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1Laboratoire Angevin de Recherche en Ingénierie des Systèmes (LARIS), University of Angers, 62 avenue Notre-Dame du Lac,
49000 Angers, France
2Ultrafast Bio- and Nanophotonics Group, International Iberian Nanotechnology Laboratory, Avenida Mestre José Veiga,
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Signals and images have taken a major place in clinical
practice to assist medical experts in the decision-making
process. They are now commonly used for research activities
or in clinical routines, for the diagnosis or treatment of
pathologies. However, this decision-making process requires
the development of signal and image processing algorithms.
This is why, in the clinical domain, signal and image process-
ing algorithms aiming at extracting information, quantifying
processes, or improving the visualization ofmedical data have
exploded. New algorithms overcoming the existing ones by
their better computational cost or by providing additional or
more accurate information are still proposed. Moreover, new
applications for the new and existing algorithms emerge.This
is true for any kind of medical data but the physiological and
pathophysiological questions offer a variety of applications
and situations. This includes the study and understanding of
adaptive responses in health and pathophysiological mecha-
nisms in disease, at any level of physiological organization,
ranging from molecules to humans. Moreover, adaptive,
integrative, and translational physiology is concerned.

This special issue proposes different papers in this way of
using computers to help in the diagnosis and in the therapy.
Thus, for the field of medical computer vision, H. Li et al.
propose a 3D facial feature point localization method that
combines the relative angle histograms with multiscale con-
straints. Moreover, to help the medical staff in combining
images coming from different modalities into one image,

P. Geng et al. introduce a medical image fusion algorithm
in spatial domain that uses an adaptive manifold filter. In
the denoising field, L. Chang et al. propose a two-stage MRI
denoising algorithm that is based on 3D optimized blockwise
version of nonlocal means and multidimensional PCA. An
insight into the relationship between the transient auditory-
evoked potentials and synthetic steady-state responses at
different stimulus rates under the superposition hypothesis
is proposed by X. Tan et al., whereas M. Alvarado-González
et al. introduce a study to describe a P300, an event-
related potential endogenous component. A. Shakeel et al.
have written a review of the features used for EEG data
recording from different studies that used movement-related
cortical potential to predict the upcoming real or imaginary
movement. R. Faltermeier et al. propose an extension of a
mathematical tool set, called selected correlation analysis,
which detects positive and negative correlations between
arterial blood pressure and intracranial pressure. This exten-
sion optimizes the parameters of the selected correlation
analysis. U. Mäder et al. introduce an analysis procedure
of digital microscopic images to increase diagnostic quality
and to shorten the time-to-diagnosis for superficial fungal
infections. F. Espinoza-Cuadros et al. investigate the use of
both patients’ facial images and voice recordings processing
to estimate the apnea-hypopnea index that describes the
severity of the obstructive sleep apnea. S. Tagliaferri et al.
use acceleration and deceleration phase rectified slope of
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computerized cardiotocographic traces for the identification
andmanagement of intrauterine growth restriction of fetuses
and in the prediction of the neonatal outcome. In the field
of laryngeal functionality, using endoscopic images, S. Peter-
mann et al. investigated analytical approaches for computing
the voice onset time. Finally, M. Zhu et al. introduce an
improved niche genetic algorithm for feature reduction in
high-dimensional data.

Thewide biomedical engineering community (bothmed-
ical and scientists communities) is expected to be interested
by this special issue. Both researchers and practitioners will
find results to go ahead in the diagnosis and treatment of
pathologies.

Disclosure

Edite Figueiras formerly worked at Tampere University of
Technology and BioMeditech, Finland.

Anne Humeau-Heurtier
Edite Figueiras
Joao Cardoso
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The human voice originates from oscillations of the vocal folds in the larynx.The duration of the voice onset (VO), called the voice
onset time (VOT), is currently under investigation as a clinical indicator for correct laryngeal functionality. Different analytical
approaches for computing theVOTbased on endoscopic imagingwere compared to determine themost reliablemethod to quantify
automatically the transient vocal fold oscillations during VO. Transnasal endoscopic imaging in combination with a high-speed
camera (8000 fps) was applied to visualize the phonation onset process. Two different definitions of VO interval were investigated.
Six analytical functions were tested that approximate the envelope of the filtered or unfiltered glottal area waveform (GAW) during
phonation onset. A total of 126 recordings from nine healthy males and 210 recordings from 15 healthy females were evaluated.
Three criteria were analyzed to determine the most appropriate computation approach: (1) reliability of the fit function for a correct
approximation of VO; (2) consistency represented by the standard deviation of VOT; and (3) accuracy of the approximation of VO.
The results suggest the computation of VOT by a fourth-order polynomial approximation in the interval between 32.2 and 67.8%
of the saturation amplitude of the filtered GAW.

1. Introduction

The voice is an essential part of human communication
and in modern times has become increasingly important
in professional and private life. As voice-based communica-
tion increases, however, voice disorders are more frequently
encountered and financial costs increase [1]. Particularly
in professions such as teaching, there is often an overuse
of voice, which significantly increases the prevalence of
voice disorders [2]. A better understanding of the complex
process of vocalization is essential for new andmore effective
treatments of persons suffering voice disorders or even loss of
voice.

The primary voice signal originates from the vibrating
vocal folds [3]. Subsequently, this primary voice signal is
modulated in the vocal tract, generating the normal voice
signal. The beginning of vocalization is denoted as the voice
onset (VO). This is the event after the vocal folds have
adducted and the air starts to flow from the lungs through

the larynx and the vocal folds are initiated to vibrate (Figure 1)
[4]. Thus, VO is the transition from damped to sustained
vocal fold oscillations [5].

There are different ways to observe the vocal fold
dynamics (100–400Hz during normal phonation) directly.
Currently used visualization techniques are videostrobo-
scopy, high-speed videokymography (HSK), and high-speed
videoendoscopy (HSE) [6]. Videostroboscopy is widely
applied for clinical examinations of vocal fold vibrations and
represents the gold standard. However, videostroboscopy is
not suitable for observing irregular or nonperiodic oscilla-
tions in pathological voices or the VO [6]. In contrast, HSK
uses higher frame rates of up to 8000 fps and hence is suitable
for examining the entire phonation cycle and recording
irregularities within the oscillations. However, HSK shows
the vocal folds dynamics just at a single horizontal line across
the vocal folds (i.e., one trajectory at one vocal fold position)
and therefore does not reflect the entire vocal fold vibrations.
In contrast, HSE enables the entire superior vocal fold
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Figure 1: (a) Top view of vocal folds; (b) view of the coronal plane of the larynxwith subglottal area, vocal folds, and supraglottal area depicted.

dynamics to be visualized. To visualize and analyze the vocal
fold oscillations from the HSE recordings, the area of the
glottis is segmented for each frame [7]. By stringing together
the glottal area of each frame, the glottal area waveform
(GAW) is generated, reflecting the vocal fold vibrations [8].

Moreover, owing to increasing performance of digital
high-speed camera chips, it is possible to use flexible nasally
introduced endoscopes instead of the commonly used rigid
endoscopes for HSE at high frame rates of up to 20000 fps
[9]. The flexible endoscope affects the phonatory process less
because it is nasally induced and therefore does not restrict
the flexibility of the tongue as much as a rigid endoscope.
Only by the flexible endoscope, the vocal fold oscillations
can be visually inspected during articulation, for example, the
disyllabic word [‘mama] being analyzed in our study.

The VO as a transient effect with its short irregular oscil-
lations of the vocal folds may contain valuable information
for assessing the vocal fold characteristics that determine
vibratory function [6]. By analyzing the nonstationary VO,
pathological voices can be differentiated from healthy voices
[10]. Also, age-related changes in vocalization, which become
increasingly important in a society with an increasing life
span, are measurable during VO [6].

In previous studies, VO was analyzed based on acoustic,
electroglottographic (EGG), and HSE signals (trajectories
and GAW) in addition to aerodynamic measures such as the
phonation threshold pressure [6, 10–15]. VO characteristics
have been analyzed in in vivo [6, 11, 14] and in vitro studies
based on physicalmodels [16] or excised human larynges [15].

Different measures such as the glottal parameter open
quotient [11, 17] and the duration of the voice onset (voice
onset time, VOT) have been derived from HSE signals to
quantify the VO [10, 13, 17]. The VOT especially seems to be
a promising measure.

For HSE signals, VOT has been determined by trajecto-
ries [5, 10] or GAWs [18], on filtered [5, 10] and unfiltered
signals [18]. Kunduk et al. [18] fitted a polynomial function

to the peaks of the GAW. Mergell et al. [5] fitted an analytic
envelope curve based on the analysis of the Hopf bifurcation
representing the dynamic system at the onset of oscillation
(transition from damped to sustained vocal fold oscillations)
to the Hilbert envelope of the trajectory function. Also, the
definition of the VOT referring to the full opening of the
glottis differs. Definitions of the interval of VO were set from
5 to 90% (VOT

90
) [18] and from 32.2 to 67.8% (VOT

67
) [5, 10]

of the saturation amplitude [17].
These different approaches and definitions of the VOT

show that there is no standardized determination or com-
putation of the onset process yet. Therefore, it is difficult
to compare the results of different studies carried out to
determine VOT. In the various studies analyzing the VO
using different methods, there is wide intersubject and
intrasubject variability within and between the different
studies [11]. Variability of the results concerning the VOT
might be partially due to the methods used to determine
VOT.

Thus, and owing to the advantages of HSE recordings
in combination with GAW analysis as described above, we
sought to investigate whichmethodmight be themost robust
and reliable way to quantify automatically and objectively the
VOT from the GAW. Hence we investigated different existing
methods to determine the VOT based on the GAW. In
particular we analyzed the function𝑀(𝑡) [5] with a different
quantity of parameters being optimized (𝑀

𝑎
(𝑡),𝑀

𝑎𝑠
(𝑡), and

𝑀
𝑎𝑠𝑟
(𝑡)) and polynomials [18] of second 𝑃

2
(𝑡), third 𝑃

3
(𝑡),

and fourth order 𝑃
4
(𝑡). Additionally, we combined different

parts of the methods to find the potentially best combination
of fit functions. Furthermore, we applied them on filtered or
unfiltered GAW and with different definitions of the VOT
referring to the percentage of the saturation amplitude on
which the computation of the VOT is based. The goal was
to determine the potentially best combination of raw data,
fit function, and calculation rule for VOT to find a robust
and reliable procedure for determining the VOT based on
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Figure 2: Schematic illustration of transnasal high-speed endoscopy with a flexible endoscope. Bottom right: top view of the vocal folds and
glottis as seen through the camera; figure after image enhancement (Section 2.3).

the GAW. Besides, we aimed to suggest improvements to the
existing methods.

A further methodological novelty in this study is that we
used HSE recordings at 8000 fps with a flexible endoscope
for the analysis of VO. The flexible and nasally inserted
endoscope has less effect on the vocalization or speech
production process; hence in the analysis of the VOs this
allows articulations or words to be closer to normal voice use
than just phonating a vowel.

2. Method

2.1. Subjects. Nine men (age 23.9 ± 2.7 years) and 15 women
(age 24.4 ± 2.2 years) participated in the study. All of the
subjects were native German speakers. No voice or hearing
impairments were diagnosed in the pretest examination.
None of the subjects were trained singers and all of them
signed a consent form. The experiments conformed to the
Declaration ofHelsinki (1964) andwere approved by the local
ethical committee (approval number 4364).

2.2. Test Setup. The subjects heard the word [‘mama] spoken
by a model speaker over headphones to memorize speed
of pronunciation and intonation. The subjects articulated
[‘mama] at a convenient loudness level at around 75 dB. Each
subject produced around 20 [‘mama]s, which were recorded.
Simultaneously, the vocal fold vibrations were recorded with

a Photron SA1.1 high-speed (hs) camera coupled to a flexible
fiber endoscope (Olympus) via a 25mm Storz objective. The
endoscope was introduced nasally (Figure 2). The spatial
resolution of the hs recordings was 128 × 128 pixels at a
frame rate of 8000 fps. A 270W Storz light source was
attached to the flexible endoscope to illuminate the vocal
folds during the recordings. Depending on the video (i.e.,
visibility of the entire vocal folds) and the segmentation
quality (see Section 2.4), some videos were excluded from
further analysis. Overall, 126 recordings of the nine male
subjects and 210 recordings of the 15 female subjects were
evaluated.

2.3. Image Processing. Image processing was conducted to
improve the image quality in terms of brightness and contrast
and to allow for a more accurate segmentation of the hs
recordings (Figure 3). A 50Hz flickering induced by the light
source and interferences due to fractionation at the fiber optic
impaired the quality of the hs recordings. Therefore, three
steps of image processing were conducted. A stretching of
the grey-scale values to the whole grey scale of 256 values
to increase brightness and to reduce temporal variations
in brightness induced by the 50Hz flickering of the light
source was performed. A spatial low-pass filter with a linear
response was applied to reduce the interference patterns.
Finally, clipping off the upper 50% of the grey-scale range
and distributing the remaining grey-scale values over the
whole grey-scale range were conducted, again to increase



4 Computational and Mathematical Methods in Medicine

Image series Segmented glottis
Posterior

Glottal area waveform

Time

Pi
xe

l

Le
ft

Ri
gh

t

Anterior

Figure 3: Left: image series of hs recordings of vocal folds; middle: single hs image of vocal folds with segmented glottis—blue area; right:
function of the glottal area waveform (GAW) derived from the segmented image series over time (i.e., image series). Maxima in the GAW
correspond to an open glottis and zero values to a closed glottis.
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Figure 4: Normalized glottal area waveform of the word [‘mama]
representing a female subject. Onset, offset, and central moving
average cma (red) over normalized first syllable and saturation
amplitude 𝑟sat are depicted. The cma (red) starts at the fifth peak
because (1) the first two peaks are excluded from cma calculation
because there is no glottal closure before (Section 2.6) and (2) the
kernel size of the cma is five.

the contrast between the dark glottis and the surrounding
vocal folds.

2.4. Glottal Area Waveform (GAW). The glottal area was
determined via the in-house segmentation tool “Glottis Anal-
ysis Tools (GAT)” for each frame. The glottal area waveform
(GAW) was then generated automatically. The GAW is the
glottal area in pixel units over time (Figure 3). In the following
the GAW is shown in diagrams of the normalized glottal area
𝑟 as function of the time 𝑡.Therein, the GAWwas normalized
to themaximumpeak of the first syllable of the word [‘mama]
(Figure 4).

2.5. Definition of the Voice Onset

Voice Onset. For our purposes, the phonation process can be
divided roughly into three major parts (Figure 4). The first
is the phonation onset, that is, the event when the tracheal

Table 1: Applied analytic fit functions 𝑀(𝑡), 𝑃
𝑖
(𝑡), and 𝑃

𝑖

90
(𝑡),

optimization parameters, and optimization boundaries.

Analytic fit
functions

Optimization
parameters

Optimization
boundaries

𝑀
𝑎

𝑎/(1/s) [1 1000]

𝑀
𝑎𝑠

𝑎/(—) [1 1000],
𝑟sat/(—) [0 2]

𝑀
𝑎𝑠𝑟

𝑎/(1/s) [1 1000],
𝑟sat/(—) [0 2],
𝑟
0
/(—) [0 1]

𝑃
2
, 𝑃
2

90
𝑎
0
, 𝑎
1
, 𝑎
2

—
𝑃
3
, 𝑃
3

90
𝑎
0
, 𝑎
1
, 𝑎
2
, 𝑎
3

—
𝑃
4
, 𝑃
4

90
𝑎
0
, 𝑎
1
, 𝑎
2
, 𝑎
3
, 𝑎
4

—

air flow from the lungs starts to pass through the adducted
vocal folds, which begin to vibrate. During this process, the
oscillation amplitude of the vocal folds increases until they
reach their maximal amplitudes and pass on to a periodic
oscillation state.This periodic state is called sustained phona-
tion. When ending the phonation (i.e., sustained state), the
amplitudes decrease until the vocal fold oscillations stop
entirely. This process is called the phonation offset. The
duration of onset or offset is then consequently denoted as the
phonation/voice onset time (VOT) and voice offset time. In
our study, we focused only on VOT. At the very beginning of
the voice onset and during the offset, the vocal folds oscillate
but do not touch each other (Figure 4).

Saturation Amplitude. 𝑟sat is defined as the mean oscillation
amplitude during sustained phonation obtained from the
GAW.As the GAWof an articulation of a word does not show
constant amplitudes, the saturation amplitude was defined
as the maximum of the central moving average of the peak
values cmamax of each oscillation cycle with a kernel size of
five peaks during the first syllable, which corresponds to the
first 40% of the GAW (Figure 4).

Voice Onset Time (VOT). The VOT was determined based
on analytical functions (Table 1 and (1)) that model the peak
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0
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saturation amplitude 𝑟sat are depicted.

devolution of the GAW. The functions were fit over all peaks
between the first fitting point (see Section 2.6) and the last
peak included in the cmamax computation. We tested two
different intervals, given in the literature, for computing the
VOT.

VOT67. VOT67 is defined as the time period that the fit
function needs to reach 67.8% of the saturation amplitude 𝑟sat
starting from 32.2%of the saturation amplitude [5] (Figure 5).

VOT90. VOT90 is defined as the time period that the fit
function needs to reach 90% of the saturation amplitude 𝑟sat
starting from 5% of the saturation amplitude [18] (Figure 5).

2.6. Filtered and Unfiltered GAW. For each GAW, the VOTs
were computed for the original unfiltered signal GAW

𝑜
[18]

and for the filtered signal GAW
𝑓
according to Mergell et al.

[5] (Figure 6).
TheGAWswere filtered using a fourth-order Butterworth

band-pass filter reaching from 0.7 to 1.3 times the fundamen-
tal frequency 𝑓

0
of the respective GAWs. The fundamental

frequency 𝑓
0
is computed for the first 180ms of the GAWs.

For the male subject group 𝑓
0
was between 87Hz and 131Hz

and for the female subject group 𝑓
0
was between 184Hz and

243Hz.This filtering frequency bandwas chosen owing to the
relatively strong variation of 𝑓

0
at the beginning of the word

[‘mama]. The band-pass filter has the following advantages:

(1) The low-pass filter eliminates high frequencies and
hence smoothes the GAW. In this way, the actual
maximum of each glottal cycle can be determined
more accurately. High-frequency artifacts might be
generated by user-caused quality variations of the
semiautomatic segmentation, which can result in a
slightly incorrect glottal area determined for each
picture. High-frequency artifacts may also be caused
by reduced quality of the hs recordings. The quality
of the hs recordings can be affected, for example, by
slight movements of the endoscope or reduced image
quality caused by foggy endoscope optics.

(2) The high-pass filter removes low frequencies and
therefore eliminates the offset so that the fit function
(as presented by Mergell et al. [5]) that also naturally
converges to zero lim

𝑡→−∞
𝑀(𝑡) = 0 (Figure 7)

becomes reasonable.

When fitting the unfiltered GAWs, only peaks after the first
vocal fold contact were included [18]. For filtered GAWs, all
peaks occurring, including those before the first vocal fold
contact, were included as fitting points [5] (Figure 6).

2.7. Fit Functions and Optimization Methods. Six analytic
fit functions were compared (Figure 7, Table 1). They were
optimized by a nonlinear least-squares curve fitting within a
MATLAB script.Three of the six fit functions are based on the
analytical function𝑀(𝑡) (1) presented in Mergell et al. [5]:

𝑀(𝑡) = 𝑟0

1

√(1 − 𝑥
𝑖
) 𝑒−2𝑎𝑡 + 𝑥

𝑖

with 𝑥
𝑖
= (
𝑟
0

𝑟sat
)

2

. (1)

Within 𝑀(𝑡), the parameter 𝑎 is the reciprocal of VOT
67
.

Therefore, for𝑀 functions, just theVOT
67
andnot theVOT

90

is computed. The parameter 𝑟
0
is the peak amplitude of the

normalized GAW within the first phonation cycle (Figures
5 and 6). In contrast to Mergell et al. [5], we additionally
optimized 𝑟

0
and 𝑟sat to increase the degrees of freedom for

yielding the least RMS error between the peak amplitudes
of all oscillation cycles during onset and the approximated
envelope determined by𝑀(𝑡).

To judge the impact of a single optimization parameters,
three functions 𝑀

𝑎
(𝑡), 𝑀

𝑎𝑠
(𝑡), and 𝑀

𝑎𝑠𝑟
(𝑡) were applied

that differ in the number of parameters to be optimized,
which are indicated by the subscripts (Table 1, column 2).
These optimization parameters were varied within physically
reasonable boundaries to accelerate the identification of best
fit as indicated in the third column of Table 1.

Moreover, three polynomial fit functions of second, third,
and fourth order were tested:

𝑃
2 (𝑡) = 𝑎0 + 𝑎1𝑡 + 𝑎2𝑡

2
,

𝑃
3 (𝑡) = 𝑎0 + 𝑎1𝑡 + 𝑎2𝑡

2
+ 𝑎
3
𝑡
3
,

𝑃
4 (𝑡) = 𝑎0 + 𝑎1𝑡 + 𝑎2𝑡

2
+ 𝑎
3
𝑡
3
+ 𝑎
4
𝑡
4
.

(2)

For the polynomial fit functions, the coefficients 𝑎
𝑖
were

optimized to find the best fit of the GAW envelope during
phonation onset with a low error. As criterion, the RMSE
between the maximum values of the GAW and the fit curve
was evaluated. During the optimization process, the ranges
of the variations of the coefficients 𝑎

𝑖
were not restricted

to find the global optimum for the approximation of the
GAW envelope. An additional “supporting point” at 𝑟 = 0
was added to the polynomial fit functions at the distance of
one oscillation cycle before the first fitting point to prevent
the polynomial fit functions from rising to 𝑡 → 0ms. If
the polynomial fit function rises to 𝑡 → 0ms (Figure 8,
dotted line), tests have shown that the polynomial fit function
does not reach the 5% or 32.2% of the saturation amplitude
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influence of the additional “supporting point”.

Table 2: Reliabilities (%) for the six fit functions for both gender
groups for GAW

𝑜
s andGAW

𝑓
s. All fit functions achieve high values

of at least 94%.

Reliability (%) 𝑀
𝑎
𝑀
𝑎𝑠
𝑀
𝑎𝑠𝑟
𝑃
2
𝑃
3
𝑃
4

Female group
GAW

𝑜
100 100 100 94 98 98

GAW
𝑓

100 100 100 96 99 100
Male group

GAW
𝑜

100 99 99 98 100 100
GAW

𝑓
100 98 99 97 100 100

as shown in Figure 8 for the polynomial fit function 𝑃
4

without supporting point (dotted line) and the VOT cannot
be determined.

2.8. Evaluation of Fit Function Quality. To judge the quality
of the different analytic fit functions and to compare the
results for unfiltered and filtered GAWs and the male and
female groups, the three parameters standard deviation of the
VOT, reliability, and rootmean square error (RMSE) of the fit
functions were investigated:

(1) The standard deviation of the voice onset time (VOT)
gives information on the consistency of the VOT
computation. It is desired to have a small standard
deviation to be able to separate physiological from
pathological VOTs in the future clinical applications.
Therefore, the analytic fit functions can be classified in
terms of their ability to reproduce physiological VOTs
within a narrow time interval.

(2) The parameter reliability is the percentage of GAWs
for which the VOT is computable, that is, if a fit
function lies in the defined intervals (VOT

67
: 32.2–

67.8%;VOT
90
: 5–90%) related to the saturation ampli-

tude (Section 2.5). It shows how reliably the VOT
can be computed by each fit function. Furthermore, a
comparison between VOT

90
and VOT

67
is performed

for the polynomial fit functions.

(3) The accuracy of the approximation given by RMSE
shows the normalized error between the fit function
and the peaks of each glottal cycle in the GAW. The
RMSE indicates how accurate the fit function is to the
GAW.

The suitability of the different analytic fit functions for
computing the VOT is finally determined by combining the
results for the three parameters standard deviation of VOT,
reliability, and RMSE.

3. Results and Discussion

3.1. Reliability of Fit Functions

3.1.1. VOT67. In Table 2, the reliability is listed for the analytic
fit functions for the female and male groups and for filtered
(GAW

𝑓
) and unfiltered (GAW

𝑜
) data.

For GAW
𝑜
s of the female group, all𝑀 functions have a

reliability of 100%. Within the polynomial fit function group,
𝑃
4
and𝑃
3
show the highest reliabilities, with 98%. For GAW

𝑓
,

a 100% reliability is reached by all 𝑀 fit functions and by
𝑃
4
. Comparing GAW

𝑜
with GAW

𝑓
, all of the𝑀 fit functions

show a reliability of 100% for the GAW
𝑜
s and for the GAW

𝑓
s.

The reliabilities of the polynomial fit functions are higher for
the GAW

𝑓
s than for the GAW

𝑜
s.

For GAW
𝑜
s of the male group, 𝑃

3
, 𝑃
4
, and 𝑀

𝑎
reach

a reliability of 100%. For GAW
𝑓
, 𝑃
3
, 𝑃
4
and 𝑀

𝑎
reach

a reliability of 100%. 𝑃
2
has the lowest reliability (97%).

Comparing GAW
𝑜
with GAW

𝑓
, the highest reliability of

100% is achieved by 𝑃
3
, 𝑃
4
, and 𝑀

𝑎
. Whereas 𝑀

𝑎𝑠𝑟
shows a

reliability of 99% for both the filtered and the unfiltered data,
𝑀
𝑎𝑠
and 𝑃

2
have a 1% higher reliability for GAW

𝑜
s than for

GAW
𝑓
s. In contrast to the female group, the reliabilities of

the polynomial fit functions are slightly higher for the GAW
𝑜

compared with GAW
𝑓
.

A reliability of 100% in both gender groups and for
GAW

𝑓
s and GAW

𝑜
s is achieved by 𝑀

𝑎
, which is therefore

the most robust fit function. 𝑃
4
has a reliability of 100% for

both the male and female groups for the GAW
𝑓
s and of 100%

and 98% for the GAW
𝑜
s. 𝑀
𝑎𝑠𝑟

shows a reliability of at least
99%.𝑀

𝑎
and𝑃
3
have reliabilities between 100% and 98%.𝑃

2
is

the least robust fit function. In summary, for VOT
67
, a similar

high reliability is given for all fit functions except 𝑃
2
.

3.1.2. VOT90. In Table 3, the reliability for the analytic fit
functions 𝑃

2

90, 𝑃
3

90, and 𝑃
4

90 is listed for the female and
male groups and for filtered and unfiltered data. In general,
the reliability is lower than for VOT

67
owing to the stricter

definition of the VOT
90
.
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Table 3: Reliabilities for the polynomial fit functions for both gender
groups for GAW

𝑜
s and GAW

𝑓
s.

Reliabilites (%) 𝑃
2

90
𝑃
3

90
𝑃
4

90

Female group
GAW

𝑜
85 89 94

GAW
𝑓

90 91 93
Male group

GAW
𝑜

94 96 98
GAW

𝑓
95 94 98

Table 4: Mean values for VOT
67

and the standard deviation (SD)
listed for all fit functions and both gender groups.

VOT
67
(ms) 𝑀

𝑎
𝑀
𝑎𝑠
𝑀
𝑎𝑠𝑟

𝑃
2
𝑃
3
𝑃
4

Female group
GAW

𝑜
118 144 152 51 41 37

SD 220 241 233 33 34 34
GAW

𝑓
32 29 66 47 41 39

SD 28 31 106 30 35 36
Male group

GAW
𝑜

58 94 97 43 33 32
SD 109 200 189 29 21 25
GAW

𝑓
71 82 117 41 35 34

SD 179 209 238 28 32 37

For the female group, 𝑃
4

90 shows the highest reliability
for GAW

𝑜
and GAW

𝑓
, with 94% and 93%. Basically, the

reliability increases with the order of the polynomial. For the
male group, the highest reliability for GAW

𝑜
and GAW

𝑓
is

shown by 𝑃
4

90, with 98%. Again, the reliability increases with
the order of the polynomial. Concerning both gender groups,
𝑃
4

90 shows the highest reliability for the unfiltered and filtered
GAW.

3.1.3. Onset Time Definition VOT67 versus VOT90. The com-
parison of the reliability between the fit functions for the
two onset time definitions VOT

67
and VOT

90
reveals better

results for VOT
67
. However, higher reliabilities for VOT

67

were expected, since by definition functions reaching 5% of
the saturation amplitudes naturally always reach 32.2% of the
saturation amplitude (Figure 8). Regarding reliability, the best
combination would be VOT

67
in combination with any fit

function except 𝑃
2
.

3.2. Consistency of Fit Functions

3.2.1. VOT67. In Table 4, mean VOT
67
s and their standard

deviations (SDs) are listed. For both gender groups, M
functions have significantly higher VOT

67
s and SDs than

polynomial fit functions for GAW
𝑓
and GAW

𝑜
. VOT

67
s

of the 𝑀 functions basically increase with the number
of optimized parameters. For the polynomial fit functions,
VOT
67
s decrease with the polynomial degree (51 → 32ms).

For the polynomial fit functions, the SDs of VOT
67
s are

in similar range between 21 and 37ms (Δ(𝑡) = 16ms).

Table 5: Mean values for VOT
90

(ms) and the standard deviation
(SD) for 𝑃

2

90, 𝑃
3

90, and 𝑃
4

90.

VOT
90
(ms) 𝑃

2

90
𝑃
3

90
𝑃
4

90

Female group
GAW

𝑜
116 113 102

SD 59 73 62
GAW

𝑓
110 110 103

SD 57 69 59
Male group

GAW
𝑜

103 94 92
SD 59 60 59
GAW

𝑓
96 94 88

SD 56 71 63

In contrast, the SDs of the𝑀 functions spread over an interval
from 71 to 241ms (Δ(𝑡) = 170ms).

Overall, themost consistent combination for both gender
groups is given by 𝑃

2
, 𝑃
3
, and 𝑃

4
for unfiltered data (21ms ≤

SD ≤ 34ms); however, 𝑃
2
, 𝑃
3
, and 𝑃

4
show almost identical

consistent results for the filtered data (28ms ≤ SD ≤ 37ms).

3.2.2. VOT90. In Table 5, mean VOT
90
s and their standard

deviations (SDs) are listed for the analytic fit functions 𝑃
2

90,
𝑃
3

90, and 𝑃
4

90 for the female and male groups and for
filtered and unfiltered data. For both gender groups, the
polynomial fit functions show similar consistency for filtered
and unfiltered GAW (57ms ≤ SD ≤ 63ms). Also, the absolute
VOT values are very similar (88ms ≤ VOT

90
≤ 116ms).

Overall, the most consistent combination for both gender
groups is given by𝑃

2

90 and𝑃
4

90 owing to the smaller standard
deviation than for 𝑃

3

90. Hence computing VOT
90
for GAW

𝑓

or GAW
𝑜
yields equally good results.

3.2.3. Comparison of VOT90 with VOT67. Owing to the def-
initions of VOT

90
and VOT

67
, it was expected that VOT

90

values would be significantly higher than VOT
67

values.
However, regarding the consistency, it was not obvious. Here,
the SD values for VOT

67
were only about half (≤34ms) those

for VOT
90

(≥56ms). Hence, from the consistency point of
view, the best choice would be a polynomial fit function
(𝑃
2
, 𝑃
3
, 𝑃
4
) for filtered or unfiltered GAW applying VOT

67
.

3.3. Accuracy: Root Mean Square Error (RMSE). In Table 6,
the RMSEs of all fit functions and their SDs are given on
the basis of the experimental data for which VOT

67
could

be reliably computed. For the computation of the RMSE, all
peaks of the GAW that contributed to the determination of
the corresponding fit function were used.

All values for the𝑀 functions are given only for VOT
67
.

For the polynomial fit functions, the RMSEs are equal on
comparing VOT

90
and VOT

67
since these two definitions

differ only in the time considered to compute the onset time
interval.
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Table 6: Mean RMSEs and SDs of the applied fit functions for
filtered and unfiltered GAW and both gender groups.

RMSE 𝑀
𝑎
𝑀
𝑎𝑠
𝑀
𝑎𝑠𝑟

𝑃
2

𝑃
3

𝑃
4

Female group
GAW

𝑜
0.09 0.08 0.07 0.08 0.08 0.07

SD 0.06 0.05 0.04 0.03 0.03 0.03
GAW

𝑓
0.11 0.09 0.07 0.08 0.7 0.06

SD 0.05 0.04 0.03 0.03 0.03 0.03
Male group

GAW
𝑜

0.11 0.09 0.08 0.10 0.08 0.07
SD 0.06 0.05 0.04 0.04 0.03 0.03
GAW

𝑓
0.10 0.09 0.08 0.10 0.08 0.07

SD 0.06 0.05 0.05 0.06 0.06 0.05

Regarding 𝑀 functions, the best performance for both
gender groups and for filtered and unfiltered GAW is pro-
vided by 𝑀

𝑎𝑠𝑟
(0.07 ≤ RMSE ≤ 0.08). Of the polynomial

fit functions, 𝑃
3
and 𝑃

4
show the best performance (0.06 ≤

RMSE ≤ 0.08). In summary, 𝑃
4
for the GAW

𝑓
s has the lowest

RMSE values in addition to very small SDs, followed by 𝑃
4

(GAW
𝑜
) and𝑀

𝑎𝑠𝑟
. The highest RMSEs are shown by𝑀

𝑎
.

3.4. Evaluation of the AppliedMethods. For the three different
criteria, the following best combinations were found:

(i) Reliability: VOT
67

combination with any fit function
except 𝑃

2
.

(ii) Consistency: polynomial fit functions (𝑃
2
, 𝑃
3
, 𝑃
4
) for

filtered and unfiltered GAW applying VOT
67
.

(iii) Accuracy (RMSE): 𝑃
4
for the GAW

𝑓
independent of

VOT definition.

Combining the results for the three criteria yields the con-
clusion that the most reliable way to compute the VOT is to
fit a fourth-order polynomial fit function (𝑃

4
) to the filtered

glottis area waveform (GAW
𝑓
) with the onset time definition

VOT
67
(onset time equals the time between 32.2 and 67.8% of

the saturation state). A highly important advantage of VOT
67

is the high consistency (i.e., small SD of onset time) compared
with VOT

90
. This is very important with regard to potential

future clinical use, since the physiological onset time of the
norm group can only be differentiated from the pathological
onset time if the pathological VOT lies outside the given
norm onset time interval.

4. Conclusion

A study on computing VOT based on GAW from the word
[‘mama] derived from HSE data obtained with a flexible
endoscope was conducted in order to determine the most
robust and reliable method. Different-order polynomial fit
functions and a Hopf bifurcation function were tested that
approximate the transient VO process, exhibiting increasing
amplitudes of the glottal area with a different number of
parameters being optimized.The results for filtered and unfil-
tered GAWs were compared. As a measure of the suitability

of a method, a combination of the three different criteria was
chosen: the reliability, that is, the percentage of GAWs for
which the VOT was computable, VOT itself and its SD, and
the RMSE between the fit function and the peak values of
the GAW. In summary, the results suggest applying a fourth-
order polynomial to approximate the voice onset by fitting
it to peak values of the GAW. Furthermore, preprocessing
of the GAW in the form of a band-pass filter around 𝑓

0

in combination with the VOT
67

(period between 32.2 and
67.8% of the saturation amplitude of the first syllable of the
word [‘mama]) ismost advantageous regarding reliability and
consistency.

Analyzing the VO based on a GAW derived from HSE
data obtained with a flexible endoscope combines different
benefits. The vocal fold dynamics reflect the actual basic
voice signal which is not modified by the vocal tract as the
acoustic voice signal. The flexible endoscope affects the voice
production less than a rigid endoscope and allows recording
of articulations. Moreover, the GAW reflects the entire vocal
fold dynamics, in contrast to trajectories which reflect the
vocal fold dynamics just at one thin line. However, owing to
image quality, not all of the HSE results could be included in
the VOT computation. With a new generation of hs cameras,
image quality in terms of brightness, contrast, and spatial
resolution will be increased [9]. Moreover, the temporal
resolution of the hs recordings can be increased, so that at
some point it will keep up with acoustic voice recordings.

As perspective, the data in this paper are a contribution to
the establishment of VOT as clinical measure in clinical diag-
nostics and therapy for voice disorders, especially functional
dysphonia.The results of the reliability, robustness, and accu-
racy of the different methodologies for the determination of
theVOT are suited to contribute to the standardization of this
measure.
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2Department of Computer Science, Instituto de Investigaciones en Matemáticas Aplicadas y en Sistemas,
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We present a novel approach to describe a P300 by a shape-feature vector, which offers several advantages over the feature vector
used by the BCI2000 system. Additionally, we present a calibration algorithm that reduces the dimensionality of the shape-feature
vector, the number of trials, and the electrodes needed by a Brain Computer Interface to accurately detect P300s; we also define a
method to find a template that best represents, for a given electrode, the subject’s P300 based on his/her own acquired signals. Our
experiments with 21 subjects showed that the SWLDA’s performance using our shape-feature vector was 93%, that is, 10% higher
than the one obtained with BCI2000-feature’s vector. The shape-feature vector is 34-dimensional for every electrode; however, it
is possible to significantly reduce its dimensionality while keeping a high sensitivity. The validation of the calibration algorithm
showed an averaged area under the ROC (AUROC) curve of 0.88. Also, most of the subjects needed less than 15 trials to have an
AUROC superior to 0.8. Finally, we found that the electrode C4 also leads to better classification.

1. Introduction

The P300 is an event-related potential (ERP) endogenous
component that has a positive deflection that occurs in the
scalp-recorded electroencephalogram (EEG) and typically
elicited approximately 300ms after the presentation of an
infrequent stimulus (such as visual, auditory, or somatosen-
sory) [1]. The specific set of circumstances for eliciting a
P300 is known as the Oddball Paradigm which consists of
presenting a target stimulus amid more frequent standard
background stimuli. Under this paradigm, a P300, among
other ERPs, is unconsciously elicited every time a subject’s
brain detects the target stimulus (the rare event). In fact, the
P300 is a reasonable input signal, with desirable properties
and stability to control Brain Computer Interfaces (BCI) [2],
applications requiring precise real-time detection as well as
memory and computation optimization [3, 4]. The feature
vector dimensionality reduction has been a popular choice

to achieve these goals within the BCI community because it
decreases the complexity of classifiers [5].

The features of a P300 have been represented in time,
frequency, time-frequency, and shape domains by using,
among others, Wavelet Transform [6], Genetic Algorithms
[7], and Common Spatial Patterns [8]. Additionally, the
approaches more commonly used for P300 classification are
Linear Discriminant Analysis, Stepwise Linear Discriminant
Analysis [9], and Support Vector Machines [10].

In this work, we are interested in the shape domain
because we assume that (i) every subject produces P300
signals whose waveform can be consistently represented
by template curves and (ii) such template curves from a
subject are more similar to curves with a P300 than to
curves produced by EEG background activity [11]. Most
techniques based on these ideas are classified into Cross Cor-
relation Alignment (e.g., Woody’s [12] and Maximum Likeli-
hood (ML) [13] methods), Dynamic Time Warping (DTW)
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alignment [14, 15], and linear methods such as coherent
averaging [11]. Although the latter is the most controversial
of all, it is the fastest and the most commonly used averaging
method because of the following argument: a P300 can be
considered as a well-defined component since the alignment
of its peaks “is most likely linear even though the distortion
is nonlinear” [16]. For this reason, it is common practice to
repeat the stimulation procedure to improve its signal-to-
noise ratio (SNR) by coherently averaging several segments
of filtered EEG signals generated after the stimulation (i.e.,
trials); the number of stimulations may vary from subject
to subject for reasons explained in [17]. Coherent averaging
implies that ERP components are unaffected by the averaging
procedure and that any variability is due to noise [18].
However, P300’s amplitude, latency, and waveshape vary not
only between electrodes but also in time. The first variation
is due to its position; that is, the farther the electrode is
from the cortical area, the lower the amplitude is. Thus, if we
average all the electrode signals without taking into account
the latter consideration, wewill damage the P300’s properties;
for this reason, usually, the electrode signals are processed
individually. The variation in time is due to either biological
determinants (e.g., increasing difficulty in perception and
cognition of a task), subject’s attention level, or experimenter-
dependent variables [17]. Thus, the coherent average does
distort most ERP’s components [15, 19]; however, for a given
subject, the averaged P300 remains consistent [20]. The
previous considerations can be summarized in the following
statement byKnuth et al. [18]: “Of course, waveshape variabil-
ity also exists, but robust single-trial amplitude and latency
estimates are nonetheless obtainable with the assumption of
fixed component waveshapes.”

The novelty of this paper consists in the detection of
P300 trials based on using pattern recognition techniques
on its shape, represented by a feature vector. Specifically, we
use a contour representation based on an adapted version
of the Slope Chain Code (SCC) and some of its properties
(e.g., the tortuosity measure) [21], as well as some general
descriptors, such as the differences of areas, to describe
the differences between curves. Importantly, chain codes
have been successfully used to describe and classify other
biosignals such as electrocardiograms [22].The advantages of
using the SCC are as follows: (i) it is self-contained, which
implies that a chain does not need decoding, and (ii) it is
finite, which means that the resulting chains can be classified
using either grammatical techniques, syntactic analysis [23],
or algebraic operations. Because the SCC is very expensive,
we adapted it to make it computationally less demanding.
In addition to the adapted SCC, we also present an offline
calibration algorithm that reduces the dimensionality of the
shape-feature vector, the number of subject’s stimulations,
and the number of electrodes needed by a BCI to accurately
detect a subject’s P300.

We organized the paper as follows. In Section 2, we define
the shape-feature vector and explain the details of the pro-
posed algorithm.Then, in Section 2.3, we present our metho-
dology to set the Oddball Paradigm and the experiments to
define the parameters needed for the proposed algorithm.
In Section 3, we present key results and a discussion of the

experiments designed to evaluate the classification perfor-
mance. Finally, in Section 4, we provide some conclusions.

2. Materials and Methods

In this section, we describe the features of the ERP’swaveform
that we use as the vector of characteristics. Additionally,
we present an offline calibration algorithm that reduces the
dimensionality of the shape-feature vector, the number of
trials for a subject, and the number of electrodes needed by a
BCI to detect a subject’s P300.

2.1. Feature Vector Based on ERP’s Waveform. As we men-
tioned before, the vector of characteristics obtained from the
waveformof a P300 is central to ourwork. A first step towards
producing such a vector is the coherent averaging of a set of
trials.

2.1.1. Coherent Averaging. It is a well-known fact that coher-
ent averaging increases the SNR in signals and we take
advantage of this fact to enhance the small amplitude signals
immersed in an EEG. We and other groups [25] assume
that the coherent averaging is feasible because (i) there is no
correlation between the ERP signal and the rest of the EEG,
(ii) the stimulation time and the response reflected in the EEG
signal are known, (iii) there exists a consistently detectable
component (e.g., a P300), and (iv) the EEG is a random signal
with zero mean.

In a common BCI experiment, a number of electrodes are
used to acquire EEG signals.We refer to this number as𝐶.The
signal froman electrode is acquired𝐾 times (i.e.,𝐾 trials).We
will refer to the resulting set of all acquired signals (i.e.,𝐾 sig-
nals for 𝐶 electrodes) as E and we divide it into two nonover-
lapping subsets T and V . We use the set T to train the calibra-
tion algorithm (which is discussed in Section 2.2) and the set
V to validate its performance (see Section 3.2). Furthermore,
every EEG signal recorded by an electrode is discretized
by 𝑇 number of samples. Consequently, the 𝑇-dimensional
vector representing an EEG signal can be represented as fol-
lows:

e = g + n, (1)

where g and n are also vectors representing the ERP signal
and the EEG background (associated with the rest of the
brain’s activity), respectively. By coherently averaging the 𝐾

signals of a single electrode, we have

𝜇 (E, 𝐾) =
1

𝐾

𝐾

∑

𝑘=1

e
𝑘
= g + n =

1

𝐾

𝐾

∑

𝑘=1

(g
𝑘
+ n
𝑘
) . (2)

In practice, the averaged vector n is considered to be the zero
vector (that vector whose element values are all equal to zero)
because the EEG is a random signal with zeromeanwith little
autocorrelation.

Because we intend to use the waveform of the recorded
ERP signals to generate the vector of features, we represent a
recorded signal e as the following sequence of ordered pairs
[(𝑥

, 𝑦

)
1
, (𝑥

, 𝑦

)
2
, . . . , (𝑥


, 𝑦

)
𝑇
], where 𝑥

 is a nonnegative
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integer corresponding to the sample number and 𝑦
 is a real

number representing the measured amplitude of the ERP
at the position 𝑥

. As a result, the coherent average of (2)
produces the vector e = [(𝑥


, 𝑦)
1
, (𝑥

, 𝑦)
2
, . . . , (𝑥


, 𝑦)
𝑇
].

2.1.2. SlopeHorizontal Chain Code. Chain codes are alphanu-
meric sequences with integer alphabets being the most
common choices because the easiness and velocity to pro-
cess the resulting chains in comparison to those based
on alphanumeric alphabets. Several integer-alphabet chain
codes have been proposed [21, 26–32] as well as methods to
represent analog signals with sequences of bits (e.g., pulse
code modulation [33]); however, the SCC is the most useful
for the purposes of this paper because it divides the curve into
straight-line segments placed onto the curve and preserves
with higher resolution the contour shape. By using the
ordered-pair representation for ERP signals, we can obtain
a chain code representing the contour of the curve described
by its sequence of ordered pairs [34].

In this work, we adapted the SCC to represent ERP signals
and called it SlopeHorizontal Chain Code (SHCC).Themain
differences between the SCC and our code are the following.
The SHCC adjusts a segment’s length to avoid interpolation;
this adjustment takes advantage of the sampling uniformity
during the biosignal acquisition to keep the sampling points
as the endpoints of segments. Contrary to the SCC, the SHCC
does not compute the angle between two adjacent segments;
in contrast, it computes the slope between a segment and the
horizontal in the continuous range equivalent to (−90∘, 90∘).
Consequently, the segments are independent, which means
that if the signal from one electrode is disturbed (e.g., due to
noise or loss of information), this will not affect more than
one chain element. Furthermore, the SHCC does not require
either rotation invariance, since it is not designed for closed
curves, or scale invariance. Consequently, the previous differ-
ences make the SHCC algorithm computationally less expen-
sive and very useful for real-time applications. Moreover, the
SHCC can be easily implemented in hardware; thus, allowing
the classifier integration to signal acquisition devices.

On the other hand, the SHCC and the SCC share the
following very useful properties for our application: both
place line segments onto the curve to preserve with high
resolution the contour shape, both are translation-invariant,
which is relevant since the SHCC can adequately represent
P300’s variability, and both allow feature dimensionality and
data reduction. The two are very desirable properties in BCI
applications [35].

A first step to transform the curve into a chain by the
SHCC is to resample the vector e with a new sampling
distance given by

Δ = ⌈
𝑇

𝑆 + 1
⌉ , (3)

where 𝑆 < 𝑇 is a nonnegative integer representing the
desired number of line segments to represent the curve (in
Section 2.3.4, we will explain the procedure to select the 𝑆

value). The new rediscretized vector is a sequence of ordered
pairs [(𝑥, 𝑦)

1
, . . . , (𝑥


, 𝑦)
𝑠
, . . . , (𝑥


, 𝑦)
𝑆
], where 𝑠 = ⌊𝑡 + (𝑚 ×

Δ)+0.5⌋, for 1 ≤ 𝑡 ≤ 𝑇, and𝑚 = sgn((𝑇−1)/Δ)⌊|(𝑇−1)/Δ|⌋.

An alternative to this rediscretization process would be to
change the sampling rate (i.e., subsampling) during the acqui-
sition process but this can potentially distort the ERP signal,
due to aliasing, and produce regions of the signal similar to
a P300, which in turn could produce false positives in the
classification stage.

Before obtaining the alphabet symbols, the SHCC nor-
malizes every element (𝑥, 𝑦) of e as follows:

x =
1

(max
𝑥𝑖
(x) − min

𝑥𝑖
(x))

(x − min
𝑥𝑖

(x) 1) ,

y =
1

(max
𝑦𝑖
(y) − min

𝑦𝑖
(y))

(y − min
𝑦𝑖

(y) 1) ,

(4)

where 1 is a vector whose element values are all equal to one.
These operations produce new coordinate vectors x =

[𝑥
1
, . . . , 𝑥

𝑆
] and y = [𝑦

1
, . . . , 𝑦

𝑆
], where 𝑥

𝑖
, 𝑦
𝑖

∈ [0, 1].
With these coordinates, the SHCC produces a chain B =

(𝑏
1
. . . 𝑏
𝑆
) whose 𝑠th element represents the code associated

with the slope between the horizontal axis and the 𝑠th ordered
pair (𝑥, 𝑦)

𝑠
, for 1 ≤ 𝑠 ≤ 𝑆. To compute the members

of the alphabet, we use a precision of two decimals when
computing the individual slopes, resulting in an alphabet of
200 elements. To exemplify this process, we show in Figure 1
a discretized ERP whose chain isB = (0.06 −0.02 −0.06 0.06
0.05 0.02 0.01 −0.04 0.04 −0.03 −0.09 0.04 0.05 −0.01 −0.02
0.04).

Finally, to form a vector of characteristics, we consider
the elements of a chain obtained with the aforementioned
SHCC method as part of the features of the vector together
with other characteristics as we will show below.

2.1.3. Distance between Chains. The possibility of computing
the distance between two curves is an important characteris-
tic that we take advantage of for our proposed method. Since
we use the SHCC to represent 2D curves, we obtain a unique
curve descriptor represented by a chain. The hypothesis is
that the chain representing a P300 template is more similar
to the chain of a P300 than to the chain from a non-P300.

There are several distances tomeasure shape dissimilarity
for 2D curves such as the Manhattan (i.e., the ℓ

1
-norm), the

Euclidean (i.e., the ℓ
2
-norm), the Hausdorff, or the Frèchet

distances [36]. To decide between them, we ran experiments
with preliminary parameters to compare our algorithm’s
performance (we explain our algorithm below) and the
results were not significantly different; thus, we decided to
compute the distance with the ℓ

1
norm because of its lower

computational cost. Consequently, for two chains B
𝑖
and

B
𝑗
of length 𝑆, we define their distance 𝑑 as

𝑑 = ℓ
1
(B
𝑖
,B
𝑗
) =

𝑆

∑

𝑠=1


𝑏
𝑖,𝑠

− 𝑏
𝑗,𝑠


. (5)

To exemplify our hypothesis, we show different subsampled
curves in Figure 2. In Figure 2(a), we present in blue the tem-
plate curve of a subject, whose chain is (0.05 −0.02 −0.05 0.08
0.07 −0.01 0.01 −0.03 0.04 −0.04 −0.09 0.01 0.05 −0.03 −0.04
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(a) Original curve (b) Discretized curve
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−0.02 0.04
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−0.01

−0.03

−0.04

(c) Chain of the discretized curve

Figure 1: Example of a P300 discretized curve and its resulting chain code by using the SHCC method.

0.04), and in red a P300 curve of the same subject, whose
chain is (−0.01 −0.04 −0.05 0.04 0.05 0.05 0.02 −0.05 −0.02
−0.05 −0.02 0.05 0.02 0 −0.01 −0.01).TheManhattan distance
between these two chains is 0.55. In contrast, in Figure 2(b),
we present the same template curve together with a non-P300
curve, whose chain is (0.07 −0.03 0 −0.03 0.06 0.04 −0.10 0.06
0.01 −0.04 −0.04 0.06 −0.09 0.01 0.11 0.05); in this case, the
distance between chains is 0.92. For this example, one can see
that the subject’s template curve is more similar to the P300
curve than to the non-P300 curve.This is just an example and
within the calibration process there is some statistical test that
makes sure that this hypothesis is met.

2.1.4. Tortuosity. Another feature that we would like to
capture is how straight or twisted a curve is; one way to
measure such a characteristic is by

Υ (B) =

(𝑆−1)

∑

𝑖=1



⌊𝑏
𝑖
⌋

100



, (6)

where 𝑏
𝑖
is the 𝑖th element of the chain B. The minimum

value of this measure is zero, corresponding to a curve con-
sisting of purely horizontal segments (i.e., all the components
have slopes equal to zero).On the other hand, as the curvature

increases, the value of Υ will also increase [21]. The measure
Υ above is commonly known as tortuosity, and, for example,
the tortuosity value of the curve shown in Figure 1 is 0.64.

2.1.5. Differences between the Areas of Two Curves. Both the
SCC and the SHCC describe the signals waveform at the
expense of losing voltage information; the latter is useful
for discrimination between conditions.Moreover, two curves
having different shape could have the same tortuosity. For
these reasons, we introduce an additional way to compare
two curves by computing the difference between their areas.
To this end, we apply the trapezoidal rule [37], because it
integrates a curve over an interval by breaking the area under
the curve into small trapezoids whose areas are easier to
compute. In what follows, for a subject, we will compute the
difference between the areas of a template curve (R𝑇) and the
area of either a P300 curve (R𝑃) or a non-P300 curve (R𝑁).
We refer to the segment-wise differences as [𝑎

1
, 𝑎
2
, . . . , 𝑎

𝑆−1
].

For any two 𝑆-dimensional vectors p and q, we define the sum
of their segment-wise differences as

�̆� (p, q) =
(𝑆−1)

∑

𝑠=1

p
𝑠
− q
𝑠
. (7)
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Figure 2: Illustration of the difference between a subject’s template curve and (a) a P300 curve and (b) a non-P300 curve.

Finally, for every electrode, we assemble a (2𝑆 + 2)-
dimensional vector of shape features by combining all the
described parameters above in the following way: the first
(𝑆 − 1) elements of the vector correspond to the differences
between the area of two curves [𝑎

1
, 𝑎
2
, . . . , 𝑎

𝑆−1
], the following

element is the sum of them �̆� by (7). The next element is the
distance between chains 𝑑 by (5), followed by the tortuosity
measure Υ by (6), and the last 𝑆 elements of the vector
represent the ERP under analysis (𝑏

1
, . . . , 𝑏

𝑆
), resulting in the

vector k = [𝑎
1
, 𝑎
2
, . . . , 𝑎

𝑆−1
, �̆�, 𝑑, Υ, 𝑏

1
, 𝑏
2
, . . . , 𝑏

𝑆
] of size 𝑉.

2.2. Calibration Algorithm. Like any other BCI system that
uses a feature vector, we need to calibrate ours for every
subject. For our project, the goals of the calibration are (i)
to obtain a template for every electrode that best represents
a subject’s P300 in that electrode, (ii) to obtain the optimum
number of stimulations, (iii) to select the subset of electrodes
that provides the best P300 signal, and (iv) to select the shape
features that maximize the area under the receiver operating
characteristic (AUROC) curve.

In what follows, we define some sets and variables
necessary for our calibration algorithm. For the calibration
process, we select a certain number of P300-labeled trials
and a certain number of non-P300-labeled trials for a given
electrode 𝑐. We refer to the set of non-P300-labeled trials,
with cardinality equal to 𝑁, as E𝑁

𝑐
and as E𝑃

𝑐
to the set of

P300-labeled trials, with cardinality equal to 𝑃. Clearly, the
total number of trials, for a given electrode 𝑐, produces a
set; we refer to it as E

𝑐
(i.e., E

𝑐
= E𝑃
𝑐
∪ E𝑁
𝑐
). When all the

electrodes that we use are taken into account, then the set of
all the trials results in the set T which can then be expressed
as {E
𝑐
| 1 ≤ 𝑐 ≤ 𝐶}.

Algorithm 1 presents the pseudocode for our calibration
method, which is an iterative algorithm based on wrapper
methods [38].

A general view of the calibration algorithm is as follows.
The iterative algorithm is made of several sections that carry
a specific task and are called wrappers. The principal wrapper
is an iterative procedure; see lines 4–24. To control the
iterations, wemake use of the boolean variable loop initialized
in line 1. The algorithm iterates while the value of loop is
true (see line 4). The goals of this wrapper are to select (i)
the electrodes and the shape features that provide the best
P300 signal, (ii) the best templates for each electrode, and
(iii) the optimum number of stimulations. We select the
subset of electrodes and the optimumnumber of stimulations
by finding the templates that satisfy certain criteria. The
number of trials (i.e., 𝐾) is one of the parameters defined
in the experimental design (see Section 2.3.3). We define
the variable 𝑘 as the maximum number of stimulations
𝐾 (see line 2), which will gradually decrease to diminish
subject’s fatigue, to find the optimumnumber of stimulations.
Additionally, we find the best templates and the best shape
features by means of an inner wrapper method that iterates
𝑂 number of times, where 𝑂 is defined in line 5. In each
iteration, the inner wrapper randomly selects a set of P300-
labeled trials to find the best template and the best features for
each electrode by analyzing subsets of trials. For this analysis
to be statistically significant, we apply a cross-validation 𝑈
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1: 𝑙𝑜𝑜𝑝 ← 𝑡𝑟𝑢𝑒

2: 𝑘 ← 𝐾

3: 𝑈 ← ⌊
𝑃 − 𝐴

𝐾
⌋

4: while 𝑙𝑜𝑜𝑝 = 𝑡𝑟𝑢𝑒 do
5: 𝑂 ← ⌊

𝑃

𝑘
⌋

6: for 𝑜 ← 1 to 𝑂

7: for 𝑐 ← 1 to 𝐶

8: R𝑇 ← 𝑅𝑎𝑛𝑑𝑜𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(E𝑃
𝑐
, 𝐴)

9: B𝑇
𝑜,𝑐

← 𝐶ℎ𝑎𝑖𝑛𝐶𝑜𝑑𝑒𝑆𝐻𝐶𝐶(𝜇(R𝑇, 𝐴))

10: for 𝑢 ← 1 to 𝑈

11: R𝑃 ← 𝑅𝑎𝑛𝑑𝑜𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟({E𝑃
𝑐
−R𝑇}, 𝑘)

12: B𝑃
𝑐
← 𝐶ℎ𝑎𝑖𝑛𝐶𝑜𝑑𝑒𝑆𝐻𝐶𝐶(𝜇(R𝑃, 𝑘))

13: k𝑃
𝑢,𝑐

← 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑜𝑟(R𝑇,R𝑃,B𝑇
𝑜,𝑐
,B𝑃
𝑐
)

14: for 𝑢 ← 1 to 𝑈

15: R𝑁 ← 𝑅𝑎𝑛𝑑𝑜𝑚𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(E𝑁
𝑐
, 𝑘)

16: B𝑁
𝑐

← 𝐶ℎ𝑎𝑖𝑛𝐶𝑜𝑑𝑒𝑆𝐻𝐶𝐶(𝜇(R𝑁, 𝑘))

17: k𝑁
𝑢,𝑐

← 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑜𝑟(R𝑇,R𝑁,B𝑇
𝑜,𝑐
,B𝑁
𝑐
)

18: 𝑧
𝑜,𝑐

← 𝐴𝑈𝑅𝑂𝐶𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟(d𝑃
𝑐
, d𝑁
𝑐
)

19: (i
𝑜
,w
𝑜
, f 
𝑜
) ← 𝑆𝑡𝑒𝑝𝑤𝑖𝑠𝑒(V

𝑜
)

20: (𝜙
𝑘
) ← 𝑎V𝑒𝑟𝑎𝑔𝑒𝐴𝑈𝑅𝑂𝐶(Z)

21: (𝑙𝑜𝑜𝑝, c) ← 𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑑𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(𝜙
𝑘
)

22: (𝑙𝑜𝑜𝑝,𝐾

, 𝑘) ← 𝑇𝑟𝑖𝑎𝑙𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(𝜙

𝑘
, 𝑘, 𝐾)

23: B
𝑐
← 𝑇𝑒𝑚𝑝𝑙𝑎𝑡𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(Z,B𝑇, c)

24: (I
𝑐
,W
𝑐
, F
𝑐
) ← 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟(Z, i,w, f , c)

25: return c, 𝐾, B
𝑐
, I
𝑐
, W
𝑐
and F

𝑐

Algorithm 1: Calibration algorithm.

times, where 𝑈 is defined in line 3. Since 𝑈 depends on
𝐾, it could be computed after 𝐾 is set. Then, the inner
wrapper evaluates the detection of a P300 through lines 6–
19. On the other hand, in order to reduce the shape-feature
vector dimensionality, we use the stepwise regression method
(SRM) described in [5, 39]. This method performs feature
space reduction by selecting the elements of the shape-feature
vector that satisfy certain entry and removal criteria.

Now, we describe the inner wrapper in detail. As we
explained before, for an electrode 𝑐, we need to search
for the subject’s best template that consistently represents
a P300 waveform (see lines 7–18). Each template chain is
generated by randomly selecting a subset R𝑇 = {e

𝑖
| e
𝑖
∈

E𝑃
𝑐

and 1 ≤ 𝑖 ≤ 𝐴}, where 𝐴 is the number of trials
necessary to generate the subject’s P300 template (we will
detail the method to define both 𝐴 and 𝑆 in Section 2.3.4).
We perform this task by the RandomSelector operator (see
line 8). Then, we compute its coherent average 𝜇(R𝑇, 𝐴)

by (2) and we transform the resulting vector into a chain
B𝑇
𝑜,𝑐

using the SHCC (see Section 2.1.2); this process is
carried out in line 9 by the operator ChainCodeSHCC. At this

point, the algorithm creates a set of several template chains
{B𝑇
1,𝑐

, . . . ,B𝑇
𝑜,𝑐

, . . . ,B𝑇
𝑂,𝑐

} for a given electrode 𝑐.
Every template chain B𝑇

𝑜,𝑐
is compared with the chains

B𝑃
𝑐

and B𝑁
𝑐
, where B𝑃

𝑐
is the chain of the average subset

R𝑃, whose 𝑘 elements (i.e., the number of stimulations) are
randomly selected from the set {E𝑃

𝑐
− R𝑇} (see lines 11 and

12); andB𝑁
𝑐

is the chain corresponding to the averaged subset
R𝑁, composed of 𝑘 elements randomly selected from E𝑁

𝑐

(see lines 15 and 16). These comparisons are carried out (see
lines 8–17) 𝑂 times (see line 6) per electrode.

After these comparisons, we obtain two shape-feature
vectors k𝑃 and k𝑁 as explained in Section 2.1. The vector k𝑃

represents the features extracted fromR𝑇,R𝑃,B𝑇
𝑜,𝑐

, andB𝑃
𝑐

(see line 13); the vector k𝑁 represents the features extracted
from R𝑇, R𝑁, B𝑇

𝑜,𝑐
, and B𝑁

𝑐
(see line 17); this process is

performed by the operator FeatureExtractor. For this analysis
to be statistically significant, we apply a cross-validation test.
Hence, we compute vectors k𝑃

𝑢,𝑐
and k𝑁

𝑢,𝑐
𝑈 times (see lines

10 and 14, resp.) for each electrode. These vectors allow the
creation of the 2𝑈 × 𝑉𝐶 matrix defined as
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V
𝑜
=

[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[

[

v𝑃
1,1,1

⋅ ⋅ ⋅ v𝑃
1,𝑉,1

v𝑃
2,1,1

⋅ ⋅ ⋅ v𝑃
2,𝑉,1

.

.

.
.
.
.

v𝑃
𝑈+1,1,1

⋅ ⋅ ⋅ v𝑃
𝑈+1,𝑉,1

v𝑁
1,1,1

⋅ ⋅ ⋅ v𝑁
1,𝑉,1

v𝑁
2,1,1

⋅ ⋅ ⋅ v𝑁
2,𝑉,1

.

.

.
.
.
.

v𝑁
2𝑈,1,1

⋅ ⋅ ⋅ v𝑁
2𝑈,𝑉,1

v𝑃
1,1,2

⋅ ⋅ ⋅ v𝑃
1,𝑉,...

v𝑃
2,1,2

⋅ ⋅ ⋅ v𝑃
2,𝑉,...

.

.

.
.
.
.

v𝑃
𝑈+1,1,2

⋅ ⋅ ⋅ v𝑃
𝑈+1,𝑉,...

v𝑁
1,1,2

⋅ ⋅ ⋅ v𝑁
1,𝑉,...

v𝑁
2,1,2

⋅ ⋅ ⋅ v𝑁
2,𝑉,...

.

.

.
.
.
.

v𝑁
2𝑈,1,2

⋅ ⋅ ⋅ v𝑁
2𝑈,𝑉,...

v𝑃
1,1,...

⋅ ⋅ ⋅ v𝑃
1,𝑉,𝐶

v𝑃
2,1,...

⋅ ⋅ ⋅ v𝑃
2,𝑉,𝐶

.

.

.
.
.
.

v𝑃
𝑈+1,1,...

⋅ ⋅ ⋅ v𝑃
𝑈+1,𝑉,𝐶

v𝑁
1,1,...

⋅ ⋅ ⋅ v𝑁
1,𝑉,𝐶

v𝑁
2,1,...

⋅ ⋅ ⋅ v𝑁
2,𝑉,𝐶

.

.

.
.
.
.

v𝑁
2𝑈,1,...

⋅ ⋅ ⋅ v𝑁
2𝑈,𝑉,𝐶

]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]

]

. (8)

To evaluate the performance of the calibration process by
using one template at a time, we decided to use the computed
distances between chains as accuracy measures (based on
preliminary experiments); this process is carried out in line
18 by the operator AUROCEstimator. For every 𝑖th column of
matrix V

𝑜
, we take the 𝑆 + 1 element of the first 𝑈 vectors

to form a vector d𝑃
𝑐
, whose elements are the distance element

of such vectors; in the same way, we take the 𝑆 + 1 element of
vectors𝑈+1, . . . , 2𝑈 to form a vector d𝑁

𝑐
.Thus, d𝑃

𝑐
and d𝑁
𝑐

are
𝑈-tuples (𝑑𝑃

1,𝑐
, 𝑑
𝑃

2,𝑐
, . . . , 𝑑

𝑃

𝑈,𝑐
) and (𝑑

𝑁

1,𝑐
, 𝑑
𝑁

2,𝑐
, . . . , 𝑑

𝑁

𝑈,𝑐
).Then,we

compute the AUROC to evaluate the comparisons between
d𝑃
𝑐
and d𝑁

𝑐
and create a matrix entry 𝑧

𝑐𝑜
. Each of these entries

represents the discrimination capacity for the 𝑜th template of
each electrode. These entries build a 𝑂 × 𝐶 matrix defined as

Z =

[
[
[
[
[
[

[

𝑧
1,1

𝑧
2,1

⋅ ⋅ ⋅ 𝑧
𝑂,𝐶

𝑧
1,2

𝑧
2,2

⋅ ⋅ ⋅ 𝑧
𝑂,𝐶

.

.

. d

𝑧
1,𝐶

𝑧
2,𝐶

⋅ ⋅ ⋅ 𝑧
𝑂,𝐶

]
]
]
]
]
]

]

. (9)

As mentioned earlier, one of the goals of the principal
wrapper is to reduce the shape-feature vector dimensionality.
To that end, we use the operator Stepwise (see line 19)
that computes the SRM; its entry criteria is 𝑃-value < 0.1
and its removal criteria is 𝑃-value > 0.15. These 𝑃-values
were defined based on those reported in [5]. The Stepwise
renders the 𝐼-dimensional vector f of the 𝐼 elements of
V
𝑜
selected by the method SRM, the binary 𝐼-dimensional

vector i, representing the indexes of the vector f , and the
𝐼-dimensional vector w of estimated coefficients for all the
terms inV

𝑜
. Every 𝑗th element ofwwhose corresponding 𝑗th

element of i is different from zerowill be an entry to the vector
w
𝑜
. Likewise, every 𝑗th element of i whose value is different

from zero will be an entry to the vector i
𝑜
. Finally, every

element of f related to the 𝑖th element of i
𝑜
will be an entry to

the vector f
𝑜
. The latter procedure finishes the inner wrapper.

As we mentioned before, some goals of the principal
wrapper are to select both the subset of electrodes that
provides the best P300 signal and the optimum number
of stimulations by finding the templates that satisfy certain

criteria. To that end, the operator 𝑎V𝑒𝑟𝑎𝑔𝑒𝐴𝑈𝑅𝑂𝐶 (line 20)
computes the average AUROC to measure the performance
of the templates of each electrode, for each stimulation 𝑘 by

𝜙
𝑘
=

1

𝑂

𝑂

∑

𝑜=1

𝑧
𝑜
. (10)

The operator𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑑𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟 (see line 21) selects the subset
of electrodes that provides the best P300 signal for each
subject. To achieve this goal, we select the electrodes where
𝜙
𝑘,𝑐

≥ 0.8. If there are no such electrodes, then we choose
those where 𝜙

𝑘,𝑐
> 0.6 and set the variable loop to false. At

the end, the algorithm will define as c the set of electrodes
that meet these conditions; otherwise, it will be unsuitable
to find the subject’s P300. On the other hand, to select the
subject’ s optimum number of stimulations, 𝐾 is gradually
decreased until no more electrodes are found meeting the
condition where 𝜙

𝑘,𝑐
≥ 0.8. In such case, 𝐾 − 1 will be

the optimum number of stimulations 𝐾
, and the algorithm

stops.This process is carried out by the operator𝑇𝑟𝑖𝑎𝑙𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟

(see line 22). The operator 𝑇𝑒𝑚𝑝𝑙𝑎𝑡𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟 (see line 23)
selects the templates B

𝑐
= B𝑇argmax

1≤𝑜≤𝑂
(Z),𝑐 that achieve the

highest values of Z for each electrode of the set c. Finally,
the operator 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑆𝑒𝑙𝑒𝑐𝑡𝑜𝑟 (see line 24) selects the indexes
I
𝑐
= iargmax

1≤𝑜≤𝑂
(Z),𝑐 of the shape-feature vectors, the matrix of

regression coefficients W
𝑐
= wargmax

1≤𝑜≤𝑂
(Z),𝑐, and the features

F
𝑐

= iargmax
1≤𝑜≤𝑂
(Z),𝑐 associated with the previously selected

templates. The algorithm returns the c, 𝐾, B
𝑐
, I
𝑐
, W
𝑐
, and

F
𝑐
values that we store in a text file.

2.3. Experimental Design

2.3.1. Participants. For our experiments, we used the EEG
signal database as reported in [24], acquired by the Neu-
roimaging Laboratory (LINI) of the Universidad Autónoma
Metropolitana (UAM), Iztapalapa. We used the EEG signals
from 21 healthy students (8 females and 13 males) ranging
in age from 21 to 25 years without known neurological
conditions.They slept an average of 7.5 hours the night before
the experiment. Four students smoked one cigarette 24 hours
before the experiments and one of them smoked 5.
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Figure 3: The electrode configuration used in the current study. The EEG was acquired by 10 electrodes located at the international 10-20
system. Image from [24] with author’s permission.

2.3.2. Data Acquisition and Processing. The EEG-signal data-
base was acquired using 10 electrodes denoted by Fz, C4, Cz,
C3, P4, Pz, P3, PO8, Oz, and PO7 following the international
10-20 system (see the configuration in Figure 3), with the
right earlobe and the right mastoid serving as reference
and ground locations. For the acquisition, screwable passive
Ag/AgCl EEG electrodes were used (g.EEGelectrode manu-
factured by GTec [40]). The impedances between the cap
electrodes and the reference electrode never exceeded 5 kΩ.
The EEG signals were registered and amplified using a 24-
bit g.USBamp [41] amplifier. The signal was digitized at
a rate of 256Hz and processed online with a notch filter
(Chebyshev of order 4), with cutoff frequencies between 58
and 62Hz, and a bandpass filter (Chebyshev of order 8), with
cutoff frequencies between 0.1 and 60Hz, to reduce noise. All
aspects of data collection and experimental design were con-
trolled using the BCI2000 system [42].

2.3.3. Task Description and ERP Signal Extraction. Despite
the fact that our proposed method can be used in any BCI
application, we decided to apply it to the P300 word speller,
first described by [43], in order to make a comparison with
a widely documented system. In the P300 word speller, a
subject is presented with an alphanumeric matrix projected
onto a computer screen to allow him or her to write a word.
We did not include additional procedures that may bias the
performance, for example, by inferring symbols.

The participants were asked to spell a priori knownwords
from which we acquired 2,880 EEG signals to form the set E.
These signals were distributed into the training set (T) and
the test set (V). The set T consisted of 480 EEG signals that
potentially contained P300s (i.e., 𝑃 = 480) and 2,400 EEG

signals without P300s (i.e., 𝑁 = 2, 400). The set V contained
150 signals expected to have 150 P300s (i.e.,𝑃 = 150) and 750
non-P300s (i.e., 𝑁 = 750).

For the experiments, the participants sat in front of the
computer screen, which is divided into two sections. At the
top left corner of the screen, the word to be spelled was
displayed while the character currently specified for selection
was listed in parenthesis at the endof theword.The remaining
of the screen displays a 6 × 6 matrix speller, as shown in
Figure 4.

The matrix rows and columns were randomly intensified
15 times (i.e., trials) for every letter. The subjects were asked
to silently count the number of times the target character was
intensified while the matrix rows and columns flashed every
125ms in random order (i.e., the interstimulus time); every
flash lasted 62.5ms. Because of the nature of the signal, we
expected to have a P300 wave 300ms after every stimulus.
For this reason, we decided to extract the next 800ms of EEG
data after every stimulus per channel used in the analysis;
thus, we collected around 2 P300 waves in every trial due to
the interstimulus time. Each segment of 800ms was filtered
offline using a 4th-order Butterworth bandpass filter with
bandwidth range from 0.1 to 12Hz to extract the ERP signals
embedded in the EEG as it is common in the field [44]. The
DC component was removed by subtracting themean of each
electrode from the filtered signal. Finally, the linear trend was
removed from each trial.

2.3.4. Algorithm Parameters. Now, we explain the method-
ology used to select the parameters 𝑆 and 𝐴 required by
the calibration algorithm. As we showed in (3), 𝑆 represents
the number of straight-line segments used to divide an
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Figure 4: The 6 × 6 matrix speller used in the current study.

ERP signal to obtain a minimal representation of its shape.
Correspondingly, 𝐴 is the number of a subject’s P300 trials
needed to accurately represent a template.

Our goal is to preserve the P300’s envelope by the min-
imum representation possible while allowing its detection
with the SHCC (see Section 2.1.2). To that end, we chose the
value of 𝑆 based on the fact that the ERP bandwidth can get
up to 10Hz [45] and that the sampling frequency must satisfy
the Nyquist Theorem; thus, we decided on a resampling
frequency of 20Hz. Considering that we extracted trials of
800ms, 16 segmentswere sufficient to preserve thewaveshape
(in other words, 𝑆 = ⌊800ms×20Hz/1000ms⌋ = 16) and the
maximum value of 𝑆 (without signal interpolation) is equal
to 𝑇 − 1. With this value in consideration, the shape-feature
vector k is 34-dimensional for every electrode.

On the other hand, to determine the number of trials
necessary for a template to accurately represent a subject’s
P300 for each electrode, we ran experiments with the cali-
bration algorithm varying the values of 𝐴 with the arbitrarily
chosen values {5, 10, 80, 120, 180, 200, 320, 360}. For these
experiments, we fixed the value of 𝑆 to 16, in view of the
discussion in the previous paragraph, and the value of 𝐾

to 15 trials. Then, we computed the mean and the standard
deviation of 𝜙 for all subjects and for every electrode (see
Figure 5). For a better interpretation, in this figure, the
ordinate represents the amount of P300 necessary to average
while the abscissa indicates the𝜙measure. From these results,
we selected a value for 𝐴 where an inflection point is reached
in most of the electrodes, in this case around the value of 180
(i.e., 𝐴 = 180).

3. Results and Discussion

In this section, we report and discuss the design and results
of our experiments; they test the performance of our method
in detecting P300 trials based on its shape-feature vector.

3.1. CalibrationAlgorithm. In order to test the performance of
the calibration algorithm, we fixed the values for parameters
𝐴 and 𝑆 to 180 and 16, respectively, as we explained in
Section 2.3.4; we also fixed the number of electrodes 𝐶 to

𝜙

Fz

5 10 80 120 180 200 240 280 320 360
0.55

0.6

0.65

0.7

0.75

0.8

0.85

P300’s averaged trials

0.9

Figure 5: Behavior of the calibrationAUROCwhile running several
calibration experiments with a fixed 𝑆 = 16 and varying the number
of P300 averaged.
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Figure 6: Ranking of electrodes according to mean 𝜙, where
electrode 1 corresponds to the best performing electrode for each
subject (not necessarily the same), while electrode 10 is the one with
the lowest 𝜙 per subject.

10 and the number of stimulations 𝐾 to 15, as defined in
Section 2.3.2.

We performed the cross-validation of the Calibration
Algorithmwith the training dataset T .We set the value𝑈 (see
line 3) to 𝑈 = ⌊(𝑃 − 𝐴)/𝐾⌋ = ⌊(480 − 180)/15⌋ = 20. That
is, we randomly selected 20 P300-labeled signals and 20 non-
P300-labeled signals to balance the datasets. For each subject,
we obtained ameanAUROC𝜙 computed by (10).The average
for the studied population (�̂�) is presented in Figure 6, where
electrode 1 corresponds to the best performing electrode for
each subject (not necessarily the same), while electrode 10 is
the one with the lowest 𝜙 per subject. In this figure, we can
observe that the average value for electrode 1 for all subjects
was 0.87 ± 0.10. Among all the subjects, two of them had one
electrode with 𝜙 close to one (0.99 ± 0.002 and 0.99 ± 0.01);
12 of them had at least one electrode with 𝜙 ≥ 0.9; 16 subjects
had at least one electrode with 𝜙 ≥ 0.8; and 20 subjects had
at least one electrode with 𝜙 ≥ 0.7. The worst case was one
subject whose best𝜙was equal to 0.64±0.14, possibly because
the subject was distracted for several reasons such as fatigue,
lack of motivation, or hunger [17].

It is worth noting that the normalization process per-
formed by the SHCC could be sensitive to outliers. However,
the filters and the subsampling we applied to the signal
reduce outliers. Moreover, the AUROCs reflect an adequate
performance, even with a nonoptimal normalization.
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Figure 7: Incidence of subjects whose mean AUROC during the
calibration process was greater than or equal to 0.8 when they are
stimulated an optimum number of times (see Table 1).

On the other hand, it is common practice to stimulate
a subject fifteen times for every letter [46]. However, our
experiments suggest that P300s can be accurately detected
with fewer than fifteen stimulations with our calibration
algorithm (see Table 1); however, this observation is subject-
dependent: fourteen of the twenty-one subjects required
fewer than fifteen stimulations to have at least one electrode
which had a mean AUROC greater than or equal to 0.8.
Moreover, eight of themneeded atmost five stimulations, and
in one case the subject only required two.

Additionally, we analyzed the behavior of the sets of
electrodes for all subjects based on calibrations 𝜙’s. For this
purpose, we carried out two experiments. In the first one,
we set the number of stimulations 𝐾 to 15. The incidence of
subjects whose electrodes provided a𝜙 ≥ 0.8 is as follows.The
PO8 electrode met this criterion with 27% (corresponding
to six subjects), followed by Fz with 18% (corresponding to
four subjects), Cz and PO7 with 14% (corresponding to three
subjects), and C4, Pz, and Oz with 9% (corresponding to
two subjects). The electrodes that did not meet this criterion
were P3, C3, and P4. In the second experiment, we expected
the optimum number of stimulations shown in Table 1 to
perform as the previous experiment. Figure 7 illustrates the
incidence of subjects whose electrodes provided a 𝜙 ≥ 0.8.
The electrodes PO8 and Cz had the highest incidence of all,
27% (corresponding to six subjects) and 23% (corresponding
to five subjects), respectively, followed by PO7 and Fz, with
18% (corresponding to four subjects) and 14% (corresponding
to three subjects). Finally, the electrodes Pz, Oz, and C4 had
the lowest incidence with Pz having only 9% (corresponding
to two subjects) and both Oz and C4 having 5% (correspond-
ing to one subject), the remaining two.

We have hypothesized that the discrepancy between the
incidences shown above is the result of the criterion that we
use for selecting the electrodes. Certainly, there can be other
criteria for this selection like statistical tools such as a 𝑡-test
to decide whether an electrode is really better than another.

After carrying out the selection of electrodes, we found
out that the best information is provided by electrodes C4,
Cz, Fz, Pz, PO7, PO8, and Oz, unlike the P3, C3, and

P4 electrodes whose information can be discarded since
they did not contribute to a desired performance. These
results are consistent with the literature [5, 47] which claims
that the P300 is generally detected in the central, frontal,
parietal, and parieto-occipital areas of the scalp (i.e., in the
electrodes Cz, Fz, Pz, PO7, PO8, and Oz), regions associated
with attention, memory, and visual processes. Additionally,
we observed that C4 also provides the best performance
for several subjects. For this reason, we suggest using the
aforementioned electrodes for speller P300 experiments as a
common practice. Therefore, the calibration algorithm could
be useful to discard those electrodes that do not provide a
relevant information for our methods, either because they
are improperly placed, which would generate an undesirable
template, or because they will lead to a misclassification.
Moreover, if signals are obtained by electrodes other than
the ones we suggested, the calibration algorithm will be able
to select the ones that lead to the best performance of the
calibration process.

3.2. Validation. Theaimof the validation process is to analyze
the performance of the P300 detection when using our
shape-feature vector k, the set of templates found for the
selected electrodes, and the optimumnumber of stimulations
obtained by theCalibrationAlgorithm. To that end, we gener-
ated the following two experiments. In the first experiment,
we compared the performance of two classifiers commonly
used by the BCI community [9]: the Stepwise Linear Dis-
criminant Analysis (SWLDA) and Support Vector Machine
(SVM) by using the vector k. In the second experiment, we
compared the performance of SWLDA (considered as one of
the best BCI classifiers by Krusienski et al. [9]) by applying
both vectors k and the one used by the BCI2000 system (k)
as described in [5].

In the first experiment, we extracted a balanced subset
B from the training set T . The set B is composed of the
available 𝑈 P300-labeled signals and the randomly selected
𝑈 non-P300-labeled signals. We trained twice the number
of 𝑈 SVM by applying a leave-one-out cross-validation with
the set B. Then, we randomly selected one SVM. To evaluate
the classifiers performance, we extracted a balanced subset
B from the validation set V ; the set B is composed of the
available𝐷 P300-labeled signals and the randomly selected𝐷

non-P300-labeled signals, where 𝐷 = ⌊𝑃

/𝐾⌋ = 10. Then, we

obtained the shape-feature vectors k (see Section 2.1) of B.
Finally, we classified such vectors with the selected SVM and
with the SWLDA. We applied a confusion matrix to analyze
the performance of both classifiers. The resulting accuracy 𝜓

was computed by

𝜓 =
(TP + TN)

(TP + FP + FN + TN)
, (11)

where TP is the number of true positives, TN is the number
of true negatives, FP is the number of false positives, and FN
is the number of false negatives.

The average accuracy for the studied population (�̂�) of
both classifiers is presented in Figure 8, where “electrode
1” corresponds to the performance of the selected features,
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Figure 8: Ranking of electrodes according to the average accuracy
of classifiers SWLDA and SVM for the studied population, where
electrode 1 corresponds to the performance of the selected features,
which includes information from all the electrodes, computed with
the template of the best performing electrode for each subject (not
necessarily the same), while electrode 7 is the one with the lowest 𝜓
per subject.
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Figure 9: Detailed accuracy 𝜓 of classifiers SVM and SWLDA for
the electrode 1 of Figure 8 by using our shape-feature vector.

which includes information from all the electrodes, com-
puted with the template of the best performing electrode for
each subject (not necessarily the same), while “electrode 7”
is the one with the lowest 𝜓 per subject. In this figure, we
can observe that the average value of “electrode 1” with the
SVM for all subjects was 0.87 ± 0.09 and with the SWLDA
was 0.88 ± 0.09. In addition, Figure 9 shows the detailed
information yielding the accuracy for “electrode 1” for every
subject: one of them had one electrode with 𝜓 = 0.99 ± 0.02

with both classifiers; eight subjects had at least one electrode
with 𝜓 ≥ 0.9; 17 subjects had at least one electrode with
𝜓 ≥ 0.8 with the SVM and 20 with the SWLDA; and 20
subjects had at least one electrode with 𝜓 ≥ 0.7 with both
classifiers. The worst case was one subject whose best 𝜓 was
equal to 0.59 ± 0.10 with the SVM and 0.57 ± 0.18 with the
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Figure 10: Comparison between the percentage of correct P300
detection by using the shape-feature vector (SFV) and the vector
used by BCI2000 system (DV).

SWLDA, with distraction due to fatigue, lack of motivation,
or hunger being a possible cause for such low accuracy. As
stated in Section 3.1, the average value of the best electrode
for all subjects was 0.87 ± 0.10, which is not different from
the average value of “electrode 1” classified with the SVM, and
with the SWLDA the average and the standard deviation have
a difference of 0.01.

In order to evaluate the second experiment, we used an
unseen unbalance set V . First, we obtained its shape-feature
vectors k (see Section 2.1) and its feature vectors k as used
in the BCI2000 system. Then, we classified those vectors by
the SWLDA. Since the set V was labeled, we computed the
percentage of correct classification. The SWLDA was unable
to generate useful coefficients with the given parameters for
two subjects when using the feature vectors k. In contrast,
it was able to generate weights for all the subjects when
using the shape-feature vectors k. Thus, taking into account
the nineteen subjects that both vectors could solve, the
P300 detection using the SWLDA with the shape-feature
vectors k was 93.15% ± 7.17, whereas with feature vectors
k the detection was 83.18% ± 9.03. For all the subjects, the
percentage of correct classification with the shape-feature
vectors k was 10% higher than that with the feature vectors
k (see Figure 10).

On the other hand, we evaluated the dimensionality
reduction. We selected the elements of the shape-feature vec-
tor by the stepwise regression method. We observed that the
SRM computes the maximum size of a vector (equal to 38 per
electrode), because no additional terms satisfy the entry and
removal criteria.However, it is possible to reduce even further
the dimensionality of the vector while keeping an accuracy
of one at least for one electrode; that was the case for nine
subjects using the SWLDA and eight subjects using the SVM.

Finally, we compare other methods with ours. As men-
tioned earlier, the idea that a P300 is more similar to a
template whose waveform resembles that of a P300 than to
a non-P300 is not new. As mentioned in Section 1, there
is a group of algorithms implementing template matching
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Table 1: Optimum number of stimulations. The middle column
shows the best electrode for each subject.

Subjects Electrodes Stimulations
ACS Cz 7
APM Fz 7
ASG PO8 5
ASR Fz 15
CLL PO8 15
DCM PO8 2
DLP Cz 15
DMA C4 8
ELC Pz 5
FSZ Pz 15
GCE PO8 5
ICE Cz 4
JCR Oz 15
JLD Cz 9
JLP Cz 15
JMR PO8 4
JSC Fz 9
JST PO7 3
LAC PO7 4
LAG PO8 15
LGP PO7 14

classifiers that can be used for detecting P300s (i.e., ML [13],
DTW [14, 15], andWoody [12]).We consider ourmethod as a
member of this group. Our method is similar to DTW since
both are based on slopes; however, our method is based on
representing a signal waveform by a chain code. Additionally,
unlike the methods based on an artificial template (such as
those based onWoody’smethod [48]), we generate a template
for every subject based on their own ERP signals by means of
a wrapping method.

4. Conclusions

The P300 is an ERP elicited after the presentation of an
infrequent stimulus. This endogenous component possesses
some useful properties that permit controlling BCI appli-
cations [49]. For these applications to run in real time,
it is important to optimize their computational resources.
One indirect way to diminish the computational time is by
reducing the dimensionality of the input feature vector used
in the classification process without weakening the detection
accuracy. The dimensionality reduction of such a vector can
be achieved by lowering the number of electrodes used to
acquire a subject’s EEG. On the other hand, to improve
the detection of a P300, several researchers have proposed
representing this signal in different domains such as time,
frequency, time-frequency, or shape. In this work, we have
chosen the latter because we assume that a subject produces
P300 signals whosewaveform can be consistently represented
by template curves and that these template curves are more

similar to curves with a P300 than to curves produced by EEG
background activity. The novelty of this work is the descrip-
tion of all these curves bymeans of their shape features.These
features are represented as a vector of characteristics whose
elements are provided by an adapted version (developed by
us) of the Slope Chain Code. The latter is the most useful
chain code for the purposes of this work because it divides the
curve into straight-line segments placed onto the curve and
preserves with higher resolution the contour shape. However,
our chain code is computationally less expensive than the
Slope Chain Code and, therefore, it is very useful for real-
time applications. Similar to other chain codes, ours does not
require decoding because it is self-contained and allows using
grammatical and syntactic analysis techniques. In addition to
the chain, we included in our vector other shape features such
as the tortuosity measure (i.e., one of the curve’s properties
measured by the Slope ChainCode), the individual difference
between the areas of every segment that divides the curve, and
the sum of these differences.

In order to demonstrate our main hypothesis that our
shape-feature vector improves the P300 detection accuracy,
we designed some experiments which demonstrated that the
performance of the SWLDA classifier is better when applying
our feature vector than when applying the one used in the
BCI2000 system [5]; our experiments also suggested that
it is possible to significantly reduce the dimensionality of
our feature vector while preserving a high accuracy during
classification.

Because calibration is a crucial step of any BCI system,
we have proposed a calibration methodology that achieves
the following goals: (i) it obtains a set of templates that best
represents, for a given electrode, the subject’s P300 based on
his/her own acquired signals, (ii) it finds the optimal number
of trials for every subject, (iii) it selects the subset of electrodes
that provides the best P300 signal for every subject, and (iv)
it selects the shape features that maximize the classification
accuracy while reducing the dimensionality of the feature
vector. Our statistical tests showed that our method achieves
a high average accuracy in the detection of P300 signals with
fewer than fifteen stimulations. Furthermore, in agreement
with the literature [5, 47], our results show that the best infor-
mation is provided by the electrodes selected in the central,
frontal, parietal, and parieto-occipital areas of the scalp.

Our future work will focus on the implementation of our
methodology to a BCI. Additionally, we are planning further
studies to analyze the robustness of the computed templates
over time. Because there is evidence that the use of grammati-
cal techniques and syntactic analysis yields promising results,
we plan to investigate these techniques for detecting the P300
using the chain code approach. Finally, our chain code can
be easily implemented on integer-number arithmetic; this
makes it suitable for an efficient hardware implementation
that integrates a classifier into signal acquisition devices,
something that we are currently exploring.
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Themovement-related cortical potential (MRCP) is a low-frequency negative shift in the electroencephalography (EEG) recording
that takes place about 2 seconds prior to voluntary movement production. MRCP replicates the cortical processes employed in
planning and preparation of movement. In this study, we recapitulate the features such as signal’s acquisition, processing, and
enhancement and different electrode montages used for EEG data recoding from different studies that used MRCPs to predict the
upcoming real or imaginary movement. An authentic identification of human movement intention, accompanying the knowledge
of the limb engaged in the performance and its direction of movement, has a potential implication in the control of external
devices.This information could be helpful in development of a proficient patient-driven rehabilitation tool based on brain-computer
interfaces (BCIs). Such a BCI paradigm with shorter response time appears more natural to the amputees and can also induce
plasticity in brain. Along with different training schedules, this can lead to restoration of motor control in stroke patients.

1. Introduction

The idea of predicting the motor tasks was initially presented
by Helmholtz in 1867. Later on, in the fifties Sperry and
Von Holst expressed that motor commands make an internal
replica which uncovers the anticipated movement and its
subsequent sensations [1–3]. From that point forward, the
thought of predicting the results of motor tasks by humans
has risen as a conspicuous theory in all features of sensori-
motor commands.

The brain’s current motor activity can be understood
in real time through EEG, which can be further employed
for prediction of the next voluntary motor task. Real-time
EEGmight present novel nonmuscular control channel Brain
Computer Interfaces (BCIs) for delivering messages and

commands to the external world [4].The immediate objective
of BCIs is to provide completely paralyzed users with basic
communication capabilities and determine their intent from
a range of different electrophysiological signals [4]. Further-
more, research has demonstrated great prospective in the
study of brain rhythms and event-related potentials (ERPs)
recorded by EEG. Therefore, understanding and analysis of
the brain rhythms and ERPs can be used to predict the
future motor activity and can be utilized for rehabilitation of
physically impaired persons [5].

Studies have shown that EEG comprises enough real-time
information to be utilized for different purposes/tasks such
as internet browsing, controlling environment (e.g., light,
television, and temperature), word processing, controlling
a two-dimensional cursor movement on screen, or even

Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
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operating neuroprosthesis [4]. Tasks can be designed which
can be used for neurorehabilitation of patients affected with
neurodegenerative diseases such as amyotrophic lateral scle-
rosis [6] and other traumatic brain disorders like stroke [7].

The concept of “premovement” or “before themovement”
indicates the time when no muscle movement is evident or is
unrelated if it occurs, but the subject is fully familiar with the
action he is going to perform in the near future. This is also
referred to as planning/preparation of themovements. In this
time interval (i.e., 0.5–2 s prior to the movement onset), the
cortex is adapted for implementation of action [8, 9].

This paper aims to review the different studies which
have used movement-related cortical potentials (MRCPs) to
predict the upcoming movements. In the next section, we
illustrate the key modifications in the EEG data reported
prior to the voluntary movement and how the knowledge
of these variations can be used to extract information about
the forthcoming movement. In each case, we discuss the
main foundations of the study and evaluate the EEG setup
and protocols. Finally, in the Conclusion, we recapitulate the
key ideas with the hope to bring more consideration to the
affluence of premovement and premotor imagery EEG.

2. Detectable Changes in Brain Rhythm before
Onset of Movement

In this section, we summarize the reported changes in EEG
prior to the onset of the actual or imagery movement. All the
following phenomena have been delineated both when the
movement is imagined and when it is actually executed. One
or an amalgamation of these progressions is the fundamental
spotlight of the studies acquiring features from premotor
imagery or premovement period, discussed in Section 3.

2.1. MRCP and Its Components. The implementation of a
motor task in humans measured over the primary motor
cortex is preceded by a slow decrease in the EEG amplitude
(within at least 500ms) and this potential is known as an
MRCP [10], as shown in Figure 1. The MRCP produced
in corporation with the planning and execution of a cue-
based movement is known as contingent negative variation
(CNV) [11], and the one generated in response to self-
paced movement is known as Bereitschaftspotential (BP)
[12, 13]. The MRCP is present in real as well as in imaginary
volitionalmovements [10].TheMRCP comprises three events
called readiness potential (RP) or BP, motor potential, and
movement-monitoring potential (MMP), which are thought
to reflect movement planning/preparation, execution, and
control of performance, correspondingly [14, 15]. The MRCP
has been further investigated in normal persons as well as
in patients diagnosed with Amyotrophic Lateral Sclerosis,
tremor, Parkinson’s disease, and stroke, supporting the exe-
cution of their motor tasks [14, 16–18]. MRCPs associated
with imaginary tasks make them useful for rehabilitation in
patients obstructed in movements but still with the ability to
wish and imagine a movement [19, 20].

2.1.1. Bereitschaftspotential. BP or RP is a negative cortical
potential which starts to grow around 1.5 to 1 s prior to

MRCP

Real movement
Imaginary movement

BP2
MPBP1

MMP
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Figure 1: MRCPs of a healthy subject for real and imaginary right
ankle dorsiflexion. Each wave is an average of 50 large Laplacian
spatial filtered EEG trials recorded from sites F3, Fz, F4, C3,
Cz, C4, P3, Pz, and P4. Time 0 s is defined as the movement
onset. BP1 is early BP, BP2 is late BP, MP is motor potential, and
MMP is movement-monitoring potential. For more information on
experiment protocol, see [23].

the onset of a voluntary movement [12, 13]. It has two
fundamental segments: the first part is a slow-rising negative
segment which develops about 1.5 s before the movement
onset, known as “early BP,” and is more distinguished
in the central-medial scalp, while the second part has a
steeper slope and happens around 400–500ms before the
movement onset and is called “late BP” which has maximum
amplitude over the primary motor cortex [10]. The start of
BP regarding themovement onset varies considerably among
different conditions of movement and among subjects [10].
More details on BP can be found in the comprehensive
book “TheBereitschaftspotential-Movement RelatedCortical
Potentials” [21].

2.1.2. Contingent Negative Variation. CNV is a slow negative
wave that originates in the interval (1–1.5 s) between a
“Warning” and a “Go” stimulus [11]. It shows expectancy
for an imminent signal and preparation for execution of
a response. In other words, CNV reveals preparation for
signaled movements and is an indicator for anticipation.
The earlier part of the CNV is generated in response to a
“Warning” cue and has maximum amplitude over the frontal
cortex reflecting phase of the movement, whereas the later or
terminal CNV, reflecting preparation for a motor response,
begins around 1.5 s before the “Go” cue and has maximum
amplitude over themotor cortex [3, 22].The later part of CNV
happens even if the subject responds at the time he anticipates
the “Go” stimulus [11].

2.2. Generator Sources of MRCP. Several studies reported
that the BP might be recorded from subcortical structures
such as basal ganglia and thalamus [10]. The work [24]
deduced that the early BP was produced by both sensorimo-
tor areas. The work [25] verified that both the ipsilateral and
contralateral supplementary motor areas (SMAs) generated
potentials consistent with the early BP.
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In order to elucidate the exact area and timing of the
motor cortical activation in voluntary movement, dipole
source analysis incorporating multiple constraints was
applied for MRCP. The work [26] suggested that medial
frontocentral (MFC) and sensorimotor areas (SM1) were
probable generators of MRCP.The strength of the six dipoles,
seeded at the activated spots (three dipoles in left SM1,
two in right SM1, and one in MFC) revealed by fMRI, was
measured over time. Inside the bilateral SM1, activation of
the precentral gyrus happens bilaterally with comparable
strength from −1.2 s, taken after by that of the precentral
bank from −0.5 s with contralateral dominance through
movement execution [26]. Consequently, the postcentral
bank gets active just on the contralateral side at 0.1 s after
movement. Activation of the MFC shows timing similar
to bilateral precentral gyri. The strength and timing of
arousal in the ipsilateral precentral gyrus were like those
in the contralateral precentral gyrus and the MFC. But
the ipsilateral precentral bank demonstrated much lesser
strength than the contralateral precentral bank [26].

To a certain degree, automatic movements such as blink-
ing of eyelids, spontaneous eye movements, swallowing,
chewing, and respiration are also controlled by volitional
factors; therefore, BP is recorded when these movements
are reiterated at a self-paced rate [10]. Self-paced finger
movements were related with activation of the anterior
SMA, both contralateral sensorimotor cortex and the lateral
premotor cortices, but without substantial activation of the
ipsilateral sensorimotor cortex [27]. For externally triggered
movement, a premovement potential preceding the stimulus
was present [27]. Similarly, there were few distinctions in the
areas of activation between externally triggered activations
and self-paced activation. For a self-paced finger movement,
[28] reported SMA activation anteceded that of the motor
cortex by 800ms.

The dorsal premotor cortex (PMd) is believed to play
substantial role in cued movement preparation rather than
in self-initiated movements [29]. The terminal CNV is gen-
erated in the prefrontal cortex including PMd, while the
late BP is generated in the primary motor cortex, SMA, and
primary somatosensory cortex [29].This study discovered the
effects of variation of PMd on BP and CNV reflecting self-
initiated versus cued movement preparation by increasing
and decreasing the excitability of brain using 5Hz and
1Hz repetitive transcranial magnetic stimulations (rTMS),
respectively. They found that rTMS of the left PMd resulted
in variation of terminal CNV but not late BP while rTMS
of the SMA proper resulted in a modification of late BP
but not terminal CNV. This provided evidence that neuronal
activity of the left PMd in humans is favorably included in
the preparation of externally cued movements as compared
to self-initiatedmovements, contrastingwith an opposite role
of the SMA proper.

Comparing the MRCP for a foot movement with hand
movement showed interesting differences across somemove-
ment components [30]. For the hand movement, the late BP
is highest over the contralateral central area (approximately
C1 or C2 of the International 10–20 System) and for the foot

movement, late BP is maximal at the midline (approximately
Cz) [30].

2.3. Recording MRCP. For the study of BP in individual
subjects against hand movements, it is vital to record EEG
frommultiple electrodes, includingC1 andC2, for identifying
the abrupt increase of the gradient [30]. The main recording
locations for MRCPs are C3, Cz, and C4 [31]. Different
studies used different number of electrodes and locations for
recording CNV, for example, C3, Cz, and C4 [32], Fz, Cz, Pz,
C3, and C4 [33], and only Oz [34].

The MRCP can easily be masked by activity in the higher
frequency bands because its amplitude typically lies between
5 and 30 𝜇V and only occurs at frequencies of around 0–
5Hz [31]. Several recordings of the same trials must be
taken and then averaged across these trials for meaningful
extraction of the MRCP from EEG traces [35]. The reason
behind this approach is that EEG data recorded from a single
trial contains both the MRCP waveform and spontaneous,
random noise [36]. By averaging, the background noise in
each trial will be cancelled out, leaving only the MRCP when
the data frommultiple trials is filtered to eliminate the higher
frequency activity and averaged together.

2.4. Factors Influencing BP. Components of MRCP can be
inspired by various factors such as preparatory state, level
of intention, movement selection, pace of movement repe-
tition, speed and precision of movement, praxis movement,
perceived effort, force exerted, discreteness and complexity
of movement, learning and skill acquisition, and pathological
injuries of various brain structures. The review by [10]
sums up several factors influencing BP. Recently, few studies
intended to analyze the effect of kinetics of movement such
as force and speed on MRCPs [37–40].

3. Prediction of Intention of Movement

In this section, we extracted information of the premovement
or preimageries from different studies. Some studies display
the usefulness of data obtained in the real-time BCIs. Studies
utilized different EEG data acquisition techniques including
different electrode montages and signal enhancement meth-
ods, since these are related to the results reported. Studies
mentioned in Tables 1 and 2 try to answer the question
whether or not the subject would like to move in the short
future. These studies verify that by using MRCPs with the
right EEG setting and signal processing techniques, major
information can be deduced about the movement yet to
come. This section briefly describes some classifiers, filters,
and performance metrics used in the studies mentioned in
Table 2.

3.1. Classification Algorithms. This section briefly describes
the classification algorithms used in studiesmentioned in this
paper. The classification algorithms include Support Vector
Machine (SVM), Linear Discriminant Analysis (LDA), Neu-
ral Networks (NN), Multilayer Perceptron (MLP), Bayesian
Classifier (BC), 𝑘 nearest neighbors (𝑘NN), andMahalanobis
Distance (MD). Some of these classification techniques have
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Table 1: Experiment protocols of studies reviewed.

Reference Number of
subjects

Number of
electrodes Movement type Self-paced or

cue-based Brain signals

(Yom-Tov and
Inbar, 2003) [43] 5 (healthy)

9, 4 out of 9
channels were

used

Executed finger
movement (button

press)
Self-paced MRPs

(Haw et al., 2006)
[60]

5 (not
mentioned) 1 Executed finger

movements Cue-based BP

(Bai et al., 2007)
[61] 12 (healthy) 122 Executed hand

movement Self-paced
MRCPs and ERD
(event-related

desynchronization)

(Boye et al., 2008)
[53]

1 (not
mentioned) 9

Executed and
imagined foot

movement (isometric
plantar-flexion), but
only imaginary task
was further analyzed

Cue-based MRCP

(Kato et al., 2011)
[34]

7 (not
mentioned) 1

Executed and
imagined finger

movements (button
press)

Cue-based CNV

(Niazi et al., 2011)
[42]

19 (healthy)
and 5 (stroke
patients)

10

Executed and
imagined foot

movement (ankle
dorsiflexion)

Self-paced BP

(Lew et al., 2012)
[63]

8 (healthy), 2
(control), and

2 (stroke
patients)

64, 34 out of 64
channels were

used

Executed arm
movements (reaching

task)
Self-paced BP

(Niazi et al., 2012)
[19] 16 (healthy) 10

Imagined foot
movements
(dorsiflexion)

Self-paced MRCP

(Niazi et al., 2013)
[65]

20 (healthy)
and 5 (stroke
patients)

10

Executed and
imagined foot
movements
(dorsiflexion)

Self-paced MRCP

(Ahmadian et al.,
2013) [64] 3 (healthy) 128 channels Finger movement

(button press) Self-paced BP

(Jochumsen et al.,
2013) [39] 12 (healthy) 10

Executed foot
movement (isometric

dorsiflexion)
Cue-based MRCP

(Jiang et al., 2015)
[66] 9 (healthy) 9

Executed foot
movements
(stepping)

Self-paced MRCP

(Xu et al., 2014)
[20] 9 (healthy) 9

Executed and imagery
foot movements
(dorsiflexion)

Self-paced MRCP

been reviewed in detail by [41]. The details of Matched Filter
technique can be found in [42] and for Locality Preserving
Projection (LPP) in [20].

3.1.1. Support Vector Machine. The Support Vector Machine
(SVM) is a pattern recognition algorithm that has been
successfully applied towide variety of classification problems.
It learns to distinguish among various classes of objects by
some complex data transformations and then separate the
data based on the defined labels for classes. For example,

the data for a two-class problem consist of objects labeled
corresponding to two classes, for example, +1 (data belong
to class 1) or −1 (data belong to class two). The system then
automatically identifies the input points and uses them to
represent the solution [43].

3.1.2. Linear Discriminant Analysis. The purpose of Linear
Discriminant Analysis (LDA) (also called Fisher’s LDA) is
to use hyperplanes to isolate the data into different classes
[44]. The segregating hyperplane is acquired by seeking the
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projection that decreases the interclass variance and increases
the distance between the two classes’ means. To solve a two-
class problem the isolation of the input data vector into either
class depends on presence of the data vector on which side of
the hyperplane [44].

3.1.3. Neural Networks. Neural Networks (NN) can be
thought as circuits of immensely interconnected units with
flexible interconnection weights, which allow us to yield
nonlinear decision boundaries. They can be classified by
architecture, algorithm for calibrating the weights, and the
kind of units utilized as a part of the circuit [45]. Most widely
used NN is the MLP.

3.1.4. Multilayer Perceptron. Multilayer Perceptron (MLP) is
composed of several layers of neurons: an input layer, perhaps
one or many hidden layers, and an output layer [45]. Each
input layer is connected with the output of the previous layer,
while the neurons of the output layer deduce the class of the
input feature vector. MLP can approximate any continuous
function when it is composed of enough neurons and layers.
It can also classify any number of classes, which makes MLP
very flexible classifiers and adaptive to a variety of problems
[46].

3.1.5. Bayesian Classifiers. Bayesian Classifier (BC) depends
on Bayes’ theorem and can anticipate class membership
probabilities, for example, the likelihood that a given sample
fits into a specific class. In order to classify a feature vector,
it learns the way of computing the probability of each class.
BC assumes that estimation of a specific feature does not
rely on value of any other feature, which provided the class
variable. Being a generative classifier, it produces nonlinear
decision boundaries and performs more efficient rejection of
uncertain samples as compared to discriminative classifiers
[44].

3.1.6. k Nearest Neighbors. The objective of this method is
to allocate to an unseen point the dominant class amongst
its 𝑘 nearest neighbors within the training set. 𝑘NN can
approximate any function with enough training samples and
a sufficiently high value of 𝑘, which allows it to yield nonlinear
decision boundaries [47].

3.1.7. Mahalanobis Distance. Mahalanobis Distance assigns a
feature vector to a class according to its nearest neighbor(s)
from a class prototype. It assumes a Gaussian distribution
𝑁(𝜇𝑐,𝑀𝑐) for each prototype of the class 𝑐. Then a feature
vector 𝑥 is allocated to the class that links to the nearest
prototype [48]:

𝑑

𝑐

(𝑥) =

√

(𝑥 − 𝜇

𝑐

)𝑀

−1

𝑐

(𝑥 − 𝜇

𝑐

)

𝑇

.

(1)

3.2. Spatial Filters. A spatial filter amalgamates data from two
or more locations (electrodes). Spatial filtering techniques
comprise common spatial patterns (CSP), common aver-
age referencing (CAR), surface Laplacian (SL), independent
component analysis (ICA), and principle component analysis

(PCA). This section briefly describes some spatial filters; for
more details please refer to [49].

ICA is a method intended to find a linear illustration of
non-Gaussian data in the form of statistically independent
constituent components [50]. Measured signals comprising a
linear mixture of statistically independent source signals can
be dissolved into their vital Independent Components (ICs),
hence deducing the original source signals using ICA [50, 51].
ICA finds the weighting of the channels from the data like
PCA and CSP [4], while CAR and SL amalgamate channels
linearly to produce a set of weights that does not depend on
the underlying data [4]. SL highlights the radial component
of the neural activity placed directly below each recording
electrode from sources, whereas ICA is capable of detecting
both radial and tangential sources and consequently may be
beneficial over SL [4, 52].The details regarding CSP and CAR
can be found in [49].

3.3. Performance Measures. The performance of studies is
computed using sensitivity, specificity, and detection error.
Sensitivity (also known as true positive rate (TPR)) quantifies
the fraction of actual positives (movements) which are
precisely recognized. Specificity (also called the true negative
rate (TNR)) assesses the fraction of negatives (no motion or
noise) which are exactly detected. Sensitivity and specificity
are calculated using the following equations, respectively,
where TP and TN represent number of true positives and
number of true negatives, respectively [53]:

Sensitivity = TP
TP + FN

,
(2)

Specificity = TN
TN + FP

.
(3)

4. Studies for Predicting
the Intention of Movement

For the development of self-paced closed loop BCIs, the
robust detection ofmotor intention is a vital and critical issue.
In the past decades, sensory motor rhythms have been used
for detection of motor intention in studies comprising BCIs
to control visual feedback [54] or trigger external devices
[55] without investigating latency. In the initial studies, the
acceptable delay in control has not been considered in detail
for BCI control applications. In other fields, for example,
multifunction prostheses control by myoelectric signals, a
200ms delay is considered acceptable [56–58]. To induce
plasticity in BCI-based neurorehabilitation applications, it
was demonstrated that the required delay was in the same
range as for control, that is, in the order of a few hundred
milliseconds [59]. Therefore, a reliable detection with mini-
mal latency and high accuracy would play a vital role in an
effective BCI rehabilitation tool [7].

4.1. Techniques Utilized and Performance. In recent years,
slow cortical potentials captured the attention in the reha-
bilitation field. Several studies have been reported, which
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concentrated their attention intended for communication
purposes.

Yom-Tov and Inbar [43] developed an algorithm com-
bining Matched Filter, a nonlinear transformation, and a
classifier to detect MRCP using small number of EEG chan-
nels. The algorithm was compared with Mason-Birch low-
frequency asynchronous detector (LFASD) and optimum
detector by both offline evaluation and theoretical analysis.
The algorithm used by this study showed 25% improvement
and the detector worked at a rate of 25 decisions s−1 as
compared to 16 decisions s−1 in the LFASD. But the detector
may not be useful in every application and failed to operate
correctly, partly due to interference of MRPs from other
limbs of the body and possibly due to imagined movements.
These verdicts indicate that correctly identified features have
amajor role not only in discardingMRCPs due tomovements
that are not part of the BCI system, but also in determining
the limbmoved (or imaginedmovement) by the user. During
sessions, training the subject to reduce body movement can
probably attain better results.

To detect movement planning, [60] employed a user-
specific template matching structure as part of a method. In
this study, the emphasis was more on movement detection
than the prediction. Performing actual fingermovement with
cues, one electrode recorded BP waveform which was then
used to build the template. However, inconsistency in per-
formance between subjects was evident in this study which
needsmore investigation or perhaps a differentmethodology.

From single trial EEG, [61] showed that effectual com-
binations of computational methods can deliver possible
classification of human movement intention using large
number of electrodes.The combinations of temporal filtering
using power spectral density estimation and discrete wavelet
transform, spatial filtering using ICA and surface Laplacian
derivation, and classificationmethods using LMD,QMD,BC,
and SVM provided higher performance than those of other
combinations. Evaluation is recommended in order to check
whether performance can be enhanced after training with
feedback or not.

The validity of OSF on imagination of isometric plantar-
flexion was confirmed in a study conducted by [53]. Features
were extracted with PCA and classification was performed
using 𝑘NN and SVM. In this study, the TPRs were high (80–
90%) but the method was verified on segmented data instead
of ongoing EEG traces with one subject only.

Kato et al. [34] designed a BCImaster switch by detecting
the CNV related potentials and performed both offline and
online studies. In order to ameliorate the single-trial discrimi-
nation of user intentions to switch, CNVwas employed due to
its high SNR. Using only one electrode and performing four
cued button press tasks, they also applied SVM to improve
the single-trial detection of CNV-related potentials. Their
online system did not discern between “intend to switch” and
“do not intend to switch.” This was maybe because of using
default parameters of SVM in LIBSVM for the distinction of
CNV-related potentials [34, 62].

The detection of movement intention from single trial
MRCPs of movement imagination and movement execution

was performed by [42].The task performed by the subject was
always the same (ankle dorsiflexion). They performed offline
detection due to instrumentation limitation and provided the
feasibility of the approach in stroke patients, along with the
extensive analysis in healthy subjects. The accuracy of the
detection of movement intention was measured by applying
a similar spatial filtering technique. In this study, a portion of
the negative phase (2 s) of the MRCP was used as a template.
In order to improve SNR of MRCP, OSF was used (TPR of
82.5±7.81%). OSF outperformed large Laplacian spatial filter
(TPR of 68.7 ± 14.9%) and CSP (TPR = 55.4 ± 14.01%).

Lew et al. [63] explained that it is possible to predict
the movement 500ms before its occurrence. For the training
phase, the signal prior tomovement onset by 500mswas used
in comparison with 500ms before the auditory cue. While a
shifting windowwas implemented for the test phase and LDA
was employed, their results showed maximum average TPR
of 81% for left hand while 79% for right of stroke and control
subjects. While for healthy subjects average TPR was 76± 7%
with latency of−167±68ms.This offline study employed large
number of electrodes with small sample size of patients.

Ahmadian et al. [64] showed the superiority of CBSE
based algorithm in detection of brain potential compared
with BSS based algorithm using LDA. Subjects performed
cued button preprocessing. CBSE based algorithm took 0.26 s
while BSS based algorithm took 51.90 s. All 128 channels
EEG data was employed in the analysis. It was suggested that
false detection rate can be reduced if BSS-based algorithm
uses extracted sources which are mistaken with the shape
of BP from other regions of brain. On the other hand, this
amendment would increase the computation time.

Motor intention could be detected fromMRCP using the
Matched Filter, with small latency and satisfactory accuracy.
The same task was performed in [19, 20, 42, 65]. Niazi et al.
performed analysis on both healthy and stroke patients [42,
65]. He investigated the possibility of eluding the individual
training phase in the detection of movement intention. The
detection accuracy with the average template for the motor
imagery data was 65 ± 22% [65] and with the individual
template was 60 ± 13% [65].

Jochumsen et al. [39] detected movement intentions
and extracted distinct levels of speed and force of the
intended movements. The temporal features were classified
with an optimized SVM. This study evaluated performance
when detection was combined with classification.The system
correctly detected 81% of the movements. At the point of
detection, system classified 75 ± 9% and 80 ± 10% when
altering the force and speed, respectively. After combination
of detector and classifier, the system detected and correctly
classified 64 ± 13% and 67 ± 13% of movements. Incorrectly
detected and classified movements were about 21 ± 7% and
16 ± 9% while latency was 317 ± 73ms before the movement
onset. The authors included only healthy subjects and the
signals were processed offline. The performance of system
will decline if user is a patient due to severity of motor
impairment, mood, and amount of training.

Xu et al. [20] performed analysis on healthy subjects
only. In this study, LPP-LDA showed higher accuracy and
shorter latency thanMatched Filter, having limitation that the
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classifier would not work when training trials were less than
15. The proposed algorithm had similar FPR for imagination
and execution across all subjects. TPR for execution and
imagery was greater than 80% and 70% in this study, making
it significantly better than thosewithMatched Filter approach
[19, 42, 65]. Also detection latency (315 ± 165ms) was
significantly shorter than that with Matched Filter (460 ±
123ms) [19, 42, 65].

To further improve the results, [66] applied ICA and the
LSF to improve the signal-to-noise ratio of MRCP. Following
these preprocessing steps, Matched Filter was applied to
perform single-trial detection of gait initiation. TPR was
76.9 ± 8.97%, and the false positive rate FPR was 2.93 ± 1.09
perminute. On a single trial basis, these results demonstrated
the possibility of detecting the intention of gait initiation from
EEG signals.

In a recent study by [67], six healthy persons and eight
stroke patients performed upper limb self-paced reaching
movements. This study used a classifier that combined the
information acquired from analysis of the BP and ERD
cortical processes. System validation was performed with the
combined classifier (ERD and BP patterns) and equivalent
classifiers (using either BP or ERD). The results obtained
for healthy subjects were similar to [20]. However, the
average latencies (healthy: −89.9 ± 349.2ms and patients:
35.9 ± 352.3ms) were less than [20] (315 ± 165ms). These
dissimilarities might be due to differences in the way sub-
jects executed the task in each experiment such as changes
between upper limb and lower limb cortical patterns, speed of
movements among others, and length of the resting intervals
between movements. The observed alterations could also be
because of the combined use of the ERD and BP features
anticipated here, which facilitates reduction in FPR and, as
a result, enables the preference of more anticipative detection
thresholds [67].

A complexity confronted in this paper involves the
absence of similar studies in terms of purpose of detector, sig-
nal acquisition, limbmovement, and number of electrodes. It
should be noted that movements executed in different studies
were not similar leading to variances in signal morphology
and SNR. Ideally studies should be compared within the
same context, that is, with similar protocol, users, and similar
extraction of features.

Although thementioned studies have delivered a valuable
insight into the prediction of MRCPs using different signal
acquisition techniques, the framework of research is not
without its impediments. One limitation relevant to most
of the studies mentioned is the absence of clear ecological
validity in the research, that is, “the extent to which an
experimental situation mimics a real world situation” [31].
Presence of an ecological validity in a study means that
the expertise used in the laboratory situation could be as
equivalent as possible to the real skill the research is exploring
and preferably identical.

4.2. Guidelines to Choose a Classifier. EEG signals are notably
nonstationary so training sets acquired from different ses-
sions are probable to be quite different. Consequently, a low
variance (sensitivity to training set) can be a solution to tackle

with the variability issue in some studies. Unstable classifiers
tend to have a low bias (deviation between the estimated
mapping and the superlative mapping) and a high variance,
while stable classifiers have a high bias and a low variance [41].
This might be an explanation of why some simple classifiers
like SVM, Matched Filter, and so forth sometimes surpass
more than complex ones. Simple classifiers are generally
slower than other classifiers but fast enough for real-time
applications. Here the question is whether it is worthy to get
higher performance at the expense of computational cost. In
order to attain minimal classification error, both the variance
and the bias must be small. Unfortunately, natural variance-
bias tradeoff is always present [41].

The classifier will probably give bad performance if the
number of training data is lesser matched to the size of the
feature vectors. Usage of at least five to ten times training
samples per class as the dimensionality is recommended [68,
69]. Generally the training set is small and dimensionality is
high so; unluckily this cannot be useful in all BCI systems.
One of the reasons might be the long duration of the tasks,
which on the other hand is hectic for subjects. Consequently
this “curse” is a key concern in BCI design.

Furthermore, combinations of classifiers also seem to be
very efficient in some studies [20, 70, 71]. Normally exper-
iments are performed in a controlled manner minimizing
noise and other artifacts while presence of noise in real life
scenario is quite obvious. One possible solution might be to
increase the generalization abilities of the classifier.

5. Future Work

MRCP has been employed as a control signal in BCI
technology. It is mainly beneficial for neuromodulation
applications in which the delay between the intention of
action and the feedback from the system is crucial to induce
plasticity [19]. BCIs have primarily been used for control
and communication purposes [4]; however, in recent years
its prospective in neurorehabilitation has been studied such
as functional electrical stimulation [6]. BCIs are extensively
used in research and major concern is its long-term effects or
long-term changeability of EEG signals to evaluate retention
of the plasticity over time [7]. So there is a need to design
studies over longer duration to evaluate the performance and
accuracy of the BCI system for healthy subjects and patients.
As signal processing in BCIs continues to progress, the next
perspective is to integrate additional information regarding
neurophysiology, disease behaviors and its advancement, and
signal dynamics into the existing or future approaches.

6. Conclusion

EEG data collected prior to imminent movement which
associates withmotor preparation and planning period of the
brain present substantial prediction potentials. Illustrating
the intention to move through MRCP can be employed in
rehabilitation protocols. Depending on the purpose of the
BCI system, a higher TPR could be achieved increasing the
number of false positives, while some studies tend to give a
priority to a lowFPR rather than highTPRs [43]. In summary,
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this paper reviews the proficiency of EEG in predicting the
next motor task and primarily targeted at providing the
examples of the progress in this field.
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Objective.This study used a new method called Acceleration (or Deceleration) Phase-Rectified Slope, APRS (or DPRS) to analyze
computerized Cardiotocographic (cCTG) traces in intrauterine growth restriction (IUGR), in order to calculate acceleration-
and deceleration-related fluctuations of the fetal heart rate, and to enhance the prediction of neonatal outcome. Method.
Cardiotocograms from a population of 59 healthy and 61 IUGR fetuses from the 30th gestation week matched for gestational
age were included. APRS and DPRS analysis was compared to the standard linear and nonlinear cCTG parameters. Statistical
analysis was performed through the 𝑡-test, ANOVA test, Pearson correlation test and receiver operator characteristic (ROC) curves
(𝑝 < 0, 05). Results. APRS and DPRS showed high performance to discriminate between Healthy and IUGR fetuses, according to
gestational week. A linear correlation with the fetal pH at birth was found in IUGR. The area under the ROC curve was 0.865 for
APRS and 0.900 for DPRS before the 34th gestation week. Conclusions. APRS and DPRS could be useful in the identification and
management of IUGR fetuses and in the prediction of the neonatal outcome, especially before the 34th week of gestation.

1. Introduction

Intrauterine growth restriction (IUGR) is defined as a patho-
logic condition for a fetus that has not attained its biologically
determined growth potential, for that particular gestational
age. IUGR is estimated to be approximately 5–8% in the
general obstetric population; frequently the etiology is the
placental dysfunction [1]. It is related to an increased risk of
perinatal complications, such as fetal hypoxia and asphyxia,
and important long-term implications for the infant neu-
rodevelopment. Therefore, the best time to deliver an IUGR
fetus remains the most important challenge in perinatal
management [2–4].

The electronic fetal heart rate (FHR) monitoring is one
of the most widespread noninvasive methods to evaluate the
fetal well-being during the antenatal period, especially in high
risk pregnancies.

Many efforts have been made to understand the mech-
anisms of normal regulation of FHR variability and several
studies have found that they are mainly nonlinear. Com-
puterized Cardiotocography (cCTG) provide a standardized
method to evaluate quantitative measures of linear and
nonlinear indices of FHR variability [5, 6].

We used a cCTG analysis method based on a signal-
processing algorithm, termed Phase-Rectified Signal Average
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(PRSA), that overcomes the limitations of nonstationary
signal and background noise typical for FHR signal [7].

Our aim was to evaluate the trend of cCTG parameters
in Healthy and IUGR fetuses, in order to detect early signs of
fetal compromise and to enhance the prediction of neonatal
outcome.

2. Materials and Methods

This retrospective transversal study was carried out at the
Department of Obstetrical-Gynaecological and Urological
Science and Reproductive Medicine of the Federico II Uni-
versity (Italy), in collaboration with the Politecnico diMilano
(Italy).

The study was conducted on a homogeneous population
of 120 pregnant women composed of 59 Healthy and 61
IUGR fetuses. It was approved by the ethics committee of
the university and all participants gave their written informed
consent.

Inclusion criteria were Caucasian ethnicity; singleton
pregnancy; certain pregnancy dating (calculated from the
first day of the last menstrual period and confirmed by ultra-
sound measurements, according to the population nomo-
grams) [8]; gestational age from the 30th week; and cCTGs
with a signal loss of less than 15% over the whole record. We
considered only the last cCTG record within 24 h of delivery
and the delivery indication was only for fetal condition
in IUGR group. Healthy fetuses were subjected to cCTG
monitoring at the same gestational weeks of IUGR ones, but
they delivered all after 37 weeks of gestation. Newborn baby
data (sex, weight, Apgar score, malformation at birth, access
to neonatal intensive care, and umbilical artery pH) were
collected.

We excluded preexisting maternal disease, drug abuse,
fetuswith chromosomal andmajor congenital anomalies, and
inadequate umbilical cord samples at birth. The severity of
the growth restriction was assessed by ultrasound biometry,
Doppler velocimetry of umbilical artery (UA), middle cere-
bral artery (MCA), ductus venosus (DV), and cCTG.

Pulsatility Index (PI) of UA and DV was considered
abnormalwhen itwas>95th centile for gestational age [9] and
when absent or reverse A-wave or end-diastolic flow in DV
[2, 10] and in UA was detected or MCA PI was <5th centile
[11, 12].

The growth-restricted group was defined by estimated
weight below the 10th centile [1] and estimated abdominal
circumference below the 10th centile with abnormal UA
Doppler pulsatility index (PI) > 95th centile irrespective of
the presence of absent or reversed end-diastolic flow for its
gestational age.

The tests were made with the same frequency in all cases.
Among 30 + 0 to 33 + 6 weeks of gestation elective

caesarean section was performed in case of absent end-
diastolic flow in the UA or DV PI > 95th centile with cCTG
abnormalities (e.g., low short-term variation or recurrent
late deceleration). After 34 + 0 weeks of gestation elective
caesarean section was performed in case of PI > 95th centile
in the UA or PI < 5th centile in the MCA with cCTG
abnormalities (e.g., low short-term variation) [4, 13].

In IUGR group, the delivery occurred within 24 h after
the administration of maternal steroids before 34 weeks. The
artery umbilical gas analysis was performed after birth for all
newborns [14].

To discriminate between early and late fetal compromise,
the study population was divided into three subgroups
according to the gestational age at delivery (<34th gestational
week; from 34th to 37th gestational weeks; and >37th gesta-
tional week).

2.1. Signal Acquisition. The antepartum cCTG monitor-
ing was performed in a controlled clinical environment
with the patient lying on an armchair. The cCTG records
were obtained using Corometrics 170 (General Electrics),
equipped with an ultrasound transducer and a transabdomi-
nal tocodynamometer.

The Cardiotocograph was interfaced to 2CTG2 system
(SEA, Italy) for computerized analysis [15] that is able to
do computerized analysis on segments 3 minutes long. The
FHR records were performed according to ACOG guidelines
[16] and the FHR analysis was carried out using segments
of 3 minutes (360 data points) without missing data, in
order to prevent influences of incorrect heart rates and to
obtain the same length of analysis segment for all parameters
investigated, irrespective of the traces length. The initial, the
middle, and the final 3 minutes of each trace were averaged,
in order to obtain a single analysis segment for each trace.

TheHP fetalmonitors use an autocorrelation technique to
compare the demodulated Doppler signal of a heartbeat with
the next one. Each Doppler signal is sampled at 200Hz (5ms,
milliseconds). The time window over which the autocorre-
lation function is computed is 1.2 sec, corresponding to an
FHR lower bound of 50 bpm. A peak detection software then
determines the heart period (the equivalent of RR period)
from the autocorrelation function. With a peak position
interpolation algorithm, the effective resolution is better than
2ms.

The HP monitor produces a FHR value in bpm every
250ms. In the commercially available system, the PC reads
10 consecutive values from the monitor every 2.5 sec and
determines the actual FHR as the average of the 10 val-
ues (corresponding to an equivalent sampling frequency of
0.4Hz). We used a modified software in order to read the
FHR at 2Hz (every 0.5 sec). The choice of reading the FHR
values each 0.5 sec represents a reasonable compromise to
achieve an enough large bandwidth (Nyquist frequency 1Hz)
and an acceptable accuracy of the FHR signal.

The parameters selected to quantify complexity charac-
teristics of FHR series were the time domain parameters
(Short-Term Variability, STV; Long-Term Irregularity, LTI);
nonlinear parameters, such as entropy estimators (Approx-
imate Entropy, ApEn; Sample Entropy, SampEn), Lempel
Ziv Complexity (LZC); and PRSA parameters (Acceleration
Phase Rectified Slope, APRS; Deceleration Phase Rectified
Slope, DPRS) [17, 18].

2.2. Time Domain Parameters

2.2.1. Short-Term Variability. Short-Term Variability (STV)
quantifies FHR variability over a very short time scale on a
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beat-to-beat basis [15]. Considering one minute of interbeat
sequence, 𝑇

24
(𝑖) in ms, 𝑖 = 1, . . . , 24, we defined STV as

STV = mean [𝑇24 (𝑖 + 1) − 𝑇24 (𝑖)

]
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where 𝑇
24
(𝑖) is the value of the signal 𝑇(𝑖) taken each 2.5 sec.

2.2.2. Long-Term Irregularity. Long-Term irregularity (LTI) is
computed on a three-minute segment of interbeat sequence
in milliseconds. Given a signal 𝑇

24
(𝑖) with 𝑖 ∈ [1; 72], LTI is

defined as the interquartile range (1/4; 3/4) of the distribution
of the modal𝑚

24
(𝑗) with 𝑖 ∈ [1; 71]:
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The definition is the same provided by de Haan (ACOG,
1989), with the exception of a window of 72 (and not 512)
samples long. Arduini [15] excludes from the calculation big
accelerations and decelerations.

2.3. Nonlinear Parameters

2.3.1. Entropy Estimators. Approximate Entropy (ApEn) is
a collection of statistical indexes. It measures the regularity
and, indirectly, the correlation and the persistence of a signal:
small values indicate reduced signal irregularity. We use the
original definition by Pincus (1995) [19]:

ApEn (𝑚, 𝑟) =
∑
𝑁−𝑚+1

𝑖=1
log𝐶
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(𝑚, 𝑟)
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−
∑
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log𝐶
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𝑁 − 𝑚
,

(3)

where 𝑚 is a natural number, 𝑟 a positive real, and𝑁 = 360.
The Approximate Entropy is computed over windows of FHR
signal 3 minutes long.

Sample Entropy (SampEn) improves the estimation per-
formed by ApEn using the same time series and parameters
set. It is also the basis for a multiscale approach [20].

2.3.2. Lempel Ziv Complexity. Lempel Ziv Complexity (LZC)
[21] is a measure of complexity and quantifies the rate of new
patterns arising with the temporal evolution over windows
of FHR signal 3 minutes long. In order to estimate the LZC
in a time series, it is necessary to transform the FHR signal
into symbolic sequences of a finite alphabet. As a coding
procedure we adopted both a binary and a ternary code.
For a given time series {𝑥

𝑛
}, we construct a new sequence

by mapping the original one through a binary alphabet. We
symbolize with 1 a signal increase (𝑥

𝑛+1
> 𝑥
𝑛
) and with

0 a decrease (𝑥
𝑛+1
≤ 𝑥
𝑛
). In case of ternary alphabet, 1

denotes the signal increase (𝑥
𝑛+1
> 𝑥
𝑛
), 0 the decrease

(𝑥
𝑛+1
< 𝑥
𝑛
), and 2 the signal invariance (𝑥

𝑛+1
= 𝑥
𝑛
).

To avoid the possible dependence of the encoded string on
quantization procedure adopted to record the signal, a 𝑝
factor is introduced representing the minimum quantization
level for a symbol change in the coded string.

2.4. Phase-Rectified Signal Average (PRSA). PRSA consists
in the detection and the quantification of quasiperiodic
oscillations in nonstationary signals compromised by noise
and artifacts, by synchronizing the phase of all the periodic
components [7]. This method can give additional informa-
tion in FHR signal analysis, when episodes of increasing
and/or decreasing FHR appear [22].

Acquisition and preprocessing procedure is described
by Bauer and Fanelli [7, 18] and it is shown in Figure 1.
The first step is the calculation of the anchor points (AP),
selected according to the character that the average value
of the signal before and after a certain instant 𝑘 within a
selected time window is different. AP is valid within a time
window of duration 2𝑇, where 𝑇 parameter can be used
to control the upper frequency of the periodicities that are
detected by PRSA. AP can be used to phase-rectify the signal,
removing noise and preserving only periodic oscillations in
the time series. The second step is the building of windows
of 2L samples around each anchor point (L should be larger
than the period of slowest oscillation that one wants to
detect). In the third and fourth steps, all the 2L windows are
synchronized in their anchor points and averaged, in order to
obtain a single PRSAcurve per patient 200 seconds long.Thus
the nonperiodic components that are not synchronized with
the anchor point are removed leaving only the events with a
fixed phase relationship with the AP.The fifth step to identify
a parameter which describes the dynamical characteristics of
the curve. Bauer et al. [23] employed the Accelerations (or
Decelerations) Capacity to identify a predictor for mortality
after myocardial infarction. Huhn et al. [22] applied for the
first time PRSA to FHR series. They employed a parameter
very similar to the AC to identify and classify IUGR fetuses,
calledAcceleration (orDeceleration)Capacity (AAC). Fanelli
et al. [18] introduced a new parameter defined as the slope
of the PRSA curve computed in the AP, called Acceleration
(or Deceleration) Phase-Rectified Slope (APRS or DPRS).
This parameter is a descriptor of both the average increase
(or decrease) in FHR amplitude (absolute change of heart
frequency) and the time length of the increase (or decrease)
episode.

2.5. Statistics. Data statistical analysis was performed using
version 19.0 SPSS for windows statistical package. The
Kolmogorov-Smirnov test showed a Gaussian distribution
in both populations for all parameters investigated. 𝑡-test
was applied for continuous variables while chi-square test
was used for categorical variables. cCTG parameters were
compared in Healthy and IUGR subgroups using Student’s
𝑡-analysis. ANOVA test investigated the existence of a statis-
tical significant difference between the three subgroups for
IUGR. Moreover, PRSA and time domain parameters were
correlated using the Pearson correlation test. The outcome
value of pHwas correlated with PRSA parameters with linear
regression in IUGR group. To complete our analysis, ROC
curves, sensitivity, and specificity were obtained. Statistical
significance was 𝑝 value <0,05 for all the tests performed.

3. Results

In our study, 98% of women which delivered an IUGR fetus
before the 34thweek of gestation had aCesarean section.This
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Figure 1: Computation of Acceleration Phase-Rectified Slope (APRS) in a computerized cardiotocography (cCTG) recording.

value was similar to the percentage reported in the TRUFFLE
study [4]. Also the 42% of Healthy fetuses had a Cesarean
section, it was slightly higher than the national average [24].
Fetal pH at birth and the Apgar score were both in the range
of normality (Table 1). 𝑡-test revealed a significant difference
formaternal age, duration of cCTG recording, and birth weight

between each subgroup of study compared to each one of the
other group (𝑝 < 0, 05). In regard to the gestational age at the
1st cCTG recording a statistical difference was found between
“from 34th to 37th weeks” and “>37th week” of Healthy
subgroups compared to each one of the other subgroups
(𝑝 < 0, 05). For week of delivery a difference was found
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Table 1: Maternal and perinatal characteristics.

Healthy1 IUGR
<34th week 34th–37th weeks >37th week <34th week 34th–37th weeks >37th week

Demographic data
Patients (𝑛) 22 21 16 24 21 16
Maternal age (year)2 32,4 ± 5,3 32,4 ± 5,8 32,2 ± 5,6 29,7 ± 6,2 28,4 ± 5,7 28,1 ± 5,8
Week at 1st cCTG recording2 32,3 ± 1,7 35,5 ± 1,5 39,1 ± 2,1 32,3 ± 2,8 32,6 ± 2,2 33,1 ± 3,2
Duration of cCTG recording (sec)2 2584 ± 623 2530 ± 641 2450 ± 724 3418 ± 1033 3312 ± 1084 3243 ± 1125
Week of delivery2 39,6 ± 1,1 39,6 ± 1,3 39,7 ± 1,2 32,7 ± 1,9 36,4 ± 1,9 38,9 ± 2,0
Vaginal delivery (%) 57,9 58,2 59,2 2,3 7,4 4,3
Caesarean section (%) 42,1 42,8 40,8 97,7 92,6 95,7

Neonatal data
Fetal pH at birth2 7,32 ± 0,1 7,32 ± 0,07 7,32 ± 0,09 7,32 ± 0,06 7,32 ± 0,07 7,32 ± 0,08
Apgar <7 at 5min (%) 0 0 0 7.2 6.3 0
Female (%) 50 47,6 50 54,1 52,4 43,8
Birth weight (g)2 3259 ± 482 3305 ± 518 3287 ± 518 1140,1 ± 345 1479 ± 452 1856 ± 608

1Healthy fetuses delivered all after 37 weeks of gestation.
2Values above are expressed as mean value ± standard deviation.

between each subgroup ofHealthy group compared to “<34th
week” and “from 34th to 37th weeks” of the other group
(𝑝 < 0, 05), while no differences were found for fetal pH at
birth. Chi-square test showed a significant difference for the
way of delivery between each subgroup of study compared to
each one of the other group (𝑝 < 0, 05). For Apgar < 7 at
5min differences were found between eachHealthy subgroup
compared to “<34th week” and “from 34th to 37th weeks” of
IUGRgroup (𝑝 < 0, 01), while no differenceswere foundwith
respect to the gender of newborns.

The aim of the study was to identify which parameter or
parameters set is most efficient in the discrimination between
Healthy and IUGR fetuses. 𝑡-test evidenced a statistical
significant difference for most of the cCTG parameters inves-
tigated according to the gestational age (Table 2). Among the
time domain parameters, both STV and LTI showed great
performance. In particular, LTI exhibited the smallest 𝑝 value
in the discrimination IUGR fetuses between “<34th week”
subgroups. Results in nonlinear parameters showed good
performances. In fact, ApEn was found different between
“from 34th to 37th weeks” and “>37th week,” no difference
was found between “<34th week” subgroups. On the con-
trary, LZC was found different only between “<34th week”
subgroups. SampEn provided satisfying levels of discrimina-
tion power of the entropy indices between “<34th week” and
“from 34th to 37th weeks.”The analysis of PRSA parameters,
both APRS and DPRS, demonstrated to be highly selective in
the discrimination between Healthy and IUGR fetuses for all
gestational ages investigated.

The ANOVA test showed a statistical significant differ-
ence for all parameters investigated in the IUGR subgroups,
except for SampEn: STV (𝐹 = 38,68; 𝑝 < 0,001), LTI (𝐹 =
23,26; 𝑝 < 0,001), ApEn (𝐹 = 10,19; 𝑝 < 0,001), LZC (𝐹 =
4,64; 𝑝 = 0,004), SampEn (𝐹 = 1,182; 𝑝 = 0,314), APRS (𝐹 =
34,57; 𝑝 < 0,001), and DPRS (𝐹 = 39,70; 𝑝 < 0,001).

The ANOVA test with Bonferroni correction evidenced
a statistical significant difference between each group of the

Table 2: Results of comparison between Healthy and IUGR fetuses.

Healthy IUGR
𝑝 value

(mean ± std) (mean ± std)
Time parameters
STV (ms)
<34th 6,25 ± 1,10 4,13 ± 1,34 0,0005
34th–37th 6,48 ± 1,77 4,46 ± 1,52 7,38e − 5
>37th 6,39 ± 1,25 4,38 ± 1,39 0,02

LTI (ms)
<34th 30,04 ± 7,96 17,97 ± 5,27 2,52e − 6
34th–37th 27,32 ± 6,22 21,98 ± 2,88 0,0003
>37th 28,53 ± 7,03 19,25 ± 1,96 0,03

Nonlinear parameters
ApEn
<34th 1,25 ± 0,18 1,24 ± 0,13 0,85
34th–37th 1,33 ± 0,12 1,17 ± 0,07 0,007
>37th 1,45 ± 0,10 1,29 ± 0,07 0,02

LZC
<34th 1,04 ± 0,01 0,92 ± 0,11 0,004
34th–37th 0,99 ± 0,10 0,97 ± 0,06 0,39
>37th 1,01 ± 0,06 1,00 ± 0,01 0,55

SampEn
<34th 1,27 ± 0,21 1,10 ± 0,20 0,03
34th–37th 1,32 ± 0,20 1,17 ± 0,11 0,002
>37th 1,31 ± 0,17 1,12 ± 0,06 0,05

PRSA parameters
APRS (bpm)
<34th 0,18 ± 0,03 0,12 ± 0,05 0,0002
34th–37th 0,18 ± 0,05 0,13 ± 0,04 5,70e − 5
>37th 0,17 ± 0,03 0,10 ± 0,03 0,001

DPRS (bpm)
<34th −0,18 ± 0,04 −0,11 ± 0,04 4,20e − 5
34th–37th −0,19 ± 0,05 −0,13 ± 0,04 0,0009
>37th −0,19 ± 0,04 −0,10 ± 0,02 0,002
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Figure 2: Linear correlation between PRSA parameters and pH in IUGR fetuses.

study compared to each one of the other two (“before the
34thweek” versus “from 34th to 37thweeks”; “before the 34th
week” versus “after the 37th week”; and “from 34th to 37th
weeks” versus “after the 37th week” groups) only for STV,
APRS, and DPRS (𝑝 < 0,05).

We also considered a stratified analysis based on the
gender-specific differences in FHR parameters, but no statis-
tically significant results were found.

In order to improve the diagnostic ability of our set of
parameters we quantified the correlation between PRSA and
time parameters according to the gestational age at delivery
in IUGR fetuses. Among patients who delivered before the
34th week, APRS/DPRS showed high correlations with STV
(𝑟 = 0,718; 𝑝 < 0,001 and 𝑟 = −0,772; 𝑝 < 0,001)
and LTI (𝑟 = 0,582; 𝑝 < 0,001 and 𝑟 = −0,586; 𝑝 <
0,001), respectively. For patients who delivered from the 34th
to the 37th gestational ages, the Pearson test showed good
correlations between APRS/DPRS and STV (𝑟 = 0,591; 𝑝 =
0,006 and 𝑟 = −0,571; 𝑝 = 0,009) while weak correlations
were found between APRS/DPRS and LTI (𝑟 = 0,291; 𝑝 =
0,18 and 𝑟 = −0,274; 𝑝 = 0,21), respectively. For patients
who delivered after the 37thweek, very high correlationswere
found between APRS/DPRS and STV (𝑟 = 0,617; 𝑝 < 0,001
and 𝑟 = −0,762; 𝑝 < 0,001) and LTI (𝑟 = 0,987; 𝑝 < 0,001
and 𝑟 = −0,918; 𝑝 < 0,001), respectively.

Moreover, we evaluated the correlation between the fetal
pH at birth and the PRSA parameters in IUGR fetuses
delivered by caesarean section, in order to avoid the effect of
labor on fetal pH at birth. APRS was directly correlated with
pH values (𝑟2 = 0,13; 𝑝 < 0,01) while DPRS was inversely
correlated with pH values (𝑟2 = 0,14; 𝑝 < 0,01) (Figure 2).

In order to give an idea of the true clinical potential
of PRSA analysis in the detection and management of
IUGR fetuses cut-off value, sensitivity and specificity were
calculated for all cCTG parameters investigated before the

34th gestation week. STV, APRS, and DPRS seem to be the
most useful parameters, with the largest AUC in the ROC
curves (Table 3). Figure 3 showed the ROC curves for the
PRSA parameters before 34 weeks of gestation.

4. Discussion

This study was performed to evaluate the linear, nonlinear,
and PRSA cCTG parameters in a IUGR population with
vascular abnormalities. In order to improve clinical man-
agement, we decided to separate IUGR fetuses into three
subgroups, according to different pathophysiology between
early- and late-onset IUGR. In fact, the early onset is
associated with severe placental insufficiency and Doppler
abnormalities, while the late onset is frequently associated
with middle placental insufficiency and normal Doppler
velocimetry [2, 9].

According to Stampalija et al. [25], our PRSA results
showed that IUGR fetuses, at all gestational ages investigated,
had a lower cardiac acceleratory and deceleratory capacity,
with respect to healthy ones. These results could suggest a
simultaneous reduction in both components of the auto-
nomic nervous system activity, which modulates heartbeat
intervals receiving inputs from the heart, the lungs, and
the blood vessels [18]. This depressive effect is probably
influenced by cortical brain areas in IUGR fetuses [26] and
could allow the identification of early severe chronic hypoxia
cases.

Although the episodes of FHR increases and decreases
do not correspond exactly to the clinical definitions of
“acceleration” and “deceleration” of the FHR signal, they
provide almost the same information about fetal condition.
Risk conditions are often associatedwith changes in the entity
of accelerations and decelerations, in terms of amplitude,
duration, and shape. The slope of the PRSA curve depends
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Table 3: ROC analysis to communicate the diagnostic performance of the cCTG parameters before 34 weeks.

Cut-off∗ Sensitivity Specificity AUC Confidence interval (95%)
Healthy IUGR Healthy IUGR Healthy IUGR Healthy IUGR Healthy IUGR

Time parameters
STV (ms) 4,25 4,14 0,88 0,91 0,31 0,87 0,377 0,914 0,26–0,49 0,85–0,98
LTI (ms) 23,33 16,69 0,75 0,64 0,55 0,98 0,645 0,861 0,47–0,82 0,76–0,96

Nonlinear parameters
ApEn 1,41 1,15 0,44 0,38 0,83 0,92 0,591 0,638 0,39–0,79 0,51–0,77
LZC 1,03 1,03 0,78 0,92 0,68 0,44 0,709 0,703 0,50–0,92 0,60–0,81
SampEn 1,41 1,07 0,44 0,54 0,84 0,81 0,584 0,666 0,38–0,79 0,53–0,80

PRSA parameters
APRS (bpm) 0,18 0,11 0,67 0,75 0,76 0,91 0,724 0,865 0,57–0,88 0,77–0,96
DPRS (bpm) −0,16 −0,11 0,78 0,79 0,63 0,91 0,709 0,900 0,57–0,85 0,83–0,97
∗Cut-off was obtained with the Youden test.
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Figure 3: ROC curves for the PRSA parameters investigated in Healthy and IUGR before 34 weeks of gestation. We obtained a cut-off value
of 0.18 and 0.11 for APRS and −0.16 and −0.11 for DPRS, respectively.
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on both the amplitude and duration of such episodes and, for
this reason, it was chosen to distinguish betweenHealthy and
IUGR fetuses [17].

Among IUGR fetuses, the PRSA resulted to be corre-
lated with STV and LTI [27] in almost all the subgroups
investigated, although the two parameters sets are calculated
in a completely different way. In fact, the PRSA method
has the ability to calculate periodicities independent of the
underlying frequencies or time scales, based on the analysis
of the whole tracing. The STV is calculated every minute
on segments signal three minutes long and excludes the
periodic variation of the FHR signal, such as accelerations
and decelerations. In the clinical practice, abnormal STV
values reflect acute changes in the fetal condition and they are
associated with an increased risk of motor and neurological
delay in preterm IUGR and damage in specific brain areas
with cognitive effects as gestation advances [2]. Therefore, in
our study, the decision to deliver was taken in most cases
before STV changed to abnormal (STV < 4ms) [4].

ApEn [19] and SampEn [20] show similar ability in
discriminating Healthy from IUGR fetuses; the former quan-
tifies regularity and complexity of a time series and the latter
improves the estimation performed by the former, using the
same time series, so that their complementary use could
improve the performance of FHR analysis. Nevertheless,
entropy estimators showed lower performances than other
parameters in the discrimination task because the reduction
of complexity in the FHR signal is mainly associated with
severe fetal hypoxemia or respiratory and metabolic acidosis
[28] that did not happen in our IUGR fetuses.

The results we obtained are coherent with the existing
literature on fetal monitoring. In fact, the main consequences
of chronic hypoxemia are delay of all components of central
nervous system maturation and their central integrations
with the sympathetic and parasympathetic branches of the
autonomic nervous system [2]. This delay causes lower
values of short- and long-term FHR variability, a reduced
complexity (or irregularity) of FHR signal, and also a reduced
number of increase and decrease episodes of the FHR signal.

Moreover, the chronic hypoxemia is usually associated
with normal values of pH at birth (regardless of the cut-off)
while low pH values correlate mainly with progression to
respiratory and metabolic acidosis. Our analysis showed that
APRS and DPRS had a direct and inverse correlation with
pH values at birth, respectively. It reflects early changes in
the autonomous nervous system and provides a promising
assessment of fetal well-being in IUGR. Probably, this cor-
relation could be even better in fetuses with respiratory or
metabolic acidosis.

A very important limit of the CTG is the high number
of false negatives and false positives of the method with
a false reassurance of fetal condition in the first case and
unnecessary procedures for mother or fetus with increased
use of healthcare resources, in the second case [29].

Our results showed a significant reduction in the false
negative and false positive rate in IUGR fetuses using APRS
and DPRS. According to Stampalija et al. [25], the autonomic
nervous functions are also gestational age dependent: the
performances inAPRS (AUC: 0,865) andDPRS (AUC: 0.900)

were higher for early-onset IUGR (“before the 34th week”)
than for late-onset IUGR after the 34th week (AUC: 0.629
and 0.639, resp.). Moreover, DPRS performed better than
APRS confirming that FHRdecelerations aremore significant
than accelerations to verify fetal well-being. For Huhn et al.
[22], instead, acceleration-related fluctuations are of greater
clinical importance than deceleration-related periodicities
while other studies do not find a significant difference
between them [25, 30].

These findings must also be evaluated on the basis of
different calculation and signals preprocessing methods and
different sampling frequencies of the FHR series considered
with respect to other studies. Moreover, with respect to the
Fanelli study [18], we have focused particular attention on the
closematching between the gestational ages of the fetuses and
on the preprocessing procedures, in order to investigate the
relationship of FHR indices with the neonatal outcome data.

The computation of the new APRS (DPRS) parameter
allows amore objective evaluation of the cCTG trace and fetal
well-being in the clinical practice [31], without considering
each acceleration (or deceleration) episode as it is usually
done.

We hope that the clinical application of PRSA parameters
could reduce the existing gap between the FHR analysis and
the neonatal outcome, helping the clinicians to keep the fetus
out of harm’s way by accepting a certain amount of hypoxia
but limiting asphyxia or acidosis and avoiding the need to
“rescue” the fetus.

5. Conclusions

Our results provide a first step in the analysis of the clinical
application of APRS and DPRS, showing their utility in the
identification and management of IUGR fetuses with placen-
tal insufficiency. This method could improve the accuracy
of the fetal well-being assessment in an objective way and
especially could help the clinician’s decision about the time of
delivery. Certainly, there are questions still unanswered; for
example, how could be APRS and DPRS used in the current
clinical routine? And what is the possible correlation with
ductus venosus in early-onset IUGR?
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Recently we proposed a mathematical tool set, called selected correlation analysis, that reliably detects positive and negative
correlations between arterial blood pressure (ABP) and intracranial pressure (ICP). Such correlations are associated with severe
impairment of the cerebral autoregulation and intracranial compliance, as predicted by a mathematical model. The time resolved
selected correlation analysis is based on a windowing technique combined with Fourier-based coherence calculations and therefore
depends on several parameters. For real time application of this method at an ICU it is inevitable to adjust this mathematical tool
for high sensitivity and distinct reliability. In this study, we will introduce a method to optimize the parameters of the selected
correlation analysis by correlating an index, called selected correlation positive (SCP), with the outcome of the patients represented
by the Glasgow Outcome Scale (GOS). For that purpose, the data of twenty-five patients were used to calculate the SCP value for
each patient and multitude of feasible parameter sets of the selected correlation analysis. It could be shown that an optimized set of
parameters is able to improve the sensitivity of the method by a factor greater than four in comparison to our first analyses.

1. Introduction

The course of severe neurological events like subarachnoid
hemorrhage (SAH) and traumatic brain injury is influenced
by two main pathophysiological principles: (A) the primary
injury sustained at the time of impact which is mostly
irreversible and therefore not primary object to treatment
[1], (B) the secondary injury consisting of cytotoxic and
vasogenic edema with increased intracranial pressure (ICP),
reduced cerebral blood flowwith consecutive brain ischemia,
and insufficient oxygenation leading to programmed cell
death of neurons that can be detected from hours to days
following injury andmay contribute to neurological dysfunc-
tion [2–4].The primary goal of neurointensive care treatment
is therefore to avoid secondary brain injury by providing
an optimal physiological and biochemical environment [5].
Since the biological changes leading to secondary injury are
highly individual [6], a recent consensus has defined the
necessity for patient specific treatment protocols in contrast
to a rigid all size fits all approach [7]. In this circumstance, the
cerebral pressure autoregulation maintaining a continuous

cerebral blood flow despite variations of systemic arterial
pressure is of paramount importance [8, 9]. Under phys-
iological conditions, an increase of ABP will not induce
higher ICP levels. However, if the autoregulation disturbed,
a positive correlation between ABP and ICP will occur
[10]. Therefore, if the autoregulation is intact, enhancing
the systemic blood pressure leads to improved cerebral
perfusion pressure (CPP) and appropriate cerebral blood
supply. Conversely, in a patient with impaired autoregulation,
augmentation of CPP may cause brain swelling and worse
outcome [11]. Recent studies indicated that a deviation from
the putatively optimal CPP based on the function of cerebral
autoregulation will lead to significantly worse outcome of the
patients [12]. Therefore an individualized treatment strategy
accounting for the autoregulation status of the patient is
necessary [13]. This however requires an array of different
monitoring techniques for the assessment of intracranial
pressure (ICP), oxygenation status, and metabolism [14, 15]
leading to an immense volume of multimodal datasets fre-
quently overwhelming the treating physician [16]. To address
this problem, we have recently developed a mathematical
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tool set termed selected correlation analysis that unmasks
deterioration of the cerebral autoregulation [17] and indicates
reduced intracranial compliance [18]. However, this approach
needs to be validated in a prospective study allowing the
adjustment of treatment ultimately leading to improved
outcome of the affected patients [14]. The goal of our study
was to optimize the parameter of selected correlation analysis
in order to provide themost sensitive and specific tool set for a
randomized clinical trial assessing the benefit of the proposed
method.

2. Methods

2.1. Patient Population. The study was conducted in accor-
dance with the ethical guidelines of the University of Regens-
burg Institutional Review Board. Informed consent was
obtained from the patient’s relatives; all study results were
stored and analyzed in an anonymized fashion. We prospec-
tively investigated a cohort of 25 adult patients (13 females, 12
males) who were treated at the neurosurgical intensive care
unit for traumatic brain injury (TBI) or subarachnoid hem-
orrhage in 9 and 16 cases, respectively. We have exclusively
included patients with critical neurological diseases in our
study since only in this patient subgroup multimodal brain
monitoring is clinically indicated. The mean age was 43.4
years (range: 18.4–72.4); the median Glasgow Coma Scale
(GCS) at the time of admission was 6 (range: 3–15). Follow-
up was completed up to January 2015 by reviewing outpatient
records and contacting the patient’s family member or the
patient’s primary physician. The mean follow-up time was
39.8 months; no patient was lost to follow-up.The neurologi-
cal outcome was measured by the Glasgow Outcome Scale at
last follow-up; the median score last follow-up was 3 (range:
1–5). All patients were sedated and mechanically ventilated
during the observation period and received an intra-arterial
catheter for the continuous measurement of arterial blood
pressure as part of the standard treatment procedure in
our institution. ICP monitoring was performed continuously
using either an external ventricular drain equipped with an
electronic pressure device (EVD) or a parenchymal ICPprobe
(both fromRaumedic,Helmbrechts, Germany).TheABP and
ICP data were acquired continuously using a data logger
(Daq USB 6210, National Instruments, Munich, Germany)
with a sample frequency of 1000Hz. For the correlation
analysis, the data were resampled to 0.2Hz (one data point
every five seconds) to reduce noise effects and to smooth out
fast oscillations or spikes. Additionally, the above-mentioned
resampling rate ensures that the low homeostatic variations
of the data are contained within the window sizes we will
discuss.

2.2. Correlation Index Calculations. In the following we will
roughly sketch the mathematical framework used by selected
correlation analysis. For a more detailed description of the
different applied characteristics, especially the calculation of
the error rates, please see [17].

To identify the above-mentioned positive correlation
between ABP and ICP in monitoring data from the ICU,

we use a windowing approach combined with the multitaper
method (mtm [19]) to determine the coherence between
segments of two time series thatwere synchronously recorded
with a sampling rate of 0.2Hz. From the isochronous time
series 𝐴, 𝐼 we select windows 𝑤𝐴

𝑘
, 𝑤𝐼
𝑙
of fixed size 𝑠 with

𝑠 = 2
𝑧, 𝑧 ∈ N, and potentially different starting points 𝑘 and

𝑙 and then calculate the mtm-spectra mtms(𝑓
𝑖
) and the mtm

coherence between the windows (mtmc(𝑓
𝑖
)):

𝑤
𝐴

𝑘
fl (𝑥
𝑘
, . . . , 𝑥

𝑘+𝑠−1
) ,

𝑤
𝐼

𝑙
fl (𝑦
𝑙
, . . . , 𝑥

𝑙+𝑠−1
) ,

𝑆
𝐼

𝑙
(𝑓
𝑖
)flmtms (𝑓

𝑖
) of 𝑤𝐼

𝑙
,

𝐶
𝐴,𝐼

𝑘,𝑙
(𝑓
𝑖
)flmtmc (𝑓

𝑖
) of 𝑤𝐴

𝑘
, 𝑤
𝐼

𝑙
.

(1)

As the mtm provides a built-in significance test, each single
frequency 𝑓

𝑖
is tested for significance. Building on this, we

define the pointwise selected correlation (PSC) assuming a
fixed significance level 𝐶 for the built-in significance test:

PSC𝐴,𝐼
𝑘,𝑙

fl (psc𝐴,𝐼
1

(𝑘, 𝑙) , . . . , psc𝐴,𝐼
𝑠/2

(𝑘, 𝑙)) with:

psc𝐴,𝐼
𝑖

(𝑘, 𝑙)fl
{

{

{

1, if 𝑆𝐴
𝑘
(𝑓
𝑖
) , 𝑆
𝐼

𝑙
(𝑓
𝑖
) , 𝐶
𝐴,𝐼

𝑘,𝑙
(𝑓
𝑖
) sig.,

0, otherwise.

(2)

The requirement of being significant for a frequency 𝑓
𝑖
in

both spectra guarantees that only frequencies are considered
that essentially contribute to the original signals, whereas, in
case of the coherence the requirement assures that specific 𝑓

𝑖

exhibits a correlation between the input signals. Repeating the
PSC calculations for𝑁 pairs of isochronous windows leads to
the mean pointwise selected correlation (MPSC):

MPSC𝐴,𝐼 =
𝑗=𝑁

∑

𝑗=1

PSC𝐴,𝐼 (𝑗, 𝑗) . (3)

The elements of the MPSC list represent the percentage of
a significant occurrence in both spectra and the coherence
calculation for each single frequency 𝑓

𝑖
. With MPSC we are

able to determine frequency intervals that contain relevant
correlations within a whole dataset. After having identified
such a frequency interval 𝑈 = (𝑓

𝑚
, . . . , 𝑓

𝑛
) by examining

several different datasets, we want to determine periods in
the dataset where strong correlation with respect to𝑈 occurs.
Therefore we first estimate the degree of correlation of a
distinct pair of windows with respect to 𝑈 by calculating the
sum of all elements psc

𝑘
of PSC belonging to the frequency

band𝑈.This sum divided by the length of𝑈 is called selected
correlation (sc):

sc𝐴,𝐼
𝑚,𝑛

(𝑘, 𝑙)fl
1

𝑛 − 𝑚 + 1

𝑗=𝑛

∑

𝑗=𝑚

psc𝐴,𝐼
𝑗

(𝑘, 𝑙)

0 ≤ 𝑚 < 𝑛 ≤
𝑠

2
.

(4)

A pair of windows is called selected correlated if sc >

𝑙sc for a predefined threshold 𝑙sc. The sc value therefore
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serves as a measure for the degree of correlation of a pair
of data windows with respect to a specific frequency range
𝑈. To obtain time resolved information about the selected
correlation we determine the index sc𝐴,𝐼

𝑚,𝑛
(𝑙, 𝑙) for isochronous

windowswhile shifting the starting point 𝑙 along the time axis.
Additionally we use a statistical test, calculating error rates of
false positives, to determine the significance of the threshold
𝑙sc.

2.3. Statistical Test. The statistical test for significance of 𝑙sc,
a kind of perturbation test, is based on the model prediction
of isochronous correlations between ABP and ICP. Two
segments should not be correlated if their starting points
are quite apart from each other. Assuming that a sc value is
meaningful if higher predefined threshold 𝑙sc, we can count
how often these separated windows produce sc values higher
than 𝑙sc. The amount of wrong hits is interpreted as the error
rate of sc with respect to 𝑙sc and therefore determines the
significance of sc with respect to 𝑙sc. To identify a sufficient
offset for the input window we use the so-called mean
windowed autocorrelation (mwa):

mwa𝐴 (𝑜)fl(
1

𝐸
)

𝑒=𝐸

∑

𝑒=1

sc𝐴,𝐴
𝑚,𝑛

(𝑒, 𝑒 + 𝑜) . (5)

If the time shift 𝑜 is large enough to exclude autocorrela-
tion artifacts, the subsequent mwa values should be small
and stable. With this offset we can calculate the error
index, ei𝐴,𝐼

𝑚,𝑛
(𝑎, 𝑏) indicating whether the selected correlation

sc𝐴,𝐼
𝑚,𝑛

(𝑎, 𝑏) is higher than a predefined limit 𝑙sc, and the error
rate 𝑎sc, that is, the rate of obviously wrong hits with respect
to 𝑙sc:

ei𝐴,𝐼
𝑚,𝑛,𝑙sc (𝑎, 𝑏)fl

{

{

{

1, if sc𝐴,𝐼
𝑚,𝑛

(𝑎, 𝑏) > 𝑙sc,

0, otherwise,

𝑎sc𝐴,𝐼
𝑚,𝑛

(𝑙sc)fl(
1

𝐾
)

𝑖=𝐾

∑

𝑖=1

ei𝐴,𝐼
𝑚,𝑛,𝑙sc (𝑎𝑖, 𝑏𝑖) .

(6)

Accordingly a pair of data segments is called significantly
correlated if the sc value of this pair is higher equal to the
predefined limit 𝑙sc. The significance of this correlation is
specified by the appropriate error rate.

2.4. Hilbert Phase Differences. Having identified a pair of
windows exhibiting sufficient high correlation index sc, we
have to determine the phasing between the twodatawindows.
This is done by calculating the mean Hilbert phase difference
(mhpd) of the corresponding data segments, leading to values
of mhpd between 0 and 180 deg [17]. The above-described
error rate calculations for the sc value can easily be adapted
to calculate the error rates of mhpd by substituting the 𝑙sc
criterionwith appropriate criteria called 𝑙mhpdpos. If mhpd <
𝑙mhpdpos the correlation between the data will be called
positive.

2.5. Parameter Optimization. With the above-described tools
we are now able to calculate the percentage of pairs of

Table 1: Parameter ranges utilized for the optimization of SCP
analysis tools.

Parameter Range
Window size 1024, 2048
mtm built-in statistical test significance 50, 90, 95, 99%
Upper limit of frequency interval 𝑈 0.002–0.008Hz

lsc All possible values
in 𝑈 with 𝛼lsc <0.4

𝑙mhpdpos 0–70 degrees

Table 2: Range of target variables influenced by parameter opti-
mization.

Parameter Range
𝑝 value (outcome correlation) 0.0570–0.0007
Yield 0.1170–0.0047
sig. 60.0445–99.8998

windows that are significantly positive correlated for each
individual patient. This percentage is called selected corre-
lation positive (SCP). As SCP describes the percentage of
measurement time in which the cerebral regulatory systems,
autoregulation, and compliance are distinctively disturbed,
this index is a reliable predictive value for the patients out-
come [17]. But the magnitude of an individual SCP depends
on several parameters needed by the above-mentionedmath-
ematical tools. In detail this parameter is the significance of
the mtm built-in statistical test, the window size of the data
pairs, the frequency interval 𝑈 used for the sc calculations
and the limits, 𝑙sc, and 𝑙mhpdpos for the selected correlation
and the mean Hilbert phase of the data. To find the best
set of parameters we first vary all parameter belonging to
sc in some natural limits (see Table 1) and calculate for each
resulting parameter set the SCP for each patient assuming a
𝑙mhpdpos of 50 deg, an appropriate offset for the error rate
calculations as used in our previous study [17]. Then we
determine the predictive capability of a specific parameter
set with respect to our patient cohort by calculating the 𝑝
value of the Pearson correlation between the patients SCP
and GOS. Additionally, we calculate a parameter called yield,
which is the SCP value of the complete dataset. In other
words, yield describes the sum of all SCP values derived
from the entire patient population weighted by the patients
individual observation time and therefore serves as ameasure
of the sensitivity of the method. Having found an optimal set
of parameters for the sc calculations we subsequently vary
𝑙mhpdpos for this fixed sc parameter set and test the impact
on SCP and yield exactly as described above.

3. Results

Using the above-defined variations of the parameters for
the sc optimization we get 5507 different parameter sets.
The complex variations in the command variables, that is, 𝑝
values, significance, and yield of all the parameter sets, are
summarized in Figure 1 and Table 2. To identify an optimal
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Figure 1: 3D mesh graph illustrates the variability of SCP detection
in correlation with the parameter settings: 𝑥-axis displays the 𝑝

value of a Pearson correlation between the relative time of SCP per
observation time and clinical outcome measured by the Glasgow
Outcome Scale; 𝑦-axis shows the significance of error testing; 𝑧-axis
shows the yield (frequency of SCP detection).

parameter set we first introduced a restriction to the 𝑝 value,
to safeguard a valid medical evidence of the SCP value. In
accordance with the biomedical literature we have chosen a
𝑝 value < 0.01 for the further optimization process. After
that we executed a two-dimensional binning of the data with
respect to the significance and the 𝑝 value. We choose delta
for the significance intervals of 1 deg and 0.001 for the 𝑝

value intervals. In contrast to the most binning modes we
did not take an average of the yield value for each bin but
took the highest yield, respectively, the parameter set in this
bin leading to the highest yield. Using this approach, we have
achieved retaining of the highest level of sensitivity for SCP
per bin. This procedure reduces the amount of parameter
set drastically to 40 different sets. The interrelation between
significance and yield value of this parameter set is depicted
in Figure 2.

Accounting for the need of a significance level for the sc
error testing higher than 75% an “optimal” parameter set is
clearly found at significance of 81.89% and a yield of 0.10.

The resulting parameter set, consisting of wsize = 1024,
mtm stattest = 90%, upper limit 𝑈 = 0.0068359, and 𝑙sc =

0.0555556, is now used for the optimization of the mean
Hilbert phase difference mhpdpos.

3.1. Hilbert Phase Difference Optimization. For the above-
mentioned wsize = 1024 we found that 𝑙mhpdpos is allowed to
be a maximum of 70 deg to meet a 𝛼mhpdpos lower equal to
81.8% and is therefore reproducing an equivalent significance
as for the sc calculations. The variations of the 𝑝 value for
increasing 𝑙mhpdpos are depicted in Figure 3. It can be clearly
seen that 𝑙mhpdpos of 70 deg still meets the target of a 𝑝

value < 0.01. With this setting for 𝑙mhpdpos the yield rises
to 0.2129. Comparing this result with the yield value reached
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Figure 2: Scatter graph of datasets upon stratified parameter
optimization. Identification of optimal parameter set as mtm signif-
icance test C90; window size 1024; upper limit 𝑈 = 0.0068359; and
𝑙sc = 0.0555556 (encircled).
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Figure 3: Scatter graph of the correlation between the limit mean
Hilbert phase (positive) and patient outcome correlation (𝑝 value of
Pearson correlation SCP with GOS).

by the parameter set used in our previous study [18] we
find an improvement of yield and therefore an enhancement
of the methods sensitivity by a factor of 4.27. To visualize
the impact of parameter optimization, we have performed a
Pearson correlation between percentage of observation time
patients displayed SCP and the clinical outcome,measured by
GOS (Figure 4). The three scenarios indicate that depending
on the parameter setting the correlation with outcome varies
significantly; in addition, sensitivity expressed by yield and
accuracy as indicated by error test significance is also highly
dependent on the parameter settings.

4. Discussion

Theprognosis of severe neurological events such as subarach-
noid hemorrhage or brain trauma remains exceptionally poor
[20, 21]. Despite promising preclinical data, most of the trials
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Figure 4: Impact of parameter settings in correlation with patient outcome. (a)Worse scenario with nonsignificant correlation and low yield.
(b) Intermediate scenario with improved outcome correlation but low yield resulting in poor data distribution. (c) Optimized scenario with
high correlation with patient outcome, maximal yield leading to improved data distribution, and sensitivity for SCP detection.

prospectively evaluating new therapeutic approaches have
invariably failed to demonstrate any significant improvement
of outcome [22, 23]. Based on this paucity of causative
treatment options, themain intention ofmodern neurointen-
sive care is to prevent secondary neuronal injury and foster
maximal neuronal recovery by adjusting systemic blood
pressure, ICP, CPP, and cerebral oxygenation [24, 25]. Since
the univariate focus on only one parameter such as ICP
has been demonstrated to be unsuccessful [26], it became
evident that the entire pathophysiological system following
catastrophic neurological injury needs to be monitored and
therapeutically adjusted in order to improve patient outcome
[27]. Modern approaches in computerized interpretation of
multimodal brain monitoring parameter utilizing time series
analyses have provided clinical support tools for the real time
interpretation of gradual changes in monitoring parameters
to unmask systematic changes such as reduced intracranial
compliance [18] and disturbed autoregulation [17, 28]. These
systems have recently been validated using positron emission
tomography [29], microdialysis [30], transcranial Doppler

sonography [31], and patient outcome [12, 17], to ensure the
predictive value and clinical utility of this approach. As a
limitation of our approach, SCP has not been compared
to the most established index for disturbed autoregulation
(PRx) developed by Czosnyka and coworkers [32]. However,
the major task is now to implement these platforms into a
prospective clinical trial setting in order to assess the benefit
of this approach for treatment adjustment and improvement
of patient outcome [7]. Our results clearly demonstrate
that SCP detection is highly dependent on the parameter
setting. To identify the optimal parameter setting for a future
clinical trial employing SCP as real time clinical tool, we
have followed three main objectives: (A) high correlation
rate to patient outcome in order to avoid false positive SCP
detection rates which may lead to overtreatment of patients
with potential side effects, (B) maximal sensitivity for SCP
occurrence indicated by a high yield (percentage of SCP per
observation period), and (C) highest possible accuracy by
avoiding autocorrelation events expressed by the significance
of the built-in error testing. In conclusion, the proposed
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parameter optimization stratified to meet the major clinical
needs results in a highly specific, sensitive, and reliable
method for the detection of intracranial dynamics of patients
treated in neurointensive care.We are in the process to utilize
these optimized parameters derived from the existing set for
a prospective study addressing the clinical usefulness of this
approach.
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Medical image fusion plays an important role in diagnosis and treatment of diseases such as image-guided radiotherapy and surgery.
The modified local contrast information is proposed to fuse multimodal medical images. Firstly, the adaptive manifold filter is
introduced into filtering source images as the low-frequency part in the modified local contrast. Secondly, the modified spatial
frequency of the source images is adopted as the high-frequency part in the modified local contrast. Finally, the pixel with larger
modified local contrast is selected into the fused image. The presented scheme outperforms the guided filter method in spatial
domain, the dual-tree complex wavelet transform-based method, nonsubsampled contourlet transform-based method, and four
classic fusionmethods in terms of visual quality. Furthermore, themutual information values by the presentedmethod are averagely
55%, 41%, and 62% higher than the three methods and those values of edge based similarity measure by the presented method are
averagely 13%, 33%, and 14% higher than the three methods for the six pairs of source images.

1. Introduction

With the development of medical technology, computer
science, and biomedical engineering technology, the medical
image technology can provide the clinical diagnosis with a
variety of multimodal medical images such as the computed
tomography (CT), the magnetic resonance imaging (MRI),
the single photon emission computed tomography (SPECT),
the positron emission tomography (PET), and ultrasonic
images [1]. Different medical image can display different
information of the same viscera in the body. For example, the
MRI is good at expressing the soft tissue information com-
pared to the CT. However, the CT image can provide better
information of tissue calcification and bone segment than the
MRI can. In the clinic application, a single modal medical
image often cannot provide doctors with enough information
to make the correct diagnosis [2, 3]. It is necessary to
combine different modal images into one image with enough
information of source images. The fused medical images can
contain the vital information from the several modal images
to demonstrate the comprehensive information of diseased
tissue or organs. At the same time, the redundant information
in the source images is abrogated. Hence, the doctor can

easily make an accurate diagnosis or determine the accurate
therapeutic scheme.

Generally, medical image fusion algorithms are divided
into two categories: spatial domain methods and multiscale
decomposition domain methods [4]. The spatial domain
methods combine pixels or regions from source images into
fused images in the spatial domain [5]. The other methods
adopt the sparse transforms such as traditional wavelets
pyramid, contourlet [6], and nonsubsampled contourlet
transform [6]. Compared with the spatial domain methods,
multiscale decomposition domain methods are of more
time complexity because of their redundancy decomposition,
especially for nonsubsampled contourlet transform-based
fusion approaches. On the other hand, the spatial domain
methods can be introduced into the clinical application and
surgery procedure because of the low complexity. Generally
speaking, fusion methods based on spatial domain can be
performed in real time to provide clinic doctor with real-
time diagnosis in the surgery.Therefore, this paper focuses on
the multimodal medical image fusion method in the spatial
domain.

In the latest years, many edge-preserving are active
research topic in image processing such as the bilateral filter,
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weighted least squares [7], guidedfilter [8], domain transform
filter [9], and cost-volume filter [10]. Due to the fact that edge-
preserving filters can avoid ringing artifacts and preserve well
the edge structure information, these edge-preserving filters
have already been widely used in image matching, image
dehazing, image denoising, and image classification [11]. The
guided filter assumes that the filtered output is a linear
transformation of the guidance image. Owing to guided filter
based on a local linear model, Kang [11] introduced firstly
the guided filter into image fusion area in spatial domain.
The domain transform filter preserves the geodesic distance
between points on the curve, adaptively warping the input
signal so that 1D edge-preserving filtering can be efficiently
performed in linear time. The recursive filter used in the
domain transform filter makes itself not effective to deal
with the complex edge structure with a large amount of
discontinuity area. The cost-volume filter is a discrete optical
flow approach which handles both fine (small-scale) motion
structure and large displacements. The cost-volume leads
to generic and fast framework that is widely applicable to
computer vision problems. The adaptive manifold filter [12],
which has the advantages of better global diffusion and edge-
preserving ability, is a real-time high dimension filter on the
basis of iterative filter. Moreover, adaptive manifold filter can
produce high-quality results and require less memory. In this
paper, the adaptive manifold filter is firstly introduced into
the images fusion area, especially the multimodal medical
image fusion.

2. Methods

2.1. Adaptive Manifold Filter. The adaptive manifold filter
is the first high-dimensional filter for performing high-
dimensional filtering of images and videos in real time [13].
The adaptive manifold filter is quite flexible and capable
of producing responses that approximate to either standard
Gaussian filters or non-local-means filters. The process of
the adaptive manifold filter can mainly be divided into three
parts: the projection part, the blurring part, and the gathering
part.

Let 𝑆 ⊂ 𝑅𝑑𝑆 → 𝑅 ⊂ 𝑅
𝑑𝑅 be a signal associating each point

from its 𝑑𝑆-dimensional spatial domain 𝑆 to a value in its 𝑑𝑅-
dimensional range 𝑅. With regard to gray image, 𝑑𝑆 and 𝑑𝑅
are equal to 2 and 1, respectively [14].

Then, the number of manifolds 𝐾 is independent of the
filter dimensionality and can be generated by the following
function:

𝐾 = 2 +max (2, [𝐻𝑆𝐿𝑅]) , (1)

where 𝐿𝑅 is defined as a linear correction calculated from the
range standard deviation and𝐻𝑆 defines the height calculated
from the spatial standard deviation. Let {𝑃1, . . . , 𝑃𝑁} be the
set of 𝑁 samples obtained by sampling 𝑆 using a regular
grid. We refer to each 𝑝𝑖 as a pixel. 𝑘th 𝑑𝑆-dimensional
adaptive manifold can be described by a graph (𝑝𝑖, 𝜂𝑘𝑖), and
the manifold value 𝜂𝑘𝑖 ∈ 𝑅 associated with pixel 𝑝𝑖 ∈ 𝑆

is defined by the evaluation of a function 𝜂𝑘𝑖 : 𝑆 → 𝑅

at 𝑝𝑖 : 𝜂𝑘𝑖 = 𝜂𝑘𝑖(𝑝𝑖) [15]. When the low-pass filtering is

performed over the input signal 𝑓, the first manifold 𝜂1 can
be generated:

𝜂1 (𝑝𝑖) = (ℎ∑𝑆 ∗ 𝑓) (𝑝𝑖) , (2)

where ∗ is convolution operation and ℎ∑𝑆 is a low-pass filter
with covariance matrix ∑𝑆. Based on the first manifold 𝜂1,
Gaussian distance-weighted projection of the pixel values
of the image is performed on the manifold. The projection
process can be represented as

Ψ1 (𝜂𝑘𝑖) = 𝜙∑𝑅/2 (𝜂𝑘𝑖 − 𝑓𝑖) 𝑓𝑖, (3)

where∑𝑅/2 is diagonal covariancematrixwith size of𝑑𝑅×𝑑𝑅
which controls the decay of the Gaussian kernel 𝜙. Gaussian
filtering is performed over each manifold mixing the values
Ψ1 from all sampling points 𝜂𝑘𝑖. Mathematically, the blurred
values Ψ2(𝜂𝑘𝑖) can be expressed as

Ψ2 (𝜂𝑘𝑖) = ∑

𝑝𝑖∈𝑆

𝜙∑𝜂 (𝜂𝑘𝑖 − 𝑝𝑖) 𝑓𝑖,

∑ 𝜂 = [

[

∑𝑆 0

0 ∑
𝑅

2

]

]

,

(4)

where 𝑝𝑗 = (𝑝𝑗, 𝑓𝑗) and Ψ2 is the Gaussian filtering on 𝑑-
dimensional space. The final filter response 𝑔𝑖 for each pixel
is generated by interpolating blurred valuesΨ2 gathered from
all adaptive manifolds:

𝑔𝑖 =
∑
𝐾

𝑘=1
𝜔𝑘𝑖𝜙blur (𝜂𝑘𝑖)

∑
𝐾

𝑘=1
𝜔𝑘𝑖𝜙
0

blur (𝜂𝑘𝑖)
, 𝜔𝑘𝑖 = 𝜙∑𝑅/2 (𝜂𝑘𝑖 − 𝑓𝑖) , (5)

where𝐾 is the total number of adaptivemanifolds that will be
used to filter a signal 𝑓 and 𝜔𝑘𝑖 is the weight corresponding
to 𝐾.

2.2. Modified Local Contrast. The contrast feature of image
can evaluate the difference of the intensity value at some
pixels around the neighbor pixels. The human visual system
is highly sensitive to the intensity contrast rather than the
intensity value itself. In general, the same intensity value looks
like a different intensity value depending on intensity values
of neighboring pixels. According to [16], local luminance
contrast can be defined as follows:

𝐶 =
𝐿 − 𝐿𝐵

𝐿𝐵

=
𝐿𝐻

𝐿𝐵

, (6)

where 𝐿 is the local brightness of image and 𝐿𝐵 is the
brightness of the local background. In general, 𝐿𝐵 is regarded
as local low-frequency information of an image and 𝐿𝐻 is
treated as local high-frequency information of an image.
Hence, a proper way to select high-frequency and low-
frequency information is necessary to ensure better infor-
mation interpretation.Themodified spatial frequency (MSF)
[17] is calculated according to the row frequency, column
frequency, and diagonal frequency of the image. The larger
modified spatial frequency leads to the salient features such
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Figure 1: Schematic diagram of proposed fusion algorithm.

as edges, lines, and region boundaries. Hence, the modified
spatial frequency of an image can be used as the high-
frequency information of the image. On the other side, the
filtered result of an image by adaptive manifold filter can
be used as the low-frequency information of the image.
Mathematically, the modified local contrast MLC(𝑖, 𝑗) in
spatial domain is given by

MLC (𝑖, 𝑗) =
{{

{{

{

MSF (𝑖, 𝑗)
AMF (𝑖, 𝑗)

, if AMF (𝑖, 𝑗) ̸= 0,

MSF (𝑖, 𝑗) , if AMF (𝑖, 𝑗) = 0,
(7)

where MSF(𝑖, 𝑗) is the modified spatial frequency of image
𝐼 at 𝑖 row and 𝑗 column. On the other hand, AMF(𝑖, 𝑗) is
the filtered result of image 𝐼(𝑖, 𝑗) by adaptive manifold filter.
The modified spatial frequency is capable of capturing the
fine details presented in the image because of incorporating

the diagonal frequency, the row frequency, and column
frequency. The modified spatial frequency can be calculated
as

MSF (𝑖, 𝑗) = √SF2 (𝑖, 𝑗) + DF2 (𝑖, 𝑗), (8)

where the spatial frequency SF(𝑖, 𝑗) can be calculated as
follows [18, 19]:

SF (𝑖, 𝑗) = 1

𝑀𝑁

𝑀

∑

𝑖=1

𝑁

∑

𝑗=2

(𝐼 (𝑖, 𝑗) − 𝐼 (𝑖, 𝑗 − 1))
2

+ (𝐼 (𝑖, 𝑗) − 𝐼 (𝑖 − 1, 𝑗))
2
,

(9)

where 𝑀 and 𝑁 denote the number of row and column of
image 𝐼(𝑖, 𝑗), respectively. The diagonal frequency DF(𝑖, 𝑗)
can be expressed as

DF (𝑖, 𝑗) = √ 1

𝑀𝑁

𝑀

∑

𝑖=1

𝑁

∑

𝑗=1

(𝐼 (𝑖, 𝑗) − 𝐼 (𝑖 − 1, 𝑗 − 1))
2
+ (𝐼 (𝑖 − 1, 𝑗) − 𝐼 (𝑖, 𝑗 − 1))

2
. (10)

2.3. Summary of Fusion Method. Figure 1 demonstrates the
schematic diagram of proposed fusion algorithm. The steps
of the proposed fusion approach in this paper can be briefly
summarized as the following five steps:

(1) The source medical images 𝑥 and 𝑦 are registered,
respectively.

(2) The source medical images 𝑥 and 𝑦 are filtered by the
adaptive manifold filter to obtain 𝐿𝑥

𝐵
(𝑖, 𝑗) and 𝐿𝑦

𝐵
(𝑖, 𝑗)

as the low-frequency part of modified local contrast
information:

𝐿
𝑥

𝐵
(𝑖, 𝑗) = AMF (𝐼𝑥 (𝑖, 𝑗)) ,

𝐿
𝑦

𝐵
(𝑖, 𝑗) = AMF (𝐼𝑦 (𝑖, 𝑗)) .

(11)

(3) The modified spatial frequency of source medical
image is adopted as the high-frequency information
of modified local contrast information according to
(7). The modified local contrast of source images 𝑥

and 𝑦 can, respectively, be defined as MLC𝑥(𝑖, 𝑗) and
MLC𝑦(𝑖, 𝑗) which are expressed as

MLC𝑥 (𝑖, 𝑗) =
𝐿
𝑥

𝐻

𝐿
𝑥

𝐵

=
MSF𝑥 (𝑖, 𝑗)
AMF𝑥 (𝑖, 𝑗)

,

MLC𝑦 (𝑖, 𝑗) =
𝐿
𝑦

𝐻

𝐿
𝑦

𝐵

=
MSF𝑦 (𝑖, 𝑗)
AMF𝑦 (𝑖, 𝑗)

,

(12)

where 𝐿
𝑥

𝐻
and 𝐿

𝑦

𝐻
are equal to MSF𝑥(𝑖, 𝑗) and

MSF𝑦(𝑖, 𝑗) and represent the high-frequency
information of modified local contrast information,
respectively.

(4) The decision map 𝐷(𝑖, 𝑗) can be expressed as follows
to fuse the source multimodal medical images:

𝐷(𝑖, 𝑗) =
{

{

{

1, if MLC𝑥 (𝑖, 𝑗) ≥ MLC𝑦 (𝑖, 𝑗) ,

0, other.
(13)
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Figure 2: Several kinds of multimodal medical images.

(5) Finally, the fusedmedical image 𝐹(𝑖, 𝑗) can bemerged
by the decision map:

𝐹 (𝑖, 𝑗) = 𝐼
𝑥
(𝑖, 𝑗) ∗ 𝐷 (𝑖, 𝑗) + 𝐼

𝑦
(𝑖, 𝑗) ∗ 𝐷 (𝑖, 𝑗). (14)

3. Results

3.1. Experimental Setup. To evaluate the performance of the
proposed fusion method, experiments have been performed
on six pairs of images shown in Figure 2, respectively. These
images are characterized in four different categories: (1) CT
and MRI, (2) T1-weighted MRI (T1-MRI) and T2-weighted
MRI (T2-MRI), (3) MRI and magnetic resonance angiogra-
phy (MRA) images, and (4) Gadolinium-Diethylenetriamine
Pentaacetic Acid MRI (GD-MRI) and T1-weighted MRI.
Groups (a) and (b) in Figure 2 are CT images and MRI
whereas groups (e) and (f) in Figure 2 are T1-MRI and
T2-MRI, respectively. Group (c) in Figure 2 is the T1-MRI
and GD-MRI images, respectively. Group (d) in Figure 2
is the T1-MRI and MRA, respectively. The corresponding
pixels of two input images have been perfectly matched. All
images have the same size of 256 × 256 pixel, with 256-
level gray scale. On the one hand, the proposed method
is compared with some classic image fusion methods such
as principal components analysis (PCA), Laplacian pyra-
mid, Gradient pyramid, and shift invariant discrete wavelet
transform (SIDWT) which are compared in many works
[4, 20]. On the other hand, the performance of the proposed
method is compared with the modified spatial frequency
of NSCT coefficients motivated PCNN method proposed
by Sudeb [17] and the dual-tree complex wavelet transform
method combined with the nonsubsampled direction filter
bank (NSDFB) by Liu [21]. In Sudeb’s scheme based onNSCT,
the pyramid filter and the direction filter are set to “pyrexc”
and “vk,” respectively.The decomposition levels of NSCT are
set to [1, 2, 4] in accord with [17]. The three levels of dual-
tree complex wavelet transform are adopted to decompose
the NSDFB coefficients in Liu’s method. The direction filter
is set to “cd.” Furthermore, the guided filter method in

spatial domain proposed by Kang [11] is compared with the
proposed method because the proposed fusion method is
part of the spatial-based domain fusion method. In Kang’s
method, the source images are decomposed into a base layer
and a detail layer by average filtering. The guided filtering-
based weighted average technique is adopted to make full
use of spatial consistency for fusion of the base and detail
layers.The parameters used in [11] are directly adopted in this
comparison. The filter spatial standard deviation and filter
range standard deviation is set to 14 and 0.10 in the adaptive
manifold filter, separately.

3.2. Evaluation Metrics

3.2.1. Mutual Information. Mutual information (MI), pro-
posed by Piella [22], can demonstrate howmuch information
the fused image conveys about the reference image.TheMI is
defined as MI = MI𝑥𝐹 +MI𝑦𝐹, where MI𝑡𝐹 can be calculated
by

MI (𝑡 : 𝐹) =
𝐿

∑

𝑢=1

𝐿

∑

V=1
ℎ𝑡,𝐹 (𝑢, V) log2

ℎ𝑡,𝐹 (𝑢, V)
ℎ𝑡 (𝑢) ℎ𝐹 (V)

, (15)

where 𝑡 and 𝐹 denote the source image (𝑥 or 𝑦) and fused
image, respectively. ℎ𝑡,𝐹 is the joint gray level histogram of 𝑡
and 𝐹, ℎ𝑡 and ℎ𝐹 are the normalized gray level histograms of 𝑡
and𝐹, and 𝐿 is the number of bins. Hence, the largerMI value
indicates that the fused image acquires more information
from image 𝑥 and image 𝑦.

3.2.2. Edge Based SimilarityMeasure. Theedge based similar-
ity measure𝑄𝐴𝐵/𝐹 [23] gives the similarity between the edges
transferred in the fusion process. Mathematically, 𝑄𝐴𝐵/𝐹 is
defined as

𝑄
𝐴𝐵/𝐹

=

∑
𝑀

𝑖=1
∑
𝑁

𝑗=1
[𝑄
𝑥𝐹

𝑖,𝑗
𝜔𝑖,𝑗 + 𝑄

𝑦𝐹

𝑖,𝑗
𝜔𝑖,𝑗]

∑
𝑀

𝑖=1
∑
𝑁

𝑗=1
[𝜔𝑖,𝑗 + 𝜔𝑖,𝑗]

, (16)
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(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 3: The fusion results of CT and MRI.

where 𝑥 and 𝑦 represent the input image, respectively.𝐹 is the
fused images. The definition of 𝑄𝑥𝐹 and 𝑄𝑦𝐹 is the same and
is given as

𝑄
𝑥𝐹

𝑖,𝑗
= 𝑄
𝑥𝐹

𝑔,𝑖,𝑗
⋅ 𝑄
𝑥𝐹

𝛼,𝑖,𝑗
,

𝑄
𝑦𝐹

𝑖,𝑗
= 𝑄
𝑦𝐹

𝑔,𝑖,𝑗
⋅ 𝑄
𝑦𝐹

𝛼,𝑖,𝑗
,

(17)

where 𝑄∗𝐹
𝑔

and 𝑄∗𝐹
𝛼

are the edge strength and orientation
preservation values at location (𝑖, 𝑗) of images, respectively. ∗
represents image 𝑥 or image 𝑦, separately.The dynamic range
for𝑄𝐴𝐵/𝐹 is [0, 1] and it should be as close to 1 as possible for
better fusion.

3.3. Subjective Evaluation Analysis. To evaluate the perfor-
mance of the proposed method in multimodal medical
images fusion, extensive experiments, shown in Figures 3–
8, are performed on the six groups of images, respectively.
The fused images in first row of Figures 3–8 are fused
results with the classic methods including PCA, Laplacian
pyramid, Gradient pyramid, and SIDWT. The fused images
in second row of Figures 3–8 are merged with latest three
methods and proposed method. It can be clearly seen that
the images fused with latest three methods and proposed
method reach a higher contrast than the classicmethods do in
most cases. However, the proposed method is very different
with the latest methods. To be specific, it can be seen that
the contrast of the images fused by the presented method is
higher compared to the other latest threemethods by looking
carefully at Figures 3(e)–3(h) and 7(e)–7(h). Figures 4(e)–
4(h) demonstrate that the other three methods cannot well

preserve edge information shown in the blue labeled regions
of Figures 4(e)–4(g). Figures 5(e)–5(h) illustrate that Kang’s
method and Sudeb’s method introduced many artifacts into
the fused images and Liu’s method lost useful information
shown in the blue region in Figure 5(e). The contrast of
Figure 6(g) by Kang’s method is lowest among Figures 6(e)–
6(h). The labeled regions by author in Figure 6(h) are clearer
than the corresponding parts in Figures 6(e) and 6(f). From
Figures 8(e)–8(h), it can be concluded that Liu’s method is
not effective to fuse images of group (f) in Figure 2 and
the proposed method fuses more information from source
images thanKang’smethod and Sudeb’smethod. In summary,
the proposed algorithm can convert the more accurate and
necessary information into the fused images than other
several methods can. At the same time, less useless image
information such as block effect and artifacts is introduced
into the fused images by the presented scheme.

3.4. Objective Evaluation Analysis. Apart from the subjective
performance evaluation, objective evaluation metrics are
necessary to demonstrate the differences among the fused
images. Tables 1, 2, and 3 demonstrate the MI and 𝑄𝐴𝐵/𝐹 of
fused images with differentmethods.The bold values indicate
the best results in Tables 1–3. The MI value and 𝑄𝐴𝐵/𝐹 value
of the proposed algorithm are largest in the eight methods
except that the𝑄𝐴𝐵/𝐹 values by Kang’s method (Guided filter)
are largest in the fusion results of group (b) and group (f).
Objective evaluation resultsmean that the useful information
converted into the fused result by the proposed algorithm
is maximal among the eight approaches except special case.
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(a) PCA (b) Gradient (c) Laplacian (d) SIDWT

(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 4: The fusion results of CT and MRI.

(a) PCA (b) Gradient (c) Laplacian (d) SIDWT

(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 5: The fusion results of T1-MRI and GD-MRI.

Moreover, the objective evaluation results of objective eval-
uation coincide with the visual effect evaluation very well
with minor exceptions. For these exceptions, the visual effect
of the proposed method is better compared to the methods
with better objective evaluation performance. From above

subjective performance and objective metrics comparisons,
it may be concluded that the proposed algorithm can work
better to combine the CT with MRI, combine the MRI with
GD-MRI, combine the MRI with MRA, and combine the T1-
weighted MRI with T2-weighted MRI.The proposed scheme
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(a) PCA (b) Gradient (c) Laplacian (d) SIDWT

(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 6: The fusion results of MRA and MRI.

(a) PCA (b) Gradient (c) Laplacian (d) SIDWT

(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 7: The fusion results of T1-MRI and T2-MRI.

is more effective than some state-of-the-art works and four
classic methods.

4. Conclusion

In order to improve the effect of multimodal medical image
fusion method and increase diagnostic accuracy, novel and

effective medical image fusion algorithm in spatial domain
is presented in this paper. The modified local contrast
information is proposed as the decision map to fuse the
multimodal medical images. In consideration of better global
diffusion and edge-preserving ability of the adaptivemanifold
filter, the filtered result of source images by the adaptive
manifold filter is introduced as the low-frequency part.
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(a) PCA (b) Gradient (c) Laplacian (d) SIDWT

(e) Liu’s method (f) Sudeb’s method (g) Kang’s method (h) Proposed method

Figure 8: The fusion results of T1-MRI and T2-MRI.

Table 1: Objective evaluation on the fusion results of groups (a) and
(b).

Method Group (a) Group (b)
MI 𝑄

𝐴𝐵/𝐹 MI 𝑄
𝐴𝐵/𝐹

PCA 3.6627 0.6645 4.0839 0.5196
Gradient 3.2780 0.5570 3.2261 0.5218
Laplacian 2.5994 0.7085 3.1551 0.5813
SIDWT 2.9644 0.6438 3.2402 0.6097
Liu’s method 5.2703 0.6454 3.8352 0.5935
Sudeb’s method 4.8754 0.4563 3.7240 0.6276
Kang’s method 3.4313 0.7789 3.9232 0.8334
Our method 5.8492 0.8022 4.9625 0.6122

Table 2: Objective evaluation on the fusion results of groups (c) and
(d).

Method Group (c) Group (d)
MI 𝑄

𝐴𝐵/𝐹 MI 𝑄
𝐴𝐵/𝐹

PCA 3.8985 0.4108 4.6582 0.6270
Gradient 4.0276 0.4663 3.9338 0.5628
Laplacian 4.1913 0.5368 3.5286 0.6185
SIDWT 4.1766 0.5734 3.7258 0.6047
Liu’s method 3.6656 0.4579 4.2615 0.6773
Sudeb’s method 3.2714 0.5374 5.0068 0.6680
Kang’s method 2.9900 0.4577 3.6000 0.6230
Our method 5.3615 0.5451 5.4437 0.6828

On the other side, the modified spatial frequency of the
source images is adopted as the high-frequency part. The

Table 3: Objective evaluation on the fusion results of groups (e) and
(f).

Method Group (e) Group (f)
MI 𝑄

𝐴𝐵/𝐹 MI 𝑄
𝐴𝐵/𝐹

PCA 5.1182 0.5772 3.6200 0.4453
Gradient 4.3344 0.5763 3.0872 0.4592
Laplacian 4.1712 0.5383 3.1039 0.5214
SIDWT 4.2474 0.4831 3.1255 0.5131
Liu’s method 5.0778 0.2975 3.3798 0.3926
Sudeb’s method 4.0069 0.6126 3.4720 0.5051
Kang’s method 4.3699 0.2891 5.3727 0.8883
Our method 8.6480 0.6428 5.5092 0.6037

experiment results illustrate clearly that the presented scheme
is better thanmany other fusionmethods such as guided filter
method in spatial domain, NSCT-basedmethod in transform
domain, the dual-tree complex wavelet combined with the
NSDFB method, and several classic image fusion methods
both in subjective performance and objective evaluation.
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Obstructive sleep apnea (OSA) is a common sleep disorder characterized by recurring breathing pauses during sleep caused by a
blockage of the upper airway (UA). OSA is generally diagnosed through a costly procedure requiring an overnight stay of the patient
at the hospital. This has led to proposing less costly procedures based on the analysis of patients’ facial images and voice recordings
to help in OSA detection and severity assessment. In this paper we investigate the use of both image and speech processing to
estimate the apnea-hypopnea index, AHI (which describes the severity of the condition), over a population of 285 male Spanish
subjects suspected to suffer fromOSA and referred to a Sleep Disorders Unit. Photographs and voice recordings were collected in a
supervised but not highly controlledway trying to test a scenario close to anOSA assessment application running on amobile device
(i.e., smartphones or tablets). Spectral information in speech utterances is modeled by a state-of-the-art low-dimensional acoustic
representation, called i-vector. A set of local craniofacial features related to OSA are extracted from images after detecting facial
landmarks using Active Appearance Models (AAMs). Support vector regression (SVR) is applied on facial features and i-vectors to
estimate the AHI.

1. Introduction

Sleep disorders are receiving increased attention as a cause of
daytime sleepiness, impaired work, and traffic accidents and
are associated with hypertension, heart failure, arrhythmia,
and diabetes. Among sleep disorders, obstructive sleep apnea
(OSA) is the most frequent one [1]. OSA is characterized by
recurring episodes of breathing pauses during sleep, greater
than 10 seconds at a time, caused by a blockage of the upper
airway (UA) at the level of the pharynx due to anatomic and
functional abnormalities of the upper airway.

The gold standard for sleep apnea diagnosis is the
polysomnography (PSG) test [2]. This test requires an
overnight stay of the patient at the sleep unit within a
hospital to monitor breathing patterns, heart rhythm, and
limbmovements. As a result of this test, theApnea-Hypopnea
Index (AHI) is computed as the average number of apnea

and hypopnea episodes (partial and total breath cessation
episodes, resp.) per hour of sleep. This index is used to
describe the severity of patients’ condition: low AHI (AHI
< 10) indicates a healthy subject or mild OSA patient (10 ≤
AHI ≤ 30), while AHI above 30 is associated with severe
OSA. However, polysomnography monitoring is costly and
invasive and removes the patients from their normal sleeping
environment; therefore, faster, noninvasive, and less costly
alternatives have been proposed for early OSA detection
and severity assessment. In this work we explore alternative
procedures for estimating the AHI using voice and facial
data. These procedures are studied for an OSA-symptomatic
population (i.e., individuals that have been referred to a sleep
unit for PSG); therefore, our ultimate goal will be to help in
setting priorities to proceed to the PSGdiagnosis based on the
expected OSA severity (i.e., stratification). This will ensure
a better treatment of patients according to their needs and
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will be particularly relevant in some countries as Spain where
waiting lists for PSG may exceed one year [3].

Although central obesity and an excess of regional
adipose tissue are considered major risk factors for OSA,
craniofacial abnormalities and an altered UA structure are
also recognized as important interacting factors in OSA
pathogenesis. The rationale of using image and speech anal-
ysis in OSA assessment can be found on works such as Lee
et al. [4, 5] and Davidson et al. [6], where the evolutionary
changes in physiological characteristics such as craniofacial
morphology or acquisition of speech are connected to the
appearance of OSA from an anatomical basis.

In [7] authors applied sophisticated volumetric analysis
on magnetic resonance imaging (MRI) of the upper airway
soft tissue structures in control and sleep apnea subjects.
By means of statistical tests they reported physiological
differences between the groups for tongue volume (𝑃 <
0.001), lateral pharyngeal walls (𝑃 < 0.001), and total soft
tissue (𝑃 < 0.001). Lowe et al. [8] assessed the interaction
between craniofacial structures by computed tomography of
lateral cephalometry, tongue, soft palate, and upper airway
size in control subjects and sleep apnea patients, finding
differences with respect to tongue, soft palate, and upper
airway volumes. In [9], authors studied oropharyngeal soft
tissues profile by means of cephalometric analysis in order to
detect differences between control and sleep apnea individ-
uals. Significant differences were related to the length of the
soft palate (𝑃 < 0.001), area of the soft palate (𝑃 < 0.001),
and distance of close contact between the tongue and soft
palate (𝑃 < 0.001). These previous works rely on advanced
imaging techniques, allowing a detailed examination of bony
and soft tissue structures. However, these procedures are
generally cost-expensive, time-consuming, and invasive for
patients due to radiation exposure. As a simple alternative,
based on the correlation between craniofacial anthropometry
and photogrammetry, it can be reasonable to explore the use
of image processing as noninvasive, faster, and more read-
ily accessible techniques. Face characterization technologies
have already tested on the diagnosis of genetic syndromes
[10]. In the reference work Lee et al. [4] compare the cran-
iofacial morphological phenotype of sleep apnea and control
populations applying photogrammetry on frontal and profile
digital photographs of the head of subjects under study. After
manually landmarking images, they computed a total of 71
craniofacial measurements representing the dimension and
relationship of craniofacial regions including face, mandible,
maxilla, eyes, nose, head, and neck.They reported correlation
to OSA severity (AHI) specially for some measures as neck
depth (𝑟 = 0.51, 𝑃 < 0.001) or neck perimeter (𝑟 =
0.50, 𝑃 < 0.001). Later on, Lee et al. [5] selected the
most discriminative features among these 71 measurements
extended with another 62 craniofacial measurements also
by photogrammetry. Using logistic regression they reported
76.1% correct classification between OSA and non-OSA.

The particular facial phenotype in OSA individuals has
also been found to correlate with specific upper airway
structures using magnetic resonance imaging (MRI), for
example, a correlation between tongue volume and mid-
face width [11]. These physical alterations as craniofacial

abnormalities—dental occlusion, longer distance between
the hyoid bone and the mandibular plane, relaxed pharyn-
geal soft tissues, large tongue base, and so forth—generally
cause a longer and more collapsible upper airway (UA).
Consequently, abnormal or particular speech features inOSA
speakers may be expected from the altered structure or
function of their UA.

Early approaches to speech-based OSA detection can be
found in [12, 13]. In [12] authors used perceptive speech
descriptors (related to articulation, phonation, and reso-
nance) to correctly identify 96.3% of normal (healthy)
subjects, though only 63.0% of sleep apnea speakers were
detected. The use of acoustic analysis of speech for OSA
detection was first presented in [14, 15]. Fiz et al. [14]
examined the harmonic structure of vowels spectra, finding
a narrower frequency range for OSA speakers, which may
point at differences in laryngeal behavior between OSA and
non-OSA speakers. Later on Robb et al. [15] presented an
acoustic analysis of vocal tract formant frequencies and
bandwidths, thus focusing on the supralaryngeal level, where
OSA-related alterations should have larger impact according
to the pathogenesis of the disorder.

These early contributions have driven recent proposals
for using automatic speech processing techniques in OSA
detection such as [16–21]. Different approaches, generally
using similar techniques as in speaker recognition [22],
have been studied for Hebrew [16, 21] and Spanish [17]
languages. Results have been reported for different types of
speech (i.e., sustained and/or continuous speech) [16, 18, 20],
different speech features [16, 19, 20], and modeling different
linguistic units [18]. Also speech recorded from two distinct
positions, upright or seated and supine or stretched, has been
considered [20, 23].

In this paper we explore the use of both voice and facial
features for OSA assessment. Considering the capability of
mobile devices (tablets, smartphones, smartwatches, etc.) for
an easy collection of physiological data, such as voice and
face images, these techniques could be useful for very simple
and noninvasive preliminary assessment of OSA. Frontal and
profile images and voice recordings were collected for a large
population of 285 male Spanish speakers suspected to suffer
from OSA and derived to a Sleep Disorders Unit. Pictures
and recordings were collected in a supervised but not highly
controlled scenario to resemble a mobile device scenario.

Deciding which features can be useful to estimate the
AHI represents a different challenge for facial and vocal
characteristics. Automatic facial characterization to estimate
the AHI can rely on a set of facial features where previous
research (Lee et al. [4, 5]) has already linked to the craniofacial
phenotype of sleep apnea. However, existing research has
not been able to clearly identify a set of specific acoustic
features for OSA speakers. To tackle this difficulty, in our
research we analyze a corpus of four speech sentences that
was specifically designed to include a set of characteristic
sounds in OSA voices. These four sentences were designed
following the reference research in [12, 13], where Fox et al.
identify a set of possible speech descriptors in OSA related
to articulation, phonation, and resonance. So, for example,
the third sentence in our corpus includesmostly nasal sounds
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to detected resonance anomalies (more details on the design
criteria for this corpus can be found in [19]). Once focused
on an OSA-specific acoustic space, state-of-the-art speaker’s
voice characterization technologies, previously tested and
demonstrated to be effective in the estimation of other
speaker’s characteristics such as height [24] and age [25], were
used to estimate the Apnea-Hypopnea Index (AHI). We can
support this approach by considering that similar methods
have been demonstrated to outperform other approaches
(such as the use of formant analysis or GMMs models) for
detecting other physiological variables as age, height, or BMI.

Besides facial and voice features we also evaluated AHI
prediction using the available clinical variables: age, height,
weight, BMI (Body Mass Index), and neck circumference.
This allows us to compare AHI estimation when using
only facial features, speech features, or clinical variables
and also when combining all the available information. To
our knowledge this is the first time that AHI prediction is
explored by analyzing both speech signal and facial image
processing techniques and considering their combination
with other clinical indicators of sleep apnea.

2. Methods

2.1. Subjects and Experimental Design. The population under
study is composed of 285 male subjects referred to a
pneumonologist and presenting symptoms of OSA such as
excessive daytime sleepiness, snoring, choking during sleep,
or somnolent driving. Clinical variables (age, height, weight,
BMI, and cervical perimeter) were collected for each indi-
vidual. This database has been recorded in Hospital Quirón
Málaga (Spain) since 2010. All the work was performed
strictly following the ethical consideration of the center and
the participants were notified about the research and their
agreement obtained. Statistics of the clinical variables used
in this study are summarized in Table 1.

The diagnosis for each patient was confirmed by special-
ized medical staff through polysomnography (PSG), obtain-
ing the AHI on the basis of the number of apnea and
hypopnea episodes. Two types of data were collected from the
patients, as explained in the following:

(i) Acoustic data: patients’ speech was recorded prior
to PSG. All speakers read the same 4 sentences
and sustained a complete set of Spanish vowels [i,
e, a, o, u]. As there is no clear set of specific
acoustic features characterizing OSA speakers, these
four speech sentences were designed following the
reference research in [12, 13], where Fox et al. identify
a set of possible speech descriptors in OSA speakers
related to articulation, phonation, and resonance. So,
for example, the third sentence in our corpus includes
mostly nasal sounds to detected resonance anomalies
(more details on the design criteria for this corpus
can be found in [19]). Recordings were made in a
room with low noise and patients at an upright or
seated position. Recording equipment was a standard
laptop with USB SP500 Plantronics headset. Speech
was recorded at a sampling frequency of 50 kHz and

Table 1: Descriptive statistics on the 285 male subjects.

Clinical variables Mean SD∗ Range
AHI 21.7 17.4 0.0–84.4
Weight (kg) 92.5 16.9 61.0–162.0
Height (cm) 175.7 7.1 157.0–197.0
BMI (kg/m2) 30.0 5.0 20.0–52.3
Age (years) 48.4 12.0 21.0–85.0
Cervical Perimeter (cm) 42.3 3.1 34.0–52.0
AHI: Apnea-Hypopnea Index; BMI: Body Mass Index.
∗SD: standard deviation.

encoded in 16 bits. Afterwards it was downsampled to
16 kHz before processing.

(ii) Photographic data: frontal and profile digital pho-
tographs of the head were obtained before the speech
recordings, also at the same normal hospital room
without any particular illumination condition. Dif-
ferently from [4, 5], no special actions were taken
beyond a simple control for patients’ front and profile
photographs and some instructions to guarantee that
the neck area is visible in the profile image. No cali-
bration action for allowing the conversion from pixel
measurements to metric dimensions (e.g., measuring
the distance from the camera) was taken, and manual
identification (by palpation) of facial landmarks was
also avoided. A standard Logitech QuickCam Pro
5000 webcam was used to collect images with a size
of 640 × 480 pixels and a color depth of 24 bits.

Data has been collected since 2010 and several operators
(up to six) have been involved, always blinded to the results of
the polysomnography.This can guarantee that our results are
not dependent on a particular acquisition process. However,
we have not had the opportunity of testing the same subject
several times.

2.2. Problem Formulation . We are given a training dataset
of acoustic/facial features and Apnea-Hypopnea Index (AHI)
information 𝑆tr = {x𝑛, 𝑦𝑛}

𝑁

𝑛=1
, where x

𝑛
∈ R𝑝 denotes the

feature vector representation (acoustic/facial) of the training
dataset and 𝑦

𝑛
∈ R denotes the corresponding value of AHI.

The goal is to design an estimator function 𝑓 for AHI,
such that, for an acoustic/facial feature vector from an unseen
testing subject xtst, the difference between the estimated value
of aApnea-Hypopnea Index𝑦 = 𝑓(xtst) and its truth or actual
value 𝑦 is minimized.

2.3. Acoustic Features. Speaker recognition technologies usu-
ally represent the acoustic information in a speech utter-
ance as a sequence of feature vectors corresponding to the
short-term spectral envelope of the embedded sounds. In
this study Mel-Frequency Cepstrum Coefficients (MFCC)
extended with their first order derivative will be used, as
they are commonly adopted inmost of the automatic speaker
recognition systems [26, 27].

Moreover, as different utterances naturally exhibit
sequences of MFCC feature vectors with different lengths,
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Figure 1: Acoustic representation of utterances and SVR training.

they are generally transformed into fixed-length vectors x
representing all the relevant acoustic information in the
utterance (all the variability and therefore the vector space
of this representation are called total variability [28]). This
will also be very convenient in our case since it allows a
fixed-length acoustic vector x to be used as input to the
estimator function𝑓, which makes estimationmuch simpler.

The most common approach for this transformation,
called i-vectors, was followed in our study, and it is depicted
in Figure 1. I-vectors were developed on the success of
modeling the probability density function of sequences of
feature vectors as a weighted sum of Gaussian component
densities, GaussianMixtureModels (GMM). As illustrated in
Figure 1, a GMM representing an utterance from a particular
speaker can be obtained through adaptation of a universal
background model (GMM-UBM) trained on a large speaker

population [29]. Once aGMM is adapted from aGMM-UBM
using the utterances of a given speaker, a supervector will
be just the stacked pile of all means of the adapted GMM
[26]. As the typical number of Gaussian components in a
GMM for speaker recognition is between 512 and 2048, and
dimension of MFCC acoustic vector takes values from 20
to 60, speech utterances will then be represented by high-
dimensional vectors x of sizes 10 K to 120K.

Beyond high-dimensional supervectors, a new paradigm
called i-vector has been successfully and widely used by
the speaker recognition community [28]. It relies on the
definition of a low-dimensional total variability subspace T
and can be described in the GMM mean supervector space
by

m = 𝜇 + Tw, (1)
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where m is the GMM supervector for an utterance, 𝜇 is
the utterance-, speaker-, health-, and clinical condition-
independent supervector obtained from a universal back-
ground model GMM-UBM. T is a rectangular matrix of low
rank, which defines total variability space (representing all
sources of variability in speech recordings). The matrix T is
estimated using the EM algorithm in a large training dataset.
An efficient procedure for training T and MAP adaptation of
i-vectors can be found in [22]. w is a random vector having a
standard normal distribution𝑁(0, 𝐼), which are composed of
total factors. These total factors represent the speaker’s voice
characteristics.The total factors are defined by their posterior
distribution conditioned to Baum-Welch statistic for a given
utterance. The mean of this distribution corresponds to i-
vectors.

Compared to supervectors, the total variability modeling
using i-vectors has the advantage of projecting the high
dimensionality ofGMMsupervectors into a low-dimensional
subspace, where most of the speaker-specific variability is
captured.

Both supervectors and i-vectors have been successfully
applied to speaker recognition [28], language recognition
[30], speaker age estimation [25], speaker height estimation
[24], and accent recognition [31]. Consequently, we believe
that the success of using i-vectors in challenging tasks,
where speech contains significant sources of interfering
intraspeaker variability (speaker weight, height, etc.), is a
reasonable guarantee for exploring its use in estimating the
Apnea-Hypopnea Index (AHI). Furthermore, as the same
microphone was used for all recording and all the speakers
read the same corpus of four sentences, both channel and
phonetic variabilities are minimized so it is reasonable to
think that i-vectors will capture characteristics from sounds
that can be more affected by OSA.The interested reader may
find additional discussion on this topic in [32] together with a
comparison when using supervectors and i-vectors to predict
AHI and other clinical variables.

2.4. Speech Databases for Development. To guarantee that
all the relevant speaker information is contained in the
low-dimensional vector space, the development of i-vectors
requires training the total variability subspace T using
recordings from a large speaker population database rep-
resentative of a wide range of different speakers, channels,
or noisy conditions. However, in our clinical environment,
the acoustic space only includes continuous/read Spanish
speech recorded with a single microphone and in a relatively
noise-free environment. Therefore, our variability subspace
should mainly represent the rich articulation variability of
a variety of Spanish sounds pronounced by a wide range of
speakers. So far, for development, we used different databases
containing microphonic speech sampled at 16 KHz, covering
a wide range of phonetic variability from continuous/read
Spanish speech (see, e.g., ALBAYZIN [33], as it was one the
databases we used). The development dataset used to train
the total variability subspace andUBM includes 25451 speech
recordings from 940 speakers. Among them 126 speakers,
certainly diagnosed with OSA and not used for tests, were
also included so that the Tmatrix also reflects the variability

due to the presence or absence ofOSA-specific characteristics
of speech.

2.5. Facial Features. One of the most important stages in
automatic face recognition is feature extraction. In our case,
the objective is to have a specific compact and structured
representation of craniofacial characteristics able to describe
both inter- and intraclass variability for OSA and non-OSA
individuals. There are three main types of facial features
in state-of-the-art automatic face recognition [34]: holistic
features, local features, and features derived by statistical
models. In this study we have taken as reference the work
from Lee et al. in [4, 5], so local features are used. However,
as described below, our major differences compared to the
research in [4, 5] are the use of supervised automatic image
processing and the definition of more robust craniofacial
measurements adapted to our less controlled photography
capture process.

A first critical step for extracting local facial features is
to identify a set of relevant landmarks on images of subjects
under study. The database of facial images contains frontal
and profile digital photographs of 285 male subjects, that is,
570 digital photographs needed to be processed to obtain
landmarks.Manual annotation of all images, as done in [4, 5],
can be tedious and, even if done by skilled personal, it is
prone to errors due to subjectivity. Consequently, we decided
to use a widely used automatic landmarking method, first
introduced by Cootes et al. in 2001 [35], based on Active
AppearanceModel (AAM) [36]. Based on a priori knowledge
of landmark positions, AAM combines a statistical model,
which represents the variation of shape and texture of the
face (object), with a gradient-descent fitting algorithm. As
Figure 2 shows, in AAMs for frontal and profile photographs
we use a grid of 52 landmarks taken from a general face
identification system and a set of 24 landmarks including
specific marks for the neck area, respectively.

During the training stage, frontal and profile AAMs
were built from a set of manually annotated photographs
using the aam tools software [37]. During the fitting stage,
starting from a reasonable landmark initialization, the AAM
algorithm iteratively corrects the appearance parameters by
minimizing the squared error to represent the texture of the
target face. Although theAAMperformswell for representing
shape and appearance variations of an object, the model is
location-sensitive to face’s position. In this study this effect
is increased because photographs were not taken following a
highly controlled procedure (illumination conditions, control
of distance from the camera, and control of frontal and
profile position). Hence a human-supervised stage was found
necessary in order to supervise and, if necessary, correct some
large deviations in the automatically generated landmarks.

Once landmarks were generated we proceed to extract
a set of local features based on previous studies [4, 5] but,
as stated before, adapted to our less controlled photographic
process. More specifically, a main difference with Lee et al.
research is that in [4] photography was performed using
a professional camera and following a highly controlled
procedure: frontal position was achieved controlling that
subject’s facial landmark nasion was aligned along the subject
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Figure 2: Landmarks on frontal and profile view.

alignment plane while ensuring both ears were seen equally
from the front, and a laser pointer head-clip pointing to
calibrated markings on the side wall was used to ensure
the profile views were perpendicular to the frontal views.
This highly controlled scenario contrasts to our objective of
exploring the possibility of using speech signals and images
captured in a more informal way using standard portable
devices. Besides that, there are two another remarkable
differences compared to [4]. Firstly, we did not include any
calibration procedure that could have allowed us to convert
pixel measurements to metric dimensions. This could have
been done as in [4] by including a procedure to measure
the distance from the camera or by sticking a calibration
marker in the patient’s face (as a circular nylon washer).
We decided not to follow any of these calibration processes
trying to explore results in a more usable scenario, but we are
aware that this makes calibrated measurements unavailable,
which according to [5] should have provided better results.
A second decision that we also made looking for a better
user experience was to avoid any manual identification (by
palpation) of facial landmarks.

Consequently, based on the results in [4, 5] and con-
sidering our limited photography capture process, only
uncalibrated measures (i.e., relative measurements or angles)
were used, and three alternative craniofacial measurements
related to those identified by Lee et al. were designed. These
measurements are described in the following.

2.5.1. Cervicomental Contour Area. One of the anatomical
risk factors for OSA is the fat deposition on the anterior neck
[38]. In [4, 5] this risk factor is captured by cervicomental
angle (neck-cervical point-mentum), where an increase of
neck fat deposition causes an increase of this angle. However,
considering our limited photography capture process, it is
extremely difficult to detect points such as: cervical point,
thyroid, cricoid, neck plane, or sternal notch involved in the
cervicomental region. Consequently, we defined an alterna-
tive measurement, more robust to both our image capture

and automatic landmarking processes. This measure was
defined using a contour in the cervicomental region traced by
six points, placed equidistantly, which were annotated with
high reliability following our semiautomatic AAM method
(see Figure 3). In this cervicomental measure, the area of a
rectangle defined by bottom left point 23 and upper right
point 11 is used to normalize the area defined by points 11 12
20 to 23 and the right and low sides of the 23–11 rectangle.
This results in an uncalibratedmeasurement with a value that
decreases as the fat deposition on the anterior neck increases.

2.5.2. Face Width. In Lee et al. [11], magnetic resonance
imaging (MRI) was used to study the relationship between
surface facial dimensions and upper airway structure in
subjects with OSA. Significant positive correlations were
detected between surface facial dimensions and upper airway
structures, in particularmidfacewidth and interocular width.
Based on Lee’s work we used these two facial dimensions
to define a face width uncalibrated measurement as the
midface width to interocular width ratio. The corresponding
landmarks and measures are depicted in Figure 4.

2.5.3. Tragion-Ramus-StomionAngle. In Lowe et al. [8], it was
reported that patients with OSA had retracted mandibles,
which is related to the inclination of the occlusal plane
and the ANB angle (measuring the relative position of the
maxilla to mandible). Based on Lowe’s work we proposed
an uncalibrated measure (i.e., an angle) intended to capture,
to some extent, the characteristic mandible position or
mandibular retraction in OSA individuals. To define this
angle we selected a set of landmarks that not only are related
to the posterior displacement of the mandible but also could
be accurately detected by our automatic landmarking process
on the photographs without need of prior marking. The
proposed measurement (Figure 5) is the angle between the
line ramus-stomion (points 16 and 6) and the ramus-tragion
(points 16 and 19).



Computational and Mathematical Methods in Medicine 7

Figure 3: Cervicomental contour area.

Figure 4: Face width.

2.5.4. Facial Feature Vector. The facial feature vector then
consists in the combination of the 3 craniofacial measure-
ments described before. This feature vector is the input to a
SVR regression model used to predict the AHI.The craniofa-
cial features extraction process is illustrated in Figure 6.

2.6. Regression Using SVR. For estimating the Apnea-
Hypopnea Index (AHI) in our OSA database we followed
a similar approach as the one used in [24] and [25] for
height and age, respectively. As depicted in Figures 1 and
6, once facial/acoustic features are represented by their
corresponding feature vector, x, support vector regression
(SVR) is employed as the estimator function 𝑓𝑗 for the
Apnea-Hypopnea Index 𝑦𝑗.

Support vector regression (SVR) is a function approxima-
tion approach developed as a regression version of the widely

Figure 5: Tragion-ramus-stomion angle.

known Super Vector Machine (SVM) classifier. Firstly, the
input variable is mapped onto a high-dimensional feature
space by using a nonlinear mapping. The mapping onto a
high-dimensional space is performed by the kernel function.
The kernel yields the new high-dimensional feature by a
similarity measure between the points from the original
feature space. Once the mapping onto a high-dimensional
space is done then a linearmodel is constructed in this feature
space by finding the optimal hyperplane in which most of
the training samples lie within 𝜖-margin (𝜖-insensitive zone)
around this hyperplane [39]. The generalization of SVR’s
performance depends on a good setting of two hyperparam-
eters, 𝜖 and 𝐶, and the kernel parameters. The parameter 𝜖
controls the width of the 𝜖-insensitive zone, used to fit the
training data. The width of the 𝜖-insensitive zone determines
the level of accuracy of approximation function. It relies
entirely on the target values of the training set.The parameter
𝐶 determines the trade-off between the model complexity,
controlled by 𝜖, and the degree towhich deviations larger than
the 𝜖-insensitive zone are tolerated in the optimization of the
hyperplane. Finally, the kernel parameters depend on the type
similarity measure used.

In this paper, support vector regression (SVR) is applied
to estimate the Apnea-Hypopnea Index (AHI) and linear
kernel is used to approximate the estimator function 𝑓𝑗.

The training and testing was implemented using LIBSVM
[40] and the optimization of the hyperparameters of the SVR
and the parameter of the RBFwas performed by a grid search,
which is a simply exhaustive searching through the subset of
hyperparameters and parameters guided by a 5-fold cross-
validation as performance metric.

2.7. Performance Metrics. The performance of the proposed
prediction scheme was evaluated using both the Mean Abso-
lute Error (MAE) of the subject’s estimated AHI and the
Pearson linear correlation coefficient (CC) between the actual
and estimated values of AHI.
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Figure 6: Craniofacial AHI prediction model.

2.7.1. Leave-One-Out Cross-Validation and Grid Search. In
order to validate the regression model we employed leave-
one-out cross-validation. To do this, one subject is removed
from dataset for testing data and the other for training data.
Then, in order to find the optimum complexity of the model,
we apply a 5-fold cross-validation on training data to find the
optimal parameters values of the support vector regression
model. For this purpose we implement a “grid search” on
the hyperparameters of the SVR model using 5-fold cross-
validation. The grid search consists of an exhaustive search
through specified set of hyperparameters (𝜖 and𝐶) of the SVR
model. Therefore, various pairs of hyperparameters values
are tried and the one with the best cross-validation MAE is
picked. After finding the optimal parameter value, we train
the model using the optimal hyperparameter values and the
training dataset. Finally, the testing dataset is used to predict
the AHI assigned to each input by using SVR models trained
solely from the training dataset.Thewhole process is repeated
for all dataset and it is depicted in Figure 7.

3. Results

During the testing phase, as it is shown in Figure 8, each sub-
ject is first processed by extracting its acoustic features/facial
features and then the features extracted are stacked for
obtaining fixed-length vectors. These vectors are used over
the trained SVR models to predict the value of the subject’s
AHI.

Both to compare the system performance and to have a
reference when predicting the AHI, similarly to Lee et al.
work [5], we also trained SVR models using the available
clinical variables as input vectors (age, Body Mass Index,
and cervical perimeter), which are well known predictors for
AHI. Mean Absolute Error (MAE) and Pearson correlation
coefficient (CC) results when predicting AHI using these
clinical variables are presented in Table 2.

Prediction results using i-vectors and craniofacial vectors
for AHI prediction are listed in Tables 3 and 4. Table 3
includes Mean Absolute Error and correlation coefficient
results when using only the three uncalibrated craniofacial
measurements (cervicomental contour area, face width, and
tragion-ramus-stomion angle) and when combining these
uncalibrated craniofacial measurements with the clinical
variables (age, Body Mass Index, and cervical perimeter) in
a single feature vector.

Results in Table 4 are given for speech acoustic repre-
sentation using i-vectors with different dimensionality (from
400 to 30). Somewhat better results can be observed for low
dimensionality (50) probably because of the limited number
of speakers in the development databases. As in Table 4,
performance results are also given when combining i-vectors
and clinical variables. The analysis of these results shows a
very weak prediction capability of OSA when using speech
acoustic features.

4. Discussion

Our results indicate that facial features extracted from frontal
and profile images can be better predictors of OSA than
acoustic i-vectors features extracted from reading speech.
Although different previous studies [20, 21], including ours
[19], have reported good results using speech processing
techniques for OSA assessment, our recent results, as those
reported in this work using a large number of subjects
recorded in a clinical practice scenario, only reveal a weak
connection between OSA and speech. This fact has also
been discussed in our research in [41] where only very
weak correlations were detected between AHI and formant
frequencies and bandwidths extracted from sustained vowels.
Results reported in this paper, based on the more powerful
acoustic representation of speech using i-vectors, seem to
follow a similar trend. This has motivated us to address a
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Figure 8: Description of training and testing phase in order to predict AHI.

critical review of previous research using speech processing
for OSA assessment, presented in [41], where we report
several limitations and methodological deficiencies that may
have led to previous overoptimistic results. Considering now
the features extracted from frontal and profile facial images,
we can compare our results to those reported in [4] which,
to the best of our knowledge, represent the first and only
research reference in this field. From a functional point of

view, our approach presents two major differences: (1) land-
mark identification is done using supervised automatic image
processing instead of through precise manual identification
as in [4], and (2) we use three uncalibrated photographic
measurements, inspired by those selected by Lee et al. [5]
but more suitable for a less controlled photography capture
process. Besides these differences, overall, our results are
close and follow a similar trend compared to those reported in
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Table 2: AHI estimation using clinical variables.

Feature MAE Correlation coefficient (CC)
Clinical variables 12.32 0.40
The correlation coefficients (CC) are significant beyond the 0.001 level of
confidence.

Table 3: AHI estimation using craniofacial measures.

Feature MAE Correlation coefficient (CC)
Uncalibrated
craniofacial features 12.56 0.37

Uncalibrated
craniofacial features +
clinical variables

11.97 0.45

The correlation coefficients (CC) are significant beyond the 0.001 level of
confidence.

[5]. As it can be seen in Tables 2 and 3, correlation coefficient
(CC) and Mean Absolute Error (MAE) between truth and
estimated AHI values are only slightly better when using
only clinical variables (CC = 0.40; MAE = 12.32) than when
only relying on uncalibrated facial measurements (CC =
0.37; MAE = 12.56). Furthermore, when clinical variables
and uncalibrated measurements are combined together, a
moderate increase in performance is observed (CC = 0.45;
MAE = 11.97), though in [5] results are only given when
combining calibrated measurements with clinical variables.

An important issue when contrasting our results is that
we have focused on predicting the AHI (using SVR) while
the objective in [5] is to classify or discriminate between
subjects with OSA (AHI ≥ 10) and without OSA (defined
by an AHI < 10) using logistic regression and classification
and regression trees (CART). Therefore, we performed some
additional tests using our estimated AHI value to classify
subjects with OSA (truth AHI ≥ 10) and without OSA (truth
AHI < 10). Classification results using this procedure are
shown in Table 5. We are aware that better results should
be obtained if a classification algorithm, as SVM, was used,
instead of regression with SVR followed by classification
using the estimated AHI, but we are only looking for some
figures that allow us to draw some further comparisons.

Results in Table 5 show that this approach classified 70.8%
of the subjects correctly when using only our uncalibrated
measurements, 70.5% when using only clinical variables, and
72.2% when combining both (performance results in terms
of sensitivity, specificity, and area under the ROC are also
shown in the table). Again these results are similar to those
reported by Lee et al. (also shown in Table 5): an accuracy of
71.1% for uncalibrated measures, 76.1% for clinical variables
(age, BMI, and witnessed apneas), and 79.4% for clinical
(witnessed apneas; modifiedMallampati class) and calibrated
measures. Despite this similar trend, our results show lower
OSA discrimination for all performance metrics (specially
when comparing accuracy results for craniofacial features +
clinical variables: 72.2% versus 79.4%). These differences
might not be statistically significant considering the confi-
dence intervals when developing the classification models;
for example, Lee et al. [5] indicate that the assessment of

the accuracy during their cross-validation process exhibited
a range of 61% to 76%, which includes the accuracy found in
our results. Nevertheless, it could be worth analyzing other
reasons for this loss of accuracy besides the obvious ones
that derive from our use of a prediction technique (SVR) for
classification and less controlled uncalibratedmeasurements.
There may be some differences in the populations under
study, though not in terms of OSA prevalence, as there
are similar values in both studies. However, the population
explored by Lee et al. [5] includes both males (76.1%) and
females (23.9%) while in our case only male individuals are
studied. Lee et al. [5] do not provide information on the
male/female balance in OSA and non-OSA groups, and the
significantly lower prevalence of OSA in women compared
tomen [42] together with the differences between female and
male craniofacial OSA risk factors [43] may introduce some
bias in the performance results. As an illustration of this,
in [32] we have shown how, due to the notable differences
between female and male voices [44], when using speech
acoustic features for OSA assessment over OSA and non-OS
populations with imbalanced female/male proportions [20],
clearly overoptimistic discrimination results are obtained.

It is also interesting to remark that in [5] only two
clinical variables, witnessed apneas (i.e., the bed partner
reporting witnessed apneas in a questionnaire) and modified
Mallampati class (a visual classification of the anatomy of the
oral cavity used to identify OSA patients) [45], were found
to improve the classification accuracy when combining facial
and clinical variables. As authors point out, this suggests
that calibrated measurements are more important predictors
than age and BMI (and highly correlated with them), while
witnessed apneas andMallampati score provide complemen-
tary information. Unfortunately, at present we do not have
information on witnessed apneas and Mallampati score for
all the individuals in our database. Nevertheless, according
to our results, both OSA detection and AHI estimation (see
Tables 2–5) show improvements when uncalibratedmeasures
are combined with age, BMI, and cervical perimeter. We
may thus hypothesize that the possible loss in OSA detection
performance due to our less precise uncalibrated facial mea-
surements can be compensated when adding information
from easily available clinical variables (age, BMI, and cervical
perimeter). Additionally, based also on Lee at al. results,
we should expect further improvements if we were able
to add information on witnessed apneas and Mallampati
score. We believe that, looking for a simple application on a
mobile device, information for witnessed apneas can be easily
obtained from the patient itself. For the Mallampati score,
though its use for OSA detection is controversial [46], we
are currently working on its automatic estimation through
image processing techniques on photography of patient’s
oropharynx.

Another relevant point to discuss, already stated in [5],
is that facial measurements related to size (e.g., face width)
seem to be better OSA predictors than facial shapes. This
will guide our future research towards two complementary
lines. On the one side, because we were looking for a usable
scenario, we did not include any calibration procedure that
could have allowed us to convert pixel measurements to
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Table 4: AHI estimation using i-vectors.

Feature
MAE Correlation coefficient (CC)

i-vector dimension i-vector dimension
400 300 200 100 50 30 400 300 200 100 50 30

i-vector 13.79 13.86 14.20 14.05 13.79 14.05 0.08 0.09 0.05 0.09 0.13 0.08
i-vector + clinical variables 12.80 12.43 12.48 12.63 12.55 12.68 0.33 0.38 0.38 0.36 0.38 0.37
The correlation coefficients (CC) are significant beyond the 0.05 level of confidence.

Table 5: Classification results of prediction of OSA using AHI estimated.

Feature Accuracy Sensitivity Specificity ROC AUC
Clinical variables 70.5% 72.6% 57.5% 0.72
Clinical variables, Lee et al. [5] 76.1% 86.0% 59.1% 0.78
Uncalibrated craniofacial features 70.8% 71.8% 62.1% 0.67
Uncalibrated craniofacial features Lee et al. [5] 71.1% 80.7% 54.5% 0.80
Uncalibrated craniofacial features + clinical variables 72.2% 73.3% 64.8% 0.73
Calibrated craniofacial features + clinical variables, Lee et al. [5] 79.4% 85.1% 69.7% 0.87

metric dimensions. Our future research will explore users’
acceptance to follow simple procedures, for example, sticking
a calibration marker in their faces (as a circular nylon
washer [4]), and we will evaluate the expected OSA detection
improvement from the use of calibrated measurements (i.e.,
sizes) in our application scenario. On the other side, we
believe that beyond simple measurements from facial land-
marks the extraction of richer information related to facial
shapes and textures using more powerful image processing
techniques [47–49] can provide new insights into the OSA
craniofacial phenotype and even characterize the sleepy facial
appearance [50].

We acknowledge several limitations in our work that
should be addressed in future research. Predictive results
presented in this paper are limited to a particular sleep clinical
population; consequently other clinical and general com-
munity populations should be studied to assess the clinical
utility of our models. We have only studied male Caucasian
subjects, and both sex and ethnicity can be relevant factors
mainly related to facial measurements and speech features.
Our database currently includes an important number of
females, so the extension of this study on female individuals
could be especially interesting as apnea disease is still not well
understood in women.

The weak correlation observed between speech and
OSA can be limited by the modelling approach we have
followed (MFCC and i-vectors), and different results could be
obtained using other acoustic representations or modelling
approaches. For example, different techniques to compensate
unwanted sources of variability in the i-vector subspace, as
those proposed in [25, 51], could be considered.

We also have to acknowledge the limitation of recording
speech at night when patients go to the sleep unit. Other
acoustic differences could be expected at different times of
the day, for example, soon after waking in the morning voice
could reflect laryngeal trauma from overnight snoring. In

fact, recent research has already pointed at other possible
effects on patient voices that can help in OSA detection
as analyzing speech recorded from a supine or stretched
position [20, 23]. Even promising results have been reported
from the acoustic analysis of nose and mouth breath sounds
recorded in supine and upright positions [52, 53]. Our
results are also limited to speech from Spanish speakers,
so comparisons with other languages will require a careful
analysis of language-dependent acoustic traits in OSA voices.

Finally, to evaluate the negative impact of different factors
generally present in real scenarios, future studies will need
to examine the effect of using different mobile devices with
different cameras and microphones, testing the effect of
different illumination conditions, as well as variable camera
orientations and distances.

5. Conclusions

Frontal and profile images and voice recordings collected
from a clinical population of 285 males were used to estimate
the AHI using image and speech processing techniques.
State-of-the-art speaker’s voice characterization based on i-
vectors only achieved a very weak performance for AHI esti-
mation. Better prediction results were attained when using
three uncalibrated photographic measurements calculated
after detecting facial landmarks. Our experimental results
show that OSA prediction can be improved when combining
both clinical and facial measurements. The analysis of these
results, contrasted to relevant previous research, points at
several ways of improvement that can make OSA detection
possible in practical scenarios using mobile devices and
automatic speech and image processing.
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A. Hernández-Gómez wrote the paper. Rubén Fernández-
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Gómez, “Reviewing the connection between speech and
obstructive sleep apnea,” BioMedical Engineering OnLine, In
press.

[33] A. Moreno, D. Poch, A. Bonafonte et al., “Albayzin speech
database: design of the phonetic corpus,” in Proceedings of
the 3rd European Conference on Speech Communication and
Technology (EUROSPEECH ’93), Berlin, Germany, September
1993.

[34] A. Jain and S. Li, Handbook of Face Recognition, Springer, New
York, NY, USA, 2005.

[35] T. F. Cootes, G. J. Edwards, and C. J. Taylor, “Active appearance
models,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 23, no. 6, pp. 681–685, 2001.

[36] L. Teijeiro-Mosquera, J. L. Alba-Castro, and D. González-
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The incidence of superficial fungal infections is assumed to be 20 to 25% of the global human population. Fluorescence microscopy
of extracted skin samples is frequently used for a swift assessment of infections. To support the dermatologist, an image-analysis
scheme has been developed that evaluates digital microscopic images to detect fungal hyphae.The aim of the study was to increase
diagnostic quality and to shorten the time-to-diagnosis.The analysis, consisting of preprocessing, segmentation, parameterization,
and classification of identified structures, was performed on digital microscopic images. A test dataset of hyphae and false-positive
objects was created to evaluate the algorithm. Additionally, the performance for real clinical images was investigated using 415
images. The results show that the sensitivity for hyphae is 94% and 89% for singular and clustered hyphae, respectively. The mean
exclusion rate is 91% for the false-positive objects.The sensitivity for clinical images was 83% and the specificity was 79%. Although
the performance is lower for the clinical images than for the test dataset, a reliable and fast diagnosis can be achieved since it is not
crucial to detect every hypha to conclude that a sample consisting of several images is infected. The proposed analysis therefore
enables a high diagnostic quality and a fast sample assessment to be achieved.

1. Introduction

It is assumed that 20 to 25% of the global human population
is affected by superficial fungal infections, with a constantly
increasing incidence [1]. In tropical areas they are a major
cause of morbidity due to the ideal warm and humid
conditions for fungal growth [2].The dermatophytes, a major
cause for the infections [3, 4], digest keratin and can therefore
be found on skin and its annexes (hair, nail) [5]. They are
transmitted through direct person-to-person contact or indi-
rectly through desquamated infected epidermis or hairs [5].

Due to the widespread occurrence and the resulting large
number of patients, it is a frequent task for dermatologists to
diagnose and to treat fungal infections. Direct microscopic
examination is generally used as a screeningmethod, because

it is fast and cost-effective [6]. Fluorescence staining increases
sample contrast and therefore further facilitates the detec-
tion of fungi [7, 8]. A drawback of microscopy is that no
information on the fungal species can be obtained. Hence,
additional methods such as fungal culture or DNA-based
polymerase chain reaction methods have to be performed,
whenever information about the fungal species is important
[9]. However, direct microscopic examination is considered
an essential method for the diagnosis of superficial fungal
infections [6].

Although microscopy is faster and cheaper than culture-
or DNA-based methods, it has some drawbacks. Depending
on user experience, sample condition, and sample size, it
may still be time-consuming to evaluate complete samples.
Diagnosing multiple samples at once may therefore be
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a tedious task that could lead to classification errors and
increased intra- and interobserver variability.

To overcome these drawbacks, an image-analysis scheme
has been developed that automatically detects fungal infec-
tions in digital fluorescence microscopy images. The use of
image-processing methods to detect fungal structures is a
common approach in biotechnology for the characterization
and analysis of fungal growth in fermentation processes [10–
13]. However, the automated evaluation of clinical images of
fungal infections is, to our knowledge, a new topic.

The developed analysis scheme should be useful for
clinical routine and has to be designed to meet the specific
requirements. Most importantly, in addition to a high sensi-
tivity and specificity, a reliable diagnosis should be available
during patient contact time. Hence, the image analysis and
the visualization of the results have to be adapted to the
clinical workflow. In this context it is necessary to reduce the
time-to-diagnosis to as great an extent as possible. This can
be accomplished by choosing algorithmswith low calculation
time and by online visualization of the detection results.

The approach presented in this study used multiple
image-processing steps to preprocess, segment, and param-
eterize the images taken with an automated fluorescence
imaging system. The parameters to describe the detected
structures were used in a rule-based classification scheme
to decide whether a fungal infection is present. Image-
processing methods were chosen to achieve acceptable cal-
culation times. The method’s performance was evaluated for
manually chosen test datasets and clinical images of infected
and uninfected patients.

2. Materials and Methods

2.1. Sample Material and Preparation. Infected samples con-
sisting of small skin scales were taken from clinical cases
in a university hospital. The samples were gathered during
routine examination where fungal infections were diagnosed
by clinicians. Additionally, uninfected samples from healthy
subjects were also taken at the hospital. The sample prepara-
tion consisting ofmaceration and stainingwith commercially
available MykoColor (RSC Pharma, Giessen, Germany) was
performed at our laboratory. The skin scales were located on
an object slide and 0.02mL ofMykoColor was added. A cover
glass was used to gently flatten the sample.

2.2. Imaging Device. The imaging was performed using
an experimental automated fluorescence imaging system
(Helmut Hund GmbH, Wetzlar, Germany) that provided a
complete 1 cm2 area scan (consisting of 100 single images)
of the object slide on which the skin scales were randomly
located. The system is equipped with a monochrome camera
(5 megapixel), an objective (10x magnification, 0.25NA), and
an LED illumination unit (excitation peak: 365 nm) and is
capable of autofocusing on sample structures.

2.3. Description of Images, Hyphae, and Other Structures.
The fluorescence images of the samples captured with the
automated device typically show a dark background with

bright fluorescent structures. These structures are either
hyphae that belong to a fungal infection or false-positive
structures and artefacts that can bemisinterpreted as hyphae.
Figure 1 shows the two classes of hyphae, singular (a) and
clustered (b), which can be generally observed and which
were under investigation in this study. Singular hyphae are
characterized by relatively uniform width and intensity. The
shape is often elongated or curved without branches. The
clustered hyphae can be described as an agglomeration of
overlapping singular and branched hyphae that may have
multiple junctions.

False-positive structures that were present in the samples
weremainly cellulose fibers of clothing, circular and irregular
reflections of the illumination unit occurring at air inclusions,
and other miscellaneous objects such as plastic particles and
dirt.

Cellulose fibers (see Figure 2(a)) can often be found in
skin samples.The characteristic features are the elongated but
irregular surface and texture with varying widths. Further-
more, the fibers are often larger than hyphae.

Circular and irregular air inclusions (Figures 2(b) and
2(c)) occur during the sample preparation process. Small
inclusions form circular structures with bright transitions
between air and the staining reagent due to reflections of the
illumination unit. Larger inclusions show various irregular
shapes with similar transitions as small inclusions.

Miscellaneous structures are external contaminations
such as plastic particles from the sample containers
(Figure 2(d)) used for transport and storage, dirt, and dust.
The shape of miscellaneous objects is variable but in most
cases different than hyphae. Additionally, these objects can
be identified due to the high intensities.

Figure 3 shows an exemplary overview of the clinical
images with multiple structures like skin scales, cellulose
fibers, and miscellaneous particles that can often be found.
The images indicate the variety of suspicious objects that have
to be dealt with while detecting hyphae and the challenges
in evaluating the data for dermatologists and software algo-
rithms.

2.4. Image Analysis. The developed image-analysis scheme
(overview shown in Figure 4) is divided into the stages of
image preprocessing and segmentation, parameterization,
and object classification. The open-source image-processing
framework OpenCV [14] is used for the implementation.
Furthermore, a graphical user interfacewas developed to load
image data and to visualize the results.

Preprocessing and segmentation starts with the Canny-
Algorithm [15] for background reduction and detecting
structure edges. After binarization, the algorithm closes
discontinuous objects (using morphological dilatation) and
extracts connected structures into single region of interests
(ROI) using the connected components approach based on a
region growing algorithm.

For filling holes, whichmight be present in the objects, the
next preprocessing step extends the ROI by a one-pixel wide
border to separate objects from the ROImargin.Then a flood
filling algorithm is used to assign an arbitrary intensity value
to all pixels surrounding the object. In the last step we assign
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(a) (b)

Figure 1: Image of a singular (a) and clustered (b) hyphae using the automated fluorescence imaging system.

(a) (b)

(c) (d)

Figure 2: False-positive structures: cellulose fiber (a), circular reflection (b), irregular reflection (c), andmiscellaneous structures such as dirt
or plastic particle (d).

the object intensity value to all pixels that do not correspond
to the arbitrary intensity value.

After preprocessing all single objects are stored in a
dataset that is used in the successive parameterization and
classification steps.

Figure 5 shows the result of each preprocessing step for a
hypha.

In the parameterization stepmorphological and statistical
features are calculated for every suspicious object in the
dataset. It has to bementioned that all thresholds stated below

are only valid for the used imaging system and camera setup.
Hence, they ought to be reviewed on other systems. First, a
preselection of the objects by object size and object intensity
is performed.

Object Size. To sort out small artefacts that are often present
in the samples, only objects that consist of a certain amount
of pixels are considered in the classification. For the used
imaging setup a threshold of 250 pixels was manually chosen
based on the size distribution of hyphae.
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(a) (b)

(c)

Figure 3: Exemplary overview of clinical images. Fungal infection is indicated by elliptical markers (b, c). The rectangular marker (a)
represents the extracted skin scales. False-positive structures are indicated by arrows: cellulose fiber (a), obscuring and misc. particles (b,
c). Circular and irregular air inclusions are present in all images.
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Figure 4: Overview of the analysis scheme.

Object Intensity. The exposure time and the gain of the used
camera are configured to match the brightness of stained
hyphae. Therefore, a threshold for the mean intensity of the
structures (value of 130 for the used setup) was investigated
to sort out very bright false-positive structures.

Then, the following features are calculated for the remain-
ing suspicious objects. A subsequent rule-based classification
uses these features and thresholds to exclude false-positive

objects (no hyphae) from the dataset of objects and to keep
true-positive hyphae.

Histogram Analysis. The intensity distribution of irregular air
inclusions shows a characteristic first peak at low intensities
and a second peak on the falling slope of the first peak. This
is due to the fact that air and staining reagent yield different
intensity values in the image. Therefore, ROIs containing
irregular air inclusions contain two background intensity lev-
els which are only present in air inclusions. This information
is used to distinguish these structures from hyphae. For the
identification of the characteristic shape the position and
the amplitude of the peaks in the smoothed histogram of
the objects are calculated and compared to manually derived
thresholds (position of peak 1 not after bin 30 and amplitude
of peak 2 not lower than 15). These thresholds were obtained
by evaluating all observed irregular air inclusions.

Detecting Circular Structures. An algorithm based on the
Hough Transformation principle [16] for circular structures
is used to exclude circular air inclusions. As the surrounding
rectangle of circular objects is quadratic, the algorithm is
calculated only for objects with a width-to-height ratio
between 0.8 and 1.2. The pixel intensities along a circle
centered at the middle of the surrounding rectangle with
the corresponding radius are summed up and normalized to
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(a) (b) (c)

Figure 5: Image preprocessing performed on a hypha. (a) Original image detail. (b) After segmentation using Canny-Algorithm. (c) After
closing and filling of holes.

Figure 6: Binarized representation of a singular hypha (white pixel)
with skeleton (red line) and perpendicular width evaluation along
the exemplarily shown green lines.

the circles perimeter. A threshold of 10% of the pixels lying
on the circle was investigated to decide that the object is a
circular air inclusion.

Width Analysis. As hyphae are of uniform width and show
a smooth surface, the width distribution perpendicular to
the structures skeleton is calculated between two adjacent
pixels for every other pixel position (example shown in
Figure 6). Furthermore, junctions in the skeleton are detected
to distinguish between singular and clustered hyphae. The
mean thickness and the standard deviation are subsequently
compared to thresholds (for singular hyphae: mean thickness
between 4.4 and 9 pixel, standard deviation lower than 2.8; for
clustered hyphae: mean thickness between 4.4 and 10 pixel,
standard deviation lower than 12). Using this information,
irregular structures such as cellulose fibers, plastic particles,
other contaminations, and too thin or thick structures such
as air inclusions are identified and excluded from the dataset
of infected structures.

After the classification all identified false-positive objects
are excluded from the dataset and only true-positive hyphae
are left. For presenting the results the images in which
infected objects are found are visualized in the graphical user
interface.

2.5. Specification of Classification Parameters. A test dataset
consisting of subsets ofmanually selected objects of all occur-
ring true- and false-positive findings was created to specify
the classification features. 100 singular hyphae, 70 clustered
hyphae, 90 circular reflections, 90 irregular reflections, 44
cellulose fibers, and 19 miscellaneous particles were chosen
for the subsets. The classification parameters shown above
were manually optimized in an iterative process to yield the
highest sensitivity.The classification results for the test dataset
are shown in Tables 1 and 2, respectively. As only objects of
sufficient size were chosen, the performance of the “object
size” criteria was not evaluated.

2.6. Evaluation. The overall performance of the method for
clinical fluorescence microscopy images using the automated
imaging system was evaluated. Therefore, the sensitivity,
specificity, and calculation time for a total of 415 images
were investigated. These images were initially classified into
“infected” and “uninfected” by experienced clinicians. The
algorithm was used for the automated classification and the
results were compared.

The results are presented on a “per image” perspective,
which means that a given image is recognized as infected
as soon as one hypha is found. Hence, the “per image”
perspective can be used to reach a correct classification
without detecting all hyphae that are present in the image.
The correct classification of an uninfected image, by contrast,
means that the algorithm has to sort out every false-positive
structure.

The “per image” evaluation method is chosen because of
the clinical relevance of single images. Dermatologists do not
need to recognize all hyphae that are actually present in a
sample. Theoretically, it is sufficient to detect one hypha to
diagnose a fungal infection.
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Table 1: Classification results for the test dataset for true- and false-positive structures.

True-positive structures False-positive structures
Hyphae: singular Hyphae: cluster Circular reflection Irregular reflection Cellulose fiber Misc. particles

Total number 100 70 90 90 44 19
Classified correctly 94 62 88 77 38 17
Detection rate 94% 89% 98% 86% 86% 89%

Table 2: Performance of the processing steps in the reduction of false-positive structures.

Circular reflections Irregular reflections Cellulose fibers Misc. particles
Total number in test dataset 90 90 44 19
After segmentation 40 90 47 30
Sorted out by

Intensity 0 0 17 12
Circularity 21 0 0 2
Histogram analysis 2 65 1 0
Width calculation 15 12 23 14

Recognized as hyphae 2 13 6 2
Detection rate 98% 86% 86% 89%

3. Results

All calculations were performed on an Intel Core 2 Quad
Q9650 CPU at 3.00GHz. Although the image import and the
image processing are performed separately on single cores,
no parallelization of the image processing itself has been
implemented so far.

3.1. Performance of Classification. The results of the classifi-
cation for the test dataset of true- and false-positive struc-
tures are shown in Table 1. In the given context, “classified
correctly” means that objects are recognized as hyphae for
true-positives and that objects are not recognized as hyphae
for false-positives.

The detection rate after optimizing the classification
parameters of the algorithm is 94% and 89% for singular and
clustered hyphae, respectively. Regarding the false-positive
structures the detection rate for circular reflections is 98%,
for irregular reflections 86%, for cellulose fibers 86%, and for
miscellaneous particles 89%.

The performance of the classification features on false-
positive structures is shown in Table 2. The detection rate
varies for the different types (circular reflection, irregular
reflections, cellulose fibers, and misc. particles) of false-
positive structures. The “object intensity” feature was espe-
cially useful for cellulose fibers and miscellaneous particles.
The circularity measure and histogram analysis sorted out
false-positives due to reflections of air inclusions successfully
and the width calculation detected false-positives of all
classes.

Furthermore, the Canny-Algorithm used for segmenta-
tion has a strong influence on the classification performance.
In the case of circular reflections the algorithm sorted out 50
false-positive objects due to their low intensities. On the other
hand, the algorithm did not detect all originally continuous
objects as singular objects. It tends to split large structures

Table 3: Total performance of the algorithm for 415 clinical
fluorescence microscopy images.

Infected images Uninfected images
Total amount 194 221
Classified correctly 160 174
Classified correctly in % 83 79

into multiple objects.This effect can be observed for cellulose
fibers and miscellaneous particles.

A more detailed evaluation of the algorithm showed that
the methods used to reduce false-positive structures wrongly
excluded true-positive hyphae from the dataset of suspicious
objects. The width calculation, the detection of circular
structures, and the histogram analysis each sorted out two
singular hyphae. For clustered hyphae five and three objects
were excluded by the width calculation and the histogram
analysis, respectively (data not shown).

3.2. Performance on Clinical Images. The developed algo-
rithm detected 160 out of 194 infected images and 174 out
of 221 uninfected images correctly. Hence, the total sensi-
tivity is 83% and specificity is 79% for clinical fluorescence
microscopy images (see Table 3). In total, 8,433 objects were
segmented using the background reduction. After rejecting
small structures, 2,311 objects remained for classification.

Analysis of the processing steps showed that the calcu-
lation times per object and per image were 18 and 96 mil-
liseconds for preprocessing, 18 and 101 milliseconds for seg-
mentation, and 11 and 61 milliseconds for parameterization
including classification, respectively. The average calculation
time for the whole processing was 47 milliseconds for an
object and 258 milliseconds for an image (see Table 4).
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Table 4: Calculation time per object and per image for preprocessing, segmentation, and parameterization including classification based on
the 415 clinical images. Data are rounded.

Calculation time Preprocessing Segmentation Parameterization In total
Per object [ms] 18 18 11 47
Per image [ms] 96 101 61 258
In total for 415 images [s] 40.0 41.7 25.2 106.9

4. Discussion

An image-analysis scheme to detect fungal infections in
digital fluorescence microscopy images is presented. The
scheme consists of the image preprocessing, segmentation,
parameterization, and classification steps that all have a
strong influence on the detection rate. Results show that the
classification parameters yield high detection rates for hyphae
(94% and 89% for singular and clustered hyphae, resp.) of
the test dataset. However, the overall performance on clinical
images is lower. This can be explained by the different image
quality of the test dataset and the clinical images. As the
aim of the test dataset was the evaluation of the algorithm’s
sensitivity for morphological and statistical features, the only
objects that were chosen are those of high image quality
in terms of sharp contours and high object-to-background
contrast. The image quality of the clinical images, on the
other hand, is poor compared to the test dataset. The object-
to-background contrast can be low because other structures
overlap the hyphae. Additionally, due to the sample thickness,
some structures may be located in out-of-focus areas and
therefore appear blurred.

However, the “per image” approach increases the sensi-
tivity as it is sufficient to detect one hypha to diagnose an
infection. In this context, it has to be considered that, as a
consequence of fungal growth, often multiple singular and
clustered hyphae are present in infected samples. The like-
lihood for correctly classifying images as infected therefore
increases with an increasing number of hyphae.

The same results can be observed for the specificity of
the method. The detection rate of false-positive structures of
the test dataset is higher than the overall specificity. Here,
the “per image” approach deteriorates the results as an image
often consists of multiple false-positive structures that all
have to be classified correctly. In particular irregular air
inclusions, cellulose fibers, and miscellaneous particles can
reduce specificity, since more than 10% of the objects are
classified incorrectly (see Table 2).

Therefore, the high sensitivity’s tradeoff is the lower
specificity, which, in consequence, is responsible for a high
number of uninfected objects that are detected as hyphae.
To facilitate the process of diagnosis for the dermatologists
images classified as true-positive are presented without high-
lighting the detected objects. In this way well experienced
dermatologists can decide more quickly whether an image
contains hyphae as they do not explicitly need to evaluate
every single object.

The limitation of the current evaluation is that the analysis
is performed on a “per image” base and not on a “per
patient” base. The “per image”-approach is used to optimize

the processing algorithms, because it is more sensitive for
slight improvements of the algorithms. Using this approach
a more profound insight into the performance is gained and
optimization potentials can be derived.However, to assess the
system’s performance on a clinical trial for numerous subjects
the “per patient” approach has to be used and a ROC analysis
[17] has to be performed.

The analysis of the calculation times shows that an image
is completely classified within an average time of 258ms.This
means an infection can be diagnosed directly after starting
the processing if it is present within the first images. On the
other hand if no infection is present or the infection is located
in the last images, it takes about 30 seconds (assuming that
100 images are scanned per sample) to receive the complete
results.

Minimizing calculation time has the main drawback that
complex segmentation and classification algorithms that are
computationally expensive cannot be implemented in this
context. The segmenting of elongated objects such as hyphae
could be performed, especially, by active contour models as
presented by Liu et al. [18]. The drawback of this iterative
method is that the segmentation time for an easy cone-like
object on an ideal image background is about one second
and up to about three seconds on a noisy background. For
elongated vessels that resemble fungal hyphae, calculation
time is stated to be about 13 to 141 seconds depending on the
iterations used and the desired segmentation quality. Inglis
and Gray also report expensive processing time for contour
segmentation for clustered hyphae [19]. These algorithms
provide very accurate outlines of the hyphae but are too slow
to be used in the context of clinical routine diagnosis. To
use these complex algorithms in future works, calculations
will have to be speeded up. Parallelization or using GPU
calculations might be a promising approach.

However, the less complex edge-detection approach for
segmentation used in this study has also been reported
to successfully detect hyphae or elongated structures in
images. Baum et al. describe a processing framework called
HyphArea that uses an edge-detection algorithm based on
the Sobel operator [20] to measure fungal growth in biotech-
nological applications. Kumar et al. report the successful use
of the Canny edge-detection filter to find vessel contours in
cross section images [21]. Our study also showed good seg-
mentation results; due to various inhomogeneities of image
quality and interfering objects, however, some structures are
separated into multiple objects.

In comparison to studies performed for measuring
biomass and characterizing growth processes of fungi in
fermentation processes, the processing schemes used are
similar to the approach presented here. Papagianni reviewed



8 Computational and Mathematical Methods in Medicine

commonly used approaches in biotechnology and summa-
rizes the outline of the image-processing steps as follows:
image enhancement, image segmentation, object detection,
binary image processing, measurements/calculations, and
data analysis [13]. This outline is also implemented in the
presented study.

The results of the reviewed studies showed very good
segmentation performance [10–12, 22, 23]. The most impor-
tant difference of clinical dermatological images used in our
study compared to biotechnology images is the increased
complexity and wide variability of structures. Biotechnology
approaches do not need to deal with false-positive structures,
unintended contaminations, and reduced perceptibility of
structures due to varying sample conditions, meaning that
segmentation results cannot be readily compared.

In general, the parameters of the preprocessing and
classification algorithms themselves need to be configured
very thoroughly. All processing steps rely on size and intensity
information of the images.They depend on themagnification
used, the numerical aperture of the objective, the illumination
unit, and the camera. Therefore, the values and thresholds
used in this study are valid only for the used experimental
imaging system and are shown as examples. Considering that
the morphology of fungal hyphae and false-positive objects
does not vary with changing imaging systems the presented
parameterization approach can generally be transferred. For
the classification, in contrast, it is unlikely that images from
other systems, taken under different conditions, can be evalu-
ated successfully without tuning the thresholds, unless image
resolution, magnification, image quality, and fluorescence
intensity are preserved. In this study, however, the algorithm
was exclusively developed for the presented imaging system
and no further assessment on the needed effort to transfer the
results to other imaging platforms was performed.

Furthermore, it has to be considered that the results
depend on the performance of the algorithms but can be
optimized by careful sample preparation. Reducing the incor-
poration of false-positive structures during transportation
and storage and trying to avoid air inclusions during staining
are important steps to increase specificity and to minimize
the time needed for diagnosis. To increase sensitivity, it is
useful to assure uniform sample thickness to avoid out-
of-focus structures in the images. This can be achieved by
ensuring an adequate time for themaceration and application
of the staining reagent and applying sufficient pressure to the
sample.

The benefits and drawbacks of supporting medical per-
sonnelwith computed “second opinions” have been discussed
in the field of radiology [24] since the early 1990s. Here,
the so-called computer-aided diagnosis (CAD) is nowadays
a common and widely accepted tool to improve the accuracy
and consistency of radiological diagnosis and also to reduce
the image reading time [25, 26]. Gurcan et al. report that the
approaches have also been transferred to pathological images,
an area inwhichCADalgorithms have begun to be developed
for disease detection, diagnosis, and prognosis prediction to
complement the opinion of the pathologist. Gurcan et al.
further describe the need for quantitative image-based assess-
ment to complement the educated but subjective opinion

of pathologists [27]. The approach presented in this study
follows these ideas and transfers the CAD methodologies to
the dermatological field of superficial fungal infections.

5. Conclusion

The presented method can speed up the process for the
diagnosis of fungal infections for dermatologists. It provides
standardized and reproducible results that help to increase
overall diagnostic quality in this field. To be applicable
in clinical routine, the microscope, probe preparation, and
software have to be combined into a commercially available
automated imaging system.
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With the development of medical technology, more and more parameters are produced to describe the human physiological
condition, forming high-dimensional clinical datasets. In clinical analysis, data are commonly utilized to establish mathematical
models and carry out classification. High-dimensional clinical data will increase the complexity of classification, which is often
utilized in themodels, and thus reduce efficiency.TheNiche Genetic Algorithm (NGA) is an excellent algorithm for dimensionality
reduction. However, in the conventional NGA, the niche distance parameter is set in advance, which prevents it from adjusting to
the environment. In this paper, an Improved Niche Genetic Algorithm (INGA) is introduced. It employs a self-adaptive niche-
culling operation in the construction of the niche environment to improve the population diversity and prevent local optimal
solutions. The INGA was verified in a stratification model for sepsis patients. The results show that, by applying INGA, the feature
dimensionality of datasets was reduced from 77 to 10 and that the model achieved an accuracy of 92% in predicting 28-day death
in sepsis patients, which is significantly higher than other methods.

1. Introduction

Clinical decision system is able to aid in diseases diagnosis
and predict the clinical outcomes in response to treatment
[1, 2]. For the diagnosis of sepsis, a number of scoring
systems have been proposed, such as the Acute Physiol-
ogy and Chronic Health Evaluation (APACHE), Sequential
Organ Failure Assessment (SOFA), and Clinical Pulmonary
Infection Score (CPIS) [1, 3]. They are challenged because
traditional markers of infection mislead and there is lack of
better evaluation methods for prognosis [1, 4–6]. To improve
the outcome of treatments, diagnostic models are needed to
accurately predict the development of sepsis as well as stratify
its severity [7].

However, the clinical data of sepsis involved in diagnostic
models are usually high dimensional. High-dimensional
datasets increase the complexity of classification and reduce
the effect of models [8]. Thus, before building models, it is
necessary to reduce the data dimension while retaining
essential information of the original data. Feature extraction

and feature selection are themainmethods in dimensionality
reduction [2, 9].

(A) Feature Extraction. Feature extraction transforms the
original feature space into a new one of lower dimension.
Algorithms like Principal Component Analysis (PCA), Mul-
tidimensional Scaling (MDS), and Independent Component
Analysis (ICA) are widely used for feature extraction. How-
ever, ICA and PCA are linear projection methods, and if
the feature vectors distribute along a nonlinear manifold in
a high-dimensional space, they might lead to classification
errors [10, 11]. Besides, MDS is sensitive to undersampling
datasets and has difficulty in dealing with defect data [12].
Furthermore, PCA, MDS, and ICA will generate new param-
eters after dimensionality reduction, and the significance of
the new parameters is not always interpretable.

(B) Feature Selection. Feature selection is a kind of process that
selects an optimal feature subset from the original features,
which retains sufficient information [13]. Currently, quite
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a lot of feature selection algorithms have been developed,
such as Genetic Algorithms (GAs), Support Vector Machines
(SVM) Wrapper, Sparse Generalized Partial Least Squares
Selection (PLS), and Particle Swarm Optimization (PSO)
[14–17]. Among them, GAs are popularly utilized. However,
in some multimodal optimization problems, GAs failed to
maintain multiple global or local optima [13]. Thus many
efforts have been made to improve the ability of GAs in
achieving multiple peak solutions, by adding scaling fitness
and adjusting fitness competence rule [18].

(a) GAs. Genetic Algorithms have been used to reduce the
numbers of features in datasets [19–21]. Genetic Algorithm
Pipe Network Optimization Model (GENOME) has been
applied to optimize the design of new looped irrigation water
distribution networks [22]. An online web-based feature
selection tool (DWFS) was developed according to the GA-
based wrapper paradigm [23]. However, when using GAs
[24–26], it is difficult to handle problems such as nonlinear,
singular, and multimodal ones. The key issue is that the
population is easily trapped in a limited number of solutions;
and premature solutions have no capability to obtain better
results [18].Therefore, theNicheGenetic Algorithms (NGAs)
are introduced to build a better environment to resolve the
problem.

(b) NGAs. The capability to locate multiple loci often permits
NGAs to be robust and effective in solving multimodal
optimization problems [27–29]. The Twin-space Crowding
Genetic Algorithm (TCGA) and Game-Theoretic Genetic
Algorithm (GTGA) are introduced in the literature [18, 30].
The reported work [31] showed that the Nondominated
Sorting Genetic Algorithm (NSGA) lacks elitism and needs
to specify the sharing parameter [32]. However, most niche
methods require prior knowledge such as the niche radius
or the distance threshold. Accordingly, the niche distance
is either set randomly or set as fixed value in advance.
These technologies are unable to adaptively obtain the niche
distance following evolution and prone to eliminate the
potentially excellent individuals [33, 34].

To address the problems, we proposed Improved NGA
(INGA) algorithm with embedded self-adaptive niche-
culling mechanism for dimensionality reduction. Since MDS
and PCA are the typical feature extraction algorithms while
GA and NGA are the typical feature selection algorithms,
we compared the dimension reduction results of them with
INGA to verify the validity of INGA in dimension reduction.
By applying INGA, the improvement in the accuracy rate
of sepsis diseases classification is noteworthy, while the data
dimension is reasonably reduced.

2. Method

The idea of NGA is applying the biological concept of a
niche to evolutionary computations. It shows a survival
environment with a prespecified distance parameter 𝐿. The
𝐿 of NGA is set in advance, only allowing a single excellent
individual in this distance. NGA has the following main
disadvantages.

(1) A fixed distance parameter affects the convergence
rate. If the value of 𝐿 is too large, there will be lots
of individuals within this distance and they need to
be culled. This will lower the convergence rate. In
contrast, if the value of 𝐿 is too small, there are no
sufficient individuals and this will lead to premature
convergence.

(2) Single individual will inhibit potential individuals.
Within the distance 𝐿, only one single excellent indi-
vidual is allowed and it will cause the elimination of
potentially excellent individuals and make the result
of the dimension reduction too large.

(3) The diversity of the subpopulations is insufficient.
Population diversity is closely related to subpopula-
tions scale, but the subpopulations scale of NGA is set
in advance and cannot be adjusted. It is difficult to find
an optimum scale of subpopulations. As a result, if the
subpopulations scale is too large, the diversity of the
population is easy to be destroyed; on the contrary,
the additional calculation of the algorithm will be
increased.

To address these problems, we developed Niche Elimination
Operation, as shown in the part (A). Afterwards, INGA is
constructed, as shown in part (B) (Figure 2).

(A) Niche Elimination Operation

(a) Self-Adaptive Survival Distance. The distance parameter
𝐿 is designed to be self-adaptive with the Euclidean distance
among individuals of each generation to avoid the conver-
gence problem caused by preset 𝐿:

𝐷 =
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− 𝑋
𝑗


= √

len
∑

𝑘=1

(𝑥
𝑖𝑘
− 𝑥
𝑗𝑘
)
2

,

𝑖, 𝑗 ∈ {1, 2, . . . ,𝑀} , 𝑖 ̸= 𝑗.

(1)

𝑋
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and 𝑋

𝑗
are two individuals of the current population,

which are made up of loci genetics.𝑀 is the number of indi-
viduals in the current population. len is the number of loci,
which is used to form and evaluate the lengths of individuals.
𝑥
𝑖𝑘
and 𝑥

𝑗𝑘
are the values of loci. The distance parameter 𝐿 is

calculated by

𝐿 = min {𝐷} . (2)

Because individuals of each generation are different and
the values of the distance parameter vary with generation,
a reasonable distance parameter will be obtained in the
evolutionary process of each generation to get a better niche
environment.

(b) Similarity Criterion. Allowing one single excellent indi-
vidual within 𝐿, this will cause the elimination of poten-
tially excellent individuals which may not be similar to the
retained excellent. So, within the distance parameter 𝐿, the
similarities of biallelic loci are used to judge the similarity of
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the individuals anddeterminewhether the individuals should
be retained.

The similarity of biallelic loci and average similarity
between two individuals are given by the following two
equations:
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represents the average similarity between the 𝑖th

individual and the others. When ‖𝑋
𝑖
− 𝑋
𝑗
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similarity between two individuals will be distinguished.
If the similarity is larger than the average similarity, the
individual that has a lower fitness will be given a penalty
function, as shown in the following equation. Otherwise, the
lower fitness individuals can be retained:

𝑓
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where 𝑓
𝑗
(𝑋) is the original fitness of the individual, 𝑓

𝑗
(𝑋) is

the new fitness, and 𝑃 is the penalty function (usually 10−30).
This method can reduce the elimination of individuals.

(c) Maintain Population Diversity. To maintain the diversity
of the population, the scale of the subpopulations should be
controlled. So (6) and (7) are designedwith amemory pool of
optimal individuals to limit the scale for the subpopulations
of each generation:
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where 𝑓(𝑡) represents the average fitness value of generation
𝑡, 𝑓
𝑖
(𝑡) represents the fitness of individual 𝑖 in generation 𝑡,

and 𝑀
(𝑡)

is the scale of the population in generation 𝑡. Thus,
the scale of subpopulations in generation 𝑡 + 1 is𝑀
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𝑀
(𝑡+1)

= 𝑀
(𝑡)

⋅ 𝑓 (𝑡) ⋅
𝑡

∑
𝑡

𝑖=1
𝑓 (𝑖)

. (7)

A memory pool of optimal individuals is designed to
exchange excellent evolutionary individuals. The operation
increases the possibility of obtaining more excellent individ-
uals, and to some extent, avoids the problem of premature
convergence during the evolutionary process of a single
population. The individuals of general 𝑡 + 1 are sorted by
fitness, and the formers𝑁 are put into the memory pool.

Through the result of 𝑀
(𝑡+1)

, the ability of maintaining
the population diversity, 𝑑(𝑝), is designed as in the following
two equations. The smaller the value of 𝑑(𝑃) is, the higher its
population diversity is:

𝑑 (𝑝) =
∑
𝑡

1
𝑑 (𝑃)𝑡

𝑡
, (8)

where 𝑑(𝑃)
𝑡
is the capability to maintain the population

diversity in generation 𝑡. And 𝑑(𝑃)
𝑡
is designed as follows:

𝑑 (𝑃)𝑡 =
1

𝑙 ⋅ 𝑀
(𝑡)

𝑙

∑

𝑗=1

max
{

{

{

𝑀(𝑡)

∑

𝑖=1

(1 − 𝑎
𝑖𝑗
) ,

𝑛

∑

𝑖=1

𝑎
𝑖𝑗

}

}

}

, (9)

where 𝑙 is the length of the individual encoding, 𝑀
(𝑡)

is the
scale of the population in generation 𝑡, and 𝑎

𝑖𝑗
is the 𝑗th loci

of the 𝑖th individual.

(B) Flowchart of INGA

Step 1 (calculate fitness). At first, 𝑀 initial individuals are
produced at random. Usually, it takes the reciprocal of the
sum of error square of the classifier test set data as fitness
function [33] in order to fully reflect the advantage of
controlling errors by combining INGA with classifier:

𝑓 (𝑋) =
1

∑
𝑛

𝑖=1
(�̂�
𝑖
− 𝑡
𝑖
)
2
, (10)

where �̂� is the predicted value of test set, 𝑡 is the true value
of test set, and 𝑛 is the sample number of test set. Individuals
are sorted by fitness in descending order, and the former 𝑁
individuals are remembered in the memory pool (𝑁 < 𝑀).

Step 2 (Niche EliminationOperation to produce excellent ini-
tial individuals). In this step, the excellent initial individuals
𝑀
(𝑡)

are produced, as shown in Figure 1.

(a) Self-Adaptive Survival. First, calculate the Euclidean
distance 𝐷 between 𝑋

𝑖
and 𝑋

𝑗
according to (1).

Second, calculate self-adaptive survival distance 𝐿

according to (2).
(b) Similarity Criterion. Judge the similarity of the indi-

viduals within the distance 𝐿 according to themethod
of allele contrast, so as to determine whether the
individual should be retained. When ‖𝑋

𝑖
− 𝑋
𝑗
‖ < 𝐿,

the similarity of biallelic loci and average similarity
between two individuals are compared. If they are not
similar, the individual of lower fitness needs not to be
eliminated. The similarity of biallelic loci SD(𝑋

𝑖
, 𝑋
𝑗
)

and average similarity MSD
𝑖
between two individuals

are given by (3) and (4). When SD(𝑋
𝑖
, 𝑋
𝑗
) > MSD

𝑖
,

then 𝑓
𝑗
(𝑋) is punished, using a penalty function

𝑓


𝑗
(𝑋) = 𝑓

𝑗
(𝑋) ∗ 𝑃 according to (5). If not, the

individual with lower fitness will be retained. On the
other hand, when ‖𝑋

𝑖
− 𝑋
𝑗
‖ > 𝐿, the individual with

lower fitness will be retained.
(c) Maintaining Population Diversity. According to (7),

the number of subpopulations 𝑀
(𝑡+1)

is calculated.
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(b) Similarity criterion

(a) Self-adaptive survival 
distance

Given a penalty function

Yes

(c) Maintaining population
diversity

No

NoYes

Yes No

Yes No

Niche Elimination Operation M(t)

(ii) Calculate self-adaptive survival distance L(i) Calculate D = ‖Xi − Xj‖

If ‖Xi − Xj‖ < L

If SD(Xi, Xj) > MSDi
Retain Xj

Retain Xj

f
j (X) = fj(X) ∗ P

Calculate M(t+1)

If M(t) > M(t+1)

Select the former M(t+1) If N+ M(t) > M(t+1)

Select the former M(t+1) of (N + M(t)) Select M(t+1) = N + M(t) + p
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(j ∈ i + 1, i + 2, . . . ,M)

Figure 1: Niche Elimination Operation.

Output the optimal parameter reduction

Yes

Step 3: crossover and mutation

Step 4: Niche Elimination Operation

Sort by fitness in descending order

First: sort by fitness in descending order

Step 5: judging the convergence
condition 

Step 1: calculate fitness
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Second: remember the former N

First: sort by fitness in descending order Second: remember the former N

Step 2: Niche Elimination Operation → produce excellent initial individuals M(t)

t ← 1

t + 1
Generate
t ← 

Figure 2: Flowchart of INGA.
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Individuals are sorted by fitness in descending order,
if the scale of the existing subpopulation𝑀(𝑡) is larger
than𝑀(𝑡+1), select the individuals𝑀

(𝑡+1)
; otherwise,

𝑁 individuals are merged in the memory pool with
the existing subpopulations and sorted by fitness in
descending order; when 𝑁 +𝑀

(𝑡)
> 𝑀

(𝑡+1)
, the

former individuals 𝑀
(𝑡+1)

of (𝑁 +𝑀
(𝑡)
) are selected;

when𝑁 +𝑀
(𝑡)

< 𝑀
(𝑡+1)

, 𝑃 individuals will be gener-
ated randomly; individuals𝑀

(𝑡+1)
are selected, on the

condition that 𝑀
(𝑡+1)

= 𝑁 + 𝑀
(𝑡)

+ 𝑝. Through
this method, the initial population will have a higher
average fitness and will be conducive to the evolution
of population towards the solution of the problem.

Step 3 (self-adaptive crossover and mutation operation).
Considering the probability of crossover and mutation, it is
too small to escape frommaking the system fall into the local
optimal solution, and if it is too large, it can escape from the
local optimal solution but is prone to instability and con-
vergence because the count of crossover and mutation is so
frequent. In order to improve this shortcoming, the equations
of self-adaptive crossover (𝑃

𝑐
) and mutation probability (𝑃

𝑚
)

are used [35, 36]:

𝑃
𝑐
=

{{

{{

{

𝑃
𝑐1
−

𝑃
𝑐1
− 𝑃
𝑐2

𝑓max − 𝑓avg
(𝑓

− 𝑓avg) 𝑓


≥ 𝑓avg

𝑃
𝑐1

𝑓

< 𝑓avg,

(11)

𝑃
𝑚
=

{{

{{

{

𝑃
𝑚1

−
𝑃
𝑚1

− 𝑃
𝑚2

𝑓max − 𝑓avg
(𝑓 − 𝑓avg) 𝑓 ≥ 𝑓avg

𝑃
𝑚1

𝑓 < 𝑓avg.

(12)

𝑓max is the maximum fitness value; 𝑓avg is the average fitness
value of each population; 𝑓 is the larger fitness value of
the two individuals crossing; and 𝑓 is the fitness value
of individuals of mutation. 𝑃

𝑐1
, 𝑃
𝑐2

are, respectively, the
crossover probability value of two individuals; 𝑃

𝑚1
and 𝑃

𝑚2

are the mutation probability values of two individuals.

Step 4 (Niche EliminationOperation). After the self-adaptive
crossover and mutation operation, put the new individual
into the Niche Elimination Operation again to obtain the
optimal individual, as shown in Figure 1.

Step 5 (judging the termination condition). If it does not
meet the termination condition, then update the counter 𝑡
as 𝑡 + 1 and make the population in Step 4 be the new next
generation population, and then go to Step 2. If the termina-
tion condition is satisfied, output the optimal dimensionality
reduction parameters selected.

3. Dataset Description

Experiments are conducted on a sepsis dataset, for which data
are gathered fromZhejiangHospital.The goal of the classifier
was to determine, based upon the test results provided,
whether a patient should be diagnosed as 28-day death [37].
The number of samples in the two classes was balanced. The
training set contained 124 negative (28-day death) cases and

173 positive cases. Likewise, the testing set consisted of 77
negative samples and 123 positive ones. Data are organized
in a table with 77 columns for attributes of patients and 497
rows for specific samples. There are missing values in this
table because some questions have not been answered, so we
replaced them with 0. There is not any correlation among
attributes, and this creates an orthogonal space for using
Euclidean distance. All samples include the same number of
attributes [13].

4. Experimental Setup

This work used the PCA, MDS, NGA, and INGA to reduce
the dimensionality of the dataset, and the selected algorithms
were also combined with three classic classifiers, Random
Forest (RF), Support VectorMachine (SVM), and Back Prop-
agation (BP). The experimental setup is as follows.

Set the Initial Population Scale.The literature [37, 38] suggests
that an optimal initial population should number from 20
to 100; the present work takes 90 as the initial population
𝑀, considering the computation time and the range of the
search.The stored individuals𝑁 in Niche Genetic Algorithm
are usually selected as one-thirds of population scale. The
probability of crossover is determined by (11), and the
mutation probability is determined by (12).

Set the Encoding. The data are organized in a table with 77
columns for attributes of patients and each bit is assigned
to one feature; thus the encoding length is designed as 77.
If the 𝑖th bit equals 1, then the 𝑖th feature is involved in
classification; otherwise, the corresponding feature is not
involved, as shown in Figure 3.

Set the Convergence Condition. The evolutional generation is
set to 100 according to the previously publishedworks [13, 37].
The fitness function is the reciprocal of the sum of the predic-
tion error square of themodel. Convergence is achievedwhen
the largest and least fitness values are equivalent. This paper
adopts the maximum evolutional generation and conver-
gence degree of the population to construct the condition of
algorithm convergence: end the calculation when it can meet
one of the two conditions; namely, the evolutional generation
reaches the preset values or population convergence appears
[36].

Set the Experiment Running Time.The experiment used 𝑘-fold
cross-validation, 80% of the samples were randomly selected
as the training set, and the rest were used as the test set. The
experiment was repeated 100 times [39].

5. Result

Theclinicalmanifestation of the sepsis disease is complicated,
and it is difficult to accurately determine the 28-daymortality.
This study applies the improved self-adaptive Niche Genetic
Algorithm to the diagnosis process of septic 28-day mor-
tality, using dimensionality reduction to obtain the optimal
feature parameters and improve the diagnostic precision.
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The encoding

1 The first feature is involved in classification

0 The second feature is not involved in
classification

1 0

77

· · · · · · · · · · · · · · ·

...

Figure 3: The relationship between encoding and features.

Table 1: 𝑑(𝑃): the ability to maintain population diversity. 𝑑(𝑃) was
run for 20, 50, and 100 generations, respectively, in GA, NGA, and
INGA.

Generation GA NGA INGA
20 0.5635 0.5213 0.4812
50 0.6271 0.5748 0.5248
100 0.6963 0.6147 0.5629

Here, premature state, population distribution, accuracy of
classification, and robustness have been used to measure the
quality of the algorithms.

(A) Premature State. Avoiding premature state is a standard
of the algorithms; premature means that the performance is
as follows: (a) the population diversity is reduced, (b) the
convergence ability is low, and (c) the convergence rate is
low. Thus, we used these factors to measure whether the
algorithms were premature or not.

(a) Population Diversity. The Schaffer function, presented as
(13), is used to generate data, and the results of population
diversity, with 𝑑(𝑃) calculated with (9), are shown in Table 1:

𝑓 (𝑥
1
, 𝑥
2
) = 0.5 −

sin2√𝑥
2

1
+ 𝑥
2

2
− 0.5

(1 + 0.001 (𝑥
2

1
+ 𝑥
2

2
))
2
,

− 100 ≤ 𝑥
𝑖
≤ 100 (𝑖 = 1, 2) .

(13)

We can see from Table 1 that the value of 𝑑(𝑃) of INGA is
smaller than that of GA and NGA under the condition of the
same evolution generations, demonstrating the advantages of
INGA in maintaining the population diversity.

(b) Convergence Ability. Convergence abilitymeans the ability
to obtain global optimal values when algorithm stops. We
know from the properties of the Schaffer function that the
global maximum is 1 and that two local maxima near the
maximum value are 0.99028 and 0.96278. If the maximum
value was larger than 0.999, we can judge the convergence
appearance, and the global solution is obtained. When local
maxima values are obtained, we can judge that there is no
convergence, as only the local solution is obtained.Thus, GA,
NGA, and INGA are used to obtain the maximum value of
the Schaffer function, as shown in Table 2.

GA
NGA
INGA
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0.85

0.9
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1
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s

0 40 60 80 10020
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Figure 4: Convergence curves.

From the data in Table 2, we can see that, in the 10
independent experiments, it is easier for GA and NGA to
fall into two local maxima. There are 10 times for INGA to
search the global optimal value, there are 7 times for NGA to
search the global optimal solution, and GA only has 4 times,
which means that there is a certain gap between the ability of
these two algorithms to search for the global optimal solution
compared with INGA.

(c) Convergence Rate. The comparison of convergence curves
among GA, NGA, and INGA is shown in Figure 4. We can
see from Figure 4 that INGA has the fastest convergence
rate. It has converged to the average fitness by the 20th
generation. The remaining two algorithms converged to the
average fitness by the 42th and 67th generations, respectively.

(B) Population Distribution. In Section 2, self-adaptive sur-
vival distance is used to set up the distance of NGA, and cri-
terion similarity is used to determine whether the individual
is retained or not. Both of them constitute the population
distribution. So the figure of population distribution is built
to assess the effect of the self-adaptive survival distance and
criterion similarity methods.
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Table 2: Convergence of the Schaffer function.

Execution count GA NGA INGA
Optimal value Whether converges Optimal value Whether converges Optimal value Whether converges

1 0.9903 N 0.9903 N 0.9995 Y
2 0.9632 N 0.9998 Y 1 Y
3 1 Y 1 Y 0.9998 Y
4 0.9619 N 0.9625 N 1 Y
5 0.9991 Y 0.9991 Y 0.9995 Y
6 0.9631 N 0.9995 Y 1 Y
7 0.9631 N 1 Y 0.9998 Y
8 0.9992 Y 0.9628 N 1 Y
9 0.9617 N 0.9982 Y 1 Y
10 0.9996 Y 1 Y 0.9998 Y
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Figure 5: Individuals’ distribution, where the 𝑥-axis represents the fitness of the individuals and the 𝑦- and 𝑧-axes represent the Euclidean
distance between the individuals.

Table 3: The number of feature parameters after dimensionality
reduction.

PCA MDS NGA INGA
BP 17 ± 2 27 ± 3 21 ± 3 15 ± 2
SVM 2 ± 10 26 ± 4 20 ± 4 16 ± 3
RF 21 ± 4 22 ± 3 23 ± 3 10 ± 2

Figure 5 is the population distribution within the niche
distance. It shows that the final population obtained by
INGA can be more uniformly distributed; thus self-adaptive
survival distance and similarity criterion designed in this
paper is adaptive.

(C) Dimensionality Reduction and Classification. To assess the
performance of dimensionality reduction, PCA, MDS, NGA,
and INGAwere embedded in the BP, SVM, and RF classifiers
to carry out the classification diagnosis. The accuracy of
classification and ROC curve diagram are shown as follows.

(a) Accuracy of Classification. The number of feature subsets
before and after dimensionality reduction is shown inTable 3.

It is shown that INGA has better control over the number of
feature subsets than other dimensionality reductionmethods,
as a smaller number of feature subsets were obtained by
INGA. However, considering the number of feature subsets
alone is not enough, as the classification accuracy should
be combined. The classification accuracies before and after
dimensionality reduction are shown in Figure 6. It is noticed
that the accuracy increased obviously after the dimensionality
reduction; the highest accuracy was obtained by RF-INGA.

(b) The ROC Curves. The receiver operating characteristic
(ROC) curve and area under the curve (AUC) are shown in
Figures 7 and 8.

FromFigures 7 and 8, we can see that INGAyields a better
result and that the covered areas of ROC offer an obvious
improvement compared with PCA, MDS, and NGA. At the
same time, the highest AUC was obtained by the RF classifier
after INGA dimensionality reduction.

(D) Robustness. The robustness of the algorithm was tested
by introducing random noise in the data. The k-fold cross-
validation method was used to compare the effects of noise.
5% of the samples, selected randomly from the training
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Figure 6: Classification accuracy (%). (a) is the result before dimensionality reduction and (b)–(e) are the result after dimensionality
reduction.
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Figure 7: ROC curves. Classification using BP, SVM, and RF based
on the INGA dimension reduction algorithm.

set, and their labels are changed, used as noise samples.
The operation was repeated 100 times, and the average value
was taken to compare the classification accuracy.

From Figure 9, we can see that noise poses a significant
effect on the dimensionality reduction methods of PCA and
MDS. In comparison with Figure 6, the accuracy of the three
classifiers decreased by 18% to 35%; on the contrary, INGA
is less affected by the noisy conditions, and the accuracy of
the three classifiers with INGA only decreased by 3% to 13%.
The robustness of the INGA algorithm is strengthened, and
its antinoise ability is the best, especially when it is combined
with RF.

6. Discussion

The integrated feature selection algorithms and classification
accuracy were valid on clinical sepsis data. INGA exhibited
advantages in feature selection over other approaches, and,
moreover, INGA-RF obtained classification accuracy higher
than 90% in identifying the death of sepsis patients, showing
the best performance of all of the techniques and using only
10 features.
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Figure 8: Area under the curve (AUC) of the algorithm.

The present work has proposed an improved INGA
algorithm to resolve the premature state in traditionalGAand
NGA, which are characterized as having reduced population
diversity, weak convergence ability, and low convergence rate.
As shown in Table 1, regarding 𝑑(𝑃), a measure of population
diversity, INGA has the smallest value of 0.5629 as compared
with GA and NGA. As shown in Table 2, for 10 independent
experiments, INGA achieved the global optimum in all
experiments, while NGA and GA succeeded in only 7 and
4 experiments, respectively. Figure 4 shows the convergence
rate estimated by the generations of convergence. INGA had
the fastest convergence rate with 20 generations, while 42 and
67 generations were required for GA and NGA, respectively.
These findings suggest that INGA is superior overall to the
other methods.

The dominating performance of INGA in avoiding pre-
mature convergence is owed to the following improvements
in the work: (i) the introduction of the self-adaptive survival
distance: differing from the conventional methods, the sur-
vival distance is automatically adjusted in the evolutionary
process of each generation; this ensures reasonable distance
parameters and leads to an adaptive niche environment;
this approach can obtain more reasonable individuals with
excellent global optimization ability and high convergence

speed; (ii) the application of a similarity criterion that retains
more reasonable individuals: the similarity of biallelic loci
was used to decide whether the individuals in the neighbor-
hood should be retained; this approach can harvest more
reasonable individuals, increasing the possibility of finding
the global optimal solution; and (iii) the use of a memory
pool for optimal individuals: a pool was designed to reserve
and exchange excellent evolutionary individuals for each
generation; this maintains the diversity of the population and
increases the quantity of excellent individuals; to some extent,
it also avoids the problem of premature convergence during
the evolutionary process of a single population.

The testing results on clinical sepsis cases show that,
combined with INGA, three types of classifiers achieved
the accuracies in predicting 28-day death of 92% (RF), 78%
(SVM), and 77% (BP), respectively. In contrast, the highest
accuracy of the classifiers employing NGA, PCA, andMDS is
only 70%. This suggests that INGA is effective in improving
the performance of classifiers for complex clinical datasets.

However, it is worth pointing out that the present work
has some limitations. First, the validity of INGA was only
tested in sepsis patients. Although the algorithm is generally
functional, it is necessary to investigate the effectiveness of
INGA on further datasets. Second, the coherence between
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Figure 9: Robustness (%) of the algorithm.

INGA and the classifiers remains unclear. Our work revealed
that the RFmethod with embedded INGA is mostly satisfied.
One question that may arise is how to figure out the optimum
combination of the dimension reduction algorithm and
classifier.This question is out of the scope of the current work,
which is focused on the dimension reduction. However, it
should be clarified in a further study.

7. Conclusion

This paper proposed an improved algorithm for feature
reduction in high-dimensional data. The methods were
imbedded in classifiers to predict the prognosis of sepsis
patients based on complex clinical datasets. The results
indicate that the improved NGA, INGA, is most effective in
reducing the number of attributes and enhancing the conver-
gence speed compared to other commonly used algorithms,
such as PCA, MDS, and NGA. Moreover, INGA associated
with RF to achieve the highest accuracy in assessing the
severity of sepsis. This suggests that INGA has the potential
for complex data processing, particularly for medical pattern
recognition.
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The generation of auditory-evoked steady-state responses (SSRs) is associated with the linear superposition of transient auditory-
evoked potentials (AEPs) that cannot be directly observed. A straightforward way to justify the superposition hypothesis is the use
of synthesized SSRs by a transient AEP under a predefined condition based on the forward process of this hypothesis. However,
little is known about the inverse relation between the transient AEP and its synthetic SSR, which makes the interpretation of
the latter less convincible because it may not necessarily underlie the true solution. In this study, we chose two pairs of AEPs
from the conventional and deconvolution paradigms, which represent the homo-AEPs from a homogenous group and the hetero-
AEPs from two heterogeneous groups. Both pairs of AEPs were used as templates to synthesize SSRs at rates of 20–120Hz. The
peak-peak amplitudes and the differences between the paired waves were measured. Although amplitude enhancement occurred
at ∼40Hz, comparisons between the available waves demonstrated that the relative differences of the synthetic SSRs could be
dramatically larger at other rates. Moreover, two virtually identical SSRs may come from clearly different AEPs. These results
suggested inconsistent relationships between the AEPs and their corresponding SSRs over the tested rates.

1. Introduction

An auditory-evoked steady-state response (SSR) is an evoked
potential in response to a periodically sound stimulus. The
sound can be of a short impulse, like a click, or a sustained
sound, like an amplitude-modulated tone [1]. The auditory
SSR is a periodical signal that reflects electrophysiological
activity in the auditory nerve system following the driven
stimulation [1]. Given that the SSR reflects the response to
a regularly changing stimulus, it differs conceptually with the
transient auditory-evoked potential (AEP) in which an AEP
is supposed to characterize electrophysiological activity in
response to a change in the stimulus, for example, its onset
or offset [2].

The specific SSR analyzed in this study consists of the
periodical superposition of early auditory brainstem response
(ABR) and a subsequent middle-latency response (MLR)
lasting less than 70ms. Their featured components, such as

wave-V, Na, Pa, Nb, and Pb, are normally characterized by
their amplitudes and latencies. According to superposition
theory, these components will overlap as the stimulus rate
increases and lead to a periodic response or SSR [2, 3].
The amplitude of the resultant SSR can be attenuated or
enhanced in agreement with the phase relationship of the
waves dependent on the stimulus rate.Therefore, the SSR can
be completely predicted at any rate if the underlying transient
AEPs are available.

The amplitude of auditory SSRs varies remarkably with
respect to the change in stimulus rate and reaches the maxi-
mum at approximately 40Hz [1, 3, 4]. This phenomenon has
been largely ascribed to the in-phase summation or overlap
of the featured components at that rate [3, 5]. However,
this superposition hypothesis is frequently challenged by
experiments that found inconsistencies from the predicted
SSRs [4, 6]. For example, Azzena et al. [4] reported that
the SSRs predicated by conventional ABRs/MLRs at a low
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stimulus rate are evidently incongruous. The animal model
with intracranial recordings exhibited that the synthetic SSRs
by AEPs at 3.33Hz not only overestimated the recorded SSRs,
but also showed different variations with increasing stimulus
rate [7].

The disagreement of AEP superposition is probably
related to the variation in AEP with the stimulus rate [8–10].
Therefore, estimating the individual transient AEP from the
overlapped SSRs becomes demanding. As the superposition
can be modeled by a convolution process between the
underlying AEP and the impulse sequence presenting the
onset of the stimulus sound, a number of deconvolution
methods have been developed so far to unwrap the SSRs [11–
16]. Among these methods, Özdamar et al. [9, 12] proposed
a continuous loop averaging deconvolution (CLAD) method
and reported the appearance of Pb resonance at 40Hz. Using
transient responses at a high stimulus repetition rate, the SSR
prediction can be greatly improved [5, 17–20].

However, other studies have also been reported to chal-
lenge the convolution model for the SSR or frequency
following response (FFR) [21–23] using specifically designed
experiments. For example, Bidelman [23] recently reported
the inconsistency in predicting the brainstem FFR elicited
by a click at high rates of 100–500Hz and claimed the
functional distinction between the responses of the brainstem
FFR and conventional ABR elicited by a click at a stimulus
rate of 20Hz. In addition, using the neuromagnetic response
and the stimulation of a two-tone complex modulated by
sweeping frequency envelope, Miyazaki et al. [24] associated
the perceptual qualities with the critical stimulus rates. They
suggested that the evolvement of the transient to steady-state
responses has an important perceptual implication of speech.
Thus, multiple cortical processes are needed to deal with
acoustic events at different time scales. Indeed, experiments
conducted by the functional magnetic resonance imaging
showed separate auditory cortical representations responding
to different stimulus rates [25, 26]. Furthermore, studies from
the microscopic level of neuronal activity suggested different
mechanisms underlying neural activities responding to the
attributes of stimulation, which showed a strong nonlinear
phenomenon for the auditory neural system [27].

These findings indicate that invariant transient responses
to the isolated stimulus event cannot explain the SSR charac-
teristics at various rates or conditions. The establishment of
SSR involves the transition of template variations correspond-
ing to different stimulation paradigms. A number of studies
managed to estimate transient AEPs that accommodate
conditions used in SSR recordings to make the predicted
SSR convincible (e.g., [5, 6]). The inconsistent prediction
was claimed to be a failure of the superposition model.
Although dramatic variation of the SSRs with stimulus rates
was reported, it is still unclear about the rate-effect on the
relation between SSRs and their transient templates. Since it is
impossible to obtain the true transient response, a simulation
of the forward process will be beneficial in understanding
the suitability of superposition model. This study aims at
investigating how the morphological difference between
transient AEPs affects the corresponding synthesized SSRs
when the prediction method is used to compare SSRs.
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Figure 1: Theoretical diagram illustrating the generation of an SSR
under superposition hypothesis.The stimulus sequence ℎ(𝑡) consists
of a series of impulses (digital “1”) spaced at 𝑇, indicating the onset
of a stimulus.The hypothetical respones 𝑥(𝑡 − 𝑘𝑇), 𝑘 = 1, 2, . . ., with
different lag in response to the stimuli are superposed to generate
the SSR 𝑦(𝑡).

We attempted to determine how large the discrepancy is
between the difference of SSRs and that of source transient
AEPs.We deliberately selected two pairs of AEPs as templates
to synthesize SSRs for comparison.The synthesized SSRs and
their paired difference waves were compared to exemplify the
characteristics of the waves with respect to the stimulus rate.

2. Method

2.1. Linear Superposition Model. According to the superposi-
tion theory,we canmodel the generation of the SSRby a linear
convolution process, in which the SSR, denoted by 𝑦(𝑡), is
the convolution result between the underlying transient AEP,
denoted by 𝑥(𝑡), and the stimulus sequence, denoted by ℎ(𝑡)
[15, 28]; that is,

𝑦 (𝑡) = 𝑥 (𝑡) ⊗ ℎ (𝑡) + 𝑛 (𝑡) , (1)

where ⊗ denotes the circular convolution operator and 𝑛(𝑡)
represents the additive noise. The stimulus-sequence ℎ(𝑡) is a
binary {1, 0} train representing the onset of a stimulus with
“1” and “0” if otherwise. The interval between “1” represents
the inter-stimulus-interval (ISI). If all ISIs are constant in a
sequence, a periodical SSR corresponding to that rate will be
generated (Figure 1). The model can explain the amplitude
enhancement of the SSR at a stimulus rate, particularly at
40Hz [29], because the interval between the major ABR-
V and MLR-Pa is approximately 25ms. However, using the
transient AEP obtained at conventional low rates does not
do justice to the validation of the superposition hypothesis,
because the influence of the stimulus rate, for instance, the
adaption effects on AEPs, fails to be considered [4, 22].

2.2. Introduction to CLAD and MSAD Paradigms. Unfortu-
nately, no mathematical solution is available for the source
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AEP 𝑥(𝑡) under constant ISI conditions [12, 13], unless ISI is
adequately large without overlapping. If the SSR is generated
by the AEP superposition as formulated in (1), a number of
deconvolution methods are available to derive the transient
AEPs by the specific sequence design [11–16]. Among these
methods, we focused on the following two closely related ones
using different sequencing strategies.TheCLADmethod uses
jittered sequences to make the solution of (1) possible. This
method can be implemented in the frequency domain via
Fourier transform on each of the terms (1):

𝑌 (𝑓) = 𝐻 (𝑓)𝑋 (𝑓) + 𝑁 (𝑓) . (2)

The CLAD method can estimate the transient AEP 𝑥(𝑡) at
any stimulus rate provided that the stimulus sequence and
signal-to-noise ratio are viable. This estimation ignores the
jitter effect and yields a kind of averaged response to all
stimuli. By contrast, another method, the multirate steady-
state averaging deconvolution (MSAD), employs cardinal
SSRs at different rates and constitutes a linear transform
matrix H based on the ISIs at corresponding rates; thus,
the convolution model is rewritten by an equivalent linear
transform as [15]

y = H𝑥 + n. (3)

The two deconvolution methods are methodologically
equivalent. However, theMSADmethod uses a different jitter
arrangement for the stimulus sequence. A block/session-
based ISI variation/jitter for the MSAD is adopted, instead of
a real-time jitter in the stimulus sequence like in the CLAD,
to make the solution of (3) possible [15].

2.3. Transient AEP Template Generation and Synthetic
Hypothesis. In the current study on the comparison of AEPs
for the deconvolutionmethods, pilot datawere obtained from
20 participants (22 to 26 years, 5 females) in the CLAD
and MSAD paradigms at a mean stimulus rate of 40Hz.
By contrast, conventional AEPs of 5Hz were also obtained.
The experiment was in accordance with an IRB-approved
protocol. The stimulus sequence of the CLAD paradigm was
obtained in the literature [9] that contains eight clicks with
different ISIs from 16 to 36.8ms in a stimulus sweep. Eight
rates from27 to 62.5Hz of a single cycle of SSRswere obtained
for the MSAD paradigm. The recording setting and data
processing procedure can be found in detail as described in
[9, 12, 30].

If the linear superposition hypothesis is valid, the models
of (2) and (3) should be equivalent to the resembling solu-
tions. However, morphological differences among AEPs are
clearly identified for different paradigms. The physiological
cause for this phenomenon may be associated with different
adaptations of neuronal systems, because the jitter distribu-
tion has been found to affect the neural response by fast and
slow mechanisms of adaptation [31]. In the present study, we
intentionally selected two pairs of AEP from these data as
templates to investigate their contributions to the synthetic
SSRs, regardless of the physiological mechanism for these
paradigms.

For the first AEP pair, we arbitrarily dichotomized 20
individual data sets of the conventional paradigm to yield
two averaged AEPs, that is, AEP

1
and AEP

2
, in Figure 2(a).

Therefore, this AEP pair, referred to as homo-AEPs, was
sampled from the same recording condition with resembling
morphology (Figure 2(a)). Their difference wave exhibited
a low amplitude and a random pattern (second row in
Figure 2(a)). We statistically analyzed the significant differ-
ence at every sampling point along the whole time course
and thenmeasured themorphological difference in terms of a
significant percentage, which is defined as the ratio of the total
number of sampling points with significant difference over
all points of the whole wave. Through this measurement, we
found almost no significant difference along the time course,
except for aminor piece highlighted in bold (Figure 2(a), two-
tailed t-test, 𝑝 < 0.05). The significant percentage was only
2% over the entire time course.

The second AEP pair was separately selected as a pair
of hetero-AEPs from the averages in the CLAD and MSAD
paradigms, that is, AEP

3
from the CLAD and AEP

4
from the

MSAD (Figure 2(b)), which exhibited a large morphological
difference (second row, Figure 2(b)). The sampling points
with significant difference (highlighted in bold) covered as
large as 64% (paired two-tailed t-test, 𝑝 < 0.05). The peak-
peak amplitudes for these AEP templates and corresponding
difference waves served as a reference when dealing with
the SSRs in the following comparisons. The SSRs at various
stimulus rates were then synthesized by the selected AEPs
for homo- and heteroconditions. The differences among the
synthetic SSRs were also analyzed.

3. Results

3.1. Comparisons of the SSR Amplitudes. Based on the two
pairs of AEP templates, we then synthesized the SSRs at
stimulus rates of 20–120Hz with an increment of 2Hz. In
relation to the rates, the peak-peak amplitudes of SSRs are
shown in Figure 3. All the SSR amplitudes demonstrated a
similar profile: a striking peak at ∼40Hz and fluctuations
over the other rates. Although amplitude enhancements were
observed at certain rates, such as at ∼55 and ∼115Hz in
Figure 3(a), the corresponding peak-peak amplitudes were
similar to the corresponding reference levels (horizontal
lines), indicating that the SSRs clearly surpassed the AEPs
only at a range of rates around 40Hz.

The amplitude of the homo-SSR pair (Figure 3(a)) exhib-
ited approaching (e.g., in 50–70Hz) and parted (e.g., in
20–35 and 110–120Hz) inclinations. By contrast, hetero-
SSRs exhibited a relatively close amplitude for most rates
(Figure 3(b)), even though the original AEPs differed greatly
(see Figure 2(b)). These results suggested that synthetic SSRs
may exhibit an approaching or parted amplitude at different
rates and under different conditions.

3.2. Comparisons of the SSR Differences. In line with the dif-
ference waves of AEPs, we could produce the SSR-difference
(diff-SSR) waves between SSRs in both conditions.The peak-
peak amplitudes of the diff-SSRs over all rates are shown in
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Figure 2: Two pairs of transient AEP templates and corresponding peak-peak amplitudes. (a) AEP
1
and AEP

2
for homocondition and their

difference waves. (b) AEP
3
, derived from the CLAD, and AEP

4
, derived from the MSAD, for hetero-AEPs and their difference waves. The

heightened portions on the difference waves indicate the statistical significance along the whole time course over all individuals. All the
labeled peak-peak amplitudes were used as references in the SSR comparisons mentioned in Section 3.
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Figure 3: Amplitudes of SSRs as a function of stimulus rates. (a) Amplitudes of SSR
1
and SSR

2
for homocondition. (b) Amplitudes of SSR

3

and SSR
4
for heterocondition. The blue horizontal line represents the peak-peak amplitude of AEP

1
in (a) and that of AEP

3
in (b). The green

line represents the peak-peak amplitude of AEP
2
in (a) and that of AEP

4
in (b).
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Figure 4: Absolute differences of the SSRs (blue “-I” traces) and significant percentages (green vertical lines) over the stimulus rates under
(a) homo- and (b) heteroconditions. The blue horizontal lines indicate the peak-peak amplitude of original AEP differences in Figure 2, and
the green ones indicate the significant percentages of original AEP difference waves.

Figure 4 (blue “-I” traces), which exhibited relatively even
fluctuation over all the available rates without dominating
extremes. The diff-SSR amplitudes in the homocondition
basically fluctuated across the reference (blue dotted line
in Figure 4(a)), whereas the amplitudes of the hetero-diff-
SSRs were all lower than their reference (blue dotted line
in Figure 4(b)). In addition, a regular oscillation pattern
appeared in the amplitude trace for heterocondition.

For diff-SSR waves, the significant percentage as defined
in Section 2.3 was also calculated as an index reflecting
the largeness of the statistical difference of an SSR pair.
The percentages of significant differences were presented in
the same coordinates with diff-SSRs (green vertical lines
in Figure 4). These values largely fluctuated over the rates
for both conditions. Specifically, the percentages of 0 to
more than 15% for homocondition, and the percentages of
∼20% to ∼60% for heterocondition, all demonstrated an
unpredictable phenomenon over the testing rates. However,
they presented a minor positive correlation with the diff-
SSRs in both conditions (𝑟 = 0.31 for homoconditions
and 𝑟 = 0.27 for heteroconditions, 𝑝 < 0.05), suggesting
that the larger the SSR difference is, the more likely the
differences were significant. Although the absolute peak-peak
amplitudes of SSRs under the heterocondition were generally
smaller compared with that under the homocondition (see
Figure 3), their differences were still generally larger because
of the large differences between the original AEP

3
and AEP

4
.

Given that the peak-peak amplitudes for SSRs and diff-
SSRs behaved differently over the stimulus rates, the relative
difference in terms of the ratio between the amplitudes of diff-
SSRs and SSRs (defined as theminimumone of a pair of SSRs)
is presented in Figure 5. Basically, these values converged to
the minimum at ∼40Hz with a few samples less than the
original AEP references (horizontal dotted lines in Figure 5).

Other samples beyond ∼60Hz fluctuated dramatically with a
number of samples as large as more than 100% even for the
homocondition (Figure 5(a)), which indicated that the diff-
SSRs were even larger than the SSRs. The relative difference
for hetero-SSRs shared a similar pattern to even larger ratios
(Figure 5(b)). As such, one must be cautious in interpreting
the similarity relation between SSRs and the original AEPs.
These simulation results implied that the identity of the
underlying AEPs could hardly be predicted stably from the
resemblance of SSRs at certain rates, except for some rates
close to the enhanced range (e.g., ∼40Hz) in which the least
relative differences occurred.

Based on these results, the SSRs and the diff-SSRs
exhibited diverse features at different stimulus rates. Three
representative stimulus rates (40, 74, and 96Hz)were selected
to compare the SSR waves with the diff-SSRs for the homo-
condition (Figure 6). The largest SSRs at 40Hz (Figure 6(a))
were visually close in morphology, and a relatively moderate
diff-SSR showed that the most remarkable difference did not
occur on the peaks or troughs, which were the pivotal por-
tions of SSRs in applications.Thewaves at 74Hz (Figure 6(b))
demonstrated a relatively larger diff-SSR for two moderate
SSRs, and the largest difference appeared at the pivotal peaks
and troughs. Figure 4(a) illustrates that the percentage of
significant difference was also relatively large (∼10%). The
waves at 96Hz (Figure 6(c)) demonstrated that two synthetic
SSRs resembled each other very well and were relatively low
in amplitude. This case indicated the possibility that the
difference of synthetic SSRs could be virtually neglected and
even synthesized from the clearly different AEPs.

3.3. Simulation of Identical SSRs from Different AEPs. To
illustrate the possibility for virtually identical SSRs to be syn-
thesized by clearly different AEPs, we deliberately designed
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Figure 5: Relative differences of SSRs as a function of the stimulus rates for (a) homo- and (b) heteroconditions. The horizontal dotted lines
indicate the relative differences of original AEPs. Two representative rates, that is, 40 and 70Hz (filled circles in red), are selected for further
analysis in Section 3.4.

two artificial AEP templates (first row in Figure 7). The two
templates were generated by a superposition of a number of
spline functions to simulate typical AEP waves. The shapes
of both templates were identical, except for a clearly different
latency on the last positive component (corresponding to
Pb in a typical AEP wave). When synthesizing the SSRs at
a rate of 64Hz (second row), they were virtually identical
by visual inspection. The SSRs were all in positive polarity,
with the waves all above the baseline. We checked the super-
posing process of the AEP templates for the coincidence’s
mechanism (third row). The difference appeared all over the
time course because of phase shifts. A clear phase difference
resulted in the same summation waves. Specifically, the
summation of Pb waves was flat at this particular phase lag,
thereby eliminating the difference caused by phase shifts.This
result implied that the SSRs may be insensitive to latency
shifts in some cases.

3.4. Comparison of SSRs in the Frequency Domain. The
SSRs are generally characterized in the frequency domain,
because periodical signals can be adequately approached
by a summation of a number of harmonics. Therefore,
we deliberately compared the synthetic SSRs under homo-
and heteroconditions. We selected two stimulus rates of
40 and 70Hz to represent the lowest and highest extreme
cases in terms of relative differences in SSR, respectively
(see the filled circles in Figure 5). The first three harmonics
were used to represent the frequency characteristics of an
SSR. A two-tuple phasor that represents the amplitude and
the phase of a harmonic constituent completely represents
the sinusoid component in the time domain. In this way,
Figure 8 illustrates the constituent phasors for the first three
harmonics in the polar coordinates.

In the case of 40Hz SSRs (Figure 8(a)), the first har-
monics of 40Hz that accounted for the largest portion of
SSRs showed generally comparable amplitudes and phases.
Given that SSR

1
and SSR

2
were from the same recording

paradigm, they were relatively close for all harmonics. The
40Hz phasors for SSR

3
and SSR

4
were more apart in phase.

For the second harmonics (80Hz phasors), SSR
4
was roughly

opposed and reversed to other phasors. Large differences also
occurred in the third harmonics (120Hz phasors).This result
for 40Hz SSRs showed that the harmonic representation
characterized the main frequency properties, consistent with
the underlying transient AEPs from the two conditions. The
largest first harmonic amplitude indicated that the 40Hz
frequency composition could capture the SSR wave as well.

In the case of 70Hz SSRs (Figure 8(b)), the amplitudes
of the first harmonics were smaller than the amplitude
of the second harmonics. Meanwhile, these phasors were
completely out of phase. The second harmonics played a
dominant role with relatively consistent phasor directions.

Using the phasor diagram method, we compared the
main structure of SSRs and found a major discrepancy in the
frequency constituent. The results for the two representative
rates indicated that the fundamental harmonic failed to
capture the main temporal structure of the SSRs at some
stimulus rates, and the distinction for SSRs also became vague
in comparison with the resonance rates (e.g., 40Hz).

4. Discussion

The relationship between transient AEPs and SSRs is a major
concern in speculating the generation of SSRs. No direct
evidence is available to support or reject the superposition
hypothesis because of the complexity of the underlying neural
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Figure 6: Representative waves of synthetic SSR
1
(blue wave) and SSR

2
(green wave) and corresponding diff-SSRs (bottom rows) at three

representative stimulus rates (40, 74, and 96Hz).

connection and activation. Thus, an efficient approach to
address this relationship is to compare the SSRs between a
true experiment and a referential synthesis from a conjec-
turedAEP. If these twowavesmatchedwell, a positive conclu-
sion will be accepted.This notion is based on the proposition
that approaching AEPs will definitely produce approaching
SSRs. However, the results of this study presented negative
evidence under certain conditions based on the simulation
experiment. The SSR prediction from available transient
AEP templates may vary dramatically at some stimulus rate
other than the rates close to the most enhanced amplitude
condition (i.e., 40Hz in this experiment). This conclusion

may partly explain some discrepancies reported between the
predicted and recorded SSRs. For example, Lütkenhöner and
Patterson [22] reported that synthetic SSR could completely
predict the SSRs at 40Hz but failed at 60Hz. The amplitude
of 60Hz [22] was largely attenuated, indicating that a large
relative difference might occur, as in the case of Figure 6.

The templates used in this experiment were AEPs from
a conventional low rate (∼5Hz) and two deconvolved high
rates (∼40Hz). Their morphological differences are likely
associated with the adaptation of the neuronal system [8–
10, 31]. This mechanism may account for the inconsistency
of the prediction with the templates at other stimulus rates
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or even with another stimulus sequencing [21, 22]. For
example, Valderrama et al. [31] reported that the fast and
slow mechanisms of adaptation may account for the AEPs’
difference in response to the jitter distribution and stimuli
sequencing. In a visual event-related potential study, Capilla
et al. [19] reported a transient template estimated from the
same stimulus rate, as the SSR can adequately predict the
SSR from 7.7Hz to 20Hz. As such, the nonlinearity of the
auditory system does not contradict the superposition of the
SSR, if the estimated templates can take these factors into
account. The characteristic of transient responses depending
on stimulation paradigms is likely to reflect the nonlinear
or adaptation mechanisms of neuronal activity. Thus, further
studies with the help of specifically designed experiments are
necessary.

In theory, the transient AEP is adequate to offer all
the information present in the SSRs because an SSR is a
filtered version of an AEP in which the filter is an impulse
train in the time domain [32]. This definition means that
information loss is inevitable for SSRs with respect to the
underlying AEPs. As shown in Figure 7, the ill-posedness of
the superposition model suggested that even the matched
prediction did not necessarily mean it was the sole solution
for the SSRs. Consequently, the prediction results should be
interpreted with caution.

The frequency analysis demonstrated that the major
energy of SSRs at different stimulation rates may occur at
different harmonics [33]. For example, the synthetic 40Hz
SSR was adequately approached by the summation of 40,
80, and 120Hz harmonics. The maximum energy occurred
at 40Hz, which was ascribed to the maximum amplitude
enhancement at this rate. By contrast, the maximum energy
for 70Hz SSR existed at the second harmonic, because the
latency difference of two adjacent positive/negative peaks in
the AEP was about twice the ISI at 70Hz. The depression
of the fundamental harmonic with respect to others was
also reported by Miyazaki et al. [24]. The frequency analysis
selected at two representative rates demonstrated that the
contribution of harmonics to an SSRwas also rate-dependent.

The AEP templates were from averaged recordings of
three paradigms. The number of individual AEPs was 10
for homogroup and 20 for heterogroup. Both the recording
paradigm and the number of individual AEPs would affect
the signal-to-noise ratio for the averaged AEP templates.
Thus, the comparison of the averaged signal template them-
selveswould be of little value or importance, whereas the vari-
ation of individual waves can be accommodated in the testing
of the significant difference. AEPs from the same group
(homo-AEPs) may result in a more significant difference
whenused to synthesize SSRs; even the amplitude of diff-SSRs
was not greatly increased (for instance, the case at ∼70Hz in
Figure 4(a)). Unlike the rate effect on SSR amplitudes, which
showed SSR enhancement or attenuation at some specific
rates, no clear rate effect on diff-SSRs was found for both
homo- and heteroconditions.

The magnitude of the SSR fluctuates with the stimulus
rate: that is, the enhancement and attenuation appear to
be alternative, which cannot be explained exclusively by
neuronal adaptation mechanism [1, 7]. Obtaining templates

for all available rates is current unavailable in this study;
nevertheless, the rate effect on the SSR [1] is in general
coincident with the superposing process shown in Figure 3,
implying the existence of the superposition mechanism in
generating SSRs.

In clinical settings, the SSR recording at ∼40Hz is
adopted to benefit the higher signal-to-noise ratio compared
with AEPs for hearing assessment [34, 35]. Other stimulus
rates, such as ∼90Hz, were also reported to be enhanced
in amplitude [1]. Nevertheless, SSRs at ∼40Hz actually sur-
passed the amplitude of corresponding AEPs (see Figure 3).

The SSR results of this study were derived from a few
templates. We did not intend to generalize the findings.
Some exhibited relationships may only be valid within the
case of the templates. Nevertheless, these templates were
representative samples obtained from both classic and bur-
geoning paradigms with high stimulus rates. The implication
of a variable correlation between SSRs and AEPs is still
enlightening and beneficial for future investigations.

In summary, this study provides insight into the relation-
ship between the transient AEP and synthetic SSR at different
stimulus rates under the superposition hypothesis. By simu-
lating SSRs over a range of stimulus rates, we demonstrated
three rate effects on the SSR: (1) the superposition can be
less evident at some rates when the amplitude attenuation
occurs; (2) the ill-posedness at certain rate will make the
prediction method less convincible; (3) the fundamental
frequency components may not be dominated at certain rate.
These results suggest that an inconsistent relationship exists
between AEPs and SSRs over these rates. Caution should be
taken when dealing with the comparison of SSRs over some
stimulus rates using the synthetic method.
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Recently nonlocal means (NLM) and its variants have been applied in the various scientific fields extensively due to its simplicity
and desirable property to conserve the neighborhood information.The two-stage MRI denoising algorithm proposed in this paper
is based on 3D optimized blockwise version of NLM andmultidimensional PCA (MPCA).The proposed algorithm takes full use of
the block representation advantageous of NLM3D to restore the noisy slice from different neighboring slices and employs MPCA
as a postprocessing step to remove noise further while preserving the structural information of 3D MRI. The experiments have
demonstrated that the proposed method has achieved better visual results and evaluation criteria than 3D-ADF, NLM3D, and
OMNLM LAPCA.

1. Introduction

As a significant imaging technique, magnetic resonance
imaging (MRI) provides very important information to
research the tissues and organs in the human body with non-
invasive style. However, MRI is affected by several artifacts
and noise sources. One of them is the random fluctuation of
the MRI signal which is mainly due to thermal noise. Such
noise seriously degrades the acquisition of any quantitative
measurements from the data. Consequently, the denoising
techniques are required to improve the quality of MRI.

Generally speaking, MRI denoising techniques can be
classified as either filtering, transform, or statistical approach
[1]. Filtering methods remove noise with linear or nonlinear
filters [2–5]. Transformmethods employ some kinds of trans-
formation to denoising MRI including wavelet transform [6]
and curvelet transform [7]. Statistical methods estimate the
noise with maximum likelihood [8], linear minimum mean
square error (LMMSE) [9], Markov random process, and
empirical Bayes [10]. In particular, nonlocal means (NLM)
filter [11] has been used to denoise MRI image, achieving
notable results [12–14]. NLM exploits the redundancy of the
neighborhood pixel to remove the noise. The restored pixel

is considered as the weighted average of the intensities of
all pixels within the neighborhood area. Since MRI image
has multichannel nature, NLM has been modified to denoise
MRI data where the similarity measure can be considered to
combine the relative information between different slices [15].
Nevertheless, the high computational burden has restricted
its application for 3DMRI data. Therefore, [12] has proposed
an optimized blockwise NLM filter for 3D MRI.

Due to its ability to perform decorrelation, PCA has also
been used in image denoising. However, PCA requires that
the number of images be bigger than the number of signif-
icant components of the image. The drawback has limited
the application of PCA in the field of image denoising. The
paper [16] has developed a two-stage approach to improve
the quality of MRI data. After denoising with optimized
multicomponent nonlocal mean (OMNLM), the local PCA
is conducted over small local windows instead of the whole
image to overcome the drawback.Nevertheless, PCAonover-
lapping windows will reduce the computational efficiency.
Furthermore, the vectorization will make the structural
information of image lost.

Actually, MRI is naturally a 3D image, which can be con-
sidered as tensor data on multidimensional space. From the
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aspect of super-resolution reconstruction, the noise image
can be considered as the degraded version of the original
image. Therefore, this paper proposed a multidimensional
structure preserving MRI denoising algorithm. The algo-
rithm consists of two stages. On the first stage, the 3D variant
of the nonlocal means technique is employed to reduce the
noise, which takes full advantage of the neighbor information
between different 3D MRI slices and has the capability of
exploiting the underlying structure in the multidimensional
image. On the second stage, for the result image obtained
from the first stage, multidimensional principal component
analysis is performed to suppress the remaining noise,
which avoids the vectorization to preserve the neighborhood
information for MRI image and is helpful to improve the
computation cost. According to the experiments on 3D MRI
image, the proposed algorithm is superior to restore the
original image from noise compared with other state-of-the-
art methods.

2. Material and Methods

2.1. The 3D Variant of Nonlocal Mean. For image denoising
problem, the noisy data 𝑌 is defined by the original noise free
data𝑋 with some noise𝑁:

𝑌 = 𝑋 + 𝑁. (1)

The classical NLM technology has believed that the intensity
𝑥
𝑖
of the point 𝑖 can be restored from the weighted average of

all the point intensities from the noisy image 𝑋 based on the
redundant representations of image [13]:

𝑥
𝑖
= ∑

𝑗∈Ω

𝑤 (𝑖, 𝑗) 𝑥
𝑗

s.t. 0 ≤ 𝑤 (𝑖, 𝑗) ≤ 1, ∑

𝑗∈Ω

𝑤 (𝑖, 𝑗) = 1,

(2)

where 𝑤(𝑖, 𝑗) is the weight assigned to point 𝑗 in the
restoration of point 𝑖 and Ω is the search area centered at
the current point 𝑖. According to (2), this method has the
capability to reconstruct the voxel from all similar voxels in
the restricted neighbor volume Ω. Consequently, redundant
information from the same MRI image and different slices
can be used to reconstruct the current voxel efficiently.

The key issue of NLM is the computation of𝑤(𝑖, 𝑗), which
represents the similarity of neighborhood points. Generally
speaking, within the search area Ω, the weight 𝑤(𝑖, 𝑗) is
related to the distance 𝑑(𝑁

𝑖
, 𝑁
𝑗
), with 𝑁

𝑖
and 𝑁

𝑗
being

neighborhoods around 𝑖 and 𝑗 as follows [13]:

𝑤 (𝑖, 𝑗) =
1

𝑍 (𝑖)
𝑒
−𝑑(𝑁𝑖 ,𝑁𝑗)/ℎ

2

, (3)

where𝑍(𝑖) is a normalization constant with𝑍(𝑖) = ∑
Ω
𝑤(𝑖, 𝑗)

and ℎ is a filtering parameter.
However, the basic NLM has a great influence for com-

putational efficiency, especially for 3D MR images. Conse-
quently, [12] has implemented the 3D blockwise version of
NLM (NLM3D), which divides the volume into overlapping

blocks and treats each block as a point to perform NLM-like
restoration. For NLM3D, the𝑁

𝑖
and𝑁

𝑗
in (3) are 3D patches

around points 𝑖 and 𝑗, and 𝑑(𝑁
𝑖
, 𝑁
𝑗
) is the similarity of the

neighbor volumes between𝑁
𝑖
and𝑁

𝑗
. Based on the constru-

tion of 3D neighbor blocks, the NLM3D will restore noisy
data from neighbor blocks within intraslices and interslices
simultaneously which is helpful to preserve the structural
information of different slices for MRI. Therefore, compared
with classical NLM, the method has not only reduced the
complexity of NLM significantly but also achieved superior
denoising performance. The NLM3D has already applied ito
super-revolution reconstruction of MRI [17] with different
preselection step and computation formulation of 𝑤(𝑖, 𝑗).

2.2. Multidimensional Principal Component Analysis.
Although PCA has been applied in image denoising widely,
most denoising algorithms based on PCA assume that data
lie on vector space and usually process the vectorization
operation to make image into a vector. The vectorization
destroys the structural information about the neighborhood.

Instead of data in vector space, anymultidimensional data
can be considered as tensor data in multidimensional space.
Each tensor data will be treated by tensor decomposition
[18]. It is helpful to preserve the structural information and
enhance the computational efficiency. At present, a large
number of tensor algorithms have been presented and have
a wide application in computer vision, pattern recognition,
and machine learning [19].

Based on PCA on vector space, [20] has developed
multidimensional principal component analysis (MPCA) for
tensor data and has achieved outstanding performance. For
MPCA, a high-dimensional image dataset can be expressed
as a tensor dataset 𝑋 = {𝑋

1
, . . . , 𝑋

𝑀
}, where 𝑋

𝑚
∈ R𝐼1×⋅⋅⋅×𝐼𝑁

is a𝑁 dimensional tensor and𝑀 is the number of samples in
the dataset.

In tensor algebra, any tensor data 𝑋
𝑖
can be expressed

based on Tucker decomposition model as follows [20]:

𝑋
𝑚
= 𝑆
𝑚
×
1𝑈
(1)
×
2𝑈
(2)
× ⋅ ⋅ ⋅
𝑛−1𝑈
(𝑛−1)

×
𝑛+1𝑈
(𝑛+1)

× ⋅ ⋅ ⋅ ×
𝑁𝑈
(𝑁)
,

(4)

where 𝑈(𝑛) ∈ R𝐼𝑛×𝐼𝑛 is an orthogonal matrix. So we can get

𝑆
𝑚
= 𝑋
𝑚
×
1𝑈
(1)
𝑇

×
2𝑈
(2)
𝑇

× ⋅ ⋅ ⋅
𝑛−1𝑈
(𝑛−1)

𝑇

×
𝑛+1𝑈
(𝑛+1)

𝑇

× ⋅ ⋅ ⋅ ×
𝑁𝑈
(𝑁)
𝑇

.

(5)

The target of MPCA is to compute 𝑁 orthogonal projective
matrices {𝑈(𝑛) ∈ R𝐼𝑛×𝑃𝑛 , 𝑛 = 1, . . . , 𝑁} to maximize the
total scatter tensor of the projected low-dimensional feature
as follows:

𝑓 {𝑈
(𝑛)
, 𝑛 = 1, . . . , 𝑁} = argmax

𝑈
(𝑛)

Ψ
𝑦

= argmax
𝑈
(𝑛)

𝑀

∑

𝑚=1


𝑌
𝑚
− 𝑌



2

,

(6)
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(a) (b) (c) (d)

Figure 1: Example images of the BrainWeb database. (a) Noisy-free T1-w image, (b) noisy image corrupted with a Rician noise at 3%, (c)
noisy image corrupted with a Rician noise at 4%, and (d) noisy image corrupted with a Rician noise at 5%.

where𝑌 is the mean of tensor data𝑌 and𝑌
𝑚
= 𝑋
𝑚
×
1𝑈
(1)
𝑇

×

2𝑈
(2)
𝑇

× ⋅ ⋅ ⋅
𝑛−1𝑈
(𝑛−1)

𝑇

×
𝑛+1𝑈
(𝑛+1)

𝑇

× ⋅ ⋅ ⋅ ×
𝑁𝑈
(𝑁)
𝑇

.
Due to the difficulty in the computation of 𝑁 orthog-

onal projective matrices simultaneously, these 𝑁 orthog-
onal projective matrices can be solved iteratively. Gener-
ally speaking, it is assumed that the projective matrices
{𝑈
(1)
, . . . , 𝑈

(𝑛−1)
, 𝑈
(𝑛+1)

, . . . , 𝑈
(𝑁)
} are known; then we can

solve the following optimized problem to obtain 𝑈(𝑛):

argmax
𝑀

∑

𝑚=1

(𝐶
(𝑛)

𝑚
𝐶
(𝑛)
𝑇

𝑚
) , (7)

where 𝐶
𝑚
= (𝑋
𝑚
− 𝑋) ×

1𝑈
(1)
𝑇

×
2𝑈
(2)
𝑇

× ⋅ ⋅ ⋅
𝑛−1𝑈
(𝑛−1)

𝑇

×

𝑛+1𝑈
(𝑛+1)

𝑇

× ⋅ ⋅ ⋅ ×
𝑁𝑈
(𝑁)
𝑇

and 𝑋 is the mean of tensor data

𝑋. 𝐶(𝑛)
𝑚

is the mode-𝑛 unfolding matrix of tensor 𝐶
𝑚
. The

paper [19] has proved the vector-based and 2DPCA can be
considered as the special cases of MPCA.

2.3. Proposed Method. To the best of our knowledge, this is
the first attempt to introduceMPCA toMRI image denoising.
It should be noticed that image denoising based on MPCA is
different from its application in machine learning.

For MRI denoising, 3D MRI is a 3rd-order tensor 𝑋 ∈

R𝐼1×𝐼2×𝐼3 , 𝐼
1
and 𝐼
2
are the height and width of eachMRI slice,

respectively, and 𝐼
3
is the number of slices, so 3DMRI can be

considered as an image set 𝑋 = {𝑋
1
, . . . , 𝑋

𝐼3
}. The principal

components can be computed by MPCA:

𝑌
𝑖
= 𝑋
𝑖
×
1𝑈
(1)
𝑇

×
2𝑈
(2)
𝑇

, (8)
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(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

Noisy imageNoisy-free image

(A) 3D-ADF filter residuals

(C) NLM3D residuals

(B) OMNLM_LAPCA residuals

(D) The proposed method residuals

(a)

(b)

Figure 2: Continued.
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(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

(I) The slice 120
Noisy imageNoisy-free image

(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

(c)

(a)

Figure 2: Continued.
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(A) 3D-ADF filter residuals

(C) NLM3D residuals

(B) OMNLM_LAPCA residuals

(D) The proposed method residuals

(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

(II) The slice 140

(b)

(c)

Figure 2: The noise-free image, noisy image, denoised images, residuals, and detail denoised images of different methods with 5% Rician
noise for different slices.

where 𝑈(𝑛) ∈ R𝐼𝑛×𝐼𝑛 , 𝑛 = 1, 2. Generally speaking, the first 𝐾
principal components conserve most information of images.
It is desirable to abandon smaller principal components to
remove noise. There are various approaches to determine the
value of 𝐾. The paper specifies a constant 𝐾 to represent

the number of the largest principal components correspond-
ing to the largest𝐾 eigenvalues. After that, the restored image
is expressed:

𝑋
𝑖
= 𝑋
𝑖
×
1
𝑈
(1)
𝑇

1
𝑈
(1)

×
2
𝑈
(2)
𝑇

2
𝑈
(2)

, (9)



Computational and Mathematical Methods in Medicine 7

40 60 80 100 120 140 160 18020
The number of principal components

12
14
16
18
20
22
24
26
28

SN
R

3% noise level
4% noise level
5% noise level

Figure 3: Plots of SNR versus the number of principal components
for different noise levels.
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Figure 4: Plots of PSNR versus the number of principal components
for different noise levels.

where 𝑈(𝑛) ∈ R𝐾×𝐼𝑛 , 𝑛 = 1, 2, and 𝑋
𝑖
is the restored image.

Consequently, the proposed algorithm can be summarized.

(1) NLM 3D filtering is applied to denoise and obtain the
initial 3D images.

(2) Then the initial 3D images are processed byMPCA to
remove noise furtherly.

3. Experiments

Several experiments were conducted to compare the pro-
posed methods with related state-of-the-art methods.

In order to illustrate the performance of the proposed
method, several experiments were conducted to compare
the proposed methods with related state-of-the-art methods,
including the 3D version of anisotropic diffusion filtering
(3D-ADF) [3, 5], NLM3D [12], and OMNLM LAPCA [16]
on synthetic data and real clinical data. All experiments are
performed on MATLAB R2015a.

There are some free parameters that need to be set to
obtain optimal performance. For 3D anisotropic diffusion
filtering, the integration constant is the maximum value,

3% noise level
4% noise level
5% noise level
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Figure 5: Plots of SSIM versus the number of principal components
for different noise levels.

the number of iterations is 4, and the gradient modulus
threshold is 70. For NLM3D and OMNLM LAPCA, the
radius of the search area is 5 and the radius of similarity area is
2. For the proposed method, the number of preserved largest
principal components is 140 (see below).

Three kinds of quality measurement are used to evaluate
the denoising performance. The first one is the signal-to-
noise ratio (SNR), the second one is the peak signal-to-noise
ratio (PSNR), and the last one is the structural similarity
index (SSIM) [21].

The SNR is computed as follows:

SNR (𝑥, 𝑥) = 10log
10

∑
𝑖,𝑗
(𝑥 (𝑖, 𝑗) − 𝑥)

2

∑
𝑖,𝑗
(𝑥 (𝑖, 𝑗) − 𝑥 (𝑖, 𝑗))

2
, (10)

where 𝑥 is the original image, 𝑥 is the mean of image 𝑥, and
𝑥 is the denoised image.

The PSNR is based on the rootmean square error (RMSE)
between the denoised image and original image:

PSNR = 20log
10

255

RMSE
. (11)

The SSIM is defined as follows:

SSIM (𝑥, 𝑦) =

(2𝜇
𝑥
𝜇
𝑦
+ 𝑐
1
) (2𝜎
𝑥𝑦
+ 𝑐
2
)

(𝜇2
𝑥
+ 𝜇2
𝑦
+ 𝑐
1
) (𝜎2
𝑥
+ 𝜎2
𝑦
+ 𝑐
2
)

, (12)

where 𝑐
1
= (𝑘
1
𝐿)
2, 𝑐
2
= (𝑘
2
𝐿)
2, 𝐿 is the dynamic range, 𝑘

1
=

0.01, and 𝑘
2
= 0.03; 𝜇

𝑥
and 𝜇

𝑦
are the mean of images 𝑥 and

𝑦, respectively; 𝜎
𝑥
and 𝜎

𝑦
are the standard noise variance of

images 𝑥 and 𝑦, respectively; 𝜎
𝑥𝑦

is the covariance of 𝑥 and 𝑦.

3.1. Synthetic Data. In this part, the 3D T1-weighted MRI
image in the well-known BrainWeb [22] dataset is used to
evaluate the performance of the proposedmethod.The size of
the dataset is 181×271×181with 1mm3 voxel resolution. To
simulate Rician noise, zero mean Gaussian noise with 3–5%
standard deviation is added to the real and imaginary parts
of the 3D MRI images, as shown in Figure 1.
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Table 1: The comparison of denoising methods with different noise levels on T1 weighted MRI Images.

Denoising method 3% Rician noise 4% Rician noise 5% Rician noise
SNR PSNR SSIM SNR PSNR SSIM SNR PSNR SSIM

3D-ADF 13.7207 25.4512 0.7642 12.9584 25.4144 0.7624 12.1337 25.3515 0.7604
OMNLM LAPCA 18.5248 35.0833 0.9495 16.0899 33.2808 0.9234 14.1684 31.7119 0.8927
NLM3D 25.9919 37.5705 0.976 24.0109 35.9133 0.965 20.8779 34.5518 0.9472
Proposed 27.0346 38.5828 0.9864 25.0351 36.924 0.9755 22.9218 35.5598 0.9555

(a) MPCA + NLM3D (b) NLM3D + MPCA

Figure 6: The denoised results with different order of MPCA and NLM3D (5% Rician noise). (a) First apply MPCA and then apply NLM3D
but in (b) first apply NLM3D and then apply MPCA.

Noisy imageNoisy-free image

Figure 7: The example images of real clinical data and noisy data with 5% Rician noise.

The denoising performance of different methods with
different noise levels is compared based on SNR, PSNR, and
SSIM, as shown in Table 1. It is obvious that the proposed
method is superior to the other three methods under the
three evaluation measurements. The denoising images and
corresponding residuals are shown in Figure 2. It is consistent
with themeasurement that the proposedmethod has the best
visual effect.

For the proposed method, it is required to determine
the optimal number of the largest principal components. To
study its influence on the denoising performance, the SNR,
PSNR, and SSIM with different principal components with
different noise levels are shown in Figures 3–5. It can be seen

that the optimal number is between 140 and 160 when the
better measurements are obtained. So it is unreasonable to
set a constant to choose the principal components. However,
it is still an open problem in machine learning.

Based on the idea proposed in [16], the paper has pre-
sented a two-stepMRI denoising algorithm, which employed
NLM3D to restore 3D MRI followed by MPCA. To validate
the proposed two-step method in the paper, we also have
evaluated the order of MPCA and NLM3D. Figure 6 has
shown the denoised result with different order of MPCA and
NLM3D. It can be seen that if we apply MPCA and then
apply NLM3D, the detail information is lost and the denoised
image is blurred. In contrast, the proposed steps in the paper
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(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

(a)

(A) 3D-ADF filter residuals

(C) NLM3D residuals

(B) OMNLM_LAPCA residuals

(D) The proposed method residuals

(b)

(A) 3D-ADF filter result

(C) NLM3D result

(B) OMNLM_LAPCA result

(D) The proposed method result

(c)

Figure 8: The denoised images, residuals, and detail denoised images of different methods with 5% Rician noise for different slices.

have the capability to preserve the detail. The possible reason
is that both of noise and detail are high frequency signals;
the threshold technique of MPCA will remove the detail
information while removing the noise if we conduct MPCA

on the noisy image directly. Consequently, NLM3D is unable
to restore the detail from the blurred neighboring block.

All denoisingmethods were performed inMATLAB 2015
on a Windows 7 computer equipped with an Intel Core
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Table 2: The comparison of computational time.

Denoising methods The computational time(s)
3D-ADF 17.6905
OMNLM LAPCA 32.8070
NLM3D 110.7295
Proposed 111.0259

Table 3:The comparison of differentmethods with 5%Rician noise.

Denoising method SNR PSNR SSIM
3D-ADF 9.7543 24.8338 0.6717
OMNLM LAPCA 9.7943 30.42 0.8415
NLM3D 18.7476 32.6647 0.9034
Proposed 19.7629 33.6679 0.9236

i7-5600U, 2.6GHz CPU and 8GB RAM. To denoise typical
3D dataset with the size of 181∗217∗181, the corresponding
computational time is listed in Table 2.

It cannot be denied that, comparedwith other algorithms,
the proposed method will spend more time to denoise 3D
MRI since it makes use of the 3D structure information from
neighboring slices. It is also believed that the implementation
of the proposedmethods usingMATLAB/CMEX techniques
and parallel computations on graphic processing units may
significantly further accelerate the filtering.

3.2. Validation on Real Clinical Data. To evaluate the pro-
posed method on real clinical data, the experiments are
conducted on real T1-w MRI data. The data were acquired
on a GE MR750 3.0T scanner. The anatomical images
were scanned using a T1-weighted axial sequence parallel
to the anterior-commissure-posterior-commissure line. Each
anatomical scan has 156 axial slices (spatial resolution = 1mm
× 1mm × 1mm, field of view = 256mm × 256mm, time
repetition (TR) = 8.124ms). The noisy-free image and noisy
image are shown in Figure 7.

For real clinical data, the denoised results are shown
in Figure 8 and Table 3. It can be seen that the proposed
method also has achieved the best visual result. It may
be that NLM3D with block representation restores noisy
data from different neighboring slices. Moreover, in contrast
with the principal components of PCA in vector space,
MPCA seeks the principal components in tensor space, which
has the capability to preserve the structure information of
neighboring voxels and slices. At the same time, most image
information focuses on the first 𝐾 principal components, so
the threshold technique is helpful to remove noise further.

4. Discussion

The paper has proposed a structure preserving MRI denois-
ing algorithm. The method has integrated NLM3D and
MPCA to restore noisy image from 3D neighborhood and
has achieved a better result comparedwith some famousMRI
denoising methods, such as 3D-ADF, OMNLM LAPCA, and
NLM3D. However, the confusing question of the proposed

method is how to determine the optimal number of principal
components, which will affect the denoising effect. So our
next work will research the selection problem of principal
components. We will consider the cumulative energy or the
scoring of principal components in the future.
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It is an important task to locate facial feature points due to the widespread application of 3D human face models in medical fields.
In this paper, we propose a 3D facial feature point localization method that combines the relative angle histograms with multiscale
constraints. Firstly, the relative angle histogram of each vertex in a 3D point distribution model is calculated; then the cluster set
of the facial feature points is determined using the cluster algorithm. Finally, the feature points are located precisely according to
multiscale integral features. The experimental results show that the feature point localization accuracy of this algorithm is better
than that of the localization method using the relative angle histograms.

1. Introduction

With the development of 3D information acquisition tech-
nology, the research of 3D facial feature has gained more and
more extensive attention. The automatic localization of the
facial feature points is a study hotspot in the field of medical
computer vision, which is a precondition for face recognition,
face animation, face tracking, and 3D face reconstruction. At
present, the 3D facial feature point localization algorithms
have not been researched in depth though the 2D facial
feature point localization algorithms have matured. Wang et
al. [1] applied the Jet Bunch algorithm of 2D facial feature
point localization to the process of 3D facial feature point
localization; Xu et al. [2] proposed a hierarchical filtering
algorithm, which could locate the feature points of nasal
tip. While these methods are beneficial to detect other facial
key feature points, they are insensitive to noises and have
the rotation and translation invariance characters with a
poor generality, and the localization results are unsatisfactory
except the nasal tip feature points. Feng et al. [3] proposed a
feature point localization algorithm based on relative angle
histograms. In a 3D point distribution model, the relative
angle histograms of all points are calculated firstly, and then
the features are located according to the similarity of the
histograms. The algorithm is of high efficiency and stability,

but it locates the feature points just in a small scope with
an inaccurate result. Li and Da [4] suggested a 3D facial
feature point localization algorithm that combined a priori
knowledge with differential characteristics, but the result is
not satisfactory because of the unique and complex diversity
of the face model.

In order to solve these problems, we put forward a 3D
facial feature point localization method based on the relative
angle histograms and multiscale constraints. The cluster
point set of the facial features is created firstly, and then
the multiscale integral characteristics are used to locate the
feature points accurately. As a result, the accuracy of the
feature point localization is improved.

2. Model Preprocessing

2.1. Coordinate System Transformation. CT (computed
tomography) images are acquired from living samples in
a hospital, whose contour lines are extracted using the
method of combining the improved snake algorithm with
the ray method [5]. In order to obtain the 3D face sample
that is constructed by a single layer triangular mesh, the 3D
surface is reconstructed using the Ganapathy algorithm to
connect the neighbor contour lines [6]. When the CT data
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are collected in a hospital, the postures of every body’s head
are different, and unavoidably the reconstructed single layer
3D models would lie in different coordinate systems. For the
convenience of defining the feature points, all the models are
unified to a uniform coordinate system.

A face model (FM) is usually constructed by a triangular
mesh which is composed of vertexes (𝑉) and triangular facets
(𝐹), so FM could be expressed as a linear representation,
FM = (𝑉, 𝐹). V

𝑖
is the 𝑖th point of the FM, 1 ≤ 𝑖 ≤ 𝑁, and the

coordinate of V
𝑖
is expressed by V

𝑖
= (𝑥
𝑖
, 𝑦
𝑖
, 𝑧
𝑖
)
𝑇. The center of

the FM is computed by𝑂 = (1/𝑁)∑
𝑁

𝑖=1 V𝑖, and then the point
set𝑉 is transformed into the coordinate system whose origin
is 𝑂.

The point set 𝑉 is taken as a 3D random variable, and a
positive definite covariance matrix 𝐶 could be obtained from
the transformed𝑉.Three biggest eigenvalues 𝜆1, 𝜆2, 𝜆3 (𝜆1 ≥
𝜆2 ≥ 𝜆3 ≥ 0) of 𝐶 are calculated, and the eigenvector
responding to the eigenvalues is 𝐸 = [𝑒1, 𝑒2, 𝑒3], where 𝐸 is
an orthogonal matrix, and 𝐸𝑇𝐸 = 𝐼, where 𝐼 is a unit matrix.

According to the related knowledge of algebra, 𝐶𝐸 = 𝜆𝐸,
𝐶 could be calculated out. Define 𝑈 as a linear combination
of 𝑉, 𝑈 = 𝐸

𝑇(𝑉 − 𝑂), and 𝑈 is orthogonalised through the
equation Cov (𝑈) = 𝐸𝑇𝐶𝐸 = Λ, and then the variance among
sets 𝑈

𝑖
could be expressed as

Cov (𝑈
𝑖
, 𝑈
𝑗
) = Cov (𝑒

𝑇

𝑖
, 𝑒
𝑇

𝑗
) = 𝑒
𝑇

𝑖
𝐶𝑒
𝑖

𝑗
=
{

{

{

𝜆
𝑖

𝑖 = 𝑗

0 𝑖 ̸= 𝑗.
(1)

𝑈
𝑖
(1 ≤ 𝑖 ≤ 3) is taken as the 𝑖th principal component

of variable 𝑉, and then we construct the coordinate system
shown in Figure 1, whose origin is 𝑂 and coordinate axes are
𝑈1, 𝑈2, 𝑈3.

2.2. Feature Point Definition. The feature points of a 3D face
must have connotations and lie in a cognizable key position.
In the same sample the feature points are distinct from
their neighbor points on geometrical characteristics, while
in different samples the features of the same feature points
are similar. To meet the experimental requirements, a total
of 39 feature points covering the front half face are defined
according to the knowledge of anthropology, anatomy, and
the feature points defined byMPEG4 expert group [7, 8].The
positions of the feature points are shown in Figure 2.

3. Feature Point Cluster Based on
the Relative Angle Histograms

3.1. Relative Angle Histograms. After the facemodel is unified
into a uniform coordinate system, the next step is to calculate
the relative angle histograms of points in the face model.
According to Feng et al. [3], any point V

𝑖
of the face model

expresses the angle between vector →V
𝑖
V
𝑗
(1 ≤ 𝑗 ≤ 𝑁, 𝑗 ̸= 𝑁)

and 𝑈1, and after the angle is transformed its value range is
[0, 2𝜋].

The relative angles of the point in the face model describe
a spatial relationship between every point, which possesses
rotation, translation, and scaling invariance and better noise

U1

U2

U3

O

�i

Figure 1: The coordinate system of a model.

Figure 2: Feature points of the single layer face model.

robustness. Any point of the model has𝑁 − 1 relative angles
and then has 𝑁 − 1 relative angle distributions. The relative
distributions have statistical characteristics, and the distri-
bution curves describe in detail the global characteristics of
every point in the model.

Calculate the 𝑗th relative angle Ang
𝑖,𝑗

(1 ≤ 𝑗 ≤ 𝑁, 𝑖 ̸=

𝑗) of any point V
𝑖
in the model. The value range [0, 2𝜋] is

divided into 40 parts. Count the number of points in every
region for every Ang

𝑖,𝑗
, and the statistical result is the relative

angle histogram of point V
𝑖
. Figure 3 shows the feature points’

relative angle distributions of the forehead center and right
mouth corner as well as those which are superimposed by the
different samples. It is obvious that the different feature points
have different distributions, while the same feature points in
the different samples have similar distributions. The similar
feature points are selected to be clustered into one groupusing
the cluster method [9] and to set up the cluster set of the
feature points.

3.2. Feature Point Cluster. There are 39 feature points in a
standard face model 𝑎 and their relative angle histograms of
the feature points are denoted by ℎ

𝑖
(𝑎), 𝑖 = 1, 2, . . . , 39. The

unlocated face sample is denoted by 𝑏. The number of the
vertex is 𝐿 and the relative angle histogram of each feature
point is ℎ

𝑗
(𝑏), 𝑗 = 1, 2, . . . , 𝐿. Let 𝑁

𝑖
denote the cluster
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Figure 3: The relative angle distribution of the feature points. (a) The feature points of the forehead center: the left is the relative angle
distribution of forehead center feature points and the right is the relative angle distribution of superimposed forehead center feature points.
(b) The feature points of the right mouth corner: the left is the relative angle distribution of right mouth corner feature points and the right
is the relative angle distribution of superimposed right mouth corner feature points.

number of the 𝑖th feature point, and the steps to determine
the 𝑖th feature point cluster set of the model 𝑏 are as follows.

Step 1. According to the prior knowledge, the representative
points are selected as the initial cluster center CC

𝑖
of each

group.

Step 2. Calculate the similarity between CC
𝑖
and 𝐿 points in

the model 𝑏 and sort them in decreasing order.

Step 3. Select themaximum similarity𝑁
𝑖
points as the cluster

set 𝑝
𝑐
of the 𝑖th feature point in the model 𝑏.

Figure 4 shows the cluster point set results of the nasal
tip and the forehead center in a model whose feature points
are to be located. Experiments prove that the fewer cluster
points would contain the optimum feature points in the
conspicuous feature point place of a face, such as the nasal

tip and the mouth corner, while, in the smoother place, such
as the forehead center, more cluster points would be needed.
Thenext task is to select precise feature points from the cluster
point set.

4. Multiscale Integral Features Extraction

4.1. Volume Integral Features. The volume integral features
are defined as multiscale feature values, which could weaken
the noise influence with bigger robustness than the differ-
ential values, and measure the concave-convex level of the
model surface.

The volume integral invariant of a surface point 𝑝 is
defined as a functional integration in the local sphere region
of this point [10–12], whose math expression is

𝑉
𝑟
(𝑝) = ∫

𝐵
𝑟
(𝑝)

𝜒
𝐷 (𝑥) 𝑑𝑥, (2)
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(a) The nasal tip (b) The forehead center

Figure 4: The result of the point cluster.

rp

D

Br(p)

Φ

Figure 5: 2D representation of the volume integral invariant.

where 𝐵
𝑟
(𝑝) is a sphere, which takes 𝑝 as the sphere center

and 𝑟 as the radius. As is shown in Figure 5. 𝜒
𝐷
(𝑥) is a surface

indicator function.When the point 𝑥 is in the𝐷 region, 𝜒
𝐷
=

1; while 𝑥 is out of the 𝐷 region, 𝜒
𝐷

= 0. The geometrical
significance of 𝑉𝑟(𝑝) is a part of the sphere volume which
locates in the lateral of the surface.

Equation (2) is expanded to a polynomial and its limita-
tion value is computed under the condition 𝑟 → 0, so the
functional relationship between the volume integral invariant
and mean curvature 𝑘

𝐻
is

𝑉
𝑟
(𝑝) =

2𝜋
3
𝑟
3
−
𝜋𝑘
𝐻

4
𝑟
4
+ 𝑜 (𝑟

5
) . (3)

From (3) we know that the value of the volume invariant
is related to the radium of integral sphere region, so the
longer the radius is, the bigger the value of volume invariant
becomes. Whether there was noise in the interior of the
integral region, the impact on the result of the volume
invariant is small, so the volume invariant is taken as a feature
which possesses robustness. In practice, the geometric feature
of the surface on the point 𝑝 is defined as char𝑉

𝑟
(𝑝), which

is the ratio of the volume invariant to the volume of sphere
region. The equation is

char𝑉
𝑟
(𝑝) =

𝑉
𝑟
(𝑝)

𝐵
𝑟
(𝑝)

. (4)

According to the calculated values of char𝑉
𝑟
(𝑝), we describe

the geometric shape of the surface on the point 𝑝 as convex,
approximate plane, and concave. When the scale is 𝑟 and
char𝑉

𝑟
(𝑝) < 1/2, the shape of the surface on the point 𝑝 is

convex; when char𝑉
𝑟
(𝑝) ≈ 1/2, the shape of the surface on

the point 𝑝 is an approximate plane; when char𝑉
𝑟
(𝑝) > 1/2,

the shape of the surface on the point 𝑝 is concave.

Local amplification

Figure 6: Multiscale theory.

p

r1

r2

r3

Figure 7: Multiscale feature extraction.

4.2. Multiscale Feature Extraction. Concave-convex is a rel-
ative concept. Concave-convex level will transform with the
scale change. As is shown in Figure 6, under a large scale the
curve in a box is convex, while under a small scale it will be
smooth when the local part is amplified.

Multiscale geometrical feature extraction [13] means that
the feature extraction algorithm extracts the same feature
adopting multiple threshold values. As is shown in Figure 7,
the surface geometrical features of the point 𝑝 on the surface
are extracted under 3 scales: 𝑟1, 𝑟2, and 𝑟3. The large scale
can reduce the noise impact more, while the small scale
can more precisely evaluate the integral invariant. The large
scale should be combined with the small scale in the feature
extraction process.Therefore, adopting themultiscale feature
extraction method can not only precisely describe the local
features but also reduce the noise influence.

4.3. Precise Localization of Feature Points. We calculate the
integral features of cluster points 𝑝

𝑐
and point 𝑝 for three

different scales of 1, 2, and 3 times of the average side length
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(a) Our method (b) Relative angle histogram method

Figure 8: Result comparison of two feature point localization methods.

in the triangular mesh. The distance square root 𝑆 is defined
on the integral features. As is shown in (5), every point in 𝑝

𝑐

is calculated, as well as the 𝑆 of the standard feature points
under the three scales.The point 𝑝

𝑐
, the minimum value of 𝑆,

is chosen as a feature point of the model 𝑝. Consider

𝑆 = √
𝑖=3
∑
𝑖=1

(char𝑉
𝑟
𝑖

(𝑝) − char𝑉
𝑟
𝑖

(𝑝
𝑐
))

2
. (5)

5. Experimental Comparison and Analysis

We design a feature point of 3D face localization system
(FaceLS) according to the proposed feature point localization
algorithm. Forty sets of 3D point distribution facemodel data
are selected randomly from a monolayer face sample library,
which belongs to the NorthWest University, and are taken as
the face samples of the feature points which will be located.
The algorithm is tested and compared with the localization
method of Feng et al. [3]. All the programs are operated
by Windows 7, Core i5 processors, 2.8 GHz, 2G RAM, and
Matlab 2010.

The evaluation method of the feature point localization
is as follows: given a distance threshold value 𝜀, (𝑋, 𝑌, 𝑍) is
the accurate position of each feature point in the untested
models, and the Euclidean distance 𝑑 between two points can
be computed as follows:

𝑑 = √(𝑥 − 𝑋)
2
+ (𝑦 − 𝑌)

2
+ (𝑧 − 𝑍)

2
. (6)

The steps of our method are as follows.

Step 1. According to the prior knowledge, the representative
points are selected as the initial cluster center CC

𝑖
of each

group.

Step 2. Calculate the similarity between CC
𝑖
and 𝐿 points in

model 𝑏 and sort them in decreasing order.

Table 1: The mean accuracy rates of two feature point localization
methods.

Method The mean accuracy rate/%
Nose Left eye Right eye Mouth

Feng et al. [3] 62.0 78.3 77.6 63.8
Our method 89.2 84.5 85.6 71.3

Step 3. Select maximum similarity𝑁
𝑖
points as cluster set 𝑝

𝑐

of the 𝑖th feature point in model 𝑏.

Step 4. We calculate the integral features of cluster points 𝑝
𝑐

and point 𝑝 for three different scales of 1, 2, and 3 times of
the average side length in the triangular mesh. The distance
square root 𝑆 is defined on the integral features. As is shown
in (5), every point in 𝑝

𝑐
is calculated, as well as 𝑆 of the

standard feature points under the three scales. The point 𝑝
𝑐
,

the minimum value of 𝑆, is chosen as a feature point of the
model 𝑝.

Step 5. Given a distance threshold value 𝜀, judge whether the
point is correct with (6). If𝑑 ≤ 𝜀, the feature point localization
is considered to be correct; otherwise it has a certain error.

Figure 8 shows the results of two methods: one is based
on our method and the other is the relative angle histogram
localization method of Feng et al. [3] for the same feature
point pending model (only 28 feature points are showed,
and part of the feature points are coincident from the front
view). Using the two localization methods, Figure 9 shows
the accuracy rate of 39 feature points in a range of the given
distance threshold value. The red dotted line indicates the
relative angle histogram localizationmethod of Feng et al. [3],
and the blue solid line presents our method. The localization
result of our method is more precise. Table 1 shows the mean
accuracy rates of our method are higher than those of Feng
et al. [3].
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Figure 9: Comparison of the accuracy rate for two feature point
localization methods.

The feature point cluster set is determined firstly by the
cluster algorithm and the relative angle histogram algorithm,
and then the feature points are located accurately by the
steady multiscale integral features, so the accuracy rate of
localization is improved greatly. The localization method
based on relative angle histograms has limitations, because it
locates feature points to a smaller range through comparing
the similarity of relative angle histograms and this method
is suitable for conspicuous feature points, while the accuracy
will be decreased for the inconspicuous feature points.

6. Conclusions

In this work we propose a method that combines the
relative angle histograms with the multiscale constraints for
localization of the feature points in a 3D face. The feature
point cluster set is determined through the cluster algorithm
and the relative angle histograms, and then feature points are
located accurately by the multiscale integral features, which
could avoid many wrong matches in the result caused by the
precision and similarity of the local geometrical character-
istic. Experimental results show that this method performs
well and the accuracy rate of localization is improved. But the
accuracy rate of localization is nonideal under the condition
of feature points on smooth part of a face, so this should be
the next research direction.
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