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ABSTRACT
We propose a method for heart rate (HR) estimation that is ro-
bust to various situations such as bright, low-light, and vary-
ing illumination scenes. We capture temporal variations in the
pixel values owing to person’s cardiac pulse by using a cam-
era that records red, green, and blue (RGB) and near-infrared
(NIR) information. The key novelty of our method is to intro-
duce a scheme for adaptive fusion of RGB and NIR signals
for HR estimation, by analyzing variations in the background
illuminations. RGB signals will be a good cue for HR esti-
mation under bright scenes. In contrast, NIR signals are more
reliable in HR estimation than RGB ones in complex illumi-
nation scenes, because NIR signals can be captured indepen-
dent to changes in the background illuminations. By mea-
suring correlations of signals between background and face
regions, we adaptively utilize RGB and NIR signals for HR
estimation. Experiments demonstrate the effectiveness of our
method.

Index Terms— Remote vital sensing, RGB/NIR camera

1. INTRODUCTION
Heart rate (HR) is an important vital sign to estimate the phys-
iological and the emotional states of person [1, 2]. Many
methods for HR estimation using cameras have been pro-
posed in the last decade [3–14]. Cameras enable to capture
temporal changes in the skin color owing to person’s cardiac
pulse; thus, such time-series signals recorded in the videos
can be exploited for HR estimation.

Previous video-based methods have shown their effective-
ness in HR estimation. However, there remains a limitation
to their use for uncontrolled scenes such as: low-light scenes,
and scenes under varying illuminations (Fig.1). In low-light
scenes, only small amount of light can come to camera.
In scenes under varying illuminations, dominant color cast
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Fig. 1. Problems of HR estimation under uncontrolled scenes.

caused with background illuminations occurs on videos. It
indicates that such uncontrolled illumination scenes make it
difficult to measure changes in the skin color owing to cardiac
pulse of person.

To overcome this problem, researchers have proposed
methods for HR estimation using near-infrared (NIR) cam-
eras [11–14]. By utilizing an NIR flash unit, sufficient amount
of illuminations can be provided for scenes. Because NIR
cameras can capture the NIR components only, influences of
varying background illuminations can also be suppressed in
HR estimation.

In fact, however, it is difficult to extract signals that corre-
spond to HR from an NIR video, because of light absorption
characteristics of blood [15, 16]. Hence, the accuracy of HR
estimation using NIR signals would become lower than that
of using RGB signals in bright scenes.

Kado et al. [14] used an RGB/NIR camera to estimate
HRs under varying illuminations. They extended the existing
method [7] by exploiting RGB and NIR patch signals mea-
sured in both spatial and spectral domains. They showed that
the use of RGB and NIR signals enabled suppressions of in-
fluences of varying illuminations in HR estimation.

However, there still remains a problem for the method [14].
The authors of [14] simultaneously used RGB and NIR sig-
nals for HR estimation without considering background il-
luminations. When the background lights stably illuminate
scenes, the use of NIR signals makes trouble for HR estima-
tion because of light absorption characteristics of blood. In
contrast, when background illumination fluctuates largely, the
use of RGB signals decreases the accuracy of HR estimation.

In this study, we propose a novel method for remote HR
sensing using RGB and NIR videos. The key novelty of the
proposed method is to incorporate the measure of background
illuminations into the HR estimation. When the background
illumination fluctuates, it is preferable for HR estimation to
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Fig. 2. Overview of our method: (a) RGB/NIR imaging; (b) HR inference with adaptive fusion of RGB/NIR signals.

emphasize contributions of NIR signals more than those of
RGB ones. On the other hand, RGB signals will be more
reliable for HR estimation than NIR in scenes where stable
illuminations are maintained. By measuring correlations be-
tween face and background signals in the frequency domain,
we can estimate which of RGB and NIR signals are more reli-
able for HR estimation. With this response, we can adaptively
exploit time-series signals measured in RGB and NIR videos
for HR estimation.

2. OVERVIEW OF THE PROPOSED METHOD
Our goal is to achieve accurate HR estimation under varying
illuminations. Figure 2 shows an overview of the proposed
method. We perform a time-series filtering to build a prior
probability of HR. We then compute a posterior probability
of HR by calculating a likelihood using the RGB and NIR
observations. In this processing, we adaptively fuse RGB and
NIR observations via cross-spectral analysis of face and back-
ground signals. We finally infer the latent HR based on a
maximum a posteriori (MAP) framework.

2.1. Problem Formulation
Let the latent HR at the τ -th time window be hτ , and the ob-
served pair of RGB and NIR videos at the τ -th time window
be zτ =

(
IRGB
τ , INIR

τ

)
, where the RGB and NIR videos are

represented as IRGB
τ and INIR

τ , respectively. The size of time
window is denoted as N . We also define all of the observa-
tions up to the τ -th time window as Z1:τ = (z1, ..., zτ ).

The posterior probability of hτ , defined as p(hτ | Z1:τ ),
can be derived using Bayes rule as

p(hτ | Z1:τ ) ∝ p(zτ | hτ ) p(hτ | Z1:τ−1)

= p(zτ | hτ )

∫
p(hτ | hτ−1) p(hτ−1 | Z1:τ−1) dhτ−1 , (1)

where p(zτ | hτ ), p(hτ | hτ−1), and p(hτ−1 | Z1:τ−1) repre-
sent a likelihood at τ , a state transition probability from τ − 1
to τ , and a posterior probability at τ − 1, respectively. In our
Bayesian inference, we utilize a particle filter framework [17]

to estimate the posterior probability p(hτ | Z1:τ ). In Eq. (1),
we model the state transition probability p(hτ | hτ−1) as a
Gaussian distribution (i.e., the first-order autoregressive (AR)
model) with the mean µ (= hτ ) and the standard deviation
σ. The likelihood p(zτ | hτ ) is computed using the RGB and
NIR video observations. We describe the details of how to
compute p(zτ | hτ ) in the subsequent sections.

We infer the latent HR h∗
τ based on MAP estimation

framework; it is obtained as

h∗
τ = arg max

hτ

p(hτ | Z1:τ ) . (2)

3. ADAPTIVE FUSION OF RGB AND NIR SIGNALS
We model the likelihood term in Eq. (1) using the RGB and
NIR observations. Specifically, it is represented as

p(zτ | hτ ) = γτβ
back
τ pRGB(I

RGB
τ | hτ )

+(1− γτβ
back
τ ) pNIR(I

NIR
τ | hτ ) , (3)

where pRGB(I
RGB
τ | hτ ) represents a likelihood that is com-

puted exploiting an RGB video, whereas pNIR(I
NIR
τ | hτ ) de-

notes the one that is computed exploiting an NIR video. The
weight γτ assesses which signals measured from the RGB
and NIR videos are more reliable. The other weight βback

τ is
computed based on cross-correlations of signals in the face
and background regions.

3.1. Face Patch Selection

According to past studies [7, 8], it is reported that analyzing
time-series signals in local image patch basis was effective for
HR estimation. Based on this findings, we utilize local image
patches for HR estimation.

We first perform a face detection [18, 19] to extract cheek
regions in the subject’s face. This is primarily because local
patches selected from a cheek region allow the extraction of
reliable signals for HR estimation, as reported in [7, 10, 14].

We then randomly select local patches from the cheek re-
gion. We denote a set of the selected patch sequences in an



RGB video as PRGB
τ = {pRGB

τ,i }Mi=1 (M is the number of lo-
cal patches extracted), where pRGB

τ,i is an n × n × N -sized
patch image sequence in the τ -th time window. We obtain
pRGB
τ,i by estimating visual correspondence between consec-

utive frames using facial landmark positions.
We also randomly extract such local patch sequences

from the NIR video in the same manner. We define them as
PNIR
τ = {pNIR

τ,i }Mi=1.

3.2. HR Candidates Extraction from RGB Video
3.2.1. Color Difference Space Conversion
According to the past study [9], it was shown that analysis
in the color difference space was effective for HR estima-
tion from an RGB video. Based on this findings, we project
the RGB values in the local patches into the color difference
space, and then measure the temporal variations in each patch.

3.2.2. Frequency Analysis
We perform a fast Fourier transform (FFT) to obtain a power
spectrum of the time-series patch signal. Furthermore, we
utilize a band-pass filter that filters out the spectrum compo-
nent in the frequency range 0.7 - 2.5 Hz. We determine these
cut-off frequencies based on the knowledge about the range
of HR of normal person [20]. We apply this band-pass filter
to a power spectrum measured from a local patch. We define
a power spectra filtered by this band-pass filter for the i-th
patch as BRGB

τ,i .
3.2.3. HR Candidates Extraction
We explore the frequency that has the largest power spectrum
component (defined as v1) in BRGB

τ,i , which is assumed to be
the frequency of cardiac pulse of person [7, 14]. We denote
such frequency as bRGB∗

τ,i . As in [7, 14], we consider a confi-
dence score that assesses how much the HR candidate bRGB∗

τ,i

is reliable. To do this, we explore the second-largest power
spectrum component v2 from BRGB

τ,i . We then compute the
confidence score as αRGB

τ,i = v1/v2.
We perform the above processing to all of the local

patches. We finally obtain a pair of the HR candidates and
the corresponding confidence scores for all of the selected
patches. We respectively denote them as (bRGB∗

τ,1 , ..., bRGB∗
τ,M ),

and (αRGB
τ,1 , ..., αRGB

τ,M ).

3.3. HR Candidates Extraction from NIR Video
Similar to the procedure described in the former section, we
extract candidates of HR from the NIR video. We apply the
frequency analysis (Sect. 3.2.2) to each local NIR patch in
PNIR
τ . Following the procedure described in Sect. 3.2.3, we

then extract the HR candidates from PNIR
τ that are defined as

(bNIR∗
τ,1 , ..., bNIR∗

τ,M ). The corresponding confidence scores are
represented as (αNIR

τ,1 , ..., αNIR
τ,M ).

3.4. Likelihood Computation
Using {bRGB∗

τ,i }, {αRGB
τ,i } and {bNIR∗

τ,i }, {αNIR
τ,i }, we respec-

tively model the RGB and NIR likelihoods pRGB(I
RGB
τ | hτ )

and pNIR(I
NIR
τ | hτ ) based on a weighted kernel density es-

timation. We compute pD(IDτ | hτ ) (D ∈ {RGB,NIR}) as

pD(IDτ | hτ ) =

1∑M
i=1 α

D
τ,i

1

MW

M∑
i=1

αD
τ,iK

(
hτ − bDτ,i∗

W

)
, (4)

where K(·) represents a Gaussian kernel with the bandwidth
W . Using the sampling rate of camera fs, we set W such that
W = fs/N (i.e., frequency resolution).

3.5. Modeling Influences of Background Illuminations
To examine influences of background illuminations in esti-
mating HR, we compute the weight βback

τ by measuring cor-
relations of signals of background and those of face of person.

3.5.1. Cross-spectral Analysis

We randomly select local image patches from face and back-
ground regions in the RGB video, and extract temporal varia-
tions in these patches. In every color channel, we average the
extracted time-series signals over the face patches, and then
remove its trend component from the averaged patch signal
(i.e., subtraction of temporal mean value). This processing al-
lows us to analyze similarity between harmonic components
of signals. In the same manner, We average and detrend patch
signals extracted from the background regions.

In order to measure the spectral correlations between the
face and background signals, we apply a cross-spectral anal-
ysis to the obtained face and background signals. We de-
note the obtained cross-power spectra as {Sc

τ}c∈R,G,B, where
each component Sc

τ has N frequency components: Sc
τ =

(Sc
τ,f1

, ..., Sc
τ,fN

).

3.5.2. Computation of Weight of Background Illuminations

Using {Sc
τ}, we compute βback

τ . When the cross-power spec-
tra have strong components in the range of HR relative to the
other frequency components, we consider that differentiations
between HR and background signals will be difficult, because
they are highly correlated with each other.

We assess how much the background illuminations will
influence on the HR estimation. For each color channel, we
first compute the relative largest cross-power spectrum mc in
the range of possible HR against the maximum cross-power
spectrum ; it is computed as

mc = max
f∈RHR

Sc
τ,f

max
f

Sc
τ,f

c ∈ {R,G,B} , (5)

where RHR is a range of possible HR (from 0.7 to 2.5 Hz).
We compute βback

τ by utilizing the maximum response
among mR,mG and mB as

βback
τ = 1− max

c∈{R,G,B}
mc. (6)



3.6. Cross-domain Reliability Computation

We assess which of RGB and NIR face patch signals will
be more reliable in HR estimation. When the RGB confi-
dence scores {αRGB

τ,i } show higher values than the NIR ones
{αNIR

τ,i }, we consider that RGB patch signals are more reliable
than NIR. Therefore we compute the score γτ that character-
izes such reliability as

γτ =

∑M
i=1 α

RGB
τ,i∑M

i=1(α
RGB
τ,i + αNIR

τ,i )
. (7)

4. EXPERIMENTS

To evaluate the effectiveness of our method, we conducted
experiments using real RGB and NIR videos. 11 subjects (22-
24 years old) participated, and they were asked to sit still.

We tested our method under the following illumination
conditions: (i) bright scene (illumination level: 600 lx), (ii)
low-light scene (illumination level: 0.4 lx), (iii) scene under
varying illumination with a frequency near to HR of normal
person (illumination level: 1 lx), and (iv) realistic scene like a
theater (low-light scene with varying illuminations; illumina-
tion level: 1 lx). We refer to these conditions to “S1”, “S2”,
“S3” and “S4”, respectively. In “S3” and “S4”, we respec-
tively played a sine-wave movie with 0.83 Hz (50 bpm), and
a YouTube movie 1 (Trailer of Action movie) in a display lo-
cated near to subjects (Fig.3). We captured RGB raw and
NIR videos for 2 minutes with a two-plate RGB/NIR cam-
era (JAI AD-130GE). The 8 bit RGB raw and NIR images
with 1296×966 resolutions were recorded at 30 fps. For each
RGB raw frame, we applied a demosaicing method [21] to
obtain an RGB image with full resolutions. We used a pulse
oximeter (CONTEC CMS50D+) to obtain a reference HR.

We compared our method with state-of-the-art methods:
Lam et al. [7] (method using an RGB video), method [7] us-
ing an NIR video, and Kado et al. [14] (method using RGB
and NIR videos). By conducting preliminary experiments us-
ing the other RGB and NIR videos, we set parameters for
our method such that σ2 = 25, N = 900 (30 sec), n =
20, and M = 160. We used the same parameters for all of
the evaluations. For the comparison methods, we used the
same image patches, and set their parameters such that they
enabled to obtain the best results. We quantitatively evaluated
the results by using both mean absolute error (MAE) and root
mean squared error (RMSE) measures.

Table 1 lists the comparison results. Each value was ob-
tained by averaging results for all of the subjects. We can see
that our method outperformed the other methods in all of the
scenes. Figure 4 shows the Bland-Altman plot [22,23], which
is a method of data plotting used for assessing agreement be-
tween results obtained with two measurement methods; plots
where the measurements are distributed narrowly around zero

1https://www.youtube.com/watch?v=zJO4LPkcadM

Subject

sin-wave movie with 0.83 Hz
(near to HR of normal person)

RGB/NIR camera

(a) scene “S3”(1 lx)

RGB/NIR cameraSubject

Trailer of Action movie

(b) scene “S4”(1 lx)
Fig. 3. Illumination conditions (“S3” and “S4”).

Table 1. Quantitative comparisons using the averaged MAE
and RMSE measures. The best scores are represented in bold.

MAE RMSE
S1 S2 S3 S4 S1 S2 S3 S4

[7] 3.9 14.4 22.7 25.7 5.9 17.9 22.8 26.4
[7] (NIR) 6.7 6.3 4.2 6.8 10.1 10.8 7.1 8.6

[14] 4.9 7.0 22.6 14.1 7.4 11.4 22.7 18.5
Ours 1.9 2.7 2.5 2.6 2.4 3.9 3.3 3.5

indicate the better performance. In this assessment, we com-
pared the measurements obtained with our method and those
with a pulse oximeter (i.e., reference HR). We can see that our
method can estimate more accurately than the other methods.

We finally show temporal changes in the estimated HR for
subject #6 in scene “S3” in Fig.5. We can see that temporally-
stable and accurate results were obtained using our method.

5. CONCLUSION

We proposed a method for HR estimation that is robust to var-
ious illumination conditions. We utilized an RGB/NIR cam-
era to capture temporal variations in the pixel value owing to
person’s cardiac pulse. By analyzing correlations of signals
between background and face regions, we adaptively utilized
the RGB and NIR signals for HR estimation. Through the ex-
periments, we demonstrated the effectiveness of our method.
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