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Living-Skin Classification via Remote-PPG
Wenjin Wang, Sander Stuijk, and Gerard de Haan

Abstract—Detecting living-skin tissue in a video on the basis
of induced color changes due to blood pulsation is emerging
for automatic region of interest localization in remote photo-
plethysmography (rPPG). However, the state-of-the-art method
performing unsupervised living-skin detection in a video is rather
time-consuming, which is mainly due to the high complexity of
its unsupervised on-line learning for pulse/noise separation. In
this paper, we address this issue by proposing a fast living-skin
classification method. Our basic idea is to transform the time-
variant rPPG-signals into signal shape descriptors called “Multi-
resolution Iterative Spectrum” (MIS), where pulse and noise
have different patterns enabling accurate binary classification.
The proposed technique is a proof-of-concept that has only been
validated in lab conditions but not in real clinical conditions.
The benchmark, including synthetic and realistic (non-clinical)
experiments, shows that it achieves a high detection accuracy
better than the state-of-the-art method, and a high detection
speed at hundreds of frames per second in Matlab, enabling
real-time living-skin detection.

Index Terms—Biomedical monitoring, remote sensing, photo-
plethysmography, supervised learning, face detection.

I. INTRODUCTION

REMOTE photoplethysmography (rPPG) enables contact-
less monitoring of blood volume pulse using a regular

RGB camera. Recent advances in rPPG [1]–[5] trigger in-
terest of using this technique to detect living-skin pixels in
a video [6]–[10]. Given a video without any prior informa-
tion related to the subjects, living-skin detection is defined
as the procedure of locating the image regions containing
physiological signals (e.g., pulsatile blood) of a living human
being1. As compared to the conventional methods of using
skin-appearance features to detect skin-regions (e.g., face) [11]
in an image, this approach prevents the false detection of
human-similar objects and guarantees that detected regions
contain pulse-signals. This is particularly attractive for fully
automatic video-based heart-rate monitoring, as demonstrated
in [9], [10]. It is also desirable for other medical applications
that require living skin-tissue localization, such as (color-
based) respiration monitoring [12], SpO2 measurement [12],
and PPG-imaging [13]. In this paper, we consider living-skin
detection as an independent task/function for general video
health monitoring applications.
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1“Living-skin detection” is different from the general image-based skin
detection as more often studied in computer vision, which finds the skin-
similar objects in a static image but cannot indicate their liveness, e.g., a doll
or a photograph of a person may be detected as well.

Earlier methods in living-skin detection [6]–[10] use a
common scheme consisting of three steps: (i) segmenting the
video into spatio-temporal regions to extract locally indepen-
dent rPPG-signals; (ii) exploiting intrinsic properties of the
pulse-signal to differentiate pulse and noise from extracted
rPPG-signals; and (iii) labeling the regions containing pulse
as skin. In this scheme, the core function is step (ii) that
separates pulse and noise, which is also the key component to
distinguish different methods in literature. In 2013, Gibert et
al. [6] used a pre-defined threshold to select the regions with
high spectrum energy within the pulse-rate band as skin, which
is further used in [8]. Meanwhile, Lempe et al. [7] employed a
relative pulse amplitude mapping approach to find the Region
of Interest (RoI), which is closely related to PPG-imaging.
However, it relies on the facial landmark detection, and thus
cannot work fully automatic as it is restricted to human face-
like objects. The methods in [6]–[8] have limited accuracy
since their pulse/noise classification is only based on a single
value (e.g., spectrum amplitude), as shown by the comparison
in [10]. In 2014, van Luijtelaar et al. [9] constructed a joint
multi-dimensional feature space using different properties of
pulse and skin, and applied a clustering method to find skin.
This approach enriches the feature representation of skin as
compared to [6]–[8]. In 2015, Wang et al. [10] proposed
a similarity-based living-skin detection method “Voxel-Pulse-
Spectral” (VPS), to detect the regions sharing pulse similarities
(e.g., frequency and phase) as one human being, which shows
superior performance in dealing with practical challenges.

Essentially, the core function of the state of the art VPS [10]
is its unsupervised learning step, which exploits the intrin-
sic properties (e.g., frequency and phase) of the extracted
pulse-signals to build a similarity matrix and clusters the
regions sharing similar pulsatile properties as skin using sparse
PCA [14] or sparse subspace clustering [15]. Although attrac-
tive, the high computational complexity of similarity learning
makes real-time processing demanding. For example, given n
rPPG-signals, the complexity of similarity matrix factorization
is O(n3), without counting the time spent on constructing
the similarity matrix and sparsity optimization [10]. This
complexity issue motivated us to explore supervised learning
for the pulse and noise differentiation as a mean to move the
bulk of the computational load to an off-line learning stage.

We show the feasibility of this approach by transforming
the rPPG-signals into signal shape descriptors that enable the
fast supervised classification between pulse and noise. The
proposed method consists of two steps: (i) transforming the
rPPG-signals extracted from a (segmented) video into signal
shape descriptors called “Multi-resolution Iterative Spectrum”
(MIS); (ii) utilizing the dictionary learning on the transformed
descriptors for fast training and prediction. The presented
technique is a proof-of-concept that has only been validated
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Fig. 1. The flowchart of the living-skin classification method. In the training stage, the positive RoI (skin) and negative RoI (non-skin) are defined in a
training video for extracting and labeling the rPPG-signals (pulse or noise). Based on the proposed MIS transformation algorithm, the labeled rPPG-signals
are transformed into descriptors for dictionary learning (DPL). In the classification stage, an unknown video is segmented into spatio-temporally coherent
regions (e.g., super-voxels) for rPPG-signal extraction and transformation. The transformed descriptors are fed into the learned dictionaries for classification.
Finally, we use the classification results to label the video segments as skin (in red) or non-skin. In this example, the subjects (e.g., female recorded by an
RGB camera) used for classifier training are different from the subjects (e.g., male recorded by an infrared camera) used for classifier testing.

in lab conditions but not in real clinical conditions. It demon-
strates state-of-the-art performance in our benchmark with
significantly improved processing speed (e.g., hundreds of
frames per second in Matlab). The key contribution of this
work is a new non-parametric transformation method (MIS)
that converts rPPG-signals into signal shape descriptors for
fast supervised classification.

The remainder of this paper is organized as follows. In
Section II, we analyze the considered problem and describe the
proposed method in detail. In Section III and IV, the proposed
method is experimentally evaluated, compared and discussed.
Finally in Section V, we draw our conclusions.

II. METHOD

A. Problem definition

Our goal is to perform fast supervised living-skin detection
using rPPG. However, rPPG-signals, combining pulse and
noise signals, are time-variant samples that have different
properties in frequency, amplitude and phase. If the rPPG-
signal can be converted into a different representation, where
(i) the within-class variance of pulse or noise is minimized, (ii)
the between-class variance of pulse and noise is maximized, it
would be possible to learn the transformed patterns for binary
classification. Therefore, the most critical problem concerning
our task is to find a transformation that achieves this goal. Our
exploration results in an intuitively simple but effective trans-
formation method called “Multi-resolution Iterative Spectrum”
(MIS). Based on the MIS-descriptor (i.e., the transformed
rPPG signal), we introduce a complete strategy for supervised
living-skin detection, which involves dictionary learning for
off-line training and on-line classification (see Fig. 1).

B. Multi-resolution Iterative Spectrum (MIS) Descriptor

Since this work focuses on addressing the core problem
in living-skin detection (i.e., pulse and noise separation), we
assume that we have a method in video segmentation [10], [16]

that can segment the video sequences, including the training
and testing data, into spatio-temporally coherent regions. From
these local segments, we can extract multiple rPPG-signals
in parallel using existing rPPG algorithms [1]–[5]. Among
them, (i) Blind Source Separation (BSS) based approaches
(PCA [2] and ICA [1]) use different criteria to de-mix temporal
RGB traces into uncorrelated or independent signal sources to
retrieve the pulse; (ii) data-driven approach (2SR [5]) measures
the temporal hue change from the spatial subspace rotation
of skin-pixels as the pulse; and (iii) model-based approaches
(CHROM [3], PBV [4] and POS [17]) exploit characteristic
color absorptions due to blood pulsation (i.e., the G-channel
has the largest pulsatile variation, followed by the B- and R-
channels [4]) as the prior knowledge to design a projection
function, from which the pulse-signal is extracted (i.e., color
property driven signal decomposition).

Here we particularly choose CHROM for local pulse extrac-
tion. The reasons are threefold: (i) model-based approaches
show superior robustness than BSS-based approaches [3], [4];
(ii) 2SR requires a clean skin-mask and sufficient number of
skin-pixels for estimating the pulse, which is not preferable
for local skin regions/patches that contain less skin-pixels
and large spatial quantization noise; and (iii) in model-based
approaches, PBV is particularly designed for challenging fit-
ness use-cases and requires sufficient amount of distortions (to
stabilize the RGB-covariance matrix inversion [4]) for pulse
extraction, which performs sub-optimal in (nearly) static sub-
jects with little distortions. An additional reason for choosing
CHROM lies in the fact that we, in this way, keep the pulse
extraction step in line with the most direct competitor [10] for
benchmarking. This allows for a direct and clean comparison
on the function of pulse and noise separation as proposed in
this paper compared to [10]. Note that we directly use the
raw rPPG-signals output by CHROM, disabling the band-pass
filtering function to preserve the noise pattern for two-class
discrimination. At this point, our main focus is in transforming
the rPPG-signal into a different representation that allows
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Fig. 2. (a) The transformation from an rPPG-signal to a descriptor in a single iteration, which consists of three steps: spectrum boosting, normalization, and
sorting. (b) The transformation is iteratively performed multiple times, where the input for the next round is the transformed signal from the last round.

supervised learning and classification.
Considering pulse and noise as two classes, the transformed

representation (i.e., signal shape descriptor) requires three
properties in rPPG-signals to be eliminated:
• Frequency The descriptor should be independent of the

pulse-rate;
• Amplitude The descriptor should not depend on the

amplitude of the rPPG-signal;
• Phase The descriptor should be invariant to phase

changes in the rPPG-signal.
The typical pulse-signal (with certain periodicity in a short

time-interval) has a peaked pattern in the frequency spectrum
as compared to that of the background noise-signal. We tend to
emphasize their difference/contrast in the spectral flatness for
discriminating the pulse and noise. Given these requirements,
we transform the rPPG-signals using the following steps:

1) Spectrum boosting: Based on the assumption that the
pulse is a periodic signal2, all existing methods [6]–[10] trans-
form the rPPG-signal from the time-domain to the frequency-
domain for analysis. The transformed pulse presents a signif-
icant peak3 in the pulse frequency-band ([40, 240] beats per
minute (bpm))4, whereas the transformed (background) noise
consists of irregular spectrum components that do not show
such a pattern. This has been used in earlier work [6]–[10],
and we also perform a Fourier Transform:

−→
F L = F(

−→
P L), (1)

where
−→
P L denotes the 1×L rPPG-signal in the time domain;−→

F L denotes the 1 × L transformed frequency spectrum;
L = 2n denotes the signal length where n ≥ 2 and n ∈ Z;
F(·) denotes the Fast Fourier Transform (FFT) operator.
Considering a 20 frames per second (fps) video camera, we

2Although heart-rate variability may exists in a pulse-signal, this assumption
is still valid especially when analyzing the pulse in a short time-interval. The
reason is that the human heart-rate does not vary randomly in a short time
period, but rather varies around a specific frequency. When looking at such a
short-time signal in the frequency domain, the pulsatile energy usually spread
in a few spectral components around a certain pulse-frequency, but not equally
spread in the entire spectrum.

3The “significant peak” refers to the spectral components with higher
amplitudes (i.e., at least 50% higher qualitatively) as compared to the
ones containing noise within the pulse frequency-band. Note that it cannot
differentiate the significant and periodic in-band motion-signals with the same
amount of relative color changes in RGB-channels as a typical pulse.

4The assumed pulse frequency-band covers a broad range of possible heart-
rates that can be achieved by a human being, including the neonates and adults
performing fitness exercises.

define L = 64, which is a short time-interval that includes at
least 2-3 cardiac cycles, allowing the analysis of the pulse
frequency. Although a long time-interval (e.g., L = 256)
would allow more accurate statistical analysis and has a better
frequency resolution, it increases the detection latency and
may include other physiological signals (e.g., respiration) or
low frequency distortions (e.g., motion drift) which harms the
pulse extraction. Note that the operation in (1) is a short-time
FFT, where the number of points used in the transformation is
the number of time-samples (e.g., 64 points in case of a signal
estimated from 64 frames) without decimation or interpolation.

The real and imaginary parts of
−→
F L contain phase informa-

tion, which can be eliminated by using the amplitude or power
spectrum. Here we particularly choose the power spectrum as
it boosts the pulsatile energy, which is in line with prior art [9],
[10]. Since

−→
F L is a mirrored spectrum with half redundancy,

we first halve5 it and then derive the power spectrum:

SL/2 =
−→
F 1→L/2 � conj(

−→
F 1→L/2), (2)

where SL/2 denotes the 1 × L/2 power spectrum; conj(·)
denotes the conjugation; � denotes the element-wise product.
In SL/2, the phase information disappears, while the frequency
peak of the pulse is boosted as compared to that of the noise
(see Fig. 2 (a)). Note that the same effect of (2) can be obtained
by calculating the Power Spectral Density of

−→
P L.

2) Spectrum normalization: Since the descriptor has to be
invariant to the spectrum amplitude, we normalize SL/2:

S̄L/2 =
SL/2

‖SL/2‖p
, (3)

where S̄L/2 denotes the 1× L/2 normalized spectrum; ‖ · ‖p
denotes the Lp-norm, which can either be the L1-norm or
L2-norm. Note that normalizing the standard deviation is not
preferred, since we only want to eliminate the absolute energy
but keep the relative energy between spectral components for
pulse/noise discrimination. Here we use the L1-norm that can
better suppress noise w.r.t. the total energy6. The normalized

5Halving a spectrum means cutting/splitting a spectrum into two parts with
half length and only keeping the first/lower part for analysis.

6The L1-norm, also known as the Manhattan distance, is commonly used
in the regularization to recover sparse signals or coefficients. Since we aim
at increasing the local contrast/difference between the patterns of pulse and
noise, we use the L1-norm here. If there is a frequency-peak in the FFT-
spectra, the L1-normalization will more significantly suppress the remaining
components w.r.t. to the peak component as compared to the L2-norm (i.e.,
the Euclidean distance).
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S̄L/2 is independent of the spectrum amplitude, whereas the
relative energy distribution of its entries is unchanged (see Fig.
2 (a)).

3) Spectrum sorting: The next step is to eliminate the
frequency dependency of S̄L/2. We notice that although dif-
ferent individuals may have different heart-rates, their pulse
frequencies are mostly peaked and concentrated in a certain
(lower) band (e.g., [40, 240] bpm).This is a common under-
lying assumption of existing rPPG algorithms [1], [3]–[5],
[18] that use the Signal-to-Noise-Ratio (SNR) as an evaluation
metric to measure the quality of the extracted pulse-signal.
This assumption has also been used by existing living-skin
detection methods [6], [9] to label the skin (with high SNR)
and non-skin (with low SNR) regions, assuming that the in-
band periodic motions can be eliminated by rPPG7. In contrast,
the frequency of (non-skin) background signals are usually the
white-noise spreading in the complete frequency-band.

To capture this character, we separate S̄L/2 into the lower
and upper parts to approximate the “in-band” and “out-band”
frequencies, where the pulsatile property is implicitly exploited
here. To eliminate the frequency dependency, we propose to
sort the separated spectra and concatenate them:

ŜL/2 = [sort(S̄1→L/4), sort(S̄L/4→L/2)], (4)

where ŜL/2 denotes the 1×L/2 spectrum with sorted entries;
sort(·) denotes the sorting operator that sorts elements in a
vector in the descending order; [·, ·] denotes the concatenation
operator. The Equation (4) can eliminate the inter-subject
frequency variance, but preserve the frequency difference
between pulse and noise in the lower-/upper- bands (see Fig.
2 (a)). An essential difference between our approach and prior
art [6]–[8] is that they only use a single value (e.g., normalized
spectrum peak) to separate pulse and noise, whereas we exploit
all entries in a sorted spectrum for classification, which is in
fact a signal shape descriptor. This is a unique step of this
work.

4) Iteration: Using the previous three steps, we arrive at
a transformed signal ŜL/2 given the input rPPG-signal

−→
P L,

where pulse and noise have different patterns, i.e., the trans-
formed pulse has a peaked pattern with sudden drops, while
the transformed noise has a relatively flat/smooth pattern.

To obtain better classification performance, we can increase
the between-class variance of pulse and noise by repeating the
same procedure (boosting, normalization and sorting) on the
transformed signals. The two iterations combined provide an
anti-phase pattern between two classes, which could lead to
easier separation. The mathematical meaning of this procedure

7The applied rPPG algorithm CHROM can deal with the (motion-induced)
distortions to some extent. CHROM uses the prior knowledge of specular and
intensity distortions to eliminate the color variations that are not due to pulse.
This is based on the physiological property of PPG that it has the largest color
absorption in the G-channel, followed by the B- and R- channel, i.e., PPG
shows a specific color variation direction in the DC-normalized RGB space.
When noise-induced color changes (e.g., artificial light flickering or periodic
movement in background) do not follow such a color variation direction, they
will be suppressed by CHROM. However, if the noise distortion has a similar
color variation direction as the pulse, it will be less suppressed in the resulting
rPPG-spectrum. Practically speaking, it is however very uncommon to find
an object emitting/reflecting periodic light that has the same relative RGB
variations as a typical pulse-signal.

Algorithm 1 Multi-resolution Iterative Spectrum (MIS)

Input: the rPPG-signal
−→
P L with length L

1: Initialize: X = [·]
2: for i = 1, 2, ..., log2(L)− 1 do
3:

−→
F L
i = F(

−→
P L)

4: S
L/2
i =

−→
F

1→L/2
i � conj(

−→
F

1→L/2
i )→ boosting

5: S̄
L/2
i =

S
L/2
i

‖SL/2i ‖1
→ normalization

6: Ŝ
L/2
i = [sort(S̄1→L/4

i ), sort(S̄L/4→L/2i )]→ sorting
7: Xi+1 = [Xi, Ŝ

L/2
i ]→ concatenation

8:
−→
P L = Ŝ

L/2
i → updating

9: end for
10: X = X

‖X‖2 → normalization

Output: the rPPG-descriptor X with length
∑log2(L)−1
i=1 L/2i

is: the FFT transformation of a sorted and peaked spectrum
results in a flat spectrum, while the FFT transformation of a
sorted and flat spectrum results in a peaked spectrum (see the
proof in Appendix A).

Based on this idea, we iteratively perform the same trans-
formation (step 1) - step 3)) on the transformed signals, i.e.,
the output of last iteration is the input for the next iteration.
In the end, a long descriptor X is created by concatenating
the transformed patterns obtained in different iterations:

Xi+1 = [Xi, Ŝ
L/2i

i ], {i|i ∈ Z, 1 ≤ i < log2(L)}, (5)

where ŜL/2
i

i denotes the 1 × L/2i transformed signal in the
i-th iteration; Xi+1 denotes the 1 ×

∑i
j=1 L/2

j descriptor
concatenated from 1-st to i-th iterations. When the iteration is
finished, the complete descriptor X is further normalized by
the L2-norm8 (see Fig. 2 (b)). Essentially, the proposed de-
scriptor is built on the hypothesis that iterative transformation
can improve the discriminativity of the descriptor in terms of
pulse and noise. This hypothesis is experimentally verified in
Appendix B.

The complete transformation using the described four steps
is called “Multi-resolution Iterative Spectrum” (MIS), where
“Multi-resolution” means that the spectrum is processed in
different resolutions after being halved in each iteration, i.e.,
the “Multi-resolution” is achieved by (2) where the length
of the spectrum is reduced by 1

2 in each iteration. The
complete algorithm of the proposed MIS method is shown
in Algorithm 1.

C. Dictionary learning

When the rPPG-signals are transformed into descriptors, we
use them to train a binary classifier. For this purpose, we adopt
a recently introduced classifier, namely Dictionary Learning
(DL), for our task. It has demonstrated the state-of-the-art

8Given the generated complete descriptor, the purpose of this step is to nor-
malize the global (energy) difference/variance between individual descriptors
for training, which is different from the previous step using L1-normalization
to increase the local contrast between pulse and noise. Therefore, we use the
L2-normalization here to generate globally consistent/smooth representations
with the same local pulse/nose contrast remained.
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Fig. 3. An example of the reconstruction error maps obtained by noise
and pulse dictionaries on MIS-descriptors measured from an unknown video
(segmented by the super-voxels [10] in a single scale). The red color denotes
the regions with large reconstruction errors, i.e., the skin-regions containing
pulse-signals can hardly be reconstructed by the noise dictionary.

performance in face/object/action/digit recognition over a large
number of classes [19], [20] (i.e., over hundreds of classes
for face recognition and object recognition), and significantly
outperforms commonly used classifiers, e.g., Support Vector
Machine (SVM) and Sparse Representations Classifier (SRC),
and does not require a large-scale training dataset as required
for Deep Learning. Particularly, we apply an accurate but
efficient DL method proposed by [20], namely “projective
Dictionary Pair Learning” (DPL). The classification procedure
consists of two stages that are described below:

1) Offline training: Given a set of training samples Xn
i ∈

X drawn from binary classes comprised of pulse and noise
descriptors, where Xn

i denote n samples in the i-th class, DPL
aims to learn an effective dictionary from X to enhance the
discriminative capability of classification using known class
labels. The training model of DPL is:

arg min
P,D

2∑
i=1

‖Xi −DiPiXi‖2F + λ‖PiXj(j 6=i)‖2F , (6)

where Di and Pi are synthetic and analytic dictionaries learned
from Xi that allow efficient classification/reconstruction. In
(6), ‖Xi − DiPiXi‖2F ensures the representative capability
by minimizing the reconstruction errors of sub-dictionaries on
samples from the same class, while λ‖PiXj(j 6=i)‖2F promotes
the discriminative capability by preventing the representation
of sub-dictionaries on samples from different class.

The essential difference between the supervised learning in
(6) and the unsupervised similarity learning in [10] is that
(6) exploits the labels of training samples to enhance the
discriminativity of learning, where noise is explicitly treated
as a separate class.

2) Online classification: Using the trained dictionary pairs
D and P , we can classify the unknown samples Y that
consist of transformed descriptors measured from a new video.
Feeding Y to the trained DPL model, we assign each sample
yj ∈ Y a label lj based on the reconstruction errors of pulse
and noise dictionaries:

lj =

{
1 , if ‖yj −D1P1yj‖22 ≥ ‖yj −D2P2yj‖22
0 , else

, (7)

where ‖yj − DiPiyj‖22 represents the error of using the i-th
dictionary to reconstruct yj . For example, D1 and P1 represent
the noise dictionary. ‖yj−D1P1yj‖22 ≥ ‖yj−D2P2yj‖22 means
that the sample yj has larger reconstruction errors on the noise
dictionary than that on the skin dictionary. Thus this yj belongs
to the skin dictionary, i.e., the label value lj = 1 denotes the
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Fig. 4. Illustration of creating synthetic and realistic videos: (a) in synthetic
videos, the red and blue blocks denote skin regions (with pulse) and non-
skin regions (with noise) respectively, where the color saturation represents
the Signal to Noise Ratio (SNR) of the contained signal. Note that the pulse
is simulated by the PPG-signal sampled from a subject with a length 1000
frames, which is also the temporal length of the phantom sequence; and (b) in
realistic videos, the skin/non-skin blocks are sampled from skin/background
regions in real video recordings. Note that each video sequence is recorded
in 20 frames per second and contains 600 frames.

skin class. Fig. 3 shows an example of the reconstruction error
maps using a trained dictionary on an unknown test video. The
lj obtained by (7) is used to label the video segments as skin
or non-skin.

III. EXPERIMENTS

A. Benchmark dataset

Since this work focuses on the core problem of pulse/noise
separation, the front-end steps as present in the framework
of [10] are not addressed in this paper. These include the
steps of video segmentation, pulse extraction, and region
fusion. For benchmarking, we (i) create synthetic videos to
investigate the strength/weakness of the proposed method; (ii)
use realistic videos (e.g., in RGB and near infrared (NIR)) to
verify its practical functionality. This study has been approved
by the Internal Committee Biomedical Experiments of Philips
Research, and the informed consent has been obtained from
each subject.

Synthetic videos To simulate and control the factors in-
fluencing the living-skin detection, we create synthetic videos
(i.e., video phantoms), which are chessboard-like image se-
quences comprised of pulse and noise (see Fig. 4 (a)). Since
the purpose of this experiment is to verify the function of
pulse/noise classification but not the video segmentation or
rPPG-signal extraction, we assume that the pulse-/noise- sig-
nals have been obtained after the steps of video segmentation
and pulse extraction, thus the skin motion and physiological
properties of rPPG are not considered. The video phantoms
only contain a single signal-channel (including pulse and
noise) instead of RGB-channels, so the effects of skin-color
and lighting-spectra are not simulated (i.e., it is also not
realistic to manually simulate all the physiological and optical
behaviors of skin-reflections without fully understanding rPPG
at this stage). Note that the simulated pulse-signals are contact-
PPG signals sampled from a middle-age healthy subject, while
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TABLE I
DESCRIPTION OF FOUR CHALLENGES DEFINED FOR REALISTIC VIDEO RECORDINGS.

Challenge Description
Seg. scale A fixed skin area (with skin-type III) is segmented into different scales, i.e., 5× 5, 10× 10 and 15× 15 grids.
Skin-tone Subjects with different skin-types (according to the Fitzpatrick scale) are included, i.e., skin-type I-II, III and IV-V.

Body-motion Different subjects (with skin-type I-III) performing irregular motions (e.g., talking) are included.
Infrared Subjects with different skin-types are registered by 3 separate NIR cameras centered at 675 nm, 800 nm and 905 nm.

the simulated noise-signals are created from Gaussian white-
noise. Based on [10], we manipulate the parameters that could
have a large impact on the detection performance (i.e., the
spatial position of skin in an image does not vary the results
much and thus is not simulated). These include (see Fig. 5 (a)):

(i) Noise level The noise distortion is a main challenge for
rPPG and thus also for living-skin detection. To investigate
this, we increase the noise level of the simulated pulse in a
phantom as: −→

P L
i =
−→
P L
i + β · N (0, 1), (8)

where
−→
P L
i denotes the pulse in the i-th block of a phan-

tom (with normalized mean and standard deviation); N (0, 1)
denotes the Gaussian white noise with zero mean and unit
variance; β controls the noise level, which is set to five levels
[0.1, 0.5, 0.75, 1.0, 1.5].

(ii) Phantom resolution To investigate the detection speed,
we changed the phantom resolution to [5 × 5, 10 × 10, 15 ×
15, 20×20, 25×25] grids. This simulates different number of
segmentations in a video, where the lower/higher resolutions
represent the coarse/fine segmentations. Note that the quanti-
zation noise is not increased when increasing the resolution.

(iii) Skin percentage We changed the percentage of skin in
a phantom to [10%, 25%, 50%, 75%, 90%] to investigate the
methods’ robustness to different skin percentages.

In each of the above synthetic challenges, only the in-
vestigated parameter is changed while the rest remains con-
stant. This is to investigate the independent influence of the
parameter to the detection performance (i.e., control variate
method). If several parameters are changed together, it is hard
to draw solid conclusion on which parameter contributes to the
performance change. The default parameter settings are: noise
level is 0.75; phantom size is 15 × 15 grids; skin percentage
is 50%.

Realistic videos The feasibility of using rPPG to detect skin
has been thoroughly investigated in [10], even in challenging
scenarios with different body-motions, occlusions, positions,
etc. For the real videos used in this paper, we focus on
analyzing the core functions (i.e., pulse/noise separation) for
living-skin detection. So we eliminate the challenges that are
not addressed in this paper, such as video segmentation. To
this end, the recorded videos are manually segmented into
locally independent spatio-temporal grids and re-organized
into chessboard-like phantom sequences (see Fig. 4). The
videos are recorded by a professional video recording system
provided by Philips Research, with a regular RGB9/infrared10

9Global shutter RGB CCD camera USB UI-2230SE-C from IDS, with
768× 576 pixels, 8 bit depth, and 20 fps.

10Manta of Allied Vision Technologies GmbH, with 968 × 728 pixels, 8
bit depth, and 15 fps.

camera recording in an uncompressed bitmap format and
constant frame-rate11. Considering a recording setup where
the subject sits in front of a camera, we assume that the
skin (25%) occupies a relatively smaller portion of the video as
compared to the background (75%). To facilitate the percent-
age calculation, we define 100 grids for each phantom frame,
where 25/75 grids are related to the skin/background regions
manually cropped from a video. Based on the experimental
results of [10], we recognize that the skin pulsatility and signal
noise have a large impact on the detection performance. Thus
four challenges are included in our recordings (see Fig. 5 (b)):

(i) Segmentation scale Different segmentation scales result
in different segmentation resolutions and also in different
quantization noise in locally extracted rPPG-signals. We in-
vestigated this challenge by changing the segmentation scale
to [5× 5, 10× 10, 15× 15] grids in a fixed skin area.

(ii) Skin-tone The lower pulsatility of dark skin-tone makes
the detection more challenging [10], as the higher melanin
contents in dark skin absorbs a portion of diffuse reflections
carrying pulsatile information but not reduces the specular re-
flections. To investigate this challenge, subjects with different
skin-tones are recorded and categorized into three skin-types
according to the Fitzpatrick scale, i.e., participants are from
West Europe (skin-type I-II), East Asia (skin-type III) and
Sub-Sahara Africa (skin-type IV-V).

(iii) Body-motion Body motion is considered as one of the
most significant challenges for rPPG [3], since the motion-
induced color changes can easily disrupt the subtle pulse-
induced color variations in skin reflections. We investigated
this challenge by recording subjects with body motions, where
the motion-type is talking (i.e., irregular motion). Note that the
motion tracking addressed by video segmentation is outside
the scope of this work. Recorded videos are translated to
phantoms as explained earlier.

(iv) Infrared Pulse-rate monitoring in infrared is emerging
for clinical environment as it can work in full darkness, such as
sleep monitoring and neonatal monitoring [21]. However, the
skin pulsatility is much lower in infrared wavelengths [22] and
thus more challenging for living-skin detection. In this chal-
lenge, we use three monochrome infrared cameras centered at
wavelength 675 nm, 800 nm and 905 nm to record subjects
with different skin-types.

Table I summarizes the protocol of these four challenges.
Note that the feasibility of using rPPG to detect other body-
parts, such as the palm and arm, has been demonstrated in [10],
we shall not repeat these experiments in this paper but focus on

11If the video frame-rate is not constant but time-varying, one can inter-
polate/resample the RGB measurements according to the time-stamp of each
video frame provided by the system.
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Fig. 5. Example of created (a) synthetic video phantoms and (b) realistic
video phantoms.

benchmarking the core functions in living-skin classification.
We mention that the claim of the other body-parts detection
is restricted to [10].

B. Evaluation metrics

Since the living-skin detection, studied in this paper, is
considered as an independent task for general video health
monitoring applications, our evaluation is therefore geared to
comparing the performance of pulse/noise separation, instead
of the pulse extraction accuracy as [9], [10]. All tested methods
are qualitatively evaluated by the following two metrics:

Detection accuracy We adopt the same metric as used
in [10] to measure the detection accuracy, which is the Area
Under Curve (AUC) of the precision curve representing the
percentage of successfully detected regions in a video. The
successfully detected region is defined as the overlap between
the found RoI and ground-truth (e.g., a binary image labeled
as skin and non-skin), where the precision is calculated as the
ratio between the overlap/intersection area and union area of
the found RoI and ground-truth, i.e., intersection-over-union.
The precision curve is generated by changing the threshold
determining a successful detection between [0.1, 1], where
1 means the fully matched detection with intersection-over-
union 1.

Detection speed Since the major motivation of this work
is to improve the detection speed of the unsupervised method
in [10], it is important to know how fast the proposed method
is, i.e., whether the supervised detection can run in real-time.

In our experiment, the detection speed is measured in frames
per second (fps). This is an important indicator for practical
usage that has not been considered in prior art [6]–[10].

C. Compared methods

We compare the proposed method (e.g., MIS-descriptor
transformation and dictionary learning) to the core steps of
the other two existing methods FDR [6] and VPS [10] (the
state-of-the-art), which are respectively the frequency-peak
based method and similarity-learning based method. All three
methods are implemented in Matlab and ran on a laptop with
an Intel Core i7 processor (2.70 GHz) and 8 GB RAM.

The parameters in FDR and VPS remained identical to the
default settings in the original papers. In the proposed method,
the length of the pulse-signal used for deriving the MIS-
descriptor is 64 frames, measuring the video contents within
3.2 s given a 20 fps video camera. The number of frames used
for deriving the descriptor needs to contain at least 2-3 cardiac
cycles for determining the pulse-features in the FFT-domain.
Although using more frames (or longer window length) can
increase the FFT-resolution, it also increases the detection
latency and may include more low frequency components (e.g.,
respiration and motion drift) which harms the classification.
Therefore, 64 frames is a compromise considering the quality
of MIS-descriptor and latency of detection. The DPL classifier
does not require a huge dataset to train but still needs some
variance in the training data. Hence, we use 6 subjects (e.g.,
6 videos) with different skin-tones as a default setting to
train the DPL, including the inter-subject variance. For each
subject, 100 pulse-signals are extracted from skin-regions
using CHROM, including the time variance of an individual
subject. We have 600 samples for the positive class (pulse).
Correspondingly, we create a negative class (noise) with the
same amount of samples (e.g., 600) using the CHROM-signals
extracted from the background-regions in 6 videos. Therefore,
the DPL classifier has been trained on a dataset containing a
total of 1200 samples (600 samples per class).

More specifically, the skin/non-skin regions, in each training
video frame, are labeled by the machine-assisted manual an-
notation (e.g., assisted by an object tracker and OV-SVM skin
classifier used by [18]). Note that there is only one annotator
who checks/repairs the segmentation results to guarantee the
correct annotation (see an example in Fig. 1), i.e., the inter-
annotator comparison is not included. For the testing dataset,
the total number of samples created from videos is 885000
(signals), with 345000 samples for the positive class (pulse)
and 540000 samples for the negative class (noise). The training
dataset and testing dataset are independent of each other as
they are created from different subjects at different times to
avoid over-fitting, i.e., the 6 subjects used for creating the
training data do not appear in the testing data. Also, the sub-
jects are randomly assigned to each of the training and testing
groups. The training parameters (e.g., dictionary size) in DPL
remained identical to the default settings in [20]. Note that
the proposed MIS transformation algorithm is non-parametric
itself, i.e., it does not require parameter setting/tuning.
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TABLE II
DETECTION ACCURACY (AUC) ON SYNTHETIC VIDEOS

Challenge Parameter FDR VPS MIS

Noise level

0.10 100.0% 100.0% 100.0%
0.50 99.7% 100.0% 100.0%
0.75 88.6% 94.9% 95.3%
1.00 57.0% 69.1% 86.7%
1.50 12.2% 63.2% 66.8%

Phantom resolution

5× 5 87.2% 96.4% 95.4%
10× 10 90.1% 95.2% 95.3%
15× 15 89.5% 95.2% 95.4%
20× 20 88.6% 94.5% 95.5%
25× 25 88.8% 93.9% 95.1%

Skin percentage

10% 86.1% 94.7% 91.6%
25% 89.2% 97.6% 93.5%
50% 89.5% 95.2% 92.8%
75% 89.1% 90.0% 93.0%
90% 88.7% 88.3% 93.5%

Overall Average 83.0% 91.2% 92.7%

TABLE III
DETECTION SPEED (FPS) ON SYNTHETIC VIDEOS

Challenge Parameter FDR VPS MIS

Noise level

0.10 4441.0 8.6 635.3
0.50 3796.4 7.9 617.1
0.75 4430.8 4.3 577.7
1.00 4442.2 3.1 572.4
1.50 4397.3 2.7 573.7

Phantom resolution

5× 5 15123.6 70.8 909.5
10× 10 7079.7 21.7 733.2
15× 15 3903.0 4.5 584.2
20× 20 1692.5 1.1 387.8
25× 25 1077.0 0.4 266.1

Skin percentage

10% 4585.7 4.0 622.9
25% 4602.4 4.5 600.5
50% 4497.8 4.3 581.0
75% 4628.5 3.6 578.3
90% 4634.0 3.2 566.2

Overall Average 4889.8 9.6 587.1

IV. RESULTS AND DISCUSSION

In this section, we first benchmark the proposed living-
skin classification method with the two existing methods using
synthetic and realistic videos. Next, we put it into a (super-
voxel based) video segmentation framework to visualize its
practical functionality. To simplify the illustration, the pro-
posed method is referred to as MIS, including the steps of
MIS-transformation and DPL classification.

A. Comparison on synthetic videos

Table II and III show the results of detection accuracy
and detection speed obtained by three compared methods on
synthetic videos. When the noise level is low (0.1− 0.5), all
three methods achieve almost 100% detection accuracy. When
the noise level increases (0.75 − 1.5), FDR and VPS have
more quality drops than MIS. FDR that only employs a single
value (e.g., the frequency peak) for detection obtains the worst
performance, which is in line with the findings in [10]. VPS
suffers performance degradations when the built similarity
matrix is significantly distorted by noise, i.e., the noise-
induced phase shift between two pulse-signals may break their
correlation in a similarity matrix. MIS transforms the rPPG-
signal into a binary class representation, which is less sensitive
to the changes in frequency and phase, i.e., pulse-signals with
a frequency 70 bpm or 75 bpm will all be converted into de-
scriptors belonging to the pulse class. Moreover, MIS classifies
each rPPG-sensor independently and thus the noise-distorted
sensors do not affect each other. Besides, the measurement
noise affect the quality of the unsupervised learning in VPS,
but do not influence the trained dictionary in MIS, which
is an advantage of supervised learning. Table III shows that
FDR and MIS, running at thousands/hundreds of frames per
second, are much faster than VPS. The fast processing speed
of (i) FDR is due to its low complexity, (ii) MIS is due to
its efficient descriptor transformation and DPL classification.
When increasing the noise level, the running speed of FDR

and MIS remain relatively stable, whereas VPS significantly
slows down. This is due to the online convex optimization
in VPS [10], where the noisy entries in the similarity matrix
result in a longer overall run-time to converge.

The phantom resolution has limited impact on their de-
tection accuracy, where VPS and MIS have similar high
accuracies that are consistently better than FDR. However, the
phantom resolution has a large impact on the detection speed,
especially for VPS where the speed dramatically decreases
from 70.8 fps to 0.4 fps. Although VPS can run at a high-
speed when the phantom resolution is 5×5 grids, 25 segments
in a video is too coarse for detection and thus not preferred.
In comparison, MIS can process over 600 video segments in
real-time, without sacrificing the detection accuracy.

The detection accuracies of all three methods are not very
sensitive to the challenge of skin percentage, although VPS has
a slight quality drop (around 5%) when the skin percentage
arrives 75%−90%. Since VPS exploits the similarity between
spatially redundant rPPG-signals to cluster the regions sharing
similar pulsatile properties (e.g., frequency and phase) as
skin, its detection accuracy depends on the quality of the
majority of pulse-signals and is thus a bit more variant to the
skin percentage. In contrast, FDR and MIS treat each local
region as an independent classification task, i.e., the quality
of each region does not influence each other. Nevertheless,
the detection speeds of all three methods remain stable in this
challenge, as the total phantom resolution is fixed.

B. Comparison on realistic videos

Table IV and V show the results of the detection accuracy
and detection speed obtained by three compared methods on
realistic videos. It is clear that all three methods perform
better in lower scales (i.e., above 95% detection accuracy at
5 × 5 (25) grids), as the quantization noise is lower. MIS
obtains a relatively higher detection accuracy when the skin-
region is densely segmented into 15 × 15 (225) grids. The
increased segmentation scales decrease their detection speed,
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TABLE IV
DETECTION ACCURACY (AUC) ON REALISTIC VIDEOS

Challenge Parameter FDR VPS MIS

Segmentation scale
5× 5 95.9% 96.6% 96.0%

10× 10 76.6% 72.6% 72.4%
15× 15 54.1% 44.0% 56.1%

Skin-tone
Skin-type I-II 54.8% 76.1% 75.2%
Skin-type III 94.2% 93.9% 93.3%

Skin-type IV-V 12.9% 33.8% 44.2%

Body-motion
Subject-1 54.0% 67.5% 87.1%
Subject-2 66.5% 67.4% 88.2%
Subject-3 48.1% 64.3% 80.2%

Infrared
Skin-type I-II 32.7% 68.5% 77.0%
Skin-type III 26.0% 33.8% 58.8%

Skin-type IV-V 9.5% 22.8% 39.5%
Overall Average 52.1% 61.8% 72.3%

TABLE V
DETECTION SPEED (FPS) ON REALISTIC VIDEOS

Challenge Parameter FDR VPS MIS

Segmentation scale
5× 5 6565.2 22.1 595.9

10× 10 4370.7 7.7 572.4
15× 15 3531.4 2.1 423.5

Skin-tone
Skin-type I-II 5770.3 19.7 856.0
Skin-type III 5686.3 27.0 793.2

Skin-type IV-V 5352.0 12.8 853.9

Body-motion
Subject-1 6497.0 15.7 851.7
Subject-2 6684.8 14.7 835.4
Subject-3 6614.1 16.8 847.3

Infrared
Skin-type I-II 6756.8 16.0 854.5
Skin-type III 6918.5 13.1 757.2

Skin-type IV-V 6692.4 19.2 829.4
Overall Average 5953.3 15.6 755.9

as the total number of segments increases. When increasing the
segmentation scale, the detection speed of VPS significantly
drops from 22.1 fps to 2.1 fps, whereas FDR and MIS still
run at thousands/hundreds frames per second.

All three methods can better deal with the bright skin than
the dark skin. They all suffer clear quality drops in skin-type
IV-V, where MIS shows improved robustness than FDR and
VPS, i.e., the detection accuracy of FDR is only 12.9%. VPS
shows a lower detection speed in skin-type IV-V. This is due
to the unsupervised learning step in VPS, which requires more
time for noisy rPPG-signals/entries to converge in the online
convex optimization [10].

Table IV shows that MIS obtains the best detection accuracy
in the challenge of body-motion, followed by VPS and FDR.
Although FDR has the highest detection speed, it is vulnerable
to motion distortions. This is in line with our observation in
the synthetic experiment when changing the noise level in the
simulated rPPG-signals.

All three methods show lower detection accuracies in
infrared than in RGB, especially in skin-type IV-V (dark
skin). The difficulty is due to the reduced pulsatile amplitude
w.r.t. that of the (motion) noise distortions. However, MIS
still shows generally improved robustness, i.e., the frequency-
peak/energy based thresholding method in FDR suggests the
limitation in infrared with low skin pulsatilities.

Based on the synthetic and realistic experiments, our con-
clusions to the three compared methods are: (i) FDR has the
highest detection speed at thousands of frames per second,
but rather low detection accuracy especially in challenging
use-cases with motion distortions or low skin pulsatilities
(e.g., dark skin or infrared); (ii) VPS improves the detection
accuracy12 of FDR, but sacrifices the detection speed (in the
unsupervised learning), with only an averaged 10-15 fps in
both experiments; (iii) MIS obtains both the high detection

12We notice that the improvement (in detection accuracy) from FDR to
VPS is not as large as reported in [10]. The reason is that [10] compares
the complete framework of two methods including the video segmentation,
i.e., [6] uses the fixed grid-based segmentation while [10] uses the super-voxel
segmentation. In our experiments, the improvement only/particularly reflects
the difference between their core functions in pulse and noise separation.

accuracy (i.e., better than VPS) and high detection speed (i.e.,
hundreds of frames per second) across different challenges.

In the end, we put MIS into an existing video segmentation
framework using super-voxels [10] to visualize its practical
functionality. Fig. 6 shows the qualitative results (e.g., detected
skin-regions) obtained by this new combination on real video
recordings. Note that in cases of multiple living-subjects in
the same scene, the living-skin detection method proposed in
this paper by itself cannot be used to discriminate different
subjects. “Living-subject identification and classification” are
left as future work, such as combining the living-skin detection
with face recognition. This paper focuses on addressing the
core problem of classifying the skin and non-skin regions in
a video.

Fig. 6. The snapshot of detected skin-regions (red regions) in recorded videos
by using the combination of the super-voxel segmentation and proposed
method. The different realistic challenges, recorded by RGB and infrared
cameras, confirm its practical functionality.

V. CONCLUSION

In this study, we present a novel method that performs
supervised learning on rPPG-signals for living-skin detection.
Our core idea is to first convert the time-variant rPPG-signals
into signal shape descriptors, in which pulse and noise have
different patterns, and then treat it as a binary classification
problem. The complete method consists of two steps: (i) trans-
forming the rPPG-signals extracted from a (segmented) video
into descriptors using the proposed Multi-resolution Iterative
Spectrum (MIS); (ii) utilizing the dictionary learning on the
transformed descriptors for fast training and classification. The



IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. ?, NO. ?, MONTH 2017 10

presented technique is a proof-of-concept that has only been
validated in lab conditions but not in real clinical conditions.
The benchmark on synthetic and realistic videos show the su-
perior performance of the proposed method as compared to the
existing methods using unsupervised detection. It especially
improves the detection speed of the state-of-the-art method (to
hundreds of frames per second in Matlab), which is desirable
for real-time monitoring systems that require automatic living
skin-tissue detection.

APPENDIX A
PROOF OF ITERATIVE FFT TRANSFORMATION

Theorem A.1. In FFT transformation, a sorted and peaked
spectrum leads to a flat spectrum, while a sorted and flat
spectrum leads to a peaked spectrum.

Proof. For simplicity, we assume the power spectrum as a vec-
tor with the minimum length required for FFT transformation,
i.e., L = 2. The vector is denoted as v = [v1, v2], xi ∈ R+

0 .
Since the FFT transformation of v is:

Vi =

L∑
j=1

vj · (e
−2πi
L )(j−1)(i−1), (9)

Vi can be derived as:{
V1 = v1 · e−πi×0×0 + v2 · e−πi×1×0 = v1 + v2

V2 = v1 · e−πi×0×1 + v2 · e−πi×1×1 = v1 − v2
, (10)

and thus V = [v1 +v2, v1−v2]. Since vi in a power spectrum
is non-negative, V will be (1) a peaked spectrum if v is flat,
and (2) a flat spectrum if v is peaked. For example, v = [1, 1]
(flat) leads to V = [2, 0] (peaked), while v = [1, 0] (peaked)
leads to V = [1, 1] (flat).

APPENDIX B
HYPOTHESIS VERIFICATION FOR MULTI-RESOLUTION

ITERATIVE SPECTRUM (MIS)

The proposed MIS method is built on the hypothesis that
iterative transformation can improve the discriminativity of
the descriptor. To verify this hypothesis, we apply the criteria
of Linear Discriminant Analysis (LDA) [23] to measure the
“between-class variance” and “within-class variance” of the
MIS-descriptors transformed from rPPG-signals. LDA aims to
find a projection ω that maximizes the following objective:

arg max
ω

ω>Σbetweenω

ω>Σwithinω
= arg max

ω

(ω(µp − µn))2

ω>(Σp + Σn)ω
, (11)

where Σbetween and Σwithin denote the between-/within-class
variance of pulse and noise; µp, µn and Σp, Σn denote the
mean and covariance of pulse and noise classes, respectively.
(11) can be solved by the eigenvector decomposition [23] as:

Σ−1within · Σbetween · ω = λ · ω, (12)

where λ denotes the eigenvalues. Here λ is used to indicate the
discriminativity between two classes. Since Σbetween is rank-1
for two classes, only the principal eigenvalue λ is needed.

For analysis, we use four RGB videos recorded on different
subjects to create a small dataset, where each video has 100
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Fig. 7. The two eigenvalue curves (based on criteria of LDA) of trimmed
descriptors, where the descriptors are trimmed in two different ways, i.e.,
X1→n∈[1,62] and Xm∈[1,62]→62. This is to show the discriminativity of
different iterations and partial segments of the descriptor.

pulse/noise signals extracted from skin/non-skin regions, i.e.,
400 training samples per class and thus 800 training samples
in total. The length of each rPPG-signal is 64, so the overall
length of each fully transformed descriptor is 62 (with 5
iterations according to (5)). To understand whether the iterative
transform can increase the discriminativity of the descriptor,
we perform two comparisons: (i) trimming the descriptors
at the end by taking only the entries 1 to n, denoted as
X1→n∈[1,62], (ii) trimming the descriptors at the front by
taking only the entries m to 62, denoted as Xm∈[1,62]→62.
For each trimmed descriptor, we measure its eigenvalue using
(12) and plot in Fig. 7.

Fig. 7 shows that iterative transformation can improve the
descriptor’s discriminativity: (i) in X1→n∈[1,62], the eigenvalue
obtained in the first iteration (1→32) ranges in [0.1, 0.9], while
in the second iteration (33→48) ranges in [3, 7]. A sudden
jump between 32→34 can be clearly recognized (e.g., from
0.9 to 3), which is the location that the first peak in the noise
descriptor appears. In further iterations, the eigenvalues are
significantly promoted to ranges [40, 50] and [70, 80] after 4-th
and 5-th iterations. However, we also notice that the discrimi-
nativity is not consistently improved with the increased entries,
i.e., the eigenvalue drops at certain entries after a peak; (ii)
in Xm∈[1,62]→62, the eigenvalue drops when frontal entries
are removed. However, the discriminativity decreases (blue
curve) are much smoother and slower than the discriminativity
increases (red curve) in X1→n∈[1,62]. This is because that
majority of entries in the tail of the descriptor remained in the
trimmed Xm∈[1,62]→62. It implies that the entries generated in
succeeding iterations are more discriminative than the ones
generated in preceding iterations. However, only using the
last few iterations (57→62) cannot make the descriptor more
discriminative, where the eigenvalue drops to [0.3, 8].

Based on this investigation, we conclude that our hypothesis
is valid. The reasons of improvement could be: (i) the use
of noise pattern increases the discriminativity between two
classes; (ii) in the iteration, the boosting step makes the energy
around the peak more concentrated, the normalization step
increase the contrast between peak and remaining entries, and
the sorting step further enhance the regularity/consistency of
the pattern.
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