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Living systems are often maintained by information flows,
and, as such, they present interestingmathematical problems,
for instance, in themodeling and the analysis of spatial struc-
tures, self-organization, environmental interaction, behavior,
and development. Biomedical signals extract information
from the complex phenomena being measured, which are
typically a time series having both a regular and random
component. Solutions attempt to map general principles,
which are used to model how the living systems work. Many
researchers have been studying these problems because of
their interesting mathematical features and because of their
scientific importance. The focus of this special issue is the
mathematical analysis and modeling of time series in living
systems and biomedical signals. It is mostly interested in
the related new development of both theoretical study and
practical implementation, with either modeling, complexity,
statistics, or signal transformation in living systems.

This special issue includes papers, mainly on these
aspects: (1)modeling dynamical complexity in living systems,
(2) methods for analysis and characterization of dynamical
complexity, (3) biomedical signal analysis, and (4) biomedical
image analysis. The selected papers in this special issue
represent a good panel in recent challenges. They repre-
sent some of the most recent advances in many different
investigations devoted to the analysis of complexity in living
systems. They cannot be exhaustive because of the rapid
growth both of mathematical methods of signal analysis and
of the technical performances of devices. However, they aim

to offer a wide introduction on a multidisciplinary discipline
and to give some of themore interesting and original solution
of challenging problems.

There are papers in the category of modeling dynamical
complexity in living systems. Y. Ni et al. analyze epileptic
seizures using complex network. Y. Yang et al. report a
fingerprint encryption scheme based on irreversible function
and secure authentication. J. Shen et al. propose a biological
hierarchical model for underwater moving object detection.
X. Wang et al. give a survey of three-dimensional human
motion editing and synthesis.

In the category of methods for analysis of dynamical
complexity, nonlinear time series analysis and fractal analysis
are often used these years. G. Xu et al. suggest a DAQ-device-
based continuous wave near-infrared spectroscopy system
for measuring human functional brain activity. H.-T. Wu
et al. find the effects of first-time overnight CPAP therapy
for increasing the complexity of the patient’s physiological
system. I. Chifor et al. show mathematical methods for
assessing the prognostic of fixed partial dentures resulting
from evaluating a group of dental patients in Romania. J.
Hu et al. identify odd/even order binary kernel slices for
a nonlinear system using inverse repeat m-sequences. M.
Zhao et al. propose methods of feature quantification and
abnormal detection on cervical squamous epithelial cells.
J. Ma et al. propose a method of protein model classifi-
cation and retrieval using bag-of-visual-features. Q. Guan
et al. make three-dimensional simulation of scalp soft tissue
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expansion using finite element method. J. Zheng et al. show
a dimensionality reduction method by supervised neighbor
embedding using Laplacian search.

In the category of biomedical signal analysis, G. Vecchiato
et al. propose neuroelectrical correlates of trustworthiness
and dominance judgments related to the observation of polit-
ical candidates. S. M. Mousavi et al. use a wavelet transform
to determine depth of anesthesia to prevent awareness during
general anesthesia. H.-Y. Zheng et al. make a cross-language
study on the influence of tone inventory on ERPwithout focal
attention. A. Manosueb et al. report PLI cancellation in ECG
signal based on adaptive filter by usingWiener-Hopf equation
for providing initial condition.

This special issue also selected somepapers on biomedical
image analysis. P. L. Rodrigues et al. give automated image
analysis of lung branching morphogenesis from microscopic
images of fetal rat explants. H. Li et al. show the prediction
in computer color matching of dentistry based on GA+BP
neural network. R. Fan and X. Jin make controllable edge
feature sharpening for dental applications. J. Zhao et al. report
craniofacial reconstruction evaluation by geodesic network.
Y. Tian et al. study automatic blastomere recognition from
a single embryo image. L. Chen et al. propose a hierarchi-
cal mergence approach to cell detection in phase contrast
microscopy images.

As already mentioned, the topics and papers are not an
exhaustive representation of the area of biomedical signal
processing and modeling complexity of living systems. How-
ever, we believe that we have succeeded to collect some of
the most significant papers in this area aiming to improve the
scientific debate in this interdisciplinary field.
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Feature analysis and classification detection of abnormal cells from images for pathological analysis are an important issue for
the realization of computer assisted disease diagnosis. This paper studies a method for cervical squamous epithelial cells. Based
on cervical cytological classification standard and expert diagnostic experience, expressive descriptors are extracted according
to morphology, color, and texture features of cervical scales epithelial cells. Further, quantificational descriptors related to
cytopathology are derived as well, including morphological difference degree, cell hyperkeratosis, and deeply stained degree. The
relationship between quantified value and pathological feature can be established by these descriptors. Finally, an effective method
is proposed for detecting abnormal cells based on feature quantification. Integrated with clinical experience, themethod can realize
fast abnormal cell detection and preliminary cell classification.

1. Introduction

Cervical cancer is one of the most malignant tumors that
hazardwomen’s health, and themorbidity of cervical cancer is
rising consistently in recent years. Generally, the incubation
period before the real formation of cervical cancer is long,
and the early detection and confirmation can prevent it from
further deteriorating.

Due to the comparatively easy curing of cervical cancer in
the early stage, manual detection and identification become
necessary. Moreover, fatigue and subjective factors may con-
tribute to the improper diagnosis of cervical cancer [1–3].
Thus, it is necessary to build an efficient and highly accurate
automatic diagnosis system.

The methods of computer image processing and analysis
are applied to the study of cervical cell images, which mainly
concerns the preprocessing of original images, cell feature
extractions, classification of data, and the diagnosis outcome.
There are many related works in the literature. In [4], a bot-
tom-up searching method is applied to automatically exam-
ine cancer cells. It used 40 images, containing 149 cells, to
validate the high performance of their proposed method.

By using the method, all cells are classified into 41 abnormal
cells and 108 normal cells. In [5], a multilevel segmentation
method, which is applicable to abnormal nucleus detection
on cervical cells, is used to tackle the problems of the seg-
mentation of abnormal nucleus areas and the separation of
adhesion situations and cell clusters. Experimental results of
[5] show that this method can deliver a high detection accu-
racy.

In [6, 7], a cervical cancer detection method based on
pixel-level top-down feature extraction strategy and svm
(Support Vector Machine) feature classification is proposed.
In [8], the authors extracted the cell-level morphological and
luminosity features for classification, but the segmentation
result is not satisfying and may undermine the accuracy of
features. In [9], the authors proposed an automatic method
for cervical cancer cell segmentation and classification. The
authors used their proposed method to classify cervical cells
into four classes, that is, normal cells, LSIL (low-grade squa-
mous intraepithelial lesion), HSIL (high-grade squamous
intraepithelial lesion), and SCC (squamous cell carcinoma),
which are shown in Figure 1.
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Input data

Segmentation

Background Cytoplasm

Normal LSIL

Classification

HSIL

Nucleus

SCC

Figure 1: Cell categories. Roughly four categories: normal, low-
grade lesion, high-grade lesion, and cancer [9].

However, most previous works only took single or a few
cell images for analysis and the extracted features and analysis
results are restricted to specific application.

In this paper, the images are provided by pathologists,
which are used for lesion screening. In pathology domain,
cervical cancer can be divided into two categories, that is, cer-
vical adenocarcinoma and cervical squamous cell carcinoma.
Compared to cervical adenocarcinoma, cervical squamous
cell carcinoma is more common. Clinically, cervical cancer
mostly refers to cervical squamous cell carcinoma.This paper
is mainly concerned about the research on cervical epithelial
cells and 48 pathological images that are taken to the process
and analysis in our study.

In pathological diagnosis, liquid thin-layer cytology pro-
duction technology is applied to get cervical smears, from
which people can observe conveniently and obtain high-
quality microscopic images [10]. In Figure 2, there are many
images in different stages. The categories are defined in the
Bethesda system (TBS) [11].

In this paper, both feature quantification and abnormal
detection are based on TBS grading standards and expert
diagnosis experiences. According to the lesion degree, TBS
classifies cervical squamous epithelial cells into different cate-
gories, as shown in Figure 3. Details of TBS grading standards
are described below.

(1) Normal: normal stage, no lesions.

(2) ASC (atypical squamous cell): the subcategories are
ASC-US (ASC-undetermined significance) and ASC-
H (ASC cannot exclude HSIL).

(3) LSIL (low-grade SIL): expanded nucleus, the nucleus
is at least three times as big as normal nucleus, with
enlarged N/C (ratio between nucleus and cytoplasm),
commonly having binucleated and multinucleated
conditions, hyperchromatic and in homogeneous dis-
tribution, nucleus hyperkeratosis, and cytoplasm jac-
inth-dyed.

(4) HSIL (high-grade SIL): expanded nucleus the same
as LSIL, with reduced cytoplasm, more enlarged N/C
than LSIL, hyperchromatic, fine or coarse granules

are in homogeneous distribution, irregular nucleus
boundary, and the existence of nuclear grooves.

(5) SCC (squamous cell carcinoma): hyperchromatic and
in heterogeneous distribution, as well as meganu-
cleus.

Taking full advantage of images of practical lesion screen-
ing and specialists’ diagnostic experience canmake computer
assisted image analysis more valuable.

This paper is conducted under the assistance and instruc-
tions of pathologists.They also provide the cervical squamous
epithelial cell images. The two main contributions of our
study are summarized below.

One is cell feature quantification. Besides the commonly
used features, like size, N/C, circularity, compactness, and
color strength [12], some features related to pathology need to
be extracted, including abnormal morphology, hyperkerato-
sis, and deeply stained degree. The extracted feature descrip-
tors are related to cervical cell pathological descriptors,
making feature parametersmore valuable for further analysis.

Theother is abnormal cell detectionmethod based on fea-
ture quantification. Radiation propagation clusteringmethod
[13, 14] is applied to classify abnormal cells into different cat-
egories. Moreover, the research on the features of abnormal
cells can produce more information.

2. Methods

2.1. Acquisition of the Image Set. Due to the complexity of
pathological cell images, there are many overlapping and
aggregated situations, as well as the weak boundary problem
caused by uneven dyeing [15–18]. These serious situations
may lead to unsatisfactory segmentation outcome. In our
study, we apply manual segmentation approach to get the
informative regions.The standard of manual segmentation is
shown in Figure 4.

Taking Figure 2(c) image as an example, its related man-
ual segmentation results are shown in Figure 5.The informa-
tive sections of Figure 2(c) are the combination of Figure 5(a),
the cell regions, and Figure 5(b), the nucleus regions. After
morphological dilation, erosion, open, close, and filling oper-
ations, the corresponding binary maps [19] can be produced
with individual regions as shown in Figures 5(c) and 5(d).
The centroids are marked in red and each region is labeled
with numbers. Single cell image set and aggregation cell
image set are the storage of all the information.

Centroid locations can be used to determine which
nucleus region belongs to which cell region. The judgment
rule is the minimum distance between the centroid pair. The
regions in the same class have the same color label, as shown
in Figures 5(e) and 5(f). Cell image sets and nucleus image
sets are the foundations of feature extraction.

2.2. Quantification of Morphological Difference. The level of
difference is calculated mainly by the comparison between
abnormal cells and normal cells. In this paper, the level
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 2: Representation of cervical squamous epithelial cells in different categories of TBS. (a) Normal. (b) ASC-US. (c, d) LISL. (e, f) HISL.
(g, h) SCC.
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TBS
classification

Normal

ASC

SIL

SCC

ASC-US

ASC-H

LSIL

HSIL

Figure 3: TBS grading of cervical squamous epithelial cells [11].

of morphological difference is described by the feature
combination of the size of nucleus 𝐴, N/C 𝑃, circularity 𝐶,
compactness 𝐸, centroid position (𝑥

0
, 𝑦
0
), and the nucleus

boundary 𝑓(𝑥, 𝑦). The level of morphological difference can
help pathologists detect morphological abnormalities of a
single cell and help pathologists determine the lesion areas.

Themorphological difference degree can be composed of
two parts, which are the size difference degree and the shape
difference degree. The size difference degree is described by
the size of nucleus and N/C, which is mainly compared to
normal cells. The shape difference degree can be described
by circularity, compactness, and string distribution shape
descriptor.

2.2.1. Size Difference Degree. The ratio between the size of
abnormal nucleus and the size of normal nucleus; the ratio
between the N/C of abnormal cells and that of normal ones is
indicated by ∇𝑃. The corresponding equations are written as
follows:

∇𝐴 =
𝐴

𝐴 normal
,

∇𝑃 =
𝑃

𝑃 normal
,

(1)

where𝐴 normal and 𝑃 normal represent the size and N/C of
normal cells, respectively.𝐴 and𝑃 represent the size andN/C
of detected cells, respectively.

Based on pathology, we have the following.

Criterion 1. When the nucleus of the detected cell satisfies
the conditions that ∇𝑃 > 𝑃

0
or ∇𝐴 > 𝐴

0
, the detected cell

can be treated as abnormal and pathologists should not rule
out the possibility of lesion for further analysis. ∇𝑃

0
and ∇𝐴

0

represent the thresholds. In this paper, ∇𝑃
0
and ∇𝐴

0
are set

to 2 and 2.5, respectively.

2.2.2. Shape Difference Degree. Shape difference degree is
used for describing heteromorphic features of nucleus.Nucle-
uses of normal cells are in regularly circle shape, boat shape,
or shuttle shape. Abnormal shapes are observed in lesion
situations. Shape difference degree can be depicted in two

Cervical
epithelial cell

images

Background

Foreground
Cell region

Nucleus region

Single region
Aggregation region

Single region
Aggregation region

Figure 4: Definition of regions in cell images.

ways, both of which are related to pathology and described
by the following two criteria.

Criterion 2.When the shape of the detected cell satisfies that
𝐶 < 𝐶

0
or 𝐸 < 𝐸

0
, the cell can be determined as an

abnormal cell and pathologists cannot rule out the possibility
of its being lesion for further analysis. Here, 𝐶

0
indicates

the circularity of normal nucleus, while 𝐸
0
indicates the

compactness of normal nucleus. Each value is determined
by each weighted average value of a set of normal nucleus
and cells. The bigger the set, the higher the reliability of
thresholds is. In this paper, 𝐶

0
and 𝐸

0
are set to 0.8 and 0.7.

In Figure 6(a), 𝐶 is 0.7485 and 𝐸 is 0.6667, which satisfy
Criterion 2. Therefore, the cell in Figure 6(a) can be judged
as the abnormal one.

Criterion 3. When the string distribution of shape descriptor
of the detected cell satisfies𝑁 > 𝑁

0
, the cell is determined as

abnormal.
In this paper, 𝑁

0
is set to 4. The string distribution of

shape descriptor is based on the descriptor of nucleus bound-
ary. The shape descriptor can be extracted by the following
procedure. Given the binary maps, locating the nucleus posi-
tion (𝑥

0
, 𝑦
0
), to get the nucleus boundary by edge detection

algorithm. Starting from a randompoint in the boundary, the
distance 𝑑 between the point (𝑥, 𝑦) and nucleus centroid can
be calculated by traversing all points in the boundary.

The distance 𝑑 can be calculated as

𝑑 = √(𝑥
0
− 𝑥)
2
+ (𝑦
0
− 𝑦)
2
. (2)

The distance values can be represented in the Cartesian
coordinate. After using a high order polynomial function to
fit the points in each plane, the total number 𝑁 of all peaks
and valleys in each curve is counted as the string distribution
shape descriptor. The bigger 𝑁 is, the more complex the
nucleus shape is. From Figure 6(a) to Figure 6(c), 𝑁 values
of nucleus are 4, 4, and 6, respectively. In Figure 6(c), the
detected cell satisfies Criterion 2, so it can be determined as
abnormal.

2.3. Hyperkeratosis andDeeply Stained FeatureQuantification.
The phenomenon that cervical squamous epithelial cells turn
to jacinth after dyeing is called hyperkeratosis. It is commonly
seen in LSIL condition. From Figure 2(b) to Figure 2(d), we
can find that there are many cells in this situation.
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(a) (b)

(c) (d)

(e) (f)

Figure 5: Representation of regions. (a) Cell regions. (b) Nucleus regions. (c) Binary map of cell regions with red points as the cell centroids.
(d) Binary map of nucleus regions with red points as the nucleus centroids. (e, f) Region color labeling and the regions in (f) have the same
color as (e) have owner-member relationship.

Deeply stained nucleus feature is important for lesion
identification, especially for the judgment of cells on SCC
stage. The color strength 𝐼(𝑅, 𝐺, 𝐵) is used for the descriptor
of the feature. The strength is defined by the average of
𝑅 (read), 𝐺 (green), and 𝐵 (blue) values. The relationship
between the descriptors and pathological judgment can be
defined as follows.

Criterion 4. When the color strength 𝐼(𝑅, 𝐺, 𝐵) descriptor of
the detected cell satisfies {𝐼(𝑅, 𝐺, 𝐵) | (𝑅

𝑙0
< 𝑅 < 𝑅



𝑙0
)&(𝐺
𝑙0
<

𝐺 < 𝐺


𝑙0
)&(𝐵
𝑙0
< 𝐵 < 𝐵



𝑙0
)}, the cell is determined as abnor-

mal and its TBS grading level may possibly be LSIL.

Criterion 5. When the color strength 𝐼(𝑅, 𝐺, 𝐵) descriptor of
the detected cell satisfies {𝐼(𝑅, 𝐺, 𝐵) | (𝑅 < 𝑅

ℎ0
)&(𝐺 <

𝐺
ℎ0
)&(𝐵 < 𝐵

ℎ0
)}, the cell must have a deeply stained

phenomenon in most cases and its TBS grading level may
possibly be SCC.

In this paper, we set 𝑅
𝑙0
= 120, 𝑅

𝑙0
= 170, 𝐺

𝑙0
= 70, 𝐺

𝑙0
=

140, 𝐵
𝑙0
= 120, 𝐵

𝑙0
= 190, 𝑅

ℎ0
= 90, 𝐺

ℎ0
= 90, and 𝐵

ℎ0
= 190.

2.4. Abnormal Detection and Grading on Individual Cells.
Based on the features discussed above, a fast abnormal
detection method on cervical squamous epithelial cells is
proposed.The detection procedure follows the way that when
the feature of detected cell satisfies any criterion, the cell is
determined as abnormal and pathologists should not rule out
the possibility of its being lesion for further analysis.

The cervical squamous epithelial abnormal cells have the
traits, including the enlarged nucleus area, enlarged N/C,
heteromorphism, deeply stained and hyperkeratosis. Based
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Table 1: Abnormal cell detection based on AP algorithm with four indicators: the size of nucleus, N/C, circularity, and compactness.

(a)

Clustering Distance of samples
Criterion: the size of nucleus 𝐴

Categories I II III IV V VI
Number of clustering centers 33 8 31 20 27 23
Samples in the class 5, 6, 19, 22 1, 13 4, 7, 10, 12, 14, 18, 21, 28 2, 9, 11, 15, 16, 17, 26, 32 3, 24, 25, 34 29, 30
Scope of feature values (1.1, 1.4) (1.7, 1.9) (2.2, 2.9) (3.4, 3.9) (4.0, 4.5) (5.1, 6.2)
Feature thresholds ∇𝐴 < 2 2 < ∇𝐴 < 5 ∇𝐴 > 5

(b)

Clustering Distance of samples
Criterion: N/C

Categories I II III IV V VI
Number of clustering centers 17 5 8 26 12 25
Samples in the class 18, 19, 20, 21, 22, 31, 33 15, 32 4, 6, 27, 30 1, 2, 3, 9, 11, 14, 16 13, 24, 29 7, 10, 23, 28, 34
Scope of feature values (1.7, 4.7) (8.3, 9.3) (11.9, 15.2) (16.5, 19.9) (21.6, 25.5) (26.5, 31.1)
Feature thresholds 𝐶 > 0.8 𝐶 < 0.8

(c)

Clustering Distance of samples
Criterion: circularity

Categories I II III IV
Number of clustering centers 5 2 24 19
Samples in the class 1, 3, 4, 6, 8, 9, 11, 12, 13, 15, 16, 18, 20, 21, 22, 26, 28 17, 29, 30, 32 7, 10, 14, 25, 27, 33, 34 23, 31
Scope of feature values [0.8, 0.9] [0.8, 0.8] [0.8, 0.8] [0.5, 0.7]
Feature thresholds 𝐶 > 0.8 𝐶 < 0.8

(d)

Clustering Distance of samples
Criterion: compactness

Categories I II III IV
Number of clustering centers 33 29 23 26
Samples in the class 4, 7, 15, 19, 30, 31, 32 1, 6, 17, 28 8, 11, 14, 18, 20, 27, 34 2, 3, 12, 22, 24
Scope of feature values [0.5, 0.7] [0.8, 0.8] [0.8, 0.9] [0.9, 0.9]
Feature thresholds 𝐸 < 0.7 𝐸 > 0.7

on the experiences of pathologists, using nucleus area and
N/C, most abnormal cells can be easily identified.

In this paper, Criterion 1 is first applied and then the
cell is judged by Criteria 4, 5, 2, and 3, successively. Affinity
propagation (AP) algorithm is implemented for further anal-
ysis on the detected abnormal cells. Aiming at simplifying
dataset and performing classification to realize preliminary
grading of abnormal cells, the AP algorithm can classify large
amount of data directly without the predefined number of
classes and preset centers. It is aimed at simplifying dataset
and doing further classification based on clustering centers
to realize preliminary grading of abnormal cells.

The generated clustering centers can be used as sample
centers for further data analysis. Pathologists only need to
make further analysis on the sample centers and therefore
the screening efficiency can be highly improved. Because
different parameters have different weights for identification,
these parameters cannot be mixed up.

In our study, we take different features respectively to
form sample distance with AP algorithm. Each sample center

and corresponding feature threshold can be obtained. Our
proposed fast abnormal detection method realizes prelimi-
nary grading on abnormal cell samples among three cate-
gories, which are LSIL, HSIL, and SCC.

3. Experiments and Results

From the image sets of cervical squamous epithelial cells,
we randomly select 40 cells. After feature quantification on
cell images and nucleus images, our proposed fast abnormal
detection method is applied to cells classification. The 40
cells are classified into 34 abnormal cells and 4 normal cells.
The detection result is shown in Figure 7 and the detection
accuracy is 100%. Experimental results show that the abnor-
mal detectionmethod on cervical squamous epithelial cells is
efficient and effective.

Applying AP algorithm to the quantified features of the
36 abnormal cells, we get sample centers, which are shown
in Tables 1 and 2. The classification thresholds can be set by
the results of AP algorithm. In Criterion 1, ∇𝑃

0
= 2 and
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Table 2: Abnormal cell detection based on AP algorithm in RGB color space.

(a)

Clustering Distance of samples
Criterion: the 𝑅 value in RGB color space

Categories I II III IV V
Number of clustering centers 34 14 19 33 7
Samples in the class 1, 2, 10, 24, 25, 23 9, 13, 17, 28, 29, 31, 32 3, 4, 6, 8, 11, 12, 16, 18, 20, 27, 30 5, 21, 22, 26 15
Scope of feature values [28, 55] [62, 84] [91, 111] [133, 154] [172, 176]

Feature thresholds 𝑅 < 90 90 < 𝑅 < 120 120 < 𝑅 < 170 𝑅 > 170

(b)

Clustering Distance of samples
Criterion: the 𝐺 value in RGB color space

Categories I II III IV
Number of clustering centers 31 2 33 3
Samples in the class 18, 23, 24, 25, 27, 32 1, 10, 21, 22, 28, 34 4, 5, 9, 13, 14, 20, 29 6, 7, 8, 11, 12, 15, 16, 17, 19, 26, 30
Scope of feature values [41, 66] [70, 83] [95, 120] [126, 203]

Feature thresholds 𝐺 < 70 70 < 𝐺 < 120 𝐺 > 120

(c)

Clustering Distance of samples
Criterion: the 𝐵 value in RGB color space

Categories I II III IV V
Number of clustering centers 18 25 14 20 19
Samples in the class 23, 24, 27 2, 10, 21, 22, 28, 31, 32, 34 1, 5 4, 9, 13, 16, 26, 29, 33 3, 6, 7, 8, 11, 12, 15, 17, 30
Scope of feature values [87, 110] [120, 140] [148, 167] [185, 199] [207, 252]

Feature thresholds 𝐵 < 120 120 < 𝐵 < 190 𝐵 > 200

Table 3: Preliminary classification outcome of abnormal cells.

Lesion
grading

Outcome of
detection and
classification

Actual
classification

Actual category: LSIL Actual category: HSIL Actual category: SCC
Misclassified
category:
HSIL

Misclassified
category:
SCC

Misclassified
category:
LSIL

Misclassified
category:
SCC

Misclassified
category:
LSIL

Misclassified
category:
HSIL

LSIL 5, 17, 18, 19, 20,
21, 22, 31, 32, 33

17–22
30–33 — — 5 — — —

HSIL 1, 3, 6, 7, 8, 11, 12,
13, 15, 16, 26, 30 1–16 30 — — — — —

SCC 2, 4, 9, 10, 14, 23, 24,
25, 27, 28, 29, 34

23–29
34 — — — 2, 4, 9, 10, 14 — 26

∇𝐴
0
= 2.5. In Criterion 2,𝐶

0
= 0.8 and𝐸

0
= 0.7. In Criterion

4, 𝑅
𝑙0
= 120, 𝑅

10
= 170, 𝐺

𝑙0
= 70, 𝐺

𝑙0
= 140, 𝐵

𝑙0
= 120, and

𝐵


𝑙0
= 190. In Criterion 5, 𝑅

ℎ0
= 90, 𝐺

ℎ0
= 90, and 𝐵

ℎ0
= 190.

The cervical squamous epithelial cells are classified into
three categories and the classification results are shown in
Table 3. In the detection and identification of abnormal cells,
cells in SCC stage can be easily detected, which satisfy the
features of deeply stained, enlarged area, and N/C. More
specifically, when the parameters of cell features satisfy that
𝑅 < 120, 𝐺 < 120, 𝐵 < 200, ∇𝐴 > 2, and ∇𝑃 > 10 at the same
time, the detected cell is the abnormal one and is possibly
cancer. There are two main differences between LSIL and
HSIL. The first is that the N/C of LSIL cells is smaller than
that of HSIL cells, while the second is that HSIL cells have

heteromorphic features and HSIL cells have deeply stained
nucleus phenomenon. Thus, when the parameters of cell
features satisfy that 𝐶 < 0.8 and 𝐸 < 0.7 at the same time
or ∇𝑃 < 5, 𝑅 < 170, 𝐺 < 120, and 𝐵 < 200 at the same time,
the detected cell is abnormal and its possibility of being in the
LSIL stage cannot be ruled out. After the determination of all
LSIL and HSIL cells, the rest of undetermined abnormal cells
cannot rule out the possibility of being in the HSIL stage.

Based on the experimental results in Table 3, the grading
accuracy of abnormal cells is 76.47%. A small amount of
misclassification can be tolerable, which is mainly due to two
practical facts. First, cells in more severe stages cannot be
ruled out the possibility of being in the comparatively less
severe stages. In practical application, cells in SCC stage may
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Figure 6: The shape difference descriptor on nucleus. (a, b, c) all are individual cells stored in cell image set. (d, e, f) Corresponding binary
maps with red centroid marks. (g, h, i) Point sets and curve fitting.

be classified as HSIL or LSIL cells and cells in HSIL stage may
be classified as LSIL cells. Thus, sample 5 and sample 26 are
misclassified. Second, cells in less serious stages misclassified
into more serious stages make no negative influence on early
treatments.

4. Conclusion

This paper presents the study on feature quantification and
abnormal detection on cervical squamous epithelial cells.

Two main aspects are accomplished. First, on the foundation
of stored cell image sets and integrating with various feature
descriptors, we extract quantified features of individual cells
and aggregation cells. These feature descriptors can convert
images into data information and are used for building
criteria. Second, a fast abnormal cell detection method is
proposed.Themethod takes advantage of clinical experiences
and can realize the detection and identification of individual
cells. Integrated with pathological experiences about feature
quantification and criteria, the detection accuracy is high, but
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Figure 7: The detection results of individual cells.

the segmentation and classification of cell images need more
substantial work to improve their design and effectiveness.
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A fingerprint encryption scheme based on irreversible function has been designed in this paper. Since the fingerprint template
includes almost the entire information of users’ fingerprints, the personal authentication can be determined only by the fingerprint
features.This paper proposes an irreversible transforming function (using the improved SHA1 algorithm) to transform the original
minutiae which are extracted from the thinned fingerprint image. Then, Chinese remainder theorem is used to obtain the biokey
from the integration of the transformed minutiae and the private key. The result shows that the scheme has better performance on
security and efficiency comparing with other irreversible function schemes.

1. Introduction

Biometric feature recognition is the technology using differ-
ent biometric features or personal behaviors from an indi-
vidual to identify one person. Comparing to other biometric
features, fingerprint recognition technology hasmany advan-
tages. It is common, stable, and precise and cannot be easily
faked. The probability of finding two selfsame fingerprints
is merely one in five billion. Therefore, it becomes the most
widely applied technology in the biometric feature recog-
nition field, and it makes life more convenient and secure.
However, since the fingerprint recognition has been applied
in many fields, more and more attackers have emerged
and the security has been fiercely threatened. Furthermore,
fingerprint will stay the same in all lifetime, which means,
in case the fingerprint information has been revealed, it
is no longer safe permanently. To assure the security of
fingerprint recognition, fingerprint encryption technology
has been developed.

There are some significant achievements on Fuzzy Vault
in the past several years. In 2002, the conception of Fuzzy
Vault was proposed by Juels and Sudan [1], who provide
an effective private key combining algorithm. Then, the
biometric encryption becomes a hot issue in the world.
Based on that, Clancy et al. [2] bring up the conception

of “fingerprint vault” although the hypothesis of its noise
distribution may not be practicable. Uludag and Jain give the
definition of Fuzzy Vault for fingerprint [3] and point out that
the fingerprint vault in Clancy’s authentication algorithmwill
be affected if the image has beenmoved or rotated.Theyfirstly
use the helper data to verify the fingerprint.

All of these researches have not considered the security of
fingerprint template itself. Subsequently, Nandakumar et al.
[4] propose a Fuzzy Vault encryption algorithm based on
password where the transformed fingerprint vault stores the
transformed minutiae, not the original ones. The system
is under double protection and the private key will not
be revealed until the attackers have breached this double
protection at the same time. Caixia and Lin [5] encrypt the
minutiae with password. Their encryption algorithm is just
to do simple exclusive-or calculation to the coordinate of
each minutia, and then joint the transformed minutiae in
series. However, the property of irreversibility has not been
proved in their paper. Zhang et al. [6] propose a cancelable
fingerprint Fuzzy Vault scheme and build an irreversible
function based on password. Then, they use the transformed
minutiae to compose the fingerprint vault. The principal
part of the irreversible function is SHA256 which cannot
guarantee the irreversibility. In order to decrease the FRR
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(false reject rate) and FAR (false accept rate), the time
complexity is increased in all above-mentioned Fuzzy Vault
scheme based on password.

This paper is organized as follows. Firstly, the minutiae
are extracted from the thinned fingerprint image. In order
to weaken the influence from noises, a threshold is set to
remove the fake minutiae. Secondly, an irreversible function
is designed to protect the security of fingerprint. At last,
the Chinese remainder theorem (CRT) is used for both the
private key binding and the private key recovering. Then, the
cancelable fingerprint vault is encrypted in order to guarantee
the security of private key and fingerprint vault in storage.

2. Preliminary

2.1. Fuzzy Vault. The Fuzzy Vault algorithm can be divided
into two steps. Figures 1 and 2 show the encryption processing
and decryption processing of Fuzzy Vault, respectively.

Encryption. 𝑆 is the private key. It is encrypted by user 1 with
vault 𝐴 (short for fingerprint vault 𝐴). Firstly, 𝑆 is divided
into 𝑛 average parts; each part becomes a coefficient of the
polynomial. Use that polynomial to calculate𝑃(𝐴) and obtain
the pair set (𝐴, 𝑃(𝐴)).Then, a large amount of random noises
are created (the number of noises is 10 times larger than the
real minutiae); the real minutiae and noises are mixed up to
compose vault 𝐴.

Decryption. In order to obtain the private key that user 1 hides
in vault 𝐴, user 2 has to guarantee that set 𝐵 used to unlock
vault 𝐴 has enough superposition with vault 𝐴. Otherwise, it
is quite difficult to rebuild the polynomial 𝑃. Finally, the RS
code is used for decreasing the noise.

2.2.TheHash Function. Thehash function has been deployed
as an important component in information security and
cryptography. It takes a message 𝑀 less than 264 bits and
produces a hash value with fixed length. It can be defined as
follows:

𝐻 : 𝑀 → ℎ. (1)

A good hash function should be irreversible and anticol-
lision.

If a hash function is anti-strong collision, it is also
irreversible. Assume that ℎ is a hash function and Λ is the
oracle which can obtain 𝑥 when the input 𝑦 = ℎ(𝑥) is
given. In other words, this oracle can break the property of
irreversibility and can obtain another 𝑥

0
to the same input

where 𝑦 = ℎ(𝑥
0
). Since the input of hash function is random,

a strong collision of ℎ is found when 𝑥 ̸= 𝑥
0
.

There are some common hash functions, such as MD,
RIPEMD, and SHA. The SHA1 algorithm has been designed
by NIST in 1995. It has been applied widely. The following is
the process of SHA1.

Step 1. The input message should be padded and then
processed in 512-bit blocks. Each block is divided into 16
parts of 32-bit length, and finally obtain 80 message words
𝑊[𝑗] (0 ≤ 𝑗 ≤ 79).

Step 2. Initialize the five 32-bit registers 𝐴, 𝐵, 𝐶, 𝐷, and 𝐸 as
the temporary memorizer of the 160-bit output.

Step 3. There are 80 iterations in 4 rounds where each round
has 20 iterations.The iteration of the 𝑗th step in the 𝑖th round
can be described as

𝐴
𝑗+1
= (𝐴

𝑗
𝑅𝑂𝑇𝐿

5
) + 𝑓
𝑖
(𝐵
𝑗
, 𝐶
𝑗
, 𝐷
𝑗
) + 𝐸
𝑗
+𝑊[𝑗] + 𝐾

𝑖
;

𝐵
𝑗+1
= 𝐴
𝑗
;

𝐶
𝑗+1
= 𝐵
𝑗
𝑅𝑂𝑇𝐿

30
;

𝐷
𝑗+1
= 𝐶
𝑗
;

𝐸
𝑗+1
= 𝐷
𝑗
.

(2)

𝑅𝑂𝑇𝐿
𝑤 denotes a left bit rotation by 𝑤 places, 𝑊[𝑗] is the

expanded message word of round 𝑗, and 𝐾
𝑖
is the round

constant of round 𝑖. 𝑓
𝑖
(𝐵
𝑗
, 𝐶
𝑗
, 𝐷
𝑗
) is a nonlinear function

which is different in 4 rounds.

Step 4. The 160-bit output of the last block becomes the input
of the next block. After processing the last block, the registers
𝐴, 𝐵, 𝐶,𝐷, and 𝐸 add their original value, respectively. Then,
the 160-bit chaining variable is the final outcome of SHA1.

2.3. The Small Integer Solution Problem 𝑆𝐼𝑆
𝑝,𝑚,𝜒

. Let 𝑘 be the
security parameter. Define an integer 𝑝, a matrix 𝐹 ∈ 𝑍

𝑘

𝑝
,

and a real number 𝜒. The solution of this problem is to find
a nonzero integral vector 𝑧 ∈ 𝑍𝑚 (‖𝑧‖ ≤ 𝜒), which makes
𝐹 × 𝑧 = 0 mod 𝑝.

2.4. The 𝐺𝐴𝑃𝑆𝑉𝑃
14𝜋√𝑘𝜒

Problem. Let 𝑘 be the security para-
meter. The input of 𝐺𝐴𝑃𝑆𝑉𝑃

14𝜋√𝑘𝜒
is a 𝑘-dimension lattice

with the basis of 𝐵. If 𝜆(𝐵) ≤ 𝑑, the output is “YES.” If 𝜆(𝐵) >
𝛾 × 𝑑, 𝛾 > 1, the output is “NO.”

To any random polynomial function 𝜒(𝑘), 𝑚(𝑘), 𝑝(𝑘) =
𝑘
𝑂(1), if 𝑝 ≥ 4√𝑚𝑘

1.5
𝜒 and 𝛾 = 14𝜋√𝑘𝜒, the security of

𝐺𝐴𝑃𝑆𝑉𝑃
𝛾
is equivalent to the difficulty of 𝑆𝐼𝑆

𝑝,𝑚,𝜒
.

2.5. CRT. CRT is one of the famous theorems in mathemat-
ics. It can be described as follows. Let 𝑀 = 𝑚

1
× 𝑚
2
×

⋅ ⋅ ⋅×𝑚
𝑘
.These 𝑘 positive integers𝑚

1
, 𝑚
2
, . . . , 𝑚

𝑘
are relatively

prime to each other. For any big integer 𝑋 mod 𝑚
𝑖
=

𝑎
𝑖
(𝑖 = 1, 2, . . . , 𝑘), it can be calculated as 𝑋 = (∑

𝑘

𝑖=1

(𝑀/𝑚
𝑘
)𝑒
𝑘
𝑎
𝑘
) mod𝑀, where (𝑀/𝑚

𝑖
)𝑒
𝑖
= 1 mod 𝑚

𝑖
.

3. The Proposed Irreversible Fingerprint
Encryption Scheme

In order to resist the multiple templates attack, a cancelable
Fuzzy Vault scheme based on irreversible function has
been proposed in this section. Firstly, the real minutiae are
extracted from the registered fingerprint image, and then
an irreversible function using different parameters has been
designed. An improved SHA1 function has been proposed to
transform the original minutiae. In the following section, the
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Figure 1: Encryption of Fuzzy Vault for fingerprint.
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Figure 2: Decryption of Fuzzy Vault for fingerprint.

positive integers which are relatively prime to each other are
created, and the CRT is used to combine the private key with
the transformed fingerprint vault and finally the cancelable
fingerprint vault is obtained.

3.1. The Improved Fingerprint Minutiae Extraction Algorithm

3.1.1. The Traditional Minutiae Extraction Algorithm. The
minutiae extraction algorithm canmainly be divided into two
different categories: extracting minutiae from the thinned
fingerprint image or extracting minutiae from the original
fingerprint image directly. Besides, [7] also provides a new
image extracting method. The disadvantage of the first cate-
gory is that it will create lots of fake minutiae and consume a
lot of time. The disadvantage of the second category is that it
has a poor performance on low-quality fingerprint image.

Since the low-quality images are very common, this paper
extracts minutiae from the thinned fingerprint image. As

P1 P2 P3

P4

P5P6P7

P8 P

Figure 3: The 8 adjacent pixels of 𝑃.

shown in Figure 3, let 𝑃 be the object pixel, and then there
are 𝑃
1
, . . . , 𝑃

8
surrounding it. These eight points are defined

as the eight adjacent pixels of 𝑃.
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Table 1: The contrast between the traditional algorithm and this paper (in 20 images).

Minutiae detected Fake minutiae Lost minutiae FAR FRR
Based on thinned fingerprint image 496 66 21 14.6% 4.7%
After removing the fake minutiae 411 4 44 0.9% 9.8%

Burr

Conjoint lines

Short line

Hole

Gap

Figure 4: Noises of the thinned fingerprint image.

Define

𝑇sum (𝑃) =
8

∑

𝑖=1

𝑃
𝑖
,

𝑇sub (𝑃) =
8

∑

𝑖=1

𝑃𝑖+1 − 𝑃𝑖
 (𝑃9 = 𝑃1) .

(3)

For any random pixel 𝑃, if 𝑇sum(𝑃) = 1 or 𝑇sub(𝑃) = 2, 𝑃
is the termination minutia of the ridge line. If 𝑇sum(𝑃) = 3 or
𝑇sub(𝑃) = 6, 𝑃 is the bifurcation minutia of the ridge line.

3.1.2. The Removal of Fake Minutiae. The minutiae after
extractionmay containmany fakeminutiae. In this paper, the
fake minutiae can be removed after the minutiae extraction
from the thinned fingerprint image. Defining a threshold 𝐷,
when the distance of any two minutiae is less than 𝐷, these
two minutiae should be removed as follows.

(1) If the two minutiae are both termination minutiae
and have almost the same orientation, these two fake
minutiae are formed from short lines or gap.

(2) If the two minutiae are both bifurcation minutiae,
these two fake minutiae are formed from holes or
conjoint lines.

(3) If one minutia is a termination minutia and the other
is a bifurcation minutia, these two fake minutiae are
formed from burr.

All the above-mentioned fake minutiae have been shown
in Figure 4.

As it is shown in Table 1, although the fake minutiae
removal processing will remove a few real minutiae, it

can remove almost the entire fake minutiae and thereby
effectively decrease the FAR.

The noise can also be characterized by data processing
which aims to extract useful information from mass data
and eliminate redundancy. Li [8, 9] proposes a class of
negatively fractal dimensional Gaussian random functions to
eliminate the useless data. The properties of the generalized
Cauchy distribution have been analyzed in his earlier paper
[10]. Cattani et al. have built a low-complexity separable
mathematical model, and then they discuss the efficiency in
their paper [11]. The noise in fingerprint can be suppressed
once its character is extracted.

3.2. The Irreversible Function

3.2.1.The ImprovedHash Function. Here is an essential on the
collapse to SHA1. As long as step function (4) can be denoted
by a formula containing message word𝑊[𝑗], the differential
can always be eliminated gradually by modular differential
method. In 2005, ProfessorWang et al. [12] successfully found
a local collision and consequently obtained the collision to
SHA1 with less time complexity than the birthday attack.The
local collision in the second round iteration of SHA1 can be
shown as follows.

The step function of SHA1 in the second round is

𝐴
𝑗+1
= (𝐴

𝑗
𝑅𝑂𝑇𝐿

5
) + (𝐵

𝑗
⊕ 𝐶
𝑗
⊕ 𝐷
𝑗
) + 𝐸
𝑗
+𝑊[𝑗] + 𝐾

2
;

(4)

𝐵
𝑗+1
= 𝐴
𝑗
; (5)

𝐶
𝑗+1
= 𝐵
𝑗
𝑅𝑂𝑇𝐿

30
; (6)

𝐷
𝑗+1
= 𝐶
𝑗
; (7)

𝐸
𝑗+1
= 𝐷
𝑗
. (8)

Suppose there is no differential from the beginning to the
(𝑗 − 1)th step of the second round. Then, in the 𝑗th step of
the second round, a 1-bit differential is brought in. The first
bit of the register 𝐴 changes from 0 to 1 (or 1 changes to
0). According to formulae (4)–(8), it is obvious that there
is merely differential in register 𝐴. In registers 𝐵, 𝐶, 𝐷, and
𝐸, there will only be the evaluation or circularly left-shift
calculation, which cannot create any differential. Formula
(4) contains the message word𝑊[𝑗]; therefore,𝑊[𝑗] can be
denoted by

𝑊[𝑗] = 𝐴
𝑗+1
− (𝐴
𝑗
𝑅𝑂𝑇𝐿

5
) − (𝐵

𝑗
⊕ 𝐶
𝑗
⊕ 𝐷
𝑗
) − 𝐸
𝑗
− 𝐾
2
.

(9)

In this formula, the differential in the right side can be
inferred from the last chaining variables. The attacker can
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Table 2: An example of local collision.

Step 𝐴 𝐵 𝐶 𝐷 𝐸 𝑊[𝑗]

𝑗 1
𝑗 + 1 1 6
𝑗 + 2 1 1
𝑗 + 3 31 31
𝑗 + 4 31 31
𝑗 + 5 31 31
𝑗 + 6

+

+

+ +

f

⋘30

⋘5

⋘17

A EDCB

A EDCB

Kj
W[j]

W[j]

Figure 5: The iteration of improved SHA1.

modify the message word 𝑊[𝑗] to eliminate the differential
step by step. According to Table 2, the differential of step 𝑗
can be eliminated gradually in step 𝑗 + 6.

In Table 2, 𝑊[𝑗] indicates the bits which the attacker
modifies in𝑊[𝑗].

The security has been fiercely threatened by above-
mentioned local collision and therefore the SHA1 algorithm
should be improved to resist this modular differential attack.
Consequently, an anticollision SHA1 algorithm has been
proposed. In this paper, formula (4) has been changed into

𝐴
𝑗+1
= ((𝐴

𝑗
+𝑊[𝑗]) 𝑅𝑂𝑇𝐿

5
) + 𝑓
𝑗
(𝐵
𝑗
, 𝐶
𝑗
, 𝐷
𝑗
)

+ ((𝐸
𝑗
+𝑊[𝑗]) 𝑅𝑂𝑇𝐿

17
) + 𝐾
𝑗
.

(10)

Formulae (5)∼(8) remain unchanged. In formula (10),
since there are two message words in 𝐴

𝑗+1
, it becomes very

difficult to denote 𝑊[𝑗] by a formula. 17 (the circularly
left-shift bit in formula (10)) is relatively prime to 5, 30
(the circularly left-shift bit in formulae (4) and (6)), and
32 (the length of chaining variables). In this condition, it
becomes more difficult to eliminate the modular differential
by modular differential attack. The iteration of improved
SHA1 has been shown in Figure 5.

3.2.2. The Construction of Minutiae Irreversible Transform-
ing Function. Suppose the minutiae set is {𝑥

𝑖
, 𝑦
𝑖
, 𝜃
𝑖
}, 𝑖 =

1, 2, . . . , 𝑘. (𝑥
𝑖
, 𝑦
𝑖
) and 𝜃

𝑖
are the coordinate and orientation

of the 𝑖th real minutia, respectively. The value of minutiae

can be set into an appropriate range according to different
requirements. In this paper, the value of 𝑥

𝑖
, 𝑦
𝑖
, 𝜃
𝑖
is restricted

from 0 to 255 (let 𝑞 = 256).
Let 𝑅 be a random number, and let𝑀 be a �̃� × 𝑛matrix.

In this paper, the size of𝑀 has been defined as 3 × 3. Firstly,
calculate ℎ = 𝐻(𝑅), where the hash function is the improved
SHA1 algorithm described in Section 3.2.1. The length of ℎ
is 160 bits. Then, create a three-dimensional array (𝑎, 𝑏, 𝑐).
Define the lowest bit of ℎ as bit 1, and 𝑎 is a 24-bit variable
created from the first 24 bits of ℎ. The variables 𝑏 and 𝑐 are
created from bits 25–48 and bits 49–72 of ℎ, respectively.

Afterwards, execute the following transforming to every
minutia {𝑥

𝑖
, 𝑦
𝑖
, 𝜃
𝑖
}, 𝑖 = 1, 2, . . . , 𝑘, as follows:

(

𝑢
𝑖

V
𝑖

𝜑
𝑖

) = [

[

𝑀(

𝑥
𝑖

𝑦
𝑖

𝜃
𝑖

) + (

𝑎

𝑏

𝑐

)]

]

mod 𝑞. (11)

The transformed set {𝑢
𝑖
, V
𝑖
, 𝜑
𝑖
}, 𝑖 = 1, 2, . . . , 𝑘, is

treated as the new real minutiae set. Randomly choose
𝑅 = 𝑖𝑠𝑐𝑏𝑢𝑝𝑡, 𝑀 = [

1 2 1

1 2

1

] (different parameters
can be chosen in other applications), and (𝑎, 𝑏, 𝑐)

can be obtained using the improved SHA1. Then,
ℎ = DFEC03870B9D479F7E56AD6A0CECE62724D8F984,
{
𝑎=𝐷8𝐹984

𝑏=𝐸62724

𝑐=6𝐴0𝐶𝐸𝐶

. Figures 6(b) and 6(d) are the contrary between
the original minutiae and transformed minutiae from the
same fingerprint image in Figure 6(a).

3.3.The Fingerprint Encryption Algorithm. 𝑛 positive integers
which are relatively prime to each other are chosen in
the encryption processing. During the decryption process-
ing, CRT is used to obtain the private key from the pair
set (𝑎

𝑖
, 𝑓(𝑎
𝑖
)). Assuming that the transformed minutiae of

Section 3.2 are (𝑥, 𝑦, 𝜃), the combination of 𝑥, 𝑦, 𝜃 in series
[𝑥 | 𝑦 | 𝜃] is defined as 𝑎

𝑖
, whose length is 24 bits.

3.3.1. The Private Key Combining. Assume that the private
key is 𝐾. Let 𝑚

1
, 𝑚
2
, . . . , 𝑚

𝑛
be 𝑛 positive integers which

are relatively prime to each other. One has 𝑀
0
= 𝑚

1
,

𝑚
2
, . . . , 𝑚

𝑛
, 𝑀
𝑖
= 𝑀
0
/𝑚
𝑖
(1 ≤ 𝑖 ≤ 𝑛).

Define 𝑘
𝑖
= 𝐾 mod 𝑚

𝑖
(𝑖 ∈ [1, 𝑛]). (𝑘

𝑖
, 𝑚
𝑖
) is called

a recovering pair. Take 𝑘
𝑖
as coefficients to obtain the

polynomial 𝑓(𝑥) = ∑𝑛−1
𝑗=0
𝑘
𝑗
𝑥
𝑗
= 𝑘
0
+ 𝑘
1
𝑥 + ⋅ ⋅ ⋅ + 𝑘

𝑛−1
𝑥
𝑛−1

and use the pair (𝑎
𝑖
, 𝑓(𝑎
𝑖
)) to form the real minutiae set 𝐶 =

{(𝑎
𝑖
, 𝑓(𝑎
𝑖
))}
𝑙

𝑖=1
. 𝑙 is the number of real minutiae.

Choose the noise pair (𝑏
𝑖
, 𝑐
𝑖
) andmake sure 𝑏

𝑖
̸= 𝑎
𝑖
, 𝑓(𝑏
𝑖
) ̸=

𝑐
𝑖
. Then, obtain the fake minutiae set 𝑃 = {(𝑏

𝑖
, 𝑐
𝑖
)}
𝑡

𝑖=𝑙+1
. 𝑡 is the

sumof fakeminutiae and realminutiae.Then, define the vault
set as 𝑉 = 𝐶 ∪ 𝑃 = {𝑋

𝑖
, 𝑌
𝑖
}
𝑡

𝑖=1
.

3.3.2. Private Key Recovering. Compare the fingerprintminu-
tiae after being transformed in Section 3.2 with minutiae in
vault 𝑉. If there are coincident minutiae between these two
sets, then these minutiae should be put into the unlocking set
𝑈. If there are over 𝑛minutiae in𝑈, the legal user can rebuild
the polynomial 𝑓(𝑥) = ∑𝑛−1

𝑗=0
𝑘


𝑗
𝑥
𝑗
= 𝑘


0
+ 𝑘


1
𝑥+ ⋅ ⋅ ⋅ + 𝑘



𝑛−1
𝑥
𝑛−1

and then use CRT to recover 𝐾 through the recovering pair
(𝑘


𝑖
, 𝑚
𝑖
).
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Figure 6: The original fingerprint image and its minutiae. (a) The original fingerprint image. (b) The minutiae of the original minutiae. (c)
The minutiae after transforming. (d) The combination of two templates.

4. Experimental Analyses

This chapter has discussed the efficiency and the security
of irreversible transforming and the security of fingerprint
encryption algorithm.

4.1. The Efficiency Analysis of Improved SHA1. In the
improved SHA1, the complexity has been slightly increased
because of the extra circularly left-shift and additional cal-
culation. In a computer with Intel (R) Pentium (R) D CPU
3.0GHz and RAM 512M, the hash value is calculated for
the same character string “iscbupt” with two different hash
functions. The running time of improved SHA1 and original
SHA1 has been shown in Figure 7(a).

The running time is different when we use different
inputs. According to Figure 7(b), the running time of SHA1
increases linearly when the file size is increased. Comparing
to the original SHA1, the running time of improved SHA1 has
been increased by nearly 8%.

4.2. Security Analysis of Irreversible Transforming. Reference
[13] indicates that properties of irreversible transforming are
required as follows.

(1) Irreversibility: if the attacker has no idea of the trans-
forming function and the parameters, he cannot recover the
original fingerprint vault from the transformed fingerprint
vault. The differential in the original SHA1 can be transferred
to the highest bit and then be eliminated in some certain
steps. Therefore, a collision is found. Relatively, step function
(9) in improved SHA1 has two message words𝑊[𝑗]. Accord-
ing to Table 4, there are two different circularly left-shift
calculations which makes it difficult to move the differential
to the highest bit and therefore eliminate the differential.
Even if the attacker can eliminate 1-bit differential, it will
create a 2-bit new differential. If the differential has not been
eliminated in time, the formula containing𝑊[𝑗]will become
more complex and make the attacker even harder to find a
collision (Table 3).

In this paper, Blank
1
= 32, 30, 10, 8, 26, 6, Blank

2
= 17,

15, 27, 25, 11, 23.
In addition, since the irreversible function contains mod-

ule calculation, the data has been transformed from the
domain (0 ∼ 2

24
) to a smaller domain (0 ∼ 256). This

reflection froma domain to a smaller domain can increase the
uncertainty. It seems that the irreversible function proposed
by this paper has great irreversibility. The security proof has
been shown as follows.



Computational and Mathematical Methods in Medicine 7

1 2 3 4 5 6 7 8 9 10

×10
−3

Sequence number

Ru
nn

in
g 

tim
e (

m
s)

Improved SHA1

Original SHA1

8

8.2

8.4

8.6

8.8

9

9.2

9.4

9.6

9.8

10

(a)

Improved SHA1

Original SHA1

Ru
nn

in
g 

tim
e (

m
s)

0 5 10 15 20 25 30 35

0

500

1000

1500

Size of the message file (M)

(b)

Figure 7: (a) The comparison between improved SHA1 and original SHA1. (b) The efficiency of improved SHA1 and original SHA1.

Table 3

ℎ (160 bits)
160 ⋅ ⋅ ⋅ 73 72 ⋅ ⋅ ⋅ 49 48 ⋅ ⋅ ⋅ 25 24 ⋅ ⋅ ⋅ 2 1

𝑐 (24 bits) 𝑏 (24 bits) 𝑎 (24 bits)

According to Section 2.2, the most important property of
a hash function is anti-strong collision. In other words, if the
hash function possesses the property of anti-strong collision,
it also possesses the property of irreversibility.

Let 𝜒 = 𝑟√𝑚, 𝑠 = (𝑎, 𝑏, 𝑐)𝑇, and 𝑝 ≥ 4√𝑚𝑘1.5𝜒; 𝑀 ∈
𝑍
𝑘×𝑚

𝑝
is a random matrix with the size of 𝑘 × 𝑚, and 𝑀 =

𝜆𝑀

∈ 𝑍
𝑘×𝑚

𝑞
(𝜆 = 𝑞/𝑝). If there is an algorithmwhich can find

two different vectors V
1
, V
2
∈ {0, 1, . . . , 𝑞 − 1}

𝑚, which make
𝑀V
1
+ 𝑠 = 𝑀V

2
+ 𝑠 (mod 𝑞), then there must be an algorithm

which can solve all cases in 𝐺𝐴𝑃𝑆𝑉𝑃
14𝜋√𝑘𝜒

.
These two different vectors V

1
, V
2
∈ {0, 1, . . . , 𝑞 − 1}

𝑚

make𝑀V
1
+𝑠 = 𝑀V

2
+𝑠 (mod 𝑞).Then,𝑀(V

1
−V
2
) = 0 (mod

𝑞). The definition of matrix𝑀 ∈ 𝑍𝑘×𝑚
𝑝

can be described as

𝜆𝑀

(V
1
− V
2
) = 0 mod 𝜆𝑝 ⇒ ∃𝑡 ∈ 𝑍

𝑘
:

𝜆𝑀

(V
1
− V
2
) = 𝜆𝑡𝑝

⇒ 𝑀

(V
1
− V
2
) = 0 mod 𝑝.

(12)

Let 𝑧 = V
1
− V
2
, ‖𝑧‖ ≤ 𝜒, 𝜒 = 𝑟√𝑚. Since 𝑀 ∈ 𝑍𝑘×𝑚

𝑝

is random and the coordinate of 𝑧 is between −(𝑞 − 1), +(𝑞 −
1), 𝑧 is a solution to 𝑆𝐼𝑆

𝑝,𝑚,𝜒
. According to Section 2.4, this

solution can solve all cases in𝐺𝐴𝑃𝑆𝑉𝑃
14𝜋√𝑘𝜒

. However, there
is no such algorithm at present and the irreversible function
proposed by this paper is antistrong collision.
(2) Local smoothness: in order to decrease the FRR, the

transformation should guarantee that a small change in the
original fingerprint image will also cause a small change in

the transformed fingerprint image. Fingerprint recognition is
a fuzzy technique. Due to the influence from moving, sweat,
different finger pressure, orientation difference and noise,
and so forth, there are different for the extracting results in
every two different experiments from the same fingerprint.
However, as cryptology is an accurate technique, a tiny error
can lead to the failure of decryption. How to combine the
accuracy of cryptology with the fuzzy property of fingerprint
recognition becomes more and more important. A relatively
small threshold is required.The twominutiae can bematched
if the difference between the registered minutiae and the
authentication minutiae is smaller than this threshold. This
matching method is called the tolerance box matching algo-
rithm.

The value of𝑀 is fatal to the local smoothness property.
Let the maximum element of 𝑀 be max (𝑚

𝑖𝑗
) = 𝑟. Figures

8(a) and 8(b) show the comparison among the four finger-
print templates from three different authentication exper-
iments (there will be difference among the authentication
processing) and the registered fingerprint template when
their 𝑟 have different values. Figures 8(b) and 8(d) show
the distance between minutiae and the orientation differ-
ence from transformed and original templates. According to
Figure 8, if 𝑟 = 2, the three fingerprint templates transformed
from the same fingerprint in three different experiments are
almost coincident with each other. The distance between
minutiae of these three templates and the registered template
is less than 8 pixels, and the orientation difference is less
than 5∘. If 𝑟 = 4, the distance between minutiae of these
three templates and the registered template is less than 14
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Table 4: Local collision against improved SHA1.

Step A B C D E 𝑊[𝑗]

𝑗 28
𝑗 + 1 1, 13 1, 13

𝑗 + 2 18, 30 1, 13 18, 30, 28, 8

𝑗 + 3 3, 15, 13, 25 18, 30 31, 11 3, 15, 26, 6

𝑗 + 4 20, 32, 11, 23 3, 15, 13, 25 16, 28 31, 11 Blank1
𝑗 + 5 Blank2 20, 32, 11, 23 1, 13, 11, 23 16, 28 31, 11
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Figure 8:The comparison of four fingerprint templates in three different authentication experiments using different 𝑟. (a)Three transformed
templates with the same fingerprint when 𝑟 = 2. (b) Three transformed templates with the same fingerprint when 𝑟 = 4. (c) The distance
between transformed and original templates. (d) The orientation difference between transformed and original templates.

pixels, and the orientation difference is less than 9∘. According
to Table 5, with the increasing of 𝑟, the distance between
minutiae and the orientation difference will be increased
linearly. Let 𝑟 ≤ 2; then, the average distance of minutiae
between two templates is no more than 5.4 pixels, which is
less than the boxmatcher threshold (8 pixels).This can ensure
that the legal user can pass the authentication processing
using the tolerance box matching algorithm.

(3) Transformation: the transformed minutiae must be
outside the matcher tolerance box and cannot be matched
with the original minutiae. According to Figures 6(d) and
9, the transformed minutiae are totally different from the
original ones. The distance is far farther than 8 pixels. And it
is hard to find the relativity of these two templates.Therefore,
the irreversible function proposed by this paper can satisfy
this principle.
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Table 5: The minutiae difference among many experiments after
being transformed.

𝑟 = 1 𝑟 = 2 𝑟 = 3 𝑟 = 4 𝑟 = 5

The average distance between
minutiae (pixel) 3.5 5.4 7.6 9.5 11.9

The average orientation
difference between minutiae
(degree)

1.6 2.5 5.3 4.7 5.8
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Figure 9: Distance between transformed and original minutiae.

(4)Distinctiveness: it cannot bematched to each other for
the different transformed templates from the same original
fingerprint template applied in different systems. Otherwise,
the systemwill suffer frommultiple templates attack. Accord-
ing to Figures 10 and 11, if the samematrix𝑀 and yet different
random number 𝑅 have been used in the transformation, the
coordinate of fingerprint minutiae transformed fingerprint
templates has great distinctiveness characteristic. However,
the orientation still has certain relativity. When different
matrix 𝑀 and different random number 𝑅 have been used,
not only the coordinate but also the orientation information
will have great distinctiveness property.

To sum up, even if the attackers have obtained the right
“minutiae” from the transformed fingerprint template, they
cannot use the transformed minutiae to recover the original
fingerprint template since the system has the distinctive-
ness and irreversibility properties. After transformation, the
fingerprint minutiae are no longer related to the original
minutiae, and the system can resist the multiple templates
attack. In addition, the fingerprint templates are cancelable
when the system is under attack. A new template can be
rebuilt through creating new parameters (random number 𝑅
and matrix𝑀).

4.3. Security Analysis of Encryption Algorithm. The inter-
national standard fingerprint database FVC2002 has been
chosen to verify the efficiency of the scheme proposed in
this paper. The fingerprint images have been put in the same
orientation before the experiment in order to decrease the
influence from the image moving and other noises. This

0 50 100 150 200 250
0

50

100

150

200

250

x (pixel)

y
(p

ix
el

)

Figure 10: The comparison between 2 transformed templates with
the same𝑀 and different 𝑅.
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Figure 11: The comparison between 2 transformed templates with
different𝑀 and different 𝑅.

section mainly focuses on discussing the performance of the
transformed function.

Choose the parameter 𝑛 = 20, 𝑙 = 8. The maximum
power 𝑛 in polynomial 𝑓(𝑥) = ∑𝑛−1

𝑗=0
𝑘
𝑗
𝑥
𝑗
= 𝑘
0
+ 𝑘
1
𝑥 + ⋅ ⋅ ⋅ +

𝑘
𝑛−1
𝑥
𝑛−1 is decided by the length of the private key 𝐾 if the

length of 𝐾 is fixed and the matching number of minutiae
is determined too. Users have to use the recovering pair to
obtain 𝐾. An illegal user does not know 𝑚

𝑖
(𝑖 = 1, 2, . . . , 𝑛).

In order to obtain𝐾, he has to use the exhaustivemethod. On
the other hand, it is impossible to find the real minutiae in the
fingerprint vault through the exhaustivemethod.Thenumber
of noise points is ten times than the real minutiae (200 : 20)
in this experiment.The probability that the private key can be
recovered from the exhaustive method is 𝐶9

20
/𝐶
9

220
= 7.05 ×

10
−9%. In order to obtain the private𝐾, the user has to unlock

the fingerprint vault through providing the legal fingerprint.
The comparison between [6] and this paper is listed

in Table 6. The database of both [6] and this paper is the
fingerprints in FVC2002 DB2.

According to Table 6, this paper costs less time during
verifying process. Its security is based on the well-known
𝐺𝐴𝑃𝑆𝑉𝑃

14𝜋√𝑘𝜒
problem. At present, there is no effective
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Table 6: The comparison between [6] and this paper.

Time of
verification

The security
hypothesis

𝑛 = 7 𝑛 = 9 𝑛 = 11

GAR FAR GAR FAR GAR FAR
[6] 42ms SHA256 96.50 0.30 93.57 0.10 90.05 0
This paper 20ms 𝐺𝐴𝑃𝑆𝑉𝑃

14𝜋√𝑘𝜒
95.88 0.14 93.35 0.02 89.61 0

algorithm to solve this problem. The GAR (genuine accept
rate) of this paper is close to [6], and the FAR is much better
than [6]. With the increasing of 𝑛, it becomes harder to get
successful authentication. In this case, both GAR and FAR
will decrease simultaneously.

5. Conclusions

In this paper, an irreversible function has been proposed
to protect the original fingerprint template, and the CRT is
used for combining the private key with the transformed
fingerprint vault. Even if the system is under attack, the
irreversible function can also guarantee the security of the
original fingerprint after the transformed fingerprint vault
was filched. The security analysis shows that the finger-
print encryption system proposed by this paper has better
efficiency and security, and the complexity is only slightly
increased.
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The study of various living complex systems by system identification method is important, and the identification of the problem is
even more challenging when dealing with a dynamic nonlinear system of discrete time. A well-established model based on kernel
functions for input of the maximum length sequence (m-sequence) can be used to estimate nonlinear binary kernel slices using
cross-correlation method. In this study, we examine the relevant mathematical properties of kernel slices, particularly their shift-
and-product property and overlap distortion problem caused by the irregular shifting of the estimated kernel slices in the cross-
correlation function between the input m-sequence and the system output. We then derive the properties of the inverse repeat (IR)
m-sequence and propose a method of using IR m-sequence as an input to separately estimate odd- and even-order kernel slices
to reduce the chance of kernel-slice overlapping. An instance of third-order Wiener nonlinear model is simulated to justify the
proposed method.

1. Introduction

Living systems usually exhibit complex and nonlinear behav-
iors [1–3], which can be characterized by a mathematical
model carefully tuned to represent the relationship between
the input and output data. A linear system is capable of
determining the input and output relationships through an
impulse response function; however, for a nonlinear system, a
higher order transfer function has to be used for this purpose.
A nonlinear system can be typically modeled by Volterra or
an equivalent Wiener series expansion, in which the Volterra
or Wiener kernels to be estimated can fully define the system
characteristics [4–6].

The kernel estimation for such nonlinear system usually
requires the input signal to be a long Gaussian white noise to
completely activate the underlying system. Under such con-
ditions, Lee and Schetzen proposed a convenient cross-cor-
relation method widely used to estimate the kernel functions
[7, 8].

In several circumstances, particularly for a variety of liv-
ing biosystems, input signals are constrained as a series of
impulse trains instead of continuous signals, such as the
Gaussianwhite noise [9, 10]. For instance, the auditory system

is usually studied by stimulating the ear with a series of click
sounds to activate the corresponding neurons in the cochlea
and neural pathway to evaluate the hearing integrity [11, 12].
A well-studied impulse train for the input is a pseudorandom
binary sequence called maximum length sequence (short
for m-sequence), which has an important role in nonlinear
system identification. The correlation property of an m-
sequence is analogous to a Gaussian white noise such that
to model the system by borrowing the idea of the cross-
correlationmethod forGaussianwhite noise input is possible.
Hence, the binary kernels are defined using cross-correlation
method for m-sequence inputs [3, 13–18].

Using them-sequence approach, Sutter studied the binary
kernel for identifying multifocal retinosystem through elec-
troretinography and explained the visual function using
the binary kernels [15]. Shi and Hecox transferred the m-
sequence into an m-impulse sequence in a study on the non-
linear properties of the auditory system by measuring the
electrical response from the scalp [16]. In a study on the
dynamic characteristics of the primate retinal ganglion cell,
Benardete and Victor developed a hybrid m-sequence allow-
ing the summation of multiple m-sequences as input to esti-
mate the main diagnostic kernel slice [17].
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However, the binary kernel slices—derived bymaking use
of the shift-and-product property of the m-sequence—are
all laid in the first-order cross-correlation function between
the m-sequence input and the system response, that is, the
observed output. The specific location of any kernel slice
in the cross-correlation function is determined through a
complex shift function that cannot be explicitly determined.
If the kernel slices are improperly arranged such that overlaps
among neighboring slices occur, then the kernel estimation
is inevitably distorted. A straightforward approach to solve
this problem is to multiply the length of the input m-
sequence, which is unfavorable for living systems with more
or less time-varying property. Another approach to alleviate
the overlap issue is to sparsify the impulse train of the m-
sequence at risk of suffering the underestimation caused by
the reduced number of available kernel slices [18].

In this study, we addressed the overlap problem through
a new strategy using an inverse-repeat (IR) m-sequence. We
will drive the estimation equations for the binary kernel slices
corresponding to the IRm-sequence, throughwhich the odd-
and even-order kernel slices can be separately estimated and
thus reduce the chance of slice overlapping. Last, a third-
order nonlinear system is simulated to demonstrate the proc-
ess of the proposed method.

2. Binary Kernel Identification for m-Sequence

2.1. The Properties of an m-Sequence. An m-sequence 𝑏[𝑛]

consisting of digit −1 and +1 that pseudorandomly occurred
can be generated through the output of a linear circular
shift register. The structure of which is determined through a
primitive polynomial of degree 𝑟, which is also the degree of
the periodical m-sequence [19, 20]. And the period or length
of the m-sequence is 𝐿 = 2

𝑟
− 1. An m-sequence is called a

balanced sequence because the number of −1 is 2
𝑟−1, which

is just one more than the number of +1, that is, 2𝑟−1 − 1. Two
crucial properties of them-sequence used in the present study
are as follows.

(i) Shift-and-product property

𝑏 [𝑛] 𝑏 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑏 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
] = 𝑏 [𝑛 − 𝑓

𝑝
] ,

𝑗
1
, . . . , 𝑗

𝑝−1
̸= 0,

(1)

where 𝑓
𝑝

= 𝑓(𝑗
1
, . . . , 𝑗

𝑝−1
) is referred to as shift function

representing the circular shift lag of them-sequence 𝑏[𝑛].The
exact value of a shift function depends on the shifting lags
of the m-sequences to be multiplied. This property indicates
that the product of the m-sequences with different circular
shifts is also the same m-sequence circular shifting to a lag
determined by a shift function 𝑓

𝑝
that is unknown a priori.

A straightforward approach to calculate the specific value
of a shift function is to compare bit-by-bit the original m-
sequence 𝑏[𝑛] and the resulting 𝑘-bit shifting version 𝑏[𝑛 − 𝑘]

until 𝑏[𝑛] = 𝑏[𝑛 − 𝑘], such that 𝑓
𝑝

= 𝑘.
For 𝑗
1

= ⋅ ⋅ ⋅ = 𝑗
𝑝−1

= 0, that is, the product of the same
𝑗 m-sequences, it yields

𝑏
𝑗
[𝑛] = {

𝑏 [𝑛] , 𝑗 = odd
{1} , 𝑗 = even,

(2)

where {1} denotes an all-one sequence—all members of the
sequence are 1s.

Equation (2) provides an exception for the shift-and-
product property that an all-one sequence instead of an m-
sequence is produced under a certain condition when multi-
plying the samem-sequences. Whenmore than two different
m-sequences are multiplied, we have another exception for
the shift-and-product property:

𝑏 [𝑛] 𝑏 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑏 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
] = {1} ,

if 𝑓
𝑝−1

= 𝑗
1

+ ⋅ ⋅ ⋅ + 𝑗
𝑝−1

, 𝑝 ≥ 3.

(3)

Equation (3) implies that when dealing with higher-order
kernels (𝑝 ≥ 3), the m-sequence should be selected with
caution in case invalid results occur for the kernel estimation.

(ii)The autocorrelation function𝜙
𝑏𝑏

[𝑛] is a periodical real
value function with the same minimal period of 𝐿; that is,

𝜙
𝑏𝑏 [𝑛] =

1

𝐿

𝐿−1

∑

𝜏=0

𝑏 [𝜏] 𝑏 [𝜏 + 𝑛]

=
{

{

{

1 𝑛 = 0

−
1

𝐿
otherwise,

0 ≤ 𝑛 < 𝐿.

(4)

In analogy to the Gaussian white noise method, this auto-
correlation property of (4) is important to account for the
derivation of the m-sequence in identifying a nonlinear sys-
tem.

2.2. From Volterra Kernels to Binary Kernels. The output
𝑦[𝑛] of a general 𝑄th-order nonlinear dynamic system in
response to the input 𝑏[𝑛] can bemodeled by a Volterra series
expansion [5, 21],

𝑦 [𝑛] =

𝑄

∑

𝑝=0

H
𝑝
𝑏 [𝑛] , (5)

whereH
𝑝
is called the 𝑝th-order Volterra operator which is

defined as
H
𝑝
𝑏 [𝑛]

=

𝑀−1

∑

𝑘
1
=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑘
𝑝
=0

ℎ
𝑝

[𝑘
1
, . . . , 𝑘

𝑝
] 𝑏 [𝑛 − 𝑘

1
] ⋅ ⋅ ⋅ 𝑏 [𝑛 − 𝑘

𝑝
] ,

(6)

where 𝑀 represents the memory length of the dynamic sys-
tem, and ℎ

𝑝
represents the 𝑝th-order Volterra kernel.

To estimate the Volterra kernel for Gaussian white noise,
input is not theoretically feasible for the difficulty of non-
orthogonality. Instead, it is preferred to estimate the Wiener
kernel after the Gram-Schmidt orthogonal process on the
Volterra series expansion [21]. This method can be extended
to deal with m-sequence input yielding the so-called binary
kernel estimation [13, 16]. A 𝑝th-order binary kernel is given
by

𝑤
𝑝

[𝑘
1
, 𝑘
2
, . . . , 𝑘

𝑝
] =

1

𝑝!
𝜙
𝑏
𝑝
𝑦

[𝑘
1
, 𝑘
2

. . . , 𝑘
𝑝
] , (7)
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Figure 1: Illustration of overlapping condition for two arbitrary kernel slices. A piece of cross-correlation function contains 𝑞th- and 𝑠th-
order kernel slices, that is, 𝑤

𝑠
and 𝑤

𝑞
, respectively. Corresponding shift functions 𝑓

𝑞
and 𝑓

𝑠
designate the beginnings of kernel slices. The

duration of 𝑤
𝑞
is dependent on memory length 𝑀 and sum of shift lags (𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑞−1
). According to (14), nonoverlap and overlap cases are

presented in (a) and (b), respectively.

where the 𝑝th-order cross-correlation of input 𝑏[𝑛] and out-
put 𝑦[𝑛] is

𝜙
𝑏
𝑝
𝑦

[𝑘
1
, 𝑘
2

. . . , 𝑘
𝑝
]

=
1

𝐿

𝐿−1

∑

𝑖=0

𝑦 [𝑖] 𝑏 [𝑖 − 𝑘
1
] 𝑏 [𝑖 − 𝑘

2
] ⋅ ⋅ ⋅ 𝑏 [𝑖 − 𝑘

𝑝
] .

(8)

Let 𝑘 = 𝑘
1
and 𝑙
𝑖
= 𝑘
𝑖+1

− 𝑘
𝑖
, and then (7) and (8) become

𝑤
𝑝

[𝑘, 𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
]

=
1

𝑝!
𝜙
𝑏
𝑝
𝑦

[𝑘, 𝑘 + 𝑙
1

. . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

] ,

(9)

𝜙
𝑏
𝑝
𝑦

[𝑘, 𝑘 + 𝑙
1

. . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

=
1

𝐿

𝐿−1

∑

𝑖=0

𝑦 [𝑖] 𝑏 [𝑖 − 𝑘]

× 𝑏 [𝑖 − 𝑘 − 𝑙
1
] ⋅ ⋅ ⋅ 𝑏 [𝑖 − 𝑘 − 𝑙

1
− ⋅ ⋅ ⋅ − 𝑙

𝑝−1
] .

(10)

According to the shift-and-product property, (10) becomes

𝜙
𝑏
𝑝
𝑦

[𝑘, 𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
]

=
1

𝐿

𝐿−1

∑

𝑖=0

𝑦 [𝑖] 𝑏 [𝑖 − 𝑘 − 𝑓 (𝑙
1
, . . . , 𝑙
𝑝−1

)]

= 𝜙
𝑏𝑦

[𝑘 + 𝑓
𝑝
] ,

(11)

which transfers themultivariable correlation function 𝜙
𝑏
𝑝
𝑦
[𝑘,

𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
] into a single variable cross-

correlation function 𝜙
𝑏𝑦

[𝑘+𝑓
𝑝
]. Substituting (11) to (9) yields

𝑤
𝑝

[𝑘, 𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
] =

1

𝑝!
𝜙
𝑏𝑦

[𝑘 + 𝑓
𝑝
] . (12)

Given 𝑙
1
, 𝑙
1
, . . . , 𝑙
𝑝−1

, (12) presents a portion of the kernel func-
tion values along the diagonal and subdiagonal dimensions
and is called binary kernel slice. Considering the confinement
for the independent variables for 𝑤

𝑝
, the kernel slice is

probably unable to completely cover the true binary kernel
along this dimension. Given the memory length similar to
(6), all variables for 𝑝th-order kernel slice must be in the
range of the memory length 𝑀; hence,

𝑙
𝑝−1

∈ [1, 𝑀) ;

𝑙
𝑝−2

∈ [1, 𝑀 − 𝑙
𝑝−1

) ; . . . ; 𝑙
1

∈ [1, 𝑀 − 𝑙
2

− ⋅ ⋅ ⋅ − 𝑙
𝑝−1

) ;

𝑘 ∈ [0, 𝑀 − 𝑙
1

− ⋅ ⋅ ⋅ − 𝑙
𝑝−1

) ,

(13)

suggesting that 𝑤
𝑝
is defined through the cross-correlation

function𝜙
𝑏𝑦
between𝑓

𝑝
and𝑓
𝑝
+(𝑀−𝑙

1
−⋅ ⋅ ⋅−𝑙

𝑝−1
).Therefore,

if the shift functions of two neighboring slices satisfy

𝑓
𝑠

− 𝑓
𝑞

≤ 𝑀 − 𝑙
1

− ⋅ ⋅ ⋅ − 𝑙
𝑞−1

, (14)

that is, the interval between an arbitrary kernel slice of order
𝑠 and another kernel slice of order 𝑞 is less than the length of
the prior slice, then a slice overlap occurs. The kernel slices
overlapping condition is illustrated in Figure 1.

3. Estimate Binary Kernel Slices Using
IR m-Sequence

3.1. The Properties of IR m-Sequence. The IR m-sequence of
an m-sequence 𝑏[𝑛] is defined as

𝑎 [𝑛] = 𝑏 [𝑛] 𝑢 [𝑛] , 0 ≤ 𝑛 < 2𝐿, (15)

where 𝑢[𝑛] = {(−1)
𝑛
} is a square wave-like function with

alternates 1 and −1. Several useful properties of an IR m-
sequence are given as follows [22, 23].

(i)Theminimal period of 𝑎[𝑛] is twice as that of 𝑏[𝑛], and
𝑎[𝑛] satisfies the inverse repeatability, that is,

𝑎 [𝑛] = −𝑎 [𝑛 + 𝐿] , 0 ≤ 𝑛 < 𝐿. (16)

(ii) The output 𝑦[𝑛] of a nonlinear system in response to
the input 𝑎[𝑛] can also be modeled by Volterra series expan-
sion. If we dichotomize 𝑦[𝑛] into an odd-order response
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𝑦o[𝑛] = ∑H
𝑝
𝑏[𝑛], 𝑝=odd, and even-order response𝑦

𝑒
[𝑛] =

∑H
𝑝
𝑏[𝑛], 𝑝 is even, they satisfy,

𝑦o [𝑛] = −𝑦o [𝑛 + 𝐿] 𝑦
𝑒 [𝑛] = 𝑦

𝑒 [𝑛 + 𝐿] ,

0 ≤ 𝑛 < 𝐿.

(17)

(iii) The cross-correlation function of 𝑎[𝑛] and 𝑏[𝑛] is
zero, that is,

𝜙
𝑎𝑏 [𝑛] =

1

2𝐿

2𝐿−1

∑

𝜏=0

𝑎 [𝜏] 𝑏 [𝜏 + 𝑛] = 0, 0 ≤ 𝑛 < 2𝐿. (18)

(iv) The autocorrelation of 𝑎[𝑛] is

𝜙
𝑎𝑎 [𝑛] = {

−𝜙
𝑏𝑏 [𝑛] , 𝑛 = odd

𝜙
𝑏𝑏 [𝑛] , 𝑛 = even.

(19)

If the minimal period of the m-sequence 𝐿 is odd, then
𝜙
𝑎𝑎

[𝑛] = −𝜙
𝑎𝑎

[𝑛 + 𝐿]; that is, 𝜙
𝑎𝑎

[𝑛] is also inversely repeated.
The proof of property (iv) is given in Appendix A.

(v) IR m-sequence 𝑎[𝑛] also has the following shift-and-
product property,

𝑎 [𝑛] 𝑎 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑎 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
]

= {
(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)+𝑓
𝑝𝑎 [𝑛 − 𝑓

𝑝
] , 𝑝 = odd

(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)
𝑏 [𝑛 − 𝑓

𝑝
] , 𝑝 = even.

(20)

The proof of property (v) can be found in Appendix B. In
reference to Volterra series expansion for a nonlinear system,
this property for an IR m-sequence implies that the higher-
orderVolterra operators can be separated into odd- and even-
order cases.

3.2. Odd- and Even-Order Kernel Slices for IR m-Sequences.
Based on the above properties of the IR m-sequences, we
can derive the binary kernel slices in response to an IR m-
sequence. Let 𝑎[𝑛] be the input of the system, and then the
output of the 𝑄th-order nonlinear system expressed in terms
of Volterra series expansion is

𝑦 [𝑛] =

𝑄

∑

𝑝=0

H
𝑝
𝑎 [𝑛] . (21)

Again, let 𝑘 = 𝑘
1
and 𝑙
𝑖
= 𝑘
𝑖+1

− 𝑘
𝑖
, and, using IR m-sequence

property (v), the Volterra operator on the input 𝑎[𝑛] becomes

H
𝑝
𝑎 [𝑛] =

𝑀−1

∑

𝑘=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

× 𝑎 [𝑛 − 𝑘] ⋅ ⋅ ⋅ 𝑎 [𝑛 − 𝑘 − 𝑙
1

− ⋅ ⋅ ⋅ − 𝑙
𝑝−1

] .

(22)

Exploiting (20) for the property (v) of the IRm-sequences, we
can derive that the cross-correlation function between them-
sequences 𝑏[𝑛] and odd-order Volterra series term H

𝑝
𝑎[𝑛],

(𝑝 = odd), is zero and that the cross-correlation function
between IR m-sequences 𝑎[𝑛] and even-order Volterra series
termH

𝑝
𝑎[𝑛] (𝑝 = even) is also zero; that is,

𝜙
𝑏H
𝑝

[𝑛] =
1

2𝐿

2𝐿−1

∑

𝜏=0

𝑏 [𝜏]H𝑝𝑎 [𝜏 + 𝑛] = 0, 𝑝 = odd

𝜙
𝑎H
𝑝

[𝑛] =
1

2𝐿

2𝐿−1

∑

𝜏=0

𝑎 [𝜏]H𝑝𝑎 [𝜏 + 𝑛] = 0, 𝑝 = even.

(23)

The proof for (23) is given in Appendix C.
We can derive the 𝑝th-order cross-correlation for IR m-

sequence input 𝑎[𝑛]with the same approach as that of getting
(7)–(12) to give the expression of the 𝑝th-order kernel slices
as

𝑤
𝑝

[𝑘, 𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
]

=
1

𝑝!
𝜙
𝑎
𝑝
𝑦

[𝑘, 𝑘 + 𝑙
1
, . . . , 𝑘 + 𝑙

1
+ ⋅ ⋅ ⋅ + 𝑙

𝑝−1
] ,

(24)

where, according to the definition of cross-correlation func-
tion, the right side member is

𝜙
𝑎
𝑝
𝑦

=
1

2𝐿

2𝐿−1

∑

𝑖=0

𝑦 [𝑖] 𝑎 [𝑖 − 𝑘]

× 𝑎 [𝑖 − 𝑘 − 𝑙
1
] ⋅ ⋅ ⋅ 𝑎 [𝑖 − 𝑘 − 𝑙

1
− ⋅ ⋅ ⋅ − 𝑙

𝑝−1
] .

(25)

By exploiting the property (v) of an IR m-sequence {𝑎[𝑛]},
(25) can be separately formulated for 𝑝 being odd and even,

𝜙
𝑎
𝑝
𝑦

= {
(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)+𝑓
𝑝𝜙
𝑎𝑦

[𝑘 + 𝑓
𝑝
] , 𝑝 = odd

(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)
𝜙
𝑏𝑦

[𝑘 + 𝑓
𝑝
] , 𝑝 = even.

(26)

Therefore, (24) becomes

𝑤
𝑝

=

{{{

{{{

{

(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)+𝑓
𝑝

1

𝑝!
𝜙
𝑎𝑦

[𝑘 + 𝑓
𝑝
] , 𝑝 = odd

(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
) 1

𝑝!
𝜙
𝑏𝑦

[𝑘 + 𝑓
𝑝
] , 𝑝 = even.

(27)

Equation (27) indicates that the kernel slices of odd-order
exist exclusively in the cross-correlation function between the
IR m-sequence 𝑎[𝑛] and output 𝑦[𝑛], and likewise, kernel
slices of even-order exist exclusively in the cross-correlation
function between the m-sequence 𝑏[𝑛] and output 𝑦[𝑛].

According to (21), which expresses the output 𝑦[𝑛] in
terms of Volterra series expansion, we can rewrite the left-
side member of (27) as 𝜙

𝑎𝑦
[𝑛] = 𝜙

𝑎H
0

[𝑛] + 𝜙
𝑎H
1

[𝑛] + ⋅ ⋅ ⋅ +

𝜙
𝑎H
𝑄

[𝑛]. Moreover, (23) does not state even-order 𝜙
𝑎H
𝑖

in the
odd-order 𝜙

𝑎𝑦
[𝑛], or the even-order Volterra kernels are also

excluded from the odd-order binary kernel slices.The similar
argument can be obtained for the case of even-order binary
kernel slices.
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4. Simulation Results and Discussion

4.1. NonlinearWienerModel Generation. Ageneral nonlinear
dynamic system can be represented by a Wiener model
consisting of two subsystems in cascade form [24]. This
system consists of a dynamic linear subsystem 𝑔[𝑛] followed
by a static nonlinear subsystem 𝑚[⋅], as shown in Figure 2.
The output of the dynamic subsystem 𝑔[⋅] is

V [𝑛] =

𝑀−1

∑

𝑘=0

𝑥 [𝑘] 𝑔 [𝑛 − 𝑘] , (28)

where 𝑀 represents the memory length of the system.
For simplicity, we simulate a three-order nonlinear sys-

tem expressed in the second module 𝑚[⋅]. Then, the output
is

𝑦 [V] = 𝑎
0

+ 𝑎
1
V + 𝑎
2
V2 + 𝑎

3
V3. (29)

Therefore, the output of the whole nonlinear system is
expressed as a high-order convolution of the input and the
Volterra kernels as

𝑦 [𝑛] = 𝑎
0

+ 𝑎
1

𝑀−1

∑

𝑘=0

𝑔 [𝑘] 𝑥 [𝑛 − 𝑘]

+ 𝑎
2

𝑀−1

∑

𝑘
1
=0

𝑀−1

∑

𝑘
2
=0

𝑔 [𝑘
1
] 𝑔 [𝑘
2
] 𝑥 [𝑛 − 𝑘

1
] 𝑥 [𝑛 − 𝑘

2
]

+ 𝑎
3

𝑀−1

∑

𝑘
1
=0

𝑀−1

∑

𝑘
2
=0

𝑀−1

∑

𝑘
3

𝑔 [𝑘
1
] 𝑔 [𝑘
2
] 𝑔 [𝑘
3
] 𝑥 [𝑛 − 𝑘

1
]

× 𝑥 [𝑛 − 𝑘
2
] 𝑥 [𝑛 − 𝑘

3
] .

(30)

From (3), the following relationships between Volterra ker-
nels and the parameter model hold

ℎ
0

= 𝑎
0
,

ℎ
1 [𝑘] = 𝑎

1
𝑔 [𝑘] ,

ℎ
2

[𝑘
1
, 𝑘
2
] = 𝑎
2
𝑔 [𝑘
1
] 𝑔 [𝑘
2
] ,

ℎ
3

[𝑘
1
, 𝑘
2
, 𝑘
3
] = 𝑎
3
𝑔 [𝑘
1
] 𝑔 [𝑘
2
] 𝑔 [𝑘
3
] .

(31)

Let 𝑘 = 𝑘
1
, 𝑙
1

= 𝑘
2

− 𝑘
1
, and 𝑙

2
= 𝑘
3

− 𝑘
2
, and then the binary

kernel slices can be associatedwith theVolterra kernel for this
model [12] which is
𝑤
0

= 𝑎
0

−
1

𝐿
(

𝑀−1

∑

𝑘=0

ℎ
1 [𝑘] +

𝑀−1

∑

𝑘=0

𝑀−1

∑

𝑙=−𝑀+1

ℎ
2 [𝑘, 𝑘 + 𝑙]

+

𝑀−1

∑

𝑘=0

𝑀−1

∑

𝑙
1
=−𝑀+1

𝑀−1

∑

𝑙
2
=−𝑀+1

ℎ
3

[𝑘, 𝑘 + 𝑙
1
, 𝑘 + 𝑙
1

+ 𝑙
2
]) ,

𝑤
1 [𝑘] = ℎ

1 [𝑘] + ℎ
3 [𝑘, 𝑘, 𝑘] + 3

𝑀−1

∑

𝑙=−𝑀+1

𝑙 ̸=0

ℎ
3 [𝑘, 𝑘 + 𝑙, 𝑘 + 𝑙] ,

𝑤
2 [𝑘, 𝑘 + 𝑙] = ℎ

2 [𝑘, 𝑘 + 𝑙] ,

𝑤
3

[𝑘, 𝑘 + 𝑙
1
, 𝑘 + 𝑙
1

+ 𝑙
2
] = ℎ
3

[𝑘, 𝑘 + 𝑙
1
, 𝑘 + 𝑙
1

+ 𝑙
2
] .

(32)

Dynamic linear Static nonlinear

x[k] v[k]
g[k]

y[k]
m[·]

Figure 2: Weiner model representing a general nonlinear dynamic
system in cascade form.

b[n]

y[n]

𝜙by[n]

Figure 3: Estimation process of kernel slices in cross-correlation
function between m-sequence input and output from nonlinear
system in the present study.

In the present study, the memory length𝑀 = 10, impulse
response function 𝑔[𝑛] = 𝑒

−𝑛/2
⋅ sin(2𝜋𝑛/5), and the third-

order polynomial coefficients 𝑎
0

= 0, 𝑎
1

= 1.4, 𝑎
2

= 5, and
𝑎
3

= 10 are set.
We assume that 𝑆 represents the total length of all the

kernel slices spread along the cross-correlation function, as
illustrated in Figure 1. To avoid the overlap among these
slices, at least the length of the cross-correlation function,
𝐿 (= 2

𝑟
−1), should be larger than 𝑆, indicating that the degree

of the m-sequence should satisfy the condition,

𝑟 ≥ ⌊log
2

(𝑆 + 1)⌋ , (33)

where ⌊(⋅)⌋ denotes the integer part of (⋅).
According to (13), the shift lags are set to start with

minimal values min(𝑙
𝑖
) = 1, and we can obtain the total slice

length for this three-order nonlinear system as 𝑆 = 175 for
𝑀 = 10, and the degree of the m-sequence should be 𝑟 ≥ 8

to avoid the slice overlap.

4.2. Comparison of m- and IR m-Sequence Inputs. We select
an arbitrary eight-degree m-sequence in this identification
instance. Figure 3 shows the binary input m-sequence 𝑏[𝑛],
output signal 𝑦[𝑛], and cross-correlation 𝜙

𝑏𝑦
[𝑛]. The esti-

mated kernel slices are plotted in solid trace superimposed
on the cross-correlation signal (in dashed trace).The red trace
segments indicate the occurrence of slice overlaps. According
to the overlap condition defined in (14), a total of 10 overlaps
occurred in the cross-correlation function.

The kernel slices estimated for the IR m-sequence input
𝑎[𝑛] are shown in Figure 4. The odd- and even-order kernel
slices are separated into two traces of the cross-correlation, as
indicated in (27). All slices are notably separated without any
overlap.

The distortion severity due to overlapping does not
display in Figure 3 without the true kernels. Therefore, we
extract and compare the estimated and the true kernel slices
for the second- and third-order systems in Figures 5 and 6,
respectively. These are two-dimensional illustration, where
the kernel slices with different lags are plotted by projecting
them to the main-diagonal direction of that order. Notably,
the length of the kernel slices decreases with increasing values
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𝜙by[n]

𝜙ay[n]

Figure 4: Odd- and even-order kernel slices separately displayed in
two cross-correlation functions for IR m-sequence method.

l = 1

l = 2

l = 3

l = 4

l = 5

l = 6

wp[k, k + l]

0.5

True
m-sequence
IR m-sequence

Figure 5: Second-order kernel slices extracted from cross-cor-
relation function. True values are also plotted in black traces with
circlemarkers, and estimated kernel slices are plotted in red and blue
traces for m- and IR m-sequence methods, respectively.

of shift lags. The kernel slices with the length less than four
data samples were excluded in Figures 5 and 6 for less prac-
tical significance.

Six second-order kernel slices estimated by the m-
sequence (in read traces) and proposed IR m-sequence (in
blue traces) methods are shown in Figure 5. The true or
theoretical kernel slices are also given as a benchmark. Four
kernel slices determined using the m-sequence evidently
deviated from the true values; however, no such distortion
was observed for IR m-sequence method.

A series of third-order kernel slices are shown in Figure 6.
Similar to Figure 5, IR m-sequence method shows more
consistent results with the true values. However, the third-
order kernel slices for 𝑙

1
= 4 show a slightly opposite behavior

that needs to be accounted for, because no overlap occurs
at these affected kernel slices. This inconsistency is only
observable at a significantly small scale (see the amplitude
scales in Figure 6) caused by approximating the orthogonality
of the IR m-sequence and has no appreciable effects upon
practical application. Alternatively, increasing the length of
the m-sequence will alleviate this problem. Further analysis

of this intrinsic property is beyond the scope of the present
study and more details can be found in [25, 26].

5. Conclusion

The shift-and-product property of them- and IRm-sequence
is crucial in the derivation of new properties to address the
overlap problem for short-lengthm-sequence. It is apparently
not beneficial to use a redundantly higher order m-sequence
or to sacrifice the number of the estimated slices using
sparse m-sequence. In this study, we alternatively propose
an approach by introducing the IR m-sequence. We provide
and prove several relevant properties of the IR m-sequence
allowing the estimation of the binary kernel slices. By exam-
ining the special shift-and-product properties of the IR m-
sequence derived for odd and even shifts, the odd- and even-
order kernel slices can be separately represented in the cross-
correlation functions, such that the chance of overlapping
significantly decreases. Furthermore, this separation will be
useful in some special applications where only odd- or even-
order kernel slices might be of significant interest.

Appendices

A. The Proof of (19)
Given an IRm-sequence 𝑎[𝑛], using (15)which relates it to the
corresponding m-sequence 𝑏[𝑛], we have the autocorrelation
function

𝜙
𝑎𝑎 [𝑛] =

1

2𝐿

2𝐿−1

∑

𝑘=0

𝑎 [𝑘] 𝑎 [𝑘 + 𝑛]

=
1

2𝐿

2𝐿−1

∑

𝑘=0

𝑏 [𝑘] 𝑏 [𝑘 + 𝑛] 𝑢 [𝑘] 𝑢 [𝑘 + 𝑛] .

(A.1)

Since 𝑏[𝑛] and 𝑢[𝑛] are uncorrelated, (A.1) becomes

𝜙
𝑎𝑎 [𝑛] = (

1

2𝐿

2𝐿−1

∑

𝑘=0

𝑏 [𝑘] 𝑏 [𝑘 + 𝑛])

× (
1

2𝐿

2𝐿−1

∑

𝑘=0

𝑢 [𝑘] 𝑢 [𝑘 + 𝑛]) = 𝜙
𝑏𝑏 [𝑛] 𝜙

𝑢𝑢 [𝑛] .

(A.2)

Since 𝑢[𝑛] = {(−1)
𝑛
}, it is easy to get that 𝜙

𝑢𝑢
[𝑛] = 𝑢[𝑛] =

{(−1)
𝑛
}, and then (19) is proved.

B. The Proof of (20)
According to the relationship between 𝑎[𝑛] and 𝑏[𝑛] in (15),
and the shift-and-product property in (1), the shift-and-
product of 𝑎[𝑛] becomes

𝑎 [𝑛] 𝑎 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑎 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
]

= 𝑏 [𝑛 − 𝑓
𝑝
] 𝑢 [𝑛] 𝑢 [𝑛 − 𝑗

1
] ⋅ ⋅ ⋅ 𝑢 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
] .

(B.1)
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Figure 6: Third-order kernel slices extracted from cross-correlation functions. True kernel slices are plotted in black traces with circle
markers, and estimated kernel slice values are plotted in red and blue traces for m- and IR m-sequence methods.

Since 𝑢[𝑛] = {(−1)
𝑛
}, 𝑛 = 0, 1, . . . , 2𝐿 − 1, we get

𝑢 [𝑛] 𝑢 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑢 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
]

= {
(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)
𝑢 [𝑛] , 𝑝 = odd

(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)
{1} , 𝑝 = even.

(B.2)

Equation (B.1) is rewritten as

𝑎 [𝑛] 𝑎 [𝑛 − 𝑗
1
] ⋅ ⋅ ⋅ 𝑎 [𝑛 − 𝑗

1
− ⋅ ⋅ ⋅ − 𝑗

𝑝−1
]

= {
(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)
𝑢 [𝑛] 𝑏 [𝑛 − 𝑓

𝑝
] , 𝑝 = odd

(−1)
𝑗
1
+⋅⋅⋅+(𝑗

1
⋅⋅⋅+𝑗
𝑝−1
)
𝑏 [𝑛 − 𝑓

𝑝
] , 𝑝 = even.

(B.3)

Because the relationship between 𝑢[𝑛] and its circular shift to
𝑘 lag is 𝑢[𝑛] = (−1)

𝑘
𝑢[𝑛 − 𝑘], then the left-side member of

(B.3) for odd number 𝑝 becomes

𝑢 [𝑛] 𝑏 [𝑛 − 𝑓
𝑝
] = (−1)

𝑓
𝑝𝑢 [𝑛 − 𝑓

𝑝
] 𝑏 [𝑛 − 𝑓

𝑝
]

= (−1)
𝑓
𝑝𝑎 [𝑛 − 𝑓

𝑝
] .

(B.4)

Substitute it into (B.3), and then (20) is proved.

C. The Proof of (23)
According to the shift-and-product property of IR m-
sequence in (20), the 𝑝th-order Volterra series term becomes

H
𝑝
𝑎 [𝑛]

=

{{{{{{{{{{{{{{{

{{{{{{{{{{{{{{{

{

𝑀−1

∑

𝑘=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

×(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)+𝑓
𝑝

×𝑎 [𝑛 − 𝑘 − 𝑓
𝑝
] , 𝑝 = odd

𝑀−1

∑

𝑘=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

×(−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)

×𝑏 [𝑛 − 𝑘 − 𝑓
𝑝
] , 𝑝 = even.

(C.1)

If 𝑝 is odd, the cross-correlation betweenH
𝑝
𝑎[𝑛] and 𝑏[𝑛] is

𝜙
𝑏H
𝑝

[𝑛]

=
1

2𝐿

2𝐿−1

∑

𝜏=0

𝑏 [𝜏]H𝑝𝑎 [𝜏 + 𝑛]
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=

𝑀−1

∑
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⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

× (−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)+𝑓
𝑝

×
1

2𝐿

2𝐿−1

∑

𝜏=0

𝑎 [𝜏 + 𝑛 − 𝑘 − 𝑓
𝑝
] 𝑏 [𝜏]

=

𝑀−1

∑

𝑘=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

× (−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)+𝑓
𝑝

× 𝜙
𝑎𝑏

[𝑛 − 𝑘 − 𝑓
𝑝
] .

(C.2)

If 𝑝 is even, by the similar process, the cross-correlation
betweenH

𝑝
𝑎[𝑛] and 𝑎[𝑛] is

𝜙
𝑎H
𝑝

[𝑛] =

𝑀−1

∑

𝑘=0

⋅ ⋅ ⋅

𝑀−1

∑

𝑙
𝑝−1
=−𝑀+1

ℎ
𝑝

[𝑘, . . . , 𝑘 + 𝑙
1

+ ⋅ ⋅ ⋅ + 𝑙
𝑝−1

]

× (−1)
𝑙
1
+⋅⋅⋅+(𝑙

1
⋅⋅⋅+𝑙
𝑝−1
)

× 𝜙
𝑎𝑏

[𝑛 − 𝑘 − 𝑓
𝑝
] .

(C.3)

According to the property (iii) of IRm-sequence in (18)which
tells that the cross-correlation between 𝑎[𝑛] and 𝑏[𝑛] is zero,
we can get that both (C.2) and (C.3) are zero. Equation (23) is
thus proved.
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Although the use of computer color matching can reduce the influence of subjective factors by technicians, matching the color of
a natural tooth with a ceramic restoration is still one of the most challenging topics in esthetic prosthodontics. Back propagation
neural network (BPNN) has already been introduced into the computer color matching in dentistry, but it has disadvantages such
as unstable and low accuracy. In our study, we adopt genetic algorithm (GA) to optimize the initial weights and threshold values in
BPNN for improving thematching precision. To our knowledge, we firstly combine the BPNNwithGA in computer colormatching
in dentistry. Extensive experiments demonstrate that the proposed method improves the precision and prediction robustness of
the color matching in restorative dentistry.

1. Introduction

With the rapid development of technology, various new
materials are brought into dentistry. People no longer only
pay attention to the functional recovery such as chewing
and durability; instead they pay more attention to aesthetics
[1]. Color is one of the key elements in determining the
esthetics of ceramic restorations. Presently, the majority of
shade selection is finished by visual assessment using shade
guide tabs [2]. However, the color difference of target tooth
and shade guide tab is not negligible, as shown in Figure 1,
which leads shade selection to a formidable task. Intuitively,
accurate shade selection may be the most important factor
in esthetic restorative density. Visual selection is subjective
and color distribution of shade guide tabs cannot cover those
of natural teeth. Making accurate shade selection, along with
proper materials and reasonable configuration, so that it can
be consistent with the natural tooth color, is an urgent task
that remains to be solved [3].

The computer color matching (CCM) technique provides
the color matching of teeth restoration with a broad new
method for research and application. Along with the Kubelka
Munk theory put forward in 1931, computer color matching
had been widely used in dyeing and printing industry. In a

series of research from 1992 to 1994, Ishikawa-Nagai et al.
realized computer color matching of opaque layer on the
color of porcelain-fuse-to-metal restorations (PFM) using
spectrophotometer [4–6]. Wang et al. conducted a feasibility
study for CCM [7] and the results showed that the color
repetition rate of front teeth restoration made by CCM
outperforms the visual shade selection method [8].

It is worth mentioning that there is obvious chromatism
between part of the porcelain pieces and natural dentition
in the CCM based experiments by Ishikawa-Nagai et al. [9].
He analyzed the fact that the measurement of calculating
some porcelain powders may result in deviation which
affected the final precision. To solve the problem existing
in Kubelka Munk theory based CCM, nonlinear methods,
such as artificial neural network, are adopted in making
porcelain restoration. In 2003,Wuet al. adoptedBP algorithm
in oil paint color design [10]. In 2008, Zhang et al. employed
BP neural network with genetic algorithms in textile color
matching and achieved good performance [11].

BP neural network is one of the most popular neural net-
workmethods presently [12]. However, the existing improved
BP neural network has some drawbacks, such as low con-
vergence rate [13, 14] and being difficult to devise suitable
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Figure 1: Color difference between target tooth and a shade guide
tab.

network structure [15]. In dentistry, for actual clinical appli-
cation, high accuracy and good stability are the prerequisite
for computer color matching. The success of computer color
matching can greatly raise the work efficiency of dentists and
technicians. In our study, we conduct many experiments to
determine the structure of BP neural network. In addition,
we introduce the genetic algorithm (GA) into the improved
BP algorithm for assistance of computer color matching in
dentistry [16–18]. Extensive experiments demonstrate that
the accuracy of the GA+BP outperforms the state-of-the-art
methods.

2. Algorithms

2.1. Back Propagation Neural Network (BPNN). Artificial
neural network (ANN) is accepted as a technology offering an
alternative way to simulate complex and ill-defined problems.
Back propagation neural network (BPNN) is a typical ANN
that has been widely used in many medical fields such as
medical image analysis, expert system for clinical diagnosis
and treatment, medical signal analysis, and processing. It has
successfully solved many complicated nonlinear problems.
BPNN has hierarchical feed forward network architecture,
and the outputs of each layer are sent directly to each
neuron of the previous layer. BPNN can have many layers
while all pattern recognition and classification tasks can be
accomplished with a three-layer BPNN, as shown in Figure 2.

2.2. Disadvantage and Improvement of BPNN. According to
Kolmogorov theorem and BP fix quantification, three-layer
BP network with nonlinear excitation function can approach
any nonlinear function at any precision. Multilayer percep-
tron is widely employed due to this remarkable advantage.
However, the standard BP algorithm has some defects as
follows.

(1) In mathematics, it can be seen as a nonlinear gradient
optimization problem.Therefore, it is easy to fall into
local minima and cannot reach the global optimal
solution.

(2) Too much training makes convergent velocity slow.
(3) It is difficult to determine the structure of hidden layer

nodes due to lacking of theoretical guidance.
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Figure 2:The BPNN structure with 3 layers. 𝑥
𝑖
is the input data set;

𝑦
𝑗
is hidden layer node; 𝑜

𝑘
is the actual output; 𝑊 and 𝑉 are the

weights.

(4) There exists tendency to forget old samples during
training with new samples.

Aiming at these problems, three kinds of commonly used
methods have been proposed.

(1) Appending Momentum Item. In order to improve the
training velocity of the BPNN, a momentum item can
be added in the weight adjustment formula. The weights
adjustment vector expression with momentum item is shown
in formula

Δ𝑊(𝑡) = 𝜂𝛿𝑋 + 𝛼Δ𝑊(𝑡 − 1) . (1)

The formula shows that part of prior weight adjustment
quantity will be added to current weight. The 𝛼 is called
momentumcoefficient (normally𝛼 ∈ (0, 1)).Themomentum
item reflects the prior adjustment experience. And it can
reduce the vibrate trend when there is a sudden fluctuation of
error curved surface. It can also improve the training velocity.

(2) Adaptive Adjusting Learning Efficiency. Learning effi-
ciency is set to be constant in the standard BP algorithm.
However, in practice, it is better to change learning efficiency
according to the error.

An initial learning efficiency should be set. After a
round of weight adjustment, if the total error increases,
current adjustment is regarded as invalid, and adjust learning
efficiency according to formula

𝜂 (𝑡 + 1) = 𝛽𝜂 (𝑡) , (𝛽 < 1) . (2)

Whereas, if the total error descends, current adjustment
is regarded as valid, meanwhile, adjust learning efficiency
according to formula

𝜂 (𝑡 + 1) = 𝜃𝜂 (𝑡) . (3)

(3) Introducing Gradient Factor. The reason why the weight
adjustment is caught in the flat area is that the neurons’ output
is caught in the saturated zone of excitation function. In order
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to make the output away from the saturated zone, neuron net
input should be compressed. Hence, the original excitation
function can add a gradient factor 𝜆, as shown in formula

𝑜
𝑘
=

1

1 + 𝑒−net𝑘/𝜆
. (4)

It is considered to have entered the flat area when Δ𝐸
approximate to 0; nevertheless, 𝑑

𝑘
− 𝑜
𝑘
is still large. In this

case,𝜆 should be set to greater than 1, and after deviating from
the flat area, 𝜆 should be set to 1 again.

2.3. Computer Color Matching of Restoration with GA+BP.
The initial weights and threshold of traditional neural net-
work are randomly generated. In addition, network connec-
tion weights and threshold of the whole distribution will
influence the effect of data fitting. Improper initial parameters
can lead to no convergence or fall into local extremumwhich
will worsen the accuracy of the final prediction.

In clinical applications, it is needed to provide better
service to patients with low error and high stability. Genetic
algorithm (GA) is adopted to improve the accuracy of
computer colormatching of restoration. GAwill optimize the
initial weights and threshold values. It can effectively reduce
the randomness of initial parameters. The local optimal
defects of BP algorithm will be overcome due to more stable
predictive effect by using GA and neural network.

Genetic algorithm is a simulated evolutionary process
method. It follows the principle of evolution and takes
the good individual evolution as the optimal solution. The
flowchart of genetic algorithm is shown in Figure 3.

Each step of the genetic algorithm is explained as follows.
(1) Encoding, initial random fitness: using GA, each

individual of the population needs to be described in a
chromosome representation. Chromosome is composed of a
series of real numbers. The encoded string consists of four
segments, namely, the connection weights between hidden
layer and input layer, the connection weights between output
layer and hidden layer, hidden layer threshold, and output
layer threshold.

(2) Fitnessfunction: GA uses fitness function to evaluate
the viability of the chromosome.The fitness is corresponding
with the error of BPneural network between the actual output
and desired output. When the error is small, the fitness will
be high.

(3) Selection: the extremely important step in GA is the
selection. Selection is based on the fitness of each individ-
ual. In this paper, Roulette wheel selection is employed. A
probability 𝑝

𝑖
will be evaluated for each individual 𝑖. The 𝑝

𝑖

is defined in formula

𝑝
𝑖
=

𝑓
𝑖

∑
𝑁

𝑖=1
𝑓
𝑖

, (5)

where 𝑓
𝑖
is the fitness of individual 𝑖 and 𝑁 is the size of the

population.
The probability of individual 𝑖 to be selected is even

greater when 𝑝
𝑖
is larger.

Start

Encoding

Initial random population

Evaluate the fitness

Evaluate the fitness

Satisfied

End

Output the result

Mutation
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SelectionY N

Figure 3: Flow chart of genetic algorithm.

(4) Crossover and mutation: both the crossover and
mutation can create new individuals by recombining or
mutation. Crossover operation is to change corresponding
segment of two individuals to get two new individuals.
Mutation will return new individuals by altering the value of
some elements of the chromosome.

(5) The process will be accomplished when we get
appropriate fitness or evolution has completed the default
maximum number of generations. The output of this process
is the individual with best fitness and this individual consists
of the weights and threshold. The weights and threshold will
be used as the initial setup to train the BPNN.

3. Experiments

3.1. Train/Test Samples. We mixed VITA VMK95 dentin
porcelain powder according to different proportion. The
powder will be molding in homemade stainless steel mold
(the diameter is 15mm; the thickness is 3mm). Then, we put
the porcelain powder into porcelain pieces in porcelain fur-
nace and manufacture porcelain pieces of specimen. Finally,
the color of porcelain restoration database is generated by
measuring the shade of the specimen with crystaleye dental
spectrophotometer [19], as shown in Figure 4.

Now a total of 119 sets of data by using the above-
mentioned method have been obtained. The 75% of the
data is used as training data set while the 25% of the data
is used as test data set. The example of experimental data
is shown in Table 1. 𝐿∗, 𝑎∗, and 𝑏

∗ are converted from
spectrum of visible light measured by crystaleye dental
spectrophotometer colorimetric instrument. 𝐴1, 𝐴4, 𝐵4, 𝐶4,
and𝐷4 are different kinds of VITA VMK95 dentin porcelain
powder. Different ratio of porcelain powder component can
form corresponding color after burning. 𝐿∗, 𝑎∗, and 𝑏∗ are
treated as input, while 𝐴1, 𝐴4, 𝐵4, 𝐶4, and 𝐷4 as the output.
Each dimension of the input data needs to be normalized
before training.



4 Computational and Mathematical Methods in Medicine

1

0 1 2 3 4 5

Target Reference
74.74 75.58 −0.84

−0.32 −0.07 −0.25

15.14 14.83 0.31

Porcelain specimen Crystaleye Shade

ΔE

Δ

L
∗

a
∗

b
∗

Figure 4: Measure of the shade of the specimen with crystaleye.

Table 1: Example of experimental data.

𝐿
∗

𝑎
∗

𝑏
∗

𝐴1 𝐴4 𝐵4 𝐶4 𝐷4

66.89667 −0.01 14.92667 0.32 0 0 0.08 0
72.46333 −1.33333 14.58667 0.32 0 0 0 0.08
65.74667 1.33 19.24333 0.16 0 0.16 0.08 0
69.91667 1.136667 18.86667 0.16 0 0.08 0.08 0.08
65.10667 1.513333 19.40333 0.16 0.08 0 0.08 0.08
67.76333 0.643333 20.15667 0.16 0.08 0.08 0 0.08
65.49667 1.73 20.37333 0.16 0.08 0.08 0.08 0
63.86667 1.81 20.13 0.08 0 0.16 0.16 0
65.42 1.366667 21.55 0.08 0 0.16 0.08 0.08
64.71667 1.663333 18.87333 0.08 0 0.08 0.16 0.08
65.76667 1.56 20.55333 0.08 0 0.08 0.08 0.16

3.2. The Construction of BPNN Model. According to actual
situation in the previous section, the number of nodes in
input layer is 3 and it is 5 in output layer. As a result of the
multihidden layers network structure is more complicated
and the three layers of neural network can implement almost
all pattern recognition and classification tasks; three-layer
neural network is employed.

How to choose the number of hidden layer nodes has not
been solved with a good analytic expression. The number of
hidden layer nodes is often determined by the experience or
testing.

Formula (6) is widely used for estimation of hidden layer
nodes, and the final results will be determined through a set
of experiments:

ℎ = √𝑛 + 𝑚 + 𝑎. (6)

In formula (6), ℎ is the number of hidden layer nodes. 𝑛
is input layer nodes. Output node number is 𝑚. And 𝑎 is a
constant integer (𝑎 ∈ [1, 10]). Then we can get that the value
of ℎ is between 4 and 13.

In order to get the specific number of hidden layer nodes,
we introduced the ideas of trial and error and conducted a
series of 10 trials. Each trial of test performed 20 times of
prediction.The experimental data is training data set referred
to in the previous section. Different trials have different
hidden layer nodes while other parameters in different trials
are consistent. The experiment results are shown in Figure 5.

Er
ro

r

0.050

0.045

6 9 12

Test result

Number of nodes

Figure 5: Comparisons of predictive ability of BPNN with different
number of hidden layer nodes.

As shown in Figure 5, it is obvious that the error is
smallest when the number of hidden layer nodes is 12.
Therefore, the number of hidden layer nodes is set to 12.Then,
the construction of BPNN model is finished.

3.3. Application

3.3.1. The Improved BPNN. After the network structure is
identified, we conducted BPNN prediction experiments by
using MATLAB neural network toolbox. The toolbox pro-
vides uswith a variety of improved algorithms.Our statement
of building the training model is as below:

net = newff(inputn, outputn, hiddennum,
{“tansig”, “tansig”}, “traingd”).

We can see from the above function that the two
excitation functions are both tangent 𝑆 transfer function.
Our training function is “traingdx.” Namely, we adopt the
improved BP algorithm with appending momentum item
and adaptive adjusting learning efficiency. Examples of actual
output and expected output of experiment are shown in
Table 2.
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Table 2: Examples of actual output and expected output of experiment.

Actual output Expected output
𝐴1 𝐴4 𝐵4 𝐶4 𝐷4 𝐴1 𝐴4 𝐵4 𝐶4 𝐷4

0.1605 0.0566 0.0262 0.0412 0.0576 0.24 0.08 0.08 0 0
0.0009 0.1468 0.1755 0.0317 0.044 0 0 0 0.4 0
0.0045 0.1113 0.0952 0.024 0.0419 0.16 0.08 0 0.16 0
0.3388 0.1398 0.0169 0.051 0.0468 0.16 0.08 0 0 0.16
0.0208 0.125 0.3111 0.2054 0.1481 0.08 0 0 0.08 0.24
0.2196 0.0578 0.0212 0.0427 0.0545 0.24 0 0.08 0 0.08
0.0014 0.1297 0.1619 0.026 0.0443 0.08 0.24 0 0.08 0
0.0067 0.0875 0.058 0.0116 0.0523 0.08 0.16 0.16 0 0
0.0345 0.0798 0.0281 0.0139 0.0425 0 0 0 0.08 0.32
0.0008 0.1492 0.1702 0.0285 0.0462 0 0 0.08 0.32 0
0.0227 0.0912 0.0413 0.0231 0.0424 0.16 0.16 0 0 0.08
0.0077 0.1009 0.074 0.0213 0.0421 0 0 0.16 0 0.24
0.0022 0.1204 0.094 0.0174 0.0465 0 0.24 0 0 0.16
0.0017 0.1287 0.1474 0.0258 0.0438 0 0.32 0 0.08 0
0.1147 0.0658 0.0167 0.0162 0.0393 0.32 0 0.08 0 0
0.0028 0.1242 0.1194 0.0321 0.0417 0 0 0 0.32 0.08
0.0922 0.0716 0.0166 0.0124 0.0395 0.08 0 0.24 0 0.08

Table 3: The MSE of BPNN.

Serial number 1 2 3 4 5 6 7 8 9 10
MSE 0.0289 0.0417 0.0406 0.0346 0.0387 0.0416 0.035 0.0368 0.0366 0.0408

Table 4: The MSE of GA+BP.

Serial number 1 2 3 4 5 6 7 8 9 10
MSE 0.0335 0.0327 0.0333 0.0349 0.03 0.0324 0.0318 0.0338 0.0309 0.0316

1 2 3 4 5 6 7 8 9 10
0.0289
0.0335

0.0417
0.0327

0.0406
0.0333

0.0346
0.0349

0.0387
0.03

0.0416
0.0324

0.035
0.0318

0.0368
0.0338

0.0366
0.0309

0.0408
0.0316

BNPP

M
SE

BPNN

0.042

0.036

0.030

GA + BP

GA + BP

Figure 6: Comparisons of experimental results.



6 Computational and Mathematical Methods in Medicine

We can use formula (7) to evaluate the error of each
sample:

𝐸
𝑝
= √

𝑙

∑

𝑘=1

(𝑑
𝑝

𝑘
− 𝑜
𝑝

𝑘
)
2

. (7)

At last, the mean square error (MSE) is used to represent
the total error of this structure. MSE is calculated by using
formula

𝐸MSE = √
1

𝑃

𝑝

∑

𝑘=1

(𝐸𝑝)
2
. (8)

We conducted a series of 10 tests. All tests have the same
parameters and MSE of tests is shown in Table 3.

3.3.2. GA+BP. Thefitness function of GA algorithm is the BP
algorithmprovided byMATLABneural network toolbox.We
choose the Levenberg-Marquardt algorithm as the training
function [20]. Levenberg-Marquardt algorithm for medium-
sized BP neural network is the default training function of the
toolbox, and it also has the fastest convergence speed.

The initialization parameter, namely, the threshold and
weights, can be obtained after the GA process. Then, BPNN
model with the initialization parameters is constructed. In
this section, we chose the appending momentum item and
introduced gradient factor to improve the BPNN. Similarly,
we conducted a series of 10 trials. Andwe got theMSE of each
group finally. The MSE of experiment in each trial is shown
in Table 4.

3.4. Discussion. Comparisons between BPNN and GA+BP
are shown in Figure 6. It is clear that the MSE of proposed
GA+BP is generally smaller than that of BPNN. Furthermore,
the prediction ability of GA+BP is more stable.

4. Conclusion

A more perfect forecasting model for dental porcelain com-
puter colormatching calledGA+BP is proposed. Based on the
research and comprehensive discussion about the traditional
BPNN, the initial weights and threshold are optimized by GA
firstly. Experiments show that it enhances the convergence
performance and stability of the BPNN by determining the
appropriate initial parameters instead of random selection of
initial parameters. It makes the color matching of restoration
more objective and accurate.

The GA+BP can help reach the prediction goal of CCM
in actual research. Therefore it has high practical application
value and plays a guidance role in CCM. With the develop-
ment of computer science comprehensively introduced into
the medical field, stomatological hospital will have more
ability to provide better services for patients in the future.
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[20] J. J. Moré, “The Levenberg-Marquardt algorithm: implementa-
tion and theory,” in Numerical Analysis, pp. 105–116, Springer,
Berlin, Germany, 1978.



Research Article
A Wavelet Transform Based Method to Determine Depth of
Anesthesia to Prevent Awareness during General Anesthesia

Seyed Mortaza Mousavi,1 Ahmet AdamoLlu,2 Tamer Demiralp,3

and Mahrokh G. Shayesteh4

1 Department of Biomedical Engineering, Urmia Medical Sciences University, Urmia, Iran
2 Biomedical Engineering Department, Boğazici University, Istanbul, Turkey
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Awareness during general anesthesia for its serious psychological effects on patients and some juristically problems for anesthetists
has been an important challenge during past decades. Monitoring depth of anesthesia is a fundamental solution to this problem.
The induction of anesthesia alters frequency and mean of amplitudes of the electroencephalogram (EEG), and its phase couplings.
We analyzed EEG changes for phase coupling between delta and alpha subbands using a new algorithm for depth of general
anesthesia measurement based on complex wavelet transform (CWT) in patients anesthetized by Propofol. Entropy and histogram
of modulated signals were calculated by taking bispectral index (BIS) values as reference. Entropies corresponding to different BIS
intervals using Mann-Whitney𝑈 test showed that they had different continuous distributions. The results demonstrated that there
is a phase coupling between 3 and 4Hz in delta and 8-9Hz in alpha subbands and these changes are shown better at the channel
𝑇
7
of EEG. Moreover, when BIS values increase, the entropy value of modulated signal also increases and vice versa. In addition,

measuring phase coupling between delta and alpha subbands of EEG signals through continuous CWT analysis reveals the depth
of anesthesia level. As a result, awareness during anesthesia can be prevented.

1. Introduction

Awareness during anesthesia is probably the most helpless
and terrifying feeling in the world. It occurs when one
is supposed to be completely asleep under full general
anesthesia, but the brain is not asleep at all. It is a severe
after-effect with potential long-term psychological outcomes
such as posttraumatic stress disorder, repetitive nightmares,
anxiety, and irritability [1].

Awareness cases were represented between 2% (ASA
Closed Claims Analysis) and 2.2% (British data) of claims
against anesthesiologists. In the USA, the median payment
for such cases is 81,000$ although recently, there have been
several cases in which much larger claims have been settled
[2, 3].

Monitoring depth of general anesthesia (DOA) is one of
the fundamental tasks of anesthetists. Accurate evaluation

of DOA helps precise drug delivering to the patients, thus
preventing awareness or excessive depth of anesthesia and
improving patients’ outcomes [4, 5].

There are numerous methods and devices to assess DOA
based on clinical sign or brain electrical activity monitoring.
According to the studies, determining DOA based on elec-
troencephalogram (EEG) parameter can bemore informative
than those just work based on simple vital signs, because
central nervous system (CNS) is the final target of general
anesthetic drugs [6].

Up to now most of EEG analyzing methods to determine
DOA were based on Fourier and Short time Fourier trans-
form signal processing approaches which in these methods
the signals have been assumed stationary and proceeding
continued, whereas the EEG signals are nonstationary. To
solve this problem, we proposed to use Morlet continuous
complexwavelet transform. In addition, it is helpful in finding
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hidden frequency information in the signal and enables a 3D
representation of the signal amplitude, frequency, and time.

Some of commercially available DOAmonitors that work
based on EEG are bispectral (BIS), Narcotrend, Entropy, and
auditory evokedpotentialmonitors.These devices are not still
exactly accurate and cases of alertness are reported even with
them [7, 8].

BIS monitor, which is a commercial device, integrates
several disparate descriptors of the EEG into a single
variable which is called BIS index. These descriptors are
burst suppression ratio, Beta ratio (log[𝑃

30–47Hz/𝑃10–20Hz]),
and higher order spectral subparameters SynchFastSlow
(log[𝐵

0.5–47Hz/𝐵40–47Hz]). 𝑃 stands for power spectrum and
𝐵 stands for bispectrum. To derive these parameters, it
is required that EEG is analyzed in time, frequency, and
bispectral domains, respectively [9].

BIS monitor is used as standard equipment for general
anesthesia monitoring, because of its presence in clinical
practice for over two decades; though it does not necessarily
mean that the BIS monitor is superior to others.

In the last decade, it has been shown that BIS has some
limitations in terms of high dependence on the type of
anesthetic agents. Another shortcoming of BIS is that the
reported index is determined after each 10 seconds, which
might be long in crucial circumstances. Moreover, BIS value
crosses the defined anesthetic levels repeatedly during painful
surgeries. In other words, BIS suffers from a significant lack
of robustness, sensitivity, and specificity [10, 11]. Therefore,
the problem of constructing an ideal DOA monitor is still
unsolved. That is why we did the present research.

EEG signals are the signatures of neural activities. They
reflect the combination of synaptic activity of excitatory
and inhibitory postsynaptic potentials produced by cortical
neurons. The shift from alertness to a state of general
anesthesia (GA) is associated by considerable changes in the
brain’s spontaneous EEG activity [12].

Most anesthetics drugs as most part of volatile and intra-
venous hypnotic the Propofol and the barbiturates in variable
doses cause dose dependent decrease of EEG frequency and
increase in amplitude. Low doses activate mainly beta (𝛽)

band and EEG mean power is decreased in alpha (𝛼) band.
By increasing the doses of anesthetics and deepening depth of
anesthesia, themean frequency of the signal decreases and its
amplitude increases then theta (𝜃) or delta (𝛿) waves appear.
In other words, by deepening anesthesia, the EEG becomes
more regular before disappearing into an isoelectric activity
in very deep anesthesia. Finally low voltage high frequency
awareness pattern of EEG is changed to the slow-wave EEG
of deep sleep, and then an EEG burst-suppression pattern.
In moderate to deep anesthesia states, the EEG is ruled by
globally coherent slow waves activities in the delta frequency
range [13–15]. At the end it can be said that general anesthetics
block consciousness by depressing the central nervous system
through decreasing at 25–50Hz band (upper 𝛽 and 𝛾 bands)
and increasing at slow waves (𝜃 and 𝛿 bands).

The brain waves recorded from the head have small
amplitude of about 100𝜇V.The frequency range of these brain
waves is from 0.5 to 100Hz, and their features are highly
dependent on the degree of activity of the brain cortex [15].

Mostly, in normal people, the brain waves may be organized
as the following classes [16].

(1) The delta (𝛿) waves include EEG waves below 3.5Hz.
They appear in deep sleep or coma, in childhood, and
in serious brain physical disease.

(2) The theta (𝜃) waves have frequencies between 4 and
7Hz. These waves appear chiefly during the child-
hood, but they also occur during emotional stress in
some adults. These waves are recorded in the parietal
region.

(3) The alpha (𝛼) waves occur at a frequency range
between 8 and 13Hz, which are seen in all normal
peoplewhen their brain is awake in a quiet and resting
state.They are usually recorded in the occipital region.

(4) The beta (𝛽) waves have low amplitude and high
frequency range between 13 and 30Hz. They are
affected by cerebral activity and can be recorded from
frontal and parietal regions.

Scalp EEG shows that delta band may include different
types of activities. Benoit et al. presented that the slow and fast
delta components differently correlate with alpha and beta
frequency bands using the scalp EEG power spectra during
non-REM sleep [17]. They chose 0.7–2Hz interval as slow
delta and 2–4Hz interval as fast delta.

Steriade and Amzica [18] and Steriade [19] by studying
on neural activities revealed that slow oscillation (<1 Hz) has
the ability to activate and cluster cortical network firing,
which correspond to higher frequency EEG activities from
delta to gamma (30–60Hz).

Phase-coupling is quantified by calculation of modulated
signal (MS) between 𝛼 and 𝛿 subbands, and determining
DOA through Shannon Entropy of MS.

Molaee-Ardekani et al. showed that phase of modulation
related to various delta subbands as very slow, slow, fast,
narrow, cumulative slow 1, and cumulative slow 2 deltas
with alpha waves had different correlations with depth of
anesthesia, and finally they implied that a fast delta subband
was the best choice among various delta subbands to correlate
with brain activities, and their phase difference changes with
DOA [9].

By considering about 0.2% incidence of awareness and
its complications in the united states of America (USA) and
multiplying this incidence rate by 22 million anesthesia cases
annually in the USA [20], we can find out the magnitude of
the problem. Finding solution to this problem can be a great
motivation to do of this study.

In this study, we developed a method for monitoring
depth of anesthesia precisely and prevent awareness and
its squeals. For this reason, we investigated modulation in
spontaneous EEGbetween𝛼 and 𝛿 bands partitioned as small
as one Hz to evaluate the depth of Propofol anesthesia by
a new algorithm based on the continuous complex wavelet
transform in order to overcome the limitations of other
monitoring approaches.
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2. Method and Materials

2.1. Data Recording Protocol. This project was approved by
the Institutional ResearchEthicsCommittee to study 6 female
patients, aged 26–72 years old (average age of patients is
45.4 years old), scheduled for elective gynecological surgeries.
All patients were in ASA I and II (American association of
anesthesiology physical status classification) and free of neu-
rological diseases. Written informed consent was obtained
from all patients.

In order to prepare patients psychologically and prevent-
ing unnecessary delay on schedule of surgery the patients
preparation period to take EEG recording was started about
an hour before the beginning of surgical operation in Pre-Op
(preoperation) period then spontaneous EEG were taken for
300 seconds. Then the patients were transferred to operating
room and before starting the OP (operational) period EEG
recording step, BIS device electrodes were attached. Duration
of spontaneous EEG and BIS data recording during surgery
for patients (Pt.) are as follows: (1) Pt. 12 (90min), (2) Pt. 13
(140min), (3) Pt. 14 (52min), (4) Pt. 17 (140min), (5) Pt. 23
(175min), (6), and Pt. 24 (105min).

In operating room Propofol was injected 30 seconds after
the beginning of the induction period of EEG recordings
and lasts as a main anesthetic in all patents accompanied
by Remifentanyl (Ultiva) during surgery and Rocuronium
Bromide (Esmeron). Spontaneous EEG recording was done
during maintenance and emergence periods of anesthesia. At
10 minute intervals before cessation of anesthetic agent and
wakening up, a long recording was done. The first and end of
operation, spontaneous EEG recorded were the longest ones.

The EEG electrode montage included 15 channels in the
10/20 standard, respectively, (Fp1, Fp2, F7, F3, Fz, F4, F8, T7,
C3, Cz, C4, T8, P3, Pz, and P4) with the electrodes referenced
to mastoids [21].

Parallel to EEG recordings, the commercially available
anesthesia monitor (BIS, Aspect Medical Systems) was used
as a reference. This device generates an index between 0 and
100, where 0 is the full cortical silence and 100 is fully awake
state, respectively.The BIS level between 40 and 60 is the said
to be appropriate state for adequate surgical anesthesia [7].

2.2. Introduced Method. Our aim is to find appropriate
channels and approaches to evaluate DOA. The proposed
algorithm consists of three main steps: preprocessing, calcu-
lation of modulated signal (MS) between 𝛼 and 𝛿 bands, and
determiningDOAby ShannonEntropy ofMS.These steps are
applied to all EEG channels.The above stages are explained in
more details at the following subsections.

2.2.1. Preprocessing. In this work, we used a preamplifier
and its software with 32 channel capacity named Brain map
device. In addition, Brain vision recorder device (Brain prod-
uct, Germany) was used to record the sampling frequency
of preamplifier and adjust the filter parameters. It can also
display real-time EEG data on the screen and save them to
a hard disk. By this program we reduced the electrode-skin
impedance to lower levels (𝑧 < 5 kΩ) before recordings

because high impedances render the signal susceptible to
artifacts.

The raw spontaneous EEG data which recorded from 15
channels were cleaned manually of artifacts which are not
patient-related (physiological), and corrupted BIS data which
identified by BIS monitor were also removed.The recorded
brain waves had small amplitude of approximately 100𝜇V
and contained frequency components of up to 300Hz. To
preserve the effective information, the EEG signals were
amplified and filtered, to reduce the noise and make the
signals proper for process and vision. Highpass filters with
a cutoff frequency of less than 0.5Hz were used to remove
the disturbing very low frequency components and high-
frequency noise was alleviated by using lowpass filters with
a cutoff frequency of approximately 50–70Hz. Notch filters
with a null frequency of 50Hz were used to guarantee the
rejection of 50Hz power supply noise. Frequency sampling
was decimated from 1000Hz to 100Hz [22].

2.2.2. Complex Continuous Wavelet Transform. The continu-
ous wavelet transform (CWT) displays the scale-dependent
structure of a signal as it varies in time.This scale-dependent
structure, in turn, is essentially the instantaneous frequency,
so that the CWT provides a view of the frequency versus time
behavior of the signal and therefore has great potential as a
preliminary tool for investigating wideband, nonstationary,
or other types of signals having time-dependent spectral
characteristics.

If 𝑥(𝑡) is a square-integrable function; that is, ∫𝑥
2
(𝑡)𝑑𝑡 <

∞, then the CWT of 𝑥(𝑡) corresponding to a given mother
wavelet 𝜓(𝑡) is defined as

𝑊
𝜓
(𝑡) = ∫

∞

−∞

𝑥 (𝑡) 𝜓
∗

𝑎,𝑏
(𝑡) 𝑑𝑡, (1)

where

𝜓
𝑎,𝑏

(𝑡) =
1

√𝑎
𝜓(

𝑡 − 𝑎

𝑏
) . (2)

Here, the wavelet 𝜓
𝑎,𝑏

(𝑡) is calculated from the mother
wavelet 𝜓(𝑡) by dilation and translation, where a and b are
real positive dilation and translation factors, respectively.

The conventional wavelet transform is based on the real-
valued wavelet function and scaling function.There are some
troubles with real wavelet such as oscillation, shift variance,
and aliasing. One solution to the mentioned problems is
complex wavelet. In this research, Morlet wavelet which is a
complex wavelet is used and it is defined as

𝜓 (𝑡) =
1

√𝜋𝐹
𝑏

× exp (𝑗2𝐹
𝑐
𝑡) × exp(−

𝑡
2

𝐹
𝑏

) , (3)

where 𝐹
𝑏
is the bandwidth parameter and 𝐹

𝑐
is the center

frequency. In this paper, all wavelets have the same band-
width, that is, oneHz, and the only difference is in their center
frequency. Therefore, all of them have the same 𝐹

𝑏
while 𝐹

𝑐

varies from one wavelet to another [23–27].
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Figure 1: Absolute of one Hz bandwidth filters used to partitioning
of delta and alpha bands into different subbands.

2.2.3. Calculation of Shannon Entropy. From the statistical
mechanics perspective of Shannon, entropy is a measure
of uncertainty associated with a random variable. Entropy
describes the irregularity, complexity, or unpredictability
characteristics of a signal. If 𝑝(𝑥) is the probability that the
outcome is 𝑥, then log(1/𝑝(𝑥)) is how surprised we would
be if the outcome was 𝑥. Since 𝑝(𝑥) ranges from 0 to 1,
the surprise ranges from ∞ to 0. Entropy is the weighted
average of the surprise across all outcomes. Shannon’s entropy
uses ℎ(𝑝(𝑥)) = log(1/𝑝(𝑥)) and is the average surprise on
discovering the outcome of a random experiment as

(𝑋) = 𝐸 [ℎ (𝑋)] = 𝐸 [− log (𝑝 (𝑋))]

= −∑

𝑥∈𝜒

𝑝 (𝑥) log (𝑝 (𝑥)) .
(4)

Entropy maximizes when 𝑝(𝑥) is the same for all 𝑥. In
other words, if the histogram or probability density function
of 𝑥 becomes uniform, the entropy of 𝑥maximizes [28]. EEG
recordings change from irregular to more regular patterns
when anesthesia deepens. Entropy of the signal has been
shown to drop when a patient falls asleep and increases again
when the patient wakes up.

The behavior of EEG in the whole of 𝛼 and 𝛿 bands
is not same. Therefore, these bands should be partitioned
into smaller subbands. In this study, a new partitioning
approach is proposed for separation of these bands. Every
band is divided into five subbands each of them with one Hz
bandwidth, 𝛿 band was divided into subbands with ranges 0-
1, 1-2, 2-3, 3-4, and 4-5Hz and 𝛼 band was partitioned into
subbands 8-9, 9-10, 10-11, 11-12, and 12-13Hz. The absolute
of wavelets of these subbands is shown in Figure 1. Then the
modulation effects between them are calculated.

The process of MS calculation of the 𝑘th EEG epoch
between the 𝑖th subband of 𝛼 band and the 𝑗th subband
of 𝛿 consists of two parallel parts. The wavelet of the 𝑖th
subband of 𝛼 and the 𝑗th subband of 𝛿 are shown by 𝜓

𝛼
𝑖

and 𝜓
𝛿
𝑗

, respectively. In the first part, the 𝑘th preprocessed

epoch (𝑥
𝑘
(𝑡)) is decomposed by wavelet transform of the 𝑖th

subband of 𝛼 as

𝑊
𝑘

𝛼
𝑖

(𝑡) = ∫

∞

−∞

𝑥
𝑘
(𝑡) 𝜓
∗

𝛼
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(𝑡) 𝑑𝑡. (5)

Then, the absolute of 𝑊𝑘
𝛼
𝑖

(𝑡) is calculated as


𝑊
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𝛼
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= √(R {𝑊𝑘
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𝑖

})
2

+ (I {𝑊𝑘
𝛼
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})
2

, (6)

whereR{⋅} and I{⋅} denote the real part and imaginary part
of the signal, respectively.

Then, |𝑊𝑘
𝛼
𝑖

| is decomposed by wavelet of the 𝑗th subband
of 𝛿 band as

𝑊
𝑘

𝛼
𝑖
,𝛿
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∞
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𝑊
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(𝑡) 𝑑𝑡. (7)

At the end of the first part, the absolute value of 𝑊
𝑘

𝛼
𝑖
,𝛿
𝑗

is
calculated and denoted by (|𝑊

𝑘

𝛼
𝑖
,𝛿
𝑗

|).
In the second part, at first, 𝑥

𝑘
(𝑡) is decomposed by the

decomposition wavelet of 𝑗th subband of 𝛿 as

𝑊
𝑘

𝛿
𝑗

(𝑡) = ∫

∞

−∞

𝑥
𝑘
(𝑡) 𝜓
∗
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(𝑡) 𝑑𝑡. (8)

At the end of the second part, phase of𝑊𝑘
𝛿
𝑗

(𝑡) is calculated as

∠𝑊
𝑘

𝛿
𝑗

(𝑡) = tan−1(
R {𝑊

𝑘

𝛿
𝑗

(𝑡)}

I {𝑊
𝑘

𝛿
𝑗

(𝑡)}

) . (9)

To calculate the MS, the approach proposed in [19] is
used. The range [−𝜋 𝜋) is divided into 62 nonoverlapping
bins (about 0.1 rad for each bin).Then, the samples of∠𝑊

𝑘

𝛿
𝑗

(𝑡)

that have the same bin are identified. Finally, each sample
of MS is the mean of |𝑊

𝑘

𝛼
𝑖
,𝛿
𝑗

| that has the same ∠𝑊
𝑘

𝛿
𝑗

(𝑡). At
the last step, the Shannon entropy of MS is calculated [29].
To calculate the entropy, 62 bin histograms of the MS are
computed and then the entropy is calculated as

𝐻 = −

62

∑

𝑛=1

𝑃
𝑛
log (𝑃

𝑛
) , (10)

where𝑃
𝑛
is the probability of each bin in the histogramwhich

is calculated as

𝑃
𝑛
=

𝑁
𝑛

62
, (11)

where 𝑁
𝑛
is the amplitude of the 𝑛th bin in the histogram.

Various signals obtained during the calculation of entropy
are shown in Figures 2 and 3 for low-BIS and high-BIS
epochs, respectively. We observe that the three subbands of
𝛿 in the range 1–4Hz and subband of 𝛼 in the range 8-9Hz
were derived from channel 8 (𝑇

7
).
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Figure 3: Different signals obtained during the calculation of entropy for high-BIS epoch. In this epoch, BIS indices are greater than 90.

2.3. Mann-Whitney U Test. To compare the entropies related
to different BIS intervals, Mann-Whitney 𝑈 test was used.
It is a nonparametric test that can be used in place of an
unpaired 𝑡-test. It is used to test the null hypothesis when two
samples come from the same population (i.e., they have the
same median) or, alternatively, whether observations in one
sample tend to be larger than observations in the other one.
Although it is a nonparametric test, it does assume that the
two distributions have similar shapes [30].

3. Results and Discussion

Wavelet analysis can be viewed as a generalization of Fourier
analysis that introduces time localization in addition to
frequency decomposition of a signal. The chief benefit of
wavelets makes them particularly suitable for the analysis
of nonstationary signals such as the EEG. In this paper, we
present a wavelet-based technique that calculates an index of
intravenous anesthesia depth based on patient’s EEG.Wavelet
analysis significantly reduces the computational complexity
to perform this task in comparison with BIS and other EEG
based methods. Also, it does not need a large number of
patients or an extensive amount of clinical EEG data for the
index derivation.

The goal of this study is to find an appropriate channel
in which 𝛼 and 𝛿 subbands have modulation effect in all
patients, and then, the behavior of the entropy in this channel
and frequency range were analyzed. The results were derived
by calculating the entropy of the MS via the proposed 𝛼

and 𝛿 bands partitioning through complex Morlet wavelet
to measure the depth of anesthesia in five patients. To
achieve this goal, the recorded BISs were divided into four
nonoverlapping ranges, 𝑅

𝑎
(20–40), 𝑅

𝑏
(40–60), 𝑅

𝑐
(60–80),

and𝑅
𝑑
(80–100).We did not consider the interval 0–20, since

the number of epochs whose relative BIS belonging to this
range was very low. The average entropy for all BIS intervals
was calculated for all channels and all possible modulations
between 𝛼 and 𝛿 subbands. The results related to one of the
patients are shown in Figure 4. In each subfigure, average
entropy for a one 𝛼 subband and all 𝛿 subbands is shown.

For a specific pair of 𝛼 and 𝛿 subbands, suitable chan-
nel is the channel that average entropy increases as BIS
range increases. In this case, we can mention that between

the specific pair of 𝛼 and 𝛿 subbands, there is modulation
effect. As seen, for all possible pairs of 𝛼 and 𝛿 subbands
in different channels, there is not modulation effect between
them and entropy does not increase as BIS increases. The
suitable channels in which there is modulation effect between
𝛼 and 𝛿 subbands are presented for all patients in Table 1. In
this Table, the term “𝑎-𝑏” means all channels from 𝑎 to 𝑏 have
modulation effect in the specified 𝛼 and 𝛿 subbands. Also,
the terms “All” and “All (E. a)” mean that all channels and all
channel except set a have modulation effect in the specified
frequency range, respectively. As seen, the modulation effect
mostly exists in the low-frequency subbands of 𝛼 band. The
suitable channel for DOA monitoring must be common in
all patients. Therefore, we observe that there is modulation
effect only between the frequency range 3-4Hz in 𝛿 band and
the frequency range 8-9Hz in 𝛼 band in the channel 8 (𝑇

7
)

for all patients. Therefore, channel 8 (𝑇
7
) and the mentioned

frequency subbands can be used for DOA measurement. In
the rest of the paper, all results are presented considering
3-4Hz subband in delta band and 8-9Hz subband in alpha
band in channel 8 (𝑇

7
). Whereas Molaee-Ardekani et al.

(2009) concluded that there is no single subbandwith the best
performance in different DOAs [9].

In all patients as BIS increases, the entropy also increases.
The mean and standard deviation of the entropies of modu-
lation signals between 3 and 4Hz delta subband and 8 and
9 alpha subband obtained in channel 8 (𝑇

7
) for different BIS

ranges (i.e., 𝑅
𝑎

∼ 𝑅
𝑑
) are shown for six patients in Figure 5.

As seen the mean of entropy increases in all patients as BIS
increases. Also, the mean entropy of specific BIS ranges is
about the same for different patients.Themaximum standard
deviation is 0.34 which is very small. It demonstrates that
the entropy obtained by the complex Morlet wavelet has low
variations in different BIS intervals. It is obvious that for high-
value BIS ranges, the standard deviation is smaller than that
of low-value BISs. This indicates that the epochs with high-
BIS values have low variations in comparison with the epochs
with low-BIS values.

The variations of the BIS and the calculated entropy
during different epochs for five patients are depicted in
Figure 6. It is observed that the entropy variations follow the
recorded BIS variations which demonstrate the efficiency of
the proposed algorithm.
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Figure 4: Average entropy corresponding to different alpha and delta subbands.
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Table 1: Channels that have modulation effect in different patients.

Patient Alpha Delta
0-1 1-2 2-3 3-4 4-5

12

8-9 1, 2, 3, 7, 8 8 1, 2 8, 12, 15 5, 11, 12, 13, 14, 15
9-10 10 10 10 10, 14 10, 11
10-11 8 — — — —
11-12 6 — — — —
12-13 7 — — — —

13

8-9 13, 14, 15 12, 13, 15 6, 8, 12, 13, 15 6, 8 —
9-10 All All (𝐸. 4) All All All
10-11 — — — — 12
11-12 — — — — —
12-13 — — — — —

14

8-9 All All All All All
9-10 6, 9, 10, 13 2, 10, 12 1 1, 6 1, 2
10-11 10 — — — —
11-12 — — — 10 —
12-13 — 12 — — —

17

8-9 All (𝐸. 5) All (𝐸. 3, 5) All (𝐸. 3) All All (𝐸. 5)
9-10 All 1, 8, 9, 10, 11, 14, 15 1, 2, 4, 11, 13, 14, 15 1, 3, 10, 11, 12, 13, 14, 15 1, 3, 5, 6, 11, 13, 15
10-11 All (𝐸. 13, 15) All (𝐸. 14) All (𝐸. 14) All (𝐸. 13, 14, 15) All (𝐸. 14, 15)
11-12 1, 2, 4, 5, 6, 7, 9, 12 1, 2, 3, 5, 6, 7, 9, 10, 12 2, 3, 6, 8, 10, 13 1, 3, 4, 6, 7, 8, 9, 11, 12 3, 4, 6, 7, 12
12-13 7, 11 7, 9 — 8 2, 3, 7

23

8-9 All (𝐸. 8) 1, 2, 4, 5, 6, 7, 8 All (𝐸. 8, 12) All 1, 2, 5, 6, 7
9-10 — — — — —
10-11 — — — — —
11-12 — — — — —
12-13 — — — — —

24

8-9 8, 12 8, 9, 10, 12, 13, 14, 15 8, 14 8, 9, 14 8, 14
9-10 — — — — —
10-11 — — — — —
11-12 — — — — —
12-13 — — — — —

The term “𝑎-𝑏” means all channels from 𝑎 to 𝑏 have modulation effect in the specified 𝛼 and 𝛿 subbands. Also, the terms “All” and “All (𝐸. 𝑎)” mean that all
channels and all channel except set a have modulation effect in the specified frequency range, respectively.
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Figure 5: Mean and standard deviation (STD) of entropy of modulation signal between 3 and 4 Hz delta subband and 8-9 alpha subband
obtained in channel 8 (𝑇

7
) for different BIS intervals.

We performed statistical test to show that calculated
entropy by the proposed method in different BIS ranges is
statistically independent and comes from different popula-
tions. The BIS values from 0 to 100 are segmented into three
intervals, 20∼40 (𝑅

𝑎
), 41∼60 (𝑅

𝑏
), 61∼80 (𝑅

𝑐
), and 81∼100

(𝑅
𝑑
). For each patient, Mann-Whitney 𝑈 test was performed

for all possible pairs of entropies related to 𝑅
𝑎
, 𝑅
𝑏
, 𝑅
𝑐
, and 𝑅

𝑑
,

where the significance level was set to 0.05. The obtained
results are presented in Table 2. If 𝑃 value is smaller than the
significance level, null hypothesis is rejected (which means
𝑥 and y come from the different continuous distributions),
otherwise test is accepted. As observed, in all cases except
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Figure 6: The variation of entropy and BIS during different epochs. (a) Patient 12, (b) patient 13, (c) patient 14, (d) patient 17, (e) patient 23,
and (f) patient 24.
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Table 2: Comparison entropies correspond to different BIS intervals by Mann-Whitney 𝑈 test.

BIS ranges Test result Patient
12 13 14 17 23 24 Overall

𝑅
𝑎
, 𝑅
𝑏

h(p) 0 (0.075) 1 (0.0022) 0 (0.078) 1 (3.3𝑒 − 05) 0 (0.052) 1 (0.048) 1 (4.1𝑒 − 18)
𝑅
𝑎
, 𝑅
𝑐

h(p) 0 (0.13) 1 (0.0011) 1 (8.1𝑒 − 07) 1 (4.1𝑒 − 14) 1 (7.4𝑒 − 14) 1 (1.4𝑒 − 10) 1 (1.1𝑒 − 45)
𝑅
𝑎
, 𝑅
𝑑

h(p) 1 (0.0055) 1 (1.1𝑒 − 05) 1 (1.3𝑒 − 12) 1 (4.9𝑒 − 10) 1 (7.1𝑒 − 14) 1 (4.6𝑒 − 15) 1 (7.4𝑒 − 58)
𝑅
𝑏
, 𝑅
𝑐

h(p) 0 (0.38) 0 (0.49) 1 (2.5𝑒 − 07) 1 (7.2𝑒 − 08) 1 (5.7𝑒 − 09) 1 (3.7𝑒 − 08) 1 (7.7𝑒 − 19)
𝑅
𝑏
, 𝑅
𝑑

h(p) 1 (0.0065) 1 (0.00076) 1 (1.1𝑒 − 16) 1 (2.9𝑒 − 06) 1 (1.6𝑒 − 09) 1 (5.1𝑒 − 12) 1 (9.8𝑒 − 40)
𝑅
𝑐
, 𝑅
𝑑

h(p) 0 (0.11) 1 (0.0036) 1 (3.5𝑒 − 09) 0 (0.37) 0 (0.52) 0 (0.31) 1 (1.6𝑒 − 11)
h = 1 indicates that null hypothesis is rejected, and entropies have different populations, otherwise null hypothesis is accepted. The term “𝑎𝑒𝑏” stands for 𝑎 ×
10
𝑏.

the pair 𝑅
𝑎
, 𝑅
𝑏
, null hypothesis is rejected. Also, the obtained

𝑃 values are much smaller than 0.05 which indicates the
test rejects the null hypothesis strongly and consequently the
related entropies of different BIS intervals (i.e.,𝑅

𝑎
,𝑅
𝑏
,𝑅
𝑐
, and

𝑅
𝑑
) have different continuous distributions.
We have alsomerged the entropies of all patients together

and then performed the statistical analysis. The results are
presented in the last row of Table 2. As it indicates, in this case
the null hypothesis is also strongly rejected. All findings imply
that entropies of the various BIS intervals come fromdifferent
distributions which show the proposed method can be used
to measure the depth of anesthesia with high accuracy.

As shown in Table 2, our approach based on continuous
complex Morlet wavelet transform has more sensitivity in
analyzing DOA corresponding to different BIS values than
other studies in this field. Consequently, it leads to precise
anesthetic drugs administering, preventing awareness, anes-
thesia related risks, and improve anesthesia outcome.

4. Conclusion

In this study, a new method for DOA measurement based
on Morlet Complex CWT was presented. Delta and alpha
bands were partitioned into five oneHz bandwidth subbands.
DOA was measured using Entropy of MS among them in
different channels. Obtained results in terms of mean of
different BIS ranges showed that MS between 3 and 4Hz and
8-9Hz subbands in channel 8 (𝑇

7
) achieves the best results

in DOA measurement. Mann-Whitney 𝑈 test also showed
that average entropy at various BIS intervals has significant
difference which shows the proposed method can be used to
measure the depth of anesthesia with high accuracy.
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In this paper we propose a novel visual method for protein model classification and retrieval. Different from the conventional
methods, the key idea of the proposed method is to extract image features of proteins and measure the visual similarity between
proteins. Firstly, the multiview images are captured by vertices and planes of a given octahedron surrounding the protein. Secondly,
the local features are extracted from each image of the different views by the SURF algorithm and are vector quantized into
visual words using a visual codebook. Finally, KLD is employed to calculate the similarity distance between two feature vectors.
Experimental results show that the proposed method has encouraging performances for protein retrieval and categorization as
shown in the comparison with other methods.

1. Introduction

The classification and retrieval of protein models is widely
applicable in biomedical science. Biologists have a great
demand for protein retrieval and classification tools to iden-
tify the functions of unknown proteins and to discover new
functions of known proteins.

The most widely used protein structure classification
systems are CATH [1] and SCOP [2], both of which are
created by experts based on their experiences. With the rapid
growth of the 3D protein structures, the artificial classifica-
tion has been unable to meet the demand. It is desirable to do
classification and retrieval in amore automatedway. So,more
and more researchers are dedicated to studying automatic
classification methods which are based on the biological
function of the protein molecules.

The protein molecules are of some specific shape which
can be described by their biological function, for example,
the amino acid sequences and 3D structures. According to
the different biological functions, there are three kinds of
methods for protein retrieval and classification. They are
respectively based onmolecular sequence, protein secondary
structure (SS) elements, and 3D structural coordinates.

The methods based on the molecular sequence aim to
determine the amino acid sequences, since the amino acid
sequences of proteins are easily understandable and simple
to classify. The methods include FASTA [3], BLAST [4], PSI-
BLAST [5], and Hidden Markov Models [6].

In most cases, the protein is represented by a set of SS
elements. So many researchers are devoted to designing dif-
ferent algorithms to represent vector features by SS elements
or to obtain the similar distance between the SS elements.
Milledge et al. [7] created a geometrical hashing using
interatomic distance to identify the triples of atoms. Zotenko
et al. [8] mapped the structure to a high-dimensional vector
and utilized distance between the corresponding vectors to
approximate the structural similarity. Feature vectors are
extracted from contact regions of the secondary structure
elements (SSEs) by Aung and Tan [9]. Camoglu et al.
[10] used R-Tree in indexing the vector features which are
represented by SS. Cantoni et al. [11] proposed a protein struc-
tural motif retrieval approach based on Generalized Hough
Transform, which evaluates the triplet of the Secondary
Structure by midpoints distance. In literature [12], Mavridis
et al. compared the performance of six algorithms including
Contact Maps, 3DZernike, Group Integration, Genocrypt,
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Spherical Trace Transform, and 3DBlast by classifying protein
structures according to the CATH superfamily classification.
The experimental results showed that contact maps and
3DBlast are conceived specifically to compare the structures
of proteins.

The methods based on the 3D structure coordinates
try to describe proteins shape by identifying or comparing
structural alignment. MAMMOTH [13] modeled portion of
the target structure and compared protein structure with
an arbitrary low-resolution protein model. TM-align [14]
identified the best structural alignment by protein pairs and
Dynamic Programming. FAST [15] compared the intramolec-
ular residue-residue relationships of two structures by using
a directionality-based scoring scheme. In order to reduce the
coordinate-independent space of protein structures, Holm
and Sander [16] proposed the optimal pairwise structural
alignment algorithm using Monte Carlo. Shindyalov and
Bourne [17] studied heuristics combinatorial extension and
similarity evaluation of structural alignment path algorithm.

In recent years, there appeared a method based on
image distance matrices. Ankerst et al. [18] introduced 3D
shape histograms algorithm to compare protein models or
molecules. Chi et al. [19] compared protein structures by
using signatures extracted from image-based distance matri-
ces and multidimensional index. Yeh et al. [20] compared
the protein models from multiple 3D projection views. The
image-based retrieval methods exhibited a higher degree of
precision than the three kinds of traditional methods.

In this paper, we propose an image-based protein retrieval
and classification method using SURF algorithm to extract
features and 𝑘-means to cluster the features, thus generating
a codebook.We use histogramdetermined by BOVF (bag-of-
visual-features) vectors to represent the characteristics of the
identified models.

We construct an image-basedmethod to avoid exhaustive
search for themolecular sequence, structure coordinates, and
chain structure alignments. Our major contribution is to
propose an efficient protein models retrieval and classifica-
tionmethod by using bag-of-visual-feature.The performance
is exciting. Our experimental retrieval precision is 96% on
average.

This paper is organized as follows. Section 2 discusses
the related algorithm for SURF and bag-of-feature and
then details the proposed method. Experimental results are
represented and analyzed in Section 3. In the final section we
conclude this paper.

2. Materials and Methods

2.1. Bag-of-Features. Thebag-of-wordsmethodwas first used
in document retrieval and applied in 3D shape retrieval and
categorization, due to its many advantages such as simplicity,
flexibility, and efficiency. The bag-of-features was first pro-
posed by Liu et al. [21] for both global comparison and partial
matching. It relies on the extraction of spin image signatures
which are later grouped in clusters. Yu et al. [22] built an
effective image retrieval system based on the bag-of-features
model. They, respectively, integrated the SIFT and LBP

descriptors and the HOG and LBP descriptors and proposed
the patch-based integration and image-based integration
models. The experimental results showed that the image-
based SIFT-LBP integration clustering by weighted 𝑘-means
algorithm achieves the best performance. A simple, novel, yet
powerful approachwas presented for background subtraction
by bag-of-features [23]. They supposed that encoding the
local color and texture information can effectively attenuate
the texture variations in the background scenes and then
domain-range features were encoded in the soft-assignment
coding procedure which is decided by the appropriate kernel
variances. Nanni and Lumini [24] applied bag-of-features
and heterogeneous set of texture descriptors for object
recognition. The proposed method is based on a simple
exhaustive extraction of subwindows and classification of
random subspace by support vector machine (SVM) and
can reduce dimensions by the principal component analysis.
Moreover, Zhou et al. [25] proposed a method for scene
classification using a multiresolution bag-of-features model.
The bag-of-features approach can be also applied in music
classification [26], distinction text between handwritten and
machine-printed [27], and noise filter [28] and so forth.

The bag-of-features has also been applied to local feature
3D shape retrieval and classification. Ohbuchi et al. [29]
extracted local features from each range image of different
views using the Scale Invariant Feature Transform (SIFT)
algorithm [30] for retrieving rigid models and articulated
models. In [31], a novel framework is employed to combine
spectral clustering with region growing based on fast march-
ing 3D object categorization.

BOF was also used in analyzing medical images and
computer-aided diagnosis (CAD). Shen et al. [32] proposed
a human epithelial type 2 (HEp-2) classification framework
using intensity order pooling based on gradient feature and
bag-of-words. The pooled gradient feature extracted by the
intensity orders of local grid points is rotationally invariant,
which outperformed SIFT feature significantly. Wang et al.
[33] investigated two issues of bag-of-feature strategy for
tissue classification and developed a novel algorithm named
Joint-ViVo to learn the vocabulary and visual word weights
jointly. The test results showed that the algorithm is better
than the state-of-art methods on classifying breast tissue
density in mammograms and lung tissue in high-resolution
computed tomography (HRCT) images and identifying brain
tissue type in magnetic resonance imaging (MRI).

2.2. Speed-Up Robust Features (SURF). SURF was proposed
by Bay et al. [34]. It is based on sums of 2D Haar wavelet
responses and Hessian matrix based interest point’s detector
and it makes an efficient use of integral images, which are
a robust local feature detector and descriptor that can be
used in computer vision tasks like object recognition for 3D
reconstruction. Though SURF is partly inspired by the SIFT
descriptor, it is several times faster and more robust than
SIFT.

Gui et al. [35] proposed a novel point-pattern matching
method based on the SURF and Shape Context.They applied
the SURF bidirectional matching to match the feature points
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Figure 1: An illustration of our method (PDB code “1hdd”).

in two images preliminarily and then calculated Shape Con-
text descriptors of the feature points. Experimental results
show that the method can eliminate the incorrect matching
point pairs and improve the accuracy of point-patternmatch-
ing. A fully affine invariant SURF algorithm was proposed
by Pang et al. [36], which has the affine invariant advantage
of ASIFT and the efficient merit of SURF. Alcantarilla et
al. [37] proposed a descriptor named Gauge-SURF which
is evaluated relative to the gradient direction at every pixel.
Because of the use of integral images, the descriptors are fast
and robust.

Recently, SURF was used in iris retrieval and recognition.
A hierarchical approach was proposed to retrieve an iris
image from a large iris database [38]. The approach is a
combination of both iris color and texture and the iris texture
features are obtained by SURF algorithm. Mehrotra et al.
[39] proposed a robust segmentation and an adaptive SURF
descriptor for iris recognition. In their method, the adaptive
strip transformed from the annular region between the iris
and pupil boundaries is enhanced using a gamma correction
approach. Then, features are extracted from the adaptive
strip using SURF. Feulner et al. [40] presented a method for
automatically estimating the body region of a CT volume
image. The method is based on 1D registration of histograms
of visual words, which serves as a description of a CT slice.
The SURF descriptor was extended to 𝑁 dimensions named
𝑁-SURF. Because of its simpler and efficient functioning,

they used 2D upright SURF descriptors for estimating the
body region.

2.3. The Proposed Method. The key idea of our method is
to extract the features of proteins and measure the visual
similarity between proteins. Our algorithm is implemented
subsequently in four steps, as shown in Figure 1.

(1) Multiview Rendering. Render multiview images of the
protein from different perspectives. The viewing angle is
determined using the vertices and planes of a given octahe-
dron structure surrounding the protein, as shown in Figure 2.

(2) Local Feature Extraction. Extract the local visual features
of the multiview images by using SURF algorithm. Then, for
each view, we calculate the SURF descriptors.

(3) Visual Words Generation and Word Histogram Construc-
tion. Generate visual words from feature vectors using a
visual dictionary (i.e., the codebook). A visual dictionary
can be got by 𝑘-means clustering and so each local feature
shall be represented as a discrete form. The frequencies of
visual words are counted and stored into a histogram, which
becomes the feature vector of the corresponding protein
model.
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Figure 2: The multiviews are captured from the vertices and the planes on a given regular octahedron.

(4) Distance Computation. The dissimilarity among a pair of
feature vectors (the histogram) is computed by the Kullback-
Leibler divergence (KLD).

2.3.1. Multiview Rendering. The multiview shapes are cap-
tured from the six vertices and the eight planes on a given
regular octahedron. Figure 2 shows the six vertices and the
eight planes on the octahedron. Along the 𝑥+, 𝑥−, 𝑦+, 𝑦−,
𝑧+, and 𝑧− axes, we capture the protein’s right view, left view,
top view, bottom view, front view, and rear view. Along the
normal direction of each plane, we get the protein’s eight
oblique views. The size of the captured image is set as 100 ×
100 pixels.

As we mentioned above, 14 different views still exist
for a protein. Figure 3 illustrates all the 14 views of protein
structure encoded as “1hdd” with PDB code after adjusting
the viewing perspective.

To reduce the interference in operating and standardizing
the rendering process, we write a program for view capturing
from CATH and SCOP in the PDB. The program can
automatically load protein models, rotate models, capture
images, and save images following a certain naming rule. Of
course, the protein models are also selected automatically by
the program in advance.

2.3.2. Local Feature Extraction. After the range images are
rendered, the SURF algorithm is applied to each of the
range images to detect interest points and then to extract
SURF descriptors, as presented in [30]. The SURF algorithm
detects interest points and then computes features at these
interest points. The SURF firstly finds positions of features
that are salient.The saliency detection is based on amultiscale
and multiorientation Fast-Hessian detector and distribution-
based descriptor for gray-level change so that each SURF

feature can encode this information. The SURF descriptor is
calculated using the OpenSURF C++ source code by Evans
[41].

Figure 4 shows examples of an interest point generated
and its images that are rotated, affined, and scaled. The
numbers of interest points of SURF algorithm are 113, 112,
102, and 93, as shown in the second row. The interest points
appear at similar locations in these four images in spite
of the geometrical transformations. This robustness against
geometric transformations contributes to the protein model
retrieval performance.

Figure 5 shows the examples of SURF interest points
match of images in Figure 4. The numbers of interest points
matching are 59, 52, 54, 35, 45, and 40. Every image is
successfully matched to a certain feature point. Because of
the different interest feature points (in number, size, and
position) extracted by SURF, the numbers of the feature
points that match are different.

2.3.3. Visual Words Generation and Word Histogram Con-
struction. It is time consuming to compare model’s local
SURF feature directly, especially for the large number of
views.Therefore it is necessary to quantize the SURF descrip-
tors extracted from a multiview image into visual words.
Firstly, a visual codebook is generated by using off-line 𝑘-
means clustering of the features of every view. Then, the
codebook is searched linearly to find a visual word closest
for the feature. As a result, the feature vectors of visual
words are selected through the centers of the clusters (called
barycenter), and the number of the clusters determines the
codebook size.

After generating the codebook, we should construct a
word histogram over the codebook, which is also an off-line
process. The word histogram is constructed by counting the
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Figure 3: Fourteen views of protein “1hdd” (PDB code).

Original image (I1) Rotated image (I2) Affined image (I3) Scaled image (I4)

Interest points of I1 Interest points of I2 Interest points of I3 Interest points of I4

Figure 4: Interest points of the SURF algorithm are robust.

frequencies of visual words. Each view is represented as a
word histogram which is the features extracted by bag-of-
visual-features. So the protein model’s histogram is produced
by combining every view image’s histogram of the protein
model.

2.3.4. Distance Computation and Range Models Matching.
The last step of our method is the distance computation (also
called models matching) between two models. A distance

among a pair of feature vectors (the histogram) is computed
by using the Kullback-Leibler divergence (KLD). The KLD is
not a distance metric, for it is not symmetric. Consider

𝐷(x, y) =
𝑛

∑

𝑖=1

(𝑦
𝑖
− 𝑥
𝑖
) ln
𝑦
𝑖

𝑥
𝑖

, (1)

where, x = (𝑥
𝑖
) and y = (𝑦

𝑖
) are the feature vectors and 𝑛 is

the dimension of the vectors.
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I1 and I2 I1 and I3 I1 and I4

I2 and I3
I2 and I4

I3 and I4

Figure 5: Interest points matching.

3. Results and Discussion

In order to evaluate the efficacy and generalization capacity
of the proposed method, we tested it with several different
retrieval and categorization tasks. The first experiment com-
pares the performance of our method and the compared
method in terms of their capability for classification. The
second experiment tests the impact of the numbers of
the clusters on the methods’ retrieval capability. The last
experiment tests the influence of the size of the training data
on the method.

We implement the experiments in Matlab R2010a, while
the SURF and the 𝑘-means code is written in C++. All
algorithms are run under windows 7 32 bit on a personal
computer with a Core 2 Quad 2.66GHz CPU, 3.00GB DDR2
memory, and a 512MB ATI Radeon HD4600 graphics card.

To evaluate the method’s efficiency, we measured the
feature extracting time. We experimented on the compu-
tation time in a 2,000 protein models database which has
images of 28,000 views. The computation time for SURF
feature extracted algorithm is about 219.48 seconds (an off-
line process). For clustering the features by 𝑘-means and
generating the histograms by bag-of-visual-features, it takes
42.49 seconds and 0.66 seconds by an off-line process for the
same 2,000 protein models database.

3.1. Classification. In the first experiment, we evaluate the
classification performance of our approach by using protein
models database of SHREC 2010 [12], which includes 1000
protein structures chosen from 100 CATH 3.3 superfamilies.
In the dataset each superfamily consists of at least 10 struc-
tures, and each structure contains at least 50 amino acids. We
use two different ways (nearest neighbor, ROC plot) to test
the performance of our method by comparing with 3DBlast,
3DZernike, GENOCRIPT, ContactMaps, Group Integration,
and Spherical Trace Transform methods.

Table 1: Nearest neighbour results.

Method Correct predictions
3DBlast 68%
3DZernike 8%
Genocrypt 56%
Contact maps 80%
Group integration 52%
Spherical trace transform 0%
Proposed method 89%

Nearest neighbor was counted as a correct prediction
when the first protein of each ranked list was found to be a
member of the same superfamily as the query.

ROCplot (receiver operating characteristic) is a graphical
plot which illustrates the true positives rate against the false
positives rate. The area under the curve (AUC) is a single
numerical performance measure of each ROC plot. The
perfect value of AUC is 1.0 [12].

Table 1 summarizes the retrieval rate for all the methods.
The value of the comparison algorithm is from literature [12].
According to Table 1, the correct prediction of the proposed
method is better than the comparison algorithm.

Figure 6 shows in a bar graph the query results with
each algorithm on 50 protein structures. As Figure 6 shows,
the proposed method can easily and successfully identify
each query protein, including those that the comparison
algorithms failed to identify. Compared with the compar-
ison algorithms, the proposed method may identify some
superfamilies more easily. It has a very encouraging and
satisfactory result that the comparison algorithms cannot
reach. It is worth noting that the classification correctness of
the proposedmethod is almost the same as that that has been
done by human experts.



Computational and Mathematical Methods in Medicine 7

0.0

0.4

0.8

0.0

0.4

0.8

3DBLAST
2 6 10

2 6 10 2 6 10 2 6 10

2 6 10

2 6 10 2 6 1014 18 22 26 30 34 38 42 46 50

14 18 22 26 30 34 38 42 46 50

14 18 22 26 30 34 38 42 46 50

14 18 22 26 30 34 38 42 46 50 14 18 22 26 30 34 38 42 46 50

14 18 22 26 30 34 38 42 46 50 14 18 22 26 30 34 38 42 46 50

3DZernike Genocrypt

Contact maps Group integration Spherical trace transform

Proposed method

0.0

0.4

0.8

0.0

0.4

0.8

0.0

0.4

0.8

0.0

0.4

0.8

0.0

0.4

0.8

(a)

14 17 20 23 26 29 32 35 38 41 44 47 50

1 5 9 14 17 20 23 26 29 32 35 38 41 44 47 50 14 17 20 23 26 29 32 35 38 41 44 47 50

14 17 20 23 26 29 32 35 38 41 44 47 50

14 17 20 23 26 29 32 35 38 41 44 47 50

14 17 20 23 26 29 32 35 38 41 44 47 50 14 17 20 23 26 29 32 35 38 41 44 47 50

0.00

0.02

0.04

0.06

0.08

0.10 3DBLAST

0.00

0.02

0.04

0.06

0.08

0.10 3DZernike

0.00

0.02

0.04

0.06

0.08

0.10 Genocrypt

0.00

0.02

0.04

0.06

0.08

0.10
Contact maps

0.00

0.02

0.04

0.06

0.08

0.10 Group integration

0.00

0.02

0.04

0.06

0.08

0.10 Spherical trace transform

0.00

0.02

0.04

0.06

0.08

0.10
Proposed method

1 5 9 1 5 9 1 5 9

1 5 91 5 9

1 5 9

(b)

Figure 6: Bar chart for each method. The upper charts show the total AUC, whereas the lower charts show the AUCs calculated for the top
10% of the database. The comparison algorithm is come from literature [12].
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Figure 7: The precision-recall curves of influence of the codebook
size.

3.2. Influence of the Size of the Codebook. In the second ex-
periment, the influence of the vocabulary size (codebook
size) upon retrieval performance is studied. The test dataset
includes 800 protein structures chosen from SCOP protein
database.

The number of visual words in the codebook (the code-
book size) is a very important parameter in our algorithm.
Because the codebook size not only determines the spa-
tial requirement but also significantly affects the retrieval
performance. Figure 7 demonstrates that the precision-recall
curves of our methods increase steadily with the codebook
size. We observe that with the number of codebook size
enlarging from 1,000 to 11,000, the precision-recall values are
comparatively stable and the precision rate is between 0.96
and 1 for all codebook sizes. Meanwhile, the difference of
precision is 0.02 between the best case and the worst case.
So the influence of the number of the codebook on retrieval
precision is small. According to the experimental result, we
set the number of visual words in the codebook as 3,000 in
this paper.

3.3. Influence of the Size of the Training Data. In the third
experiment, we investigate the influence of the training data
size on the retrieval efficiency. The test dataset different
from the training data is selected from different structural
classifications of SCOP protein database. Figure 8 shows the
precision-recall curves when the number of training data
is 400, 800, 1,200, 1,600, and 2,000 respectively. As the test
results show, the precision rates are all between 0.96 and 1
regardless of the number of training data size.

4. Conclusion

In this paper, we proposed a novel feature extracting algo-
rithm for protein retrieval and classification. The proposed
method employs a powerful local image feature called SURF
and bag-of-visual-feature. The key idea is to describe a
view as a word histogram, which is obtained by the vector
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Figure 8: The precision-recall curves of influence of the size of
training data.

quantization of the view’s local features and to apply KLD to
calculate the distance between two models.

A set of experiments were carried out to investigate
several critical issues of our method in the CATH and SCOP
protein models database from PDB.The experimental results
indicate that our method has satisfying performances for
protein retrieval and protein categorization that cannot be
reached by other comparison methods.
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This study investigates the effect of tone inventories on brain activities underlying pitch without focal attention. We find that the
electrophysiological responses to across-category stimuli are larger than those to within-category stimuli when the pitch contours
are superimposed on nonspeech stimuli; however, there is no electrophysiological response difference associated with category
status in speech stimuli. Moreover, this category effect in nonspeech stimuli is stronger for Cantonese speakers. Results of previous
and present studies lead us to conclude that brain activities to the same native lexical tone contrasts are modulated by speakers’
language experiences not only in active phonological processing but also in automatic feature detection without focal attention. In
contrast to the condition with focal attention, where phonological processing is stronger for speech stimuli, the feature detection
(pitch contours in this study) without focal attention as shaped by language background is superior in relatively regular stimuli,
that is, the nonspeech stimuli. The results suggest that Cantonese listeners outperform Mandarin listeners in automatic detection
of pitch features because of the denser Cantonese tone system.

1. Introduction

Pitch perception is very important for tone languages, which
utilize pitch patterns to distinguish lexical meanings. For
example, in Mandarin, a tone language, the same segmental
syllable /ma/ means “mother” when produced with a high
level pitch contour but means “hemp” when produced with
a high rising pitch contour [1]. Tone languages usually have
different tone inventories. For example, Mandarin has four
lexical tones; Cantonese, another tone language, has six
lexical tones. The language backgrounds not only influence
the perception of pitches in speech [2, 3] but also generalize
to nonspeech processing under certain stimulus and task
conditions [3, 4]. Recently, many efforts have been devoted

to studying the neural bases of language influence on pitch
perception under various conditions regarding the types of
stimulus and task. Electrophysiological signals, which can
reflect neural activity involved in cognitive processing at
various levels, are widely used to explore how the brain
processes language, for example, at long-termmemory traces
level [5], at semantic memory level [6], and at syntactic
grammatical level [7], and so forth.

Before the pitch signal is transmitted to the cortex level,
the frequency following responses (FFR) of pitch at the
brainstem have been shown to be sensitive to language-
relevant aspects of pitch contours but not specific to speech
[8]. To record FFR at the brainstem, subjects do not need
to pay attention to the stimuli. Moreover, the information of
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lexical item has not been fully retrieved.Therefore, brainstem
responses to pitch contours carried by speech sound do not
differ from those carried by nonspeech sound [9]. On the
other hand, when subjects pay attention to the incoming
stimuli, the information of lexical item gets fully processed.
Therefore, pitch perception differs in speech and nonspeech
[8]. For example, brain imaging data have pinpointed distinct
brain regions in response to pitch contours superimposed
on linguistic (pseudoword) and nonlinguistic (hum) carriers
[10].This brain imaging finding is consistentwith behavioural
results [11], which show selective enhancement of pitch
discrimination in speech context for native tone language
speakers. This enhancement may result from the phonologi-
cal processing, which can be indexed by a late positive event-
related potential (ERP) component, P300, which is usually
recorded with focal attention [12, 13].

The phonological processing of pitch contours was inves-
tigated in the study of [13] through a 2 × 2 × 2 design
on category status (within versus across-category), context
type (speech versus nonspeech), and the tone inventories
(Mandarin versus Cantonese). In the study, the enhancement
of P300 amplitude from across-category stimuli is more
obvious in speech stimuli than in nonspeech stimuli. More
interestingly, this selective enhancement of pitch discrimina-
tion in speech context is statistically significant by Cantonese
speakers but not byMandarin speakers.The authors attribute
this finding to the influence of different tone inventories in the
two language systems. Mandarin tones tend to be produced
distinctly from each other, allowing theMandarin speakers to
discriminate them readily.On the other hand, the tone system
of Cantonese is acoustically denser than that of Mandarin
and there is significant overlap in pitch height and slope for
the Cantonese tones. The denser tone system might require
the Cantonese speakers to make finer distinctions in pitch
height and slope in order to discriminate certain tones than
the Mandarin speakers.

Although the study compared different conditions involv-
ing the category status and context type, it did not com-
pare different levels of attention. Therefore, it is not clear
whether the observed group difference stems from the
explicit category information (lexical items distinguished by
pitch contours) only, which often requires focal attention to
do online judgment, or also from automatic feature detection
which can be done even without focal attention. In the
oddball paradigm, the brain must form a representation
of the repeated auditory stimulus before the occurrence of
a deviant stimulus, regardless of attention [14]. However,
depending on the status (absence or presence) of subjects’
focal attention, the oddball paradigm will elicit different ERP
components, indexing distinctive stages of brain processing.
P300, which may index the phonological processing, often
is elicited with subjects’ focal attention. On the other hand,
other ERP components (e.g., MMN, mismatch component
[15]), which are elicited without subject’s attention,may index
the automatic feature detection.

In the present experiment, we examine native Mandarin
and Cantonese subjects’ electrophysiological responses to the
same set of speech and nonspeech tonal stimuli as those
used in [13]. Subjects are instructed to ignore these stimuli

presented in the oddball paradigm. Specifically, three ques-
tions will be investigated: (1) whether or not the automatic
detection of across-category deviant is easier than that of
within-category deviant, (2) whether or not the difference in
brain responses which exists between two types of deviants
differs in speech and nonspeech contexts, and (3) whether or
not Cantonese andMandarin speakers performdifferently on
the same set of stimuli.

2. Materials and Methods

2.1. Participants. Fifteen native Mandarin speakers (7 F; age:
22.7 ± 2.2) and fifteen native Hong Kong Cantonese speakers
(7 F; age: 21.6 ± 2.2), with normal hearing and no reported
history of neurological illness, were paid to participate in
the experiment. All subjects were right-handed university
students. Before the age of seven, no subject of either group
had learned the first language of the other group or received
musical training. Approval to conduct the experiment was
obtained from the Survey and Behavioural Research Ethics
Committee of the Chinese University of Hong Kong.

2.2. Stimuli. This study includes two sets of stimuli, speech
syllable /i/ and nonspeech complex tone. Each set included
three stimuli drawn from a continuum of eleven stimuli, that
is, a within-category deviant (stimulus number 1), a standard
(number 4), and an across-category deviant (number 7).

The eleven speech stimuli, each of duration 500 ms, were
synthesized from the Tone 1 syllable /i/ uttered by a native
Mandarin speaker with the pitch contours manipulated as
illustrated in Figure 1(a). End points of this pitch continuum
formed bilinear approximations of the high-level (Tone 1)
and rising tones (Tone 2) in both Mandarin and Cantonese.
The category boundary was determined based on the iden-
tification test, and the naturalness rating for the synthesized
stimuli obtained fromMandarin andCantonese speakers was
comparable [3, 13]. Eleven additional nonspeech stimuli were
synthesized from a complex tone (saw wave) with the same
pitch contours as the speech stimuli. Loudness of the two sets
of stimuli was comparable and the intensity envelopes of the
two stimulus sets were closely matched.

2.3. Procedure. The stimuli (Figure 1(a)) were presented in
an oddball paradigm. 1200 trials of each stimulus set (80%
standards and 10% for each type of deviant; 500ms inter-
stimulus interval, ISI) were pseudorandomized, with at least
two standards preceding each deviant. Two stimulus sets
(i.e., speech and nonspeech) were presented in counter-
balanced order. All stimuli were presented binaurally to
subjects via a pair of E⋅A⋅RTone 3A insert earphones. Subjects
sat in an acoustically shielded booth and were instructed
to watch a self-selected muted movie with subtitles while
ignoring the sound stimuli. Throughout the experiment,
electroencephalographic data were recorded using a 32-
channel ActiveTwo Biosemi EEG system. Fp1, Fp2, and two
additional channels attached near the outer canthus of each
eye were used to monitor artifacts due to eye activities.
Moreover, two additional channels attached at each mastoid
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were used as references. The recordings were digitized at a
rate of 1024Hz.

After the EEG recordings, a behavioural same/different
discrimination posttest with the stimulus pairs 1–4, 4–1, 4–
7, and 7–4 in both contexts was conducted to confirm the
categorical status of these stimuli. In this task, subjects were
instructed to discriminate whether a pair of stimuli (500ms
ISI) were the same or not by pressing one of the two buttons
within 3 s. Seven repetitions of each pair were presented to
subjects in separate blocks. Results from one extra practice
block were excluded from the analysis.

2.4. Data Analysis. Each comparison unit was comprised of
all trials in four types of comparisons (AB, BA, AA, and BB).
Discrimination response (D hereafter) for each comparison
unit is defined by percentage of correct responses from both
the same and the different pairs (see also [16, 17]).

The EEG recordings were re-referenced offline against
average-mastoid, and 0.5–30Hz band-pass was filtered. ERPs
were 900ms in duration with a 100ms prestimulus baseline
obtained from each condition and each subject. Trials with
ocular artifacts were excluded from averaging. Mismatch
components (MC) were obtained by subtracting the ERP
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of the standard from that of each type of deviant. Two
negative components were determined from the maximal
negativity of the grand-averaged difference waves across all
experimental conditions (see Figure 1(b)). Eight frontal cen-
tral electrodes—F3, Fz, F4, C3, Cz, C4, FC1, and FC2—were
selected according to the region of interest and confirmed by
the topographic distributionmaps (see Figure 1(c)).TheERPs
of temporal electrodes (FC5, FC6, T7, and T8) were too weak
to get any significant effect. Therefore, no further analyses
were applied on them. The early MC and late MC, with
width of 60ms and 100ms, were centred on the individual
peak within the negative deflection window judged from
the grand-averaged difference wave at 200–350ms and 400–
700ms, respectively.

Three-way mixed design repeated-measures analysis of
variance (MANOVA) was carried out on the behavioural
and electrophysiological responses. Two within-subject fac-
tors were context (speech versus nonspeech) and cate-
gory (across-category versus within-category). One between-
subjects factor was language (Mandarin versus Cantonese).
The dependent variable in the behavioural responses was
D, while the dependent variables in ERP were mean
amplitude and peak latency from the early and late MC,
respectively.

The 𝑃 values of the post hoc 𝑡-tests were all corrected
for multiple comparisons wherever appropriate. All tests of
significance were conducted at 𝑃 < 0.05 after the correction.

3. Results

3.1. Behavioural Data. There was only a significant main
effect of category (Figure 2), F(1, 28) = 45.557, 𝑃 < 0.001,
which indicated that the discrimination of pair 4–7 (𝐷 =
0.828 ± 0.013) was easier than that of pair 1–4 (𝐷 = 0.686 ±
0.018).

3.2. Electrophysiological Data

3.2.1. Early Mismatch Component. The MANOVA did not
reveal any significant effect of mean amplitude (Figure 3(a));
but there was a signification category × context interaction
effect of the peak latency (Figure 3(b)), F(1, 28) = 4.551, 𝑃 <
0.05. No other effects reached significance. The interaction
effect on peak latency indicated that across-category and
within-category deviantswere detected atwith different levels
of difficulties (as reviewed in [15]), which depended on the
context (carrier).

3.2.2. Late Mismatch Component. There was not any sig-
nificant effect on peak latency (Figure 3(d)), but only a
signification category × context interaction effect of mean
amplitude (Figure 3(c)) F(1, 28) = 6.803, 𝑃 < 0.05. Moreover,
post hoc analyses revealed a significant category effect—larger
electrophysiological responses from across-category deviants
than within-category deviants were elicited from Cantonese
speakers for nonspeech stimuli F(1, 14) = 6.87, 𝑃 < 0.05.

D
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0.6

Stimulus pair
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1–4 4–7

Speech

(a) Cantonese

1

0.8

0.6
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D

Nonspeech
Speech

(b) Mandarin

Figure 2: Discrimination response 𝐷 for Cantonese (a) and Man-
darin (b).

4. Discussion

4.1. Behavioural Data. The posttest behavioural task shows
that discrimination of the across-category pair is easier than
that of the within-category pair, regardless the type of context
or language background.This result verifies that the selection
of across-category deviant (number 7) and within-category
deviant (number 1) relative to the standard stimulus (number
4) in the electrophysiological recording is appropriate.

4.2. Early Mismatch Component. The early MC showed an
interaction effect of peak latency between category status
and context type. It may reflect that across-category and
within-category deviants are detected with different levels of
difficulties (as reviewed in [15]), which further depends on the
context (carrier). However, since no other effects are obtained
in the post hoc analyses, it is not discussed in detail here.
In contrast to other studies [18, 19], the present study does
not obtain a main category effect in the early time window
without focal attention. The absence of a main category
effect may be due to the usage of a much smaller physical
distance (9Hz) than those in other studies [18, 19], which
often used a much larger distance (above 30Hz) between
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the deviants and the standard. Although in active processing,
the distance of 9Hz is well enough to elicit categorical
effect due to the facilitation of explicit category information,
such a small distance may not elicit a robust category effect
at this early time window in passive processing. It would
be worthy investigating the relationship of just noticeable
discrimination distance in categorical perception between
with and without focal attention in future investigation.

4.3. Late Mismatch Component

4.3.1. Category Effect. At the late time window, across-
category deviant elicits a larger MC than within-category
deviant in nonspeech context only. This suggests that the
category effect for tones may be present even without focal
attention, although at amuch later time than the classicMMN
[15]. The absence of category effect in speech context may
be due to different spectral structures between speech and
nonspeech contexts (as discussed in [16]). Tone perception
mainly relies on perception of pitch contours, whose infor-
mation can be obtained from the harmonic structure. The
harmonic structure of the nonspeech context is simpler and
more regular than that of the speech context. Therefore, the
category effect may be stronger in the nonspeech context
without focal attention in the present study. Another possible
explanation for the absence of category effect in speech
context is that the activation of auditory cortex, the neural
generator of mismatch component, is suppressed by the
perception of visual stimuli, the movie as well as its subtitles
[20].Moreover, a study has reported that neural activity in the

temporal region is decreased while subjects attended to both
visual and auditory stimuli [21]. Although subjects attended
to the subtitles in both speech and nonspeech conditions, it is
likely that the linguistic interference from subtitles is greater
for speech context than for nonspeech context.

The late MC has been reported to reflect the summa-
tion of MMN generators and memory trace formation on
gestalt bases [22] and is observed in response to changes
in unattended speech or nonspeech stimuli [23], from new
born infants [23, 24], children [22, 23], and adults [25]. It has
been suggested that the late MC, like the classic MMN, is a
prominent tool in studying speech perception and learning
[23]. This late MC is probably not linked with either sensory
or attentional processing of sound differences but reflects
higher-order, cognitive, albeit not explicitly conscious pro-
cessing of sound differences [26]. However, the late negativity
has not always been found and studied in all passive oddball
studies, partly because the ISI was too short to elicit the
component in some earlier studies (e.g., [23]). In the present
study, where the physical distance between the deviants and
the standard is small, the late MC may be a more reliable
indicator for the category effect, which merits more studies
to further investigate the function of late MC.

4.3.2. Language Effect. The post hoc tests reveal that the
category effect from nonspeech context is only present in
the electrophysiological responses of Cantonese speakers.
No effect reaches significance in the responses of Mandarin
speakers. This result is consistent with the hypothesis pro-
posed in the previous study [13] that Cantonese speakers have
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to make finer distinctions in the perception of pitch height
and slope than Mandarin speakers in order to discriminate
the more densely distributed tones. A recent study which
compares the ERP correlates of auditory pitch feedback
between Mandarin and Cantonese speakers also suggests
that Cantonese speakers may require more highly tuned
perceptual abilities for tone discrimination than Mandarin
speakers due to their denser tone inventories than Mandarin
[27].

4.3.3. Context Effect. There is no evidence for the category
effect in the speech context without focal attention in the
present study. In contrast, with focal attention, category effect
is stronger in the speech context than in the nonspeech
context [13]. At the subcortex level where the auditory signal
has not been transmitted to the cortex yet, there is no
context effect for pitch perception [9]. At the cortex level
where the phonological processing with focal attention takes
place, the context effect indexed by P300 reaches significance
[13]. For the intermediate stage, that is, when the auditory
signal reaches the cortex level but without focal attention,
the context effect remains controversial ([18, 28] versus
[29]). Using the same experimental paradigm and stimuli,
the results from the present study complement the early
findings [13] by investigating the pitch perception without
focal attention. The present study suggests that Cantonese
speakers outperformMandarin speakers in automatic feature
detection. Such better performance in feature detection likely
contributes to the P300 CP effect for Cantonese speakers.
Therefore, the better phonological processing ability may
not be the sole reason to explain the P300 CP effect in
[13]. Nonetheless, the result obtained from the present study,
which demonstrates greater CP effect for Cantonese speakers
than for Mandarin speakers even without focal attention, is
also likely due to the denser Cantonese tonal inventory.
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Background.Regulatingmechanisms of branchingmorphogenesis of fetal lung rat explants have been an essential tool formolecular
research.This work presents a newmethodology to accurately quantify the epithelial, outer contour, and peripheral airway buds of
lung explants during cellular development frommicroscopic images.Methods.Theouter contour was defined using an adaptive and
multiscale threshold algorithm whose level was automatically calculated based on an entropy maximization criterion. The inner
lung epithelium was defined by a clustering procedure that groups small image regions according to the minimum description
length principle and local statistical properties. Finally, the number of peripheral buds was counted as the skeleton branched ends
from a skeletonized image of the lung inner epithelia. Results.The time for lung branching morphometric analysis was reduced in
98% in contrast to the manual method. Best results were obtained in the first two days of cellular development, with lesser standard
deviations. Nonsignificant differences were found between the automatic and manual results in all culture days. Conclusions. The
proposedmethod introduces a series of advantages related to its intuitive use and accuracy, making the technique suitable to images
with different lighting characteristics and allowing a reliable comparison between different researchers.

1. Introduction

Branchingmorphogenesis results on the creation of branched
structures in the body and is a key and fundamental feature
of several organs development and growth, such as lungs,
pancreas, salivary glands, mammary glands, kidney, and
prostate [1–3]. The lung branching morphogenesis (LBM) of
fetal rat explants, grown in vitro, has been an essential tool in
research of molecular and cellular development mechanisms.
This methodology has been widely studied, at different
gestational ages in vivo and in vitro, in many research centers
due to its stability and versatility [4–7].

Usually, LBM analysis involves a morphometric analysis
of lung explants differentiation and growth, during a 5-
day period, using stereo microscope images acquired at 24-
hour intervals. For each day, a comprehensive study of the
branching pattern of embryonic lungs by quantifying the

branches perimeter, area, outer contour, and number of
peripheral airway buds is performed.

Although, over the past decade, there have been signifi-
cant advances in understanding of the genetic control of lung
development, to the best of our knowledge, all LBM studies
are still performed by manual image quantification using
generic 2D curves software. LBM analysis remains a time-
consuming procedure, dependent on researcher expertise
and error-prone. Often, it prevents the biological result
comparison among different researchers, to deduce biological
validations and theorems, due to ambiguous and inaccurate
measurements [8]. Therefore, besides the different image
processing approaches proposed in the biological research
domain [9–18], none of these works are applied to LBM
analysis preventing us from discussing the state-of-the-art
technology to deal with the same problem.
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(a) (b)

Figure 1: Images of lung explant grown in vitro with different stereo microscope lighting sources.

Considering the literature pitfalls, we propose a new
methodology capable of automatically performing the LBM
morphometric analysis in order to reduce or even eliminate
the researcher dependence, providing fast, robust, user-
independent, and accurate results.

2. Methods

All methods were developed using C++, ITK (Segmentation
& Registration Toolkit), and VTK (Visualization Toolkit).
RGB images were acquired at the Life and Health Sciences
Research Institute (ICVS) of School of Health Sciences,
University of Minho, Portugal, using a stereo microscope
(Olympus SZX16). Each CT slice has 768 × 576 pixels, with
a pixel resolution of 40 𝜇m. All images were acquired at the
×20 magnification.

Depending on the biological laboratory trials, LBM
images can be acquired with different color conditions
(examples in Figures 1(a) and 1(b)).The computer application
presented in this work was tested and validated for both
kinds of images. The segmentation process assumes that the
region of interest to be segmented is the union of one or
more small primitive regions previously calculated from the
input image. To this extent, different seeds were automatically
calculated and placed within the lung epithelia allowing a
multithreading cluster growth.

2.1. Preprocessing Filtering. The RGB input images were first
converted to grayscale values by averaging and normalizing
the 3-color components.Then, the grayscale image was input
to an anisotropic diffusion algorithm [19] which reduces the
noise spots corrupting the image.

This algorithm depends on three parameters (empirically
defined): the number of iterations, edge parameter (𝜎), and
an edge-stopping diffusivity function 𝑔(𝑥, 𝜎), according to
Tukey’s function: 𝑔(𝑥, 𝜎) = (1/2)[1 − (𝑋/𝜎)

2
]
2 if |𝑥| ≤ 𝜎 or

𝑔(𝑥, 𝜎) = 0, 𝑓|𝑥| > 𝜎. The anisotropic diffusion algorithm
worked as a low-pass filter for noise reduction but preserving

sharper boundaries and image contours, producing unifor-
mity in the output image intensity (Figures 2(a) and 2(b)).

This outcome was used to automatically segment (1) the
outer contour of the lung explant object and also (2) the inner
epithelia by merging different clusters according to an image
partitioning.

2.2. Lung Explant Outer Contour. An adaptive andmultiscale
thresholding technique was used to accomplish the segmen-
tation of the whole lung explant object from the background.

Initially, a global threshold that maximizes the image
entropy between a segmented object (the lung explant) and its
background was automatically calculated. For that, consider
an image 𝐼with𝑁pixels, 𝐼(𝑖) as the image intensity at position
𝑖 (𝑖 = 1, 2, . . . , 𝑁), and IMin and IMax equal to 0 and 255.
Moreover, consider𝑇

𝐼
(𝑖) as the result of a threshold algorithm

with a threshold level at 𝐼(𝑖), 𝐸
𝑂
(𝑖) as the entropy of the

objects of 𝑇
𝐼
(𝑖), 𝐸
𝐵
(𝑖) as the entropy of the background of

𝑇
𝐼
(𝑖), and𝐸

𝑇
as the total entropy (𝐸

𝐵
(𝑖)+𝐸
𝑂
(𝑖)). Ranging from

IMin to IMax, the value of 𝑇 was determined by the intensity
𝐼(𝑖) that maximized 𝐸

𝑇
.

Although this global threshold produces suitable con-
tours in all lung objects with image properties as Figure 1(a),
it fails for Figure 1(b) due to the irregularities, small contrast
variability, and outer contour ambiguities.

Consequently, for this kind of images, the initial outer
contour was redefined with the following steps:

(a) calculation of an initial binary object and its centroid
(𝐶 in Figure 3(b)) is done;

(b) determination of different lines with origin at 𝐶

(slopes incremented from 0∘ to 360∘ with 45∘ of step)
is done;

(c) let 𝑁 be the total number of lines (𝑁 = 8); calculate
the distances (𝐷

𝑖
, 𝑖 = 1, 2, . . . , 𝑁) between the origin

point and the one that intersects the initial contour
(𝐶
𝑖
, 𝑖 = 1, 2, . . . , 𝑁);
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(a) (b)

Figure 2: Anisotropic diffusion outcome for both images shown in Figures 1(a) and 1(b), respectively. The images were diffused according
to Tukey’s function using 80 iterations and an edge parameter of 𝜎 = 4.5 (determined experimentally in order to enhance the inner lung
epithelia).

(a)

45
∘ C1
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C3

C4

C5

C6

C7

C8

C

(b) (c)

Figure 3: (a) Outer contour for Figure 1(a); (b) outer contour for Figure 1(b) and representation of the new strategy to redefine this initial
contour; and (c) redefined counter for Figure 1(b).

(d) determine the distance average 𝐷 = ∑
𝑖=𝑁

𝑖=1
𝐷
𝑖
/𝑁; it

defines circle with radius 𝐷/2 and center at 𝐶;
(e) each point 𝐶

𝑖
corresponds to the center of a new

circle with radius 𝐷/4 that was used to automatically
determine a local threshold level using the same
entropy maximization criterion;

(f) the threshold value, for all pixels that were not
inside of any circle with center at 𝐶

𝑖
, was smoothly

interpolated using a B-Spline approximation method
described in [20];

(g) the resulting binary image allowed the determination
of an iso-contour for the whole lung object; this con-
tour was later smoothed with a Gaussian distribution
producing a shrinking effect (Figure 3(c)).

2.3. Epithelial Segmentation

2.3.1. Image Partitioning. The image gradient magnitude of
the filtered image was input to an algorithm that divides
the input image into small regions. Figure 4(a) shows how

the different regions were labelled by a starting point (red,
Figure 4(a)) and follow the flow line, whose direction was the
gradient of minimum local intensity. The minimum gradient
(green, Figure 4(a)) path of each pixel 𝑝 of the input image
was tracked by recursively selecting a pixel 𝑞 in the 8-
connected neighborhood (yellow, Figure 4(a)). If more than
one pixel 𝑞 exist, the last pixel found was taken, considering
𝑝 as a reference pixel. Every pixel 𝑞 along the path is marked
as a local minimum of the gradient magnitude and assigned
a distinct label.

In the end, the whole image was divided into primitive
regions. Each region shares the same statistical properties
and the boundaries coincide with the ridges of the gradient
magnitude surface (Figures 4(a) and 4(b)).

2.3.2. Clustering Regions

Creating Seeds. The image partitioning contains a set of
nonoverlapping regions. Although the probability of having
region boundaries corresponding to boundaries of important
objects increases with oversegmentation, it can also create



4 Computational and Mathematical Methods in Medicine

23 28 34 35

27 32 35 39

30 32 34 31

32 33 31 26

(a)

(b) (c)

Figure 4: (a) Labeling process using the image gradient magnitude: (left) image gradient magnitude; (center) zooming image area; (right)
the numbers are the pixel intensities, red is the stating pixel, green is minimum pixel intensity in the 8-connected neighborhood (in yellow),
and the arrow is the searching direction. (b) and (c) are image partitioning in rat lung explants for Figures 1(a) and 1(b).

many insignificant boundaries. This stage describes how one
dealt with this problem and the inner lung epithelium was
automatically determined. Briefly, the procedure consists of
the identification and clustering of similar primitive regions.

Each cluster starts growing from different seeds, initial-
ized within the lung epithelia, along different lines 𝐿

𝑖
(with

𝑖 = 1, 2, . . . , 8 (total number of lines), Figure 5(a)).
First, a neighborhood 𝑁

𝑖
(with 𝑖 = 1, 2, . . . , 8, white

circle in Figure 5) defines a kernel with center at centroid
𝐶, circle shape, and radius of 8 pixels. An iterative process
transverses each line 𝐿

𝑖
with 𝑁

𝑖
(white arrow in Figure 5),

while it calculates the average distribution of the kernel
neighborhood originating different candidate seeds.The final
seed for clustering grown will be the one where the average
distribution within the kernel was minimum (black circles in
Figure 5 defining a seed 𝑆

𝑖
).

The regions belonging to each seed 𝑆
𝑖
were used to

calculate initial statistical properties of the epithelia (centroid,
average distribution, minimum andmaximum values, region
edges, region neighbors, and entropy) that were used for
clustering growth.

Clustering Growth. The merging procedure was based on the
similarity between regions formulated mathematically as a
local optimization problem using the minimum description
length principle [21]. If any primitive region is neighbor of a

cluster, initialized at a seed 𝑆
𝑖
, a decision rule will state if it

should be included or not.
Let 𝑓(𝑥, 𝑦) be a two-dimensional function that denotes

the 2D input image with 𝑘 constant regions and 𝐼
𝑖
(𝑖 =

1, 2, . . . , 𝑘) the original image intensity in the 𝑖th region. Let
𝑄(𝑥, 𝑦)be a region of𝑓(𝑥, 𝑦)with circular shape that includes
a maximum number of regions (𝑛 = 100, experimentally
calculated), located within the outer contour and center at
the new query region 𝑅

𝑛
(tested whether its inclusion in the

cluster 𝐶
𝑖
is adequate) (Figure 6(a)). Using a region 𝑄(𝑥, 𝑦)

with a limited number of primitive regions reduces the
probability to merge statistically outlier regions, providing a
truer picture of the inner epithelia.

According to the minimum description length, the image
data was coded in order to determine the total number of
bits necessary to encode the region 𝑄(𝑥, 𝑦) given by 𝐵

𝑅
=

∑
𝑖
𝐵
𝐼
(𝑅
𝑖
) + 𝐵
𝐵
(𝑅), where

(1) 𝐵
𝐼
(𝑅
𝑖
) is the total number of bits needed to describe

the image intensity for each region given: 𝐵
𝐼
(𝑅
𝑖
) =

𝑛𝑅
𝑖
𝐻(𝑅
𝑖
) (with 𝑛𝑅

𝑖
being the number of pixels and

image intensity entropy within 𝑅
𝑖
);

(2) 𝐵
𝐵
(𝑅) is the number of bits needed to code the region

boundary information given by 𝐵
𝐵
(𝑅) = 𝑁

𝑟
(𝑅) ⋅

𝑏
1

+ 𝑁
𝑏
(𝑅) ⋅ 𝑏

2
(with 𝑁

𝑟
(𝑅) being the number of

regions in 𝑅, 𝑁
𝑏
(𝑅) the total boundary length of the
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Figure 5: Overview of the clustering procedure. The white circle represents a kernel at center 𝐶; the black circles represent the initial seeds
for clustering growth.

(a) (b) (c)

Figure 6: Overview of the clustering growth procedure: (a) shows how a local region 𝑄(𝑥, 𝑦) is calculated in a cluster 𝐶
𝑖
with seed 𝑆

𝑖
with

center at 𝑅
𝑛
(query region tested whether its inclusion is suitable using the minimum description length principle); (b) and (c) show a

multicluster growth simultaneously.

partitioning, 𝑏
1
the number of bits required to code

the starting point, and 𝑏
2
the number of bits required

to code each element of the boundary chain code).

As a local optimization problem, the inclusion of new
region 𝑅

𝑛
in the cluster 𝐶

𝑖
aims at providing the largest

positive description length gain𝐺 in𝑄(𝑥, 𝑦) at each step with
local optimization.

If a new region is merged in the cluster, the cluster
will have more pixels. Hence, more bits are needed to
encode the cluster image intensities. However, the common
boundary segment between 𝑅

𝑛
and 𝐶

𝑖
disappears and the

total description length might decrease, since the number of
bits needed to encode the new region boundary information
decreases.

With 𝑛𝑏(𝑅
𝑛
, 𝐶
𝑖
) being the number of common boundary

elements of𝑅
𝑛
and𝐶

𝑖
and𝐶new the new cluster resulting from

the merging procedure, the value of description length gain
𝐺 associated with this merging is given by

𝐺 = 𝑛𝑅
𝑛
𝐻(𝑅
𝑛
) + 𝑛𝐶

𝑖
𝐻(𝐶
𝑖
) − 𝑛𝐶new 𝐻(𝐶new)

+ 𝑏
1
+ 𝑛𝑏 (𝑅

𝑛
, 𝐶
𝑖
) ⋅ 𝑏
2
.

(1)

If 𝐺 > 0, the image intensities between 𝑅
𝑛
and 𝐶

𝑖
are quite

similar, whereby these regions belong to the same object.
Thus the entropy increase is compensated by the elimination
of the common boundary, and then these two regions should
be merged in order to minimize 𝐵

𝐵
(𝑅).

2.4. Buds Counting. The number of peripheral buds was
counted based on the lung inner epithelial skeletonizing [22].
The skeletonizing is performed by removing the boundary
and corner points of the epithelial object, until only the
skeleton remains as white pixels.

The number of peripheral buds was determined as the
number of parents (circles in blue, Figure 7(c)) of the skeleton
branched ends (circles in red, Figure 7(c)). Only the branched
ends located near the outer contour (distancing less than 25%
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(a) (b) (c)

Figure 7: (a) Input image; (b) outer contour and segmented inner lung epithelia in white; and (c) skeleton of the inner epithelia; branched
ends (circles in red); branched ends parents (circles in blue).

of the axis that transverses the lung object vertically) were
considered.

3. Results

The performance of this new computer algorithm was tested
and validated in a total of 210 images: 90 (18 images for each
day of culture) with image conditions as Figure 1(a) and 120
(24 images for each day of culture) with image conditions as
Figure 1(b). All images were previously segmented by three
experienced researchers: each user manually segmented the
inner epithelia and outer contour and counted the number of
peripheral buds.

The performance of the manual quantification was
accessed by comparing the results among different
researchers. The inner epithelia and outer counter were
evaluated using the dice similarity coefficient (DSC) that
quantifies the spatial overlap between different segmentations
as follows:

DSC (𝐴, 𝐵) =
2 |𝐴 ∩ 𝐵|

|𝐴| + |𝐵|
=

2TP
2TP + FP + FN

, (2)

where TP is the number of true positives, FP the false
positives, and FN the false negatives. The DSC score ranges
from 0%, indicating no spatial overlap between sets of binary
segmentation results, to 100%, indicating complete overlap.
Table 1 shows the mean DSC score and error difference for
the LBM morphometric analysis among three researchers.
Table 2 shows the mean differences when the automatic
method was compared to each manual result. The peripheral
buds error is the difference average error between users in
Table 1 and difference average error between manual and
automatic methods in Table 2.

Best results were obtained in the first two days for
both types of images with less standard deviations. High
similarities between the manual and automatic procedure
were not easily obtained for the last two days of culture, due
to the increased number of peripheral airway buds and lung
architecture complexity.

Statistical analysis using ANOVA test (under SPSS Win-
dows version 17.0 software where 𝑃 values lower than 0.05

were accepted as significant) shows nonsignificant differences
between the automatic and manual results (inner epithelia
and outer counter) in all culture days. On the other hand,
the error of peripheral buds was nonsignificant only on the
first three days of culture. Nonsignificant differences were
found between researchers.The time for LBMmorphometric
analysis was reduced to 1-2 seconds/image in contrast to the
manual one (2-3minutes/image).

Results from different images regarding images with
different lighting conditions are shown in Figure 8.

A user interface was also developed that allows the user
to spatially understand the microscope image and rapidly
produce an automatic segmentation. If necessary, manual
editing may be used to correct automatic segmentation
results. Although this manual editing (used to eliminate
false merges) improves DSC scores (>98%) and decreases
the standard deviations, it also adds user dependence and
slows the morphometric analysis (depending on the editing
degree).

This strategy has been used at the ICVS research lab to
study and analyze the effect of different concentrations of a
specific inhibitor in lung branching morphogenesis.

4. Discussion

A computer application was developed, providing an auto-
matic procedure to enable a fast LBM analysis. The mor-
phometric analysis efficiency and robustness were increased
while time consumption, user dependence, and subjectivity
were decreased or even eliminated. The observer variability
was eliminated since all regions were computed and merged
automatically.

The segmentation rate depends on the number of regions
needed to bemerged to select the entire lung epithelial region.
However, the processing time was always about 98% less than
the manual one.

The merging procedure was essential to achieve a good
segmentation, since a significant amount of regions were
initially created by the partitioning algorithm.The automatic
seed selection was suitable to segment the inner epithe-
lia using the minimum description length criterion that



Computational and Mathematical Methods in Medicine 7

Figure 8: LBM morphometric analysis for different type of images: outer counter in yellow, inner epithelia in red, and branched skeleton in
white.

Table 1: DSC scores of LBM analysis comparing different researchers results when the study was made in different culture days and image of
types.

Days of culture
1 2 3 4 5

Inner epithelial DSC % A images 91.77 ± 5.13 88.99 ± 2.03 87.93 ± 5.44 87.97 ± 6.76 87.60 ± 7.94
B images 86.91 ± 5.83 86.45 ± 4.23 87.26 ± 4.72 85.53 ± 8.23 85.78 ± 9.69

Outer counter DSC % A images 97.87 ± 4.65 97.32 ± 5.84 97.73 ± 4.89 96.19 ± 7.00 97.15 ± 5.46
B images 94.24 ± 2.90 94.97 ± 5.89 93.97 ± 7.42 91.92 ± 9.25 90.82 ± 10.15

Peripheral buds error A images 0.5 ± 0.2 1.2 ± 0.7 2.5 ± 0.8 2.5 ± 1.2 3.5 ± 3.2
B images 0.4 ± 0.6 1.8 ± 1.3 2.3 ± 1.2 2.4 ± 2.1 4.2 ± 5.6

selectively cluster regions based on their image intensity
distribution similarity.

It was seldom observed that clusters merged dissimilar
regions due to ambiguity and lack of definition of the inner
lung explants contours. The worst results were obtained in
the last two days of culture (Table 2), whose images present
low details and perceptibility, and the branched ramifications
increase drastically. However, the usage of a local image
region, centered at the query region, tested whether its
inclusion is suitable using the minimum description length
principle. This allowed a reliable cluster to grow along
epithelial object that changes gradually over space.

The local threshold was efficient to automatically delin-
eate the outer contour with high DSC scores in images with
lighting characteristics presented in Figure 1(b).

The main difficulties found in the segmentation proce-
dure were the contrast ambiguity and variances of inner
epithelia, complexity of the branched shape, and size, and
the presence of neighborhood regions with the same density.

Moreover, response to drugs and biological markers and dif-
ferent culture medium can induce image intensity variations
and shadows near the outer contour.

These difficulties were more evident at the last two days
of culture where DSCs are lower, even when comparing
the results from different researchers. However, the inner
epithelial segmentation was always segmented with scores
around 90%, even at the last two culture days, indicating
successful segmentation.

However one has to recognize some limitations within
this work. The proposed algorithm overpredicts the number
of peripheral buds with statistical significance with manual
counting. However, peripheral buds counting is a controver-
sial issue, without any statedmethod. As presented in Table 1,
the coefficient of variation (defined as the ratio between the
standard deviation and mean) among researchers is around
1, showing that there is no coherency between them. With
this methodology, one aimed to broaden and generalize
this procedure among different researchers. However, further
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Table 2: DSC scores of LBM analysis comparing the manual and automatic methods when the study was made in different culture days and
image of types.

Days of culture
1 2 3 4 5

Inner epithelial DSC % A images 92.85 ± 3.87 91.54 ± 6.12 90.87 ± 6.88 88.80 ± 9.96 86.72 ± 8.75
B images 89.99 ± 5.32 87.74 ± 9.79 87.06 ± 8.29 82.26 ± 14.64 79.15 ± 13.33

Outer counter DSC % A images 98.09 ± 2.48 99.05 ± 3.49 97.56 ± 5.31 96.28 ± 3.75 97.12 ± 2.03
B images 95.48 ± 6.61 94.54 ± 8.37 95.89 ± 12.30 94.64 ± 13.46 94.71 ± 13.42

Peripheral buds error A images 1.0 ± 1.8 2.6 ± 2.3 4.7 ± 5.8 4.4 ± 6.0 10.3 ± 7.7
B images 1.3 ± 2.4 2.2 ± 3.1 6.5 ± 5.3 7.8 ± 6.2 12.5 ± 7.4

biological studies are required to evaluate its suitability and
reliability for lung branching analyses.

5. Conclusions

Thiswork presents an automatic segmentation procedure and
implementation, providing a technique for LBM morpho-
metric analysis. The proposed method introduces a series of
advantages related to its intuitive use and accuracy, making
the technique suitable to images with different lighting char-
acteristics. The total number of human decisions, time con-
sumption, and user dependence were significantly decreased.

Due to its automatization nature, this application allows
a reliable comparison of different researchers’ results and the
possibility for more than one researcher to perform the same
LBM study.

Results show that further work is needed regarding the
merging procedure and the development of image enhance-
ment techniques to improve inner lung epithelial contrast,
mainly in the last days of culture. Moreover, a new strategy
must be developed for counting the number of peripheral
airway buds. Finally, this method has the potential to be
used in different research environments to improve research
outcomes.
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The present research investigates the neurophysiological activity elicited by fast observations of faces of real candidates during
simulated political elections. We used simultaneous recording of electroencephalographic (EEG) signals as well as galvanic skin
response (GSR) and heart rate (HR) as measurements of central and autonomic nervous systems. Twenty healthy subjects were
asked to give judgments on dominance, trustworthiness, and a preference of vote related to the politicians’ faces. We used high-
resolution EEG techniques to map statistical differences of power spectral density (PSD) cortical activity onto a realistic head
model as well as partial directed coherence (PDC) and graph theory metrics to estimate the functional connectivity networks
and investigate the role of cortical regions of interest (ROIs). Behavioral results revealed that judgment of dominance trait is the
most predictive of the outcome of the simulated elections. Statistical comparisons related to PSD and PDC values highlighted an
asymmetry in the activation of frontal cortical areas associated with the valence of the judged trait as well as to the probability to
cast the vote. Overall, our results highlight the existence of cortical EEG features which are correlated with the prediction of vote
and with the judgment of trustworthy and dominant faces.

1. Introduction

A growing number of research laboratories are involved in
investigating cerebral areas activated during the observation
of pictures showing politicians, as well as videos supporting
them during electoral campaigns. In the pioneering study in
the field, faces of coupled candidates for political elections
in the USA Senate were presented for less than a second [1].
Judgments based on such a “superficial” observation could
predict the election results, being linearly correlated with
the candidate’s margin of victory. In other words, emotional
inferences formed on the basis of the observation of a
face for less than a second could even overcome rational
considerations about the hypothetical future work of the

candidate. The consequence of this result is that the appeal
of a politician’s face might be the principal factor for the
citizen’s choice, even more than rational considerations.
In fact, such a phenomenon has also been confirmed by
subsequent studies [2], suggesting that the scenic presence
by itself mostly influence the decision of vote. These results,
concerning the behavioural psychology, are surprising if
we think about the USA midterm elections of 2006 when
candidates and their supporting groups spent about 1 billion
dollars in advertisements in order to inform electors about
their political affiliation, qualities, and ideas to promote
[3]. Afterwards, researchers moved to understand whether
this first impression is more due to positive effects (i.e.,
pleasantness, adaptation to particular a priori requirements)
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or negative ones (i.e., negative judgement about pleas-
antness implicitly extended to the competence field) [4].
The surprising result of this study was that an emotionally
“negative” judgement towards a candidate (as being “less
appealing” than the opponent) is a prevailing reason for his
defeat, even in a contest of simulated elections. In addition,
the cerebral activity generated from an emotional state of
“rejection” of the candidate is completely different from the
one generated from an emotional state of acceptation or
satisfaction [5]. Neuropolitical studies have found that the
activation of emotion-related areas in the brain is linked to
political preferences, identifying the neural correlates in the
prefrontal cortices of changes in political attitudes toward
others that are linked to social cognition [6]. In particular, in
a study performed by functionalmagnetic resonance imaging
(fMRI), Spezio and colleagues [5] revealed that activation
in the insula/parainsula and anterior cingulate cortex (ACC)
correlates with election loss in a simulated voting paradigm.

Another study [7] investigated how political party affil-
iation and political attitudes modulate neural activity while
viewing faces of presidential candidates. They found that
viewing the candidate from the opposing political party
produced signal changes in cognitive control circuitry in
the dorsolateral prefrontal cortex and anterior cingulate, as
well as in emotional regions such as the insula and anterior
temporal poles.

From the traditional political research that is performed
without any neurophysiologicalmeasurements, it was already
known that the negative vote plays an important role in the
final vote decision [8–10]. In this context, it is important to
understand the role of people’s emotional behaviour after
observing a politician compared with the one of a whole
electoral campaign.

It is very well known that the hemodynamic measure-
ments of the brain activity have the spatial resolution of the
order of cubic mm, being capable of detecting activations
also in deep brain structures such as amygdala and nucleus
accumbens. However, the lack of time resolution, due to the
delay of the cerebral bloodflow increment after the exposition
to the stimuli, makes the fMRI unsuitable to follow the
brain dynamics. For this reason, other authors also adopt
different tools such asmagnetoencephalography (MEG).This
technique is sensitive to changes of magnetic fields that are
induced by the electrical brain activity, and it is able to detect
rapid changes of the neural activity on a temporal scale of
milliseconds and on a spatial scale of centimetres [11].

It is worth noting that in the past several studies elec-
troencephalography (EEG) was also used as brain imaging
tool for the analysis of brain activity during the observation
of faces and emotional stimuli (for a review see [12]). High-
resolution EEG technology has been developed to enhance
the poor spatial information content of the EEG activity in
order to detect the brain activity with a spatial resolution of
a squared centimetre and the unsurpassed time resolution of
milliseconds [13–17].

Recently, it was realized that the functional connectivity
networks [18, 19] estimated frombrain-imaging data obtained
by EEG, MEG (magnetoencephalography), and fMRI can be
investigated using graph theory [20–29]. Since a graph is

a mathematical representation of a network that has been
essentially reduced to nodes and connections between them,
the use of a graph-theory approach is potentially relevant
and useful to quantify and describe the degree and modality
of communication among different cerebral areas, as first
demonstrated on a set of anatomical brain networks [30, 31].

The use of EEG allows following the brain activity on a
millisecond base, but it has the problem that the recorded
EEG signals are mainly due to the activity generated in
the cortical structures of the brain. In fact, the electromag-
netic activity elicited by deep structures advocated for the
generation of emotional processing in humans is almost
impossible to gather from usual superficial EEG electrodes
[13, 32]. It has been underlined that a positive or negative
emotional processing of the commercial advertisements is an
important factor for the formation of stable memory traces
[6]. Hence, it became relevant to infer the emotional engage
of the subject by using indirect signs for it. In fact, indirect
signs of emotional processing could be gathered by picking
variations of the activity of the anatomical structures linked
to the emotional processing activity in humans, such as the
activity of sweat glands on the hands and/or the variation of
the heart rate [33]. In particular, by monitoring autonomic
activity using devices able to record the variation of the skin
conductivity (galvanic skin responses (GSR)) and the heart
rate (HR), it is possible to assess the “internal” emotional state
of the subject [34]. In fact, galvanic skin response (GSR) activ-
ity is actually viewed as a sensitive and convenientmeasure of
sympathetic arousal associated with emotion, cognition, and
attention [35]. Studies using functional imaging techniques
[35, 36] have related the generation and level of electrodermal
activity to specific brain areas. These specific regions are
the ventromedial prefrontal cortex, orbitofrontal cortex, left
primary motor cortex, and the anterior and posterior cingu-
late, which have been shown to be associated with emotional
and motivational behaviours [35, 36]. Such findings indicate
the close association of peripheral and central measures of
arousal, emphasising the close connections between electro-
dermal activity, arousal, attention, cognition, and emotion. In
addition, the link between the heart rate (HR) or the heart rate
variability (HRV) and the sympathovagal balance has also
been suggested [37–39].

In this study, we were interested in analyzing the neuro-
electrical and autonomic activity elicited during the obser-
vation of real politicians’ faces who actually participated in
municipal and regional elections held in Italy in the 2004
and 2008. The aim of the present research was to investigate
the EEG activity of a group of twenty healthy subjects while
they were asked to both vote in simulated elections and give
a judgment about personal traits of real politicians shown.
By means of high-resolution EEG technique, we mapped sta-
tistical differences of cortical spectral activity elicited during
the observation of candidates while subjects were asked to
give a judgment on dominance, trustworthiness traits, and
a preference of vote on the faces seen. To measure both
the electrical brain activity and the autonomic responses,
we used simultaneous EEG, GSR, and HR measurements
during the whole experiment. Moreover, analysis of the
electrodermal activity and the heart rate variability related
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to such as stimuli has also been performed, along with the
study of the participant’s choice. Thus, these measurements
have been able to analyze the proposed social paradigm
from several perspectives, by collecting the explicit judgment
of simulated voters and by analyzing their cognitive and
emotional aptitude through the estimation of cortical spectral
activity and the related functional connectivity as well as
parameters of the autonomic nervous system.

In particular, the objectives of the present study can
be summarized through the formulation of the following
experimental questions.

(1) Is it possible to predict the elections outcome through
the subjects’ rapid and explicit judgment of domi-
nance and trustworthiness traits?

(2) Are there any EEG features able to predict subjects’
preference of vote?Are there any correlations between
the cortical functional activity and the judgment of
trustworthiness and dominance?

(3) Is there any autonomic signature correlating with
dominance and trustworthiness traits of politicians’
faces?

2. Material and Methods

2.1. Experimental Design and Stimuli. Twenty healthy volun-
teers (mean age 26.7±3.7 years; 9women) have been recruited
for this experiment. Participants were asked to vote for real
political candidates who run against each other during the
municipal and provincial elections of the years 2004 and
2008. Pictures of thewinner and the runner-upwere collected
from various Internet sources (e.g., website of the Italian
Ministry of the Interior and local media sources). Each photo
has been processed by a professional photographer in order
to convert it into black and white, balance contrast, and
luminance. Some races were unusable because of the low
resolution of candidate’s photos. For the remaining 70 races,
the image of each politician was cropped to a common size
(250 × 361 pixels) and placed on a grey background. All faces
have been adapted to fit the same size and to occupy the visual
field of around 5.9×9.1 degrees on a screenwith dimension of
337×270mmand resolution of 1024×768 pixels. Participants
were sitting at 80 cm from the screen.

Our subjects were asked to give a preference of vote
(vote condition) according to the images of political candi-
dates. Moreover, subjects were also asked to judge the same
politicians for their traits of dominance and trustworthiness
(dominance and trustworthiness conditions, resp.). At the
beginning of each trial, a neutral face was shown [40]. Sub-
sequently, the question that subjects were asked was shown,
followed by the pictures of the two candidates presented
one by one for 1 s, intermingled by blank screens of length
2-3 s (random variable uniformly distributed). Finally, the
pictures of both politicians, side by side, were presented for a
maximumof 2 s. During that time, subjects were asked to give
their vote and judgment according to the former question, by
pressing the left/right arrow button on the keyboard. If they
did not express any preferencewithin 2 s interval, the trial will

QQQ
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Decision

Data analysis

Data analysis

∙ Who is more trustworthy? (T condition)

∙ Who is more dominant? (D condition)

∙ Who will have your vote? (V condition)

= 1s

= 2 s

∼[2, 3] s

Q

(1s)
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Figure 1: Epochs of a typical trial. Each trial began with the
image of a neutral face (1 s) to allow a washout of the neurophys-
iological variables. Afterwards, subjects were asked to express a
judgment about the subsequent political candidates related to traits
of trustworthiness, dominance, and preference of vote which were
randomized among trials (3 s).Then, each single face of the political
candidates racing for the same election appeared separately and in
random order (1 s) among subjects and judgment. Finally, both faces
were presented together for the decision stage (2 s). All stimuli were
intermingled by a black screen (∼[2, 3] s).

be classified as an abstention.The order of presentation of the
candidates, as well as their position of appearance in the trial,
was fully randomized to show each pair of faces in all three
conditions. Epochs of a representative trial are illustrated in
Figure 1.

2.2. Behavioural Data. For each couple of politicians and
judgment (vote, dominance, and trustworthiness), we col-
lected the subject’s choice. For each experimental condition,
we calculated the percentage of correct prediction: each
judgement has been compared with the outcome of the
election through the following formula:

PR =

∑
𝑁

𝑖=1
𝛿 (𝑉
𝑖
, �̃�)

𝑁
× 100, (1)

where 𝛿 is the Kronecker delta, 𝑉
𝑖
is the given vote or judg-

ment explicitly expressed by subjects, and �̃� is the outcome
of the real elections. If the subject chose the politician who
actually won the race, we considered that the related outcome
of the simulated race has been correctly predicted. Subjects
were not aware of the outcome of the real elections. At the
end of the experiment, participants were asked to report if
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they recognized some of the seen faces and if they knew
the real outcome of the elections. In such a case, the related
trials were discarded from the analysis. Repeated-measures
analysis of variance (ANOVA) was performed to assess
differences between percentage of correct prediction among
judgements. For each couple of judgment (vote/dominance,
vote/trustworthiness, and dominance/trustworthiness) the
Pearson’s correlation has been calculated between the rates of
correct prediction of election races.

2.3. EEG Recordings and Preprocessing. The cerebral activity
has been recorded with a 61-channel system (Brain Amp,
Brainproducts GmbH, Germany) with a sampling rate of
200Hz. The EEG signals have been band pass filtered at 1–
45Hz and depurated of ocular artefacts by employing the
independent component analysis (ICA): the components due
to eye blinks and ocular movements have been detected by
eye inspection and then removed from the original signal.
The collected data have been segmented in order to analyze
the neurophysiological activity elicited during the 1 s observa-
tion of the politicians.Thus, each segment was 1 s long for the
EEG signal. All of them have been classified into six subsets.
They were associated, for instance, with the observation of
faces which have casted the vote (𝑉+) and those which did
not (𝑉−). In the sameway, we grouped the segments related to
faces which have been judged more/less dominant (𝐷+/𝐷−)
and more/less trustworthy (𝑇+/𝑇−), respectively. For each
dataset, a semiautomatic procedure has been also adopted
to reject trials presenting muscular and other kinds of arte-
facts. Only artefacts-free trials have been considered for the
following analysis. The extra-cerebrally referred EEG signals
have been transformed by means of the common average
reference (CAR). The individual alpha frequency (IAF) has
been calculated for each subject in order to define six bands
of interest according to themethod suggested in the literature
[41]. Such bands were in the following reported as IAF+𝑥,
where IAF is the individual alpha frequency, in Hertz, and
𝑥 is an integer displacement in the frequency domain which
is employed to define the band. In particular, we defined
the following six frequency bands: theta (IAF−6, IAF−2), for
example, theta ranges between IAF−6 and IAF−2Hz, alpha
(IAF−2, IAF+2), beta (IAF+2, IAF+15), and gamma (IAF+15,
IAF+30).

2.4. Estimation of Cortical Power Spectral Density. The high-
resolution EEG technologies [13, 15, 17, 42–44] have been
adopted in order to obtain an estimation of the cortical
power spectral density (PSD). The scalp, skull, and dura
mater compartments were built by using 1200 triangles for
each structure, and the boundary element model was then
employed to solve the forward electromagnetic problem.
For each subject, the electrodes disposition, in terms of
coordinates, on the scalp surface was calculated through a
nonlinear minimization procedure [45]. The cortical model
consisted of 7953 dipoles uniformly distributed on the corti-
cal surface, and the estimation of the current density strength
for each dipole was obtained by solving the electromagnetic
linear inverse problem according to the minimum norm

solution as described in the previous papers [17, 45–49].
Each dipole was modeled to be perpendicular to the cortical
surface.The cortical power spectral density (PSD), calculated
with the Welch method [50], has been computed for each
equivalent cortical current dipole of the realistic average head
model (Colin template, 7953 cortical dipoles) by solving the
electromagnetic linear inverse problem. This procedure has
allowed us to obtain a measure of PSDs values for each
cortical dipole and for each trial for all datasets. In order
to take into account subjects’ personal baseline activity, we
used the neurophysiological signals (mean and standard
deviation) related to the observation of the neutral face to
transform into 𝑧-score variables the values of spectral power
of vote, dominance, and trustworthiness datasets according
to the following formula:

𝑍
𝑉,𝐷,𝑇

=
𝑋
𝑉,𝐷,𝑇

− 𝜇
𝑁

𝜎
𝑁

, (2)

where 𝑍
𝑉,𝐷,𝑇

is the 𝑧-score value related to the vote, dom-
inance, and trustworthiness dataset, whereas 𝜇

𝑁
and 𝜎

𝑁

are mean and standard deviation related to the neutral face
dataset.

To improve the normality properties of such distri-
butions, all variables have been transformed into normal
distributions [51]. Finally, for each of the three conditions, we
used the 𝑡-test (𝑃 < 0.05) to compare the transformed PSD
distribution, for each equivalent cortical current dipole and
the aforementioned frequency bands of interest, and adopted
the false discovery rate correction for multiple comparisons
[49].

2.5. Partial Directed Coherence. The partial directed coher-
ence PDC [52] is a full multivariate spectral measure used
to determine the directed influences between any given pair
of signals in a multivariate data set. PDC is a frequency
domain representation of the existing multivariate relation-
ships between simultaneously analyzed time series that allows
the inference of functional relationships between them. This
estimator was demonstrated to be a frequency version of
the concept of Granger causality [53], according to which
a time series 𝑥[𝑛] can be said to have an influence on
another time series 𝑦[𝑛] if the knowledge of past samples of
𝑥 significantly reduces the prediction error for the present
sample of 𝑦. In this study, the PDC technique was applied
to the set of several regions of interest (ROIs) in which the
cortical surface has been segmented according to Brodmann
areas (BAs). Namely, we defined the following bilateral areas
of interest: 10, 8, 5, 7, 37, 19, 9/46, 21/22, and 41/42. This
choice of the selected ROIs can be justified at the light of
the results provided by the published literature [5–7] showing
how these cerebral areas are involved during the observation
of political candidates (photos and videos) as well as in
their judgment. Due to computational limitations of the PDC
method, we could not cover the whole cortical surface but
only select the most representative regions. However, this
cortical segmentation has not been taken into account for
the PSD analysis because we preferred to exploit the enhance
of the spatial resolution and to highlight changes of activity
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of single equivalent cortical current dipoles estimated. In
such a way, a total of eighteen ROIs has been taken into
account for the subsequent functional connectivity analysis
performed via partial directed coherence (PDC) and graph-
theory metrics. In the following, we denote the ROIs signals
𝑆:

𝑆 = [𝑠
1 (𝑡) , 𝑠2 (𝑡) , . . . , 𝑠𝑁 (𝑡)]

𝑇
. (3)

Let us to suppose that the following MVAR process is an
adequate description of the data set 𝑆:

𝑝

∑

𝑘=0

Λ
𝑘
𝑆 (𝑡 − 𝑘) = 𝐸 (𝑡) with Λ

0
= 𝐼. (4)

In this expression, 𝐸(𝑡) = [𝑒
1
(𝑡), 𝑒
2
(𝑡), . . . , 𝑒

𝑁
(𝑡)]
𝑇 is a vector

of multivariate zero-mean uncorrelated white noise process,
Λ
1
, Λ
2
, . . . , Λ

𝑝
are the𝑁×𝑁matrices of model coefficients,

and 𝑝 is the model order, chosen, in this case, by means of
the Akaike information criteria (AIC) for MVAR processes
[54]. Once an MVAR model is adequately estimated, it
becomes the basis for subsequent spectral analysis. In order
to investigate the spectral properties of the examined process,
(2) is transformed to the frequency domain:

Λ (𝑓) 𝑆 (𝑓) = 𝐸 (𝑓) , (5)

where

Λ (𝑓) =

𝑝

∑

𝑘=0

Λ
𝑘
𝑒
−𝑗2𝜋𝑓Δ𝑡𝑘

, (6)

and Δ𝑡 is the temporal interval between two samples.
It is then possible to define PDC as

𝜋
𝑖𝑗
(𝑓) =

Λ
𝑖𝑗
(𝑓)

√∑
𝑁

𝑘=1
Λ
𝑘𝑗
(𝑓)Λ

∗

𝑘𝑗
(𝑓)

. (7)

Such formulation was derived by the well-known concept
of partial coherence [52]. The PDC from 𝑗 to 𝑖, 𝜋

𝑖𝑗
(𝑓),

describes the directional flow of information from the signal
𝑠
𝑗
(𝑛) to 𝑠

𝑖
(𝑛), whereupon common effects produced by other

electrodes 𝑠
𝑘
(𝑛) on the latter are subtracted leaving only a

description that is exclusive from 𝑠
𝑗
(𝑛) to 𝑠

𝑖
(𝑛).

PDC values are in the interval [0, 1] and the normaliza-
tion condition

𝑁

∑

𝑛=1


𝜋
𝑛𝑗
(𝑓)



2

(8)

is verified. According to this condition, 𝜋
𝑖𝑗
(𝑓) represents

the fraction of the time evolution of electrode 𝑗 directed to
electrode 𝑖, as compared to all of 𝑗’s interactions to other
electrodes.

Even if this formulation derived directly from informa-
tion theory, the original definition was modified in order to
give a better physiological interpretation to the estimation
results achieved on electrophysiological data. In particular,
two modifications have been proposed. First, a new type of

normalization, already used for another connectivity estima-
tor such as directed transfer function [55], was introduced by
dividing each estimated value of PDC for the root squared
sums of all elements of the relative row, and then a squared
version of the PDC was introduced [56]:

sPDC
𝑖𝑗
(𝑓) =


Λ
𝑖𝑗
(𝑓)



2

∑
𝑁

𝑚=1

Λ 𝑖𝑚 (𝑓)


2
. (9)

The better performances of sPDC have been demonstrated
in simulation studies which revealed reduced error levels
both in the estimation of connectivity patterns on data
characterized by different lengths and SNR and in distinction
between direct and indirect paths [56]. Such formulation
was used in this study for the estimation of functional
connectivity.

2.6. Statistical Validation of Connectivity Patterns. Random
fluctuations of signals, induced by environmental noise,
could lead to the presence of spurious links in the con-
nectivity estimation process. In order to avoid such false
connections, it is necessary to apply a method for the
statistical validation of estimated connectivity patterns. In
order to assess the significance of the estimated connectivity
patterns, the value of effective connectivity for a given pair
of electrodes, obtained by computing PDC [57, 58], must
be statistically compared with a threshold level which is
related to the lack of transmission between considered ROIs
(null hypothesis). Threshold values were estimated using
asymptotic statistic [59], a recently introduced method based
on the assumption that PDC in the null case follows a
𝜒
2 distribution [60]. The statistical threshold for the null

case is achieved by applying a percentile, related to a given
significance level, on a 𝜒

2 distribution derived by means
of Monte Carlo method directly from the data. The high
accuracy of the asymptotic statistic method in the assessment
process has been demonstrated in a simulation study inwhich
this new method was compared with the shuffling procedure
[61, 62], a time consuming methodology currently available
in the functional connectivity field [63].

The statistical validation process had to be applied on each
couple of signals for each frequency sample. This necessity
led to the execution of a high number of simultaneously
univariate statistical tests with evident consequences in the
occurrence of type I errors. The statistic theory provides
several techniques that could be usefully applied in the
context of the assessment of connectivity patterns in order
to avoid the occurrence of false positives [64]. In particular,
we chose the false discovery rate (FDR) method [65, 66]
because it has been demonstrated to be a good compromise
in preventing both type I and type II errors occurred during
connectivity estimation [67, 68].

After the validation process, the PDC estimation is
averaged within four frequency bands defined according to
individual alpha frequency (IAF) [41] in order to take into
account the variability among subjects of the alpha peak in the
spectrum.The range for each frequency band is theta [IAF−6;
IAF−2], alpha [IAF−2; IAF+2], beta [IAF+2; IAF+15], and
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gamma [IAF+15; IAF+30]. PDC connections of the three
judgments (𝑉, 𝑇, and 𝐷) have been separately compared
between valence (+, −), for each band of interest, by perform-
ing multiple Student’s 𝑡-test on ROIs, FDR corrected.

2.7. Graph Theory. A graph consists of a set of vertices (or
nodes) and a set of edges (or connections) indicating the
presence of some sort of interaction between the vertices.
The adjacency matrix 𝐴 contains the information about the
connectivity structure of the graph. When a directed edge
exists from the node 𝑖 to 𝑗, the corresponding entry of the
adjacencymatrix is𝐴

𝑖𝑗
= 1; otherwise,𝐴

𝑖𝑗
= 0.The existence

of an edge is stated on the basis of its statistical significance
assessed by means of asymptotic statistic approach. The
higher reliability of the statistical approach for extracting the
adjacency matrix has been demonstrated in [67] where a
detailed comparison with the empirical methods is provided.
In graph theory, a path or a walk is a sequence of vertices in
which from each of its vertices, there is an edge to the next
vertex in the sequence. Such adjacencymatrix can be used for
the extraction of salient information about the characteristic
of the investigated network by defining several indexes based
on the elements of such matrix.

Density. Density is the fraction of present connections to
possible connections. Connection weights are ignored in
calculations. Density is defined as follows:

𝐷 =

∑
𝑁

𝑖=1
∑
𝑁

𝑗=1
𝐴
𝑖𝑗

𝑁(𝑁 − 1)
× 100, (10)

where 𝐴
𝑖𝑗
represents the entry 𝑖𝑗 of the adjacency matrix 𝐴.

For each judgment (𝑉, 𝑇, and 𝐷), we performed a
repeated measure ANOVA with factor BAND (theta, alpha,
beta, and gamma) to compare the density value among bands
of interest.

Degree.Thedegree of a node is the number of links connected
directly to it. In directed networks, the indegree is the number
of inward links and the outdegree is the number of outward
links. Connection weights are ignored in calculations [69]. It
can be defined as follows:

𝑘
𝑖
= ∑

𝑗∈𝑁

𝐴
𝑖𝑗
, (11)

where 𝐴
𝑖𝑗
represents the entry 𝑖𝑗 of the adjacency matrix 𝐴.

Indegree and outdegree of the three judgments (𝑉,𝑇, and
𝐷) have been separately compared between valence (+, −), for
each band of interest, by performing multiple Student’s 𝑡-test
on ROIs, FDR corrected.

2.8. Autonomic Data Recording and Signal Processing. The
autonomic activity, both the Galvanic Skin Response (GSR)
and the Heart Rate (HR), has been recorded by means of the
PSYCHOLABVD13S system (SATEM, Italy) with a sampling
rate of 100Hz. Skin conductancewas recorded by the constant
voltage method (0.5 V). Ag-AgCl electrodes (8mm diameter
of active area) were attached to the palmar side of the middle

phalanges of the second and third fingers of the participant’s
non dominant hand by means of a velcro fastener. The com-
pany also provided disposable Ag-AgCl electrodes to acquire
the HR signal. Before applying the sensors to the subjects’
skin, their surface has been cleaned following procedures and
suggestions published in the international literature [70–72],
and GSR and HR signals have been continuously acquired
for the entire duration of the stimulation and then filtered
and segmented with in-house MATLAB software in order to
analyse the autonomic activity related to the observation of
the politician faces.

The GSR signal has been downsampled to 20Hz and
subsequently low pass filtered at 4.5Hz to filter out noise and
suppress artefacts caused by Ebbecke waves [70, 73]. In order
to split the phasic component of the electrodermal activity
(skin conductance response (SCR)) from the tonic one (skin
conductance level (SCL)) we acted as follows on the filtered
GSR signal:

(1) minima points detection within a 100 samples sliding
window (5 seconds);

(2) linear interpolation of minima points;
(3) smoothing by means of a moving average (100 sam-

ples sliding window). This operation generates the
SCL signal;

(4) subtraction of the SCL signal from the filtered GSR.
This operation generates the SCL signal.

In such a way, we split the GSR signal into a phasic (SCR)
and a tonic (SCL) component and then segmented the traces
by taking into account 3 s long segments from the beginning
of the face exposition. Afterwards, we generated the same
type of datasets as defined for the EEG analysis. As far as
concerns the SCL, we calculated the time average for each
segment and experimental condition, whereas for the SCRwe
took into account the average peak number within the data
segment. The results of these parameters will be showed in
the following section.

The HR signal has been low pass filtered at 1Hz in
order to analyse the frequency components due to variations
of the sympathetic and parasympathetic nervous system
regardless the ones associated with thermoregulatory cycles
[74, 75]. Hence, this waveform has been segmented by taking
into account 3 s length segments from the beginning of the
face exposition. Afterwards, we generated the corresponding
datasets defined for the EEG analysis. From each segment,
we calculated the average beats per minute and the power
spectrum density (PSD) according to theWelchmethod [50].
In this way, we obtained a signal in the frequency domain
for the all experimental conditions and subjects. Spectral
components were identified and then assigned, on the basis
of their frequency, to one of two bands: low frequency
(LF), [0.04, 0.15]Hz; high frequency (HF), [0.15, 0.6]Hz
[37]. The very low frequency (VLF) band, located in the
lowest part of the spectrum, has been excluded from the
present analysis since it is physiologically connected with
long-term regulation mechanisms [74, 75], not of interest
for our purpose. Several studies indicate that the LF band
corresponds to baroreflex control of the heart rate and
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reflects mixed sympathetic and parasympathetic modulation
of heart rate variability (HRV); instead, HF band corresponds
to vagally mediated modulation of HRV associated with
respiration [37, 74–76]. For this reason, some researchers [37]
propose the ratio LF/HF as index of the balance between the
sympathetic and vagal activity.

All autonomic variables of interest (SCL, SCR, HR,
and LF/HF) and experimental datasets (𝑉+, 𝑉−, 𝐷+, 𝐷−,
𝑇
+, and 𝑇

−) have been standardized by means of the 𝑧-
score transformation by using the dataset referred to the
neutral face (𝑁) as reference baseline. Repeated-measures
analyses of variance (ANOVA) were performed to assess
differences in SCL, SCR, HR, and LF/HF. Mauchly’s test
evaluated the sphericity assumption and, where appropriate
correction of the degrees of freedom was made according
to the Greenhouse-Geisser procedure. Bonferroni correction
was applied to all post hoc tests (pairwise comparisons). The
statistical analysis has been performed by the SPSS (v.16)
software.

According to the presentedmethodology, the intersubject
variability has been taken into account by computing the 𝑧-
score standardization of the experimental conditions datasets
(observation of faces during judgments of vote, dominance,
and trustworthiness) and the mean and standard deviation
related to the neutral condition (observation of neutral
face). Moreover, also the chosen statistical method (paired
Student’s 𝑡-test) avoids intersubject variability. Instead, in
order to address the interstimuli variability, according to
the illustrated experimental paradigm, the single politicians
faces have been observed and judged differently by each
participant. In this way, each participant has his/her own
personal datasets (𝑉+/𝑉−, 𝐷+/𝐷−, and 𝑇+/𝑇−). In fact, the
aim of the present analysis is to investigate the cerebral
reaction due to personal judgments rather than objective
features and expressions of singles candidates.Hence, data are
compared for a population analysis by means of the paired 𝑡-
test.

3. Results

3.1. Behavioural Results. In order to asses significant dif-
ferences among rates of correctly predicted races in the
three experimental conditions, we employed a multivariate
repeated measures ANOVA design with judgment (vote,
dominance, and trustworthiness) as a factor and the per-
centages of correctly predicted races as a dependent vari-
able. Average values of correct percentages are reported in
Figure 2.

The statistical analysis of correct percentages showed
a significant difference for the factor judgment across the
different levels [vote = (44.65±7.04)%, dominance = (51.15±
6.68)%, and trustworthiness = (43.99 ± 7.48)%; 𝐹(38,2) =
9.34, 𝑃 < 0.01]. Hence, the percentage of correct pre-
diction depends on the judgment. Specifically, the pairwise
comparisons revealed significant differences for the contrast
vote versus dominance (𝑃 < 0.01) and dominance versus
trustworthiness (𝑃 < 0.01), whereas no difference has been
found between vote and trustworthiness (𝑃 > 0.05).

0
10
20
30
40
50
60
70

Vote Dominance Trustworthiness

(%
)

Rates of correct prediction
∗ ∗

Figure 2: Average rates of correct prediction for the three judgments
of vote, dominance, and trustworthiness. Error bars indicate stan-
dard deviations. Significant pairwise comparisons are highlighted
with asterisks.

Subjects’ judgment about vote, dominance, and trust-
worthiness underwent a correlation analysis. For each pair
of judgments (vote/dominance, vote/trustworthiness, and
dominance/trustworthiness) we computed the Pearson’s cor-
relation among the number of subjects who expressed their
preference for the real election winner.

The results show that judgments concerning vote and
trustworthiness are positively correlated (𝑅 = 0.85, 𝑃 < 0.01)
while the ones regarding vote anddominance (𝑅 = −0.64,𝑃 <

0.01) and dominance and trustworthiness (𝑅 = −0.60, 𝑃 <

0.01) are negatively correlated. Figure 3 shows the correlation
between vote and trustworthiness conditions.

3.2. Cortical Patterns of Power Spectral Density. The EEG
signals gathered during the observation of the politicians
were subjected to the estimation of the cortical power spectral
density by using the techniques described in theMethods sec-
tion. In each subject, the cortical PSDwas evaluated in the fre-
quency bands adopted in this study and contrasted between
experimental conditions. These cortical distributions of PSD
obtained during the observation of politicians were then
organized in six datasets (𝑉+/𝑉−, 𝐷+/𝐷−, and 𝑇+/𝑇−). The
Student’s 𝑡-test has been performed between these cortical
PSD distributions of homologous datasets (i.e., 𝑉+ versus
𝑉
−). The resulting statistical spectral maps highlight cortical

areas in which the estimated PSD statistically differs between
two conditions. In the following statistical spectral maps, we
show only the results in the theta and alpha frequency bands
because they resulted the ones with most activations.

Figures 4, 5, and 6 present cortical maps in which the
brain is viewed from a frontal perspective.Themaps are rela-
tive to the contrast regarding the conditions vote, dominance,
and trustworthiness (i.e., 𝑉+ versus 𝑉−) in the frequency
bands of interest. The colour scale on the cortex codes
the statistical significance: where there are cortical areas in
which the power spectrum does not differ between the two
conditions, the grey colour is used. The red colour presents
statistically significant power spectral activity greater in the
condition 𝑉+(𝐷+, 𝑇+) with respect to 𝑉−(𝐷−, 𝑇−), while the
blue colour codes the opposite situation.
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Figure 3: Scatterplots of number of subjects expressing their preference for the real election winner related to judgments of trustworthiness
(𝑥-axis) and vote (𝑦-axis) on (a), vote (𝑥-axis) and dominance (𝑦-axis) in (b), and dominance (𝑥-axis) and trustworthiness (𝑦-axis) on (c).
Each dot represents a single election race with the corresponding number of subjects whomade their choice for the real winner of the election.
In each scatterplot, there is the related Pearson’s correlation coefficient, all significant at 𝑃 < 0.01.
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Figure 4: The picture presents four cortical 𝑡-test maps of PSD values for the vote condition in the theta (upper row) and alpha (lower row)
bands. As to the theta band, the cortex model is seen from a front-left side (left) and from a frontal perspective (right). As to the alpha band,
the cortexmodel is seen from a front-right side (left) and from a frontal perspective (right). Colour bar indicates in red cortical areas in which
increased statistically significant activity occurs in the 𝑉+ dataset when compared to the 𝑉− dataset. Blue colour is used when the activity is
statistically higher in the 𝑉− than in the 𝑉+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected). Grey colour is used to map cortical areas where
there are no significant differences between the cortical activity in the two experimental conditions.
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Figure 5: The picture presents four cortical 𝑡-test maps of PSD values for the trustworthiness condition in the theta (upper row) and alpha
(lower row) band. As to the theta band, the cortex model is seen from a front-right side (left) and from a frontal perspective (right). As to the
alpha band, the cortex model is seen from a front-left side (left) and from a frontal perspective (right). Colour bar indicates in red cortical
areas in which increased statistically significant activity occurs in the 𝑇+ dataset when compared to the 𝑇− dataset. Blue colour is used when
the activity is statistically higher in the 𝑇− than in the 𝑇+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected). Grey colour is used to map cortical
areas where there are no significant differences between the cortical activity in the two experimental conditions.

Figure 4 presents the four statistical cortical maps related
to the comparisons of PSD values in the theta and alpha
bands for the vote condition. These maps highlight a frontal
asymmetry which discriminates 𝑉+ and 𝑉

− conditions in
both theta and alpha bands. Specifically, it is possible to
observe an increase of PSD across frontal and central areas
in the theta band for the 𝑉

+ condition. Findings in the
alpha band return a significant desynchronization for the 𝑉−
condition in the frontal, central, and parietal cortical regions
of the right hemisphere. In addition, a smaller frontal region
of the left hemisphere accounts for a desynchronization for
the 𝑉+ condition.

Figure 5 presents the contrast between the 𝑇+ and 𝑇
−

conditions in the theta and alpha bands. As similarly
observed for the vote condition, the comparison between 𝑇+
and 𝑇− also revealed an asymmetrical pattern of activation.
In this case, most of the increase of PSD in the theta band is
due to the 𝑇− condition, involving left frontal cortical areas.
However, a significant spot of activation for the 𝑇+ condition
is also visible around right frontal regions. The significant
desynchronization of the frontal activity in the alpha band
is associated with the 𝑇+ condition. From Figure 5, it is also
possible to observe a sparse activation in left central and
temporal areas.

Figure 6 presents the contrast between the 𝐷+ and 𝐷
−

conditions in the theta and alpha bands. In this case, the
significant activations in the theta band show an involvement
of the frontal midline regions for the 𝐷− condition, whereas

a significant desynchronization of the alpha rhythm is visible
across left frontal areas for the opposite condition𝐷+.

3.3. Analysis of Functional Connectivity Patterns and Degree.
The two-way ANOVA performed on the density index indi-
cated significant difference for factor BAND for all the three
experimental conditions [vote, 𝐹(3,57) = 4.55, 𝑃 < 0.01;
dominance, 𝐹(3,57) = 4.52, 𝑃 < 0.01; and trustworthiness,
𝐹(3,57) = 4.23, 𝑃 < 0.01]. This result led us to consider only
theta and alpha bands for the following analysis. In fact, both
beta and gammapresent smaller density values than the lower
frequency ranges, and they are close to zero.

The connectivity patterns have been estimated by partial
directed coherence (PDC) to the spatially averaged wave-
forms related to different ROIs considered in the study
and statistically compared as described in the Methods
section. Student’s 𝑡-tests have been performed between PDC
distributions of homologous datasets (i.e.,𝑉+ versus𝑉−).The
resulting statistical connectivitymaps highlight cortical areas,
alongwith the related strength of the connection, inwhich the
estimated PDC statistically differs between two conditions.
Similarly, the analysis of indegree and outdegree has been
computed by Student’s 𝑡-test for each ROI and experimental
condition.

Figures 7, 8, and 9 present cortical maps, as well as values
of indegree and outdegree, in which the brain is viewed
from above. The results are related to the contrast regarding
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Figure 6:The picture presents four cortical 𝑡-test maps of PSD values for the dominance condition in the theta (upper row) and alpha (lower
row) bands.The cortex model is seen from a front-left side (left) and from a frontal perspective (right) for both theta and alpha bands. Colour
bar indicates in red cortical areas in which increased statistically significant activity occurs in the𝐷+ dataset when compared to the𝐷− dataset.
Blue colour is used when the activity is statistically higher in the 𝐷− than in the 𝐷+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected). Grey
colour is used tomap cortical areas where there are no significant differences between the cortical activity in the two experimental conditions.

the conditions vote, dominance, and trustworthiness (i.e.,
𝑉
+ versus 𝑉−) in the activated frequency bands of interest.

The colour scale on the cortex codes the ROIs, and the grey
colour is used otherwise. The red colour presents statistically
significant connections in the condition 𝑉

+
(𝐷
+
, 𝑇
+
) with

respect to 𝑉
−
(𝐷
−
, 𝑇
−
), while the blue colour codes the

opposite situation.
Figure 7 presents the two statistical connectivity maps

related to the comparisons of PDC values in the theta and
alpha bands for the vote condition, on the right side of the
picture. On the left side, the related comparison for values
of in- and outdegrees are reported. These results highlight
a strong involvement of frontal and parietal right areas in
both theta and alpha bands. Particularly, in the theta band
the largest amount of significant inter- and intrahemispheric
connections emerges in the left hemisphere related to the
𝑉
+ condition. An interhemispheric flow between the BA10 L

and BA8 R is the strongest for the 𝑉− condition. From the
statistical comparison of in- and outdegrees we may observe
that the only significant result highlights the BA19 R as the
ROIwith highest value of outdegree for the condition𝑉−.The
statistical pattern in the alpha band presents an involvement
of inter- and intrahemispheric connection, thickened in the
right hemisphere, in the𝑉+ condition. However, a significant
connection between BA37 R and BA9/46 R for the 𝑉

−

condition appears. These results are supported by in- and
outdegrees values which return the BA10 R as a source of
information in the𝑉+ condition, whereas the BA37 R source
in the 𝑉− condition.

Figure 8 presents the two statistical connectivity maps
related to the comparisons of PDC values in the theta and
alpha bands for the trustworthiness condition, on the right

side of the picture. On the left side, the related comparisons
for values of in- and outdegrees are reported. These results
highlight an involvement of frontal and parietal left areas in
both theta and alpha bands although only a few significant
connections emerge. Particularly, in the theta band there is
a parietal-frontal connection in the 𝑇+ condition, whereas
two parietal BAs are connected in the 𝑇− condition. From
the statistical comparison of in- and outdegrees, there are
no ROIs resulting different between the two experimental
conditions in the theta band. The statistical pattern in the
alpha band shows the existence of two intrahemispheric con-
nections related to the 𝑇− between frontal and parietotem-
poral regions. There is only one significant link between the
BA21/22 L and BA5 R regarding the 𝑇

+ condition. From
the statistical comparison of in- and outdegrees, there are
no ROIs resulting different between the two experimental
conditions in the alpha band.

Figure 9 presents the two statistical connectivity maps
related to the comparisons of PDC values in the theta and
alpha bands for the dominance condition, on the right side
of the picture. On the left side, the related comparison for
values of in- and outdegrees are reported. These results
highlight a strong involvement of frontal and parietal right
areas in both theta and alpha bands. Particularly, in the
theta band intrahemispheric parietofrontal connections are
related to the𝐷− condition whereas intrahemispheric frontal
connections regard the 𝐷+ condition. From the statistical
comparison of in- and outdegrees, we may observe that
the BA37 R and BA21/22 R are source of information for
the 𝐷+ condition, whereas BA8 R for the 𝐷− condition is
a sink. The statistical pattern in the alpha band presents
an involvement of inter- and intrahemispheric connection,
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Figure 7: In- and outdegree values (left side) and PDC links (right side) in the theta (upper row) and alpha (lower row) bands for the vote
condition. The cortex model is seen from above for both theta and alpha bands. Colour bar indicates PDC connections in which increased
statistically significant activity occurs in the 𝑉+ dataset when compared to the 𝑉− dataset in red. Blue colour is used when the increase for
the𝑉− activity is statistically higher than the one in the𝑉+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected).The arrows depict the statistically
significant connections estimated between the activities recorded in the vote condition.The color and size of the arrows code for the strength
of the interaction, as reported by the color bar on the right. A color map highlights the ROIs, whereas grey colour is used to map cortical
areas that have not been used in the analysis. Red circles in the left part of the figure highlight significant difference of in- and outdegrees for
the theta and alpha bands.

thickened in the left hemisphere, in both the 𝐷+ and 𝐷
−

conditions. In particular, the information flow is directed
from right parietal to left and temporal frontal areas in 𝐷+
condition and vice versa for𝐷− condition. From the statistical
comparison of in- and outdegrees, there are noROIs resulting
different between the two experimental conditions in the
alpha band.

3.4. Analysis of the SCL and SCR. To assess the effect of
questions on answers, we performed a two-way repeated-
measures ANOVA on SCL and on SCR, with judgment (𝐷,
𝑇, and 𝑉) and valence (+, −) as factors. As far as the SCL
is concerned, we did not find significant difference for any
factor [judgment: 𝐹(2,36) = 1.77, 𝑃 = 0.18; valence: 𝐹(1,18) =
0.04,𝑃 = 0.83; judgment × valence:𝐹(2,36) = 0.63,𝑃 = 0.54].
However, we also performed Student’s 𝑡-tests to compare
pairs of judgments.These statistical analyses returned that the
SCL values for the dominance condition are higher than those

in trustworthiness [𝑡(19) = 2.1, 𝑃 < 0.05] and no difference
between the other conditions.

As to the analysis of the SCR, the two-way repeated-
measures ANOVA did not highlighted any significant dif-
ference for any factor [judgment: 𝐹(2,36) = 0.21, 𝑃 = 0.82;
valence: 𝐹(1,18) = 1.98, 𝑃 = 0.18; judgment × valence:
𝐹(2,36) = 0.18, 𝑃 = 0.80]. However, there is a trend as to the
𝑧-score of SCR values since for all the six conditions they are
always positive with SCR values related to the condition “+”
larger than those related to the condition “−”.

3.5. Analysis of the HRV. To assess the effect of judg-
ments on the choices of subjects, we performed a two-
way repeated-measures ANOVA on HR and LF/HF with
judgment (𝐷, 𝑇, 𝑉) and valence (+, −) as factors.

The two-way ANOVA on the HR parameter did not
return any significant result for this comparison [judgments:
𝐹(2,36) = 1.99, 𝑃 = 0.15; valence: 𝐹(1,18) = 0.01, 𝑃 = 0.95;
judgments × valence: 𝐹(2,36) = 0.184, 𝑃 = 0.83]. Picture
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Figure 8: In- and outdegree values (left side) and PDC links (right side) in the theta (upper row) alpha (lower row) bands for the vote
condition. The cortex model is seen from above for both theta and alpha bands. Colour bar indicates PDC connections in which increased
statistically significant activity occurs in the 𝑇+ dataset when compared to the 𝑇− dataset in red. Blue colour is used when the increase for
the 𝑇− activity is statistically higher than the one in the 𝑇+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected). The arrows depict the statistically
significant connections estimated between the activities recorded in the trustworthiness condition. The color and size of the arrows code for
the strength of the interaction, as reported by the color bar on the right. A color map highlights the ROIs, whereas grey colour is used to map
cortical areas that have not been used in the analysis.

highlights that HR values related to the condition dominance
are both negative with respect to the baseline (neutral face),
whereas the factor vote presents positive values. As to the
factor trustworthiness, the conditions “+” and “−” have
a positive (0.01) and negative (−0.03) values, respectively.
However, we also performed Student’s 𝑡-tests to compare
pairs of judgments. These statistical analyses returned that
the HR values for the vote condition are higher than those in
dominance [𝑡(19) = 2.11, 𝑃 < 0.05] and no difference between
the other conditions.

The two-way ANOVA on the LF/HF parameter did not
return any significant result for this comparison [judgment:
𝐹(2,36) = 1.47, 𝑃 = 0.24; valence: 𝐹(1,18) = 0.66, 𝑃 = 0.43;
judgment × valence: 𝐹(2,36) = 0.12, 𝑃 = 0.99]. In each
condition, the average value of the sympathovagal balance
is negative. This means that the LF/HF values are always
larger during the observation of the neutral face compared
to the exposition of politicians. Moreover, the LF/HF values
related to the condition dominance are the smallest ones.
However, we also performed Student’s 𝑡-tests to compare

pairs of judgments.These statistical analyses returned that the
HR values for the trustworthiness condition are lower than
those in dominance [𝑡(19) = 2.1, 𝑃 < 0.05] and no difference
between the other conditions.

4. Discussion

4.1. Explicit Judgment. The analysis conducted on the partic-
ipant’s choice returned low percentages of correct prediction
for all the three possible judgments. Two of them are below
the 50% (vote, 44.6%; trustworthiness, 43.9%) while the only
judgment about dominance shows a percentage of 51.15. In
fact, for our subjects, the judgment on the dominance trait
resulted the most predictive, with respect to trustworthiness
and preference of vote, of the election outcome. This result
could appear contrasting the findings previously published
in the literature [1, 2], since they reported a goodness of
prediction around 70% in guessing the elections outcome.
This difference could be due to the exiguous number of
participants enrolled in our study (20) if compared to the
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Figure 9: In- and outdegree values (left side) and PDC links (right side) in the theta (upper row) alpha (lower row) bands for the vote
condition. The cortex model is seen from above for both theta and alpha bands. Colour bar indicates PDC connections in which increased
statistically significant activity occurs in the 𝐷+ dataset when compared to the 𝐷− dataset in red. Blue colour is used when the increase for
the𝐷− activity is statistically higher than the one in the𝐷+ condition (𝑡 values at 𝑃 < 0.05, FDR corrected).The arrows depict the statistically
significant connections estimated between the activities recorded in the trustworthiness condition. The color and size of the arrows code for
the strength of the interaction, as reported by the color bar on the right. A color map highlights the ROIs, whereas grey colour is used to
map cortical areas that have not been used in the analysis. Red circles in the left part of the figure highlight significant difference of in- and
outdegrees for the theta band.

number of subjects utilized in their previous researches (more
than 100). In fact, a more recent study performed with fMRI
[5] enrolling 24 participants reported lower percentage in
judging winners of real elections as more competent (55%).
This evidence could suggest a positive correlation between
the traits of dominance and competence employed in the two
studies. Although Oosterhof and Todorov [40] established
mean ratings for computer modelled faces on 14 trait dimen-
sions, showing a certain correlation among them, the trait of
competence is not in the trait set used for the study. Hence,
we do not discuss about the degree of correlation between
the traits of competence and dominance. However, in the
same work, traits of dominance and trustworthiness appear
to be orthogonal. Instead, dominance appears to be correlated
with aggressiveness. Hence, it was not surprising for us to
get a similar result for real faces. This kind of dependence
could explain the positive result in predicting winners as
more dominant and the negative result in prediction about
the trustworthiness judgment. However, it is important to
remember that our participants were asked to give their

judgments according to a fast exposition of unknown face
of politicians. Therefore, they do not observe more than a
few physical traits and know nothing related to their public
behavior.

The correlation analysis concerning answers about the
three judgments revealed that our experimental subjects tend
to vote politicians appearing more trustworthy. However, we
observed that this judgment is not able to predict elections
outcomes.

4.2. Cortical Patterns of Power Spectral Density and Functional
Connectivity. Thehigh-resolution EEG analysis returned sta-
tistically significant activations in all experimental conditions
of vote, dominance, and trustworthiness judgments. Overall,
evidence highlights an asymmetrical cerebral activation,
mostly related to the frontal areas, during the observation
of politicians that will be judged trustworthy and dominant
and for those who will get the vote in simulated elections.
Thus, such neuroelectrical features seem to be able to predict
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judgments of trustworthiness and dominance as well as the
decision of vote.

Particularly, the vote condition elicited the most signif-
icant variations of the PSD in the alpha band. The related
cortical maps show a significant desynchronization of the
alpha rhythm among frontal and parietal areas of the right
hemisphere during the observation of politicians that have
not been voted in our simulated elections, along with a
smaller increase of PSD in left frontal areas for the opposite
condition. Analogously, the pattern of activations in the alpha
band for the trustworthiness condition show a desynchro-
nization of the left frontal regions associated with the obser-
vation of candidates that will be judged more trustworthy.
Instead, looking at the cortical maps in the theta band in both
experimental conditions, it is possible to appreciate almost
a reverse behavior of the frontal regions. Specifically, left
frontal areas are more involved during the observation of
candidates that will be voted whereas right frontal areas are
more activated during the observation of politicians that will
be judged less trustworthy. Hence, the asymmetrical pattern
of activation in these particular tasks seems to concern both
theta and alpha bands. In the dominance condition, it is
possible to observe that the desynchronization of the left
frontal regions is related to the observation of candidates that
will be judged more dominant. Adversely, the activations in
the theta bandmostly regard the frontalmidlinewhich results
activated during the observation of politicians resulting less
dominant.

Previous studies have shown that the frontal cortex (FC)
is anatomically and functionally connected to structures
linked to the emotional processing activity in humans [77].
Thus, indirect variables of emotional processing could be
also gathered by tracking variations of these cerebral cor-
tical frontal areas. In fact, although the frontal cortex is
structurally and functionally heterogeneous, its role in the
generation of the emotions is well recognized [78]. EEG
spectral power analyses indicate that the anterior cerebral
hemispheres are differentially lateralized for approach and
withdrawal of motivational tendencies and emotions. Specif-
ically, findings suggest that the left frontal and orbitofrontal
cortex is an important brain area in a widespread circuit that
mediates appetitive approach, while the right homologues
regions appear to form amajor component of a neural circuit
that instantiates defensive withdrawal [79, 80].

Sutton and Davidson [81] found that greater left-
sided activation predicted dispositional tendencies toward
approach, whereas greater right-sided asymmetry predicted
dispositional tendencies toward avoidance. In contrast, their
frontal asymmetry measurement did not predict disposi-
tional tendencies toward positive or negative emotions, sug-
gesting an association of frontal asymmetry with approach
avoidance rather than with valence. Other sources of data
converge on a similar model of frontal asymmetry. Of partic-
ular importance are studies that link anger, an unpleasant but
approach-related emotion, to greater left-hemispheric activa-
tion [82, 83]. Also, tendencies toward worry, thought to be
approach-motivated in the sense of being linked to problem
solving, have been linked to relatively greater left frontal EEG
activity [84]. Thus, the emerging consensus appears to be

that frontal EEG asymmetry primarily reflects levels of
approach motivation (left hemisphere) versus avoidance
motivation (right hemisphere), as also testified by previous
studies [85–88].

Hence, the present results could be interpreted by tak-
ing into account the approach-withdrawal theory [78–80]
explaining that there exists an EEG asymmetry, mostly
involving frontal regions, discriminating appealing, pleas-
antness situations from unattractive and unpleasant ones:
a desynchronization of the alpha rhythm in left frontal
areas is experienced when subjects are involved in positively
judged contexts, whereas a desynchronization of same areas
in the right hemisphere is often associated with rejecting
experiences. In addition, our experiment also highlights a
frontal-hemispheric asymmetry involving the theta band.
Therefore, the faces of politicians that will be voted and
judged trustworthy arise feelings of approach, whereas those
candidates that will be judged less trustworthy and not
adequate for winning the ballot generate emotions of detach
and refusal. This interpretation emerges from considering
the activations in both theta and alpha bands and is in
agreement with the behavioral results providing a high and
significant correlation between the judgment of trustworthi-
ness and the choice of vote. When subjects expressed judg-
ment on dominance trait, politicians judged more dominant
elicited an alpha desynchronization across left frontal and
orbitofrontal areas. As anger, also the trait of dominance
could be considered as an approach-related emotion, with a
negative valence and high arousal in a tentative to reconcile
the concept of discrete emotions in terms of combinations of
multiple dimensions [89, 90]. According to this perspective,
the alpha activity in the right hemisphere is in agreement
with the approach-withdrawal theory. On the contrary, low
dominance could lead to withdrawal-related emotions with
positive valence and low arousal. Observation of politicians
judged less dominant caused a significant activation of the
medial frontal cortex (mFC) in the theta band. Such signals
could be connected to the activity of the anterior cingulate
cortex (ACC). In fact, the circuit ACC-mFC is involved in
processing emotions. In particular, Phan et al. [91] reported
that 60% of the studies they reviewed found activation
in the medial frontal cortex (mFC), whereas Murphy et
al. [92] reported the strongest localization pattern in the
supracallosal ACC, both related to sadness which is a low
arousal emotion. Moreover, the link between frontal midline
and the activity in the anterior cingulate cortex is also shown
through listening to pleasant music since ACC is activated in
musical tasks [93, 94].This evidence shows thatACCcould be
involved in processing low arousal, pleasant, and withdrawal-
related emotions. Our result regarding the dominance trait
and the activation of ACC is also in agreement with the
study by Spezio et al. [5] showing that this specific brain
area is a predictor of the simulated election loss. In fact, the
observation of politicians judged less dominant elicited an
increase of activity in the frontal midline which is negatively
correlated with the lab vote share. In addition, the activation
related to the dominance condition could reflect neural
processing to disgusted facial expressions and angry faces
which exhibit involvement of the right putamen and the left
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insula cortex, enhancing activity in the posterior part of the
right gyrus cinguli and the medial temporal gyrus of the
left hemisphere. Fearful expressions also activate the right
fusiformgyrus and the left dorsolateral frontal cortex [95, 96].

The role of prefrontal cortex is also in agreement with
the experiment performed by Kato and colleagues [6] that
illustrate how stronger fMRI activation in the dorsolateral
prefrontal cortex lowered ratings of candidates originally
supported more than did those with smaller fMRI signal
changes in the same region. On the contrary, the subjects
showing stronger activation in the medial prefrontal cortex
tended to increase their ratings compared to subjects with less
activation.

The involvement of left ventral frontal cortex can be also
associated with neural response to facial emotions, regardless
of the conscious mediation [97]. In addition, the activity of
the temporal lobe has already been reported belonging to
judgments of trustworthiness trait [98].

Although it has not been investigated in the present
study, it could be debated that the discussed patterns of
activationmay vary according to the gender. In fact, previous
studies dealing with emotions processing report that females
respond strongly than males to emotional and negative faces,
judged unpleasant and high arousing stimuli. As reported
by Lithari et al. [99], these differences involve mechanisms
localized across central and left brain regions. Supporting
this evidence, Prause et al. [100] found that women elicited
a stronger frontal alpha asymmetry during the observation
of sexually motivating films, with a greater alpha power in
the left hemisphere. Similar gender differences have been also
specifically inspected during judgment of facial attractiveness
[101]. In fact, Zhang and Deng report a delayed P1 and
P3b latencies in response to attractive faces with slower
response times in men compared to women. A further study
also shows that women tend to prioritize the processing of
socially relevant and negative emotional information [102].
Overall, such results summarize that emotion processing
mostly involve central and left frontal regions both for men
and women, although the latter does it with a stronger
intensity and smaller latency. Instead, an important func-
tional gender differentiation could be investigated across the
right hemisphere [103]. In fact, right-lateralized anticipatory
activity selectively influenced the encoding of unpleasant
pictures in women but not in men. These findings indicate
that anticipatory processes influence theway inwhichwomen
encode negative events into memory. The selective use of
such activity may indicate that anticipatory activity is one
mechanism by which individuals regulate their emotions,
also in face processing although this affirmation needs to be
confirmed by further experiments.

4.3. Autonomic Variables. As far as the results of the elec-
trodermal activity are concerned, we reported that the tonic
component of the galvanic skin response is significantly lower
while participants observed politicians during the trustwor-
thiness judgment when compared with the judgment of
dominance and vote. Specifically, SCL in the trustworthiness
condition is lower than the average value elicited during the

observation of a neutral face, whereas SCL in dominance
and vote conditions is higher than that recorded in the
same baseline condition. According to Critchley [35, 104],
the tonic level of the galvanic skin response decreases during
attentional tasks. The SCL elicited in our experimental task
varies according to the judgment to be expressed. Since the
judgment about trustworthiness returned lower SCL values,
it seems that this task is more demanding if compared to the
question of dominance and vote. Instead, as to the phasic
component of the galvanic skin response, we did not find
any significant difference from the statistical point of view.
However, by observing the average peak amplitude of the
SCR, values related to the choice of subjects appear higher
than values associated with politicians that have not been
chosen, though not statistically significant. Hence, the obser-
vation of politicians that will be later judged, irrespective of
the proposed trait, could induce a stronger emotional state
reflected in a variation of the autonomic nervous system.

As to the analysis of the HRV, statistical tests performed
on average values of heart rate returned an increase of
the heart rate during the observation of politicians to be
voted, whereas the related values in the dominance and
trustworthiness judgments are negative when compared to
the observation of the neutral face. Also, the sympathovagal
balance returned negative values for all the experimental
conditions when compared to the baseline with an increase
for the dominance condition with respect to the trustwor-
thiness. Hence, the activity of the parasympathetic nervous
system seems to be prevailing during the observation of
politicians to be judged trustworthy. There are also several
studies reporting the increment of the vagal tone during states
of sustained attention [100] in agreement with the result of
the skin conductance level reporting an increase of attention
for the judgment of trustworthiness with respect to the trait
of dominance. In addition, the modulation of the HRV is
also correlated with attentional engagement to fearful faces
[101] and emotional face processing [102] which could be in
line with the results related to the observation of politicians
during the judgment of dominance.

Overall, autonomic results suggest that trait judgments
of dominance and trustworthiness are related to visceral
responses in terms of skin conductance level and vagal tone.

5. Conclusions

Theuse of the high-resolution EEG techniques [105–112] in an
evaluation of the efficacy of trustworthy and dominant faces
of political candidates has generated interesting results. Such
findings suggested the following answers to the questions
elicited in introduction.

(1) For the analysed population, we found out that the
judgment on the trait of dominance after a rapid
observation of politicians’ faces is themost predictive,
with respect to the one of trustworthiness and prefer-
ence of vote, of the election outcome. Preferences of
trustworthiness and vote are positively correlated.

(2) By analysing the PSD cortical maps and the related
PDC connectivity patterns, the results highlighted



16 Computational and Mathematical Methods in Medicine

frontal asymmetrical activities characterizing all the
experimental conditions of vote, trustworthiness, and
dominance. These findings are in agreement with
the approach-avoidance theory and can predict the
decision of vote, as well as the judgment of trustwor-
thiness and dominance.

(3) Despite not being completely statistically significant,
the analysis of the autonomic parameters revealed a
decrease of skin conductance level and sympathova-
gal balance related to the observation of politicians to
be judged as trustworthy related to an increase of sus-
tained attention. These features could correlate with
modulation of attention and emotional engagement
to faces.
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Craniofacial reconstruction is to estimate an individual’s face model from its skull. It has a widespread application in forensic
medicine, archeology, medical cosmetic surgery, and so forth. However, little attention is paid to the evaluation of craniofacial
reconstruction. This paper proposes an objective method to evaluate globally and locally the reconstructed craniofacial faces
based on the geodesic network. Firstly, the geodesic networks of the reconstructed craniofacial face and the original face are built,
respectively, by geodesics and isogeodesics, whose intersections are network vertices. Then, the absolute value of the correlation
coefficient of the features of all corresponding geodesic network vertices between two models is taken as the holistic similarity,
where the weighted average of the shape index values in a neighborhood is defined as the feature of each network vertex. Moreover,
the geodesic network vertices of each model are divided into six subareas, that is, forehead, eyes, nose, mouth, cheeks, and chin,
and the local similarity is measured for each subarea. Experiments using 100 pairs of reconstructed craniofacial faces and their
corresponding original faces show that the evaluation by our method is roughly consistent with the subjective evaluation derived
from thirty-five persons in five groups.

1. Introduction

Craniofacial reconstruction [1] aims to estimate an individ-
ual’s face appearance from its skull using the relationship
between soft tissues and the underlying bone structure. It
has a widespread application in many areas, such as forensic
medicine, archeology, medical cosmetic surgery, and public
safety. With the development of 3D digitalization technology,
the research on computer aided craniofacial reconstruction
has widely received attention.The evaluation of the craniofa-
cial reconstruction has an important significance in improv-
ing the craniofacial reconstructionmethods. However, nearly
all researches on craniofacial reconstruction focus on the
reconstructionmethod itself, and little attention is paid to the
evaluation method of the reconstruction results.

The craniofacial face is one of the most complex geo-
metric objects in the natural world. How to evaluate the
results of the craniofacial reconstruction is still a challenging
problem. Existing evaluation methods of the craniofacial

reconstruction can be divided into three types: subjective
qualitative evaluation method, objective quantitative evalu-
ation method, and the combination method of subjective
and objective evaluation. Subjective evaluation methods
evaluate the craniofacial reconstruction results subjectively
by designing different evaluation strategies. Quatrehomme
et al. [2] invited 25 subjects to evaluate and got excellent
or good to middle resemblance in 9 out of 25 cases. Snow
et al. [3] invited more than 200 respondents to compare a
manually recovered craniofacial model with 7 photos; 68%
of men and 26% of women gave the correct results. Stephan
and Henneberg [4] invited 37 respondents to verify 16
craniofacial reconstruction results; their experimental results
also indicated that the recognition rate of the men was
higher than that of the women. Helmer et al. [5] invited 24
respondents to compare 24 reconstructed craniofacial faces
with their real photos; their results showed that 38% of the
reconstruction results were very similar, 17% were similar,
42% were mildly similar, and only one result was considered
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to be unrelated to the original photo. Although subjective
evaluationmethod is consistentwith human cognitive theory,
the evaluation process requires a lot of manpower and time,
and the accuracy of the evaluation results is influenced by
human subjective factors.

Some scholars made a preliminary exploration on evalu-
ating craniofacial reconstruction results by objectivemethod.
Feng et al. [6] used a relative angle-context distribution
(RACD) to compare the two craniofacial faces. They defined
the probability density function of the relative angle-context
distribution by counting the number of the relative angles
in different intervals. Considering the calculation instability
and high time complexity of RACD, Zhu et al. [7] extended
the RACD to bending-relative angle-context distribution
(BRACD) algorithm bymeasuring the bending of a reference
hemisphere to a craniofacial model. Duan et al. [8, 9]
analyzed the correlation between the skull and face shape
and measured the craniofacial reconstruction error by the
distance of corresponding points between the reconstructed
craniofacial face and the original face.

Several researchers combined subjective and objective
evaluations. For example, VaneZis [10] invited 20 assessors
to choose the three best matches from 10 reconstructed
craniofacial faces of one skull with the original face. They
also computed the correlation between the subjective results
with the objective evaluation results by mathematical shape
analysis assessment using Procrustes Analysis. The results
are not statistically significant but indicate that the objective
method does seem to capture some perceptual similarity
in human observers. Moorthy et al. [11] also proposed a
combination evaluation method. In subjective aspect, they
conducted a subjective study, where a set of human subjects
(12 subjects on 180 3D faces) rated the similarity of pairs of
faces (a total of 5490 pairs of similarity scores). In objective
aspect, they extracted Gabor features from automatically
detected feature points on the range and texture images
from 3D faces. Finally, they demonstrated that these features
correlated well with human judgment of similarity.

In this paper, we propose a new global and local eval-
uation method of craniofacial reconstruction based on the
geodesic network. We define the weighted average of the
shape index value in a neighborhood as the feature of one
vertex. The absolute value of the correlation coefficient of
the feature of all corresponding geodesic network vertices
between two models is taken as the similarity. It lays a
foundation for qualitative and quantitative analysis of cran-
iofacial reconstruction results and provides guidance for
improvement of the craniofacial reconstruction methods.

The rest of this paper is organized as follows. The mate-
rials and methods are presented in Section 2. Section 3 pre-
sents experimental results. Some conclusions are provided in
Section 4.

2. Materials and Methods

2.1. Materials. This study was approved by the Institutional
Review Board (IRB) of Image Center for Brain Research,
National Key Laboratory of Cognitive Neuroscience and

Learning, Beijing Normal University. The study was carried
out on a database of 208 whole head CT scans on voluntary
persons that mostly come from Han ethnic group in North
of China, aged from 19 to 75 years. The CT scans were
obtained by a clinical multislice CT scanner system (Siemens
Sensation16) in Xianyang Hospital located in western China.
As Figure 1 shows, we firstly extract skull and face borders
from the original CT slice images and then reconstruct the
triangle mesh models of the 3D skull and skin surfaces by a
marching cubes algorithm [12].More details on the procedure
of the data processing can be found in [13]. The obtained
three-dimensional craniofacial mesh models often contain
defects such as holes, gaps, degeneracies, or nonmanifold
configurations. We need to fill holes and gaps and remove
the scattered points to make the 3D face model become a
full and well-structured manifold. To eliminate the effects
of data acquisition, posture, and scale, all 3D craniofacial
data are transformed into a unified Frankfurt coordinate
system [14]. Finally, as Figure 2 shows, we select a craniofacial
data as a reference template and cut away the back part of
the reference craniofacial model considering that there are
too many vertices in the whole head and the face features
mainly concentrate on the front part of the head. All of the
craniofacial models are registered with the reference model
automatically by the nonrigid data registration method in
[14].

2.2. Overview of the Method. The craniofacial reconstruction
evaluation is to assess the similarity between the recon-
structed craniofacial face and the original face. We propose
an objective method of the craniofacial reconstruction eval-
uation based on the shape index of the geodesic network
vertices. The method evaluates the similarity both globally
and locally. The geodesic network of the reconstructed cran-
iofacial face and the original face are built, respectively, by
geodesics and isogeodesics, whose intersections are geodesic
network vertices. The weighted average of the shape index
values within a neighborhood of each geodesic network
vertex is computed for each craniofacial face model. The
weighted average is considered as the feature of the vertex.
The absolute value of the correlation coefficient of the features
of all corresponding geodesic network vertices is taken as
the holistic similarity between two models. To evaluate the
reconstruction locally, these geodesic network vertices of
eachmodel are divided into six subareas, forehead, eyes, nose,
mouth, cheeks, and chin.The absolute value of the correlation
coefficient of the features of corresponding network vertices
in each subarea between two craniofacial models is taken as
the local similarity.

2.3. Geodesic Network Construction. Geodesic is the curve
with geodesic curvatures equal to zero. It is the shortest
path between two points on a surface. Due to its intrinsic
invariance, geodesic can be applied to face recognition that is
insensitive to expression. According to geodesic, a geodesic
polar coordinate system can be constructed by exponential
mapping [15, 16]. Inspired by this idea, we construct the
geodesic network according to geodesics and isogeodesics,
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(a) (b) (c) (d) (e)

Figure 1: Data acquisition. (a) The head slice captured by CT scanner. ((b)-(c)) The extracted skull and skin contour. ((d)-(e)) The
reconstructed 3D skull and face triangle mesh models.

Figure 2: The reference skull and face skin for registration.

respectively, on two craniofacial facial models and take
the intersection points of geodesics and isogeodesics, that
is, geodesic network vertices, as the corresponding points
between the two craniofacial face models. Thus, we can
compare the similarity of the twomodels through the features
of the corresponding geodesic network vertices.

The detailed steps for constructing the geodesic network
are described as follows. Firstly, we find the nose tip of the
craniofacial face model and make it as the source point of
geodesics. Because the craniofacial models are frontal, the
nose tip point O is the highest point of the whole model,
that is, the point which has the biggest 𝑦 value (or 𝑧 value) in
Frankfurt coordinate. Secondly, 𝑛 isogeodesics are extracted
according to the geodesic distance to the source point. The
extracted 𝑛 isogeodesics are well-distributed with the same
interval between two of them. The interval is one out of 𝑛
of the shortest geodesic distance from the nose tip point to
the boundary point set 𝐵. So the isogeodesics set IG can be
obtained by the following formula:

IG = {IG
𝑗
| IG
𝑗
= isogeodesic (O, 𝑑𝑗

𝑋
)} ,

𝑑
𝑗

𝑋
= 𝑗 × (

minB
𝑖
∈𝐵
𝑑
𝑋
(O,B
𝑖
)

𝑛
) , 𝑗 = 1, 2, . . . , 𝑛,

(1)

where isogeodesic (O, 𝑑𝑗
𝑋
) represents the isogeodesic that the

geodesic distance from the source point O to the point on
the curve is equal to 𝑑𝑗

𝑋
. Geodesic distance can be solved

by the existing geodesic algorithms, such as MMP [17], ICH
[18], PCH [19], and SVG [20]. Here, we adopt the classical
MMP algorithm, which has been realized and described in

detail in [21]. Thirdly, 𝑚 geodesics are computed from the
tip nose according to an equal angular interval. The equal
angle can be found as follows: (1) the direction of the nose
tip and the middle point of eyebrows is selected as the initial
direction; (2) the outermost isogeodesic is projected into the
tangent plane of the nose tip, and the cross points of the
equal angular line from the nose tip with the projection of the
outermost isogeodesic on the tangent plane are computed; (3)
project the cross point into original outermost isogeodesic,
and these equal division points P

𝑖
are taken as the target

points of geodesics; (4) geodesic 𝐺
𝑖
from the nose tip to the

target points P
𝑖
can be computed as follows:

𝐺 = {𝐺
𝑖
| 𝐺
𝑖
= geodesic (O,P

𝑖
) , (𝑖 = 1, 2, . . . , 𝑚)} . (2)

Finally, the intersection points 𝑄
𝑖𝑗
of the geodesics 𝐺

𝑖
and

isogeodesics IG
𝑗
are calculated, and all intersection points

constitute the intersection point set 𝑄, that is, geodesic
network point set:

𝑄 = {𝑄
𝑖𝑗
| 𝑄
𝑖𝑗
∈ 𝐺
𝑖
∩ IG
𝑗
} ,

(𝑖 = 1, 2, . . . , 𝑚; 𝑗 = 1, 2, . . . , 𝑛) .

(3)

Figure 3 shows the geodesic networks of the recon-
structed and the original craniofacial face models. Let 𝑄

1

and 𝑄
2
be the geodesic network point sets of the craniofacial

models𝑀
1
and𝑀

2
, respectively.The geodesic network point

𝑄
1

𝑖𝑗
of𝑀
1
and 𝑄2

𝑖𝑗
of𝑀
2
are the corresponding points of the

two craniofacial face models since they have the same initial
directions and the same source (the nose tip).

2.4. Extracting Shape Index Features. Due to the intrinsic
invariance of geodesic, the features of the geodesic network
vertices can be used to evaluate the results of craniofacial
reconstruction. Shape index (𝑆

𝐼
) is the feature generated by

the principal curvatures 𝜅
1
and 𝜅

2
. It can capture the “local”

shape of a surface. Thus, we evaluate the craniofacial recon-
struction based on the correlation coefficient of the shape
index value of the corresponding geodesic network vertices
between the original and reconstructed craniofacial faces.
Shape index 𝑆

𝐼
is defined by the curvedness-orientation-

shapemap on sphere (COSMOS) representation [22] and can
quantitatively measure the shape of a surface at a point P.
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(a) The reconstructed craniofacial face model (b) The original craniofacial face model

Figure 3: Geodesic network vertices of the reconstructed and the original craniofacial face models.

Every distinct surface shape corresponds to a unique value
of 𝑆
𝐼
. At a point P, the shape index 𝑆

𝐼
is defined as

𝑆
𝐼
(P) = 1

2
−
1

𝜋
tan−1 (𝜅1 (P) + 𝜅2 (P)

𝜅
1
(P) − 𝜅

2
(P)
) . (4)

For the corresponding network vertexes P and P at the
original and the reconstructed craniofacial models, the shape
index values are 𝑆𝑂(P) and 𝑆𝑅(P), respectively. To avoid
the interference of the noise and obtain the robust shape
index value, we define the weighted average of the shape
index value in a neighborhood as the feature of one vertex.
Owing to the important role of the geodesic network vertex
in evaluating the two craniofacial models, the weight of the
geodesic network vertex itself should be the highest, and the
weights of the 1-ring neighborhood of the vertex should be
higher than those of the 2-ring neighborhood. In this paper,
we choose the weights of 100, 10, and 1 for the network vertex,
1-ring neighborhood, and 2-ring neighborhood, respectively.
The features of the corresponding network vertex P and
P of the two craniofacial models are 𝑆𝑂(P) and 𝑆𝑅(P),
respectively. For the two whole models, the features of all
geodesic vertices constitute, respectively, the vectors SO =

(𝑆𝑂
1
, 𝑆𝑂
2
, . . . , 𝑆𝑂

𝑁
) and SR = (𝑆𝑅

1
, 𝑆𝑅
2
, . . . , 𝑆𝑅

𝑁
) where

𝑁 is equal to 𝑛 × 𝑚, that is, the product of the number of
isogeodesics and the number of geodesics.

2.5. Evaluating the Craniofacial Reconstruction Globally and
Locally. Generally, the correlation coefficient is used to
measure how two sets of variables are linearly related. Here,
we use the correlation coefficient to measure the similarity
of two craniofacial models. For evaluating the craniofacial
reconstruction result globally, we compute the correlation
coefficient of the features of all corresponding geodesic

network vertices between the original and the reconstructed
craniofacial models by the following formula:

𝑅 (SO, SR) =
∑
𝑁

𝑖=1
(𝑆𝑂
𝑖
− 𝑆𝑂) (𝑆𝑅

𝑖
− 𝑆𝑅)
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𝑁

𝑖=1
(𝑆𝑂
𝑖
− 𝑆𝑂)

2

∑
𝑛

𝑖=1
(𝑆𝑅
𝑖
− 𝑆𝑅)

2

. (5)

The value of correlation coefficient ranges in the interval
[−1, 1]. We take the absolute value as the similarity measure.
The smaller the value is, the weaker the similarity is.

The global evaluation reflects only the whole similarity
between the reconstructed and the original craniofacial
models and cannot discern whether the region is well recon-
structed or not. In order to evaluate the reconstructed cranio-
facial model locally, we divide the geodesic network vertices
into six parts, that is, forehead, eyes, nose, mouth, cheeks,
and chin (as shown in Figure 4). The features of the geodesic
network vertices in each subarea are used to compute the
similarity measure of the subarea by (5). According to the
local evaluation, we canmake a statistical analysis of the local
similarity measure and give some feedback to promote the
craniofacial reconstruction methods.

3. Experiments and Discussion

To acquire the experimental data, we use the partial least
squares regression (PLSR) method [8] to reconstruct the
craniofacial models, where 108 pairs of skulls and face
skins among the 208 CT scans are used as the training
data, and the other 100 skulls are used as the test data for
the craniofacial reconstruction. Thus, we obtain 100 pairs
of the reconstructed face models and the corresponding
original craniofacial models. To compare with the subjec-
tive evaluation, we first introduce the subjective evaluation
procedure we designed. Then, the reconstruction results are
evaluated globally and locally by the proposed objective
method.
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(a) The reconstructed craniofacial face model (b) The original craniofacial face model

Figure 4: Six parts of the geodesic network vertices: forehead area is in pink color, eyes area is in cyan color, nose area is in white color, cheek
area is in dark blue color, mouth area is in blue color, and the chin area is in wine color.

3.1. Subjective Evaluation. In order to evaluate the proposed
objective method, we invited 35 subjects to evaluate the
100 reconstructed craniofacial face models. 100 pairs of
craniofacial face models were divided into five groups and
each group had 20 pairs. 35 subjects were divided into five
groups, and each group had seven subjects to evaluate twenty
pairs of reconstructed craniofacial faces and correspond-
ing original craniofacial faces. Each subject was asked to
observe every pair of faces on the screen and choose the
overall similarity degree from the following five degrees as
Figure 5 shows: sufficiently (above 90%), highly (70%∼90%),
somewhat (50%∼70%), slightly (30%∼50%), and lowly (0%∼
30%). They were also asked to select the most similar area
and the least similar area from the following six subareas:
nose, eyes, mouth, forehead, cheeks, and chin. To avoid
visual fatigue, each subject was only in charge of evaluating
twenty pairs of craniofacial faces. According to the subjective
assessing from the five groups, the similarities of 100 pairs
of craniofacial faces were gained, and each pair had seven
similarity degrees by seven different subjects. We computed
the mean maximum similarity score according to the upper
limits of the seven similarity degrees and themeanminimum
similarity score by the lower limits. Thus, we obtained a
similarity interval for each pair of craniofacial faces by
the subjective evaluation. In the following, if the similarity
obtained by the objective method is in the interval for one
pair of craniofacial faces, we think the evaluation is consistent
with the subjective evaluation.

3.2. Global Evaluation. The global evaluation is to compare
the features of all geodesic network vertices to get the objec-
tive similarity score between the reconstructed craniofacial
face and the corresponding original face. Table 1 shows the
similarity scores by the objective and subjective assessments.
From Table 1, we can see that the similarity scores by the
objective assessment are within the similarity interval of the
subjective evaluation. The assessment results show that the

Figure 5: Survey.

objective assessment is consistent with the human subjective
evaluation.

3.3. Local Evaluation. Local evaluation is the evaluation of
the similarity in six subareas: forehead, nose, eyes, mouth,
cheeks, and chin between the reconstructed craniofacial face
and the corresponding original craniofacial face. We find the
most and the least similar areas and compare them with the
subjective assessments. We take three pairs of craniofacial
faces in Table 1; the local similarity scores are computed by
the features of the geodesic network vertices in each subarea.
Table 2 shows the evaluation results by the objective method.
We can see that the nose area is the most similar area and the
eyes area is the least similar area for the case 0401; the mouth
area is the most similar area and the forehead area is the least
similar area for the case 001-2354; the cheeks area is the most
similar area and the mouth area is the least similar area for
the case 3718. These results are consistent with the subjective
evaluation.
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Table 2: The local similarity comparison results between restored craniofacial faces and original faces.

Number Original Reconstructed Global
(SI) Nose Eyes Mouth Forehead Cheeks Chin

0401 0.9059 0.9104 0.0933 0.5301 0.1750 0.2069 0.9028

001-2354 0.8545 0.7598 0.7195 0.9532 0.6812 0.8965 0.9238

3718 0.7341 0.6213 0.3535 0.2131 0.6957 0.8312 0.8085

Table 3: The correlation coefficients between forehead, nose, eyes, mouth, cheeks, and chin similarity with the global similarity of 100 pairs
of reconstructed craniofacial faces and the corresponding original faces.

𝑅 Nose Mouth Cheeks Chin Forehead Eyes
Global 0.9150 0.1759 0.0683 0.0317 0.0305 0.0055

Table 4: The mean similarity score of each subarea of the 100 pairs of faces.

Area Global Nose Mouth Cheeks Chin Forehead Eyes
Mean similarity 0.7565 0.6763 0.6993 0.5925 0.7513 0.5476 0.4400

We evaluate all of the 100 reconstructed craniofacial faces
locally and compare the local evaluation of six subareas with
the global evaluation. Figure 6 shows the comparisons. From
Figure 6, we can see that the nose similarity is roughly con-
sistent with the global similarity and the similarity of eyes is
almost unrelated with the global similarity. We also compute
the absolute value of correlation coefficients between the local
similarities of the six subareas with the global similarities
using the l00 cases. Table 3 shows the absolute value of
correlation coefficients. From Table 3, we can also see that
the similarity of the nose area is highly interrelated with the
global similarity and the eyes area is the region of the lowest
correlation with the global similarity. Compared with other
subareas, the nose area has more of the geodesic network
vertices and the curvature of the nose area changes more
significantly; so the similarity of nose is closer to the global

similarity. The eyes area has fewer geodesic network vertices;
thus the similarity of eyes has a little correlation with the
global similarity.

We compute the mean similarity score of each subarea of
the 100 pairs of faces. The mean similarity scores are shown
in Table 4. We can see that the maximum is in the chin area
and the minimum is in the eyes area. This indicates that the
eyes area is not well reconstructed.These objective evaluation
results are consistent with the subjective evaluation results.

4. Conclusions

Craniofacial reconstruction has a widespread application
in forensic medicine, archeology, medical cosmetic surgery,
and so forth. However, nearly all researches on craniofacial
reconstruction focus on the reconstruction method itself,
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Figure 6: The similarity comparisons of nose, eyes, mouth, forehead, cheeks, and chin with the global similarity of 100 pairs of the
reconstructed craniofacial faces and the original craniofacial faces by objective method.

and little attention is paid to the evaluation methods of the
reconstruction. This paper proposes an objective method to
evaluate globally and locally the reconstructed craniofacial
faces based on the shape index of geodesic network vertices.
The geodesic networks of the craniofacial faces are built

by geodesics and isogeodesics. For each geodesic network
vertex, we define the weighted average of the shape index
value in a neighborhood as the feature of the network vertex.
The absolute value of the correlation coefficient of the feature
of all corresponding geodesic network vertices between two
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models is taken as the similarity. We used 100 pairs of
reconstructed craniofacial faces and their corresponding
original faces to evaluate our method. To compare with the
subjective evaluation, we also invited 35 subjects to evaluate
visually the reconstructed craniofacial faces. Experimental
results show that the evaluation by our method is roughly
consistent with the subjective evaluation. By evaluating the
craniofacial reconstruction effects both globally and locally,
we can provide guidance for improvement of the craniofa-
cial reconstruction methods. In addition, since small face
expression can be regarded as the isometric deformation,
under which the geodesic distance is invariant, the proposed
method is also fit for the craniofacial faces of small expression
variation.
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In the last two decades, functional near-infrared spectroscopy (fNIRS) is getting more and more popular as a neuroimaging
technique. The fNIRS instrument can be used to measure local hemodynamic response, which indirectly reflects the functional
neural activities in human brain. In this study, an easily implemented way to establish DAQ-device-based fNIRS system was
proposed. Basic instrumentation components (light sources driving, signal conditioning, sensors, and optical fiber) of the fNIRS
systemwere described.The digital in-phase and quadrature demodulationmethodwas applied in LabVIEW software to distinguish
light sources from different emitters.The effectiveness of the custom-made system was verified by simultaneous measurement with
a commercial instrument ETG-4000 during Valsalva maneuver experiment. The light intensity data acquired from two systems
were highly correlated for lower wavelength (Pearson’s correlation coefficient 𝑟 = 0.92, 𝑃 < 0.01) and higher wavelength (𝑟 = 0.84,
𝑃 < 0.01). Further, another mental arithmetic experiment was implemented to detect neural activation in the prefrontal cortex. For
9 participants, significant cerebral activation was detected in 6 subjects (𝑃 < 0.05) for oxyhemoglobin and in 8 subjects (𝑃 < 0.01)
for deoxyhemoglobin.

1. Introduction

Different neuroimaging methods measuring the electrophys-
iological (e.g., electroencephalography (EEG) and magne-
toencephalography (MEG)) or metabolic (e.g., functional
magnetic resonance imaging (fMRI) and positron emission
tomography (PET)) aspects of neural activity have been
widely used in physiology and psychology research. In these
neuroimaging techniques, fMRI has a very high spatial
resolution to measure the blood oxygen level-dependent
(BOLD) signal that highly correlated with deoxyhemoglobin
and becomes a gold standard for vivo imaging of brain
activity [1, 2]. However, fMRI also has disadvantages, includ-
ing high sensitivity to head motion, a loud and restrictive
environment, low temporal resolution, and a very high cost,

which limit its application in children or other special pop-
ulations. Since Frans Jobsis first demonstrated the feasibility
of monitoring the concentration change of oxyhemoglobin
(oxy-Hb) and deoxyhemoglobin (deoxy-Hb) in 1977 [3],
functional near-infrared spectroscopy (fNIRS) is getting
more and more attentions in the past 20 years as an effective
research and clinical tool [4–7]. Comparedwith fMRI, fNIRS
has many advantages including portability, higher temporal
resolution, lower cost, being less sensitive to head motion,
and being capable of long time measurement, thus making
it a more user-friendly neuroimaging method for both adults
and infants [1, 8, 9].

The light in the near-infrared spectral range (650–
950 nm) is able to penetrate human tissue, and few amounts
of photons can be detected without being completely
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absorbed several centimeters away from the emitter on scalp.
With well-chosen wavelength, the quantity of NIR light being
absorbed reveals concentration change of hemoglobin in
the brain tissue where photons propagate through. Based
on different measuring principle, fNIRS instruments can
be divided into three categories: continuous wave (CW),
frequency domain (FD), and time domain (TD). TD and
FD techniques offer the possibility of measuring absolute
concentrations of hemoglobin, by obtaining absolute char-
acterization of the tissue optical properties (scattering and
absorption coefficients). However, quantification is not a
crucial factor in neuroscience studies, because it is more
important to statistically significantly detect a relative change
than to quantify it in absolute terms [10]. Due to high cost
and technology complexity, only one TD- and one FD-based
commercial instrument are available in themarketworldwide
[6, 11]. CW-fNIRS instrument is absolutely dominant in
the market with prices varying from some $10,000 for
simple systems to several $100,000 for whole-head imaging
systems [10]. Although the price is much lower than fMRI,
commercial product is still very expensive. For the need of
neuroimaging research by fNIRS, many laboratories have
tried to build custom-made systems with more flexibility and
lower cost [12–18].

For CW-fNIRS instrumentation, we can choose either
embedded system or system based on data acquisition (DAQ)
device as a candidate for hardware platform. Typically, an
embedded system is housed on a single microprocessor
board with dedicated function implemented. The portability
of embedded system makes it possible to monitor hemo-
dynamic response in living environment [13, 15, 16, 19–22].
But, due to smaller number of channels and limited sensor
choice, this kind of system is more suitable for measuring
signal on the non-hair-bearing forehead. DAQ device also
provides a way to interface between signal and computer.
Usually, DAQ hardware contains multiple components such
as multiplexer, analog-to-digital converter (ADC), digital-
to-analog converter (DAC), and high-speed timers, and the
circuit has been optimized and calibrated for accurately
measuring physical signals with minimal distortion. The
DAQ-based fNIRS system could be designed and integrated
with more flexibility and shortened development cycle [12,
14, 23–26]. It is a better choice to build a custom-made CW-
fNIRS system by using a DAQ device, which provides user
with a fast and flexible solution for instrumentation.

In this study, a single-channel CW-fNIRS system based
on multifunction desktop DAQ device was introduced. In
Section 2.1, four types of DAQ hardware device with varied
characteristics were compared. Section 2.2 described the
details of the CW-fNIRS system, which contains source driv-
ing, signal conditioning, sensor selection, and optical fiber
customization.The functionality of the software interface was
described in Section 2.3, including source multiplexing and
digital demodulation technique. To evaluate the effectiveness
of the system, two separate experiments were implemented
to assess relative change in regional cerebral hemodynamic
response and functional neural activation during task period,
as described in Section 3.

2. System Design

2.1. Hardware. The DAQ devices can be classified into two
categories, single device and real-time system. Each category
contains two types of DAQ devices with diverse specifica-
tions, as illustrated in Figure 1. Single-device DAQ hardware
includes portable and desktop ones. With the plug-and-play
external bus of universal serial bus (USB), portable DAQ
device is capable of being designed with specifics of low
weight, battery-powered, and minimum size, while desktop
DAQ device, which have to be installed into a PC slot, offers
high-speed data streaming and deterministic data transfer,
with a shared high bandwidth. However, poor real-time
performance is a vital disadvantage for both types of single-
device DAQ hardware. Because the user interface is running
on the general-purpose operating system rather than a real-
time operating system, the accuracy of timing will be variable
depending on the workload of the operating system.

However, a real-time system, such as CompactRIO (real-
time modular controller, National Instruments Corporation)
or PXI (PCI eXtensions instrumentation platform, National
Instruments Corporation), consisted of a chassis to control
timing and synchronization,which give us the ability to prior-
itize tasks so that themost critical task can always take control
of the processor when needed, thus guaranteeing reliable
predictability and execution. Another advantage of the real-
time system is that you can choose different unique-purpose
input/output (I/O) modules, which makes the configuration
more flexible.

2.2. SystemDescription. In the proposed system, amultifunc-
tion desktop DAQ device (PCI-6251, National Instruments
Corporation) is used to provide basic physical I/O channels
(analog input (AI), analog output (AO), digital input (DI),
and digital output (DO)), by which we can drive the laser
diodes or acquire optical signals. The architecture of the
custom-made system is shown in Figure 2, and details of each
part of the system are as follows.

2.2.1. Source Driving Circuit. The frequency multiplexing
technology is used to remove environmental stable interfer-
ence sources like ambient light, power line, and 1/f noise
generated by the electronics. Due to the limited DACs to
generate carrier frequency, the time division multiplexing
technique is also implemented to illuminate light sources
for multichannel measurement. Each NIR light source is
amplitude modulated at different carrier frequency, ranging
from 2 to 4 kHz, with an interval of 200Hz. The source
driving circuit includes multiplex and laser drivers (iC-NZP,
iC-Haus GmbH) for emitting NIR light in consecutive time-
slot.

2.2.2. Signal Conditioning Circuit. The scattered NIR light
is collected and converted into electrical signal by photodi-
odes. Depending on many factors including source-detector
distance, scalp thickness, and hair color and density, the
light collected is 7–9 orders smaller in magnitude than
that emitted at the source [16]. Due to the small light
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intensity, the output signal of detectors is generally filtered
and amplified to increase signal-to-noise ratio (SNR) in the
signal conditioning circuit. Second-order active band-pass
Butterworth filter is applied in the analog circuit, with high-
pass filter used to remove ambient light interference and
electrical noise and low-pass filter used to prevent aliasing
[25].

A programmable gain amplifier (PGA204, Texas Instru-
ments Inc.) was used to meet the input voltage range of
the ADC. The programmable gain of 1/10/100/1000 could
be automatically determined according to the amplitude
of the observed signal, by using transistor-transistor logic
(TTL) levels. When receiving external trigger signal as a
synchronizing marker, the DI channel will sample the TTL
signal through a BNC or parallel port, which is generated by
a computer for stimuli presentation or other neural imaging
instruments.

2.2.3. Source and Detector. Either laser diode (LD) or light
emitting diode (LED) is eligible as a NIR light source. Based
on stimulated emission, LD emits coherent light with a
narrow bandwidth, which provides better monochromaticity
[10]. Laser usually propagates by optical fiber to the skin to
avoid possible injury of heat effect [27]. As a valid alternative
source, LED is based on spontaneous emission and the
incoherent light emits with a larger bandwidth. To gain
more accurate results, a LD pair (HL6738MG/HL8338MG,
Thorlabs Inc.) with wavelength of 690 nm and 830 nm
was used in the customized system. Silicon photodiodes
(SiPD), avalanche photodiode (APD), and photomultiplier
tube (PMT) are frequently used photodetectors that convert
light signal into electrical one. With the trade-off among
sensitivity, gain, respond speed, and price, an APD module
(Hamamatsu C5460-01, Hamamatsu Photonics K.K.) was
used in the system. By integrating low-noise current-to-
voltage amplifier, the APD module outputs voltage signal
with a default gain of 30.

2.2.4. Optical Fiber. The optical fiber contains three cate-
gories in materials: plastic optical fiber, glass optical fiber,

and silica optical fiber. With the balance between quality and
cost, silica and glass fiber are used for coupling light from
skin to emitter and detector, respectively. Light emitted from
the laser diode pair with both wavelengths is guided to the
scalp through 3-meter-long multimode silica optical fibers,
which combined into one bundle physically to ensure the
same emitting location. A 3-meter-long glass fiber bundle
collects the scattered light from the tissue and transfers it to
the detector. The diameter of the fiber bundle for detector is
2.7mm to ensure enough amount of light being collected.

2.3. Software Interface. With hundreds of math and signal
processing functions, graphical programming software Lab-
VIEW (National Instruments Corporation) is ideal for a
measurement or control system based on DAQ devices. Prior
to online measurement, initialization is needed to acquire
signal with a higher SNR, and data will be analyzed offline
after acquisition (Figure 3). With predefined topography
layout, the physical I/O channels of the DAQ device can be
projected to the measurement channels assigned by source
detector pair. Automatic gain setting for each channel enables
the amplitude of the signal meeting the input range of the
ADC. If the SNR of the signal is not high enough in some
channels, the corresponding optodes should be adjusted
manually to improve the coupling to the skin.

To distinguishmixed light sources frommultiple emitters
around the detector, time and frequency multiplexing meth-
ods are commonly used in CW-fNIRS system. Time mul-
tiplexing provides a continuous time-slot sequence to illu-
minate light with different source or wavelength. Frequency
multiplexing distinguishes each component frommixed light
sources by hardware-based lock-in amplifier [12, 23, 28] or
software-basedmethod such as in-phase and quadrature (IQ)
demodulation technique [25]. Compared with lock-in ampli-
fier array, digital method is a much less expensive solution to
demodulate signals. Although the digital demodulation for
multichannel will increase the computation cost, sampling
queues will not lose data by using the Producer/Consumer
design pattern in LabVIEW.



Computational and Mathematical Methods in Medicine 5

Two sources with different wavelength were designed to
be illuminated with 25-millisecond time-slot in the proposed
system simultaneously. The continuous illuminating time-
slot should be set larger than a threshold due to distortion
of demodulated signal on the edge, which is related to
sampling rate, carrier frequency, and digital filter response.
The sampling rate is 62.5 KS/s for each channel which is
higher than 10 times of maximum carrier frequency at
least. By assigning the corresponding carrier frequency, the
data can be demodulated by using IQ digital demodulator
program. Then, after downsampling to 10Hz, the data of
light intensity was saved and converted to the relative change
of oxy-Hb and deoxy-Hb by modified Beer-Lambert law
(MBLL).

3. Experimental Evaluation

Two experiments were designed to verify the effectiveness
of the custom-made fNIRS system. A Valsalva maneuver
task was carried out to change the hemodynamic response
in the brain, and data was recorded simultaneously with a
commercial fNIRS instrument (ETG-4000, Hitachi, Ltd.) as
a comparison. Another experiment of mental arithmetic task
provided the evidence of cerebral neural activation to the
mental workload.

3.1. Experimental Design

3.1.1. Valsalva Maneuver. One volunteer attended the task of
Valsalva maneuver, which is a clinical paradigm for testing
hemodynamic response [29]. The purpose of this experi-
ment was to compare the light intensity signals between
commercial instrument and the custom-made system. The
four optodes of two systems (each optode pair include
one emitter and one detector) were placed side by side on
the prefrontal around the FP1 position according to 10–
20 international system. The distance between source and
detector was fixed to 3 cm. The synchronous trigger signals
were outputted from a computer to custom-made system and
ETG-4000 via parallel port and serial port, respectively, as a
marker. The subject was seated on a comfortable chair and
instructed to perform the Valsalva maneuver. By plugging
the nose, closing the mouth, and attempting to expire air, the
hemodynamic response would change according to the brain
blood pressure fluctuations. This block-designed paradigm
contains 5 blocks, and each block includes 30 s task and 120 s
rest period.

3.1.2.Mental Arithmetic. In theValsalvamaneuver paradigm,
the hemodynamic change is mainly attributed to extracere-
bral tissue (scalp and skin). To further evaluate the functional
activation in cerebral cortex, another experiment of mental
arithmetic task is performed, which is a well-established
psychological paradigm for assessing mental workload. It is
widely accepted that cortical activation could be indicated by
an incremental rise in oxy-Hb accompanied by a decrease
in deoxy-Hb [30–33]. Studies indicated that highly complex
cerebral networks involved during arithmetic task include the

Figure 4: Positions of optodes for the source (red) and the detector
(blue) in the mental arithmetic experiment.

prefrontal cortex, fusiform gyrus, cingulate cortex, cerebel-
lum, insula, and the parietal cortex [34, 35]. Both ventrolat-
eral prefrontal cortex (VLPFC) and dorsolateral prefrontal
cortex (DLPFC) are considered as regions of interest related
to mental arithmetic task [36, 37]. VLPFC is located on the
inferior frontal gyrus, being attributed to the anatomical
structures of Brodmann’s area (BA) 47, 45, and 44. Left
VLPFC has been proven to be related to the cognitive control
of memory by neuropsychological and neuroimaging studies
[38, 39].

Nine university-aged young volunteers (6 males, 3
females; age of 23.8 ± 3.8) were instructed to perform a
690-second-long mental arithmetic task while seated on a
comfortable chair. As shown in Figure 4, two optodes (source
and detector) were placed on the subject’s left VLPFC area,
located at F7 of the 10–20 system [40]. The optodes were
secured to the head with a Velcro strap. The paradigm was
block-designed and the stimuli were presented by using E-
Prime v1.1 (Psychology Software Tools, Inc.). Each block was
60 s long which consists of 20 s task and 40 s rest period.
The entire experiment contains 10 blocks and a 90 s prescan.
During the task period, each subject was requested to solve
a formula mentally, which is subtracting a 3-digit number
from a 3-digit number (e.g., 523 − 276 = ?). During the rest
period, participants were instructed to keep their eyes open
with mental relaxation.

3.2. Data Analysis. Data analysis was performed inMATLAB
2011a (Mathworks Inc.) offline. In the Valsalva maneuver
experiment, Pearson’s linear correlation coefficient was cal-
culated to compare the relationship of light intensity signals
recorded using custom-made system and ETG-4000, with
the same sampling rate of 10Hz. Then oxy-Hb and deoxy-
Hb were converted based on MBLL [41, 42], respectively,
according to molar extinction coefficients of the sources.
These hemodynamic signals were expressed as the product
of the relative change of hemoglobin concentration and the
effective optical path length (mM × mm). With band-pass
filtering (0.004–2Hz) of 3th order Butterworth filter, both
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Figure 5: Comparison of time courses of oxy-Hb (a) and deoxy-Hb (b) acquired from ETG-4000 and custom-made system during Valsalva
maneuver task.
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oxy-Hb and deoxy-Hb were visually inspected for the entire
time course.

In the mental arithmetic experiment, all the processing
for oxy-Hb and deoxy-Hb was performed using NIRS SPM
(Bio Imaging Signal Processing lab, Korea), which is an
open-source SPM and MATLAB-based software package for
statistical analysis of fNIRS signals [43]. High-pass filter
based on discrete cosine transform (DCT) with cut-off 128 s
was implemented for detrending (about twofold duration of
one block).The precoloring method [44] was used to remove
the physiology noise (such as heart rate and respiration).
To examine the hemodynamic performance of the task,
statistical analysis based on general linear model (GLM) was
implemented to evaluate the activation in prefrontal cortex.
By statistical inference, a 𝑡-statistic value was calculated in the
GLM approach to demonstrate the statistical power of brain
activation.

3.3. Experimental Results

3.3.1. Valsalva Maneuver. By comparing signals from ETG-
4000 and the proposed system, the light intensity was highly
correlated for both lower wavelength (𝑟 = 0.92, 𝑃 < 0.01)
and higher wavelength (𝑟 = 0.84, 𝑃 < 0.01). Relative change
of oxy- and deoxyhemoglobin could be converted from light
intensity by usingMBLL.The band-pass filtered time courses
of oxy-Hb and deoxy-Hb were shown in Figure 5. It could be
clearly seen that both Oxy-Hb and deoxy-Hb derived from
the ETG-4000 (in red) and custom-made (in blue) system
presented higher correlation.

3.3.2. Mental Arithmetic. The block-averaged time courses
for both oxy-Hb and deoxy-Hb were shown in Figure 6.
The data was baseline corrected by subtracting the mean
intensity of 5 s preceding trial onset. By visual inspection,
the activation of deoxy-Hb has a time delay of about 5–10 s
comparedwith oxy-Hb inmost cases.With statistical analysis
based on GLM, the 𝑡-values for both oxy-Hb and deoxy-Hb
were shown in Figure 7. Significant cerebral activation in oxy-
Hb (𝑃 < 0.05) was detected in 6 of 9 participants and that in
deoxy-Hb in 8 of 9 participants (𝑃 < 0.01). For both oxy-
Hb and deoxy-Hb, activation failed to be detected for only 1
subject, probably due to the deviated position of measuring
channel.

4. Conclusion

The DAQ device and graphical programming software Lab-
VIEW provide us with an easy-to-build solution for CW-
fNIRS system, with low price and customized specifications.
To meet varied demands such as channel number, sampling
rate, portability, modularity, and so forth, four types of DAQ
products were compared. In this paper, a custom-made CW-
fNIRS system based on desktop DAQ device was proposed,
and detailed description was discussed including analog
circuit design and frequency multiplexing technique. Two
experiments were carried out to evaluate the effectiveness
of the proposed system. Statistical results demonstrated that
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the custom-made system is capable of detecting cerebral
neural activation in the cognitive related experiment. This
single-channel system could expand to a multichannel one
by simply multiplying sensor in the same hardware platform
with minimal additional cost.
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This paper presents a technique for finding the optimal initial weight for adaptive filter by using difference equation. The obtained
analytical response of the system identifies the appropriate weights for the system and shows that the MSE depends on the
initial weight. The proposed technique is applied to eliminate the known frequency power line interference (PLI) signal in the
electrocardiogram (ECG) signal. The PLI signal is considered as a combination of cosine and sine signals. The adaptive filter,
therefore, attempts to adjust the amplitude of cosine and sine signals to synthesize a reference signal very similar to the contaminated
PLI signal. To compare the potential of the proposed technique to other techniques, the system is simulated by using the Matlab
program and the TMS320C6713 digital board. The simulation results demonstrate that the proposed technique enables the system
to eliminate the PLI signal with the fastest time and gains the superior results of the recovered ECG signal.

1. Introduction

Nowadays, the number of patients with cardiac disorders
continuously increases. Certain inappropriate habits in daily
life, such as low physical activity, can lead to the risk factors
for heart disease. Moreover, the improper eating habits might
cause hyperlipidemia, incurrent disease of hypertension, and
diabetes. There are several forms of cardiac disorder, for
instance, coronary heart disease, enlarged heart, valvular
heart disease, and myocardial disease due to myocardial
infarction.The detection of these symptoms commonly relies
on medical professionals to diagnose various factors to
identify the exact abnormality of the patient’s heart. The
electrocardiogram (ECG) signal is a periodic waveform,
which represents electrical occurrences during one heartbeat.
Therefore, the interpretation of the ECG waveform is one
basic technique that is used in the diagnosis of cardiac
disorders. If an abnormality exists in the ECG waveform, it
implies that the heart is also functioning abnormally; then,
an in-depth diagnosis should be conducted. The ECG signal
is a voltage signal that occurs in cardiac myocyte; it results

from the exchange of the mineral concentration, such as
sodium ions outside and potassium ions inside the cell. The
amplitude of the ECG signal is typically very small (less than
20mV). In the measurement of the ECG signal, the electrical
device, which consists of several circuits, is used to acquire the
signal. Although digital signal processing is applied through
the process of signal acquisition [1–4], unfortunately, the
acquired ECG waveform is still contaminated by the power
line interference (PLI). If the PLI’s amplitude is greater than
1% of the ECG’s amplitude, it may affect the diagnosis of the
medical professionals.

According to the mentioned information, the PLI signal
usually occurs during the processes of ECG signal acquiring.
It distorts the ECG waveform and causes the difficulties in
the diagnosis procedure. By reviewing the existing literature,
various methods for cancelling the PLI signal had been
proposed. For example, the method which was proposed by
Levkov et al. [6] generates the reference PLI signal by delaying
the contaminated signal. This means that the reference PLI
signal and the contaminated PLI signal have equal frequency
and amplitude, but different phase.Then, the PLI cancellation
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Figure 1: Block diagram of the proposed adaptive filter for eliminating PLI signal.

is achieved by adding the generated reference PLI signal
to the input signal. However, this approach will gain the
dissatisfying results when the frequency, phase, or amplitude
of the PLI signal varies over the time.

Using an adaptive filter is another effective method to
eliminate the PLI signal. The adaptive filter has been mostly
applied in signal processing [7–9] such as prediction, system
identification, equalization, demodulation, and noise cancel-
lation as echo cancellation [10–12], the denoising of heart
sound [13–15], and PLI elimination [16–18]. For example,
Widrow et al. [19] applied the least mean square (LMS)
algorithm to adaptive filter to cancel the 60Hz PLI signal.
In this system, the amplitude and phase of the reference
signal are determined by using two adapted weights, which
will be adapted until the amplitude and phase are optimally
close to those of the PLI signal. After that, So [20] presented
the method called ASIC (adaptive sinusoidal interference
canceller). In this method, the PLI signal and the input
signal of the adaptive filter are defined in the form of
sinusoidal signals. Two adaptedweights, which correspond to
the amplitude and phase parameters of the reference signal,
are adapted to obtain the best reference PLI signal. Although
the amplitude and phase parameters of the reference PLI
signal are directly adapted, the ASIC technique does not
provide the good result in the case of the time varying PLI
signal. This occurs because the adaptation of amplitude and
phase in the ASIC technique is not independent.

In 2008, Kanachareon [21] proposed a method for PLI
cancellation where the PLI signal and the reference PLI signal
are defined as the summation of cosine and sine signals. The
reference PLI signal of the system is generated by adapting the
amplitude of cosine and sine signals. Based on this approach,
even the PLI signal is time variant; it can be eliminated.
However, this PLI cancellation system may not work effec-
tively, if the initial condition is not proper. In other words,
the drawback of this technique is that the performance of
the adaptive system depends on the proper initial condition.
Later in 2009, Koseeyaporn et al. [5] proposed an enhanced
adaptive algorithm for PLI cancellation in ECG signal where
the two first samples are employed to find the best initial
value of amplitude and phase of the reference PLI signal.With
the defined initial conditions, this proposed technique can
quickly eliminate the PLI signal. However, if the difference

between the amplitudes of the two used samples is more than
the average amplitude of the ECG signal, it will cause the
improper initial conditions.

In this paper, a technique to obtain the initial weights for
LMS based on the adaptive algorithm is presented.The initial
weights are determined by representing the adapted weight
equation in the form of the difference equation. With this
technique, it can be applied for PLI cancellation. The paper
is organized as follows: a technique for finding the optimal
initial weight and the method for defining some variables are
described in Section 2.The results of computer simulation are
given in Section 3. Finally, Section 4 is the conclusion.

2. Method

2.1. The Proposed Method Based on Adaptive Filter for Elim-
inating the PLI Signal. The proposed technique for elimi-
nating the PLI signal, which corrupts in the ECG signal, is
based on the adaptive algorithm. The block diagram of this
technique is shown in Figure 1 [22].The recoveredECG signal
𝑒(𝑛) and the corrupted ECG signal 𝑠(𝑛) can be written as

𝑒 (𝑛) = 𝑠 (𝑛) − 𝑖
𝑟
(𝑛) , (1)

𝑠 (𝑛) = 𝑑 (𝑛) + 𝑖 (𝑛) , (2)

where 𝑖
𝑟
(𝑛) is the reference PLI signal which is generated

by the system, 𝑑(𝑛) is the original ECG signal, and 𝑖(𝑛) is
the contaminated PLI signal which is assumed to be a single
frequency sinusoid. For the PLI signal, it is expressed in the
following equation:

𝑖 (𝑛) = 𝛼 (𝑛) cos (𝜔𝑛 + 𝜙 (𝑛)) , (3)

where 𝛼(𝑛) and 𝜙(𝑛) are unknown amplitude and phase,
respectively. Mathematically, (3) can be rewritten in the
following form:

𝑖 (𝑛) = 𝑎 (𝑛) cos (𝜔𝑛) + 𝑏 (𝑛) sin (𝜔𝑛) , (4)
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where 𝑎(𝑛) and 𝑏(𝑛) are the amplitude parameters of the
cosine and sine terms, respectively. The relationship between
the variables of (3) and (4) is given by

(𝑛) = √𝑎2 (𝑛) + 𝑏2 (𝑛)

𝜙 (𝑛) = tan−1 (−𝑏 (𝑛)

𝑎 (𝑛)
) .

(5)

By using (4), (2) is rewritten to be

𝑠 (𝑛) = 𝑑 (𝑛) + 𝑎 (𝑛) cos (𝜔𝑛) + 𝑏 (𝑛) sin (𝜔𝑛) . (6)

And the reference signal of the system is rewritten as

𝑖
𝑟
(𝑛) = 𝑎

𝑟
(𝑛) cos (𝜔𝑛) + 𝑏

𝑟
(𝑛) sin (𝜔𝑛) . (7)

Let 𝑎
𝑟
(𝑛) and 𝑏

𝑟
(𝑛) be the adaptive weights of cos(𝜔𝑛) and

sin(𝜔𝑛), respectively. Thus, the recovered signal as shown in
(1) is given by

𝑒 (𝑛) = 𝑑 (𝑛) + 𝑎 (𝑛) cos (𝜔𝑛) + 𝑏 (𝑛) sin (𝜔𝑛)

− 𝑎
𝑟
(𝑛) cos (𝜔𝑛) − 𝑏

𝑟
(𝑛) sin (𝜔𝑛) .

(8)

From (8), if the adaptive filter can adjust the adaptive weights
𝑎
𝑟
(𝑛) and 𝑏

𝑟
(𝑛), respectively, to 𝑎(𝑛) and 𝑏(𝑛), the recovered

signal 𝑒(𝑛), therefore, is 𝑑(𝑛). The parameters 𝑎
𝑟
(𝑛) and 𝑏

𝑟
(𝑛)

are adapted according to the following equations:

𝑎
𝑟
(𝑛 + 1) = 𝑎

𝑟
(𝑛) + 𝜇

𝑎

𝜕𝑒
2
(𝑛)

𝜕𝑎
𝑟
(𝑛)

= 𝑎
𝑟
(𝑛) + 2𝜇

𝑎
𝑒 (𝑛) cos (𝜔𝑛)

(9)

𝑏
𝑟
(𝑛 + 1) = 𝑏

𝑟
(𝑛) − 𝜇

𝑏

𝜕𝑒
2
(𝑛)

𝜕𝑏
𝑟
(𝑛)

= 𝑏
𝑟
(𝑛) + 2𝜇

𝑏
𝑒 (𝑛) sin (𝜔𝑛) ,

(10)

where 𝜇
𝑎
, 𝜇
𝑏
are the step size values of the adaptive algorithm,

which is 0 < 𝜇
𝑎
, 𝜇
𝑏
< 1.

2.2. A Technique for Finding the Optimal Initial Weight. This
technique realizes an adaptive filter as the linear combination
filter, which is depicted in Figure 2. The error signal of the
adaptive filter 𝑒(𝑛) and the reference signal 𝑥(𝑛) of the system
are given by

𝑒 (𝑛) = 𝑑 (𝑛) − 𝑥 (𝑛) ,

𝑥 (𝑛) = X𝑇 (𝑛)w (𝑛) ,

(11)
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Figure 4: The relationship between the MSE and the number of mathematical operations versus the number of samples used in calculating:
(a) with no constraint, (b) with acceptable requirement, and (c) the intersection of the graph for finding the number of samples.
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Figure 5: The ECG signal employed in the simulation.

where 𝑑(𝑛) is the desired signal, X(𝑛) is the input column
vector of the adaptive filter, and w(𝑛) is the adapted weight
column vector. The weight vector is adapted by

w (𝑛 + 1) = w (𝑛) − 𝜇
𝜕𝜉 (w (𝑛))

𝜕w (𝑛)
, (12)

where 𝜇 is the step size value, which is 0 < 𝜇 < 1, and 𝜉(w(𝑛))

is the mean square error that is determined by

𝜉 (w (𝑛)) = E [𝑒
2
(𝑛)]

= E [(𝑑 (𝑛) − 𝑥 (𝑛))
2
]

= E [(𝑑 (𝑛) − X𝑇 (𝑛)w (𝑛))
2

]

= E [𝑑
2
(𝑛)] − 2r𝑇

𝑑𝑥
w (𝑛) + w𝑇 (𝑛)R

𝑥𝑥
w (𝑛) .

(13)
Let E[⋅] be the expectation operation, r

𝑑𝑥
the cross-

correlation between the desired signal and the input signal,
and R

𝑥𝑥
the autocorrelation of the input signal. By replacing

(13) into (12), it yields
w (𝑛 + 1) = w (𝑛)

− 𝜇

𝜕 (E [𝑑
2
(𝑛)]−2w𝑇 (𝑛) r

𝑑𝑥
+w𝑇 (𝑛)R

𝑥𝑥
w (𝑛))

𝜕w (𝑛)
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Figure 6: Comparing simulation results of using the Matlab program for SNR = −0.35 dB. (a) Contaminated ECG signal and recovered ECG
signals. (b) Adapted weights of the cosine and sine signals. (c) Squared error signals.

= w (𝑛) − 𝜇 [−2r
𝑑𝑥

+ 2R
𝑥𝑥
w (𝑛)]

= w (𝑛) + 2𝜇r
𝑑𝑥

− 2𝜇R
𝑥𝑥
w (𝑛) .

(14)
When the system reaches the convergence state, w(𝑛 + 1) =

w(𝑛) converges to w
𝑜
, which is the optimal adapted weight,

and can be defined by

w
𝑜
= w
𝑜
+ 2𝜇r

𝑑𝑥
− 2𝜇R

𝑥𝑥
w
𝑜
= R−1
𝑥𝑥
r
𝑑𝑥
. (15)

This equation is called theWiener-Hopf equation. By consid-
ering (14), it can be rearranged in the form of the difference
equation as

w (𝑛) = [I − 2𝜇R
𝑥𝑥
]w (𝑛 − 1) + 2𝜇r

𝑑𝑥

w (𝑛) − [I − 2𝜇R
𝑥𝑥
]w (𝑛 − 1) = 2𝜇r

𝑑𝑥
.

(16)

In the form of difference equation as given by (16), the natural
response equation is found to be

w
𝑛
(𝑛) − [I − 2𝜇R

𝑥𝑥
]w
𝑛
(𝑛 − 1) = 0. (17)

Letw
𝑛
(𝑛) = r𝑛C, whereC is a constant vector. By solving (17),

it is found that

r𝑛C − [I − 2𝜇R
𝑥𝑥
] r𝑛−1C = 0,

r = [I − 2𝜇R
𝑥𝑥
] .

(18)

Then, the natural response is

w
𝑛 (𝑛) = [I − 2𝜇R

𝑥𝑥
]
𝑛C. (19)
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Figure 7: Comparing simulation results of using the Matlab program for SNR = −4.79 dB. (a) Contaminated ECG signal and recovered ECG
signals. (b) Adapted weights of the cosine and sine signals. (c) Squared error signals.

In addition, the forced response equation, which is consid-
ered from (16), is

w
𝑓 (𝑛) − w

𝑓 (𝑛 − 1) [I − 2𝜇R
𝑥𝑥
] = 2𝜇r

𝑑𝑥
. (20)

In this paper, it is assumed that R
𝑥𝑥

and r
𝑑𝑥

are changed
very slowly when compared with 𝑛; therefore, these two
parameters are considered as constants. By defining w

𝑓
(𝑛) =

A, the forced response is solved as follows:

A − [I − 2𝜇R
𝑥𝑥
]A = 2𝜇r

𝑑𝑥

A = R−1
𝑥𝑥
r
𝑑𝑥
.

(21)

Hence, the impulse response of the adaptive filter is

w (𝑛) = w
𝑛
(𝑛) + w

𝑓
(𝑛) = [I − 2𝜇R

𝑥𝑥
]
𝑛C + R−1

𝑥𝑥
r
𝑑𝑥
. (22)

From (22), by defining 𝑛 = 0, the constant vector C is found
to be

w (0) = [I − 2𝜇R
𝑥𝑥
]
0C + R−1

𝑥𝑥
r
𝑑𝑥

= C + R−1
𝑥𝑥
r
𝑑𝑥
,

C = w (0) − R−1
𝑥𝑥
r
𝑑𝑥
.

(23)

By replacing (23) into (22), it yields

w (𝑛) = [I − 2𝜇R
𝑥𝑥
]
𝑛
[w (0) − R−1

𝑥𝑥
r
𝑑𝑥
] + R−1
𝑥𝑥
r
𝑑𝑥
, (24)

where w(0) is the initial weight of the adaptive filter. By
letting w(0) = R−1

𝑥𝑥
r
𝑑𝑥

and replacing it into (24), the impulse
response of the system will be

w (𝑛) = [I − 2𝜇R
𝑥𝑥
]
𝑛
[R−1
𝑥𝑥
r
𝑑𝑥

− R−1
𝑥𝑥
r
𝑑𝑥
] + R−1
𝑥𝑥
r
𝑑𝑥

= R−1
𝑥𝑥
r
𝑑𝑥
.

(25)
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Figure 8: Comparing simulation results of using the Matlab program for SNR = −9.47 dB. (a) Contaminated ECG signal and recovered ECG
signals. (b) Adapted weights of the cosine and sine signals. (c) Squared error signals.

By considering (25), it is seen that the adaptive filter has
converted to convergent state at any 𝑛.

2.3. The Performance of the System in Terms of MSE Related
to the Initial Weight. From the MSE given in (13) and the
impulse response of adaptive filter given in (24), it is found
that

𝜉 (w (𝑛)) = E [𝑑
2
(𝑛)]

− 2rT
𝑑𝑥

{[I − 2𝜇R
𝑥𝑥
]
𝑛
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𝑥𝑥
r
𝑑𝑥
] + R−1
𝑥𝑥
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𝑑𝑥
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(26)

From (26), it implies that the initial weight w(0) affects
the MSE of the system. The minimumMSE will be achieved,
if the second term of (26) is close to zero. Figure 3 illustrates
the MSE of the system versus the number of samples, which
is used to determine the initial weight (dashed line). It is
seen that the more samples, the less MSE of the system.
From Figure 3, when the number of samples is more than 30
samples, the minimumMSE is approximately achieved.
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(a) Recovered ECG signals (b) Squared error signals

Figure 9: Comparing simulation results of using the TMS320C6713 digital board for SNR = −0.35 dB. (a) R1: contaminated ECG signal, R2:
recovered ECG signal by using random initial, Ch1: recovered ECG signal of the technique of [5], and Ch2: recovered ECG signal of the
proposed technique. (b) R1: squared error signal by using random initial, Ch1: squared error signal of the technique of [5], and Ch2: squared
error signal of the proposed technique.

2.4. The Method for Finding a Proper Number of Samples to
Calculate the Optimum Initial Weight. It is well known that
the initial weight is an important factor for the convergence
rate of the adaptive filter. In addition, as shown in the previous
subsection, the number of samples for calculating the initial
weight is related to the MSE of the system, which indicates
the efficiency of the adaptive filter. It, thus, gives rise to a
question regarding how to find a proper number of samples
for determining the initial weight.

In this paper, the number of samples used to calculate the
initial weight will be determined by using two criteria as the
number of the mathematical operations and the acceptable
value of the MSE.

The number of mathematical operations, multiplication
and addition, for calculating the initial weight, is shown in
(27) and (28), respectively.

Consider the following:

Number of Multipliers = (𝑁 + 𝑁
2
) (𝑚 + 1) + 𝑁

2
+

𝑁
3

2
,

(27)

Number of Adders = (𝑁 + 𝑁
2
) (𝑚 − 1) + 𝑁

2
− 𝑁 +

𝑁
3

2
,

(28)

where 𝑁 is the number of input signals of the adaptive filter,
which is 2 in this case (cosine and sine signals), and 𝑚 is the
number of samples for calculating.

In this study, the intersection between the graph of
the MSE of the system and the graph of the number of
operations (multiplier and adder) is used to determine the
proper number of samples used for calculating the initial

weight. From Figure 4(a), it is the relationship between the
MSE and the number of mathematical operations versus the
number of samples used in calculating with no constraint.
To determine the proper number of samples, the graphs of
the MSE at the SNR = 10 dB (general case) and the SNR =
−10 dB (the worst case) are considered. In this figure, there
are 4 intersection points which may hardly be observed. For
Figure 4(b), the graph is obtained by setting the conditions
for the MSE to be less than 0.0001 and for the number of
mathematical operations (multiplier and adder) to be 400.
Thenumber of samples is defined from the intersection point,
which is the largest one. It is obtained from the intersection
point between the graph of the MSE at the SNR = 10 dB and
the graph of the number of adder operations. It is clearly
illustrated in Figure 4(c) that the proper number of samples is
30 samples.The selected number of samples, thus, is 30. After
that, the initial weight is shown as follows:

d = [𝑑 (1) 𝑑 (2) ⋅ ⋅ ⋅ 𝑑 (30)] ; input signal

x
1
= [𝑥1 (1) 𝑥

1
(2) ⋅ ⋅ ⋅ 𝑥

1
(30)]
𝑇

; cos (𝜔𝑛)

x
2
= [𝑥2 (1) 𝑥

2 (2) ⋅ ⋅ ⋅ 𝑥
2 (30)]
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; sin (𝜔𝑛)
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[
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2
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𝑤
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.

(29)
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(a) Recovered ECG signal (b) Squared error signals

Figure 10: Comparing simulation results of using the TMS320C6713 digital board for SNR = −4.79 dB. (a) R1: contaminated ECG signal,
R2: recovered ECG signal by using random initial, Ch1: recovered ECG signal of the technique of [5], and Ch2: recovered ECG signal of the
proposed technique. (b) R1: squared error signal by using random initial, Ch1: squared error signal of the technique of [5], and Ch2: squared
error signal of the proposed technique.

(a) Recovered ECG signal (b) Squared error signals

Figure 11: Comparing simulation results of using the TMS320C6713 digital board for SNR = −9.47 dB. (a) R1: contaminated ECG signal,
R2: recovered ECG signal by using random initial, Ch1: recovered ECG signal of the technique of [5], and Ch2: recovered ECG signal of the
proposed technique. (b) R1: squared error signal by using random initial, Ch1: squared error signal of the technique of [5], and Ch2: squared
error signal of the proposed technique.

3. The Simulation Results

In this section, the simulation results are presented. The pro-
posed technique and two other techniques for determining
initial weight, which are the technique of using random initial
and the technique proposed by Koseeyaporn et al. [5], are

used to compare the performance of the adaptive filter. The
simulation results will be separated into two parts as follows.

3.1. The Simulation Results of Using the Matlab Program. The
clean ECG signal employed in the simulation is illustrated
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in Figure 5. The adaptive filter is set up to eliminate the PLI
signal which corrupts in the ECG signal, and the step size
parameters defined as 𝜇

𝑎
and 𝜇

𝑏
are 0.032. The simulation

results of using the Matlab program are depicted in Figures
6, 7, and 8 for the SNR at −0.35, −4.79, and −9.47 dB, res-
pectively.

The recovered ECG signals as shown in Figure 6(a),
which are obtained from three methods, are in different
waveforms. The results show that the proposed method is
superior to other methods, due to the lowest MSE. The
number of samples to reach the convergence state in each
technique, which is considered from the adapted weights
of the adaptive filter, is given in Figure 6(b). In Figure 6(b),
the numbers of samples used for the convergence of the
reference cosine signal (𝑎

𝑟
(𝑛)) are 67, 71, and 36 for using

random initial, the technique of [5], and the proposed
technique, respectively. The numbers of samples used for
the convergence of the reference sine signal (𝑏

𝑟
(𝑛)) are 74,

60, and 60 for using random initial, the technique of [5],
and the proposed technique, respectively. The squared error
signals obtained from the compared techniques are depicted
in Figure 6(c). The results of the simulation for the SNR at
−4.79 and −9.47 dB are demonstrated in Figures 7 and 8,
respectively.

3.2. The Simulation Results of Using the TMS320C6713 Digital
Board. The PLI cancellation results from the TMS320C6713
digital board are depicted in Figures 9, 10, and 11 for the SNR
of the input signal at −0.35, −4.79, and −9.47 dB, respectively.
By considering from the beginning state of these results, it
illustrates that the proposed method can eliminate the PLI
signal with the fastest timewhich is accordant with the results
of computer simulation.

4. Conclusion

A technique for finding the appropriate initial weights for the
adaptive filter is proposed in this paper.The initial weights are
determined by representing the adapted equation in the form
of the difference equation. The derived analytical response
identifies the appropriate weights for the system and shows
that the MSE depends on the initial weights. The proposed
technique aims to be applied for PLI cancellation in ECG
signal. The results obtained from computer simulation by
using the Matlab program and the TMS329C6713 digital
board show that the adaptive filter based on the proposed
technique for obtaining the proper initial weights can be
applied in PLI cancellation and provides better performance
than the compared techniques.
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Epilepsy is a disease of abnormal neural activities involving large area of brain networks. Until now the nature of functional brain
network associated with epilepsy is still unclear. Recent researches indicate that the small world or scale-free attributes and the
occurrence of highly clustered connection patterns could represent a general organizational principle in the human brain functional
network. In this paper, we seek to find whether the small world or scale-free property of brain network is correlated with epilepsy
seizure formation. A mass neural model was adopted to generate multiple channel EEG recordings based on regular, small world,
random, and scale-free network models. Whether the connection patterns of cortical networks are directly associated with the
epileptic seizures was investigated. The results showed that small world and scale-free cortical networks are highly correlated with
the occurrence of epileptic seizures. In particular, the property of small world network is more significant during the epileptic
seizures.

1. Introduction

Epilepsy is a manifestation of abnormal electrical activity
in the central nervous system, caused by the imbalance
of excitatory and inhibitory synapses [1–3]. To study the
generationmechanism of epileptic seizures, the complex net-
work theories have been applied to investigate the structural
and functional organizations of underling brain connections
[4, 5]. In particular, small-world or scale-free networks are
theoretically believed to be associated with rapid information
propagation and low wiring cost in the brain [6] and allow
coexistence of functional segregation and information inte-
gration [7].

To explore the epileptiformbehaviors in terms of complex
network property in underlying neural networks, three types
of neuron models have been introduced: noisy and leaky
integrate-and-fire neurons, stochastic Hodgkin-Huxley cells,
and Poisson spike-train cell model neurons [4]. Changing
parameters such as the synaptic strength, number of synapses
per neuron, and proportion of local versus long-distance

connections will induce “normal,” “interictal,” and “ictal”
epilepsy behaviors. Simulations showed that small world
connectivity at the neuronal level plays an important role
in the behavior of the networks. For example, Tsodyks
found that the coherent activity in randomly connected
network with depressing synapses was similar to the bursting
[8]. Adding long-distance connections among integrate-and-
fire neurons will construct a small world network, which
would transit from sustained activity to synchronous bursts
of finite duration [9]. Beggs and Plenz replicated their
scale-free behavior in a multilayer, feedforward model [10].
They concluded that the most common events are small in
spatial scale and short in duration. In addition, networks
of oscillatory elements would synchronize when the net-
work contains enough long-distance connections of sufficient
synaptic strength [11]. Kötter and Sommer found that small
world properties of macaque cortex are associated with the
propagation of strychnine-induced epileptiform activity [12].

In this study, to investigate the small world or scale-
free network property of functional connectivity in the brain
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Figure 1: The scheme of multiple mass neural model. (a) One-population mass neural model. (b) The coupled multipopulation neural mass
model.
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Figure 2: (a)–(c) The random rewiring procedure of the network model from a regular network to a random network without altering the
number of nodes or edges. (d) A scale-free network.

during epileptic seizures, the neural network properties dur-
ing epileptic seizures were calculated by introducing a multi-
plemass neuralmodel. Simulated EEG signalswere generated
under the assumption of small world, scale-free, random, and
regular networking, and the relation between simulated EEG
signals and the network structure was discussed.The findings
supported that the small world and scale-free network can
strongly induce the epileptic discharges.

2. Methods

2.1. Mass Neural Model. Themass neural model was initially
proposed by Lopes da Silva et al. [13] and was later improved
and extended by Wending et al. [14, 15]. In the present study
we use Wending’s model, which is composed of a model
of one neural population and a model of multiple coupled
neural populations. The model is illustrated in Figure 1.

The population model (Figure 1(a)) contains two inter-
acting subsets: the first is composed of pyramidal cells,
which projects to and receives feedback (either excitatory or
inhibitory) from the second subset; the second is composed
of excitatory neurons and inhibitory neurons, which receives

excitatory inputs only [14]. The input 𝑝(𝑡) represents the
average density of afferent action potentials. Subset 1 is
characterized by two second-order dynamic linear transfer
functions, which transfers the average presynaptic pulse den-
sity of afferent action potentials (the input) into an average
postsynaptic membrane potential (the output). The impulse
responses of excitatory and inhibitory neurons are presented
by ℎ
𝑒
(𝑡) and ℎ

𝑖
(𝑡), respectively.When the neuron fires, a static

nonlinear asymmetric sigmoid function 𝑆(V) would send the
average postsynaptic potential to the average pulse density
of potentials. There is only one linear transfer function
from excitatory neuron in subset 2. Parameters C1–C4 are
constants representing average synaptic number. In normal
situation, excitatory and inhibitory neurons keep a balance.
The change of the ratio between excitatory and inhibitory
synaptic gains will trigger epileptic seizure and generate
sporadic spikes, rhythmic spikes, and so on. Figure 1(b) is
the multiple coupled neural network model [14], which is
composed of a few neural populations. The populations
correspond to different brain areas and their interactions are
links determined by the parameters𝐾𝑖𝑗. During the epileptic
seizure, the excitatory potentials propagate along axons from
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Figure 3: Simulated EEG signals of 32 coupled mass neural models (𝑛 = 32, 𝑘 = 5). (a) Regular network; (b) small world network; (c)
scale-free network; and (d) random network.

one population to another, leading to high voltage, exciting
states.

2.2. Complex Network. Recently, complex network has been
drawing attention in fields from physical, biological systems
to social constructions [16, 17]. A network is composed of
many nodes and links (or edges) linking the nodes. This
is mathematically described as a graph. The complexity of
a network depends not only on the number of the nodes
and links, but also on the interaction dynamics of nodes.
Clustering strength among neighboring nodes and their path
length are two important indices to indicate the nature of a
complex network, in the form of regular network to random
network. The network which lies between regular and ran-
dom networks is called small world network, in which most
of the nodes are connected to their nearest neighbors, and

a few of nodes are linked over a long range. A typical example
is the social network.Themanifestation in society follows the
“six degrees of separation” concept [18].The property of small
world network was naturally described in [19]. Additionally,
a more special network is defined as a scale-free network.
Scale-free networks’ structure and dynamics are independent
of the number of nodes; the connection degree distribution
in the scale-free network follows the Yule-Simon distribution
(a power-law relationship) [16, 20, 21]. In brief, four typical
networks are plotted in Figure 2.

3. Results

A coupled mass neural model was applied to explore the
relation between the behavior (discharge) and structure of
networks. The coupled model has two parameters: the nodes
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Figure 4: The different epileptic form discharges at the scale-free network (𝑛 = 32, 𝑘 = 5). CN is the connection number between the node
and other nodes.

(𝑛) and the connectivity (𝑘). Here the connectivity denotes
the number of links (or edges) a node contacts other nodes
in the network. And two tests were conducted. In the first
test, the parameters of model are fixed, the simulated EEG
discharges (including the epileptic seizures) were obtained
by adjusting the connection in the network, introducing
regular, small world, free-scale, or random network types,
and then the relationship between the epileptic discharges
and the structure of network was analyzed. In the second
test one of 32 nodes (a mass model) was adjusted to generate
a spontaneous epileptic discharge. Then the relationship
between the propagation of epileptic discharge and structure
of network was investigated.

Given the network parameters 𝑛 = 32, 𝑘 = 5, the model
parameters were set as 𝐴 = 3.55mV, 𝐵 = 22mV, 𝐾𝑖𝑗 = 100,
and 𝑖, 𝑗 = 1, 2, . . . , 32. Other parameters were set according
to [22]. The EEG signals in the differently coupled networks
are generated, as shown in Figure 3. Only channels 1, 10, 20,
and 30 are plotted to save place. Figure 3 shows that the
intensity of simulated epileptic discharges was stronger when
the coupled network was regular and “small world.”

Furthermore, a scale-free network was studied. The
degree distribution in the scale-free network follows a power-
law behavior: 𝑝(𝑘) ∼ 𝑘−𝛾, usually 2 ≤ 𝛾 ≤ 3 [16].
Simulated EEG recordings of a node that exhibit epileptic
seizure pattern are shown in Figure 4. CN = 5, 7, 10, and 15
are referred to as the connection number between this node
and other nodes. The simulated EEG recordings of this node
changed with the CN before seizure (0–5 s). However, the
epileptiform discharge at the seizure stage did not follow any

principles. This suggests that the scale-free networks have
more complicated dynamics.

To investigate the effect of network connection to epilep-
tic discharge propagation, we took the second test. One mass
neural model (node) was adjusted to generate an epileptic
discharge. Then the discharge of nodes (simulated EEG
signals)was observed by changing the connection of network.
Given the model parameters: 𝐴 = 8mV, 𝐵 = 22mV, and
𝐾
𝑖𝑗
= 400 and the network parameters 𝑛 = 32, 𝑘 =

5, the number of nodes that have an epileptic discharge
was accounted for on the regular, small world, scale-free, or
randomnetworks, as shown in Figure 5(a). Particularly, as for
the scale-free network, other parameters are maintained, just
changing the connectivity 𝑘 to 5, 10, 15, and 17, the number
of nodes that had an epileptic discharge is accounted for and
shown in Figure 5(b). Figure 5(a) shows that the small world
and scale-free networks were the strongest to support the
epileptic discharge propagation at the connectivity of 5 and 8.
In the scale-free network, the epileptic discharge propagation
increased linearly with the connectivity 𝑘 (Figure 5(b)).

4. Conclusion

There are few studies concerning the mechanism of epileptic
seizures on the complex network level. In this paper, a
multiple mass neural model was used to construct different
networks, including regular, random, small world, and scale-
free networks. The simulation results showed that small
world network and scale-free network are strongly correlated



Computational and Mathematical Methods in Medicine 5

0

4

8

12

16

20

Regular Small
world

Scale-free Random

n = 32, k = 5

0

4

8

12

16

20

Regular Small
world

Scale-free Random

n = 32, k = 8

(a)

K = 5 K = 10 K = 15 K = 17

n = 32, scale-free network

0

5

10

15

20

25

K = 8 K = 12 K = 16 K = 20

n = 32, scale-free network

0

5

10

15

20

25

(b)

Figure 5:The effect of the network connection to the epileptic discharge propagation. (a) Given the network parameters (𝑛 = 32, 𝑘 = 5 or 8),
the propagation intensity of epileptic discharges on the regular, small world, scale-free, and random network. (b) The propagation intensity
of epileptic discharges on the scale-free network of 32 nodes with the connectivity𝐾 = 5, 10, 15, and 17 or 8, 12, 16, and 20.

with the propagation of epileptic discharges. The findings
suggested that the small world functional connectivity may
have an intrinsic correlation with the synchronization of
local neural networks, which act as a possible mechanism of
epileptic seizure.
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[6] G. Buzsáki, C. Geisler, D. A. Henze, and X.Wang, “Interneuron
diversity series: circuit complexity and axon wiring economy of
cortical interneurons,”Trends in Neurosciences, vol. 27, no. 4, pp.
186–193, 2004.

[7] O. Sporns, G. Tononi, and G. M. Edelman, “Theoretical neu-
roanatomy: relating anatomical and functional connectivity in
graphs and cortical connection matrices,” Cerebral Cortex, vol.
10, no. 2, pp. 127–141, 2000.



6 Computational and Mathematical Methods in Medicine

[8] J. Tabak, W. Senn, M. J. O’Donovan, and J. Rinzel, “Modeling of
spontaneous activity in developing spinal cord using activity-
dependent depression in an excitatory network,” Journal of
Neuroscience, vol. 20, no. 8, pp. 3041–3056, 2000.

[9] A. Roxin, H. Riecke, and S. A. Solla, “Self-sustained activity in
a small-world network of excitable neurons,” Physical Review
Letters, vol. 92, no. 19, Article ID 198101, 2004.

[10] J. M. Beggs and D. Plenz, “Neuronal avalanches in neocortical
circuits,” Journal of Neuroscience, vol. 23, no. 35, pp. 11167–11177,
2003.

[11] H. Hong, M. Y. Choi, and B. J. Kim, “Synchronization on small-
world networks,” Physical Review E—Statistical, Nonlinear, and
Soft Matter Physics, vol. 65, no. 2, Article ID 026139, 5 pages,
2002.

[12] R. Kötter and F. T. Sommer, “Global relationship between
anatomical connectivity and activity propagation in the cere-
bral cortex,” Philosophical Transactions of the Royal Society B:
Biological Sciences, vol. 355, no. 1393, pp. 127–134, 2000.

[13] F. H. Lopes da Silva, A. Hoeks, and L. H. Zetterberg, “Model
of brain rhythmic activity—alpha-rhythm of thalamus,” Kyber-
netik, vol. 15, no. 1, pp. 27–37, 1974.

[14] F. Wendling, J. J. Bellanger, F. Bartolomei, and P. Chauvel,
“Relevance of nonlinear lumped-parameter models in the
analysis of depth-EEG epileptic signals,” Biological Cybernetics,
vol. 83, no. 4, pp. 367–378, 2000.

[15] F. Wendling, F. Bartolomei, J. J. Bellanger, and P. Chauvel,
“Epileptic fast activity can be explained by a model of impaired
GABAergic dendritic inhibition,” European Journal of Neuro-
science, vol. 15, no. 9, pp. 1499–1508, 2002.

[16] R. Albert and A. Barabasi, “Statistical mechanics of complex
networks,” Reviews of Modern Physics, vol. 74, no. 1, pp. 47–97,
2002.

[17] O. Sporns, D. R. Chialvo, M. Kaiser, and C. C. Hilgetag,
“Organization, development and function of complex brain
networks,” Trends in Cognitive Sciences, vol. 8, no. 9, pp. 418–
425, 2004.

[18] M. Kochen, The Small World, Ablex Publishing, Norwood, NJ,
USA, 1989.

[19] D. J. Watts and S. H. Strogatz, “Collective dynamics of “small-
world” networks,”Nature, vol. 393, no. 6684, pp. 440–442, 1998.

[20] A. L. Barabási and E. Bonabeau, “Scale-free networks,” Scientific
American, vol. 288, no. 5, pp. 60–69, 2003.

[21] A.-L. Barabási and R. Albert, “Emergence of scaling in random
networks,” Science, vol. 286, no. 5439, pp. 509–512, 1999.

[22] B. H. Jansen and V. G. Rit, “Electroencephalogram and visual
evoked potential generation in a mathematical model of cou-
pled cortical columns,” Biological Cybernetics, vol. 73, no. 4, pp.
357–366, 1995.



Research Article
A Biological Hierarchical Model Based Underwater Moving
Object Detection

Jie Shen,1,2 Tanghuai Fan,3 Min Tang,1 Qian Zhang,1 Zhen Sun,1 and Fengchen Huang1

1 College of Computer and Information, Hohai University, Nanjing 210098, China
2 College of Communication Engineering, PLA University of Science and Technology, Nanjing 210007, China
3 School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China

Correspondence should be addressed to Jie Shen; shenjie 2003045@hhu.edu.cn and Fengchen Huang; hhuwhb@gmail.com

Received 26 May 2014; Accepted 11 July 2014; Published 22 July 2014

Academic Editor: Shengyong Chen

Copyright © 2014 Jie Shen et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Underwater moving object detection is the key for many underwater computer vision tasks, such as object recognizing, locating,
and tracking. Considering the super ability in visual sensing of the underwater habitats, the visual mechanism of aquatic animals
is generally regarded as the cue for establishing bionic models which are more adaptive to the underwater environments. However,
the low accuracy rate and the absence of the prior knowledge learning limit their adaptation in underwater applications. Aiming
to solve the problems originated from the inhomogeneous lumination and the unstable background, the mechanism of the visual
information sensing and processing pattern from the eye of frogs are imitated to produce a hierarchical background model for
detecting underwater objects. Firstly, the image is segmented into several subblocks. The intensity information is extracted for
establishing background model which could roughly identify the object and the background regions. The texture feature of each
pixel in the rough object region is further analyzed to generate the object contour precisely. Experimental results demonstrate that
the proposed method gives a better performance. Compared to the traditional Gaussian background model, the completeness of
the object detection is 97.92% with only 0.94% of the background region that is included in the detection results.

1. Introduction

Underwater object detection is aiming to extract the inter-
esting objects from the background scene. Effective under-
water moving object detection contributes to many scientific
research and engineering applications, such as marine biol-
ogy, seabed topography, marine environment monitoring,
and marine exploration [1]. However, due to the strong
optical attenuation and light scattering caused by the water
medium and suspending particles, underwater images are
essentially characterized by their poor visibility, especially
the low contrast and distorted information [2, 3]. These low
quality image data seriously block the underwater computer
vision tasks. In the underwater object detection task, the
decayed color and the haze effect would significantly decrease
the contrast between the object and the background. Many
commonly used image features are distorted and can hardly
be taken for precise object detection.

After a long period of evolution, biological visual systems
develop a strong ability for sensing the world. Various visual

mechanisms in animals have been simulated and introduced
into computer vision tasks [4–6]. For underwater object
detection, the visual system in aquatic animals gives us many
valuable inspirations and some progress has been achieved
in the bionic model. Barat and Rendas [7] introduced the
motion information in successive video frames to extract
salient regions. The edge and contour of the object are
detected by the active contour algorithm. Walther et al. [8]
combined the visual attention model and the background
difference to obtain global saliency maps. Wang et al. [9]
updated the Itti model by introducing the prior knowledge
about the maximum number of objects in a single frame.
However, many problems still exist in these researches. The
underwater object detection by the above methods is incom-
plete, missing in object regions. Furthermore models based
on the prior knowledge learning are difficult to adapt for the
underwater tasks. Most crucially the artificial illumination
which is used to compensate for the power attenuation in the
underwater medium would generate inhomogeneous illumi-
nation environments while the background scene is unstable
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and the pixels with strong intensity would be mistaken as the
object region.

In order to solve the problems in existing underwater
moving object detection method, this paper proposes a novel
hierarchical background model by simulating the frog visual
perception, which is considered to have an excellent ability
for motion detection [10]. Hence the visual relativity is
modeled. Only the intensity information is extracted and
introduced into the backgroundmodel. Finally a hierarchical
background modeling is proposed for efficiently detecting
the underwater object in illumination changing and nonsta-
tionary environments.With the bionicmethod, the proposed
method has high dynamical adaptability in the underwa-
ter object extraction task and stronger robustness to the
underwater environment. The experiment results prove its
efficiency in object extraction under the underwater optical
environments.

The remainder of this paper is organized as follows.
Section 2 briefly describes the characteristics of visual per-
ception and information processing mode in the frogs.
Section 3 presents details of the proposed method. The
experiment results on several underwater image sequences
are discussed in Section 4 and finally Section 5 concludes the
paper.

2. Frog Visual Mechanism and Information
Processing Model

Frog is a typical visually guided animal.The eye of the frogs is
theirmain biological sensor for tracking preys.However frogs
are more sensitive to the moving object compared with other
animals. When frogs keep completely static, nothing can be
perceived by the retina of the eye. Therefore they are blind
to the static object even if it is very close [11]. Accordingly the
motion information ofmoving object is the critical cue which
controls the preying behavior in the visual system of frogs.
Biological researches find that frogs are born “myopia.” The
foreground scene is clearly imaged on the retina, while the
background is blurred. This visual mechanism enables frogs
to find and capture the preys correctly and quickly. Different
from the focus shift process in human visual attention
mechanism [12], frogs keeping in static state do not move
their eyes to search and track interested objects. However
if the frog’s body moves, the whole visual scene would be
reversal [13]. In this case, in order to keep the image stably
represented on the retina, the frogs would move the eye to
compensate for the movement of the scene.

In the view of the underwater moving object detection,
this paper focuses on three aspects in frog’s visual and
neurophysiologic mechanism.

(1) The low distance resolution would result in the
blurred background and clear foreground presented
in the retina.Therefore frog can easily distinguish the
object in the foreground from the background. By
employing this mechanism in the computer vision,
we firstly segment the image into subblocks which are
utilized for classification of the foreground and the
background. Then the background region is ignored

and the pixel-based processing is operated on the
foreground region. With the above preprocessing,
the foreground region can be easily extracted and
the object detection operation is focused on the
foreground region. Accordingly the redundant com-
putation on the background region is saved and
the complexity of the object detection is reduced.
Furthermore the subblocks based processing solves
the difficulties caused by nonstationary background
in some extent.

(2) A frog has a memory on both the moving objects
and the background. Once the interest is focused
on any objects, the attention of frogs can hardly
be dispersed. By taking this into consideration, the
foreground and the background are modelled and
updated by the feature extracted in the respective
regions. This strategy solves the problems caused
by the change in the lamination and increases the
accuracy of underwater object detection.

(3) The retina and neural fiber in the eye of frogs are
sensitive to the local bright-dark contrast and the
bright and dark change in movement region. This
visual sensitivity can be modeled by the selection of
the image feature. According to the computer vision
task, the intensity and the texture feature describing
the intensity distribution in local regions are extracted
for detecting the contour of the moving object.

Inspired by the above aspects of visual mechanisms in the
eye of frogs, this paper proposed a hierarchical background
model based underwater moving object detection method.
In this method, the foreground and the background are
modeled by the information extracted from pixels and sub-
blocks, respectively. The intensity and the texture feature are
extracted to describe the contour of the underwater objects
correctly.

3. Object Detection Method

3.1. Overview of the Proposed Method. The key for the object
extraction is to stretch the contrast between the object
and the background. Considering the spatial correlation
between pixels, the subblock based background modeling is
sensitive to the global change of the scene but blind to local
movement which solves the problems caused by the unstable
background. However it might generate the rough object
region with serious blocking effect due to subblock operation
which may deform the object and the intensity feature for
modeling the background can hardly identify the objects in
the scene in some cases.

More precise object information can be extracted by
using pixel-based background model. By using the pixel-
based operation, the rough object region is correctly detected
without the blocking effect. However, the results given by the
pixel-based operation do not only include the object region
but also include the regions surrounding the object. Hence,
errors would exist in the scene with the unstable background.

Therefore, the subblock and the pixel-based operation are
mutually compensative. The asymmetric forward feedback
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Figure 1: Block diagram of the proposed underwater moving object detection method.

mechanism is then applied to jointly combine these two
strategies to form a hierarchical backgroundmodel for object
detection. Firstly, intensity features are extracted in the
subblock and the difference between the subblocks is taken
as the cue for classifying the rough object and background
region. The rough object region is extracted afterwards and
the background model is updated. Then texture features of
every single pixel which belongs to the rough object region
are extracted to establish the pixel-based background model.
Figure 1 illustrates the process of the proposed underwater
moving object detection algorithm.

In order to reduce the computational complexity, the
detection process is operated under the following rules.

(1) The background region identified by the subblock
based method is reliable. The pixel-based identifica-
tion is omitted for the given background region. In
order to adapt our method to the change of the scene,
the background region is updated by the information
extracted from the subblock regions but not the
pixels.

(2) The foreground region identified by the subblock
based method contains the pixels of the real object
region and a small amount of unstable pixels. Hence,
the pixel-based algorithm should be utilized to fur-
ther detect the object region to remove the blocking
effect.

(3) Since most of the pixels in the detected rough object
region are included in the real object region, updating
process of the background model is not necessary in
this region.

3.2. Rough Object Region Detection. The rough object region
is detected by the subblock based operation. The input video
frames are segmented intomultiple nonoverlapped subblocks
with a size of𝑀×𝑁. For each subblock, the intensity feature
is extracted. By block truncation coding (BTC), an image
coding method which represents the movement vector based
on the subblock [14], the intensity feature vector accordingly
can be represented as V = {𝜇
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where 𝑥
𝑚,𝑛

denotes the intensity of pixel (𝑚, 𝑛) in a subblock,
𝜇 denotes the mean intensity of all pixels in a subblock, and
𝜇
ℎ
is themean intensity of the pixels whose intensity is higher

than the threshold 𝜇 while 𝜇
𝑙
denotes the mean intensity of

the pixels whose intensity is lower than the value of 𝜇.
The feature extracted in a subblock is represented by a

vector ] = {𝜇
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, 𝜇
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, 𝜇
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, 𝜇
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}. If all 𝑥
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in one subblock are

identical, then set all these four values as 𝜇. If the high-
intensity values of pixels in one subblock are identical, then
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and 𝜇
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. If the low-intensity values of pixels in

one subblock are identical, then set 𝜇
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𝑙
. With

the subblock based background modeling method and the
intensity feature, the difference between the object and the
background region can be correctly and quickly recognized.
In order to solve the problem caused by the change of the
scene, the strategy for Gaussian mixture model updating [15]
is introduced.

A set of intensity feature vectors {V𝑖
0
, V𝑖
1
, . . . , V𝑖
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} for each

subblock 𝑖 is introduced. In order to indicate the importance
of different elements, the additional weight 𝜔𝑖

𝑘
is introduced
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= 1. Accordingly, the vector with larger weights

has stronger ability to identify the object and the background.
These weights are initialized as
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where ]𝑖 denotes the vector of the intensity feature extracted
from subblock 𝑖 in the first frame. Each subblock in the
following frame is discriminated according to

𝐵
𝑖
= arg min(
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where 𝑤
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is the weight for the 𝑡th frame and the threshold

𝑇 is set for identifying the rough region of the object and the
background. The first 𝐵

𝑖
vectors which are satisfied with (3)

are discriminated as the background regions, and the last𝐾−

𝐵
𝑖
vectors belong to the object regions.
To extract the rough object region, the intensity features

in the subblocks are extracted. Then they are related to the
background model by the Euclidean distance:
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where V𝑖
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is the distance threshold), the intensity

feature of subblock 𝑖 and 𝑘th vector are matched. Once
a subblock matches the first 𝐵
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vectors, it belongs to the

background or it is involved in the object region.
If the feature of subblock 𝑖 is in correspondence with at

least one background model, then V𝑖
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is utilized to update the

background model:
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where 𝛼
𝜔
is the parameter controlling the rate of learning;
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= 1 when the new subblock 𝑖 matches the 𝑘th vector,
and𝑀
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= 0 otherwise.

If subblock 𝑖 fails to match any models, then a newmodel
is established with a minimum weight V𝑖
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. The new model is

initialized as
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If the variance of the interest subblock is different from that
of the background model, the interest subblock is likely to
belong to the moving object region but not the background.
To solve this problem and considering the large influence of
the illumination on the imaging environments the threshold
𝑇
𝐷
is adaptively moderated by the intensity variance:

𝑇
𝐷

= 𝑇
𝐷
(𝛼 + 𝑆) , (8)

where 𝛼 is an empirical constant and set as 0.7 ≤ 𝛼 ≤ 0.8.
The parameter 𝑆 denotes the similarity of intensity features
between two subblocks:

𝑆 =


𝑈
𝐴
∙ 𝑈
𝑇

𝐵


𝑈𝐴

 ∙
𝑈𝐵



,

𝑈
𝐴
= {


𝜇
𝐴
− 𝑥
𝐴

0


,

𝜇
𝐴
− 𝑥
𝐴

1


, . . . ,


𝜇
𝐴
− 𝑥
𝐴

𝑀𝑁−1


} ,

𝑈
𝐵
= {


𝜇
𝐵
− 𝑥
𝐵

0


,

𝜇
𝐵
− 𝑥
𝐵

1


, . . . ,


𝜇
𝐵
− 𝑥
𝐵

𝑀𝑁−1


} ,

(9)

where 𝜇
𝐴
and 𝜇

𝐵
denote the mean intensity of all pixels in

two subblocks, respectively. 𝑥𝐴
𝑖
and 𝑥

𝐵

𝑖
are the intensities of

𝑖th pixel in two subblocks, respectively.

3.3. Accurate Object Contour Extraction. For each pixel in the
detected rough object region, the texture feature is extracted
and utilized to extract the accurate object contour. In this
paper, we choose the local binary pattern (LBP) texture
operator to describe texture features. The most important
properties of the LBP operator are its tolerance against the
change of illumination and its computational simplicity [16–
18]. In order to adapt the LBP to the underwater scenes, we
modify this operator.

Given the center pixel (𝑥
𝑐
, 𝑦
𝑐
), LBP operator uses joint

distribution to describe local texture features:

𝑇 = 𝑡 (𝑔
𝑐
, 𝑔
0
, . . . , 𝑔

𝑃−1
) , (10)

where 𝑔
𝑐
corresponds to the gray value of the pixel (𝑥

𝑐
, 𝑦
𝑐
)

and 𝑔
𝑝
(𝑝 = 0, 1, . . . , 𝑃−1) are the gray values of pixels which

are equally located on a circle with radius𝑅. By increasing the
radius, we can collect larger-scale texture primitives as shown
in Figure 2.

By introducing the difference between 𝑔
𝑐
and 𝑔
𝑝
, the joint

distribution 𝑇 can be transformed as

𝑇 = 𝑡 (𝑔
𝑐
, 𝑔
0
− 𝑔
𝑐
, . . . , 𝑔

𝑃−1
− 𝑔
𝑐
) . (11)

Assuming that 𝑔
𝑐
and 𝑔

𝑝
are independent, 𝑇 can be

decomposed as

𝑇 ≈ 𝑡 (𝑔
𝑐
) 𝑡 (𝑔
0
− 𝑔
𝑐
, . . . , 𝑔

𝑃−1
− 𝑔
𝑐
) . (12)

As 𝑡(𝑔
𝑐
) denotes the gray distribution of the whole image,

the texture feature can be described by the joint distribution
of the gray difference between the pixels𝑃 and the center pixel
(𝑥
𝑐
, 𝑦
𝑐
), as

𝑇 ≈ 𝑡 (𝑔
0
− 𝑔
𝑐
, . . . , 𝑔

𝑃−1
− 𝑔
𝑐
) . (13)

If illumination changes linearly in underwater scenes, the
value of 𝑔

𝑝
− 𝑔
𝑐
is not changed. Hence, the sign function can

be chosen as the replacement to describe the texture feature:

𝑇 ≈ 𝑡 (𝑠 (𝑔
0
− 𝑔
𝑐
) , 𝑠 (𝑔

1
− 𝑔
𝑐
) , . . . , 𝑠 (𝑔

𝑝−1
− 𝑔
𝑐
)) , (14)

where the sign function can be denoted as

𝑠 (𝑥) = {
1, 𝑥 ≥ 0,

0, 𝑥 < 0.
(15)



Computational and Mathematical Methods in Medicine 5

(P = 4, R = 1) (P = 8, R = 1) (P = 16, R = 2)

Figure 2: Neighborhood with different 𝑃 and 𝑅.

Input: Underwater image sequence
Step 1. Segment each frame of input underwater image sequence into multiple nonoverlapped

subblocks;
Step 2. Extract intensity features of each subblock, ] = {𝜇

ℎ𝑡
, 𝜇
ℎ𝑏
, 𝜇
𝑙𝑡
, 𝜇
𝑙𝑏
};

Step 3. Establish the background model based on each subblock to distinguish background and
rough object;

Step 4. Update parameters for the background model;
Step 5. Extract the texture features of each pixel in rough object region, LBP

𝑃,𝑅
;

Step 6. Build background model based on each pixel to obtain object contours.
Output: Results of moving objects detection

Algorithm 1: Hierarchical background modeling algorithm.

Practically the sign of the differences in a neighborhood
is interpreted as a 𝑃-bit binary number. This 2

𝑝-bit value is
transformed into a unique decimal number for describing the
local spatial texture feature:

LBP
𝑃,𝑅

=

𝑃−1

∑

𝑝=0

𝑠 (𝑔
𝑝
− 𝑔
𝑐
) 2
𝑝
. (16)

LBP is robust against the considerable gray-scale varia-
tions which commonly appear in natural images. Moreover,
the LBP operator is computationally economic, which is
important in practice. Besides these factors, LBP is a nonpara-
metric method without any assumptions about the underly-
ing distributions. However since the low change of the grey
in the underwater background, the grey values between the
center point and its neighborhood are homogeneous. In this
case, a large error would exist if the traditional LBP operator
is used. For example, if 𝑔

𝑐
= 20 and 𝑔

𝑝
= 19 the 𝑠(𝑥) given by

(15) is 0, while 𝑠(𝑥) = 1 when 𝑔
𝑝

= 19. In practice, this low
difference between 𝑔

𝑐
and 𝑔

𝑝
is commonly ignored. Hence a

moderation factor 𝛽 is introduced and 𝑠(𝑔
𝑝
− 𝑔
𝑐
) in (16) is

replaced by 𝑠(𝑔
𝑝
− 𝑔
𝑐
+ 𝛽). In this paper, we set 𝛽 = 3.

A set of texture feature vectors {ℎ
𝑖

0
, ℎ
𝑖

1
, 𝐿, ℎ
𝑖

𝐾−1
} is

extracted within the rough object region. These features
are arranged according to the image sequence. The texture
vectors are initialized as

ℎ
𝑖

0
= ℎ
𝑖
,

ℎ
𝑖

1
= ℎ
𝑖

2
= ⋅ ⋅ ⋅ = ℎ

𝑖

𝐾−1
= 0,

(17)

where ℎ
𝑖 denotes the texture feature of LBP in the pixel 𝑖 of

the first frame. Euclidean distance which is to estimate the
similarity between ℎ

𝑖

𝑡
and {ℎ

𝑖

0
, ℎ
𝑖

1
, . . . , ℎ

𝑖

𝐾−1
} is calculated as

𝐷(ℎ
𝑖

𝑡
, ℎ
𝑖

𝑡,𝑗
) = √

𝐾−1

∑

𝑗=0

(ℎ
𝑖

𝑡
− ℎ
𝑖

𝑡,𝑗
)
2

, (18)

where 𝑗 (𝑗 = 1, 2, . . . , 𝐾−1) denotes the 𝑗th component of the
texture feature vectors. If𝐷(ℎ

𝑖
, ℎ
𝑖

𝑡,𝑗
) < 𝑇
𝐷
, pixel 𝑖 is identified

as object. Otherwise, pixel 𝑖 is defined as the background and
this texture feature is introduced into the model ℎ𝑖

𝑡
:

ℎ
𝑖

𝑡+1,𝑗
= ℎ
𝑖

𝑡,𝑗−1
,

ℎ
𝑖

𝑡+1,0
= ℎ
𝑖

𝑡
.

(19)

The hierarchical background modeling method can be sum-
marized as shown in Algorithm 1.

4. Experimental Results and Analysis

In order to demonstrate the efficiency of the proposed
method for detecting underwater moving object, the classic
Gaussian background modeling method is selected as the
reference which is used to compare it with our proposed
method. The detection results are shown in Figures 3, 4,
and 5.



6 Computational and Mathematical Methods in Medicine

(a) (b) (c)

Figure 3: Results of close moving object detection. (a) Original images. (b) Gaussian background modeling method. (c) The proposed
method.

(a) (b) (c)

Figure 4: Results of distant moving object detection. (a) Original images. (b) Gaussian background modeling method. (c) The proposed
method.

According to the detection results, the Gaussian back-
ground modeling method has the ability to roughly detect
contours of object. However the detected contours are not
complete, especially for those parts which are similar to the
background. In contrast to the results given by the Gaussian
method, the contours of objects given by the proposed hier-
archical method are more complete. The detected results are
more precise. The criteria 𝐶good and 𝐶false [19] are employed
to achieve quantized evaluation, as

𝐶good =
card {Ωin ∩ Ωo}

card {Ωo}
,

𝐶false =
card {Ωin ∩ Ωb}

card {Ωb}
,

(20)

where Ωin is the detected object region, Ωo is the real object
region, and Ωb is the background region. 𝐶good denotes

the ratio of the detected region to the real object region and
𝐶false is the ratio of the false detected region to the background
region. The performance evaluation is shown in Table 1.

From the results shown in Table 1, for the underwater
moving object detection, the proposed hierarchical method,
has better performance in contrast to the Gaussian back-
ground modeling method. More precise results can be
obtained by ourmethod.Themean value of𝐶good is increased
to 0.9792 and the mean value of 𝐶false is decreased to 0.0094.
For Figure 3 and Figure 5, 𝐶good obtained by the proposed
method is very close to 1 while 𝐶false is very small. It is
indicated that the detected region by the proposed method
can generally cover the real object and there is a very
little background included in the results. For Figure 4 𝐶good
achieved is relatively lower than that for Figure 3 and 𝐶false
is the lowest one among all results. Overall it is demonstrated
that ourmethod is feasible, effective, and sufficiently accurate
for the underwater moving object detection.
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Table 1: Performance comparison.

Figure 3 Figure 4 Figure 5 Mean value
Cgood Cfalse Cgood Cfalse Cgood Cfalse Cgood Cfalse

Gaussian background modeling method 0.9713 0.0183 0.8660 0.0091 0.9657 0.0213 0.9343 0.0162
Hierarchical background modeling method 0.9906 0.0092 0.9589 0.0082 0.9881 0.0107 0.9792 0.0094

(a) (b) (c)

Figure 5: Results of multiple moving object detection. (a) Original images. (b) Gaussian background modeling method. (c) The proposed
method.

5. Conclusion

Inspired by the frog visual mechanism, the frog visual
information processing mode is simulated to establish a
bionic underwater object detecting method. By using the
illumination information of the input image a hierarchi-
cal background model is established to detect underwater
moving objects. The experimental results demonstrate that
the proposed method detects underwater moving objects
effectively and accurately. In this paper the visual mechanism
in the visual system of frogs is modeled preliminarily and
further researchworkwill focus on this field to achieve amore
complete bionic model.
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Studies regarding the effects of short-term continuous positive airway pressure (CPAP) therapy are not sufficient. A total of 35
patients with moderate to severe untreated OSA were divided into 2 groups. Group 1 comprised 22 patients who underwent
polysomnography (PSG) for one night, and Group 2 comprised 13 patients who received PSG combined with CPAP therapy.
To evaluate the influence of receiving CPAP therapy for one night, we measured 5min wrist pulse signals before and after the
experiment to assess heart rate variability, as well as novel short timemultiscale entropy (sMSE) indicator that examines complexity
in physiological signals.The results show that the participants in Group 1 exhibited significant changes in normalized low-frequency
power/normalized high-frequency power (nLF/nHF) (0.72± 0.09 versus 1.11± 0.11,𝑃 = 0.006) values before and after the PSG study.
By contrast, the participants in Group 2 showed no significant changes in the 3 indicators. Regarding the sMSE indicator, Group
2 patients exhibited significant increases in the sMSE. CPAP therapy administered for one night can reduce the sympathovagal
imbalance in patients with moderate to severe untreated OSA and increase the complexity of the patient’s physiological system,
thereby reflecting their overall improved health.

1. Introduction

Obstructive sleep apnea (OSA) is widely considered a risk
factor for cardiovascular disease [1]. Patients with OSA
have a substantially higher likelihood of experiencing a
stroke, coronary artery disease, acute myocardial infarction,
congestive heart failure, and cardiac arrhythmia [2–7]. In
addition, OSA can cause autonomic function abnormalities,
which are associated with the risks of cardiovascular disease
and increased mortality [8]. Continuous positive airway
pressure (CPAP) therapy is currently the main noninvasive
OSA treatment method. According to a previous long-term
study that monitored patients for 7 years, the probability of
developing cardiovascular disease was significantly higher
for incompletely treated OSA patients compared to that
for efficiently treated OSA patients [9]. In addition, long-
term CPAP therapy has been verified to effectively improve

OSA patients’ vascular functions and reduce their autonomic
function abnormalities [10–16].

To emphasize the treatment effects of overnight CPAP
therapy for severe OSA patients, Kufoy et al. [17] conducted
an experiment for 2 consecutive nights on subjects who
had not received CPAP therapy. On the first night, only
polysomnography (PSG) measurements were conducted;
on the second night, both PSG and CPAP therapy were
administered to the patients. Kufoy et al. then analyzed the
time-domain HRV of the R wave to R wave interval (RRI)
series measured by the electrocardiogram (ECG) obtained
from both nights separately. The results indicated that with
overnight CPAP therapy, the patients’ standard deviation of
normal-to-normal intervals (SDNN) in the all-night RRI
series increased significantly [17].This was the first indication
of the significant therapeutic effect that only a single course of
CPAP therapy has for patients with untreated OSA. However,
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a more convenient indicator is required to evaluate the level
of overall health improvement for patients who receive only
a single course of CPAP therapy.

Recently, numerous translational medicine studies have
indicated that information implied by the changing complex-
ity of physiological signals can be used to evaluate the overall
health of a human body [18–21]. As stated in the related liter-
ature, the human body’s physiological signals are influenced
bymultiple temporal and spatial scales and exhibit fluctuating
complexity characteristics. The degree of complexity fluctua-
tion declines with age, disease, and aggravation of disease [19,
21]. Thus, we proposed the following 2 basic hypotheses: (1)
OSA patients administered only PSG without treatment will
experience declining complexity fluctuations in physiological
signals because of repeated apnea and hypoxia during all-
night sleep, and (2) patients administered PSG and CPAP
therapy simultaneously will experience increased complexity
fluctuations in physiological signals because of improved
apnea or hypopnea.

Therefore, this study administers first-time and one-night
CPAP therapy to patients with moderate to severe untreated
OSA and explores the improvement of autonomic functions
and overall health status after one-night CPAP treatment.

2. Materials and Methods

2.1. Study Population. This study was reviewed and approved
by the Institutional Review Board of Chang Gung Memorial
Hospital, Kaohsiung.Data collection andmeasurementswere
conducted at the hospital’s Sleep Center fromDecember 2010
to February 2012. The participant exclusion criteria were
healthy subjects or patients with mild OSA who indicated
an apnea-hypopnea index (AHI) of less than 15 events per
hour, patients who had previously undergone CPAP therapy
or otolaryngologic surgery, and patients with a history of
cardiac arrhythmias, congestive heart failure, myocardial
infarctions, ischemic heart disease, stroke, diabetes mellitus,
and other sleep disorders, such as central sleep apnea (CSA),
restless limb syndrome (RLS), periodic limb movement dis-
order (PLMD), and chronic obstructive pulmonary disease
(COPD). After screening subjects using these criteria, we
recruited 35 patients with moderate to severe untreated OSA.
The subjects were divided into 2 groups, where 22 received
only baseline PSG (Group 1) and the other 13 with similar
OSA severity revealed by previous baseline PSG receiving
first-time CPAP titration therapy (Group 2).

2.2. PSG and CPAP Treatment. A Sandman SD32+ Digital
Amplifier (Embla, Colorado, USA) was used to conduct PSG
measurements. The participants’ sleep stage was recorded at
30-s intervals, and respiratory events were identified by expe-
rienced technicians [22]. Apnea was defined as the absence
of airflow for at least 10 s. Hypopnea was defined as a 50% or
more reduction of the respiratory airflow and a 3% or more
decline in blood oxygen concentrations, or the wakening
from sleep caused by these conditions. AHI was defined as
the total number of apneas and hypopneas per hour of sleep.
We performed CPAP therapy using an automatic pressure

adjusting machine GoodKnight 420E (Nellcor Puritan Ben-
nett, California, USA). The total sleep time for all subjects
was at least 4 h. Therapy was considered effective for subjects
who simultaneously received PSG measurements and CPAP
therapy if they showed an AHI of less than 5 events per hour.

2.3. Study Protocol. The period for PSG data collection and
measurement was from 10:00 PM to 06:00AM the next
morning. Before PSG, we conducted questionnaire surveys
with the subjects regarding their basic information and
disease history and requested that they complete an informed
consent form. Subsequently, the physicians explained the
experimental procedure to the subjects. Finally, experienced
sleep technicians prepared and installed instruments for the
PSGmeasurements andCPAP therapy.The subjects of Group
1 received standard PSGmeasurements, whereas the subjects
in Group 2 received both PSG measurements and CPAP
therapy. After the examination instruments were set up, the
patient lied down in a supine position quietly and awake for at
least 5min. Then 5min of stable pulse signals were obtained
for analysis using an air pressure sensing system (APSS) as
previously described [23, 24]. The pulse signals in the next
morning were obtained in the same manner just after the
sleep study was conducted.

2.4. Heart Rate Variability and Short Time Multiscale Entropy
Computation. We applied a Fast Fourier transform (FFT)
to the extracted 5-min pulse signals and computed the
frequency-domain HRV parameters based on different fre-
quency bands. Total powerwas defined as the energy between
0 and 0.4Hz.Thevery low-frequency power (<0.04Hz,VLF),
low-frequency power (0.04–0.15Hz, LF), high-frequency
power (0.15–0.4Hz, HF), and normalized LF power were
calculated based on the LF/(total power − VLF), and the
normalized HF was calculated using the HF/(total power −
VLF) [25]. Extant studies have indicated that nLF is related
to sympathetic activity, nHF is related to vagal activity, and
LF/HF represents sympathovagal balance [26]. Therefore,
this study used the nLF, nHF, and LF/HF indicators to
evaluate changes in the autonomic functions of the subjects
before and after CPAP therapy.

The short time multiscale entropy (sMSE) is a modified
MSE [18, 21] approach of computation that enables the use
of large scale factor for analysis on data acquired through
a shortened time period. The basic concept is the creation
of different time series through removing a small number
of recordings from the beginning without affecting the
overall trend and complexity of the acquired signals. The
acquired time series then undergo sample entropy (𝑆

𝐸
) [18]

computation with steady values of entropy obtained.
Through altering the number of lag from 0 to 𝐿 (where
𝐿 = 𝜏 − 1, 𝜏 = coarse-grained scale factor) on the native time
series in (1), a new time series, 𝑇(𝑝), can be obtained in (2).
Thus, the number of new time series generated is 𝐿 + 1:

𝑇
𝑁
= {𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑁−1
, 𝑋
𝑁
} , (1)

𝑇
(𝑝)
= {𝑋
𝑘
, 𝑋
𝑘+1
, 𝑋
𝑘+2
, . . . , 𝑋

𝑁−1
, 𝑋
𝑁
} ,

𝑘 = 𝑝 + 1, 𝑝 = 0, 1, 2, . . . , 𝐿.

(2)
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The 𝐿 + 1 time series acquired then undergo coarse-grained
processing with a scale factor 𝜏 in (3), giving the time series
of 𝑦(𝑝)(𝜏). Hence,

𝑦
(𝑝)(𝜏)

𝑗
=
1

𝜏

𝑗𝜏+𝑝

∑

𝑘=(𝑗−1)𝜏+1+𝑝

𝑋
𝑘
,

1 ≤ 𝑗 ≤ ⌊
𝑁 − 𝑃

𝜏
⌋ , 𝑝 = 0, 1, 2, . . . , 𝐿.

(3)

The 𝐿 + 1𝑦(𝑝)(𝜏) are then subjected to sample entropy
computation and averaged, giving MSE

𝜏
of scale factor 𝜏 in

sMSE
𝜏
=
1

𝐿 + 1

𝐿

∑

𝑝=0

S
𝐸
(𝑦
(𝑝)(𝜏)
) . (4)

2.5. Statistical Analysis. The results are expressed as mean ±
standard error (SE). All statistical tests were performed using
SPSS software, version 14.0 (SPSS Inc., Chicago, IL). The
differences between Groups 1 and 2 were assessed using a
Mann-Whitney𝑈 test. The differences in the HRV and sMSE
parameters before and after the experiment were examined
using a Wilcoxon test. Statistical significance was defined as
𝑃 < 0.05.

3. Results

Table 1 shows the demographic information of the subjects
in Groups 1 and 2. No statistical differences in age, height,
weight, BMI, neck circumference, and waist circumference
were observed between the 2 groups. Regarding the baseline
AHI, although the subjects in Group 2 possessed a higher
AHI compared to that of the subjects in Group 1 (62.68±5.77
versus 51.60 ± 5.75), no statistical difference was exhibited
(𝑃 = 0.212).

Figure 1 shows the changes in nLF and nHF for Groups
1 and 2 before and after sleep. Figure 1(a) shows that Group
1 experienced a significant pre- to postexperiment increase
in the nLF indicator (0.39 ± 0.03 versus 0.49 ± 0.03, 𝑃 =
0.005), whereas nHF declined significantly (0.61±0.03 versus
0.51 ± 0.03, 𝑃 = 0.005). Figure 1(b) shows that Group 2 did
not exhibit significant pre- and postexperiment changes in
the nLF (0.43 ± 0.05 versus 0.44 ± 0.04, 𝑃 = 0.701) and nHF
(0.57 ± 0.05 versus 0.56 ± 0.04, 𝑃 = 0.743) indicators.

Figure 2 shows the changes in LF/HF for Groups 1 and
2 before and after the sleep experiment. Group 1 exhibited a
significant increase in LF/HF after the experiment (0.72±0.09
versus 1.11 ± 0.11, 𝑃 = 0.006), whereas Group 2 showed
no significant difference in their pre- and postexperiment
measurements (0.94 ± 0.18 versus 0.96 ± 0.19, 𝑃 = 0.917).

Table 2 shows the comparison of sMSE values in each
scale for Groups 1 and 2 before and after the experiment.
For Group 1, only sMSE

1
declined significantly (1.89 ± 0.07

versus 1.69 ± 0.07, 𝑃 = 0.017); the other scales exhibited no
significant changes. Regarding the pre- and postexperiment
differences for Group 2, the sMSE

1
(1.61 ± 0.08 versus 1.76 ±

0.07, 𝑃 = 0.002), sMSE
2
(1.70 ± 0.06 versus 1.89 ± 0.08,

𝑃 = 0.013), and sMSE
3
(1.65 ± 0.06 versus 1.73 ± 0.06,

𝑃 = 0.039) indicators showed significant increases.

Table 1: Basic participant information.

Group 1 Group 2 𝑃 value
Number 22 13 N/A
Age (years) 50.32 ± 2.44 53.77 ± 3.95 0.437
Height (m) 1.68 ± 0.01 1.68 ± 0.02 0.839
Weight (kg) 76.73 ± 2.64 85.39 ± 3.84 0.064
BMI (kg/m2) 27.20 ± 0.85 30.02 ± 1.17 0.056
Neck circumference (cm) 40.01 ± 0.68 41.57 ± 0.76 0.074
Waist circumference (cm) 97.65 ± 2.33 104.69 ± 3.03 0.153
AHI (events/hour) 51.60 ± 5.75 62.68 ± 5.77 0.212
Data are expressed as mean ± SE. Variables were compared by using Mann-
Whitney 𝑈 test, with a 𝑃 < 0.05 showing statistical significance. BMI: body
mass index, AHI: apnea-hypopnea index.

4. Discussion

InWestern countries, approximately 4% of middle-aged men
and 2% of middle-aged women develop OSA [27]. In recent
years, people in Taiwan have developed an understanding
of OSA and have begun emphasizing this condition. Based
on the situations we encountered at the hospital’s outpatient
visits and the Sleep Center, most patients were unaware
of their symptoms. These patients only sought treatment
because their partner or others haddiscovered the occurrence
of apnea or severe snoring when they slept, or because
they experienced symptoms such as day-time hypersomnia.
Because they could not perceive these symptoms, the major-
ity of the patients did not realize that they had moderate or
even severe OSA until they underwent PSG examinations.
However, determining the presence and severity of OSA
requires a full night of PSG examinations. Additionally,
patients are often required to wait for 3 to 6 months to
receive PSG examinations due to the fact that there are
only a limited number of instruments and resources in
Taiwan. Nevertheless, when a OSA diagnosis is confirmed,
the majority of patients are administered PSG and CPAP
therapy simultaneously to observe the therapeutic effects of
CPAP therapy and thus allows physicians to advise patients
regarding subsequent treatments.Therefore, we collected and
analyzed data frompatients with untreatedOSA.The patients
were divided into Group 1 (first-time PSG examination)
and Group 2 (second-time PSG examination with CPAP
therapy). The frequency-domain HRV parameters and the
sMSE indicator were used to analyze whether autonomic and
complexity changes were exhibited by the 2 groups of subjects
after undergoing CPAP therapy.

Because the subjects in Group 1 received PSG only,
they continued to experience repeated apnea or hypopnea
during sleep, which led to intermittent hypoxia and sleep
fragmentation. Consequently, these patients were susceptible
to symptoms such as higher blood pressure [28, 29], increased
oxidative stress [30–32], and excessive sympathetic activity
[33, 34]. Figure 1(a) shows that the subjects in Group 1 exhib-
ited a significant increase in nLF (representing sympathetic
activity) after one night. By contrast, the nHF (representing
vagal activity) decreased significantly. These phenomena not
only correspond to that reported by previous studies [33], but
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Table 2: Differences in the sMSE indicator before and after the sleep experiment.

Group 1 Group 2
Before sleep After sleep 𝑃 value Before sleep After sleep 𝑃 value

sMSE1 1.89 ± 0.07 1.69 ± 0.07 0.017 1.61 ± 0.08 1.76 ± 0.07 0.002
sMSE2 1.88 ± 0.07 1.76 ± 0.07 0.158 1.70 ± 0.06 1.89 ± 0.08 0.013
sMSE3 1.71 ± 0.07 1.63 ± 0.06 0.115 1.65 ± 0.06 1.73 ± 0.06 0.039
Data are expressed as mean ± SE. Variables were compared by using Wilcoxon test, with a 𝑃 < 0.05 showing statistical significance.
sMSE1: Sample entropy for each of the coarse-grained time series can be obtained and plotted against the scale factor 1.
sMSE2: Sample entropy for each of the coarse-grained time series can be obtained and plotted against the scale factor 2.
sMSE3: Sample entropy for each of the coarse-grained time series can be obtained and plotted against the scale factor 3.
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Figure 1: Patients with moderate to severe OSA were divided into 2 groups, and their autonomic activity changes before and after the sleep
experiment were compared using the nLF and nHF indicators. (a) Group 1 received PSG measurements only and (b) Group 2 received PSG
measurements and CPAP therapy simultaneously.

they also indicate that the subjects in Group 1 experienced
sympathovagal imbalance caused by substantial changes in
sympathetic and vagal activities after one night of repeated
apnea or hypopnea (Figure 2).

Previous studies have confirmed that long-term CPAP
therapy can reduce the risk of developing cardiovascular
disease [9, 35]. Drager et al. [10] reported that the intima-
media thickness (IMT) and carotid-femoral pulsewave veloc-
ity (cfPWV) indicators of patients with severe OSA who
received 4 months of CPAP therapy exhibited a significant
decline compared to that for patients who did not receive
CPAP therapy. In addition, CPAP therapy can effectively
reduce OSA patients’ blood pressure [36, 37] and improve
their sympathovagal balance [13, 15, 34]. These studies not
only verified that long-term CPAP therapy improves the
physical health of patients with OSA but also explored the
influence that long-term CPAP therapy has on other aspects,
such as vascular health and nervous system function. Unlike
most studies investigating the long-term effects of CPAP
therapy, Kufoy et al. found that overnight CPAP therapy can
significantly alter the SDNN indicator of patients with severe
OSA. Therefore, based on this finding, we used frequency-
domain HRV and the sMSE indicator to analyze the subjects

in Group 2. For measurement convenience, to conserve time
and to prevent different sleep stages from influencing the
HRV analysis [38], we did not analyze the subjects’ overnight
RRI series as Kufoy et al. did; instead, we extracted 5min of
stable pulse signals before and after sleep. The signals were
used to evaluate whether CPAP therapy caused between-
subject differences.

Our results indicated that the subjects in Group 2 showed
no significant changes in sympathetic and vagal activities
following a single night of CPAP therapy (Figure 1(b)). The
sympathovagal indicator of LF/HF also remained unchanged
(Figure 2). This result showed that CPAP therapy effec-
tively inhibited the excessive sympathetic activity induced
by hypoxia compared to that for the subjects in Group 1
[34].Therefore, we found that first-time and overnight CPAP
therapy can improve patients’ sympathovagal imbalance,
which is an effect similar to that of long-term therapy
[13, 15, 34]. Furthermore, a previous study conducted an
experiment where CPAP therapy was discontinued for 2
weeks for patients with OSA undergoing long-term therapy
[39].The results showed that the patients’ morning heart rate
had increased significantly on day 1 and continued rising over
time without the therapy. The patients’ sympathetic activity
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Figure 2: The sympathovagal balance changes of the subjects in
Groups 1 and 2 before and after the sleep experiment.

also exhibited a gradual increase. Combining our findings
with those reported by extant study [39], we contended that
the first night of CPAP therapy can improve patients’ sympa-
thovagal imbalance. This reinforces the importance of regu-
larly receiving CPAP therapy, which helps physicians advise
OSA patients to receive CPAP therapy and increases patient
willingness to undergo regular long-term CPAP therapy.

In addition to employing traditional frequency-domain
HRV parameters to explore changes in autonomic functions,
we introduced the concept of complexity in physiological
signals. A number of studies have indicated that the infor-
mation implied by these signals can be used to evaluate
the overall health of our physiological systems [18–21]. The
sMSE algorithm, which integrates multiscale and sample
entropy concepts, used in this study was previously employed
for research regarding various diseases, such as Alzheimer’s
disease [40, 41], heart failure [19, 42], and diabetes mellitus
[21, 43]. These studies have confirmed that the effects of
disease onphysical health can result in decreasing complexity.
Furthermore, an extant study applied sample entropy to RRI
series during sleep to evaluate the HRV changes of OSA
patients and healthy people. The results not only indicated
that OSA patients’ sample entropy values were lower than
those of healthy people [44], but also showed that the dete-
rioration in the OSA patients’ overall health status according
to the previous studies [18, 19]. Meanwhile, sMSE was used
to evaluate the complexity fluctuations in the cardiovascular
systems of patients who underwent carotid stenting surgery
[45]. Through sMSE, the scholars observed a significant
increase in the patients’ 1-h postoperative and 1-day postoper-
ative physiological complexities.However, conventionalHRV
parameters cannot show postoperative changes.This explains
why when evaluating changes in the cardiovascular system,
sMSE provides more information compared to conventional
HRV parameters, and can accurately reflect rapid and drastic
changes in the cardiovascular system. The results in Table 2
show that the subjects in Group 1 exhibited a significant
decline in sMSE

1
after the experiment. By contrast, the

subjects in Group 2 who received CPAP therapy exhibited
significant increases in MSE

1
, sMSE

2
, and sMSE

3
. Such phe-

nomena support the hypotheses proposed in this study and
imply that the administration of CPAP therapy can induce
variations in the sMSE

2
and sMSE

3
indicators. This also

reflects the possible correlation of sMSE
2
and sMSE

3
with the

interaction between heart rate and respiration [18, 19]. From
the perspective of complexity, the decreasing complexity of
the subjects in Group 1 can be considered a deterioration in
their overall health status. Conversely, the subjects in Group
2 exhibited substantially increased complexity after receiving
CPAP therapy. This can be explained as follows: because
CPAP therapy reduces sleep apnea, patients’ overall health
status is improved.

5. Study Limitations

This study had a number of limitations that are worth
highlighting: (1) because of the SleepCenter’s limited number
of available instruments and related resources and strict
exclusion criteria, only 35 patients were included in this
study. (2) By attaching PSG measurement pads and wires
to the subjects, we extracted and analyzed 5min of stable
pulse signals before and after the experiment to reduce
the experiment time and avoid placing a greater burden
on the subjects after one night of experiment. Although
5min of data is relatively limited compared to the data of
other studies, the results can provide an equal reflection
of the differences between the patients who received CPAP
therapy and the patients who did not. (3) According to our
knowledge, this study was the first to evaluate the degree to
which CPAP therapy improves OSA patients’ overall health
status using the sMSE algorithm. Although the experimental
results validated the 2 hypotheses proposed in this study
and evidently showed the differing trends corresponding
to the presence and absence of CPAP therapy, complexity
comparisons with patients presenting mild OSA and healthy
people before and after receiving or not receiving CPAP
therapy were not conducted in this study. Thus, we hope to
recruit patients with varying severities of OSA and healthy
people to enlarge the sample size in future studies. We are
keen to further explore the physiological indicators related to
complexity and apply these indicators to clinically evaluate
the therapeutic effects of CPAP therapy for patients.

6. Conclusions

Based on the results of this study, we derived the following
2 primary findings: (1) considering autonomic functions,
patients who received PSG without CPAP therapy expe-
rienced significantly increased sympathetic activity, lead-
ing to an autonomic function imbalance, identical to the
results of previous studies. By contrast, CPAP therapy for
only one night, which is a comparatively short time, was
found to have reduced the patients’ sympathovagal imbal-
ance abnormalities. (2) Regarding the sMSE indicator for
evaluating the overall health status, overnight CPAP therapy
improved patients’ health status and increased the complexity
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of their physiological signals. Conversely, patients who did
not receive CPAP therapy exhibited a decline in complexity.
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The number of blastomeres of human day 3 embryos is one of the most important criteria for evaluating embryo viability. However,
due to the transparency and overlap of blastomeres, it is a challenge to recognize blastomeres automatically using a single embryo
image. This study proposes an approach based on least square curve fitting (LSCF) for automatic blastomere recognition from
a single image. First, combining edge detection, deletion of multiple connected points, and dilation and erosion, an effective
preprocessing method was designed to obtain part of blastomere edges that were singly connected. Next, an automatic recognition
method for blastomeres was proposed using least square circle fitting.This algorithmwas tested on 381 embryomicroscopic images
obtained from the eight-cell period, and the results were compared with those provided by experts. Embryos were recognized with
a 0 error rate occupancy of 21.59%, and the ratio of embryos in which the false recognition number was less than or equal to 2 was
83.16%. This experiment demonstrated that our method could efficiently and rapidly recognize the number of blastomeres from a
single embryo image without the need to reconstruct the three-dimensional model of the blastomeres first; this method is simple
and efficient.

1. Introduction

Since the first IVF baby was born more than 30 years ago,
IVF techniques have made considerable progress. However,
the efficiency of IVF remains low. Thus, a great challenge
that embryologists face is how to recognize the most viable
embryo for implantation. Currently, doctors can only pro-
vide a rough evaluation for the viability of embryos by
observing their morphological features using a microscope,
which is subjective and is often dependent on the individ-
ual experience of doctors [1, 2]. In addition, this artificial
method using visual observation is time-costly, and the
method provides a qualitative and not a quantitative result.
Computer-assisted automatic analysis of the embryo images
can provide a more accurate quantification, which not only
increases the objectivity to the process of selecting embryos
but also accelerates recognition [3–6]. In general, in the day
3 embryo images, there are several important morphological
indices for the evaluation of embryo viability: the number of

blastomeres, uniformity of blastomeres, and symmetry [7–
9]. In particular, the number of blastomeres on the third day
after fertilization is a notably important feature. van Royen et
al. [8] indicated that the day 3 embryos with good viability
have the following features: (1) the number of blastomeres is
more than 7; (2) the sizes of these blastomeres in one embryo
are similar; (3) the fragmentation percentage is low. On the
basis of these features, recognition of the number and relative
size of blastomeres using a computer can track the timely
development of blastomeres.

However, due to the transparency of blastomeres, over-
lap between blastomeres, and the ambiguity of the images
themselves, it is difficult to automatically analyze blastomeres
using a single embryo image. In addition, because embryos
are three-dimensional, their images cannot well reflect the
outlines, location, and other important information of blas-
tomeres. To obtain the number, size, and location of blas-
tomeres, Giusti et al. [10] reconstructed the 3D shape of
the blastomeres from multiple images obtained in different
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Figure 1: The flow chart of the preprocessing algorithm.

focuses. However, reconstruction of the 3D model was rela-
tively complicated and required a number of embryo images
obtained in different focuses for each embryo. Pedersen
et al. [11] proposed a 3D reconstruction algorithm, but it
required manual segmentation of the 2D equator contours
of the blastomeres. Ning et al. [12] recognized the cells by
analyzing the embryo’s video, which requires a long time.
There are also other studies that helped to evaluate the
quality of the embryos using the extracted multiple features,
including morphological features and clinical features [13–
16]. Recently, some researchers have employed the time-lapse
images to assess the human embryos [17, 18]. Because our
goal was to determine the number of blastomeres and not
to precisely extract the contours, the above methods were
complicated and required specific conditions. To the best of
our knowledge, there has been no related research on the
recognition of blastomeres by only using one embryo image.
To this end, we aimed to automatically recognize the number
of blastomeres from only the one day 3 embryo image after
fertilization.

First, edge curves were obtained by effectively combining
edge detectors, multiconnected point detectors, and some
morphological operators; and the centers of the blastomeres
were obtained. Finally, the number of blastomeres was
obtained from an image using LSCF combined with two
constraint conditions on blastomeres, including the upper
limit of the blastomere size and the blastomere location. This
proposed method only requires obtaining some edge curves
and avoids the complicated 3D reconstruction of blastomeres.

2. Obtaining the Outlines of Blastomeres

The edges or part of the edges are very important for
blastomere recognition. It is necessary to perform image
preprocessing to obtain part of the edges before circle fitting.
Every arc after preprocessing should be singly connected.
With a large number of experiments, we developed a prepro-
cessing method involving the following steps.

(1) After filtering the gray image, the blastomere edges
were obtained using the canny operator; however, the
image may contain some noise and fragments, which
should be deleted in the following steps.

(2) Deletion of the multiconnected points and their
domain, and the subsequent deletion of the formed
short arcs that contain a small number of points.
Multiconnected points refer to those that have more

than three connecting directions. Only the single-
connected arcs have a role for the fitting circle, such
that the multiconnected points should be removed.
In addition, the definition of a short arc is important
because it will affect the fitting result. It is necessary
to emphasize that multiconnected points should be
recorded when they are deleted for the first time,
such that they can be deleted for another time after
performing the dilation thinning operation, which
will make some turning points or multiconnected
areas become smooth, and cannot be easily deleted by
the detected turnings.

(3) Deletion of the turning points of the single-connected
arcs and recording.

(4) Dilation thinning method. In the original image, a
portion of edges were too wide to produce two nearly
parallel arcs such that the dilation thinning method
was necessary to reserve only one.

(5) Deletion of new multiconnected areas again and
those recorded previously.The same operation will be
performed on the turning points.

The flow chart of the preprocessing algorithm is shown in
Figure 1. With the above processing, the arcs were ensured to
be singly connected and well prepared for circle fitting in the
next step.

3. Circle Fitting

The shape of the blastomeres was round, such that it was
reasonable to perform circle fitting for each blastomere. Due
to the ambiguity of the blastomere edge, we could not ensure
that there was a one-to-one correspondence between the
fitting circle and the true blastomere because it was possible
that more than one arc corresponded to the same circle, even
though the fitting circle was nonexistent or wrong. Thus,
some constraints were required to be established to exclude
the unreasonable fitting circles. The flow chart for fitting
could be observed in Figure 2. The main idea of blastomere
recognition was to first remove the abnormal arcs via circle
fitting with some constraints and then to judge whether the
candidate arcs belonged to the same circle.

First, the whole fitting circle from the singly connected
arc within the image according to the radius was assessed
because the whole embryo usually completely appears in an
image. If there are only parts of the circle that are in the
image, we will delete the circle and remove the corresponding
arc; otherwise, we will assess whether the arc belongs to
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the same type arcs, which correspond to the same circle. Let
𝑆 denote the pass arc sets in which each arc corresponded
to a different circle. If the arc is the same type as one arc in
set 𝑆, it was merged with the same type arc; if not, then the
new arc was added in the set 𝑆.The abovemanipulations were
repeated until all of the candidates were confirmed. However,
theremay be some important issues, that is, how to determine
whether two arcs belong to the same type. To address this
problem, we developed three determinant conditions: (1) the
centers of the two arcs of the same type should be near each
other; (2) their radii should have a similar size; and (3) their
corresponding sectors do not largely overlap.

3.1. Least Square Fitting. In this study, we employed the least
square fitting method to fit the blastomere shape; with the
optimization technique, we found the best matching func-
tion, which corresponded to a group of points by minimizing
the square sum of error.

3.2. Removing the Abnormal Circles. After clipping and resiz-
ing the original image, embryos were usually located in the
center of the image. To exclude the abnormal circle that was
fitted wrongly, we introduced one constraint for the fitting
circle. We examined whether the whole circle was within the
image, which indicated that the circle should not be out of the
range of the image. First, the distances between the center of
the circle and the four edges of the image were determined.
Next, these distances were compared with the radius of the
circle. If the difference between any distance and the radius
was less than a specific threshold, then the fitting circle was
deleted.The recognition result with the constraint is shown in
Figure 3. The original image is shown in Figure 3(a), and the
singly connected arcs obtained are shown in Figure 3(b). The
fitting results without and with the constraint, respectively,
are shown in Figures 3(c) and 3(d). It was also observed that

the leftmost circle in Figure 3(c) was removed according to
the morphology and location features of the blastomeres.

3.3. Determination of “the Same Type of Arcs”. After prepro-
cessing, we obtained many singly connected arcs and two or
more arcs may come from the same blastomere edge. These
arcs are known as “the same types of arcs.” To determine
if two arcs are of the same type, the following steps are
required. First, the distance between the two centers of circles
confirmed whether it was sufficiently small, and then the two
radii were inspected to determine whether they were similar.
If these two cases were established, then the two sectors
corresponding to two arcs were evaluated to determine any
overlap. If there was no overlap, then the two arcs were
defined as “the same type of arcs.” Thus, the corresponding
sector of each arc was required to be indicated.

As shown in Figure 4, in the 𝑥, 𝑦 coordinate system, the
radius was rotated a period clockwise from the 𝑥-axis. Thus,
any point 𝐴 in the circle could be represented by an angle
𝜃 (𝜃 ∈ [0, 2𝜋)), and any arc𝐵𝐶 could be uniquely represented
as (𝛼, 𝛽), where 𝛼 corresponded to the starting point 𝐵, and
𝛽 corresponded to the finishing point 𝐶.

For any arc, it was necessary to determine its starting
point (clockwise), and this could be realized by inspecting
the pixels in the local region centered at point 𝐴, as shown
in Figure 4. If a point demonstrated only one neighbor pixel
among their 8-neighborhood, it indicated the endpoints of
the arc. Next, we determined the location of the quadrant of
each endpoint. If it was located in the first quadrant, then we
examined whether there were pixels in the label number 4,
5, or 6 in the 8-neighborhood. If these pixels existed, then
this endpoint was the starting point; otherwise, it was the
terminal point. Similarly, the starting point and endpoint
could be determined in the other three quadrants. Next, the
parameters 𝛼 and 𝛽 could be computed using the gradient
of the two points. Finally, we determined whether the two
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Figure 3: The recognition result of blastomeres under imposing the constraint.
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sectors corresponding to two arcs overlapped by comparing
the two angles 𝛼 and 𝛽.

4. Experiments and Analysis

4.1. Parameter Setting. Preprocessing of the embryo image
and the circle fitting involved some parameters. We per-
formed experiments to select these parameters. In this study,
we uniformly resized the image as 200 × 200 pixels, and
the values of some important parameters were established
by many studies. (1) When deleting the very short arcs after
removing the multiconnected points for the first time, arcs
whose pixels were less than 30 were removed. For the second
time, the threshold was 20. For the last time deleting the short
arcs, the threshold was 15. (2) When restricting the size of
the candidates, the circles whose radii were between one-
eighth of the row or column numbers of the original image,

one-third of the radius of the fitting circle were reserved. (3)
When eliminating the wrong circle candidates, apart from
examining if two corresponding arcs are of the same type, it is
also important to determine whether the entire fitting circle
was within the image. Thus, a comparison of the distances
between the center of the circle and the four edges of the
image is required. In general, the circle is completely within
the image, andwe established theminimumdistance between
the center and the edges of the image as 2. If the value of the
distance parameter was too large, then some circle candidates
near the image edge may be missed; otherwise, some false
circles with large radii may not be removed.

4.2. Experiments andDiscussion. Weperformed experiments
on 381 embryo images from the Assisted Reproductive
Medical Center of Navy General Hospital, PLA. Blastomere
number identification results from one embryo image are
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Figure 5: The result of the blastomere number identification. (a) Original gray embryo image; (b) preprocessing result; (c) number
identification result.

shown in Figure 5. All blastomeres in the image were recog-
nized using ourmethod, and the recognition error in number
was 0.These results showed that ourmethod could accurately
identify the number of blastomeres to some extent, although
some fitting circles were larger than the corresponding real
blastomeres.The reasonmay be that the blastomere shapewas
not truly round.However, this did not affect the identification
number and the relative location of the blastomeres.

We compared ourmethodwith a classical circle detection
method based on Hough transform [19], that is, Hough
transform-based method. Figure 6 shows the detection
results of the differentmethods.The first row shows 5 embryo
images randomly chosen from 382 images. The second row
shows the recognition results of the Hough transform-based
method, and the third row shows the results of our method.
In each column, the original image, the recognition results
from the different methods are shown from top to bottom.
The fitting circles were marked in blue, and the edges of the
undetected blastomeres were manually depicted in red.

We regarded the assessment of the embryologists as
the gold standard, and the number of blastomeres in the
images from left to right was 8, 7, 8, 10, and 7, respectively.
Corresponding to these original images, the recognition
results of the Hough transform-based method were 6, 6, 4, 8,
and 5, respectively, and the error numbers were 2, 1, 4, 2, and
2, respectively. As can be seen the Hough transform-based
method usually missed some blastomeres, and sometimes
this is very serious, for example, as in the fourth image. As
for the proposed method, the recognition results were 8, 6, 7,
8, and 6, respectively, and the error numbers were 0, 1, 1, 2,
and 1, respectively. For the first image, the blastomeres were
equal in size and symmetrical. Although the two blastomeres
in the middle were slightly vague, our method could reserve
part of their edges and finally provided the correct circle. For
the second image, only one blastomere was not recognized
and this might be due to the overlap between blastomeres
and impurities; the edges of the undetected blastomere were
deleted by mistake in the preprocessing stage. For the third
image, due to the existence of fragmentation, the blas-
tomere edges in the upper right corner were removed with

the fragments near the blastomere. Thus, this blastomere
was omitted. For the fourth image, the development of this
embryo was rapid such that the number of blastomeres was
relatively large.There were two blastomeres missing and thus
could not be detected. The reason was that the boundary of
one blastomere was not very sharp for detection even in the
first process of edge detection, and the boundary of the other
blastomere was cut into very short arcs by the neighboring
blastomeres. For the last image, due to the cover of a large
blastomere, a small blastomere could not be recognized.

A comparison of our automatic algorithm with the
Hough transform-based method on all embryo images was
performed. Table 1 lists the recognition results.

From Table 1, the Hough transform-based method had
a low recognition rate for the blastomere recognition, and
the false recognition number more than 2 was 66.09%. The
reason is that the Hough transform-based method is suscep-
tible to the influence of the object illumination and intensity
inhomogeneity of images, and it would be impossible to
detect circles in complex images. For our method, there were
82 images in which the blastomeres were all recognized and
the number of false detection was 0, occupying 21.59%; 146
images with 1 blastomere undetected, occupying 38.27%; and
89 embryo images with 2 blastomeres undetected, occupying
23.30%. This indicated that images with equal to or less than
2 blastomeres incorrectly recognized accounted for 83.16%.
It can be seen from Table 1 that the recognition rate of our
model is higher than that of the Hough transform-based
method as a whole. However, the proposed method still
fails to recognize a small number of blastomeres, which was
mainly caused by a false-negative judgment. The relatively
large differences in the details between embryo images
resulted in its difficulty in some parameters in the prepro-
cessing to adapt to all images. In addition, our method was
based on a single 2D embryo image to recognize blastomeres,
and this 2D image was not able to fully reflect the 3D
information of embryos. However, this method could still
identify the vast majority of blastomeres. Furthermore, it
exhibits a low complexity, small amounts of computation, and
a fast recognition speed. In particular, this method showed
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Figure 6: The blastomere recognition results of the different methods. Row 1 shows original embryo images; Rows 2 and 3 show the
recognition results of the Hough transform-based method and our method, respectively. The fitting results of the different methods are
shown in each column.

Table 1: The blastomere recognition rate (%) of the different
methods.

Numbers of blastomeres
recognized incorrectly

0 1 2 >2
Hough transform-based
method 6.30 10.88 16.73 66.09

Proposed method 21.59 38.27 23.30 16.84

good recognition performance in the embryo images in
which the boundary was relatively clear. Thus, this method
is very meaningful and helpful in blastomere recognition,
which can assist in human labor, due to the percentage of
embryo images with less than 2 undetected blastomeres in 8-
cell stage.

5. Conclusions

The number of blastomeres on day 3 is a very important
morphological index for evaluating the quality of an embryo.
Currently, the embryologists’ subjective observation is usu-
ally the deciding factor. Related studies on the automatic
recognition of the number of blastomeres using an embryo
image have been limited. In this study, we proposed an

automatic method for the recognition of the number of
blastomeres on day 3 based on LSCF, which does not first
require the reconstruction of the 3D model of blastomeres.
In addition, it can efficiently recognize the blastomeres
using a single embryo image. Images with no undetected
blastomeres occupied 21.59%, and images with less than 2
undetected blastomeres occupied 81.36%, which meets the
clinical requirement. If our method is combined with images
obtained in different focuses, then the recognition accuracy
is expected to be greatly enhanced.
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Scalp soft tissue expansion is one of the key medical techniques to generate new skin tissue for correcting various abnormalities
and defects of skin in plastic surgery. Therefore, it is very important to work out the appropriate approach to evaluate the increase
of expanded scalp area and to predict the shape, size, number, and placement of the expander. A novel method using finite element
model is proposed to solve large deformation of scalp expansion in this paper. And the procedure to implement the scalp tissue
expansion with finite element method is also described in detail. The three-dimensional simulation results show that the proposed
method is effective, and the analysis of simulation experiment shows that the volume and area of the expansion scalp can be
accurately calculated and the quantity, location, and size of the expander can also be predicted successfully with the proposedmodel.

1. Introduction

3D imaging has been widely applied in the current plastic
and reconstructive surgery. Noninvasive computed tomog-
raphy (CT), magnetic resonance imaging (MRI), and three-
dimensional laser scanning are increasingly used to generate
tissue structural views for 3D anatomical model [1] to assess
facial growth [2, 3], facial expressions [4, 5], facial asymmetry
of cleft lip and palate patients [6], and facial reconstruction
[7]. This kind of techniques is also expected to model
the reconstruction accurately and to make plastic surgery
planning as a truly interactive procedure. Many literatures
have also shown that various 3D skeleton models have been
made inmaxillofacial surgery. During a planning process, the
simulation of osteotomy can be checked by the computer-
aided design (CAD), where the actual lines of osteotomy can
be clearly identified with the help of CAD.

However, the assessment of soft tissue in the plastic
surgery is more difficult than bones due to the biomechanical
properties of soft tissue, such as nonhomogeneous, quasi-
incompressible, and nonlinear plastic-viscoelastic material
properties. Therefore, computer-aided based soft tissue
expansion technique is introduced into three-dimensional

imaging to assess the structure of soft tissue. Skin soft tissue
expansion technique (as shown in Figure 1) is also one of
the key medical techniques in surgery planning, which is
used to generate new skin flaps for correcting various skin
abnormalities and defects. Therefore, it is widely applied
in many fields such as plastic and reconstructive surgery,
cosmetic surgery, and reparative and reconstructive surgery.
It is also very useful and practical in the treatment of soft
tissue defects in the head and facial area. Meanwhile, it
is critical for a successful surgery planning to effectively
select the shape, size, number, and buried location of the
expander according to the practical state of the defect skin.
Because inadequate expanded flap size may result in failure
of covering the skin defect without enough tension and
overexpanded flap size means wasting tissue, Ji et al. [7]
obtained the data of the scar excision in a child with burned
injuries and the expanded cervicofacial flap by using a 3D
digital scanner. The proposed result shows that the scar area
planned for excisionmatches the area of the face and anterior
neckwith tissue expansionwell. But the result is of theoretical
value, and the influence of biomechanical properties of soft
tissue has not been considered during the whole procedure,
such as wound retraction and flap shrinkage.
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Figure 1: Skin soft tissue expansion surgery.

So far, the accuracy of operation still mainly relies on
the surgeon’s clinical experience accumulated from long-term
practices. It is quite subjective and unstable. To solve the
problems well, simulation of tissue deformation during its
expansion process can provide an additional modality to
improve the mission success rate in tissue expansion surgery,
so it will be discussed in detail in this paper. The main
purpose of this study is to find out the appropriate approach
to obtain more accurate data considering wound retraction
and flap shrinkage after removing the tissue expanders in
surgery, which is based on the images generated from CT
scans. The CAD-based mathematical model is then to be
constructed to simulate the process of the surgery, which
consisted of selecting the proper expanders, removing the
tissue expanders, and covering the soft tissue defect with the
expanded flaps.

In Figure 1(a), there is a practical example of two liquid
expanders implanted into the patient’s head; what is shown
in Figure 1(b) is the healed wound after removing expanders.

The rest of this paper is organized as follows. Section 2
provides the methods employed to simulate scalp soft tissue
expansion. Section 3 focuses on the experiments and the
discussion of the method and experiment results. Section 4
presents a conclusion and the future work.

2. Simulation of Scalp Soft Tissue Expansion
with Finite Element Method

Geometricmodel is the foundation of deformable simulation.
And three-dimensional model is widely used in the simula-
tion of medical tissue deformation. The scalp of the model
usually has a certain thickness. According to the structural
characteristics of the scalp, the thickness is set to 3.4mm [8].
Besides, the model of tetrahedral grids [9] is obtained by free
division method [10] using software Abaqus. The result is
shown in Figure 2.

Scalp expansion is a kind of deformation in large range
and nonlinear problem that contains geometric and material

issues [11]. In this paper, a dynamic finite element model is
introduced to solve the nonlinearity of the problem [12]. The
finite element theory based geometric equations and equilib-
rium conditions for small deformation are no longer suitable
due to the geometric nonlinearity. In general, there are two
main ways to describe large deformation problem, material
description (Lagrange description), and space description
(Euler description) [13]. At the initial time 𝑡

0
= 0, the

coordinate of number of 𝑖 points is 𝑋
𝑖
(𝑖 = 1, 2, 3) and

becomes 𝑥
𝑖
after motion at any time.Themotion of the point

can be represented by the following equation:

𝑥
𝑖
= 𝑥
𝑖
(𝑋
𝑖
, 𝑡) , 𝑖 = 1, 2, 3. (1)

The above equation is the Lagrange description used in
this paper that examines the movement and deformation
using the motion of a specific point. The configuration
of the object before deformation is already known and is
also as a reference model. The configuration of the object
after deformation is computed by finite element method.
Currently, the pair of second class Piola-kirchhoff stress
tensor and Lagrant-Green strain tensor is widely used to
express the energy item using finite element method to solve
nonlinear problem. This pair tensor takes initial configura-
tion as reference configuration.The solving steps of scalp soft
tissue expansion with finite element method are as follows.

2.1. Discrete and Equal Parameter Unit Interpolation. For
the initial configuration, its geometry of internal units is
interpolated with the coordinates of the unit points. Besides,
unit displacement is also obtained by the same interpolation
function as follows:
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Figure 2: Scalp model represented by tetrahedral grids.

where 𝑋𝑘
𝑖
is the coordinate of point 𝐾 before deformation

in the direction 𝑖, 𝑢𝑘
𝑖
is the displacement of the point 𝑘 in

the direction 𝑖, and 𝑚 is the number of the unit points. They
can be represented as vectors, 𝑋 = 𝑁𝑋

𝑒
and 𝑈 = 𝑁𝑎

𝑒
,

𝑁 = [𝑁
1
𝐼,𝑁
2
𝐼, . . . , 𝑁

𝑚
𝐼], where 𝐼 is a 3×3 unitmatrix and𝑁

is a 3×3𝑚 shape functionmatrix. Vector𝑋
𝑒
is the coordinate

vector of the initial unit point and 𝑎
𝑒
is the displacement

vector of the unit point. Both of them are 3𝑚 in dimension.

2.2. Derivation of Strain Matrix 𝐵. Strain matrix is repre-
sented by the strain tensor of Green in this paper. At first,
strain tensor of Green 𝐸 is represented by two parts, linear
part 𝐸

𝐿
and nonlinear part 𝐸

𝑁
. So, there are 𝐸 = 𝐸

𝐿
+𝐸
𝑁
and

𝐵 = 𝐵
𝐿
+ 𝐵
𝑁
. 𝐵
𝐿
is the transformational matrix between 𝐸

𝐿

and 𝑎
𝑒
; that is, 𝐸

𝐿
= 𝐵
𝐿
𝑎
𝑒
. 𝐵
𝑁
is the transformational matrix

between 𝐸
𝑁
and 𝑎
𝑒
, and 𝐸

𝑁
= 𝐴 ∗ 𝜃/2. The detailed solving

process of 𝐵
𝐿
and 𝐵

𝑁
is described as follows:
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where 𝜃 is a displacement gradient matrix, 𝜕𝑈/𝜕𝑋
𝑖
is a 3 × 1

matrix, and 0 represents a 3×1 zero matrix. And then 𝐵
𝑁
can

be calculated as in the following equation. That is 𝐵
𝑁
= 𝐴𝐺,

where 𝐺 is obtained by
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2.3. System Balance Equation. For a triangle composed of
three points, second class Piola-kirchhoff stress tensor can be
described as 𝑆 = [𝑆11 𝑆22 𝑆

33
𝑆
23

𝑆
31

𝑆
12]
𝑇. Physical force

load and surface force load are, respectively, represented as
𝑃
0
= [𝑃01 𝑃02 𝑃03]

𝑇, 𝑞
0
= [𝑞01 𝑞02 𝑞03]

𝑇. System balance
equation using virtual work equation is defined as

𝑐
𝑡
∫
𝑒
0

𝐵
𝑇
𝑆 𝑑𝑉 = 𝑐

𝑡
∫
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𝑃
0
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𝑡
∫
𝐴
𝑒0

𝑁
𝑇
𝑞
0
𝑑𝐴, (6)

where matrix 𝑐 combines displacement vector 𝑎
𝑒
of element

point with the total displacement vector 𝑎 of finite element
system via the equation of 𝛿𝑎

𝑒
= 𝑐𝛿𝑎. The balance equation

of the whole system can be defined as (7) and obtained by
adding the total unit balance equations given as (6)
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To solve (7), scalp constitutive model is needed to be
introduced and defined as follows [14]:

𝑊 =
𝑎

𝑏
{exp [𝑏

2
(𝐼
1
− 3)] − 1} ,
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1
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2

3
,

(8)

where 𝑤 represents strain energy density, 𝐼
1
represents the

first strain invariant, 𝜆
1
, 𝜆
2
, and 𝜆

3
are the stretch variables,

respectively, in directions 𝑥, 𝑦, 𝑧, and 𝑎, and 𝑏 represents
parameter 𝑠 of the expander. Because scalp constitutivemodel
is a superelastic material model and 𝑊 = 𝑊(𝐼

1
, 𝐼
2
, 𝐼
3
),

the scalp is defined as superelastic material in this paper.
Considering that external force has nothing to do with the
deformation path of the material, 𝐼

1
= 𝐸
𝑖𝑖
, 𝐼
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= [(𝐸
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)
2
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. For incompressible material,

𝐼
3
= 1. The constitutive equation with rate form can be

obtained by derivation of deformation variables
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where 𝑆


𝑖𝑗
is the derivation of time by second class Piola-

kirchhoff stress tensor, 𝐸
𝑘𝑙
is the derivation of time by Green

strain tensor, and𝐷𝑇
𝑖𝑗𝑘𝑙

is tangentmodulus tensor. For a three-
dimensional model, object region is 𝑉

0
and boundary is 𝐴

0𝑡
.

The equivalent nodal load 𝑅 of FEM system can be gotten
by combining𝐷𝑇

𝑖𝑗𝑘𝑙
with balance equation as described in the

following equation:

𝑅 = ∫
V
0

𝑁
𝑇
𝑃
0
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𝐴
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2.4. System Tangent Stiffness Matrix 𝐾
𝑇
. In general, it is dif-

ficult to obtain accurate stiffness matrix for nonlinear mate-
rial, so stiffness matrix can be replaced by tangent stiffness
matrix which is the curve tangent of stress-strain defined as
follows:

∫
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𝑀
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𝑆
and 𝐾

𝑀
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𝐿
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𝑁
. 𝐾
𝑀

is a
tangent stiffness matrix associated with constitutive matrix,
𝐾
𝐿
is a general small displacement stiffness matrix, 𝐾

𝑁
only

including a linear or quadratic term is caused by a large
displacement, and 𝐾

𝑆
is a tangent stiffness matrix by stress
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(12)

𝐷
𝑇
in formula (12) contacts unit stress tensor and strain

tensor, representing 𝑑𝑆 = 𝐷
𝑇
𝑑𝐸.𝐾

𝑆
can be calculated by (13)

𝐾
𝑆
= ∫
𝑉
0

𝐺
𝑇
�̃�𝐺𝑑𝑉, (13)

where 𝐺 is the transformation matrix of displacement gradi-
ent vector and unit nodal displacement vector.

2.5. Solving Equations by Newton Method

Step 1. Solving linear elastic problem 𝐾
𝐿
𝑎 − 𝑅 = 0, first

approximate solution 𝑎
1 is obtained. 𝑎 is the total displace-

ment vector of FEM system.

Step 2. Compute matrix 𝐴 from 𝑎
1 based on (4). Displace-

ment gradient vector 𝜃 = 𝐺𝑎
𝑒
. Compute 𝐸 through 𝛿𝐴𝜃 =

𝐴(𝛿𝜃) based on the definitions of 𝐴 and 𝜃. Then, compute 𝑆1
and 𝐵1 based on scalp constitutive model𝐷 and 𝑆 = 𝐷𝐸

Step 3. Get unbalanced force 𝜑 via the left part of (9a) minus
the right part of (9b). Get 𝜑1 through 𝑆1 and 𝐵1.

Step 4. Solve tangent stiffness matrix𝐾1
𝑇
with (11) to (13).

Step 5. Compute the correction of displacement via Δ𝑎1 =
−(𝐾
1

𝑇
)
−1

𝜑
1. Get second approximate solution 𝑎2 = 𝑎

1
+ Δ𝑎
1.

Step 6. Iteration on 𝑎
2 from Step 2 to Step 5 till 𝜑𝑛 is small

enough.

2.6. Conditions of Loading and Boundary. The expander
usually is set near the defect area of patient. The stress of the
scalp packaging expander is caused by liquid in expander and
the direction of stress is along the normal expander’s surface.
Therefore, the stress of scalp contact parts is the same as the
stress of expander, which is set as 30N/cm2 in this paper.
Besides, the expander is set as constant regular ellipsoid
whose triaxial proportion is 1.53 : 1 : 1. Suppose the volume of
the virtual ellipsoid is zero and the center point of the virtual
ellipsoid is at the center of specified area at the beginning.
During the scalp deformation, the ellipsoid expands and
its volume increases. The distance between the center point
and scalp surface is computed to decide the virtual ellipsoid
and scalp surface whether the virtual ellipsoid and the scalp
surface is contacted or not.

3. Experiments Result and Analysis

3.1. Experimental Result. The simulation is based on the large
deformation of scalp expansion and conditions of loading and
boundary above. Eight steps are set in software Abaqus and
the time of each step is 0.04 s. Initial state and main process
results of the 8 steps are shown in Figure 3.

3.2. Stress-Strain Analysis. The color in Figure 3 represents
the average stress distribution: red means the maximum and
blue means minimum. It is obvious that the stress is relatively
large in confined areas and the stress decreases from the top
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Figure 3: Continued.
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Figure 3: Results of scalp expansion simulation.

of scalp to the bottom of scalp. Five tetrahedrons are selected
and the average strain-time relationship of four points of each
tetrahedron is shown in Figure 4.

As shown in Figure 4, the stress of tetrahedron 1, 3, or 4
at the edge of area is larger than that of tetrahedron 5 from
0 s to 0.016 s. When the expander is implanted into head,
the downward stress from scalp is large, the strain of top
tetrahedron 5 is restricted, and tetrahedrons 1, 2, 3, and 4
around expand outward. Then, when the expansion strain of
the edge regional is growing and the volume of expander is
increasing, the expansion to the top of scalp becomes obvious.
Therefore, the strain of tetrahedron 5 increases faster than
that of tetrahedrons 1, 2, 3, and 4. With the restrictions of the
fixed scalp around, the strain of tetrahedrons 1 and 2 is quite

small. The strain of tetrahedron 3 is relatively large for the
corner position. The strain of tetrahedron 4 is neither large
nor small for the middle layer position.

3.3. Area Analysis. Before the expansion, coordinates of scalp
surface model are obtained at random.Then, these points are
connected in delta in real time using Delaunay triangulation
method [15] and the area of each triangle is computed. After
accumulation, the area of defect is 4266.04mm2 at last. The
process is shown in Figures 5 and 6.

With the process of calculation result by software Abaqus,
the area of scalp after deformation is shown in Table 1.

After removing the expander, skin shrinkage phe-
nomenon will occur.The part of shrinkage will be 30% based
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(b) Average strain-time relationship of (a)

Figure 4: Stress-strain analysis diagram.

(a) Sampling inside (Green point) (b) Sampling outside

Figure 5: Random sampling inside and outside the model.

Table 1: The area of scalp after deformation.

Step 𝑆 (mm2) Δ𝑆 (mm2) ∑Δ𝑆 (mm2)
0 117733.11 0 0
1 118504.79 771.68 771.68
2 119319.77 814.98 1586.66
3 120392.57 1072.8 2659.46
4 122278.13 1855.56 4545.02
5 123252.50 974.37 5519.39
6 123638.54 386.04 5905.43
7 124240.53 601.99 6507.42
8 124522.65 282.12 6798.54

on medical experience, so about 1.43 times more new skin is
needed. After the end of the experiment, the area is increased
to 6789.54mm2 which is 1.59 times of the defective area
(4266.04mm2). Considering the utilizable efficiency of new
skin, the surgery can be satisfied.

3.4. Volumetric Analysis. In order to estimate the volume
needed in the operation of scalp tissue expansion, each step
of deformation is processed by software and the volume is
shown in Table 2.

As Table 2 shows, the volume of head increases totally
442012.12mm3 (442.01212mL). It is almost equal to the vol-
ume of expander indeed. So, a 450mL ellipsoid expander is
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(a) Interactive sampling (b) Topology of sampling points

Figure 6: Getting area by interactive sampling in real time.

Table 2: The change of volume.

Step 𝑉 (mm3) Δ𝑉 (mm3) ∑Δ𝑉 (mm3)
0 3107136.50 0 0
1 3166015.68 58879.18 58879.18
2 3220374.85 54359.17 113238.35
3 3289162.78 68787.93 182026.28
4 3404764.16 115601.38 297627.66
5 3467026.40 62262.24 359889.9
6 3491925.98 24899.58 384789.48
7 3530934.93 39008.95 423798.43
8 3549148.62 18213.69 442012.12

needed to be implanted.The results show that the large defor-
mation method proposed in this paper is effective.

4. Conclusion

Tissue expansion is a good option for covering the soft tissue
defect. Successful reconstruction is depended on the precise
judgement on the amount of tissue provided by expansion to
cover the defect. The three-dimensional anatomy alters the
situation that elasticity and contractility of the expanded flap
make it extremely difficult to accurately predict the proper
size implants and the size of skin flaps required to cover the
defects.

Based on small deformation and linear elastic problems
with finite elementmethod, a novel solution to large deforma-
tion of scalp expansion is put forward in this paper.Then, the
concrete steps to implement the scalp tissue expansion pro-
cess with finite element method are also given in detail. The
scalp tissue is simulated as a shell with certain thickness and
is split into tetrahedralmeshes.Thedeformation results prove
that the solution for large deformation is effective. Then, the
stress during the deformation process is also analyzed, and
the volume and the area of the scalp are accurately calculated.
With the proposedmethod, the quantity, placement location,
quantity, and size are predicted successfully.

However, the proposed model used to approximate flap
shrinkage is rough, and it does not take into consideration
other variables such as thickness of flaps and the length of
expansion time which will make the rate of shrinkage differ-
ent. Further studies are required to make the model more
accurate.
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The ways to compute the kinematics and dynamic quantities of human bodies in motion have been studied in many biomedical
papers. This paper presents a comprehensive survey of 3D human motion editing and synthesis techniques. Firstly, four types of
methods for 3D human motion synthesis are introduced and compared. Secondly, motion capture data representation, motion
editing, and motion synthesis are reviewed successively. Finally, future research directions are suggested.

1. Introduction

To obtain realistic 3D human motion data, artists, design-
ers, and computer experts have proposed many methods.
Although these methods have made a significant progress in
3D human motion capture technology, human motion data
have a high degree of freedom (DOF). In addition, the human
eye is sensitive to human motion distortion.Therefore, many
difficulties and challenges in 3D human motion synthesis
still exist. These proposed methods can be roughly divided
into the following four categories: (1) manual methods, (2)
physics-based methods, (3) video-based methods, and (4)
motion capture data-driven methods. Among these four
types, the motion capture data-driven methods have been
extensively applied because of their realistic results and real-
time data processing algorithms. This paper reviews and
analyses the four types of methods and focuses on the typical
technology of motion capture data-driven methods.

2. Classification of 3D Human
Motion Synthesis

Manual methods refer not only to the steps of manually
setting theDOFs of human joints in all key frames before gen-
erating continuous human motion through interpolation but
also to the specialised algorithmswhich are used to synthesise
specific motion [1, 2]. These algorithms are relatively simple

and efficient. However, producing a new motion requires a
new specialised algorithm each time. The resultant motion is
less exquisite and realistic than the data frommotion capture
equipment.

The idea of physics-based methods [3–5] is based on
real human movements in accordance with the physical law.
As such, the mass distribution of each part of the human
body can be obtained following the research methods of
biomechanics. Then, ordinary differential equations (ODEs)
are established based on the torque and the trajectory of each
joint following Newton’s law. Finally, the trajectory of each
joint is obtained by solving the ODE, and the entire range
of human motion is determined. The greatest difficulty for
physics-based methods is designing a specific equation of
motion. Even the equation generating a specific movement,
which corresponds to the physical law, lacks details and has
no individuality.

Video-based methods [6] use computer vision technol-
ogy such as contour tracing and feature extraction to extract
human motion features from videos taken from different
angles. On the one hand, we can obtain the 3D motion
information of each joint from these features and synthesize
the 3D motion of the entire human body [7]. On the other
hand, we can use these features to obtain the whole body
3D spatial posture in each frame. In the latter case, we
generally do not consider the motion information of each
joint. The 3D human motion data obtained can be divided
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Table 1: Comparison of motion synthesis methods.

Motion synthesis
methods Advantages Disadvantages

Manual methods

(1) Have the largest control of the
generated motion
(2) Can be used to generate motion for
animals besides human beings

(1) Laborious and time consuming and require
the animator to have rich experience

Physics-based
methods

(1) Significantly decrease the time of
manual adjustment
(2) Generate improved results in
mechanical and strong regular motion
(3) Guarantee the motion in accordance
with the physical law
(4) Can be used to generate motion for
animals besides human beings

(1) Difficult to use when producing smooth and
emotional movements, such as dancing and
sneaking
(2) Generate motion in accordance with the
physical law but are not natural and real
(3) Entail high computational complexity
(4) Feature a physical controller that is difficult
to construct

Video-based
methods

(1) Require simple data acquisition
(2) Entail low cost equipment

(1) Require a single background for acquisition
(2) Characterized by poor reusability of
synthetic motion data
(3) Extract movement data from videos with
lower accuracy than motion capture data

Motion capture
data-driven
methods

(1) Can generate realistic and smooth
motion
(2) Feature low computational complexity
(3) Showcase improved reusability of
synthetic motion data

(1) Entail high costs for motion capture
equipment
(2) Generally applied only to human motion
generation

into small segments that are then recombined to synthesize
new motion [8]. Video-based methods are classified into two
categories, namely, the top-down category and the bottom-up
category.

Motion capture data-driven methods mainly refer to
the reuse of existing 3D motion data to generate new
motion. Human motion data mainly come from the original
data captured by the motion capture equipment as well as
from manual methods and physics-based methods; even the
output of data-driven methods can serve as a source of
human motion data. The methods for motion data reuse are
as follows: (1) using the signal processing method to edit
the motion data of individual joint and individual freedom
at the lower level, (2) adjusting the emotion of a specific
motion at the higher level, (3) connecting short segments
to generate a long segment, (4) extracting some common
motions from multiple motion segments, (5) recovering
the motion information of each joint from several joints,
and (6) modifying the motion data based on the physical
law.

Table 1 shows the comparison of the advantages and
disadvantages of the four methods. Fundamental differences
can be observed among these methods in terms of their
approach to problem solving. However, each method has
its own advantages and disadvantages. As such, the hybrid
usage of these methods, such as the mixture of motion
capture data-driven methods and video-based methods [9]
and the combination of motion capture data-driven methods
and physics-based methods [10, 11], is applied in practical
situations.

3. Motion Capture Data Representation

The storage format of motion capture data is different
according to different manufacturers. In general, the skeleton
structure shown in Figure 1(a) is used to indicate the human
joint chain, with each joint connected based on the hierarchi-
cal structure shown in Figure 1(b).

The root in the skeleton structure records the offset of
the human body in the world coordinate, whereas the other
joints record their translation and rotation information with
respect to their parent joint. In general, the translation of
the child joint with respect to its parent is a fixed value
because it represents the bone length between two joints.
The spatial information of all joints can affect the spatial
location of the joint in the sublayer. The root translation
represents the movement of the whole skeleton. By contrast,
the other joints only rotate. The translation vector is a 3D
spatial vector, and its rotation can be represented by a rotation
matrix, Euler angles, or quaternion. Human motion can
be expressed by a discrete time vector function m(𝑡) =
[p(𝑡), q

1
(𝑡), q
2
(𝑡), . . . , q

𝑛
(𝑡)] (1 ≤ 𝑡 ≤ 𝑇), where p(𝑡) ∈ R3

is the root translation information and q
𝑖
(𝑡) (𝑖 = 1, 2, . . . , 𝑛)

is the 𝑖th joint rotation information.
Although the general concept of motion capture data

is the translation and rotation of structured information,
the original data captured by motion capture equipment
should in fact undergo several stages of processing to obtain
structured information [12–14].

In addition, some motion capture data include not only
the motion data but also some constraints which express
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Figure 1: Human skeleton structure.

certain attributes, such as physical constraints (the foot must
be above the ground plane) and features of the motion type
(the number of times you clap your hands when you feel
excited).These constraints can be considered asmetadata and
can be assigned to a single frame, a sequence, or the whole
motion clip.

4. Motion Capture Data-Driven Methods

Motion capture equipment can generate realistic and smooth
motion. However, the equipment is expensive, the motion
capture process is laborious and time consuming, and the
results do not meet the prerequirements. These drawbacks
require the original data to be processed further. To address
these issues, several researchers have proposed many motion
editing methods which can be applied to captured motion
data and other motion data obtained using other meth-
ods. These motion editing methods usually modify some
attributes to satisfy particular demands in animation (meet
user’s specifications). However, the generated motion is a
short segment similar to the original segment.

In recent years, researchers have also proposed the con-
cept of motion synthesis to synthesise continuous, long-time,
and constraint-conformed human motion data. Firstly, this
motion synthesis technique is used to extract elements from
a motion clip. Then, these elements are organised through
a specific data structure (such as motion graphs [15] and
Markov chain [16]). Finally, based on the user’s requirements,
appropriate elements are searched, and a new motion is
synthesised. Motion synthesis is more flexible than motion
editing because it can generate a variety of motions, thus
significantly improving the utilisation of the original motion.

4.1. Motion Editing Methods. Motion capture equipment can
record the performer’s motion realistically. However, editing
these data is difficult because of the following factors. (1)
Large volume of data; to continuously record the performer’s
action, the sampling rate of the motion capture device should

be high. Someoptical devices can reach greater than 1,000 fps,
leading to a large amount of data that is difficult to edit.
(2) Lack of structured information; traditional computer
animation controls the final generated animation by the key
frames or the input parameters. However, we only obtain a
small amount of original data by motion capturing, which
cannot provide the motion feature. Furthermore, the ways
to modify these data to affect motion effectively are vague.
(3) Modifying some attributes may tend to change other
attributes which should not be modified.

Motion editing methods thus focus on how to efficiently
modify one attribute of the motion data in accordance
with the requirements while keeping the other attributes
unchanged. Existing motion editing methods can be classi-
fied based on the modified attribute (as shown in Table 2).

4.2. Motion Synthesis Methods. In the early part of 1996,
researchers proposed motion synthesis by example [17], but
the DOF was only 5. In recent years, motion synthesis
methods have progressed to synthesize multiple DOFs (such
as in Figure 1 more than 70) and fine motion. In general,
synthesis methods involve outline processing, as shown in
Figure 2. Firstly, the features of the original motion segments
are analysed. Then, the feature between segments or of the
single segment is used to build a motion database which
is well designed and can provide user interface to express
demand.Themotion database also has the ability to connect,
smoothen, enquire, and perform other motion editing oper-
ations to obtain the satisfactory motion data.

The present typical motion synthesis methods can be
divided into two categories, namely, the motion graph-
based category and the statistical model-based category. No
absolute boundary exists between the two methods, as the
method based on the motion graph may use the concept of
statistics in a step; the same goes for the statistical model.

4.2.1. Motion Synthesis Methods Based on Motion Graph. The
graph-based motion synthesis method has been used earlier
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Table 2: Categories of motion editing methods.

Motion attributes Problems Related work
Motion defect Remove footskate after motion editing [86]

Motion constraints
Motion editing algorithm based on a
specific motion modifies demand
(constraint set form)

[21, 87]

Motion path Adjust the motion path [81, 88]

Skeleton structure Apply motion to a different structure of
the skeleton (the same topology or not) [75, 89–93]

Multilevel motion details
Process the motion data as signal using
signal processing technology to edit the
motion at different levels of details

[94, 95]

Physical properties Combine dynamic constraints with
energy law to edit the motion [96]

Motion emotion Apply the extracted emotion and mood
to another motion [97]

User requirements

Satisfied motion data

Original motion segments Structured motion database

Database structure

database

Figure 2: General process used in the motion synthesis method.

in the game industry [18]. The graph construction process
is as follows: firstly, the designers design the basic motion
clips. Then, the interactive software is used to connect these
clips. Lastly, the original clips and the connected clips are
connected through amanually designed graph structure [19].
In this way, themotion graph structure is satisfactory because
it can obtain the required motion in real time through
searching. In addition, the connection between these vertexes
is simple and able to meet the demand for motion control of
the game characters. In recent years, some researchers have
proposed several methods for automatically constructing
motion graphs. Some of these methods have been proposed
by Kovar et al., Lee et al., and Arikan and Forsyth in 2002
[15, 16, 20].

The general idea of the three studies is the same, that is,
finding a set of similarities between a group of motion data
clips, then constructing a motion graph by constructing a
transition clip between similarities, and finally searching the
graph to obtain the satisfactory motion. The three studies
differ in the following four aspects: (1) detection of similarity,

(2) generation of the transitions, (3) graph construction
method, and (4) goal-achieved graph search.

(1) Detection of Similarity. In this step, the problem to be
solved is how to evaluate the similarity between any two
frames to determine whether to add a transition clip between
them.

The three studies all designed the evaluation formula
of the similarity considering the joint position, velocity,
acceleration, and other factors. In these evaluation formulas,
researchers empirically set different weights corresponding to
different joints based on the distribution of human motion
sensitive areas, such as in Lee’s study [16], where the weight
of the shoulder, elbow, hip, knee, and chest is set to 1, whereas
the weight of the neck, ankles, toes, and wrist is set to 0.

(2) Generation of the Transitions. In this step, the problem to
be solved is how to generate a transition clip to smoothly join
the motion before the 𝑖th frame and the motion after the 𝑗th
frame if the addition of an edge between two frames has been
determined.
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Figure 3: Three different motion graph-constructing methods.

Arikan and Forsyth did not generate a transition clip
between the original motion clips but dealt with discontinu-
ities using a form of localised smoothing [20] at each joint
connection (often has first-order discontinuity) to obtain
smooth motion signals.

Kovar et al. used linear interpolation. They created a
transition from the 𝑖th frame of the first motion to the 𝑗th
frame of the second motion by linearly interpolating the root
positions, performing spherical linear interpolation on joint
rotations, and placing additional constraints on the desired
motion [15].

Jehee and Yong used the hierarchical motion fitting
algorithm [21], established four cases based on the differences
between the constraint interval relative to the transition clip
interval, and then considered different constraint mainte-
nance strategies to generate transitions based on different
situations.

(3) Graph Construction Method. Arikan and Forsyth repre-
sented the original clip as a node and then used an edge to
connect two frames if the similarity function value exceeded
a threshold. Given two consecutive frames in the original data
with high similarity, the results of the similarity distribution
are shown in Figure 3(a) [20]. That is, the edges in a cluster
can be clustered to an edge, and a binary tree can also be used
to present the connection of two clips by edge labels, thus
constructing a hierarchical motion graph. This graph has the
same nodes in each level, with two edges at the lower level
connected to one edge at the higher level.

As suggested in the work of Kovar et al. [15], edges are
used to present the motion clips, and nodes serve as choice
points where these motions are joined seamlessly. Then, a
node is inserted to divide an initial clip into two smaller
clips. We can also insert a transition joining two nodes using
motion blending to construct a motion graph (as shown in
Figure 3(b)).

Lee et al. [16] presented a two-layer structure to represent
human motion data. The lower layer retains the details
of the original motion data, whereas the higher layer is a
generalization of themotion data.The lower layer is a directed
graph composed of nodes and edges. Each specific motion
frame of the original motion is a node, and an edge must be
placed between consecutive frames, aswell as similarities.The
higher layer is a statisticalmodel constructing a data structure
called cluster tree at each motion frame which generalizes a
set of similar human actions. Each node in the higher layer

is the root of the corresponding cluster tree (as shown in
Figure 3(c)).

(4) Graph Search Meets the Goal. Arikan and Forsyth synthe-
sized constrainedmotion sequences by searching appropriate
paths in this graph using a randomized search method [20]
which starts with a set of paths in the graph randomly, scores
each path and all possible mutations, does every possible
mutation, compares the satisfaction of the constraints to the
original path, accepts the mutations that are better than the
original paths, repeats until no better path can be generated
through mutations, and obtains the final path.

Kovar et al. defined an objective function and then used
branch and bound to find the optimal path as the finalmotion
path in graph searching [15].

Lee et al. determined the cluster path𝑝 on the constructed
cluster tree, evaluated the joint probability 𝑃(𝑠, 𝑝) of these
paths (where 𝑠 is the sequence of motion frames), and finally
selected the most probable path as the final path [16].

Based on these three studies, many other researchers
further explored human motion synthesis based on motion
graph. Gleicher et al. constructed a simple graph to facili-
tate efficient planning of character motions. A user-guided
process manually selects the character poses, and the system
automatically synthesizes the transitions connecting these
poses [22]. Sung presented a novel continuous motion graph
for crowd simulation. This motion graph can create motions
with arbitrary trajectories and speed up the motion synthe-
sizing time while satisfying constraints exactly [23]. Reitsma
and Pollard used task-basedmetrics to evaluate the capability
of a motion graph to create animations. They examined the
capability of typical motion graphs across tasks and envi-
ronments and evaluated the extent to which a motion graph
will fulfill requirements [24]. Zhao and Safonova proposed
a new method for building a well-connected motion graph
with good connectivity and only smooth transitions. Firstly,
the method builds similar interpolated motion clips and then
constructs a motion graph and decreases its size [25]. Zhaoy
et al. also proposed an automatic approach called iterative
subgraph algorithm to select a goodmotion set [26]. Ren et al.
studied the optimisation ofmotion graphs, including enhanc-
ing the connectivity, streamlining the size, and improving
the natural transitions [27]. Zong et al. created an automatic
motion graph with a high degree of polymerisation nodes
which extract key postures by adopting dimension reduc-
tion and nonparametric density estimation analysis [28].
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Liu et al. focused on the semantic control of motion graph-
based motion synthesis. Relational features, a self-learning
procedure and semantic control, are implemented, thus
providing user with a high level of intuitive semantic controls
[29]. Yu et al. proposed a path editing method based on
motion graphs.They detected themotion clips byminimising
the average frame distance between the blending frames and
proposed Enhanced Dynamic Time Wrapping to solve the
optimisation problem [30].

4.2.2. The Statistical Motion Synthesis Model. The typical
motion synthesis methods based on the statistical model are
discussed below.

Mattew et al. considered style to be variations in mapping
from qualitative states to quantitative observations and then
constructed a generic human state machine combined with
cross entropy optimisation, annealing, and other automat-
ically learning methods which can also control the state
machine using various settings and can generate motion in
a variety of styles.

Tanco et al. presented a system that can generate transi-
tion between two arbitrary key frames. The states of Markov
chain are built by clustering, and the original motion capture
data serve as implicit states. The model comprises two levels.
The first level can generate a coarse motion by traversing the
states of the Markov chain. The second level relates the states
of theMarkov chain with segments of the original motions in
the database and generates a realistic synthetic motion based
on these segments.Matthew andAaron andTanco andHilton
[31, 32] used a two-level hidden Markov model (HMM) to
present motion data.

Li et al. modelled the local dynamics (of a segment of
frames) by using a linear dynamic system (LDS) and global
dynamics (of the entire sequence) by switching between these
linear systems [33]. Yan Li proposed a concept called motion
texton which is represented by an LDS that captures the
dynamics shared by all instances of this texton in the motion
sequence. Yan Li also designed a maximum likelihood algo-
rithm to learn the motion textons and their relationship
from the captured dance motion. The learnt motion texture
can then be used to generate new animations automatically
and/or edit animation sequences interactively.

Hsu et al. learned to translate by analysing the differences
between performances of the same content in terms of input
and output styles. This method relies on a linear time-
invariant (LTI) model to represent stylistic differences [34].
Once the model is estimated with system identification, our
system is capable of translating streaming input with simple
linear operations at each frame.

Pullen et al. proposed the synthesis of joint angle and
translation data based on the information in motion capture
data and divided training data into frequency bands using
wavelet decomposition.

Correlations are modelled with a kernel-based represen-
tation of the joint probability distributions of the features.
Lastly, the data are synthesised by sampling from these
densities and improving the results using a new iterativemax-
imisation technique [35]. This technique has been applied

in the synthesis of the joint angle and translation data of a
wallaby hopping on a treadmill and is useful for the animation
of repetitive motions, such as walking or running with low
DOF. The quality of the generated motion still needs further
verification when extended to human motion with high
DOFs.

Bowden extended the point distribution models (PDMs)
of representation and recognition of deformation to human
motion and joints state data variation based on time [36].
Then, human motion synthesis, detection, and identification
from the learnt PDMs were conducted.

HMMs do not encode high-order temporal dependencies
easily. Local optima are frequently encountered by iterative
optimisation techniques when learning HMMs. Thus, model
topology and size are often highly constrained prior to
training. Galata et al. proposed the use of the variable-
length Markov model as a simple [37] yet powerful and effi-
cient mechanism for determining behavioural dependencies
and long-term and short-term constraints. Although learnt
behaviour models can be used to animate human activity,
control over future behaviour is lost once the beginning
motion is specified.

Jenkins and Matarić extended the Isomap algorithm to
incorporate spatiotemporal structure [38] and then used
dimension reduction to manually segment motion data and
extract primitive motion modules (as verbs in [19]). Then,
another iteration of spatiotemporal Isomap was performed
to extract metalevel behaviour modules (as adverbs in [19]).
The system can synthesise a stream of human motions from
a user-selected metalevel behaviour. Motion synthesis based
on behaviour was proposed in [1]. Jenkins and Matarić
automatically derived vocabularies of motion modules from
human motion data [38]. The limitation of the study is that
users can only synthesise metalevel motion.

Wei et al. showed how statistical motion priors can be
seamlessly combined with physical constraints for human
motion modelling and generation. The key idea is to learn
a nonlinear probabilistic force field function and combine
it with the physical constraints in a probabilistic framework
[39].

In addition to linear systems such as LDS and LTI,
a nonlinear system has been used to model motion data.
Wang et al. used the Gaussian process dynamical model
(GPDM) for human motion modelling and synthesis of new
continuous motions. GPDM is a kind of nonlinear hidden
variable model suitable for temporal data. GPDM considers
the temporal structure of the input data [40].

Overall, the motion synthesis methods presented in [35–
37] are focused on intermediate body tracking and gesture
recognition and not on realistic human motion. As such,
synthetic motion tends to be rough.

4.2.3. Other Motion Synthesis Methods Based on Motion
Capture Data. Some other motion synthesis methods based
on motion data, aside from motion graph and statistical
model, are discussed in this section. Pullen and Bregler [41]
allowed the animator to sketch an animation by setting a
small number of key frames, segmenting these key frames
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into many monotonic curve segments, matching each curve
segment with the presegmented motion database, and finally
joining the optimal match in the library to produce the
constraint-satisfied and rich-detailed motion.

Liu et al. used an optimisation algorithm to extract
key frames from human motion capture data by combining
the genetic algorithm and the probabilistic simplex meth-
od. This method provides the optimal number of key
frames by using the genetic algorithm while accelerating the
search speed through the simplex local search technology
[42].

Jin et al. proposed a new method to automatically
extract key frames from animation sequences. The method
uses animation saliency computed on the original data and
reconstructs the input animation.Thismethod can be applied
equally in skeletal and mesh animations [43].

Yujie et al. proposed a framework and algorithm for 3D
human motion synthesis based on nonlinear manifold learn-
ing. In the framework, high-dimensional motion samples are
mapped into low-dimensional manifold using the nonlinear
dimensionality reduction method [44].

5. Discussion

3D humanmotion synthesis technology has made significant
breakthroughs in the last decade. Although motion capture
devices and data processing algorithms have improved, many
problems still need to be solved, and new research directions
must be explored.

(1) Motion Database Organisation. Although the motion
synthesis technologies described previously have designed
how human motion data can be stored structurally, the
motion database structures formed with these methods are
not always adequate and require tedious manual adjustments
by the database designer to achieve a good structure. How-
ever, manual adjustments of the motion database can only
guarantee the quality of the local motion data. Whether
the type of motion data of the whole motion database is
sufficient and whether the synthetic range of motion is large
enough should be evaluated.These evaluationmethods of the
overall performance of the motion database still need further
exploration.

The database [45] consists of a binary tree and node tran-
sition graphs. The human motion database [46] constitutes
several components, namely, the cross-validation dataset, the
generalisation dataset, the compositionality dataset, and the
interaction dataset.

(2) Motion Database Compression. The main problem of
motion data compression is how to decrease the storage
capacity of motion data without decreasing the quality of the
motion data. One intuitive idea is to extract key frames from
themotion capture data and then recover the original motion
data from these key frames. Many researchers have also
proposed a number ofmethods [47–50], but the performance
of these methods should be further improved.

(3) Motion Database Retrieval. Search methods of motion
data can generally be divided into the following two cat-
egories. (1) Metadata-based search: this search method is
relatively simple, and its running speed is fast. Nevertheless,
the quality of the outcome depends on the original marked
metadata. The time-consuming and subjective metadata
annotation process limits the application of these search
methods. (2) Similarity-based automated data search: the
basis of this method is the existing function which can well
define the similarity between media data. Given that the
similarity between the relationships of motion data can be
established based on the similarity function, the retrieval of
motion data can be achieved. At present, the most commonly
used method [51–54] is the similarity-based automated data
search.

Numaguchi et al. developed a puppet interface system
for the retrieval of motion capture data. They introduced a
novel motion retrieval algorithm called the dual subspace
projection method that outperforms conventional pose-
based retrieval methods [55]. Chao et al. retrieved motion
by drawing the motion strokes; this technique is more
convenient than opening a motion file as the query example
[56].

(4)MotionDataQuality Evaluation.Whether themotiondata
achieved by a variety of motion synthesis technologies are
naturally integrated or concise (no redundancy and noise) is
generally judged by the observation of the naked eyes. How-
ever, when the motion database is large or the motion data
need to be used in a real-time virtual environment, manually
determining the quality of motion data becomes difficult or
even impossible. Some researchers have proposed automated
motion data evaluation methods [57–60]. However, most of
thesemethods are only applicable for a specific type ofmotion
and have limited performance.

(5) Group Motion Synthesis. The general motion synthesis
technology is mainly used for the synthesis of one individual.
With regard to the synthesis ofmultiple characters, the task of
motion synthesis undergoes a qualitative change from quan-
titative change. To control group motion, group behaviour,
path planning, collision detection, and other issues must
be considered. In recent years, group motion synthesis has
become a hot research topic, and certain outcomes have been
achieved [61–63].

van Toll et al. used crowd density information to guide a
large number of characters by building a navigationmesh and
weighing the desirability of routes based on the crowd density
along the path [64].

(6) New Ideas of Human Motion Synthesis. Recently, many
new ideas distinct from those of the previous four methods
have been proposed. Park andHodgins proposed themethod
of directly capturing skin deformation to reconstruct human
motion [65]. To synthesise motion, Chai and Hodgins used
low-dimensional control signals from a user’s performance
supplemented by a database of prerecorded human motions
[66].
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(7) Reactive Human Motion Synthesis. The main problem
of reactive human motion synthesis is how to realistically
control virtual human response to unexpected perturbation.
Many methods have been proposed to solve these problems
[67–69]. Silei integrated physical simulation andmotion data
and designed a reactive human motion synthesis system
which reacts accurately and simultaneously to the external
forces under the premise of preserving the authenticity of
motion data [70].

Many Chinese researchers work in the 3D humanmotion
editing and synthesis area; examples include Luo et al. in
video-based motion synthesis [7], motion retrieval [52, 71],
key frame extraction from motion-captured data [48], group
animation synthesis [72], and motion style synthesis [73];
Liu et al. in motion editing [74], motion retargeting [75],
evaluation of motion data [76], and crowd evacuation [77];
Pan et al. in reactive motion synthesis [78]; Wei-Dong et al.
in motion synthesis in martial arts [79] and cartoon ani-
mation [80]; Chen et al. in human motion path editing
[81] and key frame interpolation [82]; Shen et al. in motion
compression [47] and graphics processing unit-based crowd
simulation [83]; Zhang et al. in feature detection [84] and
video background subtraction [85].
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Based on some mathematical and statistical approaches, our study leads to some conclusions concerning the procedures related to
the orodental prosthetics. Occlusal equilibration in orodental prosthetics is a major issue because besides motivating patients for
a regular daily oral hygiene, it could significantly increase the longevity of FPR. More dental hygiene information should be given
after prosthetic treatment and patients should be motivated to attend recalls on a regular basis for professional teeth-cleaning.
Interdental cleaning aids should be explained and the patients have to be motivated to use them at least once a day and the using
technique should be individualized. Regarding the application of the deformable models theory, implemented in the context of
an expert type software environment, it is known that the fact that modelling by advanced methods and techniques based on the
deformable surfaces theory increases the efficiency of the dentofacial prosthetics procedures is a domain of great interest in the
actual medical research.

1. Introduction

The prognosis and the success of fixed dental prosthesis
(FDP) are calculatedmost often by self-assessment of the oral
health related quality of life of the patients.

Some of the noninvasive treatments, such as Resin
bonded bridgeworks (RBB), are often overlooked by prac-
titioners despite a large amount of evidence supporting the
technique. For example, in CorkUniversity Dental School, an
evidence-based study evaluated the success of the standard-
ized approach on the delivery of RBB by students.The authors
reviewed 222 bridges which had been delivered over a 6-year
time period between 2002 and 2007. A success rate of 84.1%
was achieved, with a mean survival time of 41 months. This
study illustrates that predictable and highly successful RBB

can be delivered even by inexperienced clinicians using an
evidence-based, standardized approach [1].

Quality of life related to oral health is difficult to be
assessed and moreover it is still sometimes incoherent with
the actual clinical status. “The oral problem count per day
that corresponds to one Oral Health Impact Profile-49 point
can be used to interpret this instrument’s scores in cross-
sectional and longitudinal studies. This number can help to
better understand OHRQoL burden for patients, clinicians,
and researchers alike” [2].

Therefore, another approach should be sought for choos-
ing the best treatment option and for assessing the benefits
and the flaws of a type of treatment.

The survival of fixed dental prosthesis (FDP) is defined
usually by the bridgework being in use after a number of
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years: from 5 years according to [3] to 12 years according to
[4] as acceptable limits before replacing it.

Despite the constant decreasing of caries prevalence in
childhood, the risk for adults to develop different orodental
diseases is constant or slightly increasing.

The Global Burden of Disease (GBD) 2010 Study pro-
duced comparable estimates of the burden of 291 diseases and
injuries in 1990, 2005, and 2010. This paper reports on the
global burden of untreated caries, severe periodontitis, and
severe tooth loss in 2010 and compares those figures with new
estimates for 1990.Marcenes et al. [5] used disability-adjusted
life-years (DALYs) and years lived with disability (YLDs)
metrics to quantify burden. Oral conditions affected 3.9
billion people, and untreated caries in permanent teeth were
the most prevalent condition evaluated for the entire GBD
2010 Study (global prevalence of 35% for all ages combined).
Oral conditions combined accounted for 15 million DALYs
globally (1.9% of all YLDs; 0.6% of all DALYs), implying
an average health loss of 224 years per 100,000 population.
DALYs due to oral conditions increased 20.8% between
1990 and 2010, mainly due to population growth and aging.
WhileDALYs due to severe periodontitis and untreated caries
increased, those due to severe tooth loss decreased. DALYs
differed by age groups and regions but not by genders.
The findings highlight the challenge in responding to the
diversity of urgent oral health needs worldwide, particularly
in developing communities [5].

Even in countries where intensive preventive care is
performed, the overall oral health of adults is not improving.
This is proved by several studies, amongst which the Danish
Health Examination Survey (DANHES 2007-2008) aimed
“(1) to establish an oral health for adult Danes and (2) to
explore the influence of general diseases and lifestyle on
oral health.” The study population comprised 4402 subjects,
aged 18–96, consecutively enrolled from 18 065 DANHES
participants from 13 municipalities in Denmark. The oral
part consisted of a validated questionnaire and a clinical
examination, carried out in mobile units by three trained and
calibrated dental hygienists. The data were processed with
descriptive statistics and mono- and bivariate analyses. The
mean age was 54.1 years and 60% were women. The mean
number of natural teeth was 26.6; themean decayed, missing,
filled teeth (DMFT)/decayed,missing, filled surfaces (DMFS)
values were 18.9 and 61.0 and varied with age (DMFT 8.7–
24.3). A higher proportion of females suffered from dental
erosion in the younger age groups. Forty percent of all
subjects had a mean clinical attachment loss ≥ 3mm, varying
from 4% among those aged 18–34 to 80% in those over 75.
A suboptimal saliva secretion rate was more common among
females thanmales (17.7% versus 10.4%) and this was reflected
by the reported frequency of dry mouth. This extensive
cross-sectional study provides a platform for obtaining future
knowledge of the impact of health- and lifestyle-related
factors on oral diseases [7].

Assessing the longevity of dental restoration is very
difficult due to the various confusing factors that arise, such
as individual oral hygiene, appropriate design and quality of
the initial restorations, quality of occlusion, parafunctions,
dental recalls attended, associated general diseases that may

influence the periodontal support, and/or the salivary flow
and caries risk, [8, 9].

In 2007, Güngör et al. [10] focused on overall clinical
performance during 7 years, determined by using modified
United States Public Health Services criteria and evaluated
with Kaplan-Meier survival analysis.

The extensive search we performed on Medline PubMed
and in the available literature for articles with similar evalu-
ation criteria for the causes of failure of FPR identified nine
possible causes of failure described in studies [8, 11] with similar
evaluation criteria, of which we took the results published by
Goodacre et al. [8] in 2003, is a reference point for the failure
causes (Table 1).

In a previous retrospective survey we performed in 2009-
2010, we identified the failure cause for FPR at the time of
their removal. All the examiners were calibrated to assess
the previously identified nine failure causes (Table 1) and to
calculate the Plaque Index (after O’Leary). At the end of cali-
bration, the interexaminer kappa was >80% for all items.The
study included the 45 patients who asked for dental treatment
because of a tooth-supported FPR failure and who had this
FPRmade in the previous eight years. An informed consent of
each patient was obtained.The study included all the patients
from the dental offices selected for the study, for which the
dentists decided that there was indeed a need of replacement
of the tooth-supported FPR. All the patients agreed to take
part in the survey.The questionnaire was validated through a
pilot study with 2 dentists and 20 patients. The Plaque Index
of the patients concerned was recorded by the dentists, on the
survey form, according to the O’Leary method (percentage
of surfaces with plaque deposits), after the patient was asked
to chew a plaque-disclosing tablet for 3 minutes and then
to rinse. The survey form had six items filled in by the
patient, regarding sociodemographic data (open questions)
and the following closed questions (multiple choice questions
with more than one answer possible): symptoms regarding
the FPR abutments and surrounding gingival tissue, oral
hygiene information received after the initial treatment, oral
hygiene knowledge regarding FPR cleaning, daily individual
hygiene habits, and recall visits attended (frequency and
reasons). The dentists filled in an item regarding the type
of FPR failure (of the nine causes; more than one answer
are possible) and the treatment they choose to perform. A
complete dental chart was recorded, on which the dentists
noted for the FPR abutments the dental caries according to
the International Caries Detection and Assessment System II
2005 at cavity level (scores 3 to 6). The dentists recorded the
periodontal pockets depth in 6 points (mesiomouth cavity,
mouth cavity, distomouth cavity, distolingual, lingual, and
mesiolingual). Statistical analysis was performed using the
SPSS (version 13.0) statistical package and the Microsoft
Office Excel 2007. Descriptive and multivariate regression
analysis was employed. The logistic regression model was
used to assess the relationship between failure causes, number
of missing teeth, the presence of interference and premature
contacts, oral hygiene behavior, and knowledge about oral
hygiene and attitude towards this and towards the dental
visits [6]. We found that RPF needed to be replaced due to
6mm pockets associated with at least I/II degree mobility at
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Table 1: Results reported in articles on FPR failure with similar including criteria [6].

Number Cause
Number of abutment teeth in the
study/number of affected abutment
teeth

Mean incidence

1 Dental and root caries 3360/602 abutment teeth 18% of the abutment teeth
1354/113 FPR 8% of the FPR

2 Endodontic treatment needed 2514/276 abutment teeth 11% of the abutment teeth
1358/88 FPR 7% of the FPR

3 Decementing 1906/137 FPR 7% of the FPR
4 Aesthetic failure 1024/58 FPR 6%
5 Periodontal failure of the abutments 1440/62 FPR 4%
6 Fracture of abutments 1602/44 FPR 3%
7 Fracture of the bridge 1192/24 FPR 2%
8 Fracture of ceramic layer of metal-ceramic FPR 768/17 FPR 2%

abutments in 12 subjects (26.67%), dental caries at 8 patients
(17.77%), and aesthetic failure for 11 patients (24.44%)—
Figure 1.

The main failure causes shown in Figure 1 were mostly
often associated with defficiencies in design and execution
of the FPR for 7 patients (15.55%) and with parafunctional
occlusal issues associated with FPR in 8 patients (17.77%).

The mean ICDAS values recorded were 6.57/5.13 (SD =

±3.82/2.16) with an average D3MF-S index of 36.7 (𝐷 =

11.48,𝑀 = 12.52, 𝐹 = 12.70).
33 subjects (73.33%) said they have not received any

individual dental hygiene information regarding interdental
cleaning aids (IDCAs) for the maintenance of their FPR after
their initial treatment.

10 patients (22.22%) reported that they brushed thier
teeth once a day. 9 patients (20%) declared that even if they
were informed regarding the necessity of daily use of auxiliary
oral hygiene methods and IDCAs, they performed just the
toothbrushing 2-3 times a day. Only 11 patients (24.44%)
used daily at least one of the IDCAs, which explains the
distribution of the plaque index—Figure 2.

Less than 10% (just 4 patients) had a checkup once a
year, whereas the rest of them asked for an appointment
only because of pain or aesthetic problems from their FPR.
The multivariate multilevel logistic regression model used
to assess the relationship between failure causes, average
income, knowledge and daily habits of oral hygiene, and atti-
tude towards the dental visits showed a statistically significant
influence of the above mentioned explanatory factors on the
failure causes related to dental and root caries (predicting the
localization of caries on proximal surfaces and their depth)
and on the number of missing teeth, the depth of periodontal
pockets at the abutment teeth (𝑃 < 0.05) [6].

The variable “functional occlusion” was a factorization
characteristic, resulting in 2 subgroups according to values
YES/NO. In the two subgroups, the study of univariate
association between “Lifespan of FPR” and “frecquency of
use of IDCAs” and “Lifespan of FPR” and “material of FPR”
according to the cumulative role of “frecquency of using
IDCAs” and “material of FPR”, by bivariate regression, did not

Fracture of abutment teeth

Decementing of the bridge more than once

30%
25%

33%
9%

9%

9%

5%

5%
3%

Periodontal pockets ≥ 6mm and roots caries of the abutments
Dental and root caries of the Abutments that can 
not be treated unless the bridge is removed
Esthetic failure due to gingival recessions,
chronical gingivitis etc

Fracture of the pontics (including fracture at pontic-retainer
junction) And / or fracture of the composite or ceramic layer

Periodontal failure (at least one tooth has to be
extracted due to mobility, bone loss etc)
Endodontic treatment needed that
can not be performed unless the
bridge is removed
Abrasion of the FPR antagonist
teeth

Figure 1: Main failure cause of dental bridges at the time of their
removal [6].

show a statistically significant influence in the studied group
(𝑃 > 0.05) [6].

2. Aims and Objectives

We consider that the treatment protocols should be better
evaluated and the approach should be shifted so that more
dental treatment options could be considered for each clinical
case. That is why our aim was to find an evidence-based
assessment method for every fixed dental prosthesis (FDP)
that could be indicated in each clinical case.
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Figure 2: Plaque index at a group with FPR failure [6].

The main objective of our study was to build up an
algorithm for predicting the probability of failure of fixed
prosthetic restorations (FPR) based on assessing the relation-
ships between oral hygiene (information received about oral
hygiene procedures, daily oral hygiene behavior), the number
of missing teeth, the functional occlusion, the socioeconomic
status, and the causes of failure of FPR from previous studies.
This algorithmwas implemented in the context of a dedicated
software environment, named MoDef, which we developed
in order to be able to combine both the deformable model
mathematical theory based assessment and the statistical
followup (see Figure 8).

3. Material and Methods

In order to define the input and output parameters of the
software for simulating the dental bridges biodynamic which
we implemented based on the deformablemodels mathemat-
ical theory, we have studied classical and digital retroalveolar
and bite-wing dental X-rays, ortopantomografias (OPT),
and 3D examinations, Cone Beam Computer Tomographies
(CBCT)—Figure 3.

In order to verify on the clinical cases the frequency of
failure causes previously identified, we used the device meant
to measure the dental mobility, Periotest 𝐶 (Medizintechnik
Gulden) of the Dental Prevention Department from Cluj-
Napoca. It returns scores between −8 and +50 according to
the mobility of the tooth tested by applying the percussion
head on the buccal surface.The higher the stability/resistance
of the tooth which is tested, the lower the score showed by the
Periotest 𝐶 (Table 2).

Based on these previous data, we searched for a function
that could model the failure probability and we defined the
parameters for an algorithm for FPR prognosis.

4. Results

Based on the data obtained from the literature review and
from the clinical studies, we suggest the following steps for
simulating FPR biodynamics.

Figure 3: CBCT.

35

30

25

20

15

10

5

2 4 6 8 10 12 14 16 18

Figure 4: FPR failure probability function.

Table 2: Periotest Cmobility scores.

Clinical mobility Periotest values
0 −08 up to +09
I +10 up to +19
II +20 up to +29
III +30 up to +50

(1) The function for failure probability (% of failure
according to the time) resulted from the meta-
analysis—fESEC (Figure 4);

(2) the algorithm for selecting the abutment teeth of
FPD as a part of determining the failure probability
(KTOT) for each individual clinical case (Figures 5
and 6);

(3) method for calculating KTOT (Tables 3, 4, 5, 6, 7, 8,
and 9);

(4) obtaining the set of 3 points for generating the
function for FDP failure probability of the studied
patient (fPATIENT);

(5) graphical representation of the function fPATIENT at
any time (Figure 10);

(6) identifying the probability of occurrence for the main
failure causes c1⋅ ⋅ ⋅ c9 as a method to represent FDP
biodynamics (Table 11).

The general “function” for the “failure” of FPD FPR is 𝑓(𝑥) =
3.210817905 ∗ 𝑥

∧
(0.7723530507).
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Figure 5: Main structure of the algorithm for FPR type selection.
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Figure 6: The structure for teeth selection procedure.
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Table 3: The parameters found for evaluating the periodontal prognosis.

𝑎 (1)
𝑆 = (sum of functional
values of abutments) −
(sum of functional values
of missing teeth)
(according to Table 1)

𝑎 (2)
𝐿 = (length of the

edentulous space)/(sum of
the maximum𝑀-𝐷 size of
the missing teeth) ∗ 100

𝑎 (3)
Plaque index

𝑎 (4)
Gingival index

𝑎 (5)
periodontal risk as assessed
by Florida Probe software

≥0
𝑎1 = −𝑆 ∗ 5

pg = pg + 10;
rii = rii + 1

10%–20%
𝑎2 = 100 − 𝐿

pg = pg + 1

0–25%
𝑎3 = PI − 100
pg = pg + 4

0–25%
𝑎4 = GI

pg = pg + 4

High
𝑎5 = 100

pg = pg − 4

<0
𝑎1 = −𝑆 ∗ 5

pg = pg − 10;

20–30%
𝑎2 = 100 − 𝐿

pg = pg + 2

26–39%
𝑎3 = PI

pg = pg + 3

26–39%
𝑎4 = GI

pg = pg + 1

Medium
𝑎5 = 66

pg = pg − 3

30–40%
𝑎2 = 100 − 𝐿

pg = pg + 3

40–69%
𝑎3 = PI

pg = pg − 2; rii = rii + 1;
rcp = rcp + 1; rip = rip + 1

40–69%
𝑎4 = GI

pg = pg − 2; rii = rii +
1;

rcp = rcp + 1; rip = rip
+ 1

Low
𝑎5 = 33

pg = pg + 1

>40%
𝑎2 = 100 − 𝐿

pg = pg + 4

70–100%
𝑎3 = PI

pg = pg − 4; rii = rii + 2;
rcp = rcp + 2; rip = rip + 2

70–100%
𝑎4 = GI

pg = pg − 4; rii = rii +
2;

rcp = rcp + 2; rip = rip
+ 2

0
𝑎5 = 0

Table 4: Resistance coefficients, according to the French school [Duchange, LeRiche].

I.C. I.L. 𝐶. Pm1. Pm2. 𝑀1. 𝑀2. 𝑀3.
Max. 2 1 3 4 4 6 6 2–5
Mand. 2 1 3 4 4 6 6 2–5

Table 5: The values of periodontal surfaces/according to Jepsen.

I.C. I.L. 𝐶. Pm1. Pm2. 𝑀1. 𝑀2. 𝑀3.
Max. 204 179 273 234 220 433 431 305
Mand. 154 168 268 180 207 431 426 373

The failure probability function was generated based on
3 sets of values: (0, 0), (10, 18)—knowing from the meta-
analysis that the failure probability after 8 years is 16%
according toQuinn et al. [12]—theminimal survival rate after
10 years of a number of 248 bridges, and (15, 26)—knowing
from the meta-analysis that the failure probability after 15
years is 26% according to Creugers on 4118 bridges [6].

4.1. Calculation Method for KTOT. Therefore, we used the
following formula for calculating each component of KTOT:

𝑆 = 𝑊1 +𝑊2 + ⋅ ⋅ ⋅ + 𝑊10, (1)

where𝑊1: 𝑆, 𝐾1: 100, and𝐾1 = 100 ∗𝑊1/𝑆.

According to the coefficients calculated based on the 2
previous Tables 8 and 9, we calculated

KTOT = (𝑎1 ∗ 7.15 + 𝑎2 ∗ 8.33 + 𝑎3

+ 𝑎4 ∗ 6.75 + 𝑎5 ∗ 9.92 + 𝑎6 ∗ 12.3

+ 𝑎7 ∗ 12.3 + 𝑎8 ∗ 8.73 + 𝑎9 ∗ 11.11

+𝑎10 ∗ 12.3) × (100)
−1
,

KTOT = (−25 ∗ 7.15 + 20 ∗ 8.33 + 39 ∗ 11.11

+ 25 ∗ 6.75 + 33 ∗ 9.92 + 33 ∗ 12.3

+ 0 ∗ 12.3 + 0 ∗ 8.73 + 0 ∗ 11.11

+66 ∗ 12.3) × (100)
−1

= 21.35%.

(2)
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Table 6: Coefficient found for mechanical resistance of FPR.

Name of the parameter 𝑎 (6)
Static occlusion

𝑎 (7)
Dynamic occlusion

𝑎 (8)
Average degree of
neighbouring teeth

tilting

𝑎 (9)
Esthetics of the
studied area

𝑎 (10)
Caries risk

Possible values

Functional
𝑎6 = 0

pg = pg + 2

Functional
𝑎7 = 0

pg = pg + 1

0∘ < 𝑎 (8) ≤ 10∘
𝑎8 = 0

Small gingival
recessions ≤2mm

𝑎9 = 0

High
𝑎10 = 100

pg = pg − 3; rii = rii
+ 2;

rcp = rcp + 2; rip =
rip + 2

Minor bumps of
the occlusal plane;

𝑎6 = 39

pg = pg + 1

1–3 interferences
𝑎7 = 40

pg = pg − 1

10∘ < 𝑎 (8) ≤35∘
𝑎8 = 66

2 <medium
gingival recessions

≤6mm
𝑎9 = 33

Average
𝑎10 = 66

pg = pg − 2; rii = rii
+ 1;

rcp = rcp + 1; rip =
rip + 1

Medium bumps of
the occlusal plane

𝑎6 = 69

pg = pg − 1;

1–3 premature
contacts
𝑎7 = 40

pg = pg − 2

>35∘
𝑎8 = 100

Important gingival
recessions >6mm

𝑎9 = 100

Low
𝑎10 = 33

pg = pg − 1

Big bumps of the
occlusal plane
(±very deep or
reversed Spee

curve); 𝑎6 = 100
pg = pg − 2;

More than 3
interferences
𝑎7 = 100

pg = pg − 3

0
𝑎10 = 0

Peste 3 contacte
premature;
𝑎7 = 100

pg = pg − 4

Table 7: Failure causes [6].

Nr crt Cause Number of abutment teeth in the study/number of affected
abutment teeth Mean incidence (𝑧)

𝑍1 Dental and root caries 3360/602 abutment teeth 18% of the abutment teeth
𝑍2 1354/113 FPR 8% of the FPR
𝑍3 Endodontic treatment needed 2514/276 abutment teeth 11% of the abutment teeth
𝑍4 1358/88 FPR 7% of the FPR
𝑍5 Decementing 1906/137 FPR 7% of the FPR
𝑍6 Aesthetic failure 1024/58 FPR 6%
𝑍7 Periodontal failure of the abutments 1440/62 FPR 4%
𝑍8 Fracture of abutments 1602/44 FPR 3%

Table 8: The weight of each peridodonal parameter.

Parameter

𝑎 (1)
the sum of the

functional values of the
missing teeth − the sum
of the functional values
of the abutment teeth
(according to Table 4)

𝑎 (2)
(the length of the

edentulous
space)/(sum of the
maximum𝑀-𝐷 size
of the missing teeth)

∗ 100

𝑎 (3)
PI

𝑎 (4)
GI

𝑎 (5)
periodontal risk

(assessed by Florida
Probe software)

Weight of the index
𝑊1 =

𝑧3 + 𝑧4 + 𝑧5 + 𝑧6 + 𝑧7

𝐾1 = 7.15

𝑊2 = 𝑧2 + 𝑧3 + 𝑧5 +
𝑧6

𝐾2 = 8.33

𝑊3 = 𝑧1 + 𝑧2 +

𝑧4 + 𝑧5 + 𝑧6

𝐾3 = 11.11

𝑊4 =

𝑧3 + 𝑧4 + 𝑧5

𝐾4 = 6.75

𝑊5 = 𝑧1 + 𝑧2 + 𝑧4 +
𝑧5

𝐾5 = 9.92
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Table 9: The weight of each mechanical parameter.

Parameter 𝑎 (6)
Static occlusion

𝑎 (7)
Dynamic
occlusion

𝑎 (8)
Average degree
of neighbouring
teeth tilting

𝑎 (9)
Esthetics of the
studied area

𝑎 (10)
Caries risk

Weight index
𝑊6 =

𝑧3 + 𝑧5 + 𝑧6 + 𝑧7

12.3

𝑊7 =

𝑧3 + 𝑧5 + 𝑧6 + 𝑧7

12.3

𝑊8 =

𝑧1 + 𝑧2 + 𝑧3

8.73

𝑊9 = 𝑧1 + 𝑧2 +

𝑧4 + 𝑧5 + 𝑧6

11.11

𝑊10 = 𝑧1+𝑧2+

𝑧3 + 𝑧4 + 𝑧6

12.3

Table 10: The first FPR option generated by the algorithm.

𝑆 3 6 0 FPR having as abutments 3 and 6 (13 and 16 according to FDI)
DL 4 5 Edentation of 4 and 5 (14 and 15 according to FDI)
𝑝 0 The patient does not need removable denture or dental implants only

0
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20

30

40

50

60

0.00 1.00
2.00

3.00

13 onlay-16 inlay
Maryland bridge
13 onlay-16 metal-ceramic crown
13 onlay-16 metallic crown

Figure 7: Example of graphic regarding the probability of failure (%)
for different types of RPF.

41 2 3 5 6 7 8 9 10 11 12 13 14 15 16
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Figure 8: Example of clinical case where 14 and 15 (according to
FDI) were missing.

For the above mentioned example, the individualised func-
tion for fail FPR is represented in Figure 9:

fesec(0.5) = 1.88

The failure probability after 6 months: 1.88%.
The function was generated by mathematical regression

based on 3 sets of values:

(0, 0)
(0.5, 1.88)
(8, 21.35)
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Figure 9: Example of the probability of failure function for the case
AB.

Probability of failure of a FDPdue to each of the causes c1–
c9 may be estimated (Table 11) according to their prevalence
at 8 years, as we identified from the clinical study (Figure 1).

5. Discussions

We consider that the FPR longevity is very difficult to assess
since there are lots of confusing factors which are interrelated.

From the extensive searchwe did in themedical literature,
to our knowledge, this is the first publication regarding the
relationship between oral hygiene behavior and the causes
of failure of FPR. On an intuitive level, poor oral hygiene
and the lack of interdental cleaning aids were expected to
be associated with failure due to caries, periodontitis, defi-
ciencies of design and execution of FPR, and the associated
parafunctions or their complications, but the association
needs further investigations, especially for clinical cases with
a functional occlusion.

In order to verify this association, we consider that nec-
essary study should further investigate this possible influence
on a larger number of patients and on a wider geographical
area.

A possible source of bias in the present study is that it
is a retrospective evaluation, based also on anamnesis’ data,
but we consider that due to the large time span between
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Table 11: Probability of failure in percentage due to each of the 9 causes (c1–c9) over time.

Time (years) % of failure c1 c2 c3 c4 c5 c6 c7 c8 c9
0.5 1.88 0.49% 0.26% 0.48% 0.04% 0.07% 0.25% 0.12% 0.16% 0.11%
1 3.45 0.91% 0.48% 0.88% 0.08% 0.13% 0.45% 0.23% 0.30% 0.20%
1.5 4.92 1.29% 0.68% 1.26% 0.11% 0.18% 0.65% 0.32% 0.43% 0.29%
2 6.33 1.66% 0.88% 1.62% 0.14% 0.23% 0.83% 0.42% 0.55% 0.37%
2.5 7.7 2.02% 1.07% 1.97% 0.17% 0.28% 1.01% 0.51% 0.67% 0.45%
3 9.03 2.37% 1.25% 2.31% 0.20% 0.33% 1.19% 0.59% 0.79% 0.53%
3.5 10.34 2.72% 1.43% 2.64% 0.23% 0.38% 1.36% 0.68% 0.91% 0.60%
4 11.63 3.06% 1.61% 2.97% 0.25% 0.42% 1.53% 0.76% 1.02% 0.68%
4.5 12.89 3.39% 1.79% 3.29% 0.28% 0.47% 1.69% 0.85% 1.13% 0.75%
5 14.14 3.72% 1.96% 3.61% 0.31% 0.52% 1.86% 0.93% 1.24% 0.83%
5.5 15.37 4.04% 2.13% 3.93% 0.34% 0.56% 2.02% 1.01% 1.35% 0.90%
6 16.59 4.36% 2.30% 4.24% 0.36% 0.61% 2.18% 1.09% 1.45% 0.97%
6.5 17.79 4.67% 2.47% 4.54% 0.39% 0.65% 2.34% 1.17% 1.56% 1.04%
7 18.99 4.99% 2.63% 4.85% 0.42% 0.69% 2.50% 1.25% 1.66% 1.11%
7.5 20.17 5.30% 2.80% 5.15% 0.44% 0.74% 2.65% 1.33% 1.77% 1.18%
8 21.35 5.61% 2.96% 5.45% 0.47% 0.78% 2.81% 1.40% 1.87% 1.25%

the initial treatment and the moment of failure of the FPR;
planning a prospective study would be unrealistic since the
number of patients lost to followup would be extremely high
especially due to the particular conditions of dental treatment
in Romania (the fact that the patients need to pay themselves
the costs of dental treatments) which probably counts for the
reduced frequency of asking for regular dental care.

We consider that it would be interesting to assess the
influence of root and interproximal caries on the endodontic
problems and need for endodontic treatment (including cases
when the endodontic treatment can be performed without
the removal of FPR).

During the clinical exam, we noticed deficiencies of
design and execution of FPR that created retentive areas that
made the cleaning more difficult.

Among possible confusing factors that we consider to be
very difficult to assess and which are a major source of error
are the following two. First at the time of the FPR removal, it is
almost impossible to evaluate if there were initially any dental
caries in the abutments and especially if they were correctly
treated before the prosthetic treatment. Another problem is
the effect of prosthetic preparation on the vitality of pulp
tissues (in the present study we tried to identify anamnesis,
using standard questions, relevant symptoms for hiperemia
and for partial pulpitis immediately after the application of
FPR), but we consider that due to the very long time between
the initial treatment and themoment of failure, there is a large
source of error in collecting these information (see Table 10).

Tighter correlations between oral hygiene and associated
failure causes (deficiencies of design and execution associated
with parafunctions and periodontal pockets of 4–6mm
associated with root caries at abutments) compared to those
between oral hygiene and singular failure causes suggest that
a bad oral hygiene may determine the necessity of sooner
replacement of FPR, but a carefully planned study should do
further investigations. We consider that such a study could

be planned starting from the same criteria used for assessing
the odontal restorations longevity. It would be interesting
to assess the relation between FPR longevity, failure causes,
and favorable or determinant risk factors used in this study.
The survival analysis with Cox or Kaplan-Meier models may
bring along proofs for such a relationship, if this study could
be performed on a larger group of patients (see Figure 7).

6. The Assessment of the Quality of
Dental Prosthesis by Methods Based on
Deformable Models

6.1. The Notion of Active Deformable Surface. Given the unit
square 𝐷 = [0, 1] × [0, 1], let 𝑆 be a surface defined by the
vectorial function V : 𝐷 → 𝑅

3, V = (V
1
, V
2
, V
3
), (𝑆) : V =

V(𝑠, 𝑟); that is, 𝑥 = V
1
(𝑠, 𝑟), 𝑦 = V

2
(𝑠, 𝑟), 𝑧 = V

3
(𝑠, 𝑟). Denote

by 𝐴 the class of admissible surfaces V ∈ 𝐶
4
(𝐷, 𝑅
3
), whose

values on the border of𝐷 are given.
Suppose that the following data are given, too: the real

function 𝐼 = 𝐼(V(𝑠, 𝑟)) = 𝐼(𝑥, 𝑦, 𝑧) of class 𝐶2(𝑅3), named
image intensity, the real function 𝑃(V(𝑠, 𝑟)) = −‖∇𝐼(V(𝑠, 𝑟)‖2
which gives the potential associated with the external forces,
the elasticity coefficients (𝑤

10
si 𝑤
01
), the rigidity coefficients

(𝑤
20

si 𝑤
02
), and the coefficient of resistance to twist (𝑤

11
),

associated with the surface (𝑆). Now, introduce the energy-
functional 𝐸 : 𝐴 → 𝑅 by

𝐸 (V) = ∫
𝐷

(𝑤
10

V𝑠


2
+ 𝑤
01

V𝑟


2
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(3)

where V
𝑠
, V
𝑟
are the partial derivatives of first order of the

vectorial function V and V
𝑠𝑠
, V
𝑠𝑟
, V
𝑟𝑟

are the second partial
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Figure 10: Prognostic function ilustrates the probability of failure
over time according to each cause.

derivatives of V. The triple (𝑆, 𝐼, 𝐸) is said to be an active
deformable surface.

The minimum of the energy-functional is determined
according to Euler-Lagrange-Gauss-Ostrogradsky equations
of calculus of variations:

(ELGO) 𝑤10V𝑠𝑠 + 𝑤01V𝑟𝑟 + 𝐹 (V)

= 𝑤
20
V
𝑠𝑠𝑠𝑠

+ 𝑤
02
V
𝑟𝑟𝑟𝑟

+ 2𝑤
11
V
𝑠𝑟𝑠𝑟

(4)

which describe, from mathematical point of view, a system
of partial differential equations; the meaning of 𝐹 is 𝐹(V) =
−∇𝑃(V).

We associate to (ELGO) the so-called evolution equation
of the surface 𝑆, in which we add a temporal parameter to the
vectorial function V; that is, V = V(𝑡, 𝑟, 𝑠):

V
𝑡
− 𝑤
10
V
𝑠𝑠
− 𝑤
01
V
𝑟𝑟
+ 𝑤
20
V
𝑠𝑠𝑠𝑠

+ 𝑤
02
V
𝑟𝑟𝑟𝑟

+ 2𝑤
11
V
𝑠𝑟𝑠𝑟

= 𝐹 (V) ,
(5)

together with an initial estimation of 𝑆, namely, V(0, 𝑟, 𝑠) =
V
0
(𝑟, 𝑠), and corresponding boundary conditions.
A solution of this static problem is found when the

solution V(𝑡, 𝑟, 𝑠) uniformly converges as 𝑡 tends to infinity
[13, 14].

In order to solve the system of partial differential equa-
tions (ELGO), wemake use of discrete iterativemethods such
as finite differences method or finite-element method.

The Finite Differences Method. This method leads to a linear
system of the form:

(𝑉
𝑡
− 𝑉
𝑡−1
)

𝜏
+ 𝐴𝑉
𝑡
= 𝐹 (𝑉

𝑡
) , (6)

where 𝜏 is the time step, 𝑉𝑡 is the vector whose components
are the values of V at the nodes of discretization at iteration
𝑡 (𝑉0 is given by the initial estimation), and 𝐴 is a pentadi-
agonal given matrix. Since the unknown 𝑉𝑡 appears in the
three terms of the previous equation, we say that this scheme
is totally implicit, which leads to complicate calculus, since
the force 𝐹 has a complicated form. In this situation, we
approximate 𝑉𝑡 by 𝑉𝑡−1 in the terms of 𝐹(𝑉𝑡), so we obtain
a semi-implicit scheme which gives the following expression
for𝑉𝑡 : 𝑉𝑡 = (𝐼 − 𝜏𝐴) 𝑉𝑡−1 + 𝜏𝐹(𝑉𝑡−1), where 𝐼 is the identity
matrix.

The Finite-Element Method. Firstly, we define the associ-
ated problem of the system of partial differential equations
(ELGO), secondly we pass to its discrete variant by means
of Ritz-Galerkin type methods, and finally we construct the
subspace 𝑉

ℎ
associated to the corresponding Sobolev space

making use of elements of Bogner-Fox-Schmit type.

6.2. Dental Prosthetics Assessment Computerized Modelling.
Based on this mathematical foundation presented in
Section 6.1 we provide computerized assistance in perform-
ing trusted dental prosthetics solutions and their quality
dual assessment, made by combining both deformable model
based algorithms and the statistical assessment presented in
the previous sections. The software implementation is made
in the context of theMoDef software environment, where it is
also performed, starting from themorphological characteris-
tics of each patient, a computerized three-dimensional virtual
model, which reproduce the anatomic structure, the dental
prosthesis model being generated accordingly.

After the insertion, in the anatomic context, of the com-
puterized method based generated dental prosthesis, follow-
up measurements are made at well-determined intervals
of time, the behaviour of the prosthetic material being
surveyed by computerized imagistic. The necessary statistics
are generated in the same context of the expert type comput-
erized environment MoDef, the statistical prediction being
dually validated by the deformable model based behavioural
prediction.

7. Conclusions and Future Work

Occlusal equilibration is a major step because besides moti-
vating patients for a regular daily oral hygiene, it could
significantly increase the longevity of FPR. More dental
hygiene information should be given after prosthetic treat-
ment and patients should be motivated to attend recalls on
a regular basis for professional teeth-cleaning. Interdental
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cleaning aids should be explained and the patients have to
be motivated to use them at least once a day and the using
technique should be individualized.

We consider that patients should be motivated towards
the importance of self-care and also of early self-diagnosis
should be adjusted to the socioeconomic level and the
education of the patients. Explaining to the patient the role
he can play himself into the long-term success of a prosthetic
treatment most often represents a particular financial effort
and could motivate the patients towards a more important
care and preoccupation towards orodental health and to a
more careful daily individual oral hygiene, including the use
of IDCAs.

Regarding the application of the deformable models
theory, implemented in the context of the MoDef expert
type software environment, it is known that the fact that
modelling by advanced methods and techniques based on
the deformable surfaces theory increases the efficiency of
the dentofacial prosthetics procedures is a domain of great
interest in the actual medical research.
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Phase contrast microscope is one of the most universally used instruments to observe long-term cell movements in different
solutions. Most of classic segmentation methods consider a homogeneous patch as an object, while the recorded cell images have
rich details and a lot of small inhomogeneous patches, as well as some artifacts, which can impede the applications. To tackle these
challenges, this paper presents a hierarchical mergence approach (HMA) to extract homogeneous patches out and heuristically add
them up. Initially, the maximum region of interest (ROI), in which only cell events exist, is drawn by using gradient information
as a mask. Then, different levels of blurring based on kernel or grayscale morphological operations are applied to the whole
image to produce reference images. Next, each of unconnected regions in the mask is applied with Otsu method independently
according to different reference images. Consequently, the segmentation result is generated by the combination of usable patches in
all informative layers.The proposed approach is more than simply a fusion of the basic segmentationmethods, but a well-organized
strategy that integrates these basic methods. Experiments demonstrate that the proposed method outperforms previous methods
within our datasets.

1. Introduction

1.1. Introduction. In biological research areas, the detection of
cells and the identification of life stages are significant. Both
of them play critical roles in accessing the effectiveness of
anticancer drugs, optimizing the formula of culture solution
for cell proliferation and cell pathological analysis, and so
forth.

Phase contrast microscope [1, 2] is one of the most
common imaging devices, which is used for the acquisition
of medical images, especially cell images, without additional
fluorescence indicators. For the colorless and transparent cell
specimens, phase contrast microscopy system can produce
sharp images. Although these images can be manually ana-
lyzed, different kinds of cell transformations and morpho-
logical states, including proliferation, division, and apoptosis,
may increase detecting error rate and make the procedure

extremely time-consuming. The judgment criteria may vary
in the long span of manual detection, which is unfavorable to
the outcome.Therefore, it is necessary to develop a computer-
assisted method with a consistent standard to automatically
detect individual cells and analyze cell morphologies. All of
these make segmentation one of the most challenging tasks
for microscopy cell image analyses. Segmentation results
also lay the foundation for the further analyses, such as cell
tracking and cell stage identification.

Due to the phase contrast imaging principle [3], phase
contrast microscopic images [1, 4, 5] contain artifacts, that is,
bright-halo and shade-off.These two effects make cell images
more inhomogeneous. An example is shown in Figure 1(a),
where most intracellular areas are at the same grayscale
interval as the background.Most of cells in the view are glued
together and the boundaries between objects and background
are not always evident. Diverse cell morphologies, as well as
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 1: Representation of phase contrast image and some experimental results. (a) The original phase contrast image is labeled as NO.500
in T24 xy6 image sequence of our datasets. The image shown is 1004 × 1004 pixels. (b) Otsu multithresholds (3 classes, 2 thresholds). (c)
Otsu multithresholds (4 classes, 3 thresholds). (d) The color labeled result image based on marker-controlled watershed. (e) The outcome of
active contour method with an initialization curve on the image boundary. (f) Graph cut initialization. (g) Graph cut result. (h)The result of
superpixel method in gray intensity domain.

different ways of cell adhesion, perplex the entire situation.
Phase contrast microscope indeed enhances the contrast of
intracellular structure, but black and white spots make it
hard to get homogenous patches. Moreover, the produced
substance along the cell boundary, which is at the same
grayscale level as the intracellular areas, can also increase the
difficulty of cell segmentation.

1.2. RelatedWork. For many years, a lot of widely used image
segmentation methods have been proposed. Thresholds [6,
7] based on grayscale histogram have a long history of
application on image segmentation field. However, histogram
only contains grayscale statistical information, which cannot
represent local structures effectively. Multilevel Otsu method
with different number of thresholds is globally applied to
segment image into classes. As shown in Figures 1(b) and 1(c),
the results are not satisfactory. Edge detection methods [8–
10] are well used in some situations where objectives are quite
different from the background in grayscale or RGB domain.
When the background is similar to the objective, it is hard
to locate the real boundary. Watershed method [11, 12] and
marker-controlled watershed method [13] take advantage of
the local topological structures. Morphological operations
[14] are used as auxiliarymeans in thesemethods.The result is
demonstrated in Figure 1(d), in which the patches cannot be
recognized as cell regions.Mean shift [15, 16] is a self-adapting
kernel density estimation method. It makes use of local
data distribution to estimate a local pattern. Active contour

models (ACM) [17–20] evolve curves mainly based on local
gray intensity and gradient information. The initialization
contour location and the searching direction can influence
the outcome to a great extent. When placing the curve on
the image boundary with outside-in searching direction, the
result can be generated after iterative curve evolution, as
shown in Figure 1(e). Some interactive approaches [21, 22]
mainly based on graph cut method [23, 24] and superpixel
method [25] are more suitable for the natural colored
image segmentation. Referring to Figures 1(f) and 1(g), the
interactive graph cut method needs a lot of manual labeling
work and the result image contains many linked regions that
cannot represent individual cells. Figure 1(h) shows the result
of superpixel method applied in the gray intensity domain.
There are about 2500 superpixels in this image. Some of them
can bind cell regions, while most cannot. Although it can
mergeminor patches to get bigger region,most of superpixels
are the compound of background and cell parts, or even
edges. Recently, Yin et al. [1, 26] proposed a novel approach
to segment cell images by treating phase contrast image as
a special case. They model the phase contrast microscopy
system and formulate it as global quadratic optimization
problem. They also applied the superpixel method [25] in
the phase feature domain [27] to gain phase-homogeneous
atoms.

Since different methods show their advantages and weak-
nesses in different datasets or under different application
contexts, we give a small discussion on some commonly used
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Figure 2: Illustration of HMA framework.

medical image segmentation methods. They have something
in common, which should be given enough attention and can
help to address the challenges.

Firstly, for methods based on thresholds [6, 7], the target
is to find one or more proper thresholds. Specific thresholds
will define subareas and patches of the whole image, and the
gray-intensity of each subarea will be restricted in a minor
bias from each grayscale center.

Secondly, the ACM [17–20, 28] has been modified and
has many versions for specific applications. The ACM aims
at evolving the curve until it reaches the stop criteria. It
makes use of not only the intensity information but also
the local image gradient. In the original version, each pixel
will be treated equally, and no bias is allowed. One of the
versions allows a small bias given byGaussian kernel.Then all
bounded areas within the small bias will be treated as objects.

Thirdly, the method based on imaging model [1, 26, 27],
which formulates optimization functions on the basis of real
imaging system. The goal of the method is to minimize the
quadratic optimization object function, which combines the
spatial term, temporal term, penalty term, and the basic term
that is the distance between real images and the target images.
The key of the method is the phase of the wave, which can
be manipulated and counted as feature. Each phase will be
represented by a kernel, which can be interpreted as a point
spreading function (PSF). Each kernel gives a bias same as
Gaussian kernel. After reaching convergence, each area will
be treated as object.

In summary, the general character between all methods
presented here is the given bias. The methods treat each
area in a small bias as an object and later resort to machine
learning to obtain desired patches. And the applied kernel is
also significant. Kernel can be interpreted as how the pixel
affects its surrounding pixels or how the surrounding pixels
affect the central pixel.

1.3. Our Proposal. Based on the analyses of some classic
methods, this paper presents a simple but efficient method
to segment cells in phase contrast microscopy, which is
applicable for adhesion situations. Most of steps are based
on the classic methods, but we apply them in a different
way. During the extraction step, hierarchical strategies are
applied to build raw segmentation results. Our novel method
can detect all kinds of cells at different stages; then it uses
machine learning methods to eliminate noncell blobs. In the
procedure, morphological operations are applied universally.

However, our method is semiautomatic. Some steps need
manual presetting, but most parameters used in the process-
ing flow are relatively fixed.

The contribution of this paper is threefold.The first one is
the design of a novel segmentation framework. Hierarchical
mergence approach (HMA) takes advantage of hierarchical
informative layers to get satisfactory segmentation results.

The second one is that we evaluate different mergence
strategies under the HMA framework to get different com-
bination, and the best can be picked as the result.

The third one is the extensive evaluation of the state-of-
the-art methods in our datasets, which are more challenging
than the experimental datasets in the literature, where our
method achieves a significant improvement.

The remainder of this paper is organized as follows.
Section 2 presents the proposed HMA. Section 3 provides
extensive experimental results and the comparison between
HMA and previous methods within our datasets. Section 4
concludes the paper and gives a discussion of future work.

2. Methods

TheproposedHMAmethod can be interpreted by the frame-
work shown in Figure 2. In this framework, the maximum
region of interest (ROI) block gives the maximum mask
to cover all cell regions, while the blurring levels block
gives different reference images based on blurring levels
and grayscale morphological operations. The hierarchical
extraction and mergence block is the most important part
in this framework. At last, wrong patches will be filtered by
classifier block.

2.1. Maximum ROI. This step only takes the gradient infor-
mation into consideration to obtain the maximum region
of interest. According to our dataset, the intracellular gray-
intensity is quiet similar to the solution background, which
means cell areas cannot be distinguished by grayscale range.

However, intracellular areas are full of minor structures
and inconsistent minor patches, which have a lot of edge
information, and the background is comparatively smoother
than cell regions. Therefore, the gradient information is
sufficient to distinguish cell regions and background regions.

There aremany edge detectionmethods, includingCanny
[9] and Roberts. For example, in [8], Robert edge operator
is applied to medical images to extract regions along with
morphological dilation. In practice, most of edge detectors
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3: (a) The original phase contrast image is labeled as NO.100 in T24 xy1 image sequence of our datasets. (b) The merged binary map
𝐺map. (c)Themaximumbinary ROImask𝑀ROI. (d)The truncated image based onmaximumROImask. (e) Blurred image based onGaussian
kernel. (f) Blurred image based on Figure 3(e) with gray morphological operations. (g) After applying Otsu method with three thresholds
locally referring to Figure 3(f). (h) After applying watershed method to the blue section of Figure 3(g).

can be utilized, so far as to get themaximumROI after binary
morphological operations [14].

In this paper, Canny operator is applied to the original
image 𝐼(𝑥, 𝑦) and two downsampled images, that is, 𝐼1/2(𝑥, 𝑦)
and 𝐼1/4(𝑥, 𝑦).

The Canny operator can be formulated as

𝑀(𝑥, 𝑦) = √𝐺
𝑥
(𝑥, 𝑦)

2
+ 𝐺
𝑦
(𝑥, 𝑦)

2
,

𝜃 (𝑥, 𝑦) = arctan(
𝐺
𝑥
(𝑥, 𝑦)

𝐺
𝑦
(𝑥, 𝑦)
) ,

(1)

where 𝑀(𝑥, 𝑦) is edge strength matrix, 𝜃(𝑥, 𝑦) is edge
direction matrix, (𝑥, 𝑦) is the pixel coordinate value in the
image spatial domain, and

𝐺
𝑥

=
[𝑓 (𝑥 + 1, 𝑦) − 𝑓 (𝑥, 𝑦) + 𝑓 (𝑥 + 1, 𝑦 + 1) − 𝑓 (𝑥, 𝑦 + 1)]

2
,

𝐺
𝑦

=
[𝑓 (𝑥, 𝑦 + 1) − 𝑓 (𝑥, 𝑦) + 𝑓 (𝑥 + 1, 𝑦 + 1) − 𝑓 (𝑥 + 1, 𝑦)]

2
.

(2)

After applying Canny operator to different scale images,
all gradient maps are merged to the original image. The
merged map 𝐺map can be defined as

𝐺map = 𝑀
1

𝐿
+𝑀
1/2

𝐿
+𝑀
1/4

𝐿
, (3)

where the superscript numbers, {1, 1/2, 1/4}, indicate the
downsampled scale and the subscript 𝐿 means the output
binary map.

There are many morphologically processing flows that
can generate the maximum ROI binary mask. In our model,
morphological close, erosion, and area open operations
are used, as well as some logical operations. The output
maximum ROI binary mask, as shown in Figure 3(c), can
cover all cell events as shown in Figure 3(d). Although there
are still many regions of background in themask, this will not
influence the application of further steps.

2.2. Blurring. Referring to the analyses of previous methods,
blurring is really necessary. With the application of blurring
[29], the minor structures and inconsistent patches can be
fused together, and the local pattern can be more obvious.

Two categories of methods are widely used for blurring
images. The first one is the most used methods, which
are based on predefined kernels, like Gaussian blurring,
mean blurring, Laplacian blurring, and so forth. The second
category is diffraction pattern kernel (DPK) [26, 27], which is
derived from the phase contrast imaging system.



Computational and Mathematical Methods in Medicine 5

Original Kernel
blurring

Morph
operations

Figure 4: Reference images in the blurring levels section of HMA framework.

In this study, Gaussian blurring is chosen due to its
simplicity and effectiveness. We apply it with a radius of 5
pixels and a variance of 1.0. It can weaken edges and build
consistent patches.

The Gaussian blurring can be reformulated as

𝑆
𝑛
(𝑥, 𝑦, 𝜎) = [𝐺 (𝑥, 𝑦, 𝜎)]

𝑛
∗ 𝐼 (𝑥, 𝑦) , (4)

where 𝐺(𝑥, 𝑦, 𝜎) = (1/(2𝜋𝜎2))𝑒−(𝑥
2
+𝑦
2
)/2𝜎
2

and the super-
script 𝑛 indicates the times of convolution.

Blurring operation makes the visible intracellular struc-
ture fuzzy, blends the intracellular prone-dark parts together,
and also helps to mix up the prone-bright cell bound-
aries. Besides kernel-based blurring, there is another way to
build consistent areas, which is the grayscale morphological
operations [14]. The method is well applied in the marker-
controlled watershed. It makes full use of morphological
operations to blend the scene. The image, Figure 3(e), is the
blurred result when the number 𝑛 is 20, while the image,
Figure 3(f), is based on Figure 3(e) with gray morphological
operations. Most of consistent patches can be seen clearly in
Figure 3(f).The reference images can be generated by the flow
in Figure 4.

2.3. Local Otsu. We cannot apply Otsu method [6, 7] to
the whole image range because of different images along
the whole sequence contain different ratio of gray-intensity
levels. Otherwise, there will be different segmented results for
different images, and the targets cannot be recognized from
these segments.

In the maximum ROI mask drawn from the first step,
there are many 8-connected individual patches, which can be
indicated as 𝑀ROI = {𝑀

1

ROI,𝑀
2

ROI, . . . ,𝑀
𝑚

ROI} and 𝑚 is the
total number of individual regions. Each of patches is simply
applied with Otsu method locally in this step.

Based on the first two steps, all patches are considered
to be only having cell events. So for each patch, the ratio
of intensity levels varies in a small scale, and Otsu method
with three thresholds can easily separate 𝑀𝑖ROI, where 𝑖 =
1, . . . , 𝑚, into the four classes, that is, dark-section, prone-
dark-section, bright-section, and prone-bright-section.Thus,
𝑀ROI also can be indicated by𝑀ROI = {𝐴1, 𝐴2, 𝐴3, 𝐴4}, the
four sections. As shown in Figure 3(g), the dark-section is
marked by blue, the prone-dark-section is marked by green,
the bright-section ismarked by orange, and the prone-bright-
section is marked by crimson, while the dark-blue-section
represents the background.

2.4. Watershed. Watershed method is normally used to sep-
arate adherent cells in our study. In [8], the cells are adhered
in one direction in its experimental images; that is, for each
cell its surrounding cells have no adhesion situations. Thus,

watershed method can be applied to its dataset directly to
separate adhesion patches into individuals among the global
region.

For images in our dataset, cells also adhere in one
direction after usingOtsumethod locally.Thus the watershed
method is also applicable to the linked regions. Some-
times, watershed method may produce oversegmentation
and undersegmentation cases but in most situations can
correctly separate adherent cells based on the local morpho-
logical structures. In ourmodel, watershedmethod is applied
universally in the whole processing flow.

Figure 3(h) is the watershed result of the dark-section (or
blue-section) in Figure 3(g), which can almost represent and
cover cells in the original image. However, some cells are
ignored in Figure 3(h), which are wrapped in other colored
layers in Figure 3(g). More minor and homogenous patches
are to be extracted in the next step.

2.5. Patch Extraction and Mergence. In this step, a hierarchi-
cal approach is proposed to extract more informative patches
and merge them into a raw segmentation result. There are
many intermediate results as shown in Figure 5. Figure 5(a) is
obtained by applying watershed method on the combination
image of the green and blue regions in Figure 3(g). Different
patches in the intermediate images have different representa-
tions. Somepatches in Figure 3(h) can representmain parts of
cells, while some patches in Figure 5(a) can cover more areas
of individual cells. In Figure 3(g), the orange and crimson
sections separate cell patches. Some hollow areas in it can
represent cell regions as shown in Figure 5(b). Both Figures
5(c) and 5(d) are colored images after applying Otsu method
locally.The aimof producing the colored images in Figure 5 is
to get minor areas. These areas that can represent individual
cells may be neglected in the preceding procedures.

Before building the raw result, let us make more detailed
explanations by referring to Figures 3 and 5. In the presented
HMA framework,𝑀ROI = {𝐴1, 𝐴2, 𝐴3, 𝐴4}. After the imple-
mentation of multilevel Otsu method with three thresholds
locally, 𝐴

1
also can be separated into four parts, which can

be indicated by 𝐴
1
= {𝐴

1
𝐴
1
, 𝐴
1
𝐴
2
, 𝐴
1
𝐴
3
, 𝐴
1
𝐴
4
}. Thus,

𝐴
2
𝐴
1
represents the blue section in Figure 5(c). Other ways

of combination are also useful, such as 𝐴
2
𝐴
1
∪ 𝐴
2
𝐴
2
, which

merges two parts into one ROI, and (𝐴
2
𝐴
3
∪ 𝐴
2
𝐴
4
)holes,

which indicates the hole areas.
Following this way, the combination strategy diagram can

be shown as in Figure 6. Different combination strategies try
to ensure that the cell target can be masked by a reasonable
patch. However, combination strategies of three parts are
seldom implemented in our model.

In Figure 6, all nodes in the combination strategy diagram
can replace the ROI node to get more informative layers, and
the reference images can be changed to get minor patches.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5: More intermediate results. The original phase contrast image is shown in Figure 3(a). (a) After applying watershed method on
the combination image of the blue and green regions in Figure 3(g). (b) The combination of the holes in the orange and crimson regions of
Figure 3(g). (c) After applying Otsu method with three thresholds locally to the green section of Figure 3(g). (d) After applying Otsu method
with three thresholds locally to the orange section of Figure 3(g). (e)–(g) All three binary images called raw segmentation results are generated
by three different strategies under HMA framework. (h) The classification result of Figure 5(e) after SVM filtering.

12 123 23 234 34

1 2 3 4

ROI

Figure 6: Combination strategy diagram.

The numbers, 1 to 4, represent the four classes after applying
Otsu method locally and the combination of these classes
is represented by a sequence of numbers. When applying
Otsu method each time, the number of thresholds can be
manipulated, empirically three. More reference images can
be added and used during the procedure but mostly based
on Figures 3(e) and 3(f).

At different steps of the procedure, the application
domain of multilevel Otsu method is changed, so minor
patches can be segmented out. The raw result is produced by
the combination of all informative and useful layers, but the
strategy to different images may vary.

The raw result, Figure 5(e), is combined mainly by 𝐴
1
,

(𝐴
3
𝐴
3
∪ 𝐴
3
𝐴
4
)holes, 𝐴3𝐴1, (𝐴4𝐴3 ∪ 𝐴4𝐴4)holes, 𝐴4𝐴1 and

𝐴
4
𝐴
2
. However, Figure 5(g) digs deeper and patches in the

view are smaller. During the combination steps, some logical

operations and biological operations are applied to address
the overlapping problems or to expand the hollow areas.

According to our experimental tests, there will be no
usable patches after digging three times or more. However,
it depends, for the image full of cells, after applying blurring
step, on areas more likely to be blended together in large
range. In order to obtain the details in the large area, onemore
application is necessary.

Since different images have different cell distributions and
different ratios of cells in different stages, different mergence
strategies are applied to different images. From Figure 5(e)
to Figure 5(g), three binary images generated by different
strategies are demonstrated under HMA framework. Among
the three images, there are many different patches, which can
complement each other to get a better region covering. After
getting the raw segmentation results, Figure 5(e) is picked
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(a) (b) (c) (d)

Figure 7: Four more phase contrast images. (a) and (b) labeled as NO.1 and NO.871 in T24 xy1 image sequence, respectively. (c) and (d)
labeled as NO.1 and NO.871 in T24 xy6 image sequence, respectively.

as the preferred one. Before sending it into SVM classifier
[30], watershed method is applied to split the regions. The
output image after SVM filtering is shown in Figure 5(h).
However, there are still many redundant patches and errors
in the image. Discussion on automatic classification problem
will be given in Section 3.

3. Experiments and Discussion

Five more sample images from T24 xy6 and T24 xy1 image
sequences of our datasets are taken into experiments. In
Figure 7, from left to right, the images are labeled as xy1 1,
xy1 871, xy6 1, and xy6 871, respectively. The fifth image is
in Figure 9(a), which is labeled as xy1 266 in our dataset.
Sequence T24 xy1 records the procedure of cell proliferation,
while sequence T24 xy6 records the procedure of cell trans-
formation after adding drugs, in which we have apoptosis
events. Almost all cells in the view are different in the
morphological feature or life stage.

In this part, firstly more classic methods are applied to
the sample images and then our experimental results are
demonstrated based on the proposed HMA. Next, SVM
classifier is applied. At last, some discussions are given.

3.1. Experimentation Based on Some Previous Methods. Re-
ferring to Figure 8, in Row 1, globally applying Otsu method
can separate individual cells into scattered parts but can-
not produce patches to represent cells independently. Otsu
method utilized relative value to select thresholds, which is
the ratio between the number of pixels at a specific level and
the total number of pixels in the image. Otsu method may
produce unexpected segmentation results if the number of
thresholds is wrongly assigned.

In Row 2, after applying restoration method based on
imaging model [1, 26] only, the green parts almost can
represent normal cells, but mitosis and apoptosis cells cannot
be masked by specific patches. Since Otsu method equally
treats all pixels, the restoration method incorporates DPK,
which gives a small tolerance. So, to some extent, the green
parts can match with the dark-blue parts in Row 1.

The binary images in Row 3 are the results after applying
morphological dilation operations based on the green patches

in Row 2.The images are counted as raw segmentation results
in [1].

In Figure 9, experimental results of SLIC superpixel
framework [25] on different feature domains are demon-
strated. In this paper, the criterion of building phase homoge-
neous atoms is different from that of [27]. The total number
of superpixels in the original image is about 2500.

In the intensity domain, each patch has its own grayscale
consistency, but it is still hard to merge nearby patches to
consist a whole region to represent an individual cell. Some of
patches cover both the edge and the intracellular parts, while
some are difficult to distinguish.

In the phase feature domain, the patches became larger.
However, there is also no obvious clue to merge patches
and they cannot be easily classified into predefined classes.
The linked patches that actually belong to the different cells
can also have the same consistency. Although the superpixel
method can get smaller patches when presetting number is
changed, the local structure can be damaged.

3.2. ExperimentationBased on the ProposedHMA. Thispaper
conducts experiments with different combination strategies
under HMA framework and some alternative processing
flows are determined. The processing flows use different
informative layers and patches. For each image, different
processing flows can produce different results. The optimal
segmentation result can be manually picked.

Comparing to images in Row 3 of Figure 8, images in
Figure 10 are the combination of more informative lower
layers and patches than the restoration method based on
imaging model [1]. The restoration based on imaging model
method can gain information only from the output RGB
three-layer image, which will make it difficult to get minor
patches to represent minor objects. Cell phase contrast
images contain many cell objects. When applying with
interactive methods, there are many markers to be signed,
which may increase more label works per image.

Among the experimental results based on HMA, redun-
dant patches are drawn, which are noncell patches. In order
to delete them, this paper resorts to morphological features,
local binary pattern (LBP) [31] feature, and also phase features
[27] to screen the cell target patches out. Compared with
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(a)

(b)

(c)

Figure 8: Cell segmentation and detection by some previous methods, PART1. Row 1: after applying Otsu method globally. Row 2: after
applying restoration method based on imaging model. Row 3: segmentation results based on the green layer of Row 3 with morphological
open operation.

(a) (b) (c) (d)

Figure 9: Cell segmentation and detection by some previous methods, PART2. (a) The original phase contrast image, labeled as NO.266 in
T24 xy1 image sequence. (b) The selected two regions (both regions are bounded by red rectangles with yellow marked numbers). (c) Local
atoms based on intensity. (d) Local atoms based on phase features.
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(a)

(b)

Figure 10: Results based on HMA framework. Row 1: four raw segmentation results (four original images are shown in Figure 7). Row 2:
after SVM classification based on Row 1.

the results after classification and the raw results, most
of noncell regions are deleted, but they still have errors.
For T24 xy1 sequence, the average cell level segmentation
accuracy is 76.3%. For T24 xy6 sequence, the average cell
level segmentation accuracy is 73.2%.

3.3. Discussion. Judging all figures in this paper, the output
segmentation results cannot strictly cover individual cells;
only the main parts of cells can be covered by masks.
According to the results of the proposed HMA method,
all patches are smaller than the ground truth. There are
many factors that result in such outcomes; faint boundary
in original images and the selected kernel are the most
significant ones. And the imprecise segmented patches can
lead to the failure of classification. These all contribute to the
low segmentation accuracy.

Considering the traits of our datasets, it is hard to enhance
the boundary; a better way of getting homogeneous patches
is to pick a more descriptive kernel. The kernel can merge
cell parts together to a consistent gray-level. In this paper, we
simply pick the Gaussian kernel to merge different parts.

The restoration based on imaging model gives us a
new perspective, but when it comes to cell images with
intracellular inhomogeneous areas, the small valued DPK
cannot help to get all patches. Compared with the dataset in
[1, 27] and the dataset in this paper, the images in our dataset
aremore inconsistent andmore challenging, while the images
in the previous papers are either homogeneity prone or cell
region separated. Generally, the proposed method can get
relatively good segmentation results on our datasets.

4. Conclusion

Since not all situations are satisfied with the prerequisites of
all methods, we screen out the applicable ones and organize
them in an ingenious way. What we do in different steps of
HMA is to fit to the preconditions of each classic method,
taking advantage of all methods at large. Thus, the key point
of this paper is that applying methods after satisfying all
prerequisites strictly. The goal of the later drawn mergence
step is to get the smaller cell regions and more descriptive
regions, but they cannot exceed the cell maximum boundary.

The presented hierarchical mergence approach could
perform under relatively fixed extracting flows to obtain the
final results. On further study, stronger inference strategies
and more automatic methods will be incorporated in the
framework. The proposed method has been applied to our
ten raw image sequences. The experimental results can fit
the requirement to some extent, but redundant patches
may influence the later tracking procedure. Our group will
enhance the hierarchical mergence framework.
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Dimensionality reduction is an important issue for numerous applications including biomedical images analysis and living system
analysis. Neighbor embedding, those representing the global and local structure as well as dealing with multiple manifolds,
such as the elastic embedding techniques, can go beyond traditional dimensionality reduction methods and find better optima.
Nevertheless, existing neighbor embedding algorithms can not be directly applied in classification as suffering from several
problems: (1) high computational complexity, (2) nonparametric mappings, and (3) lack of class labels information. We propose
a supervised neighbor embedding called discriminative elastic embedding (DEE) which integrates linear projection matrix
and class labels into the final objective function. In addition, we present the Laplacian search direction for fast convergence.
DEE is evaluated in three aspects: embedding visualization, training efficiency, and classification performance. Experimental
results on several benchmark databases present that the proposed DEE exhibits a supervised dimensionality reduction approach
which not only has strong pattern revealing capability, but also brings computational advantages over standard gradient based
methods.

1. Introduction

The classification of high-dimensional data, such as bio-
logical characteristic sequences, high-definite images, and
gene expressions, remains a difficult task [1]. The main
challenges that these high-dimensional data pose include
inferior outcome performance, tremendous storage require-
ments, and high computational complexity. Dimensionality
reduction (DR) [2], as the core research topic in subspace
learning community, is the well-acknowledged solution for
this curse of dimensionality problem. For the classifica-
tion tasks, the goal of DR focuses on constructing a low-
dimensional representation of data in order to achieve better
discrimination and accelerate the subsequent processing. In
this realm, very straightforward algorithms are dominated,
as the computational complexity of advanced DR techniques
proposed is too high.

Fisher discriminant analysis (FDA) [3] and its variants
[4, 5], which incorporate the class labels information and
aim at the preservation of classification accuracy in the

embedded subspace, are the mostly adopted DR techniques.
FDA amplifies the between-class scatter and simultaneously
shrinks the within-class scatter in subspace for the purpose
of desirable separability. Recently, LFDA [6], MMDA [7],
DCV [8], andMMPA [9]markedly improve the performance
of FDA by solving different kinds of existing thorny issues.
LFDA adds the locality preservation property to the Fisher
criterion, which preserves the multimodal structure. MMDA
presents a novel criterion that straightly maximizes the
minimum pairwise distances of the whole classes for better
between-class separability. DCV circumvents the “small sam-
ple size” problem by using two different methods, the within-
class scattermatrix and theGram-Schmidt orthogonalization
procedure, to obtain the discriminative common vectors.
MMPA takes into account both intraclass and interclass
geometries and also possesses the orthogonality property for
the projection matrix. Broadly speaking, all these methods
have a unique solution computed by a generalized eigensolver
and exhibit acceptable performance on most data, but they
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may be suboptimal for the data with nonuniform density or
multiple manifolds.

To deal with more complex structural data, especially
in biomedical applications [10–12], a batch of novel DR
techniques [13–19] based on stochastic neighbor embedding
(SNE) [13] absorbs a lot of interest. In contrast with the
FDA-type techniques, those consider only the original high-
dimensional space for constructing the objective function.
SNE matches similarities which are achieved both from
the high-dimensional and low-dimensional spaces. Further-
more, 𝑡-SNE [14] extends SNE with symmetric similarities
and by using student’s 𝑡-distribution in low-dimensional
space. Symmetric SNE [15] explains why the heavy-tailed
distribution and the symmetric similarity form in 𝑡-SNE
lead to better performance. NeRV [16] uses the “dual”
Kullback-Leibler (KL) divergence for well-content DR results
in information retrieval perspective. Lee et al. [17] adopted a
scaled version of the generalized Jensen-Shannon divergence
that better preserves small K-ary neighborhoods. Bunte et
al. [18] analyzed the visualization performance of SNE with
arbitrary divergences and claimed that KL divergence is the
most acceptable. In terms of visualization results, all these
techniques outperformmost of the past techniques. However,
the reasons of this well behavior remain obscure. Lee and
Verleysen [20] investigated the role played by the specific
similarities and identified that appropriate normalization
with property of shift invariance is the main cause of the
admirable performance. However, Carreira-Perpiñán [21]
revealed the fundamental relation between SNE and the
Laplacian eigenmaps [22] method and proposed a new DR
method, the elastic embedding (EE), that can be seen as
learning both the coordinates and the affinities between data
points without the shift invariance property.

EE is more efficient and robust than SNE, 𝑡-SNE, and
NeRV. Even so, it cannot be directly applied in classification
tasks because of the unideal discrimination ability, the out-
of-sample problem, and the high computational complex-
ity in some large-scale classification tasks [23, 24]. Many
researchers have been dedicated to solve these drawbacks.
Venna et al. [16] proposed supervised NeRV with better
discrimination capability by complex locally linear functions.
Bunte et al. [25] presented a general framework for a variety
of nonparametric DR techniques and then extended them to
parametric mapping by means of optimization. Gisbrecht et
al. [26] used only a fraction of whole samples for training
the DR model in interactive settings. Yang et al. [27] and
Maaten [28] simultaneously adopted the Barnes-Hut tree and
proposed a generic approximated optimization technique
which reduces the neighbor embedding optimization cost
from 𝑂(𝑁2) to 𝑂(𝑁 log𝑁).

Inspired by these works, we proposed a linear super-
vised DR technique called discriminative EE (DEE) for
classification. To be specific, the linear projection matrix
is introduced to solve the out-of-sample problem similarly
as in [29]. The class labels information is involved in the
construction of objective function as MMPA. We search for
a reasonable direction in the iterative processing to solve
our model by gradient-based method. The remainder of this

paper is structured as follows. Section 2 provides a brief view
of related works. Section 3 describes the objective function
and the search direction of our proposed DEE. Section 4
gathers the experimental results. Finally, Section 5 draws the
conclusions and sketches some future works.

2. Fundamental Contributions

Even though there were numerous previously studied algo-
rithms in the context of embedding high-dimensional data
for visualization or classification, we focus here only on a
few approaches that were recently proposed and that we will
use to compare our evaluations against them. The involved
techniques include the elastic embedding (EE), the discrimi-
native stochastic neighbor embedding (DSNE) [30], and the
min-max projection analysis (MMPA). Let x

𝑖
∈ 𝑅
𝐷
(𝑖 =

1, 2, . . . , 𝑁) be 𝐷-dimensional samples, 𝑙
𝑖
∈ (1, 2, . . . , 𝐶) be

corresponding class labels and X = {x
1
, x
2
, . . . , x

𝑁
} be the

matrix of all samples, where 𝑁 is samples size and 𝐶 is the
classes size. The nonlinear embedding approaches proceed
to look for the subspace matrix Y𝑑×𝑁, whose column vectors
y
𝑖
∈ 𝑅
𝑑 are coordinates of pixel maps, where d is the subspace

dimension. On the other hand, the goal of the usual linear
embedding techniques is to learn a projection matrix A𝑑×𝐷,
which is further used to compute the embedding coordinate
Y = AX.

2.1.The Elastic Embedding. The elastic embedding (EE) tech-
nique, which is nonlinear and unsupervised, is an extension
of SNE-type algorithm. The objective function of EE is
defined as

𝐸 (Y) =
𝑁

∑

𝑛,𝑚=1

𝜔
+

𝑛𝑚

y𝑛 − y𝑚


2

+ 𝜆

𝑁

∑

𝑛,𝑚=1

𝜔
−

𝑛𝑚
exp (−y𝑛 − y𝑚
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) ,

(1)

where 𝜔+
𝑛𝑚
= exp(−‖x

𝑛
− x
𝑚
‖
2
/2𝜎
2
) and 𝜔−

𝑛𝑚
= ‖x
𝑛
− x
𝑚
‖
2,

∀𝑛 ̸=𝑚, with 𝜔+
𝑛𝑚
= 𝜔
−

𝑛𝑚
= 0. The left (+) term in (1), called

as attractive term, preserves local distances as the Laplacian
eigenmaps [22]. The right (−) term in (1), called as repulsive
term, preserves global distances in a plainer way more than
the traditional SNE algorithm. 𝜆 is a tunable parameter for
trading off both the attractive and the repulsive terms.

The gradient of 𝐸(Y) in (1) is then computed as

𝐺 (Y) = 𝜕𝐸
𝜕Y
= 4Y (L+ − 𝜆L̃−) , (2)

where the authors defined the affinities

�̃�
−

𝑛𝑚
= 𝜔
−

𝑛𝑚
exp (−y𝑛 − y𝑚



2
) (3)

and the graph Laplacians L = D − W in the common way.
D = diag(∑𝑁

𝑛=1
𝜔
𝑛𝑚
) is the degree matrix. After the gradient

is obtained, EE uses the fixed-point (FP) diagonal iteration
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scheme to achieve global and fast convergence. First, the
gradient is split as

∇𝐸 = 4Y (D+ + (L+ − 𝜆L̃− −D+)) = 0; (4)

then, a search direction is derived asY(D+−L+−𝜆L−)(D+)−1−
Y.

Both the objective function and the gradient for EE are
intuitively clearer and less nonlinear than other SNE-type
algorithms since EE avoids the cumbrous log-sum term.
Moreover, the FP strategy results in fewer local optima.
However, EE is still nonlinear, so the embedding for the
out-of-sample input is inefficient. Furthermore, EE neglects
the use of the class labels, which makes EE suboptimal for
classification.

2.2. Discriminative Stochastic Neighbor Embedding. The dis-
criminative stochastic neighbor embedding (DSNE) tech-
nique, which is linear and supervised, is an extension of 𝑡-
SNE algorithm. For each input data x

𝑖
and each potential

neighbor x
𝑗
within the same class or not, the probability 𝑝

𝑖𝑗

that x
𝑖
selects x

𝑗
as its neighbor is
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2
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else,

(5)

where 𝜎 is a regularization parameter which is set manually.
For the embedded samples Y = AX, a heavy-tailed Student’s
𝑡-distribution with one degree of freedom for neighbors is
made, so that the induced embedded probability 𝑞

𝑖𝑗
that y

𝑖

selects y
𝑗
as its intraclass or interclass neighbors is
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(6)

The aim of DSNE is to place close together intraclass samples
and place far apart interclass samples. This is achieved by
minimizing the objective function, which is the sum of KL
divergences between𝑝

𝑖𝑗
and 𝑞
𝑖𝑗
with consideration of the class

labels

𝐸 (A) = ∑
𝑙
𝑖
=𝑙
𝑗

𝑝
𝑖𝑗
log
𝑝
𝑖𝑗

𝑞
𝑖𝑗

+ ∑

𝑙
𝑖
̸= 𝑙
𝑘

𝑝
𝑖𝑘
log
𝑝
𝑖𝑘

𝑞
𝑖𝑘

. (7)

The gradient of 𝐸(A) in (7) can be obtained as

𝜕𝐸

𝜕A
= 4A {X (Lintra + Linter)X𝑇} , (8)

where Lintra and Linter are the Laplacianmatrices for intraclass
samples and interclass samples, respectively. DSNE intro-
duces explicit projection matrix and labels information to
make it suitable for classification tasks. However, the cum-
bersome log-sum term and the tedious conjugate gradient
training method make DSNE converge slowly.

2.3. Min-Max Projection Analysis. The min-max projection
analysis (MMPA) is another recently proposed linear super-
vised dimension reduction technique. MMPA combines the
main advantages of block optimization and whole alignment
strategy [31]. It also incorporates a desirable property from
marginal Fisher analysis [32], that is, pulling together the
far apart within class neighbors as close as possible, as well
as placing away the neighbors having different labels as far
as possible. The combination of these properties leads to a
technique that is qualified for online input stream data and
has desirable discrimination capability.The projectionmatrix
A derived from MMPA is a result of solving the following
objective function:

A = arg min
A∈𝑅𝑑×𝐷

tr(AXL
intraX𝑇A𝑇

AXLinterX𝑇A𝑇
) . (9)

By resolving the generalized eigenvalue problem in (9),
MMPA gets a closed form solution without any iteration
process, which is closely related to the classical dimension
reduction algorithms such as DCV and LFDA. All these
techniques present efficient computation cost. However, they
always present crowding problem that leads to cluttered
subspace visualization.

3. Discriminative Elastic Embedding

In this section, we depict the DEE technique that focuses
on exploring an explicit mapping, presenting a large disjoint
interclass region and achieving a faster convergence. We
begin with an introduction of the embedding formulation.

3.1. Formulation. As mentioned in Section 2, the eigenmap-
type algorithms such asMMPAadopt simple affinity function
for constructing direct generalization eigenvalue problems,
which is sensitive to noise and results in crowded embedded
subspace. DSNE can go beyond the spectral techniques and
find better optima, exhibiting large gaps between different
classes as well as dealing with multiple manifolds. However,
the optimization of DSNE is costly and apt to local optima. In
addition, our understanding of these SNE-type algorithms is
limited to an intuitive interpretation of their cost function.
EE furthers our understanding by deriving the explicit
relation between SNE and Laplacian eigenmaps. Moreover,
EE adopts the simpler unnormalizedmodel formore efficient
and robust optimization. The objective function of EE is
formed by a local distance term and a global distance term
to represent better global and local embedding structure.
However, the purpose of this paper is to enlarge the disjoint
region for the different classes. We resolve this problem by
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introducing the class labels to both the attractive affinity
weights and the repulsive affinity weights similar to MMPA:
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=
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(11)

In addition, we adopt the explicit projectionmatrixA tomake
EE linear and avoid the out-of-sample problem.That is, in (1),
we replace y as Ax to make it become
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(12)

Equation (12) is chosen here as our objective function. We
call the model as discriminative elastic embedding (DEE). In
next sections, wewill present the optimization strategy for the
optimal projection matrix A.

3.2. The Fixed-Point Search Direction. The cost function in
(12) characterizes the desired embedding: objects of intra-
class samples are encouraged to embed nearby, but objects
of interclass samples are encouraged to embed far away.
However, this equation is nonconvex, and there is no closed-
form solution. Some gradient basedmethods such as gradient
descent, conjugate gradients, and multiplicative updates [33]
are used for the existing SNE-type algorithms. These are
all reported as very slow and with tiny steps. The fixed-
point iteration strategy used in EE works much better, so we
introduce this FP method into our DEE technique in this
section. The gradient of DEE is obtained as
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= 2A
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= 4AX (D+ −W+ − 𝜆D− + 𝜆W−)X𝑇

= 4AX (L+ − 𝜆L−)X𝑇

= 4AXLX𝑇,
(13)

where we replace x
𝑛𝑚

= x
𝑛
− x
𝑚

and 𝜔
𝑛𝑚

= 𝜔
+

𝑛𝑚
−

𝜆𝜔
−

𝑛𝑚
exp(−‖y

𝑛
− y
𝑚
‖
2
) for brevity. From the stationary point

equation of the gradient (13), we can split 𝜕𝐸/𝜕A into two
parts as

𝜕𝐸

𝜕A
= 4AX (D+ + L −D+)X𝑇 = 0, (14)

whereD+ is symmetric, positive, and definite and (L−D+) is
symmetric. Then, we can get the FP iteration scheme A ←

AX(D+ − L)X𝑇(XD+X𝑇)−1, which further implies the FP
search direction ΔFP = AX(D+ − L)X𝑇(XD+X𝑇)−1 − A. The
objective function 𝐸 will be decreased and converged to a
stationary point along with the FP direction by a line search
A ← A + 𝛼ΔFP satisfying the Wolfe conditions for 𝛼 > 0
[34]. The main cost of each FP iteration is dominated by the
gradient equation (13) which is 𝑂(2𝑑𝐷𝑁 + 𝑑𝑁2).

3.3. The Laplacian Search Direction. Our goal in this section
is to present a search direction that can lead to fast and global
convergence. There are two common ways for achieving this
objective. One is to speed up the computation in the gradient
based iteration scheme. The other is to achieve the optimal
objective value with as a few iterations as possible. The intu-
itivemethod for speeding up the computation is to reduce the
samples size. This obvious approach of subsampling always
produces inferior results. In [27, 28], the authors simul-
taneously adopted the Barns-Hut tree to approximate the
SNE-type gradients, which leads to substantial computational
advantages over existing neighbor embedding techniques.
However, this Barns-Hut tree strategy requires sufficient
training samples for maintaining preferable performance.
Moreover, the Barns-Hut tree based neighbor embedding
methods can only be applied for embedding data in two or
three dimensions subject to the tree size. In conclusion, we
turn to explore the best search direction for less iteration.

From the numerical optimization theory [34], we repeat
the line search method as

A
𝑘+1
= A
𝑘
+𝛼
𝑘
Δ
𝑘
,

H
𝑘
Δ
𝑘
= −g
𝑘
,

(15)

where Δ
𝑘
is the chosen search directions, g

𝑘
is the gradient

of the objective function, H
𝑘
is a positive definite matrix

ensuring the descent direction Δ𝑇
𝑘
g
𝑘
< 0, and 𝛼

𝑘
> 0 satisfies

theWolfe conditions. Our purpose here is to select a desirable
matrixH

𝑘
ranges from I to the Hessian matrix obtained as

𝜕
2
𝐸

𝜕A2
= 4 (XLX𝑇) ⊗ I

𝑑
+ 4 (I
𝐷
⊗ A) 𝜕XLX

𝑇

𝜕A
, (16)

where I
𝑑
is the 𝑑 × 𝑑 identity matrix. WhenH

𝑘
is selected as

the identity matrix I, the optimization is refined as gradient
descent, which is very slow for convergence. At the other
extreme,when theHessian is used, the optimization is termed
as Newton’smethod, which consumes toomuch computation
each iteration. Our intuitive principle is to employ as much
Hessian info as possible that leads to an efficient solution of
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the Δ
𝑘
linear equation (15) (e.g., sparse and constantH

𝑘
). We

further split (16) as

𝜕
2
𝐸

𝜕A2
= 4 (XL+X𝑇) ⊗ I

𝑑
− 4𝜆 (XL−X𝑇) ⊗ I

𝑑

− 4𝜆 (I
𝐷
⊗ A) 𝜕XL

−X𝑇

𝜕A
.

(17)

Since L− is closely related to the variable A, the second part
and the third part of (17) need recomputation each iteration.
The first part is constant and it only needs be computed
once in the first iteration. Moreover, since the entries in W+
are symmetric and nonnegative from (10), the term XL+X𝑇
is symmetric, positive, and semidefinite, and we can add a
small 𝜇I to it for achieving a positive definite matrix. In
conclusion, the attractiveHessian 4(XL+X𝑇)I

𝑑
constructs our

final search direction which is the desirable compromise of
fast convergence and efficient calculation. Since this direction
is mainly related to the attractive Laplacian L+, we call it as
the Laplacian direction (LD). Note that to avoid the direct
calculation of H

𝑘
Δ
𝑘
= −g
𝑘
which costs 𝑂(𝑁3 × 𝐷) we can

firstly achieve the Cholesky factor R of H
𝑘
and then use

two backsolves R𝑇(RΔ
𝑘
) = −g

𝑘
for the Laplacian direction

Δ
𝑘
. The cost of Cholesky decomposition is in 𝑂(𝐷3/3)

and it needs only to be computed once. The cost of two
backsolves is in 𝑂(𝐷2𝑑). We find the Laplacian direction
works surprisingly well with more less iteration times.

4. Experiments and Results
We evaluate the performance of the proposed algorithm in
this section. First, four methods are compared for DEE:
gradient descent (GD), used in SNE; conjugate gradients
(CG), used in 𝑡-SNE; fixed-point (FP), used in EE; and the
Laplacian direction (LD), presented in this paper. Afterwards,
we demonstrate the effectiveness of DEE in clustering visu-
alization compared with some classical algorithms such as
𝑡-SNE, DSNE, and EE. Finally, we present the experimental
results on image classification. Four datasets are used for
evaluation: the COIL20 images database, the ORL faces
database, the Yale faces database, and the USPS handwritten
digits database.

4.1. Datasets. The COIL20 database contains 20 objects. The
images of each object were taken 5 degrees apart as the object
is rotated on a turntable and each object has 72 images. The
size of each image is 40 × 40 pixels, with 256 grey levels per
pixel. The ORL face database consists of a total of 400 face
images from 40 people (10 samples per person). For every
subject, the images were taken at different times, varying
the lighting, facial expressions (open/closed eyes, smiling/not
smiling), and facial details (glassed/not glassed). All the
images were taken against a dark homogeneous background
with the subjects in an upright, front position (with tolerance
for some side movements). The Yale database consists of
165 face images of 15 individuals. There are 11 images per
subject, one per different facial expression or configuration:
center-light, with glasses, happy, left-light, no glasses, normal,
right-light, sad, sleepy, surprised, and wink.We preprocessed

these original images by aligning transformation and scaling
transformation so that the two eyes were aligned at the
same position. Then, the facial areas were cropped into the
resulting images. In our experiments, each image in ORL
and Yale database was manually cropped and resized to 32 ×
32 pixels. USPS handwritten digits dataset includes 10 digit
characters and 1100 samples in total. The data format is of
16 × 16 pixels. Figure 1 shows some example images from the
four datasets.

4.2. The Evaluation of Different Training Methods. Many
different training methods have been applied for solving the
SNE-type embedding algorithms. We have implemented the
following four methods for optimizing DEE model to be
compared with the Laplacian direction method described in
Section 3: gradient descent (GD), originally used for SNE;
conjugate gradient (CG), originally used for 𝑡-SNE; and fixed-
point iteration, originally used for symmetric SNE and EE.
There are several parameter values that require the user
to set for all the three implemented methods. Commonly,
there is little clue on which parameter values are the most
appropriate. This is the main reason why LD method, which
has no parameters to be set, is our preferred choice. We
set most of the parameters to be the same as [13, 14, 21].
The maximum iterations were set 1000 constantly and the
ultimate convergence condition was set to be 1𝑒 − 3. For
the first three datasets, COIL20, ORL, and Yale, we used all
the samples as the input data. And for avoiding clutter, we
randomly selected sixty samples for every class as the input
data for the USPS handwritten digits dataset.

The visualization results are shown in Figures 2, 3,
4, and 5, where all the input data are projected into 2D
space. The different colors stand for diverse classes. Figure 6
demonstrates the learning curves as a function of progressive
iterations. It also states the elapsed time in seconds for a
singlemodel construction. FromFigures 2–5, we can see that,
with different training methods, DEE is useful for clustering
diverse class data. However, the LD method is clearly more
competitive than the other three methods. In Figures 2 and
5, the colored coordinates show that DEE with LD method
accurately separates the underlying disjoint structure present
in diverse class. However, the other three methods have more
overlaps incurred between different classes. In Figures 3 and
4, although all the four methods exhibit clearly the disjoint
factors between diverse classes, the within class coordinates
for FP, CG, and GD are more scattered, which is suboptimal
for classification. From Figure 6, it is clear that DEE with LD
method can achieve more precise objective values with less
iteration times. In decreasing efficiency, the four methods
should be roughly ordered as LD > FP > CG and GD.
The CG method needs the most iteration times to meet the
convergence condition. However, the objective value of CG is
a little more precise than GD’s value. This also explains why
the clustering results for CG are slightly more accurate than
GD’s in Figures 2–5. Mostly, FP is more efficient than CG
and GD, and it costs less time for completing a DEE model
construction. Nevertheless, the runtime in every iteration
loop for FP is more than CG and GD. So the construction
time for FP is slower than GD in the COIL20 dataset, where
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(a) COIL20 (b) ORL

(c) Yale (d) USPS

Figure 1: Some example images from four datasets: (a) COIL20, (b) ORL, (c) Yale, and (d) USPS.

these two methods spend close iteration times. LD not only
achieves the most precise objective values, but also requires
the least runtime. Take ORL dataset as example; LD needs
only 13 iterations to obtain the optimal objective value, but
FP needs about 390 iterations for the same convergence
condition. So, LD costs about 1 second to construct the DEE
model, which is about 38 times faster than FP, the second
efficient method in the order. This result adheres to the
theoretical analysis in Section 2 that the spectral direction is
more useful for rapid convergence.

4.3. Evaluation of Different Embedding Algorithms. The DEE
model with LD strategy was proved to be the most effec-
tive and efficient method in the preceding evaluation. To
begin the classification performance analysis of the proposed
approach, we secondly compare it with other embedding
algorithms for assessing its capability of avoiding overlaps
with different classes. We carried out comparisons to DSNE,
EE, and 𝑡-SNE in 2D embedding space. The visualization
results are illustrated in Figures 7, 8, 9, and 10. What is
clear from these figures is that DEE and DSNE are more

capable of separating data apart from different classes than
EE and 𝑡-SNE. Note that EE and 𝑡-SNE both neglect the
class labels for model construction. This demonstrates that
the class labels ought to be a far more significant factor
for enhancing classification performance. Furthermore, from
Figures 7 and 9, we can see that DSNE not only has more
interclass overlaps, but also has more intraclass scatters than
DEE. This is due to two main factors. First, the traditional
SNE-type embedding algorithms such as 𝑡-SNE or DSNE
use normalization probabilities, which is cumbersome and
unnecessary. However, DEE abandons the normalization
term but focuses on the important and explicit relation
between nonlinear and spectral methods, which makes DEE
more robust to various types of data. Second, DEE uses the
spectral direction for optimization, which is efficient and
has no parameters to tune. Although DSNE uses conjugate
gradientmethod for optimization, there aremany parameters
that need to be manually adjusted, which is difficult and time
consuming. Besides, the conjugate gradient method is apt to
fall into local optimum, which leads to cluttered subspace
coordinates.
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DEE LD DEE FP

DEE CG DEE GD

Figure 2: The clustering visualization for COIL20 data set with different training methods.

DEE LD DEE FP

DEE CG DEE GD

Figure 3: The clustering visualization for ORL data set with different training methods.



8 Computational and Mathematical Methods in Medicine

DEE LD DEE FP

DEE CG DEE GD

Figure 4: The clustering visualization for Yale data set with different training methods.

DEE LD DEE FP

DEE CG DEE GD

Figure 5: The clustering visualization for USPS data set with different training methods.
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Figure 6: The objective values update versus progressive iterations with different training algorithms.

4.4. The Evaluation of Classification Performance. In [19, 30],
some comparison studies of SNE-type embedding algorithms
and spectral methods were demonstrated for image data
and hyperspectral data, respectively. Those demonstrations
showed that, while SNE-type embedding algorithms do
improve the classification performance, the requirement of
even more concise subspace dimension remains a challenge.
From the experimental results in Section 4.3, we know that
the class labels are important to the classification perfor-
mance. Here we compare DEE with three other super-
vised dimensionality reduction techniques, DSNE, DCV, and
MMPA. DCV andMMPA are two recently proposed spectral
methods. DCVhas no special parameters needed to be tuned.
For MMPA, we set the parametric pair 𝜀

𝑤
and 𝜀
𝑏
to be the

average intraclass and interclass Euclidean distances, respec-
tively. For DSNE, we follow the parametric set as in [30].
To illustrate the classification performance in the projected
spaces, a nearest neighbor classifier is used to produce the

decision results. For COIL20 dataset, we randomly selected 15
samples for each object as the training samples. For ORL and
Yale datasets, we uniformly provided 50% training samples.
In USPS, 25 samples in each class were used for input data.
All the rest data were used as testing samples. Figure 11 shows
the recognition rate versus progressive subspace dimension
for DEE, DSNE, DCV, and MMPA in four different datasets.
All the results in Figure 11 were come into being with ten
replications. From this illustration, we can see that the max-
imum subspace dimension of DCV is limited to C-1, due to
the rank of the difference matrix.This limitationmakes DCV
perform poorly in some datasets. Besides, DCV demands
more null space information in intraclass scatter matrix for
better recognition rate. So, in USPS dataset, the optimal
accuracy for DCV is only 83%, which is the worst compared
with other three algorithms. Without this restriction, the
other three algorithms are free for the choice of subspace
dimension. However, since the conjugate gradient method
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DEE DSNE

EE tSNE

Figure 7: The clustering visualization for COIL20 data set with different embedding algorithms.

DEE DSNE

EE tSNE

Figure 8: The clustering visualization for ORL data set with different embedding algorithms.

is unstable and suboptimal, DSNE only gets a little better
recognition rate than DCV, and its accuracy curve is more
fluctuant. The best recognition rate of MMPA and DEE is
very close. By comparison, the recognition rate curve of
DEE is smoother than MMPA’s. This reduces the complexity

of choosing a proper subspace dimension value in a wide
range for the users. Furthermore, DEE reaches the higher
recognition rate with lower subspace dimension value, which
complies with the essence of dimensionality reduction. In
other words, DEE is capable of using as little as possible
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DEE DSNE

EE tSNE

Figure 9: The clustering visualization for Yale data set with different embedding algorithms.

DEE DSNE

EE tSNE

Figure 10: The clustering visualization for USPS data set with different embedding algorithms.
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Figure 11: Recognition rate versus subspace dimension on different datasets.

subspace dimensions for representing the original feature
space.

5. Conclusions

A new embedding algorithm based on EE is proposed
in this paper. The algorithm can be used for clustering
visualization and classification. Our experimental illustra-
tions were focused on image data embedding; however, this
algorithm can also be extended to dimension reduction of
other data without any adjustment. DEE, as a supervised
embedding algorithm, is capable of pulling together the
intraclass examples as well as pushing away the interclass
examples.This “pull-push” property makes DEE qualified for
discrimination tasks. The main disadvantage of all the SNE-
type algorithms is that their optimization is a nonconvex issue
requiring relatively slow iterative process. We introduced the
Laplacian search direction to improve this gradient based
optimization strategy. Empirically, the solutions solved by

Laplacian direction are faster and more effective than the
existing optimization methods. The experimental results in
this paper on four image datasets show that DEE out-
performs existing state-of-the-art algorithms for clustering
visualization and classification. With fewest computation
cost and more concise subspace dimension, DEE shows
better embedded structure and reaches highest recognition
rate.

In future work, we plan to speed up the computation
cost in every iteration loop for LD strategy, which brings
“big data” within reach of visualization and classification. We
will also investigate the scalable optimization of all SNE-type
algorithms, from which we can establish the uniform SNE
based embedding framework.
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This paper presents a new approach to sharpen blurred edge features in scanned tooth preparation surfaces generated by structured-
light scanners. It aims to efficiently enhance the edge features so that the embedded feature lines can be easily identified in dental
CAD systems, and to avoid unnatural oversharpening geometry.We first separate the feature regions using graph-cut segmentation,
which does not require a user-defined threshold.Then, we filter the face normal vectors to propagate the geometry from the smooth
region to the feature region. In order to control the degree of the sharpness, we propose a feature distance measure which is based
on normal tensor voting. Finally, the vertex positions are updated according to the modified face normal vectors. We have applied
the approach to scanned tooth preparationmodels.The results show that the blurred edge features are enhanced without unnatural
oversharpening geometry.

1. Introduction

Optical scanning and geometric processing are two critical
techniques in dental CAD systems which are responsible
for acquiring tooth shapes and designing dental appliances,
respectively. Various studies have been published on build-
ing dedicated scanning systems [1, 2] and automating the
procedure of generating the shapes of dental appliances [3–
5]. However, there are still limitations, of which the feature
blurring is a prominent one.The feature blurring problemhas
a significant impact on the cervical line extraction which is
a necessary step in modeling various dental restorations. As
shown in Figure 1(a), the original scanned tooth preparation
model contains blurred feature regions, which makes the
automated cervical line extraction unreliable. The problem
lies in the limitations of the structured-light principle. For
example, algorithms based on phase analysis [6] confine the
data density according to the resolution of the projected
fringes. It is difficult to be solved by improving the structured-
light algorithms. As a result, geometric postprocessing is
essential to further improve the quality of the scanned
surfaces. As shown in Figure 1(c), by sharpening the blurred
feature regions, high-quality cervical lines are obtained
robustly.

Geometric filtering is a versatile tool to alter the prop-
erties of scanned surfaces represented by triangle meshes.

It can make scanned surfaces more appropriate for specific
visualization and shape-based product design tasks. For
example, surface noise [7–10], the most common defect, can
be reduced by geometric filtering, and geometric filtering-
based feature enhancement can be used to exaggerate the
microstructure on the artifacts surface in archeology. In
order to emphasize the interesting surface attributes, a vari-
ety of filtering approaches have been developed to modify
derived differential quantities instead of vertex positions.
For example, Laplacian coordinate has been employed for
mesh denoising and enhancing [11, 12]; curvature has been
prescribed to directly control the shape of the surface in
[13]. In comparison with algorithms involving second-order
differential attributes, normal based filtering algorithms [14–
16] are more appropriate to process anisotropic features.
The reason is that the second-order differential attributes
integrate characteristics in all directions so that they are not
flexible to constrain anisotropic features in some directions.
Although existing geometric filtering algorithms alleviate
the feature blurring problem to some extent, none of them
considers the degree of the sharpness. The processed edge
features usually show unnatural oversharpening geometry.

In this paper, we focus on the problem of enhancing
blurred edge features in a controllable manner. Specifically,
the degree of the sharpness or the fillet radius is controlled
to avoid oversharpening geometry. We propose a feature
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(a) (b) (c) (d)

Figure 1: The comparison of cervical line extraction on the original tooth preparation and the sharpened model: (a) extracted cervical line
on the original tooth preparation has obvious bumps due to the blurring of the edge features, (b) the segmentation along the cervical line in
(a), (c) extracted cervical line on the sharpened model, and (d) the segmentation along the cervical line in (c).

distance measure based on normal tensor voting to control
the normal filtering process. After the filtering, the vertex
positions are updated by fitting the new face normal vectors
in the least square sense. In addition to geometric filtering,
feature region detection is also important for solving the
feature blurring problem since engineering users demand
high-fidelity scanned surfaces. As a result, the featureless
regions should be untouched. We consider this problem as
a segmentation to avoid involving a user-defined threshold
which is common in most prior researches. We adopt a
graph-cut method to compute the segmentation. The main
contributions of the paper contain three aspects as follows.

(1) Unlike most existing mesh sharpening methods
which produce oversharpening geometry benefitting
high-quality visualization, the proposed mesh sharp-
ening method, which controls the sharpness or the
fillet radius of edge features, is more appropriate for
designing shapes of dental appliances. The essential
strategy is also applicable to process scanned models
used in mechanical and arts industry.

(2) We propose a feature distance measure based on
normal tensor voting to control the sharpness of edge
features.

(3) We cast the feature region detection into a segmenta-
tion problem and solve it with a graph-cut algorithm.

The remainder of this paper is organized as follows. In
Section 2, we review the most relevant previous works. Then
an overview of our approach is presented in Section 3. The
core algorithms of the feature region segmentation and the
controllablemesh sharpening are detailed in Sections 4 and 5,
respectively. After discussing the results and the applications
of our approach in Section 6, we conclude the paper in
Section 7.

2. Related Works

2.1. Mesh Detail Editing. Several mesh denoising algorithms
adapt two-dimensional signal processing theory to filter

vertex positions. Taubin [7] proposed the first low-pass
filtering algorithm for mesh smoothing. Desbrun et al. [8]
improved the efficiency of the filter through an implicit solver.
In order to achieve feature preserving, a variety of methods
employed bilateral filters [9, 10] and anisotropic diffusion
[20, 21] to reduce noises in flat regions while they maintain
discontinuities in high contrast regions. In contrast to directly
dealing with vertex positions, several researchers [11, 14–16]
found that filtering high-order differential quantities brings
obvious advantages in terms of flexibility and effectiveness.
Shen and Barner [14] applied the fuzzy filter on normal vec-
tors, and Yagou et al. [16] applied the boost filter on normal
vectors. Since the edge features are naturally represented as
discontinuity or large variance of normal vectors, the normal
vectors are appropriate for modeling sharp edge features. Su
et al. [11] first filtered the Laplacian coordinates and then
reconstructed vertex positions. With similar ideas, Wang et
al. [12] detailed versatile effects based on filtering Laplacian
coordinates. Recently, algorithms which involve explicit fea-
ture detection [22, 23] and classify vertices into feature and
featureless regions have been proposed based on the idea
that multiple segments with different attributes should not be
blended. Different vertex groups in neighborhood structure
are filtered separately.

Edge and corner features are important for CAD and
sculpture models used in mechanical and arts industry.
Unfortunately, the edge and corner features are commonly
degenerated depending on how the models are obtained.
As a result, mesh sharpening is required to reconstruct the
sharp edge and corner features which do not exist in original
mesh surfaces. Attene et al. [24] proposed a two-step method
to repair sharp edge features for mesh surfaces extracted
from volume data. Wang [17] employed an incremental filter
to extend the geometry of smooth region into the feature
region. Wang [25] took advantage of the bilateral filter [10]
to detect and recover sharp features. Chen and Cheng [26]
used a sharpness dependent filter to recover sharp structure
in surface hole-filling. Chen and Cheng [26] presented a
normal filtering-based algorithm to form sharp edge features.
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Figure 2: The proposed controllable mesh sharpening approach: (a) an input mechanical model in which edge features are blurred, (b) the
color map of the feature distance measure, (c) feature regions which are separated via a graph-cut segmentation, (d) color map of face normal
vectors before normal filtering, (e) color map of face normal vectors after normal filtering, (f) the resulting model with sharp edge features
but without oversharpening geometry, (g) zoomed regions in (d) and (e), and (h) zoomed regions in (a) and (f).

Actually, the key idea of prior algorithms is based on the
assumption that the sharp features are intersections between
smooth regions. Different strategies are taken to extend
smooth regions to form sharp features. However, these
methods inevitably produce oversharpening geometry which
is undesirable for scanned mesh surfaces.

In addition to the above local methods, global optimiza-
tion methods are also developed, which can take advantage
of the integral property of mesh models. For example, Ji
et al. [19] proposed a global optimization procedure to
enhance mesh surfaces. He and Schaefer [27] proposed
𝐿
0
optimization to improve the mesh quality. Although

global methods provide high quality results, they require
high computation time and memory footprint in general.
Moreover, the local characteristics can hardly be controlled
by the global methods.

2.2. Feature Detection. Sharp features especially edge features
play an important role in structure-aware shape processing
tasks. For example, in reverse engineering, mesh surfaces are
separated along feature lines and fitted into surface patches.
Most existing approaches focus on extracting feature lines.
Rössl et al. [28] extracted feature lines using morphological
operators. Yoshizawa et al. [29] detected feature lines based
on the differential definition of the valleys and ridges and

located the feature lines by using local surface fitting. All of
the above methods are based on curvature information. In
contrast, Kim et al. [30] took advantage of normal tensor
voting to classify the features into different categories and
grouped feature regions through 𝑘-means clustering in the
feature space.Wang et al. [31] extended the normal tensor vot-
ing method to extract feature lines by proposing a neighbor
support saliency. In this paper, feature regions are detected to
reduce the amount of calculation.

3. Overview

The target models of our mesh sharpening algorithm are
scanned surfaces produced by optical scanning systems.They
commonly have a great number of triangles, which makes
global approaches such as [19] unqualified. Moreover, the
scanned surfaces produced by structured-light scanners can
achieve accuracy of about 60 𝜇m, which makes mesh denois-
ing unnecessary. With these considerations, the method in
this paper consists of three main stages: (1) detect feature
regions, (2) filter the normal vectors of triangle faces, and
(3) update vertex positions according to the filtered normal
vectors. Although the method in [18] has taken similar steps
to sharpen mesh surfaces, the improvements of our method
include two aspects: (1) we avoid user-defined thresholds
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(a) (b) (c)

Figure 3: Normal tensor analysis: (a) smooth surface, 𝜎
1
= 73.7, 𝜎

2
= 0.207, and 𝜎

3
= 0.0675, (b) sharp edge feature, 𝜎

1
= 7.0, 𝜎

2
= 7.0, and

𝜎
3
= 0.0, and (c) corner feature, 𝜎

1
= 1.33, 𝜎

2
= 1.33, and 𝜎

3
= 1.33.

Z

X Y

(a) (b)

Figure 4: Feature distance measure: (a) 𝑘-means in feature space formed by eigenvectors of the normal tensors, the cluster with highest 𝑋
component corresponds to the smooth region of𝑀 and (b) color map of the feature distance defined in (4).

through graph-cut segmentation and (2) in order to avoid
oversharpening geometry, a feature distance measure quanti-
fying the distance away from the smooth region, as illustrated
in Figure 2(b), is proposed based on normal tensor analysis.

Prior feature region detection algorithms formesh sharp-
ening [17, 18] commonly analyze normal variance in the
local neighborhood of a central face and specify a threshold
to identify feature regions. This strategy does not consider
the spatial coherence of the detected feature regions. In
contrast, we adopt a graph-cut algorithm which involves
spatial constraint as shown in Figure 2(c).

The key ideas of most effective mesh sharpening algo-
rithms [17, 18] are similar which propagate the geometry from
smooth regions to feature regions to form edge intersections.
Plane fitting and skeletonisation are used in [17]; normal
filtering and greedy propagation are adopted in [18]. How-
ever, these approaches inevitably produce oversharpening
edge features which are unnatural for scanned surfaces. Our
algorithm involves a feature distance measure to control the
degree of sharpness. Figures 2(d) and 2(e) show the normal
color map before and after the filtering process. Figure 2(f)
shows the final result in which the edge features are enhanced
but do not suffer from oversharpening defects.

4. Feature Region Detection Using Graph Cuts

A given scanned surface can be represented by a triangle
mesh 𝑀(𝑉, 𝐹), where 𝑉 = {V

𝑖
| 𝑖 = 1, 2, . . . , |𝑉|} and

𝐹 = {𝑓
𝑖
| 𝑖 = 1, 2, . . . , |𝐹|} are the vertices and triangle faces,

respectively. Here | ⋅ | denotes the cardinality of a set. Each
face 𝑓

𝑖
has a normal vector which is denoted by 𝑛

𝑖
.

4.1. Feature DistanceMetric. Thenormal tensor describes the
local structure of a vertex of 𝑀. As suggested by Kim et al.
[30], the normal tensor classifies local geometries into three
types of features, namely, smooth surface, edge feature, and
corner feature. The normal tensor at V

𝑖
is defined as

𝐴V
𝑖

= ∑

𝑗∈𝑁V𝑖

𝑤
𝑗
𝑛
𝑇

𝑗
𝑛
𝑗
, (1)

where 𝑁V
𝑖

is the face set in the one-ring neighborhood of
V
𝑖
and 𝑤

𝑗
is the weight for the covariance matrix generated

by face normal vector 𝑛
𝑗
. The difference of the definitions of

normal tensor is mainly about the definition of 𝑤
𝑗
which is

defined here as

𝑤
𝑗
=

area (𝑓
𝑗
)

areamax
⋅ exp(−


𝑐
𝑓
𝑗

− V
𝑖



𝜎/3
) , (2)

where area(𝑓
𝑗
) is the area of 𝑓

𝑗
and areamax is the maximum

triangle area among 𝑁V
𝑖

; 𝑐
𝑓
𝑗

is the barycenter of 𝑓
𝑗
and 𝜎

is the edge length of the bounding box including 𝑁V
𝑖

. The
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(a) (b)

Figure 5: The comparison of feature region detection results: (a) our scheme and (b) the approach based on normal variance proposed by
[17, 18]. Our approach provides spatial coherent feature regions. Moreover the thresholding based on different models is avoided.

(a) (b) (c)

Figure 6: The impact of different values of the parameter 𝛼: (a) the input of disk model, (b) 𝛼 = 0.2, and (c) 𝛼 = 0.8.

eigendecomposition of 𝐴V
𝑖

uncovers the local structure of V
𝑖
:

𝐴V
𝑖

= (𝐸1 𝐸
2
𝐸
3)
𝑇

(

𝜎
1

0 0

0 𝜎
2

0

0 0 𝜎
3

)(𝐸1 𝐸
2
𝐸
3) , (3)

where 𝜎
1
≥ 𝜎
2
≥ 𝜎
3
≥ 0 are three eigenvalues of 𝐴V

𝑖

and 𝐸
1
,

𝐸
2
, and 𝐸

3
are three corresponding eigenvectors. As shown

in Figure 3, the relative values of 𝜎
1
, 𝜎
2
, and 𝜎

3
determine the

feature type in the neighborhood of V
𝑖
.

Based on above normal tensor framework, we define
a feature distance measure in feature space constructed
by eigenvectors of 𝐴V

𝑖

. First, we find the feature points
corresponding to smooth regions of 𝑀 through 𝑘-means
clustering in the feature space. As shown in Figure 4(a),
after 𝑘-means clustering, the feature points are separated into
different compact groups. The final result does not heavily
depend on the parameter 𝑘 which is chosen as 3 in this
paper. The group with highest component along the largest
eigenvector is denoted by the smooth set.Other feature points
outside the smooth set form the feature set. In order to
quantify how feature points are far away from the smooth set,

the feature distance measure is defined as the Mahalanobis
distance from the smooth set:

𝐷(𝑥
𝑗
) = √(𝑥

𝑗
− 𝜇)
𝑇

Σ−1 (𝑥
𝑗
− 𝜇), (4)

where 𝑥
𝑗
is the coordinate of a testing feature point, Σ is the

covariance matrix of feature points in smooth set, and 𝜇 is
the mean of feature points in the smooth set. As shown in
Figure 4(b) the proposed feature distance faithfully captures
the anisotropic feature regions.

The feature distance measure has two functions in our
algorithm: one is to provide a distribution model in the
feature detection step; the other is to control the normal
vector filtering process.

4.2. Feature Region Segmentation. Feature region detection is
commonly solved by thresholding some attributes of mesh
surfaces. For example, approaches in [17, 18] employ the
normal variance in the local neighborhood as the attribute.
However, this scheme involves multiple user-defined param-
eters such as the size of the local neighbor, tolerant normal
variance, etc. In order to avoid these parameters, we adopt
a graph-cut algorithm to separate the feature regions from
smooth regions.
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(a) (b) (c)

Figure 7: The comparison of sharpening results on a tooth preparation model: (a) the original tooth preparation model of which the region
including marginal cervical line is blurred, (b) the result of the method in [18] where the region including marginal cervical is too sharp, and
(c) our result enhances the edge feature region and avoids the oversharpening geometry.
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Figure 8: The deviations between the original scanned tooth preparation and its sharpened versions: (a) the sharpened tooth preparation
model generated by the method in [18] has relatively large deviations at the regions containing cervical line and (b) our approach maintains
the shape of the cervical line in a controllable manner.

Let 𝐺(𝐹, 𝐸,𝑊) be the dual graph of 𝑀(𝑉, 𝐹) where 𝐹 is
the nodes of the dual graph, 𝐸 is the edge set of the dual
graph, each edge connects two neighboring faces, and 𝑊

is the weights defined on edges. To perform a graph-cut
segmentation, we add two virtual nodes. One is the source
node which represents the smooth regions; the other is the
sink node which represents the feature regions. Then the
energy function of the graph-cut segmentation is defined as

𝐸 (𝑆) = 𝜆𝑅 (𝑆) + 𝐵 (𝑆) , (5)

where 𝑆 = {𝑠
𝑖
| 𝑖 = 1, 2, . . . , |𝑆|} is a labeling for triangles

of𝑀, 𝑅(𝑆) is the regional penalty for assigning labels, 𝐵(𝑆) is
the boundary penalty for assigning different labels between
neighbor triangles, and 𝜆 is the relative importance of the
two terms in (5) which is specified as 1.0. The behaviors of
the segmentation depend on the definitions of 𝑅(𝑆) and 𝐵(𝑆).
To separate feature regions, we define them as follows:

𝑅 (𝑠
𝑖
) =

{

{

{

𝐷(𝑥
𝑖
) , 𝑠
𝑖
= sink,

1.0

𝐷 (𝑥
𝑖
)
, 𝑠
𝑖
= source,

𝐵 (𝑠
𝑖
, 𝑠
𝑗
) =

{{

{{

{

exp(−

𝐷 (𝑥
𝑖
) − 𝐷 (𝑥

𝑗
)


𝐷max
) , 𝑠

𝑖
̸= 𝑠
𝑗
,

0, 𝑠
𝑖
= 𝑠
𝑗
,

(6)

where 𝐷max is the maximal distance of feature points. We
employ the algorithm in [32] to optimize the energy defined
in (5). The computation is efficient and the spatial coherence
is guaranteed as shown in Figure 5.

5. Normal Filtering in a Controllable Manner

In the previous section, we have confined the following
normal filtering in the feature regions so that unnecessary
computations are avoided. To reconstruct sharp edge features,
the common strategy is to propagate geometry from smooth
regions to feature regions; the difference from previous
approaches is the way to predict vertex positions. However,
these approaches all result in oversharpening geometry since
the filtered geometry is the same with the smooth regions
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(a) (b) (c)

Figure 9: The comparison of sharpening results on the rocker arm model: (a) the original model, (b) the result generated by the method in
[18], and (c) the result of our method.

(a) (b) (c)

Figure 10: The comparison of sharpening results on a mechanical part model: (a) the original model, (b) the result generated by the method
in [18], and (c) the result of our method.

where the propagation begins. In contrast, we adopt the
feature distance measure defined in (4) to control the normal
filtering process:

𝑛


𝑖
= ∑

𝑘∈𝑁
𝑓𝑖

𝑤
𝑘
𝑛
𝑘
, (7)

where𝑁
𝑓
𝑖

is the triangles in the one-ring neighborhood of𝑓
𝑖
.

The feature distance weights 𝑤
𝑘
make the triangles at feature

region tend to maintain its original normal vectors, which is
defined as

𝑤
𝑘
= exp (−𝛼 ⋅max (𝐷 (𝑥

𝑘

1
) , 𝐷 (𝑥

𝑘

2
) , 𝐷 (𝑥

𝑘

3
))) , (8)

where 𝑥𝑘
1
, 𝑥𝑘
2
, and 𝑥𝑘

3
are positions of the three vertices of 𝑓

𝑘
.

The parameter 𝛼 controls the sharpness of the edge feature
region. A larger value of 𝛼 corresponds to a high degree of
the sharpness. The impact of different values of parameter 𝛼
is demonstrated in Figure 6. For processing tooth preparation
models, the parameter is experimentally chosen as 0.5 in our
tests.

In order to propagate the geometry of the smooth region
to feature region, we adopt a greedy process to iteratively filter
the face normal vectors using (7). The priority is determined
by the feature distance measure. After the desired faces

normal vectors have been obtained, we update the vertex
positions through least square approximation to the filtered
normal vectors. We adopt the energy function used in [33]:

𝐸
1
(𝑋) = ∑

𝑘∈𝐹

∑

(𝑖,𝑗)∈𝜕𝐹𝑘

(𝑛


𝑖
⋅ (𝑥
𝑖
− 𝑥
𝑗
))
2

, (9)

where 𝑋 is the vertex positions. We solve (9) using gradient
descent method.

6. Results

We have developed an implementation of the proposed
mesh sharpening algorithm using C++ language. We present
several tests on tooth preparation and mechanical and arts
models below. All tests are conducted on a PC with Intel
Core i5CPU, 2GBmainmemory, andWindowsXPoperating
system. We compare our method with the most similar
approach [18] which also employs normal filtering. Firstly, we
present the results on tooth preparation models. As shown
in Figure 7, both our approach and the method in [18]
successively enhance the blurred edge features. However, our
method avoids the oversharpening geometry which makes
the scanned surface unnatural. Specifically, the sharpened
edge features generated by the method in [18] are single-edge
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(a) (b) (c)

Figure 11: The comparison of sharpening results on a mask model: (a) the original model, (b) the result generated by the method in [18], and
(c) the result of our method.

(a) (b) (c)

Figure 12:The comparison of the filtering results between themethod in [19] and ours: (a) the input rocker armmodel, (b) the result generated
by the method in [19], and (c) the result of our method. To illustrate the difference, the models are rendered with edges.

wide which can be identified through dihedral angles. As for
modeling dental restorations, the oversharpening geometry
may destroy the originalmorphology of the cervical lines.We
further compare the Hausdorff distance between the original
scanned tooth preparation and its sharpened versions gener-
ated by themethod in [18] and ours. As shown in Figure 8, our
controllable sharpening algorithm can maintain the shape of
the cervical line while enhancing the regions around it.

In addition to tooth preparationmodels, as shown in Fig-
ures 9, 10, and 11, our approach is also capable of processing
scanned surfaces used in mechanical and arts industry.

Note that prior methods try to directly construct feature
lines on mesh surface which can be easily identified through
dihedral angles. However, this characteristic is only desired
for computer-generated CAD models. For scanned surfaces,
the mesh sharpening algorithm should avoid oversharpening
geometry. In addition, the scanned models are usually quite
large.Therefore, the computational cost is critical for practical
applications. The timing statistics of the proposed approach
is given in Table 1, from which we can conclude that the time
cost is reasonable and approximately linear to the model size.

We further compare with the mesh enhancing method in
[19], which optimizes all vertex positions throughmoving the
vertices in flat regions to high-curvature regions. As shown
in Figure 12, all the models have the same number of vertex
samples. The result of the method in [19] modifies all the
vertex positions, leading to dense sampling in high-curvature
regions. In contrast, our result only filters the vertex samples

Table 1: Timing statistics of the proposed approach.

Model
(Triangles)

Tooth
(41,668)

Rocker arm
(41,552)

Part
(366,307)

Mask
(519,130)

Time cost
(second) 9 7 49 74

around the edge features. In addition, the time cost of the
method in [19] is 196 seconds with our implementation.

7. Conclusions

In this paper, we have proposed a novel mesh sharpening
algorithm which enhances edge features of scanned surface
models in a controllablemanner.Themain components of the
proposed approach consist of two factors: detecting feature
regions and propagating the geometry from the smooth
regions to the feature regions. By introducing a feature
distance measure based on normal tensor analysis, we obtain
naturally-enhanced edge features on scanned surfaces like
tooth preparation and mechanical and arts models.
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