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1. Introduction

As one of the world’s largest and fastest-growing industries,
healthcare engineering refers to all aspects of the prevention,
diagnosis, treatment, and management of illness, as well as
the preservation and improvement of physical and mental
health and well-being through medical services [1, 2].

Medical imaging technologies play more and more
important roles not only in the diagnosis and treatment of
diseases but also in disease prevention, health checkup, major
disease screening, health management, early diagnosis,
disease severity evaluation, choice of treatment methods,
treatment effect evaluation, and rehabilitation. The status of
medical imaging technologies has increased continuously in
healthcare applications [3–6].

Due to its ability to make the diagnosis and treatment of
disease, image-guided surgery, and other medical links more
timely, accurate, and efficient, medical image enhancement
has become a routine task. Through producing excellent
tissue uniformity, optimized contrast, edge enhancement,
artifact elimination, intelligent noise reduction, and so forth,
cutting-edge image enhancement helps doctors accurately
interpret medical images, a crucial foundation for better
diagnosis and treatment [3–6].

2. The Special Issue

Although the special issue focuses on medical image
enhancement, other important image processing methods

are reported from submitted papers, including image recon-
struction, enhancement, segmentation, feature extraction,
and recognition.

Next, we will introduce seven important works in the
order of the above full-image processing procedure [5].

For the sparse reconstruction of X-ray computed
tomography (CT) image with a low-dose projection data,
W. Zhou and H. Xiang proposed a wavelet frame-based
regularization method, where a novel balanced hybrid
model was considered with two sparse regularization terms
related to the latent solution and the frame coefficient. A
fast alternative direction method was devised to solve the
proposed model so that four subproblems can be easily
solved. Numerical experiments verified the efficiency and
the accuracy of the proposed model.

Efficient enhancement of noisy optical coherence
tomography (OCT) images is a key task for interpreting
them correctly in the ophthalmology for vision-related dis-
eases. G. Liu et al. proposed a collaborative shock filtering
to better enhance details and layered structures of human
retina image. Noisy OCT image is first denoised by a 3D
collaborative filtering method with a novel similarity mea-
sure; then, the denoised image is sharpened by a shock-type
filtering for edge and detail enhancement. In order to
improve image contrast for the detection of tiny lesions, a
gamma transformation is also used to enhance the images
within proper gray levels.

To better interpret medical images plays an important
role in medical diagnosis and treatment. Y. Zhang and
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M.Q. An proposed a super-resolution reconstruction method
based on transfer learning and deep learning, which contains
one bicubic interpolation template layer and two convolu-
tional layers. A SIFT feature-based transfer learning method
is used to selectively add other types of images into the train-
ing dataset. The experiments on eight distinctive medical
images showed the improvement of image quality with
slightly sharper edges than other deep learning approaches
in less time.

Image segmentation is a classic difficult problem linking
low-level processing to high-level recognition. Three impor-
tant works on three types of imaging modes are reported in
this field. A fast and robust segmentation algorithm was pre-
sented by J. Marie et al. integrating the fuzzy clustering and
the gravitational law. After the fuzzy enhancement of MRI
images (T1/T2, FLAIR), the healthy structures in these
images were separated from the unhealthy ones. Finally, the
lesion contour is automatically outlined through an
initialization-free level set evolution method. An 84%–93%
overlap performance was obtained using clinical and syn-
thetic brain datasets with different and heterogeneous types
of lesions.

The segmentation of epicardial fat is also an important
task for indicating the risk level for developing various car-
diovascular diseases and predicting the progression of certain
diseases. V. Zlokolica et al. proposed a semiautomatic
approach for segmentation and quantification of epicardial
fat from 3D CT images. After the user marks a patch corre-
sponding to the epicardial fat, a 3D segmentation was done
slice-by-slice integrating 2D processing using the fuzzy c-
means clustering and ellipse fitting, followed by a filtering
out of undesired parts of the target cluster.

Retinal layer thickness measurement offers important
quantitative information for reliable diagnosis of retinal
diseases and for the evaluation of disease development
and medical treatment responses. This task critically
depends on the accurate edge detection and segmenta-
tion of the retinal layers in OCT images. S. Luo et al.
identified three most promising edge detection algo-
rithms: Canny edge detector, the two-pass method, and
the EdgeFlow technique. The quantitative evaluation results
showed that the two-pass method outperforms consistently
the other two methods in delineating and localizing the
retinal layer boundaries in the OCT images. They also
found that the OCT images contain more intensity gradi-
ent information than texture changes along the retinal
layer boundaries.

With the development of digital X-ray imaging and
processing methods, automatic categorization and analysis
of massive digital radiographic images are urgently needed.
N. Ren et al. developed a recognition method of radio-
graphic positions using the frequency curve classification
and gray information matching. Compared with prede-
fined curve types (radiographic position) from a whole-
body phantom image, a radiographic image is classified
as one of the six positions with the help of image intensity
similarity: the head, lung, lumber, pelvis, joint, and limbs.
An average 93.78% accuracy is reported using the
proposed method.
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Efficient enhancement of noisy optical coherence tomography (OCT) images is a key task for interpreting them correctly. In
this paper, to better enhance details and layered structures of a human retina image, we propose a collaborative shock filtering
for OCT image denoising and enhancement. Noisy OCT image is first denoised by a collaborative filtering method with new
similarity measure, and then the denoised image is sharpened by a shock-type filtering for edge and detail enhancement. For
dim OCT images, in order to improve image contrast for the detection of tiny lesions, a gamma transformation is first used
to enhance the images within proper gray levels. The proposed method integrating image smoothing and sharpening
simultaneously obtains better visual results in experiments.

1. Introduction

Optical coherence tomography (OCT) is an important
emerging noninvasive technique in medical imaging, which
offers high-speed tomographic imaging of human tissues
[1, 2]. Layered structures of the human retina provided by
OCT imaging are commonly detected and measured for
diagnosis and prognostic evaluation [3]. Thus, medical
OCT imaging has a variety of clinical applications and is
widely used in the ophthalmology for vision-related diseases.
Since OCT imaging takes advantage of low-coherence inter-
ferometry, it inevitably suffers from speckle noise, visible as
dark and bright spots on the imaged objects [4], which
severely degrades OCT image contrast and quality and
makes it particularly challenging to identify fine structures
and features. Therefore, it is necessary to remove the speckle
noise and to enhance OCT images in order to interpret OCT
images correctly.

There are many approaches to reduce the speckle noise of
OCT images for enhancing their image quality [5, 6]. For
example, the geometry-oriented calculus of variations and

partial differential equations have been widely used in image
processing [7, 8]: the total variation regularization [9] and the
anisotropic diffusion [10] for image denoising and enhance-
ment, the shock filters [11, 12] for image sharpening, and
so forth. However, in the process of image denoising and
enhancement, these classic geometrical regularization
methods, based on operators in differential geometry such
as gradient, divergence, and directional derivative, often tend
to modify the image towards a piecewise constant function
and blur fine features of the image, particularly the image’s
details and layered structures.

Other image enhancement methods include wavelet
decomposition [13], local statistical [14], and self-similarity
and sparsity-based methods [15–17]. These algorithms can
reduce noise to a certain extent, but they also lead to the loss
of image details and consequently the blur of important
image features. Moreover, some algorithms are fairly time-
consuming for them to enhance a noisy OCT image.

In 2005, Buades et al. proposed a nonlocal means (NLM)
filter based on the self-similarity in the whole image, which
can effectively preserve image details and textures [18, 19].
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The nonlocal means filter produces impressive results in
denoising textured patterns. A more complicated neighbor-
hood filter based on the self-similarity of image blocks was
introduced by Dabov et al. [20], which is actually also a
weighted average algorithm, just after a transform-domain
collaborative filtering. This algorithm achieves better denois-
ing performance in terms of peak signal-to-noise ratio [21].

In this paper, to better preserve or enhance image details
and layered structures, we propose an effective enhancement
algorithm for OCT image denoising and enhancement based
on collaborative shock filtering. The basic idea is that noisy
OCT image is first denoised with a collaborative filtering of
speckle noise following a gamma distribution, and then the
denoised image is sharpened by a shock-type filtering for
edge and detail enhancement. For dim OCT image, in order
to improve the contrast of the retinal image for the detection
of tiny lesions, a gamma transformation [22] is first used to
enhance the image within proper gray levels.

Image smoothing and sharpening are two opposite oper-
ations in image processing. Generally speaking, image
smoothing is to eliminate unnecessary and false discontinu-
ous features (such as noise), while image sharpening is to
produce or enhance some discontinuous features (such as
edges and details) in proper positions of the image. In many
cases, image denoising methods often inevitably blur image
edges and details even if these methods are designed elabo-
rately. For example, see following denoising experiments on
noisy images. Thus, both image smoothing and sharpening
are needed simultaneously even if only in an image denoising
task. One will see that the methods integrating the above two
operations simultaneously obtain better visual results in
experiments [23].

The rest of this paper is organized as follows. In Section 2,
we briefly review some classic works: shock filters and self-
similarity filtering. Then, a collaborative shock-filtering algo-
rithm integrating these classic methods is proposed in Sec-
tion 3. Experiments on test images are described in Section
4. Finally, conclusions are drawn out in Section 5.

2. Shock Filters and Self-Similarity Filtering

In this section, we review some classic methods in image
denoising and enhancement.

2.1. Shock Filter. In [24], some special ideas and techniques
developed in numerical solutions of nonlinear hyperbolic
equations were applied to feature-oriented image enhance-
ment for the first time. Osher and Rudin introduced a novel
image sharpening technique called the shock filter (SF) [11],
which is based on a modification of the nonlinear Burgers’
equation and simulates the shock wave calculation in the
computational fluid mechanics [25]. Different from the non-
linear parabolic equation of diffusion-type process, they pro-
posed a hyperbolic one:

∂u
∂t

= −sign uNN ∇u , 1

where u is the observed noisy image, sign is a sign function,
and uNN is the second directional derivative of the image

along a local normal direction to the isophote line. It detects
an image edge using the zero crossing of uNN , where a shock
is formed at the speed of ∣∇u∣.

Considering the image noise in the estimation of edges,
Alvarez and Mazorra added a smoothing kernel and coupled
the anisotropic diffusion with the shock filter (ADSF) [12] for
noise elimination and edge sharpening:

∂u
∂t

= −sign Gσ ∗uNN ∣∇u∣ + cuTT , 2

where Gσ is a Gaussian kernel with standard deviation σ, uTT
is the second directional derivative of the image along a local
tangent direction, and c is a constant to balance the aniso-
tropic diffusion and the shock filter.

2.2. Self-Similarity Filtering. Another effective image denois-
ing technique is neighborhood filters [8], which consider
self-similarity between two pixels or blocks of the image both
in spatial location and in gray level. Buades et al. proposed
the following nonlocal means (NLM) filter [18, 19]:

NLhu x = 1
c x Ω

exp

−
Gσ ∗ u x + ⋅ − u y + ⋅ 2 0

h2
u y dy,

3

where c x = Ωexp − Gσ ∗ u x + ⋅ − u y + ⋅ 2 0 /h2 dy
is a normalization factor, and h is a filtering parameter
related to noise level, and x, y ∈Ω ⊂ R2 are 2D spatial coor-
dinates. The nonlocal means filter gives better results in
denoising textured patterns.

A more complicated neighborhood filter called the
Block-matching and 3D filtering (BM3D) algorithm was
introduced by Dabov et al. [20], which has three main steps:
grouping of similar image blocks, 3D collaborative filtering of
these blocks in the spectrum domain, and aggregation of all
local estimates. This algorithm includes basic and final esti-
mations using the following weighted average:

û x =
〠

R
〠

S
wR,SÛR,S x

〠
R
〠

S
wR,SχS x

, x ∈Ω, 4

where R and S denote the reference block and the similar
block, respectively, w is the weight of the corresponding
block, Û x is the local block-wise estimate, and χ x is a
characteristic function. As they claim, this algorithm is cur-
rently one of best denoising methods in terms of peak
signal-to-noise ratio [20, 21].

Finally, as one will see, the neighborhood filters are
mainly used for image denoising, while the shock filters
can be used for both image denoising and enhancement
simultaneously, because of their inherent local backward
diffusion [25].
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3. Collaborative Shock Filtering

The main information of an image is encoded in its edges,
details, and structures. These components need to be proc-
essed in special ways to enhance the image as well as possible.

In order to better preserve or enhance image details and
layered structures, we propose an efficient collaborative
shock-filtering (CSF) algorithm for image denoising and
enhancement, which fuses different advantages of previously
mentioned classic methods: powerful capabilities of the
self-similarity filtering in image edge denoising and the
shock filters in edge sharpening.

To be specific, as illustrated in Figure 1, for a given
degraded OCT image, it is first denoised with a collaborative
filtering method; then, the denoised image is sharpened by a
shock-type filtering for edge and detail enhancement [11].
For dim OCT images, in order to improve the contrast of
the retinal image for the detection of tiny lesions, a gamma
transformation [22] is first used to enhance the image within
proper gray levels.

Different from the BM3D algorithm for Gaussian noise
removal [20], the block similarity measure is elaborated in
the proposed collaborative filtering of speckle noise following
a gamma distribution [26]. Based on a generalized likelihood
ratio, the similarity criteria is defined as follows [27]:

S Ai, Aj =
mean Ai ⊙ Aj

mean Ai + Aj ⊙ Ai + Aj

5

Here, ⊙ is the Hadamard product of two image matrixes
(blocks) and mean ⋅ is the function taking the mean of all
elements of matrices. The larger value of S implies that image
block Ai is more similar to Aj.

4. Experimental Results

In this section, we perform a lot of enhancement experiments
to verify our method on various degraded OCT images. For

OutputInput
Gamma Shock �lterCollaborative �ltering

Figure 1: A flowchart of the proposed collaborative shock-filtering algorithm. A noisy OCT image is enhanced through three steps in
sequence: gamma manipulation (gamma), collaborative filtering, and shock filter, respectively.

(a)

(b)

(c)

(d)

(e)

Figure 2: Enhancement of noisy OCT image: (a–e) original image,
ADSF, NLM, BM3D, and the proposed collaborative shock filtering,
respectively.

(a)

(b) (c)

(d) (e)

Figure 3: Zoomed parts in Figure 2: (a–e) original image, ADSF,
NLM, BM3D, and the proposed collaborative shock filtering,
respectively.
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the above methods, numerical schemes presented in original
works are used.

All methods are implemented using the MATLAB pro-
gramming on OCT images with grayscale ranging from 0 to
1. In the comparison of different methods, parameters in
each method are selected such that optimal visual results
are obtained. Through three sequential processings of the
gamma manipulation (γ = 0 6), the collaborative filtering
(σ = 50) and the shock filter (Δt = 0 05, n = 10), where n

and Δt denote the iteration times and the temporal step size,
tiny details and layered structures are shown clearly due to
image contrast improvement and noise removal. Moreover,
our method produces fewer overshoot artifacts while avoid-
ing noise magnification.

In Figure 2, a severely noisy OCT image of size
183× 894 is enhanced without image gray adjustment
(gamma transformation). Its better effects with clearer lay-
ered structures and effective noise removal can be observed
more clearly in zoomed parts of results in Figure 3, com-
pared with other methods such as ADSF, NLM, and
BM3D. The ADSF method does not efficiently remove
speckle noise and produces blurry edges and layered struc-
tures with some annoying artifacts in flat regions. The
NLM method produces very blurred layered structures with

0 20 40 60 80 100 120 140 160 180 200
0

50

100

150

200

250

Noisy
ADSF

NLM
CSF

Figure 4: Enhancement of noisy OCT image: comparison of
profiles (500th column) of original and enhanced images by
ADSF, NLM, and the proposed collaborative shock filtering (CSF),
respectively.

Noisy
ADSF

NLM
CSF

55 60 65 70 75 80 85 90
60
70
80
90

100
110
120
130
140

(a)

Noisy
ADSF

NLM
CSF

100 105 110 115 120 125 130 135
120

140

160

180

200

220

(b)

Figure 5: Enhancement of noisy OCT image: comparison of
profiles of different regions of original and enhanced images by
ADSF, NLM, and the proposed collaborative shock filtering (CSF):
(a) flat region (line 55–90, 500th column) and (b) edge region
(line 105–135, 500th column), respectively.

(a)

(b)

(c)

(d)

Figure 6: Enhancement of dim noisy OCT image: (a–d) original
image, gamma transformation, BM3D, and the proposed
collaborative shock filtering, respectively.
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broken nonsmooth linear edges. The BM3D method pro-
duces better enhancement results with a few slightly blurry
edges and layered structures. Blurry and nonsmooth-
layered structures are bad for one to measure the thickness
of layered structures to predict and evaluate related disorders
in ophthalmology.

In order to observe enhancement effects by these
methods more clearly, local profiles (500th column) of dif-
ferent results are shown in Figure 4. One can see that,
compared with related methods, the proposed method
removes speckle noise more effectively preserving layered
structures without producing annoying artifacts, providing
a chance to detect and evaluate retinal lesions faithfully by
image enhancement. In Figure 5, local profiles of a flat
region (line 55–90, 500th column) and an edge region
(line 105–135, 500th column) of different results are shown.
Superior denoising and edge sharpening by the proposed
CSF method can be clearly observed: sharper edges with
a smaller edge width are helpful for an accurate measure
of layered structures.

In Figure 6, a very dim and noisy OCT image of size
194× 477 is enhanced with image gray adjustment. Clearer
layered structures can be easily observed with effective
noise removal.

(a)

(b) (c)

Figure 8: Enhancement of dim noisy OCT image (a–c) original
image, BM3D, and the proposed collaborative shock filtering,
respectively.

(a)

(b)

(c)

Figure 7: Enhancement of noisy OCT image: (a–c): original image,
BM3D, and proposed collaborative shock filtering, respectively.

(a)

(b)

(c)

Figure 9: Enhancement of dim noisy OCT image: (a–c): original
image, BM3D, and the proposed collaborative shock filtering,
respectively.
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In Figures 7–9, three much noisy OCT images of sizes
(245× 586, 187× 341, and 250× 453) are enhanced without
image gray adjustment. Clearer layered structures can be eas-
ily observed with effective noise removal.

In Figure 10, a blurred noisy OCT image of size
594× 1263 is enhanced without image gray adjustment. In
this case, more sharpening with the shock filter (Δt = 0 1,
n = 10) is used to ensure clearer layered structures and
effective noise removal.

Finally, we compare the proposed CSF method with the
BM3D method for edge sharpening in OCT image enhance-
ment. In Figure 11, typical results of previous experiments
by two methods are shown to carefully observe the
enhancement of layered structures in OCT images. Obvi-
ously, the CSF method produces sharper edges and clearer
layered structures around the retinal fovea. In Figure 12,
moreover, it is clearer for one to observe profiles of an edge
region (line 105–135, 500th column) in enhancing the first
test image in Figure 2: the proposed CSF method produces
sharper edges with smaller edge width, which is consistent
with the visual observation.

5. Conclusions and Future Work

To better enhance image details and layered structures of
noisy optical coherence tomography (OCT) image, we pro-
pose a collaborative shock filtering for OCT image denoising
and enhancement. Noisy OCT image is first denoised with a
collaborative filtering method based on a new similarity mea-
sure, followed by a sharpening step by a shock-type filtering
for edge and detail enhancement. Finally, in order to improve
the contrast of dim OCT image, a gamma transformation is
used to enhance the image within proper gray levels. Simul-
taneously, integrating the image smoothing and sharpening
of the proposed method obtains better visual results in image
enhancement experiments.

(a)

(b)

Figure 11: Enhancement of noisy OCT images: (a) results by BM3D
and (b) results by the proposed collaborative shock filtering,
respectively.

(a)

(b)

(c)

Figure 10: Enhancement of blurred noisy OCT image: (a–c)
original image, BM3D, the and proposed collaborative shock
filtering, respectively. 100 105 110 115 120 125 130 135

110
120
130
140
150
160
170
180
190
200
210

Noisy
BM3D
CSF

Figure 12: Enhancement of noisy OCT image (first test image in
Figure 2): comparison of profiles (line 105–135, 500th column) of
enhanced images by BM3D and the proposed collaborative shock
filtering (CSF), respectively.
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In future work, we will develop robust measurement tools
for quantitative analysis of vision-related diseases based on
this work.
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We develop a swift, robust, and practical tool for detecting brain lesions with minimal user intervention to assist
clinicians and researchers in the diagnosis process, radiosurgery planning, and assessment of the patient’s response to
the therapy. We propose a unified gravitational fuzzy clustering-based segmentation algorithm, which integrates the
Newtonian concept of gravity into fuzzy clustering. We first perform fuzzy rule-based image enhancement on our
database which is comprised of T1/T2 weighted magnetic resonance (MR) and fluid-attenuated inversion recovery
(FLAIR) images to facilitate a smoother segmentation. The scalar output obtained is fed into a gravitational fuzzy
clustering algorithm, which separates healthy structures from the unhealthy. Finally, the lesion contour is automatically
outlined through the initialization-free level set evolution method. An advantage of this lesion detection algorithm is its
precision and its simultaneous use of features computed from the intensity properties of the MR scan in a cascading
pattern, which makes the computation fast, robust, and self-contained. Furthermore, we validate our algorithm with
large-scale experiments using clinical and synthetic brain lesion datasets. As a result, an 84%–93% overlap performance
is obtained, with an emphasis on robustness with respect to different and heterogeneous types of lesion and a swift
computation time.

1. Introduction

In broad terms, “brain lesion” can be defined as an abnor-
mal damage or change in the brain tissue; this can be
caused by injury, infection, exposure to certain chemicals,
problems with the immune system, and many other fac-
tors. Due to their location, at the center of thought, phys-
ical function, and emotion, brain lesions are difficult to
diagnose and treat. However, thanks to recent advances

in magnetic resonance imaging and computing, brain
lesion diagnosis has made a great leap. The algorithm pre-
sented in this paper could make a huge impact in both
diagnosing and monitoring processes. It can detect dam-
aged or unhealthy regions on MRI scans and delineates
them with high precision. This facilitates the decision
making and the planning of surgical removal of the lesion
(if necessary and possible). It also allows one to apply spa-
tially localized radiotherapy, for example, Cyberknife and
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iMRT [1–3], which in current clinical practice is usually
done manually on both contrast-enhanced T1-weighted
or FLAIR images. Most of the medical imaging modalities
give out images of gray scale intensities, including MRIs.
These images are subject to noise, artifacts, and poor res-
olution and contrast due to instrument and reconstruction
algorithm limitations or even patient movement. Conse-
quently, auto-detection becomes so challenging that the
algorithm advantages and disadvantages may vary depend-
ing on the properties of the image under examination.
Therefore, due to the image deterioration factors men-
tioned, it is hard to develop a standard approach capable
of working with all types of MR images [4]. As a result,
trade-offs have always been present in computer-aided
diagnosis systems. Yet, comparing our unified fuzzy-hard
clustering-based system against classical approaches based
on methods like classifier, region growing, neural net-
works, deformable models, and so forth, a big advantage
of our approach is recognized especially when dealing with
the deteriorating factors mentioned [5]. In Section 2, we
present our framework for lesion detection. Starting with
a brief background of fuzzy sets, we will show how this
theory can be exploited to enhance the inhomogeneous
MR images by adapting appropriate fuzzy rules [6]. Next,
we will give an outline of the segmentation method used,
which is based on a novel gravitational fuzzy clustering
concept and level set evolution that defines the final loca-
tion, shape, and size of the lesion. Experiments and evalu-
ation studies that were carried out on both synthetic and
expert-segmented data sets are presented in Section 3.
We will then finish the paper with a discussion and a con-
clusion in Section 4.

2. Fuzzy and Gravitational Methods Proposed

2.1. The Proposed Fuzzy Set-Based MR Image Enhancement.
Accurate diagnosis of brain lesions depends upon the quality
of the MR scan; in particular, on the visibility of small, low-
contrast objects within the brain image. Unfortunately, the
contrast between these objects is often so low that the detec-
tion of some abnormalities becomes difficult, especially when
dealing with dense tissues. To deal with this issue, contrast
enhancement is normally carried out on original images
before the detection process can take place.

A detailed investigation on image enhancement carried
out by Bankman [7], González and Woods [8], Shih [9],
and Russ [10] shows that classical methods like negative
transformation, Log, Gamma, contrast stretching, or
histogram-based transformations work effectively in enhanc-
ing ordinary images; however, when applied to MR images,
they bring about tradeoffs between the enhancement and
image detail preservation due to the loss of some basic
characteristics in the original image histogram, as it is pro-
nounced in Figure 1.

After an intensive study of MR image enhancement tech-
niques, we came up with a much better method based on
adapting fuzzy rules. This technique did correct the above-
mentioned drawback; it has achieved this by enhancing the
contrast of features of interest and improving the visibility
of diagnostic details without creating artifacts or losing image
details as a whole. To get a better understanding of this tech-
nique, we have to go back to the fuzzy set theory.

Normally, in set theory, we are used to the so called
crisp sets whose membership can only be true or false in
the traditional sense of bivalued Boolean logic. This classical
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Figure 1: Corresponding histograms.
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set theory has limited use in practical applications due to its
lack of flexibility [11]. Thus, Professor Zadeh proposed a
more successful theory of fuzzy sets that introduced the idea
of partial memberships described by membership functions
[11]. Suppose Z is a set of elements, and each element is
denoted by z, that is, z ∈ Z. A fuzzy subset A in Z is character-
ized by a membership function, μA z , so

A = z, μA z z ∈ Z 1

When the variables are continuous, A in this equation
can have an infinite number of elements. When the values
of z are discrete, the elements of A can be shown explicitly.
The formalization of the problem into fuzzy rules consists
in finding a way to increase the contrast of certain tissues in
the brain, while leaving other tissues quasi-untouched to
accentuate the difference between these tissues, so the follow-
ing fuzzy rule is proposed:

Fuzzy Rule 1: IF a pixel is dark, THENmake it darker OR,
Fuzzy Rule 2: IF a pixel is gray, THENmake it gray OR,
Fuzzy Rule 3: IF a pixel is bright, THENmake it brighter

2

The first antecedent of the fuzzy rule will seek to relate
the fuzzy set dark to the set darker (the two sets are repre-
sented in blue in Figure 2), and the consequence is achieved
using a fuzzy AND operation, implemented through a min
operation [11], as shown in

μ1 z, y =min μdark z , μdarker y , 3

where z and y are scalar values representing the intensity
levels of the pixels in the input and output fuzzy sets, respec-
tively. z0 denotes a specific intensity level in the interval near
to the visible black color spectrum. The degree of member-
ship of the dark set component in response to this input is
a scalar value μdark z0 . We find the output corresponding

to the first part of the fuzzy rule, and this specific input,
by performing the AND operation between μdark z0 and
the general result μ1 z, y , evaluated also at z0, so therefore,

Q1 y =min μdark z0 , μ1 z0, y , 4

where Q1 y denotes the fuzzy output value due to the first
part of the fuzzy rule and a specific input z0. Using the same
line of reasoning, we obtain the fuzzy responses due to the
other antecedents and consequences along with the input
z0, which are as follows:

Q2 y =min μgray z0 , μ2 z0, y ,

Q3 y =min μbright z0 , μ3 z0, y
5

These equations represent the result of the implication
process. We should keep in mind that each of these responses
is given in a fuzzy set, even though the input is a scalar value.

The application of aggregation method to the above fuzzy
sets to obtain the overall response generated by the rule is
carried out, and this is achieved through an OR operation
as suggested by the proposed fuzzy rule base, that is,

Q y =max
r

min
s

μs z0 , μr z0, y , 6

r = 1, 2, 3 being the number of fuzzy outputs and s= {dark,
gray, bright}. We can see that the overall response is the
union of the three individual fuzzy sets. And this is the com-
plete output corresponding to a specific input. But we are still
dealing with a fuzzy set, so the last step is to obtain a crisp
output y0. This is achieved through defuzzifying the final
output fuzzy set Q obtained above; that is, obtaining a crisp,
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scalar output brought in through computing the center of
gravity of Q, that is,

y0 =
〠p

y=1yQ y

〠p

y=1Q y
, 7

y0 being the crisp output, p being the number of all possi-
ble values that Q y in (6) may have, and y being a scalar
value representing the intensity levels of the pixels in output
fuzzy sets.

In this way, we are able to achieve dynamic range
expansion of the contrast in an efficient way using simple
computation operations to conditionate the image to the
future processes.

2.1.1. Experimental Results of the Contrast Enhancement.Our
contrast enhancement experiment was carried out using
different images from different MRIs, and the proposed
fuzzy set-based technique proved to be the most effective
and this can be proven by the histogram shapes obtained
in Figure 1. By examining the outcome of our method
and comparing it to that of other classical methods, a clear
difference is noted.

Let us now examine our results. Figure 3(a) shows an
image whose intensities span a narrow range of the gray scale,
as the histogram in Figure 1(a) reveals. The next result is an
image with low contrast; Figure 3(b) is the result of using
the histogram equalization to increase image contrast. As
shown by the histogram in Figure 1(b), the gray scale was a
bit spread out, but shifted to the right, and it completely lost

the shape of the histogram of the original image. The result
was an image with an overexposed appearance. We can see
that it would be quite difficult to distinguish the healthy from
the unhealthy tissues due to some gray details that are lost. As
we can see in Figure 3(c), the result of the proposed method is
an image having increased contrast and a rich tonality. The
reason for this improvement can be explained by examining
the histogram in Figure 1(c). Unlike the histograms produced
by other techniques, this histogram has kept the same basic
characteristics of the histogram of the original image [8].
And the spread of the gray scale occurred in all directions
and this applies to all MR images tested. As for the gamma
and Log transformations, we can see that a lot of details were
lost, as proved by their histograms. Contrast stretching was a
bit more productive, but its histogram lacked stretching and
this resulted in a negligible enhancement.

2.2. Lesion Detection Process through Segmentation. Gener-
ally, the principal goal of segmentation is to partition an
image into regions (also called classes or subsets) that are
homogeneous with respect to one or more characteristics or
features [11]. This is very important in medical imaging,
since it allows feature extraction, image measurement, and
display. Most importantly, it permits the classification of
image pixels into anatomical or pathological regions such
as lesion and tissue deformities, amongst others.

2.2.1. Unified Gravitational Fuzzy Clustering (UGFC). Some
ground-breaking MR image segmentation approaches have
been developed by the most prominent researchers and run
on modern processors. These include the work by Prastawa

(a) Original image (b) Histogram equalized (c) Proposed method

(d) Gamma transformation (e) Contrast stretching (f) Log transformation

Figure 3: Comparison of different enhancement methods.
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et al. [12] who, with their automatic, multimodal, atlas-based
method, have reported 86.7% average overlap on a small
dataset of three patients with an average 1.5 h processing
time. In a recent study, Hamamci et al. [13] reported an
80%–90% overlap performance, with their method named
“Tumor-cut,” which is based on the cellular automata (CA)
algorithm. A serious drawback with this method, however,
is that it requires diameter drawing initialization, which
raises its computation time to about 16 minutes and prevents
it from being fully automatic. Menze et al. [14] reported 60%
average overlap on 25 glioma patients with their method
which is based on the discriminative random decision forests
framework. Gooya et al. [15] reported 74.5% average overlap
on 15 glioma patients with about 6–14 hours of processing
time, with their methods which are based on EM algorithm.
Geremia et al. [16] adopted a discriminative random decision
forest framework that gave good results in high-quality MRI
with low noise level and high resolution. Another interesting
work was by Liu et al. [17] who used the classical fuzzy
clustering-based method and reported a 95.6% average over-
lap on a well-performing five-patient dataset of FLAIR
images. The latter method needed intensive user interaction
and correction at least 8.4 minutes per patient. Most recently,
Shen et al. [18] extended the Fuzzy C-Means (FCM)
approach by introducing an additional term describing the
distance between the fuzzy membership and the prior tissue
probability maps; they used a simulated image dataset, and
an overlap varying from 34% to 79% was reported, depend-
ing on the signal reduction.

In this paper, we are proposing a novel segmentation
method based on a combined hard and fuzzy clustering
framework. This method adopts the Newtonian gravity con-
cept from a clustering perspective in order to hard-cluster
image pixels that otherwise could unnecessarily be assigned
membership to clusters that they categorically do not belong
to. However, this method fuzzy-clusters those pixels that are
located in controversial areas in order to optimize the partial
volume effect handling. The result is a well-defined region of
interest (ROI) that is made up of unhealthy tissues on theMR
image under consideration.

Generally, Newton’s gravity law can be formulated as
follows:

F = l
m1 ⋅m2

d2
8

F denotes the gravity force between object 1 with mass m1
and object 2 whose mass is m2, d represents the distance
between the two objects, and l is a coefficient that takes the
place of Newton’s constant; we set l = 2 for computational
convenience. To apply this law effectively, we make the fol-
lowing assumptions:

(i) The quality of each pixel is 1.

(ii) m t
i pixels have been clustered into cluster i at

time t.

(iii) Each pixel belonging to a cluster has the same poten-
tial, that is, equal preference.

All pixels in a cluster flow into an object whose mass is
equal to the number of these pixels. Based on the above
assumptions, the gravity force F t between kth pixel and
ith cluster will be

F t = l
1 ×m t

i

d2
=
2mt

i

d2
=

2mt
i

xk − vi
2 9

xk is the kth pixel and vi is the ith cluster center.
Now, we will define the gravitational clustering objective

function (JGC) that should be minimized:

JGC = 〠
c

i=1
〠
xk∈Si

d2 xk, vi , 10

where Si denotes the set of pixels clustered to ith cluster and c
stands for the total number of clusters in consideration. Now,
as stated in [19], the standard Fuzzy C-Means objective func-
tion (JCM) is defined as

JCM 〠
c

i=1
〠
N

j=1
μij

w
dij

2 11

N is the number of pixels, and μij is the membership of jth
pixel in the ith cluster and is defined as

μ
t+1
ij = 〠

c

k=1

d t
ij

d t
kj

2/ w−1 −1

, with〠
c

i=1
μij = 1, 12

where t is the iteration number, w being the fuzzifier, and w ∈
(1.4, 2.6), as was recently proven by Ozkan and Turksen [20]
in their study based on Taylor expansion analysis of the
membership value calculation function. In our experiment,
w was chosen to be 1.7 and 1.8 since these two numbers
gave the best clustering. For our three datasets, the effect
of this parameter on the segmentation performance in terms
of Dice overlap measure is plotted in Figure 4. Now, we will
define an integrated gravitational fuzzy clustering objective
function (JGFC):

JGFC = JGC ⋅ JCM 13
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Figure 4: The effect of fuzzifier w on the segmentation
performance.
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Taking the first derivatives of JGFC with respect to vi and
setting them to zero results in the following linear systems:

∂JGFC
∂vi

= JCM ⋅
∂JGC
∂vi

+ JGC ⋅
∂JCM
∂vi

= 0 14

Based on these equations, the integrated gravitational
fuzzy clustering algorithm is structured as indicated in
Figure 5. ρ being the convergence criterion, in our experi-
ments, it was set to 0.01. It should be noted that the kernel
estimator of the image histogram which was used in defining

Start

Set both the number of clusters c and the
sensitivity parameter �훼 (according to
medical specialist opinion)

Find a critically smoothed kernel estimator
of the image histogram using (18)

Find the statistical modes of critically
smoothed kernel estimator with the number
of modes = c

Initialize cluster Si

If d2(xj,vk) < �훼

If vi
(t+1)– vi

(t) ≤ �휌

d2(xj,vk) d2(xj,vk)

TrueFalse

Assign xj to cluster Sk

Assign xj to cluster Sk

Find cluster Si that satisfies

2mi

(t) (t)

= maxk
2mk

Compute �휇ij of each pixel in each cluster
using (15)

Compute JCM using (14)

Compute the next iteration centroids by
solving (17)

Stop

True

False

Compute JGC using (13)

Figure 5: UGFC algorithm flow diagram.
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initial centroids, that is, v 0 = v 0
1 , v 0

2 ,…, v 0
C

t
, at t = 0, is

defined as

p̂ x =
1
Nh

〠
N

j=1
ψ

x − xj
h

, 15

where ψ is the kernel function—a Gaussian function with
zero mean and variance equal to 1; N is the total number of
pixels; x represents the intensity levels; and h ∈ (0, 50) is
the bandwidth. Moreover, the critical h(hcrit) is defined as
the minimum value of h such that p̂ has c modes that corre-
spond to the number of clusters.

2.2.2. Level Set Evolution on a Constructed Region of Interest.
The contour definition of the constructed region of interest
(ROI) which is based on the level set evolution without rein-
itialization constitutes an important part of our proposed
method. This is because the clinical expert segmentation,
particularly in neuroimaging, mainly outlines the edges of
the ROI using manual contouring, for either surgery plan-
ning, radiotherapy, or treatment response analysis [21, 22].
A variational formulation was proposed which consists of
an internal energy term that penalizes the deviation of the
level set function from a signed distance function, along with
an external energy term that drives the motion of the zero-
level set toward the ROI boundaries set by the GFC algo-
rithm. This approach had the following advantages over the
classical level set formulation [23, 24]:

(i) The contours represented by the level set function
could break or merge naturally during the evolution,
and the topological changes are thus automatically
handled.

(ii) The level set function always remains a function on a
fixed grid, which permits efficient numerical
schemes (a finite difference scheme in our case).

(iii) Due to the internal energy, the level set function
(LSF) is naturally and automatically kept as an
approximate signed distance function during the
evolution. Consequently, reinitialization is avoided.

Traditionally, ifΩϕ is a subset of the Euclidean space with
a smooth boundary, then the signed distance function (SDF)
of this subset is differentiable practically everywhere, and its
gradient satisfies the Eikonal equation [25], that is,

∣∇ϕ∣ = 1 16

So, any function ϕ satisfying this property is a SDF plus a
constant. Now, we propose the following integral:

P ϕ =
1
2 Ω

∇ϕ − 1 2dxdy, 17

as a metric that defines how close ϕ is to a SDF in Ω ⊂R2 and
we call it “internal energy.” Having P ϕ on our disposal, we
then propose the following variational formulation:

ε ϕ = βP ϕ + εm ϕ , 18

β ∈ [0.04, 0.1] is a parameter controlling the effect of penaliz-
ing the deviation of ϕ from a SDF, and εm ϕ is the external
energy that drives the motion of zero level curve of ϕ and
depends upon the image data.

Now, we consider ∂ε/∂ϕ as being the Gateaux derivative
of ε [26], and the evolution equation,

∂ϕ
∂t

= −
∂ε
∂ϕ

, 19

becomes the gradient flow that minimizes ε. Let I be the
image generated by the GFC algorithm and g the edge indi-
cator function that regularizes ε ϕ in order to stop level set
evolution near the optimal solution [27]. The latter is
defined as

g =
1

1 + ∇Gσ ∗ I
2 , 20

where Gσ is the Gaussian kernel with standard deviation σ.
We then define external energy for ϕ x, y as

εg,λ,v ϕ = λLg ϕ + vAg ϕ , 21

with

Lg ϕ =
Ω
gδ ϕ ∣∇ϕ∣dxdy, 22

and

Ag ϕ =
Ω
gH −ϕ dxdy, 23

where λ ∈ [2,6] and v ∈ [1, 3.5] are constants, δ is the univar-
iate Dirac function, and H is the Heaviside function. So, the
total energy becomes

ε ϕ = βP ϕ + εg,λ,v ϕ 24

Now, to understand the geometrical meaning of Lg ϕ ,
suppose that the zero level set of ϕ is represented by
a differentiable parameterized curve K(τ) with τ ∈ [0, 1].
Then, according to Vemuri and Chen [23], Lg ϕ computes
the length of the zero level curve of ϕ in the conformal
metric ds = g K τ ∣K τ ∣dτ. Note that when function g
is a constant one, Ag ϕ becomes the area of the region
Ωϕ = x, y ∣ϕ x, y < 0 [28]. v of Ag should be positive if
the initial contours are placed outside the ROI and negative
when they are placed inside, to speed up the contraction or
the expansion, respectively. By calculus of variations, the
Gateaux derivative of ε ϕ can be written as [26]

∂ε
∂ϕ

= −β Δϕ − div
∇ϕ
∇ϕ

− λδ ϕ div g
∇ϕ
∇ϕ

− vgδ ϕ

25
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Therefore, the function ϕ that minimizes this function
satisfies the Euler-Lagrange equation:

∂ε
∂ϕ

= 0 26

So, the gradient flow that minimizes ε is

∂ϕ
∂t

= −β Δϕ − div
∇ϕ
∇ϕ

+ λδ ϕ div g
∇ϕ
∇ϕ

− vgδ ϕ ,

27

which is the evolution equation of the level set function in the
proposed algorithm. To explain the effect of the first term in
the right-hand side of equation above, that is, βP ϕ which is
the internal energy, we notice that the gradient flow:

Δϕ − div
∇ϕ
∇ϕ

= div 1 −
1
∇ϕ

∇ϕ , 28

has the factor 1 − 1/ ∇ϕ as its diffusion rate. If ∇ϕ > 1,
the diffusion rate is positive and the effect of this term is
the usual diffusion, that is, making ϕmore even and therefore
reduce the gradient ∇ϕ If ∇ϕ > 1, then the term has effect
of reverse diffusion and therefore increases the gradient [29].

3. Evaluation and Experimental Results

Quantitative and qualitative validation studies of the devel-
oped method were conducted over three different datasets.
These sets comprise multimodal MR images (T1, T1Gd, T2,

and FLAIR) of 80 low-grade and high-grade gliomas from
synthetic and real patient cases, with 1mm of isotropic reso-
lution. These datasets were obtained from the following:

(i) University of Utah database [30]: Synthetic brain
tumor datasets were used in the first part of valida-
tion. This data simulates contrast-enhanced T1-
weighted MR images with synthetically generated
tumors. The tumor probability maps and levels of
intensity nonuniformity (bias field) are also avail-
able. This dataset is included in the performance
evaluations since the ground truth segmentation is
readily available.

(ii) Real MR images with ground truth from Kitware
database (KIT) [31]: KIT offers both synthetic and

(a) (b)

(c) (d)

(e) (f)

Figure 7: FLAIR images (a, d), T1-Gad ground truth (b, e), and T1-
Gad proposed method (c, f). KIT001 (a, b, c) and KIT002 (d, e, f).

(a) Patient MR (b) Segmentation by [30]

(c) Segmentation by proposed

method

(d) Hypertense part of

the lesion

Figure 6: Lesion contour calculation.
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real brain images with manually guided expert seg-
mentation results.

(iii) Brain tumor datasets obtained from our INNN: A
large dataset of brain tumor/lesion patients, who
received treatment from the Instituto Nacional de
Neurología y Neurocirugía (INNN), Mexico, was
utilized in the second set of experiments. As a
ground truth for our segmentation phase, we used
the tumor contours outlined manually by a radio-
oncology specialist in the same hospital. These
images were both T1-weighted and FLAIR modali-
ties, and they provided an effective way to suppress
cerebrospinal fluid (CSF) to bring out periventricu-
lar hyperintense lesions. It is worth mentioning that
a 1.5T MRI scanner located at INNN was used to
generate the images.

To evaluate the segmentation quantitatively, we used
the Jaccard coefficient (R) and the Dice overlap (D) [32],
for similarity measurement and sensitivity (Se) and speci-
ficity (Sp) for success and error rate measurements [33].
These measures can be expressed as

R T , S =
T ∩ S
T ∪ S

=
TP

TP + FP + FN
, 29

D T , S =
2 T ∩ S
T + S

=
2 TP

TP + FP + FN
, 30

Se =
TP
T

=
TP

TP + FN
, 31

Sp =
TN
T

=
TN

TN + FP
, 32

where T=ground truth, S=pixels labelled by the algorithm,
TP= true positive, FP= false positive, and FN= false negative.
As was previously mentioned, experiments were conducted
on both real and synthetic images.

Figure 6 shows the same challenging patient’s MR image
demonstrated in Figure 2, whose contrast is very poor and
has very small intensity shift along the lesion edges, making
the detection more complex. This can be witnessed in
Figure 2(b), where after the enhancement, detection was car-
ried out by a robust system described in [33] and ended up
being misleading due to the intensity inhomogeneity present
in the image. However, by applying the proposed method,
the lesion was detected with greater accuracy, as seen in
Figure 6(c). This improvement owes a lot to the hard-fuzzy

(a) (b)

(c) (d)

(e) (f)

Figure 8: T1-image (a, b), ground truth (c, d), and proposed
method (e, f). INNN1 (a, c, e) and INNN2 (b, d, f).

Table 1: Performance criteria of the proposed method applied on
synthetic images from Utah database: Dice, Jaccard, sensitivity,
and specificity score.

ID Dice Jaccard Sensitivity Specificity

Syn001 0.467 0.341 0.654 0.993

Syn002 0.324 0.284 0.525 0.991

Syn003 0.545 0.439 0.713 0.997

Syn004 0.442 0.322 0.611 0.991

Syn005 0.449 0.328 0.613 0.994

Syn006 0.621 0.564 0.784 0.998

Syn007 0.578 0.458 0.733 1

Syn008 0.233 0.169 0.499 0.989

Syn009 0.669 0.587 0.795 0.999

Syn010 0.611 0.536 0.743 0.997

Syn011 0.378 0.381 0.416 0.987

Syn012 0.558 0.431 0.701 0.992

Syn013 0.471 0.351 0.662 0.995

Syn014 0.342 0.299 0.546 0.994

Syn015 0.482 0.359 0.666 1

Mean 0.478 0.390 0.644 0.994

Standard deviation 0.122 0.114 0.109 0.004
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clustering, which reflects the gravity concept. Generally, in
classical fuzzy clustering, all pixels in an image are assigned
a membership to every structure, regardless of the magnitude
of the corresponding membership. This makes it easier, as we
discovered in our experiment, for some pixels to be misclas-
sified especially when they fall into the intensity range of the
structure. For this reason, when considering the presence of
some random intensity-inhomogeneities that are spread
across the image and physically linked not to the tissue prob-
lem but rather to the radiofrequency MR signal, one needs
not only to consider the intensity level of the pixel but also
its spatial location in order to guarantee a proper clustering.
Spatial location of pixels is of great importance because it
helps us carry out a gravitation-based clustering in areas
where fuzzy clustering is not suitable. For instance, pixels at
the center of WM/GM tissues could unnecessarily be
assigned membership to other tissues that they do not in fact
belong to; this is why it is preferable that they are hard-
clustered. Applying the gravitation concept, these same pixels
will attract all the other pixels located not far from this neigh-

borhood as long as d2 is small enough andm t
i is big enough

to outweigh the attraction by other clusters. Moreover,
they will be joined together to form a stronger cluster as
was explained in the algorithm. On the other hand, pixels
located in the intersection zone of tissues, which have an
intensity range that could make them fit in any of these
tissues, would do better if fuzzy-clustered. This would
eliminate every sort of uncertainty, take care of partial vol-
ume effect, and reach optimal state more promptly. The
advantages of this gravitational fuzzy clustering phenome-
non can be explicitly witnessed in Figure 6(c), where all the
pixels wrongly assigned to the lesion in Figure 6(b) just
because their intensity range matched that of the lesion were
discounted in Figure 6(c) not because of their intensity but
because of their spatial location.

The same scenario can be witnessed in Figure 7 where
each of the two FLAIR images on the top row carries a
lesion on the left frontal lobe, but there is also a seemingly
detectable lesion on the right frontal lobe. However, the
algorithm disregarded it, despite its convincing intensity
range, which is in accordance with the ground truth in
the second row.

Table 3: Performance criteria of the proposed method applied on
high-grade/low-grade tumor images from INNN: Dice, Jaccard,
sensitivity, and specificity score.

ID Dice Jaccard Sensitivity Specificity

INNN001 0.942 0.851 0.943 1

INNN002 0.899 0.785 0.926 1

INNN003 0.907 0.839 0.938 1

INNN004 0.860 0.763 0.918 1

INNN005 0.968 0.882 0.978 1

INNN006 0.801 0.701 0.880 1

INNN007 0.795 0.699 0.834 1

INNN008 0.807 0.731 0.890 1

INNN009 0.861 0.725 0.914 1

INNN010 0.842 0.711 0.906 1

INNN011 0.828 0.701 0.886 1

INNN012 0.837 0.707 0.901 1

INNN013 0.871 0.765 0.933 1

INNN014 0.933 0.831 0.940 1

INNN015 0.911 0.876 0.939 1

INNN016 0.907 0.855 0.927 1

INNN017 0.732 0.658 0.811 1

INNN018 0.790 0.684 0.839 1

INNN019 0.801 0.713 0.846 1

INNN020 0.951 0.873 0.967 1

INNN021 0.511 0.440 0.816 0.901

INNN022 0.887 0.778 0.949 1

INNN023 0.819 0.718 0.850 1

INNN024 0.918 0.877 0.942 1

INNN025 0.851 0.728 0.944 1

Mean 0.850 0.756 0.905 0.996

Standard deviation 0.091 0.097 0.048 0.019

Table 2: Performance criteria of the proposed method applied on
low-grade/high-grade images from Kitware: Dice, Jaccard,
sensitivity, and specificity score.

ID Dice Jaccard Sensitivity Specificity

KIT001 0.742 0.611 0.793 0.999

KIT002 0.843 0.703 0.852 1

KIT003 0.798 0.731 0.884 1

KIT004 0.738 0.601 0.785 0.993

KIT005 0.913 0.852 0.908 1

KIT006 0.822 0.765 0.925 1

KIT007 0.877 0.797 0.932 1

KIT008 0.932 0.868 0.958 1

KIT009 0.668 0.526 0.790 0.994

KIT010 0.880 0.798 0.912 1

KIT011 0.929 0.862 0.947 1

KIT012 0.757 0.630 0.818 0.999

KIT013 0.862 0.756 0.924 1

KIT014 0.893 0.828 0.939 1

KIT015 0.971 0.890 0.975 1

KIT016 0.778 0.661 0.792 1

KIT017 0.832 0.758 0.922 1

KIT018 0.840 0.748 0.852 1

KIT019 0.952 0.898 0.968 1

KIT020 0.722 0.665 0.825 0.996

KIT021 0.852 0.795 0.925 1

KIT022 0.902 0.838 0.928 1

KIT023 0.834 0.769 0.923 1

KIT024 0.898 0.841 0.944 1

KIT025 0.618 0.478 0.750 0.992

Mean 0.834 0.747 0.887 0.999

Standard deviation 0.088 0.112 0.067 0.002
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Figure 8 portrays the segmentation results for the two
high-grade gliomas, and we can see that the UGFC results
in the third row perfectly match the ground truth in the
second row. As mentioned before, evaluation studies were
carried out using (29), (30), (31), and (32). Furthermore,
performance measures, that is, Dice overlap, Jaccard, sensi-
tivity, and specificity between the ground truth segmentation
and the result of the algorithm are reported in Tables 1, 2,
and 3 for both synthetic and clinical datasets. Good results
on real MR images were obtained as can be seen in Tables 2
and 3, which demonstrate the performance on Kitware data-
sets and Instituto Nacional de Neurología y Neurocirugía

datasets. However, this was not the case on synthetic images.
Figure 9 shows some synthetic MR images from the Univer-
sity of Utah database where the detection was successful;
however, as demonstrated in Table 1, a poor overlap perfor-
mance was obtained due to a misleading ground truth. Nev-
ertheless, based on visual inspection, one can see that the
detection was good enough. Figure 10 shows more challeng-
ing cases of patients with multiple sclerosis (INNN17,
INNN21), where the intensity spectrum of the lesion almost
matches that of the healthy tissues. Moreover, the lesions
present a high degree of discontinuity which was a big
challenge to this algorithm, thereby resulting in a very poor

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

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 9: MR images of the synthetic dataset. syn001 (a, b, c, d), syn002 (e, f, g, h), and syn003 (i, j, k, l). Original image (a, e, i), ground truth
(b, f, j), GFC-result (c, g, k), and final result (d, h, l).
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performance as can be seen in Table 1 where INNN17 has a
0.732 overlap and INNN21 has a 0.511 performance. We also
compared the proposed method against the Automated

Lesion Detection on MRI Scans Using Combined Unsuper-
vised and Supervised Methods by Guo et al. [34] and Multi-
plicative Intrinsic Component Optimization (MICO) [35]
method by Li et al., and their results are reported in
Figures 11, 12, and 13.

Finally, Figure 14 shows two KIT images processed by the
proposed method and the Multiplicative Intrinsic Compo-
nent Optimization (MICO), and it can be seen that a visual
inspection witnesses a much more precise detection by our
method than the MICO method. We should emphasize that
the intensity inhomogeneity presented in Figure 14 did con-
fuse the MICO method, which went even beyond the lesion
contour. Yet, our method got it right.

4. Discussion and Conclusions

We presented a brain lesion detection algorithm along with
validation studies over a synthetic lesion dataset and two real
datasets: one from Kitware Repository and another from a
clinical database of tumors that underwent radiosurgery
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Figure 12: Comparison of the proposed method against CUS and
MICO methods as carried out on the Kitware dataset.
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Figure 13: Comparison of the proposed method against CUS and
MICO methods as carried out on INNN dataset.
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Figure 11: Comparison of the proposed method against CUS and
MICO methods as carried out on the synthetic dataset.

(a) (b)

(c) (d)

(e) (f)

Figure 10: Multiple sclerosis cases. INNN17 (a, c, e) and INNN21
(b, d, f). Original image (a, b), ground truth (c, d), and proposed
method (e, f).

12 Journal of Healthcare Engineering



planning at Instituto Nacional de Neurología y Neurocirugía
de México (INNN). The performance over these datasets of
highly heterogeneous tissue content demonstrated an aver-
age overlap of 0.83 and 0.85. However, a poor performance
of 0.48 was registered in synthetic MR images from the Utah
database, mostly due to the poor ground truth presented. In
all cases, the proposed algorithm provided superior quality
segmentation when compared to the benchmark algorithms.
On an average, the proposed automated algorithm takes
about 8 seconds (measured using MATLAB R2007b on a
3.00GHz, dual processor) in comparison to 21 and 12 sec-
onds taken by the MICO and CUS respectively. Strengths
of the proposed method include its automatic nature, its effi-
ciency in terms of computation time, and its robustness with
respect to different and heterogeneous lesion types. Another
important aspect to consider is that the algorithm can work
on different MR modalities.
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Automatic segmentation of particular heart parts plays an important role in recognition tasks, which is utilized for diagnosis and
treatment. One particularly important application is segmentation of epicardial fat (surrounds the heart), which is shown by
various studies to indicate risk level for developing various cardiovascular diseases as well as to predict progression of certain
diseases. Quantification of epicardial fat from CT images requires advance image segmentation methods. The problem of the
state-of-the-art methods for epicardial fat segmentation is their high dependency on user interaction, resulting in low
reproducibility of studies and time-consuming analysis. We propose in this paper a novel semiautomatic approach for
segmentation and quantification of epicardial fat from 3D CT images. Our method is a semisupervised slice-by-slice
segmentation approach based on local adaptive morphology and fuzzy c-means clustering. Additionally, we use a geometric
ellipse prior to filter out undesired parts of the target cluster. The validation of the proposed methodology shows good
correspondence between the segmentation results and the manual segmentation performed by physicians.

1. Introduction

Epicardial fat presents a deposition of a visceral fat that
surrounds the heart and is mainly located in the atrioventric-
ular and interventricular groves surrounding the epicardial
vessels [1]. There are studies that suggest that growing
amount of epicardial fat can indicate the development of ath-
erosclerotic diseases and correlate well with the parameters of
the metabolic syndrome. Further on, some studies suggest
that increased epicardial fat volume and its outspread distri-
bution play an important part in the development of an unfa-
vorable metabolic profile and potentiate cardiovascular risk
[2]. Some of the conditions linked to increased epicardial

fat volume include the following: increased prevalence of
coronary artery calcifications [3, 4], impaired diastolic filling
[5], development of myocardial infarction [3] and atrial
fibrillation [6], and increased carotid stiffness [7]. Finally,
there is evidence that epicardial fat possesses characteristics
of an endocrine tissue capable of promoting accelerated
atherosclerosis [8, 9].

Due to the importance of the epicardial fat and its rela-
tion to various cardiovascular and metabolic diseases, epicar-
dial fat detection, quantification, and 3D segmentation have
become important topic in cardiac image analysis and cardi-
ology in general. Different imaging technologies can be used
for epicardial fat imaging, segmentation, and quantification
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[10–12]. Specifically, CT has been found to be more accurate
in the evaluation of fat tissues due to its higher spatial resolu-
tion when compared to ultrasound [13].

In Coppini et al. [13], a region growing strategy is pro-
posed as preprocessing step, in order to extract the heart
region from the rest of the target CT image. As an additional
step, medical doctor was required to place up to 7 control
points along the pericardium border, which are then used
for spline interpolation in order to obtain a smooth closed
pericardial contour. Finally, the epicardial fat is simply quan-
tified by thresholding, since it is theoretically located within
this generated contour. A hierarchical, multiclass, multifea-
ture, fuzzy affinity-based computational framework for seg-
mentation of abdominal adipose tissue was proposed in
[14] and further extended in [15] in order to be applicable
to segmentation of epicardial fat. Further on, the work of
[13] additionally reduced the user intervention, although
the expert was still required to scroll through slices and to
place control points on the pericardium. An algorithm that
uses the anatomy of the heart to detect the pericardium line
and separate epicardial fat from pericardial fat is presented
in [16]. In Dey et al. [17], the authors used an additional pro-
cessing step for the identification of the pericardium by trac-
ing lines going from the heart centroid to the pericardium
layer and using splines to interpolate outer points. Shahzad
et al. [1] proposed the first fully automated method for epi-
cardial fat segmentation that is using multiatlas approach.
In Zlokolica et al. [18], segmentation of the heart region from
the rest of the image content was done by applying morpho-
logical opening by reconstruction operation followed by
thresholding and subsequent morphological dilation opera-
tor. The size and the shape of the morphological operators
are found experimentally for all image slices, while the
threshold value is found by statistical analysis of the input
image histogram and is in general different and adaptable
for each image slice. That idea is further extended in [19]
by imposing structural prior knowledge and subjective-
objective correspondence, as an additional step for excluding
the segmentation parts that were out of the predefined circle.

In this paper, we build on our previous work and propose
a new method for epicardial fat segmentation which is based
on a 2D segmentation approach that includes fuzzy c-means
clustering and ellipse fitting. The fuzzy c-means clustering is
done using a predefined number of clusters within a detected
region of interest (ROI). The clustering is performed with
reduced supervision, where the only input information from
a physician are the coordinates of a single patch correspond-
ing to the epicardial fat tissue. After the user marks a patch
corresponding to the epicardial fat, the proposed fuzzy c-
means clustering is applied to segment the correct target
image cluster as the one with the minimal distance to the
user-marked patch. We use the following facts as prior infor-
mation in our method. Firstly, the epicardial fat tissue lies in
the neighborhood of the ellipse placed at the center of the
mass of the resulting cluster. This allows us to determine
the epicardial fat pixels in segmentation process. Secondly,
motivated by the fact that the epicardial fat is located on
the surface of the ventricles (mainly anterolateral surface),
we impose additional assumptions regarding the angle in

the parametrization of the ellipse. By doing so, we addition-
ally filter parts of the resulting cluster not belonging to the
epicardial fat tissue. We validate the proposed concept by
comparing the resulting segmentation results to the manual
segmentation provided by a cardiovascular surgeon. Addi-
tionally, we also demonstrate that the proposed approach
outperforms the segmentation method of [18] and general
image segmentation methods: snake active contour method
[20] and region growing method [21].

The paper is organized as follows. In Section 2, we
describe the proposed methodology for epicardial fat seg-
mentation, where we first discuss input data set and intro-
duce image preprocessing step in Section 2.2. After that, we
explain the proposed segmentation approach in Section 2.3.
Experimental results with discussion are provided in Section
3. Finally, the conclusions are drawn in Section 4.

2. Materials and Methods

In this section, we discuss data set used in our study and pro-
pose methodology for epicardial fat segmentation. The pro-
posed method consists of two main steps: (i) image
preprocessing and ROI extraction (Section 2.2) and (ii) our
novel image segmentation approach (Section 2.3) used for
final epicardial fat segmentation. Section 2.3 is organized in
two subsections: (i) Section 2.3.1 explaining the proposed
fuzzy c-means clustering step and (ii) Section 2.3.2 describing
the cluster data filtering step by geometrical fitting scheme.

2.1. Data Set and Ethical Approval. The study included a total
of ten patients with previously established coronary artery
disease (stable and nonstable angina). All patients were sub-
mitted to standard contrast chest CT scan including CT cor-
onarography performed on a Siemens SOMATOM Dual
Source 256-slice scanner. In the proposed approach, we
consider contrasted CT images with 12 bits pixel depth reso-
lution, providing thus 4096 gray levels. The study was
approved by the institutional review board, and all subjects
signed the written informed consent. The study was con-
ducted in accordance with the Declaration of Helsinki.

2.2. CT Image Enhancement and ROI Extraction. In this
section, we build on our previous work [18] for enhancing
input CT image slices and detection of heart (and epicar-
dial fat) region of interest (ROI). The goal of the process-
ing step is to remove the nonheart-related image content
and retain image content only related to the whole heart
region. An example of one slice of acquired 3D CT image
of a heart, without previous contrast enhancement, is shown
in Figure 1.

As can be seen from Figure 1, the input image slice is not
of sufficient image quality to be used for manual or automatic
image segmentation. In order to improve input image slice
quality in terms of visual quality and the quality for feature
extraction and segmentation, we propose to first preprocess
the input image slices with image-adaptive tone mapping.
The proposed tone mapping function is formed based on
input image histogram based on which the transfer tone
mapping function is optimized in terms of its parameters.
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We aim at distinguishing between the whole heart region
and surrounding (other) parts of the body. For this reason,
we first detect ROI that includes the whole heart (denoted
in Figure 2) within which we further perform 3D segmenta-
tion of epicardial fat. Prior to this, we apply contrast
enhancement on input image to facilitate subsequent seg-
mentation task.

In order to automatically extract the heart region from
the rest of the image slice, we propose a morphology-based
masking scheme. This includes morphological “opening by
reconstruction” operation, followed by thresholding and sub-
sequent morphological dilation operator. We use circular
(disk-shaped) structuring element (SE) for morphological
operators due to mainly circular shape of the heart (in 2D
image slice), its chambers, and proximal vessels. We deter-
mine the optimal size of SEs based on the predicted size of
the heart (input provided by cardiologists) and pixel spacing
(contained in the DICOM header). In our case, the calculated
SE size of the morphological operators is 40 pixels and 20
pixels for opening by reconstruction and dilation operator,

respectively. The intermediate thresholding depends on each
input image slice statistics and is therefore applied differently
to each input image slice. The result of automatic ROI extrac-
tion is shown in Figure 3 for the image slice in Figure 2,
showing the accurate delineation of the whole heart region.

Alternatively, the extracted ROI can be shown as a mask
(binary) image X, where all pixels corresponding to nonheart
region are assigned gray value 0, while the heart pixels are
assigned gray value 1:

X i, j =
1, if pixel i, j belongs to the region of interest,
0, otherwise

1

2.3. Epicardial Fat Segmentation Scheme. In this section, we
describe the slice-by-slice epicardial fat segmentation scheme
featuring high level of adaptivity, accuracy, and automatiza-
tion. In the proposed segmentation approach, we first per-
form image clustering on previously preprocessed input
image within the extracted ROI as shown in Figure 3. This
represents an initial segmentation corresponding to a sin-
gle cluster, which is then further processed to only extract
parts corresponding to the epicardial fat tissue. The main
steps in the proposed scheme are fuzzy c-means clustering
approach, ellipse fitting, and final subclustering/filtering of
the ellipse-shaped cluster region corresponding to the epi-
cardial fat only.

2.3.1. Fuzzy c-Means Clustering in the Region of Interest.
The proposed initial segmentation of the preprocessed
input image slice (within the ROI) is performed using
fuzzy c-means clustering [22] with predefined number of
clusters C. The feature vector used for clustering in the
segmentation task is u = u1u2

T , where u1 represents the
mean value of luminance of the particular R × R image
pixel patch U = U i, j ∣i, j = 1,…, R , while u2 represents
the variance of the luminance in that patch:

Figure 2: Output image after contrast enhancement with
denotation of the region of interest that corresponds to the heart.

Figure 1: Input CT image slice of a heart, without additional
contrast enhancement applied.

Figure 3: The result of automatic ROI extraction from the rest of
the image content (rounded by red line), for a particular enhanced
image slice.
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u1 =
1
R2 〠

R

i,j=1
U i, j ,

u2 =
1
R2 〠

R

i,j=1
U i, j − u1

2
2

Patches within the ROI are sampled and gathered for
each image slice. Features are calculated so that we obtain a
set = uk∣k = 1,…,Q of features on which we perform
clustering. Note that Q is the number of uniformly sampled
patches from the image slice and that we have a unique
correspondence between the index of features k in and cen-

ters (coordinates) of patches pk = i k , j k T
, where k = 1,…,

Q The number of clusters C is predefined and is determined
empirically depending of the particular CT scanning aperture.
The clustering is performed without initial seed informa-
tion and generates = μc k ∣k = 1,…,Q, c = 1,…, C fuzzy
clusters according to their soft characteristic functions and
satisfying μc k ∈ 0, 1 , for c = 1,…, C and k = 1,…,Q Note
that the closer μc k is to 1 indicates a higher correspondence
of a particular center of the patch pk the cluster c.

In order to obtain reference image patch, user is required
to inspect single representative CT slice (from the target
patient data) and place a seed point. The seed point repre-
sents the image coordinates of the center i∗, j∗ of the
reference patch U∗ The proposed unsupervised clustering
approach determines the resulting cluster, that is, selects
the cluster that corresponds to the epicardial fat. We
obtain that by calculating the distance between the refer-
ence patch U∗ and all C fuzzy clusters contained in .
For the fixed fuzzy cluster with index c, we determine
the distance as follows:

d c,U∗ = u∗ − ûc 2, 3

where ûc is the mean of the feature vectors from , pondered
by corresponding soft characteristic function μc k , that is,

ûc =
1
Q
〠
Q

k=1
μc k uk 4

We obtain the resulting cluster, as the cluster with mini-
mal distance to the reference patch U∗, that is, the cluster
with index cres given by

cres = arg mincd c,U∗ 5

Note that each pixel with spatial coordinate i, j , i = 1,
…,M and j = 1,…,N (image slices are of M ×N size), can
be covered by multiple patches (unless patch sampling is
disjoint). Since we need the resulting fuzzy cluster on a dis-
crete set of pixels, the resulting pixel-wise fuzzy cluster cres

is obtained using the following equation:

μcres i, j = 1
Hi,j

〠
h∈Hi j

μcres k h , 6

where Hi,j is the set of all patches that cover pixel i, j and
k h is the index of hth patch within the fuzzy cluster set in

. The resulting fuzzy cluster with index cres, recalculated
using (6) and defined on the set of particular image slice
pixels, is the output cluster from the clustering step. The
resulting cluster contains pixels corresponding to epicardial
fat tissue, and its cluster data is used in further processing.

In Figure 4(a), we show the resulting fuzzy cluster for the
input image slice shown in Figure 3. The resulting cluster
contains epicardial fat tissue with other outlier data that we
need to remove further.

2.3.2. Cluster Data Postfiltering Using Geometric Ellipse
Fitting. After completing the fuzzy c-mean-based initial seg-
mentation (as explained in Section 2.3.1), we perform postfil-
tering of the extracted cluster data using a geometric ellipse
fitting. This step is used for filtering out undesired parts of
the target cluster data.

As shown in Figure 4(b), the upper parts of the cluster
data can be well fitted with an ellipse denoted with yellow
dashed lines. As confirmed by physicians, the epicardial fat
distribution corresponds to the fitted ellipse in Figure 4.
Hence, our assumption is that significant parts of the result-
ing cluster, which the medical doctors would classify as epi-
cardial fat tissue, are mainly located around the fitted
ellipse. In this assumption, we denote Geometric Ellipse Prior
(GEP). The ellipse, denoted as Referent Ellipse (RE), is placed
at the center of the cluster and passing through the bordering
parts, as depicted in Figure 4(b). As we expect the epicardial
fat tissue to be placed around the ventricles, mainly anterolat-
eral surface, we incorporate the mentioned assumption in the
additional geometric prior, also related to the GEP. In addi-
tion to the geometric ellipse fitting, we apply constrain on
the angle that parametrizes RE so that parts of the resulting
cluster within the predefined arc of the RE are selected as
desirable and the other parts are filtered out as undesirable.
The latter is shown in Figure 4(c) with red colored arc.

Computation of the GEP and corresponding RE for the
particular image slice is done in the following three steps:

(1) Estimation of the RE center xc, yc
(2) Estimation of the angle φ0 between the major axes of

the RE and the x referent axes of image slice

(3) Estimation of the RE parameters a and b correspond-
ing to two characteristic axes that define the shape of
the ellipse.

The RE is parameterized and represented in polar coordi-
nates and given in the following form:

x φ = xc + acos φ + φ0 ,
y φ = yc + bsin φ + φ0 ,

φ ∈ 0, 2π ,
7

where xc, yc ∈ℝ2 is the center of an ellipse, a, b > 0 are
parameters corresponding to characteristic axes of an ellipse,
and φ ∈ 0, 2π is an angular parameter (see Figure 5). For
estimating xc, yc , we use the center of gravity approach,
where the estimates xc, yc are determined as
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x̂c =
Mμcres I

1, 0
Mμcres I

0, 0 ,

ŷc =
Mμcres I

0, 1
Mμcres I

0, 0 ,
8

with moments Mμcres I
p, q , p, q ∈N, defined by

Mμcres
p, q = 〠

M

i=1
〠
N

j=1
ip jqX i, j μcres i, j , 9

where i and j are discrete spatial coordinates corresponding
to x- and y-axes of the image slice, that is, referent coordinate
system in which the RE is supposed be positioned. Further
on, in (8), X stands for the pixel luminance that is weighted
by the characteristic function of the resulting fuzzy cluster
μcres In such manner, we do not only take into account pixel
luminance value but also the membership degree of the par-
ticular pixel to the resulting fuzzy cluster (if we consider
pixels to be statistical observations with mass density func-
tion μcres , M 1, 0 = Ei ⋅ , and M 0, 1 = Ej ⋅ , the previous

expression can be considered as mathematical expectation
for given discrete spatial coordinates i and j, resp.).

Next, we need to estimate the angle φ0 between the
major axes of the RE and the x referent axes of the image

yc

xc

�휑
0

Figure 5: Figure depicting ellipse which parameters need to be
estimated.

(a) (b)

(c)

Figure 4: The resulting fuzzy cluster that is considered to contain epicardial fat tissue, for the image slice example shown in Figure 3. White
color-marked regions show clustered data (a), yellow color-marked pixels indicate ellipsoidal shape fitting approach (b), and red color-
marked lines denote the angular bandwidth constrain (c).
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slice (see Figure 5), which defines the main direction of
the “soft point cloud” in the resulting cluster as well as
orientation of the RE. Therefore, we define the vector of
observations as pi = μcres i, j i, j T ∣ i, j belongs to ROI
and estimate the covariance matrix CP,P = E P − E P

P − E P T , as

ĈP,P =
1 〠

i=1
pi − P̂ pi − P̂

T ,

P̂ = 〠
i=1

pi,
10

where we use μcres in order to incorporate additional informa-
tion regarding the soft characteristic function for the result-
ing cluster cres (5). For the purpose of determining φ0, we
apply principle component analyses (PCA): we decompose
the positive definite matrix Ĉ

ε
P,P = ĈP,P + εI which is regular-

ized by diagonal loading of ĈP,P with small positive ε > 0 As
a result, we obtain the following: Ĉ

ε
P,P =VΛVT Here, Λ =

diag λ1, λ2 and V = v1∣v2 , where λi > 0 and vi ∈R2, i = 1,
2 are eigenvalues and eigenvectors of the matrix Ĉ

ε
P,P, respec-

tively. Additionally, V is unitary matrix, where v1⊥v2, and
vi = 1, i = 1, 2

The main direction of the “soft point cloud,” representing
the resulting cluster, is actually the direction of eigenvector
v∗ corresponding to the largest eigenvalue, namely, v∗ = vî,
such that î = argmaxi λi Finally, we obtain the estimate
of φ0 as

φ̂0 = arccos ℙrojex v∗ , 11

where Projex v∗ = v∗ Tex is the projection of v∗ to the unit
x-axis vector ex We approximate the projection by simplified
affine transformation applied to the data points belonging to
the ROI:

x

y
= R −φ̂0

x

y
−

x̂c
ŷc

, 12

with

R −φ̂0 =
cos φ̂0 sin φ̂0
−sin φ̂0 cos φ̂0

13

being rotation matrix for angle −φ̂0 Such projection matrix
is applied on each x, y position in the image slice. Further
on, we also apply (12) to the original RE defined by (7), which
will then be centered in 0, 0 with x-axis aligned with the
principle axes (φ̂0 = 0). The new transformed RE represented
by the following parametric equation:

xt φ = acos φ,
yt φ = bsin φ,

φ ∈ 0, 2π
14

Finally, in order to estimate the a, b > 0 parameters,
which define the two characteristic axes of the RE, we aim
at solving the following constrained optimization problem:

â, b̂ = arg mina,b 〠
M

i=1
〠
N

j=1
X i, j μresc i, j

· xt φi,j − x i, j
2
+ yt φi,j − y i, j

2

s t 0 < Bl < a, b < Bu,
15

where xt φ and yt φ are given in parametric form by
(14), so that xt , yt belongs to the transformed RE (whose
parameters a and b we actually estimate) and x and y corre-
spond to transformed coordinates (by (12)) of the image
slice data samples. Additionally, φi,j = arctan y i, j /x i, j ,
i = 1,…,M, j = 1,…,N , while terms Bl, Bu > 0 bound the
admissible set parameters from above, in order to make
search space smaller. Since the optimization problem (15) is
not convex, we solved it by finding the local minimum using
standard gradient procedures.

After we obtain the optimal parameters for the RE, we
aim at filtering out the nonepicardial fat parts of the resulting
cluster. According to the GEP assumption, these are the seg-
ments of the resulting fuzzy cluster that are out of the ε
neighborhood of the RE. Parameter ε > 0 has been found
empirically and has been fixed for all slices and all patients
in all experiments. In addition to the obtained RE and ε
neighborhood ring, we introduce two arcs to constrain the
part of the RE within which the resulting cluster will be
marked as desirable (to be retained), while the rest will be
undesirable (to be removed), as shown in Figure 6. The angle
between the two arcs is defined as φC = φ2 − φ1, φ1 < φ2,
where φ1 and φ2 represent the first and second arc, starting
from x-axis, respectively.

In order to determine the φ1 and φ2, that is, the desir-
able area, we first perform the defuzzification of the resulting
cluster. We compute defuzzified crisp cluster = μcres α by
α-cutting the resulting fuzzy cluster μcres with predefined α
∈ 0, 1 (The parameter α has been found empirically, and
it has been fixed for all slices and all patients in all experi-
ments.) As a result, we have μcres α = i, j ∣μcres i, j ≥ α
based on which we obtain the desirable parts ∗ of the
resulting fuzzy cluster μcres , that is, crisp cluster , in which
pixels satisfy the following:

∗ = i, j ∈ φi,j ∈ φ1, φ2 , d i, j , RE ≤ ε , 16

where φi,j = arctan y i, j /x i, j represents the angular polar
coordinate corresponding to particular pixel i, j ∈
and d i, j , RE represents the distance between the pixel
i, j ∈ and the RE:

d i, j , RE = ρi,j − ρRE φi,j , 17

where
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(a) (b)

(c) (d)

(e) (f)

Figure 6: Results for one particular CT image slice by the proposed segmentation method in comparison to the manual segmentation
obtained by medical doctors and the three reference methods (snake, region growing, and LAMT): (a) α-cut of the resulting cluster;
(b) the proposed segmentation approach; (c) manual segmentation performed by medical doctors; (d) LAMT [18]; (e) region growing
[21]; (f) snake [20].

7Journal of Healthcare Engineering



ρi,j = x2 i, j cos2φi,j + y2 i, j sin2φi,j 18

represents the radius polar coordinate corresponding to
i, j ∈ and

ρRE φi,j = â2cos2φi,j + b̂
2sin2φi,j 19

represents the radius polar coordinate corresponding to
point on the RE, with the angular polar coordinate equal
to φi,j (â and b̂ are defined in (15).)

The ∗ actually represents the final 2D segmentation of
epicardial fat for particular CT image slice. In our experi-
ments, the angles φ1 and φ2 have been determined empiri-
cally for particular type of patients and CT imaging
parameters. For this purpose, we have used assistance of phy-
sicians to set the control angles on training set of patients. The
control angles are represented by φl

1 and φl
2, l = 1,…, L,

which are manually set for reduced number of equidistant
control image slices. The actual φ1 and φ2 for each CT slice
are then determined as a linear interpolation of the existing
neighboring control angles. The final φ1 and φ2 (for all CT
slices) are then used in test phase for segmentation of the data
corresponding to same type of patients and CT imaging
parameters. As the final postprocessing step, we perform
the morphological image closure operation (with the circle-
shaped structuring element) of the region ∗, thus yielding
the final result of epicardial fat segmentation on a particular
CT image slice.

3. Results and Discussion

We present in this section the results of the proposed semiau-
tomatic epicardial fat segmentation in terms of objective seg-
mentation measure and clinical evaluation. The manual
segmentation performed by physicians is used as ground
truth data for computation of objective 3D segmentation
measures. The “leave one out” cross-validation principle
was used in training and testing phase. We compare the
segmentation results of the proposed approach to the results
obtained by our previous method for epicardial fat seg-
mentation [18] (which we call local adaptive morphology-
thresholding (LAMT), snake active contour method [20],
and region growing method [21]). (The implementation
of the snake and region growing algorithms has been used
from open-source Matlab code freely available on http://
www.mathworks.com.)

We seek the optimal values for the following parameters:
ms1, ms2, α, and ε Parameter (diameter in the number of
pixels) ms1 is the size of the disk-shaped structural element
for the morphological operation “opening by reconstruc-
tion,” used in the preprocessing phase of extracting the heart
region (region of interest) from the rest of the image slice.
Parameter ms2 is the size of the disk-shaped structural ele-
ment for the morphological operation “dilation,” which
follows the “opening by reconstruction” operation, both
performed on contrast-enhanced input image, as explained
in Section 2.2.

The parameter α ∈ 0, 1 is used for obtaining the α-cut in
the defuzzification phase, as the part of obtaining the final
segmentation result for the particular image slice, which is
described in Section 2.3.2. Parameter ε, given in the number
of pixels, defines the neighborhood of geometric ellipse used
in postfiltering phase, described in Section 2.3.2. In order to
obtain optimal values for the mentioned parameters, we form
the following discrete combination set: ms1 ∈ 30, 35, 40, 45
, 50, 55, 60 , ms2 ∈ 5, 10, 15, 20, 25, 30 , α ∈ 0 4, 0 5, 0 6,
0 7, 0 8 , and ε ∈ 5, 10, 15, 20, 25, 30 . On the previously
described combination set (passing all possible values), and
along the lines of “leave one out” cross-validation training/
testing procedure, we evaluate the cost function. The cost
function, for this purpose, is defined as the average of the Dice
similarity coefficients between the processed and the manu-
ally segmented (by the medical expert) ground truth image
slices belonging to the training set of patient. As we use “leave
one out” cross-validation procedure, in each round of the
procedure, we randomly chose, by uniform distribution,
one patient for testing and the rest to be in the training set.
The described cost is then evaluated on all CT image slices
belonging to the training set. We obtained “the best” values
of those parameters as ms1,ms2, α, ε = 40, 20, 0 7, 20

The number L of equidistant control CT image slices for
obtaining the control bordering angles φ1 and φ2 is chosen to
be large enough, but still small enough as well, not to be too
demanding and time consuming for the medical expert. The
medical experts had to label those L slices for each patient,
and as a result, the bordering control angles φ1 and φ2 were
obtained, along with the previously mentioned ms1,ms2,
α, ε within the “leave one out” cross-validation training/
testing procedure. Namely, in each round of the cross-
validation procedure, for each l = 1,…, L, we obtain the

resulting bordering control angles φ l
1 andφ l

2 , by simple
averaging over all patients chosen to be in the training
set in that particular round. Then, the testing is per-
formed, for that particular round. The final control angles
are chosen to be those obtaining the lowest cost (the average
of the Dice similarity coefficients between the processed
and the manually segmented slices) of all rounds. As
stated in Section 2.3.2, for all other patients and CT slices
not belonging to the resulting bordering control slices, the
bordering angles φ1 andφ2 are determined by interpolation
of the existing neighboring control angles. Finally, the
lower and upper bounds Bl and Bu, used in (15), are
obtained empirically and set to Bl = 200 and Bu = 450 in all
our experiments.

In Figures 6(a), 7(a), and 8(a), we show, for three differ-
ent examples of the input CT slices, the α-cut of the resulting
fuzzy cluster along with the ε, φ1, andφ2 neighborhood of RE
corresponding to the desirable area, with applied postproces-
sing step of morphological operation. In Figures 6(a), 7(a),
and 8(a), red color-marked region denotes resulting fuzzy
cluster that is subsequently fitted by the proposed RE. Addi-
tionally, the proposed α-cut RE is shown in the same figures
with yellow and white lines, where white line corresponds to
the α-cut part of the estimated RE and yellow lines indicate ε
neighborhood and angular bandwidth of the selected part.
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(a) (b)

(c) (d)

(e) (f)

Figure 7: Results for one particular CT image slice by the proposed segmentation method in comparison to the manual segmentation
obtained by medical doctors and the three reference methods (snake, region growing, and LAMT): (a) α-cut of the resulting cluster;
(b) the proposed segmentation approach; (c) manual segmentation performed by medical doctors; (d) LAMT [18]; (e) region growing
[21]; (f) snake [20].
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(a) (b)

(c) (d)

(e) (f)

Figure 8: Results for one particular CT image slice by the proposed segmentation method in comparison to the manual segmentation
obtained by medical doctors and the three reference methods (snake, region growing, and LAMT): (a) α-cut of the resulting cluster;
(b) the proposed segmentation approach; (c) manual segmentation performed by medical doctors; (d) LAMT [18]; (e) region growing
[21]; (f) snake [20].
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The segmentation results for a single CT slices are further
shown in Figures 6, 7, and 8, where the proposed segmenta-
tion approach is compared to manual segmentation (done by
medical doctors) and the reference three baseline methods.
Red color-marked regions in the figures denote resulting seg-
mented epicardial fat regions, obtained by applying particu-
lar method. It can be observed that the proposed method
outperforms the three baseline methods ([18, 20, 21]), in
terms of lower number of erroneously detected regions and
higher degree of connectivity of the detected region, relatively
to the reference (manually segmented ground truth).

In order to compare the segmentation results of our
method to the ground truth, we use Dice similarity coef-
ficient [23], which is the set similarity measure defined for
two sets A and B (in our case, set of voxels belonging to seg-
mented images and the ground truth image) as D A, B =
2 A ∩ B / A + B , where ⋅ of voxels within the par-
ticular set.

In Table 1, we show the results for the computed Dice
coefficients, by which we measure the difference between
automatic and manually obtained segmentation (approved
by the medical expert) for the whole 3D image/volume, for
the proposed and three reference segmentation methods,
namely, snake active contour method [20], region growing
method [21], and the LAMT method [18]. It can be observed
that the results of our proposed method yield high Dice
coefficient values and that are significantly higher than the
Dice coefficients obtained for the reference methods that we
compared to. We also note that the proposed method is less
time consuming for the medical expert in comparison to
the reference methods. Namely, snake active contour method
requires initial contour to be delivered for every CT image
slice; region growing method demands coordinates of at least
one patch to be delivered for each CT slice; and LAMT
method requires coordinates of four patches to be provided.

In order to draw clinical conclusions from the measured
epicardial fat volumes, we introduce Normalized Volume
(NV) of epicardial fat as a ratio of the epicardial fat volume

and weight of the patient. The calculated NV values are given
in Table 2 together with relative error of epicardial fat mea-
sured by comparing the segmented (by the proposed
method) and manually annotated volume. The results of
relative error calculation show acceptable error rates (less
or equal to 15%) with two outliers.

Our experiments indicate higher NV values for 3-vessel
coronary artery disease than in case of 2-vessel coronary
artery disease with average values 0.96 and 0.75, respectively.
Also, patients with hypertension have exhibited slightly
lower NV values than patients with normal blood pressure,
with average values 0.82 and 0.96, respectively. Out of all test
subjects, 3 patients had reduced ejection fraction (bellow
42%). However, the reduced ejection fraction does not corre-
late well enough with calculated NV fat volume.

4. Conclusion

Segmentation and quantification of epicardial fat in cardiac
CT images play an important role in assisting physicians in
diagnosing cardiovascular diseases and progressing their out-
comes. The higher level of automation of this process helps to
reduce interobserver variability and shorten execution times.
In this work, a novel epicardial fat segmentation scheme is
proposed. The method is based on local adaptive morphol-
ogy and fuzzy c-means clustering, where the only user input
is the coordinates of the particular image patch belonging to
the target epicardial fat area. Additionally, geometric ellipse
prior is used in order to filter out the undesired parts of the
target cluster. Experimental results presented demonstrate
the good correspondence between the proposed method
and the manual ground truth segmentation.
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Table 2: Volume measurement error between our proposed method and manually segmented ground truth images.

Patient 1 2 3 4 5 6 7 8

Normalized volume (voxels) 1.1 0.73 0.43 0.68 0.96 0.95 1.38 0.91

Volume relative error (%) 1.5 15 14.5 29.6 33.8 8.7 14.6 9.5

Coronary artery disease (vessels) 3 2 3 2 3 2 3 3

Hypertension ejection No Yes No Yes No Yes No Yes

Fraction (vessels) 60 37 26 63 42 55 56 60

Table 1: Comparison of methods using Dice similarity coefficient with manually segmented ground truth images (approved by a
cardiovascular surgeon). Our proposed method outperforms the LAMT method, the classical region growing, and the snake methods.

Patient 1 2 3 4 5 6 7 8

Proposed method 0.76 0.65 0.6 0.7 0.73 0.54 0.73 0.82

LAMT 0.3 0.32 0.38 0.24 0.5 0.2 0.3 0.07

Region growing 0.39 0.15 0.34 0.34 0.28 0.24 0.39 0.17

Snake 0.3 0.15 0.16 0.32 0.36 0.29 0.38 0.3
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Frame-based regularization method as one kind of sparsity representation method has been developed in recent years and has been
proved to be an efficient method for CT image reconstruction. However, most of the developed CT image reconstruction methods
are analysis-based frame methods. This paper proposes a novel frame-based balanced hybrid model with two sparse regularization
terms for CT image reconstruction. We generalize the fast alternating direction method to solve the proposed model so that every
subproblem can be easily solved. The numerical experiments suggest that the proposed hybrid balanced-based wavelet
regularization scheme is efficient in terms of reducing the defined reconstruction root mean squared error and improving the
signal to noise ratio in CT image reconstruction.

1. Introduction

X-ray computed tomography (CT) image reconstruction is
an indispensable tool for diagnosing diseases and research
requirements. However, X-ray radiation is harmful, and
high-dose X-ray radiation may induce genetic mutation, cell
canceration, and so on [1]. Therefore, more and more atten-
tions are paid on the low-dose X-ray CT image reconstruc-
tion. Since X-ray CT imaging quality depends on the X-ray
dose, reducing the X-ray dose will result to poor image recon-
struction quality. Consequently, how to decrease the X-ray
dose not to affect the diagnosis is a hot topic in recent years.
Mathematically, CT image reconstruction often can be for-
mulated as a linear inverse problem. For the detected mea-
surements data b, the objective is to find the targeted image
u from the following equation:

b = Au + ε, 1

where A is the discrete radon linear transform operator and ε
denotes the noise with variance δ.

One strategy for X-ray radiation-dose reduction is to
reduce the projection data, but this few-view method will
result in insufficient data. As a result of the undersampling
of this strategy and the system errors, the above-mentioned
problem (1) is usually ill-posed from the mathematical point
of view. Therefore, traditional filtered back projection (FBP)
method [2] cannot yield desirable imaging quality. Sparse
regularization methods are developed in recent years to
overcome the ill-posedness of these problems, and moreover,
these methods can acquire higher quality images in few-view
circumstance. The sparse representation methods assume
that images are sparse in some transformed domains. Dis-
crete gradient [3], that is, the so-called total variation (TV),
is such a sparse transform domain to solve the few-view
image reconstruction problems. Although the TV-based reg-
ularization sparse domain is useful in reducing radiation dose
[4, 5], there are also some shortcomings, for example, the
staircase effect [6], and the power of it is still limited [7].
Therefore, many improved methods are proposed, such as
PWLS-TGV proposed by Niu et al. [8], TVS-POCS proposed
by Liu et al. [9], and the method proposed by Ritschl et al.
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[10]. Besides, some other sparse transform domains are
developed, such as the gamma regularization-based method
[11], some nonlocal domains [12, 13], different kinds of
wavelet frame domains [14–16], and some dictionary learn-
ing sparse methods [17, 18].

This paper mainly considers the sparse representation by
wavelet tight frame. Wavelet tight frame can ensure the given
signal be perfectly represented as a linear combination of the
sparse wavelet coefficients which is also called the perfect
reconstruction property [19]. Due to the flexibility of decom-
position and reconstruction and the well performance,
wavelet tight frame-based methods have been widely used
in almost every branch of image processing [14, 20–22]. In
recent years, most of the developed wavelet tight frame
methods for CT image reconstruction are analysis-based
wavelet frame methods. This paper proposes a novel
balanced-based method. The remainder of this paper is orga-
nized as follows. In Section 2, we present some necessary pre-
liminaries and theories about the wavelet tight frame. Section
3 presents the proposed balanced model for CT image recon-
struction and develops the efficient computational algorithm
for solving the proposed strategy. Numerical simulations to
demonstrate the improvement of our proposed method in
terms of RMSE and PSNR are given in Section 4. In the
end, we make the conclusion in Section 5.

2. Preliminaries

For convenience, we first present some basic definitions and
some results of the wavelet tight frame used in the proposed
model. More details can be seen in [20, 21].

In the 1D discrete circumstance, a set of vectors

xi ∈RM N
i=1 N ≥M is called a wavelet tight frame if for

each b ∈RM ,

〠
N

i=1
xi, b 2 = b 2

2, 2

where ⋅ , ⋅ denotes the inner product. The corresponding
analysis operator denoted as W is written as

W = x1, x2,…, xN T 3

Then, Wb = b, xi N
i=1 is called the wavelet coefficients.

Another operator WT which is usually called the synthesis
operator is the synthesis of the wavelet coefficients, that is,
if c denotes the wavelet coefficients, then

WTc = 〠
N

i=1
c i xi 4

Then

WTW = IM , 5

which can be derived by the identity (2). Here, IM RM →
RM is the identity operator. This property is often called
the “perfect reconstruction property,” which can reduce the
calculation amount in some applications.

Based on the Unitary Extension Principle (UEP) condi-
tion [20], the wavelet tight frame often can be generated by
some filters ai

r−1
i=0 that satisfy

〠
r−1

i=0
〠
n∈ℤ

ai l + n ai n = δl, ∀l ∈ℤ 6

Here, δl = 1 when l = 0; otherwise it is zero. Piecewise lin-
ear B-spline framelet is such a wavelet tight frame whose
associated filters are

a0 =
1
4 1, 2, 1 ,

a1 =
2
4 1, 0, −1 ,

a2 =
1
4 −1, 2, −1

7

The wavelet-based method has been used in almost every
image processing branch [22–24]. Two-dimensional wavelet
tight frame filters can be obtained by the tensor product of
the corresponding one-dimensional filters.

Given the observed data b; the sparse regularization
methods for image processing based on the wavelet tight
frame can be summarized as

x∗ = arg min
x

1
2 AWTx − b

2
2 +

κ

2 I −WWT x
2
2 + λ x p,

8
where A denotes a linear transform operator, which is a dis-
crete radon transform in CT image reconstruction, a Fourier
transform in MR image reconstruction, and a convolution
operator in image deblurring. ⋅ p denotes the p-norm so
as to finally obtain a sparse solution. ⋅ 1 as the approx-
imation of ⋅ 0 is often used to realize the sparse regulariza-
tion. Compared with x 0, x 1 is convex so that the well-
posed property can be guaranteed. Then, the target image

u∗ =WTx∗. Here, the middle term in (8), that is, κ/2
I −WWT x

2
2, is used to balance the distance between

the target image WTx and the coefficient x. Then, in terms
of different values of κ, three approaches are distinguished,
that is, the analysis approach κ =∞ , the balanced
approach 0 < κ <∞ , and the synthesis approach κ = 0 .

Choose: parameters γ > 0, μ > 0, v > 0, tol;
Input: iteration initial values x0, f 0, z0;

for k = 1, 2, 3,⋯, n, or uk+1 − uk 2/ uk 2 ≤ tol

uk+1 = ATA + γ + μ
−1

ATb + γ WTxk − b ;
f k+1 = Auk+1 − b + f k;
xk+1 = Shrinkv/γW uk+1 + b ;

zk+1 = zk + uk+1 −WTxk+1;
end

Output: μ

Algorithm 1: Balanced-based wavelet framelet approach for
CT image reconstruction.
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Obviously, the three approaches are the same when W is
orthogonal. Generally speaking, it is difficult to make a con-
clusion that which approach among the three approaches
described in (8) is better. Every approach has its own favor-
ite image sets [25].

For the balanced-based approach, we have the following
result [19].

Lemma 1. Let W and WT , respectively, denote the analysis
operator and the synthesis operator of a wavelet tight frame;

then I −WWT x
2
2 + WTx − b

2
2 = x −Wb 2

2 holds.

3. The Proposed Model and Method

In recent years, most of the developed methods for CT image
reconstruction are analysis-based framemethods [16, 21, 26],
and many state-of-the-art methods such as Split Bregman
method [27], alternative direction [28], and augmented
Lagrangian method [29] are implemented to solve these
problems. The researches of image reconstruction modeled
based on balanced method [25] and synthesis method [30]
are relatively few. Since every approach has its own favorite
image sets, it is difficult to make a conclusion which one is
better [25].

This paper proposes a novel-constrained balanced-based
model CT image reconstruction as follows:

min
x

κ

2 I −WWT x
2
2 +

α

2 WTx
2
2 + β x 1,

s t AWTx − b
2
2 ≤ δ2,

9

where A denotes a radon transform operator, b is the
obtained data from the scanner, and W is the wavelet tight
frame. Then, the reconstructed image u∗ =WTx∗, where x∗

denotes the solution of (9). Compared with the model in

(8), the added term α/2 WTx
2
2 is used to regularize the

solution further and avoid the Gibbs defects bring from the
wavelet tight framelet. In general, the parameter α is chosen
to be smaller than the parameter β. Actually, bigger α will
result in the overall smoothness of the results’ image. In
recent years, some efficient algorithms are developed for the

balanced-based models, for example, proximal linearized
alternating direction method in which the linearization of
quadratic term of the augmented function for the model with
one regularization term was used [31].

Next, let us investigate the corresponding flexible itera-
tion algorithm for our proposed balanced-based model. We
also can use the fast alternating direction method for solving
our proposed balanced-based model. The corresponding
convergence analysis of the alternating direction method
can resort to the [32, 33]. By introducing WTx = u, the con-
strained minimization problem (9) can be changed into the
following unconstrained one:

min
u,x,z,f

ι

2 Au − b + f 2
2 +

κ

2 I −WWT x
2
2

+ δ

2 u −WTx + z
2
2 +

α

2 u 2
2 + λ x 1

10

Actually, (10) is equivalent to the following:

min
u,x,z,f

1
2 Au − b + f 2

2 +
τ

2 I −WWT x
2
2

+ γ

2 u −WTx + z
2
2 +

μ

2 u 2
2 + v x 1,

11

where τ, γ, and μ are parameters. Here, we omit the relation-
ship between these parameters and the parameters in (10).

Here, we choose τ = γ for the convenience of calcula-
tion. Then, based on Lemma 1, (11) is equivalent to the
following:

min
u,x,z,f

1
2 Au − b + f 2

2 +
γ

2 x −W u + z 2
2 +

μ

2 u 2
2 + v x 1

12
Then by the alternative direction method, the minimiza-

tion problem (12) can be decomposed into the following four
subproblems:

uk+1 = arg min
u

1
2 Au − b + f k

2

2
+ γ

2 u −WTxk + zk
2

2
+ μ

2 u 2
2,

13

f k+1 = Auk+1 − b + f k, 14

(a) Original “NCAT” image for simulation (b) Original “SL” image for simulation

Figure 1: Original images used for simulation.
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xk+1 = arg min
x

γ

2 uk+1 −WTx + zk
2

2
+ v x 1, 15

zk+1 = zk + uk+1 −WTxk+1 16

As for the first subproblem, by the KKT condition,

uk+1 = ATA + γ + μ
−1

ATb + γ WTxk − b can be easily
solved by the well-known conjugate gradient (CG) method.
On one hand, the added term μ/2 u 2

2 in (12) can regular-
ize the solution further; on the other hand, we can see from

the solution of the u-subproblem (13) that parameter μ can
further overcome the ill-conditioning of the operator A in
CT scanning. Then, we summarize our proposed algorithm
based on balanced wavelet tight frame approach for CT
image reconstruction as in Algorithm 1.

4. Numerical Simulations

In this section, two numerical studies are presented to
illustrate the well performance of our proposed scheme.

(a) Result by FBP method without noise (b) Result by one regularization term without

noise

(c) Result by two regularization terms

without noise

(d) Result by FBP method with noise

(e) Result by one regularization term with

noise

(f) Result by two regularization terms with

noise

Figure 2: Recovered results by FBP method and models with two regularization terms and one regularization term based on our proposed
balanced approach with 50 projection views.
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We compare our proposed hybrid regularization scheme
μ ≠ 0 in (12) with the traditional FBP algorithm and
the one with only one regularization term μ = 0 by our
proposed balanced-based frame algorithm. In the following
two simulations, we adapt the piecewise linear B-spline tight
frame as the transform operator. For evaluating the quality of
the reconstructed images, the following root mean squared
error (RMSE) and the peak value signal to noise ratio
(PSNR) are used:

RMSE = u − f 2
f 2

,

PSNR = 20∗ log10
255

1/MN ∗ u − f 2

17

Here, u and f denote the reconstructed image and the
original image, respectively, and M and N denote the size
of the image. Generally speaking, smaller RMSEmeans better
reconstructed quality and higher PSNR means more closer to

(a) Result by FBP method with 40 views (b) Result by one regularization term with

40 views

(c) Result by two regularization terms with

40 views

(d) Result by FBP method with 50 views

(e) Result by one regularization term with

50 views

(f) Result by two regularization terms with

50 views

Figure 3: Recovered results by FBP method and models with two regularization terms and one regularization term based on our proposed
balanced approach under different projection views.
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the original images. Some other appraisal criteria can also be
used, such as the SSIM [34]. The iteration is stopped when
uk+1 − uk 2/ uk 2 ≤ 10−3. In these experiments, we use
GPU (graphics processing units) to accelerate the computa-
tion of the A and AT for more fast reconstruction [35]. In
the following simulations, the projection views were equally
distributed over 360° and detector offset was not to be con-
sidered. All the experiments are performed by Matlab 2009
on the PC with 64-bit operating system and 2.90GHz proces-
sor. In addition, after a great deal of our simulations, we
found that the parameter μ should be much smaller than
the parameter v, since larger μ will result in the overall
smoothness of the reconstruction image. The parameter γ
can be set as 5 or 6 when the noise and the projection views
are not changed greatly. The stronger the noise, the greater
the parameter v should be used. Next, we will present two
concrete examples.

Example 4.1. We use “NCAT” shown in Figure 1(a) to
evaluate the proposed model and algorithm. In recent
years, “NCAT” has been widely used to evaluate medical
imaging technology. The reconstructions RMSE and PSN
R by FBP method (Figure 2(a)) with 50 projection views
are 0.2701 and 69.0921, respectively. Figures 2(b) and
2(c) are, respectively, the recovered results with 50 pro-
jection views by models with one regularization μ = 0
and two regularizations μ ≠ 0 in (12) based on our pro-
posed balanced approach with algorithm parameters γ = 6,
v = 0 2, and μ = 0 01. These parameters are optimized. 23
iterations are carried out with about 3.6 s. The values of RM
SE and PSNR are 0.0271 and 89.0138, respectively, for two
regularization term balanced algorithm and 0.0305 and
87.9635, respectively, for the corresponding one regulariza-
tion term balanced algorithm. We can see that in terms of
RMSE, 12.5% error was reduced with the added regulariza-
tion terms μ/2 u 2

2. The reconstruction quality is more
pleasing for the balanced algorithm with two regulariza-
tion term than the corresponding balanced algorithm with
one regularization term.

Due to the device defect or the low-exposing dose, noise is
often inevitable. So, we add 1% noise to the projection data of
“NCAT.” The corresponding reconstructions RMSE and PS
NR by FBP method (Figure 2(d)) are 0.2751 and 68.8931,
respectively. The corresponding reconstructions RMSE and
PSNR are 0.0338 and 87.1018, respectively, for two regulari-
zation term balanced-based algorithm (Figure 2(f)) and
0.0362 and 86.2801, respectively, for the one regularization
term balanced-based algorithm (Figure 2(e)). Consequently,
in the environments both with noise and without noise,
the balanced algorithm with two regularization terms can
obtain more better reconstruction quality in terms of RM
SE and PSNR.

Example 4.2. Shepp-Logan image “SL” as our second test
image can be seen in Figure 1(b). We evaluate algorithms
under different views. The corresponding reconstructions R
MSE and PSNR by FBP method with 40 projection views

(Figure 3(a)) are 0.5906 and 64.8555, respectively. The corre-
sponding reconstructions RMSE and PSNR by FBP method
with 50 projection views (Figure 3(d)) are 0.5726 and
65.1283, respectively. Obviously, the streak artifacts are
introduced by FBP algorithm with few-view projections.
Figures 3(c) and 3(d) are, respectively, the recovered results
with 40 projection views by models with one regularization
μ = 0 in (12) and two regularizations μ ≠ 0 in (12) based
on our proposed balanced approach with algorithm parame-
ters γ = 5, v = 0 2, and μ = 0 01. Every parameter has been
optimized. The values of RMSE are 0.0780 and 0.0759. The
values of PSNR are 82.1841 and 82.6393. The reconstruction
results with 50 projection views are displayed in Figures 3(e)
and 3(f). The values of RMSE are 0.0581 and 0.0557. The
values of PSNR are 84.2616 and 85.9924. The RMSE and
PSNR of our proposed hybrid regularization method are
improved under different views which means more pleasing
reconstruction results. Both the two kinds of the balanced-
based image reconstruction schemes yield more desiring
results than the FBP method.

5. Conclusion

In this paper, we propose a balanced-based wavelet CT
reconstruction model with two regularization term. We
investigate the fast algorithm for the proposed hybrid model
based on the alternative direction method. Simulation results
evidently demonstrate the superiority of our proposed
scheme in reducing the values of RMSE and promoting the
PSNR. This method is very flexible and can also be easily
generalized to some other image processing problems.
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Purpose. With the development of digital X-ray imaging and processing methods, the categorization and analysis of massive digital
radiographic images need to be automatically finished. What is crucial in this processing is the automatic retrieval and recognition
of radiographic position. To address these concerns, we developed an automatic method to identify a patient’s position and body
region using only frequency curve classification and gray matching.Methods. Our newmethod is combined with frequency analysis
and gray image matching. The radiographic position was determined from frequency similarity and amplitude classification. The
body region recognition was performed by image matching in the whole-body phantom image with prior knowledge of templates.
The whole-body phantom image was stitched by radiological images of different parts. Results. The proposed method can
automatically retrieve and recognize the radiographic position and body region using frequency and intensity information. It
replaces 2D image retrieval with 1D frequency curve classification, with higher speed and accuracy up to 93.78%. Conclusion.
The proposed method is able to outperform the digital X-ray image’s position recognition with a limited time cost and a simple
algorithm. The frequency information of radiography can make image classification quicker and more accurate.

1. Introduction

Digital X-ray imaging technique has generated massive
amounts of clinical image data in radiology departments
every day. These data need to be classified, retrieved, and
analyzed in Picture Archiving and Communication Systems
(PACS) or Radiology Information Systems (RIS). The urgent
requirements to process these massive image data demand an
automated and computationally efficient approach [1, 2].
Among these approaches, image classification, radiographic
position identification, and artificial intelligence analysis are
the most widely used ones. In this sense, the retrieval of
images and the learning of radiographic position are the most
fundamental parts.

Traditional medical image retrieval is semimanual, which
obtains clinical information from manually retrieved image
annotations and databases. The disadvantage of this
approach involves human errors and operator variations,
which is labor intensive and results in lower accuracy [1].

Automated methods using image retrieval technique are
based on image features such as color [2, 3], texture [4],
and shape [5]. Wang et al. proposed a dynamic interpolation
method to achieve stereo microscopic measurements, but the
scheme required a large quantity of matching elements [6].
Histograms were also widely used for image retrieval but
had its relevant disadvantages [7, 8]. Other image retrieval
techniques such as wavelet transform (WT) [9], Fourier
transform (FT) [10], local binary pattern (LBP) [11], and
Tamura texture features [12] can recognize an image type
through library searching and image classification. How-
ever, position information cannot be automatically deter-
mined with these algorithms. Besides, these methods lack
recognition on imaging organ tracking as researched by
Jiao et al. [13].

Pattern recognition can automatically process and ana-
lyze digital images as mentioned by Paparo et al. [14, 15].
Feature selection method reported by Silva et al. [16] and
Hussain [17] was used in traditional learning algorithms
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such as support vector machine (SVM) and k-means for
image retrieval but needs large datasets for training. Medical
expert systems as discussed elsewhere [18, 19] used mixed
algorithm to extract target area. Multilayer perceptron neural
networks (MLPNN) can identify tissues and diseases as
discussed in other places [20–22]; however, the process is
complex and the processing time is too long for clinical use.
Recently, the well-known deep learning algorithm has also
been introduced to medical image processing and achieved
equivalent results compared with professional expertise
[23–25], but the data quantity and accuracy have remained
a debate [26].

Therefore, in this paper, a method that combines
frequency curve classification with gray scale matching for
image retrieval and matching is proposed. It uses a whole-
body phantom image as the template mask for anatomical
and radiographic location marking, with shorter time cost
and higher accuracy.

2. Materials and Methods

2.1. Image Preprocessing. Raw digital radiographic image
data typically has large dynamic range and gray level
features. Therefore, we use linear histogram stretching
and a median filter for noise reduction. The respective
equations are

FH x, y = 65535
B − A

⋅ f x, y − A , 1

where

A =min f x, y ,
B =max f x, y ,

2

and

Fw x, y =med f x − R, y − l , R, l ∈ w 3

w is 5.

2.2. The Phantom X-Ray Image Masks. X-ray imaging phan-
toms are physical analogs of human body shapes and tissues
as studied by Dewerd and Kissick [27]. Plastic and nylon are
used to simulate the outline of the human body, bones, and
primary tissues for whole-body radiography. We took X-ray
imaging of the brain, cervical spine, chest, lumbar spine,
pelvis, and limbs of a whole-body phantom (Whole Body
Phantom PBU-50, Kyoto Kagaku, Japan) by using Digital
Radiology DR (Wan dong HF50, Beijing, China). Each of
the images was processed by adjusting the histogram, filter-
ing, performing rigid translations, and scaling [28] and then
fitted into a whole-body radiographic image. We also per-
formed contrast-limited adaptive histogram equalization
(CLAHE) for handling the variation in X-ray exposures.

For recognition of the radiographic positions after
completing the input image matching, we performed the
anatomical definition to a phantom template; the matrix of
images is 2000× 800, and the height of the corresponding
body is 165 cm without gender. For the information of

the image, diagnostician can use different ranges to define
different organs, such as head size ranging from [260, 1]
to [540, 285] and lung size ranging from [250, 130] to
[560, 365], as shown in Figure 1. For the frontal image,
there are seven radiographic positions and six radiographic
target organs. The phantom template defines the target
template for subsequent matching based on automatic
identification and X-ray photography posture.

2.3. Classification Based on Image Frequency. Radiographic
images have special frequency and amplitude characteristics,
which are position dependent. These characteristics of the
frequency curve can be used for classifying the type of image
(for a given radiological position) and extract the texture of
the organ.

2.4. The Characteristics of X-Ray Image Frequency. We use
the fast Fourier transform (FFT) of the organ images to
obtain the frequency spectrum as follows:

F u, v = 1
MN

〠
M−1

x=0
〠
N−1

y=0
f x, y ⋅ e−j2π ux M+vy N , 4

Heart range
Head range

Lung range
Cervical spine
range

Figure 1: The whole-body phantom’s X-ray mask and the examples
of partial anatomical definition.
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where M and N are the image resolution and u and v are
coordinates in the frequency domain. From the frequency
image and 2D curve, we find that the effective anatomical
contours concentrate on the minimum 2% of the frequency
curve. In Figure 2, the frequency curve at each position is
the average of 10 images of the same radiological position
in the same coordinate system, and the curve features
shown are significantly different among the positions.
Partly, the differences of some positions such as the lungs
and limbs are not reflected in the frequency curve; thus,
we offer the areas under the curve (AUCs), whose values
of the lungs and limbs have obvious differences. Combined
with frequency curve and AUCs, differences of positions
can be obviously shown. The radiological positions are
the head, lungs, lumbar (spine), pelvis (abdominal), joint
(knee), and limbs.

In X-ray images, organs or tissue has a characteristic
frequency response, even in different samples and different
radiological positions. For example, the chest imaging using
appropriate exposure parameters shows lung texture details
and the lung signal captured in certain frequency bands. As
shown in Figure 3, which shows the average frequency curve
of 10 lung X-ray images, there is a peak in the low-frequency
range, which corresponds to a lung texture detail (extracted
using a Butterworth filter). For comparison, a similar peak
in the averaged knee curve corresponds to bone trabeculae
as plotted in Figure 4.

2.5. Classification Based on Image Frequency. The frequency
curves for six radiographic positions were used as the
standard library for comparison with arbitrary input images,
and the similarity between input image and standard library
was determined by the mean variance of the vector frequency
curve. The input image is f w ; the corresponding
amplitude-arranged vector is A1, A2,…, An ; the six fre-
quency curves, F w , are used as a standard for comparison
with arbitrary input images in the library and have

amplitudes of B1, B2,…, Bn . The mean-variance similarity
between the input image and the reference organ image is

a = sqrt
〠n

i=1 f w − F w ⋅ ∧2
length f w

,

a = sqrt sum f w − F w ⋅ ∧2
length f w

5

The cosine of the angle θ between the two images can be
described as follows:

cos θ =
〠n

i=1 f w ⋅ F w

〠n

i=1 f w 2 ⋅ 〠n

i=1 F w 2
= f w ⋅ F w

f w ⋅ F w

6

The smaller mean-variance is and the closer the cosine
value is to 1 (indicates an angle closer to zero), the greater
the similarity is. Matching 6 curves yields 6 mean-variance
values, and then bubble sort is performed to determine the
two mean-variances with the highest absolute value. The
absolute values of the top two are less than 0.02, compar-
ing the cosine similarity between the wave curves of the
source image and organs which corresponds to the top
two mean-variances. The organ which is the closest to
mean-variance is considered the same as the organ of
the source image. Six organs had mean-variances with
standard frequency curves, and the reciprocal of that for
all organs is plotted in Figure 5, as histograms. Higher
reciprocal of mean-variance signifies greater similarity.

2.6. Image Matching Based on Matrix Multiplication and
Correlation Coefficient. After the vector calculations based
on image frequency have been performed, we determine
the types of the images that are the most similar to the
standard organ curve according to the shape of their
curves and mean variances. The input image will be
matched against the whole-body phantom mask so that
the organ field is defined. This step involves matrix multi-
plication and the correlation coefficient.

In (7), (8), and (9), the input image after preprocessing is
Finput x, y and the 2% part of the frequency curve is f w .
The image has been finished by classification based on image
frequency, and the phantom image is denoted as p m, n . (In
(7), (8), and (9), p m, n represents image patches whose fre-
quency is not within the minimum 2% range. The range of p
m, n represents the image from top to bottom.) By finding
themaximumvalues ofM andR, regionT can be found,which
is the intersection of M and R shown in the phantom image
and also the target recognized region.

M =
Finput x, y ⋅ p m, n

Finput x, y 2
=
〠

m
〠

n
Finput x, y ⋅ p m, n

〠
m
〠

n
Finput x, y

2
,
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Figure 2: Frequency curves and the AUCs for various anatomical
regions.
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R =
〠

m
〠

n
F input x, y −〠

m
〠

n
Finput x, y ⋅ p m, n −〠

m
〠

n
p m, n

〠
m
〠

n
F input x, y −〠

m
〠

n
F input x, y

2
⋅ p m, n −〠

m
〠

n
p m, n

2
,

8

T =M R 9

The maximum values of M and R have been solved,
respectively, by the matrix multiplication and correlation
coefficient, between the input image and phantom image. T
is a region corresponding to the phantom area and is
indicated by a bright box. To improve the processing speed,
the matrix of the input and phantom images is reduced
(maintaining image proportions).
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Figure 3: (a) From top to bottom: the chest X-ray image, the image frequency curve, and the chest X-ray image with inversed gray
scale. (b) From top to bottom: chest X-ray image by Butterworth filtering, the image frequency curve, and the chest X-ray image with
inversed gray scale. (c) From top to bottom: lung texture image reconstructed by the filtered frequency information, the frequency curve,
and the lung texture image with inversed gray scale.
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2.7. Implementation of the Overall Algorithm. For any
input image being preprocessed, the 2D Fourier transform
will be taken and the lowest 2% frequency curve of the
image is obtained. Compared with 6 predefined curve
types and the input image type (radiographic position),
the curve is classified by calculating the curve similarity
and the mean variance. Next, the image is matched in
the phantom image by finding the maximum value of
matrix similarity. The final matching region, which corre-
sponds to a priori knowledge of the patient’s anatomical
field, is shown in the phantom as the result. The workflow
is shown in Figure 6.

3. Results and Discussion

217 clinical radiological images were randomly collected in
this study, from the Radiology Department of Taishan
Medical University. The radiological position and body

region in all images have been automatically recognized
by our method. The results were verified by the clinical
physicians of the Radiology Department. For comparison,
the input images were also processed by dot matrix
matching, correlation matching, and histogram retrieval
algorithms. The accuracy rates and the processing times
are shown in Table 1. The accuracy between the proposed
method and any other methods has a statistically signifi-
cant difference (p < 0 005).

The results have shown that the proposed algorithm has
the highest accuracy and robustness for all images (6 position
types); the average organ recognition accuracy was 93.78%
and the average judgment time was 0.2903 s.

The proposed method is better than other benchmark
methods; moreover, the method can obtain the radiographic
position’s description from the anatomical knowledge in the
phantom image and reduce the processing time and recogni-
tion accuracy. What is more, compared with some effective
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Figure 4: (a) From top to bottom: the knee X-ray image and the knee image frequency curve. (b) From top to bottom: the knee X-ray image by
Butterworth filtering and the image frequency curve by filtering. (c) From top to bottom: the trabeculae texture image reconstructed by the
filtered frequency information and the frequency curve.
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approach such as the large margin local estimate (LMLE)
[15] and deep learning network [24], the LMLE method only
achieved less than 90% accuracy with 10% data as the train-
ing set. Although the convolution neural network in [24]
achieved more than 90% accuracy in most image data, the
approach needs 7000+ image slices and a most recently
equipped computer (i7 3.4GHz, 16GB RAM) for neural net-
work training, while our method only needs simple matrix
multiplication and correlation coefficient which can be

calculated on a multicore computer with less time and more
than 90% of the accuracy.

The sample results of the radiographic position recog-
nition are shown in Figure 7, by matching rectangular
areas and annotated text. This integrated method can accu-
rately mark the photograph site on the phantom images.
We can get the information of photography range and
photography sites according to early anatomical definition
in phantom-pixel area. For different images with the same
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Figure 5: The reciprocal of mean-variance between 6 organs and the standard frequency curve.
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position type, the image matching can show the regional
differences in the whole-body phantom image. For exam-
ple, in Figure 7, three different cervical spine images have
been identified and shown in different cover areas.

The human body model was represented by a phantom
template X-ray image. The phantom was developed to mimic
the human body X-ray attenuation parameters. The radiogra-
phy of the phantom was closely approximated to the real
human, even though the model structure was only simplified
to themacroscopic shape of the organs. For example, the lung
phantom made of plastic can simulate the lung contour and

segments but did not include the pulmonary veins and nod-
ules. In the X-ray image of the phantom, the macroscopic
profile of the lung is authentic for the imaging modality.
The majority of conventional radiography sites are matched
accurately by using this phantom image approach. For the
detection of the contours of the lungs and the heart, the
independent frequency or gray information is not sufficient.

The histogram and gray intensity are widely used for
image similarity detection. Histogram matching has the
advantage of being fast and no limitation by image size. How-
ever, it cannot determine the position and scope information.

Input image

Classification by the typical curves

The absolute value of first a and
second a < 0.02?

Determine organ

Comparison of cosine cos �휃

Matrix multiplication algorithm-
based organ range specified matches the body

Algorithm based on correlation coefficient of
body organ range specified matches

Yes

No

The intelligent recognition of towards the direction and positioning range

Figure 6: Workflow.

Table 1: The accuracy rate of four different radiographic position matching methods.

Radiographic
positions

Dot matrix matching
algorithm (%)

Correlation matching
algorithm (%)

Histogram retrieval
algorithm (%)

Current
algorithm (%)

Average time of current
algorithm (s)

Head 83.3 100.0 50.0 100.0 0.2808

Lungs 47.4 71.9 45.6 100.0 0.2918

Lumbar 45.6 66.7 40.5 100.0 0.2934

Pelvis 35.3 41.2 41.2 66.7 0.2919

Joint 90.9 100.0 27.3 100.0 0.2903

Limbs 75.8 56.8 56.6 96.0 0.2936

Average 63.1 72.7 43.5 93.7 0.2903
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The method presented in this paper obtains robust frequency
characteristic curves from X-ray information. The templates
of different anatomical features have distinct frequencies
and amplitudes. Comparison of input images and template
only needs to take 2% effective frequency characteristics.

We extract a 1D curve from a 2D image, which accelerates
and simplifies the image-matching algorithm. For 5.5GB
image data consisting of 217 images, the total processing time
was 414.6 s.

Although our method was performed well for all of the
test images, the algorithm has some limitations. The major
obstacle is the poor result for nonstandard radiography; the
matched result will be in the wrong position in the phantom
image. For these cases, in a subsequent study, we plan to
develop more standard phantom models, such as for babies,
animals, and separate male and female bodies, in order to
obtain more appropriate phantom images.

4. Conclusions

In this paper, we proposed a method for the automatic
recognition of a radiographic position and body field, based
on frequency curve classification and gray information of

digital radiographic images. Compared with image analysis
methods based on complex pattern recognition algorithm,
the proposed method can extract more information about
the patient’s position. The frequency classification in this
work has good sensitivity and robustness to reduce the errors,
which is caused by variations in the lighting environment
(image exposure, detector sensitivity). This method is a fast
1D classification for 2D images and can be used for automatic
feature extraction and be applied to big data calculations.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

Acknowledgments

The authors thank the funding support by the China National
Key Research andDevelopment Program (2016YFC0103400)
and the Natural Science Foundation of Taishan Medical
University (no. GCC003). The authors also thank Weizhao
Lu for his help with the English writing in the paper.

Judgment result
Radiographic range:

Upper boundary: vertex of the head
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Radiographic position: frontal
Radiographic location: AP view of cervical
spine

Judgment result
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Upper boundary: half level of head
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thoracic vertebra

Left and right boundaries: both sides of
head
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Judgment result
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Figure 7: The automatic recognition results for three cervical spine images.
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Retinal layer thickness measurement offers important information for reliable diagnosis of retinal diseases and for the evaluation of
disease development and medical treatment responses. This task critically depends on the accurate edge detection of the retinal
layers in OCT images. Here, we intended to search for the most suitable edge detectors for the retinal OCT image segmentation
task. The three most promising edge detection algorithms were identified in the related literature: Canny edge detector, the two-
pass method, and the EdgeFlow technique. The quantitative evaluation results show that the two-pass method outperforms
consistently the Canny detector and the EdgeFlow technique in delineating the retinal layer boundaries in the OCT images. In
addition, the mean localization deviation metrics show that the two-pass method caused the smallest edge shifting problem.
These findings suggest that the two-pass method is the best among the three algorithms for detecting retinal layer boundaries.
The overall better performance of Canny and two-pass methods over EdgeFlow technique implies that the OCT images contain
more intensity gradient information than texture changes along the retinal layer boundaries. The results will guide our future
efforts in the quantitative analysis of retinal OCT images for the effective use of OCT technologies in the field of ophthalmology.

1. Background

Optical coherence tomography (OCT) is the optical equiva-
lent of ultrasonography, with the capability of capturing the
depth-resolved cross-sectional images of biological tissues
in vivo at near-histologic resolution [1]. Due to its noninva-
siveness and high resolution, in combination with the
characteristics of the eye and retinal anatomy, OCT has a
rapid development of clinical applications in ophthalmology
in recent years.

Quantitative analysis of retinal OCT image has been crit-
ical for reliable and efficient diagnosis of diseases such as glau-
coma, age-related macular degeneration, and macular edema
caused by diabetic retinopathy and for the evaluation of
development of diseases, medical treatment responses, drug
effectiveness, visual functions, and so forth [2–4]. Among
others [5–7], automatic and semiautomated measurement
of retinal layer thickness is considered as a class of key

quantitative analysis. Numerous research efforts have been
devoted to this topic [8–11], and these efforts have signifi-
cantly promoted the clinical understanding of ocular diseases
and improved the OCT technologies and their applications.

Retinal layer thickness measurement relies on accurate
OCT image segmentation. For many automated segmenta-
tion algorithms, edge detection is an essential foundation
[12–19], notwithstanding some methods resort to other fea-
tures of the images [18]. Literature shows that diverse types
of edge detection algorithms can be employed as a key step
in image segmentation. Table 1 summarizes the commonly
used algorithms for retinal OCT image segmentation, includ-
ing the Canny edge detector [12, 13], two-pass edge detection
method [14, 15], local mean gradient-based edge tracking
[16], peak detection method, Gaussian smoothing in combi-
nation with the Sobel kernel method [17, 18], and EdgeFlow
technique [19]. Based on the nature of the information
used in their algorithms, we can classify these different
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edge detection techniques into two categories, namely, the
intensity-based and texture-based methods. The former
category utilizes the intensity gradient in the images,
whereas the latter tracks the texture changes rather than
the intensity gradient.

Given the importance of edge detection for retinal image
segmentation and the diversity of edge detectors, a natural
question is which method gives the best edge detection out-
come for current application. To our best knowledge, there
is no study so far systematically evaluating the performance
of the edge detectors applied for OCT image analysis.
General performance evaluation of edge detection has long
been interesting many researchers, but prior studies have
not reached a unanimous conclusion yet because of the
complexity of the problem. According to Heath et al., the
challenge lies in that the edge detection performance depends
not only on the algorithms themselves but also on the images
applied to, the parameters used in the specific case, and the
evaluation metrics [20].

Our goal in this paper is to evaluate what type of edge
detectors best suit for retinal OCT image segmentation
with given equivalent parameters, when measured using
performance metrics that are meaningful for retinal layer
thickness quantification. To this end, we first collect the
commonly used edge detection methods in the literature
on OCT image analysis and choose the most representa-
tive ones for comparison. We then research the edge
detection performance evaluation literature to select the
most relevant performance metrics that are meaningful
for OCT image segmentation and adapt them when neces-
sary. Using these metrics, we examine which of the selected
edge detectors gives the best edge detection outcome when
they are applied to the OCT images that we have collected
from healthy subjects.

The remaining parts of the article are organized as fol-
lows. In the next section, we describe our research materials
and methods, including retinal OCT image data collection,
screening edge detectors for comparison by reviewing and
analyzing the edge detection techniques used in prior studies
on the retinal OCT image segmentation, and determining the
most relevant performance evaluation metrics. In the third
section, we present the comparison of the representative
advanced approaches to retinal OCT image edge detection
against different performance evaluation metrics. Finally,
we discuss the findings and research opportunities.

2. Materials and Methods

We conducted this study in accordance with the Tenets of the
World Medical Association’s Declaration of Helsinki [21].
Ethical approvals were obtained from the Ethical Review
Board of Southern Medical University, the Ethical Review
Board of Sun Yat-sen University, and the Research Ethical
Committee of Zhongshan Ophthalmic Center. After an
introduction about the purpose of the study and explanation
of the process and risks, the voluntary participants signed the
informed consent for this data collection.

2.1. Image Data Choice and Data Collection. In this article,
our goal is to evaluate the performance of edge detection
algorithms for retinal OCT image segmentation. Because of
their image dependence [20], edge detectors perform well
for other types of images but may not give as good results
when applied to retinal OCT image. Therefore, all interested
algorithms are tested on retinal OCT image in this study.

We collected the image data from 11 healthy volunteers
(age ranges from 21 to 29, 7 males) using Topcon 3D OCT-
2000 (Topcon Corporation, Tokyo, Japan) at Zhongshan
Ophthalmic Center, a tertiary specialized hospital affiliated
to Sun Yat-sen University, Guangzhou, China. Using 7 line
6.0 scanning mode to scan the macular area with a resolution
of 1024 A-scans, we obtained the raw retinal OCT images.
Due to the limitation of the software (software version:
8.20.003.04, Topcon Corporation, Tokyo, Japan), the raw
images saved into bmp files have a size of 759× 550 pixels.
As the best available from our OCT equipment, this resolu-
tion is above average within those of OCT images reported
in the most recent literature [3, 6, 7, 17–19]. Figure 1 shows
a typical OCT image in our dataset. In this image, the 6 layer
boundaries, namely, ILM, NFL-GCL, IPL-INL, OPL-ONL,
ONL-IPS, and RPE-choroid are readily observable.

2.2. Edge Detection Algorithms. Three criteria for our choice
of edge detectors for evaluation were

(1) to include the algorithms that have been most com-
monly used in the OCT image segmentation
literature,

(2) to give preference to the ones representing the state of
the art in edge detection, which were usually used to
detect more than 3 retinal layer boundaries,

Table 1: Summary of edge detection techniques involved in retinal OCT image segmentation studies.

Principles Edge detection algorithms Applications in OCT image analysis References

Intensity-based

Canny edge detector
To obtain global gradient information Yang et al. [12]

To extract global boundary Shijian et al. [13]

Two-pass edge detection algorithm To extract global boundary
Bagci et al. [14]

Bagci et al. [15]

Edge-tracking algorithm To detect ILM Rossant et al. [16]

Peak detection method
To detect the easily detected boundary ILM and OS/RPE

Cha and Han [17]

Gaussian smoothing + Sobel kernel Lang et al. [18]

Texture-based EdgeFlow technique To detect global boundary of retinal OCT image Niu et al. [19]
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(3) to include a diverse mix of algorithms utilizing
different image feature information.

Using these criteria, three algorithms reviewed in Table 1
were chosen for further analysis. They are the Canny edge
detector [21], two-pass algorithm [14, 15], and EdgeFlow
method [22]. The former two are based on the image inten-
sity gradient, whereas the last one is based on the image tex-
ture changes. We refer to the first two as the intensity-based
edge detection methods and the third as the texture-based
edge detection method. The principles of the three algo-
rithms will be outlined below. The rest three edge detection
methods, all intensity-based, were excluded from further
analysis for different reasons. Among them, the edge-
tracking algorithm based on the maximization of the local
mean gradient was used only to detect ILM [16]; the peak
detection method [17] and the Sobel kernel in combination
of Gaussian smoothing [18] only detect the easily detectable
boundaries ILM and OS/RPE.

2.2.1. Canny Edge Detector. The Canny edge detection algo-
rithm [23] is now generally regarded as the “standard” for
edge detection in the field of digital image processing ([24],
Chapter 10). The Canny edge detector works in a multistep
process to detect a wide range of edges in images. At first,
the image is smoothed using a linear Gaussian filter. Then,
a 2D first derivative operator is utilized on the smoothed
image to compute the derivatives in both the vertical and
the horizontal orientations. The gradient magnitude is calcu-
lated as the root sum of squares of the derivatives in two
orthogonal directions and the gradient phase as the arctan-
gent of their ratio. Candidate edge pixels are identified as
the pixels that survive after a thinning process called non-
maximal suppression. In this process, the edge strength of
each candidate edge pixel is set to zero if its gradient magni-
tude is not larger than the gradient magnitude of the two
adjacent pixels in the gradient direction, and the pixel whose
gradient magnitude is the local maximum is preserved. At

last, hysteresis thresholding is used to eliminate weak edge
points and track the possible edge pixels. In this step,
double-threshold T1 and T2 with T2>T1 are applied; all
candidate edge pixels below the lower threshold T1 are set
to zero, and all pixels above the lower threshold T1 can
be connected to any pixels above the higher threshold T2
through a chain of edge pixels which are labeled as edge
pixels. The hysteresis helps in ensuring that the noisy edges
are not broken into multiple edge fragments. In the Canny
edge detection algorithm, three parameters are incorpo-
rated, which play a decisive role for detecting the result.
One is the width of Gaussian filter (i.e., standard deviation
of the Gaussian, σ). An increase in the width of Gaussian
filter reduces the detector’s sensitivity to noise, but blurs
the image and results in loss of finer edge details. The other
two are the lower threshold (T1) and the higher threshold
(T2), respectively. The higher threshold should be set rea-
sonably high and the lower threshold quite low for good
detection results, because if it is too high, the lower thresh-
old causes edge fragments and if too low, the higher thresh-
old increases false alarms and undesirable edge fragments
in the edge detection output.

2.2.2. Two-Pass Edge Detection Algorithm. Two-pass edge
detection algorithm is designed exclusively for detection of
retinal layer in OCT images by Bagci et al. [14, 15]. The
feature of edges in retinal OCT image, extending along the
horizontal direction with a gentle up and downslope, was
taken into account in the algorithm. The edge detection
kernel L(x, y) is based on the first derivative of Gaussian in
the vertical direction:

L x, y = −p
x

πσ2 e
− x2+y2 /2σ2 1

The parameter p determines the polarity of edges and
takes values either 1 or −1. The edge detection kernel is
applied twice with alternating values of p. On the first pass,
the boundaries between each pair of adjacent bright and dark

NFL-GCL
ILM

IPL-INL
OPL-ONL

RPE-choroid
ONL-IPS

Figure 1: The retinal layers in a representative cross-sectional SD-OCT image. The region from the top layer ILM to the bottom layer RPE is
of interest in this study and most clinical applications. Six layer boundaries are marked: ILM= the inner limiting membrane; NFL-GCL= the
boundary between retinal nerve fiber layer and ganglion cell layer; IPL-INL = the boundary between inner plexiform layer and inner nuclear
layer; OPL-ONL= the boundary between outer plexiform layer and outer nuclear layer; ONL-IPS = the boundary between outer nuclear layer
and inner photoreceptor segment; RPE-choroid = the boundary between retinal pigment epithelium and choroid.
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regions, with bright on the top, such as NFL-GCL, IPL-INL,
and OPL-ONL, are extracted with p = 1. On the second pass,
boundaries between each pair of adjacent bright and dark
regions, with dark on the anterior, such as ILM, INL-OPL,
and ONL-IPS, were detected with p = −1. The peak values
are marked as edges, using nonmaximal suppression and
hysteresis thresholding. Satisfactory results can be obtained
by adjusting the value of σ.

2.2.3. EdgeFlow Technique. The EdgeFlow technique is a
novel boundary detection scheme proposed by Ma and
Manjunath [22]. The technique for boundary detection
based on EdgeFlow utilizes a predictive coding model to
characterize the direction of change in color (intensity of
grey image) and texture at each image location at a given
scale and constructs an EdgeFlow vector. By propagating
the EdgeFlow vectors, the boundaries can be detected at
image locations which encounter two opposite directions
of flow in the stable state. Differing from intensity-based
detection methods that focus on finding the local gradient
maximum, EdgeFlow technique computes the directions of
edge energy according to intensity or texture in an image
and associated probabilities. The edge energy and corre-
sponding probabilities obtained from different image attri-
butes are pooled together to form a single edge field for
boundary detection:

E s, θ = 〠
a∈A

Ea s, θ ⋅ ω a ,  〠
a∈A

ω a = 1,

P s, θ = 〠
a∈A

Pa s, θ ⋅ ω a ,
2

where Ea s, θ and Pa s, θ represent the energy and proba-
bility of the EdgeFlow computed from image attribute a,
a ∈ intensity/color, texture ; ω a is the weighting coeffi-
cient associated with image attribute a. The edge flow direc-
tion is estimated as follows:

Θ s = arg max
θ

〠
θ≤θ′<θ+π

P s, θ′ 3

The EdgeFlow vector is then defined as

F s = 〠
Θ s ≤θ<Θ s +π

E s, θ ⋅ exp jθ , 4

where F s is a complex number with its magnitude repre-
senting the resulting edge energy and phase representing
the flow direction. After the EdgeFlow vector of an image is
computed, boundary detection can be performed by propa-
gating the EdgeFlow vector and identifying the locations
where two opposite flow directions encounter each other.
The scheme facilitates integration of intensity and texture
into a single framework for boundary detection.

2.3. Performance Evaluation Using Ground Truth. According
to Heath et al. [20], edge detection performance evaluation
can be classified into theoretical and empirical approaches.
The former uses pure mathematical analysis without the

algorithms ever being applied to an image. It has major lim-
itation for not being able to deal with the complexity of
modern edge detection algorithms. The latter can be fur-
ther classified into (1) evaluation using ground truth and
(2) evaluation without ground truth. Our goal in this
study is to examine how different edge detectors give the
best results for OCT retinal layer segmentation. Ulti-
mately, we hope to identify the most reliable and efficient
edge detectors to help doctors automate the measurement
of retinal layer thickness in order to make quantitatively
informed medical decisions. Our human vision systems
are the most complex and efficient machine for image analy-
sis, including edge detection. Therefore, for our intended
application, the most appropriate evaluation approach
should be evaluation using ground truth, which measures
the difference between the algorithm-detected edges and the
human-detected edges.

Due to the importance of edge detector performance
evaluation using ground truth, researchers have developed
numerous metrics. These metrics can be largely classified
into three categories. The first category, which we refer to
as the edge presence accuracy metrics (EPAM), focuses on
to which extent the detected edges coincide with the ground
truth without considering location shift. EPAM include
mainly four metrics [25–28], namely, true positive rate, false
positive rate, false negative rate, and total edge detection
accuracy. The first three, respectively, measure the ratio of
true edge pixels, falsely detected edge pixels, and missed edge
pixels to the number of total edge pixels in the ground truth,
and the fourth is the ratio between the total true edge pixels
and true nonedge pixels and the total number of pixels in
the region of interest. The second category, which we refer
to as the edge location accuracy metrics (ELAM), focuses
on the extent of edge shifts [29] introduced by the edge
detection algorithms as compared to the ground truth.
Metrics in this category include Hausdorff’s distance [30],
which measures the similarity between two images, and
mean localization deviation (MLD). The third category takes
into account both location accuracy and edge presence.
Typical metrics include figure of merit (FOM) [31] and its
expanded version (expanded FOM) [32] and multifeature
quality measurement [25].

2.3.1. Criteria for Performance Evaluation Metrics. OCT ret-
inal layer segmentation aims to automate retinal layer thick-
ness measurement in order to free ophthalmologists from
laborious manual tracing of the layer boundaries. The ideal
layer edge detector would give the same thickness measures
to those from ground truth specified by human observers.
However, even experts could not arrive at the same segmen-
tation for a given retinal OCT image [33]. This is because
manual segmentation is subject to human subjectiveness.
The ground truth used for the evaluation is not really the ulti-
mate truth. Thus, it is important to note that the traditional
edge presence accuracy metrics, the probabilities of true
positive, false positive (spurious edges), and missing edge,
cannot offer the complete evaluation of edge detector per-
formance. We propose that the performance metrics need
to meet the criteria as follows:
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(1) To measure the edge presence accuracy by calculat-
ing the rates of true positive, false positive, true
negative, and false negative (missing)

(2) To measure edge location accuracy by calculating the
signed and unsigned edge shift distance

(3) To allow edge shift when calculating edge presence
accuracy

(4) To examine the computational costs.

2.3.2. Evaluation Metrics for this Study. Based on our analysis
of existing performance metrics in the literature and the
metric criteria discussed previously, we choose the figure
of merit (FOM, Pratt) [31], true positive rate (TPR), false
positive rate (FPR), accuracy (ACC), and mean localization
deviation (MLD) [34] as the basis to develop our procedure
for comprehensive evaluation of the chosen edge detectors.
In the paragraphs to follow, we outline the principles of
these metrics.

(1) Pratt’s Figure of Merit. FOM [31] is a classical metric
utilized by numerous researchers for evaluating the perfor-
mance of edge detection algorithms [25, 26, 32, 35, 36].
The definition of the FOM is given by

FOM = 1
max N I,NA

〠
NA

i=1

1
1 + αd2 i

, 5

where NI and NA represent the number of ideal and actual
detected edge pixels, d i denotes the distance between the
ith detected edge pixel and its correct position, and α is the
scaling constant (normally set at 1/9) that is applied to pro-
vide a relative penalty between smeared edges and isolated,
but offset, edges.

(2) Edge Presence Accuracy. The criteria on which the FOM
of Pratt is based include missed valid edges, localization
errors, and false alarms. Different configurations of detected
edges may yield equal FOM value [35]. In order to decom-
pose the sources of difference, Yin et al. [27] developed three
metrics (TPR, FPR, and ACC) that are defined as follows.

True positive rate (TPR):

TPR = TP
TP + FN

= TP
N I

6

False positive rate (FPR):

FPR = FP
FP + TN

= FP
N −NI

7

Accuracy (ACC):

ACC =
TP + TN

TP + FP + TN + FN
=
TP + TN

N
8

In these equations, TP (true positive) and TN (true neg-
ative) represent the numbers of correctly detected edge pixels
and nonedge pixels. FP (false positive) is the number of pixels

not belonging to edge but recognized as one by the algorithm,
and FN (false negative) is the number of pixels belonging to
edge but failed to be recognized by the algorithm. N is the
total number of pixels within the ROI of the image, and NI
is the number of ideal edge pixels.

Given the large number (N−NI) of nonboundary pixels in
the images, FPR calculated in the form of (7) is close to zero,
making the metrics insensitive to the change of edge detec-
tion algorithms. We redefined it as

FPR =
FP

FP + TP
=

FP
NA

, 9

where NA denotes the number of pixels of the actually
detected edges.

(3) Edge Location Accuracy Metrics. It is known that some
image processing procedures cause the shift of detected edges
([29], Chapter 3, p. 56). In order to characterize the extent to
which the results from edge detection algorithms deviate
from the ground truth, we introduce the location accuracy
metrics, the mean localization deviation (MLD) in the
context of OCT image analysis:

MLD =
1
N I

〠
N I

1
Nb

〠
Nb

d i , 10

whereNb is the number of edge pixels in searching neighbor-
hood of a ground truth edge pixel, N I the number of pixels in
the ideal edge, and d i the Euclidean distance of the current
edge pixel in ground truth and edge pixels in searching
neighborhood. For the retinal OCT images, we limited the
searching neighborhood to be within 3 pixels of the true edge
along each A-scan.

(4) Adjusted TPR, FPR, and ACC. Some procedures of
image processing can introduce edge shift ([29], Chapter 3,
p. 56–74). As a result, the detected edge may not match the
position of actual edge. As the goal of retinal OCT image seg-
mentation is to extract the contours of retinal layer bound-
aries and measure the thicknesses of different retinal layers,
small and constant shifts do not have effective impact when
the layer thicknesses are of the only interest. Therefore, edge
pixels in the neighborhood detected by the algorithms may
be accepted into true positive edge pixels when calculating
the edge presence metrics. In this case, FOM, the true positive
rate, and false positive rate and accuracy measures need also
to be adjusted. We define these adjusted metrics as FOMADJ,
TPRADJ, FPRADJ, and ACCADJ:

FOMADJ =
1

max N I,NA
〠
NA

i=1

1
1 + αdADJ

2 i
,

TPRADJ =
TPADJ
N I

,

FPRADJ =
FPADJ
N I

,

ACCADJ =
TPADJ + TNADJ

N
,

11
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where NI and NA represent the number of ideal and actual
detected edge pixels, dADJ i is the distance between the ith
detected edge pixel and its correct position, TPADJ is the
number of edge pixels detected by an algorithm that are
considered as edges within the neighborhood of the ground
truth, FPADJ is the number of false positive pixels after the
neighborhood searching and edge pixel adjustment, and
TNADJ equals TN as it is not affected by the neighborhood
adjustment. These adjusted metrics allowing the edge shift
can better reflect the amount of detected edge points.

2.3.3. Evaluation Procedure. The major steps for performance
measurement include the preparation of ground truth, the
preprocessing of OCT images, the application of edge
detectors with appropriate parameters to obtain the near
optimal outcome for each detector, and using the perfor-
mance metrics to evaluate the goodness of edge detectors
against the ground truth. Figure 2 summarizes the flow of
performance evaluation.

(1) Ground Truth Preparation. We asked an expert observer
to manually delineate the edges for representative retinal
OCT images to form a base dataset of ground truth, as noted
by Iref in Figure 2. Because the ILM and RPE are the outer
boundaries of the retinal structure and they are strong edges
that can usually be reliably detected, we define the images
between ILM and RPE (included) as the region of interest
(ROI). Only those edges within the ROI are extracted for
comparison with the ground truth.

(2) Image Preprocessing. Before applying the computer algo-
rithm for each edge detector, we conducted necessary image
preprocessing. Due to constructive or destructive interfer-
ence of the light waves from the object, spectral domain
retinal OCT images suffer from the inherit speckle noise
[37], which decreases the quality of image and causes unreli-
able retinal layer segmentation. In order to improve the
quality of edge detection, preprocessing becomes a necessary
step. We first converted the raw OCT image bmp files into
gray-scale images and cropped the images to the region of
interest (ROI, 200 by 400 pixels) in this study. The literatures
have suggested the use of filters like mean, median, and
Gaussian [38–40] for noise removal. We choose median
filtering to remove the speckle noise. The original retinal
OCT image and the denoised image are shown in Figure 3.

(3) Edge Detection. We randomly chose 8 images from our
database of raw OCT retinal images and apply the three edge
detectors. As discussed earlier, the edge detection outcomes
may be influenced not only by the algorithm itself but also
by the input parameters [20]. We varied the parameters
systematically to obtain the optimal possible edge outcomes
for each of the edge detection algorithms.

(4) Performance Evaluation. In edge detection performance
evaluation step, we compared the edge detection outcomes
from the three computer algorithms against the human man-
ually traced retinal layer boundaries. We applied the metrics
that were broadly used in the literature and relevant to our
specific research context and purpose. We also applied the

Edges extracted by Canny
edge detector

Edges extracted by two-pass
edge detection algorithm

Edges extracted by EdgeFlow
edge detection technique

Retinal boundaries
by expert observer

Ground truth (Iref)Denoised image

Raw OCT Quantitative 
analysis 1

Quantitative 
analysis 2 

Quantitative 
analysis 3 

markedimage (Iraw)

Figure 2: Procedures of performance evaluation of edge detectors. The ground truth of OCT retinal layer boundaries is labeled by an expert
observer. Raw OCT images are firstly denoised and then applied with three automatic edge detection algorithms (i.e., Canny, two-pass, and
EdgeFlow) to obtain the algorithm-detected boundaries, which are compared with the ground truth.
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adjusted metrics developed and discussed in the previous
section. Finally, we examined the evaluation outcomes in
terms of both differences and relationships.

3. Experiments and Results

We implemented all the data analysis in MATLAB R2012a
(The Mathworks Inc., MA, USA) on a personal computer
running Windows 7 operating system with an 3.60GHz
Intel® Core™ i7 CPU and 4GB of memory. The raw image
data was acquired and stored into bmp files. Data in the
intermediate analysis steps were computed and stored in
the double precision data format in order to minimize digiti-
zation errors. Three edge detection algorithms were carefully
coded and double checked for the correctness.

3.1. Edge Detection

3.1.1. Input Parameters. Input parameters can significantly
influence the resulting edge quality for given edge detection
algorithm [20]. In selecting values for these parameters, we
are interested in finding the set that provides good edge
detection accuracy, that is, the boundaries coinciding the
six retinal layers as shown in Figure 1 with high signal-to-
noise ratio. In terms of performance evaluation metrics, good
parameters give the high values of FOM, TPR, ACC, and
their adjusted forms and lower values of FPR and MLD.
Through applying the three detection methods with multiple
sets of parameters on OCT retinal images (n = 21), the edge
detection results were obtained and compared. By observing
the outcomes, we chose the parameter set for each algorithm
as follows. In Canny edge detection, the best result can be
obtained by setting the width of the Gaussian filter σ = 3,
the lower threshold T1 = 0 005, and the upper threshold
T2 = 0 1; for two-pass edge detection algorithm, the width
of Gaussian σ = 3, consistent with Bagci et al. [14], the lower
threshold T1 = 0 005, and the upper threshold T2 = 0 15,
similar to those for Canny edge detector; for the EdgeFlow
algorithm, we followed Ma and Manjunath [22] and chose
the equal weighting coefficients for intensity and texture, that
is, ω(intensity) =ω(texture) = 0.5.

3.1.2. Edge Detection Results. Figure 4(a) shows an original
retinal OCT image. Figures 4(b), 4(c), and 4(d) show the
edge detection outcomes from the Canny edge detector,
two-pass edge detection technique, and EdgeFlow algorithm,

respectively. From these edge detection results, six retinal
layer boundaries of our interest are readily identifiable,
although with some noises caused by false positives and
boundary breakages caused by the false negatives.

For our purpose in this study, we were mainly interested
in how the three edge detectors performed in detecting the 6
retinal layer boundaries, which were also the key information
in the literatures for retinal layer thickness measurement
[8–11]. We defined the region of interest (ROI) to be the area
between the ILM and RPE that are the most outer boundaries
of the retinal structure. Figure 5(a) is the OCT retinal image
with overlaid ground truth edges marked by an expert
observer. Figures 5(b), 5(c), and 5(d) show the edges within
ROI detected by the three algorithms, which will be the basis
of performance evaluation in the next section. Visually, the
result from the Canny edge detector in Figure 5(b) shows a
well-defined six boundaries, although with some breakages
and noises. The result from the two-pass method shown in
Figure 5(c) gives more than 6 layers in some locations, but
in general, the six layer boundaries of interest are very clear
with less breakages compared to those in Figure 5(b). The
result from EdgeFlow algorithm depicted in Figure 5(d)
shows more breakages and more noises, although all 6 layer
boundaries are still recognizable.

3.2. Performance Evaluation. To quantify the performance
of the three edge detectors, we use three sets of measure-
ments discussed in Materials and Methods. The first set
of metrics include FOM, TPR, FPR, and ACC, which have
been broadly used in the literature [20, 25–28, 30–32]
when evaluating edge detectors on images other than the
OCT retinal images. In order to calculate TPR, FPR, and
ACC, we use the ground truth as a template to screen the
coincided edge pixels from the three edge detection algo-
rithms. Figure 6 shows the edge points overlapping with
the manually traced edges (ground truth).

The calculated performance metrics are summarized in
Table 2. Based on the mean values of FOM for the three edge
detectors, it seems that the best performer is the two-pass
method. Table 3 summarizes the results of the statistical
analysis. Two-sample t-tests confirmed the impression that
two-pass method significantly outperforms both the Canny
edge detector (p = 1 19e − 6), and EdgeFlow (p = 5 28e − 4)
in terms of FOM. In addition, the EdgeFlow algorithm
outperforms the Canny edge detector (p = 4 65e − 3). The

(a) (b)

Figure 3: Median filtering of the retinal OCT image. (a) Raw retinal OCT image and (b) the denoised image.
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TPR for two-pass is also significantly higher than that
for Canny (p = 4 29e − 4) and that for the EdgeFlow
method (p = 0 0058). The same pattern occurs when mea-
sured with ACC. ACC for the two-pass method is signifi-
cantly higher than that for the Canny (p = 3 15e − 3) and

EdgeFlow method (p = 5 61e − 4). On the other hand,
FPR for two-pass method is significantly lower than that
for Canny (p = 0 00024) and EdgeFlow (p = 2 73e − 04).
All the metrics suggest that two-pass method is the best
among the three. However, Canny and EdgeFlow methods

(a) (b)

(c) (d)

Figure 5: Edge extraction in ROI, from human observer and three algorithms. (a) Retinal layer boundaries marked by a human observer,
(b) edges within ROI for the Canny edge detector, (c) edges within ROI for two-pass edge detection algorithm, and (d) edge within ROI
for EdgeFlow technique.

(a) (b)

(c) (d)

Figure 4: Detection results from three edge detection methods. (a) Original retinal OCT image, (b) Canny detector, (c) two-pass edge
detection algorithm, and (d) EdgeFlow edge detection technique.
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are not significantly different when measured using TPR
(p = 0 2045), FPR (p = 0 3727), or ACC (p = 0 3304).

However, when comparing Figures 5(b), 5(c), and 5(d)
and Figures 6(b), 6(c), and 6(d) one by one, the Canny edge
detector results in much less edge pixels on locations of the
ground truth, although its outcome seems good as well in
Figure 5(b). This suggests that the Canny edge detector intro-
duced edge shifts and resulted and lower performance score
in Tables 2 and 3. To examine the possibility, we calculated
the mean localization deviation (MLD) for the three edge
detectors. The results in Table 4 indeed show the largest

mean value of MLD for the Canny edge detector. Two-
sample t-tests (Table 5) confirmed that the MLD value
for the Canny edge detector is significantly higher than
that for the two-pass edge detection algorithm (p = 0 04)

(a) (b)

(c) (d)

Figure 6: Edge pixels from three edge detectors overlapping with the ground truth. (a) The ground truth edges marked by human observer.
(b) The true positive points obtained by Canny edge detector. (c) The true positive points obtained by two-pass edge detection algorithm.
(d) The true positive points obtained by EdgeFlow technique.

Table 2: Performance evaluation using metrics FOM, TPR, FPR, and ACC.

Edge detectors FOM TPR FPR ACC

Canny edge detector 0.36± 0.0865 0.22± 0.0816 0.75± 0.0881 0.98± 0.0026
Two-pass edge detection algorithm 0.67± 0.0726 0.41± 0.0968 0.57± 0.1182 0.98± 0.0033
EdgeFlow technique 0.50± 0.0942 0.27± 0.0875 0.79± 0.094 0.97± 0.0027

Table 3: Two-sample t-test on comparison of the edge detection performance.

Samples FOM TPR FPR ACC

Canny and two-pass
H0: m(c)>m(t) H0: m(c)>m(t) H0: m(c)<m(t) H0: m(c)>m(t)

p = 1 19e − 06 p = 4 29e − 04 p = 0 0024 p = 3 15e − 03

Canny and EdgeFlow
H0: m(c)>m(e) H0: m(c) =m(e) H0: m(c) =m(e) H0: m(c) =m(e)

p = 4 65e − 03 p = 0 2045 p = 0 3727 p = 0 3304

Two-pass and EdgeFlow
H0: m(t)<m(e) H0: m(t)<m(e) H0: m(t)>m(e) H0: m(t)<m(e)

p = 5 2769e − 04 p = 0 0058 p = 2 73e − 04 p = 5 6127e − 04

Table 4: Mean localization deviation (MLD).

Canny edge detector
Two-pass edge

detection
EdgeFlow
technique

1.27± 0.3340 1.02± 0.2484 1.05± 0.1831
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and almost significantly higher than that for the EdgeFlow
method (p = 0 058).

For OCT retinal image layer thickness measurement, if
the edge shift is within a small range and to the same direc-
tion, the outcome may not be significantly influenced. There-
fore, we examine how the edge detectors perform when
measured with a second set of metrics; the adjusted measures
include FOMADJ, TPRADJ, FPRADJ, and ACCADJ, which were
developed in Materials and Methods. Figure 7(a) is the
ground truth edges; Figures 7(b), 7(c), and 7(d), respectively,
show detected edge pixels within 2 pixels searching neigh-
borhood corresponding to its ground truth edge for the
three edge detectors. Visually, the outcome for Canny edge
detector is much improved when compared to that in
Figure 6(b); the edges for EdgeFlow method are much noisy.
Quantitative metrics for the edge detectors based on Figure 7
are summarized in Table 6.

The results for FOM, TPR, ACC, and FPR after the
adjustment (Table 6) are all better than those before the
adjustment (Table 2). This finding is reasonable in that the

false alarm reduces, and FOM, TPR, and ACC increase, when
more detected pixels are considered as correct edge. Note
that in both tables, the higher values for FOM, TPR, and
ACC mean the better performance, whereas for FPR, the
lower the value, the better the performance.

Detailed statistical analysis on the performance of
three edge detectors measured with the adjusted metrics
is summarized in Table 5. For FOMADJ measure, the
two-pass is again significantly better than both Canny
edge detector (p = 4 41e − 11) and the EdgeFlow method
(p = 2 61e − 6); EdgeFlow is also significantly better than
Canny (p = 8 13e − 7). When measured with TPRADJ,
FPRADJ, and ACCADJ, Canny does not differ significantly
from the two-pass method (p = 0 3933, p = 0 4613, and
p = 0 4175, resp.); a similar pattern (except for TPRADJ)
occurs for Canny and the EdgeFlow method (p = 0 01945,
p = 0 1471, and p = 0 1635, resp.). However, these measures
show that the two-pass method is significantly better than
the EdgeFlow technique (p = 8 1322e − 05, p = 2 41e − 04,
and p = 3 2125e − 05, resp.).

Table 5: Two-sample t-test on the adjusted performance metrics and MLD.

Samples FOMADJ TPRADJ FPRADJ ACCADJ MLD

Canny and two-pass
H0: m(c)>m(t) H0: m(c) =m(t) H0: m(c) =m(t) H0: m(c) =m(t) H0: m(c)<m(t)

p = 4 41e − 11 p = 0 3933 p = 0 4613 p = 0 4175 p = 0 04003

Canny and EdgeFlow
H0: m(c)>m(e) H0: m(c)<m(e) H0: m(c) =m(e) H0: m(c) =m(e) H0: m(c)<m(e)

p = 8 13e − 07 p = 0 01945 p = 0 1471 p = 0 1635 p = 0 0581

Two-pass and EdgeFlow
H0: m(t)<m(e) H0: m(t)<m(e) H0: m(t)>m(e) H0: m(t)<m(e) H0: m(t) =m(e)

p = 2 6132e − 06 p = 8 1322e − 05 p = 2 41e − 04 p = 3 2125e − 05 p = 0 1074

(a) (b)

(c) (d)

Figure 7: Edges for the adjusted performance metrics. (a) The ground truth edges, (b) the edge pixels for Canny edge detector, (c) the edge
pixels for the two-pass edge detection algorithm, and (d) the edge pixels for the EdgeFlow technique.
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Finally, we noticed in our experiments that the EdgeFlow
technique took much longer time for each edge detection
task. When the time was measured for processing a sample
of OCT retinal images (200 by 400 pixels in the ROI), the
average computational time is 2.77± 1.24 seconds, 3.85±
0.18 seconds, and 467.66± 1.33 seconds, respectively, for
two-pass, Canny, and EdgeFlow methods, confirming that
the EdgeFlow approach took a significantly larger amount
of time than the other two algorithms.

4. Discussion and Conclusions

In this study, we intended to search for the edge detectors
that best suit for the OCT retinal image segmentation task.
With the analysis of literature and our experiment, we have
identified the most promising candidate algorithms, namely,
Canny edge detector, the two-pass method, and the Edge-
Flow technique. Using the performance evaluation metrics
(FOM, TPR, FPR, and ACC) and their adjusted versions
(FOMADJ, TPRADJ, FPRADJ, and ACCADJ), we examined the
three methods applied to the realistic OCT retinal images.
Our results show that the two-pass method consistently
outperforms the other two. In addition, the MLD metrics
shows that the two-pass method caused smaller edge shifting
problem. Although the computational cost for the two-pass
method is slightly higher than the Canny edge detector, it is
over 100 times lower than that for the EdgeFlow technique.
Based on the above analysis and findings, we conclude that
the two-pass method is among the three the best approach
to edge detection for the OCT retinal layer image segmenta-
tion task. Furthermore, the outperformance of two-pass
method measured by the original and adjusted metrics and
the advantage of Canny edge detector over EdgeFlow tech-
nique in terms of FOMADJ and TPRADJ and MLD lead to
another conclusion that the intensity-based edge detectors
outperform the texture-based edge detector for OCT retinal
image analysis.

The findings in the study suggest that it is critical to use
the most appropriate algorithms to detect the retinal layer
boundaries in the OCT images in order to automate the
quantitative analysis of retinal OCT images. Combined with
the findings in the literature that EdgeFlow method signifi-
cantly outperformed Canny algorithm in texture segregation
tasks [22], this study offers support to the idea that the per-
formance of edge detectors is image property dependent
[20] as both Canny and two-pass methods surpass EdgeFlow
in the current application. In line with this thought and find-
ings, it is necessary argue that the best performer for normal
retinal OCT images also work best for pathological retinal
images. Additionally, the intensity-gradient based methods
(two-pass and Canny algorithms) outperforming texture-

based method (EdgeFlow) might suggest that the OCT
images contain more intensity gradient changes than texture
changes along the longitudinal direction. The relative weight
of intensity and texture information in OCT retinal image
warrants further study in the future.

With the development of OCT technologies and their
applications in the field of ophthalmology, more and more
data is readily available. Extracting meaningful information
from the ever-increasing volume of clinical data reliably
and efficiently forms the basis for modern medical decision
making and research. Reliable and efficient OCT retinal
image segmentation will contribute to the development of
this trend. Future research efforts would need to overcome
several limitations in this study. First, the input parameters
used in our experiments were selected over a relatively small
sample space and the decisions on the “optimal” parameters
were subject to human subjectiveness. Although it is almost
impossible to identify the absolutely optimal input parame-
ters for each edge detector [20], the choice of optimal input
parameters may be improved by conducting a large number
of experiments and averaging opinions from more expert
viewers. The second limitation in our study is the use of a sin-
gle expert observer to define the ground truth. Individual
subjectiveness may be reduced by averaging across multiple
decisions for the ground truth. Moreover, our data were all
collected from voluntary healthy subjects. If the edge detec-
tors perform differently for different types of images, it is nec-
essary to examine how they perform on pathological retinal
images in future studies.
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Medical images play an important role in medical diagnosis and research. In this paper, a transfer learning- and deep learning-
based super resolution reconstruction method is introduced. The proposed method contains one bicubic interpolation template
layer and two convolutional layers. The bicubic interpolation template layer is prefixed by mathematics deduction, and two
convolutional layers learn from training samples. For saving training medical images, a SIFT feature-based transfer learning
method is proposed. Not only can medical images be used to train the proposed method, but also other types of images can be
added into training dataset selectively. In empirical experiments, results of eight distinctive medical images show improvement
of image quality and time reduction. Further, the proposed method also produces slightly sharper edges than other deep
learning approaches in less time and it is projected that the hybrid architecture of prefixed template layer and unfixed hidden
layers has potentials in other applications.

1. Introduction

Medical imaging [1] is an important tool to determine the
presence of many diseases and analysis of experimental
results. Enlarging medical images [2] can provide medical
experts with more details for elevating diagnosis accuracy
[3] in pathology research [4]. Therefore, the medical image
enhancement becomes to be a hotspot. Further, enlarged
medical images may substantially help computer-aided auto-
matic detection [5]. For example, majority of single-detector
spiral computer tomography (CT) [6] scanners and magnetic
resonance imaging (MRI) [7] produce medical images as
effective noninvasive examinations. Because of technical
restrictions, such types of medical images are obtained in
relatively low resolution (LR) and not suitable for further
analyzing. Therefore, super resolution reconstruction (SRR)
[8] methods can be used for solving this type of problems.

For medical images, many SRR methods were proposed.
Those methods fuse some LR images from the same scene
to one high-resolution (HR) image. Many corresponding

machine learning [9] methods were proved effectively. Wang
et al. [10] proposed a sparse representation-based SRR
method in 2014. Rousseau et al. [11] proposed a SRR approach
from multiple low-resolution images. In 2011, Liyakathunisa
[12] presented a SRR method which uses progressively
DCT- and zonal filter-based denoising. Those researches were
proved effective and efficient; however, those methods are
limited by two conditions: (1) the input images must be a set
of LR images and (2) the training dataset must be big enough
which contains LR and HR medical images in pairs.

Those two conditions raise the following problems in
reality: (1) a set of low-resolution medical images cannot
be obtained for potential reasons, such as costs to patients,
and (2) to machine learning approach, a big training data-
set of LR and HR medical images is a giant cost in
commercial project. For solving those problems, three
conventional methods have been widely used. Nearest
neighbor interpolation, bilinear interpolation, and cubic
convolution interpolation are widely used [13, 14]. How-
ever, those three reconstruction approaches produce
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high-resolution image with blur edges or image aliasing
[15]. In medical field, a better SRR method is needed in
urgent. Combining deep learning with transfer learning
to reconstruct a HR image from one single LR image
becomes to be a feasible and practical solution.

In this paper, we adapt deep learning [16] and transfer
learning [17] to achieve SRR for medical images. First, a deep
conventional neural network (DCNN) is designed for fulfill-
ing SRR. Second, SIFT feature-based transfer learning is used
to enlarge the training dataset of the DCNN by using the
public image dataset. Finally, the trained DCNN can recon-
struct a HR medical image from a given LR medical image.
The major contributions of this paper are the following:

(1) Using deep learning to achieve better SRR result than
conventional methods

(2) Using transfer learning to enlarge training dataset for
DCNN

(3) Transfer learning can reduce costs of preparing
medical images in reality

(4) SIFT feature-based transfer learning and DCNN can
offer sharper edge

(5) Proposing a hybrid DCNN structure which contains
a prefixed template layer.

The rest of this paper is organized as follows: Section 2
shows SRR in medical research and related works, Section 3
presents the proposed method, and Section 4 shows experi-
ments and results. In Section 5, a conclusion is drawn.

2. Backgrounds and Related Works

There are three conventional super resolution reconstruc-
tion methods: nearest neighbor (NN) interpolation [18],
bilinear interpolation [19], and bicubic interpolation [20].
An example of SRR for medical image (MRI: brain) is
shown in Figure 1.

Figure 1(a) is a LR. Figures 1(b), 1(c), and 1(d) are results
of those three conventional SRR methods. Advantages and
disadvantages of those conventional SRR methods can be
summarized in Table 1.

Plenge et al. [21] proposed a SRR method by using cross-
scale self-similarity in multislice MRI. Tao et al. [22] showed
an SSR method which is SRR of late gadolinium-enhanced
MRI from multiple views in 2014. And Zhao et al. [23]

(a) Low-resolution image (118∗ 113) (b) Nearest neighbor interpolation (236∗ 226)

(c) Bilinear interpolation (236∗ 226) (d) Bicubic interpolation (236∗ 226)

Figure 1: Three conventional SRR methods (MRI: brain).
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proposed a multiframe SRR algorithm based on diffusion
tensor regularization term in 2014.

Many effective SRR methods are proposed, but most of
them are based on a group of LR medical images. Further-
more, nearest neighbor interpolation, bilinear interpolation,
and bicubic interpolation can achieve SRR result for single
medical image task now, but a better SRR method is needed
in medical research and clinical diagnosis.

3. The Proposed Method

The proposed method includes three distinctive parts of
algorithms/techniques: (1) SIFT feature-based transfer learn-
ing, (2) image scaling-down algorithm, and (3) deep learning
(deep convolutional neural network (DCNN)). Image
scaling-down algorithm is a conventional algorithm. Using
SIFT feature-based transfer learning and a hybrid DCNN

structure is the major contribution in this paper. As
Figure 2 shows, a small set of medical image samples is
offered first. After the processing of SIFT feature-based trans-
fer learning and image scaling-down algorithm, a big set of
training dataset is prepared to train deep neural network.
Finally, one LR image can be reconstructed to one HR image.
Details are shown in Sections 3.1.1–3.1.5. Because this work
is an improvement of SRCNN which was proposed by Dong
et al. [24], Sections 3.1.2–3.1.5 have likely expressions as in
reference [24].

3.1. Hybrid Deep Convolutional Neural Network
Architectures. We improve the SRCNN [24] structure and
present a hybrid structure of DCNN in this section. The
proposed DCNN contains three layers; it has one prefixed
bicubic interpretation layer by mathematics deduction and
two convolutional layers which learn from given training

Images for DCNN

Transfer
learning

Candidate
image

Candidate
image

Image
scaling

algorithm

Image

Image

DCNN

Test
Medical
images

Low-resolution

Result
Medical
images

High-resolution

Given small set of medical image

Medical
image

Medical
image

Image net

Image net

Image net

�e small set of medical image

Medical
image

Medical
image

Candidate
image

Candidate
image

Figure 2: Overview: deep learning- and transfer learning-based SRR for single medical image.

Table 1: Advantages and disadvantages of three conventional SRR methods.

Interpolation method Advantages Disadvantages

Nearest neighbor
Easy to implement

Problem of image aliasing
Very fast

Bilinear
Antialiasing

Blur edges
Considering with 4 nearest pixels

Bicubic
Antialiasing Slightly blur edges

Considering with 16 nearest pixels Relatively slow
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images. As Figure 3 shows, the LR image is the input and the
HR image is the output. Three hidden layers are designed for
different tasks. The hidden layer 1 is a bicubic interpretation
template layer which is used to fulfill bicubic interpolation.
The hidden layer 2 is designed for patch extraction and rep-
resentation, and the hidden layer 3 is designed for nonlinear
mapping. Finally, a reconstruction result is produced at the
end of DCNN. The size of hidden layer 1 is f1

∗f1
∗n1, the size

of hidden layer 2 is f2
∗f2

∗n2, and the size of hidden layer 3
is f3

∗f3
∗n3.

Steps of Figure 3 are as follows:
Step 1. This step fulfills the fast-bicubic interpolation;

details of building this bicubic interpretation template layer
are shown in Section 3.1.1.

Step 2. In this step, a convolutional layer achieves
patch extraction and representation; details are shown in
Section 3.1.2.

Step 3. This step maps high-dimensional vectors into
another high-dimensional space; details are shown in
Section 3.1.3.

Step 4. This reconstruction step produces the final HR
image; details are shown in Section 3.1.4.

3.1.1. Step 1: Prefixed Bicubic Interpolation Layer. Bicubic
interpolation methods use extra points to fit the sampling
functions, a critical problem is time cost. As Figure 4
shows, bicubic interpretation method uses 16 adjacent
pixels as inputs and cubic polynomial approximation
function of the best interpretation function sin(πω)/(πω)
in theory.

(i–1,j–1) (i–1,j+2)

(i+2,j–1) (i+2,j+2)

(i+u,j+v)

x

y

Figure 4: Bicubic interpretation.

32⁎32 128⁎128Hidden layer 1 Hidden layer 2 Hidden layer 3

Step 1 Step 2 Step 3 Step 4

Bicubic
interpolation

Patch
extraction

and
representation

Nonlinear
mapping

Reconstruction 

Figure 3: Deep convolutional neural network for medical image SRR.

Table 2: Bicubic interpretation template parameters.

Template Conditions Discretized parameters

T1 v ∈ [0, 1/4], u ∈ [0, 1/4] Let v= 1/8 and u= 1/8

T2 v ∈ [0, 1/4], u ∈ [1/4, 2/4] Let v= 1/8 and u= 3/8

T3 v ∈ [0, 1/4], u ∈ [2/4, 3/4] Let v= 1/8 and u= 5/8

T4 v ∈ [0, 1/4], u ∈ [3/4, 1] Let v= 1/8 and u= 7/8

T5 v ∈ [1/4, 2/4], u ∈ [0, 1/4] Let v= 3/8 and u= 1/8

T6 v ∈ [1/4, 2/4], u ∈ [1/4, 2/4] Let v= 3/8 and u= 3/8

T7 v ∈ [1/4, 2/4], u ∈ [2/4, 3/4] Let v= 3/8 and u= 5/8

T8 v ∈ [1/4, 2/4], u ∈ [3/4, 1] Let v= 3/8 and u= 7/8

T9 v ∈ [2/4, 3/4], u ∈ [0, 1/4] Let v= 5/8 and u= 1/8

T10 v ∈ [2/4, 3/4], u ∈ [1/4, 2/4] Let v= 5/8 and u= 3/8

T11 v ∈ [2/4, 3/4], u ∈ [2/4, 3/4] Let v= 5/8 and u= 5/8

T12 v ∈ [2/4, 3/4], u ∈ [3/4, 1] Let v= 5/8 and u= 7/8

T13 v ∈ [3/4, 1], u ∈ [0, 1/4] Let v= 7/8 and u= 1/8

T14 v ∈ [3/4, 1], u ∈ [1/4, 2/4] Let v= 7/8 and u= 3/8

T15 v ∈ [3/4, 1], u ∈ [2/4, 3/4] Let v= 7/8 and u= 5/8

T16 v ∈ [3/4, 1], u ∈ [3/4, 1] Let v= 7/8 and u= 7/8
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S ω can be expressed as

S ω =
1− 2 ω 2 + ω 3, 0 ≤ ω < 1
4− 8 ω + 5 ω 2 − ω 3, 1 ≤ ω < 2
0, ω ≥ 2

1

The pixel i + u, j + v can be calculated by

f i + u, j + v = A × B × C , 2

where

A = S 1 + v S v S 1− v S 2− v , 3

B =

f i−1,j−1 f i−1,j f i−1,j+1 f i−1,j+2
f i,j−1 f i,j f i,j+1 f i,j+2
f i+1,j−1 f i+1,j f i+1,j+1 f i+1,j+2
f i+2,j−1 f i+2,j f i+2,j+1 f i+2,j+2

, 4

Table 3: Bicubic interpretation template solutions.

T1 =
1
218

2401 −24353 −3479 343
−24353 247009 35287 −3479
−3479 35287 5041 −497

343 −3479 −497 49

T2 =
1
218

3675 −19355 −11613 2205
−37275 196315 117789 −22365
−5325 28045 16827 −3195

525 −2765 −1659 315

T3 =
1
218

2205 −11613 −19355 3675
−22365 117789 196315 −37275
−3195 16827 28045 −5325

315 −1659 −2765 525

T4 =
1
218

343 −3479 −24353 2401
−3479 35287 247009 −24353
−497 5041 35287 −3479

49 −497 −3479 343

T5 =
1
218

3675 −37275 −5325 525
−19355 196315 28045 −2765
−11613 117789 16827 −1659

2205 −22365 −3195 315

T6 =
1
218

5625 −29625 −17775 3375
−29625 156025 93615 −17775
−17775 93615 56169 −10665

3375 −17775 −10665 2025

T7 =
1
218

3375 −17775 −29625 5625
−17775 93615 156025 −29625
−10665 56169 93615 −17775

2205 −10665 −17775 3375

T8 =
1
218

525 −5325 −37275 3675
−2 765 28045 196315 −19355
−1 659 16827 117789 −11613

315 −3195 −22365 2205

T9 =
1
218

2205 −22365 −3195 315
−11613 117789 16827 −1659
−19355 196315 28045 −2765

3675 −37275 −5325 525

T10 =
1
218

3375 −17775 −10665 2025
−17775 93615 56169 −10665
−29625 156025 93615 −17775

5625 −29625 −17775 3375

T11 =
1
218

2205 −10665 −17775 3375
−10665 56169 93615 −17775
−17775 93615 156025 −29625

3375 −17775 −29625 5625

T12 =
1
218

315 −3195 −22365 2205
−1659 16827 117789 −11613
−2765 28045 196315 −19355

525 −5325 −37275 3675

T13 =
1
218

343 −3479 −497 49
−3479 35287 5041 −497
−24353 247009 35287 −3479

2401 −24353 −3479 343

T14 =
1
218

525 −2765 −1659 315
−5325 28045 16827 −3195
−37275 196315 117789 −22365

3675 −19355 −11613 2205

T15 =
1
218

315 −1659 −2765 525
−3195 16827 28045 −5325
−22365 117789 196315 −37275

2205 −11613 −19355 3675

T16 =
1
218

49 −497 −3479 343
−497 5041 35287 −3479
−3479 35287 247009 −24353

343 −3479 −24353 2401

5Journal of Healthcare Engineering



C =

S 1 + u

S u

S 1− u

S 2− u

5

Then, the bicubic interpretation templates can be
deduced as follows:

where ∗ is the convolutional operation and

The u and v u ∈ 0, 1 , v ∈ 0, 1 can be discretized as
follows.

If u ∈ 0, 1/4 , v ∈ 0, 1/4 , u and v can be set as its mean
values; therefore, u = 1/8 and v = 1/8. From (1), (2), (3), (4),
(5), (6), and (7), it can be deduced that

T1 =
1
218

2401 −24353 −3479 343
−24353 247009 35287 −3479
−3479 35287 5041 −497
343 −3479 −497 49

8

T1 T4

T12 T16

Hidden layer 1
Bicubic interpretationSmall image Big image

Figure 5: Hidden layer 1: fast bicubic interpretation.

Rectifred linear unit

Sigmoid

‒5
‒5 0 5

‒4

‒3

‒2

‒1

0

1

2

3
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Figure 6: Plot of ReLU and classic activation function.

f i + u, j + v = A × B × C = S 1 + v S v S 1− v S 2− v ⋅

f i−1,j−1 f i−1,j f i−1,j+1 f i−1,j+2
f i,j−1 f i,j f i,j+1 f i,j+2
f i+1,j−1 f i+1,j f i+1,j+1 f i+1,j+2
f i+2,j−1 f i+2,j f i+2,j+1 f i+2,j+2

S 1 + u

S u

S 1− u

S 2− u

= f i−1,j−1S 1 + u S 1 + v + f i−1,jS u S 1 + v + f i−1,j+1S 1− u S 1 + v + f i−1,j+2S 2− u S 1 + v

+ f i,j−1S 1 + u S v + f i,jS u S v + f i,j+1S 1− u S v + f i,j+2S 2− u S v + f i+1,j−1S 1 + u S 1− v

+ f i+1,jS u S 1− v + f i+1,j+1S 1− u S 1− v + f i+1,j+2S 2− u S 1− v + f i+2,j−1S 1 + u S 2− v

+ f i+2,jS u S 2− v + f i+2,j+1S 1− u S 2− v + f i+2,j+2S 2− u S 2− v = B ∗T ,

6

T =

S 1 + u S 1 + v S u S 1 + v S 1− u S 1 + v S 2− u S 1 + v

S 1 + u S v S u S v S 1− u S v S 2− u S v

S 1 + u S 1− v S u S 1− v S 1− u S 1− v S 2− u S 1− v

S 1 + u S 2− v S u S 2− v S 1− u S 2− v S 2− u S 2− v

7
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Therefore, f i + u, j + v = B T1 . Similarly, it can
deduce 16 templates in total. Table 2 shows all 16 conditions
and corresponding discretized parameters.

Table 3 are the solutions of those 16 templates in
Table 2. The hidden layer 1 can be built by those 16 tem-
plates, and those precalculated templates are weights of
neurons. In the DCNN training step, this layer is constant
and the weights of hidden layers 2-3 need to be updated
in the following steps.

Therefore, 16 templates in hidden layer 1 can fulfill the
bicubic interpretation method as Figure 5 shows. Further,

between the input and output images, there is only a multiple
layer neural networks rather than a combination of bicubic
interpretation and neural networks [24].

3.1.2. Step 2: Patch Extraction and Representation. This
step extracts patch from the results of fast bicubic interpo-
lation layer and maps patch into high-dimensional space
as vectors. The dimensionality of these vectors equals a
set of feature mapping.

Hidden layer 2 contains a group of rectified linear unit
(ReLU, max (0, x)) [25]. Classic activation function and the

Manual
labeled

document

Transfer
learning

Internet

Unlabeled
Web page

Labeled
Web page

Labeled
Web page

Labeled
Web page

Figure 7: Instance-based transfer learning example: Web document classification.
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Figure 8: Transfer learning: SRR for medical images.
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ReLU are plotted in Figure 6. To simplify, this layer can be
expressed like an equation of a single ReLU unit. Therefore,
F2 can be defined as follows:

F2 Y =max 0,W2Y + B2 , 9

where W2 is the weight of neurons of hidden layer 2, B2 is
biases, W2 is of a size f2

∗f2
∗n2, f2 is the spatial size of a filter,

n2 is the number of filters, and B2 is an n2-dimensional
vector. Equation (9) implies that a group of f2

∗f2
∗n2 ReLU

neurons can be denoted as a single ReLU for simplicity.

3.1.3. Step 3: Nonlinear Mapping. This step fulfills nonlinear
mapping. The vectors are mapped in another high-
dimensional space for patch extraction and representa-
tion layer. This mapping is for representing another set
of features.

Like layer 2, the operation of the hidden layer 3 is

F3 Y =max 0,W3Y + B3 10

Here,W3 is the weight and it is of a size n1
∗1∗1∗n3 and B3

is n3-dimensional.

3.1.4. Step 4: Reconstruction. This step generates the result of
HR image by aggregating the above patch representations.

F4 Y =W4F3 Y + B4 11

Here,W4 is of a size n2
∗f3

∗f3 and B4 is an n4-dimensional
vector. This step does not involve ReLU activation function.

3.1.5. Learning Procedure of the Proposed DCNN. In the
learning procedure, the mapping function F requires the esti-
mation of a set of parameters θ = Wi, Bi , i = 2, 3, 4.Wi and
Bi are weights and biases of neurons that should be obtained
as above steps mentioned, and W1 and B1 of hidden layer 1
are precalculated in Section 3.1.2. For minimizing the loss
between ground-truth HR image and the reconstructed
image, it can use mean squared error (MSE) to indicate the
loss function:

L θ = 1
n
〠
n

i=1
F Yi θ − Xi

2, 12

where n is the number of training samples. The loss can be
minimized by using stochastic gradient descent with back
propagation algorithm.

3.2. SIFT Image Feature-Based Evaluation Strategy for
Transfer Learning. Many machine learning approaches
hypothesize that the training and test dataset are drawn from
the same feature space and they are in the same distribution.
Once the distribution changes, lots of modules have to be
rebuilt. In real-world applications, to collect sufficient train-
ing data is expensive or impossible. Therefore, it would be
nice if reducing the effort of collecting the training data and
the transfer learning would be desirable.

One typical example is Web document classification; this
is an instance-based transfer learning example. Once a docu-
ment in the area of Web document classification is offered

Subregion
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20
40
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100
120
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100
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50 100 150 200 250
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SIFT feature-based
evaluation strategy

Human body vessels

Nature light

Figure 9: SIFT feature-based transfer learning example (vessels and light).
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with manual labeling, it would be helpful if the classification
knowledge could be transferred into new Web pages with
that manual labeled document. As Figure 7 shows, transfer
learning can help classifier to obtain bigger training dataset
and which is similar to the manual labeled samples.

Inspired by the transfer learning asmentioned above, SRR
formedical images can also employ transfer learningmethod-
ology. As Figure 7 shows, a big size of images can be obtained
by using transfer learning, and then theDCNNcan learn from
sufficient medical images. However, input image and output
image are in pairs and only one HR image can be easily
obtained from public image dataset. With reversed thinking
of SRR, we adapt image scaling-down algorithm to produce
corresponding LR image; therefore, pair images are ready for
DCNN to learn. As the assumption mentioned above “the
training and test dataset are drawn fromthe same feature space
and the same distribution,” we propose a SIFT image feature-
based transfer learning as Figure 8 presents.

For obtaining sharper outlines, we use scale-invariant
feature transform (SIFT) feature as the base which provides
the distinctiveness, the robustness, and the generality. SIFT
feature descriptor can capture structural properties robustly,
and its points dominantly distribute among regions even
color and texture change.

To a given image I(x,y), the Gaussian scale-space L(x, y,
D) can be defined as conventional of scale variant Gaussian
function G(x, y, D) and I(x,y), and they can be formulated
as follows:

L x, y, σ =G x, y, σ × I x, y , 13

G x, y, σ = 1
2πσ2 e

x2+y2 /2σ2 14

In scale space, each pixel is compared to its surround-
ing 8 adjacent points and 18 neighboring points which are
corresponding positions of two images adjacent scale of

Ground-truth
image 1/4 size of

ground-truth
image

Upscaled
image

PSNR

Figures 9–12

Cut

Figure 11: How to get PSNR and comparative figures.

Images

Image dataset

Image

32⁎32 128⁎128128⁎128

Image

1000 images

10000 subimages

Figure 10: Preparation of training images.
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up and down in pyramid. If the pixel value is different to
any of the 26 points, then this pixel is the candidate
feature point.

It can be sampled in the neighborhood window and cen-
tered at the candidate feature points. Then, histogram is used
to count the gradient direction of neighborhood pixels. The

(a) Number 1 DR image (b) Number 2 Ebola virus

(c) Number 3 MRI of knee (d) Number 4 CT of liver

(e) Number 5 PET of brain (f) Number 6 Mammography

(g) Number 7 Cardiac angiography of the heart (h) Number 8 Angiography

Figure 12: Ground-truth medical image.
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(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 13: Diabetic retinopathy image.

(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 14: Ebola virus.
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(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 15: MRI knee.

(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 16: CT liver.
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range of gradient histogram is from 0 to 360 degrees, and
each column represents a direction in histogram.

Rotate the axis to the direction of the feature point which
can ensure rotation invariance. Then, select an 8∗ 8 window
centered at the feature point to calculate the gradient
histogram of 8 directions in each small 4∗ 4 square. The
accumulated values of each gradient direction are stored;
therefore, a SIFT feature vector of 4∗ 4∗ 8 equal to128-
dimensional vector is constituted.

We traverse all SIFT features in the given training image
set. For each subregion of candidate images, we calculate the
Euclidean distances to all the SIFT features, then sum up all
of the distance, and define a mean of the sum as the distance
among training images. It can be calculated as

D S, T = 1
m
〠
m

i=1
min1≤j≤n 〠

t

k=1
sik − tjk

2 , 15

wherem is the number of SIFT features of image S, t = 128, n
is the number of SIFT features of the training images, sik is
the kth element of the ith feature vector of S, and tjk is the
kth element of jth feature vector of T .

D S, T denotes an average distance regarding all SIFT
features among training images, and it is suitable for the case
of detecting feature points from various images when apply-
ing instance-based transfer learning. In transfer learning set,
images can be evaluated as follows:

η = Nm

Nt
, 16

where Nm and Nt indicate the number of matched SIFT
feature pairs. Finally, the evaluation criterion is η ≥D S, T .

Figure 9 is an example for illustrating the proposed
SIFT feature-based transfer learning. There are a medical
image of angiography and a nature image of light. We
cut three distinctive subregions of the image “light” and

(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 17: PET brain.
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cut a subregion of vessels. We use SIFT feature to find
matched points, and it can be found that the lights and
vessels have lots of connections and those connections
are key points in similar. If there is only one light, the
connections reduce to 2 lines. However, if we compare
the vessels and cloud part, there is no connected feature
points. The proposed SIFT feature-based transfer learning
intends to find a best match subregion and adds it into

training set. Therefore, SIFT features can help to enlarge
the training set for the DCNN.

4. Experiments and Results

4.1. Computation Environment and Training Set. Involved
tools contain CUDA, Python language, and Open CV. The
method selects candidate images from Image-Net dataset

(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 18: Mammography.
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(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 19: Cardiac angiography of the heart.

(a) Nearest neighbor (b) Bilinear

(c) Bicubic (d) The proposed method

Figure 20: Angiography.
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[26]. For comparison, the SRCNN [24] has been trained but
without SIFT feature-based transfer learning. The training
set for SRCNN is from the publicmedical image database [27].

As Figure 10 shows, a group of 1000 images are collected
for the next step. Each training image is cut by the size
of 128∗ 128 randomly and repeatedly. Finally, a set of
10000 images is done. The ground truth image which size is
128∗ 128 is scaled to 32∗ 32 as low-resolution image. There-
fore, the 32∗ 32 images are used as low-resolution input
image, and the ground truth images are used for training as
the output of the deep convolutional neural network.

4.2. Quantitative Evaluation. We use peak signal-to-noise
ratio (PSNR) for quantitatively image restoration quality.
PSNR can be calculated by

PSNR = 10 × log10
2n − 1 2

MSE , 17

where MSE is the mean squared error
For a fair comparison with conventional methods and

SRCNN [24], we use medical images which were downloaded

Table 5: The results of PSNR (dB).

Number and image name Bicubic The proposed method Bilinear NN SRCNN

Number 1 DR 46.35 46.74 45.77 44.35 46.79

Number 2 Ebola 25.61 27.29 24.31 22.79 27.25

Number 3 MRI knee 36.67 37.74 35.33 33.04 37.77

Number 4 CT liver 39.27 39.81 36.96 32.49 27.74

Number 5 PET brain 37.71 37.21 34.61 30.11 37.26

Number 6 Mammography 30.64 31.65 30.13 29.49 31.60

Number 7 Cardiac angiography 36.28 37.23 35.56 34.47 37.19

Number 8 Angiography 25.96 27.27 24.98 24.13 27.21

(a) Plainly region (b) Corners and edges region

(c) Plainly region (d) Corners and edges region

Figure 21: Comparison of different regions (PSNR).
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from research organization/authorities. Those four images
can be downloaded freely by anyone. Brief information and
the download weblink is listed in Table 2. We first scale those
four images down to 1/4 size; therefore, PSNR can be calcu-
lated with results of SRR methods, as Figure 11 illustrates.

Figure 12 is the ground-truth images as Table 4 listed,
and the resolution is the same as Table 2 presented.
Figures 13, 14, 15, 16, 17, 18, 19, and 20 show the super res-
olution results of four different methods by upscaling factor
4. For intuitive comparison, each upscaled image is cut by a
rectangle zone. As those images shown, the proposed method
produces much shaper edges than other methods.

4.3. Experiment Results and Discussion. As an overview of
Table 5, the proposed method gives the highest PSNR in 5
experiments. It is also can be seen from Figures 13–20 intui-
tively. Nearest neighbor interpolation gives the lowest PSNR
for four images. Bilinear interpolation is slightly better than
nearest neighbor interpolation. The bicubic interpolation is
the best conventional method for four images. Completed
with SRCNN, the proposed method achieves 0.04–0.07
higher in PSNR index. But, numbers 1, 3, and 4 experiments
show that SRCNN still gives better PSNR than the proposed
DCNN and the PSNR is between 0.03 and 0.05.

In Figure 13, experimental results are presented. The
image is about diabetic retinopathy research. Obviously,
image aliasing exists in Figure 13(a) which is the result of
nearest neighbor method. In Figure 13(b), the bilinear
method gives more smooth edge of microvascular vessel
(microblood vessel), but comparing Figure 13(b) with
Figure 9(c), the bicubic method gives a higher contrast
method. In Figure 13(d), the proposed method gives a
sharper image and it should be noticed that the microvascu-
lar vessel and background had higher contrast than the other
three methods.

In Figure 14, experimental results are about Ebola virus
in microscope. Nearest neighbor method still gives an image
with saw-tooth; this result cannot satisfy the needs of further
analysis in medical research. Bicubic method shows better
result than bilinear method, but the proposed method pro-
duces the best image among comparative methods.

SRR result of MRI image (knee) is shown in Figure 15.
The proposed method shows a clearer meniscus and bone
edges than the other methods. Bicubic method gives better
results than nearest neighbor and bilinear method.

Figure 16 is the result of SRR for CT image (liver). Like
Figures 13 and 14, the proposed method gives the best result.
However, visual contrast among Figures 16(a), 16(b), 16(c),
and 16(d) is not so obvious as Figures 14 and 15 show, the
rectangle area of Figure 16(d) still presents a clear edge.

Figures 17–20 are results of PET brain, mammogra-
phy, cardiac angiography, and angiography. Those medical
images are processed by four methods, and subregions are
cut for comparison. It can be found that the proposed
DCNN can produce enlarged images with sharper edges
in visual contract.

Figure 21 shows comparison between the proposed
method and SRCNN, and Table 6 presents the PSNR index
of Figure 21. We choose two types of subregions which
contain sharp edges or plainly texture, and we call them as
“corners and edges region” and “plainly region.” By compar-
ing the PSNR of those two types of regions, interesting details
can be found. The SRCNN has bigger PSNR than the pro-
posed DCNN in Figures 21(a) and 21(c); those two subre-
gions are compared in plainly regions. It can be seen that
the proposed DCNN is slightly higher than SRCNN in
Figures 17(b) and 17(d) which are corner regions. As the pre-
vious example of Figure 9 illustrated in Section 3.2, the pro-
posed DCNN learns from more subimages from the image
database with the SIFT feature-based selection strategy.

f i + u, j + v = f i−1,j−1S 1 + u S 1 + v + f i−1,jS u S 1 + v

+ f i−1,j+1S 1− u S 1 + v + f i−1,j+2S 2− u S 1 + v

+ f i,j−1S 1 + u S v + f i,jS u S v

+ f i,j+1S 1− u S v + f i,j+2S 2− u S v

+ f i+1,j−1S 1 + u S 1− v + f i+1,jS u S 1− v

+ f i+1,j+1S 1− u S 1− v + f i+1,j+2S 2− u S 1− v

+ f i+2,j−1S 1 + u S 2− v + f i+2,jS u S 2− v

+ f i+2,j+1S 1− u S 2− v + f i+2,j+2S 2− u S 2− v

18

Another comparison is running time. The proposed con-
volutional hidden layer 1 saves approximately half time costs
than classic bicubic interpretation; therefore, it can save

Table 7: Running costs of bicubic interpretation and hidden layer 1
(integer and floating-point arithmetic).

Computational operation
Hidden
layer 1

Bicubic
interpretation

Integer addition 15 times 0 times

Integer division 1 time 0 times

Integer multiplications 16 times 0 times

Floating-point additions 4.6 times 41 times

Floating-point multiplications 0 times 28 times

Table 6: Comparison of edge and noncorner region in PSNR index (dB).

Image Region The proposed method SRCNN

Number 4 MRI knee
Figure 21(d) Corners and edges region 34.57 34.12

Figure 21(c) Plainly region 37.51 37.65

Number 7 Cardiac angiography
Figure 21(b) Corners and edges region 36.22 36.13

Figure 21(a) Plainly region 42.79 42.85
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much time. As (18) shows, we can deduce the bicubic inter-
pretation which has 28 floating-point multiplications and
41 floating-point additions. The proposed bicubic interpreta-
tion hidden layer needs 16 integer multiplications, 15 integer
additions, 1 integer division, and 4.6 floating-point additions.
Computational needs are shown in Table 7. Those values in
Table 7 are derived from (1), (7), and (18) and Table 2.
Therefore, the proposed DCNN is faster than SRCNN not
only in practice but also in theory.

Table 8 shows the time costs of the eight distinctive med-
ical images on a PC (Intel XEON E3-1230V3, 16G RAM). All
images are preloaded in RAM, and then we processed those
medical images by five methods and recorded the time costs.
As Table 8 shows in milliseconds, NN is the fastest method
and the SRCNN is slowest method. However, conventional
methods such as NN, bicubic, and bilinear interpretation
methods cannot meet the needs of medical image enlarge-
ment. Comparing SRCNN and the proposed method, the
proposed method is slightly faster than SRCNN. It should
be noticed that the training procedure processes lots of
images; therefore, to save various time slices is meaningful
for compute-intensive methods, such as deep learning.

The SRCNN is a novel super resolution reconstruction
method, and we tried to improve three parts:

(1) Prefixed template layer: A prefixed template layer
saves costs by using mathematic deduction. On the
other hand, training a convolutional layer with given
training samples to fulfill bicubic interpretation is
feasible. However, to train a convolutional layer
requires various training images in pair. Therefore,
we suggest to prefix the bicubic interpretation layer
by mathematics deduction. Moreover, the proposed
fixed templates may help other researchers and engi-
neers to use them in real application easily, and they
can deduce and verify those templates by their own.

(2) Hybrid DCNN structure: Most researches focus on
training deep neural networks (NN), and the whole
NN is composed of unfixed parameters. The struc-
ture of our method combines fixed and unfixed
parameters. Maybe, the combination of fixed and
unfixed NN structure has undiscovered potentials in
other applications.

(3) Reducing costs and enhanced edge: The prefixed
template layer can save more time than SRCNN,
and the proposed SIFT feature-based transfer learn-
ing method guarantees the proposed DCNN can pro-
duce enlarged medical images with sharper edges.

To conclude, nearest neighbor method may be suitable
for some occasions, but it definitely cannot satisfy SRR needs
of medical images, such as microscope, CT, MRI, mammog-
raphy, cardiac angiography, and angiography. Compared
with the other conventional methods, bicubic gives better
results than bilinear result; however, bicubic method still
yields to the proposed method. The SRCNN is an effective
and efficient DCNN architecture, but it lacks a faster convo-
lutional interpretation layer. The bicubic interpretation hid-
den layer in the proposed method ensures a faster running
speed than SRCNN, and the SIFT feature-based transfer
learning provides sharper edges and corners region than
SRCNN by selectively choosing training samples. Moreover,
the bicubic interpretation hidden layer can provide an
enlarged image which has continuous first and second deriv-
ative. This novel bicubic interpretation hidden layer has the
potential to solve other image enhancement problems.

5. Conclusion

In this paper, a deep learning- and transfer learning-based
super resolution reconstruction method has been presented.
The proposed method aims to reconstruct a high-
resolution image form one single low-resolution image.
We propose a fast bicubic interpretation layer and SIFT
feature-based transfer learning to speed up DCNN and to
obtain sharper outlines; therefore, the proposed method
can avoid collecting a great number of various medical
images. Empirical experiments show that the proposed
method can achieve better performance than other conven-
tional methods. We suggest that this enhancement method
is meaningful for clinical diagnosis, medical research, and
automatic image analysis.
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Table 8: Overall comparisons of running time (in milliseconds).

Image
Methods

NN Bicubic Bilinear SRCNN The proposed method

Number 1 DR 8.075 14.790 14.655 63579.328 63565.847

Number 2 Ebola 8.000 10.518 11.613 11244.818 11234.735

Number 3 MRI knee 7.003 12.180 12.029 19231.110 19217.921

Number 4 CT liver 7.362 11.270 12.214 36315.960 36304.727

Number 5 PET brain 8.993 9.067 12.954 1986.092 1977.153

Number 6 Mammography 6.762 12.769 11.296 17342.371 17330.239

Number 7 Cardiac angiography 6.123 8.940 9.965 3336.666 3328.433

Number 8 Angiography 8.929 13.580 13.626 66651.142 66638.937
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