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Multiple today’s medical imaging modalities, for example,
X-ray CT, MRI/fMRI, and PET scanners, supply computer-
aided diagnostics (CAD) with a host of complex and highly
informative images. The resulting big volumes of raw visual
information are extremely difficult to handle. Thus new
strategies for imaging-based CAD and therapies of diseases
have to be developed.

In recent years, machine learning became one of the
major tools of medical image analysis in various CAD
applications. Prior knowledge being learnt from character-
istic examples provided by medical experts helps to guide
image registration, fusion, segmentation, and other com-
putations towards accurate descriptions of the initial data
and extraction of reliable diagnostic cues to reach the CAD
goals. Inspired by and combined artificial intelligence, pattern
recognition, biology, mathematical statistics, optimization,
andmany other fields of science, machine learning is success-
fully employed to find hidden relationships in the complex
image data and link them to the goal diagnoses ormonitoring
of diseases. For a very simple example, learning quantitative
3D shape descriptors of the corpus callosum on brain MRI
helps much in organizing a successful early CAD of autism
or dyslexia.

This special issue pursues the goals of discussing chal-
lenges, technologies, and applications of machine learning
in the present CAD. Careful reviewing of more than 31
submissions resulted in the selection of 12 papers covering the
following topics: measuring topological DWI tractography
to detect Alzheimer’s disease; 3D kidneysegmentation from
abdominal images; driver fatigue detection based on a single
EEG channel; accuracy assessment for iterative closest point

(ICP) registration; texture and morphological analyses of
multiple regions of interest (ROI) to classify breast ultra-
sound (BUS) images; pulmonary nodule classification with
deep convolutional neural networks; combined lung nodule
classification with local difference patterns; automatic lung
segmentation from thoracic CT; instrument detection and
pose estimation in retinal microsurgery; deep and transfer
learning for colonic polyp classification; research on tech-
niques of multifeatures extraction for tongue image and its
application in retrieval; and active learning to classify diabetic
retinopathy.

N. Amoroso et al. used multiplex network concepts
to characterize the brain organization from a topological
perspective.

F. Khalifa et al. integrated discriminative features from
current and prior visual appearance models into a random
forest classifier to automatically segment 3D kidneys from
dynamic CT images.

J. Hu combined four entropy features and ten classifiers
to detect driver fatigue by processing an EEG.

G. Krell et al. compared different unconstrained ICP
algorithms on realistic noisy data from an optical sensor of
the tomotherapy HD system.

M. I. Daoud et al. combinedmultiple-ROImorphological
and texture analyses to effectively segment BUS images.

W. Li et al. designed deep convolutional neural networks
(CNNs) with strong autolearning and generalization abilities
to classify lung nodules.

K. Mao and Z. Deng proposed local difference patterns
(LDP) and combined classifiers to specify lung nodules on
low-dose CT images.
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J. Wang and H. Guo presented a fully automatic three-
stage lung segmentation by skin boundary detection, rough
determination of a lung contour, and pulmonary parenchyma
refinement.

M. Alsheakhali et al. modeled detection, tracking, and
pose estimation of a retinal microsurgical instrument as a
conditional random field (CRF) inference in order to localize
the instrument’s forceps tips and center point and estimate
the orientation of its shaft.

E. Ribeiro et al. explored automated classification of
colonic polyps by deep learning of different pretrained or
built from scratch trainable CNNs on 8-HD-endoscopic
databases acquired by various imaging modalities.

L. Chen et al. presented a novel approach to extract color
and texture features of tongue images. Results showed that the
developed approach can improve the detection rate of lesion
in tongue image relative to single feature retrieval.

Y. Zhang and M. An used an active learning based
classifier of features extracted by recognizing anatomical
parts and detecting lesions to identify retinal images and
further reduce costs of screening the diabetic retinopathy.
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Tongue diagnosis is one of the important methods in the Chinese traditional medicine. Doctors can judge the disease’s situation by
observing patient’s tongue color and texture. This paper presents a novel approach to extract color and texture features of tongue
images. First, we use improved GLA (Generalized Lloyd Algorithm) to extract the main color of tongue image. Considering that
the color feature cannot fully express tongue image information, the paper analyzes tongue edge’s texture features and proposes an
algorithm to extract them. Then, we integrate the two features in retrieval by different weight. Experimental results show that the
proposed method can improve the detection rate of lesion in tongue image relative to single feature retrieval.

1. Introduction

Chinese traditionalmedicine is the experience of the Chinese
people during thousand years of struggle with the disease.
Its curative effect is significant, and side effects are small.
Compared with modern medicine, it has certain advantages
and potential in healthcare, health, rehabilitation, and so
forth. In the Chinese traditional medicine, there are four
kinds of diagnosis methods including inspection, olfaction,
interrogation, and palpation. Tongue image is an important
part of inspection which gets the disease’s situation by
observing patient’s tongue color and edge shape changes [1].

Tongue diagnosis is one of the important topics in the
field of medicine at present; with the continuous deepening
of the Chinese traditional medicine tongue diagnosis objec-
tiveness research, digital images of tongue diagnosis have also
been applied in the clinical work. A lot of tongue images are
generated in clinical works every day, and how to retrieve
andmanage the increasingly large tongue database to support
tongue diagnosis features extraction has become a very
challenging subject. Traditional tongue images management
describes the tongue image information by manual labeling
and retrieves tongue image by the description information,
but this way has been unable to meet the needs of large-scale

tongue image database retrieval. On the other hand, tra-
ditional tongue diagnosis depends highly on clinicians’
experience and thus different clinicians are likely to reach
remarkably different diagnostic results for the same patient.
So this paper proposes a novel method applying content-
based image retrieval technology to tongue image retrieval.

In recent years, some computer image processing tech-
nologies have been used in tongue diagnosis in the Chinese
traditional medicine. These methods can be divided into
two categories according to different tongue image features
used: color-based approaches and texture-based ones. For the
former, [2–7] used the color features to analyze the tongue
images. The color matching of tongue images in different
color spaces with different metrics was investigated and
reported in [2, 4] that proposed a method based on region
partition and feature matching for color recognition of
tongue images. Li and Yuen (2002) addressed the problem of
color image matching in medical diagnosis. They proposed
the sorted metric in coordinate space. To improve the match-
ing performance, a probabilistic combinedmetric is proposed
based on the theory of combining classifier.Wang et al. (2004)
proposed a new tongue color calibration scheme and utilized
a gradient vector flow (GVF) snake based model integrating
the chromatic information of the tongue image used to
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extract the tongue body. Li and Liu (2009) developed a push
broomhyperspectral tongue imager anddiscussed its spectral
response calibration method. A new approach to analyze
tongue color based on spectra with spectral angle mapper is
presented.This new color analysis approach is superior to the
traditional method especially in achieving meaningful areas
of substances and coatings of tongue. Papers [8, 9] used a vari-
ety of tongue image features (such as color, texture, or shape)
to match and identify tongue images. Chiu (2000) built
a computerized tongue examination system (CTES) based
on chromatic and textural algorithm. The chromatic algo-
rithm is developed to identify the colors of the tongue and
the thickness of its coating. Guo (2008) proposed a new color
texture operator, Primary Difference Signal Local Binary
Pattern. The matching performance is evaluated on color,
grayscale and color texture, and fusion of color and texture
features.

For these methods, each of them has its fair share of
success, but corresponding limitations also accompany with
them. Taken as a whole, they fail to satisfy the demands for
both accuracy and robustness simultaneously, which are the
basic requirements for a successful extraction. In fact, the
Chinese traditional medicine attaches great importance to
correlation analysis; namely, different tongues reflect different
diseases, and there may exist some symbiosis or mutual
exclusivity among different characteristics of the tongue. It is
necessary for us to integrate a variety of tongue image features
for tongue image analysis. Based on this, the paper proposes a
method combining color and texture features in retrieval by
different weight to improve the recognition rate for tongue
diagnosis in the Chinese traditional medicine. First, we use
the iterative method to extract the initial main colors and
the number of them and then get the main color histogram
by GLA algorithm. Considering the deficiency of expressing
tongue image information by using color feature only, the
paper analyzes tongue image further and puts an algorithm
to get tongue image’s texture feature. The new method
combines the improved main color histogram descriptor and
edge histogram descriptor to give different weights to the
comprehensive retrieval.

To evaluate the performance of the proposed algorithm,
in the course of the experiment, we used 268 tongue images as
experimental samples; these images are divided into several
colors in advance by the doctor.

From experimental results, we can see that the improved
main color histogram algorithm is better than the traditional
main color histogram in the search results. Although differ-
ences of the statistical results are small, we can obviously feel
the effect of the retrieval greatly improved. At the same time,
the position of the relevant tongue is also more forward and
focused.

Experiment used the same tongue images ditto, which
are divided into 5 texture categories. Experimental results
show that improved edge histogram’s retrieval precision and
recall ratio is slightly higher than that of the traditional edge
histogram.

Finally, in order to analyze the function of comprehensive
color and texture feature in tongue image retrieval, we select a
set of tongue images which have prominent color and texture

features for the experiment and then randomly select a tongue
image as the query image. In order to achieve better retrieval
results, theweight of color and texture features is set to 0.6 and
0.4, respectively. We can see that the result is more accurate
than the single feature search results. A large number of
tongue image retrieval experiments show that, due to the
great difference of the tongue images, using color or texture
features in retrieval would be better for some tongue images.

Experiments show that new method can improve the
detection rate of lesion in tongue images.

The paper is organized as follows. Section 2 reviews some
extraction methods of tongue image features. An improved
main color histogram method and improved edge histogram
for tongue diagnosis in the Chinese traditional medicine are
proposed in Section 3. The experimental results and analysis
are shown in Section 4. Finally, some conclusions are drawn
in Section 5.

2. Related Work

2.1. Main Color Descriptor. Color is the basic element of
tongue image and it is one of the main features for tongue
image recognition. Each tongue image has its own unique
color feature, which is the basic and important feature in the
image. Tongue and coating color links to the body contact,
representing different lesions. So the color is one of the
mainstays of tongue diagnosis in the Chinese traditional
medicine and has important diagnostic value.

According to the theory of visual psychology [9], human’s
perception to image focuses on a few representative colors,
while ignoring the secondary color details. MPEG-7 provides
themain color descriptor to describe themain color informa-
tion of image in arbitrary irregular region, which reflects the
main color of the image. The main color descriptor is used as
the color feature for image retrieval, and the basic idea is as
follows [10].

To image 𝐼, first convert the color space to𝑁 dimension;
then, the image color can be represented by an𝑁 dimension
vector:

𝐹 = {{𝐶𝑖, 𝑃𝑖}} , (1)

where 𝑖 ∈ [0,𝑁 − 1], 𝐶𝑖 represents the image color after
quantifying, and 𝑃𝑖 represents a percentage of the corre-
sponding quantitative color for the whole image. Sorting 𝐹
by descending order, the traditional method is to use 𝑃𝑖 ≥ 5%
as the main color.

GLAalgorithm is an iterative clustering algorithm search-
ing the optimal vector quantizer for target; it is an iterative
split and union process. Algorithm 1 describes the GLA
algorithm step [11].

2.2. Edge Histogram Descriptor. In the process of the Chinese
traditional medicine, discriminating the tongue color and
analyzing the lingual teeth marks, prick, crack, addiction,
and other features are necessary; these features belong to the
category of texture analysis. The edge texture’s distribution is
an important texture information and the edge histogram
descriptor recommended by the MPEG-7 is widely used in
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Input: Sample points for cluster 𝑛, Initial cluster center 𝑐𝑖
Output: Clusters 𝑘
Method:
(1) Input sample points for cluster 𝑛 and Initial cluster center 𝑐𝑖.(2) Repeat.
(3) Sort every sample points by the principle of proximity.
(4) Recalculate clusters center.
(5) Calculate the distortion value of all sample, until the distortion value is lower than the setting threshold.

Algorithm 1: GLA clustering algorithm (GLA algorithm).

the texture features of image retrieval based on the notion
that, especially when the image texture distribution is not
uniform, the descriptors’ effect would be better when used
for image matching [10].

Edge histogram describes five types of edge space dis-
tribution, containing four kinds of directional edges and a
nondirectional edge. The basic idea of the algorithm is to
divide the image into several subblocks and calculate the
value of each subblock edge, depending on the direction of
the subblock edge cumulative statistics and the edge his-
togram of the whole image, as follows:

(1) Divide the image into 4 × 4 subimages.
(2) Divide each subimage into smaller subimage blocks.
(3) According to the edge detection operator defined by

MPEG-7, calculate five kinds of edge values of each
subimage block. If the maximum edge value is greater
than a certain threshold, set the direction as the edge
direction of the image block.

(4) Get the 5 bin edge histogram of the subimages from
the edge direction of image block and finally calculate
the 80 bin histogram of the whole image.

Assuming that there are two images 𝑄 and 𝑇 and their
edge histograms are 𝐻𝑞 and 𝐻𝑡, then 𝑄 and 𝑇 can use the
Minkowski formula where 𝑟 = 1 to measure the similarity as
follows:

𝐷(𝑄, 𝑇) =
79

∑
𝑚=0

ℎ𝑞 [𝑚] − ℎ𝑡 [𝑚]
 . (2)

3. Methods

The paper combines an improved MPEG-7 main color
descriptor and improved edge histogram.They can overcome
the problem of inaccurate retrieval by using single image
feature, and they can improve the efficiency of retrieval. The
two algorithms are introduced in detail in the following.

3.1. Improved Main Color Extract Algorithm. Each tongue
image has its own unique color feature, which is the basic
and important feature of the image. According to previous
literature [8], there is no obvious difference between different
kinds of RGB colors when using computer to automatically
classify and identify tongue images in RGB color space.

Therefore, RGB color space is difficult to represent the color
features of different tongue images; this color space cannot
classify the tongue image color. When using HSV color space
to classify tongue image color, hue 𝐻 angle value in turn
increases according to the order of purple tongue, purple red
tongue, pink tongue, yellow-coating tongue, pale tongue, and
white-coating tongue’s color feature; the saturation 𝑆 value
decreases and brightness 𝑉 value increases in turn of purple
red tongue, purple tongue, pink tongue, pale tongue, yellow-
coating tongue, and white-coating tongue. This result can
classify the tongue color.Therefore, it is necessary to use color
features to convert the RGB color space into HSV color space
while making the tongue image retrieval.

The HSV space can be obtained by the nonlinear changes
of the RGB space; the conversion formula is as follows:

𝑉 = max (𝑅, 𝐺, 𝐵) ,

𝑆 = 𝑉 −min (𝑅, 𝐺, 𝐵)
𝑉 .

(3)

Set

𝑟 = 𝑉 − 𝑅
𝑉 −min (𝑅, 𝐺, 𝐵) ,

𝑔 = 𝑉 − 𝐺
𝑉 −min (𝑅, 𝐺, 𝐵) ,

𝑏 = 𝑉 − 𝐵
𝑉 −min (𝑅, 𝐺, 𝐵) .

(4)

Then,

𝐻

=

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

5 + 𝑏, 𝑅 = max (𝑅, 𝐺, 𝐵) , 𝐺 = min (𝑅, 𝐺, 𝐵)
1 − 𝑔, 𝑅 = max (𝑅, 𝐺, 𝐵) , 𝐺 ̸= min (𝑅, 𝐺, 𝐵)
1 + 𝑟, 𝐺 = max (𝑅, 𝐺, 𝐵) , 𝐵 = min (𝑅, 𝐺, 𝐵)
3 − 𝑏, 𝐺 = max (𝑅, 𝐺, 𝐵) , 𝐵 ̸= min (𝑅, 𝐺, 𝐵)
3 + 𝑔, 𝐵 = max (𝑅, 𝐺, 𝐵) , 𝑅 = min (𝑅, 𝐺, 𝐵)
5 − 𝑟, other.

𝐻 = 60 × 𝐻

(5)
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We can know from the above formula that

𝐻 ∈ [0, 360∘] ,
𝑆 ∈ [0, 1] ,
𝑉 ∈ [0, 1] .

(6)

Themain color of the image can be extracted by clustering
method, and the selection of the initial cluster centers has
great influence on the results of the image color classification
in GLA algorithm. Because the division of the tongue image
color is not obvious, the effect of the initial clustering center of
the random selection is not good. In this section, we use an
iterative method to determine the initial clustering number
and clustering center and then use GLA algorithm to extract
the main color histogram.

The specific algorithm process to determine the number
of primary colors and the initial color is as follows:

(1) To specify color image 𝐼(𝑥, 𝑦), set its scale as 𝐼(𝑥, 𝑦);
if color space is RGB space, convert it into HSV space
according to formulae (3)–(5).

(2) Quantify the HSV space to nine subsections; the
formula is as follows:

area =

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

0, V ≤ 0.2 (black)
1, 𝑠 ≤ 0.1, 0.2 < V ≤ 0.8 (gray)
2, 𝑠 ≤ 0.1, 0.9 < V ≤ 1 (white)
3 + ℎ (other)

ℎ =

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

0, ℎ ∈ (315, 360] ∪ [0, 20] (red)
1, ℎ ∈ (20, 75] (yellow)
2, ℎ ∈ (75, 155] (green)
3, ℎ ∈ (155, 190] (cyan)
4, ℎ ∈ (190, 260] (blue)
5, ℎ ∈ (260, 315] (purple) .

(7)

Scan image 𝐼 and calculate the number of pixels belonging
to the nine subspace 𝑠0, 𝑠1, . . . , 𝑠8 and the probability of the
image 𝑝0, 𝑝1, . . . , 𝑝8, respectively.

(3) Set a threshold, calculate the interval of which 𝑝𝑖 > 𝑇
number, and record the value of the space area, stored
in the array MC[𝑘]; in the experiment, choose 𝑇 =
15%.

(4) The number of intervals 𝑘 determined by step (3) is
the number of the main colors. And MC[𝑘]’s value
area is just the approximate range of the main color
but cannot be used as the main color of the image.
For example, MC[𝑘] = 4’s color represents yellow, but
it can be divided into dark yellow, light yellow, and so
on. Therefore, we still need to continue to iteratively
calculate the main color of image.

Figure 1: Clustering example graph of step (I).

Figure 2: Clustering example graph of step (II).

The original main color MC[𝑘] and the main color num-
ber 𝑘 are used to obtain the main color by GLA algorithm,
and then calculate the main color histogram; the steps are as
follows:

(I) Classify each pixel 𝐼(𝑗) in the image. According to
formula (8), divide 𝐼(𝑗) to interval where its pixel
values are close to initial main color. 𝜔𝑖 is weighting
coefficient. Figure 1 describes clustering example
graph of step (I).

𝑑𝑖 = ∑𝜔𝑖 𝐼 (𝑗) −MC𝑖

2 . (8)

(II) Clarify cluster center. Recalculate every color inter-
val’s cluster center as new color after classifying pixels.
𝑛𝑖 is the number of pixels in theMC𝑖 interval. Figure 2
describes clustering example graph of step (II).

MC𝑖 = ∑𝑛𝑖𝐼
 (𝑗)

∑ 𝑛𝑖 . (9)

(III) Repeat executed step (I) and step (II), until cluster
center MC[𝑘] does not change.

(IV) Perform the splitting operation. According to formula
(10), calculate the errors between every color cluster
interval, if error is greater than threshold 𝑇1, dividing
the color interval into two new color intervals and
calculating the center of new interval, MCnew1 =
MC𝑖 − 𝑑/2,MCnew1 = MC𝑖 + 𝑑/2. Repeat steps (I),
(II), and (III). Figure 3 describes clustering example
graph of step (IV).

𝑑𝑖 = 1𝑛𝑖 ∑
√(𝐼 (𝑗) −MC𝑖)2. (10)
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Figure 3: Clustering example graph of step (IV).

Figure 4: Clustering example graph of step (V).

(V) Perform merging operation. Calculate the distance
of cluster centers, if the distance of two color cluster
intervals is less than threshold 𝑇2, unify the two
interval. According to formula (11), the new clustering
center is calculated. Repeat steps (I), (II), and (III).
Figure 4 describes clustering example graph of step
(V).

MCnew =
(𝑛𝑖MC𝑖 + 𝑛𝑗MC𝑗)

𝑛𝑖 + 𝑛𝑗. (11)

(VI) Perform the clustering end. While MC[𝑘] does not
change, divide or unify the cluster end.

To the 𝑀 ∗ 𝑁 color image 𝐼(𝑥, 𝑦), use algorithm in
Section 3.1 to get image main color descriptor as follows:

𝐹 = {(𝑐1, 𝜇1) , (𝑐2, 𝜇2) , . . . , (𝑐𝑘, 𝜇𝑘)} = {(𝑐1, 𝑛1
𝑀∗𝑁) ,

(𝑐2, 𝑛2
𝑀∗𝑁) , . . . , (𝑐𝑘,

𝑛𝑘
𝑀∗𝑁)} ,

(12)

where 𝑐𝑖 is the main color and 𝜇𝑖 presents the probability that𝑐𝑖 happen.
Figure 5 describes a tongue image and the main color

histogram extracted from the algorithm.

3.2. Improved Edge Histogram Extract Algorithm. The ability
of color feature to distinguish tongue images containing
dry fur, crack, and other prick space prominent positions
is not strong. Using texture features of tongue image edge
to describe the tongue image retrieval can achieve better
retrieval effect on spatial distribution of tongue image. In
Section 2.2, the edge histogram extraction algorithm only
describes the local edge information of the image and the
improved algorithm adds a global edge histogram and a
semiglobal edge histogram to make up the shortage.

The improved edge histogram extract method’s steps are
as follows:

(1) Set 𝐼(𝑥, 𝑦) to be a gray image whose scale is𝑀 ∗ 𝑁;
gray level is 𝐿; if 𝐼 is color image in RGB space, use
the following formula to convert color image into gray
image:

𝑔 = 0.299 ∗ 𝑟 + 0.587 ∗ 𝑔 + 0.144 ∗ 𝑏. (13)

(2) Divide 𝐼 into 4 × 4 subimages, on average, 𝐼1, . . . , 𝐼16.
Calculate every subimage’s local edge histogram;
every subimage contains 5 bin (0∘, 90∘, 45∘, 135∘ and
nondirection), so the whole image has 16 × 5 bin =
80 bin.

(3) Divide every subimage 𝐼𝑖 into fixed number of image
blocks; the area of image block changes as the area
of the whole image. The number of image blocks in
experiment is 256.

(4) Every subimage block can be seen as four 2 × 2
macroblocks; each of themacroblocks’ edge detection
operator in each direction is not the same. Calculate
the five kinds of edge value of each image block and
take the maximum value; if the maximum value is
greater than the threshold value, then set the direction
as the edge of the image block. Experimental results
show that the best threshold is 20. Direction 𝜃’s edge
values are calculated as follows:

𝐸𝜃 =

3

∑
𝑖=0

𝑎𝑖 (𝑚, 𝑛) ∗ 𝑓𝜃 (𝑖)

, (14)

where 𝑎𝑖(𝑚, 𝑛) represents the average gray value of the𝑖macroblock and𝑓𝜃(𝑖) represents 𝑖macroblocks’ edge
detection operator in direction 𝜃. 𝜃 is 0∘, 90∘, 45∘, 135∘,
and no direction.

(5) Get the subimage 𝐼𝑖’s 5 bin edge histogram from 256
image blocks; the whole image of the edge histogram
is 80 bin.

(6) Normalize and quantify the edge histogram got in
step (5), and then with nonlinear quantified value
80 bin which has to be normalized, each histogram
uses fixed 3 bit to encode reduced amount of compu-
tation.

(7) Global histogram represents the edge distribution
information of whole image, calculated by adding
and averaging the distribution information of the
subimage in five directions; the dimension of the
global histogram is 5. Set the local edge histogram of
the image as EH; then the global histogram is

GH𝜃 =
16

∑
𝑖=1

EH𝜃 (𝑖) . (15)

(8) Semiglobal histograms represent image region hori-
zontal, vertical, and adjacent block edge information.
As shown in Figures 3–11, 1∼4 subblocks represent the
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Figure 5: Tongue image and its main color histogram. (a) Original image. (b) Main color histogram.
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Purple red tongue Yellow-coating tongue White-coating tongue

Figure 6: Six tongue image samples with Color Feature in database.

vertical edge information, 8 subblocks represent the
horizontal edge information, 9–13 subblocks repre-
sent adjacent block edge information, and semiglobal
histogram of the whole image is 13 × 5 bin = 65 bin.

3.3. Feature Extract. To the𝑀∗𝑁 color image 𝐼(𝑥, 𝑦), use the
algorithm in Section 3.1 to get image main color descriptor as
follows:

𝐹 = {(𝑐1, 𝜇1) , (𝑐2, 𝜇2) , . . . , (𝑐𝑘, 𝜇𝑘)} = {(𝑐1, 𝑛1
𝑀∗𝑁) ,

(𝑐2, 𝑛2
𝑀∗𝑁) , . . . , (𝑐𝑘,

𝑛𝑘
𝑀∗𝑁)} ,

(16)

where 𝑐𝑖 is the main color and 𝜇𝑖 represents the probability
that 𝑐𝑖 happen.

Get the image’s local edge histogram by using algorithm
in Section 3.2 EH = {𝐸0∘ , 𝐸45∘ , 𝐸90∘ , 𝐸135∘ , 𝐸non-direction};
global histogramGH = {𝑔1, 𝑔2, . . . , 𝑔5} and semiglobal histo-
gram SGH = {𝑆0∘ , 𝑆45∘ , 𝑆90∘ , 𝑆135∘ , 𝑆non-direction}.

Consider 𝐸𝜃 = {𝑒𝜃,1, 𝑒𝜃,2, . . . , 𝑒𝜃,16}, where 𝑒𝜃,𝑗 represents
the image edge value in 𝑗 subimage of 𝜃 direction: 𝑔𝑖 =
∑16𝑗=1 𝑒𝜃𝑖 ,𝑗, 𝜃1 = 0∘, 𝜃2 = 45∘, 𝜃3 = 90∘, 𝜃4 = 135∘, 𝜃5 = non-
direction; 𝑆𝜃 = {𝑠𝜃,1, 𝑠𝜃,2, . . . , 𝑠𝜃,13}, 𝑠𝜃,1 represents 13 sub-
blocks standing for semiglobal information of image’s edge
value in 𝜃 direction.

3.4. SimilarityMeasurement. To a given image, the algorithm
can extract the main color 𝐹, the local edge histogram EH,
the global edge histogram GH, and the semiglobal edge
histogram SGH, where EH is an 80-dimensional vector and
SGH’s dimension is 65.

Set the histograms EH𝑞, GH𝑞, SGH𝑞 and EH𝑡, GH𝑡, SGH𝑡
as𝑄 and𝑇’s local edge histogram, global edge histogram, and
semiglobal edge histogram. Adding the weight of the global
histogram to increase the impact of the image, 𝑄 and 𝑇’s
texture similarity is defined as

𝐷(𝑄, 𝑇) =
79

∑
𝑖=0

EH𝑞 [𝑖] − EH𝑡 [𝑖]
 + 5

×
4

∑
𝑖=0

GH𝑞 [𝑖] − GH𝑡 [𝑖]


+
64

∑
𝑖=0

SGH𝑞 [𝑖] − SGH𝑡 [𝑖]
 .

(17)

The proposed algorithm is a comprehensive retrieval for
the color and texture of the image. If the distance between
query image 𝑄’s main color histogram and target image 𝑇’s
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Figure 7: Results of two search algorithms based on color. (a) The top 9 results of tradition main color retrieval. (b) The top 9 results of
improved main color histogram retrieval.

main color histogram is 𝑑1, edge histogram gets the distance
𝑑2, 𝑑1’s range is [0,max1], and 𝑑1’s range is [0,max2]. The
greater the distance value is, the more the two images are not
similar. To make 𝑑1 and 𝑑2 able to be compared, normalize
them: 𝑑1 = (max1 − 𝑑1)/max1; 𝑑2 = (max2 − 𝑑2)/max2.𝑑1 and 𝑑2’s range after normalization is [0, 1]. If two
images are the most similar, the similarity measurement
is 1; otherwise, the least similarity measurement is 0 and
the similarity measurement is a value of 0∼1. While 𝑑 =
𝜔1𝑑1 + 𝜔2𝑑2 retrieves the main color and edge histogram,
using the distance of similarity, 𝜔1 represents the weight of
main color and 𝜔2 represents the weight of texture feature.
Generally speaking, the weight is 0.6 : 0.4. To different image
information and practical applications, we can increase a
certain weight to achieve better retrieval results.

4. Experiment Result and Analysis

4.1. Color Feature Retrieval Experiment. To evaluate the
performance of Section 3.1 of the proposed algorithm, in
Experiment 1, we used 268 tongue images as experimental
samples; these images are divided into several colors in
advance by the doctor. The total tongue images were divided
into 6 categories, respectively, pink tongue, pale tongue,
purple tongue, purple red tongue, yellow-coating tongue, and
white-coating tongue, and each category contains at least 30
images. Six tongue image samples are shown in Figure 6.

We randomly selected a sample from each category as
an example of tongue image and then retrieved it in the
database. System first calculated the color feature vector and
then similarity matched the color feature vector of the tongue
image in the feature library. The similarity of the Euclidean
distance is used in the paper, finally the returned tongue
image is most similar to the sample.

Take pink tongue as an example, Figure 7 represents
the first nine images based on the traditional main color
algorithm and the improved algorithm of the main color.

Two kinds of algorithm’s retrieval performance can be
displayed from the retrieval system. In Figure 3, each set of
images’ upper left corner image is the image to be retrieved;
the others are retrieval results. “1” is the related image and
“0” is not related image. From experimental results, we can
see that the improved main color histogram algorithm can
usually be compared with the most similar images of those
related images in advance, which is more consistent with the
human visual perception.

To further compare the performance of the two algo-
rithms, we, respectively, used traditional principal color algo-
rithm and improvedmain color histogram algorithm tomake
a lot of tongue image retrieval experiments, calculated aver-
age precision of two algorithms in different tongue images,
and then calculated the average precision of each algorithm to
compare two algorithms’ integrated retrieval performances.



8 Computational and Mathematical Methods in Medicine

IMCH
TMC

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 10.1
Recall

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Pr
ec

isi
on

Figure 8: Average precision-recall curve of IMCH and TMC.
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Figure 9: Six tongue image samples with Texture Feature in
database.

Precision is defined as the ratio between the target images
and the all images searched: precision = 𝑀/𝐿, and recall is
defined as the ratio between the target images in the result
queue and the target images in the database: recall = 𝑀/𝐷.
Here 𝐿 represents the total number of images returned by
retrieval results, 𝑀 represents the number of target images
associated with the query image in the query results, and 𝐷
represents the number of target images from image library,
related to the image to be queried. The higher the precision
is, the better the algorithm retrieval becomes.

Six groups of images are selected from tongue image
database to build a retrieval set, forming 12 times retrieval.
Figure 4 shows the precision comparing results between this
paper’s algorithm and tradition main color retrieval method.
TMC represents the retrieval results based on tradition main

color retrieval method, and IMCH represents the retrieval
results based on the improvedmain color histogrammethod.

Experimental results show that the improved main color
histogram algorithm is better than the traditional main color
histogram in the search results. Although differences of the
statistical results are small, we can obviously feel the effect of
the retrieval greatly improved. At the same time, the position
of the relevant tongue is also more forward and focused.

4.2. Texture Feature Retrieval Experiment. To evaluate the
performance of Section 3.2 algorithms, experiment used the
same tongue images ditto, which are divided into 5 categories:
normal tongue, teeth-printed tongue, thick tongue coating,
exfoliative tongue, and fissured tongue, and each category
contains at least 30 images. Five tongue image samples are
shown in Figure 9.

We randomly selected a sample from each category as an
example of tongue image and then retrieved it in the database.
The similarity of the Euclidean distance is used in this paper,
and finally the returned tongue image is most similar to the
sample.

Using fissured tongue image as an example, Figure 10
represents the retrieval results according to traditional edge
histogram algorithm and improved edge histogram algo-
rithm, the first nine images sorted according to the size of the
similarity.

We repeatedly retrieved each type of tongue image. Fig-
ure 11 shows the precision and recall ratio comparing results
between this paper’s algorithm and tradition edge histogram
retrieval method. TEH represents the retrieval results based
on tradition edge histogram retrieval method, and IEH
represents the retrieval results based on the improved edge
histogram method.

Experimental results show that improved edge his-
togram’s retrieval precision and recall ratio is slightly higher
than that of the traditional edge histogram. Although differ-
ences of the statistical results are small, we can obviously feel
the effect of the retrieval greatly improved. At the same time,
the position of the relevant tongue is also more forward and
focused.

4.3. Comprehensive Feature Retrieval Experiment. To analyze
the function of comprehensive color and texture feature in
tongue image retrieval, we select a set of tongue images which
have prominent color and texture features for the experiment
and then randomly select a tongue image as the query image.
In order to achieve better retrieval results, the weight of color
and texture features is set to 0.6 and 0.4, respectively.

Figure 12 represents the retrieval results of the main
color algorithm, improved edge histogram algorithm, and
image retrieval algorithm based on the main color and edge
histogram, in accordance with the first nine images according
to the size of the similarity.

Figure 12(a) is the result of only using color features. The
similarity is gradually reduced from left to right, from top
to bottom. Although the retrieval tongue image is similar
to the query image in the color, the texture pattern of the
last two images is obviously different from the query image.
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Figure 10: Results of two search algorithms based on texture. (a) The top 9 results of tradition edge histogram retrieval. (b) The top 9 results
of improved edge histogram retrieval.
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Figure 11: Average precision-recall curve of IEH and THE.

Figure 12(b) is the result of only using texture features.
Although the retrieval performance is better than that in

Table 1: Search result analysis.

Method Precision Recall
Improved main color histogram 0.4036 0.3481
Improved edge histogram 0.3983 0.2953
Comprehensive main color and edge histogram 0.5113 0.3620

Figure 12(a), but it retrieved a tongue image with entirely
different color. Figure 12(c) shows a comprehensive color and
texture of the two features and for the same tongue image
retrieval results; we can see that the result is more accurate
than the single feature search results.

To further compare the performances of the three algo-
rithms, the paper uses a training set method, with 5 times
cross validation, and the distribution feature of the training
set is sufficient to describe the distribution feature of the
entire image set. In this way, when adding new image to the
training set, it will not affect the distribution feature of the
entire image database and each image in training set is used in
experiment as a query image. Calculate the average precision
and recall ratio of the training set of images; the experimental
results are shown in Table 1.

From Table 1, we can see that when using algorithm 1 to
retrieve tongue images, precision effect is slightly higher than
that of algorithm 2; the precision of algorithm 3 tongue image
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Figure 12: Results of three search algorithms based on color and texture. (a) The top 9 results of improved main color histogram retrieval.
(b) The top 9 results of improved edge histogram retrieval. (c) The top 9 results of comprehensive main color and edge histogram retrieval.

retrieval is higher than that of the previous two algorithms,
but the average recall ratio is low.The reason is the difference
of the tongue images’ color performance, which can be
expressed better by the feature extraction of algorithm 1.
Because the difference of tongue image texture feature is not
such obvious, the extraction of the feature of algorithm 2 is
difficult. Algorithm 3 can focus on both color and texture
features, so it achieves a higher precision and recall ratio.

A large number of tongue image retrieval experiments
show that, due to the great difference of the tongue images,
using color or texture features in retrieval would be better for
some tongue images.Therefore, to know tongue images in the
practical application, we first judge the color and texture of
the tongue image according to human’s vision and then select

the different retrieval methods and weights to obtain more
satisfactory results.

5. Conclusion

The paper takes tongue image as an example; the research
focuses on the key technology of image feature extraction
and the technology research of the last layer which is the
measurement of the similarity distance, so as to realize the
content-based retrieval of the tongue image with a specific
diagnostic value.

This paper first uses the iterative method to extract the
initial main colors and the number of them and then gets
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themain color histogrambyGLA algorithm. Considering the
deficiency of expressing tongue image information by using
color feature, the paper analyzes tongue image further and
puts an algorithm to get tongue image’s texture feature. The
new method combines the improved main color histogram
descriptor and edge histogram descriptor to give different
weights to the comprehensive retrieval. Experiments on the
268 images including normal tongue, teeth-printed tongue,
thick tongue coating, exfoliative tongue, fissured tongue, and
variety of colors verify the effectiveness and robustness of this
method. Experiments show that newmethod can improve the
detection rate of lesion in tongue images.

The content-based image retrieval technology has a
certain practical significance in the Traditional Chinese
Medicine. Using this technique, the information can be
extracted directly from the tongue image database, which
avoids the subjectivity of the manual annotation of the
tongue image and greatly reduces the manual workload. The
research according to this subject will have broad application
prospects. The results of objectivity tongue diagnosis play a
positive role in promoting the Chinese traditional medicine
research. How to combine with clinicians stagnant standard
to extract more high level feature and identify the lesion
images aiming at the different manifestations of the disease
is a subject that needs further research.
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Neurodegenerative diseases affect brain morphology and connectivity, making complex networks a suitable tool to investigate and
model their effects. Because of its stereotyped pattern Alzheimer’s disease (AD) is a natural benchmark for the study of novel
methodologies. Several studies have investigated the network centrality and segregation changes induced by AD, especially with a
single subject approach. In this work, a holistic perspective based on the application of multiplex network concepts is introduced.
We define and assess a diagnostic score to characterize the brain topology and measure the disease effects on a mixed cohort of 52
normal controls (NC) and 47 AD patients, from Alzheimer’s Disease Neuroimaging Initiative (ADNI). The proposed topological
score allows an accurate NC-AD classification: the average area under the curve (AUC) is 95% and the 95% confidence interval is
92%–99%. Besides, the combination of topological information and structural measures, such as the hippocampal volumes, was
also investigated. Topology is able to capture the disease signature of AD and, as the methodology is general, it can find interesting
applications to enhance our insight into disease with more heterogeneous patterns.

1. Introduction

Recent years have shown an increasing interest for graph-
based measures in magnetic resonance imaging (MRI)
and diffusion-weighted imaging (DWI) studies focused on
brain diseases [1–6]. Among neurodegenerative diseases,
Alzheimer’s disease (AD) is the most common type of
dementia affecting over 5 million people [7, 8] and is
characterized by a well-known stereotyped pattern involving
awhole brain left privileged atrophy, especially affecting some
regions related to cognitive functionality as the hippocampus
[9–13]. However, it is not clear yet whether the combined
use of MRI and DWI modalities can significantly enhance its
diagnosis.

Previous machine learning studies, investigating mixed
cohorts of normal controls (NC) and AD patients, have
reported conflicting results, an even more evident effect with
the inclusion of mild cognitive impairment (MCI) subjects.
In some cases the combination of DWI and MRI features

reported a significant classification improvement [14, 15]; in
others these results were not confirmed [16]. It is obvious
that a fair comparison should require common data sets
and validation techniques; nevertheless, it is manifest that
a primary role is played by the different features adopted.
Different features, in fact, not only provide a different base
of knowledge (which naturally affects the machine learning
models) but also capture different clinical aspects. Measures
based on directional diffusion, such as fractional anisotropy
(FA), have been extensively used as they are able to detect
the connectivity impairment effect of AD [17]. Some studies
revealed remarkable effects with axial and radial diffusivity
(𝜆1, RD) [18, 19]. In other cases huge effects were revealed in
RDormeandiffusivity (MD) [20]. Finally, even if it is FA to be
largely adopted, in some cases it can result in being insensitive
[21, 22].

It is worth noting that the vast majority of reported
results are focused on voxelwise DWI-related measures
more than global connectivity metrics. However, the recent
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developments of more accurate and sophisticated process-
ing pipelines for tractography reconstruction [23, 24] have
encouraged the exploration of connectivity and topological
measures to quantify the brain changes [25, 26]. Typical
findings especially inherent to AD are related to connectivity
disruption, eventually characterized by a loss of small world
[27, 28] or rich club organization of the brain [29, 30].
AD patients exhibit a decreased network efficiency, implying
abnormal topological organization [31, 32].

These studies are based on two, not necessarily compet-
ing, underlying hypotheses; that is, brain dysfunctions can be
yielded by (i) a local connectivity impairment [33] or by (ii) an
abnormal overall organization of the brain [34, 35]. The local
impairment hypothesis has been largely confirmed. However,
for the second hypothesis encouraging results have been
reported. Indeed, topological measures can have detectable
effect size [36, 37].

A holistic approach which describes the AD effects from
a topological perspective is adopted here. More than focusing
on local impairments we look for discriminating patterns in
the brain connectivity organization; thus, DWI tractography
is used to introduce a diagnostic topological score. As for
the chosen cohort T1 MRI scans were also available; the
score is compared and combined with volumetric measures
to assess its informative content.The presented methodology
is general, even tested in this case on Alzheimer’s disease.
It allows a description of the overall brain topology; thus,
its application to diseases with less stereotyped patterns
[38], such as Schizophrenia or Multiple Sclerosis, could give
further insight.

2. Materials and Methods

2.1. BrainConnectivityMatrices. Data used in the preparation
of this article were obtained from Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) database (http://adni.loni.usc
.edu). The ADNI was launched in 2003 as a public-private
partnership, led by Principal Investigator MichaelW.Weiner,
MD. The primary goal of ADNI has been to test whether
serial magnetic resonance imaging (MRI), positron emission
tomography (PET), other biologicalmarkers, and clinical and
neuropsychological assessment can be combined to measure
the progression of mild cognitive impairment (MCI) and
early Alzheimer’s disease (AD).

For the present study 99 subjects from Alzheimer’s
Disease Neuroimaging Initiative (ADNI) including normal
controls (NC) and Alzheimer disease (AD) patients were
analyzed. We chose this cohort in order to have for each
subject both T1 MRI and DWI brain scans. T1-weighted
sequences (voxel size = 1.2 × 1.0 × 1.0mm3; TI = 400ms;
TR = 6.98ms; TE = 2.85ms; flip angle = 11) and DWI scans
(voxel size = 2.7×2.7×2.7mm3) are described in detail on the
ADNIwebsite (http://adni.loni.usc.edu/wp-content/uploads/
2010/05/ADNI2 GE 3T 22.0 T2.pdf); in particular for DWI
46 separate images were acquired: 5 T2-weighted (𝑏 =
0 s/mm2 images) and 41 diffusion-weighted images (𝑏 =
1000 s/mm2). Demographics and clinical information are
shown in Table 1.

Table 1: Data size, age range, gender, and a cognitive score (Mini
Mental State Examination (MMSE)) are shown for each diagnostic
group: normal control (NC) and Alzheimer’s disease (AD) subjects.
Mean and standard deviation are shown when appropriated.

Size Age Gender MMSE
NC 52 73 ± 6 M/F 26/28 29 ± 1
AD 47 75 ± 9 M/F 29/18 23 ± 2

For each subject DICOM images were acquired from
ADNI database. MRICRON software was used to convert
DICOM to NIFTI format, with the dcm2nii suite. Then
FMRIB Software Library (FSL) by the Oxford Centre for
Functional MRI of the Brain, and in particular its diffusion
toolkit FDT, was used for the complete image processing
pipeline; see Figure 1 for the overall flowchart:

(1) Eddy current correction was performed to mitigate
artifacts caused by eddy currents in the gradient coils.

(2) Brain extraction was performed to erase nonbrain
tissue from each subject scan, thus reducing the
computational burden of the analysis.

(3) An affine registration of all scans was employed to
spatially normalize the whole data set to the MNI152
template. With this step the image processing phase
was concluded.

(4) Bayesian estimation of diffusion parameters and the
inherent tensor fitting was obtained with sampling
techniques at each voxel.This stepwas preparatory for
running the subsequent probabilistic tractography.

(5) Finally, probabilistic tractography was performed
to obtain the connectivity matrix of each subject.
Specifically, the Harvard-Oxford cortical atlas (http://
neuro.imm.dtu.dk/wiki/Harvard-Oxford Atlas) was
used, thus resulting in a brain parcellation of 96
regions, 48 per hemisphere.

The final output was a weighted symmetric connectivity
matrix W whose elements 𝑤𝑖𝑗 represented the strength of
connectivity, that is, the number of fibers, between the 𝑖th and
𝑗th regions. The fundamental step of the whole image pro-
cessing was the fiber reconstruction. The FDT tool generates
a probabilistic streamline or a sample from the distribution
on the location of the true streamline. By taking many such
samples the histogram of the posterior distribution on the
streamline location or the connectivity distribution is then
built. Finally, themost probable traits connecting two regions
are computed. We averaged the traits connecting region 𝑖 to
𝑗 and vice versa 𝑗 to 𝑖 to obtain a symmetric matrix. We
considered all non-null connections, disregarding the weight
information and obtaining a binary connectivity matrix C
whose elements 𝑐𝑖𝑗 were straightforwardly defined:

𝑐𝑖𝑗 =
{
{
{

1 if 𝑤𝑖𝑗 > 0
0 otherwise.

(1)

As the focus of this study was the topological organization
of the brain, we privileged the study of C; nonetheless, we

http://adni.loni.usc.edu
http://adni.loni.usc.edu
http://adni.loni.usc.edu/wp-content/uploads/2010/05/ADNI2_GE_3T_22.0_T2.pdf
http://adni.loni.usc.edu/wp-content/uploads/2010/05/ADNI2_GE_3T_22.0_T2.pdf
http://neuro.imm.dtu.dk/wiki/Harvard-Oxford_Atlas
http://neuro.imm.dtu.dk/wiki/Harvard-Oxford_Atlas
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Figure 1: The figure shows the processing pipeline underwent by brain DWI scans. The dotted box includes the dedicated image processing
steps: (a) eddy correction, (b) brain extraction, and (c) affine registration. For each voxel the diffusion tensor was estimated, (d) thus allowing
the probabilistic fiber reconstruction. Using the Harvard-Oxford atlas, the connectivity matrix derived from tractography was computed for
each subject.

also investigated the information carried by the connectivity
weights. In principle, weight information should help the
cohort discrimination as weights are directly affected by the
impairment caused by the disease. However, it is worthwhile
to note that tractography is very sensitive to artifacts and
noise due to reconstruction algorithms and as a consequence
it sometimes shows biological insights difficult to interpret.

2.2. Topological Overlap. The binary connectivity matrix C𝛼
of each subject 𝛼 in the cohort is a compact representation
of connected brain regions. A reasonable and partially con-
firmed hypothesis, deriving from the AD peculiarity of being
a neurodegenerative disease, is that connectivity impairment
should have a direct effect on the network topology. Besides,
the impairment should reflect the severity of the pathological
condition; thus, it should be expected that, for severe AD
conditions, topology should manifest more evident changes.
Nonetheless, natural biological variability can sometimes
conceal these local effects and a huge statistical power will
be required to investigate each brain connection and get a
significant measurement.

We propose instead of describing the connectivity loss
with a global indicator, trying to capture the whole brain

behavior. To capture the whole informative content of the
cohort in one comprehensive model we chose to adopt the
novel multiplex network framework. A multiplex network,
from now onward simply multiplex, is by definition a col-
lection of networks sharing the same nodes [39]. Generally
adopted in social sciences, this concept is naturally intro-
duced to describe system with heterogeneous interactions.
As an example, scientific authors with a common publication
can be represented as a network; if this operation is stratified
considering, for example, different journals or editors, a mul-
tiplex description arises. Another common example concerns
the different relationships a group of people can share: social,
geographical, and physical, just to mention a few.

The same concept applies here if we consider the anatom-
ical districts as the fixed nodes of a network and build a
network for each subject as if subjects were representing a
stratification factor. Given a collection of these single subject
networks, the multiplex can be visually represented as a 3D
structure formed by𝑀 layers, one layer for each subject 𝛼, as
shown in Figure 2.

LetC = (C1, . . . ,C𝛼, . . . ,C𝑀) be themultiplex with each
single subject graph C𝛼 formed by 𝑁 nodes, the 96 labeled
regions of the Harvard-Oxford atlas, and 𝑀 layers (layers
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Subject 1 Subject 2 Subject M

Figure 2: All subjects of the cohort are represented through graphs with exactly the same nodes (in red), corresponding to brain anatomical
districts, but with different connections. For example, the figure shows the case of two nodes (1, 2) connected for all subjects and two nodes
(1, 3) connected only in the first two subjects. The presence of a link in different subjects is also outlined (blue dashed lines). For each link in
the networks it is possible to measure the fraction of subjects having a link in common, the so-called link overlap.

and subjects in this work will be interchangeably used). For a
generic node of the multiplex 𝑖 and for two generic subjects 𝛼
and 𝛼 it is possible to define the local node overlap 𝑛𝛼,𝛼𝑖 [40]
which is the total number of nodes 𝑗 linked to the node 𝑖 in a
couple of layers 𝛼 and 𝛼:

𝑛𝛼𝛼𝑖 =
𝑁

∑
𝑗=1

𝑐𝛼𝑖𝑗𝑐𝛼


𝑖𝑗 . (2)

This is really useful information when investigating how cen-
tral the node is within each layer, for example, to understand
if there is a direct association between the kind of relationship
defining the layer and the role played within it by a particular
node.

However, from a topological point of view this is not
very useful information, because what defines topology is not
how intense the connections are, but their existence. Thus,
adopting the same strategy to our case, we introduce here the
link overlap matrix O and its elements 𝑜𝑖𝑗:

𝑜𝑖𝑗 =
1
𝑀
𝑀

∑
𝛼=1

𝑐𝛼𝑖𝑗 . (3)

This matrix counts the number of times a link is present
within each layer𝑀. It is therefore a symmetricmatrix whose
values lie in the [0, 1] interval.

It is reasonable to expect that link overlap should charac-
terize important correlations among the different layers. One
of the questions addressed by the present work is whether
this measurement can detect the cross-sectional differences
within a mixed NC/AD cohort. Accordingly, we built the
multiplexes of NC subjects and AD patients. For both cases,
the link overlap matrices ONC and OAD were computed.
These matrices became binary with a 0.5 threshold for both
NC and AD cohorts, considering it a likelihood measure
assigned to each link.

The link overlap matrices represent the connectivity
backbone of each population; in fact a qualitative difference

can be directly observed by comparing the NC and the AD
cases as shown Figure 3.

The overlap difference matrixD defined as

D = ONC − OAD (4)

has some interesting properties. It is a symmetric matrix
whose elements 𝑑𝑖,𝑗 are 0 for all connections with an identical
behavior in both NC and AD cohorts and ±1 for those
connections present, respectively, only in ONC or OAD. To
emphasize these differences we introduce for each subject 𝛼
a topological connectivity scoreS𝛼 as the Hadamard, that is,
element-wise, product ofC𝛼 andD:

S
𝛼 =
𝑁

∑
𝑖,𝑗=1

1
2𝑐
𝛼
𝑖j𝑑𝑖𝑗 (5)

with 𝑑𝑖𝑗 representing the elements of D and the division
by 2 takes into account the symmetry of C𝛼 and D. In
the same way a weighted connectivity score S𝛼𝑤 can be
introduced by considering in the previous equation the
original connectivity matrixW𝛼 and its elements 𝑤𝑖𝑗:

S
𝛼
𝑤 =
𝑁

∑
𝑖,𝑗=1

1
2𝑤
𝛼
𝑖𝑗𝑑𝑖𝑗. (6)

The topological score is designed to capture how disease
affects the topological organization of the brain. Its weighted
version, which includes the information inherent to the con-
nectivity strength, could in principle enhance the segregation
capability of the two cohorts. In fact, we will directly address
this aspect in the following sections. The two scores were
finally normalized to get a direct probabilistic interpretation
as diagnostic scores.

3. Results and Discussion

3.1. Quantitative Assessment of S and S𝑤 Scores. To evaluate
the capability of bothS andS𝑤 to capture the effects yielded
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Figure 3: The figure shows the overlap matrices computed for the AD (a) and the NC (b) cohorts represented by the angular order of the
eigenvectors. (c) shows the overlap difference between the controls and patients. AD patients have a lesser number of edges 𝐸AD = 1463 <
1523 = 𝐸NC. Interestingly, AD and NC seem to show different patterns of connectivity more than an overall impairment.

by disease on brain organizationwe computed them adopting
a leave-one-out cross-validation framework.Thus, each score
was computed using the difference overlapD resulting from
the remaining subjects in the cohort.The separation between
ADandNC, as shown in Figure 4, denoted a significant effect.

In fact, the topological score S resulted in a Wilcoxon 𝑝
value 𝑝 = 2 ⋅ 10−13 while for S𝑤 we found 𝑝𝑤 = 2 ⋅ 10−11.
Even if both 𝑝 values showed a 0.01 significance, the relative
effect measured in terms of Cohen’s ℎ distance revealed that
S had a larger effect, almost double, than S𝑤 with ℎ = 1.4 >
0.8 = ℎ𝑤. The effect was also qualitatively manifest when
comparing the score distributions, shown in Figures 4(b) and
4(c). The weighted scores of NC and AD showed a greater
superimposition if compared with topological scores.

These results demonstrated that the proposed topological
scores had a significant association with the disease effect, or
in other words, they were proper measurement of the topo-
logical differentiation affecting a diseased brain. Provided
that the topological score resulted in a diagnostic index being

more effective than its weighted variant, they were obviously
correlated measures, as shown in Figure 5.

However, their Pearson’s correlation 𝑟 = 0.61 was not
so high as one could have expected. This result showed
that the information carried by both the scores was not
redundant. Besides, this result can be interpreted in terms
of the quality of the information content carried by both
scores. Interestingly, the topological score furnishes better
quality information even disregarding the additional weight
information. Nonetheless, the weighted topological score
should deserve further studies, especially aimed at removing,
as previously explained, noisy connections and artifacts
yielded by the tractography reconstruction algorithms which
obviously negatively affected its discriminating power.

3.2. Brain Topology and Anatomy. Another important aspect
concerning the topological score interpretation and its
weighted version is whether they can or cannot directly be
related to brain anatomy. This analysis in particular aims at
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Figure 4:The figure shows (a) the boxplot of topologicalS and weightedS𝑤 scores.The separation effect is more evident when usingS.This
is also evident when looking at the score distributions: the weighted score (c) shows a consistent overlap between NC and AD if compared
with topological score distribution (b).

quantifying whether an association exists from the topolog-
ical organization of the brain and the atrophy of particular
brain regions related to the disease. This test should outline
in particular how structural MRI and DWI can be combined
to better characterize and distinguish the diseased patterns.

Firstly, we computed the volumes of subcortical features
of interest for AD. Specifically, we measured the volumes of

Left Thalamus (L-Th), Left-Caudate (L-Cd), Left Putamen
(L-Pt), Left Pallidum (L-Pa), Left Hippocampus (L-Hp), Left
Amygdala (L-Am), Left Accumbens (L-Ac), Right Thalamus
(R-Th), Right Caudate (R-Cd), Right Putamen (R-Pt), Right
Pallidum (R-Pa), Right Hippocampus (R-Hp), Right Amyg-
dala (R-Am), and Right Accumbens (R-Ac) with the FSL
FAST tool.Then wemeasured Pearson’s correlations between
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Figure 5: The figure shows moderate Pearson’s 𝑟 = 0.61 correlation
characterizing the topological score S and its weighted variant S𝑤.
A higher correlation could have been expected; nonetheless, artifacts
and noise yielded by reconstruction tractography algorithms have
obviously a greater effect on computed weights, more than their
presence.

each regions and our proposed scores S and S𝑤. Results are
shown in Figure 6.

The correlations were ordered by hierarchical clustering,
in this way the more correlated regions tended to be placed
together in the correlation matrix. This is the reason, for
example, for the manifest pairing of left/right regions. It is
worth noting that both S and S𝑤 were poorly correlated
to structural features. This result would suggest that the
topological brain organization contains intrinsic information
that it does not sharewith structuralmeasurements.Themost
correlated structural features to the proposed scores (𝑟 ∼ 0.3)
were the hippocampal volumes.

To measure the information content provided by S
and S𝑤 we trained with both of them (as we previously
demonstrated they were not redundant) a support vector
machine model with 500 5-fold cross-validation. Obviously,
to avoid any bias in this step the computation of matrices
ONC, OAD, and D was performed again, but considering
only the training sample. This test allowed also assessing
the information contained in S and S𝑤, when compared
with the structural features derived from T1 scans. For this
measure we adopted the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve. Results are
summarized in Figure 7.

The average AUC corresponding to S and S𝑤 scores
was 95% with a 95% confidence interval of 92%–99%. For
what concerns structural features the performance had a
drastic drop with an AUC of 76% and confidence interval of
66%–86%. Interestingly, when combining the information of
structural features with the topological one not a significant
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Figure 6: The figure shows Pearson’s correlation between the
proposed topological S and weighted S𝑤 scores and the structural
measurements of Left Thalamus (L-Th), Left-Caudate (L-Cd), Left
Putamen (L-Pt), Left Pallidum (L-Pa), Left Hippocampus (L-Hp),
Left Amygdala (L-Am), LeftAccumbens (L-Ac), RightThalamus (R-
Th), Right Caudate (R-Cd), Right Putamen (R-Pt), Right Pallidum
(R-Pa), Right Hippocampus (R-Hp), Right Amygdala (R-Am), and
Right Accumbens (R-Ac).
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Figure 7: A comparison of the receiver operating characteristic
curves for S and S𝑤 scores (red), the structural features (black),
and their combination (blue) is presented. Corresponding AUC
performance is 95%, 93%, and 76%.

effect shows up. In fact, AUC was 93% with a 95% confidence
interval of 0.88–0.98.

Structural and topological features are not correlated as
shown in Figure 6; therefore, one could expect an improve-
ment of classification when combining the two typologies of
features. However, as previously mentioned, this is still an
open question. For what concerns this study, these results
made us hypothesize that there could be a misleading effect
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driven by confounding features. To test this hypothesis we
used among structural features only hippocampal volumes;
the measured AUC (88%, 95% confidence interval 75%–91%)
was slightly higher than using the whole set of structural
features; its effect also improved, even if not significantly, the
overall classification performance with topological features
(AUC 97%, 95% confidence interval 94%–100%).

This result suggests that a careful feature selection strategy
should be applied to gain an effective information contribu-
tion from different imaging modalities.

4. Conclusions

In this study a novel approach to characterize the brain
organization from a topological perspective is presented.
In particular, because of the well-known and stereotyped
pattern characterizing AD, we chose to use this pathology
as a benchmark. A topological score and a weighted variant
have been defined and used to train support vector machines
on a mixed NC/AD cohort. Results showed that topological
information was able to efficiently detect diseased patterns
(AUC = 95%, 95% confidence interval 92%–99%).

We also addressed in this study the problem of quan-
tifying the effect of combining MRI-based features with
topological ones. We found that their combination can
improve classification accuracy; nonetheless, this is strictly
related to the quality of structural features used. In fact,
when using all MRI features available the classification
performance decreased; on the contrary, it was slightly raised
using hippocampal volumes whose association with AD is
well known. A subtle effect should be better investigated on
larger cohorts.

The performance obtained is comparable with best results
reported in the literature so far, but possible improvements
could include a more refined study of weighted networks,
instead of their binary version; nevertheless, this cannot be
considered a limitation of the present study, whose main goal
was to investigate the brain topology and understandwhether
the topological measures proposed were suitable for clinical
purposes.

The presentedmethodology is general, even if in this case
it has been tailored on Alzheimer’s disease. For future work,
we propose to investigate the application of this methodology
tomixed cohorts including alsoMCI subjects, trying to tackle
the discrimination problem between subjects converting to
AD or not, and the early diagnosis of AD. Patients affected
by neurodegenerative diseases incur a cognitive impairment
which could be effectively diagnosed and monitored by these
measurements, a useful trait for technological innovations
in the e-health field, for example, for remote medicine
applications, or for pharmacological industries, aiming at the
development of drug therapies and clinical trials. Further
investigations could be aimed at diseases affecting the brain
organization with less stereotyped patterns.
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Kidney segmentation is an essential step in developing any noninvasive computer-assisted diagnostic system for renal function
assessment. This paper introduces an automated framework for 3D kidney segmentation from dynamic computed tomography
(CT) images that integrates discriminative features from the current and prior CT appearances into a random forest classification
approach. To account for CT images’ inhomogeneities, we employ discriminate features that are extracted from a higher-order
spatial model and an adaptive shape model in addition to the first-order CT appearance. To model the interactions between CT
data voxels, we employed a higher-order spatial model, which adds the triple and quad clique families to the traditional pairwise
clique family.Thekidney shape priormodel is built using a set of trainingCTdata and is updated during segmentationusing not only
region labels but also voxels’ appearances in neighboring spatial voxel locations. Our framework performance has been evaluated on
in vivo dynamic CT data collected from 20 subjects and comprises multiple 3D scans acquired before and after contrast medium
administration. Quantitative evaluation between manually and automatically segmented kidney contours using Dice similarity,
percentage volume differences, and 95th-percentile bidirectional Hausdorff distances confirms the high accuracy of our approach.

1. Introduction

Kidney segmentation fromdynamic contrast-enhanced com-
puted tomography (CT) is of immense importance for any
computer-assisted diagnosis of renal function assessment,
pathological tissue localization, radiotherapy planning, and
so forth [1]. Nevertheless, accurate segmentation of kid-
ney tissues from dynamic CT images is challenging due
to many reasons, including data acquisition artifacts, large
inhomogeneity of the kidney (e.g., cortex andmedulla), large
anatomical differences between subjects, similar intensities
of adjacent organs, and varying signal intensities over the
time course of data collection due to agent transit [2, 3]; see
Figure 1.

Many automated and semiautomated approaches have
been developed to address these challenges. Earlier comput-

erized renal image analysis (e.g., [4]) was usually carried
out either manually or semiautomatically. Typically, a user-
defined region-of-interest (ROI) is delineated in one image
and for the rest of the images, image edges were detected and
the model curve was matched to these edges. However, ROI
placements are based on the users’ knowledge of anatomy
and thus are subject to inter- and intraobserver variability.
Additionally, these methods are very slow, even though
semiautomated techniques reduce the processing time. Tradi-
tional segmentation techniques utilizing image thresholding
or region growing [5–9] have been also explored for CT
kidney segmentation. For example, Pohle and Toennies [7]
developed an automatic region-growing algorithm based on
estimating the homogeneity criterion from the characteristics
of the input images. A semiautomated method was also pro-
posed by Leonardi et al. [9]. First, a region-growing approach
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Figure 1: Axial cross-sectional images showing different CT data challenges: (a) low contrast, (b) intensity inhomogeneities, (c) fuzzy
boundary, and (d) contrast and anatomy differences.

is performed to obtain an initial kidney segmentation from
the grayscale image stack. Then, a refinement step utilizing
histogram analysis is employed to the initially segmented kid-
ney regions to reduce incorrectly segmented areas. However,
these traditional methods are not accurate due to the large
overlap of gray level intensity between the kidney and other
surrounding tissues in addition to sensitive to initialization.

To more accurately segment abdominal CTs, recent
segmentation methods consider either visual appearances,
prior shapes, texture features, or hybrid techniques. In par-
ticular, Tsagaan et al. [10] presented a deformable model-
based approach utilizing a nonuniform rational B-spline
surface representation. Their framework incorporated sta-
tistical shape information (e.g., mean and variation) into
the objective function for the model fitting process as an
additional energy term.

A constrained optimization deformable contour byWang
et al. [11] exploited the degree of contour interior homo-
geneity as an extra constraint within the level set energy
minimization framework. Lu et al. [12] developed a coarse-
to-fine approach for kidney segmentation on abdominal
CT images using the Chan-Vese (CV) level set method
[13]. Mathematical morphology operations are performed to
extract the kidney structures interactively with prior anatomy
knowledge. Huang et al. [14] proposed a multiphase level
set approach with multidynamic shape models to segment
the kidneys on abdominal CT images. Campadelli et al.
[15] proposed an automatic, gray-level based segmentation
framework based on a multiplanar fast marching method.

A stochastic level set-based framework by Khalifa et al. [16,
17] integrated probabilistic kidney shapes and image signals
priors intoMarkov randomfield (MRF) for abdominal 3DCT
kidney segmentation. Despite their popularity, deformable
model-based methods fail in the case of excessive image
noise, poor image resolution, or diffused boundaries if they
do not take advantage of a priori models.

Freiman et al. [18] proposed a model-based framework
utilizing maximum a posteriori-MRF (MAP-MRF) estima-
tion of the input CT image. The MAP-MRF estimation is
obtained by using a graph min–cut technique. Lin et al. [19]
proposed a framework that combined region- and model-
based methods. Initial kidney location is estimated using
geometrical location, statistical information, and a priori
anatomical knowledge. Secondly, an elliptic candidate kidney
region extraction approach is proposed. Finally, an adaptive
region-growing approach is employed for kidney segmenta-
tion. Spiegel et al. [20] proposed an active shapemodel (ASM)
based framework that was combined with a curvature-based
nonrigid registration approach to solve the point correspon-
dence problem of the training data. A hybrid framework by
Chen et al. [21] combined active appearance model (AAM),
live wire, and graph-cuts methods for 3D abdominal organ
segmentation. In general, parametric shape-based techniques
depend on the existence of adequate texture features in
abdominal images and may perform poorly due to noise
and the lack of well-defined features. Cuingnet et al. [22]
exploited random regression and classification forests for
CT kidney images segmentation. Initially, global contextual
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information is used to detect the kidney. This is followed
by a cascade of local regression forests for refinement. Then,
probabilistic segmentation maps are built using classification
forest. Finally, an implicit template deformation algorithm
driven by these maps is employed to obtain the final segmen-
tation. A model-based framework by Badakhshannoory and
Saeedi [23] combined low-level segmentation schemes with
a statistical-based modeling approach. First, an organ space
is built using a statistical model and principle component
analysis. Then, each image slice of an input CT volume is
segmented multiple times using a graph-based segmentation
by varying segmentation parameters. Finally, a distance-
based criterion from the organ space is used to choose the
closest candidate as the best segmentation result. In general,
knowledge-based approaches are computationally intensive,
and their accuracy depends on the training data size.

Bagci et al. [24] developed a multiobject segmentation
framework that integrates a statistical shape model and
hierarchical object recognition into a global graph-cuts seg-
mentation model. Wolz et al. [25] developed a hierarchical
two-step atlas registration framework for multiobject seg-
mentation. First, subject-specific priors are generated from
an atlas database based on multiatlas registration and patch-
based segmentation. Final segmentation is obtained using
graph-cuts, incorporating high-level spatial knowledge and
a learned intensity model. Another study by Okada et al.
[26] performed multiobject segmentation using probabilistic
atlases that combines interorgan spatial and intensity a priori
models. Despite the potential to improve the segmentation
accuracy due to the spatial kidney constraints from other
organs, multiobject segmentation schemes require more
comprehensive prior information. A semiautomated Grow-
Cut algorithm by Dai et al. [27] employed a monotonically
decreasing function and image gray features to propagate ini-
tial user-defined labels over all the slices to derive an optimal
cut for a given CT data in space. Zhao et al. [28] proposed
a sliced-based framework for 3D kidney segmentation. First,
an initial segmentation is obtained using the CV approach
[13]. Then, a set of contextual features (e.g., slices overlap, the
distance) and multiple morphological operations are used to
estimate the continuity between slices.Thefinal segmentation
is obtained by discarding the leakage and the weak edges
between adjacent slices using a local iterative thresholding
method. Chu et al. [29] presented an automated MAP-
based multiorgan segmentation method that incorporated
image-space division andmultiscale weighting scheme.Their
framework is based on a spatially divided probabilistic atlases
and the segmentation is performed using a graph cutmethod.
Yang et al. [30] developed on multiatlas framework using a
two-step approach to obtain coarse-to-fine kidney segmen-
tation. A coarse segmentation is obtained by registering an
input down-sampled CT volume with a set of low-resolution
atlas images.Then, cropped kidney images are coalignedwith
high-resolution atlas images using B-Splines registration.The
final segmentation result is obtained by majority voting of all
deformed labels of all atlas images. Liu et al. [31, 32] developed
a framework for kidney segmentation on noncontrast CT
images using efficient belief propagation. A preprocessing
step is applied to extract anatomical landmarks to localize

kidney search regions.Then, an efficient belief propagation is
used to extract the kidney by minimizing an energy function
that incorporates intensity and prior shape information.
However, the method was evaluated on five noncontrast CT
data sets only and additional segmentation of other organs
(e.g., liver, spleen) is required to determine subimages that
envelope the kidneys.

In summary, during the last few years there have been
numerous studies for abdominal CTs kidney segmentation.
In addition to the above-mentioned limitations, current
methods have the following shortcomings. Most of them are
based on visual appearance and did not take into account
the spatial interaction relationships. Most of the shape-based
methods utilize fixed models and therefore have limited
accuracy for CT data outside their training scope.Most of the
existingmethods work very well with contrast CTs only.Most
of the energy-based methods (e.g., graph-cut) use regional
and boundary information that may not exist in some (e.g.,
precontrast) images and may not achieve globally optimal
results.

To account for these limitations, we developed a 3D kid-
ney segmentation framework that integrates, in addition to
the current CT appearance features, higher-order appearance
models and adaptive shape model features into a random
forests (RF) classification model [33]. The integrated features
increase the ability of our framework to account for the
large CT images’ inhomogeneities and therefore accurately
segment both contrast and noncontrast CTs. Particularly, the
spatial features are based on a higher-order Markov–Gibbs
random field (MGRF) model that adds to the traditional
pairwise cliques [34] the families of the triple and quad
cliques. The spatial-appearance kidney shape prior is an
adaptive model that is updated during segmentation and
accounts not only for region labels, but also intensities in
neighboring spatial locations. Moreover, compared to other
tissue classification methods the RF is employed due to its (i)
powerful ability to learn the characteristics of complex data
classes [35], (ii) less sensitivity to data outliers, (iii) ability to
overcomes overfitting of the training set, and (iv) ability to
handle high dimensional spaces as well as large number of
training examples.

A detailed description of our developed methodology for
kidney segmentation from dynamic CT images including the
details of the discriminative features is given in Section 2. It
is worth mentioning that, in addition to our methodology
presentation in [33], this paper provides (i) a more compre-
hensive reviewof the related literaturework on the abdominal
CT images segmentation (Section 3); (ii) detailed description
of the metrics that are used for segmentation evaluation of
our and compared techniques (Section 3); and (iii) expansion
of the experimental results by adding an essential metric
that is used to evaluate the robustness of segmentation
techniques, namely, the receiver operating characteristics
(ROC) (Section 4).

2. Methods

A block diagram of our kidney segmentation framework is
shown in Figure 2. Our technique is based on random forests
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Figure 2: Block diagram of our kidney segmentation framework from abdominal CT images using random forest (RF).
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Figure 3: A schematic illustration of the random decision trees for random forests (RF) classification.

(RF) classification and incorporates spatial-appearance fea-
tures for better separation of the CT data classes. RF is
an efficient multiclass machine learning technique, which
is increasingly being utilized in data clustering as well as
image classification. As an ensemble learning classifier, RF
typically consists of many decision trees (DTs) and combines
two main concepts [36]. The first is the random selection of
features and the second is “bagging” [37], which implies the
training of each DT with a randomly chosen and overlapping
subset of the training samples. In general, as numbers of
the DTs increase the results get better. Nevertheless, there
is a threshold beyond which the performance benefit from

adding more DTs will be lower than the computational cost
for learning these additional DTs [38].

During the RF training phase, each DT recursively
processes its randomly selected training samples’ features
along a path starting from the tree’s root node using binary
classification tests, as shown in Figure 3. The latter tests
compare the features’ values at each internal tree node to a
certain threshold that is selected using a certain criterion.
A leaf node of the DT is reached if all samples belong to a
single class; the number of data samples is smaller than a
predefined value, or the maximum tree depth is reached [35].
Once occurred, the most frequent class label of the training
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data at the node is stored for the testing phase. For testing,
a given data sample is handled by applying respective tests
in line with the path it traverses from the tree root node
to the leaf. When a leaf node is reached, the DT casts a
vote corresponding to the class assigned to this node in the
training stage. Finally, a majority voting is used to class-label
test samples. The final class probabilities are estimated by the
fraction of votes for that class by all DTs.

In order to build an accurate RF model that provides
better separation of data classes, discriminative and robust
features are needed.Therefore, in this paper multiple features
from the CT data are extracted, for both training and testing
phases. These features include (i) first-order appearance
(Hounsfield units (Hus) values) features; (ii) higher-order
spatial interaction features; and (iii) appearance-based shape
model features. Those features are extracted at each voxel’s
location p = (𝑥, 𝑦, 𝑧) in the 3D arithmetic lattice R =
{(𝑥, 𝑦, 𝑧) 0 ≤ 𝑥 ≤ 𝑋 − 1, 0 ≤ 𝑦 ≤ 𝑌 − 1, 0 ≤ 𝑧 ≤
𝑍 − 1} supporting the grayscale CT images, g = {𝑔p : p ∈
R, 𝑔p ∈ Q}, and their region, or segmentation maps, m =
{𝑚p : p ∈ R, 𝑚p ∈ L}. Here, Q = {0, 1, . . . , 𝑄 − 1}
and L = {“KT”, “OT”} is a finite set of integer gray levels
and region labels (kidney object tissues “KT” and other back-
ground tissues “OT”), respectively. Since spatial and shape
features are based on probabilistic models, the first-order
appearance-based features were also normalized to reduce
the domination of a specific feature during RF classification.
Details of the employed features are given in the following
sections.

2.1. First-Order Appearance Features. Thefirst type of features
that are used in our framework is the CT voxel-appearance
features. Those features were extracted at each voxel p
regionally from the CT data after normalization. Due to
image noise presence and reconstruction artifacts, we used,
at each voxel p, regional intensity features in addition to the
local CT Hounsfield units (HU). Namely, we used the mean
HU values of a symmetric 3D cube (i.e., voxels’ 26-neighbors)
centered around p and the mean of the HUs of a 3 × 3 in-
plane symmetric window (i.e., voxels’ 8-neighbors) centered
around p.

2.2. Shape Prior Features. The ultimate goal is to accu-
rately segment the kidney from the CT data such that the
extracted kidney borders closely approximate the expert
manual delineation. However, due to the similar visual
appearance between some kidney structures (e.g., medulla)
and background, the segmentation should not rely only
on image signals. Therefore, shape features of the expected
kidney shape are also used in our segmentation framework.
In this paper, we employed an adaptive, probabilistic kidney
shape model that takes into account not only voxels’ location,
but also their intensity information [39, 40].

For training, a shape database is constructed using a set
of training data sets that is collected from different subjects;
each contains multiple CT scans acquired at different phases
of contrast-enhancements. The ground truth segmentation
(labeled data) of the training images is obtained by manual
delineation of the kidney borders by an expert. In order to

reduce the variability across subjects and maximize overlaps
of the kidneys for estimating the shape prior probability,
the training grayscale images are coaligned using a two-step
registration methodology. First, a 3D affine transformation is
used with 12 degrees of freedom (3 for the 3D translation,
3 for the 3D rotation, 3 for the 3D scaling, and 3 for the
3D shearing) to account for global motion [41]. Second,
local kidney deformations are handled using a 3D B-splines
based transformation proposed in [42]. Finally, the obtained
transformation parameters for each scan are applied to its
binary (labeled) data to be used during segmentation to
estimate the shape prior probability.

For testing, an input grayscale 3D CT kidney image, gt,
to be segmented is first coaligned with the training database
using the two-step registration methodology described
above. Then, a subject-specific shape, gi, 𝑖 = 1, 2, . . . , 𝑁, is
extracted by computing the conventional normalized cross
correlations (NCC) between the coaligned input grayscale
image and all grayscale images in the database, to select
the top 𝑁 similar kidneys (𝑁 = 19 in our experiments
below). Finally, visual appearances of both the input 3D
grayscaleCT image and the selected grayscale training images
guide adapting the shape prior. Namely, the voxel-wise
probabilities, 𝑃𝑠:p(𝑙) for the adaptive shape prior 𝑃𝑠(m) =
∏p∈R𝑃𝑠:p(𝑚𝑝), are estimated based on the found voxels 𝑙 ∈ L.
Let v𝑖:p(𝑙) = {𝜌 : 𝜌 ∈ R; 𝜌 ∈ Cp; |𝑔𝑖:𝜌 − 𝑔𝑡:p| ≤ 𝜏} be a subset of
similar training voxels within a search cubeCp in the training
image 𝑔𝑖, where 𝜏 is a predefined fixed signal range and 𝑔𝑡:𝑝
is the mapped input signal. Let V𝑖:p = card(v𝑖:p) denote the
cardinality (number of voxels) of this subset vp = ∑𝑁𝑖=1 v𝑖:p
and 𝛿(𝑧) be the Kronecker’s delta-function: 𝛿(0) = 1 and 0
otherwise. Then 𝑃𝑠:p(𝑙) is given as [39]

𝑃𝑠:p (𝑙) =
1
Vp

𝑁

∑
𝑖=1

∑
𝜌∈v𝑖:p
𝛿 (l − 𝑚𝑖:𝜌) . (1)

More details about the adaptive shapemodel can be found
in [39, 40]. Our experiments were conducted using three
shape features, like the voxel-appearance features. Namely, we
used the 𝑃𝑠(m) value at p, the average 𝑃𝑠(m) value for the 26
neighbors of a 3D cube aroundp, and the average𝑃𝑠(m) of the
8 in-plane neighbors for a 3 × 3 symmetric window centered
at p.

2.3. Spatial Features. To improve the segmentation accuracy
and account for the large inhomogeneity of the kidney, we
incorporated into our segmentation approach the spatial
features that describe the relationships between the kidney
voxels and their neighbors. These relationships are described
using a higher-order spatialmodelwith analytically estimated
potentials. The spatial modeling enhances the segmentation
by calculating the likelihood of each voxel to be kidney or
background on the basis of the initial labeling,m, of the adja-
cent voxels, formed by a voxel-wise classification using shape
and intensity values Our spatial interactions model adds the
triple and quad clique families to the traditional pairwise
clique family [34] using the 18-connectivity neighborhood.
Thus, it is an extension of the conventional Potts model [43],
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differing only in that the potentials are estimated analytically.
Formoremathematical details about our higher-order spatial
model, please see [33, 44]. Similar to the other features, three
spatial-based features were used: the local spatial probability
at p and the average probabilities for a 3D cube and a 3 × 3
window centered around p. In total, the whole segmentation
approach is summarized in Algorithm 1.

Algorithm 1 (3D kidney segmentation steps).

Step 1 (data coalignment and shape database selection)

(a) Register the input grayscale CT volume to the
training database using the two-step registration in
Section 2.2.

(b) Calculate the NCC between the input coaligned data
and all training volumes.Then, select theNCC-19-top
ranked training samples.

Step 2 (features extraction)

(a) Estimate the voxel-appearance features of the
coaligned CT volume.

(b) Estimate the higher-order Potts-MGRF spatial prob-
abilities 𝑃𝐺(m).

(c) Estimate the appearance-based shape prior 𝑃𝑠(m)
using the method described in [39, 40].

Step 3 (RF training)

(a) Construct the RF training model for the selected 19-
top-ranked training images.

Step 4 (tissue segmentation)

(a) Obtain the final segmentation of the input CT volume
using the model in Step 3.

3. Segmentation Evaluation Metrics

The performance of our segmentation is evaluated using two
metrics. The first is a volumetric-based similarity that char-
acterizes spatial overlaps and volume differences between the
segmented and “ground-truth” kidney regions. This type of
metrics is important for studying area measurements, for
example, total kidney volumes. The second is a distance-
basedmetric thatmeasures how close the edge of a segmented
region is to the ground truth, that is, how accurate the shape
of a segmented object is with respect to ground truth. Here,
we used the Dice coefficient (DC) and percentage volume
difference (PVD) to describe the volumetric-based similarity,
while the bidirectional 95th-percentile Hausdorff distance
(BHD95) is used to characterize the distance-based error
metric: G ↔ S.

Let G and S denote sets of ground-truth and segmented
kidney voxels, respectively. The similarity volumetrics evalu-
ate an overlap between these sets and account for cardinalities
(i.e., voxel numbers) 𝑐𝑖 = |𝑉𝑖| of true positive (tp), false

True positive (tp)

False positive (fp)
False negative (fn)

Ground truth (G)
Segmentation (S)

Figure 4: 3D illustration of DC measurement for segmentation
evaluation between the ground truthG and model segmentation S.

positive (fp), and false negative (fn) subsets𝑉𝑖; 𝑖 ∈ {tp, fp, fn};
see Figure 4.

The subsets contain true kidney voxels labeled as kidney,
nonkidney (background) voxels labeled as kidney, and true
kidney voxels labeled as background, respectively:

𝑉tp = {V : V ∈ G, V ∈ S} ; 𝑐tp =
𝑉tp



𝑉fp = {V : V ∉ G, V ∈ S} ; 𝑐fp =
𝑉fp


𝑉fn = {V : V ∈ G, V ∉ S} ; 𝑐fn =

𝑉fn
 .

(2)

Obviously, G = 𝑉tp ∪ 𝑉fn; S = 𝑉tp ∪ 𝑉fp; 𝑉tp = G ∩ S;
and 𝑉tp ∪ 𝑉fp ∪ 𝑉fn = G ∪ S where ∪ and ∩ denote the set
union and intersection, respectively. Therefore, it holds that
|G| = 𝑐tp + 𝑐fn; |S| = 𝑐tp + 𝑐fp, and |G ∪ S| = 𝑐tp + 𝑐fp + 𝑐fn. The
DC [45] and the PVD are defined as

DC = 100
2𝑐tp

2𝑐tp + 𝑐fp + 𝑐fn
≡ 1002 |G ∩ S|

|G| + |S|

PVD = 100
(𝑐tp + 𝑐fn) − (𝑐tp + 𝑐fp)

𝑐tp + 𝑐fn
≡ 100 |G| − |S|

|G|
.

(3)

In addition to the DC and PVD, the 95th-percentile
bidirectional Hausdorff distance (BHD95) is used to measure
dissimilarities between the G and S boundaries; see Figure 5.
TheHD fromG to S is themaximumdistance from the points
𝑔 fromG to their closest points 𝑠 in S [46]:

HD𝐺→𝑆 = max𝑔∈G {min𝑠∈S𝑑 (𝑔, 𝑠)} , (4)

where 𝑑(𝑔, 𝑠) is the Cartesian distance between two 3D
points. The HD is asymmetric, as generally HD𝐺→𝑆 ̸=
HD𝑆→𝐺. The symmetric BHD between these two sets is
defined as

HDG↔S = max {HDG→S,HDS→G} . (5)

To decrease the sensitivity to outliers, the 95th-percentile
BHD is used in this paper to measure the segmentation
accuracy.
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Ground truth (G)
Segmentation (S)

d(g, s)

Figure 5: Schematic illustration for the calculation of the Haussdorf
distance between the ground truth (green) and segmented (red)
objects.

4. Experimental Results

Performance assessment of our framework is carried using
dynamic CT kidney data, which were collected from 20
subjects. Each subject dataset consists of three 3D CT scans
obtained at the pre- and postcontrast medium administra-
tion, namely, noncontrast, postcontrast, and late contrast 3D
scan. The CT data were obtained using a GE light speed
plus scanner (General Electric, Milwuakee, USA). The CT
data acquisition parameters were 120KV, 250mA, in-plane
resolution: 0.64 × 0.64mm2, slice thickness: 0.9mm, field-
of-view (FOV): 360mm, the 3D image sizes range from
512 × 512 × 232 to 512 × 512 × 366. In order to minimize
the effect of interobserver variability, two experts delineated
the kidney borders independently on the CT images and
the ground truth labels were considered as the common
segmented region of their delineations.

Quantitative evaluation is performed using a leave-one-
subject-out approach and the number of decision trees was
set to 400. First, all the 3D CT scans (60 scans in total) from
all of the 20 subjects are coregistered using our registration
methodology described in Section 2.2. To segment a test
subject, all of its pre- and postcontrast scans are removed
from the training database. Then, the 19 NCC-top-ranked
scans are selected from the remaining training scans to build
the test scan adaptive shape prior, described by (1) and the
method in [39, 40]. Lastly, all regional features described in
Sections 2.1 and 2.3 are extracted for (i) the NCC-selected
scans to build the training model of the RF; and (ii) the 3D
coregistered test scan to be classified using the built RFmodel.
The above steps are repeated for all of the 60 CT volumes of
the 20 subjects.

Cross-sectional segmentation results in the axial, sagittal,
and coronal views using our technique are demonstrated in
Figure 6 for CT data from four subjects at different contrast-
enhancement phases. The 3D kidney surface is constructed

II IIII

Figure 6: Cross-sectional axial (I), sagittal (II), and coronal (III)
segmentation results of our approach for multiple subjects at differ-
ent contrast-enhancement phases, showing reliable determination
of kidney borders (red) compared with the ground truth (green)
contours.

Table 1: Segmentation accuracy of our method compared with
Zhang et al. [47] approach based on the DC, PVD, and BHD95
metrics. Note that DC, PVD, BHD95, and SD stand for Dice coef-
ficient, percentage volume difference, bidirectional 95th-percentile
Hausdorff distance, and standard deviation, respectively.

Metric
Segmentation method

𝑝 valueOur Zhang et al. [47]
Mean ± SD Mean ± SD

DC (%) 97.27 ± 0.83 91.60 ± 2.29 ≤10−4

BHD95 (mm) 0.93 ± 0.49 5.36 ± 1.12 ≤10−4

PVD (%) 2.92 ± 2.21 5.00 ± 3.28 ≤10−4

by accounting for the object labels in the output of the
RF classifier. Followed by a postprocessing step using a
3D median filter to smooth the noisy output labels of the
classifier. The segmentation accuracy of our framework is
assessed using the evaluation metrics described in Section 3.
The overall accuracy for all subjects in terms of mean and
standard deviation is summarized in Table 1.
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I IIIII

A B A B A B

Figure 7: Cross-sectional axial (I), sagittal (II), and coronal (III) segmentation results from multiple subjects at different contrast-
enhancement phases of our approach (A) and the approach proposed by Zhang et al. [47] (B). The red and green contours refer to model
segmentation and the ground truth, respectively.

In order to demonstrate the high accuracy of our kidney
segmentation framework, we compare it with the image
segmentationmethod that was proposed by Zhang et al. [47],
which has a freely available software package and thus avoids
reimplementing an existing method. Figure 7 demonstrates
sample segmentation results comparing our method versus
the approach proposed in [47] on multiple subjects. The
results in Figure 7 show reliable determination of the kidney
borders of our technique compared to Zhang et al. [47]
method. Additionally, a summary of the overall segmentation
accuracy of our and Zhang et al. [47] methods, with respect
to the ground truth delineation, for all data sets, is given in
Table 1. According to the higher DC and lower HD95 and
PVD values in Table 1, our technique performs notably better
compared with [47]. This has been documented using the
statistical significance of the statistical paired 𝑡-test as shown
in Table 1 (𝑝 value is < 0.05).

In addition to the segmentation evaluation metrics
described in Section 2.2, the robustness of our segmentation
framework is assessed using the receiver operating char-
acteristics (ROC) [48] as an alternate metric to evaluate
the performance of segmentation systems. Generally, the
ROC analysis assesses the sensitivity of a segmentation

method relative to the choice of its operating point (e.g.,
a classification threshold). This is achieved by plotting the
relationship between the true positive and false positive
rates for different operating points. Figure 8 shows the ROC
curves of our method and Zhang et al. [47] approach. The
figure clearly demonstrates that our technique attained higher
performance compared with [47], as evidenced by the area
under the ROC curve (AUC) of 0.96 compared with 0.92 for
Zhang et al. approach [47].

5. Conclusions

In conclusion, a random forests-based framework is pro-
posed for 3D kidney segmentation from dynamic contrast
enhanced abdominal CT images. In order to account for large
kidney inhomogeneity and nonlinear intensity variation of
the dynamic CT data, our framework integrated two spatial-
appearance features, namely, the higher-order spatial inter-
actions features and appearance-based adaptive shape prior
features, in addition to the Hounsfield appearance features.
Qualitative and quantitative evaluation results confirmed
reliable kidney tissue segmentation using our approach at
different contrast-enhancement phases of agent transit. This
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Figure 8: The ROC curves for our segmentation method and the
method proposed in [47]. The “AUC” stand for the area under the
curve.

has been evaluated on CT data sets collected from 20 subjects
using both volumetric anddistance-based evaluationmetrics.
In the future work we will investigate the addition of other
features (e.g., scale space, local binary patterns). Also, we plan
to test our framework on larger data sets to assess its accuracy,
robustness, and limitation. Ultimately, we plan to include this
segmentation approach into a kidney-dedicated CAD system
for early detection of acute renal transplant rejection and
treatment planning.
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Driver fatigue has become an important factor to traffic accidents worldwide, and effective detection of driver fatigue has
major significance for public health. The purpose method employs entropy measures for feature extraction from a single
electroencephalogram (EEG) channel. Four types of entropies measures, sample entropy (SE), fuzzy entropy (FE), approximate
entropy (AE), and spectral entropy (PE), were deployed for the analysis of original EEG signal and compared by ten state-of-the-
art classifiers. Results indicate that optimal performance of single channel is achieved using a combination of channel CP4, feature
FE, and classifier Random Forest (RF). The highest accuracy can be up to 96.6%, which has been able to meet the needs of real
applications. The best combination of channel + features + classifier is subject-specific. In this work, the accuracy of FE as the
feature is far greater than the Acc of other features. The accuracy using classifier RF is the best, while that of classifier SVM with
linear kernel is the worst.The impact of channel selection on the Acc is larger.The performance of various channels is very different.

1. Introduction

Traffic accidents are more and more increasing, resulting in a
very large number of casualties. Safety driving is fundamental
to public health, and fatigue driving can be life threatening.
It is crucial and necessary to develop some technologies for
detecting driver fatigue [1–3]. There are many methods that
have been proposed in the past few years, such as vehicle driv-
ing parameters by using various sensors [4], driver behavior
characteristics by using video imaging techniques [5, 6],
driver physiological parameters by using acquisition and
analysis of electrocardiogram (ECG) [7], electrooculogram
(EOG) [8], electromyogram (EMG) [9], and EEG [10–12].
As a kind of direct indicator of the brain status, EEG is
considered as the “gold” method to identify driver fatigue.

EEG is an objective method for the evaluation of brain
state and function, which is often used in auxiliary diagnosis
of illness such as epilepsy and seizure. The advantages of
EEG are sensitivity for analysis and being relatively cheap
for acquisition. Various computational approaches based on
EEG signals have been developed for analyzing and detecting
driver fatigue.

Fu et al. [13] proposed a fatigue detection model based
on Hidden Markov Model and fused physiological and
contextual knowledge to assess probabilities of fatigue. They
achieved highest accuracy of 92.5% based on EEG signals
from two channels (O1 and O2) and other physiological sig-
nals. Li et al. [14] collected 16 channels of EEG data and com-
puted 12 types of energy parameters. The number of signifi-
cant electrodes is reduced using Kernel Principle Component
Analysis (KPCA). The experimental results from two chan-
nels (FP1 and O1) achieved the highest accuracy of 91.5%.
Wali et al. [15] used Discrete Wavelet Transforms to process
the EEG signal for fatigue detection and yielded the highest
accuracy of 85%. Using Fast Fourier Transform, Simon et
al. [16] proposed EEG alpha spindle measures for assessing
driver fatigue. Charbonnier et al. [17] made use of the Frobe-
nius distance between the EEG spatial covariance matrices
of 6 brain regions, and experimental results had shown that
the index based on the alpha band can accurately assess
fatigue. Apker et al. [18] predicted driver performance using
power spectral density and the linear regression, providing
a confidence estimate for the stable driving model. Haji-
noroozi et al.’s experimental results showed that channel-wise
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convolutional neural network achieved robust and improved
performance for detection of driver fatigue [19]. Zhao et al.
[20] studied an automatic measurement of driving mental
fatigue, using a KPCA-SVM classifier and their accuracy was
quite high, up to 98.7%. Kong et al. [21] analyzed EEG signals
by using Granger-Causality-based brain effective networks
and found a significant difference in terms of strength
of Granger-Causality in the frequency domain and some
changes were more significant over the frontal brain. Zhao et
al. [22] observed that coherencewas significantly increased in
the frontal, central, and temporal brain regions, as well as sig-
nificant increases in the clustering coefficient and the charac-
ter path length.

Recently, entropy has been broadly applied in the analysis
of EEG signals, considering the fact that it is a complex,
unstable, and nonlinear signal [23–28]. Xiong et al. combined
features of AE and SE with Support Vector Machine (SVM)
classifier to detect driver fatigue, achieving highest accuracy
of 91.3% at channel P3 [25]. Chai et al. present independent
component by entropy rate bound minimization analysis for
the source separate, autoregressive (AR) modeling for the
features extraction and Bayesian neural network for the clas-
sification algorithm.They achieved an accuracy of 88.2% and
the highest value of area under the receiver operating curve
(AUC) is 0.93 [26]. Zhang et al. extracted wavelet entropy and
SE of EEG and wavelet entropy of EOG and AE of EMG to
estimate the driving fatigue stages, and their accuracy was
quite high, which is about 96.5%–99.5%using artificial neural
network [27]. Kar et al. used five types of entropies, that is,
Shannon’s entropy, Rényi entropy of order 2, Rényi entropy
of order 3, Tsallis wavelet entropy, and Generalized Escort-
Tsallis entropy, along with alpha band relative energy for
estimation of fatigue level [28]. However, few studies have
been conducted for using optimal combination of entropy
methods and classifiers based on EEG to study driver fatigue
detection.

Multichannels EEG acquisition system, such as the 32-
channel EEG system used in my experiment, is relatively
complex equipment, which can only be available in laborato-
ries or hospitals. It requires well-trained technicians to locate
electrodes, since all the electrodes have to be placed in the
proper location. And it is time-consuming. All these reasons
are making the system difficult to apply in real life.Therefore,
a worthwhile EEG system with fewer channels or even one
channel for estimating driver fatigue has to be a portable
system that is cheaper, simpler, and easier to use.

Although many EEG-based methods have been proven
to detect driver fatigue, the optimal method has not yet
been determined. Furthermore, the EEG with more channels
usually restricts its application in the detection of driver
fatigue. Using the data from 12 subjects, the detection model
for driver fatigue was developed with a single channel. Four
types of entropies were deployed in this work: SE, FE, AE,
and PE. The classification procedure was implemented by
ten classifiers:K-Nearest Neighbors (KNN), SVMwith linear
kernel (LS), SVM with RBF kernel (RS), Gaussian Process
(GP), Decision Tree (DT), RF, Multilayer Perceptron (MLP),
AdaBoost (AB), GaussianNäıve Bayes (GNB), andQuadratic
Discriminant Analysis (QDA). The aims of the present study

Figure 1: Snapshot of the experimental setup.

are to determine the optimal combination of feature, classi-
fier, and channel that can be effective in portable application
with a single channel.

The rest of the paper is organized as follows: Section 2
describes the proposed methodology. Results and discussion
are reported in Section 3. Conclusion is reported in Section 4.

2. Materials and Methods

2.1. Subjects. Twelve university students (men, 19–24 years)
participated in this experiment. All the subjects were asked
to be out of any type of stimulus like alcohol, medicine, tea,
or coffee before and during the experiment. Before the exper-
iment, they practiced the driving task for several minutes to
become acquainted with the experimental procedures and
purposes. All experimental procedures were performed using
a static driving simulator in a software-controlled environ-
ment. This work was approved by Academic Ethics Commit-
tee of Jiangxi University of Technology.

2.2. Experiment. The experimental setup of the work is based
on our previous work. A sustained-attention driving task was
performed by each subject on a static driving simulator (The
ZY-31D car driving simulator, produced by Peking ZhongYu
Co., Ltd.) with a wide screen composed of three 24-inch
monitors shown as in Figure 1. On the screen, a customized
version of the Peking ZIGUANGJIYE software ZG-601 (Car
Driving Simulation Teaching System V9.2) was shown. The
driving environment selected for this study was a highway
with low traffic density and the driving task was started at
9 a.m. After the 5-minute practice session, each subject was
given a break of 10min away from the simulator and was
allowed to have unconstrained movement within the labora-
tory. Then they commenced their about 1-2 hours of driving
after a quick check of all instrumentation.

2.3. Data Recording and Preprocessing. First, when the sub-
jects had been driving for 20 minutes, the last 5-minute
recorded EEG signal was labeled as normal state; second,
when the continuous driving procedure lasted 60–120 min-
utes until the questionnaire results show the subject was in
driving fatigue, obeying Lee’s subjective fatigue scale and
Borg’s CR-10 scale [29, 30], the last 5-minute recorded EEG
signal was labeled as fatigue state. All channel data were ref-
erenced to two electrically linkedmastoids at A1 andA2, digi-
tized at 1000Hz from a 32-channel electrode cap (including
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Figure 2: Electrodes position according to International 10-20
System standards.

30 effective channels and 2 reference channels) based on the
International 10-20 System (Figure 2).

After the EEG signals acquisition, the main steps of data
preprocessing were carried out by the Scan 4.3 software of
Neuroscan.The raw signals were first filtered by a 50Hz notch
filter and a 0.15Hz to 45Hz band-pass filter was used.Then 5-
minute EEG signals from 30 channels were sectioned into 1-s
epochs, resulting in 300 epochs. With the 12 subjects, a total
of 3600 epochs of dataset were formed for the normal state
and another 3600 epochs for the fatigue state.

2.4. Feature Extraction. In recent years, various entropies
have been expanded in several different fields [31]. As the
nonlinear parameters can quantify the complexity of a time
series, it can be used to evaluate the nonlinear, unstable EEG
signals [32]. PE is calculated by applying the Shannon func-
tion to the normalized power spectrum, and the calculation
algorithm is as described in literature [33]. AE, proposed by
Pincus [34], is calculated in time domain without phase space
reconstruction of the signal. Similar to AE, SE is proposed
by Richman andMoorman [35].The calculation algorithm of
AE and SE is defined clearly as described in literature [36]. FE
can get stable results for different parameters and offers better
noise resistance, defined clearly as described in literature [37].

In the above four types of entropies, AE, SE, and FE have
parameters,𝑚 and 𝑟, which are the dimensions of phase space
and similarity tolerance, respectively. Generally, too larger
of 𝑟 will lead to a loss of useful information. However, if 𝑟
is underestimated, the sensitivity to noise will be increased
significantly. In the present study, 𝑚 = 2 while 𝑟 = 0.2 ∗ SD,
where SD denotes the standard deviation of the time series
according to literature [38].

For optimizing the detection quality, the features were
normalized for each subject by scaling between −1 and 1.

2.5. Classification. Since there is no uniform classification
method suitable for all subjects and all applications, usually

it may be useful to test multiple methods. In this work, I have
used ten classifiers, namely, KNN, LS, RS, GP, DT, RF, MLP,
AB, GNB, and QDA.They are briefly explained below.

2.5.1. KNN. Neighbors-based classification does not con-
struct a general model but simply compares instances of fea-
tures of the training data. KNN is a supervised learning tech-
nique where a new instance is classified based on the closest
training samples present in the feature space [39]. KNN imple-
ments learning based on the 𝑘-Nearest Neighbors of each
query point, where 𝑘 is 5 in this study.

2.5.2. SVM. In the case of nonlinear classification, kernels,
such as radial basis functions (RBF), are used to map the
data into a higher dimensional feature space in which a linear
separating hyperplane could be found [40]. When the num-
ber of samples is less than the number of features, nonlinear
learning methods do not significantly affect the results and it
may be better to simply use linear learning method. So SVM
with linear kernel (LS) and SVM with RBF kernel (RS) were
both chosen as the classifier in this work.

When training an SVMclassifierwith the RBF kernel, two
parameters must be considered: 𝑐 and 𝛾. A lower 𝑐makes the
decision surface smooth, while a higher 𝑐 aims at classifying
all training examples correctly. 𝛾 defines howmuch influence
a single training example has. In this study, 𝛾 = 2 and 𝑐 = 1.

2.5.3. GP. The GP Classifier implements Gaussian Processes
for classification purposes, more specifically for probabilistic
classification [41].

2.5.4. DT. DT is a nonparametric supervised learning
method used for classification [42]. DT creates a series of
binary decisions on the features which best distinguishes
classes. The maximum depth of the tree is 10 in this work.

2.5.5. RF. RF fits a number of Decision Tree classifiers on
various subdatasets and averages predicted accuracy [43].
In this work, the maximum depth of the tree is 10 and the
number of trees in the forest is 10.

2.5.6. MLP. MLP trains using gradient descent and the
gradients are calculated using Backpropagation (BP) [44].

2.5.7. AB. AB classifier begins by fitting a classifier on the
raw dataset and then fits additional copies of the classifier on
the same dataset where the weights of incorrectly classified
instances are adjusted [45].

2.5.8. GNB. Naive Bayes method is based on applying Bayes’
theorem with the “naive” assumption [46]. The likelihood in
GNB of the features is assumed to be Gaussian.

2.5.9. QDA. QDA searches for a linear combination of fea-
tures which statistically best distinguishes objects in different
classes from each other [47]. QDA classifier has a quadratic
decision boundary.

2.6. Performance Metrics. For developing a new detector and
estimating its potential application performance, it is very
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Table 1: Optimal combination for different subjects.

Subject Optimal combination Highest Acc AUC
1 FE + KNN 94.3% 0.976
2 FE + KNN 86.4% 0.929
3 FE + RF 93.4% 0.981
4 FE + RF 91.0% 0.969
5 FE + RF 92.6% 0.976
6 FE + RF 91.3% 0.974
7 FE + RF 91.4% 0.968
8 FE + RF 92.7% 0.981
9 FE + RF 94.4% 0.983
10 FE + RF 91.9% 0.975
11 FE + RF 90.5% 0.967
12 FE + RF 93.2% 0.979

important to examine properly the detection quality [48].
The leave-one-out (LOO) cross-validation approach is used
to assess the performance of the system for driver fatigue
detection. The total average accuracy based on some feature
and the classifier is the average of the accuracy of all single
channels based on the same feature and same classifier.

To provide an easier-to-understand method to measure
the detection quality, the well-known performance indicators
[43], including accuracy (Acc), sensitivity (Sn), and speci-
ficity (Sp), were described as follows:

Sn = TP
TP + FN

,

Sp = TN
TN + FP

,

Acc = TP + TN
TP + TN + FP + FN

,

(1)

where TP (true positive) denotes the number of the data
inputs that refer to fatigue state correctly classified as fatigue.
FP (false positive) is the number of data inputs that refer to
normal state classified as fatigue state. TN (true negative) is
number of the data inputs that refer to normal state correctly
classified as normal state. FN (false negative) is the data inputs
that refer to fatigue state classified as normal state.

AUC illustrates the performance of a binary classifier
system as its discrimination threshold is varied. It is created
by plotting the fraction of true positives out of the positives
(TPR = true positive rate) versus the fraction of false positives
out of the negatives (FPR = false positive rate), at various
threshold settings. TPR is also known as Sn, and FPR is one
minus the Sp.

3. Results and Discussion

3.1. Comparison of Performances of Different Subjects. As
shown in Figure 3 and Table 1, the best average accuracy is
produced in combination of FE+RF (where average accuracy
is 91.7%) and the worst average accuracy is produced in com-
bination of SE + LS (where average accuracy is 57.4%). It can
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Figure 3: Comparison of performances of four features and ten
classifiers. The left s vertical coordinate is for average accuracy (%)
for 12 subjects, while the right vertical coordinate is for average
AUC for 12 subjects. The horizontal coordinate is for classifier. 1–
10 represent KNN, LS, RS, GP, DT, RF, MLP, AB, GNB, and QDA,
respectively. ACC-SE, ACC-FE, ACC-AE, and ACC-PE represent
accuracy with features SE, FE, AE, and PE, respectively. AUC-SE,
AUC-FE, AUC-AE, and AUC-PE represent AUC with features SE,
FE, AE, and PE, respectively.

be found that the best accuracies of Subject 1 and Subject 2 all
occurred in the combination of FE + KNNwhile, for Subjects
3–12, best recognition rates all appear in the combination of
FE + RF. The worst recognition rate of Subject 1 appears in
combination of SE + LS, while, for Subjects 2, 5, 6, 7, 9, 11, and
12, it appears in the combination of PE + LS, and, for Subjects
3, 4, 8, and 10, it appears in the combination of PE + MLP.
For all 12 subjects, the highest accuracy is 94.4% for Subject 9
with the combination of FE + RF, and the worst recognition
rate (51.7%) also appeared in Subject 9 with the combination
of SE + LS. This is an interesting phenomenon. For the same
subject, using different methods, some subjects will have a
particularly larger difference, and some may be less.

As for the AUC, there are similar results.The best AUC is
produced in combination of FE + RF (where average AUC
is 0.969) and the worst average accuracy is produced in
combination of PE + LS (where average AUC is 0.584). For
all 12 subjects, the highest AUC (0.983) appears in Subject 9,
and the worst AUC (0.517) also appears in Subject 9. This is
very similar to ACC.

Different subjects have different brain characteristics, so
the EEG features are different. Different subjects using the
same feature extraction method or the same classifier may
have different performances. The result has two meanings,
one is that it is possible to choose a combination that is
subject-specific, which is different from the subjects using
different combination, thus improving the recognition rate
of each subject. Two is that subject-specific EEG feature can
be distinguished from different subjects for identification or
authentication of individual, that is, the EEG password or
biometrics [49, 50].



Computational and Mathematical Methods in Medicine 5

Table 2: Comparison of mean accuracy (%) of combination of four features and ten classifiers.

Classifier Feature
SE FE AE PE Mean ± SD

AB 73.2 ± 4.4 84.2 ± 3.6 72.9 ± 5.5 65.3 ± 6.1 73.9 ± 8.4

DT 80.6 ± 3.3 89.7 ± 2.9 80.2 ± 4.2 72.7 ± 5.7 80.8 ± 7.3

GP 69.5 ± 5.4 81.7 ± 4.1 69.0 ± 6.4 62.8 ± 6.0 70.8 ± 8.8

LS 66.0 ± 5.0 79.3 ± 4.4 64.8 ± 6.4 57.3 ± 7.2 66.9 ± 9.9

GNB 67.5 ± 6.0 80.5 ± 4.3 66.8 ± 7.1 58.2 ± 7.1 68.3 ± 10.1

KNN 77.3 ± 4.4 85.8 ± 3.4 77.4 ± 5.0 71.5 ± 7.6 78.0 ± 7.4

MLP 67.7 ± 5.5 80.7 ± 4.3 67.0 ± 6.8 58.5 ± 7.2 68.4 ± 10.0

QDA 67.5 ± 6.0 80.5 ± 4.3 66.8 ± 7.1 59.3 ± 7.1 68.5 ± 9.8

RF 85.9 ± 3.1 91.8 ± 2.7 85.9 ± 3.3 79.1 ± 9.3 85.7 ± 7.0

RS 68.3 ± 5.7 81.2 ± 4.1 67.9 ± 6.8 59.2 ± 6.8 69.1 ± 9.8

Mean ± SD 72.3 ± 8.1 83.5 ± 5.6 71.9 ± 9.0 64.4 ± 10.1

Boldface indicates FE + RF is the optimal method.

Table 3: Comparison of mean AUC of combination of four features and ten classifiers.

Classifier Feature
SE FE AE PE Mean ± SD

AB 0.808 ± 0.044 0.904 ± 0.027 0.804 ± 0.053 0.720 ± 0.080 0.809 ± 0.085

DT 0.886 ± 0.033 0.946 ± 0.025 0.883 ± 0.038 0.817 ± 0.060 0.883 ± 0.061

GP 0.743 ± 0.059 0.865 ± 0.037 0.736 ± 0.069 0.667 ± 0.077 0.753 ± 0.095

LS 0.690 ± 0.053 0.825 ± 0.055 0.674 ± 0.068 0.584 ± 0.098 0.693 ± 0.111

GNB 0.726 ± 0.063 0.857 ± 0.036 0.720 ± 0.073 0.609 ± 0.090 0.728 ± 0.111

KNN 0.847 ± 0.044 0.921 ± 0.025 0.847 ± 0.050 0.775 ± 0.099 0.848 ± 0.080

MLP 0.716 ± 0.063 0.850 ± 0.040 0.709 ± 0.075 0.615 ± 0.092 0.722 ± 0.109

QDA 0.726 ± 0.063 0.857 ± 0.036 0.720 ± 0.073 0.622 ± 0.090 0.731 ± 0.108

RF 0.936 ± 0.031 0.969 ± 0.021 0.937 ± 0.031 0.874 ± 0.111 0.929 ± 0.070

RS 0.0728 ± 0.062 0.859 ± 0.036 0.721 ± 0.074 0.610 ± 0.087 0.729 ± 0.111

Mean ± SD 0.780 ± 0.095 0.885 ± 0.057 0.775 ± 0.104 0.689 ± 0.132

Boldface indicates FE + RF is the optimal method.

3.2. Comparison of Four Feature Methods. From the above
results, the combination of entropy and classifier improved
the classification performance. Because the main purpose of
my study is to find the optimal combination of feature and
classifier based on a single EEG channel, in order to evaluate
the performance influence on different entropy features, four
types of entropy feature methods and ten classifiers were
compared. Figure 3 shows the mean accuracy of generated
features obtained from the four entropy methods based on
EEG signals from all single channels of 12 subjects, using ten
classifiers. From Figure 3, I can conclude that the classifica-
tion accuracy of the combination of FE with any one of the
classifiers is better than combination of the other feature
methodswith any one of the classifiers.Hence FEwas selected
as best feature in this work as it is robust and efficient. The
detector of using FE + RF fusion method could present a
better performance and robustness.

As shown in Table 2, the average accuracy was compared
with 12 subjects based on different feature and classifier. The
average accuracy based on FE feature was 83.5%, while the
average accuracy based on PE feature was 64.4%.The highest

mean Acc appeared at the combination of FE + RF, reaching
91.8%, while theworstmeanAcc appeared at the combination
of PE + LS, achieving 57.3%. These results are in agreement
with the results of Section 3.1.

As shown in Table 3, the average AUC was compared
with 12 subjects based on different feature and classifier. The
averageAUCbased on FE featurewas 0.885, while the average
AUC based on PE feature was 0.689. The highest mean AUC
occurred at the combination of FE +RF, reaching 0.969, while
the worst meanAUC occurred at the combination of PE + LS,
achieving 0.584. These results are also in agreement with the
results of Section 3.1.

3.3. Comparison of TenClassifiers. Overall, sorting from large
to small of the average accuracy of ten classifiers based on
four features and 12 subjects is RF\DT\KNN\AB\GP\RS\
QDA\MLP\GNB\LS. The sort of mean AUC is the same.

For 12 subjects, I used 𝑘 = 1, 3, and 5 for KNN and found
that 𝑘 = 5 gave the best performance. It can be seen that KNN
achieves the highest accuracy with 94.3% and AUC of 0.976
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Table 4: Studies regarding driver fatigue detection using different types of entropy.

Research group Feature method EEG channels Highest accuracy
Li et al. [14] 12 types of energy parameters FP1 and O1 91.5%
Zhang et al. [27] Approximate entropy O1 and O2 96.5%
Khushaba et al. [51] Fuzzy entropy Fz, T8, and Oz 92.8%
Zhao et al. [52] Sample entropy F3 95.0%
This paper Fuzzy entropy CP4 96.6%

with FE feature. These accuracies are better than previous
studies.

3.4. Comparison of Channels. For channel comparison, the
performance of each channel is determined. In order to com-
pare the performance of each channel, with average of 12 sub-
jects, the four types of combinations were compared, includ-
ing combination of the best features and the best classifier (FE
+ RF), combination of the best feature + the worst classifier
(FE + LS), combination of theworst features and the best clas-
sifier (PE + RF), combination of the worst feature + classifier
(PE + LS). It can be seen that the highest Acc of single channel
is 96.6% at the combination of CP4 + FE +RF, which can fully
meet the requirements of mobile computing. The worst Acc
is only 55.2% at the combination of Cz + PE + LS.

It can be seen from Figure 4 that all channels of the four
combinations are sorted according to the Acc. The index is
not the same order in the four combinations. For example, the
best channel is CP4 at the combination of FE + RF, while the
best channel is T6 at the combination of FE + LS, and the best
channel is O1 at the combination of both PE + RF and PE +
LS, indicating channel selection is related to feature extracted
methods and classifier methods largely.

The result of AUC is very similar. The highest AUC of
single channel is 0.993 at the combination of CP4 + FE + RF,
while the worst AUC is only 0.545 at the combination of Cz
+ PE + LS.

In addition to the variation of different channels shown
as in Figure 4, we are concerned about which part of brain
regions these select channels locate over. So the selected
electrodes in each subject were mapped onto their corre-
sponding locations in the electrode cap. It can be seen that
the distribution of top channels is much more scattered.

The above results demonstrated the system using a single
channel could achieve very high accuracy in detecting driver
fatigue, while reducing the decisive number of electrodes
from 30 to 1. It is possible to use single channel for driver
fatigue detection. The highest recognition rate in this work
can be up to 96.6%, which is not the worst comparing with
other research results.

Sort of channel is not related to hemisphere, and there
is no significant correlation between brain areas. For each
subject, the best channel is not the same.

For different analysis targets, using different features may
have different impacts on the classification accuracy. In this
paper I selected four entropies for comparison purpose. Fig-
ure 1 indicates that, for the same data source, the classification
performances of the four entropies and ten classifiers are

notably different. In my experiment paradigm, the combina-
tion of feature FE and classifier RF has the highest accuracy
if single entropy is used as input. As see in Table 4, it is found
that the classification performance of the proposed method
was better than the other research using fewer channels of
EEG signals; it is expected that the combination of feature FE,
classifier RF, and channel CP4 can show better performance
for fatigue forecast. Although the present study is based on
the existing EEG data, the high performance of detection of
driving fatigue by using of FE-based classification indicated
well application on the real-time detection of driving fatigue.
To realize real-time detection of driving fatigue, I only needed
to record a single channel EEG signals when in fatigue state
and normal state and then trained FE-based classification.
Once the trained classification model is being saved, I could
achieve real-time detection of driving fatigue and try to avoid
traffic accidents through the alarm.

4. Conclusions

In this paper, an approach based on combination of four
entropy features and ten classifiers is proposed to detect
driver fatigue in an EEG-based system. Results also showed
that it is a promising system to detect driver fatigue, achieving
high success rates with only one electrode.The following was
found: (1) It is possible to use a single channel for driver
fatigue detection. The highest recognition rate in this work
can be up to 96.6%, which has been able to meet the needs
of real applications. (2) The best combination of channel +
features + classifier of different subjects is not the same; that is
to say, the best combination is subject-specific. (3)The impact
of feature on the accuracy and AUC is larger. In this work, the
Acc of FE as the feature is far greater than the Acc of PE as the
feature. (4)The impact of the classifier on the Acc and AUC is
larger. In this work, the Acc of classifier RF is the best, while
classifier LS is the worst. (5)The impact of channel selection
on the Acc and AUC is significant.

However, some limitations of this study are as follows: (1)
the sample size was relatively small. To extendmy research, in
the future, I will increase the number of subjects to improve
the validation of results and to classify more fatigue states
such as severe fatigue. (2) The parameters of classifier did
not carry out optimization, such as MLP and SVMwhich are
very sensitive to parameters. It is also possible that there are
no optimization parameters, so the performance for classifier
MLP and SVM is not good. (3) In this work, only four kinds
of entropy feature were compared, nomore feature extraction
methods, such as AR, wavelet, and spectrum.
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Figure 4: Comparison of all channels based on feature FE and classifier RF of 12 subjects. The left s vertical coordinate is for accuracy (%),
while the right vertical coordinate is for AUC. The horizontal coordinate is for channel.
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It is hoped that these findings may have the generalizabil-
ity to provide an effective approach for auxiliary diagnosis of
driver fatigue, in order to maintain public health and avoid
life threatening.
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An optical 3D sensor provides an additional tool for verification of correct patient settlement on a Tomotherapy treatmentmachine.
The patient’s position in the actual treatment is comparedwith the intended position defined in treatment planning. A commercially
available optical 3D sensor measures parts of the body surface and estimates the deviation from the desired position without
markers. The registration precision of the in-built algorithm and of selected ICP (iterative closest point) algorithms is investigated
on surface data of specially designed phantoms captured by the optical 3D sensor for predefined shifts of the treatment table. A rigid
body transform is compared with the actual displacement to check registration reliability for predefined limits. The curvature type
of investigated phantom bodies has a strong influence on registration result which is more critical for surfaces of low curvature.
We investigated the registration accuracy of the optical 3D sensor for the chosen phantoms and compared the results with selected
unconstrained ICP algorithms. Safe registration within the clinical limits is only possible for uniquely shaped surface regions, but
error metrics based on surface normals improve translational registration. Large registration errors clearly hint at setup deviations,
whereas small values do not guarantee correct positioning.

1. Introduction

Tomotherapy combines a CT scanner with a computer-cont-
rolled radiation beam collimation system at the treatment
machine [1] to precisely target tumors sparing healthy tissue.
The system installed inMagdeburg hospital is a Tomotherapy
HD system which enables helical and fixed radiation in one
single system. A helical slit delivers radiation with most con-
formal image guided radiotherapy (imrt). The x-ray source
rotates in a helical path around the patient in order to acquire
a 3D image. The same x-ray source is used as treatment
beam. This source is rotating in a helical pattern around the
patient, while the intensity of beam is modulated according
to the tumor shape using “tungsten leaves.” These leaves
create thousands of beam elements, called “beamlets” [2].

The radiation is delivered by a discrete-angle, nonrotational
method sequentially moving the treatment table from the
center of the system and for each angle of the gantry. Optical
sensors provide an additional tool to verify the precise
positioning of the radiation target relative to the treatment
machine. The actual position in the treatment fraction is
compared with the desired position given by a previously
recorded reference surface. The reliability of such ICP-based
algorithms is investigated in this paper by comparing the
results of the implementation by the optical sensor with
selected popular algorithms.

2. Methods and Materials

2.1. Optical Sensors in Tomotherapy. Nowadays, image guided
methods are increasingly used in radiotherapy [3–11]. The

Hindawi
Computational and Mathematical Methods in Medicine
Volume 2017, Article ID 2938504, 13 pages
https://doi.org/10.1155/2017/2938504

https://doi.org/10.1155/2017/2938504


2 Computational and Mathematical Methods in Medicine

target regions of irradiation and the intended dose distribu-
tions are mostly defined on the basis of CT scans. Then an
irradiation plan is created which involves the placement of
the patient with regard to the treatment machine and the
control of the irradiation beam. The main aim is to hit the
tumor with sufficient energy and to protect healthy tissue and
organs as much as possible against irradiation at the same
time. Exact placement of the patient in the irradiation session
is therefore very important. In addition to correct positioning
by integrated CT in the treatment machine, optical sensors
can capture surface data.

Optical surface sensors hence provide an additional tool
for contact-less verification of patient position and are now
getting into clinical practice after a long-time development
and use for scientific purposes.

Our Tomotherapy HD accelerator unit (Accuray, USA) is
combinedwith anAlignRT (VisionRTLtd., London,UK) sys-
tem and consists of two pods laterally positioned correspond-
ing to the virtual isocenter in front of the Tomotherapy bore.
Thevirtual isocenter lies 700mmoutside in front of to the real
radiation isocenter of the machine. The distances of the two
pods in respect to the virtual isocenter are about 2.0m. The
twopods are tightlymounted at upper ceiling of the treatment
room.They are right and left of the Tomotherapy couch. Each
of the two units each consists of two cameras (stereo) and a
speckle projector producing structured light (Figure 1(a)) to
generate a 3D model of the patient’s surface by close-range
photogrammetry (triangulation) [12]. The unit also includes
a texture camera for visualization purposes, which, however,
is not used for alignment [3]. The AlignRT parameters of the
optical system are estimated and verified by daily calibration
using a calibration plate that is aligned with a virtual laser
isocenter in front of the real isocenter. Real-time capability
of the AlignRT system relates to the ability of the sensor to
capture surface data fast enough to even follow typical human
motion caused by respiration, for example. Although tracking
of the surface is fast enough to meet these requirements, the
first registration takes longer and is therefore usually done
offline.

The units are installed at the ceiling in the treatment room
above of the treatment table and in front of the irradiation
gantry in such a way that they capture the body surface at
the target region (isocenter) diagonally downwards from two
directions in order to reduce occluded regions (Figure 1(b)).
The radiation gantry of the treatment machine is situated
on one point of a circle around the isocenter parallel to the
𝑥𝑧-axes. The 𝑥, 𝑦, and 𝑧 position of the treatment table
at the radiation gantry can be shifted computer-controlled
with an accuracy of about 0.5mm. Rotation of the treatment
table is not possible, although in real situations rotational
displacement of the patient must be expected.

An optical sensor of the considered type estimates a
distance map related to a measured surface by finding corre-
spondences in images taken from two or more directions by
photogrammetricmethods [12, 13]. A typical scheme is first to
calculate a standard view of the recorded images by rectifying
them on the basis of the camera parameters obtained by
the previous calibration. Finding the correspondences in the
images gives the disparity maps which describe the parallax

caused by the distance between the cameras of one optical
sensor. Together with camera calibration parameters the
depth map is then calculated from the disparity map which
can be considered as a mesh of 3D points or as a point cloud.
Because the depth values are calculated corresponding to the
pixel grid neighborhood relations are directly given and a
mesh grid, for instance, consisting of triangles, can be easily
calculated.The surfaces of the two optical sensors of AlignRT
are merged in one data file. At the transition of the surface
data of one sensor to the other some overlapping or gaps
may occur. The software of the optical sensor handles these
problems and produces a single more or less closed surface
of triangles out of the data of the two sensors. Details are
not given by the manufacturer. Rigid registration parameters
for different snapshots of captured 3D surface data can be
calculated by the propriety software.

Optical sensors provide an additional modality to esti-
mate the patient position on the basis of the outer body
shape without increasing radiation load. Here we consider
the application of the optical sensor without use of additional
markers. The surface data captured is therefore a point cloud
or amesh grid corresponding to pixels of the image sensor. In
such an unconstrained setting withoutmarkers, we just know
that a surface point estimated by the optical sensor belongs to
some corresponding point of the surface in the voxel image
captured for definition of the 3D planning volume. But the
exact position of this corresponding point on the surface in
this image, which is usually a CT scan, is not directly given.
This correspondence can only be estimated out of the form
of the reference surface if it is successfully matched with
the surface to be tested. In this way corresponding regions
are registered and transformation matrices are calculated
representing a measure for the deviation between a reference
and a test surface.

Two operation modes of the surface sensor are distin-
guished in clinical practice: the static setup verification of
patient (single-frame surface acquisition) and the tracking
of patient motion (continuous dynamic surface acquisition
mode), for example, caused by respiration [3]. In the latter
case the solid assumption is appropriate if the time step from
one surface capture to the next is small enough.

For real patients, the shapemay also have been changed in
the static setup phase introducing additional uncertainties in
ICP registration. Respiratorymotion of a patient surface blurs
the registration result which is an additional effect and should
not bemixedwith the uncertainty of ICP registration.Motion
blur in the 3D measurement results may cause additional
problems. Our paper therefore considers the static case and
shows that even with solid phantoms uncertainties remain
depending on the individual shape.

2.2. Principles of ICP Algorithms. Surface registration assu-
mes that two or more surfaces can be matched by a geomet-
rical transformation. Resulting transformation parameters
then describe the deviation between the surfaces for a correct
registration. In case of radiotherapy, the optical sensor should
ensure that the patient is placed according to the irradiation
plan. The desired position is usually defined on basis of the
CT data set. If we want to compare a test surface measured
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(a) One of two camera-projector units of AlignRT (optical
sensor) at the ceiling in treatment room. It consists of a
stereo camera and a projector producing structured light
by laser speckle in a fixed arrangement

Left optical
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Treatment table

(b) Left and right optical sensors at the ceiling above of the
treatment table “look” diagonally downwards at the region
of irradiation (isocenter). Standing in front of the treatment
machine, the 𝑦-axis of the right-handed coordinate system points
to the treatment machine, 𝑥 to the right and 𝑧 to the top. The
irradiation gantry hitting the same region is not depicted. 𝛼roll,
𝛼pitch, and 𝛼yaw describe the rotations around the 𝑥-, 𝑦-, and
𝑧-axes, respectively, as shown. The treatment table can only be
translationally shifted in 𝑥, 𝑦, and 𝑧 direction

Figure 1: Optical sensor in radiotherapy.

by optical sensors with the target position we would have
to extract the corresponding surface data out of the CT as
a reference. Tomotherapy gives us another option: because
a CT is directly available at the treatment machine together
with the optical sensor, we are able to bring the patient exactly
to the desired position by the CT modality. The surface scan
of the optical sensor at this position can be considered as
a reference (target position). In later treatment sessions, the
memorized reference position can then be used to bring the
patient back to the desired position by the measured test
surface. Also during the irradiation itself the correct position
can be verified by the optical surface scan because, in contrast
to CT, optical data are available during the whole treatment.

2.2.1. Known Point-to-Point Correspondences. The alignment
of surfaces is muchmore simple and unique in case of known
correspondences between reference and test surface. This
assumes that registered 𝑛 points of the reference surface 𝑝𝑖 =
𝑝(𝑥𝑖, 𝑦𝑖, 𝑧𝑖) with index 𝑖 = 1, . . . , 𝑛 and spatial coordinates
𝑥𝑖, 𝑦𝑖, 𝑧𝑖 are ordered in pairs with 𝑛 points 𝑞𝑖 = 𝑞(𝑥𝑖, 𝑦𝑖, 𝑧𝑖) of
the test surface.

A linear transformation matrix 𝑅 and a translation offset
vector 𝑡 aligning reference and test surface are directly
estimated by minimization of the sum of the squared error:

𝐸 (𝑅, 𝑡) =
𝑛

∑
𝑖=1

𝑝𝑖 − 𝑅𝑞𝑖 − 𝑡

2 → Min, (1)

which means that the (geometric) distance between the
reference surface and the transformed test surface should
be as small as possible. When the correct correspondences
are known a unique solution for 𝑅 and 𝑡 for given 𝑛 =
𝑁 point pairs or a solution in the least square sense for
𝑛 > 𝑁 directly yields. When limiting to an affine transform,

the linear transform matrix with 𝑁2 parameters modifies
to a rotation matrix with 𝑁 rotation angles resulting in a
2𝑁-dimensional optimization problem (together with the
𝑁 translation parameters). Such a nonlinear equation can
generally only be solved iteratively or with a linearized
approximation assuming small angles.

2.2.2. Unknown Point-to-Point Correspondences. In general,
without fiducial markers, no direct correspondence between
points of the surfaces is given and also the number of points
to be registered may be different. In this situation, the trans-
formation matrix cannot be determined immediately. In ICP
algorithms, the closest point in the reference is considered
as the corresponding point of the test surface iteratively
adapting the transformation matrix in each iterative step.
Sophisticated search strategies exist in order to avoid a com-
plete search between the two surfaces. The transformation in
each iterative step does not align the two surfaces perfectly
but brings them closer to each other in the converging case.

Registration fails in the case of growing deviation between
the two surfaces in the iterative steps. When converging,
the registration is terminated by a certain criterion such
as size or gradient of the deviation error; that is, a certain
registration error generally remains for real measurement
data. ICP algorithms perform a local search on the error
surface describing the deviation of the actual measurement
from the target and estimate translation and rotationmatrices
as registration parameter. They converge well when a unique
errorminimum exists, but problemsmay arise when trapping
in side minima occurs. In the latter case, registration is
inaccurate or fails completely.

Reference [14] gives a good overview on ICP algorithms
for technical applications with three synthetically generated
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scenes providing test surfaces to evaluate the variants. In this
way the correct transform is known exactly.

ICP algorithms can be divided into different phases.
According to [14], typical ICP algorithms perform the follow-
ing steps.

(1) Selection of the Source Points (Measurement). Different
criteria for handling point clouds are considered. Using the
complete set of points to find the transformation parameters
might be slow; therefore the data could be randomly or reg-
ularly subsampled. Another strategy is to extract significant
points at edges or corners where the information is concen-
trated. This method of sampling requires preprocessing but
it reduces the number of required points improving accuracy
and efficiency of the algorithm.

(2) Matching. This step is the most costly step in ICP
algorithm.There are different methods such as building a kd-
tree search to speed up finding corresponding closest points.
The simplest idea is finding the closest point in the other point
cloud for each point. The result of this method is generally
stable but it computes slowly. Another method to find the
correspondence is “shooting” along the normal of each point
to the other point cloud. The intersection of the normal and
point cloud is considered as the corresponding point [14].
There is a faster method to match the correspondence which
is projection based matching. In this method the points lying
on the line of sight of one of the cameras are considered
correspondent. In this case the result is good if two cameras
are close enough [14].

(3) Weighting. The matched point pairs can be weighted
with regard to certain additional criteria describing the
similarity of the corresponding region such as color, distance,
curvature, or direction of tangent normal [14]. To this end, the
error metric is multiplied by a weighting factor depending on
the specific criterion.

(4) Rejection. Rejection of certain point pairs can be imple-
mented after each matching step in order to improve align-
ment. This can be done in the phase of search for the closest
neighbor. Several rejection methods have been proposed in
different studies [14]: rejection of those point pairs with
a distance greater than a user specified limit, rejection of
a certain portion of point pairs with largest distance, and
rejection of point pairs inconsistentwith neighbor pairs (rigid
transform).

(5) Error Metric andMinimization.This step is the last step of
ICP algorithm which measures the error between the point
clouds and tries to minimize the distance between two point
clouds.Mostly either a “point-to-point” or a “point-to-plane”
error metric is applied. In the first case, if 𝑝𝑖 is a source point
and 𝑞𝑖 the corresponding point in the target point cloud and
𝑀 is the transformation matrix, then the sum of squared
distances has to be calculated and minimized [2]:

𝑀min = argmin
𝑀

𝑖

∑ (𝑀 ⋅ 𝑝𝑖 − 𝑞𝑖)
2 . (2)

Closed form solutions for this kind of error metric exist, such
as singular value decomposition (SVD), dual quaternions,
quaternions, and orthonormalmatrices. Accuracy and stabil-
ity of these methods have been evaluated by [15].

In general, point-to-plane error metric converges better
than the point-to-point error metric [16]. It minimizes the
sum of squared distances between source points and the
tangent plane at the target point which is orthogonal to the
unit normal vector of that point. Mathematically, if 𝑝𝑖 is a
source point and 𝑞𝑖 is the corresponding point in the target
point cloud and 𝑛𝑖 = 𝑛(𝑥𝑖, 𝑦𝑖, 𝑧𝑖) is the normal vector at 𝑞𝑖
then the ICP algorithm estimates the rigid transformation
matrix by the minimizing function

𝑀norm
min = argmin

𝑀

∑((𝑀 ⋅ 𝑝𝑖 − 𝑞𝑖) ⋅ 𝑛)
2 . (3)

Because no closed form solutions for point-to-plane error
metric exist it is usually solved iteratively by nonlinear
methods such as Levenberg-Marquardt or it can be linearized
considering some approximation for rotation matrix 𝑅, such
as replacing sin 𝜃 by 𝜃 and cos 𝜃 by 1. The problem of the
point-to-plane error metric is that it is sensitive to noise and
that it does not converge well if the distance between two
point clouds is large [15, 17].

The ICP algorithm can vary by changing the methods in
each step to improve the performance with regard to speed
and stability depending on the amount of noise and outliers
the algorithm can deal with.

2.3. Selected ICP Algorithms for Registration. Four differ-
ent, under BSD license available, ICP implementations in
Matlab have been compared with the proprietary software
of AlignRT for surface registration of phantoms. We have
chosen the same software platform because one criterion
was the option to compare the speeds. We assumed that the
implementations belong to the most popular ones. They all
meet the same general ideas of ICP registration and present
the variety of unconstrained methods (without markers or
using colors). We found that the four chosen ICP algorithms
are well suited to be compared with the method applied
by AlignRT. An interesting extension of work would be
to include new approaches to point registration such as
described in [18].

(1) Wilm’s Algorithm [2, 19]. Point clouds are aligned by
considering the complete points set. The program finds the
nearest neighbor by a kd-tree search which considerably
increases the speed of matching. Point-to-point or point-
to-plane error metric can be selected by parameter setting.
AlignRT uses a similar point-to-plane metric as follows from
the communication with the manufacturer.

(2) Kroon’s [20], Modified. This program uses a finite differ-
ence model to align the point clouds. The finite difference
method also supports the transform types of resizing and
shearing. Several optimization functions are included for
minimum search.We added a global search approach by gen-
erating different start points using a scatter-search method
to improve the results. All starts points are evaluated and
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the points which are unlikely to improve the minimum are
rejected.

(3) Renoald’s [21]. It is a simple ICP implementation which
uses all the data points. It first finds the corresponding points
by creating a Delaunay tessellation of points in a model to
search for the closest point.Then it calculates the initial trans-
formation matrix by singular value decomposition (SVD)
and applies this to the target point cloud.The transformation
matrix is updated iteratively until no more correspondences
can be found.

(4) Bergström’s [22, 23]. It is similar to the Renoald’s algorithm
with the main difference that, after matching corresponding
points, the point pairs are weighted by the maximum point
distance. Levenberg-Marquardt algorithm is directly applied
to minimize the squared sum of the distances of closest
points.

Most of the implementations allow choosing among
modes and modifying parameters.The best configuration for
this experimental setup has been investigated and shown in
Table 3. The above given references give further details.

2.4. Related Works. Reference [4] compared suggested setup
correction with a second and independently operated
marker-based optical system with an anthropomorphic plas-
tic phantom and healthy volunteers. They found alignment
accuracies of about 1mm for translation and 0.5∘ for rotation
as an average. Using markers is more invasive and time con-
suming but in general safer than unconstrained registration.

Extensive research has been done on the development
of surface sensors. The general ideas are shown in works
as [12, 13]. Reference [24] deals with the simulation of
photogrammetric triangulation in order to develop the algo-
rithms without need of acquisition of additional camera data.

Reference [3] investigated the temporal stability of align-
ment accuracy in the context of respiratory motion in an
operation mode where the sensor is triggered by the breath-
ing phase. A rigid, flesh-colored mannequin torso phantom
has been used. In this approach, the optical sensor is com-
bined with an infrared-based marker system for gating the
breathing state and a motorized mechanical stage. Measured
surface data has been compared with surface extracted from
CT as a reference. High stability and errors in the submillime-
ter range and less than 1∘ have been reported. Additionally,
the accuracy of recommended patient realignment has been
evaluated for 54 random shifts of the treatment table. In our
investigations we focused our attention on the influence of
different types of phantoms in order to learn how curvature
influences the registration reliability.

Reference [14] gives helpful results how existing ICP
algorithms converge for synthesized surfaces. Also different
sampling strategies for selection of registration points have
been considered. But for clinical practice it is important to
verify these theoretical results with the real situation for data
of an existing optical sensor.

Reference [7] evaluates a 3-Dimensional Surface Imaging
System for Guidance in DIBH Therapy. Setup data based on

captured 3D surfaces by the same surface imaging system
as we used was compared with setup data based on cone
beam computed tomography (CBCT) and evaluated with
regression based methods. It was found that in the context
of breast cancer treatment 95% of the deviations less than
0.4 cm detected by the optical sensor were less than 0.66 cm
in the other mode of CBCT. A comparison of megavoltage
CBCT based registration and of AlignRT based registration
to its own particular reference is subjected to certain time
constraints. A CT scan itself as a possible reference and the
local megavoltage CBCT scan on the Tomotherapy unit is
usually a time-consuming procedure.

Reference [6] reports on two commercial optical sensors
(surface imaging systems) and compares them with the
actual adjustments in patient positions made on the basis of
megavoltage CT scans. The deviations between the proposed
correction of the optical sensor and the subjectively best
alignment of an expert have been statistically evaluated.
Tests have been performed on an Alderson phantom and
on patients at head/neck, pelvic, and chest regions. It was
found that the optical sensors can support patient positioning
mainly at pelvic and chest regions because immobilization of
the patient by special masks is not possible as in the case of
head and neck region.

Generally, the AlignRT system is usable on nearly all
possible patient regions. Some papers deal with clinical
applications of optical sensors to different patient regions.
Besides classical patient body region dependent applications,
the frame- and mask-less cranial stereotactic radiosurgery is
a new application field. The comparison of breath induced
surface movements with different registration modalities
is subjected to different time constants of the acquisition
devices. The verification of DIBH (depth inspiration breath-
hold) techniques with optical systems, as theAlignRT system,
is a new emerging procedure in the clinical practice.

A feasibility study for the usability of the AlignRT system
to frame- and mask-less cranial stereotactic was presented
by [8]. The presented technique shows the potential of
head mold and surface monitoring to use in stereotactic
treatments. The accuracy of the surface imaging motion
tracking system during the stereotactic treatment was ver-
ified. The results were additionally tested on the standard
optical guidance platform technique (kVCT by Varian).

Work [9] describes a clinical analysis of fifty patients
with the AlignRT system in comparison to megavoltage
portal imaging. Daily alignment with the 3D optical imaging
system was found to be valuable for reducing setup errors
in comparison to skin markers. Particularly the anterior-
posterior alignment directions were with the optical system
noticeably better.

The possible synchronization of a classical CBCT system
with the AlignRT has been shown by [10]. An image guided
method for the synchronization of the X-ray projections
is synchronized with optically sensed surface during using
CBCT without any further hardware requirements. The pro-
posedmethod can by generically applied to any configuration
of the CBCT and optical imaging systems and also be used for
extracranial tumor tracking.
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3. Generation of Test Surface Data

In order to generate surface data we focused our work on
rigid phantoms because we are mostly interested in pure
accuracy of the sensor togetherwith the ICP algorithms in the
ideal case.The investigated ICP algorithms do not treat shape
variations which is a motivation for using solid phantoms
instead of real cases. The influence of motion of real human
bodies, caused by respiration for instance, is considered by
other papers (e.g., [10, 11]).

3.1. Test Phantoms. Because the contour characteristics of a
surface is important for a safe registration, specially designed
phantoms of different surface types have been investigated. To
this end, dedicated phantoms have been designed or selected
with a size approximately covering the measurement volume
of the optical sensor of about 0.1m3. In this study, four
different phantoms have been measured by the optical sensor
in order to generate point clouds for the evaluation of the ICP
algorithms.

(i) Plane. It is a simple plane horizontally placed on the
treatment table.Themain idea is to check the accuracy of the
optical sensor with regard to vertical shift of the treatment
table (𝑧 direction).

(ii) 3plane. It consists of two planes and an edge especially
built to allow a unique matching with respect to all 𝑥-𝑦-𝑧
space coordinates.

(iii) Bowl.Thebowl phantom ismore curved than a plane, but
ambiguities with regard to rotations must be expected.

(iv) Torso. By the torso of amannequin, a shape typical for the
human body has been simulated. The curvature of the torso
phantom ismore ambiguous in the cranial-caudal (𝑦) than in
the dorsal-ventral transverse motion direction.

The phantoms have been coated by white painting or
textile to produce a surface that can be well captured by
the cameras of the optical sensor when illuminated by the
speckle projector. Measured point clouds of these phantoms
are shown in Figure 2. As visible in Figure 2(c), the measured
surfaces contained some points of the background (e.g., of the
treatment table). Such extra points obviously not originating
from the phantoms have been manually removed for the data
of all phantoms. As an example, Figures 2(c) and 2(d) show
the bowl surface before and after removing the extra points,
respectively.

3.2. Test Setup. The above described ICP algorithms have
been tested with surface data of the selected phantoms
(Figure 2) moved to well-defined positions. First, the opti-
cal sensor AlignRT has been calibrated according to the
instructions of the manufacturer. Then the phantoms have
been placed on the treatment table and a surface scan at
the origin has been captured. This surface scan at central
(zero) position of the treatment table served as a reference
to compare with surface scans at other positions. To this

end, the phantoms have been translationally shifted by the
treatment table in the directions 𝑑 = {𝑥, 𝑦, 𝑧} by distances
of 𝑠𝑑 = {0.5, 1.0, ±10.0, 20.0} (mm). For the plane, translation
was only done in 𝑧 direction (𝑑 = 𝑧) because tests confirm
the obvious fact that a motion in 𝑥 or 𝑦 direction cannot be
detected if the plane phantom is placed in parallel to the 𝑥-𝑦-
axes as we did.

Figure 3 gives an example on how the operator sees the
situation on the monitoring screen of AlignRT. It shows the
estimated misalignment for translation and rotation in mm
and ∘, respectively, by numbers with one-digit accuracy after
the comma and by bars. At setup, the therapists attempt to
minimize the shifts (by minimizing the length of the bars)
[11]. The surface data is exported as object files and used for
the registration by the other ICP algorithms.

After an initial phase, real-time surface tracking is pos-
sible with the AlignRT system. AlignRT system delivers
sufficiently fast displacement estimation for most medical
indications of about 10 frames per second. Acceptable speed
relates mainly to the time needed for an initial alignment
which should not exceed about a second in order to be
acceptable in clinical routine.

Therefore two requirements result with regard to the
speed: the alignment time should not be much longer than a
second because more cannot be accepted in clinical routine.

In case of dynamic tracking, the speed demands arise by
the typical patient motion to avoid subsampling on the one
hand and to ensure that shape variations between two time
steps can be neglected for rigid registration. In the ideal case,
the registration should be faster than the surface sensor in
order to avoid reduction of frame rate.

4. Results and Discussion

Rigid transform matrices (translation and rotation) for reg-
istration of the reference with the tested position have been
estimated by the proposed ICP algorithms and with AlignRT.
The investigated implementations specify the resulting coor-
dinate transform for registration by different versions of
matrices for homogenous coordinates. For direct compar-
ison, these matrices have been transformed into a single
representation for translation and rotation (see [12]).

Translational shift values of registration �̂�𝑑 in direction 𝑑
yield directly from the offset part of the transform matrices.
Table 1 shows the results of registration together with the
expected translation values 𝑠𝑑. The translational registration
error in direction 𝑑 is then given by 𝑒trans𝑑 = 𝑠𝑑 − �̂�𝑑.

The total registered rotation is composed by a series of
three rotations 𝑟 = {roll, pitch, yaw} around 𝑥-, 𝑦-, and 𝑧-
axes, respectively, in the directions according to Figure 1(b),
each quantified by the Euler angles �̂�𝑟 = {�̂�roll, �̂�pitch, �̂�yaw}.
The rotatory registration error is 𝑒rot𝑟 = �̂�𝑟−𝛼𝑟 = �̂�𝑟 for 𝛼𝑟 = 0
because the measurement phantoms have not been rotated.

We assumed a maximally allowed absolute registration
error of 𝑒trans𝑑 max = 1mm for translation and of 𝑒rot𝑑 max = 0.5

∘

for rotation which are quite tough values in radiotherapy and
marked entries with |𝑒trans𝑑 | > 𝑒

trans
𝑑 max or |𝑒trans𝑑 | > 𝑒

rot
𝑑 max

boldface. Other works set the allowable tolerance a bit higher
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(a) Plane (b) 3plane (c) Bowl (before removing
extra points)

(d) Bowl (after removing
the extra points)

(e) Torso

Figure 2: Surfaces of selected phantoms captured by the optical sensor AlginRT showing typical problems of real measurement data: (a)
measurement noise and systematic errors; (c) extra points not belonging to the object of interest; (b) and (e) seam from fusing the two
surfaces of left and right optical sensors.

Figure 3: An example of the AlignRT monitoring screen seen
during measurement of the torso phantom and vertical shift of
the treatment table 𝑠𝑑(𝑧) = 10mm. The reference surface is shown
in pink and the measured surface in green. The suggested linear
translations (vertical, lateral, and longitudinal) and rotations (yaw,
pitch, and roll) are shown by numbers and colored bars on the left
together with the RMS value (called magnitude MAG). The white
graph is used to display a time series of the RMS values (not used in
our experiment).

(e.g., [8] to 1mm/1∘ and [11] to 3mm/3∘), but working with
rigid phantoms without motion motivates our stricter limits.

Figure 4 shows as an example one of the best results of
aligned surfaces with the reference surface for a shift of 𝑠𝑑 =
10mm in direction 𝑑 = 𝑧 using the Wilm approach. The
residuals have been estimated by triangulation of the surfaces
and color-coded displaying the distances in 𝑧 direction. It
becomes clear that although the translational and rotational
parameters are within the limits this does not hold for all
points of the surfaces.There are problems especially at sloping
surface parts, at edges, and at the stitching area of left and
right optical sensors which explains the remaining deviations
after applying the ICP algorithm.

Table 2 summarizes Table 1 with regard to adhering the
limits 𝑒trans𝑑 max and 𝑒

rot
𝑑 max. As expected with the plane phan-

tom placed in parallel to the 𝑥𝑦 plane a safe registration is
only possible in 𝑧 direction and fails in 𝑥 and 𝑦 direction for
all ICP algorithms. For the other three phantoms 3plane,
bowl, and torso, only the Wilm algorithm registers safely for
the translational parameters. No algorithmhas problemswith
the rotatory parameters for any phantom except Wilm which
interestingly fails for the torso phantom for pitch and yaw and
AlignRT for yaw of the bowl phantom.

Table 3 compares some important properties and results
of the four tested algorithms that have been applied to four
different test objects (phantoms) differently shifted relative to
an original position. The algorithms use different methods
to compute the rigid transformation matrix (translation
and rotation) between two point clouds, as described in
Section 2.3 as the result of registration.

Main operational principles of the algorithms are summa-
rized; their processing speed and accuracy give information
on their suitability for registration of our selected phantoms.
Main differences consist in the method for the closest point
search, the weighting, the error metric, and the method
for minimization. Only Wilm uses kd-tree search which
is much more efficient than full search. Only Bergström
applies distance-based weighting. None of the open source
algorithms includes rejection. Among the open source algo-
rithms, only Wilm uses point-to-plane metric whereas all
other apply a point-to-point criterion. The AlignRT registra-
tion results look similar to the Wilm implementation. This
supports the assumption that similar principles are used by
this proprietary program.

The average processing time for each algorithm is also
qualitatively given. It varies between fastest processing
(which was about a few seconds) and slowest processing
(which was about 3 minutes) for the registration by the
ICP algorithm on a standard computer (Intel Core i7, 64-
bit Windows) in Matlab. A more detailed evaluation of
processing speed is not given because we do not expect that
the chosen algorithms are implemented in an optimal way.
This may be different for the commercial implementation of
AlignRT. Renoald performed best with regard to processing
speed.Wilm and AlignRT show acceptable speed in the same
range. Kroon is slow and Bergström is very slow in the
investigated implementation and would not be acceptable in
clinical routine.

For offline verification, speed plays a less important role as
long as the registration takes only seconds of time. Therefore
those implementations indicated by + or ++ can be consid-
ered acceptable in the intended application (see Section 3.2).
In tracking applications, when even the registration is done
online, the speed of the algorithms matters much more and
the patient alignment can be verified and corrected on the fly
bymoving the treatment table or adapting the irradiation. But
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Table 1: Registered translations �̂�𝑥, �̂�𝑦, and �̂�𝑧 and rotations �̂�roll, �̂�pitch, and �̂�yaw from the investigated sample implementations of the ICP
algorithm for the tested phantoms plane, 3plane, bowl, and torso and treatment table shifts 𝑠𝑑 in different directions 𝑑 = {𝑥, 𝑦, 𝑧}. Translations
with an absolute translational registration error |𝑒trans𝑑 | > 𝑒

trans
𝑑 max = 1mmand rotations with an absolute registration error 𝑒rot𝑟 > 𝑒

rot
𝑑 max = 0.5

∘

are marked boldface.

Phantom
Shift Registration

Translation/mm Rotation/∘

𝑠𝑑/mm 𝑑 �̂�𝑥 �̂�𝑦 �̂�𝑧 �̂�roll �̂�pitch �̂�yaw
Wilm algorithm

Plane

0.5 𝑧 0.4282 0.0087 0.5482 −0.0001 −0.0012 0.0000
1.0 𝑧 1.4503 0.4656 1.0627 0.0000 −0.0123 0.0000
10.0 𝑧 0.4760 0.8346 10.0927 0.0002 −0.0022 −0.0005
20.0 𝑧 0.0827 1.1255 20.0975 −0.0001 0.0213 −0.0007

3plane

0.5 𝑧 −0.0100 0.1440 0.5325 −0.0000 0.0001 −0.0003
1.0 𝑧 −0.0395 0.1362 1.0882 0.0001 0.0004 0.0001
10.0 𝑧 −0.1475 0.1217 10.0550 0.0003 0.0001 −0.0003
20.0 𝑧 −0.0665 −0.0903 20.9796 0.0005 0.0012 −0.0006
10.0 𝑦 −0.1237 9.9743 0.0157 0.0001 0.0004 0.0001
−10.0 𝑦 −0.1991 −9.6955 0.1602 0.0002 −0.0001 0.0004
10.0 𝑥 9.8886 0.3100 0.1109 0.0013 −0.0004 0.0001

Bowl

0.5 𝑧 0.0749 0.0702 0.4491 −0.0006 0.0013 −0.0000
1.0 𝑧 0.0596 0.1477 0.9348 −0.0010 −0.0018 −0.0011
10.0 𝑧 −0.0084 0.0054 10.1927 0.0061 0.0121 0.0004
20.0 𝑧 0.3618 0.0843 20.0056 0.0005 0.0382 −0.0001
10.0 𝑦 −0.1668 9.9264 0.1325 0.0035 −0.0678 −0.0033
−10.0 𝑦 0.0885 −9.7892 −0.3034 0.0004 0.0246 −0.0006
10.0 𝑥 9.9217 −0.0522 0.0799 −0.0014 −0.0400 −0.0024
−10.0 𝑥 −9.8553 0.1800 −0.0533 −0.0005 0.0854 −0.0005

Torso

0.5 𝑧 −0.0239 −0.0895 0.5171 0.0033 1.5783 −1.5785
1.0 𝑧 −0.0986 −0.1490 1.0508 0.0022 1.6005 −1.6007
10.0 𝑧 0.0303 0.1723 9.9136 0.0090 1.1490 −1.1480
20.0 𝑧 0.0995 0.1012 19.8599 0.0017 0.8377 −0.8362
10.0 𝑦 0.1819 9.9194 −0.1830 0.0009 0.9571 0.9572
−10.0 𝑦 −0.1553 −9.5344 0.0316 0.0020 −1.4725 1.4724
10.0 𝑥 10.1230 −0.0174 −0.0374 0.0047 1.5300 −1.5299
−10.0 𝑥 −9.8724 −0.0488 −0.0401 0.0034 −1.6261 1.6263

Kroon algorithm

Plane

0.5 𝑧 −0.4031 −0.1523 0.5499 −0.0001 −0.0001 −0.000
1.0 𝑧 −0.9254 −0.2737 1.0675 0.0002 0.0005 −0.0001
10.0 𝑧 1.3403 1.2951 10.0872 0.0002 −0.0015 −0.0004
20.0 𝑧 −3.7160 0.7362 20.0891 −0.0001 0.0007 −0.0008

3plane

0.5 𝑧 0.0023 −0.1280 0.3746 −0.0005 0.0000 0.0000
1.0 𝑧 −0.0470 −0.2840 0.8252 −0.0001 0.0003 0.0001
10.0 𝑧 −1.5692 −5.8559 7.3710 −0.0125 −0.0045 −0.0043
20.0 𝑧 1.0803 −4.9535 18.1806 1.0803 0.0014 −0.0021
10.0 𝑦 0.0793 6.5978 −1.3214 −0.0066 −0.0004 −0.0003
−10.0 𝑦 −0.1597 −6.6084 −1.3826 0.0062 0.0004 0.0006
10.0 𝑥 0.7600 −0.0439 0.0272 0.0002 0.0008 −0.0018

Bowl

0.5 𝑧 0.0818 −0.0440 0.2600 0.0009 0.0004 −0.0004
1.0 𝑧 0.0572 −0.0864 0.5162 0.0015 0.0002 −0.0004
10.0 𝑧 −1.4703 −0.2302 8.9576 0.0087 0.0022 −0.0420
20.0 𝑧 −1.2950 −0.1217 19.0383 0.00206 0.0035 −0.0554
10.0 𝑦 −0.2905 8.8071 0.0682 0.0369 −0.0581 −0.0027
−10.0 𝑦 0.2614 −8.6043 0.3671 −0.0368 0.0533 0.0006
10.0 𝑥 9.4381 −0.4111 0.0864 0.0023 0.0202 −0.0048
−10.0 𝑥 −9.1155 0.5139 0.1217 0.0004 −0.0187 0.0473
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Table 1: Continued.

Phantom
Shift Registration

Translation/mm Rotation/∘

𝑠𝑑/mm 𝑑 �̂�𝑥 �̂�𝑦 �̂�𝑧 �̂�roll �̂�pitch �̂�yaw

Torso

0.5 𝑧 0.3474 1.4598 0.1776 −0.0003 0.0003 −0.0128
1.0 𝑧 0.3474 1.5383 0.0214 −0.0012 0.0013 −0.0214
10.0 𝑧 0.0014 0.2854 10.4856 0.0004 0.0018 −0.0006
20.0 𝑧 0.2456 0.8967 20.8858 0.0016 0.0010 −0.0012
10.0 𝑦 0.1391 0.8154 0.5305 0.0032 −0.0002 −0.0007
−10.0 𝑦 0.0276 −0.7041 −0.3240 −0.0025 0.0002 −0.0003
10.0 𝑥 10.7852 0.6038 0.0172 0.0002 0.0026 −0.0353
−10.0 𝑥 −10.6538 −1.5451 0.2848 0.0005 −0.0080 0.0327

Renoald algorithm

Plane

0.5 𝑧 −0.3951 −0.1486 0.5499 −0.0001 −0.0001 −0.0000
1.0 𝑧 −0.8802 −0.2661 1.0675 0.0000 0.0006 −0.0001
10.0 𝑧 1.2549 1.1879 10.0882 0.0002 −0.0010 −0.0005
20.0 𝑧 −2.0547 −0.4494 20.0903 −0.0001 −0.0040 −0.0006

3plane

0.5 𝑧 0.0041 −0.1311 0.3722 −0.0005 0.0000 0.0000
1.0 𝑧 −0.0469 −0.2864 0.8242 −0.0006 0.0003 0.0001
10.0 𝑧 −0.0744 −4.5305 8.2095 −0.0099 −0.0003 −0.0039
20.0 𝑧 0.9315 −6.7487 16.8058 −0.0134 0.0058 0.0033
10.0 𝑦 0.1794 4.0410 −1.1857 −0.0124 −0.0004 −0.0002
−10.0 𝑦 −0.2608 −5.4906 1.3925 0.0088 0.0009 0.0005
10.0 𝑥 0.7315 −0.0448 0.0321 0.0002 0.0009 −0.0018

Bowl

0.5 𝑧 0.0818 −0.0440 0.2600 0.0009 0.0004 −0.0004
1.0 𝑧 0.0571 −0.0831 0.5143 0.0015 0.0003 −0.0004
10.0 𝑧 −1.2139 −0.1348 8.8075 0.0069 0.0014 −0.0393
20.0 𝑧 −1.5751 −0.1130 18.7352 0.0056 0.0045 −0.0556
10.0 𝑦 −0.4060 7.5070 −0.0636 0.0356 −0.0402 −0.0014
−10.0 𝑦 0.3518 −8.5498 0.2583 −0.0358 0.0521 0.0009
10.0 𝑥 8.8252 −0.2963 −0.1059 −0.0000 0.0147 −0.0470
−10.0 𝑥 −8.9940 0.4230 0.1382 0.0007 −0.0171 0.0477

Torso

0.5 𝑧 0.2920 0.4220 0.7578 0.0005 0.0012 −0.0321
1.0 𝑧 0.2378 0.4817 1.0779 0.0003 0.0009 −0.0315
10.0 𝑧 −0.0037 0.2426 10.4506 0.0001 0.0018 −0.0006
20.0 𝑧 0.3008 −0.1655 18.7455 −0.0011 0.0022 −0.0001
10.0 𝑦 0.1177 0.7804 0.4367 0.0028 −0.0002 −0.0004
−10.0 𝑦 0.0045 −0.6522 −0.2843 −0.0022 0.0001 −0.0001
10.0 𝑥 10.4139 0.4050 0.0860 0.0004 0.0015 −0.0327
−10.0 𝑥 −10.4768 −0.6117 0.1427 −0.0003 −0.0019 0.0334

Bergström algorithm

Plane

0.5 𝑧 0.0818 −0.0440 0.2600 0.0009 0.0004 −0.0003
1.0 𝑧 −0.9302 −0.2768 1.0675 0.0000 0.0005 −0.0001
10.0 𝑧 −4.8742 −0.3023 10.0866 0.0002 0.0013 −0.0008
20.0 𝑧 −3.7203 0.7381 20.0894 −0.0000 0.0001 −0.0008

3plane

0.5 𝑧 0.0023 −0.12880 0.3746 −0.0005 0.0003 0.0000
1.0 𝑧 −0.0470 −0.2840 −0.8252 −0.0060 0.0003 0.0001
10.0 𝑧 −8.9059 4.1357 11.6053 0.0083 −0.0080 −0.0024
20.0 𝑧 1.0816 −4.9472 18.1816 −0.0095 0.0014 −0.0021
10.0 𝑦 −2.1412 13.7773 1.6485 0.0079 0.0060 0.0009
−10.0 𝑦 −0.1596 −6.6095 1.3820 0.0062 0.0004 0.0006
10.0 𝑥 8.4082 2.8181 1.2289 0.0064 −0.0053 −0.0034
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Table 1: Continued.

Phantom
Shift Registration

Translation/mm Rotation/∘

𝑠𝑑/mm 𝑑 �̂�𝑥 �̂�𝑦 �̂�𝑧 �̂�roll �̂�pitch �̂�yaw

Bowl

0.5 𝑧 0.0818 −0.0440 0.2600 0.0009 0.0004 −0.0004
1.0 𝑧 0.0527 −0.0803 0.5211 0.0016 0.0003 −0.0004
10.0 𝑧 −0.1868 −0.0644 10.2913 −0.0002 −0.1752 0.0064
20.0 𝑧 0.6199 −0.0374 20.2321 0.0092 −0.1716 0.0172
10.0 𝑦 0.0319 10.0246 −0.4303 0.0058 −0.1689 0.0073
−10.0 𝑦 0.4347 −9.4345 0.9152 −0.0312 −0.1553 0.0238
10.0 𝑥 9.9406 −2.1170 0.6590 0.0190 0.0004 0.0001
−10.0 𝑥 −10.3737 −1.6094 0.3040 0.0133 0.0020 −0.0003

Torso

0.5 𝑧 0.3383 −2.5946 0.8076 0.0004 0.0001 −0.0128
1.0 𝑧 0.1906 −2.6231 0.9682 −0.0000 0.0000 −0.0121
10.0 𝑧 0.0014 0.2854 10.4856 0.0040 0.0018 −0.0006
20.0 𝑧 −0.4539 −0.3521 19.4238 0.0008 0.0023 0.0150
10.0 𝑦 0.5342 8.9866 0.3959 0.0007 −0.0020 −0.0169
−10.0 𝑦 −0.1569 −8.6553 1.2477 −0.0070 0.0020 0.0012
10.0 𝑥 10.4504 −2.5372 0.4949 0.0003 0.0003 −0.0131
−10.0 𝑥 −10.2027 2.5363 0.3930 −0.0003 −0.0002 0.0120

AlignRT algorithm

Plane

0.5 𝑧 0.1 0.3 0.0 0.0 0.0 0.0
1.0 𝑧 0.2 0.1 0.5 0.0 0.0 0.1
10.0 𝑧 0.3 0.0 10.1 0.0 0.0 0.1
20.0 𝑧 0.2 1.2 20.1 0.0 0.0 0.2

3plane

0.5 𝑧 0.0 0.1 0.5 0.0 0.0 0.0
1.0 𝑧 0.1 0.1 1.1 0.0 0.0 0.0
10.0 𝑧 0.0 0.2 10.2 0.0 0.0 0.0
20.0 𝑧 0.0 0.1 20.1 0.0 0.0 0.1
10.0 𝑦 0.2 10.2 0.2 0.0 0.0 0.0
−10.0 𝑦 0.1 −9.8 0.1 0.0 0.0 0.0
10.0 𝑥 9.8 0.2 0.1 0.0 0.0 0.0

Bowl

0.5 𝑧 0.1 0.1 0.5 0.0 0.0 0.0
1.0 𝑧 0.1 0.2 1.1 0.0 0.0 0.0
10.0 𝑧 0.1 0.2 10.0 0.1 0.0 1.2
20.0 𝑧 0.3 0.3 19.9 0.1 0.0 1.6
10.0 𝑦 0.2 10.3 0.2 0.0 0.1 1.6
−10.0 𝑦 0.7 −9.8 0.2 0.1 0.1 2.7
10.0 𝑥 10.1 0.2 0.2 0.0 0.1 0.1
−10.0 𝑥 −10.0 0.5 0.2 0.0 0.0 1.7

Torso

0.5 𝑧 0.1 0.0 0.6 0.0 0.0 0.0
1.0 𝑧 0.1 0.0 1.1 0.0 0.0 0.0
10.0 𝑧 0.1 0.0 9.9 0.1 0.0 0.1
20.0 𝑧 0.2 0.1 19.8 0.0 0.1 0.1
10.0 𝑦 0.2 10.1 0.2 0.0 0.0 0.0
−10.0 𝑦 0.2 −9.8 0.1 0.1 0.0 0.0
10.0 𝑥 10.0 0.2 0.1 0.0 0.0 0.0
−10.0 𝑥 −9.9 0.1 0.0 0.0 0.0 0.0
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(a) Plane: all residuals are below
𝑒trans𝑑 max

(b) 3plane: problems at
edges and tilted planes

(c) Bowl: problems at sloping
surface parts

(d) Torso: holes at stitching area of the two
sensors

Figure 4: Residuals of surface pairs shifted by 𝑠𝑑 = 10mm in direction 𝑑 = 𝑧 of the studied phantoms captured by the optical sensor AlginRT
and aligned by the Wilm approach.

Table 2: Summary of registration success and fail for translations (𝑥, 𝑦, 𝑧) and rotation (rot); + denotes success when the specified
misalignment threshold is deceeded and, otherwise, − labels the failing when the threshold is exceeded.

Algorithm
Wilm Kroon Renoald Bergström AlignRT

Motion 𝑥 𝑦 𝑧 rot 𝑥 𝑦 𝑧 rot 𝑥 𝑦 𝑧 rot 𝑥 𝑦 𝑧 rot 𝑥 𝑦 𝑧 rot

Phantom

Plane − − + + − − + + − − + + − − + + + − + +
3plane + + + + − − − + − − − + − − − + + + + +
Bowl + + + + − − − + − − − + + − + + + + + −
Torso + + + − + − + + + − + + + − + + + + + +

+: |𝑒trans𝑑 | < 𝑒
trans
𝑑 max or |𝑒

rot
𝑟 | < 𝑒

rot
𝑑 max; −: |𝑒

trans
𝑑 | ≥ 𝑒

trans
𝑑 max or |𝑒

rot
𝑟 | ≥ 𝑒

rot
𝑑 max.

Table 3: Overall assessment of the tested ICP algorithms.

Property Algorithm
Wilm Kroon Renoald Bergström AlignRT

Closest point search kd-tree Full Full Full —𝑎

Weighting None None None Distance-based —𝑎

Rejection None None None None —𝑎

Error metric Point-to-plane Point-to-point Point-to-point Point-to-point Point-to-plane

Minimization Linearization of
rotation matrix Global search SVD Levenberg-Marquardt —𝑎

Speed𝑏 + − ++ −− +
Max. |𝑒rot𝑟 | <1.0mm >1.0mm >1.0mm >1.0mm <1.0mm
Max. |𝑒trans𝑑 | >0.5∘ <0.5∘ <0.5∘ <0.5∘ >0.5∘
𝑎

Unknown.
𝑏++: very fast; +: fast; −: slow; −−: very slow.

in this case, the algorithm needs much less iterations because
the position differences from time step to time step are much
smaller compared to the first alignment in the static case.

In Table 3, an overall assessment of the expected reg-
istration error between expected shift and the translation
calculated by the ICP algorithms is given. Translation in 𝑥
and 𝑦 direction was omitted for the plane phantom because
no registration was possible due to the missing structure
in viewing field and therefore only the translation in the 𝑧
direction is specified.

One observation from the experiments is that the distance
of shift does not affect the registration accuracy much. Also

the required time for convergence is not really affected, obvi-
ously because the algorithms adapt their step size according
to the gradient.

Much more important are the structure and curvature of
the surfaces to be aligned. With an ambiguous surface the
error surface has flat areas where ICP algorithms are likely
to stick in a local minimum. Registration fails in this case to
align the surfaces [25].

Wilm’s implementation shows the best results among
the studied ICP algorithms for translational registration.
The reason for that is obviously the use of the point-to-
plane error metric which is the main difference to the
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other algorithms all failing with the above specified accuracy
demands. Interestingly, Wilm fails with rotatory registration
for the torso phantom. Possibly the normal parameter of the
point-to-plane error metric has disadvantages in this case.
Similar happens for the AlignRT implementation, but for the
bowl phantom.

5. Conclusion

In the paper, different unconstrained ICP algorithms have
been compared for real (noisy) data produced by an optical
sensor as part of a Tomotherapy HD system. Registration has
to deal with mainly two difficulties: the deficiencies of the
sensor (noise) and the ambiguities resulting from the shape
of the measured object. Reference [3] found accuracies better
than 1mm and 0.5∘ for the used mannequin torso phantom
with the proprietary registration software of the AlignRT
system.We could show that such accuracies are only possible
for well curved surfaces whereas gross errors may occur for
registration of other not uniquely shaped surfaces and are not
much effected by the chosen ICP registration algorithm.

The results show that obviously standard ICP algorithms
only considering point cloud or surface data are too unre-
liable to serve as single verification tool of correct patient
settlement. Of course, large correction values calculated by
ICP registration give a clear hint that positioning is incorrect
whereas the opposite case does not hold: as small value is no
guarantee for correct alignment. Depending on the curvature
of the actually captured surface parts, small ICP registration
correction values are estimated even with wrong positioning
because the ICP algorithm sticks in local minima. The
registration information in parallel to the main orientation
of the surface is only helpful in the case of unique surface
structure. A safe registration useful for setup correction
mostly yields perpendicular to the main orientation of the
surface. Therefore, the result of ICP registration can only
support the expertise of the clinical personnel as an additional
tool for the positioning of the patient with regard to the
treatment machine.

To improve the probability of reaching a correct devi-
ation minimum without fiducial markers other variants of
ICP algorithm including additional criteria such as colors,
normals, and curvatures [25]may be applied.Thehardware of
the optical sensor supports this because an additional camera
for capturing texture data is included in each measurement
unit. But according to [3], although calibrated together with
the stereo cameras, it can be only used for virtually projecting
texture data on the captured surfaces, but not to support
registration. Particularly, uncertainties of the registration in
𝑥-𝑦 direction could be reduced by this information.

Ongoing work is done on the estimation of confidence
values of registration. Depending on curvatures character-
istics of the treated regions an estimation of the reliability
of a registration could be given. Also alternative registra-
tion approaches to surface registration, such as probabilistic
methods [18], seem promising to improve the results and
worthy of further investigation.
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Ultrasound imaging is commonly used for breast cancer diagnosis, but accurate interpretation of breast ultrasound (BUS) images is
often challenging and operator-dependent. Computer-aided diagnosis (CAD) systems can be employed to provide the radiologists
with a secondopinion to improve the diagnosis accuracy. In this study, a newCADsystem is developed to enable accurate BUS image
classification. In particular, an improved texture analysis is introduced, in which the tumor is divided into a set of nonoverlapping
regions of interest (ROIs). Each ROI is analyzed using gray-level cooccurrence matrix features and a support vector machine
classifier to estimate its tumor class indicator. The tumor class indicators of all ROIs are combined using a voting mechanism
to estimate the tumor class. In addition, morphological analysis is employed to classify the tumor. A probabilistic approach is used
to fuse the classification results of the multiple-ROI texture analysis and morphological analysis. The proposed approach is applied
to classify 110 BUS images that include 64 benign and 46 malignant tumors. The accuracy, specificity, and sensitivity obtained
using the proposed approach are 98.2%, 98.4%, and 97.8%, respectively. These results demonstrate that the proposed approach can
effectively be used to differentiate benign and malignant tumors.

1. Introduction

Breast cancer is the most common cancer in women world-
wide and one of the major causes of death in females across
the globe [1]. The statistics of the World Health Organization
(WHO) indicate that, in 2012, 1.67 million new cases were
diagnosed with breast cancer and around 522,000 women
died of this disease [1]. Early diagnosis of breast cancer
is crucial for the successful treatment of the disease and
improving the survival rates of the patients [2].

Ultrasound imaging is one of the most widely used
imaging modalities for breast cancer diagnosis since it offers
the advantages of low-cost, portability, patient comfort, and
diagnosis accuracy [3, 4]. However, the interpretation of
breast ultrasound (BUS) images is operator-dependent and
varies based on the experience and skill of the radiologist [5].

To overcome this limitation, computer-aided diagnosis
(CAD) systems have been introduced to analyze BUS images
and provide the radiologist with a second opinion to improve
the diagnosis accuracy and reduce the effect of operator
dependency [5, 6].

Many studies, such as [7–15], have employed BUS image
analysis for classifying breast tumors. In particular, mor-
phological features [13, 16, 17] and texture features [8, 12]
are demonstrated to be useful for differentiating benign and
malignant tumors. Moreover, combining both feature groups
has been suggested to improve the tumor classification accu-
racy [13, 18]. Morphological features quantify the geometrical
characteristics of the tumor, such as area, shape, orientation,
regularity, and margins [6, 19]. Therefore, morphological
features are mainly affected by the accuracy of the tumor
outline. Commonly used morphological feature descriptors
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(a) (b) (c)

(d) (e) (f)

Figure 1: (a)-(b) BUS images of (a) benign and (b) malignant tumors with manually drawn outlines (yellow line). (c)-(d) A single ROI is
drawn around each tumor in (a) and (b), such that the ROI corresponds to the minimum bounding rectangle that contains the tumor. Such
ROI is often used in conventional texture analysis. (e)-(f) Each tumor in (a) and (b) is divided into a set of nonoverlapping ROIs. These
multiple ROIs are used in the proposed approach to extract the texture features.

include the aspect ratio [13, 17], the best-fit ellipse of the
tumor, the normalized radial length (NRL) [18, 20], and the
undulation characteristics [21].

Texture features quantify the pixel gray-level statistics in
terms of intensity and spatial distribution [6]. Generally, the
texture patterns of benign tumors are different from those of
malignant tumors [10]. Therefore, several texture descriptors
have been employed for classifying BUS images [22–26].
Among these descriptors, the gray-level cooccurrence matrix
(GLCM) [27] is one of the most widely used texture analysis
techniques for BUS image classification [12]. Conventional
texture analysis often uses a single region of interest (ROI)
to extract global texture features that quantify the texture
characteristics of the entire tumor. One of the most common
ROI selection procedures is to find the minimum bounding
rectangle that encloses the tumor [9, 12, 22]. Another ROI
selection approach is to find the maximum rectangle that fits
inside the tumor [28]. Such ROIs can be drawn manually
by a radiologist or detected automatically using a computer
algorithm.

Inmany BUS images, the local texture patterns within the
tumor vary from one region to another. Hence, the use of
a single ROI, which enables the extraction of global texture
features that quantify the entire tumor, might not support
effective quantification of the local texture variations within
the tumor. Moreover, the mismatch between the predefined
structure of the ROI and the actual shape of the tumor
might reduce the tumor classification accuracy. For example,
consider the benign and malignant tumors shown in Figures

1(a) and 1(b), respectively. The texture patterns inside each
tumor demonstrate local variations. For both tumors, the
ROIs corresponding to the minimum bounding rectangle
that encloses the tumor are presented in Figures 1(c) and
1(d). Both ROIs might not provide efficient extraction of
texture features that can effectively quantify the local texture
variations within the tumor. In addition, the ROI of each
tumor extends beyond the tumor boundary, and hence the
texture features extracted from such ROI are expected to
quantify both the tumor and the surrounding healthy tissue.
These limitations might lead to imprecise texture analysis of
the tumor, which in turn can reduce the tumor classification
accuracy.

To improve the tumor classification capability of ultra-
sound texture analysis, this study investigates the use of
multiple ROIs to analyze the local pixel gray-level statistics
inside the tumor. In particular, the tumor is divided into
a set of nonoverlapping ROIs as illustrated in Figures 1(e)
and 1(f). Each ROI is analyzed individually to extract local
texture features. The texture features employed in this study
are computed using the GLCM matrix. A local tumor class
indicator is estimated for each individual ROI by classifying
the texture features of that ROI using a well-trained classifier.
The class of the tumor can be determine based on the
multiple-ROI texture analysis by employing amajority voting
mechanism to integrate the local tumor class indicators of all
ROIs inside the tumor. The proposed multiple-ROI texture
analysis approach enables effective quantification of the local
texture patterns inside the tumor without incorporating
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texture patterns of the healthy tissue that surrounds the
tumor.

One challenge of applying the proposed multiple-ROI
texture analysis approach is to enable effective combination
between the local texture features, which are extracted for
each one of the multiple ROIs inside the tumor, with the
morphological features that are computed for the entire
tumor. Therefore, a novel probabilistic approach is proposed
to fuse the tumor classification indicators obtained using the
multiple-ROI texture analysis with the tumor classification
indicator computed using morphological analysis of the
entire tumor. The morphological analysis employed in this
paper is based on set of morphological features introduced
in previous studies [13, 17, 18, 20, 21, 29] to quantify the shape
and contour of the tumor.

To evaluate the performance of the proposed BUS
image classification approach, both the multiple-ROI texture
analysis and the fusion-based combination between the
multiple-ROI texture analysis andmorphological analysis are
employed to classify a BUS image database that includes 64
benign tumors and 46 malignant tumors. These BUS images
were acquired during ultrasound breast cancer screening
procedures. The tumor classifications results of the proposed
approach are compared with conventional texture (single
ROI), morphological, and combined texture andmorpholog-
ical analyses.

The remainder of the paper is organized as follows. The
data acquisition of the BUS image database is summarized in
Section 2.Moreover, Section 2 describes the conventional tex-
ture andmorphological analysis of BUS images, the proposed
tumor classification approach, and the performance metrics
employed to compare the conventional and proposed BUS
image classification approaches.The experimental results and
discussion are provided in Section 3. Finally, the conclusion
is presented in Section 4.

2. Materials and Methods

2.1. Data Acquisition. The collected image database consists
of 110 BUS images of pathologically proven benign and
malignant tumors (64 benign tumors and 46 malignant
tumors). Detailed description of the types of benign and
malignant tumors involved in this study is provided inTable 1.
Each BUS image was acquired from one patient (i.e., the
number of patients which participated in the study is 110).
All participated patients were females. Moreover, each image
included exactly one breast tumor. The age of the patients
ranged from 25 to 77 years.Themean and standard deviation
of the maximum diameters of the tumors are 14.7mm and
6.0mm, respectively. The BUS images were acquired during
routine ultrasound breast cancer screening procedures at
the Jordan University Hospital, Amman, Jordan, during the
period between May 2012 and February 2016. Ultrasound
imaging was performed using an Acuson S2000 ultrasound
system (Siemens AG, Munich, Germany) and a 14L5 linear
transducer with frequency bandwidth from 5 to 14MHz.
During imaging, the radiologist was free to adjust the
configurations of the imaging system, including the focal

Table 1: Description of the benign and malignant breast tumors
involved in the study.

Tumor class Description Number of patients

Benign

Fibroadenoma 35
Complex fibroadenoma 1

Fibrocystic change 15
Chronic inflammation 1
Lymphocytic lobulitis 1

Fibrosis 3
Sclerosing adenosis 1

Atypical ductal hyperplasia 1
Atypical lobular hyperplasia 1

Adenosis 2
Chronic mastitis 1
Tubular adenoma 1

Fat necrosis 1

Malignant
Invasive ductal carcinoma 41
Ductal carcinoma in situ 4
Invasive lobular carcinoma 1

length, depth, and gain to obtain the best view. For each BUS
image, the tumor wasmanually outlined by a radiologist with
more than 13 years of experience. The tumor outlines were
also verified by another independent experienced radiologist.
All images were resampled to the same resolution of 0.1mm× 0.1mm per pixel. The study protocol was approved by
the ethics committee at the Jordan University Hospital.
Moreover, informed consent to the protocol was obtained
from each patient.

2.2. Quantitative Features. Both texture and morphological
features are used to classify the benign and malignant breast
tumors. The following two sections describe both feature
groups.

2.2.1. Texture Features. The texture features employed in this
study were computed using the GLCM matrix [27], which
measures the correlations between adjacent pixels within a
ROI. The computation of the GLCM matrix was performed
using four distances (𝑑 = 1, 2, 3, and 4 pixels) and four
different orientations (𝜃 = 0∘, 45∘, 90∘, and 135∘). Therefore,
sixteen GLCM matrices were computed for each ROI. Each
GLCM matrix was analyzed, as described in [12], to extract
twenty texture features (TF1–TF20) that are commonly used
for ultrasound texture analysis [12, 32].These texture features
are provided in Table 2. Thus, a total of 320 texture features
were extracted from each ROI.

2.2.2. Morphological Features. In this study, eighteen mor-
phological features are extracted from each tumor. Among
these features, ten features can be extracted directly from the
tumor (MF1–MF10). Sixmorphological features are extracted
from the best-fit ellipse that approximates the size and posi-
tion of the tumor (MF11–MF16). The last two morphological
features are the entropy (MF17) and variance (MF18) of the
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Table 2: The morphological and texture features employed for tumor classification.

Category Feature Code Description

Texture

Autocorrelation [30] TF1

Twenty texture features (TF1–TF20) are
extracted from GLCMmatrices computed
using four distances (𝑑 = 1, 2, 3, 4 pixels) and
four orientations (𝜃 = 0∘, 45∘, 90∘, 135∘)

Contrast [12] TF2
Correlation [30] TF3

Cluster prominence [30] TF4
Cluster shade [30] TF5
Dissimilarity [30] TF6

Energy [30] TF7
Entropy [30] TF8

Homogeneity [30] TF9
Maximum probability [30] TF10

Sum of squares [27] TF11
Sum average [27] TF12
Sum entropy [27] TF13
Sum variance [27] TF14

Difference variance [27] TF15
Difference entropy [27] TF16

Information measure of correlation I [27] TF17
Information measure of correlation II [27] TF18

Inverse difference normalized [31] TF19
Inverse difference moment normalized [31] TF20

Morphological

Tumor area [20] MF1

Ten morphological features (MF1–MF10) are
extracted directly from the tumor

Perimeter [20] MF2
Form factor [13, 17] MF3
Roundness [13, 17] MF4
Aspect ratio [13, 17] MF5
Convexity [13, 17] MF6
Solidity [13, 17] MF7
Extent [13, 17] MF8

Undulation characteristics [21] MF9
Compactness [20, 29] MF10

Morphological

Length of the ellipse major axis [20] MF11

Six morphological features (MF11–MF16) are
extracted from the best-fit ellipse that
approximates the size and position of the tumor

Length of the ellipse minor axis [20] MF12
Ratio between the ellipse major and minor axes [20] MF13

Ratio of the ellipse perimeter and the tumor perimeter [20] MF14
Overlap between the ellipse and the tumor [20] MF15

Angle of the ellipse major axis [20] MF16

Morphological NRL entropy [18, 20] MF17 Two morphological features (MF17-MF18) are
extracted from the NRL of the tumorNRL variance [18, 20] MF18

normalized radial length (NRL) of the tumor [18, 20]. The
NRL is defined as the distance between the tumor center
and the pixels located on the tumor boundary normalized to
the maximum radial length of the tumor [18]. The eighteen
morphological features are summarized in Table 2.

2.3. Conventional Tumor Classification. The 110 BUS images
are analyzed using conventional tumor classification analysis,

as illustrated in Figure 2. In particular, the GLCM texture
features, described in Section 2.2.1, are extracted from a single
ROI. Asmentioned in the Introduction, this ROI corresponds
to the minimum bounding rectangle that encloses the tumor.
Themorphological features, summarized in Section 2.2.2, are
extracted from the outlined tumor.

Feature selection, which eliminates the irrelevant and
redundant features, is applied to determine the best subsets
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Ultrasound image

Feature selection

Tumor classification

Morphological feature
extraction

Texture feature extraction
using a single ROI

Figure 2: Overview of conventional tumor classification in which
texture features are extracted from a single ROI that encloses the
tumor andmorphological features are computed based on the tumor
outline. Both groups of features are processed using feature selection
and classification to differentiate benign and malignant tumors.

of texture, morphological, and combined texture and mor-
phological features that reduce the misclassification error
between malignant and benign tumors. In fact, exhaustive
search for the optimal feature combination requires extensive
computational resources and long processing times, particu-
larly when the number of features is large. For example, the
total number of all potential combinations of 𝑛 features into𝑚
subsets is equal to (1/𝑚!)∑𝑚𝑖=0(−1)𝑚−𝑖 (𝑚𝑖 ) 𝑖𝑛 [33]. Therefore,
a two-phase heuristic approach, which is based on the feature
selection procedures described in [12, 34], is employed to
carry out feature selection. In the first phase, the features
are ranked according to the minimal-redundancy-maximal-
relevance (mRMR) criterion [34], which is based on mutual
information. The top l-ranked features are incrementally
grouped and their classification performance is evaluated, for
all 𝑙 = {1, 2, . . . , 𝐿}, where 𝐿 is the total number of features.
The smallest feature group that can achieve the minimum
classification error is taken as the candidate feature subset. In
the second phase, the backward selection algorithm is applied
to the candidate feature subset. In this algorithm, features are
sequentially eliminated until the removal of further features
leads to degrading the classification accuracy.This two-phase
algorithm enables the selection of a compact feature subset
that can achieve effective tumor classification.

The selected features are classified using a binary SVM
classifier [35] that is implemented using the LIBSVM library
[36]. In binary SVM, the input features are mapped into a
high dimensional feature space by applying a kernel func-
tion. This mapping enables the computation of a nonlinear
decision function that can separate the feature space into
two regions, one for each class. Specifically, given a training
set 𝑇 = {(x1, 𝑦1), . . . , (x𝑘, 𝑦𝑘), . . . , (x𝑛, 𝑦𝑛)}, where x𝑘 ∈𝑅𝑁 represents the kth feature vector and 𝑦𝑘 ∈ {−1, +1}
is the corresponding tumor class. The goal of SVM is to
determine a decision boundary in the form of hyperplane
that can separate the feature space into two regions through

maximizing the margin between the samples of different
classes. The resultant decision function is defined as follows:

𝑓 (x) = sgn( 𝑛∑
𝑘=1

𝑦𝑘𝛼𝑘𝜑 (x𝑘, x) + 𝑏) , (1)

where x ∈ 𝑅𝑁 is a new feature vector to be classified into
benign or malignant, 𝜑(x𝑘, x) is a kernel function that maps
the input vectors into high dimensional space, 𝛼𝑘 is the kth
Lagrange multiplier, and 𝑏 is the bias term of the decision
hyperplane. Several kernel functions can be used with SVM.
However, the Gaussian radial basis function (RBF) is by far
the most commonly used kernel function for classification
tasks [37]. In this work, the RBF kernel is employed.The RBF
kernel function can be defined as follows:

𝜑 (x𝑘, x) = exp(−x𝑘 − x22𝜎2 ) , (2)

where 𝜎 > 0 is the RBF kernel parameter.
The performance of the SVM classifier with RBF kernel

depends on two parameters: 𝜎, the RBF kernel parameter,
and 𝐶 > 0, the regularization parameter. The tuning of the
two parameters is carried out using a grid-based search of
the two-dimensional parameter space 1 < 𝜎 < 100 and1 < 𝐶 < 100. The search is performed with a step length
of 1. The best SVMmodel is selected such that its parameters
maximize the average tumor classification accuracy.

The performance evaluation of the conventional tumor
classification is performed using the single ROI GLCM
texture features, the morphological features, and the com-
bined single ROI texture features andmorphological features.
Similar to the work of Wu et al. [13], the evaluation is
carried out using a fivefold cross-validation procedure. In this
procedure, 80%of the tumors are selected for training and the
remaining 20% is used for testing.This process is repeated five
times so that each of the 110 BUS images is included once in
the testing.

2.4. The Proposed Tumor Classification Approach. The archi-
tecture of the proposed tumor classification approach is
illustrated in Figure 3. In this architecture, the multiple-ROI
texture analysis is carried out by dividing the tumor into
small, nonoverlapping ROIs and extracting local texture fea-
tures from each individual ROI. Moreover, the tumor is ana-
lyzed to extract morphological features. To combine the local
texture features of the individual ROIs and the global mor-
phological features, two independent posterior tumor class
likelihoods are obtained separately from the multiple-ROI
texture analysis and the morphological analysis. Moreover,
decision fusion is applied to fuse both tumor class likelihoods
and determine the class of the tumor.

To perform the multiple-ROI texture analysis, the tumor
is divided into a set of uniform, nonoverlapping ROIs,
as shown in Figures 1(e) and 1(f). The size of the ROIs
is estimated by considering three factors: preserving the
capability of differentiating various texture patterns, reducing
the possibility of including different local textures within the
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Ultrasound image

Texture feature selection
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posterior tumor class likelihood

estimation of the individual ROIs
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Decision fusion
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Morphological feature extraction

Texture feature extraction using
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Combine the posterior tumor
class likelihoods of the

individual ROIs

Figure 3:The architecture of the proposed tumor classification approach. Texture analysis is performed by dividing the tumor into a group of
nonoverlapping ROIs and extracting texture features from each ROI. A selected set of texture features are used to classify each individual ROI
and compute its posterior tumor class likelihood. The posterior tumor class likelihoods of the individual ROIs are combined. Morphological
analysis is performed by extracting morphological features from the outlined tumor and employing a selected set of the features to predict
the posterior tumor class likelihood. Decision fusion is then used to combine the posterior tumor class likelihoods obtained using the texture
and morphological analyses and determine the tumor class.

same ROI, and ensuring that the entire tumor is adequately
covered by the ROIs. The study by Valckx and Thijssen [38]
suggested that the use of very small ROIs might degrade the
capability of differentiating various texture patterns. On the
other hand, the use of large ROIs increases the possibility
of including different local texture patterns within a single
ROI. Moreover, the use of large ROIs might lead to big
gaps: that is, areas that are not covered by the ROIs, at the
tumor boundary. For example, consider Figures 4(a), 4(c),
and 4(e) that show the benign tumor in Figure 1(a) divided
into uniform ROIs of size 0.5 × 0.5mm2, 1 × 1mm2, and 2× 2mm2, respectively. Moreover, consider Figures 4(b), 4(d),
and 4(f) that show themalignant tumor in Figure 1(b) divided
into ROIs of sizes 0.5 × 0.5mm2, 1 × 1mm2, and 2 × 2mm2,
respectively.The use of the 0.5× 0.5mm2 ROIsminimizes the
possibility of including different local textures within a single
ROI and reduces the gaps at the tumor boundary. However,
the small size of the ROIs, which corresponds to 5 × 5 pixels,
might limit the ability of the texture analysis to differentiate
various texture patters. On the other hand, the use of the 2× 2mm2 ROIs, which correspond to 20 × 20 pixels, enables
better texture classification but increases the possibilities of
including different local textures within the same ROI and

producing large gaps at the tumor boundary. The 1 × 1mm2
ROIs, which correspond to 10× 10 pixels, provide a reasonable
balance between the need to use ROIs of reasonable size
to enable effective texture analysis and the requirements of
reducing the possibility of crossing different local textures
within a single ROI and achieving adequate coverage of the
entire tumor. Hence, the size of the ROIs employed in this
study is set to 1 × 1mm2.

Each ROI is processed individually to extract the GLCM
texture features described in Section 2.2.1.The two-phase fea-
ture selection algorithm described in Section 2.3 is employed
to determine the subset of texture features that enables the
best tumor classification accuracy based on the multiple-ROI
texture analysis. A binary SVM classifier with RBF kernel is
used to classify each ROI as benign or malignant using the
selected subset of texture features. The tuning of the SVM
parameters is achieved using the grid-based search described
in Section 2.3. The posterior tumor class likelihood of each
ROI is estimated from the SVM output using Platt’s approach
[39].Then, amajority votingmechanism is used to determine
the class of the tumor based on the classification indictors of
the individual ROIs. In particular, if more than 50% of the
ROIs in the tumor are classified as malignant, then the tumor
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Figure 4: The benign and malignant tumors shown in Figures 1(a) and 1(b), respectively, are divided into a set of nonoverlapping ROIs with
a size of (a)-(b) 0.5 × 0.5mm2, (c)-(d) 1 × 1mm2, and (e)-(f) 2 × 2mm2.

is considered malignant. Otherwise, the tumor is considered
benign. The computation of the posterior likelihood of the
tumor is performed by averaging the posterior tumor class
likelihoods of the ROIs that agree with the class of tumor
estimated using the multiple-ROI texture analysis.

To perform the morphological analysis, the extraction
and selection of the morphological features as well as the
tuning of the SVM classifier match those of the conventional
morphological-based classification that was described in
Section 2.3. Moreover, the tuned SVM is used to classify
the tumor based on the selected morphological features and
Platt’s approach is applied to compute the posterior tumor
class likelihood of the entire tumor.

For a given BUS image, the posterior tumor class like-
lihood obtained using the multiple-ROI texture analysis is
mutually independent from the posterior tumor class likeli-
hood estimated using the morphological analysis. Therefore,
the fusion of the tumor class decisions obtained using these
two independent analyses can be performed using aGaussian
Naive-Bayes approach [40].

To apply the Gaussian Naive-Bayes approach, consider
a vector of continuous decisions D = [𝑑1, . . . , 𝑑𝐿]𝑇 obtained
from 𝐿 different classifiers for a specific BUS image. The
probability that the BUS image belongs to class 𝑦 given
decisions of the 𝐿 different classifiers can be written as

𝑃 (𝑦 | 𝑑1, . . . , 𝑑𝐿) = 𝑃 (𝑦) 𝑃 (𝑑1, . . . , 𝑑𝐿 | 𝑦)
𝑃 (𝑑1, . . . , 𝑑𝐿) , (3)

where for binary classification, which is considered in this
study, 𝑦 ∈ {−1, 1} and 𝐿 = 2. Using the mutual independence

assumption between the two classifiers, (3) can be rewritten
as

𝑃 (𝑦 | 𝑑1, . . . , 𝑑𝐿) = 𝑃 (𝑦)∏𝐿𝑖=1𝑃 (𝑑𝑖 | 𝑦)
𝑃 (𝑑1, . . . , 𝑑𝐿) . (4)

The term 𝑃(𝑑1, . . . , 𝑑𝐿) is a normalization factor. Therefore, a
BUS image can be classified based on the combined decisions
from the 𝐿 = 2 classifiers using the following decision rule:

�̂� = arg max
𝑦

(𝑃 (𝑦) 𝐿∏
𝑖=1

𝑃 (𝑑𝑖 | 𝑦)) , (5)

where 𝑃(𝑑𝑖 | 𝑦) is assumed to be a multivariant normal
distribution with mean vector 𝜇𝑖 and covariance matrix 𝐶𝑖 ∈𝑅𝐿×𝐿. The class prior probability 𝑃(𝑦) and the parameters(𝜇𝑖, 𝐶𝑖) are estimated using maximum likelihood [41].

The performance evaluation of the proposed tumor
classification approach is carried out using two different
configurations. In the first configuration, the tumor is clas-
sified using the multiple-ROI texture analysis only. In the
second configuration, tumor classification is carried out by
fusing the posterior tumor class likelihoods of the multiple-
ROI texture analysis and the morphological analysis. In
both configurations, the fivefold cross-validation procedure
described in Section 2.3 is employed. It is worth noting
that the selection of the ROIs during the fivefold SVM
training and testing of the multiple-ROI texture analysis was
tumor-specific. In other words, in each fold of the cross-
validation procedure, the training was performed using ROIs
that belong to 80%of the tumors, while the testingwas carried
out with the ROIs of the remaining 20% of the tumors.
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Table 3: Classification results of the 110 BUS images obtained using the proposed approach.

BUS image classification Multiple-ROI texture analysis Fusion of the multiple-ROI texture analysis and
the morphological analysis

Benign∗ Malignant∗ Benign∗ Malignant∗

Benign 60 TN 1 FN 63 TN 1 FN
Malignant 4 FP 45 TP 1 FP 45 TP
Total 64 46 64 46
∗Histological finding.

2.5. Performance Evaluation. Six objective metrics, namely,
the accuracy, specificity, sensitivity, negative predictive value
(NPV), positive predictive value (PPV), and Matthew’s cor-
relation coefficient (MCC) [6], are used to evaluate the
performance of the conventional tumor classification as
well as the proposed tumor classification. These metrics are
defined as follows:

Accuracy = TP + TN
TP + TN + FP + FN

,
Specificity = TN

TN + FP
,

Sensitivity = TP
TP + FN

,
PPV = TP

TP + FP
,

NPV = TN
TN + FN

,
MCC

= TP × TN − FP × FN
√(TP + FP) (TP + FN) (TN + FP) (TN + FN) ,

(6)

where TP is the number of true positive cases, TN is the
number of true negative cases, FP is the number of false
positive cases, and FN is the number of false negative cases.

The relationships between specificity and sensitivity,
achieved using the conventional and proposed classification
approaches, are analyzed by drawing the receiver operator
characteristic (ROC) curves. Moreover, the area under the
ROC curve (AUC), which quantifies the overall perfor-
mance of a CAD system, is computed for each classification
approach.

To confirm the effectiveness of the proposed fusion-
based approach, paired 𝑡 tests were carried out on average
classification accuracies to compare the fused multiple-ROI
texture and morphological analyses with the other four
classification approaches.

The execution times of the conventional texture,morpho-
logical, and combined texture and morphological analyses
are compared with the proposed multiple-ROI texture anal-
ysis and the fused multiple-ROI texture and morphological
analyses. The compression was performed by implementing
the five approaches usingMATLAB (MathWorks Inc., Natick,
Massachusetts, USA) and executing them on a computer

workstation that has a 3.5 GHz processor and 16GB of
memory and runs Ubuntu Linux operating system. For
each one of the five classification approaches, the total time
required to extract the features and classify the BUS image
was recorded for twenty trials.

3. Results and Discussion

The tuned values of the SVM parameters (𝜎, 𝐶) that are
used to carry out tumor classification using the conventional
texture features, morphological features, and combined tex-
ture and morphological features are equal to (3,56), (3,50),
and (2,50), respectively. Moreover, the tuned values of (𝜎, 𝐶)
that are employed to perform tumor classification using the
proposed multiple-ROI texture analysis are equal to (4,55).
To carry out the fusion-based tumor classification, both the
multiple-ROI texture analysis and themorphological analysis
are performed using their optimized SVM parameters (i.e.,
the parameters (4,55) are used for the multiple-ROI texture
analysis and (3,50) are employed for the morphological
analysis).

The features selected to perform the proposed multiple-
ROI texture analysis are TF14,90∘ , TF23,90∘ , TF44,90∘ , TF64,90∘ ,
TF84,90∘ , TF94,90∘ , TF103,90∘ , TF113,45∘ , TF123,45∘ , TF133,135∘ ,
TF144,45∘ , TF152,90∘ , TF162,90∘ , TF174,90∘ , and TF184,90∘ , where
the first subscript is the distance, d, and the second is the
orientation angle, 𝜃. The proposed fusion-based tumor clas-
sification was performed using the aforementioned multiple-
ROI texture features as well as the selected subset of mor-
phological features. These morphological features are MF1,
MF2, MF3, MF4, MF5, MF6, MF7, MF8, MF13, MF14, and
MF18.

The results achieved by the proposed tumor classification
approach using the multiple-ROI texture analysis as well as
the fused multiple-ROI texture and morphological analyses
are shown in Table 3 with respect to the pathological findings.
Both configurations of the proposed approach achieved
effective classification of benign andmalignant breast tumors.
However, the fusion of the multiple-ROI texture analysis and
morphological analysis enabled higher classification perfor-
mance than that obtained using the multiple-ROI texture
analysis alone.

The six objective performance metrics obtained for the
proposed classification approach and conventional classifi-
cation approach are presented in Table 4. The conventional
classification approach achieved better performance by com-
bining the texture and morphological features than that
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Table 4: Objective performance metrics obtained using the (a)
conventional classification approach using texture features, (b)
conventional classification approach using morphological features,
(c) conventional classification approach using both texture and
morphological features, (d) proposed classification approach using
multiple-ROI texture analysis, and (e) proposed classification
approach using the fused multiple-ROI texture analysis and mor-
phological analysis.

(a) (b) (c) (d) (e)
Accuracy 85.5% 87.3% 90.9% 95.5% 98.2%
Specificity 84.4% 89.1% 90.6% 93.8% 98.4%
Sensitivity 87.0% 84.8% 91.3% 97.8% 97.8%
PPV 80.0% 84.8% 87.5% 91.8% 97.8%
NPV 90.0% 89.1% 93.6% 98.4% 98.4%
MCC 70.7% 73.9% 81.5% 90.9% 96.3%

obtained by only using the texture features or the morpho-
logical features. This finding agrees with the results reported
in previous studies [13, 14].Moreover, the classification results
demonstrate that the proposed approach using the multiple-
ROI texture analysis outperforms the conventional classifica-
tion using the texture, morphological, and combined texture
and morphological features. In particular, the multiple-ROI
texture analysis achieved classification accuracy of 95.5%,
specificity of 93.8%, sensitivity of 97.8%, PPV of 91.8%, NPV
of 98.4%, and MCC of 90.9%. The optimal classification
performance was achieved by the proposed approach using
the fused multiple-ROI texture analysis and morphological
analysis. Specifically, the fusion of the multiple-ROI texture
and morphological analyses enabled classification accuracy
of 98.2%, specificity of 98.4%, sensitivity of 97.8%, PPV of
97.8%, NPV of 98.4%, and MCC of 96.3%.

The ROC curves of the conventional classification
approach and the proposed classification approach are shown
in Figures 5 and 6, respectively. The AUC values obtained
for the conventional classification using the texture fea-
tures, morphological features, and combined texture and
morphological features are equal to 0.902, 0.912, and 0.948,
respectively. The proposed classification approach achieved
AUC values of 0.963 using the multiple-ROI texture analysis
and 0.975 using the fused multiple-ROI texture andmorpho-
logical analyses. These results confirm the superior perfor-
mance of the proposed classification approach compared to
conventional BUS image classification.

The 𝑝 values obtained using the paired 𝑡 tests to compare
the proposed fused multiple-ROI texture and morphological
analyseswith the other four classification approaches at confi-
dence level of 0.05 are shown in Table 5. The results reported
in Table 5 demonstrate that the fusion-based approach out-
performs significantly the conventional classification using
the texture features, morphological features, and combined
texture and morphological features as well as the multiple-
ROI texture analysis.

According to these results, our proposed tumor classifi-
cation approach achieved high sensitivity of 97.8% using both
themultiple-ROI texture analysis and the fusedmultiple-ROI
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Figure 5: The ROC curves of the conventional classification
approach using texture features, morphological features, and the
combined texture and morphological features.
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Figure 6: The ROC curves of the proposed classification approach
using themultiple-ROI texture analysis, the morphological analysis,
and the fused multiple-ROI texture analysis and morphological
analysis.

Table 5: Comparisons of the 𝑝 values computed using paired 𝑡-
tests on average accuracies between the fused multiple-ROI texture
and morphological analyses and the (a) conventional classification
approach using texture features, (b) conventional classification
approach using morphological features, (c) conventional classifica-
tion approach using both texture and morphological features, and
(d) multiple-ROI texture analysis.

(a) (b) (c) (d)
p value 0.007 0.011 0.041 0.046

texture and morphological analyses. Such finding suggests
that the proposed approach enables high probability of
diagnosing malignant tumors. Moreover, the near-perfect
values of PPV and NPV obtained by fusing the multiple-
ROI texture analysis and morphological analysis indicate
that the number of unnecessary biopsies carried out for
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benign tumors can be minimized. These results also suggest
that the proposed approach has the potential to provide the
radiologists with a second opinion that effectively reduces the
rate of misdiagnosis.

The mean ± standard deviation execution times of the
multiple-ROI texture analysis and the fused multiple-ROI
texture and morphological analyses are 72.20 ± 2.14 s and
73.66 s ± 2.19 s, respectively. In comparison, the mean ± stan-
dard deviation execution times of the conventional texture,
morphological, and combined texture and morphological
analyses are 0.16 ± 0.03 s, 1.47 ± 0.18 s, and 1.63 ± 0.19 s,
respectively. Although the multiple-ROI texture analysis and
the fused multiple-ROI texture and morphological analyses
are slower than the conventional classification analyses,
both proposed classification approaches require around one
minute to classify the BUS image. Such execution times
do not limit the application of the proposed classification
approaches in CAD systems that aim to provide an accurate
second opinion to the radiologist.

The results reported in this study indicate that the
proposed multiple-ROI texture analysis outperforms the
conventional texture analysis in which texture features are
extracted from a single ROI that includes the tumor. As men-
tioned in the Introduction, many breast tumors might have
complicated texture patterns that vary from one region to
another inside the tumor.Therefore, themultiple-ROI texture
analysis enables effective quantification of the different local
texture patterns inside the tumor. Another factor that might
contribute to the improved performance of the multiple-
ROI texture analysis is its ability to analyze the local texture
patterns of the tumor without incorporating texture patterns
of the surrounding healthy tissue.

The use of small ROIs for tissue characterization has been
employed by other ultrasound-based methods. For example,
in quantitative ultrasound imaging of cancer [42, 43], the
raw ultrasound radio-frequency (RF) signals are divided
into small ROIs, and each ROI is analyzed to extract spec-
tral features for tissue characterization. Moreover, a recent
study by Uniyal et al. [44] has compared the classification
performance of a combination of ultrasound-based texture,
spectral, and RF time series features that are extracted from
the entire breast tumor with the performance obtained by
dividing the tumor into 1 × 1mm2 ROIs and extracting
similar ultrasound-based features from each individual ROI.
This study demonstrates that the classification performance
obtained by classifying the individual 1 × 1mm2 ROIs out-
performs the classification results achieved by classifying the
entire tumor.This finding agrees with our proposedmultiple-
ROI texture analysis approach.

Themultiple-ROI texture analysis has been applied in the
current study to improve the classification performance of
GLCMtexture features.Our future directions include extend-
ing themultiple-ROI texture analysis approach to incorporate
other statistical texture methods that use a ROI to extract
texture features.The proposed approach can also be extended
by performing multiresolution texture feature extraction, in
which ROIs of different sizes are employed to carry out

the multiple-ROI texture analysis. Moreover, the probabilis-
tic approach, which has been used in this study to fuse
the multiple-ROI texture analysis with the morphological
analysis, can be expanded to support the fusion of multiple
classification results obtained using various texture and
morphological methods with the goal of achieving higher
accuracy, specificity, and sensitivity.

One important factor that affects the tumor classification
performance is the ability to accurately outline the tumor. In
particular, imprecise outlining of the tumor might influence
the morphological features that quantify the shape and
contour of the tumor. Moreover, the texture features, which
are extracted from the outlined tumor region, might also be
affected by tumor segmentation errors. In this study, tumor
outlining was performed by a radiologist with more than
thirteen years of experience. Such manual outlining by an
experienced operator has been employed in several previous
studies, such as [10, 15]. In fact, the manual outlining of the
tumor is a time consuming task and its accuracy is subject to
the experience level of the radiologist.The future direction of
this work is to employ automatic tumor segmentation algo-
rithms, such as [45], that employ advanced image processing
techniques to achieve accurate and objective outlining of the
tumors.

The multiple-ROI texture analysis approach employed in
this study can be extended to reduce the effect of tumor
outlining errors. In particular, for each ROI inside the
computer-drawn outline, a well-trained classifier can be used
to estimate the probability of belonging to the tumor or the
surrounding healthy tissue. Such probability estimation can
be used to weight the tumor class indicators obtained from
the individual ROIs. A customized voting algorithm can be
developed to combine the weighted tumor class indicators
of the individual ROIs and estimate posterior tumor class
likelihood.

4. Conclusion

In this study, an effective approach for BUS image clas-
sification is proposed. Texture analysis is carried out by
dividing the tumor into a set of nonoverlapping ROIs and
processing each ROI individually to estimate its tumor class
indicator. The tumor class indicators of all ROIs inside the
tumor are combined using a majority voting mechanism to
estimate the posterior tumor class likelihood. In addition
to the multiple-ROI texture analysis, morphological analysis
is used to estimate the posterior tumor class likelihood.
A probabilistic approach is employed to fuse the posterior
tumor class likelihoods obtained using the texture and
morphological analyses. The proposed approach has been
employed to classify 110 BUS images.The classification results
indicate that the proposed approach achieved classification
performance that outperforms conventional texture and
morphological analyses. In particular, fusing the multiple-
ROI texture analysis and morphological analysis enabled
classification accuracy of 98.2%, specificity of 98.4%, and
sensitivity of 97.8%. These results suggest that the proposed
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approach has the potential to provide the radiologists with
an accurate second opinion to reduce the rate of expendable
biopsy and minimize BUS image misdiagnosis.
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Computer aided detection (CAD) systems can assist radiologists by offering a second opinion on early diagnosis of lung cancer.
Classification and feature representation play critical roles in false-positive reduction (FPR) in lung nodule CAD. We design a
deep convolutional neural networks method for nodule classification, which has an advantage of autolearning representation and
strong generalization ability. A specified network structure for nodule images is proposed to solve the recognition of three types
of nodules, that is, solid, semisolid, and ground glass opacity (GGO). Deep convolutional neural networks are trained by 62,492
regions-of-interest (ROIs) samples including 40,772 nodules and 21,720 nonnodules from the Lung Image Database Consortium
(LIDC) database. Experimental results demonstrate the effectiveness of the proposed method in terms of sensitivity and overall
accuracy and that it consistently outperforms the competing methods.

1. Introduction

Lung cancer is becoming one of the main threats to human
health at present in the world. The number of deaths caused
due to lung cancer is more than prostate, colon, and breast
cancers [1]. Early detection of solitary pulmonary nodules
(SPNs) is an important clinical indication for early-stage lung
cancer diagnosis because SPNs have high probabilities to
become malignant nodules [2, 3]. SPNs refer to lung tissue
abnormalities that are roughly spherical with round opacity
and a diameter of up to 30mm.

It is therefore an important task to develop computer
aided detection (CAD) systems that can aid/enhance radiolo-
gist workflow and potentially reduce false-negative findings.
CAD is a scheme that automatically detects suspicious lesions
(i.e., nodule, polyps, andmasses) inmedical images of certain
body parts and provides their locations to radiologists [4–6].
CAD has become one of the major research topics in medical
imaging and diagnostic radiology and has been applied
to various medical imaging modalities including computed
tomography (CT) [7], magnetic resonance imaging (MRI)
[8], and ultrasound imaging [9]. Generally, typical CAD

systems for cancer detection and diagnosis (i.e., breast, lung,
and polyp) cover four stages as depicted in Figure 1(a),
including candidate nodule ROI (Region of Interest) detec-
tion, feature extraction, and nodule classification. The stages
of feature extraction and nodule classification belong to
the false-positive reduction step. Current CAD schemes for
nodule characterization have achieved high sensitivity levels
and would be able to improve radiologists’ performance in
the characterization of nodules in thin-section CT, whereas
current schemes for nodule detection appear to report many
false positives. It is because detection algorithms have high
sensitivity that some nonnodule structures (e.g., blood ves-
sels) are labeled as nodules inevitably in the initial nodule
identification step. Since the radiologists must examine each
identified object, it is highly desirable to eliminate these false
positives (FPs) as much as possible while retaining the true
positives (TPs).Therefore, significant effort is needed in order
to improve the performance levels of current CAD schemes
for nodule detection in thin-section CT.

The purpose of false-positive reduction is to remove these
false positives (FPs) as much as possible while retaining a
relatively high sensitivity [10, 11]. It is a binary classification
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Figure 1: The main components in a general CAD system (a) and the main components in our work (b).

between the nodule and nonnodule, aiming to develop
new methods in order to accurately distinguish suspicious
regions, leading to significant reduction of FPs with machine
learning techniques.The false-positive reduction step, or clas-
sification step, the aim of which is to learn a system capable
of the prediction of the unknown output class of a previously
unseen suspicious nodule with a good generalization ability,
is a critical part in the lung nodule detection system. Clas-
sification plays an important role in the reduction of false
positives in lung computer aided detection and diagnosis
methods. Deep learning can be used for both classification
and feature learning in various fields such as computer vision
and speech. In ourwork, a deep convolutional neural network
is proposed for pulmonary nodule classification using the
LIDC database. The method used in CAD system replaces
the two components of feature extraction and classification.
The input of deep convolutional neural networks in this
work is ROI pixel data directly without feature extraction
and selection. Compared with the traditional methods, the
approach in our work has four advantages as follows.

(i) The representation of nodule ROI is critical for
discrimination between true nodule and false nodule.
However, it is difficult to obtain good feature repre-
sentations by human efforts. Our method can learn
a good feature representation of ROI without feature
extraction and selection.

(ii) Our method takes advantage of the relationships
between the internal region and external region of
ROI, so as to learnmore discriminative knowledge for
false-positive reduction.

(iii) Our method can be executed based on the center of
the ROI rather than the whole ROI region.Therefore,
there is no necessity to obtain the exact margin of the
nodules detected in the first step of CAD system.

(iv) The neural networks are trained by large scale ROIs
data with nodules and nonnodules more than 60
thousand which are the largest in our knowledge. So
the neural network is capable of recognizing a wide
range of representations of nodules.

The rest of the paper is organized as follows. Section 2
analyzes the related works. The methodology to recognize
nodules is described in Section 3. The experimental results
obtained are discussed in Section 4. We conclude this paper
in Section 5.

2. Related Work

At present, a lot of works have been done in pulmonary nod-
ule recognition research. The pulmonary nodule recognition
involves nodule candidate detection [12] and false-positive
reduction [13]. The traditional approaches of false-positive
reduction have successive steps: feature extraction [14, 15]
and classifier model construction [10, 16]. The most effective
features which can be used for classification for lung CT
images are, for example, shape, intensity, texture, geometric,
gradient, and wavelet. Texture features as Haralick, Gabor,
and Local Binary Patterns are used to analyze lung nodules
in [17].MR8, LBP (Local Binary Patterns), Sift descriptor, and
MHOG (Multiorientation Histogram of Oriented Gradients)
are used for the feature extraction process in [18], and the
SURF (Speed-Up Robust Feature) and the LBP descriptors
are used to generate the features that describe the texture
of common lung nodules in [19]. Mohammad applied an
improved LBP feature in lung nodule detection which is
robust for noise [20]. Sui et al. used 2D features of circu-
larity, elongation, compactness, moment, and 3D features as
surface-area, volume, sphericity, and centroid-offset for lung
nodule recognition [21]. Although the feature is well and
comprehensively designed, the classifiers in the third step of
CAD system still show their deficiencies on classifying the
nodule images precisely. Generally speaking, the classifiers
are supervised learning approaches in machine learning
domain, such as SVM, 𝑘-nearest neighbor (𝑘-NN), artificial
neural networks (ANNs), and decision tree which have been
used in lung nodule classification [22]. In addition, Zhang et
al. designed a classifier in a semisupervised way exploring the
information from unlabeled images [23]. In order to improve
the ensemble classification advantage in lung nodule recog-
nition task, a random forest algorithm with a structure for a
hybrid random forest aided by clustering is described in [24].
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The imbalance distribution between the amounts of nodule
and nonnodule candidates comes out in mostly datasets. Sui
et al. present a novel SVM classifier combined with random
undersampling and SMOTE for lung nodule recognition [21].
Cao et al. extend the random subspacemethod to a novel Cost
Sensitive Adaptive Random Subspace (CSARS) ensemble to
overcome imbalanced data classification [10].

In recent years, deep artificial neural networks have
won numerous contests in pattern recognition and machine
learning. Convolutional neural networks (CNNs) constitute
one such class of models [30]. In 2012, an ensemble CNNs
approach achieved the best results on the ImageNet classifi-
cation benchmark, which is popular in the computer vision
community [31]. There has also been popular latest research
in area of medical imaging using deep learning with promis-
ing results. Suk et al. propose a novel latent and shared feature
representation of neuroimaging data of brain using Deep
BoltzmannMachine (DBM) forAD/MDCdiagnosis [32].Wu
et al. use deep feature learning for deformable registration
of brain MR images to improve image registration by using
deep features [33]. Xu et al. present the effectiveness of
using deep neural networks (DNNs) for feature extraction
in medical image analysis as a supervised approach [34].
Kumar et al. propose a CAD system which uses deep features
extracted from an autoencoder to classify lung nodules as
either malignant or benign on LIDC database, which is
similar to our work [35]. Convolutional neural networks
have performed better than DBNs by themselves in current
literature on benchmark computer vision datasets.TheCNNs
have attracted considerable interest inmachine learning since
they have strong representation ability in learning useful
features from input data in recent years [36]. Moreover, to the
best of our knowledge there has been no work that uses deep
convolutional neural networks for lung nodule classification.
Therefore, we evaluate the CNN on the computer aided lung
nodule.

3. Proposed Method

3.1. Data. The dataset used in this work is the LIDC-IDRI
dataset [37], consisting of 1010 thoracic CT scans with nodule
size reports and diagnosis reports that serve as a medical
imaging research resource. Four radiologists reviewed each
scan using two blinded phases. The results of each radiolo-
gist’s unblinded review were compiled to form the final
unblinded review. The LIDC radiologists’ annotations
include freehand outlines of nodules ≥ 3mm in diameter on
each CT slice in which the nodules are visible, along with the
subjective ratings on a five- or six-point scale of the following
pathologic features: calcification, internal structure, subtlety,
lobulation, margins, sphericity, malignancy, texture, and
spiculation. The annotations also include a single mark (an
approximate centroid) of nodules ≤ 3mm in diameter as well
as nonnodules ≥ 3mm.

We included nodules with their annotated centers from
the nodule report.The averagewidth and height of the nodule
images are 14 pixels, and the median is 12 pixels. The nodules
whose sizes are less than 32 ∗ 32 account for 95.33% of the

overall data, and the percentage is 99.991% for less than 64∗64
size of nodules.

In the first step of the ROI extraction, the geometric cen-
ter is computed by the regionmarginmarked in the database.
Then region size is determined whether it is larger than 32 ∗
32. The 32 ∗ 32 rectangle region is segmented with the same
geometric of the marked region if its size is less than 32 ∗ 32.
Otherwise, a larger size of 64 ∗ 64 is obtained as a candidate
ROI and then is downsampled to 32∗32 size finally.There are
nonnodule annotated regions extracted by the same way to
form the negative sample during the training and testing pro-
cess. In order to evaluate the effectiveness of the neural net-
works for different image sizes, dataset is also made with 64∗
64 size using the same procedure. As a result, a total of 62,492
ROI image patches are extracted from 1,013 LIDC lung image
cases containing 40,772 nodules and 21,720 nonnodules.

3.2. Convolutional Neural Network Construction. In com-
puter vision, deep convolutional neural networks (CNNs)
have been introduced because they can simulate the behavior
of the human vision system and learn hierarchical features,
allowing object local invariance and robustness to translation
and distortion in the model [36]. CNNs are an alternative
type of neural network that can be used to model spatial and
temporal correlation while reducing translational variance
in signals. The deep convolutional neural networks are built
based on the size of input images. The structures of networks
are different according to the different image size. A deep
CNN proposed in this paper is constructed on 32 ∗ 32 image
ROI data as an example presented in Figure 2.

The convolutional neural networks have two convolu-
tional layers and there is a downsampling layer behind the
convolutional layer. Fully connected layers are appended to
the last downsampling layer. The first convolutional layer
contains 8 feature maps, and the second has 16 ones.The ker-
nel size is 5∗5 in all convolutional layers and the step of kernel
is 1.The kernel size is 2∗2 for all the downsampling layers and
the step is 2.The first fully connected layer contains 150 nodes
and there are 100 nodes in the second fully connected layer.
There are 50 nodes in the third fully connected layer and the
last layer only has two nodes which are presented as output
probabilities of nodule and nonnodule. The ROI region can
be recognized as nodule or nonnodule by the output proba-
bilities. In the same way, the convolutional neural networks
can be constructed for 64 ∗ 64 size input image only and
the convolution kernel size, convolution kernels moving step,
feature map, and the number of nodes are adjusted which are
not discussed here.

3.3. Neural Network Training. The deep CNNs described
in above section are trained by the LIDC ROI image set
extracted in Section 3.1. Firstly, the random initialization of
the network weights is conducted and then ROI images are
normalized as input into the neural network. At the training
stage, the images entered into the network are with labels;
that is, each ROI area is known as pulmonary nodules or not.
Given each layer in the network input as 𝑋 and output as
𝑌, the current layer as the convolutional or fully connected
layer is calculated as 𝑌 = max(0, 𝜔𝑋 + 𝐵), where 𝜔 is the
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current layer weights corresponding to each node and 𝐵 is
the bias parameter. The formulation is 𝑌 = max(𝑋) for the
downsampling layers. The output layer is a softmax layer that
predicts the probability of the nodule class. Two probabilities
are obtained in the output layer after computing operations
followed as above descriptions from input image data. The
new weights values can be updated by backpropagation
algorithm using the two probabilities and the label data with
0 or 1 [16]. The training process is terminated when the
accuracy is up to predetermined value or the convergence
condition. Finally, the evaluation is conducted on the testing
data with the trained model.

4. Experiments

The experimental evaluations are conducted on LIDC
database. The test scheme is designed as two different strate-
gies. One is 10-fold cross-validation (CF-test) and the other
is that the dataset is divided into the training data (85.7%)
and testing data (DD-test). Since all the previous works are
based on the manually designed features while the proposed
approach in this paper is based on feature learning and
nodule recognition by deep convolutional neural networks,
it is not possible to directly compare our method with them
on the same LIDC dataset. All experiments are conducted
on a desktop computer with Intel Core 2 CPU of 2.80GHz,
8GBmemory, andWindows 7.The algorithm is implemented
by C++ in Microsoft Visual Studio 2010. The performance
is shown as in Table 1 with both CF-test and DD-test. The
tests T1, T2, and T3 are used by the strategy of CF-test and
the parameters of convolutional map size andmomentum for
weight updating are set as 6 and 0.9. The learning rates in T1
and T2 are 0.0005 while T3 is 0.001.The image sizes in T2 and

Table 1: Performance for CF-test and DD-test.

TID Accuracy Sensitivity FP/exam 𝐹-measure Time (s)
T1 0.855 0.855 4.276 0.870 5,236
T2 0.849 0.866 3.957 0.858 28,761
T3 0.857 0.871 4.459 0.864 19,302
T4 0.864 0.890 5.546 0.877 19,993
T5 0.843 0.871 5.540 0.857 21,920

T3 are 64∗64 and the other ones are 32∗32.The tests T4 and
T5 are used by the strategy of DD-test where the momentum
and learning rate are set as 0.95 and 0.0005, respectively.
However, the convolutional map size is set to 6 for T4 and
8 for T5 test. In CF-test, the learning rate keeps unchanged
in the entire training process. However, the learning rates in
T4 and T5 tests are decreased by 5/6 of last iteration once
the value of precise up to 0.85. Figure 3(a) shows that the
performance of accuracy and error trend in CF-test and the
same evaluation result is presented in Figure 3(b) which has
the maximum iteration to 50.

The learning rate is changing in the DD-test benchmark
which is shown in Figure 4. In DD-test evaluation, the
training process is conducted on the training dataset which
will be shuffled at the beginning of training at every iteration,
and then the model is applied on the testing dataset which is
not changed in the entire testing time. Therefore, a new eval-
uation result is obtained in each iteration. From Table 1, the
deep convolutional neural networks obtain a promising per-
formance on pulmonary nodule recognition on CT images.
The best accuracy is 0.864 and sensitivity is 0.890.The results
also demonstrate that the larger value of the momentum and
learning rate can achieve a fast convergence performance.
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Figure 3: The classification performance with respect to error and accuracy with iteration number.
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The results shown in Figures 3 and 4 demonstrate that
the learning rate converges more smoothly compared with
CF-test. Although the change of accuracy is large at the top
iteration in CF-test, the error is increasing in training grad-
ually and the whole networks are stable in the last. However,
the performance with respect to error and accuracy becomes
much more stable after several iterations. This behavior is
correlated with the change of learning rate, because when the
network obtains an optimal point then the training process
gets stable. Overall, the deep convolutional neural network
shows its stability and robustness in the training process.
Moreover, the CNN framework is effective and efficient in
classification.

In order to show the performance of the deep learning
based method, we compared it with the state-of-the-art
methods designed for lung nodule detection. The result is
shown in Table 2. Strictly speaking, it is hard to compare to
other reported works on the lung nodule detection problem.
This is because most work does not employ the whole LIDC
datasets. From the results in Table 2, our empirical results are
very encouraging and have demonstrated the promise of the

Table 2: Comparison of studies on nodule detection.

Work Database Cases Sensitivity (%) FP/exam
Proposed method LIDC 1010 87.1 4.622
Netto et al. [25] LIDC 29 85.9 0.138
Pei et al. [26] LIDC 30 100 8.4
Pu et al. [27] LIDC 52 81.5 6.5
Namin et al. [28] LIDC 63 88.0 10.3
Messay et al. [29] LIDC 84 82.66 3

proposed method in the lung nodule detection with respect
to sensitivity and FP/exam.

5. Conclusions

In this paper, a method of pulmonary nodule recognition
using deep convolutional neural networks is presented. The
deep convolutional neural network can take advantage of
the training dataset to enable the algorithm to automatically
select the best representation as the feature representation
of the image. Through the training of the training dataset,
the approach obtains much more general characteristics of
pulmonary nodules and higher accuracy while retaining
relatively better robustness. We plan to extend the proposed
method to be capable of benign and malignant classification
in the future. The algorithm will be accelerated by GPU
computing for convolution operation.
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This paper proposes a novel lung nodule classificationmethod for low-dose CT images.Themethod includes two stages. First, Local
Difference Pattern (LDP) is proposed to encode the feature representation, which is extracted by comparing intensity difference
along circular regions centered at the lung nodule.Then, the single-center classifier is trained based on LDP. Due to the diversity of
feature distribution for different class, the training images are further clustered into multiple cores and the multicenter classifier is
constructed. The two classifiers are combined to make the final decision. Experimental results on public dataset show the superior
performance of LDP and the combined classifier.

1. Introduction

Lung cancer is among the most common medical conditions
worldwide, and it is responsible for 1.56 million deaths as
of the year 2012 [1]. Overall, 16.8% of people in the United
States that are diagnosed with lung cancer survive for five
years after the diagnosis, while its outcomes on average are
worse in the developing countries [2]. It is showed that using
low-dose computed tomography (CT) for early detection
can significantly reduce the mortality of lung cancer [3].
Therefore, as a result, there is urgent desire for lung nodule
CT image analysis in an efficient and convenient way.

Usually, a lung nodule is characterized by its bright
appearance compared with its surrounding regions. Com-
monly, lung nodules can be classified into four different types
according to their relative locationswith neighbor pulmonary
structures [4]. Here (A), (B), (C), and (D) are used to denote
four types of lung nodule:

(A) Well-circumscribed nodule: without any connection
to other pulmonary structures

(B) Juxtavascular nodule: with uncertain connections to
surrounding vessels

(C) Pleural-tail nodule: with a thin connection between
the nodule and the pleural

(D) Juxtapleural nodule: with a large proportional con-
nection between the nodule and the pleural

Demonstrations of four types of lung nodule images
are shown in Figures 1(a)–1(d), respectively. The analysis of
nodule morphology is a crucial step in the assessment of
nodule malignancy [5]. Traditionally, this work is done by
the expert manually. It is highly affected by his competence
and status, and the efficiency is inevitably weakened for its
time consuming.Therefore, automatic lung nodule type clas-
sification using computer vision technology is necessary to
provide a supplementarymedical treatment for the physician.
The aim of this work is to automatically classify lung nodule
CT image patches into four types with high performance.

Generally,medical image classification contains twomain
steps: (1) feature extraction and representation and (2) classi-
fier construction. In the first stage,medical image is expressed
with high dimensional feature vector, which denotes the
texture, color, orientation, and so forth. In the second stage,
supervised or unsupervised based learning methods are used
to construct the classifier given the labeled training dataset.
As a hot study area, there has been a lot of research on lung
node image classification. Ciompi et al. focus on designing
a descriptor which samples intensity profiles along circular
patterns [5], and then a spectrum is computed by Fourier
transform. The spectrum is clustered to form a library, and
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Figure 1: Sample images from the four types with (A), (B), (C), and (D) from left to right, respectively.

bag of frequency is used to construct the feature vector.
Song et al. use the region-based energy method to label
the background and foreground [6]. The locations of lung
nodules with respect to the other structures are gained, and
this information is used to construct the feature vector. Farag
et al. first applied SIFT descriptor, and PCA and LDA are used
for dimension reduction. Then, an adopted Daugman Iris
Recognition algorithm is implemented and complex Gabor
response is obtained [7]. Zhang et al. first used traditional

supervised learning method to construct a bipartite graph
[8]. The relationship between test image and training images
is used to construct the ranking score and contribution
score, and the final classification result is gained. Jacobs et
al. propose a segmented-based method [9]. It characterizes
the nodule as solid, part-solid, and nonsolid and then a
supervised learning method is implemented. In another
method, shape features such as smoothness and irregularity
of a nodule are used to construct the feature representation
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Figure 2: Framework of the proposed method.

[10]. Samala et al. use nine-feature descriptors for lung nodule
representation which were often used by radiologists [11].
Lowe uses SIFT representation to characterize the feature of
nodule, and then LDA is used to construct the classifier [12].
Maldonado et al. proposes a method that nodule patches are
clustered to construct the feature dictionary, and then the
testing nodule voxels are labeled [13]. Song et al. first clustered
images to a sparse representation based on spectral analysis,
and test image is formed with sparse representation. Finally,
classifier is constructed by a fusing method [14]. Zhang et
al. use a supervised learning method to find four probability
values that belongs to each type [15]. Then, a weighed
Clique Percolation method is implemented to discover the
overlapping of lung nodules that belong to different type.

There are many methods about lung nodule image clas-
sification. However, the complex structure of the medical
image causes the classification high variance intraclass and
high similarity interclass. Therefore, the automatic medical
image classification is still a challenging problem. Most of
the existing methods adopt generic feature representations
which is commonly used in computer vision domain. These
methods lack specialized analysis for the texture and shape of
lung nodule. On the other hand, using one classifier scheme,
whether supervised based or unsupervised based may not be
well matched with the lung nodule classification. Facing the
above mentioned problems, this paper proposes a novel lung
nodule representation and image classification method. As
shown in Figure 2, the training stage learns the classification
model, and the model is used in testing stage for image
classification. In feature extraction step, a novel feature Local
Difference Pattern (LDP for abbreviation) is designed based
on the gray level difference between lung nodule and its
neighbors region.TheLDP representation ismore specialized
and comprehensive. In the step of classifier construction,
single-center classifier is first constructed using supervised
learning and LDP feature representation. In the next step,
labeled images are clustered into multiple centers using
unsupervised learning method. The multicenter classifier is
then constructed based on the basis of the similarity between
the testing image and multiple centers. These two classifiers
are combined to construct the final classifier. In testing stage,

the image is represented as the same scheme in training stage,
and the classification result can be gained using the final
classifier. The main contributions of the paper are as follows:

(i) First, based on the analysis of the characteristic
of lung nodule and the distribution of the corre-
sponding tissues, a novel feature representation, LDP,
is proposed. The new feature is suited for reflect
the distinguishing feature of different types of lung
nodule.

(ii) Second, generative model and discriminative model
are used to construct single-center and multicenter
classifiers. These two classifiers complement each
other, which makes the classification more robust.

The structure of this paper is organized as follows.
Local Difference Pattern is given in Section 2. Classifier
construction is given in Section 3. Experimental results are
shown in Section 4. Section 5 concludes this paper.

2. Local Difference Pattern

As shown in Figure 1, different types of lung nodule can be
characterized by various features, while the size and gray level
of the nodule itself could vary to a certain distance. So, this
paper focuses on extracting the feature that reflects the gray
level difference between the nodule and its neighbor regions.

This paper proposes the Local Difference Pattern (LDP)
to describe the local feature of lung nodule image. As shown
in Figures 3(a)–3(d) give four types of lung nodule image,
and each has three concentric circles with the nodule in the
center circle. LDP is extracted according to the concentric
circle regions. Figure 3(e) gives the detailed information of
subregion partition used for feature extraction. The center
circle is denoted as C, and the out layer circles are divided
into four parts according to four quadrants. 𝑟𝑗𝑖 is the average
gray level of the corresponding region, where superscript j
means the number of circle and subscript 𝑖means the number
of quadrant.

Moreover, one of the most important objectives is the
rotation invariant of the local feature. Before LDP extraction,
some adjustment should be done to the original image
patches. By the aid of design mode from other local feature,
that is, SIFT, SURF, and so forth [16], the main direction
of the lung nodule image is calculated first, and then LDP
can be extracted in the rotated image according to the main
direction, as shown in Figure 4. For the lung nodule images
are collected with the same resolution, so the scale of the
feature cannot be considered here.

In the light of the above description, LDP is defined as
follows:

LDP (𝐼) = {𝐶, 𝑟1𝑖 , 𝑟2𝑖 , sign (𝑟1𝑖 − 𝐶) , sign (𝑟2𝑖 − 𝐶) ,
sign (𝑟1𝑖 − 𝑟1(𝑖+1)mod 4) , sign (𝑟2𝑖 − 𝑟2(𝑖+1)mod 4) ,
sign (𝑟1𝑖 − 𝑟2𝑖 )} , (1 ≤ 𝑖 ≤ 4) .

(1)

As shown in (1), LDP(𝐼) means feature vector of lung
nodule image 𝐼, which is composed ofmultidimensional data.
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Figure 3: Demonstration of Local Difference Pattern. (a)–(d) are four types of lung nodule images, red circles denote the region used for
feature extraction. (e) denotes the detail region partition used for feature extraction.
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Figure 4: Rotation of the lung nodule images. (a) and (c) are the traditional images, while (b) and (d) are their rotated images according to
the main direction, respectively.
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sign(𝑟1𝑖 − 𝐶) and sign(𝑟2𝑖 − 𝐶) denote the gray level difference
between the center and the outlier circles. sign(𝑟1𝑖 −𝑟2𝑖 )denotes
the gray level difference between 1th and 2nd circle in differ-
ent quadrant. sign(𝑟1𝑖 − 𝑟1(𝑖+1)mod 4) and sign(𝑟2𝑖 − 𝑟2(𝑖+1)mod 4)
denote the gray level difference between neighbor quadrants
in a counterclockwise direction inside one concentric circle.
Totally, a 29-dimensional feature vector is used to represent
the LDP.

3. Classifier Construction

In this section, single-center classifier and multicenter clas-
sifier are constructed, respectively, and a combined one is
further build. Illustrations are given in detail as follows.

3.1. Single-Center Classifier. Given the labeled image dataset,
LDP feature is first extracted for each training lung nodule
image, and then a supervised learning method is used
straightly. Here, linear SVM is adopted to construct the
classifiermodel, and it is called single-center classifier𝑓𝑆.The
classifier 𝑓𝑆 outputs the possibility that one image belongs to
each type of lung nodule.

3.2. Multicenter Classifier. The lung nodule images are not
easy to classify for there exist large intraclass variance and
high interclass similarity. Anddue to themultiple distribution
nature of diversity for the image, a single supervised classifier
is probably insufficient to catch the diverse representations
of one class data. Thus, this paper applies one more step to
the algorithm. By implement clustering with 64-dimensional
feature vector SURF of each training image, images with the
same class label are further clustered to form some centers,
which can be represented as follows:

𝐶𝑘 = {𝐶𝑘1 , 𝐶𝑘2 , . . . , 𝐶𝑘𝑛} , 1 ≤ 𝑘 ≤ 4, (2)

where superscript 𝑘 means the class label and subscript 𝑖
denotes multiclusters in one class. 𝑛 denotes the number of
center. Given an image for testing, its probability that belongs
to four types of lung nodules can be computed as follows:

𝐶𝐹𝑘𝑖 = Num (𝐶
𝑘
𝑖 )

Num (𝑘) , 1 ≤ 𝑘 ≤ 4, 1 ≤ 𝑖 ≤ 5, (3)

𝑆 = 𝐶𝐹1𝑖1 + 𝐶𝐹2𝑖2 + 𝐶𝐹3𝑖3 + 𝐶𝐹4𝑖4, (4)

𝑓𝑀 = [𝐶𝐹1𝑖1𝑆 ,
𝐶𝐹2𝑖2𝑆 ,
𝐶𝐹3𝑖3𝑆 ,
𝐶𝐹4𝑖4𝑆 ] . (5)

As shown in (3),Num(𝐶𝑘𝑖 )denotes the number of training
images in class 𝑘which belongs to 𝑖th center. Num(𝑘) denotes
the number of training images in class 𝑘. 𝐶𝐹𝑘𝑖 denotes the
frequency of center 𝑖 in class 𝑘. Given a test image X, let𝐶1𝑖1, 𝐶2𝑖2, 𝐶3𝑖3, 𝐶4𝑖4 be its centers of four lung nodule types; then,
(4) and (5) can be used to construct the multicenter classifier𝑓𝑀, which gives the values of probability that 𝑋 belongs to
each of four types, respectively:

𝐹 = 𝑤 ∗ 𝑓𝑆 + (1 − 𝑤) ∗ 𝑓𝑀. (6)

As shown in (6), the single-center classifier andmulticen-
ter classifier are combined to get the final classifier 𝐹, where𝑤 is the weighted parameter.

4. Experimental Evaluation

4.1. Dataset and Program Implementation. In this section, the
public available dataset is used for the experiment evaluation
[17]. The dataset contains 379 lung nodule images with
center position of nodule annotated, which are comprised
of 50 distinct CT lung scans. The lung nodules are clas-
sified into four types according to the instruction by an
expert.

The lung nodule images are cropped from the original
CT images according to the position of nodule center. The
original CT image is with a resolution of 512 pixel ∗ 512 pixel,
and the cropped image patches are too small to implement the
computer vision algorithm.Therefore, the cropped images are
further interpolated to 160 pixel ∗ 160 pixel with the bicubic
method.All the programs are implemented usingMatlab 2012
programming language and tested on a Pentium Dual-2.4
CPU, 2G RAM PC.

4.2. Parameter Setting. 𝐿𝑟1, 𝐿𝑟2, and 𝐿𝑟3, denoted as the size
of three concentric circles, along with classifier weight 𝑤 and
the number of multiclusters in each class 𝑛 are evaluated with
comprehensive testing. As shown in Table 1, the option range
of 𝐿𝑟1 is 20–45 pixels, with a step of 5 pixels, the option range
of 𝐿𝑟2 is 70–95 pixels, with a step of 5 pixels, the option range
of𝐿𝑟3 is 100–125 pixels, with a step of 5 pixels, the option range
of 𝑤 is 0.3–0.8, with a step of 0.1, and the option range of 𝑛 is
3–7, with a step of 1. So there are 6480 (6 ∗ 6 ∗ 6 ∗ 6 ∗ 5)
combinations of parameters setting. After complete testing,𝐿𝑟1, 𝐿𝑟2, and 𝐿𝑟3, the radii of three concentric circles, are set
with 35 pixels, 90 pixels, 105 pixels, respectively. The weight
of combined classifier 𝑤 is assigned with 0.6. The number of
multiclusters in each class 𝑛 is set as 5. This set of parameters
gives the highest classification rate.

4.3. The Proportion of Training Dataset versus Classification
Rate. The proportion of training dataset may have influence
on classification rate of the algorithm. In this subsection,
training dataset is selected randomly with the proportion
from 10% to 90%, with a step of 5%, and the remainder is
used for testing.The testing is performedmany times and the
average classification rate is computed.

Figure 5 gives the demonstration of proportion of training
dataset versus classification rate. As can be seen from the
figure, the classification rate is raised as the proportion
of training dataset is increased. That means more training
data can incorporate more information, and a better data
representation diversity can be gained, and therefore the
performance is enhanced. Meanwhile, when the proportion
exceeds some value the classification rate is tend to be stable.

4.4. Average Classification Rate. In order to evaluate the
classification rate comparison between different methods,
five algorithms are used for testing, which are composed of
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Table 1: The values of parameters used in the proposed method.

Notation Description Option range Determined value
𝐿𝑟1 Radius of 1st concentric circle 20–45 pixels (step with 5 pixels) 35 pixels
𝐿𝑟2 Radius of 2nd concentric circle 70–95 pixels (step with 5 pixels) 90 pixels
𝐿𝑟3 Radius of 3rd concentric circle 100–125 pixels (step with 5 pixels) 105 pixels
𝑤 Weight of combined classifier 0.3–0.8 (step with 0.1) 0.6
𝑛 Number of multiclusters 3–7 (step with 1) 5
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Figure 5: The influence of proportion of training dataset on classi-
fication rate.
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Figure 6: The classification rate among five methods.

various feature representation and classifier.The classification
rate is the average value for different training dataset. Figure 6
gives the comparison result. It is shown that LDP + SVM has
a higher performance than SIFT + kNN and SIFT + SVM,
which means LDP designed in this paper contains more
useful information to represent the local feature. Among all
five algorithms, the proposed method demonstrates the best
performance.

4.5. ROC Testing. ROC curves are a regular tool for illustrat-
ing the performance of a classifier system, and the curve can

Method in [8]
Method in [9]
Our proposed method
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Figure 7: The ROC curve testing with different methods.

be gained by plotting the true positive rate (TPR) against the
false positive rate (FPR) at varied discrimination threshold
settings. Some recent algorithms are chosen for comparison
with our proposed one [8, 9], and the results are given in
Figure 7. It can be seen clearly from the demonstration
that the proposed method has the superior ROC curves
characteristic.

5. Conclusion

This paper proposes a method for lung nodule image classifi-
cation. First, a novel local feature representation, LocalDiffer-
ence Pattern, is designed, which can catch more information
from the lung nodule and its neighbor regions. And a single-
center classifier is constructed according to LDP and SVM.
Then, a multicenter classifier is designed by clustering the
SURF feature of lung nodule image and computing the simi-
larity between testing image andmultiple centers. Finally, the
two classifiers are combined to implement the classification.
The proposedmethod aims to extractmore useful feature and
decrease the gap between high variance intraclass and high
similarity interclass. Evaluation on public dataset shows that
our proposed method outperforms other methods for lung
nodule image classification. Our future works will focus on
designing more accurate feature representation methods for
lung nodule image, such as autoencoder and convolutional
neural network.
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This paper presents a fully automatic framework for lung segmentation, in which juxta-pleural nodule problem is brought into
strong focus. The proposed scheme consists of three phases: skin boundary detection, rough segmentation of lung contour, and
pulmonary parenchyma refinement. Firstly, chest skin boundary is extracted through image aligning, morphology operation, and
connective region analysis. Secondly, diagonal-based border tracing is implemented for lung contour segmentation, withmaximum
cost path algorithm used for separating the left and right lungs. Finally, by arc-based border smoothing and concave-based border
correction, the refined pulmonary parenchyma is obtained. The proposed scheme is evaluated on 45 volumes of chest scans,
with volume difference (VD) 11.15 ± 69.63 cm3, volume overlap error (VOE) 3.5057 ± 1.3719%, average surface distance (ASD)0.7917 ± 0.2741mm, root mean square distance (RMSD) 1.6957 ± 0.6568mm, maximum symmetric absolute surface distance
(MSD) 21.3430 ± 8.1743mm, and average time-cost 2 seconds per image. The preliminary results on accuracy and complexity
prove that our scheme is a promising tool for lung segmentation with juxta-pleural nodules.

1. Introduction

Multidetector CT makes chest imaging with high-resolution
and submillimeter isotropic characteristics, which greatly
promote the automatic analytical techniques on medical im-
aging. Precise segmentation of pulmonary parenchyma is
regarded as a critical step for automatic detection of various
lung diseases. However, accurate lung segmentation often
failed when abnormity turns up, and abnormity may be
missed or other tissues that not belong to lungs could be
included. Thus, conventional segmentation techniques are
often insufficient to segment pulmonary parenchyma from
chest CT datasets.

Previous work on lung segmentation can be roughly
classified into two categories. The first category is threshold-
based methods, which depend on the different attenuations
between lung parenchyma and its surrounding tissues [1–9].
Themain limitation of these methods is that their accuracy is
badly influenced by pleura abnormity or artifact and often

result in oversegmentation. Most of the threshold-based
methods are two-dimensional approaches that process each
axial section separately. Although it is a reasonable choice for
thick slices CT, three-dimensional approach is more prefer-
able when isotropic data is available, in which inconsistency
between slices can be avoided.

Sun et al. [1] proposed a fully three-dimensional based
lung segmentation and visualization technology. Firstly, in
the preprocessing phase, isotropic filtering is used to improve
the signal-to-noise ratio; and then, wavelet transform-based
interpolation is applied to reconstruct the 3D voxels. Finally,
by use of region growing, homogeneity, and gradient features,
the lung region is extracted. Brown et al. [2, 3] also suggested a
system framework based on 3D region growing andmorphol-
ogy smoothing; moreover, they proposed a semantic network
anatomical model. On the basis of the attenuation threshold,
shape, adjacent properties, volume, and relative position, the
model can simulate the chest wall, mediastinum, bronchial
tree, and left and right lungs to distinguish the different
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anatomical structures. Sun et al. [4] developed a threshold-
based segmentation method for missed diagnosis of large
tumor. First, a normal shape model of lung is constructed
by training of 41 sets of segmented datasets; second, for ini-
tialization, rib-based matching algorithm is used to produce
the contour. Since the shape model cannot capture the details
of the border, thus graph-cut method is implemented for the
recovery of the details.

The second category is specific abnormity-based meth-
ods, which focus on specific abnormal diseases [10–15]. Due
to their specificity on particular case, they are not applicable
for routine test of large-scale datasets.

Sofka et al. [10] from Siemens used the visible structure
knowledge of chest CT to present a multistage learning
method. Firstly, the method identifies the spine among the
tracheas; secondly, a hierarchical network is used to predict
the posture parameter of left and right lungs. Thirdly, by
use of the marks near the ribs and spine, a shape model
is initialized and followed by a transformation operation
to achieve the refinement. Korfiatis et al. [11] proposed a
texture classification-based method for interstitial lung dis-
ease. The method used intensity-based 𝐾-means clustering
for initialization, and for containing pixels that around the
initial contour, the statistical features of intensity and wavelet
coefficients are calculated for support vector classification. In
order to compensate for the lost juxta-pleural nodules and
ensure the smoothness of the lung boundary, severalmethods
have been proposed to correct the lung contours [12, 13].
Yim and Hong [12] proposed a new curvature-based method
for correcting the segmented lung boundary, a 3D branch-
based region growing algorithm was utilized to segment the
trachea and the left and right bronchi with adaptive growing
conditions. Pu et al. [13] developed a lung segmentation
method for reducing errors result from juxta-pleural tumor in
traditional thresholding approaches. The proposed method
begins with segmenting the lung contour with thresholding
and smoothing and then flooding in the nonlung region of
each slice; by this way, the initial border of the lung is tracked,
and the adaptive border marching algorithm is utilized for
reincluding the juxta-pleural tumor.

In addition to the above-mentioned studies, a few algo-
rithms focus on diverse lung scans with dense pathologies
being proposed. Sluimer et al. [16] proposed an atlas-based
technology for lung segmentation with severe lesion. By
registering 15 sets of chest CT to referenced lung atlas, the
probability atlas is constructed, and then elastic registering
is used for mapping the probability atlas to new scans for
initialization and transformation. Finally, the trained lung
border is utilized for refining the lung border.

The existing methods are either not taking the juxta-
pleural tumors into consideration or too specified to be
qualified for large-scale testing. Alleviating these difficulties
is exactly what we are concerned with in this paper.We devel-
oped a fully automatic framework to segment pulmonary
parenchyma with juxta-pleural nodules from chest CT. It
starts from skin boundary detection with maximum con-
nected component analysis, and then, rough segmentation
of lung contour is implemented by diagonal-based tracing,
which is followed by the separation of the left and right

lungs with maximum cost path algorithm. And the final
segmentation of pulmonary parenchyma is achieved by arc-
based smoothing and concave-based correction. Our scheme
is evaluated on 45 sets of CT scans, and its results are
compared with the state of the art method, which is validated
by the manual segmentation standard of radiologist.

2. Methods

In this section, the proposed framework will be described in
detail. It is a multistep approach that gradually accumulates
information until the final result is obtained. We depict the
flowchart of the framework in Figure 1. It is subdivided into
three phases: skin boundary detection, contour segmenta-
tion, and parenchyma refinement. In the rest of the parts,
we further describe each individual step and explain how
to segment pulmonary parenchyma automatically from chest
CT.

2.1. Skin Boundary Detection. Skin boundary detection is the
foundation of lung segmentation. In view of the high contrast
between chest and the background, threshold-based method
is utilized for segmentation purpose. In this section, firstly,
principal component-based image aligning is implemented to
correct the tilted scans; secondly, mathematical morphology
operation is applied for noise reduction, and finally, by
maximum connected region analyzing, the chest mask is
extracted.

2.1.1. Principal Component-Based Image Aligning. The con-
tour detection algorithm assumes that all patients have the
same pose. In particular, it assumes that they lie upright and
on their back in the scanner.This assumption is in most cases
true due to the standardized CT scanning protocol. However,
there are some rare cases in which the patients lie on their
side, as shown in Figure 2(a). Because the border detection
algorithm is not able to directly handle such scans in view of
missing the starting point, an algorithm has been developed
which automatically identifies scans in which patients lie on
their side and rotates them accordingly.

In this paper, we limit the inclination angle on the 𝑥-𝑦
plane, and using the rotation method proposed by [17] for
aligning. Firstly, for all the bone voxels on the 𝑥-𝑦 plane,
principal component analysis [18] is applied for extracting
the first principal component 𝜇, and then 𝜇 is mapped to the
positive direction of the𝑥-axis to generate the rotationmatrix𝑅 with the rotated degree 𝜙:

𝜙 = arctan(𝜇2𝜇1) , (1)

where 𝜇1 is the mapping of vector 𝜇 on 𝑦-axis, while 𝜇2 is
the mapping of vector 𝜇 on 𝑥-axis. It is assumed that 𝜇 is
orthogonal to the patients sagittal plane and tangential to his
coronal plane. It is further assumed that the angle 𝜙 between𝜇 and the positive 𝑥-axis is between −90∘ and 90∘. If this is
not the case, that is, 𝜇1 < 0, the direction of 𝜇 is inverted by
multiplying −1.

A diagonal-based border detection algorithm is utilized
in the subsequent section. By experience only if 𝜙 is out of
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Figure 1: Flowchart of the proposed scheme on lung segmentation.
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Figure 2: Illustration of image aligning. (a) Original tilted image. (b) Principal component analysis. (c) Aligned image after rotated.

[−15, 15] can the aligning algorithm be applied, or the initial
point of lung border could be missed. As 𝜙 is in [−15, 15],
the influence on the boundary tracking algorithm can be
eliminated. As shown in Figure 2, by rotating around the
center for 𝜙 degree, the tilted image is aligned.

2.1.2. Mathematical Morphology-Based Denoising. The main
problem in skin boundary detection is the existence of vari-
ous external noises, including human appendant, bed sheet,
and CT scanner itself (Figure 3(a)). To eliminate these noises,
firstly, Otsu threshold [19] is used for binary processing
(Figure 3(b)); secondly, bymorphological opening operation,
salt noise in the CT scan, bed sheet, and the scanner itself
are removed (Figure 3(c)). Finally, by connected regional
analysis, the chest mask is determined (Figure 3(d)), and by
masking the original chest scan, the final chest region is
obtained (Figure 3(e)).

2.2. Rough Segmentation of Lung Contour. After skin bound-
ary detection, we step into lung parenchyma segmentation.
In this section, two procedures are applied: (1) diagonal

tracing-based lung contour initialization; (2) maximum cost
path-based lungs separation.

2.2.1. Diagonal Tracing-Based Lung Contour Initialization. A
diagonal tracing-based method is proposed for lung contour
initialization, with the detailed description in the following.

Step 1. Define the major diagonal as the searching path
(Figure 4).

Step 2. Search first 𝑃0 with three consecutive “0s” as the start
point of the left lung.

Step 3. 8-neighborhood-based boundary tracing is utilized
for boundary extraction of the left lung. Assume the bound-
ary point set is denoted by {𝑃1(𝑎1, 𝑏1), 𝑃2(𝑎2, 𝑏2), . . .,𝑃𝑛−1(𝑎𝑛−1, 𝑏𝑛−1), 𝑃𝑛(𝑎𝑛, 𝑏𝑛)}.
Step 4. Once an overlap between the final two points and the
initial two points is found, for example, 𝑃𝑛 = 𝑃2, 𝑃𝑛−1 = 𝑃1,
the algorithm ends.
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(a) (b) (c) (d) (e)
Figure 3: Illustration of skin boundary detection. (a) Original chest CT. (b) Otsu thresholding. (c) Morphological open. (d) Chest mask. (e)
Final chest segmentation.

(a) (b)
Figure 4: Illustration of diagonal-based contour tracing. (a) Searching the start point along major and minor diagonal. (b) Rough contour
after diagonal-based tracing.

By this way, the boundary of the left lung is achieved;
similar to the method of obtaining the left lung border, by
searching the start point along the minor diagonal, with the
accompanied boundary tracing algorithm, the boundary of
the right lung is achieved. Thus the initialization of lung
contour is fulfilled.

2.2.2. Maximum Cost Path-Based Lungs Separation. The sep-
aration of left and right lungs is the necessary step for accurate
lung segmentation. In [20, 21], 2D edge tracking was used to
find the boundaries of the left and right lungs. Hu et al. [22]
separated the left and right lungs by identifying the anterior
and posterior junctions using dynamic programming. In this
paper, we use the dynamic programming algorithm [22] for
separation purpose. The dynamic programming algorithm
is used on each slice with single connective component. Its
target is to locate the position of the left and right lungs and
reseparate them (see Figure 5). In this method, the weight
map that is proportional to the intensity level is used for
searching the maximum cost path, which corresponds to the
separation line of left and right lungs.

Once the single connective area is found, 2D erosion
process is applied for separation, while dilating process with
constraint is used for reconstructing the original borderline.
Supposing 𝐴 as the original set of lung pixels, the erosion
operation is adopted to calculate a new set for separated lungs𝑆. The equation is showed as follows:

𝑆 = 𝐴 ⊖ 𝑛𝐵4, (2)

where ⊖ indicates binary morphology erosion, and 𝐵4 is a
binary diamond-shaped structure. By iterative erosion with𝐵4, 𝑆 is separated into two components, and the iterative
number is indicated by 𝑛.

For the reconstruction of lung border, iterative dilation
with constraint is used that is described as follows:

𝐶𝑖+1 = 𝐶𝑖 ∪ {{𝑝} ⊕ 𝐵4} , (3)

where ⊕ represents morphology dilation, with constraint𝑝 ∈ 𝐶𝑖 ∩ 𝐴, while 𝐶𝑖 keeps the same components number
with 𝐶𝑖+1, and 𝐶0 = 𝑆 is used for initialization. Equation
(3) is implemented until 𝑝 ∈ 𝐶𝑖 ∩ 𝐴 is not satisfied or
the component number is changed. Figure 5 illustrates the
reconstruction process.

2.3. Pulmonary Parenchyma Refinement. In this section, two
successive phases are implemented to refine the rough lung
contour.Wewill describe the details step by step until the final
pulmonary parenchyma is achieved.

2.3.1. Arc Reconstruction-Based Border Smoothing. Lots of
jagged edges are generated after rough segmentation of lungs
as shown in Figure 6. In order to make image smooth and
reduce the impacts of gradient mutations, curve smoothing
method is used. The partial arc coefficient is produced by
multiple points, and through appropriate smoothing fre-
quency, the optimum result is obtained. Since any curve on a
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(a) (b)

Figure 5: Illustration of left and right lungs separation. (a) Connective case of left and right lungs. (b) Separation of left and right lungs after
maximum cost path process.

(a) (b)

Figure 6: Processing of jagged border. (a) Image with jagged border. (b) Image after smoothing.

plane can be defined as 𝑥 = 𝑥(𝑠), 𝑦 = 𝑦(𝑠) (where 𝑠 represents
the arc length of the curve), therefore, the edge of the lung
parenchyma can be denoted using (4):

𝑥 = 𝑥 (𝑠) = 𝑎0 + 𝑎1𝑠 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑠𝑛,
𝑦 = 𝑦 (𝑠) = 𝑏0 + 𝑏1𝑠 + ⋅ ⋅ ⋅ + 𝑏𝑛𝑠𝑛, (4)

(𝑃𝑛 − 𝑃1)2 ≤ 2,
(𝑎𝑛 − 𝑎1)2 + (𝑏𝑛 − 𝑏1)2 ≤ 2. (5)

Smoothing is essentially a resampling process, and the con-
vergence condition is (5). When the start points with the last
two ones constitute a 8-neighborhood relation, a closed con-
tour is determined. In this paper, cubic spline interpolation
[23] is used for constructing the new smoothing border, and
the detailed algorithm is described below.

Step 1. Resampling the initial contour ({𝑃1, 𝑃2, . . . , 𝑃𝑁}) with
step size 𝐿, and then, the arc length between two adjacent
points can be denoted by 𝐿; in this paper, 𝐿 = 0.3 is used.
Step 2. For 𝑃𝑖 on the border with adjacent points {𝑃𝑖−𝑘, . . .,𝑃𝑖−1, 𝑃𝑖+1, . . . , 𝑃𝑖+𝑘} (2𝑘 (2𝑘 > 𝑛)). The arc between the 2𝑘 + 1
neighbors and 𝑃𝑖 are 0, . . . , (𝑘 − 1)𝐿, 𝑘𝐿, (𝑘 + 1)𝐿, . . . , 2𝑘𝐿.
Assuming (𝑥𝑖+𝑗, 𝑦𝑖+𝑗) as the coordinate of 𝑃𝑖+𝑗, and 𝑆𝑖+𝑗 as

the arc length between 𝑃𝑖+𝑗 and 𝑃𝑖−𝑘, we get the following
deduction:

𝑥𝑖+𝑗 = 𝑎0 + 𝑎1𝑠𝑖+𝑗 + ⋅ ⋅ ⋅ + 𝑎𝑛𝑠𝑛𝑖+𝑗,
𝑦𝑖+𝑗 = 𝑏0 + 𝑏1𝑠𝑖+𝑗 + ⋅ ⋅ ⋅ + 𝑏𝑛𝑠𝑛𝑖+𝑗. (6)

Then, the least squares method [24] is utilized to obtain the
coefficient series 𝑎0, 𝑎1, . . . , 𝑎𝑛, 𝑏0, 𝑏1, . . . , 𝑏𝑛.
Step 3. Take the arc lengths 𝑠 = 𝑘𝐿 of 𝑃𝑖 and 𝑃𝑖−𝑘 into poly-
nomial, and a new smoothed location (𝑥𝑖, 𝑦𝑖) is generated.
Step 4. Repeat Steps 2 and 3 for a new border set until
convergence.

Step 5. Set threshold 𝑇2 for perimeter convergence, iterating
from Steps 1 to 5 until |𝐶 − 𝐶| < 𝑇2.

The effect on jagged border smoothing is shown in
Figure 6, with the testing parameters provided in Table 1. In
this paper, parameters 𝑛 = 2, 𝑘 = 4, and𝑀 = 12 are selected.
2.3.2. Concave Discrimination-Based Border Correction. Aft-
er border smoothing, appropriate detection and correction
are required for solving undersegmentation problem caused
by juxta-pleural nodules.The following approach is aiming to
this target.

Concave area is defined as the line between the start
point and the rightmost or leftmost point of step size. To
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Table 1: Parameters in arc reconstruction-based smoothing.

𝑛 = 1 𝑛 = 2 𝑛 = 3 𝑛 = 4𝑘 𝑀 𝑡 𝑘 𝑀 𝑡 𝑘 𝑀 𝑡 𝑘 𝑀 𝑡
1 50 14.2 2 120 23.3 2 120 30.5 3 240 56.6
2 10 5.30 3 30 6.81 3 30 6.57 4 135 43.4
3 8 15.4 4 12 3.25 4 10 2.79 5 50 17.6
4 4 0.78 5 6 1.71 5 6 1.57 6 20 9.10
5 2 0.62 6 4 1.09 6 4 1.15 7 15 5.71𝑛 = 5 𝑛 = 6 𝑛 = 7 𝑛 = 8𝑘 𝑀 𝑡 𝑘 𝑀 𝑡 𝑘 𝑀 𝑡 𝑘 𝑀 𝑡
3 300 98.06 4 620 252.33 4 800 380.52 5 1000 756.61
4 150 53.76 5 380 176.24 5 600 261.17 6 700 437.78
5 65 27.13 6 190 82.35 6 300 159.47 7 200 127.86
6 30 11.34 7 110 59.07 7 150 76.33 8 90 61.65
7 10 4.11 8 60 28.56 8 70 41.96 9 50 38.12
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Figure 7: Illustration of border marching algorithm. (a) Start point. (b) Reference direction. (c) New point is found on the right of the
reference direction. (d) New reference direction.
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Figure 8: Illustration of the length andwidth of concave area, where𝑊 represents width, and𝐻 represents height.

determine the orientation, the right hand rule [25] is used,
and for detecting all the possible concave areas, the adaptive
border marching algorithm (ABM) [13] is utilized. We have
developed a model with two parameters (Figure 8) for the
determination of boundary refinement. One parameter is𝑊,

the Euclidean distance between two consecutive points after
the marching operation, and the other is 𝐻, the maximum
height perpendicular to this connecting line segment. We
defined the threshold which is the length-width ratio of 𝐻
and𝑊. For any concave region where threshold > 𝑇1, replace
the concave area with a straight line. The ABM algorithm
involves five consecutive points, as shown in Figure 7. Choose𝑃1 as the start point and 𝑃1𝑃2 as the reference direction
(indicated by red line); then, because point 𝑃3 is found on
the right of 𝑃1𝑃2, thus, 𝑃1𝑃2 is substituted by 𝑃1𝑃3 as a new
direction. Since all the rest points locate on the left side, thus, a
new concave point is detected (indicated by green line).Then,
a new round with the new point 𝑃3 is continued until a closed
path is achieved.

As concave region detection is completed, we step into the
correction phase. On the one hand, concave area correction



Computational and Mathematical Methods in Medicine 7

(a) (b)

Figure 9: Illustration of border correction. (a) Undersegmentation. (b) After border correction Red line denotes the rough segmentation,
while green line represents the effect of correction.

Table 2: Quality and accessibility of the image datasets.

Dataset Number Size Resolution Slices number Slice thickness
Local hospital 45 512 ∗ 512 0.625–0.742 (mm) 275–502 0.55–1 (mm)

can reduce themissed diagnosis rate of juxta-pleural nodules;
on the other hand, excessive correction will undoubtedly
results in more undersegmentation errors.Therefore, length-
width ratio-based threshold is proposed for solving this
problem. The main procedure of this algorithm is described
below.

Step 1. Calculate the perimeter 𝐶 of lung border set 𝑃1.
Step 2. For all the concave points on border set 𝑃1, calculate
the length-width ratio 𝜂 = 𝐻/𝑊 (see Figure 8).

Step 3. For any concave point that 𝜂 > 𝑇1, substitute the
concave area with a straight line, where𝑇1 indicates the ratio-
based threshold.

Step 4. Recalculate a new lung border set 𝑃2 with perimeter𝐶.
Step 5. Set the threshold 𝑇2 for perimeter convergence, iter-
ating from Steps 1 to 5 until |𝐶 − 𝐶| < 𝑇2.

In this paper, the convergence threshold𝑇2 = 0.01 is used,
and Figure 9 depicts the undersegmentation case via concave
correction.

3. Experimental Results and Discussion

3.1. Quality and Accessibility of Datasets. A total of 45 sets of
chest CT scans fromWeihai Municipal Hospital are used for
experiment, in which 20 groups are generated by Somatom
Sensation 64 of Siemens Medical Systems, and another
25 groups come from Brilliance 64-bit scanner of Philips

Table 3: Information of juxta-pleura tumors.

Dataset Types Number Size
Local hospital Normal nodules; GGO 53 6–17 (mm)

Medical Systems. CT size is 512×512×275 to 512×512×502,
with pixel size 0.625mm to 0.742mm, and slice thickness
0.55mm to 1.0mm. Table 2 presents a detailed information
about the quality of the images; meanwhile, Table 3 provides
a detailed description of juxta-pleura tumor used in our
experiment. All 45 groups are manually segmented by a
radiologist as golden standard. Experiments are performed
in Matlab R2010a, with quad-core CPU i5-4590 and 8G
memory.

The ground truth of the segmentation used in this paper
was obtained by the radiologists of the cooperative hospital,
utilizing a manual segmentation software namedMITK [26],
which provides an open source and a graphical user interface
developed by the German Center for Cancer Research.
The general procedure for ground truth segmentation is as
follows. First, a smoothing operation is selected for reducing
the noises in the images; second, a three-dimensional region
growing method is used to obtain an initial segmentation
result; finally, the rough segmentation results were further
optimized by the radiologists on the cross-sectional, sagittal,
or coronal slice until the final segmentation results were
satisfactory.

3.2. Evaluation Metrics and Criteria. To evaluate the seg-
mentation performance, seven error metrics are used in
this paper, which are often utilized for evaluating on the
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(a) (b)

Figure 10: 3D view of concave correction. (a) 3D view of juxta-pleural nodules before correction. (b) 3D view of juxta-pleural nodules after
correction.

accuracy and complexity [6, 12], including volume difference
(VD), volumeoverlap error (VOE), relative volumedifference
(RVD), average surface distance (ASD), root mean square
distance (RMSD), maximum symmetric absolute surface dis-
tance (MSD), and process time. For automatic segmentation
volume 𝑉auto and manual segmentation volume 𝑉manu, VD
is defined as VD = 𝑉auto − 𝑉manu, RVD = 100 × ((𝑉auto −𝑉manu)/𝑉ref ), VOE = 100 × (1 − (𝑉auto ∩ 𝑉ref/𝑉auto ∪ 𝑉manu)),
and ASD, RMSD, MSD are defined by (7), (8), and (9),
respectively:

ASD (𝐴, 𝐵) = 1|𝑆 (𝐴)| + |𝑆 (𝐵)| ( ∑
𝑠𝐴∈𝑆(𝐴)

𝑑 (𝑠𝐴, 𝑆 (𝐵))

+ ∑
𝑠𝐵∈𝑆(𝐵)

𝑑 (𝑠𝐵, 𝑆 (𝐴))) ,
(7)

RMSD (𝐴, 𝐵) = √ 1|𝑆 (𝐴)| + |𝑆 (𝐵)|
× √ ∑
𝑠𝐴∈𝑆(𝐴)

𝑑2 (𝑠𝐴, 𝑆 (𝐵)) + ∑
𝑠𝐵∈𝑆(𝐵)

𝑑2 (𝑠𝐵, 𝑆 (𝐴)),
(8)

MSD (𝐴, 𝐵)
= max{ max

𝑠𝐴∈𝑆(𝐴)
𝑑 (𝑠𝐴, 𝑆 (𝐵)) , max

𝑠𝐵∈𝑆(𝐵)
𝑑 (𝑠𝐵, 𝑆 (𝐴))} , (9)

where 𝐴 and 𝐵 correspond to two segmentation results, and𝑑(V, 𝑆(𝑋)) represents the shortest Euler distance from voxel V
to the segmentation result𝑋.

Similar to the criteria used in [13], oversegmentation and
undersegmentation rates are also considered as criteria for
comparative study. Oversegmentation rate is defined as the
segmentation volume that is regarded as lung tissue in our
method, while not in the ground truth, and the under-
segmentation rate is vice versa. We use the cumulative

distribution to demonstrate the fitting between the lung
surfaces obtained by the proposed method and the ground
truth, which are calculated by the shortest distance between a
point on the lung surfaces obtained by the proposed method
and the lung surfaces of the ground truth.

3.3. Accuracy Analysis. Table 4 shows the experimental result
on 45 chest scans, based on the proposed method and the
golden standard. As shown in the table, VD is 11.15 ±69.63 cm3, VOE is 3.5057 ± 1.3719%, ASD is 0.7917 ±0.2741mm, RMSD is 1.6957 ± 0.6568mm, and MSD is21.3430 ± 8.1743mm. In clinical practice, VOE of 5% is gen-
erally considered as the most acceptable error, and therefore,
the proposed method is capable of providing clinical assist.

The automatic segmentation results were compared with
manual segmentation result of the radiologist. Whether a
juxta-pleural nodule was correctly included or not was deter-
mined by a radiologist to see whether there are obvious
defects in the segmentation due to juxta-pleural nodules.
Figure 10 shows the three-dimensional view before and after
border correction. It can be seen that the juxta-pleural
nodules are reincluded after correction operation. However,
to a certain extent, oversegmentation error is inevitable due to
the overcorrection; thus, most of VD in Figure 11 are positive,
which appear above the 𝑥-axis, denoting oversegmentation.
The over- and undersegmentation are 29 and 16 sets, respec-
tively; in other words, the probability of oversegmentation is
almost twice of undersegmentation.

In order to study the average distance of segmentation
error, we depict the cumulative probability distribution based
on under- and oversegmentation, which are showed in
Figure 12. In general, oversegmentation is defined as the lung
volume that is regarded as lung tissue in our segmenta-
tion method while not in the reference standard, and the
undersegmentation is vice versa. In this paper, the metric
of RVD (relative volume difference) is used for determining
whether a segmentation belongs to oversegmentation or
undersegmentation. If RVD gets a positive value, we regard
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Table 4: Experimental result of lung segmentation on 45 testing scans. AVG indicates average result, and SD is short for standard deviation.

ID VD VOE RVD ASD RMSD MSD 𝑉auto 𝑉manu

(cm3) (%) (%) (mm) (mm) (mm) (cm3) (cm3)
1 −47.31 3.0242 −1.31 1.099 1.7593 18.9573 3671.56 3624.25
2 38.30 2.7479 1.09 0.7605 1.5615 18.122 3485.20 3523.50
3 71.74 3.6033 2.14 1.0078 1.7504 21.177 3275.97 3347.71
4 41.67 1.6723 1.14 0.6651 2.3539 19.6505 3615.24 3656.91
5 −54.48 3.2045 −1.47 1.123 2.0554 28.2471 3769.77 3715.29
6 31.33 3.6496 1.08 0.8762 1.7107 13.6632 2873.39 2904.72
7 −50.56 4.6419 −1.46 0.8933 1.4647 20.7681 3505.04 3454.47
8 −38.36 2.2887 −1.16 0.5502 1.5762 13.2609 3332.93 3294.57
9 75.49 5.2518 1.52 1.0722 1.5287 17.7907 4881.78 4957.27
10 −62.66 3.1748 −1.68 0.9567 1.8444 15.0682 3796.92 3734.26
11 35.49 2.5787 1.22 1.0584 1.6721 13.6448 2881.47 2916.96
12 43.62 1.6744 1.61 1.0107 1.806 19.3329 2658.32 2701.95
13 −49.49 3.1636 −1.45 1.0369 1.5537 10.0705 3459.81 3410.32
14 59.68 5.4911 1.99 0.7718 1.7302 19.3278 2945.88 3005.56
15 45.51 2.748 1.13 1.005 1.6431 19.9296 3967.29 4012.79
16 29.85 3.3606 0.77 0.9802 0.9411 11.3013 3825.41 3855.26
17 64.09 2.4039 1.83 0.4677 0.7013 10.2471 3439.35 3503.43
18 −57.97 4.3397 −1.91 1.1241 1.3929 22.9175 3099.42 3041.45
19 7.98 5.5238 0.23 1.1006 1.9721 15.0682 3531.61 3539.59
20 30.77 3.6862 0.78 1.0243 1.7763 20.1077 3938.13 3968.90
21 82.82 1.7774 2.20 0.3712 0.7476 18.913 3685.22 3768.04
22 78.42 6.1284 2.09 0.5164 0.9187 37.7341 3681.38 3759.81
23 39.89 5.0326 1.13 0.6109 1.8158 30.304 3491.12 3531.01
24 75.16 1.7624 2.24 0.4399 1.1044 17.6525 3283.02 3358.19
25 −50.81 4.5438 −1.31 0.6719 2.3576 32.5025 3918.14 3867.33
26 92.24 5.9488 2.38 1.0348 3.4893 38.3925 3776.06 3868.30
27 15.43 2.3037 0.53 0.3511 0.9273 16.7561 2879.30 2894.73
28 −46.44 2.5115 −1.34 0.5523 1.5216 16.6689 3508.69 3462.25
29 119.99 4.2139 2.69 0.6718 2.0628 29.6165 4342.92 4462.90
30 −29.24 2.8285 −0.60 0.8594 1.8682 24.9089 4887.26 4858.02
31 21.64 1.7654 0.57 0.5437 1.1489 16.5399 3799.97 3821.61
32 148.21 5.2781 4.87 1.0058 2.9211 25.7359 2892.25 3040.47
33 87.09 6.0183 3.16 1.0896 2.5128 21.8625 2668.69 2755.78
34 −168.48 4.5721 −3.91 1.0939 2.3051 21.9811 4472.12 4303.64
35 51.99 1.8947 1.73 0.3234 1.1074 26.6914 2950.36 3002.35
36 −97.87 5.4153 −2.53 1.1019 2.7363 33.2542 3970.86 3872.99
37 122.95 3.7016 2.48 0.8564 1.8731 22.6337 4835.66 4958.61
38 −137.55 5.2533 −4.15 1.1919 3.0683 47.3566 3449.08 3311.53
39 −83.38 2.6188 −2.75 0.6592 1.4036 17.7262 3110.78 3027.40
40 31.08 1.6871 0.87 0.4472 0.9098 13.2845 3543.87 3574.96
41 26.11 2.4515 0.66 0.2712 0.7285 26.0694 3945.08 3971.20
42 −71.33 2.7375 −1.97 0.7256 1.4599 17.6144 3692.75 3621.42
43 22.82 3.3868 0.62 0.4087 0.9147 10.2961 3681.11 3703.93
44 33.29 1.3839 0.94 0.3318 0.7743 12.3896 3505.11 3538.40
45 −77.18 4.3108 −2.40 0.9147 2.8345 34.8965 3290.29 3213.11
AVG 11.15 3.5057 0.3176 0.7917 1.6957 21.3430 3582.57 3593.71
SD 69.63 1.3719 1.9445 0.2741 0.6568 8.1743 529.47 528.37
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Figure 11: Comparative relative volume difference (RVD) of under-
segmentation and oversegmentation.
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Figure 12: Cumulative probability distribution function of under-
segmentation and over-segmentation. (◼) 29 groups of over-
segmentation. () 16 groups of under-segmentation.

this segmentation result as an oversegmentation on the
whole, or undersegmentation vice versa.

We use the cumulative distribution to demonstrate the
fitting between the lung surfaces obtained by ourmethod and
the manual segmentation standard. The cumulative distance
distribution is formed by calculating the metric of ASD
(average surface distance) obtained by our automatic method
and manual segmentation standard.

In Figure 12, cumulative probability distribution for over-
and undersegmentation within 1mm are 70% and 60%,
respectively, while the maximum distance errors are 1.1mm
and 1.2mm, respectively, thus proving the higher proba-
bility of segmentation errors generated by oversegmenta-
tion.
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Figure 13: Time-consuming diagram of the main phases of the
whole system.

3.4. Complexity Analysis. Figure 13 shows the time-consum-
ing diagram of the main processing phases, including skin
boundary detection, rough segmentation lung parenchyma,
and refinement of lung parenchyma. In the figure, the whole
time-consuming is 537.73 ± 162.873 seconds on average,
among which skin boundary detection costs 25.2 ± 12.2376
seconds (accounting for 4.66% of the whole time), rough
segmentation of lung parenchyma costs 102.45 ± 28.5473
seconds (accounting for 19.03% of the whole time), and
refinement costs 408.98 ± 16.788 seconds (accounting for
76.31% of the overall time). And the time complexity for these
phases areO(𝑁2),O(𝑘1𝑁2), andO(𝑘2𝑁2), respectively, where𝑘1 indicates the iteration numbers of maximum cost path,
while 𝑘2 indicates the iterative number of reconstruction and
concave determination.

It can be seen from Figure 13 that the proposed scheme
spends much more time on smoothing and correction pro-
cess, in which iterative convergence accounts for a large
proportion. On the average, processing time for each image
is 2 seconds, while radiologist needs 1 minute for manual
segmentation, which proves the efficiency of the proposed
scheme.

3.5. Comparison with State of the Art Method. To evaluate
the performance of our method, the proposed method was
compared with the state of the art method proposed by Pu et
al. [13]. In Pu’s method, an adaptive border marching (ABM)
algorithm was proposed to segment the lung and correct
the segmentation defects caused by juxta-pleura nodules
while minimizing undersegmentation and oversegmentation
relative to the true lung border. The primary emphasis and
distinguishing characteristic of the proposed method is on
robustly correcting missed juxta-pleural nodules.

Table 5 presents the lung segmentation results by using
our proposed method on 45 datasets, when compared to
the conventional ABM-based method (Pu’s method). For the
final segmentation results, our method yields mean VOE of
3.51% and ASD of 0.79mm, while conventional ABM-based
method yieldsmeanVOE of 3.86% andASD of 0.83mm.Our
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Table 5: Comparative results between our method and the conventional method.

Method VOE [%] ASD [mm] RMSD [mm] MSD [mm]
Conventional ABM 3.8574 ± 2.10 0.8304 ± 0.33 1.8783 ± 0.51 32.2461 ± 8.12
Our method 3.5057 ± 1.94 0.7917 ± 0.27 1.6957 ± 0.66 21.3430 ± 8.17

Table 6: Relative volume difference (RVD) results between our method and the conventional method.

Method RVD (oversegmentation) [%] RVD (undersegmentation) [%]
Conventional ABM 1.92 ± 1.02 −1.65 ± 0.93
Our method 1.87 ± 0.95 −1.58 ± 0.96

Pu Ours

0.6

0.8

1.0

1.2

Figure 14: Boxplot on ASD between Pu’s and our methods.

method outperforms the conventional method by 0.35% and
0.04mm on average in terms of AOE and ASD, respectively.

In addition, similar results were also obtained for com-
parison study by boxplot between Pu’s and our method in
Figure 14. For the ASD, there is no abnormal point in both
results; meanwhile, 𝑝 value is less than 0.05 by 𝑡 test, hence
proving the significant better accuracy of our method.

Table 6 lists the comparative RVD results on both meth-
ods. For theRVDresult of oversegmentation, ourmethod and
conventional ABM yield mean 1.87% and 1.92%, respectively,
while, for the RVD result of undersegmentation, our method
and conventional ABM yield mean −1.58% and −1.65%,
respectively. Our method outperforms the conventional
ABM by 0.05% and 0.07% on average in terms of RVD on
oversegmentation and undersegmentation, respectively.

Therefore, for the lung tissue with juxta-pleura nodules,
our proposed method achieves more accurate and robust
segmentation results than the conventional method. The
main reason for that is the lungs separation operation in our
method improves the accuracy of lung contour segmentation.
It can thus be deployed for accurate and robust lung segmen-
tation with juxta-pleura nodules.

For our study, the main target is to solve the problem of
the segmentation result by juxta-pleural nodules; thus it is not
a generic tool to have this segmentation method when lung
includes other pathological lesions or abnormities especially

near the pleura. However, in our datasets, GGO (ground
glass opacity) nodules are also considered in our scans, some
of which are attached to the pleura. Although GGO often
shows the irregular shape and low intensity, and its irregular
shape is usually not fit to regular concave area detection
algorithm, its low contrast with the lung parenchyma helps
obtain the correct lung contour. In Figure 15(a) the lung
segmentation is performed correctly due to the superiority
of border tracing algorithm even when GGO is attached
to the pleura, while other conventional region growing-
based methods often need further processing because of the
inhomogeneity between GGO and the lung parenchyma.

We recognize that the proposed scheme still needs further
improvement. As the failure cases Figure 16(a) demonstrated,
oversegmentation occurred around the trachea which is close
to the parenchyma, and that is the result of overcorrection. In
Figure 16(b), when the big vessel is located on the edge of the
lung parenchyma, undersegmentation occurred because of
the undercorrection. It is difficult to overcome this dilemma
through 2D slice since border correction is a trade-off
problem. Nevertheless, the segmentation error generated by
juxta-pleura nodules could be reduced significantly due to
the appropriate length-to-high ratio. Further study on how
to reduce the errors caused by trachea and vessel could help
alleviate the above-mentioned dilemma.

4. Conclusion

In this paper, a fully lung segmentation framework for chest
CTwith juxta-plural nodules is proposed via fivemain proce-
dures, including chest segmentation, lung border tracing, left
and right lung separation, lung border smoothing, and border
correction, which focus on the oversegmentation problem
caused by juxta-pleural nodules. Compared with manual
segmentation, the volume overlap error of our approach is
less than 5%, which meets the clinical requirements. And
also, the time-consuming is about 2 seconds per image,
which is more efficient than the manual cost of 1 minute
per image. However, the proposed scheme tends to result in
some undersegmentation, especially around the area which
is close to the mediastinum, where the dense tracheas are
located.Therefore, the border correction algorithm still needs
further improvement, especially for the irregular lung shape
caused by abnormal lesions. Nevertheless, comparing with
the traditional method, our proposed scheme achieved great
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Figure 15: Illustration of lung segmentation result with GGO (ground glass opacity) nodules. (a) Juxta-pleura GGO. (b) Isolated GGO.

(a) (b) (c) (d)

Figure 16: Illustration of segmentation errors of undersegmentation and oversegmentation. (a) and (c) indicate oversegmentation and
undersegmentation, respectively. (b) and (d) indicate the manual segmentation as golden standard.

advantages in accuracy and time complexity, which indicates
a potential tool for lung segmentation with juxta-pleural
nodules.
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Detection of instrument tip in retinal microsurgery videos is extremely challenging due to rapid motion, illumination changes,
the cluttered background, and the deformable shape of the instrument. For the same reason, frequent failures in tracking add the
overhead of reinitialization of the tracking. In this work, a newmethod is proposed to localize not only the instrument center point
but also its tips and orientation without the need of manual reinitialization. Our approach models the instrument as a Conditional
Random Field (CRF) where each part of the instrument is detected separately. The relations between these parts are modeled to
capture the translation, rotation, and the scale changes of the instrument.The tracking is done via separate detection of instrument
parts and evaluation of confidence via themodeled dependence functions. In case of low confidence feedback an automatic recovery
process is performed. The algorithm is evaluated on in vivo ophthalmic surgery datasets and its performance is comparable to the
state-of-the-art methods with the advantage that no manual reinitialization is needed.

1. Introduction

Retinal microsurgery is among the most delicate operations
requiringmicroprecisionmedical instruments. Usage of such
instruments is manually carried out by surgeons to manip-
ulate retinal tissue. An efficient feedback of the distance
between the instrument tip and the retina would minimize
tissue damage caused by unintentional touch of retina.
Recently, ophthalmic surgical microscopes are equipped
with intraoperative Optical Coherence Tomography (OCT),
which has been used in [1] to estimate the distance of
the instrument to the retinal surface. However, continuous
real-time detection of the instrument tip and instrument
orientation is still required to enable automatic repositioning
of the OCT scans during live surgery. Figure 1 depicts
two OCT scans acquired at the instrument tip and in the
orientation of its shaft. The proper position is marked with
a cross. The first scan (white color) is positioned at the two
tips, and the corresponding OCT cross-section is shown in
the upper part of Figure 1(b) which shows the retinal surface
and how far the two tips are from it. The second orthogonal

scan (blue color) is positioned along the instrument shaft
and the cross-section corresponding to this scan is shown
in the lower part of Figure 1(b). The depth information here
shows the retinal surface and depth of the forceps center
point. Augmenting the scene with depth information in
addition to the 2D coordinates of the instruments tips brings
new advantages forminimally invasive procedures. Detecting
and tracking the instrument tips are needed to provide the
OCT device with the new position information, and it is
the most challenging step, especially for forceps instruments.
Many factors such as the cluttered background, presence of
blood vessels, instrument shadow, and rapid illumination
have negative impact on tracking quality. Recent approaches
[2, 3] modeled the instrument as a multiparts object where
the parts are connected to each other in a linear way. Such
approaches do not have the ability to detect the instrument
tips in case of forceps usage where the linearity condition of
the parts distribution is not satisfied.

In this paper, a new instrument detection, tracking,
and pose estimation solution is presented. This solution
relaxes the linear configuration of the instrument’s parts

Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
Volume 2016, Article ID 1067509, 10 pages
http://dx.doi.org/10.1155/2016/1067509

http://dx.doi.org/10.1155/2016/1067509


2 Computational and Mathematical Methods in Medicine

Gripper left part

OCT scan

OCT scan

Gripper right
part

(a)

Retinal surface

Retinal surface

(b)

Figure 1: (a) Microscopic image with two OCT scans in a cross sign; (b) OCT depth information along each scan.

and provides more robust model to handle different types
of forceps used in eye surgery. Our method models the
instrument as a Conditional Random Field (CRF) in which
different parts of the instrument are detected in the 2D space
of the image. Multiple models are implemented to capture
the translation, rotation, and scale changes among the parts.
One great advantage of the approach over the state-of-the-art
methods is the ability to handle tracking failures in real-time.
Such circumstances occur often in real complex datasets.The
algorithm maintains confidence values to know whether to
keep tracking by detection or to reinitialize the detection
automatically. A second achievement of our approach is that
it is the first proposed method, to the best of our knowledge,
that can locate not only the instrument tips, but also its orien-
tation in case of forceps instrument.Therefore, it provides all
parameters needed to position OCT scans to get the distance
between the tips and the retinal surface. Experimental results
demonstrate the efficiency, robustness, and accuracy of our
method in real in vivo scenarios and its ability towork on long
videos. Comparisons with the state of the art on public and
laparoscopic datasets demonstrate comparable results with
the advantage that no manual reinitialization is needed.

2. Previous Work

Much research has been done to address the problem of
detecting and tracking medical instruments including color-
based [4, 5] and geometry-based [6–8] approaches. A recent
work of Roodaki et al. [1] proposed to estimate the instrument
tip depth to retina surface by building their method on top of
instrument tracking algorithms. Despite of the high accuracy
of the estimated depth, the algorithm relies on manual posi-
tioning of OCT scans or tracking algorithms which are prone
to fail under high appearance changes. Many algorithms
for instrument tracking and detection have been developed
to be integrated with OCT depth estimation algorithms.
However, there are many limitations of these algorithms
preventing them to be used in real in vivo surgery. Sznitman
et al. [9] proposed a unified framework to solve detection

and tracking as a density estimation problem. The basis for
this method is to model the instrument localization as a
sequential entropy minimization problem to estimate 3DOF
parameters required to localize the instrument tip. The
method was evaluated using simple vitrectomy instrument,
and it is not working on forceps used in retinal peeling oper-
ations. Therefore, such a method cannot localize the forceps
two tips for automatic positioning of OCT scans. Modeling
the instrument as multiple linearly connected parts was pro-
posed in [2], but the linearity constraint limits its capabilities
to detect only the center point in case of forceps instrument
which is not sufficient for minimally invasive procedures.
Machine learning based detectors [10] and online learning
methods [11] have been employed to track only the center
point of the instrument without detecting forceps tips. Reiter
et al. [6] proposed a solution to track the instrument by mak-
ing use of the landmarks on its surface. Color, location, and
gradient-based features have been associated with the land-
marks for training random ferns. The 3D locations of the
instrument are retrieved by matching the features tracks in
the stereo camera using normalized cross correlation. The
method achieves high localization accuracy. However, it
cannot run at the video frame rate due to the computational
cost of extracting all these features. Moreover, the occlusions
of some landmarks due to the instrument rotation might
result in high localization error. Another approach [12] was
proposed for articulated instrument tracking in 3D laparo-
scopic images, in which the color information is used for
instrument parts segmentation. The segmented regions are
described by different statistical models in order to estimate
the pose of the instrument in the 3D space. Optical flow is
used for pose tracking from image to another. The approach
has also the limitations of expensive feature extraction and
high sensitivity to the light changes. Rieke et al. [13] proposed
to use regression forests to localize the forceps tips within a
bounding box. However, this bounding box is provided using
intensity-based tracker. Hence, once the tracker gets lost, the
operation has to be interrupted to reinitialize OCT device
manually. A recentwork [3] proposed to use the deep learning
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Figure 2: (a) Target pose estimation; (b) the factor graph for the forceps: 4 variables (left (L), right (R), center (C), and shaft (S)) are used
with different types of constraints that are presented with different edge colors: black (translation), green (rotation), red (relative length), and
blue (consistency).

to detect the instrument parts and estimate its orientation.
The approach achieved comparable results to the state-of-the-
art methods but it is computationally expensive as well as
it cannot detect the two forceps tips. Generally, most of the
limitations are due to the time complexity or inability to
detect forceps two tips and forceps orientation which are
addressed in the work of this paper.

3. Proposed Method

Medical instrument, in this work, is modeled as multiparts
articulated object where each part can be detected separately.
Depending on the used features, parts detections using most
of machine learning classifiers can result in a large number of
false detections especially for structure-less objects like our
target. However, these detections, including the true positive
ones, form a new and reduced search space within the 2D
image space which represents instrument part’s hypotheses
space. Therefore, the sought targets are just specific instru-
ment part detections within the reduced space, such that
the detected parts would represent the final instrument
configuration. Prior information about the instrument parts
and the relations between them are integrated on top of these
detections together in onemodel in order to filter out the vast
majority of false detections and to end up with the optimal
instrument configuration. Prior instrument information can
include the relative lengths of the parts, the angles between
them, the gripper length, the possiblemovements of the joint,
the possible changes of the current state, and so forth. Given
different models, expressed as probabilistic distributions, to
describe prior information about the instrument, and some
potential instrument configurations, then the ultimate goal
of our approach is to optimize for the best configuration
(instrument pose) as shown in Figure 2(a) which maximizes
the likelihood of the distributions of the prior models. To
this end, the instrument in our method is modeled as a CRF
of 𝑛 random variables, and the factor graph of this model is
shown in Figure 2(b). Each random variable 𝑌𝑖 corresponds
to an instrument part, and the edges among these variables
denote conditional dependence of the parts which can be
described as a physical constraint. The instrument pose is

given by the configuration 𝑌 = (𝑌1, 𝑌2, . . . , 𝑌𝑛), where the
state for each variable 𝑌𝑖 ∈ Λ 𝑖 represents the 2D position
of the instrument part and is taken from the discrete space
Λ 𝑖 ⊂ 𝑅2. Consider an instance of the observation 𝑥 ∈ 𝑋 that
corresponds to instrument parts features, a reference pose
𝑃, and an instrument configuration 𝑦 ∈ 𝑌; the posterior is
defined as

𝑝 (𝑦 | 𝑥, 𝑃) = 1
𝑍 (𝑥, 𝑃)

𝑛

∏
𝑖

ΦConf
𝑖 (𝑦𝑖, 𝑥) ⋅ ΦTemp

𝑖 (𝑦𝑖, 𝑃𝑖)

⋅ ∏
(𝑖,𝑗)∈𝐸Trans

ΨConn (𝑦𝑖, 𝑦𝑗)

⋅ ∏
(𝑖,𝑗,𝑘)∈𝐸RLen

ΨRLen (𝑦𝑖, 𝑦𝑗, 𝑦𝑘)

⋅ ∏
(𝑖,𝑗,𝑘)∈𝐸Cons

ΨCons (𝑦𝑖, 𝑦𝑗, 𝑦𝑘)

⋅ ∏
(𝑖,𝑗,𝑘,𝑙)∈𝐸Rot

ΨRot (𝑦𝑖, 𝑦𝑗, 𝑦𝑘, 𝑦𝑙) ,

(1)

where 𝑍(𝑥, 𝑃) is the partition function and ΦConf (𝑦𝑖, 𝑥) is
the unary score function. 𝐸Trans, 𝐸RLen, 𝐸Cons, and 𝐸Rot are
the graph edges that model the kinematic constraints among
the instrument parts using different potentials functions.
ΨConn is binary potentials functions to model the distances
changes among the forceps gripper’s end points based on the
connectivity between the forceps center point and each of
the tips. ΨRLen and ΨCons are ternary potentials functions to
ensure consistency in the relative length of the left and right
parts of the gripper and whether they can be bounded by a
small region in the image. The rotation potential function
ΨRot is defined to estimate the configuration likelihood based
on the distribution describing the proper angles among
the instrument parts. Once the forceps hypothetical parts
are detected, different configurations from these hypotheses
within a defined Region of Interest (ROI) are evaluated
with the potential functions to select one configuration. This
configuration is the onemaximizing the posterior given in (1)
and it represents the forceps pose.
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Figure 3: Connectivity modeling using Bézier curves where the dashed lines are orthogonal vectors and the position of the control point 𝑝
is placed along one of those vectors with different displacements Δ𝑝 from the center point.

In the next sections, we present the unary potential which
is used to define some probable coordinates for instrument
parts, followed by different types of potential functions to
impose kinematic constraints on the instrument parts and
represent our prior model of the instrument.

3.1. Unary Potentials. The unary potential functions are
designed to give a score for each instrument part hypothesis.
Each hypothesis has a confidence value which is a probability
assigned to the pixel in 2D images to express its degree of
belonging to a specific instrument part. A regression forest
[14] is trained on histogram of oriented gradients (HOG) [15]
features for this purpose and regarded as amulticlass detector.
The output of the regression forest is a class label prediction
for each hypothesis and a confidence value. The number of
class labels is set to the number of random variables in the
CRF plus one for the background. The confidence value for
each instrument part hypothesis is defined in

ΦConf (𝑦𝑖, 𝑥) = 1
𝑇
𝑇

∑
𝑗=1

𝜋𝑗 (𝑥) , (2)

where 𝑇 is the number of trees in the forest and 𝜋𝑗(𝑥)
is the probability assigned by one tree to 𝑦𝑖 to express its
belonging to a specific instrument part. The probability is
given based on testing the features 𝑥 associated with 𝑦𝑖. The
term ΦTemp(𝑦𝑖, 𝑃𝑖) favors part hypotheses which are close to
the last inferred part 𝑃𝑖 based on the distance between them,
as given by

ΦTemp (𝑦𝑖, 𝑃𝑖) = e−‖𝑦𝑖−𝑃𝑖‖
2
2/2. (3)

3.2. Binary Translation Potentials. The distance between the
tips and the center point changes at different scales and
orientations. The translation potentials model these trans-
lations of the left and the right tips to the center point by
measuring the connectivity between the hypotheses of the
instrument parts involved in the translational edges as shown
in Figure 2(b). For example, given one hypothesis 𝑦𝑖 of the
left part and one hypothesis 𝑦𝑗 of the center part detections,
the connectivity between them is computed along different
quadratic Bézier curves controlled by the position of the
control point 𝑃 ∈ 𝑅2, as shown in Figure 3. The control point
𝑃 is placed along the orthogonal vector to the vector (𝑦𝑖, 𝑦𝑗).

The distance of the point 𝑃 to 𝑦𝑗 specifies the shape of the
curve connecting 𝑦𝑖 and 𝑦𝑗. By denoting this curve as𝐶

𝑦𝑗
𝑦𝑖 (𝑃),

the probabilistic connectivity along each curve is given by the
following equation:

Conn (𝐶𝑦𝑗𝑦𝑖 (𝑃)) = 1
𝑘2
𝑆

∑
𝑗=1

𝑠𝑗

2 , (4)

in which 𝑘 is a normalization factor. The curve is assumed to
consist of 𝑆 ∈ 𝑅 segments. Each segment 𝑠𝑗 is a con-
nected component of pixels along one curve. The connected
components are extracted from the binary image created by
thresholding the gradient image of the input microscopic
image. The points 𝑦𝑖 and 𝑦𝑗 are overlaid on the binary image
and considered strongly connected if at least one of Bézier
curves aligned to the gripper edges curvature. This curve
might consist of zero (not connected hypotheses where
𝐶𝑦𝑗𝑦𝑖 (𝑃) is set to 𝜀 for numerical stability), one, or many
segments. Changing the position of 𝑃 by different Δ𝑝 values
enables the algorithm to handle various types of forceps with
different curvatures along the gripper as shown in Figure 3.
The connectivity measure in (4) is modeled to favor longer
segments and penalize short ones in order to be robust in case
of noisy images. The translation potential function keeps the
maximum probability among all curves and it is defined in
(5). A higher value of this probability means stronger con-
nectivity and higher potential of the hypotheses to belong to
the gripper end points:

ΨConn (𝑦𝑖, 𝑦𝑗) = max
Δ𝑝

Conn (𝐶𝑦𝑗𝑦𝑖 (𝑃 + Δ𝑝)) . (5)

The connectivity along the left and right parts of the gripper
are calculated in the same way but with different positioning
of the control point 𝑃.

3.3. Ternary Potentials. The relative length function ΨRLen

is used to model the relative length between the left and
right gripper parts as a Gaussian distribution and is given in
(6). The function is designed to increase the algorithm
robustness in case of false detections of structures like vessels
near the instrument tips. The model parameters 𝜇RLen

𝑖,𝑗,𝑘 and
𝜎RLen
𝑖,𝑗,𝑘 are estimated from the ground truth. Moreover, the

gripper length should be consistent with shaft length in the
ROI from which the configurations are selected. Hence, the



Computational and Mathematical Methods in Medicine 5

consistency function ΨCons ∈ {1, 𝜀} is modeled to favor
selected gripper parts with lengths less than half the size of
the ROI side length. Otherwise, the output of the function is
a small probability (𝜀) to penalize this configuration. In this
way, the inconsistent combinations of parts hypotheses are
penalized:

ΨRLen (𝑦𝑖, 𝑦𝑗, 𝑦𝑘)

= N ((𝑦𝑖 − 𝑦𝑗
 ,

𝑦𝑖 − 𝑦𝑘) 𝜇RLen
𝑖,𝑗,𝑘 , 𝜎RLen

𝑖,𝑗,𝑘 ) ,
(6)

where 𝑦𝑖, 𝑦𝑗, and 𝑦𝑘 are center, left, and right hypotheses,
respectively.

3.4. Quaternary Rotation Potential. Any configuration 𝑦 of
the instrument forms an angles triple 𝜃 = {𝜃𝑖, 𝑖 =
1, 2, 3} among its parts treated as random variables. The
rotation potential in (7) models the relations between these
random variables as a mixture of two multivariate Gaussian
distributions. One distribution models the relation among
the variables when the instrument is closed or is about to be
closed, while the other distribution is for the open instrument
with different degrees. The parameters for each distribution
(themean 𝜇𝑅𝑛

𝑖,𝑗,𝑘,𝑙
and the covarianceΣ𝑅𝑛

𝑖,𝑗,𝑘,𝑙
) are estimated from

the ground truth, where 𝑛 = 1 for one distribution and 𝑛 = 2
for the other:

ΨRot (𝑦𝑖, 𝑦𝑗, 𝑦𝑘, 𝑦𝑙) =
2

∑
𝑛=1

N ((𝜃)𝑖,𝑗,𝑘,𝑙 | 𝜇𝑅𝑛𝑖,𝑗,𝑘,𝑙, Σ
𝑅𝑛
𝑖,𝑗,𝑘,𝑙

) , (7)

where 𝑦𝑖, 𝑦𝑗, 𝑦𝑘, and 𝑦𝑙 are left, center, right, and shaft
hypotheses, respectively.

3.5. Inference of the Instrument Pose. We used genetic algo-
rithms [16] to infer an approximate solutionwhichmaximizes
the posterior equation as

�̂� = argmax
𝑦

𝑝 (𝑦 | 𝑥, 𝑃) . (8)

The most important parts of the genetic algorithms are
the representation of the chromosomes and the definition
of the fitness function. Each chromosome is represented by
one configuration with four genes ⟨𝑦𝑖, 𝑦𝑗, 𝑦𝑘, 𝑦𝑙⟩ representing
the joints coordinates. The fitness function is set to the
posterior function given in (1), which depends on the prior
models 𝑝(𝑦) of the instrument kinematics and the initial
hypotheses probabilities given by the regression forest. The
algorithm starts by initial random generation of 1000 con-
figurations which considered the initial population. Among
those configurations, the crossover is applied pairwise by
interleaving the genes at specific index to generate more
variations from the current population. However, to enable
the algorithm skipping local maxima during optimization,
mutation operation is employed to replace random genes
with others from the neighborhood. The produced config-
urations are evaluated using the fitness function, and a new
generation is formed from the best evaluated configurations.
The solution is obtained after a fixed number of iterations or
no convergence in two successive generations.

Once the pose is estimated in the first frame, a reduced
Region of Interest (ROI) is defined around the instrument
center point to limit our detection space in the next frames.
This ROI is expanded gradually when any instrument part is
missing in the unary detections or when the confidence from
the inferred pose is low. Low confidence of the final solution
after optimization happens with either (1) low likelihood of
the rotation distributions or (2) the consistency potential
output being small (𝜀). These cases mean either that the
solution cannot have the normal forceps shape or that it has
been formed from false detections in ROI, which requires the
reinitialization to be triggered automatically by expanding
the ROI.

4. Experiments and Results

The experimental validation of the proposed method is
carried out on three different microsurgery datasets. The
first dataset, referred to as “Zeiss dataset,” consists of eight
sequences of surgeries performed on human eyes with frame
resolution of 1920 × 1080 pixels, downsampled to one-fourth
of the original size. Experiments on original size sequences
prove the downsampling to have minimal effect on the
detection accuracy. The second dataset is publicly available
[10] with 1171 images of 640×480 pixels. No downsampling is
performed on this dataset. The third dataset is a laparoscopic
surgery dataset with 1000 images available on YouTube
(http://www.youtube.com/watch?v=IVp1sgjQ5To). The pro-
posed algorithm is evaluated by estimating the pose of one
of the instruments present in the laparoscopic surgery since
the other instrument has a fixed pose. The performance of
the algorithm was evaluated using three different metrics:
(1) accuracy threshold score defined by Sznitman et al.
[10] to measure the pixel-wise detection accuracy for each
instrument joint, (2) the strict Percentage of Correct Parts
(strict PCP) [17] for gripper parts detection accuracy, and
(3) the angular threshold score defined in [5] to measure the
accuracy of estimating the shaft’s orientation. The algorithm
runs at 15-fps for public and laparoscopic datasets and
18-fps for Zeiss dataset on a normal personal computer. For
the regression forest 50 trees with maximum depth of 25 are
used. The HOG features bin size is set to 9 and the patch size
is 50 × 50 pixels.

4.1. Zeiss Dataset. The algorithm was evaluated on 8
sequences as shown in Figure 4, where each sequence was
taken from different surgery with different conditions. To
achieve maximum reliability in clinical use, only 200 images
from the first 4 sequences were used for training. The testing
was done on the remaining images from each sequence in
addition to 4 other unseen sequences. The number of testing
images from each dataset is listed in Table 1. Each training
frame has 4 annotated points: left and right tips, center
point, and a point on the shaft centerline. 200 samples from
the training imagesweremanually clustered to open and close
states to estimate the parameters of the rotation Gaussian
distributions. Since the instrument shaft diameter is 50 pixels,
we evaluate using values between 20 and 80 pixels for

http://www.youtube.com/watch?v=IVp1sgjQ5To
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Figure 4: (a) 8 samples from each sequence of Zeiss dataset with pose estimation; (b) the accuracy threshold for left, right, and center points,
respectively.
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Table 1: Strict PCP scores for 𝛼 = 0.5 on Zeiss dataset.

Zeiss sequences Seq 1 Seq 2 Seq 3 Seq 4 Seq 5 Seq 6 Seq 7 Seq 8
#Testing images 590 400 400 400 200 400 200 200
Left PCP 91 99 98 98 92 85 96 75
Right PCP 93 99 99 99 93 94 97 76

Table 2: Strict PCP scores for 𝛼 = 0.5 on public and laparoscopic (Lap) datasets.

Proposed MC-15
Public/Lap sequences Seq 1 Seq 2 Full Lap Seq 1 Seq 2 Full Lap
Left PCP 97 93 89 89 95 97 N/A N/A
Right PCP 95 95 89 90 97 95 N/A N/A

the accuracy threshold. Figure 4 shows the percentage of
correctly predicted locations for different joints of the instru-
ment. The results show that in 90% of the testing images the
tips are detected with less than 50 pixels (the shaft diameter)
error. The strict PCP scores of the left and right gripper’s
parts for 𝛼 = 0.5 (which used for human pose estimation
evaluation) for each sequence are depicted in Table 1 which
show the robustness of the algorithm and its ability to
generalize to new sequences.

4.2. Public Dataset. The proposed method was compared
with the state-of-the art methods: MC-15 [13], MC-14 [2],
MC-12 [10], SCV [18], MI [19], and SSD. The evaluation
includes two sequences of the public datasets. The third
sequence is omitted, as in [2], due to its short length which
makes it ill-suited for training purposes. In the first exper-
iment, the training is done separately on the first half of
each sequence and testing was on the second half. The detec-
tion accuracy of the center point is shown in Figure 5 which
shows comparability of the proposed method to the state-of-
the-art methods with the advantage of not requiring manual
reinitialization. For example, at threshold of 20 pixels (the
shaft diameter), the center points are detected correctly in
more than 95% of the images in both cases. The accuracy
threshold scores for detecting the two tips of the forceps in
each sequence are depicted in Figure 7.

In the second experiment, the training is performed on
the full dataset (the first two halves of the two sequences
together) and the testing is done on the second halves. The
performance of detecting forceps tips and forceps center
point is shown in Figure 7 labeled with the prefix full. The
strict PCP scores for both experiments are listed in Table 2
and compared to MC-15 [13] which is the only state-of-the-
art method that can locate the forceps tips even though it
is only tracking method and uses manual initialization to
handle tracking failures in live surgery.

4.3. Laparoscopic Dataset. We compared our performance
withMC-15 [13], MC-12 [10], ITOL [11], MF [11], and DT [11].
Similar to these methods, training was done on the first half
of the dataset and the testing on the second half. Comparing

the performance of our method in detecting the center point
with the other methods using accuracy threshold is shown in
Figure 6. It is obvious that our method outperforms most
state-of-the-art methods and achieves similar results to ITOL
which is also a tracking method and impractical for live
surgery due to the required manual reinitialization. The
accuracy threshold scores of detecting each tip are shown in
Figure 7 while all other methods do not detect them in this
challenging dataset. The PCP scores are given in Table 2
which show even high detection accuracy of both gripper’s
parts.

Figures 8(a) and 8(b) show the performance of our algo-
rithm to estimate the orientation of the shaft while varying
the angular threshold from 3 to 24 deg. It is evident that
in 85 percent of the images, the orientation is detected with
deviation less than 15 deg.

5. Results Discussion

The proposed approach shows high accuracy of instrument
joints localization in real-time performance. This accuracy is
attributed tomodeling the dependencies between instrument
parts as CRF model, while other methods do not consider
these dependencies and rely only on individual parts detec-
tion. These dependencies are built on top of random forest
outputs trained using only gradient-based (HOG) features to
serve as unary detections functions. Unlike other intensity-
based tracker methods, relying on HOG features makes
our approach robust enough to illumination changes during
surgery. Moreover, it reduces the amount of training samples
needed for training large changes in instrument appearance.
This is why, in the first dataset, our algorithm needs only
200 samples from only 4 sequence and it is able to run on
testing images with 3 times the size of the training ones. Prac-
tically, it can run on even longer sequences since there is no
need to train more samples to account for new illumination
changes. This has been proven by running the algorithm on
4 other unseen sequences and achieving high performance
which is considered a great achievement of our approach
in comparison with the state-of-the-art methods MC-15 [13]
and ITOL [11]. Moreover, relying on detected structural parts



8 Computational and Mathematical Methods in Medicine

Sequence 1

0.0

20.0

40.0

60.0

80.0

100.0

15 20 25 30 35 40

Pe
rc

en
t d

et
ec

te
d 

(%
)

Accuracy threshold (pixels)

Proposed
MC-15
MC-14
MC-12

SCV
MI
SSD

Sequence 2

0.0

20.0

40.0

60.0

80.0

100.0

15 20 25 30 35 40

Pe
rc

en
t d

et
ec

te
d 

(%
)

Accuracy threshold (pixels)

Proposed
MC-15
MC-14
MC-12

SCV
MI
SSD

Figure 5: Threshold accuracy for each of the public sequences separately.
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Figure 6: Threshold accuracy for laparoscopic dataset.

using HOG features bring new advantage to our method
which is being able to sense some confidence signals. This
feedback is employed for automatic recovery process, which
is missing in most other methods, to localize again the
instrument after its disappearance without surgeon’s inter-
vention. The results also presented high PCP scores on
most of the retinal sequences. However, in sequence 8, the
PCP score is not as high as the other sequences due to the
blurriness of the images which makes the detection of the
gripper edges very difficult. Hence, the connectivity potential
function will not be able to give fair preferences to some

configurations. Coming to the public dataset, PCP scores of
ourmethod show comparable results toMC-15 [13].However,
the advantage of our approach is the ability to work without
stopping on these sequences, while in sequence 2, MC-
15 [13] needed the manual reinitialization twice to handle
instrument disappearance from the scene. Comparing on
laparoscopic dataset, our approach outperforms MC-15 [13]
by at least 20%atmost of the accuracy thresholds in localizing
the instrument center point as shown in Figure 6 and achieves
very close performance to ITOL [11]. However, ITOL cannot
detect the forceps two tips as well as it is just intensity-based
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Figure 8: (a) Angular threshold scores for public and laparoscopic sequences; (b) angular threshold scores for Zeiss sequences.

tracking algorithm. Hence, our algorithm tends to be more
robust and practical for real surgeries due to its ability to
localize the instrument left and right tips with high accuracy.

One more important strength point of the proposed
approach is the ability to estimate the orientation of the
instrument shaft. Unlike other approaches, the orientation is
treated as a part in our CRF model, and this characteristic
makes our approach successful one for the full integration
with OCT imaging to position OCT scans according to
given coordinates and orientation. The angular threshold
results show also high accuracy in estimating the instrument
orientation in all sequences of the different datasets.

6. Conclusions

We presented a new approach for localizing the forceps tips
and center point as well as estimating the orientation of its
shaft. The approach models the instrument detection, track-
ing, and pose estimation as a CRF’s inference problem. The
performance of the proposed approach has been evaluated
on retinal and laparoscopic surgeries using three different

metrics. The algorithm generates all parameters needed for
OCT device in order to position OCT scans automatically
in real surgery. It also achieves real-time performance and
works on real surgery sequences. Moreover, it does not
require manual initialization since it tracks the instrument
by constantly detecting its parts and maintains a confidence
value to reinitialize the detection automatically whenever it is
needed. The method demonstrates high detection rate of the
instrument joints on long sequences as well as comparable
results to the state-of-the-art methods without the need of
manual reinitialization.
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Recently, Deep Learning, especially through Convolutional Neural Networks (CNNs) has been widely used to enable the extraction
of highly representative features. This is done among the network layers by filtering, selecting, and using these features in the last
fully connected layers for pattern classification. However, CNN training for automated endoscopic image classification still provides
a challenge due to the lack of large and publicly available annotated databases. In this work we explore Deep Learning for the auto-
mated classification of colonic polyps using different configurations for training CNNs from scratch (or full training) and distinct
architectures of pretrainedCNNs tested on 8-HD-endoscopic image databases acquired using differentmodalities.We compare our
resultswith some commonly used features for colonic polyp classification and the good results suggest that features learned byCNNs
trained from scratch and the “off-the-shelf” CNNs features can be highly relevant for automated classification of colonic polyps.
Moreover, we also show that the combination of classical features and “off-the-shelf” CNNs features can be a good approach to
further improve the results.

1. Introduction

The leading cause of deaths related to the intestinal tract is
the development of cancer cells (polyps) in itsmany parts. An
early detection (when the cancer is still at an early stage) and
a regular exam to everyone over an age of 50 years can reduce
the risk of mortality among these patients. More specifically,
colonic polyps (benign tumors or growths which arise on the
inner colon surface) have a high occurrence and are known
to be precursors of colon cancer development.

Endoscopy is the most common method for identifying
colon polyps and several studies have shown that automatic
detection of image regions which may contain polyps within
the colon can be used to assist specialists in order to decrease
the polyp miss rate [1, 2].

The automatic detection of polyps in a computer-aided
diagnosis (CAD) system is usually performed through a
statistical analysis based on color, shape, texture, or spatial

features applied to the videos frames [3–6]. The main prob-
lems for the detection are the different aspects of color, shape,
and textures of polyps, being influenced, for example, by the
viewing angle, the distance from the capturing camera, or
even by the colon insufflation as well as the degree of colon
muscular contraction [5].

After detection, the colonic polyps can be classified
into three different categories: hyperplasic, adenomatous,
and malignant. Kudo et al. [7] proposed the so-called “pit-
pattern” scheme to help in diagnosing tumorous lesions once
suspicious areas have been detected. In this scheme, the
mucosal surface of the colon can be classified into 5 different
types designating the size, shape, and distribution of the pit
structure [8, 9].

As can be seen in the Figures 1(a)–1(d), these five patterns
also allow the division of the lesions into two main classes:
(1) normal mucosa or hyperplastic polyps (healthy class) and
(2) neoplastic, adenomatous, or carcinomatous structures
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(a) Healthy (b) Healthy (c) Abnormal (d) Abnormal

(e) Healthy (f) Abnormal

Figure 1: Example images of the two classes (a–d) and the pit-pattern types of these two classes (e–f).

(abnormal class). This approach is quite relevant in clinical
practice as shown in a study by Kato et al. [10].

In the literature, existing computer-aided diagnosis tech-
niques generally make use of feature extraction methods
of color, shape, and texture in combination with machine
learning classifiers to perform the classification of colon
polyps [9, 11, 12]. For example, the dual-tree complex wavelet
transform DT-CWT features proved to be quite suitable for
the distinction of different types of polyps as can be seen in
many works like, for example, [13–15]. Other features were
also proved to be quite suitable for colonic polyp classification
as the Gabor wavelets [16], vascularization features [17], and
directional wavelet transform features [18]. Particularly, in
the work of Wimmer et al. [18], using the same 8 colonic
polyp databases of this work, an average accuracy of 80.3%
was achieved in the best scenario. In this work, we achieve an
average accuracy of 93.55% in our best scenario.

The main difficulty of the feature extraction methods is
the proper characterization of these patterns due to several
factors as the lack or excess of illumination, the blurring due
tomovement orwater injection, and the appearance of polyps
[5, 9]. Also, to find a robust and a global feature extractor that
summarizes and represents all these pit-pattern structures in
a single vector is very difficult and Deep Learning can be
a good alternative to surpass these problems. In this work
we explore the use of Deep Learning through Convolutional
Neural Networks (CNNs) to develop a model for robust
feature extraction and efficient colonic polyp classification.

To achieve this, we test the use of CNNs trained from
scratch (or full training) and off-the-shelf CNNs (or pre-
trained) using them as medical imaging feature extractors. In
the case of the CNN full training we assume that a feature
extractor is formed during the CNN training, adapting to
the context of the database and particularly in the case of
off-the-shelf CNNs we consider that the patterns learned in

the original database can be used in colonoscopy images
for colonic polyp classification. In particular, we explore
two different architectures for the training from scratch
and six different off-the-shelf architectures, describing and
analyzing the effects of CNNs in different acquisition modes
of colonoscopy images (8 different databases).This study was
motivated by recent studies in computer vision addressing the
emerging technique of Deep Learning presented in the next
section.

2. Materials and Methods

2.1. UsingCNNs on SmallDatasets. Some researchers propose
replacing handcrafted feature extraction algorithms with
Deep Learning approaches that act as features extractor and
image classifier at the same time [19]. For example, the Deep
Learning approach using CNNs takes advantage of many
consecutive convolutional layers followed by pooling layers
to reduce the data dimensionality making it, concomitantly,
invariant to geometric transformations. Such convolution
filters (kernels) are built to act as feature extractors during
the training process and recent research indicates that a
satisfactorily trained CNN with a large database can perform
properly when it is applied to other databases, which can
mean that the kernels can turn into a universal feature
extractor [19]. Also, Convolutional Neural Networks (CNNs)
have been demonstrated to be effective for discriminative
pattern recognition in big data and in real-world problems,
mainly to learn both the global and local structures of images
[20].

Many strategies exploiting CNNs can be used for medical
image classification.These strategies can be employed accord-
ing to the intrinsic characteristics of each database [21] and
two of them, mostly used when it comes to CNN training,
are described in the following part.
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When the available training database is large enough,
diverse, and very different from the database used in all the
available pretrained CNNs (in a case of transfer learning), the
most appropriate approach would be to initialize the CNN
weights randomly (training the CNN trained from scratch)
and train it according to the medical image database for
the kernels domain adaptation, that is, to find the best way
to extract the features of the data in order to classify the
images properly. The main advantage of this approach is that
the same method can be used for the extraction of strong
features that are invariant to distortion and position at the
same time of the image classification. Finally, the Neural
Network Classifier can make use of these inputs to delineate
more accurate hyperplanes helping the generalization of the
network.

This strategy, although ideal, is not widely used due to the
lack of large and annotated medical image database publicly
available for training the CNN. However, some techniques
can assist the CNN training from scratch with small datasets
and the most used approach is data augmentation. Basically,
in data augmentation, transformations are applied to the
image making new versions of it to increase the number
of samples in the database. These transformations can be
applied in both the training and the testing phase and
can use different strategies such as cropping (overlapped or
not), rotation, translation, and flipping [22]. Experiments
show that using these techniques can be effective to combat
overfitting in the CNN training and improve the recognition
and classification accuracy [22, 23].

Furthermore, when the database is small, the best alter-
native is to use an off-the-shelf CNN [21]. In this case, using a
pretrainedCNN, the last or next-to-last linear fully connected
layer is removed and the remaining pretrained CNN is used
as a feature extractor to generate a feature vector for each
input image from a different database. These feature vectors
can be used to train a new classifier (such as a support vector
machine, SVM) to classify the images correctly. If the original
database is similar to the target database, the probability that
the high-level features describe the image correctly is high
and relevant to this new database. If the target database is not
so similar to the original, it can be more appropriate to use
higher-level features, that is, features from previous layers of
CNN.

In this work, besides using a CNNs trained from scratch,
we consider the knowledge transfer between natural images
andmedical images using off-the-shelf pretrainedCNNs.The
CNN will project the target database samples into a vector
space where the classes are more likely to be separable. This
strategy was inspired by the work of Oquab et al. [24], which
uses a pretrained CNN on a large database (ImageNet) to
classify images in a smaller database (Pascal VOC dataset)
with improved results. Unlike that work, rather than copy
the weights of the original pretrained CNN to the target
CNN with additional layers, we use the pretrained CNN to
project data into a new feature space through the propagation
of the colonic polyp database into the CNN getting the
resultant vector from the last CNNs layer, obtaining a new
representation for each input sample. Subsequently, we use
the feature vector set to train a linear classifier (e.g., support

vector machines) in this representation to evaluate the results
as used in [25, 26].

2.2. CNNs and Medical Imaging. In recent years there has
been an increased interest in machine learning techniques
that is based not on hand-engineered feature extractors but
using raw data to learn the representations [19].

Among the development of efficient parallel solvers
together with GPUS, the use of Deep Learning has been
extensively explored in the last years in different fields of
application. Deep Learning is intimately related to the use of
raw data to do high-level representations of this knowledge
through a large volume of annotated data. However, when it
comes to the medical area, this type of application is limited
by the problem of the lack of large, annotated, and publicly
availablemedical image databases such as the existing natural
image databases. Additionally, it is a difficult and costly task
to acquire and annotate such images and due to the specific
nature of different medical imaging modalities which seems
to have different properties according to each modality the
situation is even aggravated [21, 27].

Recently, works addressing the use of Deep Learning
techniques in medical imaging have been explored in many
different ways mainly using CNNs trained from scratch. In
biomedical applications, examples include mitosis detection
in digital breast cancer histology [28] and neuronal seg-
mentation of membranes in electron microscopy [29]. In
Computer-Aided Detection systems (CADe systems), exam-
ples include a CADe of pulmonary embolism [30], computer-
aided anatomy detection in CT volumes [31], lesion detection
in endoscopic images [32], detection of sclerotic spinemetas-
tases [33], and automatic detection of polyps in colonoscopy
videos [27, 34, 35]. In medical image classification, CNNs are
used for histopathological image classification [36], digestive
organs classification in wireless capsule endoscopy images
[37, 38], and automatic colonic polyp classification [39].
Besides that, CNNs have also been explored to improve the
accuracy of CADe systems knee cartilage segmentation using
triplanar CNNs [40].

Other recent studies show the potential for knowledge
transfer from natural images to the medical imaging domain
using off-the-shelf CNNs. Examples include the identification
and pathology of X-ray and computer tomographymodalities
[25], automatic classification of pulmonary perifissural nod-
ules [41], pulmonary nodule detection [26], and mammog-
raphy mass lesion classification [42]. Moreover, in [26], Van
Ginneken et al. show that the combination of CNNs features
and classical features for pulmonary nodule detection can
improve the performance of the model.

2.2.1. CNNsTrained fromScratch: Architecture. In this section
we briefly describe the components of a CNN and how it can
be used to perform the CNN from scratch.

A CNN is very similar to traditional Neural Networks
in the sense of being constructed by neurons with their
respective weights, biases, and activation functions. The
structure is basically formedby a sequence of convolution and
pooling layers ending in a fully connected Neural Network as
shown in Figure 2. Generally, the input of a CNN is𝑚×𝑚×𝑑
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Figure 2: An illustration of the CNN architecture for colonic polyp classification.

image (or patch), where𝑚×𝑚 is the dimension of the image
and 𝑑 is the number of channels (depth) of the image. The
convolutional layer consists of 𝑘 learnable filters (also called
kernels) with size 𝑛× 𝑛×𝑑 where 𝑛 ≤ 𝑚 which are convolved
with the input image resulting in the so-called activation
maps or featuremaps. As classic Neural Networks, the convo-
lution layer outputs are submitted to an activation function,
for example, the ReLU rectifier function 𝑓(𝑥) = max(0, 𝑥),
where 𝑥 is the neuron input. After the convolution, a pooling
layer is included to subsample the image by average functions
(mean) or max-pooling over regions of size 𝑝 × 𝑝. These
functions are used to reduce the dimensionality of the data
in the following layers (upper layers) and to provide a form
of invariance to translation thus making overfitting control.
In the convolution and pooling layers the stride has to be
specified; the larger the stride, the smaller the overlapping,
decreasing the output volume dimensions.

At the end of the CNN there is a fully connected layer as a
regularMultilayerNeuralNetworkwith the Softmax function
that generates a well-formed probability distribution on the
outputs. After a supervised training, the CNN is ready to be
used as a classifier or as a feature extractor in the case of
transfer learning.

2.2.2. CNNs and Transfer Learning. Transfer learning is a
technique used to improve the performance of machine
learning by harnessing the knowledge obtained by another
task. According to Pan andYang [43], transfer learning can be
defined by the following model. We give a domain 𝐷 having
two components: a feature space 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛} and a
probabilistic distribution 𝑃(𝑋); that is, 𝐷 = {𝑋, 𝑃(𝑋)}. Also,
we give a task 𝑇 with two components: a ground truth
𝑌 = {𝑦1, 𝑦2, . . . , 𝑦𝑛} and an objective function 𝑇 = {𝑌, 𝑓(⋅)}
assuming that this function can be learned through a training
database. Function𝑓(⋅) can be used to predict the correspon-
dent class𝑓(𝑥) of a new instance 𝑥. From a probabilistic point
of view,𝑓(𝑥) can be written as𝑃(𝑦 | 𝑥). In colonic polyp clas-
sification, usually, a feature extractor is used to generate the
feature space. A given training database 𝑋 associated to the
ground truth 𝑌 consisting of the pairs {𝑥𝑖, 𝑦𝑖} is used to train
and “learn” the function 𝑓(⋅) or 𝑃(𝑦 | 𝑥) until it reaches a
defined and acceptable error rate between the result of the
function 𝑓(𝑥) and the ground truth 𝑌.

In case of transfer learning, given a source domain
𝐷𝑆 = {(𝑥𝑆1 , 𝑦𝑆1), (𝑥𝑆2 , 𝑦𝑆2), . . . , (𝑥𝑆𝑛 , 𝑦𝑆𝑛)} and the learning
task𝑇𝑆 and the target domain𝐷𝑇 = {(𝑥𝑇1 , 𝑦𝑇1), (𝑥𝑇2 , 𝑦𝑇2), . . . ,
(𝑥𝑇𝑚 , 𝑦𝑇𝑚)} and the learning task 𝑇𝑇, transfer learning aims
to help improve the learning of the target predictive function
𝑓𝑇(⋅) using the knowledge in𝐷𝑆 and 𝑇𝑆, where𝐷𝑇 ̸= 𝐷𝑆 and
𝑇𝑇 ̸= 𝑇𝑆.

Among the various categories of transfer learning, one,
called inductive transfer learning, has been used with success
in the pattern recognition area. In the inductive transfer
learning approach an annotated database is necessary for the
source domain as well as for the target domain. In this work,
we apply transfer learning between two very different tasks
using different labels (𝑌𝑇 ̸= 𝑌𝑆) and different distributions
(𝑃(𝑌𝑇 | 𝑋𝑇) ̸= 𝑃(𝑌𝑆 | 𝑋𝑆)). To bypass the difference between
the probability distribution of the images 𝑃(𝑋𝑆), the last
layer from the original function 𝑓𝑆(⋅) directly connected to
the classification is removed being replaced by other linear
function (as SVM) to adapt it to the new task 𝑇𝑇 turning
into the function𝑓𝑇(⋅). In the following sections the functions
𝑓𝑆(⋅) used in this work are presented. Also, the use of
transfer learning using pretrained CNNs can help to avoid
the problem of lack of data in the medical field. The works
of Razavian et al. [19] and Oquab et al. [24] suggest that
the use of CNNs intermediate layer outputs can be used as
input features to train other classifiers (such as support vector
machines) for a number of other applications different from
the original CNN obtaining a good performance.

Despite the difference between natural and medical
images, some feature descriptors designed especially for nat-
ural images are used successfully in medical image detection
and classification, for example, texture-based polyp detection
[3], Fourier and Wavelet filters for colon classification [18],
shape descriptors [44], and local fractal dimension [45] for
colonic polyp classification. Additionally, recent studies show
the potential of the knowledge transfer between natural and
medical images using pretrained (off-the-shelf) CNNs [34,
46].

2.3. Experimental Setup

2.3.1. Data. The use of an integrated endoscopic appara-
tus with high-resolution acquisition devices has been an
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Table 1: Number of images and patients per class of the CC-i-Scan databases gathered with and without CC (staining) and computed virtual
chromoendoscopy (CVC).

i-Scan mode No staining Staining
¬CVC i-Scan1 i-Scan2 i-Scan3 ¬CVC i-Scan1 i-Scan2 i-Scan3

Non-neoplastic
Number of images 39 25 20 31 42 53 32 31
Number of patients 21 18 15 15 26 31 23 19
Neoplastic
Number of images 73 75 69 71 68 73 62 54
Number of patients 55 56 55 55 52 55 52 47
Total number of images 112 100 89 102 110 126 94 85

important object of research in clinical decision support
system area. With high-magnification colonoscopies it is
possible to acquire images up to 150-foldmagnified, revealing
the fine surface structure of the mucosa as well as small
lesions. Recent work related to classification of colonic
polyps used highly-detailed endoscopic images in combi-
nation with different technologies divided into three cate-
gories: high-definition endoscope (with or without staining
the mucosa) combined with the i-Scan technology (1, 2,
and 3) [18], high-magnification chromoendoscopy [8], and
high-magnification endoscopy combined with narrow band
imaging [47].

Specifically, the i-Scan technology (Pentax) used in this
work is an image processing technology consisting of the
combination of surface enhancement and contrast enhance-
ment aiming to help detect dysplastic areas and to accentuate
mucosal surfaces and applying postprocessing to the reflected
light being called virtual chromoendoscopy (CVC) [44].

There are three i-Scan modes available: i-Scan1, which
includes surface enhancement and contrast enhancement, i-
Scan2 that includes surface enhancement, contrast enhance-
ment, and tone enhancement, and i-Scan3 that, besides
including surface, contrast, and tone enhancement, increases
lighting emphasizing the features of vascular visualization
[18]. In thisworkwe use an endoscopic image database (CC-i-
Scan Database) with 8 different imaging modalities acquired
by anHDendoscope (PentaxHiLINEHD+90iColonoscope)
with images of size 256 × 256 extracted from video frames
either using the i-Scan technology or without any computer
virtual chromoendoscopy (¬CVC).

Table 1 shows the number of images and patients per
class in the different i-Scan modes. The mucosa is either
stained or not stained. Despite the fact that the frames were
originally in high-definition, the image size was chosen (i) to
be large enough to describe a polyp and (ii) small enough
to cover just one class of mucosa type (only healthy or
only abnormal area). The image labels (ground truth) were
provided according to their histological diagnosis.

2.3.2. Employed CNN Techniques. Due to the limitation of
colonic polyp images to train a good CAD system from
scratch, the main elements of the proposed method are
defined in order to (1) extract and preprocess images aiming
to have a database with a suitable size, (2) use CNNs for

learning representative features with good generalization,
and (3) enable the use of methods to avoid overfitting in the
training phase.

To test the application of a CNN trained from scratch
we used the i-Scan1 database without chromoscopy (staining
the mucosa) that presents a good performance in the tests
using classical features and pretrained CNNs (on average)
and subsequently applying the best configuration to the i-
Scan3 without chromoscopy database that presented the best
results among the classical features results.

In the first experiment of CNN full training, it is proposed
that an architecture should be trained with subimages of
size 227 × 227 × 3 based on the work of [20] to fit into
the chosen architecture. Usually, some simple preprocessing
techniques are necessary for the image feature generation. In
this experiment we apply normalization by subtracting the
mean anddividing by the standard deviation of its elements as
in [48] corresponding to local brightness and normalization
contrast.We also performdata augmentation by flipping each
original image horizontally and vertically and rotating the
original image 90∘ to the right and left. Besides that, we
flipped horizontally the rotated images, and then we flipped
vertically the horizontally flipped image, totalizing 7 new
samples for each original image. After the data augmentation
(resulting in 800 images), we randomly extract 75 subimages
of size 227×227×3 from each healthy image and 25 subimages
from each abnormal image for the training set to balance the
number of images in each class.

Also, in this experiment, to be able to compare the dif-
ferent architectures in a faster way, we used cross-validation
evaluation with 10 different CNNs for each architecture. In
nine of them, we removed 56 patients for training and used
6 for tests and, in one of them, we removed 54 patients for
training and used 8 for test to assure that all the 62 patients are
tested. The accuracy result given for each architecture is the
average accuracy from each of the 10 CNNs trained based on
the final classification of each image between the two classes.

For the second experiment in the CNN full training we
propose to extract subimages of size 128 × 128 from the
original images using the same approach as in the first
experiment. In this case, we explore the hypothesis that the
colonic polyp classification with the CNN can be done only
with a part of the image, and thenwe trained the networkwith
smaller subimages instead of the entire image. This helps to
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reduce the size of the network reducing its complexity and
can allow different polyp classifications in the same image
using different subimages in different parts of the image.
Additionally, choosing smaller regions in a textured image
can diminish the degree of intraimage variances in the dataset
as the neighborhood is limited.

Besides the different architectures for the training from
scratch, we mainly explore six different off-the-shelf CNN
architectures trained to perform classification on the Ima-
geNet ILSVRC challenge data. The input of all tested pre-
trained CNNs has size of 224 × 224 × 3 and the descriptions
as well as the details of each CNN are given as follows:

(i) The CNN VGG-VD [49] uses a large number of layers
with very small filters (3 × 3) divided into two archi-
tectures according to the number of their layers. The
CNN VGG-VD16 has 16 convolution layers and five
pooling layers while the CNN VGG-VD19 has 19 con-
volution layers, adding one more convolutional layer
in three last sequences of convolutional layers. The
fully connected layers have 4096 neurons followed by
a Softmax classifier with 1000 neurons corresponding
to the number of classes in the ILSVRC classification.
All the layers are followed by a rectifier linear unit
(ReLU) layer to induce the sparsity in the hidden units
and reduce the gradient vanishing problem.

(ii) The CNN-F (also called Fast CNN) [22] is similar to
the CNN used by Alex et al. [20] with 5 convolutional
layers. The input image size is 224 × 224 and the fast
processing is granted by the stride of 4 pixels in the
first convolutional layer. The fully connected layers
also have 4096neurons as theCNNVGG-VD.Besides
the original implementation, in this work, we also
used the MatConvNet implementation (beta17 [50])
of this architecture trained with batch normalization
and minor differences in its default hyperparameters
and called here CNN-F MCN.

(iii) The CNN-M architecture (Medium CNN) [22] also
has 5 convolutional layers and 3 pooling layers. The
number of filters is higher than the Fast CNN: 96
instead of 64 filters in the first convolution layer
with a smaller size. We also use the MatConvNet
implementation called CNN-MMCN.

(iv) The CNN-S (Slow CNN) [22] is related to the “accu-
rate” network from the Overfeat package [51] and
also has smaller filters with a stride of 2 pixels in the
first convolutional layer.We also use theMatConvNet
implementation called CNN-S MCN.

(v) The AlexNet CNN [20] has five convolutional layers,
three pooling layers (after layers 2 and 5), and two
fully connected layers. This architecture is similar
to the CNN-F, however, with more filters in the
convolutional layers. We also use the MatConvNet
implementation called AlexNet MCN.

(vi) The GoogleLeNet [52] CNN has the deepest and most
complex architecture among all the other networks
presented here. With two convolutional layers, two

pooling layers, and nine modules also called “incep-
tion” layers, this networkwas designed to avoid patch-
alignment issues introducing more sparsity in the
inception modules. Each module consists of six con-
volution layers and one pooling layer concatenating
these filters of different sizes and dimensions into a
single new filter.

In order to form the feature vector using the pretrained
CNNs, all images are scaled using bicubic interpolation to the
required size for each network, in the case of this work, 224×
224 × 3. The vectors obtained by the linear layers of the CNN
have size of 1024×1 for theGoogleLeNet CNNand of 4096×1
for the other networks due to their architecture specificities.

2.3.3. Classical Features. To allow the CNN features com-
parison and evaluation, we compared them with the results
obtained by some state-of-the-art feature extractionmethods
for the classification of colonic polyps [18] shortly explained
in the next items.

(i) BSAG-LFD. The Blob Shape adapted Gradient using
Local Fractal Dimension method combines BA-LFD
features with shape and contrast histograms from the
original and gradient image [45].

(ii) Blob SC. The Blob Shape and Contrast algorithm [44]
is a method that represents the local texture structure
of an image by the analyses of the contrast and shape
of the segmented blobs.

(iii) Shearlet-Weibull. Using the Discrete Shearlet Trans-
form this method adopts regression to investigate
dependencies across different subband levels using
theWeibull distribution to model the subband coeffi-
cient distribution [53].

(iv) GWT Weibull. The Gabor Wavelet Transform func-
tion can be dilated and rotated to get a dictionary of
filters with diverse factors [18] and its frequency using
different orientations is used as a feature descriptor
also using the Weibull distribution.

(v) LCVP. In the Local Color Vector Patterns approach,
a texture operator computes the similarity between
neighboring pixels constructing a vector field from an
image [12].

(vi) MB-LBP. In theMultiscale Block Local Binary Pattern
approach [54], the LBP computation is done based
on average values of block subregions. This approach
is used for a variety image processing applications
including endoscopic polyp detection and classifica-
tion [12].

For the classical features, the classification accuracy is
also computed using an SVM classifier, however, with the
original images (without resizing) trained using the leave-
one-patient-out cross-validation strategy assuring that there
are no images from patients of the validation set in the
training set as in [55] to make sure the classifier generalizes
to unseen patients. This cross-validation is applied to the
classical feature extractionmethods from the literature aswell
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Table 2: CNN configuration for input subimages of size 227 × 227 × 3 and its respective accuracy in %.

Size of inputs Number of convolutional filters/size Connected layer
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8

227 × 227 × 3 96/11 × 11 256/5 × 5 384/3 × 3 384/3 × 3 256/3 × 3 384/3 × 3 384/3 × 3 4096/6 × 6 4096
Accuracy: 79.00

Table 3: Accuracy results from different CNN configurations for inputs of size 128 × 128 × 3 in %.

Network index Number of convolutional filters/size Connected layer Acc
Layer 1 Layer 2 Layer 3

CNN-01 48/7 × 7 72/4 × 4 512/5 × 5 512 76.00
CNN-02 48/11 × 11 72/5 × 5 512/6 × 6 512 84.00
CNN-03 24/11 × 11 48/5 × 5 1024/6 × 6 1024 86.00
CNN-04 24/11 × 11 72/4 × 4 2048/5 × 5 2048 80.00
CNN-05 48/11 × 11 72/5 × 5 1024/6 × 6 1024 87.00

Table 4: Accuracy of different strides for overlapping subimages in
the CNN-05 evaluation for i-Scan1 database in %.

Stride Number of subimages Accuracy
1 16384 89.00
5 676 89.00
20 49 90.00
32 25 91.00
48 9 87.00
Random 9 87.00
Random 25 89.00
Random 49 89.00

as to the full training and off-the-shelf CNNs features. The
accuracy measure is used to allow an easy comparability of
results due to the high number of methods and databases to
be compared.

3. Results and Discussion

3.1. CNNs Trained from Scratch. In the first experiment for
the CNN full training, we first use the configuration similar
to [20] that can be seen in Table 2 and it can be concluded that
the accuracy result was not satisfactory (79%). This can be
explained by the fact that Neural Networks involving a large
number of inputs require a great amount of computation in
training, requiring more data to avoid overfitting (which is
not available given the size of our dataset).

For the second experiment, the hyperparameters pre-
sented in Table 3 were selected based on the works [48, 56]
and empirical adjustment tests in the architecture such as
changing the size and number of filters as well as the number
of units in the fully connected layer were made and are also
shown in Table 3. It can be seen that the architecture CNN-
05 obtained the best results, therefore, chosen to perform the
subsequent tests.

In the third experiment, with the CNN-05 configu-
ration, we trained one CNN for each patient from the
database (leave-one-patient-out (LOPO) cross-validation).

Specifically, the results from the CNNs presented in Table 4
are the mean values of the validation set from 62 different
CNNs, one for each patient, implemented using the Mat-
ConvNet framework [50]. After training the CNN, in the
evaluation phase, the final decision for a 256× 256 pixel image
of the dataset is obtained bymajority voting of the decisions of
all 128 × 128 pixel subimages (patches). One of the advantages
of this approach is the opportunity to have a set of decisions
available to acquire the final decision for one image. Also,
the redundancy of overlapping subimages can increase the
system accuracy likewise to give the assurance of certainty for
the overall decision.

As it can be seen in Table 4, first we tested with a
stride of 1 extracting the maximum number of 128 × 128
subimages available, totalizing 16384 subimages for each
image, resulting in an accuracy of 89.00%. This evaluation is
very computationally expensive to perform, so we decided to
evaluate with different strides resulting in different number
of subimages as it is shown in Table 4. We also perform a
random patch extraction and it can be concluded that there
is not much difference between 16384 subimages or just 25
cropped subimages (accuracy of 91.00%), saving considerable
computation time and achieving good results. Besides that,
using the same procedure we evaluate the architecture CNN-
05 for the i-Scan3 database without staining the mucosa that
presented the best results among the classical features and
results are presented in Table 5.

For a better comparability of results, we trained an SVM
with the extracted vectors from the last fully connected layers
(LFCL) and from the prior fully connected layers (PFCL)
of CNN-05 as we make in the transfer learning approach
explained in the next section. The vectors are extracted from
25 cropped subimages of size 128 × 128 (with stride of 32
pixels) feedforwarded into the CNN-05 subsequently used
to train a support vector machine also using the LOPO
cross-validation [55]. The results from this approach using
the CNN-05 architecture trained with the i-Scan1 and i-
Scan3 without staining the mucosa databases are presented
in Table 5. As it can be seen, using the last-layer vectors
to train an SVM does not improve the results, mainly
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Table 5: Accuracy of CNN-05 architecture comparing to classical
features for the i-Scan1 and i-Scan3 databases in %.

Methods i-Scan1 i-Scan3
CNN-05 91.00 89.00
CNN-05 + SVM − LFCL 83.00 72.55
CNN-05 + SVM − PFCL 80.00 66.67
BSAG-LFD 86.87 82.87
Blob SC 83.33 75.22
Shearlet-Weibull 76.67 86.80
GWT-Weibull 78.67 84.28
LCVP 66.00 77.12
MB-LBP 80.67 83.37

because the amount of data is not sufficient to generate
representative features to be applied into a linear classifier.
However, when the CNN is fully trained, the results surpass
the classical features results as can be seen also in Table 5
mostly because the last layers are more suitable to design
nonlinear hyperplanes in the classification phase. However,
the problem of lack of data still is an issue and using all the
information in the image would be better than using cropped
patches. The significance comparison between the methods
will be explored in the next section. Therefore, in order to
try solving this problem, we also propose the use of transfer
learning by pretrainedCNNs that will be also explained in the
next section.

3.2. Pretrained CNNs. In this section we present the exper-
iments made exploring the 11 different off-the-shelf CNN
architectures with the classical features trying to achieve
better results than the CNN trained from scratch. As well as
in the CNN trained from scratch, we use the i-Scan1 without
staining the mucosa database for the first experiments.

In the first experiment, we tested the use of more
samples from the same image using overlapping patches by
randomly cropping 25 images of size 224 × 224 × 3 of each
original image of size 256 × 256 × 3 (resized using bicubic
interpolation for the tests presented in Table 8) increasing
the database from 100 to 2500 images. The obtained results
after the feature extraction performed by the CNN and after
the SVM training also using the LOPO cross-validation are
presented in Table 6.

It can be observed that, in this case, the use of more
samples from the same image does not provide any significant
improvement in the results. On the average, resizing the
images produces an accuracy of 87.70% while cropping the
images produces an average of 84.87%. One of the explana-
tions for this is that, in case of resized images, there is more
information about the polyp to provide to the network, so
the CNN can abstract more information and form a more
robust and intrinsic vector from the actual features of the
lesion. However, in three cases (GoogleLeNet, VGG-VD16,
andAlexNetMCN), the results using smaller cropped images
surpassed the results using the entire image.

In the second experiment, still using i-Scan1 without
staining the mucosa database, we also tested the use of other

layers of CNNs to extract features. Table 7 shows the results
obtained when the vectors are extracted from the last fully
connected layer and when the vectors are from the prior fully
connected layer. In the case of the last layer, the results are
worse (87.70% against 85.75% on average) because the vectors
from the prior fully connected layer are more related to high-
level features describing the natural images used for training
the original CNNs that are very different from the features
to describe colonic polyp images. However, in this case, the
results from CNN-F and AlexNet CNN are better using the
features from the last fully connected layers.

Based on the results from the two experiments explained
before, we tested the methods with all the other databases
using the inputs resized to size 224 × 224 × 3 by bicubic
interpolation and extracting the features from the prior fully
connected layer. The accuracy results for the colonic polyp
classification for the 8 different databases are reported in
Table 8. As can be seen, the results in Table 8 are divided
into three groups: off-the-shelf features, classical features, and
the fusion between off-the-shelf features and classical features
that will be explained as follows.

Among the 11 pretrained CNNs investigated, the CNNs
that present lower performance were GoogleLeNet, CNN-
S, and AlexNet MCN. These results may indicate that such
networks themselves are not sufficient to be considered off-
the-shelf feature extractors for the polyp classification task.

As it can be seen in Table 8, the pretrained CNN that
presents the best result on average for the different imaging
modalities (𝑋) is the CNN-M network trained with the
MatConvNet parameters (89.74%) followed by the CNN
VGG-VD16 (88.59%). These deep models with smaller filters
generalize well with other datasets as it is shown in [49],
including texture recognition, which can explain the better
results in the colonic polyp database. However, there is a high
variability in the results and thus it is difficult to draw general
conclusions.

Many results obtained from the pretrained CNNs sur-
passed the classic feature extractors for colonic polyp classi-
fication in the literature. The database that presents the best
results using off-the-shelf features is the database staining the
mucosa without any i-Scan technology (¬CVC, 88.54% on
average). In the case of classical features, the database with
the best result on average is the database using the i-Scan3
technology without staining the mucosa (81.61%).

To investigate the differences in the results we assess the
significance of them using the McNemar test [57]. By means
of this test we analyze if the images from a database are clas-
sified differently or similarly when comparing two methods.
With a high accuracy it is supposed that themethodswill have
a very similar response, so the significance level 𝛼 must be
small enough to differentiate between classifying an image as
correct or incorrect.

The test is carried out on the databases i-Scan3 and i-
Scan1 without staining the mucosa using significance level
𝛼 = 0.01 with all the off-the-shelf CNNS, all the classical
features, and the CNN-05 architecture trained from scratch.
The results are presented in Figure 3. It can be observed
by the black squares (indicating significantly differences)
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Figure 3: Results of the McNemar test for the i-Scan1 (a) and i-Scan3 (b) databases without staining. A black square in the matrix means
that the methods are significantly different with significance level 𝛼 = 0.01 and a grey square in (a) means that the methods are significantly
different with significance level 𝛼 = 0.05. If the square is white then there is no significant difference between the methods.

that, among the pretrained CNNs, in the i-Scan1 database
the results are not significantly different and in the i-Scan3
database the CNN-M MCN and GoogleLeNet present the
most significantly different results comparing to the other
CNNs. It also can be seen that the CNN-05 does not
have significantly different results comparing to the other
CNNs in the i-Scan1 database and has significantly different
results with CNN-M MCN and GoogleLeNet in the i-Scan3
database.

Also, in Figure 3, when comparing the classical feature
extractionmethodswith theCNNs features it can be seen that
there is a quite different response among the results in i-Scan3
database, especially for CNN-M MCN that is significantly
different from all the classical methods with the exception
of the Shearlet-Weibull method. The CNN-05 and CNN-05
+ SVM did not present significantly different results with
the classical features (except with LCVP in i-Scan1 database)
and with the pretrained CNNs (except with CNN-M and
GoogleLeNet in i-Scan3 database). Likewise, the methods
with high accuracy in the i-Scan3 database (BSAG-LFD,
VGG-VD16, andVGG-VD19) are not found to be significantly
different.

In the i-Scan1 database, with the significance level 𝛼 =
0.05, the results are not significantly different in general
(except for LCVP features). However, with the significance
level 𝛼 = 0.01, the significance results represented by the grey
squares in Figure 3(a) show that the two databases presented
different correlation between methods which means that it
is difficult to predict a good feature extractor that can satisfy
both databases at the same time.

Observing the methods that presented significantly dif-
ferent results in Figure 3 and with good results in Table 8 we
decided to produce a feature level fusion in the feature vectors
concatenating them to see if the features can complement
each other. It can be seen in Figure 3 that the two most suc-
cessful CNNsCNN-MMCNandVGG-VD16 are significantly
different from each other in both databases and the feature
level fusion of these two vectors improve the results from
89.74% and 88.59%, respectively, to an accuracy of 90.58% in
average as can be seen in Table 8 (Fusion 5/8).

In Figure 3(b) it can also be observed that the results
from CNN-MMCN are significantly different to the classical
features BSAG-LFD in the i-Scan3 database. With the feature
level fusion of these two features the accuracy increases to
91.03% on average. Concatenating the three feature vectors
(CNN-M MCN, VGG-VD16, and BSAG-LFD) leads to an
even better accuracy: 93.22%. It is interesting to note that in
both databases the results from CNN-M MCN and VGG-
VD16 are significantly different. Besides that, BSAG-LFD
results are significantly different to VGG-VD16 in database
i-Scan1. Furthermore, BSAG-LFD results are significantly
different to CNN-M MCN in database i-Scan3 which can
explain the improvement in the feature level fusion between
these three methods.

Making the fusion with these two off-the-shelf CNNs
(CNN-M MCN and VGG-VD16) to other classical feature
vectors also increases the accuracy as it can be seen in Table 8
(Fusion 5/8/14 and Fusion 5/8/15).

When we add to the vector Fusion 5/8/12 one more
classical feature (MB-LBP) that is also significantly different
to CNN-M MCN in database i-Scan3 and at the same time
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Figure 4: Example results of the classification in agreement from the methods tested in the McNemar test for each prediction outcome.

significantly different to BSAG-LFD in database i-Scan1, the
result outperforms all the previous approaches: 93.55% as it
can be seen in Table 8.

In Figure 4 we present some example images from the
classification results of all the methods used in the McNemar
test with the higher agreement for each prediction outcome.
The percentage above each image shows the average classi-
fication rate of the prediction. For example, in the i-Scan1
database and i-Scan3 database (Figures 4(a) and 4(b)), the
two images presented in the true positive box were classified
as such in all classifiers. However, from i-Scan3 database,
in the case of the false negative box, one image had 44%
of misclassification and another 15% of misclassification in
average.

Comparing the results from all off-the-shelf CNNs and
classical features with the CNN-05 trained from scratch using
the databases i-Scan1 and i-Scan3 inTable 8 it can be observed
that the full training CNN outperformed the results obtained
by the classical features and some of the pretrained CNNs.
This approach can be considered an option for automatic
colonic polyp classification, although the training time and
processing complexity are not worthwhile if comparing to the
off-the-shelf features.

4. Conclusion

In this work, we propose to explore Deep Learning and
Transfer Learning approach using Convolutional Neural
Networks (CNNs) to improve the accuracy of colonic polyp
classification based on the fact that databases containing large
amounts of annotated data are often limited for this type of
research. For the training of CNNs from scratch, we explore
data augmentation with image patches to increase the size
of the training database and consequently the information
to perform the Deep Learning. Different architectures were
tested to evaluate the impact of the size and number of filters
in the classification as well as the number of output units in
the fully connected layer.

We also explored and evaluated several different
pretrained CNNs architectures to extract features from
colonoscopy images by knowledge transfer between natural
and medical images providing what is called off-the-shelf
CNNs features. We show that the off-the shelf features may
be well suited for the automatic classification of colon polyps
even with a limited amount of data.

Besides the fact that the pretrained CNNs were trained
with natural images, the 4096 features extracted from CNN-
M MCN and VGG-16 provided a good feature descriptor
of colonic polyps. Some reasons for the success of the
classification include the training with a large range of
different images providing a powerful extractor joining the
intrinsic features from the images such as color, texture, and
shape in the same architecture reducing and abstracting these
features in just one vector. Also, the combination of classical
features with off-the-shelf features yields the best prediction
results complementing each other. It can be concluded that
Deep Learning using Convolutional Neural Networks is a
good option for colonic polyp classification and the use of
pretraining CNNs is the best choice to achieve the best results
being improved by feature level fusion with classical features.
In future work we plan to use this strategy to also test the
detection of colonic polyps directly into video frames and
evaluate the performance in real time applications as well as
to use this strategy in other endoscopic databases such as
automatic classification of celiac disease.
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Diabetic retinopathy (DR) screening system raises a financial problem. For further reducing DR screening cost, an active learning
classifier is proposed in this paper.Our approach identifies retinal images based on features extracted by anatomical part recognition
and lesion detection algorithms. Kernel extreme learning machine (KELM) is a rapid classifier for solving classification problems
in high dimensional space. Both active learning and ensemble technique elevate performance of KELM when using small training
dataset.The committee only proposes necessarymanual work to doctor for saving cost. On the publicly availableMessidor database,
our classifier is trained with 20%–35% of labeled retinal images and comparative classifiers are trained with 80% of labeled retinal
images. Results show that our classifier can achieve better classification accuracy than Classification and Regression Tree, radial
basis function SVM, Multilayer Perceptron SVM, Linear SVM, and 𝐾 Nearest Neighbor. Empirical experiments suggest that our
active learning classifier is efficient for further reducing DR screening cost.

1. Introduction

Diabetic retinopathy (DR) [1] is one of the most common
causes of blindness in diabetic mellitus research [2]. Millions
of diabetic patients suffer from DR. DR not only deprives
patients’ sight [3] but also brings heavy burden to their
family and society [4]. In 2012 [5], 29.1 million Americans
(9.3% of the population) were diagnosed with diabetes. A
more serious problem is that 76% of those patients were
becoming with worsening diabetes. Each year, approximately
1.4 million Americans are diagnosed with diabetes. With the
development of diabetes, about 40% of patients may lose
sight from DR [6]. Recently, new technique named optical
coherence tomography (OCT) is popular in developed coun-
tries. OCT can perform cross-sectional imaging, but OCT
is still too expensive for many areas which are economically
underdeveloped. Thus DR screening system is still useful for
diabetic patients in many low income areas. This challenging
problem causes a demand of a better computer-aided DR
screening system [7, 8].

Many computer-aided screening systems can reducemas-
sive manual screening effectively [9, 10]. Gardner et al. [11]
propose an automatic DR screening system with artificial
neural network. Most of computer-aided DR screening
researches focus on reducing and improving doctor’s work. It
is noteworthy that Liew et al. [12] point out a critical issue; this
issue is about accuracy and cost effectiveness. A typical DR
screening hardware system includes but is not limited to high
resolution camera, computing system, and storage system.
The software system forDR screening systemmainly contains
three major parts: image processing [13], feature extraction
[14], and classification [15] (automatic diagnosis result of
computer).The architecture of computer-aidedDR screening
hardware system is clear and stable nowadays, but software
system still has much space for development. Classification
is an important breakthrough for improving DR screening
system, especially when applying active learning method
rather than supervised learning or unsupervised learning
method.
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(a) DR grade I (b) DR grade II (c) DR grade III

Figure 1: Representative images having different grades (I, II, and III).

(a) DR grade IV (b) DR grade V (c) DR grade VI

Figure 2: Representative images having different grades (IV, V, and VI).

However, to build an automatic computer-aided screen-
ing system raised a financial problem [16]. A DR screening
system faces three major requirements nowadays. First,
when a company builds a DR screening system for medical
purpose, the accuracy is a keymeasurement. Second, hospital
administrators need that this DR system not only can make
classification automatically but also can save more money
and time when it is running in the future. Third, the DR
screening system should raise meaningful queries to doctors
as many as possible, and cases that can be easily diagnosed by
computer should be queried as little as possible. Therefore, a
DR screening system should further have the following three
characters: (1) more accuracy, (2) smaller training dataset,
and (3) active learning.

For solving the above problems, we propose an ensemble-
kernel extreme learningmachine (KELM) based active learn-
ing with querying by committee classifier. Below are the
major contributions/conclusions of our work:

(1) Retinal image is easy to snap, but manually diagnos-
ing a result is of high cost.

(2) Kernel technique is suitable for classifying retinal
images which is related to classification in high
dimensional spaces.

(3) Ensemble learning (bagging technique) can ele-
vate classifier’s performance. Particularly, overfitting
occurs when training set is small .

(4) Active learning can further reduce the size of training
dataset compared to traditional machine learning
method in DR screening system.

(5) The committee can avoid unnecessary queries to
doctor; this is distinctive to other state-of-the-art DR
screening systems.

This paper is organized as follows: Section 2 shows
background of retinal images and related works, Section 3
presents the details of the proposed classifier, and Section 4
presents empirical experiment and results. Conclusions are
drawn in the final section.

2. Retinal Images and Related Works

2.1. Retinal Image and Detections. Figure 1 shows DR grade
[17]: I, II, and III. Figure 2 shows DR grade: IV, V, and VI.
Microaneurysm appears as tiny red dots in Figure 1; with
the worsening of diabetes, exudates occur as primary signs
of diabetic retinopathy. In Figures 1 and 2, inhomogeneity
appears and it can lead to loss of sight.

Doctors give diagnosis results based on 3 major lesions:
microaneurysm, exudates, and inhomogeneity. Moreover,
there are two useful anatomical detections: macula and optic
disc. In Table 1, five essential detections of DR screening are
listed.

2.2. Classic DR Screening System Architecture. DR screening
system [19] captures retinal images and gives diagnosis
results. The classic architecture of DR screening system is
shown in Figure 3.

A high resolution camera is used for capturing retinal
images. Then, retinal images are saved into storage system.
Usually, there is a preprocessing for retinal images; this
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Figure 3: DR screening system architecture.

process enhances image contrast and so forth. In the next
step,multiple features of retinal images are extracted by image
algorithms. Extracted features are represented in high dimen-
sional space. Therefore original retinal image is mapped into
high dimensional space. One retinal image is presented as a
vector (or a dot) in this high dimensional space. Finally, a
trained classifier gives a binary result (−1/1 or 1/0).This binary
result indicates that the vector belongs to the “positive” side or
the “negative” side. Figure 3 also exemplifies a brief workflow
in two-dimensional space.

Many DR screening system studies focus on the per-
formance of accuracy measurement. Dabramoff et al. [20]
pointed out that DR screening system is an investigated field.
Fleming et al. [21] showed that reducingmassmanual effort is
the key of creating DR screening system. Meanwhile, several
researchers focus on automatic diagnosis of patients having
DR [22]. Even though those researches and applications save
massive manual work, DR screening system cost can be
further reduced.

3. Ensemble Extreme Learning Machine
Based Active Learning Classifier with
Query by Committee

In this section, the proposed classifier is described in
detail. With the consideration of accuracy, time consuming,
computing resource consuming, high dimensional features
classification, and reducing artificial labeling, we adapt kernel
extreme learningmachine (KELM) and thenwe use ensemble
learning (bagging technique) to solve overfitting problem.
Moreover, the bagging-KELM can be trained in parallel
computing architecture.

3.1. Active Learning with Query by Committee. Active learn-
ing [23] has control over instances, once active learning
reaches query paradigm, in which the committee can assign
new artificial labeling task for human. Query by committee
(QBC) [24] is a learning method which adopts decision
of a committee to decide an unlabeled instance should be
asked for artificial labeling or not. Once an artificial labeling

Table 1: Essential detection of DR screening.

Detection target Detail information

Microaneurysm An extremely small aneurysm, it looks as
tiny red dots in retinal image.

Exudates
Fat or lipid leak from aneurysms or blood
vessels, it looks as small and bright spots
with irregular shape.

Inhomogeneity Regions of retina are different and unusual.

Macula
The macula is an oval-shaped pigmented
area near the center of the retina of the
human eye.

Optic disc The optic disc is the point of exit for
ganglion cell axons leaving the eye.

task is finished, the new artificial labeled instance is added
into training set. Therefore, the committee reduces testing
instances and enlarges training set with asking for artificial
labeling work. Since QBC has control over instances from
which it learns, QBC maintains a group of hypotheses from
training set; those hypotheses represent the version space.
For real word problems, the size of committee should be big
enough.

Figure 4 shows the proposed method. Our approach
contains 3 cyclic steps.

Step 1. KELM with bagging technique and committee are
trained synchronously. Initial training instances consist of
extracted features from DR images and corresponding arti-
ficial label marks.

Step 2. After the training procedure, the committee can
propose necessary queries for bagging-KELM.

Step 3. In the testing procedure, both bagging-KELMand the
committee receive testing instances and then bagging-KELM
asks permission from the committee. If committee agrees
with bagging-KELM, bagging-KELM gives a hypothesis for
an unlabeled instance as final diagnosis result. However,
if committee gives disagreement, the committee proposes
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Figure 4: Active learning with query with committee.

the unlabeled retinal image to human doctor (this increases
training instances).

To conclude, our approach is dealing with 3 optimization
problems: (1) increasing training dataset as little as possible,
(2) increasing training dataset with necessary queries, and (3)
decreasing testing dataset with control.

3.2. Kernel Extreme Learning Machine. Extreme learning
machine (ELM) [25] is a fast and accurate single-forward
layer feedforward neural network classification algorithm
proposed by Huang et al. Different from traditional neural
networks, ELM assigns perceptron with random weights in
the input layer and then the weights of output layer can be
calculated catalytically by finding the least square solution.
Therefore, ELM is faster than other learning algorithms for
neural network; the time cost is extremely low.

For diabetic retinopathy screening, given a training
dataset 𝑋 with 𝑁 labeled instances (𝑥

𝑖
, 𝑡
𝑖
), 𝑖 = 1, 2,

. . . , 𝑁, where each 𝑥
𝑖
is an 𝑛 dimensional vector, 𝑥

𝑖
=

[𝑥
1
, 𝑥
2
, 𝑥
3
, . . . , 𝑥

𝑛
]
𝑇

∈ 𝑅
𝑛, and 𝑡

𝑖
is an indicating label

of corresponding instance, the output of signal-layer forward
network with 𝑀 perceptrons in middle layer can be calcu-
lated as follows:

𝑀

∑

𝑖=1

𝛽
𝑖
𝑔
𝑖
(𝑥
𝑗
) =

𝑀

∑

𝑖=1
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𝑔 (𝑤
𝑖
+ 𝑥
𝑗
+ 𝑏
𝑖
) = 𝑡
𝑗
,

𝑗 = 1, 2, . . . , 𝑁,

(1)

where𝑤
𝑖
is the weights connecting the 𝑖th middle perceptron

with the input perceptron.𝛽
𝑖
is the weights connecting the 𝑖th

hidden perceptron with the output perceptron, and 𝑏
𝑖
is the

bias of the 𝑖th hidden perceptron.
𝑔(⋅) denotes nonlinear activation function; some classical

activation functions are listed as follows:

(1) Sigmoid function:

𝐺 (𝑎, 𝑏, 𝑥) =
1

1 + exp (− (𝑎 ⋅ 𝑥 + 𝑏))
. (2)

(2) Fourier function:

𝐺 (𝑎, 𝑏, 𝑥) = sin (𝑎 ⋅ 𝑥 + 𝑏) . (3)

(3) Hard limit function:

𝐺 (𝑎, 𝑏, 𝑥) =

{

{

{

1, if 𝑎 ⋅ 𝑥 − 𝑏 ≥ 0

0, otherwise.
(4)

(4) Gaussian function:

𝐺 (𝑎, 𝑏, 𝑥) = exp (−𝑏 ‖𝑥 − 𝑎‖2) . (5)

(5) Multiquadrics function:

𝐺 (𝑎, 𝑏, 𝑥) = (‖𝑥 − 𝑎‖
2
+ 𝑏
2
)
1/2

. (6)

Equation (1) can be expressed in a compact equation as
follows:

𝐻𝛽 = 𝑇, (7)

where𝐻 is the middle layer output matrix:

𝐻 =

[
[
[
[
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]

, (8)

where 𝛽 is the matrix of middle-to-output weights and 𝑇 is
the target matrix.
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In (8), weights 𝑤
𝑖
and bias 𝑏

𝑖
are assigned random float

number and 𝑔(⋅) is selected as sigmoid function; therefore
the output of middle perceptron can be determined very fast,
which is𝐻 in (7).

The remainingwork isminimum square error estimation:

min
𝛽

𝐻𝛽 − 𝑇
 . (9)

The smallest norm least squares solution for (9) can be
calculated by applying the definition of the Moore-Penrose
generalized inverse; the solution is as follows:

�̂� = 𝐻
−1
𝑇, (10)

where𝐻−1 is the generalized inverse of matrix𝐻.
The least squares solution of (10) based on Kuhn-Tucker

conditions can be written as follows:

𝛽 = 𝐻
𝑇
(
1

𝐶
+ 𝐻𝐻

𝑇
)

−1

𝑇, (11)

where𝐻 is themiddle layer output,𝐶 is regulation coefficient,
and 𝑇 is the expected output matrix of instances.

Therefore, the output function is

𝑓 (𝑥) = ℎ (𝑥)𝐻
𝑇
(
1

𝐶
+ 𝐻𝐻

𝑇
)

−1

𝑇. (12)

The kernel matrix of ELM can be defined as follows:

𝑀 = 𝐻𝐻
𝑇
: 𝑚
𝑖𝑗
= ℎ (𝑥

𝑖
) ℎ (𝑥
𝑗
) = 𝑘 (𝑥

𝑖
, 𝑥
𝑗
) . (13)

Therefore, the output function 𝑓(𝑥) of kernel extreme learn-
ing machine can be expressed as follows:

𝑓 (𝑥) = [𝑘 (𝑥, 𝑥1) , . . . , 𝑘 (𝑥, 𝑥𝑁)] (
1

𝐶
+𝑀)

−1

𝑇, (14)

where 𝑀 = 𝐻𝐻
𝑇 and 𝑘(𝑥, 𝑦) is the kernel function of

perceptrons in middle layer.
We adopt three kernel functions in this paper; they are as

follows:

POLY: for some positive integer 𝑑,

𝑘 (𝑥, 𝑦) = (1 + ⟨𝑥, 𝑦⟩)
𝑑
. (15)

RBF: for some positive number 𝑎,

𝑘 (𝑥, 𝑦) = exp(−
⟨(𝑥 − 𝑦) , (𝑥 − 𝑦)⟩

(2𝑎2)
) . (16)

MLP: for a positive number 𝑝 and negative number 𝑞,

𝑘 (𝑥, 𝑦) = tanh (𝑝 ⟨𝑥, 𝑦⟩ + 𝑞) . (17)

ComparedwithELM,KELMperforms similarly to or bet-
ter than ELM, and KELM is more stable [25]. Compared with
SVM, KELM spends much less time without performance
loses.

3.3. Bagging Technique. By applying ensemble learning [26]
to our approach, classifier can obtain better classification
performance when dealing with overfitting problem brought
by small training set. We apply bagging technique to enhance
KELM classifier. Bagging technique seeks to promote diver-
sity among the methods it combines. In the initialization
procedure, we adopt multiple different kernel functions and
different parameters. Therefore, a group of classifiers can be
built for bagging technique implementation.

When applying a group of KELMs with bagging method,
each KELM is trained independently and then those KELMs
are aggregated via a majority voting technique. Given a
training set TR = {(𝑥

𝑖
, 𝑦
𝑖
) | 𝑖 = 1, 2, . . . , 𝑛}, where 𝑥

𝑖

is extracted features from retinal images and 𝑦
𝑖
is corre-

sponding diagnosis result, we then build𝑀 training datasets
randomly to construct𝑀 KELMs bagging independently.

The bootstrap technique is as follows:

init:

given training datasets TR
𝑀 distinctive KELM

𝑖
, 𝑖 = 1, 2, 3, . . . ,𝑀

training:

construct subtraining datasets {STR
𝑖
| 𝑖 =

1, 2, . . . ,𝑀} formTRwith resampling randomly
and replacement
train KELM

𝑖
with STR

𝑖

classification:

calculate hypothesis 𝐻
𝑖
of ELM

𝑖
, 𝑖 = 1, 2, 3,

. . . ,𝑀

perform majority voting of𝐻
𝑖

4. Experiments and Results

4.1.MessidorDatabase andEvaluationCriteria. For empirical
experiment, we use public Messidor dataset [27] that consists
of 1151 instances. Images are of 45-degree field of view and
three different resolutions (440∗960, 2240∗1488, and 2304∗
1536).

Each image is labeled 0 or 1 (negative or positive diagnos-
tic result). 540 images are labeled 0; the remnants are labeled
1. Many researches did 5-fold (or 10-fold) cross-validation.
Thus, 80% of database is training dataset and the remaining
20% instances are testing dataset. We train Classification and
Regression Tree (CART), radial basis function (RBF) SVM,
Multilayer Perceptron (MLP) SVM, Linear (Lin) SVM, and
𝐾 Nearest Neighbor (KNN) with 80% of database and the
remaining 20% is as testing dataset.

For the proposed active learning (AL) classifier, we use
10%–20% of database as initial training dataset and give it
10%–15% of database as queries made by committee. There-
fore, 20%–35% of database is used to train active learning
classifier in total, and the remaining 65%–80% of database
is testing dataset. We also train ELM and KELM with 20%–
35% of database, and the remaining 65%–80% of database is
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testing dataset. Therefore, ELM, KELM, and our approach
are trained with the same amount of labeled instances;
the results can prove the availability of kernel technique,
bagging technique, and active learning. Committee contains
all classifiers which were mentioned in this paper.

In short, we use 80% of Messidor database to train 5
classifiers, and we cut more than half the training instances
to validate ELM, KELM, and our approach. Details are
presented in Section 4.3. Each classifier was tested 10 times.
The recommendations of the British Diabetic Association
(BDA) are 80% sensitivity and 95% specificity. Therefore,
accuracy, sensitivity, and specificity are compared among
those classifiers.

Sensitivity, accuracy, and specificity are defined as fol-
lows:

Sensitivity = TP
TP + FN

,

Accuracy = TP + TN
TP + FP + TN + FN

,

Specificity = TN
FP + TN

,

(18)

where TP, FP, TN, and FN are the true and false positive and
true and false negative classifications of a classifier.

4.2. Retinal Image Features. Table 2 lists every feature
extracted from retinal images with feature information. The
retinal images are mapped in a 19-dimensional space.

The details of image features used in Messidor database
are listed as follows:

(1) Quality Assessment. Messidor database contains suffi-
cient quality image for a reliable diagnosis result. After
detecting vessel system, the box count values can be
calculated for a supervised learning classifier. The
vessel segmentation algorithm is based on Hidden
Markov Random Fields (HMRF) [28].

(2) Prescreening. Images are classified as abnormal or to
be needed for further processing. Every image is split
into disjoint subregions and inhomogeneity measure
[29] is extracted for each subregion. Then a classifier
learns from these features and classifies the images.

(3) MA Detection. Microaneurysms appear as small red
dots and they are hard to find efficiently. The MA
detection method used in Messidor database is based
on preprocessing method and candidate extractor
ensembles [30].

(4) Exudate. Exudates are bright small dots with irregular
shape. By following the likely complex methodology
as for microaneurysm detection [30], it combines
preprocessing methods and candidate extractors for
exudate detection [31].

(5) Macula Detection. Macula is located in the center of
the retina. By extracting the largest object from image
with brighter surroundings [32], the macula can be
detected effectively.

Table 2: Image features of Messidor dataset [18].

Feature Feature information

(0) The binary result of quality assessment. 0: bad
quality; 1: sufficient quality.

(1)
The binary result of prescreening, where 1
indicates severe retinal abnormality and 0 its
lack.

(2–7)
The results of MA detection. Each feature value
stands for the number of MAs found at the
confidence levels alpha = 0.5 ⋅ ⋅ ⋅ 1, respectively.

(8–15)

Contain the same information as (2–7) for
exudates. However, as exudates are represented
by a set of points rather than the number of
pixels constructing the lesions, these features
are normalized by dividing the number of
lesions with the diameter of the ROI to
compensate different image sizes.

(16)

The Euclidean distance of the center of the
macula and the center of the optic disc to
provide important information regarding the
patient’s condition. This feature is also
normalized with the diameter of the ROI.

(17) The diameter of the optic disc.

(18) The binary result of the AM/FM-based
classification.

(19)
Class label. 1: containing signs of DR
(accumulative label for the Messidor classes 1,
2, and 3); 0: no signs of DR.

(6) Optic Disc Detection. Optic disc is anatomical struc-
ture with circular shape. Ensemble-based system of
Qureshi et al. [33] is used for optic disc detection.

(7) AM/FM-Based Classification. The Amplitude-
Modulation Frequency-Modulation method [34]
decomposes the green channel of the image and then
signal processing techniques are applied to obtain
representations which reflect the texture, geometry,
and intensity of the structures.

4.3. Experiment Results. CART, RBF, MLP, Lin, KNN, AL,
KELM, and ELM are compared in experiments. For CART,
RBF, MLP, Lin, and KNN, 80% of labeled retinal images
are offered to these 5 classifiers as training dataset. The
parameters of those 5 classifiers are determined by grid search
on training dataset. To AL, KELM and ELM are also used as
grid-searchmethod to set hidden layer.TheMATLABR2015a
version is used in this paper.

Figure 5 shows the boxplot of normalized correct classifi-
cations. In Figure 5(a), AL has 115 instances (10% of Messidor
database) for initial training and 115 more instances (10% of
Messidor database) are queries from committee. Therefore,
230 (20% ofMessidor database) instances are used in training
AL in total. For testing kernel, bagging technique, and active
learning, KELM and ELM are offered 230 training instances
(20% of Messidor database). Other 5 classifiers are trained
with 920 instances (80% of Messidor database).



Computational and Mathematical Methods in Medicine 7

CART RBF MLP Lin KNN AL KELM ELM

0.65

0.75

0.85

0.6

0.7

0.8

(a)
CART RBF MLP Lin KNN AL KELM ELM

0.65

0.75

0.85

0.6

0.7

0.8

(b)

Figure 5: (a) Using 10% of Messidor dataset as initial training dataset and the committee proposes 10% of dataset as queries and (b) using
10% of Messidor dataset as initial training dataset and the committee proposes 15% of dataset as queries.
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Figure 6: (a) Using 15% of Messidor dataset as initial training dataset and the committee proposes 10% of dataset as queries and (b) using
15% of Messidor dataset as initial training dataset and the committee proposes 15% of dataset as queries.

KELM is classified more accurately than ELM by the ker-
nel technique. Bagging technique and active learningmethod
further elevate classification accuracy of KELM. Comparing
AL with other 7 classifiers, its correct classification is about
2%∼20% higher than other classifiers in Figure 5(a), and the
training dataset of AL is only 25% of other 5 classifiers.
MLP, CART, and KNN are the worst three classifiers. RBF
performs a little better than ELM, but RBF has three times
more labeled instances than ELM. Lin performs better than
ELM and KELM, but it is slightly lower than AL.

Similarly, in Figure 5(b), active learning and other clas-
sifiers have been tested again. KELM gives more correct
classification results and AL is better than both ELM and
KELM. Comparing AL with other classifiers, AL achieves
better classification accuracy and AL only needs 287 labeled
instances for training.

In Figure 6, CART, RBF, MLP, Lin, and KNN are exactly
the same as in Figure 5. In Figure 6(a), a bigger initial
training dataset (15%) is used to train AL and 25% labeled
instances are given to KELM and ELM as training dataset. In
Figure 6(b), 30% labeled instances are given to KELM and
ELM for training. In Figure 6, kernel technique helps ELM
to produce more correct classification results, and the active
learning method still further boosts KELM. In Figure 6, Lin
performs closely to AL, but Lin has nearly triple the size of
training dataset.Therefore, the disadvantage of Lin is the need
of massive manual work.

Figure 7 shows 20% of labeled instances as initial training
dataset for AL. Figure 7 proves the same conclusion as shown
in Figures 5-6; kernel technique, bagging technique, and
active learning are effective and efficient for improving ELM.
It should be noticed that KELM and ELM are tested twice
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Figure 7: (a) Using 20% of Messidor dataset as initial training dataset and the committee proposes 10% of dataset as queries and (b) using
20% of Messidor dataset as initial training dataset and the committee proposes 15% of dataset as queries.

Table 3: Details of Figures 5–7 (accuracy).

Classifiers Max Min Mean

Figures 5–7

CART 80 0.775 0.693 0.725
RBF 80 0.805 0.728 0.770
MLP 80 0.718 0.623 0.669
Lin 80 0.856 0.741 0.818
KNN 80 0.758 0.646 0.720

Figure 5(a)
AL 10 10 0.872 0.799 0.838
KELM 20 0.832 0.785 0.808
ELM 20 0.804 0.725 0.783

Figure 5(b)
AL 10 15 0.880 0.807 0.846
KELM 25 0.803 0.776 0.790
ELM 25 0.799 0.705 0.761

Figure 6(a)
AL 15 10 0.886 0.804 0.836
KELM 25 0.834 0.771 0.798
ELM 25 0.813 0.745 0.778

Figure 6(b)
AL 15 15 0.871 0.797 0.851
KELM 30 0.812 0.765 0.792
ELM 30 0.804 0.705 0.769

Figure 7(a)
AL 20 10 0.874 0.800 0.839
KELM 30 0.833 0.774 0.795
ELM 30 0.824 0.763 0.790

Figure 7(b)
AL 20 15 0.878 0.812 0.843
KELM 35 0.837 0.776 0.811
ELM 35 0.823 0.753 0.800

Max of column 0.886 0.812 0.851

which Figures 5(b) and 6(a) present. Similarly, Figures 6(b)
and 7(a) also present twice the comparison results of ELM
and KELM. Table 4 lists results of Figures 5–7 in detail.

Table 3 contains 5 columns; the names of classifiers are
attached with experiment parameters. For instance, KNN 80
is that KNN classifier is trained with 80% of instances. The

Table 4: Sensitivity and specificity.

Classifiers Sensitivity mean Specificity mean
CART 80 77.64% 83.10%
RBF 80 78.07% 86.17%
MLP 80 74.41% 84.52%
Lin 80 80.29% 88.96%
KNN 80 77.13% 88.13%
AL 10 10 81.69% 91.46%
KELM 20 79.44% 90.81%
ELM 20 78.92% 90.03%
AL 10 15 82.38% 91.54%
KELM 25 78.43% 90.72%
ELM 25 77.80% 90.26%
AL 15 10 82.67% 92.11%
KELM 25 80.54% 91.23%
ELM 25 79.87% 90.78%
AL 15 15 82.63% 92.08%
KELM 30 81.88% 91.91%
ELM 30 81.35% 90.35%
AL 20 10 82.78% 91.58%
KELM 30 81.83% 90.03%
ELM 30 81.10% 89.61%
AL 20 15 82.63% 91.72%
KELM 35 81.95% 90.18%
ELM 35 81.21% 88.96%

max, min, and mean are calculated from 10 runs. AL 10 15 is
that 10% of labeled instances are as initial training dataset and
15% of labeled instances are queries form committee.

In Table 3, the lower limit and mean value of AL 10 10
are the highest in column.The upper limit of AL 20 10 is the
highest in column.

In Table 4, mean values of sensitivity and specificity
are listed for all classifiers. The first column of Table 4 is
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corresponding experiment as Table 3. Second column ismean
values of sensitivity, and third column is mean values of
specificity. All mean values are statistical result of 10 runs.
Sensitivity mean values are between 0.74 and 0.82; specificity
mean values are between 0.83 and 0.92.

4.4. Discussions. In this section, we present two issues about
experiment results: (1) what are the advantages of KELM? (2)
Is the proposed method suitable for medical implement?

TheKELM is ELMwith kernel technique; this approach is
similar to SVM. The kernel technique can map original data
(linear inseparable) into a new space (higher dimensional
space but linear separable) for a linear classifier. The major
contribution of KELM is that kernel technique helps ELM to
face a high dimensional classification problem which is faster
than kernel-SVMwhen solving the same problem. Especially
in this paper, the Messidor dataset contains 18 features; all
classifiers must give a hypothesis in 18-dimensional space.

The proposedmethod is suitable for implementation.The
recommendations of the British Diabetic Association (BDA)
[35] are 80% sensitivity and 95% specificity.The test results of
our method are close to those two standards.

5. Conclusion

In this paper, an active learning classifier is presented for
further reducing diabetic retinopathy screening system cost.
Classic researches did 5- or 10-fold cross-validation which
implies that massive diagnosis results should be prepared
beforehand. Unlike other state-of-the-art methods, we focus
on further reducing cost. We use kernel extreme learning
machine to deal with classification problem in high dimen-
sional space. For solving overfitting problembrought by small
training set, we adapt ensemble learning method. By using
active learning with QBC, the ensemble-KELM learns from
manual diagnosis result by necessary queries.

Our approach and other comparative classifiers had been
validated on public diabetic retinopathy dataset. Kernel tech-
nique and bagging technique are also tested and analyzed.
Empirical experiment shows that our approach can classify
unlabeled retinal images with higher accuracies than other
comparative classifiers, but the size of training dataset is
much smaller than other comparative classifiers. With the
consideration of implementation, the performance of our
approach is close to the recommendations of the British
Diabetic Association.
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