploit both RGB and NIR signals. Because
the NIR signals can be captured independently of the vis-
ible (RGB) light, the method guarantees the achievement
of accurate HR estimation, even under various illumination
conditions.

B. NIR Video-based Methods

Gastel et al. [28] captured multispectral NIR information
to perform accurate HR estimation based on the spectral
absorption characteristics of blood in the NIR wavelength
band. Park et al. [29] deployed a Kalman filter to suppress
the impact of the motion of the subjects. Nowara et al. [12]
exploited a specific NIR band (940 nm), wherein the minimal
spectral energy of sunlight emission lights can be observed to
perform HR estimation in outdoor environments.

However, HR estimation using NIR videos has been con-
sidered more challenging than that using RGB videos because
of the physiological characteristics of blood. Therefore, it is
more difficult to accurately estimate HR in controlled scenes
using NIR video-based methods compared to RGB videos.

C. RGB/NIR Video-based Methods

Kado et al. [30] proposed an HR estimation method that
simultaneously utilizes RGB and NIR videos. Inspired by
the existing RGB video-based method [17], they applied the
majority voting rule to HR candidates that were randomly

extracted from the RGB and NIR facial videos. However, they
did not consider the illumination conditions in their study.
As described earlier, HR estimation based on RGB signals is
less accurate for uncontrolled scenes. Meanwhile, NIR signals
make it difficult to accurately estimate HR in controlled scenes
because of the physiological characteristics of blood. Thus, it
may be inferred that the method [30] is less applicable in
conditions with varying illumination.

Contrary to [30], we adaptively estimate the reliability of the
RGB and NIR signals by measuring the correlations between
the face and background signals; thus, the proposed method
can achieve more accurate HR estimation under various illu-
mination conditions.

III. PROPOSED FRAMEWORK
A. Overview

An overview of our method is illustrated in Fig. 2.

1) Our Imaging System: We capture RGB and NIR videos
that are spatially and temporally aligned using a two-plate
RGB/NIR camera (JAI AD-130GE) and an NIR flash. The
relative spectral sensitivity characteristics are presented in Fig.
2(a). The peak sensitivities for the blue, green, red, and NIR
sensors appear at 460, 541, 608, and 797 nm, respectively.
In addition, the full width at half maximum (FWHM) of the
spectral sensitivity for the blue, green, red, and NIR sensors are
90, 93, 92, and 151 nm, respectively. Our RGB/NIR camera
records 8-bit RGB raw and NIR images with 1296 x 966
resolution at 30 fps. To obtain an RGB image with full
resolution, we applied a demosaicing method [48] to each
RGB raw frame.

2) Bayesian Inference: Using the captured RGB/NIR image
sequences, we perform HR estimation in a Bayesian inference
manner. We compute the likelihood using both RGB and NIR
observations (Fig. 2 (b)-(1)), which we adaptively fuse via the
cross-correlation analysis of the face and background signals.
We then perform time-series filtering of the latent HRs by
incorporating the influences of the head movements of the
subject (Fig. 2 (b)-(2)). In particular, we utilize a particle filter
framework [49]. We finally infer the latent HR based on the
maximum a posteriori (MAP) framework.



B. Problem Formulation

Let the latent HR at the 7-th time window be A, and a
pair of RGB and NIR subsequences observed at the 7-th time
window be z, = (IRSB INR) where IRSE and IN® denote
the subsequences of the RGB and NIR videos, respectively.
The size of each time window is denoted by N. We define
all the observations up to the 7-th time window as Zi., =
(Z1,.-.,2:).

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

p(hT ‘ Zli"') OCp(ZT | hT) P(hr | Zl:‘r—l)

:p(z‘r | h'r)/p(h'r ‘ h'rfl) p(h'rfl | Zl:'rfl) dh'rfl )
(D

where p(z'r ‘ h'r)’ p(h'r | h'rfl)’ and p(h'rfl | Zl:'rfl) denote
the likelihood at 7, the state transition probability from 7 — 1
to 7, and the posterior probability at 7 — 1, respectively.

To ensure the robustness of our HR estimation against
varying ambient illumination and motion artifacts due to the
head movements of the subject, we model the likelihood
p(z- | hr) as

p(ZT | h‘T) = w?—bspobs(z‘r | hT) + (1_w$bs)puni(z7' | hr) s

2)
where the weight w® is computed based on the amount of
head movement of the subject. In addition, pops(z, | h-) and
Puni(Zr | h.) denote a likelihood evaluated using RGB and
NIR observations and a uniform distribution, respectively. A
uniform distribution is adopted to alleviate the influence of
unreliable observations arising from head movements of the
subject during HR estimation. In such cases, we conjecture
that past estimates are more reliable than current estimates. By
including a uniform distribution in the likelihood, the effects
of the past posterior probability p(h._1 | Z1.,—1) can be di-
rectly incorporated into the current estimation. Therefore, this
adaptive likelihood model makes our method robust against
cases with unreliable observations. The methods for computing
p(z, | h,) are detailed in subsequent sections.

According to previous studies [5], [50], HR variations are
expected to be small within a short duration. This implies that
the state transition probability p(h, | h,—1) can be modeled
using a first-order autoregressive model. Hence, we consider
that h., is drawn from a unimodal Gaussian with mean p (=
hr—1) and standard deviation o, as follows:

_ 2
exp{_(hThT—l)}. 3)

p(hr | hT—l) - 20_2

1
\/2mo?
Based on the MAP estimation framework, we infer the latent
HR R} as follows:

hi = arg max p(h; | Z1.7) . @)
h

We summarize the overall process of our method in Algo-
rithm 1. The details of each subalgorithm used in Algorithm
1 are described in the subsequent sections. We also list the
typical symbols pertaining to our method in Table 1.
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Algorithm 1 Proposed HR estimation method

Input: RGB and NIR videos (IP,IP ... IR) (D €
{RGB, NIR}) (T": total number of time windows)
Initialize: Extract facial image patches {pﬁ fil using Al-

gorithm 2
1. forr=1,...,7T do
2 Compute a set of temporal patch sequences {pf? ;‘il

using Algorithm 3

3: Extract RGB and NIR HR candidates {CE,?B ;Vil and
{cg’ljR jlvil using Algorithm 4
4: Compute pobs(z, | h,) using Algorithm 5
5: Compute p(h, | Z1.,) using Algorithm 6
6: Infer hY (Eq. (4))
7: end for
Output: Estimated HR sequence hj,...,h}
TABLE 1
LIST OF TYPICAL SYMBOLS UTILIZED IN OUR FRAMEWORK.
Notation Definition
hr Latent HR at 7-th time window
Zr Pair of RGB and NIR sequences (IRGB and INTR)
p(hr | hr—1) | State transition probability (Eq. (3))
p(zr | hs) Overall likelihood (Eq. (2))
Dobs(zr | hr) | Likelihood of z- (Eq. (9))
Puni(z+ | A7) | Uniform distribution
pp(IP | hr) | Likelihood of IP (D € {RGB,NIR}) (Eq. (17))
wp Reliability of TP (Eq. (10))
,BE“I‘ Face/background correlation (Eq. (21))
Yr Cross-domain reliability (Eq. (22))
w?bs Observation reliability (Eq. (26))
vr Relative motion amount (Eq. (25))
or Standard deviation of p(h+ | hr—1) (Eq. (27))
n Face-patch interval used for preprocessing
K Hyperparameter used in Bayesian inference

IV. PREPROCESSING

In this section, we describe the preprocessing procedure for
facial videos, which is used to extract the HR-related time-
series signals from a face. In previous studies based on both
machine learning and non-machine learning-based approaches
(e.g., [17], [18], [42], [51]), a similar preprocessing method
was adopted for HR estimation.

A. Face Patch Selection

We first extract image patches from an NIR video. This is
primarily because, compared with RGB patches, NIR patches
are less sensitive to background illumination variations. The
RGB and NIR videos are temporally and spatially well aligned
because we utilize a two-plate RGB/NIR sensor; thus, the
positions of the RGB patches to be extracted are the same
as those of NIR patches.

Similar to a previous study [51], we first extract the cheek,
jaw, and forehead regions from the face of the subject where
the temporal skin color variations attributable to the cardiac
pulse can be stably extracted. For the cheek and jaw regions
in the t-th frame of 7-th time window, we determine each
region of interest (ROI) by constructing facial polygons based
on 66 facial landmark positions {o, , ;}7°, that are estimated
using the method [52]. Each index of a set of the facial
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landmarks identifies the position of the corresponding facial
landmark. We define the regions of the left and right cheeks
and jaws as polygons, using the subsets of the following
facial landmarks as vertices: riC {1,3,5,49,30} (left
cheek), r®C¢ = {13,15,17,55,30} (right cheek), r'’ =
{5,7,9,58,49} (left jaw), r?/ {13,11,9,58,55} (right
jaw). We denote each constructed region (polygon) by
RP (R, € {LC, RC, LJ, RJ}). We exclude non-skin re-
gions (e.g., glass, hair, and hat) from RR% estimated using the
face parsing method [53]. Using the estimated pixel-wise skin

labels Liktm, we extract the skin regions from a video as

RT} = R7 o L, 5)
where ©® denotes a Hadamard product operator.

We determine the forehead regions using Li‘fg“. We de-
termine the polygons corresponding to the forehead regions
as those above the eyebrows in the skin regions. The facial
landmarks corresponding to the eyebrows can be obtained
using the method [52] (indices for eyebrows: 18-27). We
then divide the estimated forehead region into left and right
subregions based on the nose line obtained using the cor-
responding landmarks (points 18 and 34). We denote the
estimated left and right forehead regions as RLY and REY,
respectively. We add RLY and REY to a set of RR1 The final
subreglons extracted from the face of the subject are denoted

y R (R, € {LC, RC, LJ, RJ, LF, RF}).

Local 1mage patches are uniformly selected from each
region RT 7 at the n-pixel interval. We define the locations of
the selected i 1mage patches in the ¢-th frame of the 7-th time
window as {p['2 .}}7,, where M denotes the total number of
local patches selected.

This process is summarized in Algorithm 2. We also show
an example of the extracted facial landmarks, face parsing re-
sult, each determined subregion in the face region, and selected
local patches in Fig. 3 (a), (b), (c), and (d), respectively.

B. Face Patch Tracking

We track each local image patch to obtain the time-series
signals corresponding to the skin color changes due to the
cardiac pulse in successive frames. Similar to a previous
study [51], we assume that the left and right cheeks, jaws,
and forehead regions could be approximately represented as
planar regions. Therefore, the correspondences of each subre-
gion in consecutive frames can be estimated using projective
transformations. To estimate the operators of the projective
transformations for these planar regions, we utilize facial
landmarks belonging to rLC, RO ¢l and rRJ. For each
left and right forehead region, it is difficult to estimate the
projective transformation operators because facial landmarks
above the eyebrow cannot be detected. In this method, we
apply the operators of projective transformations for the left
and right cheek regions to the left and right forehead regions,
respectively. This alternative use of projection operators may
cause deterioration in tracking accuracy. However, we expect
that such deterioration might be insignificant because the
anatomical structure of the human face restricts the global
movement of the subregions of the face.

Algorithm 2 Face patch selection

Input: NIR video frame in ¢-th frame of the 7-th time window
1: Extract {0, ;}9%, using [52]

Estimate Li{‘,}“ using [53]

Construct Rf:‘% using {0, , ;}

Extract R} (Eq. (5))

Construct facial polygons of the forehead region

: Select {p/2 .}, uniformly from R/

Qutput: M image patches {th J M

AN

(a) Facial landmarks (d) Local patches

(b) Semantic labels (c) Region of interest

Fig. 3. Example of local face patch selection: (a) Facial landmarks extracted
using the method [52]. Each number indicates index for corresponding
facial landmark; (b) Semantic labels estimated using face parsing [53] (blue:
background, green: skin regions, red: eye glass regions) (c) Extracted ROI
(green: left cheek, red: right cheek, blue: left jaw, cyan; right jaw, magenta:
left forehead, orange: right forehead regions). Circular points represent facial
landmarks used to determine each ROI; and (d) Extracted local image patches.

Using the detected facial landmarks {o,,;}%¢,, we com-
pute the projective transformation matrices Hfﬁ* (Ry €
{LC, RC, LJ, RJ, LF, RF}) that align each ROI between
the ¢-th and ¢ + 1-th frame as

Hf‘%* = arg min Z ||HTtoT“ orir1ills . (6)

Hr,t ierf2

However, facial occlusions degrade the accuracy of projec-
tive transformation, thereby making time-series signals unre-
liable. To resolve the occlusion problems, we first determine
whether the subregions of the face are occluded. When the
width or height of the rectangular region that encloses the Rs-
th subregion defined as 1:32 and y 2, respectively, is smaller
than the patch interval n, we con51der that the subregion R
is occluded. This processing is represented as

. Ro Ro
Bin(f{fj) _ {1 if (2 <n)or (y;? <n) )

0 otherwise ,

where Bin(-) denotes a binary classification operator.

Using the occlusion detection results, we only apply the
transformation matrix Hﬁi* to the local patches corresponding
to the non-occluded subregions. The patch location in the ¢+1-
th frame is represented as

R>
pR2 _ | o8 6,7
Tt+1,5 T Rox
HZ3 pri,

if (Bin(RF3) =1)
otherwise .

®)

The occluded regions can be accurately tracked once they
return to the non-occluded state. This is primarily because
we assume that occlusions would be observed only for a short
duration. Furthermore, the anatomical structure of the human
face restricts the movement of facial landmarks. Therefore,
the patch positions corresponding to the subregions classified



Algorithm 3 Face patch tracking in the 7-th time window

Input: A set of locations of image patches at the first
frame {pijj} and the facial landmark sequence

(0r1,i5---,07,N,)

1: fort=1,2,..., N in a 7-th time window do
2 for each region in Ry do

3 for j=1,...,M do

4 Compute H3* (Eq. (6))

5 if Bin(RY) = 1 then // occlusion
6 P2, < Pl (Eq. 8)

7 else

8 Pl < HE'pl o (Eq. 8)
9: end if
10: end for

11: end for

12: end for

Output: A set of the temporal patch sequence {P;}17,

as occluded will not change significantly, which enables our
system to track the subregions.

We sequentially perform the above-mentioned processing
in subsequent frames. We denote the j-th temporal sequence
of the associated patch location between successive frames in
the 7-th time window as P, ; = (pr1; ,...,Prn,;). We
summarize this procedure in Algorithm 3.

V. ADAPTIVE FUSION OF RGB/NIR HR CANDIDATES

We model the observation likelihood term pobs(z, | k) in
Eq. (2) using RGB and NIR observations as follows:

RGB RGE
-

NIR

pobs(ZT | h‘l’) =

+ IX® [ ), (9

—RGB . NIR PNIR
wRGB+ NIR p

where prap(IRSE | h.) and pnr(IN® | h,) denote the
likelihoods computed by exploiting RGB and NIR videos,

respectively. The weights wRGE and wN® are respectively
defined as
wiP = g, (10)
WS = (1 g1 ) an

where 3P2k is computed through a cross-correlation analysis
of the signals observed in the face and background regions.
The other weight ., assesses which signals measured from
the RGB and NIR videos are more reliable. We describe the
process of computing these weights in the subsequent sections.

A. HR Candidates Extraction from RGB Video

To compute pras(IRSE | h,), we first extract the RGB
signals from each patch in P ; at every frame. The extracted
RGB signals are defined as {sf ;}.c(r,c,B}, Where each com-
ponent s? ; denotes a time- series signal in the ¢ (e {R,G,B})

-th color channel s

3= 0185 g):
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1) Color-Difference Space Conversion: Our method pro-
cesses the RGB signals in a color-difference space for RGB
HR candidate extraction. This is primarily because analysis
in a color-difference space enables performance enhancement
for RGB video-based HR estimation [19], [20]. Notably, it
has been reported that the color-difference-based method [20]
enables superior performance in HR estimation in scenes
where stable and sufficient illumination is provided [54].

We project the RGB values {s ;}.c(r,q,B} onto a color-
difference space. Following the method [20], the color-space
conversion can be represented as

rpl _ .G B
tr; = 87, =S, (12)
tP2 = —QSBJ—"-SS:j—i-SE’j. (13)

Using the projected components tp and tp , the chrominance

components d, ; are obtained as

Std(t2)
1 2
d,; =t + - d(th) t2, (14)

where Std(t) denotes an operator that computes the standard
deviation of a time-series signal t.

2) Frequency Analysis: We analyze the spectral character-
istics of the extracted chrominance components d, ;. Similar
to previous studies [17], [30], [35], we apply a band-pass filter
tod, ; toremove the frequency components outside the range
of the HR. We determine the bandwidth of the band-pass filter
to be 0.7 — 4 Hz on the basis of prior knowledge, according
to the normal HR range [55]. Subsequently, we perform a fast
Fourier transform (FFT) to obtain the power spectrum uf§®
of the filtered signals. This processing is represented as

RGB
T,

= ®(BPF(d,,)), (15)
where BPF(+) denotes an operator of the band-pass filter and
®(-) denotes a function that computes the power spectrum of
an input signal via the FFT.

3) HR Candidates Extraction: We explore the largest power
spectrum component v; in uiS®. We denote the frequency
with v; as cﬁ(j;B, which can be assumed to be related to the
cardiac pulse of a person [13], [17]. Following [17], [30], we
introduce a confidence score that assesses the reliability of
the HR candidate CE?B. In addition, we consider that local
patches belonging to the subregions classified as occlusions
(Eq. (7)) are unreliable; thus, we set the confidence scores
corresponding to these local patches to zero. Therefore, the

confidence score oF§® is computed as
oRGB _ 0 if (j € R, Xy, Bin(R) > 1)
mJ v1/va—1 otherwise ,
(16)

where vy denotes the second-largest power spectrum compo-

nent in URS;B

Finally, we obtain a pair of HR candidates and the cor-
responding confidence scores for all the patches, which are
denoted by (cF¢®, ... ,CB,(]%/[B) and (oGP, ..., afﬁ}g), respec-

tively. This process is summarized in Algorithm 4.
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Algorithm 4 HR candidates extraction from RGB video

Input: A set of the temporal patch sequences {P ;}}
the RGB video TRGB

7, and

1: for j =1,. M do

2 Extract sc from P, ; in IRGB

3: Extract dT ,j from s? . (Eq. (14))

4 Compute uRGB (Eq. (15))

5; Estimate ¢} and of® (Eq. (16))
6: end for

Output: M pairs of the HR candidates and the corresponding

confidence scores {cEB, RGP,

B. HR Candidates Extraction from NIR Video

RGB-based methods are prone to produce inaccurate HR
estimates in low-light scenes [54] and in scenes where the
spectral composition of the light source (i.e., ambient light)
is variable [20]. In such unstable illumination scenes, NIR
processing enables the extraction of signals attributable to the
HR more accurately compared with the RGB. Here, we detail
the extraction of HR candidates from an NIR video.

First, we extract the NIR signals X% = (55’1113, cee fljf} ;)
from each patch sequence in the NIR video. Then, we apply
frequency analysis (Section V-A2) to each local NIR patch
signal to obtain its power spectrum u}'f. We obtain a pair
of HR candidates and the corresponding confidence scores for

all the selected patches and denote them as (cN}*, ..., M)

and (aI¥, ..., af}lﬁ;), respectively.

The NIR processing described so far enables the extraction
of HR candidates with minimal spectrum noise. Because our
imaging system employs an NIR flash unit to sufficiently
illuminate the face region of the subject, the reflecting NIR
light can be captured with less noise. In addition, it can be
assumed that the NIR amount of ambient light will be small
in indoor scenes. This assumption has been widely accepted
in the field of image processing, for tasks such as image
enhancement using a pair of RGB and NIR images [56], [57],
[58], [59], [60], [61], [62].

C. Likelihood Computation
We model the RGB and NIR likelihoods prap(IRCE | k)
and pnr (IN'R | k) using the weighted kernel density esti-
1 | h,) (D € {RGB,NIR}) as
po(I7 | hr) =
ot otk

mation. We compute pp (
cD»>
5]
S — —= ], (7
Zg 1 OZ ,_7 ( W

where K (-) denotes a Gaussian kernel with bandwidth W.
Considering the sampling rate of a video f; and the size of
the time window N, we set W as f;/2N.

D. Analyzing Face/Background Correlations

We perform a cross-correlation analysis of the face and
background regions. When the background lights provide
stable and sufficient illumination, we expect that the signals

relevant to the HR will be distinguishable from the background
illuminations, thereby indicating weak correlations between
the face and background signals. Conversely, when the back-
ground light fluctuates significantly, a dominant color cast
occurs on the face regions owing to the varying background
illumination, indicating strong correlations between the face
and background signals. Based on these assumptions, we
compute weight 322k using the results of the cross-correlation
analysis of the face and background signals.

1) Averaged Face/Background Signal Extraction: We uti-
lize the green channel of the RGB image to analyze correla-
tions between the face and background regions because of the
visible light absorption characteristics of blood. According to
previous studies [32], [33], (oxy-) hemoglobin absorbs green
light more than red light and penetrates deeper into the skin
compared with blue light to probe the vasculature. The authors
in [33] showed the results for the spectral blood volume pulse
signal-to-noise ratios (SNRs). Referring to the discussions in
Section 5 and Fig. 4 in [33], the peak SNR response appears
at 578 nm, and a region with a relative SNR within -10 dB
of the peak occurs from 512 to 609 nm. This indicates that
the green component will include signals relevant to the HR
more than the red and blue components. Conversely, the green
lights reflected from the background regions do not contain
signals attributable to the HR. Hence, the green component
of the reflecting light is a reliable indicator for analyzing the
correlation between the face and background regions.

We calculate the face signal f; using the green signals of
the local patches {s¢

1L, as follows:
.M
— G
f-,— = M ZST7j .
j=1
We also define a green signal in the background regions b
that is previously estimated using face parsing [53] (Section
IV-A). We uniformly select M number of local image patches
from the background regions. Similar to computing f., we

compute b, by averaging the green signals observed in the
local patches in the background regions as

1 L,
:M;V

where v& ; denotes the green signal observed in the j-th local
patch in the background region.

2) Face/Background Correlation Analysis: To compute the
weight P2k we measure the correlation between f, and b, .
We first apply the band-pass filter (0.7 — 4 Hz) to f. and
b,. We denote the filtered face and background signals as
BPF(f;) and BPF(b,), respectively. We then compute the
Pearson correlation p, between BPF(f.) and BPF (b, ) as

_ Cov(BPF(f;), BPF(b,)) 20)
Pm = Std(BPF(f,)) Std(BPF(b,))’
where Cov(f,b) denotes an operator that computes the co-
variance between the time-series signals f and b.
Using the computed p., we calculate 322K as follows:

2y

(18)

19)

5back 1— pr .



Algorithm 5 Adaptive fusion of RGB/NIR HR candidates

Input: HR candidates and corresponding confidence scores
{cP;,a2}M,, RGB and NIR videos I? (D ¢
{RGB, NIR}), and green patch signals {s< %1
Compute pp(IZ | h,) using {c? aD Ml (Eq. (17))
Compute p, (Eq. (20))

Compute 322k using p, (Eq. (21))

Compute v, (Eq. (22))

Compute wRGE and wNR using A3k and v, (Eq. (10))
Compute pobb(z‘r | h ) (Eq (9))

Output Observation likelihood pops(z; | Ay )

Tj’

AN

In varying illumination scenes, p, has a large value because
the face signals are highly correlated with the background
illumination. Therefore, we assign a high confidence score
(Bb2<K) to the NIR likelihood pxgr (IN™ | A, ). Conversely, in
bright scenes, p, is assigned a low value (approximately 0)
because the time-series signals in the face and background
regions are correlated to a lesser degree. Accordingly, we
assign a high confidence score (22°) to the RGB likelihood
pree(IRCB | h,). This makes it possible to fuse the RGB
and NIR observations adaptively based on the background
illumination conditions.

E. Cross-domain Reliability Computation

We assess which candidate is more reliable for HR esti-
mation, the RGB or NIR? When the confidence scores of
the RGB videos {aRGB} are higher than those of the NIR
videos {aR}, we consider the RGB patch signals to be
more rehable for HR estimation. Because the confidence score
is calculated using the ratio of the largest and the second-
largest power spectrum components, a high confidence score
indicates that the power spectrum component related to the
HR is distinctly observed. Furthermore, RGB signals are more
reliable than NIR signals for HR estimation because of the
physiological characteristics of the blood. Therefore, the RGB
HR candidates {CE?B} with high confidence scores are more
ideal for HR estimation than NIR ones. We use this idea to
compute the cross-domain reliability ~.

To compute ., we first compute each mode (i.e., the most
frequently observed value) among a set of HR candidates
{cBSP} and {c)'R}, defined as ¢FCB and MR, respectively.
Using the conﬁdence scores of the patches belonging to the
modes CRGB and ¢ we compute 7, as

RGB
= ZjeQRGB Az
T — )
ZJEQRGB Oé B+ ZJEQNIR OZNIR

QRGB

(22)

where and QMR denote the sets of patch indices
belonging to the modes éRGB and éNTR, respectively.

We summarize our scheme for adaptive fusion of RGB/NIR
likelihoods in Algorithm 5.

VI. MOTION-ROBUST TIME-SERIES FILTERING

We perform motion-robust time-series filtering on the HR to
address the head movements of subjects, which significantly
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decrease the HR estimation accuracy. When a subject moves
considerably, it is difficult to extract reliable HR-related time-
series signals [35]. This is primarily because the significant
changes in the reflective light (e.g., shadow and specular) due
to head movement destabilize the RGB/NIR observations. To
alleviate such problems, we introduce a reliability indicator
wes into our time-series filtering to determine the stability
of the current observations. We adaptively control the shape
of the likelihood p(z. | h,) and state transition probability
p(hs | hy_1) using woPs,

A. Computation of Observation Reliability

When significant head movements are observed, we assume
that the past estimates are more reliable than the current
estimates, which are computed using unreliable observations.
We assume that the current observations will be reliable again
upon the cessation of head movements; therefore, the current
observations are preferable to be particularly exploited for
posterior distribution computation.

We compute the observation reliability as follows. First, we
measure the amount of head movements using the trajectories
of all the patches. Specifically, we compute the mean subject-
head trajectory Q,; = (Qr1,...,9-n) in the 7-th time
window by aggregating the trajectories of all facial patches
{P;}. The mean position of the subject’s head at the ¢-th
frame in the 7-th time window q; is represented as

1 M
o Zpr,t,j .
M

Using q;;, we compute the cumulative motion amount in the
7-th window m. as

N
= Z ||qT,t - qT,t—1||2 .
t=2

To measure the changes in the current motion amount relative
to past observations, we compute the relative motion amount
in the 7-th time window v, as
V=T . (25)
Yoime[(T—1)+m,

When the head movement of the subject is significant, com-
pared with the past time windows, v, reaches 1, indicating
that the current observations are unreliable. When the head
movements are less expansive, v, becomes close to 0.

We compute the reliability of the current observations w?
using v, as follows:

(23)

(24)

bs

obs

° (26)

Fusing pobs(z- | hr) and puni(z, | h,) with web® (Eq. (2))
enables us to adaptively control the contributions of the current
observations to compute the posterior probability.

wer=1—v,.

B. Adaptive Control of State Transition Probability

We adaptively control the shape of the state transition prob-
ability p(h, | h,_1) using woP*. When we observe significant
head movements, we regulate the state transition probability
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Algorithm 6 Motion-robust time-series filtering

Input: Likelihood pobs(z, | hr), previous posterior distribu-
tion p(hr_1|Z1.-—1), a set of the temporal patch se-
quences {Pﬂj}j]\il, and the motion amount sequence
(ml, . ,mT,l)

Compute m, (Egs. (23) and (24))

Compute v, using (mq,...,m;) (Eq. (25))

Compute wob® using v, (Eq. (26))

Compute p(z- | h-) (Eq. (2))

Control p(h; | hy—1) using v, (Egs. (3) and (27))

: Compute p(hT |le7') (Eq. (1))

Output: Posterior distribution p(h, | Z1.;)

AN A R A

to be a narrow distribution to preserve the influence of the
past posterior probability. Conversely, as the head movement
of the subject becomes less expansive, we conclude that the
observations return to a reliable state. Therefore, at this time,
we make the state transition probability a wide distribution
such that it can significantly accommodate the influences of
the current observations. Accordingly, we control the value of
the standard deviation o, which is used for the state transition
probability (Eq. (3). Specifically, we compute o, as

o, = rwoP® 27

T 9

where k > 0 denotes a parameter. When large head move-
ments are observed, o, is set close to zero, resulting in a nar-
row distribution of the state transition probability. Conversely,
as the head movement becomes less expansive, o, approaches
k; consequently, the state transition probability becomes a
wide distribution.

The motion-robust time-series filtering scheme is outlined
in Algorithm 6.

VII. EXPERIMENTS

To demonstrate the effectiveness of our method, We con-
ducted experiments on the following datasets: our RGB/NIR
dataset, TokyoTech Remote PPG dataset [37], MR-NIRP
dataset [12], and UBFC-rPPG dataset [38].

A. Dataset

We briefly describe all the datasets used in this experiment.
We refer to the dataset [37] as “Tokyo,” dataset [12] as “MR,”
and dataset [38] as “UBFC.” The details of these datasets
are summarized in Table II. To highlight the differences in
the amount of head movements of the subjects between the
datasets, we show the histogram of the motion amount m. in
Fig. 4. In this figure, “S1,” ..., “S6” refer to the conditions
for the sequences in our dataset. We separately computed the
histogram of “S5” and “S6” and that of “S1,” “S2” “S3”
and “S4” because “S5” and “S6” includes the significant head
movements of the subjects compared to the other ones. The
details for each condition in our dataset are described in the
subsequent section. We also show the spectrogram of the
background illumination variation averaged over the sequences
in each dataset in Fig. 5 to clearly state the differences in the
illumination conditions between the datasets.

TABLE 11
DETAILS OF DATASETS USED IN EXPERIMENTS.
Our Dataset Tokyo [37] MR [12] UBFC [38]
Camers Two-plate Single-chip  RGB and RGB
amera RGB/NIR RGB/NIR NIR
# Subjects 18 9 8 47
# Videos 66 9 8 50
Resolution 1296 X966 640%480 640x 640 640x480
Frame rate 30 fps 30 fps 30 fps 30 fps
Duration 120 s 180 s 180 s 60 s
Tlumination  Bright, Low, Varying Bright Bright Bright
Large Yes
motion (S5 and S6) No No No

1) Our RGB/NIR Video Dataset: We captured the RGB and
NIR videos under the following conditions: (1) bright scene
(illumination level: 600 Ix), (2) low-light scene (illumination
level: 0.4 Ix), (3) scene under varying illumination with a
frequency near the normal HR (illumination level: 1 Ix), (4)
realistic scene, such as a theater (low-light scene with varying
illuminations; illumination level: 1 1x), (5) bright scene with
expansive head movements (illumination level: 600 1x), and (6)
a varying illumination scene with expansive head movements
(illumination level: 2 1x). We refer to these conditions as “S1,”
“S2,7 “S3,7 “S4. “S5,” and “S6,” respectively. In “S3,” we
played a movie, and the green lights emitted by the display
were sinusoidally oscillated at 0.83 Hz (50 bpm). In “S4,”
we played a trailer of an action movie. In “S5” and “S6,”
the participants were instructed to move freely in the field of
view of our RGB/NIR camera. The major difference between
“S5” and “S6” is the illumination conditions. In “S5,” the
illumination was stable and bright. Conversely, illumination
was sinusoidally oscillated at 0.83 Hz (50 bpm) under a low-
light level in “S6.” In the other conditions (“S1” — “S4”7),
the participants were instructed to sit still near the camera.
Altogether, eighteen subjects participated, and the dataset
contained 66 video recordings. We captured RGB and NIR
videos for 2 min using our RGB/NIR camera (JAI AD-
130GE) described in Sect. III-A1. A pulse oximeter (CONTEC
CMS50D+) was used to obtain the ground-truth HR.

2) TokyoTech Remote PPG Dataset: This dataset contained
the RGB and NIR videos of nine subjects, who were instructed
to sit still and perform a handgrip exercise for approximately
1 min. They were also instructed to raise one hand. The RGB
raw and NIR videos were captured for 3 min using a single-
chip RGB/NIR camera under visible and NIR illumination.
Notably, we observed several saturated regions in the RGB
videos of four subjects (#: 5, 6, 7, and 9). In such scenes,
it is difficult for all existing methods to achieve accurate HR
estimation because they do not assume heavy pixel saturations
in a video. To clearly observe the differences in the HR esti-
mation performance among the existing methods, we excluded
saturated videos from the comparison evaluations.

3) MR-NIRP Dataset: This dataset contained the RGB and
NIR videos of eight subjects. The RGB and NIR videos were
separately captured for 3 min using an RGB camera and an
NIR camera under visible and NIR illumination. Because the
RGB and NIR videos in this dataset were not spatially aligned,
we independently extracted the RGB and NIR local patches
from the RGB and NIR videos and used them for the existing
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Fig. 4. Normalized histograms of head movements of subjects m: (a) “S1,”

4 2 4 2 4

m, 10 10 m, 10 10 m, 10

“S2,” “S3,” and “S4” in our dataset (mean of m,: 53); (b) “S5” and “S6” in

our dataset (mean of m,: 855); (c) Tokyo [37] (mean of m,: 27); (d) MR [12] (mean of m: 35); (¢) UBFC [38] (mean of m: 55).

1

~
st

m
Q
x

NIR

Freq. [Hz] Freq

O
0 e [ ———————— — =

15 0  Time [sec] 10
L __ 1l 1L =i =

0 Time[sec] 200 Time[sec] 200 Time[sec] 200 Time[sec] 200 Time [sec] 200 Time[sec] 200 Time[sec] 200 Time [sec] 20

Fig. 5. Averaged spectrograms of RGB and NIR signals extracted from background regions: (a) “S1”; (b) “S2”; (c) “S3”; (d) “S4”; (e) “S5”; (f) “S6”; (g)
Tokyo [37]; (h) MR [12]; (i) UBFC [38]. The red dashed line in each spectrogram represents the normal HR range (0.7 - 4 Hz).

methods and our method.

4) UBFC-rPPG Dataset: This dataset contained 50 RGB
videos of forty-seven subjects. The subjects of the dataset sat
and played a time-sensitive mathematical game under bright
and stable illumination conditions. Each video was recorded
for 1 min using an RGB camera at 30 fps with 640x480
resolution in an uncompressed 8-bit RGB format. We utilized
49 RGB videos in this dataset for the experiments because one
video file could not be read.

B. Evaluation Metrics

We quantitatively evaluated the results using the root mean
squared error (RMSE) and mean absolute error (MAE). Sim-
ilar to previous works [17], [63], [64], we also evaluated the
success rate (SR) of the HR estimation by aggregating the
outputs for which the difference between the estimated and
ground-truth HRs was less than a certain threshold (4 5 bpm).
Furthermore, we assessed the HR estimation performance
using the Bland-Altman analysis [65], [66], 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.

C. Comparison Methods

We compared our method with the following state-of-the-
art methods based on non-machine learning: RGB video-based
methods ( [15], [17], [18], [20]), NIR video-based methods
([12], [27]), and RGB/NIR video-based methods ([30] and
our earlier method [34]). According to [20], a band-pass filter
that removes the frequency components outside the range
of the HR is not utilized. To observe the impact of using
the band-pass filter, we incorporated the band-pass filter into
[20] and evaluated its performance. We refer to this as “[20]
w/ BPE.” The method [18] adopted the chrominance feature
proposed in the literature [19]. According to [19], two types
of chrominance features, represented with and without a band-
pass filter, are presented. In this comparison, we investigated
the impacts of these differing chrominance features (i.e., the
effects of a band-pass filter) on the HR estimation performance
of [18]. We refer to them as “[18] w/ BPF” and “[18] w/o

BPE” respectively. Note that we implemented these existing
methods in accordance with the reference papers. Furthermore,
we tested our method using only RGB or NIR signals to
observe the impact of using either one for HR estimation.
We refer to these methods as “Ours w/o NIR” and “Ours w/o
RGB,” respectively.

We also compared our method with a machine learning-
based method using CNNs [23] on all datasets. In addition,
we compared the results obtained by other deep learning-based
methods [26], [40] on “UBFC.” Note that we listed the results
of [26], [40], as reported in the respective papers.

Based on the preliminary experiments, the parameters re-
quired for the compared methods were set as follows. Consid-
ering the frequency resolution in the frequency analysis, we
set N = 900 (30 s). We ensured the control parameters of the
existing methods were optimal. Our method has two specific
parameters to set. The first is the face patch interval n, which
is used for preprocessing facial videos, and the other is the
x used for our Bayesian inference. We set these parameters
as follows. We set n such that the face patches could be
extracted uniformly from a face; specifically, n = 20. Based
on preliminary experiments, we observed that the choice of n
did not affect the quality of the HR estimation performance
of our method. For our Bayesian inference, we determined
x = 5. In practice, setting  is important because it is used in
our Bayesian inference, which is the main part of the proposed
method. Hence, we analyzed the dependence of the choice of
K, and the results are presented in Sect. VII-E3.

D. Results

1) Results for Our Dataset: The comparison results for our
dataset are presented in Table III. Each value was obtained by
averaging the results of all the subjects. It can be observed
that our method produced quantitatively better results than
the other methods. The results based on the Bland-Altman
plot using our dataset are presented in Fig. 6. The plots
obtained using our method were narrowly distributed around
zero, indicating superior performance over the other methods.

We discuss about the results more in-depth. It was observed
that the RGB-based methods showed results comparable with
that of our method for “S1” and “S5” at brightly illuminated
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TABLE III
QUANTITATIVE COMPARISONS IN OUR DATASET BASED ON THE AVERAGE RMSE, MAE AND SR. THE BEST SCORES ARE PRESENTED IN BOLD.
RMSE (bpm) MAE (bpm) SR (%)
Sl S2 S3 S4 S5 S6 Avg. S1 S2 S3 S4 S5 S6 Avg. S1 S2 S3 S4 S5 S6 Avg.
[17] 7.27 28.71 2219 25.08 2320 2585 22.05 3.99 21.40  22.08 24.01 17.38 2558 19.07 | 83.7 156 0.0 48 425 0.0 24.4
[15] 343 7618 2220 2000 11.78 2585  26.57 1.63 6331 2208 1440 731 2558 2238 | 905 7.9 00 287 641 00 319
[18] wio BPF | 1.96 13322 2220 20.62 1031 31.01 3655 | 0.85 8622 2208 1925 541 3071 2742 | 953 25 00 105 80.1 00 314
RGB [18] w/ BPF 130 6323 2219 1773 464 3674 2430 | 068 5088 2207 1357 222 3208 2025|959 89 00 267 8.9 34 375
[20] 130 41473 2220 2529 662 15973 10498 | 0.67 33550 2208 21.67 291 8535 7803 | 961 30 00 66 889 176 354
[20] w/ BPF 131 7414 2219 3048 351 6219 3230 | 0.67  61.59 2207 1952 143 4756 2547 | 961 89 00 213 922 220 40.
[23] 19.97 1998 6146 2326 1957 6479 3484 | 1957 1983 6140 2298 19.02 6470 3458 | 21 32 00 00 61 00 1.9
Ours w/o NIR 1.27 62.83 22.18  16.15 3.47 25.77 21.95 0.72 54.41 22.06 12.01 1.78 2549 1941 | 962 11.6 00 31.1 887 0.0 37.9
271 1659 1486 1453 1793 18.08 1809 1668 | 10.17  9.58 942  11.85 1383 1384 1145 | 5.1 529 512 447 281 281 427
NIR [12] 13.37 16.14 1355 1457 2541 25.41 18.08 9.20 11.08 9.74 1098 21.72  21.71 14.07 | 519 502 495 46.6 21.0 21.1 400
Ours w/o RGB 1.72 1.22 1.83 2.45 9.58 10.06 4.48 1.02 0.61 1.00 1.34 6.83 7.21 3.00 | 935 977 939 940 581 567 823
RGB/ [30] 7.76 10.92 2220 21.86 2392 25.85 18.75 435 6.85 22.08 1843 1841 2558 1595 | 821 720 00 288 399 0.0 37.1
NIR [34] 1.30 2.26 2.56 2.04 9.57 12.39 5.02 0.75 1.27 1.41 1.25 6.57 9.38 344 | 958 91.1 91.1 941 689 477 815
Ours 1.26 1.21 1.82 2.57 4.13 9.75 3.46 0.72 0.61 1.00 1.38 2.13 6.95 213 | 962 977 939 935 861 572 874
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Fig. 6. Quantitative comparisons using Bland-Altman plots for all scenes and subjects in our dataset. In each figure, solid line represents the mean error, and
dashed lines indicate 95 % limits of agreement between the estimated and ground-truth HRs.

conditions. However, in the scenes with varying illumination
(“S3,” “S4,” and “S6”), the estimation performance of the
RGB methods deteriorated significantly. This is primarily
because it is difficult for the RGB methods to suppress the
influence of largely varying illuminations. It was also observed
that the estimation performance of the RGB-based methods
was considerably degraded in “S2” more than that in “S3,”
“S4,” and “S6.” We reason that the RGB videos taken in
“S2” (low-light scene (0.4 1x)) were heavily deteriorated with
noise; therefore the RGB-based methods failed to extract the
signals attributable to the HR. Notably, it was observed that
the results obtained using [20] and “[18] w/o BPF” showed
worse performance than the other RGB-based methods. This
is primarily because they did not utilize a band-pass filter that
removes the frequency components outside the range of the
HR. As can be observed, the methods “[20] w/ BPF” and “[18]
w/ BPF” improved the estimation performance compared to
those without using the band-pass filter.

In contrast, the NIR-based methods, especially “Ours w/o
RGB,” showed better performance compared with the RGB-
based ones in the varying illumination scenes (“S3,” “S4,”
and “S6”). This is primarily because the reflecting NIR light
could be captured with minimal spectrum noise in the normal
HR range, as shown in the spectrograms of the background
illumination variations (Fig. 5). Thus, the NIR-based method
could stably extract the signals relevant to the HR, thereby
yielding accurate HR estimations for such scenes.

It was observed that the method proposed in our earlier
study [34] also outperformed the existing methods. However,
in scenes where the participants moved considerably (“‘S5”
and “S6”), the earlier method experienced performance degra-
dation, unlike our current method. Conversely, the proposed
method yielded accurate HR estimation under diverse illumi-
nation conditions as well as in scenes where the participants
moved expansively.

2) Results for Other Datasets: The comparison results on
the other datasets, “Tokyo” [37], “MR” [12], and “UBFC”
[38], are listed in Table IV. Each value was obtained by
averaging the results of all the subjects in each dataset. We
find that our method can produce results comparable to those
obtained using several state-of-the-art methods [18], [20]. This
is primarily because these methods [18], [20] are designed
to perform accurate HR estimation in controlled situations,
such as scenes with minimal illumination variation. In prac-
tice, the datasets [37], [12], [38] did not include several se-
quences wherein there were significant illumination variations,
as shown in the spectrograms of background illumination
variations (Figs. 5 (g), (h), and (i)). Nevertheless, our method
exhibited performance comparable with these methods. Hence,
these comparison results suggest that our method enables
accurate HR estimation not only in challenging situations
where illumination significantly varies and the subjects moved
expansively (our dataset) but also in controlled situations, as
in the datasets [12], [37], [38].



We also find that the results obtained using our method were
close to those obtained using “Ours w/o NIR” for “Tokyo” and
“MR.” As mentioned earlier, RGB signals are more reliable
than NIR because of the light absorption characteristics of
blood in stable and bright illumination scenes, as in these
datasets. For this reason, we consider that our RGB/NIR fusion
scheme adopted the estimates obtained using the RGB signals
more than the NIR signals. It indicates that our method worked
in the similar manner with “Ours w/o NIR.”

The proposed method outperformed the deep learning-based
methods [23], [26], [40], which are prone to overfitting the
training datasets, as indicated by the comparison results. Thus,
we infer that they degraded the accuracy of the HR estimation
in other situations.

3) Comparisons in Time-Series Variations: We provide ex-
amples of the comparison results for the time-series variations
in the HR estimation in Fig. 7. As can be observed in the
middle row in Fig. 7, our method produced temporally stable
and accurate outcomes, compared with the other methods.

The bottom row in Fig. 7 presents the time-series variations
in the RGB and NIR confidence scores wR¢B and wN'E
obtained through the face/background correlation analysis.
As can be observed, our method stably estimated that RGB
observations were more reliable than NIR ones in the bright
stable scenes ((a) “S1,” (e) “SS,” (g) “Tokyo,” (h) “MR,” and
(1) “UBFC”). Conversely, the higher (more confidence) value
for wN'® than that for wRSB could be obtained in the low-
light ((b) “S2”) and the varying illumination scenes ((c) “S3,”
(d) “S4,” and (f) “S6”). These results yield that our RGB/NIR
fusion scheme worked well.

E. Analysis

We analyzed the performance of our method more compre-
hensively. The impacts of the following contributions were first
investigated: (1) adaptive fusion of RGB/NIR signals and (2)
motion-robust time-series filtering. Thereafter, We evaluated
the dependence of the HR estimation accuracy on varying
K, which is the specific hyperparameter required for our
method. We also investigated the influence of the demosaicing
methods for HR estimation performance. Finally, we discuss
the limitations of our current method.

1) Impact of Adaptive Fusion of RGB/NIR Observations:
We analyzed the effects of the adaptive fusion of the RGB/NIR
observations. To spotlight these effects, we performed a
maximum likelihood (ML) estimation of the latent HR h..
Specifically, we set the prior probability (i.e., past posterior
probability) p(h, | Z1.,_1) = 1 and w®™ = 1 in our entire
framework. We refer to it as “Ours (ML).” We compared “Ours
(ML)” with a method that equally exploited the RGB and
NIR observations. Specifically, we set the weights such that
wTRGB = wNR = 1 in the likelihood computation (Eq. (9)).
We refer to it as “Ours (ML) w/o weights.” Note that for the
evaluation of the “UBFC,” we set wRSE = 1 and wN'F = 0
because NIR videos were not included in this dataset.

The comparison results are presented in the first and second
rows of Table V. It was observed that the ML-based method
(“Ours (ML)”) outperformed “Ours (ML) w/o weights.” The
impacts of the proposed RGB/NIR fusion scheme were most
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visible in the results for “S3” and “S6” in our dataset. As
described earlier, the background illumination was sinusoidally
oscillated at a frequency that was approximately equal to the
normal HR in “S3” and “S6.” In such challenging scenes, it is
difficult to extract skin color changes related to HR from an
RGB video. Thus, we infer that the method “Ours (ML) w/o
weights” failed to achieve accurate HR estimation because of
the equal incorporation of RGB and NIR observations.

2) Impact of Motion-Robust Time-Series Filtering: We in-
vestigated the effects of the motion-robust time-series filter-
ing. In particular, we evaluated our method without motion
analysis. Accordingly, we set the weight wob® in Eq. (26) as
a constant value, w?bs = 0.5. We refer to it as “Ours w/o
motion.”

The comparison results are presented in the third and fourth
rows of Table V. As can be observed, compared with “Ours
w/o motion,” the proposed method (“Ours”) yielded better HR
estimates on “S5” and “S6” on our dataset where the subjects
moved expansively.

We conducted additional experiments to clearly observe
the effects of motion-robust time-series filtering. We first
collected the subsequences in which the movement of the
subject was significant relative to the other subsequences in
each dataset. To do this, we introduce a parameter th that
determines whether the subsequence includes the significant
head movement of the subject. If the motion amount m. is
larger than th, we consider that the corresponding subsequence
is motion-significant. We collected the subsequences whose
m. is larger than th. For these sequences, we compared our
method with “Ours w/o motion.” We used SR as a criterion
to spotlight the impact of motion-robust time-series filtering.
In this evaluation, we consider that the choice of th will vary
the comparison results. Hence, we conducted the comparisons
while varying th.

Figure 8 presents changes in the SR with varying th for
each dataset. It was observed that the results obtained using
“Ours” showed comparable with those obtained using “Ours
w/o motion” for the datasets “S1,” “S2.)” “S3,” and “S4”
as well as the other public datasets (“Tokyo,” “MR,” and
“UBFC”). This is primarily because the sequences in these
datasets contain less significant movements of the subjects, as
shown in the motion histograms (Fig. 4). Thus, “Ours w/o
motion” enabled the estimation of accurate HR outcomes for
these datasets. Conversely, in the datasets “S5” and “S6” where
the significant head movements are observed, “Ours” yielded
the better performance than “Ours w/o motion.” These results
yield that motion-robust time-series filtering contributed to
the improvement in robustness against motion artifacts in HR
estimation.

Figure 9 presents an example of the comparisons in the
time-series variations for the HR estimation in “S5.” We also
plotted the observation reliability w°"® on the minor axis. It
can be observed that our method produced temporally stable
HR estimation results.

3) Influences of Varying x: We analyzed the influence of
the x value, which is the hyperparameter of our Bayesian
inference, on the HR estimation. We varied it such that
2 <k <20.
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TABLE IV

QUANTITATIVE COMPARISONS USING OTHER DATASETS [37], [12], AND [38] USING THE AVERAGE RMSE, MAE, AND SR. NOTE THAT WE LISTED THE
RESULTS FOR [26], [40] ON UBFC DATASET, AS REPORTED IN RESPECTIVE PAPERS.

RMSE (bpm) MAE (bpm) SR (%)
Tokyo [37] MR [12] UBFC [38] Avg. | Tokyo [37] MR [12] UBFC [38] Avg. | Tokyo [37] MR [12] UBFC [38] Avg.
[17] 11.82 6.81 23.04 13.89 6.77 3.49 17.77 9.34 74.9 88.2 63.6 75.6
[15] 1.92 3.11 593 3.65 1.18 1.72 4.54 2.48 89.2 90.3 83.4 87.6
[18] w/o BPF 4.26 0.77 4.88 3.30 1.73 0.19 4.04 1.99 86.7 99.2 85.8 90.6
[18] w/ BPF 2.10 0.70 4.08 2.29 1.15 0.17 3.55 1.62 89.1 99.2 86.9 91.7
RGB [20] 2.13 0.77 18.87 7.26 1.19 0.20 16.98 6.13 88.5 99.1 85.5 91.1
[20] w/ BPF 2.12 0.73 4.06 2.30 1.18 0.18 3.54 1.64 88.7 99.1 87.0 91.6
[23] 15.23 21.87 10.60 15.90 14.28 21.58 9.94 15.27 234 1.5 35.1 20.0
[40] n/a n/a 8.64 8.64 n/a n/a 545 545 n/a n/a n/a n/a
[26] n/a n/a 7.42 7.42 n/a n/a 597 597 n/a n/a n/a n/a
Ours w/o NIR 2.09 0.77 4.27 238 1.29 0.31 3.66 1.75 89.2 98.6 85.6 91.1
[27] 14.07 18.73 n/a 16.40 9.73 14.30 n/a 12.01 51.6 338 n/a 42.7
NIR [12] 10.07 15.82 n/a 12.94 5.56 10.64 n/a 8.10 73.1 50.4 n/a 61.7
Ours w/o RGB 2.10 6.27 n/a 4.19 1.30 3.65 n/a 2.47 89.1 87.8 n/a 88.5
RGB/ [30] 12.35 6.63 2241 13.80 7.08 3.38 17.42 9.22 73.9 87.7 64.1 752
NIR [34] 1.85 0.96 5.08 2.63 1.22 0.40 4.39 2.00 90.0 98.1 83.5 90.5
Ours 2.13 0.78 4.27 2.39 1.29 0.32 3.66 1.76 89.2 98.5 85.6 91.1
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Fig. 7. Comparison results for time-series variations in estimated HR. For each subfigure, the top row shows RGB and NIR video sequences (note that the
UBFC dataset does not include NIR videos). The middle row represents time-series variations in estimated HRs; “GT” indicates ground-truth HR. The bottom

row represents the time-series variations in wRGB

and wNIR

obtained by face/background correlation analysis.
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TABLE V
IMPACT OF ADAPTIVE FUSION OF RGB/NIR OBSERVATIONS (FIRST AND
SECOND ROWS) AND MOTION-ROBUST TIME-SERIES FILTERING (THIRD

TABLE VI
CHANGES IN THE RMSE VALUES WITH VARYING &.

AND FOURTH ROWS). WE EVALUATED PERFORMANCE USING THE RMSE. Our dataset Tokyo MR UBFC -
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Fig. 9. Impact of motion-robust time-series filtering (#1 in “S5”).

The changes in the RMSE values with varying « are listed
in Table VI. The changes observed in the obtained RMSE
values were insignificant, regardless of the x value. Hence, the
influence of x on the HR estimation accuracy was minimal for
the proposed method.

4) Influences of Demosaicing Methods: We also analyze the
influence of differing demosaicing methods on HR estimation.
As described earlier, the green component will include signals
relevant to the HR more than the red and blue components.
However, the demosaicing method [48] leverages the neigh-
boring red and blue pixels to produce a full-resolution green
channel, which may degrade the HR estimation performance.

To investigate the influences of the demosaicing process, we
conducted additional experiments. We performed demosaicing
of the RGB raw image using bicubic interpolation because
it allows the production of each color channel with full
resolution independently.

Table VII presents the comparison results using our dataset.
We performed these comparisons in the ML estimation manner
to spotlight the impacts of the different demosaicing methods.
It can be observed that the results obtained with the different
demosaicing methods were almost equivalent.

We discuss why the different demosaicing methods do not
influence the performance of HR estimation. As described in
Sect. III-A1, the peak spectral sensitivities of our imaging
system for the blue, green, red, and NIR sensors appear at
460, 541, 608, and 797 nm, respectively. The FWHM of the
spectral sensitivities for the blue, green, red, and NIR sensors
are 90, 93, 92, and 151 nm, respectively. This indicates that

conjecture that our method with bicubic showed a performance
similar to that of the demosaicing method [48], even though
the red and blue channels were not utilized explicitly. From
a different point of view, these comparisons imply that the
effects of using the red and blue channels in demosaicing of
RGB raw images are less significant for HR estimation.

Here, we discuss effects of demosaicing process on HR
estimation more in-depth. In typical demosaicing methods,
accurate color information can be produced in non-textured
(flat) regions, whereas false colors and moiré, which are
undesired image artifacts, are likely to be generated in textured
regions. It implies that unreliable information may be obtained
in textured regions. In contrast, our method extracts the time-
series signals attributable to the HR from the facial region
(forehead, cheek, or jaw) that contain less-textured informa-
tion, thereby suggesting reliable signals with less demosaicing
effects. Hence, we conjecture that the effects of the above-
mentioned demosaicing problems would be less significant in
HR estimation.

5) Limitation: In practice, we assumed that the subjects
would move substantially over a short duration. Thus, when
the subjects moved considerably for a long time, our method
may fail to accurately estimate HR. To verify this limitation,
we analyzed the performance of HR estimation in such cases.

An example of HR estimation results with low accuracy is
shown in Fig. 10. In this case, the subject moved considerably
for a long time, indicating that unstable observations for HR
estimation were continuously obtained. We conjecture that our
Bayesian inference fails to predict latent HR in this context.

To address this problem, we believe that it is important to
compensate for the changes in the reflected light induced by
the movement of a subject. We intend to investigate techniques
to realize this in future research.
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Fig. 10. Example of failure cases (#1 in “S6”).

VIII. CONCLUSION
A. Summary

We proposed a non-contact HR estimation method that
is robust to varying illumination conditions. We utilized an
RGB/NIR camera to capture the temporal variations in the
pixel value related to the cardiac pulse. We utilized RGB and
NIR observations for HR estimation by analyzing the correla-
tions between the signals in the face and background regions.
To address the decrease in the HR estimation accuracy arising
from the substantial movements of subjects, we incorporated
a motion-robust time-series filtering into our framework. We
demonstrated the effectiveness of the proposed method using
public datasets and ours, including sequences with significant
fluctuations in the illumination and movements of subjects.

B. Future Work

We intend to investigate techniques to address the limita-
tions of our current method, as discussed in Section VII-ES5.

We assumed that NIR face videos could be captured in-
dependently from varying background illumination. However,
when varying background illumination includes significant
NIR components, our method may fail to accurately estimate
HR. In future work, we will investigate ways to address
varying background illuminations, including multispectral in-
formation (such as ultraviolet and NIR).
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