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Every accumulation of data in its raw form holds obscure
patterns. Pattern recognition deals with the science of trans-
forming and classifying entities on the basis of these patterns.
It is a vast field as it deals with data from diverse sources.
Data can be of single dimensional nature as in case of stock
exchanges and sound, two-dimensional as in case of images,
and even multidimensional. It has many applications, for
example, inmedical science, it provides origins for computer-
aided diagnosis (CAD) which supports medical practitioners
in interpretations and finding of diseases. It has other typical
applications: automatic speech recognition; recognition of
text in various categories; and automatic recognition of
human faces. Moreover, the genetic and protein structure in
living organisms form intrinsic patterns. Data collected from
the decomposition of these proteins help to identify them and
hence to classify the protein.The ultimate objective is tomake
machines ideally as intelligent as humans in recognizing
such patterns which help to form automated systems for
conduction of routine matters.

Bioinformatics deals with development of algorithms and
software for understanding the biological data. For analyzing
and interpretation of the biological data, bioinformatics uses
mathematics, statistics, computer, and engineering. There
exists a lot of work in molecular biology using various
approaches of bioinformatics like image processing and
machine learning.

Bioinformatics not just deals with application of pattern
recognition for protein classification but it also incorporates

use of computational intelligence in protein sequencing,
gene expression, comparative genomics, mutation, disease
genetics, and molecular interactive networks.

In this special issue, we focused on innovation of cutting
edge technology in the fields of pattern recognition and
bioinformatics with multidimensional scope.

The articles published in this issue contain various aspects
of PARE. Y. Ren et al. propose an algorithm Autoregressive
Bayesian spectral Regression (ABSR) to estimate rhythmicity
of a gene expression profile with short time series. G.
Zhao et al. propose a supervised learning-based Chinese
Visible Human (CVH) brain tissues segmentation method
that uses stacked autoencoder (SAE) to automatically learn
the deep feature representations. A. Butt et al. present a
computationally intelligent technique used for the prediction
of membrane protein. They use statistical moments for
extracting features. Furthermore, for prediction ofmembrane
protein, multilayer neural network is trained based on back-
propagation. S. Qadri et al. describe pattern recognition for
the classification of five land cover patterns data from remote
sensing images. These land patterns are used quantitatively
in the form of texture and multispectral data. Moreover,
selection techniques and artificial neural network are used for
selection of texture features and for classification land cover
patterns data, respectively.

The work by Nguyen et al. performs a number of quan-
titative and structure-based analyses including hydrophobic
percentage calculation, structural modeling, and molecular
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docking study of bacteriocins of interest against protein p53,
a cancer target.

U. Jamil et al. use an automatic approach to preprocessing
the image and then segment the skin lesion. The main aim
is to find the accurate result to diagnose melanoma, the 5th
formof skin cancer.The automatic system can filter unwanted
artifacts including hairs, gel, bubbles, and specular reflection.
The approach is further tested and compared and found the
better result.
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Digital dermoscopy aids dermatologists in monitoring potentially cancerous skin lesions. Melanoma is the 5th common form of
skin cancer that is rare but the most dangerous. Melanoma is curable if it is detected at an early stage. Automated segmentation
of cancerous lesion from normal skin is the most critical yet tricky part in computerized lesion detection and classification. The
effectiveness and accuracy of lesion classification are critically dependent on the quality of lesion segmentation. In this paper,
we have proposed a novel approach that can automatically preprocess the image and then segment the lesion. The system filters
unwanted artifacts including hairs, gel, bubbles, and specular reflection. A novel approach is presented using the concept of wavelets
for detection and inpainting the hairs present in the cancer images. The contrast of lesion with the skin is enhanced using adaptive
sigmoidal function that takes care of the localized intensity distribution within a given lesion’s images. We then present a segmen-
tation approach to precisely segment the lesion from the background. The proposed approach is tested on the European database
of dermoscopic images. Results are compared with the competitors to demonstrate the superiority of the suggested approach.

1. Introduction

Skin cancer early detection is very important because of
its successful and economic treatment. Skin cancer is the
most common form of cancer which is rapidly increasing in
recent decades [1]. Malignant melanoma (MM) is the most
common type of skin cancer which is usually found in white
skin people but has also been rarely seen in the dark skin
individuals. Early stage diagnosis of skin cancer is extremely
critical for its treatment. Amongst various types of skin
cancer, melanoma is one of the most fatal diseases which has
the highest death rate. Melanoma originates in melanocytes
which are the cells in the skin that produce pigment or
melanin. It mostly occurs on those parts of the human body
that are exposed to sunlight such as head, neck, arms, trunk,
and legs. Nowadays, manual visual diagnosis of melanomas
by trained professionals is most commonly used in the
detection and classification of melanomas. Melanoma skin
cancer can further be categorized into malignant melanoma
and nonmalignant melanoma. Malignant melanoma is the

least common but yet the more aggressive of the two types
of skin cancer.

Dermoscopy, also called dermatoscopy or skin surface
microscopy, is the technique of investigating the skin lesions
that helps professionals in cancer examination. Digital der-
moscopy is considered to be preferred approach due to its
correctness and accuracy in the results. Digital cancer images
are used in Computer Aided Diagnostic (CAD) systems for
screening ofmelanoma and its different stages.Different signs
of disease appear with different properties on the surface
of lesion and it is the goal of CAD systems to identify
these signs for timely and accurate treatment of cancer.
Automated detection of melanoma is comprised of various
steps including preprocessing, extracting region of interest,
postprocessing, and finally segmentation.

Image segmentation is the process of segmenting a digital
image into multiple partitions. The aim of segmentation is
to filter irrelevant information from the image that is not
the part of lesion. Dermoscopic images are generally affected
by certain artifacts including smooth transition between
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(a) (b)

(c) (d)

Figure 1: Sample dermoscopic images containing malignant melanoma and highlighting the variations in the melanoma lesions. (a) Smooth
transition between lesion and the image. (b) Specular reflection. (c) Presence of hairs. (d) Gel and bubble presence.

lesion and the skin, presence of hairs, transition effects of
gel and water bubble, multiple colored lesions, and specular
color reflections. Segmentation is further problematic due to
irregular shapes [2] and sizes of lesions with different textures
and skin types [3, 4]. Some sample digital dermoscopic
images of malignant melanoma, highlighting these artifacts,
are presented in Figure 1. Preprocessing steps are required
to handle these artifacts which will otherwise have negative
impact on the feature computation and in turn skin cancer
categorization. After removal of problematic artifacts, region
of interest from the image is extracted and the lesion is seg-
mented from the image. After segmenting, we try to identify
and compute features which makes different categories of
melanoma distinct from each other.These features are further
used by classifiers such as [5–8] to automatically recognize
different types of melanoma. This paper is primarily focused
on the first two steps of dermoscopic analysis of melanoma
that include preprocessing and segmentation [9]. Image pro-
cessing approaches [10, 11] and research in related domains
such as retinal lesion detection and classification [12–14] are
also somewhat relevant to the problem at hand of skin lesion
segmentation, feature extraction, and classification.

In this paper, we present our segmentation approach
for extracting lesion from skin whilst taking care of the
problems of gel, bubbles, hairs, vessels, contrast variations,
and other artifacts. The main contribution of the paper is
a novel approach for effectively handling the problem of
hairs and vessels, enhancing the luminance information, and
stretching the contrast between skin and lesion pixels for

effective segmentation of lesion. In this paper, we present an
effective approach to handle the problems of unwanted arti-
facts such as hairs and tiny vessels by employing directional
wavelet filters and enhancing/detecting pixels representing
these artifacts.The detected hairs and vessel pixels are filtered
and a novel inpainting approach is presented to fill the
missing pixels using neighborhood information.Theproblem
of uneven luminance is also addressed by estimating nonuni-
form illumination and performing equalization in luminance
information. The problem of contrast stretching between
skin and lesion is addressed by proposing adaptive sigmoidal
function that computes and utilizes cut-off value suitable for
individual images. The enhanced image is then processed to
segment lesion from skin using combination of thresholding
and morphological operations. The proposed approach is
tested on the European database of dermoscopic images.

The remainder of the paper is organized as follows.
In Section 2, we present a review of recent lesion seg-
ment approaches. Section 3 presents the overview of our
proposed lesion segmentation approach. In Section 4, we
present our novel methodology for effective detection of
hairs and later removing them using proposed inpainting
approach. Section 5 presents our proposed contrast enhance-
ment/stretching and lesion segmentation approach using
enhanced dermoscopic image. Experiments are conducted
to demonstrate the superiority of the proposed approach
as compared with the competitors. These experiments are
discussed in Section 6. The last section summarizes the
proposed approach and the experimental findings.
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2. Related Work

To deal with preprocessing and segmentation problems,
many algorithms have been proposed that can be broadly
classified as thresholding, edge-based, and region-based
methods. In [15], a thresholding based segmentation ap-
proach is presented.They used combination of global thresh-
olding, adaptive thresholding, and clustering techniques.
Their approach attains good results when there is good
contrast between the lesion and the skin. However, their
approach will not provide impressive performance where
there is a poor contrast and smooth transition between skin
and lesion which is a norm. In assumption of bimodal dis-
tribution, if a global threshold is applied, it will result in poor
segmentation results. Abbas et al. [16] presented an automatic
segmentation technique based on double thresholding for
segmentation.

Edge-based lesion segmentation approaches are pre-
sented in [17–19]. Gonzalez and Woods [17] presented an
approach for lesion segmentation that is based on the
zero-crossings of the Laplacian-of-Gaussian. A variety of
active-contour based approaches have been proposed [18,
19]. Argenziano et al. [18] presented gradient vector flow
(GVF) based active-contour model whereas Celebi et al. [19]
presented geodesic active-contour model and the geodesic
edge tracing for lesion segmentation. Edge-based approaches
perform poorly when the boundaries of the lesions are not
well defined and the color transition between skin and lesion
is smooth. Another difficulty is the presence of fake edge
points caused by the presence of artifacts such as hair, color
reflections, or irregularities in the skin texture which are not
the part of the lesion boundary [20].

Region-based approaches have also been employedwhich
include multiscale region growing [21], direction sensi-
tive modified fuzzy c-means algorithm [22], morphological
flooding [15], multiresolution Markov random field algo-
rithm [18], and statistical region merging [23]. Region-
based approaches have difficulties in the presence of vari-
ation in color and/or the presence of texture in lesion or
skin region leading to oversegmentation. Gómez et al. [24]
provide a comparison of different techniques presented to
segment lesions in dermoscopic images including adaptive
thresholding [25], fuzzy c-means [26], spherical coordinate
transform (SCT)/center split [27], principal components
transform (PCT)/median cut [27], split and merge [28], and
multiresolution segmentation [28]. They have not included
any edge-based techniques in their comparative analysis.

In the past decades, a variety of techniques have been
proposed for skin lesion detection or segmentation [18, 19,
29, 30] based on thresholding, clustering, and region growing
in gray scale. Unsupervised techniques based on statistical
region merging (SRM) and color-texture (JSEG) algorithms
are proposed in [23] and [31], respectively. Abbas et al. [16]
proposed a segmentation technique based on region-based
active contour (RAC). Lissner and Urban [23] introduced an
improved dermatologist-like tumor area extraction (DTAE)
algorithm. In addition, the remaining techniques are mostly
based on nonuniform color spaces [32, 33].

According to Emre Celebi et al. in [34], in automated
skin lesion diagnostic system, boundary detection system and
image acquisition process should be described in sufficient
detail. Testing should be done from random collection of
images from a large and diverse image database. Test set of
images should be large enough to ensure statistically valid
conclusions. Test image group should not be used to train the
boundary detection method. Distribution of the diagnostic
image sets should be specified.The algorithmwith reasonable
computational requirements should be used. The evaluation
of the results to determine lesion boundaries should be
compared with marked boundaries taken from different der-
matologists.The results should be compared with other stud-
ies published. The implementation of boundary detection
method should be public to improve accessibility and reuse.

Another skin cancer segmentation approach is variational
model for image segmentation presented in [35]. Mean shift
based gradient vector flow algorithm was validated against
competing methods including classical GVF and level set
and it provided best accuracy and robustness. Among the
most advanced technologies, this method is quite accurate,
because it gets iterative energy minimization process the best
solution. The algorithm incorporates a function of the mass
density with classic GVF term. Achieving this final solution is
based on the integration of support functions and mean drift
estimate numerical optimization program [27].

3. Overview of Proposed
Segmentation Framework

In this section, we present an overview of our proposed
approach for the segmentation of melanocytic and nevus
lesions from skin whilst handling the problems of hairs, gel,
inconsistent contrast, and other artifacts. The proposed algo-
rithm is composed of three major steps including hair detec-
tion and inpainting, color space transformation, and contrast
stretching/enhancement and then finally segmentation of the
lesion area. The flow diagram of the proposed methodology
is presented in Figure 2. The proposed system takes a
dermoscopic image as an input and removesmajor unwanted
artifact of hairs to avoid its effect on subsequent steps of image
enhancement and segmentation. Hair removal is achieved
by highlighting and detecting hairs and further removing
them by inpainting the hair pixels using their neighborhood
information. The system then performs desired color space
transformation and performs image enhancement on the
selected component of color space to better differentiate
between skin and lesion. Lesions are then segmented from
the background skin image in the final step.

4. Hair Artifacts Removal

In this section, we present our proposed approach for
removal of hair artifacts before segmentation of lesions.
This is a classification-free method which enhances the
hair information using Gabor wavelet-based directional fil-
ters/enhancement and then mitigates its effect using inpaint-
ing based segmentation technique employing neighborhood
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Hair artifacts removal

Image enhancement and
lesion segmentation

Input skin cancer image

Hair enhancement and
segmentation

Hair inpainting

Contrast enhancement and
stretching

Lesion segmentation

Output image with
segmented lesion

Figure 2: Phases of automated skin lesion segmentation system.

Hair
detection

Enhancement

Hair
inpainting

Figure 3: Flow diagram for hair artifacts removal algorithm.

estimation. The proposed approach for hair artifact removal
focuses on reducing the effect of hair in lesion segmentation
which appears as false positive and degrades system per-
formance. Figure 3 shows flow diagram of proposed system
for hair artifact removal. Hair artifact removal method first
detects all the hairs present in image and creates a binary
mask of all hairs. The detected hair regions are then filled
using an algorithm of Neighborhood Based Region Filling
(NBRF). The key idea of this method is to inpaint the hairs
before lesion enhancement and segmentation so as to avoid
the enhancement of artifacts upon applying enhancement
and segmentation techniques.

4.1. Hair Enhancement and Segmentation. Themajor artifact
that creates problem in lesion segmentation is the presence
of thin hairs in the image. So it is necessary to improve the

image pattern. We have used 2D Gabor wavelet to enhance
the image pattern and highlight the hair definition [25].These
wavelets are the best option to tune in frequencies due to their
potential of fine feature detection. In order to apply Gabor
wavelet, we used continuous time wavelet transformation
(CWT) [26]. The 2D CWT 𝑇

Φ
(b, 𝜃, 𝑎) is defined in terms of

the scalar product of 𝑓(𝑥, 𝑦) with the transformed wavelet
Φb,𝜃,𝑎(x):

𝑇
Φ (b, 𝜃, 𝑎)

= 𝑊
−1/2

Φ
𝑎∫ exp (𝑗Rb) Φ̂∗ (𝑎𝑟

−𝜃
R) �̂� (R) 𝑑2R.

(1)

Here, 𝑗 = √−1 and Φ̂ is Fourier transform ofΦ.𝑊
Φ
,Φ∗, b, 𝜃,

and 𝑎 denote the normalizing constant, complex conjugate of
Φ, the displacement vector, the rotation angle, and the dila-
tion parameter, respectively. 𝑟

−𝜃
is two-dimensional rotation

along x. The mathematical functions for Gabor wavelet and
its Fourier transform are defined as

ΦGabor (x) = exp (𝑗R
0
x) exp(−1

2
|Ax|2) ,

Φ̂Gabor (x) = (det𝐴−1)
1/2

exp(−1

2
(𝐴
−1

(R − R
0
)
2
)) ,

(2)

where x = [𝑥 𝑦]
𝑇 andR

0
is a vector that defines the frequency

of the complex exponential.𝐴 = [ 𝜖
−1/2

0

0 1
]with elongation 𝜖 ≥

1 is a 2 × 2 positive definite diagonal matrix which defines
the wavelet anisotropy and elongation of filter in any desired
direction. For each pixel position with fixed values of b and
𝑎, the Gabor wavelet transform 𝑇

Φ
(b, 𝜃, 𝑎) is computed for 𝜃
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Figure 4: Hair detection. (a) Original image. (b) Hair enhancement using Gabor wavelet. (c) Binary hair mask using adaptive thresholding.

Table 1: Parameter values for Gabor wavelet.

Parameter Value
Dilation (𝑎) 2.5
Elongation (𝜖) 3
Rotation angle (𝜃) 15∘

𝑘
0

[0, 3]

spanning from 0
∘ up to 165∘ at steps of 15∘ and the maximum

is taken:

𝑀
Φ (𝜃) = max 𝑇Φ (b, 𝜃, 𝑎)

 . (3)

Table 1 shows the values for Gabor wavelet parameters which
are used for enhancement of hairs.

The next step is to make binary mask of hair and it is
done by applying adaptive OTSU’s thresholding algorithm
[14]. Figure 4 shows hair enhancement and binary mask
generation results.

4.2. Hair Inpainting. Hair detection module makes a binary
mask for all hairs present in the image. The next step is to
remove all hair pixels and fill those pixels to have a smooth
image.Hair inpainting step takes binary hairmask as an input
and fills all the hair regions in a very smooth manner by
using an algorithm of Neighborhood Based Region Filling
(NBRF). NBRF algorithm works in radial way towards the
center of the objects. It fills hairs in a very smooth way by
estimating the neighborhood and averaging the background.
It runs iteratively which eventually blends all hairs within
the filled region. Algorithm 1 shows the algorithm for NBRF.

The algorithm runs in a recursive manner and fills all hair
pixels using morphological operations until all pixels are
filled. Figure 5 shows the results of image with inpainted hairs
obtained after applying NBRF algorithm.

5. Lesion Segmentation after
Contrast Enhancement and Stretching in
Luminance (𝐿) Space

In this section, we present our approach for image enhance-
ment by performing contrast enhancement and stretching.
Our proposed approach operates on the luminance (L) com-
ponent of the 𝐿∗𝑎∗𝑏∗ color space. It has been observed that
there is awide variation in luminance information of different
images. Similarly, the contrast between the skin and the lesion
is critically dependent on lighting conditions and tone of
skin and lesion pixels. This results in significant variation in
contrasts of skin and lesion pixels over different dermoscopic
images. Equalization of luminance and enhancement of
contrast between skin and lesion pixel are therefore critical
for the success of lesion segmentation algorithm.

5.1. Contrast Enhancement. In this section, we present an
approach for correction of illumination in the extracted L
channel of the image based on imaging condition and the
geometry knowledge to provide a visually standard value of
lightning for all of the images. This approach can be trivially
extended to correct the color components of the dermoscopic
images if required. The proposed solution works with the
following steps.
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(a) (b)

(c)
Figure 5: (a) Original image. (b) Image after removal of hair pixels. (c) Image after filling hair pixels using NBRF.

Step 1.
Calculate the hair mask.

HairMask ← dilate(HairMask)
Step 2.

Set the intensity values of original image equals to zero where intensities of the Hair Mask are not equal to zero.
TmpInp ← Org Img(HairMask ̸= 0) = 0

Step 3.
Repeat the process while all Hairs are not inpainted.
{

Do Erosion
HairMask ← erode(HairMask);

Perform Hair Inpainting
TmpInp ← 𝑐𝑎𝑙𝑙 HairInp(TmpInp,HairMask)

}

End of the Iterative process.
Step 4.

Final Inpainted image is obtained.
ImgInp ← TmpInp

𝐼 = HairInp(I,HairMask);
PxToFill ← HairMask − erode(HairMask);
∀
𝑝
∈ PxToFill | PxToFill (𝑝) ̸= 0

𝐼(𝑝) = mean 𝐼(𝑞);

Algorithm 1: Stepwise specification of NBRF Algorithm.

5.1.1. Estimation of Nonuniform Illumination in L Channel.
Thisphase takes luminance (L) channel as input andperforms
the nonuniform illumination estimation present in L channel
of the image using the following steps:

(1) Compute initial background mask (potentially repre-
senting the skin pixels) as follows:

bg (𝑥, 𝑦) =
{

{

{

1 iff 𝐿 (𝑥, 𝑦) > 1.2 ∗ thresh (𝐿)

0 otherwise,
(4)

where thresh(⋅) is a function that automatically
detects a threshold value to binarize gray scale image
as proposed in [36].
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(2) Calculate 𝑢
𝐿
(𝑥, 𝑦) as follows:

𝑢
𝐿
(𝑥, 𝑦) =

(𝐿 (𝑥, 𝑦) ∗ bg (𝑥, 𝑦)) ⊕ 𝐺
𝑚
(𝑥, 𝑦)

bg (𝑥, 𝑦) ⊕ 𝐺
𝑚
(𝑥, 𝑦)

, (5)

where

𝐺
𝑚
(𝑛
1
, 𝑛
2
) =

− (𝑛
2

1
+ 𝑛
2

2
− 2𝜎
2
) ℎ
𝑔
(𝑛
1
, 𝑛
2
)

2𝜋𝜎6∑
𝑛1
∑
𝑛2
ℎ
𝑔
(𝑛
1
, 𝑛
2
)

,

ℎ
𝑔
(𝑛
1
, 𝑛
2
) = exp

− (𝑛
2

1
+ 𝑛
2

2
)

2𝜎2

(6)

is Gaussian kernel, with the standardized parameters.
(3) Compute the illumination estimation 𝐸

𝐿
as follows:

𝐸
𝐿
(𝑥, 𝑦) =

𝐺
𝑓𝑚

𝐺 (𝑥, 𝑦) ∗ 𝑢 (𝑥, 𝑦) ⊕ 𝐺
𝑚
(𝑥, 𝑦)

𝐺
𝑓𝑚

(𝑥, 𝑦) ⊕ 𝐺
𝑚
(𝑥, 𝑦)

, (7)

where

𝐺
𝑓𝑚

(𝑥, 𝑦) = (𝑢
𝐿
(𝑥, 𝑦) − 𝐿 (𝑥, 𝑦) ≤ 0.05) ∗ bg (𝑥, 𝑦) . (8)

5.1.2. Equalization of L Channel. The estimated nonuniform
luminance distribution component𝐸

𝐿
, computed using (7), is

then used to generate the equalizedL channel (𝐿eq) as follows:

𝐿eq (𝑥, 𝑦) = 𝐿 ref ∗
𝐿 (𝑥, 𝑦)

𝐸
𝐿
(𝑥, 𝑦)

, (9)

where 𝐿 ref is a constant used to adjust the overall illumination
of the image. We assume 𝐿 ref = 0.59 based on empirical
evaluation.

5.1.3. Contrast Stretching. In this section, we present our
proposed approach to stretch the contrast of the dermoscopic
image to enhance the illumination variation between skin
and lesion pixels. To achieve this, we normalize the equalized
luminance image (𝐿eq) using

𝐿eq (𝑥, 𝑦) =
𝐿eq (𝑥, 𝑦) − 𝐿eq min

𝑘 (𝐿eq max − 𝐿eq min)

for 𝐿eq min ≤ 𝐿eq (𝑥, 𝑦) ≤ 𝐿eq max,

(10)

where 𝐿eq min and 𝐿eq max are the 1st and 99th percentile val-
ues, respectively, within the equalized L component 𝐿eq(𝑥, 𝑦)
and 𝑘 is the constant that determines the intensity of skin
pixels other than lesions. The value of 𝑘 is determined
empirically and is set to 0.75.

The contrast between the luminance of skin and lesion
pixels is enhanced by employing adaptive sigmoidal using
cut-off value computed separately for each dermoscopic
image. A good value for cut-off 𝛿 is approximated by com-
puting cumulative histogram of 𝐿eq image.We can employ 𝑏-
bit quantization for the computation of cumulative histogram
which implies that the histogram of 𝐿eq component is

quantized using 2
𝑏 bins. Employing higher number of bins

makes the proposed approach sensitive to local fluctuations
in histogram whereas lower number of bins will result in
rough approximation of 𝛿. We have employed 𝑏 = 4 based
on empirical evaluation. Let CH

𝐿
represent the cumulative

histogram of enhanced luminance component of the image
(𝐿eq); the value for 𝛿 is approximated as follows:

𝛿 = ℘ ∗ arg max
(𝑖)

(CH
𝐿
(𝑖)) ∗ 2

𝑏
, (11)

where 𝑖 is the bin index of histogram CH
𝐿
, CH
𝐿
is first-order

derivative of CH
𝐿
, and ℘ is the scaling parameter with values

0 ≤ ℘ ≤ 1. Lower values of ℘ result in enhancing the
luminance of even relatively darker pixels (representing part
of lesions) to be detected as part of the skin and vice versa.
The value of℘ is determined empirically and is set to 0.88.We
then update the luminance information by applying adaptive
sigmoidal function based on the dynamic cut-off value 𝛿, as
learned using (11), as follows:

𝐿 (𝑥, 𝑦) =
1

1 + exp (gain ∗ (𝛿 − 𝐿 (𝑥, 𝑦)))
∀𝑥, 𝑦, (12)

where the value of gain is determined empirically and we set
gain = 10. Qualitative analysis of adaptive sigmoidal function
as compared to traditional sigmoidal function with varying
cut-off values is presented in Figure 6. It is apparent from
Figure 6 that the static value for cut-off gives good contrast
stretching between lesion and skin pixels for some images
but deteriorates the contrast in other images. On the other
hand, computation of dynamic cut-off in adaptive sigmoidal
function enhances the contrast for all the dermoscopic
images.

5.2. Lesion Segmentation. After contrast enhancement and
stretching of luminance component, the target lesion differs
greatly in contrast from the skin part. We further apply
median filtering (𝐿

𝑀
= median filtering (𝐿eq)) with a disk

shaped structuring element to handle the presence of fine-
level noise. We then perform a sequence of morphological
operations to make the lesion definition more clear to be
robustly segmented from the skin. We first employ morpho-
logical erosion operation on 𝐿 channel (𝐿

𝑂
= open (𝐿

𝑀
))

using a disk shaped structuring element. 𝐿
𝑂
is later used

as a marker to perform morphological reconstruction with
the median filtered luminance image (𝐿

𝑀
) as the mask.

Morphological reconstruction can be thought of conceptually
as repeated dilations of marker image, until the contour of
the marker image fits under mask image. Morphological
reconstruction has been employed using 8-connective neigh-
borhood (𝐿MC = morphological reconstruction (𝐿

𝑀
)). In

morphological reconstruction, the peaks in themarker image
spread out or dilate. This process is followed by closing
and erosion by a relatively smaller disk shaped structuring
element to merge pixels at the border of lesion whilst
eliminating fine-level noise elsewhere. This will have a net
effect of removing small blemishes without affecting the
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(a) (b) (c) (d) (e) (f)
Figure 6: Qualitative analysis of proposed adaptive sigmoidal function. (a) Original images. (b) Before applying sigmoidal function. Contrast
stretching achieved after applying sigmoidal function with (c) 𝛿 = 0.65, (d) 𝛿 = 0.75, and (e) 𝛿 = 0.8. (f) Proposed adaptive value for cut-off
𝛿.

overall shapes of the lesion object. The processed image is
then binarized as follows:

𝐿
𝐵
(𝑥, 𝑦) = {

1 𝐿MC (𝑥, 𝑦) < thresh (𝐿
𝐵
) − 𝜅

0 otherwise

∀𝑥, 𝑦,

(13)

where thresh(⋅) is a function that automatically detects a
threshold value to binarize based on the histogram of 𝐿MC
as proposed in [36] and 𝜅 is a constant which determines the
sensitivity of our proposed segmentation algorithm to detect
the boundary pixels of lesions as foreground or background.
As there is sometimes a smooth transition from lesion pixels

to skin pixels, lower values of 𝜅 will result in shrinking of
lesion regions and result in boundary pixels to be classified
as skin region and vice versa. We assumed 𝜅 = 0.08 based on
empirical evaluation.

We than employ connected component labelling using 8-
connective neighborhood to identify distinct object in𝐿

𝐵
. Let

O be the list of detected objects (inclusive of noisy objects);
the filtered list by removing the unwanted objects Ofiltered is
then generated as follows:

Ofiltered = {Ofiltered ∈ O | ∀𝑂 ∈ Ofiltered, |𝑂| < 20

∧ Solidity (𝑂
𝑖
) > 0.25} ,

(14)
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where | ⋅ | is a pixel count function for a given object and
Solidity(⋅) is a function that computes the proportion of the
pixels in the convex hull that are also in the object. The pixels
belonging to object/objects in Ofiltered are the segmented
pixels representing the lesion in the image.

6. Results and Discussion

In this section, we present results to demonstrate the
effectiveness of proposed approach for the segmentation of
melanocytic and nevus lesions in the presence of unwanted
artifacts of hairs, gel, illumination variation, and so forth.
Various experiments are performed to evaluate the validity
of the proposed approach and to provide comparison with
existing approaches. The lesion segmentation technique is
tested effectively on dataset of a total of 100 dermoscopy
images. This dataset consists of both invasive malignant
melanoma and benign lesions.

6.1. Performance Metrics. The performance metrics used for
quantitative analysis of proposed approach and its compari-
son with the competitors are True Positive Rate (TPR), False
Positive Rate (FPR), and error probability (EP) measures.
These evaluations metrics are computed as follows:

True Detection Rate (TDR) = TP
TP + FN

∗ 100,

False Positive Rate (FPR) = TN
FP + TN

∗ 100,

Error rate (ER) = FP + FN
TP + TN + FP + FN

∗ 100,

(15)

where, TP, TN, FP, and FN are true positives, true negatives,
false positive, and false negatives, respectively.

Experiment 1 (evaluation of proposed hair artifact removal
and image inpainting approach). The purpose of this exper-
iment is to perform a qualitative evaluation of our proposed
approach to remove the hair artifacts from the dermoscopic
images to mitigate its effect on lesion segmentation. The
proposed approach whilst filtering the noisy hair pixels fills
filtered pixels using the neighboring skin pixels. Figure 7
highlights the effectiveness of the proposed hair detection
and inpainting approach, as presented in Section 4 on various
dermoscopic images containing hair artifacts. The images
containing varying density of hairs are selected to highlight
the performance of proposed approach on different possible
scenarios of the presence of hair artifacts. As obvious from
Figure 7, the proposed approach successfully detects all hairs
in the image and then correctly replaces them with the skin
information from the neighboring skin pixels whilst having
minimal side effects of hair removal. The successful removal
of hair artifacts contributes significantly to the segmentation
of lesions from skin.

Experiment 2 (quantitative evaluation of proposed contrast
enhancement and adaptive contrast stretching). The pur-
pose of this experiment is to analyze the contribution of

Table 2: Performance analysis of proposed dynamic contrast
enhancement approach as compared to static alternative.

Cut-off value TDR% FPR% EP%
0.55 88.08 2.26 4.91
0.65 91.56 3.0 4.52
0.71 95.95 4.54 4.52
0.75 97.28 5.20 4.67
0.80 97.33 6.10 5.47
Adaptive value 97.26 3.52 3.01

proposed contrast enhancement and stretching approach in
the effectiveness of lesion segmentation. To perform the
analysis of contrast enhancement component as proposed
in Section 5.1, we performed complete lesion segmentation
process, compared the segmentation results with ground
truth, and computed the performancemetrics as discussed in
Section 6.1.The experiments are repeated with different static
values of cut-off and other parameters employed in sigmoidal
function, typically used in literature, and are compared
with the dynamic values of these parameters computed as
proposed in Section 5.1. Performance metrics of TDR, FPR,
and ER, computed for these different settings, are presented
in Table 2. Ideally, we want higher value of TDR (True
Detection Rate) and lower values of FPR (False Positive
Rate) and ER (error rate). As obvious from the results,
the proposed dynamic computation of cut-off parameter in
sigmoidal function significantly enhances the performance
of proposed system as compared to user-specified global
cut-off values for all images. This improved performance is
explained by the fact that each image has different luminance
and significant contrast variations between skin and lesion.
Thus, a static cut-off value working good for one image may
give poor results for the other images.These phenomena have
been highlighted in Figure 6 through qualitative results. The
proposed approach to employ dynamically computed value
of cut-off results in overall good values for TDR, FPR, and
EP. Setting cut-off value to 0.8 resulted in the highest TDR
but results in lots of false positives and hence poor FPR and
EP values. On the other hand, cut-off value of 0.65 resulted
in lowering of FPR and EP values but significantly degrading
the TDR.

Experiment 3 (comparison of proposed approach with com-
petitors). In this experiment, we compare the performance
of proposed lesion segmentation approach with existing
approaches including melanoma border detection (MBD)
algorithm, color-texture algorithm (JSeg), dermatologist
tumor area (DTEA) detection, and region-based active-
contour (RAC) algorithm [16, 18, 19, 30]. The lesion segmen-
tation is carried out using 100 dermoscopic images and the
performance metrics of TDR, FPR, and EP, computed for
various algorithms, are presented in Table 3. It is observed
that the proposed approach achieves the higher average value
of TDRof 97.26%, value of FPRof 3.52%, and error probability
of 3.01%. The obtained results indicate that the proposed
algorithm obtains better melanoma border detection results,
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(a)

(b)

Figure 7: Qualitative evaluation of proposed hair artifact detection and image inpainting approach. (a) Original image with hair artifacts.
(b) Corresponding processed images after hair removal.

Table 3: Performance comparison of proposed techniquewith other
methods of segmentation.

Cut-off value TDR% FPR% EP%
JSeg 84.20 12.46 15
DTAE 87.50 9.78 13
RAC 89.41 8.34 07
MBD 94.25 3.56 04
Proposed method with
cut-off = 0.75 97.28 5.20 4.67

Proposed method with
adaptive cut-off 97.26 3.52 3.01

which are significant, comparedwith other three state-of-the-
art techniques. Better results of the proposed approach can be
attributed to the removal of hair artifacts and dynamic nature
of contrast enhancement and stretching which results in
significant variation in skin and lesion pixels to be identified
with significant degree of accuracy. Figure 8 shows some
qualitative results to demonstrate the effectiveness of the
proposed lesion segmentation approach. The red outline
of the lesion depicts the manual segmentation done by
dermatologist and blue outline represents the segmentation
achieved by the proposed system. It is clear from the figure
that the proposed approach gives good segmentation results
whilst handling the artifacts of hairs, veins, gel, and varying
luminance and contrasts. However, still there are minor over-
and undersegmentation of lesion. These are normally caused
by variation in color and intensity within the lesion that
matches with the background skin. Adaptive sigmoidal func-
tion occasionally suppresses the pixels of multitone lesions.
These pixelsmatch the skin or some artifacts in the skinwhich
might not be removed by preprocessing and falsely appear
as part of lesion. Overall, the proposed approach gives good
performance as depicted by results presented in Figure 8.

Figure 9 shows the pictorial comparison of proposed
system with MBD as compared to the ground truth. For
the competitor’s result, the black outline represents ground
truth and the blue outline represents the segmentation results

obtained using MBD. The difference between ground truth
and MBD technique is clearly highlighted in the figure. The
proposed method gives almost the same boundary as given
in the ground truth.

In order to compute the computational time of proposed
system, we run our algorithm and existing algorithms on
Core i-5 2.1 Ghz system with 4GB RAM. The average pro-
cessing time of the proposed approach is 1.76 sec. Many other
techniques are doing their jobs well but complexity of the
computation has become their drawback. The processing
time of MBD is 10 sec. Similarly, other techniques’ processing
time is as follows: classical GVF: 12 sec, level sets: 14 sec,
MGVF: 17 sec, MSGVF: 22 sec, and so forth. Our proposed
technique is efficient enough with respect to computation
time.

7. Conclusion

In this paper, we have proposed a novel method of seg-
menting melanocytic and nevus lesions from skin using
dermoscopic images. The proposed approach handles the
problems of unwanted artifacts such as hairs and tiny ves-
sels by employing directional wavelet filters, enhancing and
detecting pixels representing these artifacts.The detected and
filtered hairs and vessel pixels and the missing pixels are
inpainted using neighborhood information using our pro-
posed NBRF algorithm. The problem of uneven luminance
is also addressed by estimating nonuniform illumination
and performing equalization in luminance information. The
contrast stretching between skin and lesion is further done
using proposed adaptive sigmoidal function that computes
and utilizes cut-off value suitable for individual images. The
enhanced image is then processed to segment lesion from
skin using combination of thresholding and morphological
operations. The proposed algorithm was tested on 100 der-
moscopy images containing invasive malignant melanoma,
nevus, and benign lesions. The performance of the proposed
approach is comparedwith existing approaches (JSeg, DTEA,
and RAC). The experimental results, as presented in Sec-
tion 7, demonstrate the superiority of the proposed approach
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Figure 8: Lesion segmentation using proposed approach (blue contour) along with ground truth (red contour) imposed on various
dermoscopic images.

as compared with competitors. The proposed approach gives
the best values of performancemetrics with TDRof 97.2618%,
FPR of 3.62%, and error probability of 3.39%. Qualitative
results of segmentation as presented in Figure 8 depict the
ability of proposed approach to handle the problems of
hairs and vessels and problems associated with luminance

and contrasts. Figure 9 further highlights the superiority of
proposed approach as compared to the closest competitor
(MBD). The experimental results give evidence to the claim
that the proposed lesion segmentation approach is very
effective approach that is robust to the presence of unwanted
artifacts of hairs, vessels, variable luminance, and contrasts.
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(1)

(2)

Figure 9: Segmentation comparison results. (a) Results of our proposed method. (b) Results of MBD technique.
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The main objective of this study is to find out the importance of machine vision approach for the classification of five types of
land cover data such as bare land, desert rangeland, green pasture, fertile cultivated land, and Sutlej river land. A novel spectra-
statistical framework is designed to classify the subjective land cover data types accurately. Multispectral data of these land covers
were acquired by using a handheld device named multispectral radiometer in the form of five spectral bands (blue, green, red,
near infrared, and shortwave infrared) while texture data were acquired with a digital camera by the transformation of acquired
images into 229 texture features for each image. The most discriminant 30 features of each image were obtained by integrating the
three statistical features selection techniques such as Fisher, Probability of Error plus Average Correlation, andMutual Information
(F + PA + MI). Selected texture data clustering was verified by nonlinear discriminant analysis while linear discriminant analysis
approach was applied for multispectral data. For classification, the texture and multispectral data were deployed to artificial neural
network (ANN: n-class). By implementing a cross validation method (80-20), we received an accuracy of 91.332% for texture data
and 96.40% for multispectral data, respectively.

1. Introduction

Image processing and remote sensing are playing a vital
role for the betterment of the agriculture field [1]. By using
this technology, we can classify vast land cover area into
different categories [2]. Not only would this be helpful for
the socioeconomic sector but also it fulfills the needs of
the future for sustainable development. In the twenty-first
century, the world is facing the challenge of hunger, food,

and poverty [3]. This issue can be resolved by increase in
crop production and better utilization of cultivated land.
Land cover information is necessary for different policy
making, planning, andmanagement purposes including land
record of a forest, desert, farmland, and wetland as well
as other biophysical resources, which are required for land
cover information. Researchers are trying to get the benefits
of technology by involving it in the agriculture field [4].
It is being tried to enhance the cultivated land area and
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Figure 1: Geographic location of the study area. The red highlighted left side on the map represents the study area [13].

monitor the land through field survey [5]. For the success
of such surveys, more time with expensive labor is required.
In developing countries like Pakistan, it seems to be very
difficult to spend a lot of resources on such projects. Whether
directly or indirectly, almost 50% of the population of these
countries is associated with the agriculture profession [6]. All
the preceding issues highlight the importance of the proper
land management and better crop growth and production.
According to geographical distribution of the country, it is
categorized into different land cover types like barren, fertile,
rocky and sandy, and so forth. In Pakistan, the conventional
field based survey system could not be properly managed due
to financial and technical limitations. For this reason, remote
sensing technology could not be used for natural resource
management up till now, as was proposed by the relevant
professionals [7]. Many researchers used this technology
for better resource management; for example, a two-layer
conditional randomfield (CRF)model was proposed for land
cover and land use classification [8]. Similarly, a multilayer
conditional random field (MCRF) land classification model
was suggested. It was used for multitemporal with multiscale
remote sensing data [9]. A gray level cooccurrence matrix
with different window size images was used to find the
four land types of aerial data. Different statistical features,
that is, dissimilarity, homogeneity, angular second moment,
and entropy, were calculated to classify the data [10]. A
supervised pixel-based classification algorithm was used by
implementing Markov Random Field (MRF) technique to
distinguish the agriculture land cover area (cropland and
grassland). It gave the satisfactory results for updating in
GIS database for the cropland and grassland region [11].
A new idea of image spectroscopy (IS) and near-infrared
spectroscopy (NIRS) was presented by [12] and it predicted
that in the future it will be potentially used in many
disciplines like geology, environmental sciences, precision
agriculture, urban development, water and soil sciences, and
so forth. The objective of this study is to design a simple,
concise, and robust framework to classify the five types of
land cover data in an absolute natural environment by using

spectral and texture features. To accomplish this study, the
procedural steps of data collection, image preprocessing,
feature extraction, feature selection, feature reduction, and
classification are employed for this classification frame-
work.

2. Study Area

In this study, involving the technologies, that is, image
processing and remote sensing, in land cover classification
instead of conventional field surveys is tried. This study
is conducted at division Bahawalpur of Punjab province
(Pakistan) and covered area is 45,588 square kilometers,
which is the areawise largest division of this province, located
at 29∘2344N and 71∘411E and shown in Figure 1. This
study focuses on the land cover assessment, management,
and classification through photographic and multispectral
radiometric data of this area, which is mostly barren and
desert rangeland. It will also help to monitor the land cover
changes and estimate the biomass of land vegetation, which
is used for forecasting different crops yield assessment.

3. Material and Methods

In this study, two types of data are being acquired: (1)
photographic data for texture features and (2) radiometric
data for remote sensing. Remote sensing data are acquired
by using a device named multispectral radiometer (MSR5),
CROPSCAN. It is a handheld device, which provides data
equivalent to satellite Landsat 5 TM (Thematic Mapper).
MSR5 provides an alternative way of acquiring data for
remote sensing where satellite or radar datasets are not
easily available. Its output data comprises five spectral bands
which include visible (blue, green, and red) and infrared and
shortwave infrared ranges from 450 nm to 1750 nm, whereas
photographic data are acquired by a digital camera. This
study will be based on the analysis of five types of land cover
datasets, bare land, desert rangeland, fertile cultivated land,
green pasture, and Sutlej river land.
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(1) Bare land (2) Desert rangeland (3) Fertile cultivated land

(4) Green pasture (5) Sutlej river land (6) Luxmeter

Figure 2: Five land cover images and Luxmeter.

3.1. Photographic Data and Image Acquisition. The above-
mentioned five different types of land cover plots have
a 43560-square-foot area (1 acre) for each type. Digital
photographs of bare land, desert rangeland, fertile cultivated
land, green pasture, and Sutlej river land are taken by a digital
Nikon camera, model COOLPIX having a 10.1-megapixel res-
olution, which are shown in Figure 2. The 15 colored images
of each type of land cover with the dimensions of 4288 ×
3216 pixels and 24-bit depth of jpg format are acquired. To
increase the dataset, four nonoverlapping regions of interests
(ROIs) of size (512 × 512) on each image are developed; in this
way total (75 × 4 = 300) subimages data are arranged for the
analysis.The photographic data are acquired at the altitude of
5 feet from the ground surface of the same specific location
where radiometric data are acquired.

To keep away from the sun shadow effect, the data are
acquired at noontime (1.00 pm to 3.00 pm) under a clear sky.
At the time of data acquisition, the light intensity is measured
by digital Luxmeter MS 6610, MATECH, and described in
Table 1.

3.2. Remote Sensing Data Acquisition. Remote sensing can
be defined as the collection of data in the form of radi-
ations about an object taken from a particular distance
[16]. Remote sensing is now playing an important role in
many disciplines, that is, environmental sciences, geography,
agriculture, forestry, botany, meteorology, oceanography, and
earth sciences [17].

3.3. Multispectral Radiometer (MSR5). Multispectral radio-
meter (MSR5) is made up by CROPSCAN Inc. (USA) for
data collection. MSR5 has the quality to provide data similar
to satellite Landsat 5 TM. CROPSCAN MSR5 has been

Table 1: Time and sunlight intensity information.

Sr. number Land cover type Time Sunshine
intensity

(1) Bare land 1.00 pm 34300 Lux
(2) Desert rangeland 2.00 pm 34000 Lux
(3) Fertile cultivated land 1.30 pm 34500 Lux
(4) Green pasture 1.30 pm 35000 Lux
(5) Sutlej river land 1.00 pm 34300 Lux

already used for the assessment and measurement of crops
weeds effect [18] and vegetation cover estimation and diseases
estimation [19, 20]. For remote sensing, data are acquired
50 MSR scans of each plot at 5 feet’s height of land cover
surface. Each MSR5 scan contains five wave bands, three
visible (blue, green, and red) and two invisible (near infrared
and shortwave infrared). Five different types of land cover
contain total 250 spectral data instances.

3.4. Spectral Features. Multispectral radiometer (MSR5) has
five different sections of spectrum, including visible, which
include the blue, green, red, near infrared (NIR), and
shortwave infrared (SWIR) [15]. MSR5 spectrum consists
of different wavelengths, which are measured in nanometer
(nm) and described in Table 2.

This device will be used to collect data at a specific height
normal to the land surface. The device that is used in this
study isMSR5with serial number 566. It contains five spectral
bands, which are shown in Table 2. In this study, the data
acquired by this device in each scan is at the height of 5 feet
and it covers land area for each scan that is almost half of the
under height which is almost 2.5 square feet’s diameter of land
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Table 2: MSR5 (S. number 566).

MSR types Blue Green Red Near infrared Shortwave infrared
MSR5 (generic) 450–520 nm 520–600 nm 630–690 nm 760–930 nm 1550–1750 nm
MSR5 (S. number 566) 485 nm 560 nm 660 nm 830 nm 1650 nm

Radiometer 
(MSR5)

Height

Diameter = 1/2 height

Figure 3: MSR5 data acquiring process for each scan [14].

cover. The multispectral data acquiring process is shown in
Figure 3.

3.5. Proposed Methodology. For this study any special labora-
tory setup for morphological and color features has not been
established, just acquired texture features for photographic
data and spectral features for remote sensing MSR5 data. A
novel spectra-statistical design framework is proposed for
subjective land cover classification.The proposed framework
is described in Figure 4.

The proposed spectra-statistical design framework
describes the functionality of this study that is given below in
detail. The proposed methodology has been implemented by
usingMaZda software version 4.6 on Intel�Core i3 processor
2.4 gigahertz (GHz) with a 64-bit operating system.

3.6. Preprocessing. Each image has a vast irrelevant area,
so prior to further processing the relevant portion of the
image was extracted. The extracted relevant portions of the
images were converted to grayscale images (8 bits) and were
stored in bitmap (bmp) format because the software MaZda
better works for this format to calculate the statistical texture
parameters [21]. By using image converter software, the
contrast of grayscale images was enhanced.

3.7. Feature Extraction. Transition of an image into its statis-
tical attributes is called feature extraction, which are used for
the classification of an image.There are different methods for
feature extraction, that is, texture, Gabor, wavelet transform
and boundary features, and so forth.

3.8. Texture Features. Statistical texture features are cate-
gorized into the first order, which relates to the intensity
of the individual pixels, while the second order relates to
the occurrence of neighboring pixels. First-order statistical

parameters are directly based on histogram features of an
image while second-order parameters are based on the gray
level cooccurrence matrix (GLCM). For this study, total 229
statistical texture features are calculated for each region of
interest (ROI) by using MaZda software version 4.6. The
calculated parameters are grouped as 9 first-order statistical
parameters and 11 second-order (Haralick) statistical param-
eters derived from GLCM in all four directions (0∘, 45∘, 90∘,
and 135∘) up to 5-pixel distance 220 (11 × 4 × 5) [22]. It
means that each region of interest (ROI) has presented by 229
statistical textural features. Statistically total 300 subimages’
data are presented by a 300 × 229 = 68700 dimensional
features’ vector space.

3.9. Feature Selection. Feature selection is an important study
area where hundred to thousand features space datasets are
available. Its objective is to select the most significant features
in the employed procedures. Furthermore, reliable classifica-
tion results are based on a large number of features; usually
big data have been required, which is not easily available. It is
necessary to reduce the dimensionality of statistical features
vector space, which has the capability to discriminate and
classify the different types of these land cover classes. These
approaches have been used for the selection of the most
discriminant set of features. Finally, we can achieve fast and
cost-effective classification accuracy based on these selected
features. In this study, three features selection approaches,
that is, Fisher Coefficient (F), Probability of Error (POE)
plus Average Correlation Coefficient (ACC), and Mutual
Information (MI) Coefficient, have been used to reduce the
features vector space. In this study, features selection has been
performed through the combined set of the three already
mentioned approaches (F + PA + MI) for the entire features
vector space by using MaZda software. Fisher Coefficient (F)
[23] mathematically is described as
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Figure 4: Proposed spectra-statistical design framework for land cover classification.
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Mutual Information (MI) Coefficient [25] is explained by
the given mathematical relation:

𝐼 (𝐹, 𝐶) = ∑𝑓∑𝑐𝑃 (𝐹 ⋅ 𝐶) log 2 𝑃 (𝐹 ⋅ 𝐶)

𝑃 (𝐹) 𝑃 (𝐶)

. (3)

It is important to show here that, for this study, as all the
229 calculated features of each image have not been equally
significant for land cover classification, MaZda software
selects 10 most discriminant features for each method in
descending order according to their significance. For anal-
ysis, it is observed that combined set of feature selection
approaches provide better classification results; in this way
total 30 features (10 features by each approach) have been
selected [26]. A set of 30 features has been acquired for
further processing. These selected features have been shown
with respect to their corresponding three feature selection
techniques including F, PA, and MI in Table 3.

No doubt, in Table 3, the MI based selected features are
highly correlated such as “inverse difference moment” but
they have different interpixel distance and direction and due
to this difference, their calculated values are also different.
For each pixel distance (𝑑) and angular direction value (𝜃),
the intensive nature of computation is involved and acquired
different texture feature values for the same parameter, that
is, “inverse difference moment.” For this study, we have taken

Table 3: Feature selection table (𝐹 + PA +MI) for ROIs (512 × 512).

Features
1

𝐹

𝑆(0,3) correlation
2 𝑆(0,4) correlation
3 𝑆(0,3) contrast
4 𝑆(0,4) contrast
5 𝑆(0,5) correlation
6 𝑆(0,5) contrast
7 𝑆(2,2) correlation
8 𝑆(0,3) sum variance
9 𝑆(0,1) inv. diff. mom.
10 𝑆(0,4) sum variance
11

PA

Percent .01%
12 𝑆(1,1) sum variance
13 𝑆(0,1) ang. sec. mom
14 Skewness
15 𝑆(0,2) sum variance
16 𝑆(5,5) entropy
17 𝑆(5,−5) inv. diff. mom.
18 𝑆(1,0) sum. average
19 𝑆(1,0) correlation
20 𝑆(3,3) entropy
21

MI

𝑆(0,5) inv. diff. mom.
22 𝑆(5,−5) inv. diff. mom.
23 𝑆(0,4) inv. diff. mom.
24 𝑆(4,−4) inv. diff. mom.
25 𝑆(0,3) inv. diff. mom.
26 𝑆(3,−3) inv. diff. mom.
27 𝑆(0,2) inv. diff. mom.
28 𝑆(2,2) inv. diff. mom.
29 𝑆(2,−2) inv. diff. mom.
30 𝑆(0,1) inv. diff. mom.
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𝑑 = 1-, 2-, 3-, 4-, and 5-pixel distance with angle 𝜃 = 0∘, 45∘,
90∘, and 135∘. Therefore, for this reason, we cannot ignore
any value of the given texture features. Each value (MI base
texture features) actually describes the land cover dataset
into its own dimension or direction and as a whole these
features reveal the entire texture patterns. It is reported by
different researchers [10, 11] that five different control features
such as window size, texture derivative(s), input channel
(i.e., spectral channel to measure the texture), quantization
level of output channel (8 bits, 16 bits, and 32 bits), and the
spatial components (i.e., interpixel distance and angle during
cooccurrencematrix computation) play a vital role during the
analysis of GLCM texture features.

3.10. Feature Reduction. Feature reduction techniques are
also called feature projection. In feature reduction, the
original feature space of selected features is transformed to
a new space having lower dimensionality. It is also called
projection space in which data are clustered in respective
classes.These feature projection techniques include the linear
discriminant analysis (LDA), principal component analysis
(PCA), and nonlinear discriminant analysis (NDA). For
such purpose, usually PCA, LDA, and NDA approaches are
employed. Features reduction techniques maintain the actual
structure of the data as much as possible while reducing the
number of dimensions. Thus in the reduced feature space,
the execution time with cost is also reduced and we get
smaller dimension space. It is observed that the obtained
results are approximately reliable to the original data space.
Before starting the classification, the data are standardized
to reduce the impact of undesirable variation within the data
due to exceptions and other factors by applying the following
statistical equation:

𝐾


𝑖

=

𝐾
𝑖
− 𝐾

𝜎

, (4)

where 𝐾
𝑖

is the consistent value of the 𝑖th feature and 𝑖 =
1, 2, 3, . . . , 𝑛. 𝐾

𝑖
is original feature value, 𝐾 is mean feature

value, and 𝜎 is standard deviation.
The above discussed feature selection techniques (F +

PA + MI) only select the significant features but do not
quantify how much these can be classified. To get the feature
data projection, the selected 30 features’ data are deployed
to nonlinear discriminant analysis (NDA) available in B11
software integrated with MaZda [27]. In this technique there
are 3 layers (input layer and the first and second hidden layer
and output layer) of processing elements (neurons) that are
presented. NDA can be described by logistic function. Its
value is equal to 0.5 for 𝛼 = 0, and it changes smoothly from 0
to 1 for 𝛼 varying from large negative to large positive values:

(𝛼) =

1

1 + exp (−𝛼)
. (5)

If 𝑋 is the feature vector and it is the input to the artificial
neural network (ANN), the input terminals are equal to 𝑁

𝑥
.

Vector 𝑌 is the output of ANN, whose dimension𝑁
𝑦
is equal

to the number of types in the dataset. Thus, the ANN had𝑁
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Here 𝑘 = 1, 2, 3, . . . , 𝑁
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Here 𝑗 = 1, 2, 3, . . . , 𝑁
ℎ
.

Supervised learning methods are based on input patterns
and correct classes where they belong to {𝑥

𝑖
, 𝑑
𝑖
}, where 𝑖 =

1, 2, 3, . . . ,𝑀. For this purpose, the following errors function
is calculated:
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While for MSR5 datasets, linear discriminant analysis (LDA)
gives the better results for features data clustered and pro-
jection. Let 𝑥(𝑘)

𝑖

denote the 𝑖th pattern in class 𝑖, where 𝑖 =
1, 2, 3, . . . ,𝑀

𝑘
, and 𝑘 = 1, 2, 3, . . . , 𝑁

𝑐
. Define the within-class

scatter matrix 𝐶
𝑊
as
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where𝑀
𝑘
is the mean vector of class 𝑘. Similarly, define the

between-class scatter matrix 𝐶
𝐵
as
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Here𝑀 is themean vector of the shared data.The total scatter
matrix is the objective of LDA and through this we can get a
linear transform matrix:
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The proposed NDA architecture is given for both types of
dataset in Tables 4 and 5.

3.11. Classification. For this work, we have applied supervised
classification artificial neural network (ANN). This classifier
is employed due to two reasons; first of all we have supervised
data (due to five land covers) and it is discussed by [28]
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Table 4: NDA architecture for statistical texture dataset.

Input layers = 5 1st hidden layer = 5 2nd hidden layer = 2
Learning rate eta =
0.25

Back propagation
iteration = 200000

Optimized iteration
limit = 70

Output layers = 5

Table 5: NDA architecture for multispectral dataset.

Input layers = 5 1st hidden layer = 5 2nd hidden layer = 2
Learning rate eta =
0.20

Back propagation
iteration = 200000

Optimized iteration
limit = 70

Output layers = 5

{v}

1

{w}

1

Output layer

Hidden layer

Input layer

Y1 Y2 YN𝑦

h2h1 HNℎ

XN𝑥
X1 X2

Figure 5: Implemented ANN classifier model [15].

that ANN is a strong and efficient technique for noisy data
and also for those datasets which are acquired in natural
open environment.The implemented classifier based on feed
forward approach with a single hidden layer of sigmoidal
neurons is shown in Figure 5. If 𝑥 is the number of deployed
input feature vectors to ANN classifier then input terminals
are equal to 𝑁

𝑥
. The output feature vector is 𝑦, whose

dimensions 𝑁
𝑦
are determined by the number of classes to

be classified. Thus, the ANN has𝑁
𝑦
output terminals:

𝑌
𝑘
= [

[

𝑉
𝑘0
+
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where 𝑘 = 1, 2, 3, . . . , 𝑁
𝑦
and the outputs of the hidden layers

are given as
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We see here that 𝑗 = 1, 2, 3, . . . , 𝑁
ℎ
.

For training and testing purpose, the weight coefficients
are adjusted and how much actual output value 𝑦 is close to
the desired output 𝑑 is observed.

Supervised training techniques are based on input pat-
terns and correct categories where they belong to {𝑥

𝑖
, 𝑑
𝑖
},

Table 6: Statistical texture features data projection table.

Statistical data
analysis
𝐾-fold (80-20)

RDA PCA LDA NDA

1-fold 92.5% 92.50% 97.50% 99.5%
2-fold 88.75% 87.92% 96.25% 100%
3-fold 90% 89.17% 98.75% 99%
4-fold 88.75% 87.50% 96.67% 100%
5-fold 90.42% 90.42% 99.17% 99.69%
Average accuracy 90.08% 89.502% 97.668% 99.64%

where 𝑖 = 1, 2, 3, . . . ,𝑀; then following is the error function
which is reduced by changing of weights V and 𝑤:
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4. Results and Discussion

4.1. Photographic Data. For photographic dataset, the first
attempt for features data selection and reduction is performed
by individual feature selection techniques like Fisher (F),
Probability of Error plus Average Correlation Coefficient
(POE + ACC), and Mutual Information (MI) techniques on
the basis of ROIs (64×64), (128×128), (256×256), and (512×
512). Now the selected features are deployed for raw data
analysis (RDA), principal component analysis (PCA), linear
discriminant analysis (LDA), and nonlinear discriminant
analysis (NDA) projection spaces to verify the capability of
data clustering. Here, better data clustering based on the
NDA approach has been received as compared to the other
three approaches. It is observed that the discussed above
first three ROIs do not give satisfactory results. They have
received less than 70% feature projection accuracy based on
these three ROIs, which are not acceptable, whereas, for ROI
(512 × 512), we received 80%, 84%, and 88.324% accuracy by
using F, PA, andMI, respectively, in projection space of NDA.
Because it has been reported by a number of researchers that
usually the classification is proportional to the number of
features deployed [28], the same strategy was implemented
to have better results. For this purpose, the authors merged
the selected features by the already above discussed three
approaches (F + PA +MI). In this way, a set of 30 features (10
features of each selection method) is received by combining
these three approaches on ROI (512 × 512). Then these 30
features were deployed to RDA, PCA, LDA, and NDA by
using the K-fold (80-20) cross validation method. It has
been observed that NDA has given better data clustering and
projection accuracy 99.64% as compared to the other three
features reduction techniques. These results are summarized
in Table 6.

The statistical texture data analyses of RDA, PCA, LDA,
and NDA are shown in Table 6. From this table, it is clear
that NDA leads the best data projection accuracy of 99.64%
as compared to the remaining three approaches including
RDA, PCA, and LDA. Figure 6 represents the photographic
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Table 7: Classification table of statistical texture data using artificial neural network (ANN: 𝑛-class).

Statistical data iteration
(80-20)

Training
dataset

Training data classification
accuracy % Test dataset Misclassified

data
Test data classification

accuracy %
1-fold 240 100% 60 5/60 91.67%
2-fold 240 100% 60 6/60 90%
3-fold 240 100% 60 6/60 90%
4-fold 240 100% 60 3/60 95%
5-fold 240 100% 60 6/60 90%

Average training data classification accuracy: 100% Average test data classification accuracy: 91.334%

RDA PCA LDA NDA
84.00

86.00

88.00

90.00

92.00

94.00

96.00

98.00

100.00

102.00

(%
)

Figure 6: Digital photographic features data projection graph.

features data clustering of five input land cover classes inNDA
projection space.

It is observed by different researchers [27, 28] that feature
reduction techniques including raw data analysis (RDA),
linear discriminant analysis (LDA), and principal component
analysis (PCA) performed well on linearly separable data
because PCA and LDA use linear transformation of the input
data. These techniques have the ability for feature compres-
sion. The most expressive features (MEF) are obtained by
PCA and the most discriminating features (MDF) are found
from LDA technique. These features vectors have not as
many features as the original feature vectors space does. Due
to this reason, they cannot help in classification of linearly
nonseparable data. Such data need hypersurfaces instead
of hyperplanes for data clusters separation. That is why
nonlinear discriminant analysis (NDA) is used for nonlinear
transformation of the feature vectors, such that the input data
are projected on a space (probably of lower dimensionality as
compared to PCA and LDA) in which they become linearly
separated. In this study, this technique is implemented by
using a feed forward artificial neural network (ANN) with
two hidden layers of sigmoid-type neurons. To verify the
capability of data clustering based on selected features of
complex nonlinear datasets, nonlinear discriminant analysis

1.00

1.00
0.00

0.00
NDA f1

N
D

A
f
2

Figure 7: Statistical texture features data clustered results for NDA.

(NDA) is the best approach.Therefore, we have employed the
same approach; moreover, B11 software has also a number of
options by which NDA may be configured to have the best
result. Nonlinear discriminant analysis (NDA) graph shows
the properly clustered data into its five appropriate classes.
Data clustered graph is shown in Figure 7.

By the implementation of (ANN: n-class) training and
testing, available in B11 integrated with MaZda software, is
performed to verify the validity of classifier. For this purpose,
a cross validationK-fold (80-20)method is used. For training
purpose, 48 data instances of each ROIs size (512 × 512)
from land cover type are used. Total 240 data instances out
of 300 were used for training with each iteration. Testing is
performed on 60 data instances (12 data instances from each
land cover type). Here an accuracy of 100% is acquired when
the classifier is trained over the architecture setting already
discussed above in Section 3.11 and an average classification
accuracy of 91.334% is obtained when the classifier is tested
for photographic data. So, five types of land cover data
are classified properly by using (ANN: n-class) method.
Statistical texture data are shown in Table 7.

The performances of the classifier in testing phase for
different classes are summarized in confusionmatrix, Table 8.
Total 300 data instances of photographic data (60 data
instances of each land cover) are shown in the appropriate
five different classes.



BioMed Research International 9

Table 8: Confusion matrix for statistical texture data classification
using (ANN: 𝑛-class).

Type Fertile
land

Green
pasture

Desert
rangeland

Bare
land

Sutlej
river
land

Total

Fertile
land 51 1 3 2 3 60

Green
pasture 0 59 1 0 0 60

Desert
rangeland 3 4 48 3 2 60

Bare land 1 1 1 57 0 60
Sutlej river
land 0 3 1 1 55 60

Fertile land Green
pasture

Desert
rangeland

Bare land Sutlej river
land

Fertile land
Green pasture
Desert rangeland

Bare land
Sutlej river land
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Figure 8: Confusion graph for statistical texture test data classifica-
tion.

Here confusion matrix, Table 8, for photographic data is
presented of five different land cover types by graphical way
in Figure 8.

4.2. Spectral Data. As we have already mentioned, a scene is
completely explored based on five spectral bands, blue, green,
and red, near infrared, and shortwave infrared acquired by
MSR5.The whole data (250 scans) are acquired byMSR5 and
deployed to RDA, PCA, LDA, and NDA to verify the validity
of data projection.Now, data projection accuracy of 98.7% for
RDA, 98.4% for PCA, 99.5% for LDA, and 99.4% for NDA is
received. It is clear that the best feature projection accuracy is
received by LDA approach as shown in Table 9.The results of
data projection are presented in Table 9 in detail.

Multispectral features data analyses of RDA, PCA, LDA,
and NDA are shown in Table 9; this shows that LDA out-
performs the others and gives 99.5% feature data projection
accuracy. For feature reduction techniques, feature data
projection graph of MSR5 is shown in Figure 9.

Linear discriminant analysis (LDA) graph shows the
properly clustered data into its five appropriate classes as
compared to other employed reduction techniques. Data
cluster graph is shown in Figure 10.

Table 9: Multispectral features data projection table.

Spectral data analysis
(80-20) RDA PCA LDA NDA

1-fold 99% 97.5% 99.5% 100%
2-fold 99% 99% 100% 99%
3-fold 98.5% 98.5% 100% 100%
4-fold 98.5% 98.5% 99% 99%
5-fold 98.5% 98.5% 99% 99%
Average projection data
accuracy 98.7% 98.4% 99.5% 99.4%
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Figure 9: Multispectral feature data projection graph.

For the purpose of training and testing, artificial neural
network (ANN: n-class) classifier has been employed; the
same K-fold (80-20) cross validation method is also used for
multispectral data classification. A dataset of two hundred
scans of five multispectral parameters, blue, green, and red,
near infrared, and shortwave infrared, is deployed for (ANN:
n-class) training purpose with the same architecture settings
as mentioned above in Section 3.11. The output training
results for multispectral data are summarized in Table 10 and
are represented graphically in Figure 11. Similarly, under the
same architecture setting as discussed earlier in classification
Section 3.11, ANN classifier is tested by deploying 50 disjoints
data instances (10 data instances of each land cover type) of
the selected five multispectral features of land cover types.
MSR5 data are shown in Table 10.

ANN classifier revealed very promising results during
this training and testing phase. An average classification
accuracy of 100% has been achieved when the classifier has
been trained over this data. Similarly, an average classification
accuracy of 96.40% has been achieved when classifier is
tested. So, five land cover types’ data are classified properly
by using (ANN: n-class) methods. Confusion matrix table
of multispectral data classification by using (ANN: n-class)
method of five different land cover types is shown in Table 11.

Now, confusion matrix graph for MSR5 data is presented
by using the (ANN: n-class) method of five different land
cover types which are shown in Figure 11.
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Table 10: Classification table for multispectral data using artificial neural network (ANN: 𝑛-class).

Multispectral data iteration
(80-20)

Training
dataset

Training data classification
accuracy %

Test
dataset

Misclassified
data

Test data classification
accuracy %

1-fold 200 100% 50 6/50 88%
2-fold 200 100% 50 2/50 96%
3-fold 200 100% 50 0/50 100%
4-fold 200 100% 50 1/50 98%
5-fold 200 100% 50 0/50 100%

Average multispectral training data classification accuracy: (100 + 100 + 100 + 100 + 100)/5 = 100%
Average multispectral test data classification accuracy: (88 + 96 + 100 + 98 + 100)/5 = 96.40%
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Figure 10: Multispectral features data clustered result for LDA.

When comparing both multispectral and statistical tex-
ture data classification accuracies, it is observed that mul-
tispectral accuracy result is better 96.40% as compared to
statistical texture data result which is 91.334%. A comparison
graph between multispectral and statistical texture data is
shown in Figure 12.

The reason for this classification accuracy difference is
that statistical analysis outperforms other methods on fine
texture as compared to coarse texture. This is the reason
texture data classification accuracy is lower than multispec-
tral data [29, 30]. In this study, the photographic data are
taken at 5 feet’s height so the areas under these photographs
are not equally covered and distributed; besides these ROIs
also play an important role for classification [31]; as ROIs
size increased then accuracy is also observed better. It is
the fact that if photographs are taken on more height and
area under the region is coveredmaximum then classification
accuracy can be improved. Secondly it is observed that almost
(5% to 6%) better classification results are obtained by the
remote sensingMSR5 data as compared to photographic data
(400 nm to 700 nm) because MSR5 data comprises visible
(400 nm to 700 nm) and invisible near-infrared (NIR) and
shortwave infrared (SWIR) (790 nm to 1750 nm) wavelength.
Data acquisition techniques with normalization and stan-
dardization of data with classifier may also impact on results
for better classification. By implementing these sophisticated

Table 11: Confusion matrix for multispectral data classification
using (ANN: 𝑛-class).

Type Fertile
land

Green
pasture

Desert
rangeland

Bare
land

Sutlej
river land Total

Fertile
land 47 1 1 1 0 50

Green
pasture 0 50 0 0 0 50

Desert
rangeland 0 0 48 2 0 50

Bare land 0 0 2 48 0 50
Sutlej river
land 0 0 1 1 48 50

Fertile land Green
pasture

Desert
rangeland

Bare land Sutlej river
land

Fertile land
Green pasture
Desert rangeland

Bare land
Sutlej river land
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Figure 11: Confusion graph formultispectral test data classification.

quantitative parameters rather than conventional qualitative
parameters, they can accurately classify the different types
of land cover data. Generally, the proposed methodology
provides a novel technique for mapping and classifying land
cover data by using multispectral and digital photographic
data.

5. Conclusions
In this study, five types of land cover data are classified
by using quantitative parameters instead of conventional
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Figure 12: Multispectral and statistical texture data graph.

qualitative parameters and an accuracy of 96.40% for spectral
dataset and 91.334% for statistical texture dataset is achieved.
Up to what extent these classes may be classified into their
appropriate patterns classes is a difficult task and it is also a
verification of intra- and interclassification pattern features of
these five land cover data types. Five spectral and nine first-
order with eleven second-order cooccurrencematrix features
are used to test the land cover datasets which made this
framework novel and more reliable and robust than other
land classification frameworks in which morphological, size,
color, and other geometry features have been used. Artificial
neural network is used very effectively for the classification of
these five different land cover types such as fertile cultivated
land, green pasture, desert rangeland, bare land, and Sutlej
river land. In the future, we may enhance this study for
hyperspectral data of crop growth and yield assessment. We
can also take results with new technique of data fusion by
combining MSR5 data with digital photographic data for
considering different environmental factors like rain, usage
of fertilizers, dry weather, and soil and air moisture effects.
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Identification of rhythmic gene expression from metabolic cycles to circadian rhythms is crucial for understanding the gene
regulatory networks and functions of these biological processes. Recently, two algorithms, JTK CYCLE and ARSER, have been
developed to estimate periodicity of rhythmic gene expression. JTK CYCLE performs well for long or less noisy time series, while
ARSER performs well for detecting a single rhythmic category. However, observing gene expression at high temporal resolution is
not always feasible, andmany scientists are interested in exploring both ultradian and circadian rhythmic categories simultaneously.
In this paper, a new algorithm, named autoregressive Bayesian spectral regression (ABSR), is proposed. It estimates the period of
time-course experimental data and classifies gene expression profiles intomultiple rhythmic categories simultaneously.Through the
simulation studies, it is shown that ABSR substantially improves the accuracy of periodicity estimation and clustering of rhythmic
categories as compared to JTK CYCLE and ARSER for the data with low temporal resolution. Moreover, ABSR is insensitive to
rhythmic patterns.This new scheme is applied to existing time-coursemouse liver data to estimate period of rhythms and classify the
genes into ultradian, circadian, and arrhythmic categories. It is observed that 49.2%of the circadian profiles detected by JTK CYCLE
with 1-hour resolution are also detected by ABSR with only 4-hour resolution.

1. Introduction

Organisms from cyanobacteria to humans have robust
time-keeping mechanisms called biological clocks [1, 2]. In
mammals, for example, the suprachiasmatic nucleus (SCN)
located in the hypothalamus controls circadian rhythms
and coordinates timing information with peripheral clocks.
Collectively, these clocks regulate rhythmic physiological
behaviors such as body temperature, cardiac repolarization,
sleep/wake cycle, and metabolism [3–6]. Autonomous oscil-
lations arise from the interplay of core clock components
that form transcriptional-translational feedback loops [7].
As protein levels of clock-transcription factors oscillate,
their downstream targets also oscillate. Different clocks (e.g.,
metabolism and cell cycle) may have different patterns
of oscillation and target different output genes. Circadian
rhythms cycle with a period of about 24 hours, whereas
ultradian rhythms cycle with a period of less than 24 hours,

and infradian rhythms cycle with a period greater than 24
hours. It has been shown that circadian clocks regulate both
circadian and ultradian rhythms [8].

Circadian rhythms coordinate temporal regulation of
other cellular processes. For example, the circadian clock
regulates transcriptional activation ofWee1, a critical compo-
nent in the cell cycle that coordinates timing of cell division
[9, 10]. Thus, the study of rhythmic gene expression may
reveal individual genes (nodes) or even parts of regulatory
networks shared by different cellular processes. Finding and
characterizing periodic gene expression are a prerequisite
for determining these links amongst different oscillatory
processes, such as circadian clock, cell cycle, and metabolic
cycles.

A series of gene expression levels observed at a set of
different time points is called a gene expression profile, and
a rhythmic gene produces a rhythmic profile. In general, it is
assumed that a rhythmic gene expression profile is correlated

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 3017475, 14 pages
http://dx.doi.org/10.1155/2016/3017475

http://dx.doi.org/10.1155/2016/3017475


2 BioMed Research International

with rhythmic periodicity and hence each gene expression
takes the form of a series of cosine curves:

𝑌
𝑡
=

𝑟

∑

𝑘=1

𝐴
𝑘
cos (2𝜋𝜔

𝑘
𝑡 + 𝜙
𝑘
) , (1)

where 𝑌
𝑡
is the observed gene expression at time 𝑡, 𝑟 is

the number of component cosine curves, and 𝐴
𝑘
, 𝜔
𝑘
, and

𝜙
𝑘
are the amplitude, frequency, and phase of the 𝑘th

component cosine curve, respectively. Several methods have
been developed to estimate periods as well as amplitudes
and phases (mathematically) of gene expression profiles.
Classical approaches such as Fisher’s 𝐺-test [11] and fast
Fourier transform (FFT) [12] perform well in estimating
periods for long time series, but those approaches are less
effective for short time series. Microarrays are commonly
used to investigate changes of gene expressions over a time-
course, and 4-hour resolution within a 48-hour time interval
is a typical experimental design for circadian studies. In other
words, microarray data provide short time series (e.g., with
12 time points) for each gene, which results in likely biased
outcomes using either Fisher’s 𝐺-test or FFT algorithms.
Another widespread approach, COSOPT [13], effectively pro-
vides period estimate onlywith approximately sinusoidal data
[14]. Recently, Hughes et al. [15] introduced the Jonckheere-
Terpstra-Kendall (JTK CYCLE) algorithm that applies the
Jonckheere-Terpstra (JT) test to the null distribution of
Kendall’s tau correlations. JTK CYCLE is an efficient algo-
rithm to estimate periodicity for long or less noisy time series;
however, it is less reliable (as are all other methods) when it
is applied to noisy short time series [16]. Yang and Su [17]
developed an algorithm of autoregressive spectral estimation
regression (ARSER) and showed that ARSER ismore effective
than Fisher’s 𝐺-test and COSOPT in detecting oscillations in
a variety of profile patterns, especially, for themicroarray data
in short time series. ARSER is useful to detect oscillations of
a single category, for example, the circadian rhythms, but it is
not efficient to detect multiple periods simultaneously.

In this paper, a new algorithm called the autoregressive
Bayesian spectral regression (ABSR) is proposed. Built on
ARSER, this ABSR algorithm significantly improves true
discovery rate (TDR) and reduces FDR for noisy short
time series as compared to JTK CYCLE and ARSER. One
of the features of ABSR comes from the use of posterior
probabilities for model selection rather than the Akaike
Information Criterion (AIC). In situations where the number
of model parameters is large relative to the number of
observations (e.g., the number of parameters is about one-
half of the number of observations), AIC may fail to select
the optimal model [18]. In addition, because AIC depends
on the estimates of parameters, model selection by AIC may
fail to select the most appropriate model if the parameter
estimations are biased [19]. Using posterior probabilities
for model selection overcomes the shortcomings of AIC by
averaging over the uncertainty in the parameter estimates
and leads to a more parsimonious model. Another feature of
ABSR is that all possible frequencies in the harmonic models
are considered and only the unique dominant frequency is

extracted for the period estimate. Hence ABSR is able to
classify rhythmic genes by different periods.

In Section 2, we present the model to obtain periodic
information from time-course data usingABSR algorithm. In
Section 3, simulated data and information theory are used to
assess the performance of ABSR, ARSER, and JTK CYCLE,
and these algorithms are applied to existing experimental
time-course data from mouse liver. Brief conclusions are
discussed in Section 4.

2. Methods

2.1. Overview. The proposed algorithm, the autoregressive
Bayesian spectral regression (ABSR), is developed to identify
rhythmic patterns in gene expression profiles. The proce-
dure to obtain periodic information from time-course gene
expression data is described below.

Suppose 𝑁 genes are observed in an experiment at time
points (1, 2, . . . , 𝑇) with the same lag, and the observed
profiles are considered as time series. Let the observed time
series of the 𝑖th gene be Y

𝑖
= (𝑌
𝑖1
, . . . , 𝑌

𝑖𝑇
)
. The raw profile

Y
𝑖
is then standardized, denoted by X

𝑖
, as follows:

X
𝑖
=
Y
𝑖
− Ave (Y

𝑖
)

𝑆
𝑖

, (2)

where Ave(Y
𝑖
) is the average value of the components of

Y
𝑖
and 𝑆

𝑖
is the standard error of the components of Y

𝑖
.

The standardization is needed to unify the variances of
the time series, and the unified variances can be led to
comparable spectrum densities across profiles. Note that the
standardization does not change the behavior of the time
series. Significant linear trends in experimental data are
observed broadly. They are not biologically meaningful but
may affect the periodicity estimate. So a linear regression
model is then fitted to X

𝑖
to remove the linear trend from the

time series, and the detrended time series is denoted by Ẋ
𝑖
.

The Savitzky-Golay (S-G) smoothing filter [20] with order 4
is then applied to Ẋ

𝑖
in order to reduce the noise level without

much biasing the data, and the resulting new time series is
represented by Ẍ

𝑖
. In an autoregressivemodel with order of 𝑑,

denoted byAR(𝑑), the current state of a time series is assumed
to depend on the previous 𝑑 states only. Since the longest
period of interest in this study is 24 hours and the method is
designed for 4-hour temporal resolution data, it is reasonable
to consider an AR(6) model, in which the gene expression
levels within the previous 24 hours are considered. Both Ẋ

𝑖

and Ẍ
𝑖
are modeled via an AR(6) process of order 6 and

model parameters are estimated by each of the following three
methods: Yule-Walker method [21, 22], Burg method [23],
andmaximum likelihood estimation (MLE) [24].Thus sixAR
models, (𝑀

𝑖1
, . . . ,𝑀

𝑖6
), for eachmanipulated gene expression

profile are obtained. For each AR model, spectral analysis is
then applied to obtain one set of frequencies along with their
spectral densities. Unlike ARSER, all frequencies and their
corresponding spectral densities are considered to estimate
the period and classify the genes according to their peri-
ods into three categories: arrhythmic, ultradian, and circa-
dian.
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Next, let the six sets of frequencies obtained by fitting
the AR models of the 𝑖th gene expression profile be Ω

𝑖𝑗
(𝑗 =

1, . . . , 6). For the 𝑗th set of frequencies, a harmonicmodel𝐻
𝑖𝑗

is considered as follows:

�̇�
𝑖𝑡
= 𝜇
𝑖𝑗
+

𝐾𝑖𝑗

∑

𝑘=1

(𝑝
𝑖𝑗𝑘

cos (2𝜋𝜔
𝑖𝑗𝑘
𝑡) + 𝑞

𝑖𝑗𝑘
sin (2𝜋𝜔

𝑖𝑗𝑘
𝑡))

+ 𝜖
𝑖𝑗𝑡
,

(3)

where �̇�
𝑖𝑡
is the detrended profile of the 𝑖th gene at time

𝑡, 𝜇
𝑖𝑗

is the constant term of the 𝑗th harmonic model
for �̇�

𝑖𝑡
, (𝜔
𝑖𝑗1
, . . . , 𝜔

𝑖𝑗𝐾𝑖𝑗
) are the elements of the frequency

set Ω
𝑖𝑗
provided that there are 𝐾

𝑖𝑗
elements in that set,

(𝑝
𝑖𝑗1
, . . . , 𝑝

𝑖𝑗𝐾𝑖𝑗
, 𝑞
𝑖𝑗1
, . . . , 𝑞

𝑖𝑗𝐾𝑖𝑗
) are unknown linear parameters

of the trigonometric terms, and 𝜖
𝑖𝑗𝑡

is the error term for
the 𝑖th gene 𝑗th harmonic model at time 𝑡. The posterior
probabilities of the six harmonic models are estimated and
the model with the largest posterior probability is selected
as the optimal model. A period is defined as the dominant
period if it corresponds to the highest peak of the frequency
spectrum of the optimal model.

Lastly, each gene is classified according to the criteria
described in Section 2.3. Figure 1 shows a flowchart describ-
ing the ABSR algorithm.

2.2. Model Selection. Model selection in ABSR proceeds by
estimating the posterior probability of each harmonic model
and then selecting the model with the largest posterior
probability as the optimal model. To calculate a posterior
probability, model (3) is presented in the matrix form:

Ẋ
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= 𝐺
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, (4)
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Normal and inverse gamma distributions are assumed as
prior distributions for the parameters and hyperparameters
as follows:
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(6)

where 𝜇
𝑖
and 𝜎2

𝑖
are the sample mean and sample variance

of the components of the 𝑖th detrended profile (𝑖 = 1, . . . , 𝑁;
𝑗 = 1, . . . , 6; 𝑘 = 1, . . . , 𝐾

𝑖𝑗
; 𝑡 = 1, . . . , 𝑇). All parameters

and hyperparameters are assumed to be independent. It
follows that the conditional distribution of Ẋ

𝑖
given 𝛽

𝑖𝑗

follows the normal distribution 𝑁(𝐺
𝑖𝑗
𝛽
𝑖𝑗
, Σ
𝑖𝑗1
), where Σ

𝑖𝑗1
=
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𝜖
)
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2

𝜖
)
𝑖𝑗
). Here Diag (a) indicates a diagonal

matrix with the diagonal vector a. The union of all the
parameters and hyperparameters is denoted by 𝜃

𝑖𝑗
.

In the absence of any reason to prefer one model over
the others, it is reasonable to assume equal prior probability
for each model; namely, 𝑃(𝐻

𝑖𝑗
) = 1/6. Hence the posterior

probability 𝑃(𝐻
𝑖𝑗
| X
𝑖
) is proportional to (with same rate

for all 𝑗’s) the likelihood function of the data Ẋ
𝑖
given

the harmonic model 𝐻
𝑖𝑗
, namely, Pr(Ẋ

𝑖
| 𝐻
𝑖𝑗
). Instead of

directly calculating the posterior probabilities, the likelihood
function Pr(Ẋ

𝑖
| 𝐻
𝑖𝑗
) is calculated. The likelihood function

Pr(Ẋ
𝑖
| 𝐻
𝑖𝑗
) can be written as the integral of the product of
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Figure 1: Flowchart of ABSR algorithm.Y
𝑖
is the observed profile of the 𝑖th gene expression andX

𝑖
is the standardized time profile fromY

𝑖
. Ẋ
𝑖

is the detrended profile derived fromX
𝑖
and Ẍ

𝑖
is the S-G filtered profile from Ẋ

𝑖
.TheARmodels𝑀

𝑖1
,𝑀
𝑖2
, and𝑀

𝑖3
are fitted for the detrended

data Ẋ
𝑖
by three methods of model parameter estimation: Yule-Walker method, Burg method, and MLE, respectively. The AR models𝑀

𝑖4
,

𝑀
𝑖5
, and M

𝑖6
are fitted for the noise-reduced data Ẍ

𝑖
by the three above-mentioned model parameter estimation methods, respectively. The

frequency sets (Ω
𝑖1
, . . . , Ω

𝑖6
) are obtained from the frequency spectra of the AR models (𝑀

𝑖1
, . . . ,𝑀

𝑖6
), respectively. The harmonic models

𝐻
𝑖1
, . . . , 𝐻

𝑖6
are constructed with Ẋ

𝑖
and the candidate frequency sets (Ω

𝑖1
, . . . , Ω

𝑖6
).Ω
𝑖0
is the selected frequency set.

the likelihood function Pr(Ẋ
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, 𝐻
𝑖𝑗
) and the probability

density function of the prior distribution Pr(𝜃
𝑖𝑗
| 𝐻
𝑖𝑗
) with

respect to the parameter vector 𝜃
𝑖𝑗
,

Pr (Ẋ
𝑖
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𝑖
| 𝜃
𝑖𝑗
, 𝐻
𝑖𝑗
) d𝜃
𝑖𝑗
. (7)

This integral can be simplified as
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where 𝛽
𝑖𝑗0
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), and 𝑁(a; b, 𝐶) is the probability den-

sity function of the multivariate normal distribution with
mean b and covariance matrix 𝐶 with respect to a.

This integral cannot be simplified further but can be
estimated by Monte Carlo method. The steps of model
selection procedure are as follows:

(1) Simulate each variance parameter according to its
prior distribution.

(2) Calculate the value of the likelihood function
𝑁(Ẋ
𝑖
; 𝐺
𝑖𝑗
𝛽
𝑖𝑗0
, 𝐺
𝑖𝑗
Σ
𝑖𝑗2
𝐺


𝑖𝑗
+ Σ
𝑖𝑗1
).

(3) Repeat steps (1) and (2) 10,000 times and then take
the average of the 10,000 likelihood function values.
This average value is an estimate of the integral.

(4) Repeat steps (1) through (3) for all six models and
choose the model with the largest estimate of the
integral.

2.3. Criteria of Rhythmic Categories. Given the optimal
model, as determined by maximizing the posterior probabil-
ity, the following values can be calculated: the highest peak
of the spectral densities, the 𝑝 value of the 𝐹-test for the cor-
responding period, and the estimate of the dominant period.
Yang and Su [17] apply Storey and Tibshirani’s approach [25]
to calculate the 𝑞-values to determine the significance of a
period. However, when the 𝑝 values are not distributed in the
full range of [0, 1], Storey and Tibshirani’s 𝑞-value may not be
appropriate. For this reason, Benjamini-Hochberg (BH) [26]
𝑞-value is applied in this proposed method. According to our
simulation study, it is found that the maximum value of the
spectral densities of a noisy signal is on average less than that
of an oscillating signal with the same variance. Therefore, a
threshold for the spectral density is considered and a gene
is assigned into one of the rhythmic categories (ultradian,
circadian, and arrhythmic) according to the following sorted
criteria:

(i) If the maximum value of the spectral densities is less
than a preselected spectrum threshold (e.g., 10 or 5)
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or the dominant period is not significant (𝑞-value ≥
0.05), the gene is classified as arrhythmic.

(ii) Otherwise, the gene is classified by the estimate
of the dominant period. User-defined intervals for
ultradian and circadian categories are used to classify
the profiles. In particular, the rhythmic categories are
defined as follows: if the estimated period is greater
than or equal to 6 hours and strictly less than 10 hours,
denoted by the time interval of [6, 10), the gene is
classified as ultradian8. Similarly, the gene is classified
as ultradian12 for the period interval of [10, 14) and as
circadian for [20, 28). All the other genes are classified
as arrhythmic.

The value of the spectrum threshold needs to be selected.
By calculating the number of rhythmic profiles for each value
of the spectrum threshold in consideration (e.g., from 10 to
0 with step of 0.5), the correspondence of the number of
rhythmic profiles and the value of the spectrum threshold
can be studied, and the value of the spectrum threshold
can be selected according to prior knowledge and research
purpose. For example, if the research goal is to discover as
many rhythmic genes as possible, then the value of threshold
with the maximum number of rhythmic profiles can be
selected. In the case of searching for a less conservative
result, the spectrum of threshold can be selected to be the
largest value that the number of rhythmic profiles does not
change significantly as the threshold value reduces. If one can
assume the data with less noise or is interested in conservative
detection of rhythmic profiles, a large value of the threshold
could be applied. For example, a threshold of 10 is used in the
simulation studies.

3. Results and Discussion

3.1. Simulation Study

3.1.1. Periodicity Estimate for Fixed Period Settings. To assess
the performance of the ABSR algorithm, sequences of sinu-
soidal data to represent profiles with a length of 48 hours that
consists of 4-, 2-, or 1-hour resolution are generated. Four
periodic behaviors are considered: periods of 8 and 12 hours
(ultradian rhythms), period of 24 hours (circadian rhythm),
or aperiodic (arrhythmic profiles). It is noticed that gene
expression profiles with a linear trend are common in the
experimental data, so both patterns of cosine function with
and without a linear trend (Table 1) are considered. For each
combination of resolution and period, 1,000 sequences are
simulated, among which 500 sequences are cosine waves, and
the other 500 sequences are cosine waves with a linear trend.
The amplitude is set to be 5.0 and standard normal error is
integrated to the data. These simulated data can be down-
loaded from the website http://homepages.uc.edu/∼songso/.
JTK CYCLE and ARSER are also applied to the simulated
data to compare their performances with ABSR.

In order to describe the performance of the three algo-
rithms, the following five terms are defined. A discovery
implies that a gene is classified to be ultradian or circadian.
A discovery is a true discovery if a gene is classified as its true

Table 1: Formula used to simulate data.

Pattern Function
Noise 𝑦

𝑡
= 𝜖

Cosine 𝑦
𝑡
= 𝐴 ⋅ cos(2𝜋𝑡/𝑝 + 𝜙) + 𝜖

Noise with linear trend 𝑦
𝑡
= 𝐶 ⋅ 𝑡 + 𝜖

Cosine with linear trend 𝑦
𝑡
= 𝐶 ⋅ 𝑡 + 𝐴 ⋅ cos(2𝜋𝑡/𝑝 + 𝜙) + 𝜖

A = 5; p = 8, 12, 24; 𝜙 = 0.5; 𝜖 ∼ 𝑁(0, 1); 𝐶 = 0.1.

category. The percentage of genes within a category (either
ultradian or circadian) that are classified correctly is called
the true discovery rate (TDR). For example, in our simulation
study, the TDR of the circadian category is the percentage of
all 1,000 circadian profiles classified as circadian. A discovery
is a false discovery if a gene is discovered but classified as
a category other than its true category. The false discovery
rate (FDR) is the percentage of all discoveries of a category
that are false discoveries. Notice that since in this study
four categories, instead of typically binary decisions, are
considered, the definition of FDR here is different from the
classical definition. Higher TDR implies higher ability to
detect oscillations, and lower FDR implies higher reliability
in discovering rhythmic gene expression.

The two ultradian datasets (with true period = 8 and
12) are denoted by ultradian8 and ultradian12, respectively,
and the combined dataset of the 4,000 profiles from the
four categories (arrhythmic, ultradian8, ultradian12, and
circadian) is used to calculate TDRs and FDRs. To make
this comparison reasonable, the window of period of 6 to
28 hours (8 to 28 hours for 4-hour resolution) is considered
for JTK CYCLE, and the period windows of 6 to 14 hours
and 20 to 28 hours are considered for ARSER. Since ARSER
and JTK CYCLE estimate the period of gene expression but
do not classify genes into rhythmic categories, comparing
of the classification is done based on the period estimates
and their significance. A profile is considered as ultradian8
if its period estimate is significant (𝑞-value less than 0.05)
and within the interval of [6, 10), ultradian12 for [10, 14), and
circadian for [20, 28). ARSER may provide more than one
significant period estimate and these estimates may fall in
different windows of interest. In such case the classification
of the profile is not definite and is denoted by “undefined.”

Table 2 shows the comparisons of classification among
ABSR, ARSER, and JTK CYCLE for the data with 4-, 2-,
and 1-hour temporal resolutions. Columns 3 to 6 of the table
contain the numbers of profiles that are in the correspond-
ing intersection of categories. Across all resolutions, ABSR
obtains high TDR of more than 90% and low FDR of less
than 8%, while JTK CYCLE shows low TDR with 4-hour
resolution and ARSER classifies a large portion of the profiles
as undefined.

Among the 539 (bold in Table 2) discovered circadian
profiles with 4-hour resolution by JTK CYCLE, 426 profiles
are found without linear trend, and the other 113 are with
a linear trend. It is also observed that as the proportion
of profiles with a linear trend increases, TDR of circadian
profiles tends to decrease by JTK CYCLE. However, ABSR
provides the results unchanged.
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Table 2: Classification comparisons for fixed period data.

Resol. Result category True category TDR FDR
Arrhy. Ultra.8 Ultra.12 Circa. (%) (%)

ABSR
Arrhy. 818 1 75 29 — —
Ultra.8 72 999 0 0 99.9 6.7
Ultra.12 76 0 925 0 92.5 7.6
Circa. 34 0 0 971 97.1 3.4
ARSER
Arrhy. 0 0 0 0 — —
Ultra.8 236 493 0 0 49.3 32.4

4 hr Ultra.12 226 0 760 0 76.0 22.9
Circa. 101 0 0 592 59.2 14.6
Undef. 437 507 240 408 — —

JTK CYCLE
Arrhy. 998 964 943 461 — —
Ultra.8 0 36 0 0 3.6 0.0
Ultra.12 0 0 57 0 5.7 0.0
Circa. 2 0 0 539 53.9 0.4
ABSR
Arrhy. 993 0 1 0 — —
Ultra.8 6 1000 0 0 100.0 0.6
Ultra.12 0 0 999 0 99.9 0.0
Circa. 1 0 0 1000 100.0 0.1
ARSER
Arrhy. 67 0 0 0 — —
Ultra.8 241 487 0 0 48.7 33.1

2 hr Ultra.12 71 0 413 0 41.3 14.7
Circa. 80 0 0 383 38.3 17.3
Undef. 541 513 587 617 — —

JTK CYCLE
Arrhy. 993 0 0 0 — —
Ultra.8 2 1000 0 0 100.0 0.2
Ultra.12 3 0 1000 0 100.0 0.3
Circa. 2 0 0 1000 100.0 0.2
ABSR
Arrhy. 1000 0 0 0 — —
Ultra.8 0 1000 0 0 100.0 0.0
Ultra.12 0 0 1000 0 100.0 0.0
Circa. 0 0 0 1000 100.0 0.0
ARSER
Arrhy. 201 0 0 0 — —
Ultra.8 139 496 0 0 49.6 21.9

1 hr Ultra.12 115 0 572 0 57.2 16.7
Circa. 80 0 0 776 77.6 9.3
Undef. 465 504 428 224 — —

JTK CYCLE
Arrhy. 996 0 0 0 — —
Ultra.8 1 1000 0 0 100.0 0.1
Ultra.12 1 0 1000 0 100.0 0.1
Circa. 2 0 0 1000 100.0 0.2
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In addition to the TDRs and FDRs of periods, Figure 2
shows boxplots of period and amplitude estimates by each
method applied to the simulated data with 4-, 2-, and 1-
hour resolutions. The reference lines show true values of
periods and amplitudes, and the black bold bar inside each
box indicates the median estimate for the corresponding
rhythmic profiles.

Although the period estimates by JTK CYCLE with 4-
hour resolution are shown to be less biased, the majority of
the estimates are not statistically significant. On the other
hand, ABSR results in significant period estimate for more
than 90% of the rhythmic profiles with the bias of at most
0.55. Notice the circle above the JTK CYCLE box of the
ultradian12 profiles represents 63 ultradian12 profiles, while
the bench of circles above and under theABSR box represents
36 profiles.The standard error byABSR is slightly greater than
by JTK CYCLE (2.64 versus 2.08). Since ARSER provides
period estimate in diversewindows for a large portion of data,
the standard errors by ARSER are much larger than by ABSR
and JTK CYCLE for various rhythmic categories with various
resolutions.

Considering the amplitude estimate, ABSR performs
better with less bias and smaller standard error than ARSER
and JTK CYCLE for all categories and temporal resolutions.

Figure 3 shows the receiver operating characteristic
(ROC) curves for the three rhythmic categories. In these
plots, the test is done for binary decision of categories: rhyth-
mic (ultradian8, ultradian12, and circadian) and arrhyth-
mic. Since the period estimate is taken into consideration
when testing the rhythmicity, the specificity is far below
1 in this study. The color represents the 𝑞-value threshold
used to calculate the sensitivity and specificity. The plots
for ultradian12 and circadian categories show clearly that
ABSR performs better than the other two algorithms. In
the plot for ultradian8 category, JTK CYCLE shows higher
sensitivity and lower specificity than ABSR but with large 𝑞-
value threshold.With typically used 𝑞-value threshold (0.05),
JTK CYCLE is not sensitive (sensitivity = 0.036).

3.1.2. Periodicity Estimate for Random Periodicity Settings.
In the above-mentioned simulation study, three fixed val-
ues of period, amplitude, phase, and signal/noise ratio are
considered. To assess the performance of ABSR on more
flexible parameter settings, two more simulation studies
are performed. Since both ABSR and JTK CYCLE provide
one single periodicity estimate for one profile, compari-
son between ABSR and JTK CYCLE only is performed.
In the first simulation, 1000 extra profiles are generated
with uniformly distributed periods, amplitudes, and phases.
Periods are within 6 to 26 hours, amplitudes are within 1
to 6, and phases are within 0 to the corresponding period.
Again the profiles are simulated for 48-hour course with 4-
hour resolution. Standard normal errors are added to the
sinusoidal waves. ABSR considers all positive values for
the period estimate, but very large estimates are not of
interest. Hence 58 profiles with very large period estimate
(>35 hours) are removed, and comparison of period and
amplitude estimates with JTK CYCLE is done. By providing
continuous period estimates, ABSR shows stronger linear

correlation than JTK CYCLE for both period and amplitude
estimates (Figure 4). In the range of 8 to 20 hours for the
true period, ABSR clearly provides less biased period estimate
than JTK CYCLE and, in the range of 20 to 24, both ABSR
and JTK CYCLE may provide a period estimate with a bias.

Besides period and amplitude estimates, the phase infor-
mation is also an important aspect of rhythmicity. To clearly
show the performance of phase estimate, in the second
study, 500 ultradian profiles and 500 circadian profiles are
simulated. The profiles are generated with sinusoidal pattern
with the parameters uniformly distributed: period from 8
to 12 for ultradian profiles and from 22 to 26 for circadian
profiles, amplitude from 1 to 6, linear slope from −0.1 to 0.1,
and phase from 0 to the length of the cycle. Standard normal
error is added to each profile. It is noticed that when the
true phase is close to zero or the true period, both ABSR
and JTK CYCLE sometimes result in a noticeable bias in
phase estimate. This may be caused by the low temporal
resolution. By removing those profiles, it is found that the
correlation coefficients are similar by ABSR and JTK CYCLE
for circadian profiles, but much higher by ABSR than by
JTK CYCLE for ultradian profiles (Figure 5).

The settings in the first study provide the broad testing of
wide range of period anddifferent ratios of the amplitude over
noise, and the settings in the second study provide the broad
testing of wide range of phase. It is found that ABSR performs
well in both studies, so it can be used in diverse situations.

3.1.3. Detection of Circadian Rhythms for Nonsinusoidal
Patterns. Though cosine wave is typically assumed, some
experimental data exhibits nonsinusoidal pattern. So a good
method should be able to detect the rhythms for nonsi-
nusoidal patterns as well. The performance of ABSR to
detect nonsinusoidal circadian rhythms when both ultradian
and circadian rhythms are of interest is then assessed. Five
different circadian (period = 24) patterns [17, 27] (rigid,
spike, two box-like patterns and cosine wave) are considered
(Figure 6(a)). Twenty-four profiles are generated from each
pattern, adding standard normal error, with hourly lag from
0 to 23. Again the same ultradian and circadian windows
are applied as in previous simulation studies for ARSER
and JTK CYCLE. Figure 6(b) shows the number of detected
circadian rhythms by each algorithm. It is found that, among
the five patterns, all three algorithms perform well for rigid,
box2, and cosine patterns. For the patterns of box1 and
spike, ABSR detects 10 and 14 out of 24 circadian rhythms,
respectively, whereas ARSER and JTK CYCLE can hardly
detect any circadian rhythm. This implies that ABSR is more
robust and insensitive to rhythmic patterns, in general.

From the above-mentioned simulation studies, it is found
that ABSR performs best among the three algorithms with
low resolution (4-hour) by being highly sensitive in detecting
rhythmic profiles with low FDR and produces period, ampli-
tude, and phase estimates which are close to the true values
independent of the temporal resolution. ABSR is capable
of discovering harmonic ultradian and circadian profiles
simultaneously, and the performance is not affected by the
proportion of profiles with a linear trend. As the temporal
resolution increases, ABSR and JTK CYCLE perform better
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Figure 3: ROC plots for data with 4-hour resolution.

with respect to FDR and TDR, but JTK CYCLE is more
beneficial in high temporal resolution.

3.2. Application to Experimental Data. Hughes et al. [28] per-
formed experiments on mouse livers (GSE11923) to observe
transcriptional oscillations with high accuracy of 1-hour
temporal resolution within 48-hour time-course and found
the existence of harmonics of circadian gene expression in
mice.They argued that the increase of sampling resolution of
rhythmic gene profiles allows detecting cycling genes better
as compared to experimental data with 4-hour temporal
resolution, which is typical in gene expression profiling.
To explore the performance of the ABSR on the typically
designed experimental data, the data is coarsened with 4-
hour temporal resolution by selecting a subset of the original
data for every 4 hours, and ABSR, ARSER, and JTK CYCLE
algorithms are applied to the coarsened data for comparison.

Spectrum thresholds from 0 to 10 with increment of 0.5
are considered, and since the goal is to discover as many

rhythmic genes as possible, the threshold of 2.5 is selected.
Figure 7 shows the classification of circadian and ultradian
categories. JTK CYCLE is not able to detect either circadian
or ultradian profiles; however, ABSR discovers 2,787 ultra-
dian8, 3,806 ultradian12, and 4,817 circadian profiles and
ARSER discovers 6,019 ultradian8, 8,265 ultradian12, and
16,802 circadian profiles.

In addition, the three algorithms are applied to the
original data, and the spectrum threshold of 1 is selected.
Figure 8 shows the classification results. With 1-hour reso-
lution, JTK CYCLE captures 4,528 circadian profiles. It is
found that, among the 4,817 circadian profiles classified by
ABSR from the data with 4-hour resolution, 2,226 profiles are
classified as circadian by JTK CYCLE from the data with 1-
hour resolution (Figure 9). Therefore, 49.2% of the circadian
profiles detected by JTK CYCLE with 1-hour resolution are
also detected by ABSR with 4-hour resolution.

To further understand the result, the linear trend in each
profile for both temporal resolutions is examined. Figure 10
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Figure 5: Phase estimate for randomized rhythmicity.

shows the distribution of the linear slopes of the profiles for
the mouse liver data with both 1- and 4-hour resolutions.
Among the 45101 profiles, 67% and 68% of the profiles are
with a linear slope more than 0.1 far away from 0 for the
data with 4- and 1-hour resolutions, respectively. As found in
the simulation study, ABSR is not affected by the proportion
of profiles with a linear trend, but when the time series is
short, JTK CYCLE discovers fewer rhythmic profiles as the

proportion of profiles with a linear trend increases. Hence,
for experimental short time-course data, ABSR can be amore
appropriate algorithm to detect rhythms.

4. Conclusions

In this paper, we present a new algorithm, ABSR, to deter-
mine the rhythmicity of a gene expression profile with short
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time series. For noisy short time series (e.g., profiles within
48 hours with 4-hour resolution), ABSR performs well in
estimating period and amplitude and substantially reducing
the FDR of ARSER and increasing the TDR of ARSER and
JTK CYCLE. To apply the JTK CYCLE algorithm, a user-
defined window of period is required, and it is observed that
different user-defined windows might obtain inconsistent
estimates. However, there is no such constraint in ABSR,
and the estimates are consistent even with sparse observing
temporal resolution relative to the true period. Moreover,
the single period estimate without a preset window enables
ABSR to discover any harmonic and circadian rhythms
simultaneously. Since ABSR manipulates the data to treat the
linear trend and unwanted noise, ABSR can be applied to
data with less consideration of the quality. Inheriting from
ARSER, ABSR is also a joint strategy to analyze data through
both frequency and time domains.Though experiments with
duration of more days and high resolution may help us study
the rhythms better, the cost and feasibility are not always
realistic. Due to the cost of experiments, most of the time-
course experiments designed to study rhythms are performed
for 48 hours with 4-hour resolution. In this particular case,

ABSR is a better choice, and, with the tunable thresholds, the
trade-off can be small.

Since ABSR assumes continuous values for the period
estimate, it can estimate any rhythms, not limited to ultradian
or circadian rhythms. Estimating the period is the first step,
and classification is the second step. If one is only interested
in the first step, the classification step can be skipped.

In this study, the longest period in consideration is 24
hours, and the temporal resolution is focused on the typical
4-hour resolution, so the AR(6) model is used to obtain
candidate periods. For other experimental design settings,
the ABSR model can be extended to another order, where
the order is in the form of longest period of interest/temporal
resolution.

The value of threshold for the spectral density may affect
the classification results, so the choice of threshold is crucial.
As a consequence of choosing a large threshold, the results
could be conservative. In otherwords, some rhythmic profiles
might not be detected, while the detected rhythmic profiles
could be accepted with more confidence.

Since ABSR is a Bayesian algorithm, inevitably, the
computing time is a concern. The likelihood functions are
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estimated independently across different profiles, so the data
can be partitioned and the algorithm can run in parallel
to increase the computational efficiency. Our computer is a
workstation with technical specification as Intel Xeon E5-
2687W (2 processors), 3.10 GHz, 256GB RAM, Windows 7
Ultimate, and R version 3.1.2. The computation efficiency is
tested with 4-, 2-, and 1-hour temporal resolutions within
48-hour time-course data. Running the algorithm with 30
threads in parallel, it is observed that, for one single thread, 3
to 4 profiles are analyzed perminute for the 4-hour resolution
data, 2 to 3 profiles are analyzed per minute for the 2-hour
resolution data, and about 2 profiles are analyzed per minute
for the 1-hour resolution data.

Although ABSR performs best among the three algo-
rithms for short noisy time series, it is not the best choice
for all situations. For example, ABSR is useful for users who
would like to maximize the discovery of rhythmic genes with
4-hour temporal resolution data. As the length of the time
series increases, the number of parameters to be sampled
in estimating the posterior probability also increases, so the
convergence of the estimate could be a concern. In case of
long time series, JTK CYCLE would be a better choice to
identify the classification of time-course gene expression pro-
files rather thanABSR.Therefore, userswill need to choose an
optimal algorithm based on their experimental conditions.
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Azurin from Pseudomonas aeruginosa is known anticancer bacteriocin, which can specifically penetrate human cancer cells and
induce apoptosis. We hypothesized that pathogenic and commensal bacteria with long term residence in human body can produce
azurin-like bacteriocins as a weapon against the invasion of cancers. In our previous work, putative bacteriocins have been screened
from complete genomes of 66 dominant bacteria species in human gut microbiota and subsequently characterized by subjecting
them as functional annotation algorithms with azurin as control. We have qualitatively predicted 14 putative bacteriocins that
possessed functional properties very similar to those of azurin. In this work, we perform a number of quantitative and structure-
based analyses including hydrophobic percentage calculation, structural modeling, and molecular docking study of bacteriocins
of interest against protein p53, a cancer target. Finally, we have identified 8 putative bacteriocins that bind p53 in a same manner
as p28-azurin and azurin, in which 3 peptides (p1seq16, p2seq20, and p3seq24) shared with our previous study and 5 novel ones
(p1seq09, p2seq05, p2seq08, p3seq02, and p3seq17) discovered in the first time.These bacteriocins are suggested for further in vitro
tests in different neoplastic line cells.

1. Introduction

As one of the most deadly diseases worldwide, cancer is
involved in disregulation of mammalian cell differentiation
and growth. There is now no conceivable way that current
drugs can prevent cancer relapse once the cancer is in
remission. The common treatment of cancer is undertaking
surgical resection of the tumors followed by radiation and
chemotherapy [1]. There are two types of drugs that are nor-
mally used in chemotherapy, including small molecule drugs
(e.g., tyrosine kinase inhibitors) and human or humanized
proteins (e.g., monoclonal antibodies). However, these “one
drug-one target” therapies can cause the most devastating
side effects on the growth of normal cells and lead to the
rapid resistance to drugs developed by the cancer cells using
alternate pathways for growth or using efflux pumps to
pump out drugs [2]. Therefore, new therapies for cancer

drug discovery using multitargeted approaches to overcome
resistance, toxicity, and side effects are urgently needed.

Over the past centuries, a phenomenon of spontaneous
regression of tumors associated with bacterial infections has
been observed [3]. One of the most well-known treatments
based on this phenomenon was reported in late 1890s by an
American physician, Coley [4]. He observed the relationship
between bacterial infection and cancer regression, which led
to the discovery of a killed bacterial vaccine for cancer, known
as “Coley’s toxin” [3]. This suggested renewed interest in
the development of new therapeutic anticancer modalities
based on the use of live bacteria and their purified products
including bacterial toxins, proteins, peptides, and enzymes.
Recently, a number of bacterial proteins and peptides have
been described to exert an anticancer activity at preclini-
cal level toward diverse types of cancer cells [1]. Among
them, bacteriocins are antimicrobial peptides or proteins
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ribosomally synthesized by bacteria to inhibit the growth
of the similarly or closely related bacterial strains (narrow
spectrum) and sometimes against a wide spectrum of species.
They have been looking for a positive health benefit to
the host including human, livestock, aquaculture animals,
and some plants [5]. Bacteriocins promise to be effective
therapeutic agent and their biochemical properties have been
studied; their antineoplastic capability has also identified
after its discovery in the late 1970s by using crude bacte-
riocin preparation toxic to mammalian cells [6]. Common
bacteriocins like pyocin, colicin, pediocin, andmicrocin have
been shown to possess inhibitory properties against different
neoplastic line cells [5].

Amongwell-known protein anticancer agents in bacteria,
there are immunotoxins and several bacterial proteins includ-
ing Mycobacterium bovis MPT63, arginine deiminase from
Mycoplasma arginini, lipidated azurin (laz) from Neisseria
meningitides, and azurin from Pseudomonas aeruginosa [1].
The latest one, azurin, is an important bacteriocin, a member
of the cupredoxin family of redox proteins, which becomes
a potential anticancer drug because of some of its unique
properties. Azurin can preferentially penetrate human cancer
cells and exerts cytostatic and apoptotic effects with no
apparent activity on normal cells [7, 8]. Azurin can directly
interact and stabilize the tumor suppressor p53 [7]. The
azurin domain responsible for its specific entry in cancer
cells was demonstrated that it spans residues 50–77 (termed
p28) and adopts an amphipathic alpha helical conformation
[9]. Cell penetration is not accompanied by membrane dis-
ruption, which could cause cell death. Preclinical evaluation
of pharmacokinetics, metabolism, and toxicity of azurin-p28
was evaluated [10], establishing it as nonimmunogenic and
nontoxic in mice and nonhuman primates. Moreover, the
protein-protein interactions between azurin and p53 have
recently been analyzed by bioinformatics and atomic force
microscopy [11–13].

Interestingly, not only does azurin have anticancer activ-
ity but also it strongly inhibits host cell invasion by the
AIDS virus HIV-1 [14], the malarial parasite Plasmodium
falciparum [14], and the toxoplasmosis-causing parasite Tox-
oplasma gondii [15]. Thus azurin is believed to be a weapon
used by P. aeruginosa to keep invaders of the human body for
long term residence without harming or exerting any toxicity
to the host [1]. This also suggests that azurin may be specific
for tumors in the organs where P. aeruginosa normally resides
during infection. In fact, Neisseria meningitides produces an
azurin-like protein called laz (lipidated azurin) with a 127
amino acid moiety with 56% amino acid sequence identity
to P. aeruginosa azurin. Several US patents have been issued
to cover the use of azurin and laz in cancer therapies [16], and
azurin has shown significant activity, as well as enhancement
of the activity of other drugs, in oral squamous carcinoma
cells [17].

The very important question is whether azurin is the
only bacteriocin produced by P. aeruginosa as an anticancer
weapon or whether there are other bacteriocins, produced by
other bacteria with the ability to cause chronic infections and
have long term residence in human bodies, as well as defend-
ing the body from invaders such as viruses and parasites. It is,

thus, interesting to note that azurin is not the only anticancer
bacteriocins produced by human microflora. In fact, their
antineoplastic properties have been inadequately revealed
in the late 1970s by using crude bacteriocin preparation
toxic to mammalian cells. Nowadays, purified bacteriocins
are available and have shown inhibitory properties toward
diverse neoplastic line cells. Pyocin, colicin, pediocin, and
microcin are among bacteriocins reported to present such
activity [5, 18].

Although bacteriocins have been found in many major
lineages of bacteria and some members of the Archaea,
more and more new bacteriocins with new characteristics
and origins are still awaiting discovery. By now, bacteriocins
have mainly been derived from the lactic acid bacteria with
mostly fermented food origins. Besides, colicins from E. coli
were used as model Gram-negative bacteriocins. There were
only a few basic researches on noncolicin bacteriocins of
human origins and bacteriocins with killing activity against
eukaryotic and human cells [5].

Here, we hypothesize thatbacteria from human micro-
flora, especially pathogenic and commensal bacteria, with
long term residence in human body can produce azurin-
like bacteriocins as a weapon to protect their habitat from
cancers. In our previous work [19], putative bacteriocins
have been screened from complete genomes of 66 dominant
bacteria species in human gut microbiome and subsequently
characterized by subjecting them as functional annotation
algorithms with azurin as control. We have predicted a
number of bacteriocins possessed functional properties very
similar to those of azurin [19]. However, the studywas limited
to qualitative assessment of the bacteriocins at sequence-
level only. In addition, the hydrophobicity of the peptides,
which is suggested to play an important role on anticancer
activity, has not been addressed. Therefore, in this study,
we performed a system of quantitative analyses including
functional prediction (using a scoring function to evaluate)
and hydrophobic percentage calculation to identify azurin-
like bacteriocins. Next, to extend our analysis at structural
level, we performed structural modeling and molecular
docking study of bacteriocins of interest against protein p53,
a cancer target.These analyses provided us more reliable data
to identify azurin-like bacteriocins with potential anticancer
activity.

2. Materials and Methods

2.1. Screening of Potential Bacteriocin Sequences from Human
Gut Microbiome. In our previous work, hypothetical
bacteriocins which possess properties similar to azurin
have been suggested [19]. In summary, the complete
genomes of 66 dominant species among 101 prevalent gut
microbial species [20] were retrieved from the National
Center for Biotechnology Information (NCBI) Databases
(http://ncbi.nlm.nih.gov/). They were then scanned using
the BAGEL web server (http://bagel.molgenrug.nl/) [21] in
order to identify putative genes encoding bacteriocins. The
output of BAGEL is the protein sequences of hypothetical
bacteriocins. The sequences were saved in FASTA format for
subsequent analysis (Figure 1).
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Figure 1: Flowchart illustrating the process of identification and subsequent characterization of hypothetical anticancer bacteriocins from
gut microbial species.

2.2. Screening Azurin-Like Bacteriocins Using Functional
Prediction ProtFun Server. The hypothetical bacteriocins
sequences were subjected to the web server ProtFun 2.2
(http://www.cbs.dtu.dk/services/ProtFun-2.2/) [22, 23]. The
ProtFun 2.2 server produces ab initio predictions of protein
function from sequence. The ab initio feature is important
for hypothetical bacteriocins because most of the sequences
predicted from BAGEL server in previous step are not yet
available in any sequence database. For each input sequence,
the server predicted cellular function (F), enzyme class (EZ),
and gene ontology (GO) category. The scores of the predic-
tion consist of two numbers: the probability and the odds
number. The first number is the estimated probability that
the entry belongs to the class in question, being influenced
by the prior probability of that class. The second number
represents the odds that the given sequence belongs to that
class/category. It is independent of the prior probability.

In this work, we use the odds number to rank our hypo-
thetical bacteriocins using azurin as a control. To estimate the
similarity between each hypothetical bacteriocin sequence
and azurin, we collect the predicted odds number that the
sequence belongs to the same category with azurin.The score
of similarity of a sequence with azurin is estimated using
logarithm of production of three odds numbers:

Score (seq) = log [odds (seq | azurin F)

× odds (seq | azurin EZ)

× odds (seq | azurin GO)] .

(1)

The higher the score, the higher the odds that the sequence
belongs to the same categories with the azurin. All the
sequences with the score higher than 0 were selected for
further analysis.

2.3. Calculation of Hydrophobic Percentage. Hydrophobic
interaction is relatively stronger than other weak intermolec-
ular forces such as Van der Waals interactions or hydro-
gen bonds and is suggested to play an important role for
membrane permeabilization and in antitumor activity [24].
Therefore, information about hydrophobic amino acids in
short peptides is considered to be among the key criteria for
ranking.

The sequences from previous step were subjected to
calculations of hydrophobic percentage. In other words, these
calculations give us the percentage of hydrophobic amino
acids with respect to the total amino acids of the sequence.
The residues considered as hydrophobic are Phenylalanine

(Phe, F), Isoleucine (Ile, I), Leucine (Leu, L), Methionine
(Met,M), Valine (Val, V), Tryptophan (Try,W), Glycine (Gly,
G), Cystein (Cys, C), and Alanine (Ala, A). All hypothetical
bacteriocins as well as azurin and p28-azurin were subjected
to hydrophobic percentage calculation. Those bacteriocins
which have hydrophobic percentage similar to azurin are
considered to be promising azurin-like anticancer bacteri-
ocins and selected for next step.

2.4. Protein Structure Prediction. Because 3D structures
of all the bacteriocins selected from previous step have
not been available in RCSB Protein Data Bank yet; mod-
eling of these peptides was done by using I-TASSER
server (http://zhanglab.ccmb.med.umich.edu/I-TASSER). I-
TASSER is a hierarchical bioinformatics method for predict-
ing three-dimensional structure of protein molecules from
amino acid sequences [25]. This method detects template
structures from the Protein Data Bank (PDB) by multiple
threading approaches.The full-length atomicmodels are con-
structed by iterative template fragment assembly simulations
using replica exchange Monte Carlo method. I-TASSER (as
previously called “Zhang-Server”) is ranked as the best server
for protein structure prediction in recent Critical Assessment
of Structure Prediction (CASP) experiments [25].

All chosen sequences (in FASTA format) were submitted
to I-TASSER server. For each sequence, the server predicted
a number of models and ranked them by 𝐶-score. The 𝐶-
score is typically in the range of (−5, 2), where a 𝐶-score of
higher value signifies a model with a high confidence. The
model with the highest 𝐶-score was selected and refined by
GalaxyWEB [26] and ModRefiner [27] servers. The models
before and after refinement were all validated for their
backbone conformation geometry and the residue contact
using MolProbity [28].

2.5. Docking Potential Anticancer Bacteriocins against Cancer
Target p53. Protein-protein docking approach was used to
predict binding poses of the potential anticancer bacteriocins
selected from the previous step to the common cancer
target p53 DNA binding domain. The anticancer p28 peptide
fragment of azurin was also docked against p53 to validate
the docking method. The protein p53 core domain mutant
(PDB ID 2J1X) obtained from Protein Data Bank [29] was
chosen as the receptor for docking. Cluspro 2.0 [30], a fully
automated web-based program for the computational dock-
ing of protein structures, was employed. Cluspro 2.0 protein-
protein docking algorithm works in three main steps. In first
step, it runs PIPER, based on a Fast Fourier Transform (FFT)
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docking method. Secondly, it used a clustering approach for
the identification of near native conformations and discards
the unstable clusters. Finally, a short Monte Carlo simulation
was applied to judge the stability of these clusters and further
refined [30]. For each peptide, the bestmodel based on cluster
size was chosen for further analysis.

3. Results and Discussion

3.1. Screening Azurin-Like Bacteriocins Using Functional Pre-
diction ProtFun Server. Prediction of functions of azurin
fromPseudomonas aeruginosa (uniprot ID: P00282) and all 81
putative bacteriocins using ProtFun server is calculated and
shown inTable S1 (SupplementaryMaterial available online at
http://dx.doi.org/10.1155/2016/8490482). Azurin is predicted
as cellular envelope (odds 9.71), nonenzyme (odds 1.147),
and gene oncology of immune response (odds 5.877). In this
work, the three functional categories are considered equally
important. Thus, the score of similarity in (1) is the result
of production of three odd numbers without any weighted
coefficient for each odd number (odds product 65.5). This
score helps us avoid biasing toward any particular property
of the sequence.

The sequences of putative bacteriocins are ranked by odd
score from high to low. The higher the score, the higher the
odds that the sequence belongs to the same categories with
the azurin. There are 28 sequences with odds score greater
than 0.They are considered most similar to azurin among all
81 putative bacteriocins. Considering each odd score, p3seq02
has largest immune response odds at 5.0, which is smaller
than that of azurin. However, p1seq04 has largest nonenzyme
odds (1.2) among others, while p2seq07 has the largest cellular
envelope odds (10.2) being the top hit of the odds product
at 25.5. Although p3seq02 has the largest immune response
odds compared to the p2seq07 (4.1), it has much lower
nonenzyme odds and cellular envelope odds compared to
p2seq07 and azurin.

The probability score for each sequence was also calcu-
lated. We found that there is a strong correlation between the
odds score and probability score with correlation coefficient
𝑅 = 0.998 (Figure S1, Supplementary Material). This result
suggests that the probability score can also be used as odds
score to rank the similarity of bacteriocins and azurin.

Thus, in this first step we identified 28 novel putative
bacteriocins possessed functional properties very similar to
that of azurin. ProtFun results have predicted that azurin
has cell envelope function while our bacteriocins expressed
the same properties, revealing a great chance of possessing
cancer cell attack activity similar to that of azurin. The more
important functional characterization, which was to predict
the propensity of the bacteriocins, was enzymatic activity.The
low propensity of azurin to have enzymatic activity indicates
that it has little chance of interactingwith any other substrates
or altering the normal cellular kinetics.This is consistent with
the special feature of azurin which targets human cancer cells
without exerting activity on normal cells [7–9]. Like azurin,
our bacteriocins showed immune responses which have very
low chances of drug-induced adverse reactions of type B
which comprise idiosyncratic and immune-mediated side

effects [31].These results signify that our selected bacteriocins
have great chance of having anticancer activity similar to that
of azurin.

3.2. Calculation of Hydrophobic Percentage. It has been sug-
gested that the hydrophobicity of a peptide plays a crucial
role in the mechanism of action against cancer cells, which
should be taken into account in the design of potential
anticancer peptides [32, 33]. The anticancer activity of a
peptide has been shown to be correlated with the peptide
hydrophobicity which means that increasing hydrophobicity
leads to the increase of anticancer activity [33]. Peptides with
higher hydrophobicity are suggested to enter deeper into the
hydrophobic core of the cell membrane, causing stronger
activity of disrupting the cancer cell membrane [33]. On
the other hand, the peptide specificity against cancer cells
and normal cells depends on the hydrophobicity in different
manner. Too low or too high hydrophobicity reduces the
specificity of the peptide against cancer cells [33]. Thus, a
designed peptide should have the hydrophobicity in the range
that has the capability of entering cells as well as the specificity
against cancer cells.

One common index that can be used to measure the
hydrophobicity is the percentage of hydrophobic residues in
each sequence. The hydrophobic percent of azurin sequence
and p28-azurin (amino acids 50 to 77 of azurin) is 49% and
46%, respectively. Azurin and p28-azurin have been shown
to have entry specificity in cancer cells and prevent cancer
cell growth by interfering in multiple pathways by which
cancer cells grow [34]. Interestingly, p18-azurin (amino acids
50 to 67 of azurin) has been shown to be responsible for
the entry of azurin into human cancer cells but not for the
inhibition of cancer cell proliferation [35]. The hydrophobic
percent of p18-azurin is 61% that is much higher than the
hydrophobic percents of azurin and p28-azurin. Thus, to
screen out putative bacteriocins with anticancer potential as
azurin, the sequences that have hydrophobic percentage from
44% to 51% are selected. This corresponds to the fact that
hydrophobic percentage of chosen bacteriocins is within 2%
deviation from that of azurin or p28-azurin.

Among 28 putative azurin-like bacteriocins, there are 14
sequences that satisfy these criteria (Table 1). In which, 10 of
them are small peptides (7 Sactipeptides, 2 Lasso peptides,
and 1 UviB class II) and 4 of them are large proteins (all
Zoocin A type). These sequences are found in 7 bacterial
species including Anaerotruncus colihominis (1 sequence),
Bacteroides vulgatus (2 sequences), Clostridium hathewayi
(reclassified as Hungatella hathewayi) (1 sequence), Clostrid-
ium nexile (6 sequences), Dorea longicatena (1 sequence),
Eubacterium ventriosum (1 sequence), and Ruminococcus
sp. (2 sequences). Only Bacteroides vulgatus is a species
within theOrder Bacteroidales, whereas all remaining species
belong to the Order Clostridiales. A molecular genetic anal-
ysis of rDNA amplicons generated directly from a human
faecal sample showed that more than 90% of the flora
could be assigned to three major phylogenetic lineages (the
Bacteroides, Clostridium coccoides, and Clostridium leptum
groups) [36]. Thus our bacteriocins were produced by the
most dominant bacterial species in human gut. Interestingly,
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Figure 2: Three-dimensional configurations of docking models of p53 DBD with p28-azurin (a) and with azurin (b).

most of putative azurin-like bacteriocin-producing species
are considered as pathogenic bacteria, which fits well with
our hypothesis. The results are also in agreement with
cases of azurin-producing Pseudomonas aeruginosa and laz-
producing Neisseria meningitides.

3.3. Structural Prediction of Chosen Bacteriocins. I-TASSER
is one of the most popular online servers for automated
protein structure prediction. The accuracy of generated
structural models of I-TASSER is comparable to the best
human-expert guide modeling [25]. This server can be used
for sequences with or without similar folds in the Protein
Data Bank (PDB) library [37]. Thus, tertiary structures of
14 putative bacteriocin sequences were predicted using I-
TASSER server [25] and then refined by GalaxyWEB [26]
andModRefiner [27] servers. Predicted structures are shown
in Figure S2 (Supplementary Material). The percentage of
ramachandran favored residues and rotamer favored residues
of 14 refined models is 90.2% and 97.4% on average (Table S2,
Supplementary Material).

These data also showed that, for each bacteriocin, the
quality of the model improves significantly after refine-
ment. The MolProbity scores of all refined models were
also calculated. MolProbity score combines the clash score,
rotamer, and Ramachandran evaluations into a single score,
normalized to be on the same scale as X-ray resolution [28].
The scores of all refined models are below 1.5 indicating
that our models have the quality of corresponding X-ray
resolution [28].

A new database of structurally annotated therapeu-
tic peptides, SATPdb (http://crdd.osdd.net/raghava/satpdb/),
which is curated from 22 public domain peptide databases/
datasets, holds 19192 unique experimentally validated ther-
apeutic peptide sequences including 1099 anticancer ones
[38]. However, using Blast search on whole this database
with 𝐸-value = 1 applied for 14 putative bacteriocins of our
interest, no hits were found, with an exception of p3seq24
from Clostridium hathewayi DSM 13479. The p3seq24 has
37% identities (𝐸-value = 0.002) with Clostridium perfrin-
gens UviB (Bactibase ID: BAC090), which is predicted as

an antimicrobial and antibacterial bacteriocin.This indicates
that all our putative bacteriocins are novel to previously
experimentally validated therapeutic peptides.

3.4. Docking Potential Anticancer Bacteriocins against Cancer
Target p53 DNA Binding Domain. Molecular docking along
with atomic force microscopy studies has recently revealed
the binding interface of p28 and the DNA-binding domain
(DBD) of p53 [39].The authors suggested that the L1 loop (aa
112–124), a region within the S7-S8 loop (aa 214–236) andThr
140, Pro 142, Gln 144, Trp 146, Arg 282, and Leu 289 of the p53
DBD are potential sites for p28 binding.

We performedmolecular docking of p53DBD (PDB code
1TUP chain B) with p28-azurin using Cluspro server [30].
Cluspro carried out a cluster analysis and the best one had
more cluster members and lowest energy compared to other
members. We selected the first cluster for validation and
further analysis (Figure 2(a)). We have found very similar
binding sites which are L1 loop (aa 104, 109–116, 123–134), an
amino acid within S7-S8 loop (aa 228), aa 141–148, 268, 282,
and 286 (Figure S3, Supplementary Material). Considering
that we carried out docking without any prior knowledge of
binding site of this complex, these results show a striking
overlap between our predicted binding site and that of the
authors [39].

One should note that the conformation of a peptide in
solution could be different from that observed when it is
embedded in the protein. Indeed, the p28-azurin reported
in [39] was subjected to molecular dynamics simulation in
aqueous solution before docking. The final conformation
from molecular dynamics simulation is slightly different
from the conformation used in this study, mainly at two
terminals of the peptide. However, as mentioned above, our
prediction of binding interface between p28 and p53 DBD is
in good agreement with their prediction. This suggests that
the configuration of p28 observed in azurin is likely stable in
aqueous solution.

Nevertheless, due to the computational cost, performing
molecular dynamics simulationmay not be able to address all
the possible conformations of a peptide. In addition, peptide
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configurationmight be changed upon binding to the receptor.
Thus one could do peptide flexible docking that searches
for the binding interface of the complex while allowing
for full flexibility of the peptide. However, this approach
still remains a computational challenge owing to the high
torsional flexibility of peptides. Recent benchmark [40] has
shown that flexible docking of a peptide of up to four amino
acids length can be reproduced quite accurately. However,
when a peptide has more than four amino acids, the accuracy
of prediction declined dramatically [40]. Another benchmark
for short peptides (smaller than five) has shown that peptide
rigid docking is even more successful than peptide flexible
docking [41]. Because all the bacteriocins of interest in this
study have more than 30 amino acids, a well-tested program
that is able to predict the binding pose of protein-peptide
complexes such as Cluspro [30] is therefore a suitable choice.

We also carried out molecular docking of p53 DBD with
full-length azurin (PDB code 3U25 chain A) for validation of
themethodwith the whole protein (Figure 2(b)).The binding
interface includes L1 loop (aa 113–124), a region within the
S7-S8 loop (aa 224–235), 140, 144, 146, 198, and 199 (Figure
S4, Supplementary Material). This binding interface highly
overlaps with previous studies as well as the binding interface
predicted for p28. Importantly, the binding region of azurin
includes the fragment of p28 (aa 56–72) in which the residue
Met 64 is found to bind with p53 DBD Trp 146. Interestingly,
even the binding poses of p28 alone and p28 within azurin do
not exactly overlap, the residue Met 64 in both models binds
to the same residue Trp 146 of p53 (Figure 2). In total, we
found in ourmodels 8 amino acids of p53 that bind with both
azurin and p28-azurin.They include Phe 113, Leu 114, His 115,
Ser 116, Cys 124, Gln 144, Trp146, and Asp 228. These results
agree well with recent study of p28 in complex with p53 [39]
in which these 8 residues are all found in the binding region.

We have performed molecular docking for all models
predicted from previous step using Cluspro [30]. For each
complex, we select the first cluster for further analysis. To
identify the bacteriocins with anticancer property like azurin
or p28-azurin, we assume that they should bind in the same
region of p53 as that of azurin or p28-azurin. We found 8
bacteriocins which bind in the same region as p28 and azurin
(Table 2). They include p1seq09, p1seq16, p2seq05, p2seq08,
p2seq20, p3seq02, p3seq17, and p3seq24. Their binding poses
are shown in Figure 3. Details of amino acid of p53 DBD
involved in binding interface with each bacteriocin are listed
in Table S3 (Supplementary Material).

In our previous study, we identified 14 final putative
bacteriocins based on the qualitative assessment of the func-
tional properties similar to azurin and laz (lipidated azurin
produced byNeisseriameningitides) [19]. In the present work,
8 final candidates were identified based on a system of
quantitative analysis of the azurin and p28-like functional
prediction scoring with hydrophobicity added, structural
modeling, and molecular docking studies against p53. Only
three final bacteriocins (p1seq16, p2seq20, and p3seq24)
were shared by both two approaches, and interestingly,
five novel putative bacteriocins (p1seq09, p2seq05, p2seq08,
p3seq02, and p3seq17) with potential anticancer activity were
discovered in the present study, indicating the similar and

improved results from the quantitative and structure-based
analyses.

Similarly, using bioinformatics approach, the entire
genome of a human commensal bacterium Lactobacillus sali-
varius was scanned for putative bacteriocins and potentially
anticancer bacteriocins were screened through structure
prediction and docking studies against the common cancer
targets p53, Rb1, and AR with azurin as control. The results
have revealed that Lsl 0510 possessed highest binding affinity
toward all the three receptors [42]. In the present work, for
the first time, a multi-genome-scale screening, homology
modeling, and molecular docking study of putative bacteri-
ocins from all 66 dominant bacteria species in human gut
microbiome was performed to finally identify 8 candidate
peptide drugs with azurin-like anticancer activity. Further in
vitro tests were required tomake them be ideal candidates for
future cancer therapeutics.

In order to develop a cancer therapeutic drug, at least four
important properties should be considered: (i) nontoxicity for
long termuse, (ii) inhibiting and killing any preformed tumor
cells, (iii) preventing oncogenic transformation of normal
cells to cancer cells, and (iv) being taken orally and not
through intravenous injections. The three former properties
are shared by p28 and probably by azurin, although azurin’s
toxicity and side effects in humans have not yet been assessed
[1]. For the fourth feature, p28 is now given intravenously but
future technological advances might overcome this problem.

In the present study, 6 of 8 final candidate bacteriocins are
small peptides composed of 31 to 77 amino acids (Table 2).
These peptides can be administered orally, through subcu-
taneous or intravenous injections, or even by inhalation.
Actually, peptides that have entered the global market are
composed of up to 40 or more amino acids. There are only
about 11 peptides approved by FDA from 1985 to 2013 and
valued more than US$ 1.0 billion in global sales, which
include Copaxone, Lupron, Zoladex, Sandostatin, Lucin-
actant, Peginesatide, Pasireotide, Carfilzomib, Linaclotide,
Teduglutide, and Lixisenatide [1]. However, only a few such
as Carfilzomib are indicated for cancer therapy. Thus, along
with positive results of p28-azurin in phase I clinical trials in
Chicago with 15 stage IV cancer patients [43], small peptides
with azurin-like anticancer activity may have promisingly
opening potential in cancer therapy in the future.

The remaining two of 8 final candidate bacteriocins are
larger proteins composed of 212 to 262 amino acids (Table 2).
These proteins have additional domains in their structure
and thus may have other cancer growth inhibitory activities
that a small peptide lacks. For example, compared to p28,
azurin expressed the multidomain and multivalent action to
preferentially enter cancer cells and interfere inmultiple steps
in cancer growth, both intracellular and extracellular [1].
Azurin also have multibiological activity such as antiparasite
antiviral activity, including its ability to combat AIDS [14, 15].
Even azurin has been overproduced in Escherichia coliNissle
1917 probiotic cells to allow the regression of melanoma and
breast tumor in the mouse model [44]. Although azurin
must often be administrated through intravenous injections
rather than orally, it can be chemically synthesized at a
modest cost or chemically modified (e.g., insulin can be
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Figure 3: Three-dimensional docking models of 8 bacteriocins that have the highest similar binding site with p28-azurin and azurin when
they bind to p53 DBD.The bacteriocins structure is shown in red, p53 DBD in blue, and p28-azurin in grey for reference.
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covalently linked to polyethylene glycol) to become more
stable to stomach acids, easily absorbed through gut tract,
stable in serum, and less immunogenic [1]. Therefore, large
proteins like azurin havemore domains in addition to smaller
peptides like p28 that can make them a much more effective
drug if their efficacy, lack of toxicity, lack of susceptibility
to resistance development, and an improvement in mode
of administration toward technological advances can be
demonstrated in preclinical and human clinical trials.

4. Conclusion

Using bioinformatics approaches including functional pre-
diction (scoring), hydrophobic percentage calculation, struc-
tural modeling, and molecular docking, at least 8 putative
bacteriocins from human gut pathogenic and commensal
bacteria have been found to possess functional properties
very similar to those of azurin and p28-azurin with potential
anticancer activities. Among them, 3 peptides (p1seq16,
p2seq20, and p3seq24) have been shown from our previous
study and 5 novel ones (p1seq09, p2seq05, p2seq08, p3seq02,
and p3seq17) are discovered for the first time here.The results
herald a new era of drug development and contribute to better
human health.

If the pathogenic and commensal bacteria with long term
residence in human body produce these proteins to defend
their habitat from invaders such as cancers and other deadly
diseases, this can lead us to identify the novel anticancer
drugs from human microflora. The discovery of these drugs
has just been started.
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The most expedient unit of the human body is its cell. Encapsulated within the cell are many infinitesimal entities and molecules
which are protected by a cell membrane. The proteins that are associated with this lipid based bilayer cell membrane are known as
membrane proteins and are considered to play a significant role. These membrane proteins exhibit their effect in cellular activities
inside and outside of the cell. According to the scientists in pharmaceutical organizations, these membrane proteins perform key
task in drug interactions. In this study, a technique is presented that is based on various computationally intelligent methods used
for the prediction of membrane protein without the experimental use of mass spectrometry. Statistical moments were used to
extract features and furthermore a Multilayer Neural Network was trained using backpropagation for the prediction of membrane
proteins. Results show that the proposed technique performs better than existing methodologies.

1. Introduction

Among different macromolecules which constitute the cell,
proteins are structural and functional unit of the cell. Proteins
carry out thousands of chemical reactions and process both
inside and outside the cell. Each cell is enclosed by a pro-
tective wall that consists of lipids and is named as plasma
membrane. Nevertheless, very few lipid soluble and nonpolar
molecules can get entry by direct diffusion through lipid
bilayer. Most of the time, this transferring of molecules
through membranes is performed by membrane proteins [1].
Approximately 25–75% of the mass of the membrane consists
of proteins. These proteins may be integral or peripheral.
These proteins may act as receptor and play important role
in cell signaling. Glycoproteins are responsible for cell-cell
adhesion. Some proteins play important role in transporta-
tion of molecules across the cell membranes. These proteins
may be carriers, channels, or pumps. About 60–70% of these
proteins consist of 𝛼 helices; very few consist of 𝛽 barrels [2].

Amino acids are the structural component of each pro-
tein. The structure of protein is strictly linked with the func-
tion of that protein. If the nature or sequence of protein is
changed, the function of protein may alter. There are four
types of structural organizations in proteins which are pri-
mary, secondary, tertiary, and quaternary level of structures
[1].The protein sequence specifies the particular function and
the shape of the protein structure. Informally, proteins can be
categorized into three different classes: globular, fibrous, and
membrane proteins.These protein types are related with each
other but have discriminations in their tertiary structures [3–
5]. Globular proteins are mostly enzymes. Fibrous proteins
are often structural and are mostly part of some cellular
structure. Membrane proteins are responsible for signaling
between the cells and act as channels for polar and nonpolar
molecules to be transported through the cellmembrane [6, 7].
Particularly, the advancements in molecular biology have
led to the rapid increase of protein sequences in databanks.
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These protein sequences are used to extract various features
related to that protein. The total protein sequences in Swiss-
Prot databank were 3,939 in 1986. In accordance with the
version 2015 03 released on March 4, 2015, the number of
total protein sequences has reached 547,964 sequence entries.

The prediction of membrane protein is a complex prob-
lem and therefore needs the prediction model to be accurate
and efficient. Most of cellular functionalities are performed
through these significant membrane proteins. The main tar-
get of many pharmaceutical research organizations is mem-
brane protein because 50% of the drugs have their targets
as membrane proteins [8–10]. Every membrane protein type
has its specific behavior and functionality with the cell mem-
brane. Many systems have been proposed in [11–14] to
determine the exact purpose and behavior of the membrane
protein within the membrane and outside the membrane
and have produced results with accuracy but there are still
many areas where this accuracy can be improved and efficient
results could be achieved.

The proposed system endeavors to predict whether a
given protein sequence corresponds to amembrane or a non-
membrane protein producing assiduous and efficient results
as compared to existing systems. Firstly, various sequence
specific and content specific features are extracted like the
Position-Relative-Incident-Matrix (PRIM) and Frequency-
Matrix (FM) from the protein input query. After successful
feature extraction, these feature vectors are clamped to a
neural network for comprehensive training and subsequent
classification of arbitrary protein sequence received as input.

In many previous efforts, membrane proteins are pre-
dicted through their primary sequence of amino acids. Most
of these techniques were based on the compositions ofAmino
Acids (AAs) [15] and Pseudo-Amino-Acid (PseAA) [16]. Chou
and Elrod in [15] proposed the method of membrane protein
type prediction based on amino acid (AA) compositions.
This work is considered to be a pioneer for protein pre-
diction methods based on amino acids composition. They
used Covariant-Discriminant-Analysis (CDA) in combina-
tion with AA composition which represented the frequencies
of the incidence ofAAs in the primary sequence.Theproblem
with this method was the loss of information regarding the
protein sequence which directly affected the efficiency of
the prediction model. To preserve the order of sequence
and its information, Chou proposed PseAA composition in
[16] which had an impact on enhancement of prediction
of the protein sequence information. Chou implemented
Augmented CDA, least Hamming distance, least Euclidean
distance [17], and ProtLock [18] with PseAAC through which
improvement in the outcomes was examined. Cai et al. in
[19] used the PseAA and Functional Domain (FD) compo-
sitions with Support Vector Machine (SVM) for membrane
protein type prediction. In [20] Cai et al. applied Support
Vector Machines with AA composition features. Wang et
al. in [21] used variation of SVM with weights for identify-
ing membrane proteins using PseAA composition features.
Supervised Locally Linear Embedding (SLLE) with Nearest-
Neighbor classifier was used byWang et al. in [22] for feature
extraction and classification of membrane proteins. Chou
and Cai in [23] used patterns based on amphipathic effects

of sequence orders to alleviate their existing methodologies.
These amphiphilic effects were used with PseAA composition
which restrain information related to the hydrophobic and
hydrophilic associative features and notably increased the
prediction process of membrane protein types. Liu et al.
in [24, 25] introduced Fourier spectrum and low-frequency
Fourier spectrum analysis based on the PseAA compositions.
The major benefit of this analysis was to utilize the pattern
information of protein sequence more efficiently. Chou and
Cai in [26] proposed a hybrid method for predicting mem-
brane proteins using GO-PseAA which was proposed and
used in [27–29] based on combination of PseAA composition
and Gene-Ontology (GO). This method proved to be better
in accuracy for identifying the five membrane protein types.
Shen and Chou in [30] introduced Optimized Evidence-
Theoretic 𝐾-Nearest-Neighbor (OET-𝐾NN) classifier using
PseAA compositions which was based on the evidence
theory. Shen et al. in [31] applied fuzzy𝐾-Nearest-Neighbors
(𝐾NN) algorithm combined with PseAA compositions. This
technique was based on fuzzy mathematics and yielded an
improved approach in process of the membrane protein type
prediction. In [32] Wang et al. proposed a novel approach
called “Stacked generalization.” This method used combi-
nations of several classifiers as a meta-classifier in order to
increase the performance of generalization. Yang et al. in [33]
used AA and dipeptide composition based feature for their
membrane protein prediction methods. Pu et al. in [34]
used Integrated Approach for Membrane Protein Classi-
fication (IAMPC). They used Position-Specific-Scoring-
Matrix (PSSM) based on the protein AA sequences which
proved to be a better approach than Functional Domain fea-
ture extractions. Chou and Shen in [35] implemented a Web
server (MemType-2L) which was used as a two-layer pre-
dictive engine. The first phase was used to identify the
protein sequence as a membrane protein or nonmem-
brane protein and second phase differentiated the specific
membrane protein type. The server was based on the fea-
tures extracted through Pse-PSSM (Pseudo-Position-Spe-
cific-Scoring-Matrix) with combination of an ensemble clas-
sifier.

2. Material and Methods

The benchmark dataset used in proposed system for training
and testing was created by Chou and Shen in [35]. The
protein sequences were collected from version 51.0 released
on October 6, 2006, of Swiss-Prot database. The following
criteria were used to collect high-quality data and much
desired information working dataset. In the first phase, the
sequenceswith annotation like “fragment”were not included.
Proteins with less than 50 amino acid residues sequences
were also not included. In second phase, such sequences
that were annotated with ambiguous terms like “potential”,
“probable”, “probably”, “may be”, or “by similarity” were not
considered as a part of this dataset. The sequences screened
after the above procedures were kept in membrane proteins
dataset if they were annotated with term “membrane protein”
and the rest of the sequences that were not annotated with
this term were stored as dataset for nonmembrane proteins.
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In order to remove the homology and redundancy bias,
reduction sequences which have 80% identity in sequence
with any other membrane proteins were left out. Similar
procedure was followed in the nonmembrane dataset to
remove redundant sequences. Finally, the dataset containing
15,547 protein sequences was built in which 7,582 were mem-
brane proteins and 7,965 were nonmembrane proteins. This
dataset is the latest benchmark dataset and is currently being
used in mostly predictive systems built to predict membrane
proteins. Chou and Shen also prepared an independent test
dataset of 4,333 membrane proteins.

2.1. Feature Extraction. The following feature extraction
methodologies are used to determine features or patterns
linked with any specific protein.Thesemethods are discussed
below.

2.1.1. Statistical Moments. Many proposed techniques in pat-
tern recognition consider that statistical moments are useful
to generate features from a given pattern which are not
dependent upon any parameters.Many researchers have used
moments to capture important features and characterize the
functionalities of any given pattern [36, 37]. Moments are
certain types of biased average that are used for the analysis
of the concentrations of somemajor configurations in pattern
recognition related problems. For various pattern recognition
systems and object representations, orthogonal moments are
considered as a valuable technique. In recent study, it has been
observed that discrete orthogonal moments have produced
better results than the continuous orthogonal moments
for discrete and quantized data. These discrete orthogonal
moments have the ability to transform the object represen-
tations with minimum amount of loss of information [38].

In order to compute two-dimensional moments, the one-
dimensional primary structure is translated into a two-
dimensional structure using a rowmajor scheme.The dimen-
sion of the two-dimensionalmatrix is computed by taking the
square root of the length of protein

𝑛 = ⌈√𝑘⌉ , (1)

where 𝑛 is the dimension of the two-dimensional square
matrix and 𝑘 is the length of the polypeptide chain.

There are many different forms of moments that can be
calculated through any matrix or collection of vectors that
represent any pattern.Themost common of the moments are
raw moments which are computed from the following:

𝑀
𝑥𝑦
= ∑

𝑖
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𝑗

𝑖
𝑥

𝑗
𝑦

𝑓 (𝑖, 𝑗) . (2)

The raw moments assume the origin of data as the reference
point while the distance components from the origin are used
to compute moments. The central moments use the centroid
of the data as the reference point and are computed from the
following equation:
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The one-dimensional notation was transformed into a square
matrix notation so that Hahn moments could be computed.
Two-dimensional Hahn moments are orthogonal moments
that require a square matrix as two-dimensional input data.
The Hahn polynomial of order 𝑛 is given as
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The above expression uses the Pochhammer symbol general-
ized as

(𝑎)
𝑘
= 𝑎 (𝑎 + 1) ⋅ ⋅ ⋅ (𝑎 + 𝑘 − 1) . (6)

And it is simplified using the Gamma operator
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The raw values of Hahn moments are usually scaled using a
weighting function and square norm given as
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The orthogonal normalized Hahn moments for the two-
dimensional discrete data are computed using the following
equation:
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(10)

The central moments and the Hahn moments are computed
up to order 3.

2.1.2. Position-Relative-Incident-Matrix (PRIM) and Fre-
quency-Matrix (FM). Thefirst step in extraction of features is
to compute the matrix formation of the input protein query.
For this purpose, the length of the protein sequence is used
to build the PRIM and FM. These matrices are then used for
the calculation of moments through which feature vectors
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Figure 1:The four-layer architecture of MLP with backpropagation.

are formed. A protein sequence 𝑆 with total 𝑁 amino acid
residues is represented through PRIM as follows:

𝑆PRIM

=

[

[

[

[

[

[

[

[

[

[

[

[

[

[

𝐴
1→1

𝐴
1→2

⋅ ⋅ ⋅ 𝐴
1→𝑗

⋅ ⋅ ⋅ 𝐴
1→20

𝐴
2→1

𝐴
2→2

⋅ ⋅ ⋅ 𝐴
2→𝑗

⋅ ⋅ ⋅ 𝐴
2→20

.

.

.

.

.

. ⋅ ⋅ ⋅

.

.

. ⋅ ⋅ ⋅

.

.

.

𝐴
𝑖→ 1

𝐴
𝑖→ 2

⋅ ⋅ ⋅ 𝐴
𝑖→ 𝑗

⋅ ⋅ ⋅ 𝐴
𝑖→ 20

.

.

.

.

.

. ⋅ ⋅ ⋅

.

.

. ⋅ ⋅ ⋅

.

.

.

𝐴
𝑁→1

𝐴
𝑁→2

⋅ ⋅ ⋅ 𝐴
𝑁→𝑗

⋅ ⋅ ⋅ 𝐴
𝑁→20

]

]

]

]

]

]

]

]

]

]

]

]

]

]

.

(11)

In the given protein sequence, the indication of the score
of the 𝑖th position residue is determined by 𝐴

𝑖→ 𝑗
. In the

biological evolutionary process, this score is substituted by
amino acid type 𝑗. The values of 𝑗 = 1, 2, . . . , 20 are the repre-
sentation of the alphabetical order of 20 native amino acids.

After the feature vector is obtained, it is trained and
classified throughMultilayered Neural Network (MLNN) for
membrane and nonmembrane protein predictions.

2.1.3. Neural Networks with Backpropagation (BP). In classi-
fications of pattern recognition problems, neural networks
are amongst the mostly used methodologies. These neural
network systems are nonlinear-adaptive and are capable
of approximating any function. The BP training algorithm
is very well known for Multilayer Feed-Forward Neural
Networks and was introduced by [39]. The backpropagation
neural network (BPNN) and Feed-Forward Neural Network
(FFNN) are similar which contain an input layer, multiple
hidden layers, and the output layer as shown in Figure 1.
The hidden layers consist of selected number of neurons.
These neurons act as the core processing elements of the net-
work. These neurons or nodes form a constellation through
connectivity in between the layers. Through the incoming
connections of the node, it receives the weighted activations
of the previous layer nodes. These weights are summed up
and the result is passed on through an activation function.
The outcome of this process is the activation of the node.The
specificweight is thenmultipliedwith this activation value for

every connection, which is outgoing, and is then transferred
to the next node. For a MLNN, the activation or threshold
function that is used should be nonlinear. If the threshold
function is not nonlinear, then the MLNN will perform as a
single layer network. The most commonly applied threshold
or activation function is the logistic function sigmoid which
is defined by the following formula:

𝜎 (𝑛) =

1

1 + 𝑒
−𝑛
, (12)

where 𝑛 is the number of given inputs to the network. There
are many threshold functions available but this is the most
commonly used and has been very useful in BPNN learning.
During the BP training, every pattern is trained one at a
time. An epoch is the training of all the input patterns to
a network of the training dataset. The BPNN uses gradient
decent algorithm. It uses various attempts to reduce its error
along its gradient in order to improve the overall performance
of the neural network. This error can be expressed as root-
mean-squared-error (RMSE) which is formulated as
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Here 𝐸 is sum of errors of half of the averages of the projected
target (𝑡) and output vector (𝑜) difference of all patterns (𝑝).
In the start of the BP training, the weights are set randomly.
The weights (𝑤) are altered towards the maximum decrease
direction and are scaled by the adaptive learning rate lambda
(𝜆 = 0.01):
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The derivative property of sigmoid function is

𝑑

𝑑𝑛

𝜎 (𝑛) = 𝜎 (𝑛) (1 − 𝜎 (𝑛)) . (15)

By using the abovemethod, the computation of the derivative
of the logistic sigmoid function is performed. This method
eases the efforts of computations in BP method. Hence, the
weight change equations are reduced to

∇𝑤from,to = −𝜆𝑜from𝛿to,

𝛿output = − (𝑡output − 𝑜output) ,

𝛿hidden = 𝜎


(𝑠hidden)∑
𝑖

𝛿
𝑖
𝑤hidden,𝑖.

(16)

Before the threshold function is applied to the unprocessed
sum for each neuron, the value of this sum is stored.
After storing these sum (𝑠) values, the weight changes are
performed sufficiently using the basic algebraic operations.
The BP algorithm is reliable but not that fast in training.
However, the various parameters can be changed in order to
improve the speed of the overall training process.
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Table 1: Comparison in terms of accuracy with existing systems on benchmark dataset.

Protein Least Euclidean distance [17] (%) ProtLock [18] (%) Proposed system (%)
Membrane 70.2 72.7 90.0
Nonmembrane 84.0 84.8 92.4
Overall 77.2 78.9 91.23

Table 2: Contingency table or matrix of confusion.

Predicted class
Total outcomes Condition, positive Condition, negative

Actual class Test outcome, positive TP FN (error type I)
Test outcome, negative FP (error type II) TN

3. Results and Discussions

In order to measure the error rates in proposed classification
model for the performance evaluation, the data is divided
into partitions.Themostwidespread statistical techniques are
used to create partitions. Cross-validation is the partitioning
technique that is commonly used in verifying the classifica-
tion performance of a classifier. It is further used for testing
with mutually exclusive folds partitioning in the dataset. To
assess the performance of a developed model, there is a need
of some method that will examine the prediction model to
verify how well it performed. There are several parameters
on which the assessment and estimates of the performance of
classifiers aremeasured.The type of data and the classification
signify the detail of which parameters to be used. To measure
the performance of a classifier, the typically used tests and
tools are Jackknife test, confusion matrix, and ROC curves.

3.1. Jackknife Test. Jackknife validation test is also known as
leave-one-out cross test. In this test, data is divided into 𝑛-
folds. The testing dataset instance is left out and the rest of
the dataset instances are trained by the classification model.
This whole process is performed 𝑛 times. After the results of
all the 𝑛 predictions are acquired, they are further averaged
for error identifications in estimates. Jackknife is the most
severe and operational test in cross validation tests. Unique
results are achieved through this test. The only drawback in
considering Jackknife test for evaluation is the effectiveness
of the computational cost of the testing process as 𝑛 iterations
are performed.This test was performed in order to verify the
classifier performance. The results are mentioned in Table 1.

3.2. Accuracy. The accuracy or the error rate of a classifier
is used to measure its performance. The degree of true
predicted class of a classifier is measured by the accuracy of
the system. It is the proportionality of predictions that are
true in comparison with false ones.The accuracies computed
after successful classifications are also mentioned in Table 1
whereas the histogram chart for accuracies is shown in
Figure 2. It is formulated as below:

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

× 100. (17)
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Figure 2: Histogram of 3D chart showing the accuracy of proposed
system.

3.3. Confusion Matrix. Confusion matrix is mostly consid-
ered as a measuring tool for performance assessments of
various classification algorithms.The classification outcomes
are compared with the actual outcomes in confusion matrix.
A matrix is used to represent this assessment where actual
class is represented by each column while each row is the
predicted class.

Table 2 shows the contingency table or the confusion
matrix which includes True Positives (TP) which are true
outcomes predicted as positive outcomes and True Negatives
(TN) which are false outcomes predicted as negatives. False
Positive (FP) outcomes are false but are predicted as positive
outcome which is an error. Such types of errors are known
as Type I errors. Also, False Negative (FN) outcomes are
those outcomes which are true but are predicted as negative
outcomes. This is also an error which is known as Type II
error. The confusion matrix in Table 3 was obtained after
the successful classification of membrane proteins from non-
membrane proteins.

3.4. ROC (Receiver-Operating-Characteristic) Curves. In or-
der to review the core gears of classification methods, a
diligent tool was used, namely, the ROC curve, to highlight
the accuracy of the system. The accuracy of the classifier can
be envisioned in a broad way by using this tool. The ROC
curve uses a plot of sensitivity (true positive rate) on the
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Table 3: Confusion matrices of the neural networks in membrane protein classification.

Target class
Total outcome Condition, positive Condition, negative Total percentage

Output class

Test outcome, positive 6824 605 91.85%
43.89% 3.89% 8.15%

Test outcome, negative 758 7360 90.66%
4.87% 47.34% 9.34%

Output accuracy 90.0% 92.4% 91.23%
10.0% 7.6% 8.77%
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Figure 3: ROC curves of the neural networks in membrane protein
classification.

vertical axis and false positive rate on the horizontal axis of
the plot. The classifier performance is considered accurate at
best when the curve area is a bit closer to the left top corner.
The ROC curves are shown in Figure 3 which are obtained
after performing classifications.

4. Conclusions and Future Work

In this research work, the proposed systems yield better
results for the problem of membrane protein prediction.
The importance of such prediction systems is useful in the
identification of protein functionality which is valuable in
process of drug discovery. In this system, various computa-
tional techniques have been used and are curtailed within
the field of pattern recognition. The results produced in
currently proposed system are more accurate and robust as
compared to previous results from [17, 18] in Table 1. As
the biological sequence data is growing at enormous pace
in various databases like Swiss-Prot databank, the room for
efficiency and possibilities for improvements in this area
still exist in the coming future. In facilitation of scientist
community for their experimental purposes and the student
community for their research objectives, we shall develop
user-friendly webserver introducing our novel method of
prediction presented in this paper.
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Cryosection brain images in Chinese Visible Human (CVH) dataset contain rich anatomical structure information of tissues
because of its high resolution (e.g., 0.167mm per pixel). Fast and accurate segmentation of these images into white matter, gray
matter, and cerebrospinal fluid plays a critical role in analyzing andmeasuring the anatomical structures of human brain. However,
most existing automated segmentation methods are designed for computed tomography or magnetic resonance imaging data,
and they may not be applicable for cryosection images due to the imaging difference. In this paper, we propose a supervised
learning-based CVH brain tissues segmentation method that uses stacked autoencoder (SAE) to automatically learn the deep
feature representations. Specifically, our model includes two successive parts where two three-layer SAEs take image patches as
input to learn the complex anatomical feature representation, and then these features are sent to Softmax classifier for inferring the
labels. Experimental results validated the effectiveness of our method and showed that it outperformed four other classical brain
tissue detection strategies. Furthermore, we reconstructed three-dimensional surfaces of these tissues, which show their potential
in exploring the high-resolution anatomical structures of human brain.

1. Introduction

The anatomical structures of the brain tissues are very com-
plex and associated with a number of neurological diseases.
Nevertheless, without segmentation, the computer cannot
recognize and define a tissue’s contour automatically, and
the anatomical images are difficult to be used for lateral
medical application [1]. Cryosection images in the Chinese
Visible Human (CVH) dataset show the true color of the
human body in a high spatial resolution and contain more
rich and original details of the brain anatomy than other
medical imaging, such as CT and MRI [2]. By segmenting
CVH brain tissues into cerebrospinal fluid (CSF), graymatter
(GM), white matter (WM), or other anatomical structures,
we can study human brain and apply it in various fields, such
as anatomical education, medical image interpretation, and
disease diagnosis [3].

It is known that automatic or semiautomatic segmen-
tation is helpful for alleviating the laborious and time-
consuming manual segment; however, much noise is intro-
duced during CVH image acquisition and the image contrast
is low at some positions because of the asymmetric illumi-
nation. In addition, the CVH dataset has no other similar
datasets as atlas for guiding segmentation. So there remains a
challenging problemof how to explore newmodel to segment
the whole hundreds of CVH brain images in high accuracy
and efficiency.

Currently, most existing brain segmentation algorithms
are based on CT or MRI images. According to whether the
objects are labeled, these methods can be classified into two
categories: unsupervised-based and supervised-based. The
unsupervised methods, such as region growing, threshold-
ing, clustering, and statistical models, directly use the image
intensity to search the object. For example, the fuzzy 𝑐-means
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method classifies image by grouping similar data that are
present into clusters and varying the degree of membership
function allows the voxel to belong to the multiple classes
[4, 5].This assumptionmay not work well as it only considers
intensity of image and intensity is not enough to express
the intrinsic feature of objects. In addition, some methods
estimate distribution of each class with probability density of
Gaussian mixture model [6]. These methods need accurate
estimation of probability density function and for those
images with largely overlapped tissues, it is hard to match
real distribution of data in a high accuracy. Other methods,
like region growing, extend threshold by combining it with
connectivity, but they need seeds for each region and have the
problem for determining suitable threshold for homogeneity.
Also, the gradient-based segmentation technique like Water-
shed [7] constructs many dams for segmenting image, but it
is easy to produce oversegmentation.

Supervised learning-based segmentation methods are
promising as they take expert information (labeled data
or atlas) into the procedure of segmentation. These meth-
ods have shown remarkable improvements in segmenting
CT or MRI brain images. For example, Anbeek et al. [7,
8] proposed applying spatial and intensity features in a
population-specific atlas space to label brain voxels. This
method achieves high accuracy in the cost of a large set
of manually segmented training images. The studies in [9,
10] proposed using cooccurrence texture features of wavelet
followed by a classifier (like support vector machine) for
brain segmentation, while the performance might vary from
different dataset at hand with this kind of low-level feature,
especially for the cryosection images that contain many of
anatomical structures and morphological changes.

When applying supervised methods to segment the
obscure targets, there is a common sense that the key to
success is mainly dependent on the choice of data representa-
tion used to characterize the input data [11]. Typical features,
such as histogram [12], texture [13], and wavelet [10, 14],
have been successfully applied to many different occasions.
But unfortunately, most of these low-level features are hard
to extract and organize salient information from the data
and their representation power varied fromdifferent datasets.
Considering that CVH dataset contains hundreds of brain
images with enormous anatomical information of different
tissues, due to efficiency, we may not label all the images
as training data but just a tiny fraction, so it is crucial to
extract better feature representation of the inputs so as to
infer the labels distribution of the unknown anatomical struc-
tures.

Recently, deep neural networks (DNN) have shown their
promising results for feature extraction in many computer
vision applications [15, 16]. Contrary to traditional shallow
classifiers in which feature engineering is crucial, deep
learning methods automatically learn hierarchies of rele-
vant features directly from the raw inputs [17]. There are
several DNN-based models such as convolutional neural
networks (CNNs) [16], deep belief network (DBN) [18],
stacked autoencoder (SAE) [19–21] that have been applied in
different tasks. As a typical example of deep models, CNNs
alternatingly apply trainable filters and local neighborhood

pooling operations on the raw input images, resulting in a
hierarchy of increasingly complex features [22, 23].

The first deep autoencoder network was proposed by
Hinton and Salakhutdinov in [20]. In contrast to CNNs
that apply a series of convolution/pooling/subsampling oper-
ations to learn deep feature representations, SAE employs
a full connection of units for deep feature learning. SAE
contains multiple intermediate layers and millions of train-
able parameters that enable it to capture highly nonlinear
mapping between input and output, so recently it has been
widely applied in some tasks such as image denoising and
deconvolution [24, 25], multiple organ detection [26], infant
hippocampus segmentation [19], and nuclei regions extrac-
tion [27].Their existing results indicate that the archtecture of
SAE is essential for acheiving better performance in a specfic
task, which motivates us to investigate the SAE-based feature
learning for CVH brain segmentation.

In this paper, we propose a learning-based CVH brain
tissues segmentation model that employs unsupervised SAE
to automatically learn the deep feature representations and
supervised Softmax for classification.Ourmodel is composed
of two successive parts: white matter (WM) segmentation
module and gray matter (GM)/cerebrospinal fluid (CSF)
segmentation module. Specifically, the SAE in two modules
takes image patches as input and learns their deep feature
representation. These features are then sent to a Softmax
classifier for inferring the labels of the center pixels of these
patches. To decrease the burden of labeling, only a tiny
number of labeled anatomical patches are fed to the network
in the training stage. Intuitively, a trained model may be
strange to the new patches that contain unknown anatomical
structures, but because SAE can learn intrinsic feature repre-
sentations which are well in eliminating distortion, rotation,
and blurring of the input patches, the model can infer the
classes of patches that contain unknown anatomical struc-
tures. The proposed model was used to segment all 422 CVH
brain images at hand. And the segmentation performance
of the deep-learned feature was compared with some other
representative features (e.g., intensity, PCA, HOG, and AE).
Experimental results show that the proposed model achieves
higher accuracy in segmenting all three tissues.

The rest of the paper is organized as follows. Section 2
briefly reviews the acquisition of CVH dataset and the details
of the proposed model. Section 3 reports the experimental
results and analyzes the segmentation performance of dif-
ferent SAE architecture. It also compared the performance
of different methods and visualizes the three-dimensional
reconstruction results. At last, Section 4 concludes the paper.

2. Material and Methods

2.1. Image Acquisition and Preprocessing. The data utilized
in this study are successive cross-sectional images of human
brain from the CVH dataset provided by the Third Military
Medical University in China.The cadaver is 162 cm in height,
54 kg in weight, and free of organic lesions. Both the donor
and her relatives donated their bodies to the Chinese Visible
Human program, which follows scientific ethics rules of the
Chinese Ethics Department.
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(a) (b) (c)

Figure 1: Preprocessing example of cryosection brain image. (a) Original imagewithout any preprocessing (3,072× 2,048 pixels). (b) Cropped
image (1,252 × 1,364 pixels). (c) Skull stripped image.
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Figure 2: Flowchart of our segmentation model.

The images in CVH dataset are taken of the frozen
cadaver. A total of 422 cross-sectional images of the head
(number 1074 to number 1495) are selected for this study. As
shown in Figure 1, the slice is 0.167mm per pixel, 0.25mm
thick, and photographed at a resolution of 6,291,456 (3,072
× 2,048) pixels with 24-bit color information in tiff format
[28]. In order to reduce computational cost and memory
usage, these images are transformed into PNG format and
cropped to 1,252 × 1,364 pixels. In the preprocessing stage,
skull stripping is applied to each image.

2.2. Method Overview. In this work, the CVH brain tissue
segmentation problem is formulated as a patch classification
task and the architecture of our segmentationmodel is shown
in Figure 2. The model takes patches extracted from the B-
channel and V-channel of the original images as input, then
SAE is used to extract intrinsic feature representation of the

input patches, and the following Softmax classifier generates a
labels distribution of these patches based on the deep features.
This model on segmenting three brain tissues (CSF, GM,
and WM) actually contains two submodels: MODEL 1 and
MODEL 2. In MODEL 1, GM and CSF are labeled as the
same class, and the segmentation is formulated as a three-
class classification task: WM, GM & CSF, and background.
Through MODEL 1, WM tissue can be extracted from the
region of interest. This segmentation result is helpful to fill
the areas of WM into background so as to eliminate the
influence of WM. So in MODEL 2, the patches from the
WM-eliminated image are taken as inputs, and the image is
segmented into CSF, GM, and background. This pipeline has
the advantages in that more image patches of the objects with
fewer labeled data can be taken as it is quite time-consuming
to manually label an image. In the following, we will describe
the details of the model.
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Figure 3: Proposed three-hidden-layer SAE. Note that the number of layers in our model is set via cross-validation.

2.3. Learning Hierarchical Feature Representation by SAE

2.3.1. Single-Layer AE. A single-layer AE [29] is a kind of
unsupervised neural network, whose goal is to minimize
the reconstruction error from inputs to outputs via two
components: encoder and decoder [19]. In the encoding
stage, given an input sample �⃗�

𝑛
∈ R𝑁, AE will map it to the

hidden activation ⃗ℎ
𝑛
∈ R𝑀 by the following mapping:
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where 𝑓(𝑧) = 1/(1 + exp(−𝑧)) is a nonlinear activation
function; W
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∈ R𝑀×𝑁 is the encoder weight matrix; ⃗𝑏
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∈

R𝑀 is the bias vector. Generally,𝑀 < 𝑁; then the network
is forced to learn a compressed representation of the input
vector. This compressed representation can be viewed as
features of the input vector. In the decoding stage, AE will
reproduce input data from the hidden activation ⃗ℎ
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In our model, during the training stage, we minimize the

objective function shown in (3) with respect to the weight
matrixesW

1
andW

2
and bias vectors ⃗𝑏

1
and ⃗𝑏
2
. The objective

function includes an average sum-of-square error term to
fit the input data and a weight decay term to decrease the
magnitude of weight matrices as well as helping prevent over-
fitting
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where x
𝑛
denotes the 𝑛-th sample in the training set; y

𝑛

denotes the reconstructed output with input of x
𝑛
; 𝜆 denotes

weight decay parameter which controls the relative impor-
tance of the two terms; 𝑛

𝑙
denotes the number of layers in the

network; 𝑠
𝑙
denotes the number of units in the 𝑙th layer; and

𝑚 denotes the number of training samples.

2.3.2. SAE for Hierarchical Feature Learning. SAE is a type
of neural network consisting of multiple layers of AEs in
which the output of each layer is wired to the inputs of the
successive layer. In this paper we propose a multi-hidden
layer SAE which is shown in Figure 3. It is noted that the
number of layers in our model is set via cross-validation.
For an input vector �⃗�

𝑛
, the first layer transforms it into a

vector ⃗ℎ1
𝑛
that consists of activations of hidden units, and the

second layer takes ⃗ℎ1
𝑛
as input to produce a new activated

vector ⃗ℎ2
𝑛
; then the final activated vector ⃗ℎ3

𝑛
that is produced

by ⃗ℎ2
𝑛
can be viewed as deep-learned feature representation

of the input sample. It is noticed that the model intrinsically
handles varying-dimension images through image patches
with different sizes. For a specific task, the parameters are
usually settled through experiments or experience, and the
training and application of SAE will go on those parameters.

In our task, we follow the greedy layer-wise training
strategy [18, 20, 30] to obtain better parameters of a SAE.That
is, we first train the first single AE on the raw input and then
train the second AE on the hidden activation vector acquired
by the former AE. The subsequent layers are repeated using
the output of each layer as input. Once this phase of training
is complete, we stack AEs into SAE and train the entire
network by a gradient-based optimization method to refine
the parameters.

The high-level features learned by SAE are more discrim-
inative compared to hand-crafted feature such as intensity
and learning-based feature by single-layer AE. To make an
intuitive interpretation, we conducted a dimension reduction
experiment to visually examine the distributions of feature
vectors from image patches by original intensity and a SAE
with three hidden layers, respectively.The experimental result
is shown in Figure 4, where the dimensionality of each feature
vector is reduced to two by Principal Components Analysis
(PCA) for the purpose of visualization. We can see that
the features extracted by SAE output a better cluster result
than intensity features. It is easier to generate a separation
hyperplane for separating different types of samples.

To further visualize the discriminative ability between
AE and SAE, the features learned by each layer of SAE
based on cryosection image are shown in Figure 5. As shown
in Figure 5(a), it is seen that AE can only learn primitive
oriented edge-like features, just like𝐾-means, ICA, or sparse
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Figure 4: Two-dimensional feature representation for 500 patches of each brain tissue by (a) intensity + PCA and (b) intensity + three-
hidden-layer SAE + PCA; here PCA is just for visualization of principle components.

(a) (b) (c)

Figure 5: Visualization of learned high-level features of input pixel intensities with three-layer SAE. (a), (b), and (c) Learned feature
representation in the first (with 225 units), second (with 144 units), and third (with 81 units) hidden layers, respectively, where the features in
the third layer are discriminative for image segmentation task.

coding do [31]. While SAE can learn higher-level features
corresponding to the patterns in the appearance of features
in the former layer (as shown in Figure 5(c)), these high-level
features are more discriminative for image segmentation task
in this paper. Hence, our model employs the SAE instead
of both hand-craft features and learning based features by
singer-layer AE to extract high-level feature representation
for segmenting brain tissues.

2.3.3. SAE Plus Softmax for CVH Brain Tissues Segmentation.
For every foreground pixel in the cryosection image, we
extract two patches centered at this pixel from its B-channel
(in RGB color space) and V-channel (in HSV color space)
image, respectively. So 𝜖 in Figure 2 is 2. The two patches
are concatenated together as the input features of SAE, and
the features learned by SAE then are sent to a supervised

Softmax classifier. The parameters of two SAEs in MODEL
1 and MODEL 2 are roughly consistent. The patch size
is set via cross-validation, and layer depth is set among
{1, 2, 3} considering the balance between computation cost
and discriminative power. The number of units in each layer
of SAE is experimentally set as 400, 200, and 100, respectively.
Thus, the final dimensionality of deep-learned feature is 100.
The weight decay 𝜆 of two SAEs in MODEL 1 and MODEL 2
is set to 0.003 and 0.005, respectively, which is tuned on the
validation set.

2.3.4. Ground Truth and Training Sets Generation. Theobjec-
tive of the proposed model is to automatically segment the
three brain tissues of thewhole 422CVHbrain image at hand.
It is laborious and time-consuming to manually segment
all the brain image for an anatomical expert, so the expert
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Table 1: Details of the SAE architectures with different input patch size and layer depth in this study.

Patch size Layer 1 Layer 2 Layer 3 Layer 4

5 × 5

Layer type AE Softmax — —
Input size 50 25 — —
Hidden size 25 — — —

9 × 9

Layer type AE AE Softmax —
Input size 162 81 36 —
Hidden size 81 36 — —

13 × 13

Layer type AE AE Softmax —
Input size 338 150 64 —
Hidden size 150 64 — —

17 × 17

Layer type AE AE AE Softmax
Input size 578 400 200 100
Hidden size 400 200 100 —

21 × 21

Layer type AE AE AE Softmax
Input size 882 400 200 100
Hidden size 400 200 100 —

only segmented eight CVH brain images which is saturated
with abundant anatomical structures as the ground truth for
training sets generation and quantitative evaluation.

The patches used for training and testing are extracted
from the eight labeled images. The size of each patch is
chosen 17 × 17 to achieve relatively best performance which
is validated in Section 3.1, so 𝜔 in Figure 2 is 17. For MODEL
1, our training sets contain 100,00WM patches and 90,000
non-WM patches extracted from eight training images. For
model 2, the training sets contain 106,000GM patches and
84,000CSF patches. These patches are used for SAE and
Softmax training in the two models.

3. Experimental Results and Discussion

In the experiments, we firstly focus on evaluating the seg-
mentation performance of features learnt by different SAEs
based on cryosection image in order to get the best SAE
architecture. Secondly, we compare performances of the
proposedmodel based on the deep-learned features and some
famous hand-crafted features such as intensity, PCA, and
HOGand one learning-based feature byAE.Then, we present
typical segmentation examples and make some discussion.
Finally, we build the 3D meshes of three tissues based on our
segmentation results.

3.1. Comparison ofDifferent SAEArchitectures. Thenonlinear
mapping between the input and output of SAE is influenced
by its multilayer architecture with various input patch sizes
and depths. In order to investigate the impact of different SAE
architectures on segmentation accuracy, five different SAE
architectures are designed and resort to segmentation task.
The detailed parameter configurations are shown in Table 1
and the segmentation performances of WM, GM, and CSF
are reported in Table 2.

It can be observed from the results that the predictive
accuracies are generally higher for the architectures with
input patch sizes of 17 × 17 and 21 × 21. The SAEs with

Table 2: Mean and standard deviation of Dice ratio (in %) for
measuring the performance of the three tissue types with five
different architectures trained by using different patch sizes of 5 × 5,
9 × 9, 13 × 13, 17 × 17, and 21 × 21, respectively. The experiments
were conducted in a leave-one-out manner and eight test results
were collected for each tissue.

Patch size WM GM CSF
5 × 5 92.41 ± 2.85 90.36 ± 3.24 88.41 ± 3.01

9 × 9 93.95 ± 2.48 90.45 ± 2.13 89.54 ± 2.57

13 × 13 94.25 ± 2.01 91.74 ± 2.51 90.14 ± 2.84

17 × 17 96.12 ± 1.63 92.24 ± 2.11 90.69 ± 2.14

21 × 21 96.64 ± 1.85 91.12 ± 2.36 90.45 ± 2.04

larger patch size tend to have a deeper hierarchical structure
and more trainable parameters. These learned parameters
are capable of capturing the complex relationship between
input and output. We can also observe that the architecture
with input patch size of 21 × 21 does not generate substan-
tially higher performance, suggesting that larger patch may
introducemore image noise and fused anatomical structures.
In order to obtain better segmentation performance, in the
following we focus on evaluating the performance of our SAE
architecture with input patch size of 17 × 17 and depth of 3.

3.2. Comparison of Performances Based on Different Fea-
tures. In order to provide a comprehensive evaluation of
the proposed method and illustrate the effect of high-level
features in contrast to low-level features, three representative
hand-crafted features such as intensity, PCA [32, 33], and
HOG [34] and one learning-based features by AE are used
for comparison. These features follow the same segmenting
procedures as the deep-learned features. All the segmentation
performances are reported in Table 3 using Dice ratio. It can
be observed that our model with the features extracted by
SAE outperforms other well-known features for segmenting
all three types of brain tissue. Specifically, our model yields
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Figure 6: Continued.
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(f)

(g)

Figure 6: Comparison of the segmentation results with the manually generated segmentation on a cryosection image in CVH dataset. (a)
shows the original cryosection and its B-channel (in RGB color space) and V-channel (in HSV color space) image. (b) shows the manual
results (CSF, GM, and WM). (c)–(g) show the results by the features of our SAE deep learning, Intensity, PCA, HOG, and AE, respectively.

Table 3: Mean and standard deviation of Dice ratio (in %) for the
segmentations obtained by five feature representation methods.

Method CSF GM WM
Intensity 88.76 ± 2.41 89.46 ± 2.12 95.49 ± 1.96

PCA 89.31 ± 1.89 90.87 ± 2.34 95.20 ± 2.01

HOG 86.77 ± 2.67 87.21 ± 2.86 94.92 ± 1.89

AE 88.32 ± 2.37 90.26 ± 2.36 95.60 ± 1.83

Proposed SAE 90.69 ± 2.14 91.24 ± 2.01 96.12 ± 1.23

the best average Dice ratio of 90.69 ± 2.14% (CSF), 91.24
± 2.01% (GM), and 96.12 ± 1.23% (WM) in a leave-one-out
evaluation manner. These results have illustrated the strong
discriminative power of the deep-learned features in brain
tissues segmentation task.

To further demonstrate the advantages of our proposed
model, we visually examine the segmentation results on one
cryosection image which is shown in Figure 6. (a) shows the
original RGB cryosection image and its B- and V-channel
images.The ground truth that segmented by experts is shown
in (b). (c)–(g) present segmentation results of four methods
based on deep-learned features, intensity features, PCA
features, HOG features, and AE feautres, respectively.We can
see that the segmentation results of the proposed model are
quite close to the ground truth. In contrast, other results
either generate much oversegmentation or fail to segment
tiny anatomical structures accurately. Specifically, WM is
only adjacent to the GM and can be easily distinguished

from its surroundings, so the WM segmentation DRs are
approximate to each other. And the visible results of WM
are similar in appearance except the fact that HOG-based
method mistakenly introduced a small fraction of CSF
into the results. It has some difficulty on GM and CSF
segmentation due to the complex anatomical structures and
low contrast. HOG and intensity based methods introduce
more surroundingnon-GMornon-CSF tissue into theROI of
GM or CSF, respectively; thus they produce more defects and
fuzzy boundaries for different tissues. In contrast, theGMand
CSF tissues generated by ourmethod can be clearly identified
with a certain ROI and distinct contours.

We then applied our proposed model to segment all
422 brain cryosection images. Typical images in coronal and
sagittal viewpoints and their corresponding segmentation
results (WM, GM, and CSF) are shown in Figures 7 and 8,
respectively. It is remarkably seen that the results of WM
and GM change continuously and their morphological dis-
tributions are shown clearly; most tiny anatomical structures
are well reserved. It is also noticed that the results of CSF
seem incomplete and not distributed uniformly. This fact is
determined by the characteristics of the cryosection images.
These images have such high spatial resolution (0.167mm
per pixel and 0.25mm per slice) that it can express fine
structures of tissues. But since these images were collected
from a cadaver, the CSF in the brain no longer flowed in
vivo. Due to the effect of gravity, the CSF will gather to some
places, rather than uniformly distributing around the surface
of brain as in live status.These factors cause the discontinuous
distribution of the CSF segmentation results.
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(a)

(b)

(c)

(d)

Figure 7: Coronal section images (a) and their corresponding SAE segmentation results of WM, GM, and CSF ((b), (c), and (d)).

(a)

(b)

(c)

(d)

Figure 8: Sagittal section images (a) and their corresponding SAE segmentation results of WM, GM, and CSF ((b), (c), and (d)).
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Figure 9: Three-dimensional surface-rendering reconstruction results of WM, GM, and CSF based on our segmented images.

3.3. Three-Dimensional Reconstruction Results. The CVH
cryosection slices are 0.167mm per pixel and 0.25mm thick,
and such high resolution is very helpful for displaying subtle
anatomical structures of brain tissues. For a more in-depth
understanding of these tissues, the segmented white matter,
gray matter, and cerebrospinal fluid images are reconstructed
usingmarching cubes algorithm to produce 3D surfacemesh.
The reconstruction results in different views are shown in
Figure 9. From the surface-rendering reconstruction results,
it is seen that the surface of WM is smooth and its sulci and
fissures are clearly displayed. The distribution of GM shape
is also noticed, but the surface of GM reconstruction results
does not look very smooth. The reason for this lies in the
fact that the GM and CSF are mixed together because of the
ice crystals in the frozen brain slices, so the segmentation of
GM is influenced by its surrounding CSF. In spite of it, the
sulci and cerebral cisterns are also easy to be recognized in
3D reconstructed WM and GM.

Benefitting from the increasing development of the 3D
reconstruction technology, 3D MRI and PET have now
been used in clinic and researches. But because of the
resolution limitation and complexity of brain structures of
the 2D radiological images (such as CT and MRI), the 3D
reconstruction results are usually unsatisfactory and are hard
for the guidance of clinic operation. For the work in our
paper, we focus on the segmentation and reconstruction of
three kinds of CVHbrain tissues.TheCVHbrain images have
high spatial resolution of 0.167mmper pixel and 0.25mmper
slice, after segmentation by the proposed method; the high-
quality and high-accuracy 2D brain tissues can get well 3D
reconstruction results. Some potential applications of the 3D
reconstruction result include the following:

(1) The 3D results can be viewed in any orientation
besides the common coronal, sagittal, and transverse
orientations. These 3D models (especially for WM
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and GM) can help obtain the anatomical knowledge
of 3D structures and their adjacent relationship in
space. In addition, we can identify the structures by
comparing radiological image with the anatomical
image.

(2) The 3D result in our work is applicable for teaching
sectional anatomy since there is rarely direct-viewing
model that canmake the understanding of anatomical
structures easier. The varying viewpoints of the 3D
model are helpful for observing the tiny structures
in specific positions of human brain, and medical
students only need tomove theirmouse to control the
perspective of displaying.

4. Conclusion

We have presented a supervised learning-based CVH brain
tissue segmentation method using the deep-learned features
with multilayer SAE neural network. The major difference
between our proposed feature extraction method and con-
ventional hand-crafted features such as intensity, PCA, and
Histogram of Gradient (HOG) is that it can dynamically
learn the most informative features adapted to the input
dataset at hand. The discriminative ability of our proposed
model is evaluated and compared with other types of image
features. Experimental results validate the effectiveness of
our proposed method and show that it significantly outper-
forms the methods based on typical hand-crafted features.
In addition, the high-resolution 3D tissue surface meshes
are reconstructed based on the segmentation results by
our method with the resolution of 0.167mm per pixel and
0.25mm per slice, much more tiny than the 3 T (even 7 T)
MRI brain images. Furthermore, since the procedure of
features extraction by ourmethod is independent of the CVH
dataset, our method can be easily extended to segment other
medical images such as cell images and skin cancer images.
CVH dataset contains serial transverse section images of the
whole human body, which is large in volume. Pure manual or
semiautomatic segmentation of those images is quite time-
consuming, so a large proportion of data still remain to be
exploited.Though the work in our paper only had segmented
theWM,GM, and CSF of the brain tissue, it actually provides
a reference for automatically or semiautomatically processing
such real-color and high-resolution images.

Recent studies show that neural network can yield more
promising performance on image recognition task with
deeper hidden layers [35, 36]; we will explore parallel SAE
with more hidden layers as well as more training data in the
future. In addition, the number of neural units in each hidden
layer may affect the segmentation performance in a certain
degree. We will further investigate the influence of hidden
neural units to segmentation performance. Furthermore, the
model uses a classical Softmax classifier to predict labels of the
input patches, and we will consider the influence of different
classifiers in the future research.
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