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Recent advances in medical imaging modalities such as mag-
netic resonance (MR) imaging and multidetector computed
tomography (MDCT) enable us to acquire high-dimensional,
sectional, thin-sliced, and a large number of images within a
short acquisition time. The sheer volume of data poses great
challenges for human interpretation of images by radiolo-
gists. Image processing becomes essential to analyze such
complex data.

Soft computing has been introduced into medical image
processing because it is an effective approach to handle uncer-
tainties inherent in acquired image data. Some examples in
the past 20 years are fuzzy connectedness approaches to
image segmentation, fuzzy clustering methods particularly
for human brain MR image segmentation, and statistical
atlases and fuzzy models for object recognition and delin-
eation. Soft computing approaches include fuzzy logic, neural
networks, support vectormachines, evolutional computation,
probabilistic approaches, and chaos theory.

This special issue aims to showcase recent advances in
soft computing approaches in medical image processing. In
response to the call for papers, we received 26 submissions
from all over the world. All manuscripts underwent a very
rigorous peer review process. We finally selected 8 full papers
for this special issue.

Image segmentation plays an important role in medical
image processing. L. Ma et al. propose a new method which
combines artificial fish swarm algorithm and fuzzy c-means
and demonstrates the performance on brain MR images.
K. B. Kim et al. propose a contour extraction method for
segmenting deep cervical flexor (DCF) muscles in ultrasonic
images. The method is based on fuzzy sigma binarization
process. L. Zhao andK. Jia introducemultiscale convolutional

neural network (CNN) to brain tumor segmentation. Y. Li et
al. show a method for segmenting white blood cells using a
dual-thresholding approach.

Image fusion is also an effective computational method-
ology that is hard for a human to deal with. It combines
images from two or more different modalities and generates
a new image. G. Yang et al. propose a new method that fills
nonsubsampled contourlet transform (NCST) coefficients
using generalized Gaussian density. It has been applied to
CT/MRI, MRI/positron emission tomography (PET) and
MRI/PET image fusion, and the results are superior to
conventional NCST-based methods.

In addition, there are unique medical image processing
schemes that have been proposed. Jing and Sheng introduce
a method to retrieve a 3D model from freehand sketch. It
may be very useful for medical education, informed consent
for patients, and so on. B. J. Park et al. propose a gesture
based interface, and it can be utilized in the operating room
where surgeons cannot touch computer interface devices
such as mouse and keyboard during operation. L. Huang
et al. show a dense trajectory and classification method on
echocardiogram video images.

Each paper contributes an improvement ofmedical image
processing in each application area, and also the approaches
are applicable to other areas. We hope that the papers will
enrich the readers’ knowledge of biomedical image analysis
and will in turn lead them to the exploration of new advances
and avenues.

Syoji Kobashi
László G. Nyúl

Jayaram K. Udupa
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Volume 2016, Article ID 7358162, 1 page
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We propose a dual-threshold method based on a strategic combination of RGB and HSV color space for white blood cell (WBC)
segmentation. The proposed method consists of three main parts: preprocessing, threshold segmentation, and postprocessing. In
the preprocessing part, we get two images for further processing: one contrast-stretched gray image and one H component image
from transformed HSV color space. In the threshold segmentation part, a dual-threshold method is proposed for improving the
conventional single-threshold approaches and a golden section search method is used for determining the optimal thresholds. For
the postprocessing part, mathematical morphology and median filtering are utilized to denoise and remove incomplete WBCs.
The proposed method was tested in segmenting the lymphoblasts on a public Acute Lymphoblastic Leukemia (ALL) image dataset.
The results show that the performance of the proposed method is better than single-threshold approach independently performed
in RGB and HSV color space and the overall single WBC segmentation accuracy reaches 97.85%, showing a good prospect in
subsequent lymphoblast classification and ALL diagnosis.

1. Introduction

Automatic white blood cell segmentation which plays an
important role in automatic blood cell morphology analysis
remains a challenging issue because of the morphological
diversity of WBCs and the complex background of blood
microscopic images. In this paper, our focus is the segmen-
tation of lymphoblast—one kind abnormal white blood cell
from Acute Lymphoblastic Leukemia images for ALL classi-
fication.

Acute Lymphocytic Leukemia, also known as Acute Lym-
phoblastic Leukemia, is a serious hematic disease character-
ized by the overproduction and continuous multiplication of
malignant and immature WBCs (referred to as lymphoblasts
or blasts). It is fatal if left untreated due to blasts’ rapid spread
into the bloodstream and other vital organs. Fortunately,
early diagnosis of the disease is helpful and beneficial to the
recovery of patients, especially in the case of children [1].

According to the FAB (French-American-British) clas-
sification standard built on blast cell’s shape and pattern
variability, ALL can be classified into three types: L1, L2, and
L3 (Figures 1(b)–1(d)) [2]. Accurate classification can offer
doctors useful information for therapeutic plan selection and
follow-up work. The microscope inspection of blood smears
by counting different kinds of WBCs is one of the most
frequently performed blood tests by hematologists [3]. For
decades, the operation is performed by experienced opera-
tors. However, this is a time-consuming and tedious work. In
addition, diagnosis results always tend to be subjective and
imprecise and also are difficult to be reproduced afterwards.

As a substitute, automatic identification technology of
WBCs known for low-cost, homogenous accuracy has gained
more and more focus in domain of hematic related disease
diagnosis. In general, the system consists of four parts: WBC
segmentation, feature extraction, classification, and counting.
Since segmentation results directly influence the accuracy of
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(a) (b) (c) (d)

Figure 1: Morphological variability associated with the blast cells according to the FAB classification. (a) Healthy lymphocytes cell from
non-ALL patients. (b–d) Lymphoblasts from ALL patients where (b), (c), and (d) are L1, L2, and L3, respectively.

classification and counting, it has become a very hot topic in
clinical diagnosis [4].

Some work on microscopic WBC image segmentation
is available in the literature [3–25]. Methods can be clas-
sified into three types: threshold-based methods, pattern
recognition-based methods, and deformable model-based
methods. Threshold-based methods include Otsu’s method
[4–6], the region growing method [7], watershed method
[8–10], and their combination [11]. Cseke [4] presented a
fast segmentation schemewith automatic thresholding where
thresholds are selected with a simple recursive method
derived from maximizing the interclass variance between
dark, gray, and bright regions based on the method proposed
by Otsu.Themethod works well for nucleus and background
segmentation. However, it cannot separate cytoplasm from
the red blood cells. Wu et al. [6] developed an iterative
Otsu’s threshold approach based on circular histogram for
the leukocyte segmentation using H&S components of HSI
model. Experimental results show that the method works
successfully in the segmentation of WBC nucleus but loses
the cytoplasm information.Dorini et al. [11] divided theWBC
segmentation process into two steps. In the first step, they
extracted the cell nucleus using the watershed transform
by Image Forest Transform (IFT). Then, they segmented
the WBC cytoplasm using basic operations such as thresh-
olding and morphological opening via the size distribution
information of the RBC, but the method tends to produce
oversegmentation in presence of noise.

As leukocytes in microscopic images can be treated as
objects, pattern recognitionmethods are also used to perform
the segmentation which can be categorized as supervised or
unsupervised [12]. Supervised methods classify the objects
using learning-based approaches such as Support Vector
Machine (SVM) [13] and Artificial Neural Network (ANN)
while unsupervised methods also known as clustering meth-
ods mainly including 𝑘-means clustering [14–16], fuzzy 𝐶-
means [17], and expectation-maximization extract the objects
from the data itself. In [13], Guo et al. proposed multispectral
imaging techniques with a spectral calibration method to
acquire device-independent images and then applied SVM
directly to the spectrum of each pixel to segment the
whole microscopic image into four types of regions: nucleus,

cytoplasm, erythrocytes, and background. Segmentation
results are satisfactory but the implementation speed needs
to be boosted.

Deformable model-based methods can be classified into
parametric models and geometric models based on contour
representation. Besides level set method [9], the active con-
tour model also known as a snake is the most common [18,
19]. In [18], Ko et al. introduced a new WBC image segmen-
tation method using stepwise merging rules based on mean-
shift clustering and boundary removal rules with a gradient
vector flow (GVF) snake. Removal rules are used to remove
the boundary and noise edges while a GVF snake is forced to
deform to the cytoplasm boundary edges. Due to a weak dif-
ference between the cytoplasm and the background or con-
tact with RBCs, some experimental results were slightly over-
segmented. Other segmentation methods for WBCs aside
from the above three categories aremorphological operations
[3, 11, 20], hybrid methods [9, 10, 19, 21], and so on. Hybrid
methods combine two or more methods mentioned above
to achieve better results, such as combination of a Lab color
space based segmentationmethod and a gray level threshold-
ing method [21] and combination of an Otsu method and an
active contour method [19].

Generally, the ultimate goal of WBC segmentation is to
extract whole WBC from a complicated background and
segment every WBC into morphological components such
as nucleus and cytoplasm. Among the methods mentioned
above, RGB color space based threshold approaches are
most widely used due to their high efficiency and reliability.
However, cytoplasm has a big variance of color and its color
is quite similar to image background.Thus, in many previous
works, gray image based threshold methods are only utilized
to segment nucleus (Figures 2(a) and 2(d)). As to cyto-
plasm extraction (Figure 2(c)), other auxiliary segmentation
schemes are needed [19]. What is more, aside from single-
threshold-based segmentation methods, nucleus and cyto-
plasm are, respectively, segmented with different methods in
many other segmentation schemes too [3, 8, 9, 11, 18]. To facil-
itate cytoplasm segmentation via threshold-based methods,
some researchers have turned their attention to segmenting in
transformed color space such as HSV [22, 23], HSI [24], and
Lab [21]. As an example, Eldahshan et al. [22] proposed to
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(a) (b) (c) (d) (e)

Figure 2: Background of dual-threshold method. (a, d) Segmentation results of single-threshold method based on RGB color space or S
channel image from HSV color space (only nucleus is extracted). (b) Segmentation result of uniform image using single-threshold method
based on H channel image of HSV color space (nucleus and cytoplasm are all extracted). (c) Expected segmentation result of cytoplasm.
(e) Segmentation result of image having illumination variations by single-threshold method based on H channel image of HSV color space
(much noise exists in segmentation result).
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Figure 3: Flowchart of the proposed dual-threshold segmentation scheme.

segment WBC from its background using hue channel of
HSV color space based single-threshold method. The results
show that the proposed framework works well for uniform
images (Figure 2(b)) but inconsistent for the images having
illumination variations (Figure 2(e)).

In this paper, we propose a general method to segment
WBC (both nucleus and cytoplasm are included) from image
background regardless of illumination variations by effec-
tively combining the RGB color space based single-threshold
method and HSV color space based single-threshold method
to construct a new technique, which is named dual-threshold
method to overcome the weakness of the component meth-
ods. In this way, cytoplasm can further be segmented by sub-
tracting nucleus which can be obtained through various intu-
itivemethods such as Otsu’s method [6] and 𝑘-means cluster-
ing [14] from the above result easily.Though, it is not included
in this paper. To determine the value of the two thresholds,
golden section search method is selected. At last, except

qualitative assessment, we also make a quantitative compari-
son of ourmethodwith two single-threshold-basedmethods,
respectively, implemented in RGB and HSV color space [23]
in terms of a widely used evaluation metric DSC in image
segmentation field.

The rest of this paper is organized as follows. In Section 2,
we elaborate the completemethodology of the dual-threshold
algorithm. In Section 3, we describe an evaluation of this
method in terms of its accuracy and robustness. In Section 4,
concluding remark is given.

2. Materials and Methods

2.1. Overview of the Approach. The proposed dual-threshold
method consists of three phases: preprocessing, threshold
segmentation, and postprocessing. Figure 3 presents an
overview of the proposed approach. In the preprocessing
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(a) (b) (c)

Figure 4: Global contrast stretching. (a) Original image. (b) Gray image. (c) Contrast-stretched image.

phase, we get two images for further processing: one contrast-
stretched gray image and one H component image from
transformed HSV color space. The threshold segmentation
phase consists of three main steps: image background extrac-
tion, red blood cell separation, and the optimal threshold
selection. In the background extraction step, RGB color space
based single-threshold method is employed while, in red
blood cell separation step, H channel image based single-
threshold method is utilized. For the optimal threshold
selection part, golden section search method is used. Finally,
in the postprocessing phase, mathematical morphology and
median filtering are utilized to denoise and remove incom-
plete WBCs. The whole process can be summarized as the
following five steps. The details of each step are given in the
following subsections.

Step 1. Given an input image I, get its gray-scaling image G as
well as H component image H from transformed HSV color
space.

Step 2. Do contrast stretching operation to G, and then use
threshold Thresh1 to extract image background which is
shown in black in G (Figure 3).

Step 3. Through threshold Thresh2, separate the red blood
cells from H (resultant image is H).

Step 4. Get a gray image S by intersecting G with H.

Step 5. Binarization, morphological erosion, and median
filtering are performed on S followed bymaximumconnected
region (MCR) extraction to get a binary image, fill small
holes, connect narrow gaps, and remove small dots as well as
incomplete WBCs in the image.

2.2. Preprocessing. In this step, two roughly processed images
are obtained for further processing. At first, we convert the
color image into a gray one (Figure 4(b)). At the same time,
transform the source RGB color space into HSV color space,
and then extract H channel image denoted by H in Figure 3
from HSV color space. From Figure 4, we can see that
the contrast between foreground and background pixels in
the grayscale is typically not sufficient to classify the pixels
precisely. To increase the contrast of the image, the global

contrast stretching (GCS) techniquewhich can spread out the
range of scene illumination is employed. GCS is performed by
sliding a window (called the KERNEL) across the image and
adjusting the center element using the following formula [25]:

𝐼
𝑝
(𝑥, 𝑦) =

255 ∙ [𝐼
𝑜
(𝑥, 𝑦) −min]

(max −min)
, (1)

where (𝑥, 𝑦) is the coordinate of the image pixel; 𝐼
𝑝
(𝑥, 𝑦) is

the output color level for the pixel (𝑥, 𝑦) from the contrast
stretching process; 𝐼

𝑜
(𝑥, 𝑦) is the input color level for the pixel

(𝑥, 𝑦); min and max are the minimum and maximum color
level value in the input image.

After GCS (Figure 4(c)), we can see that the contrast
throughout the image is equalized and it has been easier to
see the image details in the regions that are originally very
obscure. More importantly, contrast between foreground and
background pixels is greatly enhanced which is supposed to
facilitate image background extraction via single-threshold
method which will be clarified in the next part.

2.3. Threshold Segmentation

2.3.1. Image Background Extraction. From Figure 2(e), it can
be seen that noise in final segmentation result mainly comes
from two aspects: background and red blood cells. The
following two steps background extraction and red blood cell
separation are all somewhat based on this fact. In Figure 5,
histogram of the contrast-stretched gray image presents
a triple-modal, respectively, representing white blood cell
nucleus, red blood cell (cytoplasm), and background. After
GCS, background now has a certain contrast with other
components in the image, so it is feasible to extract it through
single-threshold (marked as Thresh1 in Figure 5) method.
However, as it has been stated in Introduction, it is still diffi-
cult to separate the whole white blood cell (both nucleus and
cytoplasm included) from the image in that cytoplasm has a
similar gray intensity with red blood cells. So the first stage
of our method is to extract the image background shown in
black in Figure 5(c).

2.3.2. Red Blood Cell Separation. In Section 2.3.1, image
background has been extracted. If we can continue finding
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Figure 5: Image background extraction through gray image based single-threshold method. (a) Original gray image and its histogram. (b)
Contrast-stretched image and its histogram. (c) Original color image and resultant binary image after background extraction (the extracted
background is shown in black in (c)).

an effective method to remove red blood cells in the image,
WBCcan be segmented easily by subtracting background and
red blood cells from the original image. As a result, our goal
in this step is to separate the red blood cells from the image.

The purpose of a color space is to facilitate the speci-
fication of colors in some standard [26]. A color space is
typically represented by a three- or four-dimension matrix in
mathematics, such as RGB, HSV, Lab, and CMYK. The RGB
color space is themost common color space used in electronic
devices. In this color space, each color can be obtained by the
addition of three primary colors: red, green, and blue. Gener-
ally, the original stained blood smear image is represented by
the RGB color space in the RGBmodel. The HSV color space
has three components: hue (H), saturation (S), and value
(V). Hue represents color. In this model, it is an angle from 0
to 360 degrees. Saturation indicates the range of gray in the
color space. It ranges from 0 to 100%. Sometimes the value
is calculated from 0 to 1. When the value is “0,” the color is
gray and when the value is “1,” the color is a primary color. A
faded color is due to a lower saturation level, whichmeans the
color contains more gray. Value is the brightness of the color
and varies with color saturation. It ranges from 0 to 100%.
When the value is “0,” the color space will be totally black.
With the increase in the value, the color space brightness is
up and shows various colors. The HSV color space is quite
similar to the way in which humans perceive color.The colors
used in this space can be clearly defined byhumanperception,
which is not always the case with RGB. These characteristics

make the HSV color space more suitable for image segmen-
tation and analysis than the RGBmodel. In Lab color space, L
defines lightness, a denotes red/green value, and b represents
the yellow/blue value [21]. It is known as device independent,
meaning the Lab color space can communicate different
colors across different devices. The above color spaces can be
converted into each other according to related formulas.

In Figure 6, a comparison of blood cell image, respec-
tively, in RGB, HSV, and Lab color spaces, and each channel
image is given. From the figure, it can be observed that,
in most single-channel images (such as G-, S-, L-, and b-
channel), cytoplasm has a similar gray intensity with the
background and red blood cells, making it difficult to be
separated from red blood cells and background through
Otsu’smethod exceptH channel imagewhere cytoplasmhas a
similar gray intensity with nucleus and a certain contrast with
red blood cells. Therefore, to avoid cytoplasm being removed
together with red blood cells (which is the case in G-channel,
S-channel, and some other channels), H channel image is
selected for red blood cell removal in this step. In Figure 7(a),
H channel image and its histogram are given.We can see that,
in the image, red blood cells are the brightest part. So we can
remove them through a suitable thresholdmarked asThresh2
in the figure. Figure 7(b) shows the resultant image after red
blood cell separation.

2.3.3. Threshold Selection. The proposed algorithm has two
parameters, Thresh1 and Thresh2, which are, respectively,
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Figure 6: Images in RGB, HSV, and Lab color spaces and their component images (R, G, B; H, S, V; and L, a, b).

used in image background extraction and red blood cell
removal steps of the white blood cell segmentation. From the
histograms of contrast-stretched gray image (Figure 5(b)) and
H channel image (Figure 7(a)), we can see that the ranges
of Thresh1 and Thresh2 can be roughly estimated through a
priori knowledge. But in concrete algorithm implementation,
randomly selected thresholds even when they are in the rea-
sonable scope just cannot guarantee any kind of optimality. So
we formulate threshold selection as an optimization problem
with two variables (Thresh1 and Thresh2) and tend to use an
appropriate method to find the optimal solution.

To formulate a proper objective function 𝑓, let us intro-
duce Dice Similarity Coefficient (DSC) first, which is usually
used to evaluate segmentation effect quantitatively. In the
next section, we will use it for quantitative comparison of the
proposed method and two other segmentation schemes. It is
defined as

DSC (𝐴, 𝐵) = 2 ∗ (𝐴 ∩ 𝐵)
(𝐴 + 𝐵)
, (2)

where𝐴 is the area of the target region of ground truth image
acted by the manually segmented images in this paper; 𝐵 is
the area of the target region of the result of an automatically
segmented image. DSC varies between 0 and 1. The higher it

is, the better segmentation accuracy it indicates. According to
this fact, the objective function 𝑓 we formulate is

DSC = 𝑓 (Thresh1,Thresh2) . (3)

In this way, the optimization problem here can be
described as follows: make DSC be as large as possible by
selecting appropriate Thresh1 and Thresh2. Since approxi-
mate ranges ofThresh1 andThresh2 can be determined, what
we should do next is to find the optimal value from all the
possible choices.

The golden section search method is a technique for
finding the extremum (minimum or maximum) of a strictly
unimodal function by successively narrowing the range of
values inside which the extremum is known to exist. The
technique derives its name from the fact that the algorithm
maintains the function values for triples of points whose dis-
tances form a golden ratio known as 0.618. It has been proved
that compared to bisection method this value can enable us
to obtain an optimal reduction factor for the search interval
andminimal number of function calls when searching for the
maximum point.

Assume 𝑓(𝑥) is a unimodal function in search region
[𝑎, 𝑏]; the maximum point is 𝑥 and the assumed algorithm
precision is epsilon. Let 𝑥1, 𝑥2 be two points in region [𝑎, 𝑏]
and 𝑎 < 𝑥1 < 𝑥2 < 𝑏. To use the golden section search
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Figure 7: Red blood cell removal through H channel image based single-threshold method. (a) H channel image and its histogram. (b)
Original image and the H channel image after red blood cell removal.

algorithm to determine 𝑥, the following six steps are included
(algorithm flowchart is given in Figure 8).

Step 1. Let [𝑎, 𝑏] be initial search interval and let algorithm
precision be epsilon.

Step 2. Let 𝑥1 = 𝑎+0.382∗(𝑏−𝑎), let 𝑥2 = 𝑎+0.618∗(𝑏−𝑎),
and compute 𝑓(𝑥1), 𝑓(𝑥2).

Step 3. If 𝑓(𝑥1) > 𝑓(𝑥2), 𝑏 := 𝑥2, jump to Step 4; if 𝑓(𝑥1) <
𝑓(𝑥2), 𝑎 := 𝑥1, jump to Step 5; if 𝑓(𝑥1) = 𝑓(𝑥2), 𝑎 := 𝑥1,
𝑏 := 𝑥2, jump to Step 6.

Step 4. If |𝑏 − 𝑎| < epsilon, 𝑥 = (𝑎 + 𝑏)/2, stop. Otherwise,
let 𝑥2 := 𝑥1, 𝑓(𝑥2) := 𝑓(𝑥1), and 𝑥1 = 𝑎 + 0.382 ∗ (𝑏 − 𝑎).
Compute 𝑓(𝑥1); jump to Step 3.

Step 5. If |𝑏 − 𝑎| < epsilon, 𝑥 = (𝑎 + 𝑏)/2, stop. Otherwise,
let 𝑥1 := 𝑥2, 𝑓(𝑥1) := 𝑓(𝑥2), and 𝑥2 = 𝑎 + 0.618 ∗ (𝑏 − 𝑎).
Compute 𝑓(𝑥2); jump to Step 3.

Step 6. If |𝑏 − 𝑎| < epsilon, 𝑥 = (𝑎 + 𝑏)/2, stop. Otherwise,
jump to Step 2.

In the next section, we will use this method to find the
optimal solutions of Thresh1 andThresh2.

2.4. Postprocessing. After threshold segmentation, white
blood cells can be roughly segmented (S in Figure 3). At the
time, it is still a gray image with some noise, so in this step,

binarization is used to convert this resultant image to binary
image at first. Then, we use morphological erosion, median
filtering (size 15 × 15), and maximum connected region
(MCR) extraction operations to fill small holes, connect
narrow gaps, and remove small dots as well as the incomplete
WBCs in the image. At last, convert the binary image into
RGB color image, but this is not a must.

3. Results and Discussion

3.1. Dataset. The proposed method was tested on 130 ALL
images taken from ALL IDB [27], a public and free available
dataset provided by Department of Information Technology,
specifically designed for the evaluation and comparison of
algorithms for segmentation and image classification. The
images of the dataset have all been captured with an optical
laboratory microscope coupled with a Canon Power Shot G5
camera. For each image in the dataset, the classification of
ALL lymphoblast is provided by expert oncologists. ALL IDB
includes two subsets: ALL IDB1 and ALL IDB2. The former
is composed of 108 images containing about 39000 blood ele-
ments taken with different magnifications of the microscope
ranging from 300 to 500. So the images in the dataset may
differ in background color (Figure 9).The latter is a collection
of cropped area of interest of normal or blast cells from
ALL IDB1.

ALL IDB2 which contains single WBC in each image is
used for testing the performance of our proposal. It has 260
images.The first half is fromALL patients (lymphoblasts) and
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Figure 8: Flowchart of golden section search method.
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Figure 9: Sample images differ in background color caused by different magnifications being used in image taken.

the last half is from non-ALL patients (normal WBCs). The
final task of us is to classify the lymphoblasts into three classes
L1, L2, and L3 (Figure 1) for targeted treatment and follow-
up, so only the first 130 lymphoblast images of ALL IDB2 are
concerned in this study. But experimental results show that
the proposedmethod alsoworkswell for the other 130 images.
Two samples from ALL IDB1 and ALL IDB2 are shown in
Figure 10. Subimage which contains only one WBC can be
extracted frommulti-WBCs image through a proper method
[4, 6, 20].

3.2. Experimental Results. We evaluate the performance of
our proposed algorithm both visually and quantitatively in

this part. To this end, we find the optimal value of Thresh1
and Thresh2 first through the iterative golden section search
method described in Section 2. Two doctors are invited to
manually segment all test images for the purpose of gener-
ating ground truth for evaluation.

3.2.1. Threshold Selection. In the context of this paper, our
goal is to find two optimum thresholds to make value of the
objective function𝑓(Thresh1,Thresh2) (3) be as big as possi-
ble. Since there are two variables in this function, the golden
section searchmethodneeds to be used several times to deter-
mine their respective optimum value. Each time, one of them
is fixed to find the other variable’s optimum value until both
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(a) (b)

Figure 10: Acute Lymphoblastic Leukemia images from the dataset. (a) ALL IDB1. (b) ALL IDB2. Arrow indicates that (b) is cropped from
(a).

of them are unchanged.The idiographic step of thismethod is
given in the following.

Step 1. Assume that the optimum values of Thresh1 and
Thresh2 are, respectively, 𝑡1, 𝑡2. To make the procedure
operate, initial value of 𝑡2 is set at 230.

Step 2. Let Thresh2 = 𝑡2, 𝑎 = 0.8, 𝑏 = 1.0, epsilon = 0.01,
𝑥 = Thresh1, and 𝑓(𝑥) = mean(DSC(130)) and compute
the optimum value of Thresh1 𝑡1 through the golden section
search method.

Step 3. Let Thresh1 = 𝑡1, 𝑎 = 150, 𝑏 = 255, epsilon = 5, 𝑥 =
Thresh2, and𝑓(𝑥) = mean(DSC(130)) and compute the opti-
mum value of Thresh2 𝑡2 through the golden section search
method. If 𝑡2 ̸= 230, repeat Step 2 and Step 3. Otherwise, stop.

Note

(1) The numbers above, 230, 0.8, 1.0, 0.01, 150, 255, and 5,
are selected through a priori knowledge.

(2) mean(DSC(130)) is mean of all 130 test images’
DSC value obtained after segmentation on condition
Thresh1 = 𝑥, Thresh2 = 𝑡2 (in Step 2) or Thresh1 =
𝑡1, Thresh2 = 𝑥 (in Step 3).

Through the above steps, optimal values of Thresh1 and
Thresh2 𝑡1, 𝑡2 can be determined.

3.2.2. Qualitative Evaluation. Through the above step, the
optimal values Thresh1 = 0.9, Thresh2 = 220 are obtained.
Segmentation results of the 130 test images are compared
with those of manual segmentation as well as two single-
threshold methods based, respectively, on RGB [18] and
HSV [15] color space. The segmentation result is considered
accurate when the autodetected boundary closely matches
the manually traced boundary. In Figure 11, we give five test
images’ segmentation results.Threemethodswere carried out
on the same morphological structure element and median

Table 1: Mean and standard deviation of all test images’ DSC value.

Method 1 Method 2 Method 3
Mean 0.9542 0.7737 0.9795
Standard deviation 0.0403 0.2163 0.0144

filter sizes. Results present thatMethod 1 shows a goodperfor-
mance in nucleus segmentation, but the cytoplasm cannot be
segmented in some cases (the 1st, 2nd, 4th, and 5th cells). As
to Method 2, it segments the WBC perfectly in some cases
(the 1st and 2nd cells) but does not in others (the 3rd, 4th,
and 5th). On the contrary, our proposed Method 3 performs
well in all the cases.

It has been shown that the proposed method achieves a
high accuracy in segmenting single lymphoblast frommicro-
scopic images in Figure 11. Figure 12 shows that the method
also performs well in segmenting normal WBCs in the latter
half part of ALL IDB2 and when multiple WBCs exist in one
image (in this case, MCR in postprocessing step should be
removed).

3.2.3. Quantitative Evaluation. One kind quantitative depic-
tion of segmentation performance is given in Figure 13
where DSC values of the 130 test images are calculated after
segmentation with the proposed method and two single-
threshold-based methods. It can be seen that DSC values got
through our method are higher and stable than the other
two methods in most cases. To those images in latter part
of all the test images, Method 2 has a good performance but
that cannot be extended to whole dataset. As has been said
in dataset part, images in ALL IDB are taken with different
magnifications, so some of them differ in background color
(Figure 9). Thus, H channel image based single-threshold
method does not perform well all the time. Mean and
standard deviation of the 130DSCs are given inTable 1. By cal-
culation, we can learn that our method has 2.66% and 26.6%
higher accuracy over Method 1 and Method 2, respectively,
in terms of DSC mean value metric. Meanwhile, its standard
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(a) (b) (c) (d) (e)

Figure 11: Comparison of the proposed method and the manual method as well as single-threshold methods. (a) Original image. (b) Manual
segmentation results (ground truth). (c)M1: RGB color space based single-thresholdmethod. (d)M2:HSV color space based single-threshold
method. (e) M3: our proposed method.

deviation is 64.38% and 93.36% lower than them suggesting
our method is also more robust than the other two.

4. Conclusion

In this paper, we have proposed a dual-threshold method
for segmenting white blood cells from Acute Lymphoblastic
Leukemia images. The method effectively combines RGB
and HSV color space based single-threshold methods to

exploit their complementary strengths. It consists of three
main parts: preprocessing, threshold segmentation, and
postprocessing. Background and red blood cells of the image
are extracted via two different thresholds in segmentation
process. The experimental results suggested that an overall
segmentation accuracy of DSC ≈ 0.98 can be achieved. As
the first step of automatic white blood cell differential system,
it shows a good prospect in further WBC feature extraction,
ALL classification, and diagnosis.
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(a) (b) (c) (d)

Figure 12: Performance of the proposed method on normal WBCs’ and multi-WBCs’ segmentation. (a, c) Original images. (b, d)
Segmentation results.
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Figure 13: Each test image’s DSC value obtained using different segmentation methods. Method 1: RGB color space based single-threshold
method. Method 2: HSV color space based single-threshold method. Method 3: our proposed method.
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To assist physicians to quickly find the required 3Dmodel from themassmedicalmodel, we propose a novel retrievalmethod, called
DRFVT, which combines the characteristics of dimensionality reduction (DR) and feature vector transformation (FVT) method.
TheDRmethod reduces the dimensionality of feature vector; only the top𝑀 low frequency Discrete Fourier Transform coefficients
are retained. The FVT method does the transformation of the original feature vector and generates a new feature vector to solve
the problem of noise sensitivity. The experiment results demonstrate that the DRFVTmethod achieves more effective and efficient
retrieval results than other proposed methods.

1. Introduction

Themedical 3Dmodel retrieval becomes a hot research topic
due to the rapid development in clinic and teaching. The
medical 3D model can not only show doctors the anatomical
structure of a particular part inside the human body, but
also reveal the function of human organs to a certain degree
[1]. The current diagnostic techniques, especially in the
cases which cannot immediately get the diagnosis, need the
auxiliary diagnosis by previous similar cases. At this time, 3D
model retrieval technology is applied to obtain the similar
3D model from the database. In the face of vast numbers
of medical 3D models, how to find the required 3D model
rapidly and extract the valuable information accurately has
become an urgent issue [2].

The most popular way for retrieving 3D models is
example-based paradigm [3], where the user provides an
existing 3D model as query input and the retrieval method
can return similar 3D models from the database. However,
it is difficult for a user to have an appropriate example 3D
model at hand. An alternative way is to use a 2D sketch as a
query where users can describe a target 3D model by quickly
drawing it. But a 2D sketch is merely a coarse and simple
representation which only contains partial information of an

original 3D model. Hence, it is more challenging to realize
freehand retrieval [4] than example-based retrieval.

For the freehand sketch 3D model retrieval how to create
efficient feature descriptors [5] is the most important part.
Several freehand sketch 3D model retrieval methods have
been proposed recently. Funkhouser et al. [6], Chen et al. [7],
and Li et al. [8] extracted feature descriptors from the outline
to describe the query sketch and 2D views of 3Dmodels, such
as the spherical harmonics descriptor, light field descriptor,
and shape context features. Recently,Wang et al. [9] provided
a sketch-based retrieval approach by utilizing both global
feature and local feature. In the practical applications, we find
that these features are not effective and efficient in evaluating
the relevance between the query sketch and 3D models.
There exist two main disadvantages for the current freehand
sketch 3D model retrieval methods. Firstly, the traditional
Fourier Transform [10] only considers describing the model
and the argument of the coefficient. Compactness [11] and
simplicity of feature descriptors are necessary for minimizing
the storage overhead and the computing time. Therefore, it
is necessary to describe the outline by a limited number of
coefficients in the frequency domain. Secondly, a freehand
sketch is a simple line drawing which has a high level of
abstraction, inherent ambiguity, and unavoidable noise [12].
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Figure 1: The framework of the medical freehand sketch 3D model retrieval method.

For effective retrieval, the feature descriptors should be robust
to noise and invariant to transformations.

To tackle these problems, this paper proposes a novel
freehand sketch 3D medical model retrieval method, which
combines the characteristics of dimensionality reduction
(DR) and feature vector transformation (FVT) method,
called DRFVT. The DR method reduces the dimensionality
of feature vector; only the top 𝑀 low frequency Discrete
Fourier Transform (DFT) coefficients are retained. These𝑀
coefficients are able to provide all of the abovementioned
requirements and obtain good efficiency in retrieval [13].The
FVT method does the transformation of the original feature
vector and generates a new feature vector to solve the problem
of noise sensitivity. On this basis, the similarity between
the sketch and the 3D model is calculated [14]. To evaluate
our method, we test our method on the public standard
data set and also compared with other leading 3D model
retrieval approaches [15]. The experiments demonstrate that
the DRFVT method is significantly better than any other
retrieval techniques.

2. Our Method

This paper researches on how to get user’s retrieval intention
and the feature extraction of 2D freehand sketch. Users
express their retrieval intention freely by freehand sketch. In
order to realize the 3D model retrieval, this paper calculates
the similarity between 2D sketches feature vector and 3D
model projection view feature vector. The framework of

the medical freehand sketch 3D model retrieval method is
proposed, as shown in Figure 1 [16, 17].

The 2D freehand sketch framework contains five mod-
ules, respectively, 2D freehand sketch input module, 2D
outline representation module, DR method module, FVT
method module, and 2D sketch feature vector set module.
The 2D freehand sketch input module would get user’s
retrieval intention with hand drawing or mouse drawing.
The 2D outline representation module extracts the outline
of sketch based on the eight-direction adaptive tracking
algorithm [18]. The DR method module reduces the dimen-
sionality of feature vector; only the top 𝑀 low frequency
Discrete Fourier Transform coefficients are retained. The
FVTmethod module does the transformation of the original
feature vector and generates a new feature vector to solve the
problem of noise sensitivity. The 2D sketch feature vector set
module contains the feature vector set generated by the DR
method and the FVT method.

Themedical 3Dmodel framework contains fourmodules,
respectively, medical 3D model set module, 2D projection
view of 3D model module, feature vector extraction module,
and 2D projection view feature vector set module. The
medical 3D model set module contains 300 3D model files
of medical organs from the Princeton Shape Benchmark [19].
The 2D projection view of 3D model module chooses and
generates 2D projection views of each 3D model. The feature
vector extraction module creates feature descriptors which
describe the structural information and recognize interior
content from 2D projection views of 3D model. The 2D
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projection view feature vector setmodule contains the feature
vector set of 2D projection views of medical 3Dmodel, which
we use to compare with the 2D sketch feature vector set.

2.1. Feature Extraction of 2D Sketch. In the general sketch
retrieval method, the sketches are composed of element
figures, and the relationship between the element’s figures is
complex. For the 3D model retrieval method, the sketches
are not expressed by simple element figures, because the
outline of the sketch is complicated and has abundant feature
information; it cannot be expressed by simple element figures.
Therefore ourmethod firstly extracts the outline of the sketch
based on the eight-direction adaptive tracking algorithm
and parameterizes the outline to obtain a complex discrete-
time periodic signal whose period 𝑁 equals the number
of points. Secondly, we adopt the DR method to reduce
the dimensionality of feature vector, which obtains good
efficiency in retrieval. Finally, we propose that the FVT
methoddoes the transformation of the original feature vector,
which uses the new feature vector to solve the sensitive noise
problem [20–22].

2.1.1. 2D Outline Representation. For the sketches submitted
by users, this paper extracts the outline of the sketch based on
the eight-direction adaptive tracking algorithm. Let 𝐼(𝑥, 𝑦)
represent the original image [23] and 𝐶(𝑥, 𝑦) represent the
outline binary image. As shown in Figure 2, we search
the outline in the 3 × 3 region with point 𝑃 as centre
counterclockwise.

This algorithm selects the first point of 𝐼(𝑥, 𝑦) as 𝑓𝑖𝑟𝑠𝑡 𝑝.
If there are no other points in direction 2, 3, 4 of 𝑓𝑖𝑟𝑠𝑡 𝑝
counterclockwise, we save 𝑓𝑖𝑟𝑠𝑡 𝑝 into the outline binary
image 𝐶(𝑥, 𝑦). The algorithm is described as follows.

Algorithm 1

Step 1 (initialization). Set the outline binary image 𝐶(𝑥, 𝑦)
to be null. The direction array DI is assigned by DI =

{0, 1, 2, 3, 4, 5, 6, 7}. Let 𝑑 represent the current direction, and
𝑑 = 2.

Step 2. Scan the original image 𝐼(𝑥, 𝑦) line by line in order,
from top to bottom and left to right. We obtain the starting
point 𝑓𝑖𝑟𝑠𝑡 𝑝 of the outline and initialize the current point
𝑛𝑜𝑤 𝑝 with 𝑓𝑖𝑟𝑠𝑡 𝑝.

Table 1: The normalized DFT coefficients.

Invariance Modified coefficient
Translation 𝑍

0
= 0

Scale 𝑅
𝑚
=
𝑅
𝑚

𝑅
1

Rotation 𝜃
𝑚
= 𝜃
𝑚
−
𝜃
−1
+ 𝜃
1

2

Starting point 𝜃
𝑚
= 𝜃
𝑚
+ 𝑚

𝜃
−1
− 𝜃
1

2

Step 3. Add 𝑛𝑜𝑤 𝑝 to the outline binary image 𝐶(𝑥, 𝑦).
𝑛𝑒𝑥𝑡 𝑝 represents the next adjacent point of 𝑛𝑜𝑤 𝑝. Search
𝑛𝑒𝑥𝑡 𝑝 according to the direction array order DI[𝑑],DI[𝑑 +
1], . . . ,DI[𝑑+7]. We assume the 𝑛𝑒𝑥𝑡 𝑝 direction is DI[𝑖]; the
new search direction is 𝑑 = (DI[𝑖]+4+1) mod 8.Then assign
𝑛𝑜𝑤 𝑝 by 𝑛𝑒𝑥𝑡 𝑝 again.

Step 4. Judgewhether 𝑛𝑜𝑤 𝑝 coincideswith the starting point
𝑓𝑖𝑟𝑠𝑡 𝑝; if yes then exit; otherwise returns Step 3.

2.1.2. The DR Method Based on Fourier Transform

(1) Method Description. The outline of the sketch is closed
and cyclical. We can use Fourier Transform to describe its
characteristics. First of all, we consider the outline of an
object as a discrete-time complex periodical signal 𝑧 =

⟨𝑧
0
, 𝑧
1
, . . . , 𝑧

𝑁−1
⟩ and define 𝑧

𝑙
= 𝑥
𝑙
+ 𝑖𝑦
𝑙
(𝑖 = √−1), where

𝑥
𝑙
and 𝑦

𝑙
are the real coordinate values of the 𝑙th (𝑙 =

0, . . . , 𝑁 − 1) sampled point. The signal 𝑧 is then mapped to
the frequency domain by the DFT [24],

𝑍
𝑚
=

𝑁−1

∑

𝑙=0

𝑧
𝑙
𝑒
−𝑖(2𝜋𝑙𝑚/𝑁)

= 𝑅
𝑚
𝑒
𝑖𝜃
𝑚

(𝑚 = −
𝑁

2
, . . . , −1, 0, 1, . . . ,

𝑁

2
− 1) ,

(1)

where𝑅
𝑚
and 𝜃
𝑚
are themodule and the argument of the𝑚th

DFT coefficient, respectively.

(2) Invariance Requirement. In order to guarantee the trans-
lation, scaling, rotation, and starting point invariance, we
have to modify the DFT coefficients accordingly. When a
change is in the position, size, orientation of the object,
or the initial point used to parameterize the outline, the
DFT coefficients are modified [25]. In Table 1, we show how
normalized DFT coefficients 𝑍

𝑚
= 𝑅
𝑚
𝑒
𝑖𝜃
𝑚 satisfying the

invariance requirements can be obtained.
If one wants to achieve rotation and starting point

invariance, the two corresponding modifications have to be
integrated, leading to

𝜃
𝑚
= 𝜃
𝑚
−
𝜃
−1
+ 𝜃
1

2
+ 𝑚

𝜃
−1
− 𝜃
1

2
. (2)

For rotation and starting point invariance, the derivation
is as follows [26–28].

We consider the original outline signals 𝑧 and 𝑧, where
𝑧
 is obtained from 𝑧 by rotating each point counterclockwise
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Table 2: Sample 3D models based on 6 categories.

3D model Category 3D model Category 3D model Category

Body Heart Lung

Ovary Kidney Liver

by a constant factor 𝜃
0
and by shifting the starting point by 𝑙

0

positions, 𝑧
𝑙
= 𝑧
𝑙−𝑙
0

𝑒
𝑖𝜃
0 . The corresponding DFT coefficients

are

𝑍


𝑚
= 𝑍
𝑚
𝑒
𝑖𝜃
0𝑒
−𝑖(2𝜋𝑙

0
𝑚/𝑁)

= 𝑅
𝑚
𝑒
𝑖(𝜃
𝑚
+𝜃
0
−2𝜋𝑙
0
𝑚/𝑁)

. (3)

Thus, 𝜃
𝑚
can be expressed as

𝜃


𝑚
= 𝜃
𝑚
+ 𝜃
0
−
2𝜋𝑙
0
𝑚

𝑁
. (4)

In particular, when𝑚 is 1 or −1, 𝜃
1
and 𝜃
−1

are

𝜃


1
= 𝜃
1
+ 𝜃
0
−
2𝜋𝑙
0

𝑁
,

𝜃


−1
= 𝜃
−1
+ 𝜃
0
+
2𝜋𝑙
0

𝑁
.

(5)

By referring to Table 1, it is obtained that

𝜃


𝑚
= 𝜃


𝑚
−
𝜃


−1
+ 𝜃


1

2
+ 𝑚

𝜃


−1
− 𝜃


1

2

= 𝜃
𝑚
+ 𝜃
0
−
𝜃
−1
+ 𝜃
1

2
−
2𝜋𝑙
0
𝑚

𝑁
− 𝜃
0
+ 𝑚

𝜃
−1
− 𝜃
1

2

+
2𝜋𝑙
0
𝑚

𝑁
= 𝜃
𝑚
−
𝜃
−1
+ 𝜃
1

2
+ 𝑚

𝜃
−1
− 𝜃
1

2
= 𝜃
𝑚
.

(6)

By simply performing the Inverse DFT on normalized
DFT coefficients, we obtain a modified normalized signal 𝑧
which satisfies all the requested invariance

𝑧
𝑙
=

1

𝑀

𝑀/2−1

∑

𝑚=−𝑀/2

𝑍
𝑚
𝑒
𝑖(2𝜋𝑙𝑚/𝑀)

(𝑙 = 0, 1, . . . ,𝑀 − 1) . (7)

(3) Dimensionality Selection. In order to concentrate the
outline information of the sketch, we use only low frequency
DFT coefficients. In particular, we keep only the𝑀 (𝑀 ≪ 𝑁)

coefficients whose frequency is closer to 0. The DR method
uses the Bartolini et al. [29] spectral characteristics 𝐸(𝑀) to
determine the value of 𝑀. The energy of the signal retained
by the𝑀 coefficients is defined as

𝐸 (𝑀) =

𝑚=𝑀/2−1

∑

𝑚=−𝑀/2,𝑚 ̸=0

𝑍𝑚


2
. (8)

The choice of a suitable value for 𝑀 has to trade off
the accuracy in representing the original signal with the
compactness and the extraction efficiency.

2.1.3. The FVT Method. The feature vector extraction algo-
rithm is as follows.

Let the centroid be (𝑥
0
, 𝑦
0
); the distance 𝑟

𝑡
from the

outline point to the centroid is shown as below:

𝑟
𝑡
= √(𝑥

𝑡
− 𝑥
0
)
2
+ (𝑦
𝑡
− 𝑦
0
)
2
. (9)

Then the distance from each of 𝑀 outline points to the
centroid (𝑥

0
, 𝑦
0
) generates the 𝑀 dimension feature vector

𝑅 = (𝑟
1
, 𝑟
2
, . . . , 𝑟

𝑀
).

The traditional Fourier Transform has certain sensitivity
to noise, and the noise sensitivity problems will affect the
similarity accuracy of feature vector. Therefore, this paper
proposes the FVT method, which solves the issue of noise
sensitivity. For the feature vector 𝑅 = (𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑀
), set

𝑟
𝑘
= min(𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑀
); then generate the new feature vector

𝑅

= (𝑟
𝑘
, 𝑟
𝑘+1

, . . . , 𝑟
𝑀
, 𝑟
1
, . . . , 𝑟

𝑘−1
).

2.2. Similarity Comparison. From the user input retrieval
intention, retrieving the user’s satisfactory models requires
comparing the feature vector distances between the input
sketch and the 3D model. The similarity of models is deter-
mined by the differences between feature vectors [30–34].

In order to realize the medical freehand sketch 3D model
retrieval, this paper compares the similarities of the medical
3D model based on Euclidean distance [35], where 𝑋,𝑌
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Figure 3: The medical freehand sketch 3D model retrieval system.

Figure 4: The effect of the outline extraction.

represent the feature vector of 2D sketch and 2D projection
views of the 3D model, respectively:

𝐷 (𝑋, 𝑌) = √

𝑛

∑

𝑖=1

(𝑥
𝑖
− 𝑦
𝑖
)
2
. (10)

3. Experiments and Results

We implement the medical 3D model retrieval method in
C++ under Windows. The system consists of a computer

with an Intel Xeon CPU E5520@2.27GHz and 12.0GB of
RAM.On average, each 3Dmodel takes 6.1 seconds to extract
features; before the sketch retrieval we can extract and store
the 2D projection view feature vector. Moreover the 2D
freehand sketch takes 0.06 seconds to extract features. The
freehand sketch retrieval takes 0.1 seconds in the medical 3D
model retrieval system.

For performance evaluation, we select 300 3Dmodel files
of medical organs from the Princeton Shape Benchmark [18]
(http://shape.cs.princeton.edu/benchmark/); each 3D model
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Figure 5: The value of 𝐸(𝑀)/𝐸(𝑁) for the heart 3D model.

M = 32

Figure 6: The result of the DR method for the heart 3D model.
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Figure 7: The original human body feature vector.
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Original human body feature vector
Widening human body feature vector
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Figure 8: The widening human body feature vector.
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Figure 9: The cutting human body feature vector.

is manually classified based on 6 categories (“Body” (130
images), “Heart” (30), “Lung” (25), “Ovary” (13), “Kidney”
(22), and “Liver” (18)). The 3D models do not belong to any
category and were assigned to a default class (62). Table 2
shows some 3D models in the data set, along with their
category.

In this paper, we provide users’ interface with hand
drawing or mouse drawing, which is convenient for users
to draw and modify the freehand sketches. As shown in
Figure 3, the left is the tablet which is used for hand drawing
or mouse drawing, and the right shows 3D model retrieval
results.

3.1. The 2D Sketch Feature Extraction Experiments

3.1.1. Extract the Outline of Sketch. This paper extracts the
outline of sketch based on the eight-direction adaptive
tracking algorithm. It is assumed that when the sketch is
drawn, the mouse point sequence is stored in 𝐼(𝑥, 𝑦). After
that 𝐼(𝑥, 𝑦) is applied to generate the outline binary image
𝐶(𝑥, 𝑦); Figure 4 shows a freehand sketch and the outline
extraction.

3.1.2. The DR Experiments. According to the above process,
we use the eight-direction adaptive tracking algorithm to
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(a) 𝑃/𝑅 graph on the whole data set
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(b) 𝑃/𝑅 graph for the query “Heart”
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(c) 𝑃/𝑅 graph for the query “Lung”

Figure 10: 𝑃/𝑅 comparing DR and MAXC method.

parameterize 𝑁 points outline. The DR method reduces
the dimensionality of feature vector; only the top 𝑀 low
frequency DFT coefficients are retained. We consider the
spectral characteristics 𝐸(𝑀) of the data set to determine the
value of𝑀.

As an example, Figure 5 plots the value of 𝐸(𝑀)/𝐸(𝑁)

for the heart 3D model set. From the graph, when choosing
𝑀 ∈ [16, 64], the retained energy varies from 75 percent to
91 percent of the total. On the other hand, when obtaining
𝐸(𝑀)/𝐸(𝑁) = 95%, 𝑀 should be equal to 512. The 𝑀

value will represent 512 outline points and then construct

512 vertices of graph, which is not obviously appropriate.
Therefore choose the smaller 𝑀, such as 𝑀 = 32; 𝑀 is a
power of 2; we can easily use the Fast Fourier Transform.

Experiments of the heart 3D model set show that the
effectiveness of using 𝑀 = 16 is much lower than 𝑀 = 32,
whereas increasing the value of 𝑀 to 64 does not lead to
further improvements. Thus, in this experiment, we will use
𝑀 = 32; the result of the DR method is as shown in Figure 6.
Using 32 generated outline points calculates the distance from
each point to the centroid (𝑥

0
, 𝑦
0
) and then generates 32D

feature vector 𝑅 = (𝑟
1
, 𝑟
2
, . . . , 𝑟

32
).
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Figure 11: 𝑃/𝑅 graph for the query “Human Body.”

3.1.3. The FVT Experiments. This paper considers the outline
of the transformed human body, such as widening or cutting
the human body. We select the 𝑀 = 64 value using the
DRmethod and calculate the distance from the outline point
to the centroid 𝑟

𝑡
= √(𝑥

𝑡
− 𝑥
0
)2 + (𝑦

𝑡
− 𝑦
0
)2. The feature

vector 𝑅 = (𝑟
1
, 𝑟
2
, . . . , 𝑟

64
) is shown as follows. Figure 7 shows

the original human body feature vector, Figure 8 shows the
widening human body feature vector, and Figure 9 shows the
cutting human body feature vector.

Figures 8 and 9 show that the feature vectors have certain
sensitivity to noise. Therefore we transform the existing
feature vector 𝑅 = (𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑁
) and generate new feature

vector 𝑅


= (𝑟
𝑘
, 𝑟
𝑘+1

, . . . , 𝑟
𝑁
, 𝑟
1
, . . . , 𝑟

𝑘−1
) to solve noise

sensitive issue.

3.2. Algorithm Performance. For evaluation purposes, any
3D model in the same category of the query is considered
relevant to that query, whereas all other models are con-
sidered irrelevant. To measure the retrieval effectiveness,
we considered classical precision (𝑃) and recall (𝑅) metrics
[36, 37] averaged over the set of processed queries. They are
defined as follows:

precision =
relevant correctly retrieved

all retrieved
,

recall =
relevant correctly retrieved

all relevant
.

(11)

3.2.1. Effect of the DR Method. In our first experiment,
we compare the DR method with the one based on the
extraction from the boundary of the 𝑀 points having the
highest curvature values, hereafter called MAXC [38]. We do

not consider methods that reduce dimensionality by simply
resampling the original boundary every 𝑁/𝑀 points since
this easily leads to missing significant shape details. Results
in Figure 10(a) clearly show that DR method consistently
outperformsMAXC in precision and that it is always positive
even for higher recall levels. A similar trend can be also
observed on specific query, as shown in Figures 10(b) and
10(c).

3.2.2. Effect of the FVT Method. In order to consider the
effects of the FVT method, we compare the DRFVT method
with the other two methods. One method uses the DR
method and discards the FVT method, hereafter called DR-
NoFVT. The other method uses the MAXC and the FVT
method, called MAXC-FVT. For one specific query, Figure 11
shows the 𝑃/𝑅 graph for the query “Human Body” and
Figure 12 for visualization of retrieval results.The experiment
results demonstrate that the FVT method is very useful, and
theDRFVTmethod gets better precision than other proposed
methods.

4. Discussion and Conclusion

In this paper, we propose a novel medical freehand sketch
3D model retrieval method DRFVT which uses dimension-
ality reduction and feature vector transformation. It firstly
provides a convenient interface to satisfy the user’s design
process and extract the outline of sketch based on eight-
direction adaptive tracking algorithm. Secondly, the DR
method reduces the dimensionality of feature vector; only
the top𝑀 low frequency DFT coefficients are retained.These
𝑀 coefficients are modified so as to achieve the invariance
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Figure 12: Results for the query “Human Body.”

and then stored in the database. Finally, The FVT method
is proposed, which generates a new feature vector to solve
the problem of noise sensitivity. On this basis, the similarity
between the sketch and the 3D model is calculated; thus the
final retrieval results would be presented to the users. The
experiment results demonstrate that our method achieves
retrieval results more effectively and efficiently than other
previously proposed methods.

The future of our work is to develop a user interaction
feedbackmechanism.After the users submit the query sketch,
the system first provides a list of retrieved 3D models. Then,
the users can refine the retrieval results by selecting the 3D
models which they take as the good results. This feedback
mechanism can not only providemore desirable retrieved 3D
models to the user, but also enhance the user interaction just
by making some easy choices. It would largely improve the
effectiveness of our retrieval system [39, 40].
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Early brain tumor detection and diagnosis are critical to clinics. Thus segmentation of focused tumor area needs to be accurate,
efficient, and robust. In this paper, we propose an automatic brain tumor segmentation method based on Convolutional Neural
Networks (CNNs). Traditional CNNs focus only on local features and ignore global region features, which are both important for
pixel classification and recognition. Besides, brain tumor can appear in any place of the brain and be any size and shape in patients.
We design a three-stream framework named as multiscale CNNs which could automatically detect the optimum top-three scales of
the image sizes and combine information from different scales of the regions around that pixel. Datasets provided by Multimodal
Brain Tumor Image Segmentation Benchmark (BRATS) organized by MICCAI 2013 are utilized for both training and testing. The
designed multiscale CNNs framework also combines multimodal features from T1, T1-enhanced, T2, and FLAIR MRI images. By
comparison with traditional CNNs and the best two methods in BRATS 2012 and 2013, our framework shows advances in brain
tumor segmentation accuracy and robustness.

1. Introduction

Brain tumor is an uncontrolled growth of solid mass formed
by undesired cells found in different parts of the brain. It can
be divided into malignant tumor and benign tumor. Malig-
nant tumors contain primary tumors and metastatic tumors.
Gliomas are the most common brain tumors in adults, which
start from glial cells and infiltrate the surrounding tissues [1].
Patient with low grade gliomas can expect life extension of
several years while patient with high grade can expect at most
2 years [2]. Meanwhile, the number of patients diagnosed as
brain cancer is growing fast year by year, with estimation of
23,000 new cases only in the United States in 2015 [3].

Surgery, radiation, and chemotherapy are mainly the
common treatments for brain tumors. The latter two aim to
slow the growth of tumors, while the former one tries to resect
and cure tumors. Thus early diagnosis and discrimination
of brain tumor become critical. At the same time, accurate
location and segmentation of brain tumor are essential for
treatment planning.

Among the variety of imaging modalities, Magnetic
Resonance Imaging (MRI) shows most details of brain and

is the most common test for diagnosis of brain tumors [4, 5].
MRI containsT1-weightedMRI (T1w), T1-weightedMRIwith
contrast enhancement (T1wc), T2-weightedMRI (T2w), Pro-
ton Density-Weighted MRI (PDw), Fluid-Attenuated Inver-
sion Recovery (FLAIR), and so forth. Unlike Computed
Tomography (CT) image, MRI images from different types
of machines have different gray scale values. Gliomas can
appear in any location of the brain in any size and shape.
Also gliomas are infiltrative tumors and are difficult to distin-
guish from healthy tissues. As a result, different information
provided by different MRI modalities should be combined to
settle the difficulties mentioned above.

Although decades of efforts have been made to look
for efficient methods for brain tumor segmentation, no
perfect algorithm has been found. Besides, most are based
on conventional machine learning methods or segmentation
methods for other structures [6]. These methods either
use hand-designed specific features or produce bad seg-
mentation results when tumor surroundings are diffused
and poorly contrasted. Methods based on hand-designed
specific features need to compute a large number of features
and exploit generally edge-related information while not
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adapting the domain of brain tumors. Besides, traditional
feature produced through image gradients, Gabor filters, His-
togram of Oriented Gradients (HoG), or Wavelets shows bad
performance especially when boundaries between tumors
and healthy tissues are fuzzy. As a result, designing task-
adapted [7] and robust feature representations is essential
for complicated brain tumor segmentation. Recently, Con-
volutional Neural Networks (CNNs) as supervised learning
methods [8] have shown advantages at learning hierarchy of
complex features from in-domain data automatically [7] and
achieved promising results in facial [9] and MINST database
recognition [10], mitosis detection [11], and so forth. Besides,
CNNs have also shown successful application to segmen-
tation problems [12, 13], while they are not often used in
brain tumor segmentation tasks [14, 15]. However, traditional
standard CNNs only focus on local textual features. As a
result, some important global features are lost inevitably.
As both local and global features play an important role
in image recognition tasks [16, 17], we propose a specific
CNNs architecture for brain tumor segmentation combining
all these features. In this architecture, multiscale concept
is introduced to our previous designed traditional single-
scale CNNs [18]. By combining multiscale CNNs, both local
and global features are extracted. The pixel classification
is predicted by integrating information learned from all
CNNs. Besides, multimodality MRI images are trained at
the same time for utilizing complementary information.
Experiments show promising tumor segmentation results
through multiscale CNNs.

2. Our Multiscale Convolutional
Neural Networks

In order to cut computation time caused by 3D CNNs, we
utilize 2D CNNs from axial view, respectively. As MRI image
lacks information from 𝑧 axial, 𝑥-𝑦 slice patches are used
and, through this way, computation time is greatly reduced.
For each 2D axial image, each pixel combines information
from different image modalities, including T1, T2, T1c, and
FLAIR. Just like traditional CNNs [19, 20], our multiscale
CNNs model takes the class of the central input patch as
prediction result. Thus the input patch of the network is
several 2D patches from four modalities.

2.1. Traditional CNNs. In order to clearly show structures
of CNNs, Figures 1 and 2 are two classical examples of
traditional CNNs for the famous ImageNet [21] and MINST
[10] datasets. After the input layer, as shown in the figures,
CNNs are composed of two parts: the feature extraction part
and the full connection of classification part. The feature
extraction part consists of pairs of convolution layer and
down sample layer, through which hierarchy of features is
extracted. Output of each layer acts as input of the subsequent
layer pair. This output is feature map of that layer. As a result,
trivial parts of images are cut down and main description of
input image patches is left, respectively.

According to different data structures, the CNNs utilize
different sizes of patches as inputs (red in Figures 1 and 2;
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224∗224 for ImageNet and 28∗28 forMNIST, which is static
for one specific dataset). Reasonably, for one specific type of
data, only one network structure is appropriate (as ImageNet
CNNs and MINST CNNs). From the sample in Figure 1,
we can conclude that traditional CNNs run well on the key
features detection and recognition. The images in ImageNet
are usually nature images to which the local features (or
texture features) are more important than the global features
(or the structure features). Traditional CNNs perform pretty
well for training classification of one specific problem. But it
may crash for using only one network structure to handle
such variable region problems. Brain tumor can be of any
size and shape in different patients, and even different slices
of one patient are not the same size. Besides, as traditional
CNNs focus too much on local features, the trained network
is not adaptive for different input brain tumor images. For the
tumor images in which the features are usually fuzzy, both
local and global features are very important. As a result, the
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accuracy for recognizing tumor through traditional CNNs
would be decreased heavily.

To solve this kind of problem, we propose a multiscale
CNNs framework which could detect both local and global
features at the same time. The multiscale CNNs, which
combine both local and global features, could be adaptive
to different resources of input images, including different
resources of brain tumor and other soft tissues.

2.2. The Architecture of Our Multiscale CNNs Model

2.2.1. Automatic Selection of Proper Image Patch Size in
Multiscale CNNs Model. From discussion in Section 2.1,
selection of proper input image patch size is a critical part
for extracting features. Choosing proper size, especially close
to that of brain tumor, can improve classification accuracy
of CNNs. This is one point we seriously emphasize through
experiments. The workflow of our automatic selection of
proper image patch size is shown in Figure 3. Traditional
procedure in classification includes training and testing parts.
Here we make a prior procedure before the training part. As
Figure 3 shows, 1% of training 2D slices data is randomly
selected and different scales of image patches are extracted in
order to get the top-3 image patch sizes. This three-channel
data is the source of multiscale CNNs in Figure 4. In this
paper, from the prior procedure, three scales of patches 48 ∗
48, 28 ∗ 28, and 12 ∗ 12 produce the top-three accuracy
results and are selected as the source of the multiscale CNNs.
When datasets change, by the procedure of prior method,
different scales of image path sizes would be selected for the
best classification result.

2.2.2. Our Multiscale CNNs Architecture. The overall struc-
ture of multiscale CNNs is shown in Figure 4. This network
is fit for a wide range size of brain tumor. We propose three-
pathway CNNs architecture. This architecture is constructed
with three-pathway streams: one way with small input image
size 12 ∗ 12, one with middle input image size 28 ∗ 28,
and last one with large size 48 ∗ 48. Under this architecture,
the prediction of each pixel’s classification is made through
combination of different scales of features: both the local
around that pixel and the global region.

Taking 48 ∗ 48 block size, for example, we design seven-
layer architecture, including one input layer, five convolu-
tional layers (noted as C1, C2, C3, C4, and C5), and one max
pooling layer. In this architecture, convolutional layers act
as building blocks of CNNs. These convolutional layers are
stacked on top of each other to form a hierarchy of features.
Filter kernel size of each convolutional layer is set to 11 ∗ 11,

11∗11, 11∗11, 11∗11, and 5∗5.The first convolutional layer
C1 takes different modalities of MRI image patches as inputs
and produces 12 feature maps of size 38∗38. Then the output
of C1 acts as inputs of C2. Feature map is computed as

𝑀
𝑠
= 𝑏
𝑠
+∑

𝑐

𝑊
𝑠𝑐
∗ 𝑋
𝑐
, (1)

where 𝑋
𝑐
is the 𝑐th input channel (here one modality as

per input channel), 𝑊
𝑠𝑐
is the kernel in that channel, ∗ is

the convolution operation, and 𝑏
𝑠
is the bias term. After five

convolutional layers, max pooling operation takes place.This
is to take themaximum feature value over subwindowswithin
each featuremap, shrinking the size of the corresponding fea-
ture map.This subsampling produce introduces the property
of invariance to local translations. Weights of three pathways
are learnt separately and then are combined together for a
three-pathway network. Success of our proposed multiscale
CNNs owes to these data-driven and task-specific dense
feature extractors.

After all these different task-specific hierarchies of fea-
tures extracting procedures, all outputs of three pathways
are combined as input of a full connection layer. This full
connection layer is for final classification of the central pixel
of that input image patch. In this layer, learnt hierarchical
features of three pathways are arranged in one dimension and
utilized together for patch classification.

The detailed procedure is as follows: for the first channel
(in which the image patch size is 48 ∗ 48) after max pooling
procedure, produced feature number and size are 1024 and
4∗1; for the second channel (in which the image patch size is
28∗28), the output number and size of feature are 72 and 4∗4,
respectively; for the third channel (in which image patch size
is 12∗12), the output feature size is 4∗4 and feature number is
16. In order to combine these three kinds of outputs which are
different from each other in both feature size and number, a
new one-dimensional vector is made which contains all the
features in three channels, and the vector size is 5504 (the
same with the sum of three kinds of features). This vector is
the description of the tumor image and plays the role in the
tumor classification in next three-layer module.

Detailed experiment performance analysis is described in
Section 3.

3. Experiment Results

In this section, in order to show the effectiveness and
robustness of our multiscale CNNs architecture, various
kinds of experiments are carried out. Firstly, it is important
to determine the proper image patch sizes for inputs in the
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Figure 4: The architecture of multiscale three-layer neural network.

prior procedure before training. This operation is to find
the most proper patch size for CNNs training. Experiments
are carried out to test performance of traditional CNNs
with only one pathway. In this section, performances of
CNNs with different layers and iteration times are also tested.
Then any two traditional CNNs tested in former section
are combined as two-pathway CNNs and comparisons are
made among different number pathways of CNNs. Finally,
experiments are carried out to show the high segmentation
accuracy and efficiency of our designed three-pathway CNNs
architecture. Comparison is made among published state-of-
the-art methods in BRATS [1].

Dice ratio is commonly utilized to validate algorithm
segmentation result. As defined in (2), dice ratio is to
show similarity between manual standard and our automatic
algorithm segmentation result:

DR (𝐴, 𝐵) = 2 |𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

. (2)

3.1. Data Description. The experiments are performed over
datasets provided by benchmarkBRATS 2013 [1].Thedatasets
include T1, T1c, T2, and FLAIR images. The training data
includes 30 patient datasets and 50 synthetic datasets. All
these datasets have been manually annotated with tumor
labels (necrosis, edema, nonenhancing tumor, and enhancing
tumor denoted as 1, 2, 3, and 4, while 0 stands for normal
issue). Figure 5 shows an example of tumor structures in
different image modalities (T1, FLAIR, T1c, and manual
standard). For tumor detection, T1 shows brighter borders of

(T2) (FLAIR) (T1c) (Manual)

Figure 5:The three types of data and themanually generated results.

the tumors, while T2 shows brighter tumor regions. FLAIR
is effective for separating edema region from CSF. In this
paper, the four image modalities are combined to utilize
complementary information in CNNs training.

3.2. Proper Image Patch Size and Layer Number for Traditional
CNNs. As traditional CNNs have only one network struc-
ture, it is fit for certain fixed size of input image patch. We
get the top-three image patch sizes in the prior procedure
before training (as shown in Figure 3). Figure 6 shows the
mean brain tumor segmentation results on five datasets. We
designed various one-pathway CNNs architecture including
3, 5, 7, and 9 layers. At the beginning, brain tumor segmen-
tation accuracy increases with the increase of layer number.
Structure with 7 layers for input patch size of 48 ∗ 48 reaches
top accuracy. But accuracy falls greatly in 9-layer CNNs.

For each iteration time, segmentation result is refined
and rectified. As a result, accuracy also goes higher with the
increase of iteration times (in Figure 6).Through experiment,
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it can be concluded that iteration time of 1000 is amost proper
choice.

Figure 7 illustrates the different influences of top-three
input image patch sizes on brain tumor segmentation result
of traditional one-pathway CNNs. Statistics is made on test
dataset from 1 to 5. 48 ∗ 48, 28 ∗ 28, and 12 ∗ 12 are the
three most proper types of patch size in conclusion. It can be
drawn that, among these three types, 28∗28 is the best choice
in most datasets (according to data 1, 2, 3, and 5 except 4).
28 ∗ 28 performs not so well as the other two types in dataset
4, which is probably because of the complex shapes of tumors
in different slices and locations. But its accuracy is still higher
than that of 48 ∗ 48 and 12 ∗ 12 patch size in dataset 3. As
a whole, these three types of patch size grasp different scales
of features and information from brain tumor images, which
are all important in tumor segmentation and recognition.

Experiment in this section shows that the patch size and
the layer of the designedCNNs architecture all play important
roles in the accuracy of tumor classification. As Figures 6 and
7 show, the three proper patch sizes (i.e., 48∗ 48, 28∗ 28, and
12 ∗ 12) should be the main patch sizes for our multiscale
CNNs network, each as one pathway.

3.3. Comparison between Combination of Different Scale
CNNs. Combination of any two of the top-three proper patch
sizes, that is, forming two-pathway CNNs, is tested in this
section. And finally each of the patch size CNNs acts as
one pathway of our multiscale CNNs. Comparison is also
made among them. From Figure 8, it is clear that through
joint training of any two-scale CNNs, tumor classification
accuracy is improved compared with single path CNNs, but
in different improvement extent. As a whole, joint training
containing 48 ∗ 48 patch size performs better than the other
two patch sizes (28 ∗ 28 and 12 ∗ 12). This is because 48 ∗ 48
patch size provides global scale information for CNNs feature
learning. Pity that 28 ∗ 28 and 12 ∗ 12 joint training even
reduces accuracy compared with 28 ∗ 28 single pathway
CNNs, but higher than that of 12∗12CNNs.This is probably
because of the lack of global features in 12∗ 12 path pathway.
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Figure 7: The comparison of different patch size of traditional
CNNs.
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It is obvious that through combining both global and local
features (48∗48, 28∗28, and 12∗12 in this paper), accuracy is
improved and reaches nearly 0.9 for some dataset in Figure 8,
which illustrates the advantages of our proposed multiscale
CNNs model.

3.4. Comparison with Other Methods. Figure 9 illustrates
comparison with other methods in BRATS challenge [1].
Paper [1] published in 2014 gives comprehensive and formal
results of methods that participated in BRATS 2012 and 2013.
We select the best two performing algorithms [1, 18] for
comparison. Top edge of the blue rectangle stands for the
mean accuracy of each method, while whisker across the
average value indicates variance of each method.

Without exception, average accuracy results of traditional
one-pathway CNNs of 48 ∗ 48, 28 ∗ 28, and 12 ∗ 12 all
fall behind the top two methods. However, performance of
traditional CNNs with path size of 28 ∗ 28 is still better
than Bauer 2012, which illustrates that patch size 28 ∗ 28 is
a most proper choice. While mean score of our multiscale
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CNNs is lower than the best method (0.81 versus 0.82), our
method is almost as stable as the best method (variance 0.099
versus 0.095). Compared with second best method Menze,
our method is more accurate (0.81 versus 0.78) but not as
stable as it (0.099 versus 0.06). This is probably because of
the lack of specific preprocessing step before CNNs training.

4. Conclusion

In this paper, we propose an automatic brain tumor seg-
mentation method based on CNNs. Traditional one-pathway
CNNs only support fixed size of input image patches and relay
on local features. Besides, brain tumor can be of any size and
shape and locate in any part of the brain. As a result, tradi-
tional CNNs are not adaptive to accurate segmentation and
classification of brain tumor. To solve all the above problems,
we present amultiscale CNNsmodel, throughwhich not only
local and global features are learnt, but also complementary
information from various MRI image modality (including
T1, T1c, T2, and FLAIR) is combined. Through various
experiments, our three-pathwayCNNs show their advantages
and improvements compared with traditional CNNs and
other state-of-the-art methods.

In the future, we shall explore and design other CNNs
architectures to further utilize its self-learning property and
improve segmentation accuracy by extracting richer bound-
ary information and discriminating fuzzy points.
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In echo-cardiac clinical computer-aided diagnosis, an important step is to automatically classify echocardiography videos from
different angles and different regions. We propose a kind of echocardiography video classification algorithm based on the dense
trajectory and difference histograms of oriented gradients (DHOG). First, we use the dense grid method to describe feature
characteristics in each frame of echocardiography sequence and then track these feature points by applying the dense optical
flow. In order to overcome the influence of the rapid and irregular movement of echocardiography videos and get more robust
tracking results, we also design a trajectory description algorithm which uses the derivative of the optical flow to obtain the
motion trajectory information and associates the different characteristics (e.g., the trajectory shape, DHOG, HOF, and MBH) with
embedded structural information of the spatiotemporal pyramid. To avoid “dimension disaster,” we apply Fisher’s vector to reduce
the dimension of feature description followed by the SVM linear classifier to improve the final classification result. The average
accuracy of echocardiography video classification is 77.12% for all eight viewpoints and 100% for three primary viewpoints.

1. Introduction

The echocardiography video still plays an important role in
modern medical diagnosis. It can be used to analyze the
heart by providing the cardiac structural and motional infor-
mation. The echocardiography video gets the 3D detailed
anatomical structure and functional information of the heart
from eight standard views, which are usually taken from an
ultrasound transducer at the three primary positions (Apical
Angles (AA), Parasternal Long Axis (PLA), and Parasternal
Short Axis (PSA)). In order to choose the most helpful
echocardiography video for disease diagnosis or research,
we need to categorize the eight kinds of echocardiography
videos. Classifying is the first step in the research. In clinical
practice, because of the ultrasound characteristic limits,
such as the high noise caused by the low contrast ratio
in echocardiography video, sonographer has to manually
classify these echocardiography videos. It causes the great
decrease of working efficiency and easily impacts the recog-
nition results owing to sonographer experience and image
resolution.Therefore, how to use the computer to classify the

echocardiography video is a crucial step in the current echo-
cardiac research.

In recent years, there are a lot of researchers who focus
on this area. For example, Kumar et al. [1] are devoted to
expressing the main anatomical structure of space motion.
Zhou et al. [2] and Beymer et al. [3] mention echocardiogram
classification based on multiple object space relations. Then
Shalbaf and Sera et al. [4, 5] add the movement information
on this basis, which extract and detect the feature by tracking
the movements and patterns of the contour shape of the
heart. Wang et al. [6] extract feature by analyzing the factor
in video. Guo et al. [7] propose an echocardiography video
classification method based on sparse representation and
greatly enhance the recognition accuracy. An echocardiogra-
phy video classification method based on the 3DSIFT feature
description is proposed in [8]. The authors detect echo-
cardiac features applying cuboid detector, represent these
features into 3DSIFT descriptors, and finally use Bag ofWord
to encode before classifying in SVM. After that, Rap and
Espinola-Zavaleta et al. [9, 10] propose the echocardiography
classification method based on the features of low dimension
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Figure 1: Echocardiography video classification flow based on the dense trajectory.

and improve the classification result by combining the kernel
function with movement decomposition algorithm.

In this paper, it is a challenge to precisely classify the
echocardiography video because it has strong noise and
low resolution. We propose a method based on the dense
trajectory [11] and difference histograms of oriented gradients
(DHOG). Dense trajectory tracking, which samples the video
points densely in our experiment, can ensure the feature
points covered integrally. In addition, it can differentiate the
foreground and the background from the scene and improve
the efficiency of recognition. Moreover, dense optical flow
can improve perfectly the trajectory characteristics of the
feature points. In order to describe the dense trajectory, this
paper also proposes a method based on motion boundaries
and structure descriptors (DHOG, HOF, and MBH), which
has the better result. The movement boundary histogram
has higher robustness than other descriptions which are
based on the optical flow algorithm. It has a great impact
for the stability of the classification system. Finally the
Fisher vector and linear SVM classifier are applied to classify
echocardiography videos.

2. Methodology

Dense trajectories are obtained through dense-sampling the
points in each frame and track these points in dense optical
flow field. Dense sampling ensures the integrity coverage
of the feature points of video, and dense optical flow can
improve the properties of trajectory, distinguish the fore-
ground and background of echocardiography video, and
promote the efficiency of recognition.The flow chart of dense
trajectory behavior recognition method is shown in Figure 1.
We will produce details about the flow chart in the following
content.

2.1. Dense Sampling. Feature points on a grid spaced are
densely sampled by 𝑊 pixels. Sampling is carried out on
each spatial scale separately. It means that feature points
equally cover all spatial positions and scales. According to
the previous experiment results [7], the sampling step size of
𝑊 = 5 pixels is dense enough to give good results over all
data. Smaller sampling step does not havemore improvement
and it will increase the amount of calculation. There are at
most 8 spatial scales in total, depending on the resolution of
the video. The spatial scale increases by a factor of 1/√2.

Because sampling in the homogeneous area makes no
sense for detecting, we remove points in these areas using

t t + 1 t + 2 t + L t + L + 1 t + L + 2

Figure 2: The diagram of dense trajectory extraction.

Zhang’s criterion [19]. When the eigenvalue of the local
autocorrelation matrix is less than a certain threshold, the
pointwill be removed according to the criterion. In this paper,
the threshold 𝑇 is as follows:

𝑇 = 0.001 ×max
𝑖∈𝐼
𝑡

min (𝜆1
𝑖
, 𝜆
2

𝑖
) , (1)

where (𝜆1
𝑖
, 𝜆
2

𝑖
) are the eigenvalues of point 𝑖 in the image

𝐼
𝑡
. And experimental results showed that the value of 0.001

represents a good compromise between saliency and density
of the sampled points.

2.2. Dense Trajectory Extraction. Dense trajectories are
extracted by tracking feature points in each scale space alone,
as shown in Figure 2.

For each frame 𝐼
𝑡
, its dense optical flow field 𝜔

𝑡
= (𝑢
𝑡
, V
𝑡
)

is computed by 𝑤, 𝑟, 𝑡. The next frame is where 𝑢
𝑡
and V
𝑡
are

the horizontal and vertical components of the optical flow.
Given a point 𝑃

𝑡
= (𝑥
𝑡
, 𝑦
𝑡
) in frame 𝐼

𝑡
, its tracked position in

frame 𝐼
𝑡+1

is smoothed by applying a median filter:

𝑃
𝑡+1

= (𝑥
𝑡+1
, 𝑦
𝑡+1
) = (𝑥

𝑡
, 𝑦
𝑡
) + (𝑀 ∗ 𝜔

𝑡
)
(𝑥
𝑡
,𝑦
𝑡
)
, (2)

where 𝑀 is the median filtering kernel and the size is 3 ×
3 pixels. It avoids trajectories of points located on motion
boundaries being smoothed out [20].

Once the dense optical flow field is computed, points
can be tracked very densely without additional cost. Another
advantage using the dense optical flow field is the smoothness
constraints which allow relatively robust tracking of fast
and irregular motion patterns. In this paper, we use Li’s
algorithm [21] to embed a translation motionmodel between
neighborhoods of two consecutive frames. And polynomial
expansion is employed to approximate pixel intensities in
the neighborhood. Not only can this method effectively
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(c) Projection in [0, 𝜋]

Figure 3: The robustness of the compression direction on background.

cooperate with optical flow and improve the accuracy of
the optical flow, but also its principle is simple and it has
low computational complexity. In our research, we use the
implementation from the OpenCV library to complete the
calculation of dense optical flow field.

The shape descriptor of a trajectorymeans encoding local
motion positions. Given a trajectory of length 𝐿, we describe
its shape by a sequence (Δ𝑃

𝑡
, . . . , Δ𝑃

𝑡+𝐿−1
) of displacement

vector Δ𝑃
𝑡
= (𝑃
𝑡+1

− 𝑃
𝑡
) = (𝑥

𝑡+1
− 𝑥
𝑡
, 𝑦
𝑡+1

− 𝑦
𝑡
). The

resulting vector is normalized by the sum of displacement
vector magnitudes:

𝑇 =
(Δ𝑃
𝑡
, . . . , Δ𝑃

𝑡+𝐿−1
)

∑
𝑡+𝐿−1

𝑗=𝑡


Δ𝑃
𝑗



. (3)

In the following, we refer to this vector as trajectory. As
we use trajectories with a fixed length of 𝐿 = 15 frames, we
obtain a 30-dimensional descriptor.

2.3. Motion and Structure Descriptors. Besides the trajectory
shape information, we also design descriptors to embed
appearance and motion information and include difference
histograms of oriented gradients (DHOG), histograms of
optical flow (HOF), and the motion boundary histograms
(MBH). These features are combined as a motion model of
the local feature descriptor. In 𝐿 frames of continuous video,
we extract the feature in the𝑁×𝑁pixels of local area. In order
to embed structural information, we divide the 𝑁 × 𝑁 × 𝐿

spatiotemporal cube into a set of grids with 𝑛
𝜎
× 𝑛
𝜎
× 𝑛
𝜏

and compute the local descriptor corresponding to each grid.
Finally, we combine each descriptor into the final vector.

2.3.1. Different Histograms of Oriented Gradients. HOG fea-
ture [22] is the information description based on the local
statistical characteristics; its main thought is that the local
target appearance and shape in an image can be described by
the gradient or the direction of the edge density distribution.
First the image is divided into several nonoverlapping cells
with size 𝑁 × 𝑁, and the gradient of each cell is calculated
and then represented using histogram statistics. By merging
multiple cells into a vector, the HOG features are obtained.

Although the traditional HOG features have strong
robustness for certain amount of illumination change, the
expression ability of HOG feature still exists. Since the
gradient direction can be changed by the light and shade of
the background, it is possible to generate different expressions
for the HOG feature as shown in Figure 3. The projection in
the interval [0, 𝜋] has no change for the gradient direction
histogram, as shown in Figure 3(c).

It can lead to ignoring the difference information of
some target showed. The HOG feature descriptor is uniform
because of the different shape objects with different opposite
direction of gradient and the same size and number, which
can produce the same histogram. So the HOG features have
no distinguished ability for these objects.

In order to improve the expression ability of HOG
feature in echocardiography video characteristic trajectory.
We propose an improved HOG descriptor algorithm. We
divide 𝐿 into [0, 2𝜋] area and get the gradient direction
histogram𝐻

𝑔
, where 𝐿 is even and each pixel in the cell needs

to be vote:

𝐻
𝑜𝑔 (𝑖) = 𝐻

𝑔 (𝑖) + 𝐻𝑔 (𝑖 +
𝐿

2
) , 1 ≤ 𝑖 ≤

𝐿

2
, (4)
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Figure 4: Comparison of HOG and DHOG.

where𝐻
𝑜𝑔
(𝑖) and𝐻

𝑔
(𝑖) are, respectively, 𝑖th element values of

HOG and𝐻
𝑔
. In this paper, we set a new series of histograms

𝐻
𝑛𝑔

whose length is equal to the HOG after the HOG, as
shown in Figure 4, and each element value is

𝐻
𝑛𝑔 (𝑖) =


𝐻
𝑔 (𝑖) − 𝐻𝑔 (𝑖 +

𝐿

2
)


, 1 ≤ 𝑖 ≤

𝐿

2
. (5)

In this paper, we call the new gradient direction his-
togram as difference HOG (DHOG); in order to simplify the
calculation, we extract theHOG feature descriptors in 32× 32
pixels of dense trajectory. Each block is divided into 2× 2 cells.
In order to obtain the optimal description while considering
the differences in the opposite direction in this paper, the area
(0∼180∘) is divided into nine bins and then extended to [0,
2𝜋] by DHOG. We divide the gradient direction area of 0∼
360∘ into 18 bins, and calculate gradient direction histogram
in each cell. Then we divide the 𝐿 = 15 frames’ dense
trajectory into three parts and sum the DHOG features with
the corresponding bin. The eigenvectors also are normalized
with the 𝐿2-norm. So, in this paper, there is a dense trajectory
of HOG feature with 𝐿 = 15 frames, whose dimensionality is
2 × 2 × 18 × 3 = 216.

2.3.2. Gradient and Optical Flow Histograms. Different from
theDHOGdescriptor extracting the static shape information,
the HOF uses optical flow to describe and extract the
motional information.The calculation method of HOF is the
same as DHOG. HOF makes the sum of modulus value of
light flow’s horizontal component and vertical component
as the amplitude of the light flow and makes the arctangent
value of the ratio of vertical and horizontal component as the
direction angle of the light flow.Then the light flow direction
will be projected into the adjacent bin which is based on
the amplitude of light flow. Considering that the light flow
amplitude is small (less than a certain threshold), we will
add a zero bin in the HOF feature which is used to hold the
number of pixels. HOF descriptor also is normalized with the
𝐿2-norm. The other parameters are the same as the DHOG.
So the dimensionality of HOF is 2 × 2 × 9 × 3 = 108.

2.3.3. Motion Boundary Histograms. Motion boundary his-
tograms (MBH) are proposed by Yao at el. for detection of
the human in 2014 [23]. It computes derivatives separately
for the horizontal and vertical components. MBH is the
gradient of light flow; it can get rid of uniform motion
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Table 1: The number of each type of video.

Video A2C A3C A4C A5C PLA PSAB PSAM PSAP Sum
Number 45 31 36 7 42 11 39 17 228
Patients 9 6 7 1 8 2 8 4 45
Normal 36 25 29 6 34 9 31 13 183

and keep the change of optical flow field. In a certain
extent, it is a complement to the DHOG and HOF that is
removing the camera movement to the human. The DHOG
and HOF are generated from the optical flow, which makes
the computational complexity of MBH small.

2.4. The Selection of Feature Encoding and Classifier. In this
paper, we use the Fisher vector [24, 25] with the improved
256 visual words of GMM (signed square-rooting followed
by 𝐿2-norm) for features encoding. Fisher’s vector seen as the
expansion of the BOV word bag model is the intermediate
expression of image. Because Fisher’s vector fuses the advan-
tages of production and is discriminant of Fisher’s kernel
architecture, it can not only reflect the frequency of each
visual word but also encode the differences of local feature
in visual words information. In addition, it can represent
the richer image feature compared to the word bag model.
The high dimensional feature that combined with simple
and effective linear classifier can achieve good classification
effect. So, in this paper, we use the linear SVM classifier,
which has the excellent performance of machine learning in
classification and generalization. So linear SVM classifier has
a lot of advantages compared to other learning algorithms in
practice and is simple and convenient to use. Its performance
is better in classification.

3. Experimental Results and Analysis

3.1. Data. In this experiment, 228 different echocardiography
videos are collected from 72 different patients (including
58 normal individuals and 14 patients with cardiac wall
motion abnormalities); these data were provided by Tsinghua
University First Hospital. All the length of echocardiography
video is 1 to 2 seconds and the videos are stored as 434
× 636 resolution and in 26-frame DICOM format (Digital
Imaging and Communications in Medicine). Table 1 shows
the detailed number of eight kinds of video.

3.2. Experiment Setup and Result Analysis. In this experiment
the dense sampling grid of feature points is selected with 5
pixels in the process of dense sampling, and it can guarantee
the best result. Then the tracking frame length is set to
15 frames in the process of tracking of feature points. In
the process of motion boundary description, the default
parameters are𝑁 = 32, 𝑛

𝜎
= 2, and 𝑛

𝜏
= 3 in our experiment,

and these parameters have the best effect through the exper-
iments testing. In terms of selecting the feature encoding
and classifier, this experiment adopts vlfeat-0.9.19 software
for processing (download from http://www.vlfeat.org/). For
the selection of training video and testing video, we use the

method of “half and half” (the total echocardiography video
data are randomly selected, half as the training video and the
other half as the testing video). And we analyze its classified
results.

We use the confusion matrix to show the classification
accuracy rate of the eight kinds of echocardiography video
in Table 2, and the calculation method of accuracy rate is
showed in function 3.1. Overall, the average classification
accuracy of all the classes is 77.12%. We can find that the
classification accuracy for each class is different. In particular,
the classification accuracy for these classes, such as A5C,
PSAB, and PSAP, is lower than the others. The main reason
is shortness of experiment data corresponding to these three
kinds of echocardiography videos. It leads to lack of training
samples:

accuracy rate = number of correct videos
number of videos

. (6)

In view of the above experimental result that the clas-
sification accuracy can be affected by the number of the
sample videos, in the following experiment, we cut off the less
experimental data of three kinds of video (A5C, PSAB, and
PSAP) and make further experiment with the rest of the five
kinds of experimental data and compare the results (Table 3).

From Table 3, comparing with the eight kinds of echocar-
diography video and five kinds of the echocardiography
video, we can find that the classification accuracy shows
a significant improvement. The classification accuracy is
promoted from original 77.12% to 98.36%.

Our experiments also make a classification test for
echocardiography video of the primal three kinds of locations
(AA, PLA, and PSA), its average classification accuracy is
100%, and it can satisfy the basic needs of medical echocar-
diography video classification.

Finally, compared with the other echocardiography video
classification algorithm which is previously proposed our
experimental result is increased a lot (illustrated in Table 4).
And for the echocardiography video of the three kinds
of primal locations, our experiment has the best accuracy.
Therefore, the method of echocardiography video’s classifi-
cation based on dense trajectory tracking and DHOG has
an obvious improvement in accuracy compared with the
previous algorithm.

4. Summary and Discussion

This paper is based on the classification of the echocardiog-
raphy video with the dense trajectory tracking and DHOG
algorithm. Firstly, we use the dense trajectory tracking and
DHOG algorithm to describe the feature in each kind of
echocardiography video and get the features and then apply
the VLfeat software for Fisher vector to encode the features.
Finally we use the linear SVM to get the classification results.
From the experimental results, while the method adopted in
this paper is compared with the previous method which is
based on the 3D-SIFT echocardiography video classification,
the classification accuracy is improved significantly. But the
final average classification accuracy is still not high because
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Table 2: Confusion matrix for eight kinds of echocardiography video classification.

Classified result Accuracy
A2C A3C A4C A5C PLA PSAB PSAM PSAP

Class

A2C 22 1 0 0 0 0 0 0 0.96
A3C 1 15 0 0 0 0 0 0 0.95
A4C 0 0 17 1 0 0 0 0 0.95
A5C 2 0 1 0 0 0 0 0 0.00
PLA 0 0 0 0 21 0 0 0 1.00
PSAB 0 0 0 0 1 3 0 2 0.50
PSAM 0 0 0 0 0 0 20 0 1.00
PSAP 0 0 0 0 2 0 0 7 0.81

Table 3: Confusionmatrix for five kinds of echocardiography video
classification.

Classified result Accuracy
A2C A3C A4C PLA PSAM

Class

A2C 22 1 0 0 0 0.96
A3C 1 15 0 0 0 0.95
A4C 0 0 18 0 0 1.00
PLA 0 0 0 21 0 1.00
PSAM 0 0 0 0 20 1.00

Table 4: The algorithm accuracy compared with other algorithms
in this paper.

The comparison of result
Classification accuracy

of eight classes
Classification accuracy

of three classes
[8] 72% 90%
[12] 70.4% 86%
[13] 74% 91%
[14] 76% 93%
[15] 76.5% 93%
[16] 75% 92%
[17] 73.2% 95%
[18] 71.3% 94%
Our method 77.12% 100%

of the lack of the echocardiography video data. So, in this
paper, we get rid of the small amount of three kinds of
experimental data and make the classification experiment
again. After solving the problem of the sample data, the
average classification accuracy of the rest of five classes of
data compared to the average classification accuracy of eight
classes has increased nearly 20.9%. And, in three classes
of primal position of echocardiography video, the average
classification accuracy is 100%. Therefore, the method of
this paper can preliminarily achieve the requirement of the
medical echocardiography video classification accuracy. For
dealing with the classification of echocardiography video,
the challenge is not just about the video noise caused by
the low resolution of the video but also how to balance the
computational complexity and time cost. In the future work,

we will gradually increase the database of eight kinds of
echocardiography video and adopt or propose newer and
more effective method to improve the classification accuracy
and reduce the required time of the classification as well.

Conflict of Interests

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

Acknowledgments

This work is supported by the National Natural Science Fund
in China under Grants nos. 61471124 and 61473090. Also
this research forms part of WIDTH project that is financially
funded by EC under FP7 programmewith Grant no. PIRSES-
GA-2010-269124.

References

[1] R. Kumar, F. Wang, D. Beymer, and T. Syeda-Mahmood, “Car-
diac disease detection from echocardiogram using edge filtered
scale-invariant motion features,” in Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW ’10), pp. 162–169, IEEE, San
Francisco, Calif, USA, June 2010.

[2] S. K. Zhou, J. H. Park, B. Georgescu, C. Simopoulos, J. Otsuki,
andD. Comaniciu, “Image-basedmulticlass boosting and echo-
cardiographic view classification,” in Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition (CVPR ’06), vol. 2, pp. 1559–1565, New York, NY,
USA, June 2006.

[3] D. Beymer, T. Syeda-Mahmood, and F. Wang, “Exploiting
spatio-temporal information for view recognition in cardiac
echo videos,” in Proceedings of the IEEE Computer Society Con-
ference on Computer Vision and Pattern Recognition Workshops
(CVPRW ’08), pp. 1–8, IEEE, Anchorage, Alaska, USA, June
2008.

[4] A. Shalbaf, H. Behnam, Z. Alizade-Sani, and M. Shojaifard,
“Automatic classification of left ventricular regional wallmotion
abnormalities in echocardiography images using nonrigid
image registration,” Journal of Digital Imaging, vol. 26, no. 5, pp.
909–919, 2013.

[5] F. Sera, T. S. Kato, M. Farr et al., “Left ventricular longitudinal
strain by speckle-tracking echocardiography is associated with
treatment-requiring cardiac allograft rejection,” Journal of Car-
diac Failure, vol. 20, no. 5, pp. 359–364, 2014.



Computational and Mathematical Methods in Medicine 7

[6] J. Y. Wang, Y. Li, Y. Zhang et al., “Bag-of-features based
medical image retrieval via multiple assignment and visual
words weighting,” IEEE Transactions on Medical Imaging, vol.
30, no. 11, pp. 1996–2011, 2011.

[7] Y. Guo, Y.Wang, D. Kong, and X. Shu, “Automatic classification
of intracardiac tumor and thrombi in echocardiography based
on sparse representation,” IEEE Journal of Biomedical and
Health Informatics, vol. 19, no. 2, pp. 601–611, 2015.

[8] Y. Qian, L. Wang, C. Wang, and X. Gao, “The synergy of 3D
SIFT and sparse codes for classification of viewpoints from
echocardiogram video,” in Medical Content-Based Retrieval for
Clinical Decision Support: Third MICCAI International Work-
shop, MCBR-CDS 2012, Nice, France, October 1, 2012, Revised
Selected Papers, vol. 7723 of Lecture Notes In Computer Science,
pp. 68–79, Springer, Berlin, Germany, 2013.

[9] M.Rap andA.Chacko, “Optimising the use of transoesophageal
echocardiography in diagnosing suspected infective endocardi-
tis,” Acta Cardiologica, vol. 70, no. 4, pp. 487–491, 2015.

[10] N. Espinola-Zavaleta, M. E. Soto, A. Romero-Gonzalez et al.,
“Prevalence of congenital heart disease and pulmonary hyper-
tension in Down’s syndrome: an echocardiographic study,”
Journal of Cardiovascular Ultrasound, vol. 23, no. 2, pp. 72–77,
2015.
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We developed a contactless interface that exploits hand gestures to effectively control medical images in the operating room. We
developed an in-house program called GestureHook that exploits message hooking techniques to convert gestures into specific
functions. For quantitative evaluation of this program, we used gestures to control images of a dynamic biliary CT study and
compared the results with those of a mouse (8.54 ± 1.77 s to 5.29 ± 1.00 s; 𝑝 < 0.001) and measured the recognition rates of
specific gestures and the success rates of tasks based on clinical scenarios. For clinical applications, this program was set up in
the operating room to browse images for plastic surgery. A surgeon browsed images from three different programs: CT images
from a PACS program, volume-rendered images from a 3D PACS program, and surgical planning photographs from a basic image
viewing program. All programs could be seamlessly controlled by gestures and motions. This approach can control all operating
room programs without source code modification and provide surgeons with a new way to safely browse through images and easily
switch applications during surgical procedures.

1. Introduction

Viewing or browsing medical images in the operating room
is always difficult, especially during surgical procedures. Sur-
geons rely on other physicians or nurses to change the image
being viewed to the one of their interest. Because keyboards
and mice are not appropriate devices for use due to the
potential risk of bacterial infection, a new image-controlling
interface has to be developed for use in the operating room
[1]. Several studies have tried to tackle this problem by using
other devices, such as joysticks for controlling operating
room computers [2], as well as via the use of image processing
techniques to convert real-time images of physicians’ gestures
into actions [3]. In addition, as sensor technology advances,
the KinectTM (Microsoft Corporation, Redmond, WA) sensor

that detects gestures and motions has been used to recognize
joints and kinetic movements through the embedded camera
and infrared radiation sensors [4, 5].

There have been constant requests from physicians in our
hospital to discover more effective ways to use computer soft-
ware, especially medical imaging software, in the operating
room for surgeries and radiological interventions. Various
approaches have been used in our hospital, ranging from
remote control devices and wireless mice to the assistance
of other staff. For example, software for controlling a remote
control device enabled a button on the remote control to be
linked with an existing keyboard or mouse button. Although
the use of these kinds of devices can be convenient, they are
not suitable for use in the operating room due to the lack
of asepsis. A wireless mouse was also used, but the accuracy
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heavily depended on the distance between the mouse and the
receiver on the PC. Moreover, signal interference occurred
too often to enable its use as a reliable input device.

In our present study, we developed a gestural interface
based on the LeapMotionTM (LeapMotion Inc., San Francisco,
CA) sensor device and integrated the gesture operations
into PetaVision3D (Asan Medical Center, Seoul, Republic of
Korea) [6], an in-house 3D PACS software for clinical use.
Using a combination of gesture-detecting sensor devices, an
optional foot pedal, and the in-house 3D PACS software,
the main goal was to enable hands above the sensor to
trigger operations in the 3D PACS software.These operations
included image zooming, scrolling, rotating, and panning
and the adjustment of window width and window levels. All
operationswere contactless and gesture based and recognized
using the Leap Motion sensors, and nonimage operations
such as the selection of the active target image window or
the type of operation were done by pressing a combination
of three buttons on the foot pedal. However, modification of
the source code of the target software was a major constraint
because we were only able to modify in-house programs.
To enhance our previous method, we added another option
that enables users to control all software without having to
modify the source code. This was achieved by redesigning
our interface and implementing a message hooking program
named GestureHook that translates gestures to specific user-
defined functions.

2. Materials and Methods

First, we developed a gestural interface that is more effective
at controlling medical images than conventional mouse and
keyboard interfaces. To implement this concept, we added
a gesture-recognition module to our 3D PACS software and
tested the manipulation of volume-rendered images. A new
class named MotionListener was created to listen to the
incoming signals from the Leap Motion device (Figure 1).
This class was responsible for receiving frames from the
sensor device and parsing the data to convert them into
actions in accordance with the predefined gestures. The
MotionListener class is a member of the LayoutManager
class, which handles all image windows. Typically, there are
four ImageWindow instances in the LayoutManager when
the program is loaded. Each ImageWindow is initialized as an
axial, coronal, sagittal, or volume-rendering view of the exam.

Gestures were defined and classified as zoom, rotate,
rotate and zoom,windowwidth, window level, and an opacity
transfer function for VRT (Volume-Rendering Technique)
and MPR (Multiplanar Reconstruction) images. When both
hands are above the sensor device, the left hand acts as an
enabling switch for detecting gestures, and all gestures and
movements of the right hand are tracked to be applied on
the image. Moving the hand in four directions from top
to bottom and left to right performs panning operations.
Turning the hand toward any of the four directions is
interpreted as rotating operations. Moving the hand away
from the body is interpreted as moving the 𝑧-axis of the
object, resulting in zoom operations. In particular, the simul-
taneous combination of rotation and zoom is impossible

to perform with mouse and keyboard operations. We were
able to create transformation and translation matrices using
the three-dimensional coordinates and vectors and apply
them simultaneously on the volume-rendered object. Also,
to move mouse pointers with hand motions in order to use
some existing functions of the program, an additional feature
was implemented to mimic the movements of a mouse.
Other operations were defined, such as moving from one
image window to another and enabling free movement of the
pointer within the program so the users can use all of the
functions provided by the software. Two hands were used for
this interface and all gestures were capture-enabled when one
hand, shaped like a fist, is grabbed.

Operations for a foot pedal were also implemented so
that users could instead use one hand and one foot rather
than two hands. The three-button foot pedal was used
for operations that occur outside of the image windows.
These operations include changing the type of operations
inside the image window, moving the target image window,
and triggering the switch to either enable or disable the
detection of gestures. Given that usersmay find the foot pedal
inconvenient to use, operations allocated to the device were
identically implemented in the Leap Motion device. The foot
pedal device was optional so users could decide which they
prefer to use.

Also, in order to control other software frequently used
in the operating room, apart from our in-house 3D PACS,
we developed a program called GestureHook (Figure 2). We
ran this program alongside the 3D PACS so that users can
easily switch from the 3D PACS to other programs and
vice versa. The idea was to control all software on the PC
running in the operating room, regardless of the ability to
access and modify the source codes of the target program to
be controlled (Figure 3). The program architecture allows it
to be a mediator between the user and the target program
to be controlled by gestures. The whole process starts by
listening to the motion data sent by the sensor, recognizing
the data as gestures, translating the gestures into messages,
and finally sending these messages to the active program
that automatically detects them. All motions and gestures
are visualized in real-time inside the preview section of the
program, which makes it possible for first-time users to
quickly adapt to the gestural interface by watching how their
hands move upon the sensor device. When the GestureHook
program recognizes the movements as gestures, the color of
the hand skeleton on the preview section changes from white
to red (Figure 4). Once users have learnt how to appropriately
use this program, the program can be minimized or sent to
the background.

After the implementation of the methods mentioned
above, we gathered all necessary hardware and software
for an integrated gestural interface and installed them in a
mobile workstation (Figure 5). Hardware devices included
a Leap Motion sensor and a PhilipsTM foot pedal (Philips,
Amsterdam,Netherlands) for optional use. Software included
the 3D PACS, 2D PACS, photo viewer, and the GestureHook
application. The mobile workstation was equipped with
batteries that last formore than 6 hours and all wires and leads
were embedded inside the device, which was an ideal fit for
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Class LayoutManager

Holds ImageWindows, MotionListener, and other listeners

Class MotionListener
Classify gestures
Change ImageWindows
Turn on/off features
Change features
(zoom, rotate, rotate + zoom, window
W/L, transfer functions, and move mouse
pointer)

Class ImageWindow
Display VRT/MPR images
Practical features for VRT/MPR images
(zoom, rotate, window W/L, and
opacity transfer function)

Figure 1: An abstract class diagram showing how the motion-based interface was implemented in the 3D PACS software.

Figure 2: GestureHook program. This program converts hand
gestures into features by sending messages to other applications.

the operating room.The mobile workstation was moved into
the operating room so that surgeons could use the gestural
interface during procedures.

3. Results and Discussion

Evaluation of the gestural interface was conducted using
two approaches. First, the performance of the new method
was evaluated by comparing the amount of time required to
perform the same actions between the gestural and mouse
interfaces. Also, in order to measure the accuracy of the
new model, we examined the recognition rates of basic hand
gestures and the number of accurately achieved tasks in a real-
world scenario.The second approach involvedmeasuring the
effectiveness in terms of its practicality in clinical settings. To
maximize the effectiveness of the new interface in a complex
operating room environment, we installed the devices along
with the 3D PACS, 2D PACS, and GestureHook application
in a mobile workstation.

To evaluate the performance, which considers the amount
of time saved by using the contactless interface to control a
volume-rendered object with a certain degree of accuracy, 10
multiple fracture patients were scanned with a head CT pro-
tocol in the Radiology Department of Asan Medical Center.

Table 1: Results of the evaluation of the conventional mouse-based
interface and the contactless interface with the LeapMotion and the
foot pedal.

Attempt Mouse (sec) Gesture (sec) Difference (sec)
1st 9.49 6.59 2.90
2nd 12.64 5.69 6.95
3rd 10.38 5.47 4.91
4th 8.56 5.70 2.86
5th 8.24 4.96 3.28
6th 7.68 4.53 3.15
7th 7.92 4.72 3.20
8th 6.69 7.16 –0.47
9th 6.58 4.38 2.20
10th 7.21 3.67 3.54
Mean 8.54 5.29 3.25
SD 1.77 1.00 1.78
𝑝 value — — 0.0004

Next, we compared the two interfaces—the traditionalmouse
and keyboard interface versus the contactless motion- and
gesture-based interface—when obtaining an orthogonal view
of the orbit of the eye from an initial viewpoint (Figure 6).
Tests were performed as follows. All data were loaded on
the workstation. First, the orthogonal view was produced
with only the mouse by a radiologist. After resetting the
viewpoint, the contactless interface was used to obtain the
same viewpoint. All tests were measured with a stopwatch
and compared with a paired 𝑡-test. The mean ± SD of the
times required with the mouse and contactless interface were
8.54 ± 1.77 and 5.29 ± 1.00, respectively (Table 1). The
operation time of the contactless interface was significantly
shorter than that of the mouse interface (𝑝 = 0.0004).

To measure the accuracy of the new interface, we first
measured the recognition rates of some basic hand ges-
tures (Table 2). These gestures included tapping or pinching
fingers, grabbing hands, and performing mouse clicks and
double-clicks. Each gesture was performed 100 times, and the
GestureHook program counted the number of successfully
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Table 2: Recognition rates of basic hand gestures and the number of accurately achieved tasks in a clinical scenario.

Gestures Attempts made Successfully recognized %
Left finger tap 100 91 91%
Right finger tap 100 102 102%
Left hand grab 100 98 98%
Right hand grab 100 94 94%
Left finger pinch 100 77 77%
Right finger pinch 100 85 85%
Mouse click 100 90 90%
Mouse double-click 100 152 152%
Tasks based on a real-world scenario Software Attempts made Successfully achieved
Browse through 52 axial CT scan images, back and forth PACS viewer 10 8
Move cursor to change target software All — 10
View next surgical plan photo Photo viewer — 10
View previous surgical plan photo Photo viewer — 10

User

Sensor device

Gesture
Target application

3D PACS

Source code modification
required to use sensor device

(a)

User

Sensor device

GestureHook
program

Gesture

Target application

· · ·

PACS

3D PACS

Photo viewer

Message

Converts gestures into messages
Sends messages to the target application

(b)

Figure 3: Comparison of the newmethod that uses hooking techniques with our previously developed gestural interface. (a)The source code
of the target program must be modified in order to recognize and classify gestures. (b) Here, we developed a program between the user and
target applications that mediates the translation of gestures into messages.

Figure 4: Real-time visualization of current gestures. This feature
shows the current status of the user’s hand and informs the user
when a valid gesture is recognized by changing the color of the hand
from white to red. This preview display is extremely useful for first-
time users.

recognized attempts. Most gestures were largely accurate
except for the left finger pinch gesture and themouse double-
click gesture.These recognition rates may vary depending on

the operators’ unique attributes, such as the shape of their
hands and fingers and differences in the gestures or the speed
of the motions. Improvements are required to refine these
gesture signals into more reliable data. For mouse double-
clicking gestures, the interval between the two phases of
clicks could be customized by the users of the GestureHook
program, which could lead to better results.

Next, we looked at the effectiveness of combining these
gestures to achieve tasks in a real-world scenario. These
scenarios could include practical tasks performed in the
operating room or even reading rooms, such as browsing
through axial CT scan images, moving cursors around and
changing the active software, and viewing photographs of
other patients. Each scenario was performed 10 times and the
results were generally successful in all four scenarios.

The mobile workstation was then moved into the oper-
ating room after the evaluation (Figure 7). The contactless
interface 3D PACS system along with GestureHook was used
to accurately and safely browse a double jaw surgery patient’s
images without the potential for contamination. The type of
images in this setting included VRT and MPR images from
3D PACS, CT scans from 2D PACS, and six surgical planning
photographs. The operations were performed solely by the
surgeon and the instruction time for the system was less than
a few minutes.
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(a) (b)

(c) (d)

Figure 5: Components of the motion-based interface: (a) Leap Motion device, (b) foot pedal, (c) 3D PACS software, (d) and mobile
workstation with touchscreen, wi-fi, and internal batteries.

(a) (b)

Figure 6: Viewpoints for evaluation: initial viewpoint (a) and the target viewpoint (b).

The operation time was significantly shortened using the
contactless interface because users quickly adapted to the new
interface. The main reason for the shortened operation time
was because the contactless interface allows simultaneous
rotation and zooming of 3D objects. We were able to recog-
nize the change in vectors received from the sensor device

and apply two different gestures to the image at the same
time. Also, the surgeon was easily able to switch to other
applications to view other images.

The use of this interface in the operating room with our
existing software has been very successful. Although this
interface was not precise enough to control other software
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(a) (b)

Figure 7: Clinical application in the operating room. A surgeon performing rotate and zoom operations (a) and adjusting opacity transfer
functions (b) in the 3D PACS software using the contactless motion-based interface.

used in the hospital, such as electronic medical record
systems or order communication systems, it was suitable
for browsing through images without the use of a mouse
and keyboard. However, there are better reasons to increase
the precision of the interface. A more precise device could
be used to control the sensitivity of hand motions in order
to quickly measure distances in a 3D object or point at a
certain region of interest. The combination of all devices and
software into one mobile workstation was a perfect match for
the operating room because the workstation provided long-
lasting battery power (more than 6 hours) without the need
for an external power supply.

4. Conclusions

We have developed a gestural interface that can either be
embedded in the existing software that can be modified or
be used with software that cannot be modified. First, we
integrated the interface into our in-house 3D PACS software.
We compared the accuracy, effectiveness, and intuitiveness of
the new interface with those of the conventional mouse and
keyboard interface. Because physicians in the operating room
were required to control other existing software to make
full use of the gestural interface, we developed a message
hooking program that detects gestures to control programs.
This program provided surgeons with a new way to safely
browse images during surgery. For the real-world application
of the interface, we gathered all components into one mobile
workstation and moved it into the operating room. After
basic interface instructions were given to the physician, the
contactless interface was used during surgery by browsing
volume-rendered and multiplanar images in the 3D PACS
software and to viewCT scans from the 2DPACS and surgical
planning photographs from other image viewing software.

Themost innovative feature in this study was the contact-
less interface that could controlmedical images frommultiple
programs without any modification of source codes. Users
were also able to customize the mapping of the gestures and
features according to their preferences. GestureHook can be

used solelywith the sensor device or togetherwith other input
devices. Either way the program provided unparalleled user
experience and increased performance in the clinical setting.

Nonetheless, some enhancements should be made to the
new system. One of the most important features that should
be implemented is the addition of other sensor devices and
wearable devices to the GestureHook program. When users
need to gesture with other parts of their body, other devices
might be suitable for detecting these body gestures. We
believe that the GestureHook program should eventually be
developed into an integrated interface for translating gestures
from various devices into messages. We hope that further
improvements are made to this gesture-based interface by
maintaining a close cooperationwith the software developers,
engineers, and physicians that have contributed their exper-
tise to this study.
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Deep Cervical Flexor (DCF) muscles are important in monitoring and controlling neck pain. While ultrasonographic analysis
is useful in this area, it has intrinsic subjectivity problem. In this paper, we propose automatic DCF extractor/analyzer software
based on computer vision. One of the major difficulties in developing such an automatic analyzer is to detect important organs
and their boundaries under very low brightness contrast environment. Our fuzzy sigma binarization process is one of the answers
for that problem. Another difficulty is to compensate information loss that happened during such image processing procedures.
Many morphologically motivated image processing algorithms are applied for that purpose. The proposed method is verified as
successful in extracting DCFs and measuring thicknesses in experiment using two hundred 800 × 600 DICOM ultrasonography
images with 98.5% extraction rate. Also, the thickness of DCFs automatically measured by this software has small difference (less
than 0.3 cm) for 89.8% of extracted DCFs.

1. Introduction

Neck pain is very common complaint affecting up to 70% of
individuals at some point of their lives [1]. Once an individual
develops neck pain, it is reported that there is a 1 in 3
chance that he or she will develop chronic symptoms lasting
longer than 6 months, and the incidence of mechanical neck
disorders appears to be increasing [2]. Clinical neck pain
is associated with impairment of muscle performance and
the functional impairments associated with neck pain and
the cause-effect relationships between neck pain and motor
control are well investigated [3].

The Deep Cervical Flexor (DCF) muscles including
longus colli muscle, longus capitis, rectus capitis inferior,
and rectus capitis lateralis have major roles in maintaining
cervical lordosis and providing cervical joint stabilization
[3, 4]. It has been theorized that when muscle performance is
impaired, the balance between the stabilizers on the posterior
aspect of the neck and the DCFs will be disrupted, resulting

in loss of proper alignment and posture, which is then likely
to contribute to cervical impairment [5].

A strong linear relation between the electromyographic
amplitude of the DCF muscles and the incremental stages
of the craniocervical flexion test for control and individuals
with neck pain was reported [6]. Another study showed that
patients with neck pain disorders have an altered neuromotor
control strategy during craniocervical flexion characterized
by reduced activity in the DCFs and increased activity in
the superficial flexors usually accompanied by altered move-
ment strategies. Furthermore, they display reduced isometric
endurance of the DCFs [7].

These observations prompted the use of the cranio-
cervical flexion action for retraining the DCF muscles for
neck pain patients. Specific training of the DCF muscles in
womenwith chronic neck pain reduces pain and improves the
activation of these muscles, especially in those with the least
activation of their Deep Cervical Flexors before training [8].
The recruitment pattern of the DCF and sternocleidomastoid
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is investigated during the craniocervical flexion test, using
ultrasonography [9, 10], and it is further developed into an
exercise program with tools [11].

Using ultrasound image in muscle analysis is appropri-
ate for its noninvasive, inexpensive, real time responding
capabilities [12]. However, its limitations are often pointed
out; sonographic images are dependent on the qualities of
equipment and skills of expertise; thus, the diagnosis often
misleads to subjective judgments [13]. Thus, we need an
automatic image segmentation and identification tool for
anatomical landmarks that can eliminate such subjectivity in
the image analysis [14].

Unfortunately, there is almost no directly related research
for such an automatic DCF extractor/analyzer by computer
vision yet. A recent study tried to give an automatic segmen-
tation of cervical vertebrae from X-rays [15] but not related
to muscles of our interests. Probably, our previous research
that automatically detects sternocleidomastoid and longus
capitis/colli is the only one to consider [16].

In this paper, we extend our previous automatic cervical
muscle extractor/analyzer to accommodate withDCFs which
are longus capitis (Lcap) and longus colli (Lcol). While
certain part of extracting techniques is common to the
previous study that extracts sternocleidomastoid and longus
capitis/colli, the overall treatment of target muscle DCF is
different from that of other related muscles due to the muscle
characteristics and the location of the muscles.

The main methodological difference between our previ-
ous study [16] and this work is whether the system extracts
the cervical vertebrae directly or not. The brightness contrast
betweenDCF and related fascia ismuchweaker than between
SCM and its related fascia in ultrasonography. Also, the
cervical vertebrae, located directly below the DCF, have
similar brightness values to those of DCFs. Thus, when we
infer the location of cervical vertebrae using the slope of lower
boundary lines of DCFs in [16], the key point to measure
the thickness of DCF is not correctly extracted especially
when the contrast between the fascia/bones and DCFs is low.
Thus, in this paper, we extract cervical vertebrae directly and
the key points are induced based on the location of cervical
vertebrae.

2. Overall Procedure

All the digital images used in this study are acquired and
stored in DICOM (digital imaging and communications in
medicine) standard format. DICOM is a form to declare
image transfer, structure, and related information. In region
of interest (ROI) part of the image shown in Figure 1, there is
a blood vessel and two muscles are located above and below
the vessel. The muscle above blood vessel is the sternocleido-
mastoid and the muscle below the blood vessel is the DCFs.
DCFs have irregular form of border with cervical spine at
the bottom and is unclear being far from the center. The
brightness of themuscle is usually lower than that of the fascia
and the spine. The fat area that has relatively high brightness
in the muscle area should be extracted with the muscle.

Figure 2 summarizes the overall vision based system to
extract and measure the thickness of DCFs automatically.

Sternocleidomastoid muscle

Blood vessel

Deep neck flexor

Figure 1: ROI of ultrasound image.

3. Extracting Deep Cervical Flexor

From this ROI image that contains only muscles, fasciae and
spines, we try to extract candidate DCF by applying a series
of image processing algorithms as shown in Figure 3.

The ends-in search stretching method is a normalization
process that enhances the intensity contrast to differentiate
two areas more clearly as shown in Figure 3(a). Formula (1)
explains ends-in search stretching

𝑃 (𝑥, 𝑦)

=

{
{
{
{
{

{
{
{
{
{

{

0 𝐺 (𝑥, 𝑦) ≤ Min

255 ×

𝐺 (𝑥, 𝑦) −Min
Max −Min

Min < 𝐺 (𝑥, 𝑦) < Max

255 𝐺 (𝑥, 𝑦) ≥ Max,

(1)

where Min and Max denote the maximum and minimum
intensity value of the given image and 𝐺(𝑥, 𝑦) is the intensity
value of the pixel at (𝑥, 𝑦) coordinates in the original image
and𝑃(𝑥, 𝑦) is the resultant intensity value after ends-in search
stretching.

The rationale of using ends-in search stretching is as
follows.

Due to the scattering effect of ultrasound technology,
there might be blurring that gives difficulty in discriminating
fascia, muscles, and cervical vertebrae. Thus, we need a
contrast enhancing mechanism with minimal information
loss.

In our method of extracting DCF, we first extract the
fascia lines and cervical vertebrae that are relatively brighter
than others and SCM and DCF are extracted by using
location characteristics related to the blood vessel. A typical
craniocervical sonography has largely skewed distribution of
intensity toward zero as shown in Figure 4 and those low
intensity pixels have slim chance to be related to objects of our
concern. Ends-in search stretching, a type of normalization
process, is then advantageous than other methods such
as filtering since it preserves the relative characteristics of
the intensity distribution. However, it needs proper noise
removal process afterwards.
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Figure 2: Overall system diagram.

(a) Ends-in search stretching (b) Average binarization

(c) Removing noises and unnecessary holes

Figure 3: Extracting Deep Cervical Flexor candidate.

0 255

Figure 4: Cervical vertebrae sonography and histogram.
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(a) Search for the object (b) Extracting upper/lower boundary lines

(c) Filling holes to 1

Figure 5: Filling holes by searching boundaries of DCF.

Next, we apply average binarization to the enhanced
image shown in Figure 3(b). Then, we apply Blob algo-
rithm [17] to group pixels into objects. Figure 3(b) contains
unnecessary noise objects. As explained in Section 5 in
detail, we obtained 200 images from 100 healthy subjects
during a neck muscle endurance test. We know that DCFs
in consideration have specific morphological characteristics
that we can use in noise removal process. In order to quantify
such characteristics that can be generalized, we choose 50
random samples from 200 image population and observe any
size or location related features that are common to apparent
noise objects in this situation.

As shown in Figure 1, there exists blood vessel in between
SCM and DCF; thus, two muscles are apart from a certain
distance. From our samples, the distance between twomuscle
objects in 𝑦-axis is no less than 8.5% of the ROI height. Also,
we know that the lower fascia boundary lines and bones have
a long curved shape; thus, it is not at the skewed location to
the left in any of our obtained images. Thus, we can set up
a safe 𝑥-axis constraint such that an object that is no longer
than the half of the ROI width starts with the very leftmost
position (10% of the ROI width). Formula (2) below shows
our noise removal criteria used in this paper

if ((𝑆 (𝑂) < 0.085 × 𝑆 (ROI)) OR
(𝑂.lef t < 0.1 ×Width (ROI) AND
Width (𝑂) < 0.5 ×Width (ROI)))

then Remove (𝑂) ,

(2)

where 𝑆(𝑂), 𝑆(ROI) denote the size of the object in consider-
ation and that of ROI area, respectively, andO.left denote the
𝑥-coordinate of the leftmost boundary of the object 𝑂 and
Width(𝑋) is the function of returning the width of object𝑋.

There might be some unnecessary holes in between the
upper and lower boundary lines of candidate DCF. In order

to fill such holes systematically, we search upper and lower
boundary object by searching from the top and the bottom of
the ROI area as shown in Figure 5. That results in an image
like Figure 3(c).

Since we apply many image processing algorithms that
enhance the contrast of the brightness for purposes, there
might exist cases where the boundary lines are disconnected
in part. The first simple treatment for restoration is to fill
brightness values of pixels with 255 if they are neighbors of
255-valued ones and makes the line connected. The lower
boundary lines have relatively complex shape; thus, we apply
4-directional contour search [17] to determine the boundary
lines. However, again, it may have discontinued part.

Thus, we apply cubic spline interpolation to reconnect
lower boundaries. The necessary conditions of cubic spline
interpolations are as follows:
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where 𝑆
𝑖
denotes a Spline function and 𝑖 is the coordination

on the boundary and 𝑛 denotes the number of coordination
on the boundary and 𝑦

𝑖
is the functional result of 𝑃

𝑖
. Then,

the Spline function 𝑆 is defined as follows:
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, (4)

where 𝑎, 𝑏, 𝑐, and 𝑑 are constants satisfying Spline function
conditions [18].

Figure 6 demonstrates the extracted reconnected lower
boundaries of DCF Figure 6(a) and the overall shape of the
extracted candidate of cervical vertebrae Figure 6(b).
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(a) Lower boundary of DCF candidate (b) Candidate cervical vertebrae

Figure 6: Candidate cervical vertebrae extraction with image restoration.

The next step is the binarization procedure. The main
purpose of binarization is to find an optimal thresholding
value to discriminate the target organ from background of
the input image. Our goal is to find the upper bound and
lower bound lines of DCF area. Unfortunately, the brightness
contrast near DCF area is not clear in general. Thus, we need
more detailed computationally heavy binarization procedure
called fuzzy sigma binarization [19].

The major reason that we adopt computationally heavy
fuzzy binarization over simple average binarization or Otsu
binarization [20] is the environmental characteristic of the
near DCF area. Since cervical vertebrae, DCFs, and related
fascia have similar brightness values, the average binarization
may include extracting false positive objects in such a low
contrasted environment. Otsu binarization that assumes
the image contains two classes of pixels following bimodal
histogramand searches for the optimum threshold separating
the two classes so that the interclass variance is minimal is
another alternative, but, in this environment, the cervical
vertebrae are relatively brighter than nearby muscles and
fascia; thus, the interclass variance should not be minimal
since we want to extract cervical vertebrae in this case. Thus,
fuzzy sigma binarization that is designed to adapt the sen-
sitivity of environment (brightness contrast) and qualitative
membership decision by fuzzy membership function is our
choice. Figure 7 demonstrates the effects of using different
binarization methods in this environment.

The fuzzy membership function of our fuzzy sigma
binarization is defined as follows.

Let 𝑃Max, 𝑃Min, and 𝑃Mid be the highest and lowest
brightness value of the pixel and the average of 𝑃Max and
𝑃Min, respectively. Then, the membership function is defined
as follows.

Step 1. Consider the following:

𝑃
𝐹

Min = 𝑃Mid − 𝑃Min

𝑃
𝐹

Max = 𝑃Max − 𝑃Mid.
(5)

Step 2. Consider the following:

if (𝑃Mid > 𝑃Min + 0.75 (𝑃Max − 𝑃Min)) then 𝑃
𝐹

Mid

= 255 − 𝑃Mid

else 𝑃𝐹Mid = 𝑃Mid.

(6)

Step 3. Consider the following:

if (𝑃𝐹Mid > 𝑃
𝐹

Max) then

if (𝑃𝐹Min > 𝑃
𝐹

Mid) then 𝛽 = 𝑃
𝐹

Mid

else 𝛽 = 𝑃𝐹Min

else if (𝑃𝐹Max > 𝑃
𝐹

Mid) then 𝛽 = 𝑃
𝐹

Mid

else 𝛽 = 𝑃𝐹Max.

(7)

Step 4. Calculate the normalized 𝑃newMin and 𝑃newMax

𝑃
New
Min = 𝑃Mid − 𝛽,

𝑃
New
Max = 𝑃Mid + 𝛽.

(8)

Step 2 is designed to compensate overly brightly filmed
image due to filming environment while classifying 𝑃𝐹Mid
based on the three quarters of brightness contrast.

The membership degree of a pixel by sigma fuzzy bina-
rization is as follows within the interval [𝑃NewMin , 𝑃

New
Max ]:

if (𝑃 ≤ 𝑃NewMin ) , then 𝑢 (𝑃) = 0,

if (𝑃NewMin < 𝑃 < 𝑃
New
Mid ) , then 𝑢 (𝑃)

=

𝑃 − 𝑃
New
Min

𝑃
New
Mid − 𝑃

New
Min
,

if (𝑃NewMid ≥ 𝑃) , then 𝑢 (𝑃) = 1.

(9)

The membership degree 𝑢(𝑃) is applied to the a-cut (set
to 0.5 in this paper since there is no prior information or
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(a) Candidate cervical vertebrae (b) After fuzzy binarization

(c) After average binarization (d) After Otsu binarization

Figure 7: Different binarizations in candidate cervical vertebrae extraction.

u(P) = 1

𝛼-cut

I
P
min I

P
mid I

P
max

Figure 8: Membership function for sigma fuzzy binarization.

preferences.) for the binarization such that the pixel value
would be set to 255 if 𝑢(𝑃) ≥ 0.5 and 0 otherwise. Figure 8
shows the membership function of sigma type.

Again, we apply Blob algorithm to remove unnecessary
noises and apply expansion operation to restore small discon-
tinuity if exists. The result is shown in Figure 9.

After expansion operation, we can extract the lower
boundaries of DCF using relative location information
among objects appearing in the cervical vertebrae area.
Subcutaneous fat objects existing above DCFwill be removed
for the simplification of further analysis. Possible disconnec-
tions caused by fat removal are restored by simple Digital
Differential Analyzer (DDA) algorithm [19] that is a type of
simple linear interpolation of slope𝑚 between given intervals
using the following equation:

𝑄 (𝑥, 𝑦) = 𝑚 (𝑥 − 𝑥
1
) + 𝑦
1
,

𝑚 =

𝑦
2
− 𝑦
1

𝑥
2
− 𝑥
1

,

(10)

where 𝑄(𝑥, 𝑦) denotes the coordinates of a pixel in between
the left side of the extracted object and the right cervical
vertebrae. The effect of DDA algorithm can be shown in
Figure 10.

The upper bound lines of Figure 10 are the lower bound-
ary lines of DCF area. Since all other objects such as subcu-
taneous fat are removed already, it is simple to find upper
bound lines of Figure 10. However, there might be small
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(a) Fuzzy binarization applied (b) Noise removed

Figure 9: DCF area treatment for connectivity.

Figure 10: Boundary reconnection of cervical vertebrae by DDA
algorithm.

disconnections. Again, cubic spline interpolation defined as
(3) and (4) is applied to compensate lost information.

Figure 11 demonstrates the final extraction of lower
boundaries of DCF. The final extraction result of DCF is
shown in Figure 12.

4. Measuring Thickness of Deep
Cervical Flexor

Among many possible characteristic features of DCF, the
thickness is the most fundamental one, but it is also the main
source of subjectivity in measuring morphometric features.
Computer vision based approach like us aims to locate
measuring key points accurately to achieve the automaticity
of capturing such measuring standards to avoid subjectivity
as much as possible. In our proposed method, there are three
cervical vertebrae in the image and themeasuring key point is
set to be the rightmost point of the leftmost cervical vertebrae
object.Then, from that key point, two othermeasuring points
are chosen to be 1 cm left and right to the key point. The
thickness is then computed as the average of those three
vertically measured lengths passing through the DCF. The
details of such measuring process are as follows.

The leftmost cervical vertebra should be located at the
left part of the image. However, when we apply the labeling

Figure 11: Extracting lower boundaries of DCF.

Figure 12: Final extraction of DCF area.

procedure to obtain target objects, if the leftmost cervical
vertebra is found at the right part of the given image, that
means the real leftmost cervical vertebra is lost as noise dur-
ing preprocessing. Then, we apply weighted image restora-
tion process to the image after fuzzy sigma binarization
(Figure 9(a)) as shown in formula (11) to avoid unwanted
object removal

𝛼 = 1.0 +

√(𝑥 − 𝑥
1
)
2

+ (𝑦 − 𝑦
1
)
2

1000

,

𝑃 (𝑥, 𝑦) = 𝑃 (𝑥, 𝑦) × 𝛼,

(11)
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(a) Candidate cervical vertebra (b) Lowest boundary of DCF

(c) After removing fat false positives

Figure 13: Fat area noise removal.

Figure 14: Key point extraction.

where 𝛼 is the weight and this formula gives more weight to
the points of the far left points from the center point (𝑥

1
, 𝑦
1
).

This compensation process is designed to avoid candidate
cervical vertebra object located at the left side of the image.

After applying Blob algorithm and object labeling pro-
cedure, if a candidate cervical vertebra is located above the
lowest line of DCF, it is probably the fat area falsely regarded
as cervical vertebra; thus, we remove such false positives as
shown in Figure 13.

After such compensation process, the measuring key
point is set to be the rightmost point of the leftmost cervical
vertebrae object as shown in Figure 14.

5. Experiment

The proposed method is implemented with C++ under
MicrosoftVisual Studio 2010 on the IBM-compatible PCwith
Intel Core i7-2600 CPU @ 3.40GHz and 4GB RAM. The
experiment uses two hundred (200) 800 × 600 size DICOM
format ultrasound images. One hundred healthy subjects of
age in their 20s and 30s participated in this experiment.

We measured neck muscle size during a neck muscle
endurance test. The thickness of neck muscle was assessed
using ultrasonography (MyLab 25GOLD)with 12MHz linear
probe during neck muscle endurance tests. Sternocleidomas-
toideus (SCM) and the deep cervical muscles, which are
longus capitis (Lcap) and longus colli (Lcol), were measured
laterally (right and left side) at the level of C4. Subjects
performed a craniocervical flexion test (CCFT). The CCFT
is commonly used in the physiotherapeutic assessment of
neck muscle strength and endurance. During the CCFT,
subjects were instructed to perform a nodding movement,
representing the craniocervical flexion, in five incremental
levels, from 22 to 30mmHg: 22, 24, 26, 28, and 30mmHg.
The subjects were asked to maintain the test positions for as
long as possible. Each subject was asked to sit upright in an
examination chair with their arms resting on their thighs. A
head was fixed to maintain the head and neck in the neutral
position. The C4 segmental level was chosen to optimize the
image field forCCFT and thus infer the coordination between
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(a1) SCM: 0.51, DCF: 1.51 (a2) SCM: 0.65, DCF: 1.66

(a) Manual

(b1) SCM: 0.56, DCF: 1.67 (b2) SCM: 0.69, DCF: 1.84

(b) Previous [16]

(c1) SCM: 0.53, DCF: 1.56 (c2) SCM: 0.66, DCF: 1.71

(c) Proposed

Figure 15: Comparison of muscle thickness measurements (cm).

the threemuscles in themidcervical spine. At the C4 level, we
captured different parts of the Lcol, Lcap, and SCM.

Figure 15 visually demonstrates the result of the pro-
posed automatic DCF extractions (c1 and c2) compared with
physical therapist’s manual inspections (a1 and a2) and our
previous attempts (b1 and b2) for the same images. One
can verify that our vision based automatic software extracts
almost identical key points/area of target muscles and the
magnitude of difference between automatic measurement
andmanualmeasurement becomesmuch smaller than that of
previous attempt. In our experiment, twomedical experts are
involved and the thickness of the manual inspection is taken
as the average of the two human experts’ evaluations.

As summarized in Table 1, the proposed method is much
better than the previous attempt [16] in DCF extraction
in sensitivity (SS), where TP, TN, FP, and FN denote the

true positive, true negative, false positive, and false negative,
respectively.

Due to the image acquisition process explained above,
there is no image that does not contain DCF and SCM.Thus,
there is no TN or FN. The decision to classify the result of
automatic extractions is based on the agreement of two field
experts involved in this experiment.

Table 2 also shows the improved sensitivity in SCM
extractions.

Also, after measuring the thickness, we compare our
result with the previous attempt as the absolute difference
from human experts’ measurement (error). The results for
the error magnitude of thickness measurement for DCF and
SCM are summarized in Tables 3 and 4, respectively.

While much improved compared to the previous attempt
[16], the distribution of error magnitude in DCF thickness
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Table 1: DCF extraction performance evaluation.

Success rate DCF (longus capitis/colli)
TP TN FP FN SS

Previous [16] 147 0 53 0 73.5%
Proposed 197 0 3 0 98.5%

Table 2: SCM extraction performance evaluation.

Success rate SCM
TP TN FP FN SS

Previous [16] 169 0 31 0 84.5%
Proposed 198 0 2 0 99.0%

Table 3: Error magnitude of DCF (longus capitis/colli) thickness (#
of successes/# of tried images).

<0.1 cm <0.2 cm <0.3 cm ≥0.3 cm

Previous [16] 3/147
(2.0%)

32/147
(21.8%)

72/147
(49.0%)

40/147
(27.2%)

Proposed 13/197
(6.6%)

59/197
(29.9%)

105/197
(53.3%)

20/197
(10.2%)

Table 4: Error magnitude of SCM thickness (# of successes/# of
tried images).

Error < 0.1 cm Error ≥ 0.1 cm

Previous [16] 141/169
(83.4%)

28/169
(16.6%)

Proposed 175/198
(88.4%)

23/198
(11.6%)

measurement shows that there is a room for the improvement
in the future. At least, the proposed method is successful in
extracting DCF and SCM accurately and the sensitivity of
such extractions is much more improved compared to the
previous attempt.

6. Conclusion

In this paper, we propose a vision based fully automatic
method to extract DCF muscles (longus capitis/colli) and
SCM with measuring the thickness from cervical verte-
brae ultrasound images. DCF muscles are important in
controlling/monitoring the neck pain and/or develop effi-
cient/effective rehabilitative training procedures. However,
existing clinical method using ultrasonography often causes
operator effect, a subjective judgments of muscle extraction
and associated morphometric features measurement and
analysis. Our attempt shown in this paper is to avoid such
subjectivity as much as possible and aims to assist human
medical experts in DCF and SCM analysis.

Algorithmically, our previous attempt [16] that extracts
and analyzes sternocleidomastoid and longus capitis/colli
automatically often suffers from the distraction of ultra-
sonography. The major contribution of this paper is to over-
come that problemwith careful image processing considering

morphological characteristics of DCFs (shape and location
information) and extracting cervical vertebrae explicitly in
the process. Many image processing algorithms are involved
such as Blob for noise removal and ends-in search stretching
for image enhancement and 4-directional contour search
for boundary detection and cubic spline interpolation for
complementing disconnected lines and the fuzzy sigma bina-
rization to control the low brightness contrast environment.

The experimental result using 200 real-world cervical
vertebrae DICOM ultrasound image verifies that almost all
(98.5%) input images are well extracted and the thickness
is automatically measured with low error magnitude with
respect to those of human experts’ decision (≤0.3 cm) inmost
cases (89.8%).
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Image segmentation plays an important role in medical image processing. Fuzzy c-means (FCM) clustering is one of the popular
clustering algorithms for medical image segmentation. However, FCM has the problems of depending on initial clustering centers,
falling into local optimal solution easily, and sensitivity to noise disturbance. To solve these problems, this paper proposes a hybrid
artificial fish swarm algorithm (HAFSA). The proposed algorithm combines artificial fish swarm algorithm (AFSA) with FCM
whose advantages of global optimization searching and parallel computing ability of AFSA are utilized to find a superior result.
Meanwhile, Metropolis criterion and noise reduction mechanism are introduced to AFSA for enhancing the convergence rate and
antinoise ability.The artificial grid graph andMagnetic Resonance Imaging (MRI) are used in the experiments, and the experimental
results show that the proposed algorithm has stronger antinoise ability and higher precision. A number of evaluation indicators
also demonstrate that the effect of HAFSA is more excellent than FCM and suppressed FCM (SFCM).

1. Introduction

Image segmentation is to divide the image into regions
with different features. As an important procedure in image
processing, image segmentation is a hotspot and difficulty in
medical image technology field [1]. One of the most widely
used algorithms in the area of image segmentation [2, 3]
is the fuzzy 𝑐-means (FCM). FCM [4–6] is the mainstream
algorithm in fuzzy clustering method. It has advantages of
unsupervised, simple implementation, no threshold set, and
practicality, but at the same time it has the disadvantages of
sensitivity to random initial value, easily falling into local
optimal solution, and large calculation under the multidi-
mensional space. Intelligent algorithm can obtain global opti-
mal solution quickly, and it is suitable for the complex data
space of nonlinear multidimension while few approaches
aim at combining AFSA with FCM. As early as 1996, Chun
and Yang have introduced intelligent algorithm into image
segmentation field by researching the combination of genetic
algorithm and FCM [7]. The hybrid algorithms [8–12] have
more excellent performance to overcome the shortcomings
of FCM.

Artificial fish swarm algorithm (AFSA) [13, 14] is an
algorithm which is put forward by Li et al. It has features
of universality, combining with the traditional algorithm
easily, and less sensitivity to initial value, and its theory
is suitable for solving the clustering problem. For years,
some scholars introduced AFSA into the field of image
segmentation [15–18]. Most of the approaches aim at the
optimization of threshold segmentation method, while the
approach on combining AFSA with FCM is less. Wang et al.
[19] utilized AFSA to get the optimal clustering centers and
then carried out the local searching by FCM so as to avoid
local optimum. Liu et al. [20] proposed a dynamic fuzzy
clusteringmethod based on artificial fish swarm algorithm by
introducing a fuzzy equivalence matrix. He et al. [21] verified
thatAFSAwith adaptive visual and step combiningwith FCM
is more superior to genetic algorithm.

In this paper, we propose a hybrid artificial fish swarm
clustering algorithm (HAFSA). The proposed algorithm
combines artificial fish swarm algorithm (AFSA) with FCM.
With parallel search technology, HAFSA can overcome the
defect that the FCM is easy to fall into local optimal solution.
Metropolis criterion and noise reduction mechanism are
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introduced into the proposed algorithm, not only improving
the convergence rate but also taking advantage of spatial
neighborhood information to enhance antinoise ability and
practicability. The artificial grid graph and Magnetic Reso-
nance imaging (MRI) are utilized in the experiments. The
experimental results compared with FCM and SFCM [22]
show that HAFSA is more excellent through a number of
evaluation indicators. These verify that HAFSA is effective
and feasible in overcoming the sensitivity of initial value and
noise.

2. Fuzzy 𝑐-Means Algorithm

FCM algorithm was proposed by Dunn [5] and improved by
Bezdek [6] later.The basic FCMalgorithm can divide the gray
image data into several clusters. The optimization model of
FCM is shown in the following formula:

min 𝐽 (U,V) =
𝑐

∑

𝑖=1

𝑛

∑

𝑗=1

𝑢
𝑚

𝑖𝑗
𝑑
2

𝑖𝑗
,

s.t.
𝑐

∑

𝑖=1

𝑢
𝑖𝑗
= 1,

∀𝑗 = 1 ⋅ ⋅ ⋅ 𝑛,

(1)

where U = {𝑢
𝑖𝑗
}
𝑐×𝑛

denotes the fuzzy membership matrix,
𝑢
𝑖𝑗
∈ [0, 1] is the degree of membership of the pixel 𝑥

𝑗
in the

cluster V
𝑖
, and 𝑛 = 𝑀 × 𝑁 is the size of gray image. V = {V

𝑖
}
𝑐

denotes 𝑐 cluster centers. 𝑑
𝑖𝑗
= ‖V
𝑖
− 𝑥
𝑗
‖ is the Euclidean

distance between 𝑥
𝑗
and V

𝑖
. The fuzzy weighting exponent

𝑚 ∈ [1,∞) is generally set to 2. The update equations of
membership degree matrix and cluster centers are shown in
the following formula:

𝑢
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= (
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.

(2)

FCM algorithm has simple principle and process without
initial parameters. However, FCM is sensitive to initial
membership degreematrix (or cluster centers) and falls easily
into local optimal solution because of the iterative process of
gradient descent. Images are frequently attacked by noises.
FCM is not suitable for the actual image without the ability
to identify noise. At present, scholars improved the defects
of FCM by changing the objective function or combining
with other optimization algorithms [23, 24]. SFCM [22]
was proposed to improve the clustering performance as
well as convergence rate by introducing the suppression
factor. Moreover, some researchers educed noise by spatial
information [25, 26] or noise processing [27].

3. Hybrid Artificial Fish Swarm
Algorithm (HAFSA)

3.1. Artificial Fish Swarm Algorithm (AFSA). AFSA is an
intelligent optimization algorithm which is designed by
imitating the behaviors of fish swarm. The algorithm is an
autonomous model based on four major behaviors, preying
behavior, swarming behavior, following behavior, and ran-
dombehavior, which fully perform the local search so that the
population diversity is ensured maximally and local optimal
solution avoids premature convergence.

Let 𝐺 = {0, 1, . . . , 𝐿 − 1} denote the gray levels, where
𝐿 = 256 and gray levels are from 0 to 255. In the process
of image segmentation, fish’s location coding is a pixel gray
value vector V = (V

1
, V
2
, . . . , V

𝑐
)
𝑇 which consisted of 𝑐

cluster centers. The 𝑐-means objective function serves as
food concentration of artificial fish; that is, 𝐹(V) = 𝐽(V).
As shown in Figure 1, AFSA mainly adjusts the position of
the artificial fish by swarm behavior and follow behavior.
AFSA will be terminated when it converges or achieves the
maximum generation Maxgen. The four basic behaviors are
described below.

(i) Prey Behavior. Prey behavior is the default behavior
of the swarm behavior and follow behavior. Assuming the
current position of artificial fish is V

𝑖
, another position V

𝑗
is

randomly selected in the visual field of V
𝑖
. If 𝐽(V

𝑗
) < 𝐽(V

𝑖
),

the artificial fish moves a step to V
𝑗
according to formula

(3) and prey behavior terminates. If 𝐽(V
𝑗
) ≥ 𝐽(V

𝑖
), keep

reselecting newV
𝑗
until 𝐽(V

𝑗
) < 𝐽(V

𝑖
) or reach themaximum

reselection times 𝑡𝑟𝑦 𝑛𝑢𝑚𝑏𝑒𝑟. Artificial fish will perform the
random behavior if it still cannot select an ideal position after
𝑡𝑟𝑦 𝑛𝑢𝑚𝑏𝑒𝑟 times reselection. Consider

V
𝑖
← V

𝑖
+ 𝜉 ⋅ 𝑠𝑡𝑒𝑝 ⋅

V
𝑗
− V
𝑖






V
𝑗
− V
𝑖







, (3)

where 𝑠𝑡𝑒𝑝 is the maximum moving distance of artificial fish
and 𝜉 is the random scalar.

(ii) Swarm Behavior. If 𝐽(V
𝑐
)/num < 𝛿 ⋅ 𝐽(V

𝑖
), V
𝑐
will have

more food concentration and will be more uncrowded than
V
𝑖
; then the artificial fish should move a step toward V

𝑐

according to formula (3) (V
𝑗
← V
𝑐
); else perform the prey

behavior, where integer num denotes the number of partners
in the visual field of V

𝑖
, V
𝑐
is the center position of num

partners, and 𝛿 ∈ [0, 1] is the congestion level.

(iii) Follow Behavior. If 𝐽(V∗
𝑗
)/num < 𝛿 ⋅ 𝐽(V

𝑖
), V∗
𝑗
will

have more food concentration and will be more uncrowded
than V

𝑖
; then the artificial fish should move a step toward

V∗
𝑗
according to formula (3) (V

𝑗
← V∗
𝑗
); else perform the

prey behavior, where the partner position V∗
𝑗
has minimal 𝑐-

means objective function 𝐽 in visual field of V
𝑖
.

(iv) RandomBehavior. Randombehavior is the default of prey
behavior. The artificial fish in position V

𝑖
should perform

the random behavior according to formula (4) when it
cannot select a more excellent position in prey behavior after
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Reach Maxgen
or convergence

and other parameters

Output result

Yes

No

Yes No

Initial artificial fish V

Calculate J(V)

Swarm (V, J(V)) → [V1, J1] Follow (V, J(V)) → [V2, J2]

J1 > J2

J ← J1
V← V1

J ← J2
V← V2

Figure 1: The flowchart of AFSA.

𝑡𝑟𝑦 𝑛𝑢𝑚𝑏𝑒𝑟 times random reselection, where 𝜂 denotes a
random vector in [−1, 1] with the size of 𝑐 × 1. Consider

V
𝑖
← V

𝑖
+ V𝑖𝑠𝑢𝑎𝑙 ⋅ 𝜂. (4)

3.2. Metropolis Criterion. Metropolis criterion stems from
simulated annealing algorithm (SA) [28]. In HAFSA,
Metropolis criterion exists in each iteration behind the
swarm behavior and follow behavior. Cluster center vector
V
𝑖
and the 𝑐-means objective function 𝐽(V

𝑖
) are equivalent

to the state of the atom and the energy function in SA.
After swarm behavior and follow behavior, the artificial fish
located in the original position V

𝑖
will move a step to a new

position V
𝑗
. If 𝐽(V

𝑗
) ≤ 𝐽(V

𝑖
), the artificial fish should accept

superior position V
𝑗
unconditionally. If 𝐽(V

𝑗
) > 𝐽(V

𝑖
), the

artificial fish should accept inferior position by probability 𝑃,
which is defined as formula (5), or refuse V

𝑗
and turn back

to V
𝑖
. Consider

𝑃 = exp(
𝐽 (V
𝑗
) − 𝐽 (V

𝑖
)

𝑘 ⋅ 𝑇
𝑡

) , (5)

where 𝑘 = 1 is Boltzmann constant, 𝑇
𝑡
= 𝑇
𝑡−1

⋅ 𝑞 is the
temperature of the 𝑡th iteration, 𝑞 = (𝑇end/𝑇0)

1/𝑀𝑎𝑥𝑔𝑒𝑛 is the
refrigeration level,𝑇

0
is the initial temperature, and𝑇end is the

final temperature.
In HAFSA, Metropolis criterion is utilized to distinguish

whether the artificial fish should accept a new position. At
the beginning ofHAFSA, the probability of accepting inferior

position is larger, the diversity of population is increased, and
the wide area searching is enlarged to avoid falling into local
optimum. With the increasing of iterations, the acceptance
probability decreases and more and more inferior position
will be refused; then the convergence speed slows down but
the local search ability will be enlarged which is helpful for
keeping global optimal position.

3.3. Noise Reduction Mechanism. Most noises are Gaussian
noise and salt and pepper noise in medical images. Noises
generally locate in the same cluster or boundary of several
different clusters.The gray image ismostly like a grid network
where each pixel possesses 8 neighbors (except the pixels
at the edge of the image) as shown in Figure 2(a). Different
from the common pixels, the noise pixels usually have
huge disparities with most of their neighbors. In previous
articles, the noises usually are processed by filter, but the
filter is only suitable for specific images which will lead to
the deterioration of segmentation accuracy for edge blur.
A noise reduction mechanism is proposed in this section
which integrates into AFSA and achieves the identification
and procession of noises. Gaussian noise is chosen to test the
antinoise ability of HAFSA.

In AFSA, artificial fish will obtain the best cluster center
Vbest with minimal 𝑐-means objective function 𝐽 after each
iterative computation. According to Vbest, we can calculate
the fuzzy membership matrix U and then the best cluster
matrix C by the value of the 𝑐-means objective function.
Consider

C =

[

[

[

[

[

[

[

𝑐
1,1

𝑐
1,2

⋅ ⋅ ⋅ 𝑐
1,𝑛

𝑐
2,1

𝑐
2,2

⋅ ⋅ ⋅ 𝑐
2,𝑛

.

.

.

.

.

. d
.
.
.

𝑐
𝑚,1

𝑐
𝑚,2

⋅ ⋅ ⋅ 𝑐
𝑚,𝑛

]

]

]

]

]

]

]

, (6)

where 𝑐
𝑖,𝑗
∈ {1, . . . , 𝑐} denotes the cluster attribute of pixel

V
𝑖,𝑗
. Let 8 nearest pixels be the neighbors of V

𝑖,𝑗
. When the

number of neighbors cluster attributes which are equal to 𝑐
𝑖,𝑗

is less than 𝑘, V
𝑖,𝑗
can be defined as a noise pixel, where 𝑘 is

an arbitrary integer and mostly set as 1. At the end of each
iteration, after recognizing all the noises, we replace noise
pixel with an average pixel of the neighbors which belong to
the maximum cluster set. With the convergence of AFSA, the
noise in the gray image will be recognized and reduced step
by step.

As an example, Figure 2(a) demonstrates that the pixel of
candidate noise V

𝑖,𝑗
generally has a huge difference with its 8

neighbors. Figure 2(b) demonstrates that V
𝑖,𝑗
has been signed

as cluster attributes 𝑐
3
by AFSA, but its neighbors have been

signed as cluster attributes 𝑐
1
. There are no neighbors signed

as 𝑐
3
, and then V

𝑖,𝑗
can be recognized as a noise. As the density

of noise increases, we can set larger 𝑘 to recognize adjacent
noises. As shown in Figure 2(c), the adjacent noises V

𝑖,𝑗
and

V
𝑖,𝑗+1

will be recognized if 𝑘 = 2. After recognizing noises,
we will replace noise with average pixel of its neighbors.
Figure 2(d) demonstrates a complex circumstance, where the
neighbors of noise have been divided into 2 different clusters
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Figure 2: Noise pixel and neighbor regions.

Require: Grey image 𝐺
Ensure: Segmentation result C, clustering center vector 𝑏𝑚𝐶𝑒𝑛𝑡𝑒𝑟𝑠
(1) Initial parameters:𝑀𝑎𝑥𝑔𝑒𝑛, 𝑠𝑡𝑒𝑝, V𝑖𝑠𝑢𝑎𝑙, 𝜉, 𝑡𝑟𝑦 𝑛𝑢𝑚, artificial fish V and so on.
(2) Initial annealing temperature 𝑇

0
and 𝑇end

(3) Calculate the 𝑐-means objective function 𝐽(V)
(4) while no convergence or reach𝑀𝑎𝑥𝑔𝑒𝑛 do
(5) [V

1
, 𝐽
1
] = Swarm(V, 𝐽(V))

(6) [V
2
, 𝐽
2
] = Follow(V, 𝐽(V))

(7) if 𝐽
1
> 𝐽
2
then

(8) 𝐽
1
← 𝐽
2
, V
1
← V
2

(9) end if
(10) if 𝐽

1
< 𝐽(V) then

(11) 𝐽(V) ← 𝐽
1
, V← V

1

(12) else
(13) 𝑃 = exp[(𝐽(V) − 𝐽

1
)/𝑘𝑇]

(14) if rand < 𝑃 then
(15) 𝐽(V) ← 𝐽

1
, V← V

1

(16) end if
(17) end if
(18) Record the artificial fish Vbest with minimum 𝑐-means objective function
(19) Calculate the best segmentation result C according to Vbest
(20) Process the noise pixels in 𝐺 according to C
(21) end while
(22) Centers← Vbest
(23) return C, Centers

Algorithm 1: HAFSA.

𝑐
1
and 𝑐
2
; means noise V

𝑖,𝑗
locates in the boundary of 2 clusters.

The size of cluster 𝑐
1
is 5, and the size of 𝑐

3
is 3; hence we

replace V
𝑖,𝑗

with the average pixel of 5 neighbors in 𝑐
1
as

V
𝑖,𝑗
← (V
𝑖−1,𝑗−1

+ V
𝑖−1,𝑗

+ V
𝑖−1,𝑗+1

+ V
𝑖,𝑗−1

+ V
𝑖+1,𝑗−1

)/5.
An effective integration is designed by combining the

noise reduction mechanism with AFSA, which processes the
noise based on the best cluster center after each iterative
concentration and reduces the calculation. Noise reduction
mechanism always exists in the iterative process of AFSA
and then subsequently converges. The procession of noise
reduction gradually avoids the misjudgment of noise and
ensures the accuracy and adaptability of noise identification.

3.4. Hybrid Artificial Fish Swarm Algorithm (HAFSA).
HAFSA is proposed in this section by introducingMetropolis
criterion and noise reduction mechanism, based on AFSA.
HAFSA inherits the computing framework of AFSA which

has the advantages of strong optimization ability and less
easiness of falling into the local optimum. By introducing
Metropolis criterion, HAFSA’s convergence speed has been
accelerated and segmentation accuracy has been improved.
The proposed noise reduction mechanism makes full use of
AFSA’s cluster result, which can improve the noise identifica-
tion ability of HAFSA; meanwhile it has fewer computations
than other noise reduction mechanisms. HAFSA is shown in
Algorithm 1.

4. Experimental Results

The experiments are based on the computer with Intel
Core i3, 4GB RAM, and dual-core 3.40MHz and were
performed in Matlab 2009a compiler. In order to verify
FCM, SFCM, and HAFSA, artificial grid graph and
Magnetic Resonance Imaging (MRI) (mr030.pgm in
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http://decsai.ugr.es/cvg/dbimagenes/gbio256.php) have been
introduced to test the antinoise ability and the segmentation
effect on real-world environment. In addition to the visually
qualitative results, we have introduced many numerical
indexes to evaluate the accuracy of segmentation results.

In HAFSA, we set the maximum number of iterations as
𝑀𝑎𝑥𝑔𝑒𝑛 = 50, fuzzy weighting exponent as 𝑚 = 2, food
concentration as formula (3), the size of population as 20,
visual field as V𝑖𝑠𝑢𝑎𝑙 = 𝐿/10, congestion level as 𝑡𝑟𝑦 𝑛𝑢𝑚 = 3,
step of self-adaption as 𝑠𝑡𝑒𝑝 = V𝑖𝑠𝑢𝑎𝑙/2, initial temperature
as 𝑇
0
= 10
4, and final temperature as 𝑇end = 10

2. Iterative
threshold in FCM and SFCM is 10𝑒 − 5.

4.1. Assessment of Segmentation Performance. In this section,
numerous evaluation indexes [24] have been carried out
to evaluate the segmentation of HAFSA, FCM, and SFCM.
They are 𝑐-means objective function value 𝐽, Peak Signal-
to-Noise Ratio (PSNR), mean square error (MSE), variance
partition coefficient (vpc), variance partition entropy (vpe),
segmentation accuracy (Accuracy), and Jaccard similarity
(JS). With the increasing of 𝐽 and vpe and the decreasing of
PSNR, vpc, Accuracy, and JS, the algorithms’ segmentation
results will get better. The calculation of evaluation indexes is
described below.

PSNR is an objective standard to evaluate images which
calculates the mean square error between original image and
processed image whose computational formula is shown in
formula (7). MSE is the mean square error between original
image and processed image whose formula is shown in
formula (8). Consider the following:

PSNR = 10 ⋅ lg
𝑥
2

max ⋅ 𝑀 ⋅ 𝑁

∑
𝑀

𝑖=1
∑
𝑁

𝑗=1
[𝑥 (𝑖, 𝑗) − 𝑦 (𝑖, 𝑗)]

2
, (7)

MSE = 1

𝑀 ⋅ 𝑁

⋅

𝑀

∑

𝑖=1

𝑁

∑

𝑗=1

[𝑥 (𝑖, 𝑗) − 𝑦 (𝑖, 𝑗)]
2

, (8)

where 𝑥(𝑖, 𝑗) is the gray level of the pixel in original image,
𝑦(𝑖, 𝑗) is the gray level of the pixel in processed image, and
𝑥max is the maximum gray level of the image.

Partition coefficient, vpc, and partition entropy, vpe, are
defined in the following formula:

vpc = 1

𝑛

⋅

𝑐

∑

𝑖=1

𝑁

∑

𝑗=1

𝑢
2

𝑖𝑗
,

vpe = −1
𝑛

⋅

𝑐

∑

𝑖=1

𝑁

∑

𝑗=1

𝑢
𝑖𝑗
log (𝑢

𝑖𝑗
) .

(9)

Segmentation accuracy is defined as the sum of the
correctly classified pixels divided by the sum of the total
number of pixels; the computational formula is shown in the
following formula:

Accuracy =
𝑐

∑

𝑗=1

𝑆
1𝑖
∩ 𝑆
2𝑖

∑
𝑐

𝑗=1
𝑆
2𝑗

, (10)

where 𝑆
1𝑖
represents the set of pixels belonging to the 𝑖th

cluster by the segmentation algorithm and 𝑆
2𝑖
represents the

set of pixels belonging to the 𝑖th cluster in the reference
segmented image.

Jaccard similarity (JS) is applied as the metric to quanti-
tatively evaluate the segmentation accuracy. JS is defined as
follows:

JS (𝑆
1
, 𝑆
2
) =





𝑆
1
∩ 𝑆
2










𝑆
1





+




𝑆
2






, (11)

where 𝑆
1
and 𝑆

2
represent segmentation results of different

algorithms and ground truth, respectively.

4.2. Segmentation of Artificial Grid Graph. In this section, we
design the artificial grid graph to test the antinoise ability
of HAFSA, FCM, and SFCM. Figure 3(a) demonstrates the
artificial grid graph which consisted of 3 kinds of pixels: black
(0), gray (127), and white pixels (255). The grid graph can
be divided into 4 × 4, a total of 16, sublumps according to
the pixel level. The artificial grid graph is an ideal simulation
object which has clear boundaries between different lumps.
In order to test antinoise ability, 5% Gaussian noise and 10%
Gaussian noise have been added to the artificial grid graph
and produced Figures 3(b) and 3(c). Figures 3(d), 3(e), and
3(f) are the segmentation results of HAFSA, FCM, and SFCM
on 5% Gaussian noise grid graph. Figures 3(g), 3(h), and 3(i)
are the segmentation results of HAFSA, FCM, and SFCM on
10% Gaussian noise grid graph.

As it can be seen in Figure 3, compared with FCM
and SFCM, the segmentation results of HAFSA have clear
boundaries and almost no noise pixel under the 5% and 10%
Gaussian noises, which verifies the strong antinoise ability
of HAFSA. Even though the segmentation results of SFCM
are slightly superior to FCM, both of them are unable to
identify or eliminate noise, and their segmentation results are
seriously attacked by noises.

In order to verify the performances among these three
algorithms, evaluation indexes have been introduced tomake
a comprehensive assessment. We take the average of 30 times
experiment results for each algorithm. Table 1 presents 7
evaluation indexes of 3 algorithms on 3 kinds of artificial grid
graph. From Table 1, it can be seen that all the evaluation
indexes of 3 algorithms on grid graph have reached their
best value, which means that 3 algorithms can get excellent
segmentation on the no-noise condition. The evaluation
indexes of HAFSA are more superior to FCM and SFCM
under 5% and 10% Gaussian noises. It demonstrates that
HAFSA has outstanding antinoise ability.

Figures 4(a) and 4(b) show curves of the relationship
between 𝑐-means objective function 𝐽 and the intensity of
Gaussian noise and Speckle noise. According to Figures
4(a) and 4(b), the value 𝐽 of 3 algorithms increases with
the increasing intensity of Gaussian noise or Speckle noise.
Under the same noise intensity situation, HAFSA is superior
(with smaller 𝐽) to SFCM obviously, and SFCM algorithm is
superior to FCMalgorithm slightly.With the increasing of the
Gaussian noise, 𝐽 increases rapidly for SFCM and FCM but
slowly for HAFSA (note that in Figure 4(a) 𝑦-axis is uneven;
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(a) Original (b) Gaussian 5% (c) Gaussian 10%

(A) Simulation grid graph

(d) HAFSA (e) FCM (f) SFCM

(g) HAFSA (h) FCM (i) SFCM

(B) Segmentation of 5% Gaussian noise graph

(C) Segmentation of 10% Gaussian noise graph

Figure 3: Segmentation of artificial grid graph. (a) An artificial grid graph. (b) Graph with 5% Gaussian noise. (c) Graph with 10% Gaussian
noise. (d) HAFSA on the graph with 5% Gaussian noise. (e) FCM on the graph with 5% Gaussian noise. (f) SFCM on the graph with 5%
Gaussian noise. (g) HAFSA on the graph with 10% Gaussian noise. (h) FCM on the graph with 10% Gaussian noise. (i) SFCM on the graph
with 10% Gaussian noise.

the spacing of 𝑦-axis corresponding by the lower red line is
0.2 times that of the upper red line). Figures 4(a) and 4(b)
represent thatHAFSA is an ideal image segmentationmethod
with strong and robust antinoise ability.

4.3. Segmentation of MRI. The second experiment is on
MRI, introducing MRI with 5% salt and pepper noise to
verify the segmentation effectiveness of HAFSA in the real

world. MRI includes 4 parts: the white matter (WM), gray
matter (GM), cerebrospinal fluid (CSF), and background.
Hence, MRI can be divided into 4 clusters [10]. The first
column of Figure 5 presents the original MRI, standard
segmentation of WM, standard segmentation of GM, and
standard segmentation of CSF; from the second column to
the fourth column are the segmentation results of FCM,
SFCM, and HAFSA, respectively. Observing the first row of
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Table 1: Simulation results of grid graph.

Simulation image Algorithm Evaluation indexes
𝐽 PSNR vpc vpe Accuracy JS MSE

Grid graph All 3 (≈) 0 55.4126 1 0 1 1 0

5% Gaussian
FCM 1.86𝐸 + 07 49.4164 0.7674 0.4659 0.9905 0.9813 1.8768
SFCM 1.86𝐸 + 07 49.1265 0.7606 0.4763 0.9912 0.9825 1.8259
HAFSA 3.71E + 06 55.4126 0.8041 0.3950 0.9997 0.9994 0.0661

10% Gaussian
FCM 2.11𝐸 + 07 38.5015 0.6907 0.5757 0.9874 0.9752 5.4161
SFCM 2.12𝐸 + 07 38.5015 0.6858 0.5824 0.9877 0.9756 5.3893
HAFSA 4.22E + 06 55.4126 0.7026 0.5396 0.9992 0.9983 0.1984
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Figure 4: (a) The variation of the 𝑐-means objective function 𝐽 on HAFSA, FCM, and SFCM with Gaussian noises. (b) The variation of the
𝑐-means objective function 𝐽 on HAFSA, FCM, and SFCM with Speckle noises.

Figure 5, the boundaries segmented by FCM and SFCM are
fuzzy but HAFSA is much clearer. For further comparison,
the segmentation results of 3 algorithms have been divided
into 3 target regions which are the white matter (WM),
the gray matter (GM), and the cerebrospinal fluid (CSF), as
shown in the second to the fourth rows of Figure 5.The basic
FCM algorithm and the SFCM algorithm obtain the inferior
effectiveness of segmentation whose edges are in the 3 target
regions with a lot of trivial and rough areas, and the details
of the target regions cannot be distinguished clearly. The
proposed HAFSA can restore the original details even under
complicated noise environment. The segmentation figures
generated by HAFSA usually have clear outline, complete
targets, and the maximum similarity with the standard
segmentations which are divided manually by experienced
experts.

Table 2 presents 7 evaluation indexes of 3 algorithms on
MRI. The evaluation indexes 𝐽, PSNR, vpc, vpe, Accuracy,
JS, and MSE of HAFSA are superior to the ones of FCM and
SFCMobviously; only vpe is inferior to SFCMslightly. Table 2

shows that HAFSA has precise segmentation results on MRI,
whichmeans that HAFSA is suitable for practical application.

The CPU times of FCM, SFCM, and HAFSA are 1.6821
seconds, 3.9431 seconds, and 4.4052 seconds on the artificial
grid graph and 1.7890 seconds, 4.2350 seconds, and 4.6943
seconds on MRI, respectively. HAFSA is slower than FCM
and almost as fast as SFCM.

5. Conclusion

The proposed algorithm, HAFSA, is a combination of AFSA,
noise reduction mechanism, and Metropolis criterion, and it
has the advantages of insensitiveness to initial values, pow-
erful capability of antinoise, robust and precise segmentation
result, and fast convergence. The experimental results which
are verified by the visual effects and evaluation indexes, 𝐽,
PSNR, vpc, vpe, Accuracy, JS, and MSE, demonstrate that
HAFSA is superior to classical FCM and SFCM on both
artificial grid graph and actual MRI.
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(a) MRI (b) FCM (c) SFCM (d) HAFSA

(e) WM (f) FCM (g) SFCM (h) HAFSA

(i) GM (j) FCM (k) SFCM (l) HAFSA

(m) CSF (n) FCM (o) SFCM (p) HAFSA

Figure 5: Segmentation results ofMRI: (a)MRI; (b) FCMonMRI; (c) SFCMonMRI; (d) HAFSA onMRI; (e)WM (standard segmentation);
(f) WM (FCM); (g) WM (SFCM); (h) WM (HAFSA); (i) GM (standard segmentation); (j) GM (FCM); (k) GM (SFCM); (l) GM (HAFSA);
(m) CSF (standard segmentation); (n) CSF (FCM); (o) CSF (SFCM); (p) CSF (HAFSA).
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Table 2: Simulation results of MRI.

Simulation image Algorithm Evaluation indexes
𝐽 PSNR vpc vpe Accuracy JS MSE

MRI
FCM 1.23𝐸 + 07 17.9176 0.7735 0.6043 0.6554 0.4874 45.2549
SFCM 1.24𝐸 + 07 17.9176 0.8052 0.5860 0.6890 0.5255 44.2323
HAFSA 9.07E + 06 20.7944 0.8129 0.5876 0.9435 0.8930 32.9370
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We propose a novel medical image fusion scheme based on the statistical dependencies between coefficients in the nonsubsampled
contourlet transform (NSCT) domain, in which the probability density function of the NSCT coefficients is concisely fitted using
generalized Gaussian density (GGD), as well as the similarity measurement of two subbands is accurately computed by Jensen-
Shannon divergence of two GGDs. To preserve more useful information from source images, the new fusion rules are developed to
combine the subbands with the varied frequencies.That is, the low frequency subbands are fused by utilizing two activity measures
based on the regional standard deviation and Shannon entropy and the high frequency subbands are merged together via weight
maps which are determined by the saliency values of pixels. The experimental results demonstrate that the proposed method
significantly outperforms the conventional NSCT based medical image fusion approaches in both visual perception and evaluation
indices.

1. Introduction

Multimodal medical image fusion (MIF) is a process of
extracting complementary information from different source
images and integrating them into a resultant image. The
integration of multimodality medical images can provide
more comprehensive pathological information for doctors,
which greatly helps their diagnosis and treatment. For exam-
ple, the fusion of computed tomography (CT) and magnetic
resonance imaging (MRI) may simultaneously provide dense
structures like bones and pathological soft tissue informa-
tion. The combination of single-photon emission computed
tomography (SPECT) and MRI image not only displays
anatomical information, but also provides functional and
metabolic information. Additionally, combining CT and the
positive electron tomography (PET) image can concurrently
visualize anatomical and physiological characteristics of the
human body, the result of which is used to view tumor
activity in oncology and discern tumor boundaries in organ
diagnosis. Therefore, MIF technique can effectively provide
support for medical diagnostic and healthcare.

Nowadays, multiresolution decomposition (MSD) based
MIF has been recognized as an effective work, which can
extract more abundant information from source images of
different modalities. This technique has had a fast develop-
ment and extensive application in the past decades. For exam-
ple, Qu et al. [1] have utilized wavelet transform to fuse med-
ical images. Ali et al. performed the combination of CT and
MRI by the curvelet transform in [2] and Yang et al. proposed
a fusion algorithm for multimodal medical images based
on contourlet transform (CT) [3]. Li and Wang employed
the nonsubsampled contourlet transform (NSCT) for the
combination ofMRI and SPECT in [4]. Comparedwith other
multiscale decomposition,NSCTproposed by daCunha et al.
[5] is a more prominent tool and it has been successfully used
in image denoising [6] and image enhancement [7]. Because
of its properties of multiscale, multidirection, and the full
shift-invariance, when it is used for image decomposition,
it can capture the higher dimensional singularities such as
edges and contours that cannot be effectively represented
by the wavelets and avoid pseudo-Gibbs phenomena that
presents in the contourlet transform. Specifically, when it
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Figure 1: The schematic diagram of the proposed medical image fusion method.

is used for image fusion, the impacts of misregistration on
the fused results can also be reduced effectively [8] and the
correspondence between different subbands is easily found.
Therefore, NSCT is more suitable for medical image fusion.
Although medical image fusion methods based NSCT have
achieved good results [9–13], most existing fusion methods
neglect the dependencies between subband coefficients at the
interscale and intrascale.However, the dependencies between
decomposition coefficients commonly exist. What’s more,
the characteristics show non-Gaussian distribution and have
the heavy tailed phenomenon. Thus making full use of the
statistical dependencies between subband coefficients will
effectively improve fusion performance.

In this paper, we present a novel NSCT based statistical
multimodalMIF scheme,which utilizes generalizedGaussian
density (GGD) to fit the marginal distributions of the high
frequency coefficients and quantify the similarity measure-
ment between two subbands by the symmetric Jensen-
Shannon divergence (JSD) [14, 15] of two GGDs. Combining
the relationships between subband coefficients, the high fre-
quency coefficients are updated and finally fused.The general
framework is shown in Figure 1. The main contributions of
the proposed method are summarized as follows:

(1) This study proposes a novel MIF method, which
explores the dependencies between subband coeffi-
cients in NSCT domain.

(2) GGD and JSD based statistical model is developed to
nicely fitmarginal distributions of the NSCT subband
coefficients.

(3) Thenew fusion rules are developed to fuse coefficients
with the low frequency and high frequency, respec-
tively.

The rest of this paper is organized as follows. In Section 2,
related studies are reviewed. In Section 3, we first give a brief
introduction of NSCT and then analyze the characteristics
between subband coefficients in NSCT domain and compute
their dependencies. The novel fusion rules are developed to
fuse the low frequency subbands and high frequency sub-
bands in Section 4. Section 5 provides experimental results
and discussion. Conclusions are drawn in the last section.

2. Related Research

A plethora of MIF methods based on NSCT assume that
the coefficients of decomposition subbands are statistically
independent; namely, there are no dependencies between
subband coefficients across scales and within scale. Thus this
kind of methods usually results in loss of some information
of the source images. However, for a decomposition image
using NSCT, there really exist the dependencies between
subbands in different levels and different orientations at
the same scale. Several famous statistical models based on
multiresolution analysis have been proposed to characterize
the dependencies of subband coefficients across scales. For
example, the statistical models integrating Hidden Markov
Tree (HMT) with the discrete wavelet transform (DWT) or
the contourlet transform have been applied in the image
denosing [16–18]. Moreover, the model of combining HMT
and DWT is successfully applied in image segmentation [19].
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Figure 2: An illustration of the NSCT: the decomposition levels correspond to the first and second level and the number of directions of
NSDFB is set to [2, 3], respectively.

As two recent examples, Wang et al. proposed two statistical
models in the shift invariant shearlet transform domain, one
combines the HMT [20] and the other utilizes GGD [21].
Although the statistical model based on HMT has successful
applications, it contains some defects such as the low fitting
precision, the high dependency for convergence of function,
the lack of flexibility for the quad-tree structure itself, and so
on.

In this paper, we present a novel statistical model to
measure the dependencies of subband coefficients in NSCT
domain. The advantage of the model is that one parent node
may have any number of child leaves, instead of having
limitation of one to four as HMTmodel. Our work seemingly
shares some themes with literatures [21, 22], where the
probability density function (PDF) of each decomposition
subband is modeled with the GGD, and the similarity mea-
surement between subbands is computed by the Kullback-
Leibler distance (KLD) of twoGGDs. However, our statistical
model focuses on the statistics of the NSCT coefficients,
and we evaluate the similarity of subbands across scales by
the JSD rather than KLD. In addition, different fusion rules
are, respectively, developed to combine components with low
frequency and high frequency.

3. The Proposed Algorithm

3.1. Overview of NSCT. NSCT, as a shift invariant version of
contourlet, is an overcomplete transform with flexible multi-
scale, multidirectional expansion for images [5]. The decom-
position process of the NSCT is divided into two phases, that
is, the nonsubsampled pyramids (NSP) and the nonsubsam-
pled directional filter bank (NSDFB). The former performs
multiscale decomposition and the later provides direction
decomposition. The NSP divides image into a low frequency
subband and a high frequency subband in each level. Given
that the decomposition level is 𝑘, NSP will generate 𝑘+1 sub-
band images, which consist of one low frequency image and 𝑘

high frequency images. The subsequent NSDFB decomposes

the high frequency subbands from NSP in each level. As
for a specific subband, let the number of decomposition
directions be 𝑙; then 2

𝑙 directional subbands are obtained,
whose sizes are all the same as the source image. After the
low frequency component is decomposed iteratively by the
same way, an image is finally decomposed into one low
frequency subimage and a series of high frequency directional
subband images (∑

𝑘

𝑗=1
2
𝑙𝑗), wherein 𝑙𝑗 denotes the number

of decomposition directions at the 𝑗 scale. Figure 2 shows
an intuitive example of NSCT. The diagram only enumerates
the first two decomposition levels and the number of NSDFB
directions is set to [2, 3] from coarser to finer scale.

3.2. Characteristics of the NSCT Subband Coefficients.
Figure 3 plots the conditional distributions of the NSCT
coefficients, which characterizes the correlations between
subband coefficients of the MRI image in Figure 2, wherein
Figures 3(a) and 3(b) are probability distribution between
two subband coefficients at different scales and Figures
3(c) and 3(d) are probability distribution between two
subband coefficients with different directions at the same
scale. Mathematically, the conditional distributions can be
described as 𝑃(𝑋 | 𝑃𝑋 = 𝑝𝑥) and 𝑃(𝑋 | 𝐶𝑋 = 𝑐𝑥); here,
𝑝𝑥 and 𝑐𝑥 show the coefficients of parents and cousins.
As shown in Figure 3, the relationships between subband
coefficients demonstrate the nonlinear and interlaced
aliasing on the whole, which illustrates that there exist
interdependencies between subband coefficients in NSCT
domain. Simultaneously, there is approximately independent
or the slight correlation between subband coefficients with
different directions at the same scale (cousin-cousin), while
there is stronger correlation between subband coefficients
at different scales (parents-children). Thus, the relationships
of the NSCT coefficients mainly exist between parents and
children.

Figure 4 corresponds to the histograms of four subimages
in Figure 3. Obviously, all the characteristic diagrams have
similar features with a very sharp peak at the zero amplitude
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Figure 3: The conditional distribution between subband coefficients of the MRI image in Figure 2: (a) and (b) are the distribution
characteristics between subband coefficients at different scales; (c) and (d) are distribution characteristics of subband coefficientswith different
directions at the same scale.

and the extended tails in both sides of the peak, which
indicates that the NSCT coefficients are sparse and the
majority of coefficients are close to zero. Further, the kurtosis
of each map is, respectively, measured as 20.74, 8.32, 10.44,
and 20.55 (corresponding to (a), (b), (c), and (d) of the first
row of Figure 4 in order). Clearly, these values are much
larger than the kurtosis of Gaussian distribution (kurtosis
is about 3.0). What is more, through a large number of
experiments, the coefficient characteristics (sparse and heavy
tailed phenomenon) are similar for other NSCT subbands. So
there exists a fact that the NSCT coefficients are sparse and
highly non-Gaussian.

How to quantify the dependencies between NSCT coef-
ficients by a statistical model is a subject worthy of study.
Inspired by the earlier statistical model of MSD coefficients
of image [23–26], in which the PDFs of coefficients across

scales and within scale are nicely fitted by the GGD function,
we fit the distribution characteristics by the same way and
calculate the dependencies of the NSCT coefficients. Figure 5
provides four PDFs of theNSCTcoefficients togetherwith the
curves of the fitted GGDs (as shown purple curves). It can be
seen that these fitted curves are very close to the actual case.
Therefore, the statistical model can be applied to describe the
spatial distribution characteristics of the NSCT coefficients.

3.3. Statistics of the NSCT Coefficients. The GGD model has
been extensively applied to describe the marginal density
of subband coefficients due to its flexible parametric form,
which adapts to a large family of distributions from super-
Gaussian to sub-Gaussian. Accordingly, the approximation of
the marginal density for the particular NSCT coefficient may
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Figure 4: Histograms of four distribution maps in Figure 3 (the first row) and the curves fitted with GGDs (the second row).
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(f) (g) (h) (i) (j)

Figure 5: The fusion results of different fusion methods for the first set of CT and MRI images: (a), (b) Source images; fused images by (c)
DWT, (d) GP, (e) PCA, (f) GF, (g) CT, (h) NSCT-1, (i) NSCT-2, and (j) the proposed method.

be achieved by varying two parameters of the GGD, which is
defined as

𝑃 (𝑥; 𝛼, 𝛽) =
𝛽

2𝛼Γ (1/𝛽)
𝑒
−(|𝑥|/𝛼)

𝛽

, (1)

where Γ(⋅) is the Gamma function, 𝛼 is the scale parameter
(width of the PDF peak), and 𝛽 is the shape parameter
which tunes the decay rate of the density function. Normally,

the parameters 𝛼 and 𝛽 are computed by the maximum
likelihood (ML) estimator, which has shown to be the desired
estimator [27]. As for each subband, the likelihood function
of the sample 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) is defined as

𝐿 (𝑥; 𝛼, 𝛽) = log
𝑛

∏

𝑖=1

𝑝 (𝑥𝑖; 𝛼, 𝛽) . (2)
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In this case, 𝛼 and 𝛽 are parameters that need to be
estimated. We can obtain the unique root by the likelihood
equations below; here Ψ(⋅) denotes the digamma function:

𝜕𝐿 (𝑥; 𝛼, 𝛽)

𝜕𝛽
= −

𝐿

𝛼
+

𝑁

∑

𝑖=1

𝛽
𝑥𝑖


𝛽
𝛼
−𝛽

𝛼
= 0, (3)

𝜕𝐿 (𝑥; 𝛼, 𝛽)

𝜕𝛽
=

𝐿

𝛽
+

𝐿Ψ (1/𝛽)

𝛽2

−

𝑁

∑

𝑖=1

(

𝑥𝑖


𝛼
)

𝛽

log(
𝑥𝑖



𝛼
) = 0.

(4)

Let 𝛽 be fixed and 𝛽 > 0; then (4) has the unique solution,
which is the real and positive value:

�̂� = (
𝛽

𝑁

𝑁

∑

𝑖=1

𝑥𝑖

𝛽
)

1/𝛽

. (5)

Combining (4) and (5), the shape parameter 𝛽 can be
solved by the following transcendental equation:

1 +
Ψ (1/𝛽)

𝛽
−

∑
𝑁

𝑖=1

𝑥𝑖

𝛽 log 𝑥𝑖



∑
𝑥𝑖


𝛽

+

log((𝛽/𝑁)∑
𝑁

𝑖=1

𝑥𝑖

𝛽
)

𝛽
= 0.

(6)

In (6), the determination of 𝛽 can be effectively solved
using Newton-Raphson iterative procedure [26, 28] and the
algorithm is detailedly described in [22].Therefore, with only
two parameters, we can accurately characterize the marginal
distribution of the NSCT coefficients.

3.4. The Dependency of Different NSCT Subbands. The KLD
is a common and justified way of measuring the distance
between two distributions.𝐷KL(𝑃 ‖ 𝑄) is applied to describe
the deficiency of using one distribution 𝑞 to represent the true
distribution 𝑝, which is generally used for comparing two
related distributions. The KLD between two distributions for
𝑃,𝑄, the PDFs of which are, respectively, denoted as 𝑝(𝑋; 𝜃1),
𝑝(𝑋; 𝜃2), is defined as

𝐷KL (𝑃 ‖ 𝑄) = 𝐷 (𝑝 (𝑥; 𝜃1) ‖ 𝑝 (𝑥; 𝜃2))

= ∫𝑝 (𝑥; 𝜃1) log
𝑝 (𝑥; 𝜃1)

𝑝 (𝑥; 𝜃2)
𝑑𝑥,

(7)

where 𝜃1 and 𝜃2 are a set of estimated parameters. Given
two GGD distributions of NSCT subbands, the similarity
between two GGDs for NSCT subbands can be defined by
the parameters 𝛼 and 𝛽. Substitute (1) into (7) and after some

manipulations, the KLD between two PDFs can be expressed
as

𝐷KL (𝑃 ‖ 𝑄) = 𝐷KL (𝑝 (⋅; 𝑎1, 𝛽1) ‖ 𝑝 (⋅; 𝛼2, 𝛽2))

= log(
𝛽1𝛼2Γ (1/𝛽2)

𝛽2𝛼1Γ (1/𝛽1)
)

+ (
𝛼1

𝛼2

)

𝛽2 Γ ((𝛽2 + 1) /𝛽1)

Γ (1/𝛽1)
−

1

𝛽1

.

(8)

However, there are some deficiencies with the KLD,
which makes it less ideal. First, the KLD is asymmetric;
that is, (𝐷KL(𝑃 ‖ 𝑄)) is different from (𝐷KL(𝑄 ‖ 𝑃)).
Second, if 𝑞(𝑥) = 0 and 𝑝(𝑥) ̸= 0 for any 𝑥, then
𝐷KL(𝑃 ‖ 𝑄) is undefined. Third, the KLD does not offer
any nice upper bounds [14]. On the other hand, the JSD
has the characteristics of nonnegativity, finiteness, symmetry,
and boundedness [15, 29]. So we use the symmetric JSD to
measure the similarity between two NSCT subbands in this
study. The JSD between GGDs is derived from the KLD;
mathematically, it is defined as

𝐷JS (𝑃 ‖ 𝑄) = 𝐷JS (𝑄 ‖ 𝑃)

=
1

2
(𝐷KL (𝑃 ‖ 𝑀) + 𝐷KL (𝑄 ‖ 𝑀)) ,

𝑀 =
𝑃 + 𝑄

2
.

(9)

4. The Proposed Image Fusion Technique

4.1. Fusion of the Low Frequency Coefficients. The low fre-
quency subbands represent the approximation components
of the source images. The simplest way to combine subband
coefficients is the averaging method. However, this method
easily leads to the low contrast and blurred result. To extract
more useful information from the source images, for the
low frequency coefficients, we employ the fusion rule based
on two activity level measurements, which consists of the
regional standard deviation and Shannon entropy. In prin-
ciple, the local texture features of an image are related with
the variation of the coefficients around neighborhood. On
the other hand, the entropy indicates how much information
an image contains. Thus, combining the two together can
extract more complementary information present in the
source images. The process is listed as follows:

(1) Computing the regional standard deviation𝐷𝜆(𝑥, 𝑦)

𝐷𝜆 (𝑥, 𝑦)

= √ ∑

𝑚∈𝑀,𝑛∈𝑁

𝜔 (𝑚, 𝑛) × [𝐶𝜆 (𝑥 + 𝑚, 𝑦 + 𝑛) − 𝑆𝜆 (𝑥, 𝑦)]
2
.
(10)

(2) Calculating the normalized Shannon entropy

𝐸𝜆 (𝑥, 𝑦) =
1

|𝑅|
∑

𝑖,𝑗

(𝐶
𝜆

0
(𝑖, 𝑗))

2

log (𝐶𝜆
0
(𝑖, 𝑗))

2

. (11)
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(3) Computing the weights (𝛿𝜆, 𝜉𝜆) of the standard
deviation 𝐷𝜆(𝑥, 𝑦) and the information entropy 𝐸𝜆(𝑥, 𝑦),
respectively,

𝛿𝜆 =

𝐷𝜆 (𝑥, 𝑦)

𝛼

𝐷𝐴 (𝑥, 𝑦)

𝛼
+
𝐷𝐵 (𝑥, 𝑦)


𝛼 ;

𝜉𝜆 =
𝐸𝜆 (𝑥, 𝑦)

𝐸𝐴 (𝑥, 𝑦) + 𝐸𝐵 (𝑥, 𝑦)
,

(12)

where the parameter 𝛼 is a constant, which tunes the
sharpness of fused image by adjusting the value of parameter;
it is set to 1.2 in our experiment.

Let 𝐶
𝜆

0
(𝑥, 𝑦) denote the low frequency subband coeffi-

cient at location (𝑥, 𝑦);𝜆 is input image𝐴,𝐵. Finally, the fused
image can be obtained by

𝐶
𝐹

0
(𝑥, 𝑦) = ∑

𝜆=𝐴,𝐵

[𝛿𝜆𝐶
𝜆

0
(𝑥, 𝑦) + 𝜉𝜆𝐶

𝜆

0
(𝑥, 𝑦)] . (13)

4.2. Fusion of the High Frequency Coefficients. High fre-
quency subbands correspond to detailed information in these
regions such as edges, lines, and corners. Because different
imaging modalities contain redundant and complementary
information of each other, the purpose of selection rule is
mainly to capture salient information of the source images
as much as possible. Maximum selection rule is not suitable
for medical image fusion, because it works well on this
premise that only an original image provides good pixel
at each corresponding location; thus vast complementary
information will be lost when it is used for MIF. To improve
the fusion performance, for the high frequency subbands, we
propose the fusion scheme based on weight maps which are
determined by the saliency maps. According to the fact that
there exist dependencies between the NSCT coefficients, the
high frequency coefficients are first updated by utilizing the
relationships between NSCT subbands and then combining
together by using weight maps. The process is described as
follows.

(1) Updating of the High Frequency Subband Coefficients.
First, we calculate the horizontal dependency 𝑗𝑠𝑑

𝑙,𝜃,ℎ
between

coefficients with different directions at the same scale 𝑙 as

𝑗𝑠𝑑
𝑙,𝜃,ℎ

(𝑥, 𝑦) =

𝐾

∑

𝑗=1,𝑗 ̸=𝑖

𝐷JS (𝐶𝑙,𝜃𝑖 (𝑥, 𝑦) , 𝐶𝑙,𝜃𝑗 (𝑥, 𝑦)) , (14)

where𝐾 is the total of the subbands at the 𝑙th scale.
Then we calculate the vertical dependency 𝑗𝑠𝑑

𝑙,𝜃,V
between the specified subband’s (for instance subband 𝑖)
parents and children

𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦) =

𝐾

∑

𝑗=1

𝐷JS (𝐶𝑙,𝜃𝑖 (𝑥, 𝑦) , 𝐶𝑙−1,𝜃𝑗 (𝑥, 𝑦))

+ 𝐷JS (𝐶𝑙,𝜃𝑖 (𝑥, 𝑦) , 𝐶𝑙+1,𝜃𝑗 (𝑥, 𝑦)) .

(15)

Further, the horizontal and vertical dependency compo-
nents are normalized, respectively,

𝑗𝑠𝑑
𝑙,𝜃,ℎ

(𝑥, 𝑦) =
𝑗𝑠𝑑
𝑙,𝜃,ℎ

(𝑥, 𝑦)

𝑗𝑠𝑑
𝑙,𝜃,ℎ

(𝑥, 𝑦) + 𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦)

,

𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦) =

𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦)

𝑗𝑠𝑑
𝑙,𝜃,ℎ

(𝑥, 𝑦) + 𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦)

.

(16)

Finally, the high frequency NSCT coefficients are revised
as

𝐶𝑙,𝜃 (𝑥, 𝑦)

= 𝐶𝑙,𝜃 (𝑥, 𝑦)
√1 + 𝑗𝑠𝑑

𝑙,𝜃,ℎ
(𝑥, 𝑦)

2
+ 𝑗𝑠𝑑
𝑙,𝜃,V (𝑥, 𝑦)

2
.

(17)

(2) Construction of Weight Maps. Weight maps are derived
from the saliency maps, which describe each pixel by the
saliency level of salient information. We apply Gaussian
filter to each high pass subband, which tends to assign a
high weight value to important elements such as edges and
corners. A saliency map is constructed by the local average of
the absolute value of the filter response

𝑆𝑙,𝜃 (𝑥, 𝑦) =
𝐶𝑙,𝜃 (𝑥, 𝑦)

 ∗ 𝑔𝑟𝑔 ,𝜃𝑔
(𝑥, 𝑦) , (18)

where𝑔(⋅) is a Gaussian low pass filter, whose size is (2𝑟𝑔+1)×
(2𝑟𝑔 + 1), and the parameters 𝑟𝑔 and 𝜃𝑔 are set to 5. Next, the
weight maps are determined by comparison of the saliency
maps (𝑆𝑛

𝑙,𝜃
(𝑥, 𝑦), 𝑛 ∈ [𝐴, 𝐵])

𝑊
𝑛

𝑙,𝜃
(𝑥, 𝑦)

=
{

{

{

1 if 𝑆𝑛
𝑙,𝜃

(𝑥, 𝑦) = max (𝑆𝐴
𝑙,𝜃

(𝑥, 𝑦) , 𝑆
𝐵

𝑙,𝜃
(𝑥, 𝑦))

0 otherwise.

(19)

Finally, the fused subband coefficients 𝐶
𝐹

𝑙,𝜃
(𝑥, 𝑦) can be

obtained by the weighted summation

𝐶
𝐹

𝑙,𝜃
(𝑥, 𝑦) = 𝑊

𝐴

𝑙,𝜃
(𝑥, 𝑦) 𝐶

𝐴

𝑙,𝜃
(𝑥, 𝑦)

+ 𝑊
𝐵

𝑙,𝜃
(𝑥, 𝑦) 𝐶

𝐵

𝑙,𝜃
(𝑥, 𝑦) .

(20)

5. Experimental Results and Discussion

Five different data sets of human brain images are used
and the source images consist of two different modalities,
including CT/MRI, MRI/PET, and MRI/SPECT images. All
the images have the size of 256 × 256 pixels, which have
been registered by some kind of registration method as [30].
To verify the effectiveness and applicability of the proposed
fusion scheme, the results produced by the proposed method
are, respectively, compared with results of other state-of-the-
art schemes, such as discrete wavelet transform (DWT) [1],
gradient pyramid (GP) [31], principal component analysis
(PCA) [32], Intensity, Hue, and Saturation color model (IHS)
[33], guided filtering (GF) [34], the contourlet transform
(CT) [3], NSCT, the shearlet transform (ST) [35], and
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(f) (g) (h) (i) (j)

Figure 6: The fusion results of different fusion methods for the second set of CT and MRI images: (a), (b) Source images; fused images by
(c) DWT, (d) GP, (e) PCA, (f) GF, (g) CT, (h) NSCT-1, (i) NSCT-2, and (j) the proposed method.

the nonsubsampled shearlet transform (NSST) based meth-
ods. For simplicity, MIF method [12] based on pulse-coupled
neural network and modified spatial frequency in NSCT
domain is denoted as NSCT-1. NSCT based MIF method in
the scheme [36] is denoted as NSCT-2. The fusion method
[37] based on neighborhood characteristic and regionaliza-
tion in NSCT domain and NSCT based MIF method [10]
in 𝑙, 𝛼, 𝛽 color space are denoted as NSCT-3 and NSCT-
4, respectively. Accordingly, NSST based MIF method using
GGD model [21] is termed as NSST-1. NSST based fusion
scheme of the literature [38] and MIF method [39] by
utilizing the features in NSST domain are termed as NSST-2
andNSST-3, respectively. NSST based statisticalMIFmethod
[20] using HMT model is termed as NSST-4. For the NSCT
and NSST methods, we adopt the average-maximum fusion
scheme; namely, the low frequency coefficients are fused by
the average of the corresponding coefficients and the high
frequency coefficients are fused by using absolute maximum.
For allMSDmethods, the original images are all decomposed
into 4 levels with the number of the directions 2, 2, 3,
3. Additionally, the quantitative comparison based on five
image fusion quality metrics is also employed to demonstrate
the fusion performance of different methods.

5.1. Experiments on CT-MRI Image Fusion. Figure 5 shows
a fusion experiment of CT and MRI image. It can be seen
that PCA based method gives poor result relative to the other
algorithms, in which the bone structure of original CT image
is almost invisible. For the GP based method, the final image
is darker and has lower contrast, some detail information is
unclear. The results from Figures 5(c), 5(f), 5(g), 5(h), and
5(i) have some improvement to various degrees and produce

better visual effect on bone structures; however, the details
of the soft tissue regions from these methods still retain
unsharpness. By contrast, the proposed method can well
preserve the detailed features of the original images without
producing visible artifacts. Figure 6 is another example of
CT and MRI image fusion. As seen from Figures 6(c), 6(d),
6(e), and 6(f), their results have low contrast and lose a lot
of details. What is worse, there are undesirable artifacts on
the edges of these final images (see regions labeled by the red
ellipses in Figure 6). Accordingly, CT based method, other
NSCT based methods, and the proposed method provide
better visual effects with good contrast; the abundant infor-
mation of the source images can be successfully transferred to
the fused image. Both tests imply that the proposed method
is suitable for fusion of CT and MRI images.

5.2. Experiments onMRI-PET andMRI-SPECT Image Fusion.
In this section, a case of MRI and PET fusion for a 70-
year-old man affected with Alzheimer’s disease is shown. In
Figure 7, the source MRI image shows that the hemispheric
sulci is widened andmore prominent in the parietal lobes; the
corresponding PET shows that regional cerebral metabolism
is abnormal and hypometabolism heavily happens in anterior
temporal and posterior parietal regions; meanwhile the right
hemisphere is slightly more affected than the left. Here,
the proposed method is compared with other seven fusion
schemes. Obviously, the results of Figures 7(d) and 7(e) have
disadvantages with serious color distortion and low contrast.
Although the results of Figures 7(c) and 7(f) improve the
fusion performance to some extent, they are not saturated in
brightness, so that some parts are unidentifiable. Addition-
ally, for the contrast and color fidelity, the results fromFigures
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 7: The fusion results of different fusion methods for the MRI and PET images: (a), (b) Source images; fused images by (c) DWT, (d)
PCA, (e) IHS, (f) GP, (g) CT, (h) NSST, (i) NSST-1, and (j) the proposed method.

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

(f) (g) (h) (i) (j)

Figure 8: The fusion results of different fusion methods for the first set of MRI and SPECT images: (a), (b) Source images; fused images by
(c) DWT, (d) GP, (e) IHS, (f) NSST-2, (g) NSST-3, (h) NSCT-3, (i) NSCT-4, and (j) the proposed method.

7(g), 7(h), and 7(i) have better fusion performance than these
methods mentioned above, but the structural information of
theMRI image is not successfully transferred to fused images.
Through the comparison of these fused results, it is found
that the proposed method can well extract the structural
and functional information from the source images and fuse
them with much less information distortion. As illustrated
in these regions highlighted by red arrows and ellipses in
Figure 7, the proposed method well preserves complemen-
tary information of different modal medical images and
achieves the best visual effect in terms of contrast, clarity, and
color fidelity.

Figure 8 is a fusion experiment of MRI and SPECT
images. The source MRI image demonstrates that tumors are
located in the left temporal region, as shown in the high signal
intensity region (the white region labeled by the right red
arrow in Figure 8(a)). From Figures 8(e), 8(f), and 8(h), the
results produced by IHS based methods are distinctly color
distortion in the lesion region. The results produced by the
DWT andGP basedmethods cannot well inherit PET image’s
functional information and produce the low contrast images
(see Figures 8(c) and 8(d)). By comparison, Figures 8(g) and
8(i) gain better results in terms of contrast and color fidelity.
However, for the spatial details, the fused result obtained by
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 9: The fusion results of different fusion methods for the second set of MRI and SPECT images: (a), (b) Source images; fused images
by (c) DWT, (d) GP, (e) IHS, (f) ST, (g) CT, (h) NSST-4, (i) NSCT, and (j) the proposed method.

the proposedmethod ismore close to the originalMRI image
(see the region labeled by the left red arrow), and the spectral
features are also natural. Figure 9 provides another example
of MRI and SPECT image fusion. In this test, the proposed
method is specifically compared with the typical schemes
[20], which is the MIF method based on the statistical
dependencies between coefficients in NSST domain. From
all the fused results, it is easily observed that the proposed
method not only inherits the salient information existing in
both the original images but also hardly causes the problemof
color distortion. Through the above examples, it can be seen
that the proposed method can be extended to combine the
anatomical and functional medical images and achieves good
visual effects.

5.3. Objective Evaluation and Analysis. In addition to the
visual analysis, five fusion quality metrics, namely, mutual
information (MI) [40], entropy (EN) [41], spatial frequency
(SF), 𝑄

𝐴𝐵/𝐹 [42], and the uniform intensity distribution
(UID) [43], are employed to test the validity of the proposed
method. They reflect the fusion performance from clarity,
contrast, color distortions, and the amount of information.
MI, as an information measure for evaluating image fusion
performance, represents how much information is obtained
from the source images. The higher value of EN shows the
fused image has more information contents and the higher
value of SF indicates the final image is clearer. The index
𝑄
𝐴𝐵/𝐹 measures the amount of information transferred from

source images to the fused image, and the UID is used for the
description of uniform intensity and color distribution and
the higher UID means better color information.

The quantitative comparisons are listed in Tables 1, 2, and
3. It can be seen that, for all the indices, the proposedmethod
has a stable performance (most of values rank the first and
only a few rank the second). It shows that the objective

results based on these quality metrics also coincide with the
subjective visual perception. Particularly, for theMI values of
all tests, the proposed scheme all gets the largest value. It is
confirmed that the proposed statistical model can transform
more detailed information from the source images into the
final image by exploiting dependencies between the NSCT
coefficients. Therefore, it can be concluded that the proposed
method is effective and is suitable for medical image fusion.

5.4. Computational Complexity Analysis. To investigate the
computational complexity of different schemes, we record
the running time of different fusion algorithms used in
Figure 5 (see Table 4). All the tests are implemented by
Matlab 2014a on a PC with double Intel core i7-3770k CPU
@3.5GHz, 8GB RAM. As shown in Table 4, among all fusion
methods, the consumption time of PCA based algorithm is
the lowest, the reason of which is that it does not involve
multiscale decomposition. Additionally, DWT, GP, GF, and
CT basedmethods have also low time consumption (less than
0.08 s). However, their performance is poor. Relatively, three
methods based on NSCT are slower, which is also a common
problem of the algorithms based on NSCT. Due to using the
complex neural network and mechanism of NSCT, NSCT-
1 needs the most time (about 34 s). The proposed method
and NSCT-2 consume the similar time (17.13 s and 15.29 s).
Actually, the decomposition and reverse construction almost
cost 9/10 of the total time. Without exception, the proposed
method increases the cost of computational complexity with
utilizing NSCT tool, yet it achieves the better effect than
previous methods.

6. Conclusions

In this paper, we propose a novel NSCT based statistical
multimodal medical image fusion method, which utilizes
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Table 1: Objective evaluation results of the four different metrics for CT and MRI images.

Index DWT GP PCA GF CT NSCT-1 NSCT-2 Proposed

Figure 5

MI 1.274 1.279 1.365 1.279 1.324 1.450 1.490 1.891
EN 5.008 4.843 4.050 5.107 5.183 4.978 5.371 5.675
SF 33.22 31.08 20.52 29.83 27.67 23.52 33.41 34.86

𝑄
𝐴𝐵/𝐹 0.509 0.577 0.369 0.592 0.592 0.568 0.593 0.596

Figure 6

MI 3.077 2.521 3.663 2.729 3.831 3.916 3.949 3.962
EN 5.125 4.851 4.340 5.578 6.300 6.414 6.473 6.469
SF 22.79 19.84 19.04 20.29 29.87 30.15 30.27 31.41

𝑄
𝐴𝐵/𝐹 0.618 0.694 0.665 0.682 0.682 0.694 0.699 0.703

Table 2: Objective evaluation results of the five different metrics for MRI and PET images.

Index DWT PCA IHS GP CT NSST NSST-1 Proposed

Figure 7

MI 2.278 2.841 2.656 2.280 2.108 2.174 2.513 2.853
EN 4.573 3.707 3.125 4.561 4.242 4.148 5.080 4.768
SF 30.21 31.14 16.03 30.12 31.30 31.15 32.21 33.73

𝑄
𝐴𝐵/𝐹 0.525 0.498 0.483 0.526 0.551 0.584 0.617 0.607
UID 0.752 0.737 0.725 0.753 0.789 0.797 0.836 0.814

Table 3: Objective evaluation results of the five metrics for MRI and SPECT images.

Index DWT GP IHS NSST-2 NSST-3 NSCT-3 NSCT-4 Proposed

Figure 8

MI 2.167 2.028 2.255 2.399 2.688 2.376 2.520 2.695
EN 4.424 3.973 4.105 4.870 4.507 3.533 4.499 4.531
SF 31.89 29.57 35.06 35.28 40.17 34.79 39.78 41.20

𝑄
𝐴𝐵/𝐹 0.487 0.481 0.512 0.499 0.556 0.507 0.536 0.576
UID 0.802 0.812 0.711 0.724 0.817 0.765 0.813 0.826
Index DWT GP IHS ST CT NSST-4 NSCT Proposed

Figure 9

MI 2.485 2.113 2.872 2.480 2.532 3.076 2.784 3.083
EN 4.277 4.050 4.202 4.561 4.426 4.594 4.202 4.668
SF 31.24 29.48 31.26 35.47 40.69 39.45 40.87 41.76

𝑄
𝐴𝐵/𝐹 0.518 0.506 0.502 0.537 0.536 0.538 0.519 0.540
UID 0.793 0.679 0.714 0.783 0.799 0.806 0.801 0.817

Table 4: Computational complexity comparison of different fusion methods for CT-MRI dataset shown in Figure 5.

Methods DWT GP PCA GF CT NSCT-1 NSCT-2 Proposed
Running time (s) 0.021 0.019 0.003 0.075 1.976 33.79 15.29 17.13

GGD to fit nicely marginal distributions of the high fre-
quency coefficients and accurately measures the similarity
between two NSCT subbands by the JSD of two GGDs. The
proposed fusion rules make full use of the dependencies
between the coefficients and transfer them to the final image.
Experimental results demonstrate that the proposed algo-
rithm can effectively extract the salient information from the
source images and well combine them. Note that the fusion
methods based on NSCT lack the competitive advantage in
time consumption because of multilevel decomposition and
reconstruction process. Fast image multiscale transform tool
is the subject of future research.

Conflict of Interests

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

Acknowledgments

The authors would like to thank all the reviewers for giving
us their constructive suggestions and kind comments. This
work was supported by grants from major special project
2012A090300001, which is integration of enterprises, univer-
sities, and research institutes in Guangdong province.



12 Computational and Mathematical Methods in Medicine

References

[1] G. Qu, D. Zhang, and P. Yan, “Medical image fusion by wavelet
transform modulus maxima,” Optics Express, vol. 9, no. 4, pp.
184–190, 2001.

[2] F. E. Ali, I. M. El-Dokany, A. A. Saad, and F. E. Abd El-Samie,
“A curvelet transform approach for the fusion of MR and CT
images,” Journal of Modern Optics, vol. 57, no. 4, pp. 273–286,
2010.

[3] L. Yang, B. L. Guo, and W. Ni, “Multimodality medical image
fusion based on multiscale geometric analysis of contourlet
transform,” Neurocomputing, vol. 72, no. 1–3, pp. 203–211, 2008.

[4] T. Li and Y. Wang, “Multiscaled combination of MR and
SPECT images in neuroimaging: a simplex method based
variable-weight fusion,” Computer Methods and Programs in
Biomedicine, vol. 105, no. 1, pp. 31–39, 2012.

[5] A. L. da Cunha, J. Zhou, and M. N. Do, “The nonsubsampled
contourlet transform: theory, design, and applications,” IEEE
Transactions on Image Processing, vol. 15, no. 10, pp. 3089–3101,
2006.

[6] A. L. Cunha, J. Zhou, and M. N. Do, “Nonsubsampled con-
tourlet transform: filter design and applications in denoising,” in
Proceedings of the 12th IEEE International Conference on Image
Processing (ICIP ’05), pp. 749–752, Genoa, Italy, September
2005.

[7] J. Zhou, A. L. Cunha, and M. N. Do, “Nonsubsampled con-
tourlet transform: construction and application in enhance-
ment,” in Proceedings of the IEEE International Conference on
Image Processing (ICIP ’05), pp. I469–I472, September 2005.

[8] H. Li, Y. Chai, and Z. Li, “Multi-focus image fusion based
on nonsubsampled contourlet transform and focused regions
detection,” Optik, vol. 124, no. 1, pp. 40–51, 2013.

[9] S. Daneshvar and H. Ghassemian, “MRI and PET image fusion
by combining IHS and retina-inspired models,” Information
Fusion, vol. 11, no. 2, pp. 114–123, 2010.

[10] G. Bhatnagar, Q. M. J. Wu, and Z. Liu, “Directive contrast
based multimodal medical image fusion in NSCT domain,”
IEEE Transactions on Multimedia, vol. 15, no. 5, pp. 1014–1024,
2013.

[11] T. Li and Y.Wang, “Biological image fusion using aNSCT based
variable-weight method,” Information Fusion, vol. 12, no. 2, pp.
85–92, 2011.

[12] S. Das and M. K. Kundu, “NSCT-based multimodal medical
image fusion using pulse-coupled neural network andmodified
spatial frequency,” Medical and Biological Engineering and
Computing, vol. 50, no. 10, pp. 1105–1114, 2012.

[13] R. Srivastava and A. Khare, “Medical image fusion using local
energy in nonsubsampled contourlet transform domain,” in
Computational Vision and Robotics, vol. 332 of Advances in
Intelligent Systems and Computing, pp. 29–35, Springer, New
Delhi, India, 2015.

[14] C. Wang and H.-W. Shen, “Information theory in scientific
visualization,” Entropy, vol. 13, no. 1, pp. 254–273, 2011.

[15] J. Lin, “Divergence measures based on the Shannon entropy,”
IEEE Transactions on InformationTheory, vol. 37, no. 1, pp. 145–
151, 1991.

[16] M. S. Crouse, R. D. Nowak, and R. G. Baraniuk, “Wavelet-based
statistical signal processing using hiddenMarkovmodels,” IEEE
Transactions on Signal Processing, vol. 46, no. 4, pp. 886–902,
1998.

[17] J. Portilla, V. Strela, M. J. Wainwright, and E. P. Simoncelli,
“Image denoising using scale mixtures of Gaussians in the

wavelet domain,” IEEE Transactions on Image Processing, vol. 12,
no. 11, pp. 1338–1351, 2003.

[18] D. D.-Y. Po and M. N. Do, “Directional multiscale modeling
of images using the contourlet transform,” in Proceedings of the
IEEE Workshop on Statistical Signal Processing, vol. 15, pp. 262–
265, IEEE, St. Louis, Mo, USA, September-October 2003.

[19] H. Choi and R. G. Baraniuk, “Multiscale image segmentation
using wavelet-domain hidden Markov models,” IEEE Transac-
tions on Image Processing, vol. 10, no. 9, pp. 1309–1321, 2001.

[20] L. Wang, B. Li, and L.-F. Tian, “Multi-modal medical image
fusion using the inter-scale and intra-scale dependencies
between image shift-invariant shearlet coefficients,” Information
Fusion, vol. 19, no. 1, pp. 20–28, 2014.

[21] L.Wang, B. Li, and L.-F. Tian, “EGGDD: an explicit dependency
model for multi-modal medical image fusion in shift-invariant
shearlet transform domain,” Information Fusion, vol. 19, no. 1,
pp. 29–37, 2014.

[22] M.N.Do andM.Vetterli, “Wavelet-based texture retrieval using
generalized Gaussian density and Kullback-Leibler distance,”
IEEE Transactions on Image Processing, vol. 11, no. 2, pp. 146–
158, 2002.

[23] G. Van deWouwer, P. Scheunders, and D. Van Dyck, “Statistical
texture characterization from discrete wavelet representations,”
IEEE Transactions on Image Processing, vol. 8, no. 4, pp. 592–
598, 1999.

[24] S. G. Mallat, “Theory for multiresolution signal decomposition:
the wavelet representation,” IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, vol. 11, no. 7, pp. 674–693, 1989.

[25] K. Sharifi and A. Leron-Garcia, “Estimation of shape parameter
for generalized Gaussian distributions in subband decomposi-
tions of video,” IEEE Transactions on Circuits and Systems for
Video Technology, vol. 5, no. 1, pp. 52–56, 1995.

[26] P. Moulin and J. Liu, “Analysis of multiresolution image denois-
ing schemes using generalizedGaussian and complexity priors,”
IEEETransactions on InformationTheory, vol. 45, no. 3, pp. 909–
919, 1998.

[27] M. K. Varanasi and B. Aazhang, “Parametric generalized Gaus-
sian density estimation,”The Journal of the Acoustical Society of
America, vol. 86, no. 4, pp. 1404–1415, 1989.

[28] S. M. Kay, “Fundamentals of statistical signal processing: esti-
mation theory,” Technometrics, vol. 37, no. 4, pp. 465–466, 1995.

[29] M. Chen and H. Jänicke, “An information-theoretic framework
for visualization,” IEEE Transactions on Visualization and Com-
puter Graphics, vol. 16, no. 6, pp. 1206–1215, 2010.

[30] F. Sroubek and J. Flusser, “Registration and fusion of blurred
images,” in Image Analysis and Recognition, vol. 3211 of Lecture
Notes in Computer Science, pp. 122–129, Springer, Berlin, Ger-
many, 2004.
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