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Abstract. This work addresses the problem of estimating heart rate
from face videos under real conditions using a model based on the recursive inference problem that leverages the local invariance of the heart
rate. The proposed solution is based on the canonical state space representation of an Itō process and a Wiener velocity model. Empirical
results yield to excellent real-time and estimation performance of heart
rate in presence of disturbing factors, like rigid head motion, talking
and facial expressions under natural illumination conditions making the
process of heart rate estimation from face videos applicable in a much
broader sense. To facilitate comparisons and to support research we made
the code and data for reproducing the results public available.

1

Introduction

In general, the role of physiological states has a large impact on human state
computing in computer vision, since it tells something about the aﬀective nature
of the human interacting with a machine or being monitored by optical sensors
solely. During the last years, the task of measuring skin blood perfusion and
heart rate measurements from facial images became part of top computer vision
conferences [23,25,34,41]. Interestingly, all these contributions focus on how to
cope with motion like head pose variations and facial expressions since any kind
of motion on a speciﬁc skin region of interest will destroy the underlying blood
perfusion signal in a way that no reliable information can be extracted anymore.
Apart from being able to estimate vitality parameters like heart rate and respiration, monitoring functional survey of wounds as well as quantiﬁcation of allergic
skin reaction [4] are further topics of discovered employment scenarios of skin
blood perfusion analysis. Recently, prediction of emotional states [28,36] and
stress [6] became an interesting new achievement in this area, pushing the focus
of this technology further towards human-machine interaction. The technical
term of skin blood perfusion analysis by image sensors is known as Photoplethysmography Imaging, short PPGI. Although the PPGI measurement is accurate,
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Fig. 1. The average green channel on a face region during rigid head motions. In the
ﬁrst 250 frames the user is in a resting state and the ﬁne pulsation of blood volume is
visible. After 300 frames the user started to move his head and the pulse signal gets
lost. (Color ﬁgure online)

it is bound to speciﬁc environmental conditions in order to operate accurately
yet. The most signiﬁcant factors inﬂuencing the operational performance are
the sensors spectral response, user movements like rigid head motions and facial
expressions as well as fast varying illumination conditions. Figure 1 illustrates
the disturbing inﬂuence of head motions on the raw PPGI blood volume pulse
signal. During head motion the pixel intensity distribution varies signiﬁcantly,
much more than the expectation which can be attributed to blood pulsation.
This problem can be solved by a feature invariant under local intensity variations larger than blood pulsation and a process model that leverages the local
invariance of the heart rate. The main contributions of this work are
– a novel formulation for the problem of estimating heart rate using low-cost
camera sensor technology, and
– a spatio-independent feature representation invariant under large varying
pixel intensity distribution induced by facial motions.
Initially, from the historical genuine up to the development of the current state
of the art in computer vision, the methodology of PPGI will be reviewed. Followed by theoretical aspects, the model will be described in detail. Based upon
conducted empirical ﬁeld data collection the results will be presented and ﬁnally
discussed.

2

Related Work

The term Photoplethysmography, short PPG, dates back to the late ﬁrst half of
the 20th century, when Molitor and Kniazak [31] recorded peripheral circulatory
changes in animals. One year later, Hertzman [16] introduced the term Photoelectric Plethysmograph as “the amplitude of volume pulse as a measure of the
blood supply of the skin”. Hertzman’s instrumentation comprised mainly of a
tungsten arc lamp and a photomultiplier tube. An advancement to the classical
PPG is the camera based PPGI method introduced by the pioneering work of
Blazek [5]. The basic principle behind the measurement of blood volume changes
in the skin by means of PPG is the fact that hemoglobin in the blood absorbs
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speciﬁc frequency bands of light many times more strongly than the remaining skin tissues. Since the ﬁrst published visualisation of pulsatile skin perfusion
patterns in the time and frequency domain by Blazek [5], classical signal processing methods are applied commonly to extract reasonable information out of the
perfusion signals [17,35,42]. Since it is realized that motion of the skin area of
interest [17] and later micro motion of the head due to cardiac activity [3,29]
inherently induces artifacts into the extracted signal, especially when lighting is
neither uniform nor orthogonal, canceling motion artifacts during signal processing became an important aspect for reliable skin blood perfusion measurements
[30]. From the basic early idea of compensating the motion of the skin area of
interest by optical ﬂow methods directly in the image plane [17], Poh et al. [35]
regarded the problem solution for facial videos as a blind source separation task
using Independent Component Analysis (ICA) over the diﬀerent color channels,
whereby Lewandowska et al. [24] compared ICA against Principal Component
Analysis additionally. However, in case the underlying signal basis is majoritarian Gaussian, ICA will not be able to determine a proper de-mixing matrix [8].
This happens exactly when the skin blood perfusion signals contain harmonics beside their fundamental frequency. De Haan and Jeanne [14] and De Haan
and Van Leest [15] proposed to map the PPGI-signals by linear combination of
RGB data to a direction that is orthogonal to motion induced artifacts. A recent
alternative, which does not require skin-tone or pulse-related priors in contrast to
the channel mapping algorithms, determines the spatial subspace of skin-pixels
and measure its temporal rotation for signal extraction [44]. Tulyakov et al. [41]
proposed matrix completion to jointly estimate reliable regions and heart rate
estimates whereby Li et al. [25] applied an adaptive least square approach to
extract robust pulse frequencies. Both reported performance gains similar to De
Haan and Jeanne [14]. Only Wang et al. [44] reports signiﬁcantly more accurate
results especially under head motion and talking.

3

Methodology

The underlying system of measuring heart rate from face regions using conventional camera technology is based upon a diﬀusion process. The entire process
itself consists of independent single processes; the heart frequency, the illumination and the users head movement and facial motion. The periodic event of
heart frequency appears in form of a stochastic resonator. The illumination as
well as the head movement and facial motion is represented as a Wiener process
[45], whereby a violation of the smoothness criterion yields to a generalized Poisson process [9]. The general solution of the corresponding stochastic diﬀerential
equations is given by Itō’s lemma [18]. If the resonator’s fundamental frequency is
known, the solution yields to a general time-discrete linear dynamic system [21].
However, in case the resonator’s fundamental frequency is unknown, the problem is given as latent state of the frequency. This results in a Markov process,
whereby the latent states are time-discrete linear dynamic systems. The closed
form solution to this problem is described by Bloom and Bar-Shalom [7]. The
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advantage of this kind of formulation is that the case of non-uniform sampling
as well as missing observations is naturally included in the model [20]. The basic
idea of methodology is inspired by the work of Särrkä [37] and Särrkä et al. [38].
3.1

The Diﬀusion Process

In mathematics and physics any kind of process producing the same output from
a given starting condition or initial state is called a deterministic system. This
means in the development of future states of the system there’s no randomness
involved. Like physical laws they are described by diﬀerential equations. Unfortunately, in nature when studying biological systems this is often a rarely case.
Here, this can be expressed as a sequence of random variables. The random variables which correspond to various times may be completely diﬀerent. The only
assumption is that these diﬀerent quantities take values in the same space. In
probability theory this phenomena is known as stochastic process. Recalling the
ordinary diﬀerential equation [1] of the form
dx(t)
= F x(t)
(1)
dt
Adding a noise term as function yields to a stochastic diﬀerential equation
dx(t)
= F x(t) + Lw(t)
(2)
dt
where the Itô process [18] deﬁnes the solution to the equation.
The discrete-time approximation of a linear stochastic diﬀerential equation
yields to [32,37]
x(ti + 1) = eΔtF x(ti )
 ti+1
e(t−s)F Lw(s)ds,
+

(3)

ti

with Δt = ti+1 − ti , the Wiener process w(t) with spectral density W and the
covariance of the stochastic integral
 Δt
Qi =
Ai LW LT ATi dτ,
(4)
0

ΔtF

with Ai = e

, which results to the discrete-time model [10,13,19,21,47]
x(ti+1 ) = Ai x(ti ) + q(ti )

(5)

y(ti ) = Hi x(ti ) + e(ti )

(6)

q(ti ) = N (0, Qi )

(7)

e(ti ) = N (0, Σi ).

(8)

with process noise
and measurement noise
Ai and Hi corresponds to the state transition and the measurement model
respectively. Although, the dynamic of the model is continuous, the measurements are at discrete time steps of a linear Gaussian process.
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The Feature Space

Under natural conditions, illumination is not static as well as not uniform distributed over facial skin regions. The intensity distribution of skin pixels varies
signiﬁcantly when an user starts to move the head as illustrated in Fig. 1. Assuming that the image source S produces random variables X with an associated
probability density function p(x), a suitable feature representation for the skin
blood perfusion, invariant with respect to the location and large magnitude differences of pixel intensities can be expressed as the average quantization error
d of an uniform quantizer and an associated set of decision intervals {Ik }M
k=1 ,
such that Ik = {bk−1 , bk ) for k = 1, 2, ..., M , where bk−1 and bk represent the
upper and lower limits of the pixels values at each region. Each interval Ik is
represented by a quantized value yk , the mean value of the each region, which
implements the mapping x ∈ Ik ⇒ y = yk [12,33]
M  bk

D=
(x − yk )p(x)dx.
(9)
k=1

bk−1

The quantizers amount of bits has to be chosen smaller than the bits used for
the sensors capacitor discharge voltage being read as pixel intensity. Since the
contribution of the perfusion signals magnitude inside each code word interval
is assumed to be not equal, each average interval distortion is normalized by
standard deviation
 bk
M

(x − yk )p(x)dx
b
 k−1
(10)
F =
2 p(d )dd
(d
−
μ
)
k
d
k
k
k=1
k
dk


with
udk =

dk p(dk )ddk .

(11)

dk

A strategy of normalizing the local intensities is given by a suitable surrounding
potential. This can be either realized as the ratio of the green channel and
the total amount of RGB information on a given pixel, G/(R + G + B) or
for any monochrome intensity by its neighboring values, for example using the
Moore neighborhood. As general pre-processing step skin segmentation can be
performed by thresholding the chroma components Cr and Cb in the YCrCB
color space.
The described feature is a spatio-independent representation under the
assumption of a phase synchronized perfusion phenomena, although in detail
this is not the case [40].
3.3

The Periodicity

Any band-limited zero-mean periodic signal with stationary frequency f can be
approximated to an arbitrary precision with a truncated Fourier series
c(t) =

N

n=1

an cos(2πnf t) + bn sin(2πnf t)

(12)
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with an and bn the Fourier coeﬃcients. The fundamental frequency f and the
harmonic components with frequencies as multiples of their base, nf [22,46].
Physiological signals like the perfusion phenomena are not stationary and
they are of quasi-periodic nature. The major source of non-stationary in the
perfusion signal is caused by the varying fundamental frequency resulting in
a function of time f (t). Another source of aperiodicity of the signal are small
changes in amplitudes and phases in the harmonics. This can be modeled by an
additional white noise component en (t) with spectral density qn to each harmonic
component
c(t) =

N


an cos(2πnf (t)t)

(13)

n=1

+ bn sin(2πnf (t)t) + en (t).
However, this representation is sensitive to changes in frequency. When t is large,
any change in the frequency causes a large change in signal c(t). Discontinuities
in the frequency will also cause the signal c(t) to be discontinuous.
Recalling the classical mechanics of circular motion, the system of a single
harmonic oscillator yields to a 2nd order diﬀerential equations [11]
d2 cn (t)
= −(2πnf )2 cn (t)
dt2

(14)

cn (t) = an cos(2πnf t) + bn sin(2πnf t)

(15)

with the solution

where the constants an and bn are set by the initial conditions of the diﬀerential
equation. Accounting for non-stationary frequency as a function of time and
changes in amplitude and phase leads to the diﬀerential equation
d2 cn (t)
= −(2πnf (t))2 cn (t) + en (t)
dt2

(16)

for each harmonic component. The major advantage of such a stochastic representation of a resonator is, even when the frequency is discontinuous the signal remains continuous. Figure 2 shows a single stochastic oscillator with timevarying frequency and amplitude. The stochastic state space for the resonator
signal yields to
dx(t)
= F0 (f (t))x(t) + Le(t),
(17)
dt
c(t) = Hx(t).
(18)
Since the frequency is unknown, the state space depends on an additional
latent variable
dx(t)
= F0 (θ)x(t) + Le(t),
(19)
dt
c(t) = H(θ)x(t).
(20)
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Fig. 2. A simulated trajectory of a stochastic oscillator with frequency trace in a range
typical for a human in resting state.

such that
θ ∈ Ω = {θ1 , . . . , θS }

(21)

forming a Markov chain with transition matrix Π with transition probabilities
j
) = Πij .
P (θti |θt−1

(22)

The solution is given by computing the Gaussian mixture approximation to the
joint posterior distribution of the latent variables and states [7].
3.4

The Drift

Despite the underlying pure perfusion signal, remote sensing signals of human
skin encapsulates further components which can be described as time varying
bias and jumps. The bias function x(t) is assumed to be smooth and slow varying
and can be assigned to general changes of natural illumination conditions as
well as slow head movements and facial motion. Since there’s no further distinct
knowledge about the drift process it is modeled as Wiener process
d2 x(t)
= w(t),
dt2

(23)

where w(t) corresponds to a white noise process with spectral density qw and
has continuous sample path [45]. However, sudden strong changes in illumination, fast head movements and facial motion causing discontinuities and therefore violating the smoothness criterion of the drift. This yields to a general
Markov process that modulates the intensity function of an inhomogeneous Poisson counting process

ξi
(24)
X(t) = X0 +
i:si ≤t

where X(t) is a real-valued stochastic process and (si , ξi ) are the events of a two
dimensional Poisson process on [0, T ] × R. The intensity of this process is given
by λ(s, y) = λh(y), where λ > 0 describing how frequently the jumps of X occur
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and hθ (y) is the jump density describing magnitudes of jumps ξi of process X.
Here θ ∈ Θ is an unknown parameter deﬁning the distribution of jumps. The
parameters θ and λ have a prior density π(θ, λ). As well the initial condition
X0 is assumed to have a prior density π0 . λ will have a time varying intensity
λ = λ(t). The Bayesian approach leads conveniently to the combined parameter
and state estimation via the posterior expectation given the observation Y



(25)
X(t),
θ, λ(t) := Eπ,πð [X(t), θ, λ(t)|Y1 , ...Yk ]
for τ k ≤ t < τ (k + 1) [27]. Figure 3 shows a simulated trajectory of a Wiener
process and its realization modulated by a Poisson process.

Fig. 3. A simulated trajectory of a Wiener process and its realization modulated by a
Poisson process with λ = 1.95 and θ = 35.

4

Experiments

In order to evaluate the proposed model, empirical data is collected under natural environmental conditions with a typical 24 bit low-cost webcam, a Logitech
HD C270, as well as reference ground truth measurements using a common
ﬁnger pulseoximeter, a CMS50E PPG device. 25 users were asked to perform
video recordings in two sessions resulting in a total amount of 50 videos. The
ﬁrst session is selected to be even-tempered without any kind of larger head or
body movements and facial expressions. During the second session, participants
were free to move their head naturally while remaining seated. Typical movements included tilting the head sideways, nodding the head, looking up/down
and leaning forward/backward. Some participants also made facial expressions,
or started to talk. The recording illumination environment was chosen as daylight oﬃce scenario without any additional lighting. The duration of each session
is approximately one minute. The frame rate was ﬁxed to 15 fps in average and
the corresponding time stamps for each frame were captured too. The ﬁnger
pulseoximeter data for each session and participant was stored for later comparison. Bland-Altman [2] and correlation plots were used for combined graphical and statistical interpretation of the two measurement techniques. For every
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Fig. 4. Correlation and Bland-Altman [2] plots of PPGI diﬀusion process estimated
heart rate against CMS50E PPG ﬁnger-pulseoximeter reference of 25 users in resting
state.

Fig. 5. Correlation and Bland-Altman [2] plots of PPGI diﬀusion process estimated
heart rate against CMS50E PPG ﬁnger-pulseoximeter reference of 25 users performing
head rotations.

video recording a standard Viola-Jones [43] face ﬁnder was used to determine the
analysis region of interest. The extracted feature, 6 bit quantized green channel,
was feed into the vector valued representation of the diﬀusion process on a frame
by frame basis. On every estimated pulse trace a spectral peak is determined
by the Lomb periodogram [26,39]. The frame duration was set to 10 s with an
overlap of 90%. The correlation and Bland-Altman plots for the resting and head
motion condition are reported in the following Figs. 4 and 5 respectively.
To obtain further insides about the potential strength of the diﬀusion process
model, the approach is compared against the recently published Spatial Subspace
Rotation (SSR) [44] and the baseline ICA approach [35]1 . Figure 6 compares an
users estimated pulse signal under rigid head motions and the corresponding
spectrogram for the three methods. The hear rate frequency for the ICA methods
nearly gets lost completely. For the SSR method the frequency trace of heart
rate is better visible but cannot compete against the diﬀusion process model
where the heart rate is very clear over the entire sequence of head movements.
Interestingly, the heart rate gets slightly increased during the head rotation
phases. The detailed correlation coeﬃcients and squared errors of prediction for
all approaches are provided for the two data sessions in Table 1. The primary
1

We also reimplemented other methods [14, 25, 41], since their code is not available.
Unfortunately, we obtained worse results.
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signal processing and frequency estimation is the same used during the diﬀusion
process experiments. ICA performs worst and is not able to provide reliable heart
rate information during head motion. Although SSR performs better it cannot
compete against the robustness of the diﬀusion process.

Fig. 6. Comparison of an users estimated blood volume pulse signal. Under rigid head
motions and the corresponding spectrogram for the ICA [35], the SSR [44], the diﬀusion
process model and the reference ﬁnger pulseoximeter. These estimates are based upon
the video illustrated in Fig. 1.

Table 1. Pearson’s correlation coeﬃcient and squared errors of prediction of ICA [35],
the SSR [44] and the diﬀusion process (DP).
Type

ICA

SSR

DP

Resting

0.61/7.8

0.78/4.8 0.95/3.6

Head rotation 0.21/14.6 0.47/7.6 0.87/3.9

5

Conclusions

In this work, we have derived a holistic signal interpretation of heart rate estimation from face videos under realistic conditions. The closed form solution of
the corresponding stochastic diﬀerential equations yields to a diﬀusion process
where the exact estimate of the source separated heart rate signal is obtained
via the posterior distribution of the process. The recursive nature of the underlying Bayesian inference scales the processing to a very fast approach. Further,
we considered a spatio independent intensity feature. We compared the model
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against two approaches on face videos under resting as well as head and facial
motion scenarios under natural illumination conditions. Measurements on a 25
user experiment showed clearly superior robustness of the diﬀusion process modelling, although the uncertainty of prediction still gets slightly increased during
natural head motion. We conclude that an entirely invariant process model still
depends on a more robust feature representation.
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