


2013%8R %18% %88 (=255208H8)

PEERELEE 55

Zhongguo Tuxiang Tuxing Xuebao

RERBFHIRRE 7Lk

N, BEE, B, WEE, ¥ER 885
ElG A IR FNRED

BUHAIH. 264 mEtE U R EE

{E538, KB, B 893
HWREX RGN ANSIRERE R G T

REE, RS, HEE 901
ETAROERINSEHEEEESEX

TE, WS, (B 913
SR FAIEE - B RN SRS K A R

=5, FiE, MER, BEE 919

Elig oS trFIiRz]

A SCCREEER AR R S SR
SRBRBR, SORIE, HELI%E, RPRXK 924
M BRI S R R
XM, K=75, ECF, K5l 933
R @Y LRI BRI
=H, [EE, IRE 944
5 S U 5 B R e 2
Mr=te, skR, TIhiF, ?IEHE 953
53 SO B TR
e, BEE 961
o R RS R R B R
BEXfE, 8%, Wik, Fiknis 968
R e AR A I
AR, TR, TM 976

BRI BN
AL SRR RS T OB 25X B A

N AGETEERESELIE AT, BEE, EHHY 982
BREIR ($9761W) R R T2 EEGRIEEFHIN A
NBE, EEE, =% 990
TENERE
EEFIT D END AR R B EREY
B, [EEL, EE 1004
EZFERLE
FERREIRE FRIRMREG o 2l SRS IR E B e iRty
KEE, WO, EAAR, Bk, EXE 1011
BUHBIIERAER R SE RS T 3D E|
=2%, BER, TnE, AFL, iR 1019
ERER IR
BYOEEE T XS ERTEEN S BREEY
- FiEiE, &CiE 1031
Eﬁﬁﬂ{]gTﬂEﬁﬁBiﬂ{EEﬂff&{t XHHIE T IEEEBIIERIRMSAREFHHDE
SARBTFHHDE (551038 ) XBE, AZE, 4856 1038
INETIRFIR RSB S ERE GRS
X, 2 1045
(PEEZEFFR) ICXHESIEEK 1054

© v [H - R BT A R R AT



Volume 18, Number 8
Published August 16, 2013

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Review
Summarization of the scale invariant feature transform
Liu Li, Zhan Yinyin, Luo Yang, Liu Chaohui, Peng Fuyuan 885

Image Processing and Coding
Improved inter frame mode selection algorithm for H.264

Ren Keqiang, Zhang Xuguang, Luo Huilan 893
4 Vehicle velocity estimation based on camera calibration under homogenous fog
s Song Hongjun, Chen Yangzhou, Gao Yuanyuan 901
Spatial error concealment algorithm based on the facial features
Zhang Jiangxin, Xie Jin, Kuang Wankun 913
Detection of image region copy-move forgery using radial harmonic Fourier moments
Qin Juan, Li Feng, Xiang Lingyun, Yin Changming 919

Image Analysis and Recognition

Spatial error concealment Video forgery detection and multi-granularity location based on video perceptual hashing

algorithm based on the Zhu Yingying, Wen Zhenkun, Du Yihua, Deng Liangtai 924
facial features ( P913) Key frame extraction based on the visual attention model for lane surveillance video
Liu Yunpeng, Zhang Sanyuan, Wang Renfang, Zhang Yin 933
Semi-supervised discriminant analysis on Grassmannian manifold
Jiang Wei, Lu Yao, Yang Bingru 944

Time-series classification model based on multiple facial feature for
real-time mental fatigue monitoring

Chen Yunhua, Zhang Ling, Ding Wuyang, Yan Mingyu 953
Probability product kernels in image classification

Yang Sai, Zhao Chunxia 961
Similarity metrics between mural images with constraints of the overall structure of contours

Tang Dawei, Lu Dongming, Yang Bing, Xu Duanqing 968
Road modeling using color spatial clustering

Xiang Chenwei, Wang Tuo, Yu Jian 976

Image Understanding and Computer Vision

Road modeling using Spatio-temporal interest point detection in cluttered backgrounds with camera movements
color spatial clustering Liu Changhong, Chen Yong, Wang Mingwen 982
(P976) Application of combined shape and color invariants to image retrieval

Gong Ming, Cao Weiguo,Li Hua 990

Computer Graphics
Best view selection based on statistical classification and edge features
Pan Xiang, Chen Ao, Zhang Guodong 1004

Medical Image Processing

Brain MR image segmentation and bias correction model based on local entropy

Zhang Jianwei, Yang Hong, Chen Yunjie, Fang Ling, Zhan Tianming 1011
Segmentation of sub-solid pulmonary nodules based on improved fuzzy

C-means clustering

Li Cuifang, Nie Shengdong, Wang Yuanjun, Sun Xiwen, Zheng Bin 1019

Remote Sensing Image Processing
The active contour model for segmentation of coastal hyperspectral remote

Improved polarimetric sensing image
SAR speckle filter based Wang Xianghai, Yin Yibo 1031
on non-local means Improved polarimetric SAR speckle filter based on non-local means
(P1038) Zhao Zhongmin, Zhao Yongjun, Niu Chaoyang 1038
Remote sensing image fusion with wavelet transform and sparse representation
Liu Ting, Cheng Jian 1045

© v [H - R BT A R R AT



1019

E-mail: jig@irsa.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-64807995 O HEERERZIRIRIAE

hE%45ES: TP391.41 MEkFRIZAD: A XEHRS: 1006-8961(2013)08-1019-12
X 5| A#&3: Li Cuifang, Nie Shengdong, Wang Yuanjun, Sun Xiwen, Zheng Bin. Segmentation of sub-solid pulmonary nodules based on improved
fuzzy C-means clustering[ J]. 1 [EER EE 224 ,2013,18(8) :1019-1030. [ DOI:10. 11843 /jig. 20130817 ]

Segmentation of sub-solid pulmonary nodules based on
improved fuzzy C-means clustering

Li Cuifang', Nie Shengdong', Wang Yuanjun', Sun Xiwen’, Zheng Bin’
1. Institute of Medical Imaging Engineering , University of Shanghai for Science and Technology, Shanghai 200093, China;
2. Radiology Department Shanghai Pulmonary Hospital, Shanghai, 200433~ China;
3. Department of Radiology, University of Pittsburgh, Pittsburgh, PA 15217-3025, USA

Abstract: Accurately and reliably automated segmentation of pulmonary tumors could play an important role in lung cancer
diagnosis and radiation oncology. However, it remains a very difficult task in particular for segmenting pulmonary tumors
associated with sub-solid nodules that are partially obscured in lung CT images. In this study, we propose and test an im-
proved weighed kernel fuzzy C-means (IWKFCM) method that incorporates vessels structure information and classes’ dis-
tribution as weights to segment sub-solid pulmonary nodules. For this purpose, a region of interest (ROI) of a nodule in
center CT slice is manually defined. The IWKFCM algorithm is applied to identify and cluster the potential nodule pixels lo-
cated in this manually-defined center slice and its adjacent ( surrounding) slices. The sub-solid nodule is then segmented
and defined through 3D connected component labeling and morphological post-processing. This segmentation method is test-
ed using two datasets including 36 nodules selected from a public dataset (LIDC) and 18 nodules depicted on CT images
collected from our local hospital. The average overlap ratios between the automated and radiologists’ segmentation of nod-
ules of two datasets are 76. 18% and 71. 65% respectively. In both datasets, the false-positive ratio (FPR) and false-nega-
tive ratio (FNR) are smaller than 17% . Experimental results show that the proposed method enables us to achieve more
accurate result in segmenting sub-solid pulmonary nodules than the other previously reported clustering methods. The seg-
mentation results could also provide a consultative reference for more accurately extracting image features and optimal classi-
fication of pulmonary nodules in developing computer-aided detection (CAD) schemes.

Key words: CAD; improved weighed kernel fuzzy C-means; sub-solid pulmonary nodule; 3D segmentation
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TR I T7 65 AR AR EEAR AR LR AR SE R 1) CT BMR AUk 5 2) Jli25 55 (49 7351 5 3) R Ak 1 B
LA #E 54) Bl 25755 109 73 SRR o HE b 2854 RS 20 1 55 75 RS WA B 2 1) A 0 8 55 DA, T AR AR 2
5 D0 S T2 3] 732 45 1 70 28 8 P, T LA 45 3 23 1 2 5 T CT 50 Il 45 95 1 330 ML Al B0 4G 00 ) 5K
HIR

i35 5 0] A 53Ry S B 45 19 (solid nodule ) FIIE 52 5T P25 45 (sub-solid nodule) o JH:H 52 4 5 R 552 J5 Fr) 485 55
S RPESS Y, A WBR A LSS RS o SEVESS 1 R B 10 5 ORI ) 2K B o k-, L4 RE A v (30 S e
DR M 5y ) X S5 S At 2453 114 7 50 T P SR DR SCHR A o 5 552 T P il 440 4 B, SIE 52 T P it 24 1 HL o
JERIUAEBIE (GCO) , HIMGATEM (245 TR B R E IR ka1 93% LLEJ8 RAERGAE, 1l
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18 AN PRETHE XS BT 48 1 1) 233005 VR BEAT VAR, DUBCHREBE A T30 53 %1 ) DCIBAE S Bbr e 538 d 5 o, (4053
S T1.65% K 76.18% , HABFHME R SR FIEARIGME T 17% o SLEGER KW AREL T FCM,KFCM 5 WKFCM 454 i
PR IWKFCM RERE AR A S vimfh 9 70 B2 3L, OF EL2» BIRCR R AE T H i SRR A0S B HAB AR BORI 8705 1%, ok
T CT BB S 15U DS I 436 1 — b 2050 2 52 oM At 4535 9 TR
KGR : VT HLAH DA ; SO AR AR SRS 5 S S B4 4 53 41

tection and segmentation of pulmonary nodules is very
0 Introduction

difficult and inefficient in the busy clinical environment

due to the large amount of CT images. Therefore, it is

Lung cancer is the leading cause of cancer death
2]

necessary to develop a Computer-Aided Detection

among people worldwide nowadays''?'. In the earlier (CAD) system to help the radiologists read and assess

stage,, lung cancer generally exists in the form of pul-
monary nodules. The size (or volume) of a nodule and
its growth rate are an important criterion to differentiate
between malignant nodules and benign ones. Since sci-
entific evidences have shown that early detection of
cancerous pulmonary nodules played a key role in im-
proving a patient’ s chance for survival®’ | accurately
segmenting pulmonary nodules and measuring their vo-
lumes are important clinical tasks in lung cancer diag-
nosis as well as in the radiation oncology workflow to
assess treatment efficacy. Computed Tomography ( CT)
is the most effective approach to detect and assess

small pulmonary nodules'*'. However, the manual de-

CT images. A typical CAD scheme includes the follow-
ing basic steps of image preprocessing: suspicious nod-
extraction, and

ule segmentation, image feature

machine learning based classification>'. Among them
nodule segmentation is a key step, since it determines
the accuracy and reliability of the extracted image fea-
tures and final classification results.

Pulmonary nodules can be briefly divided into
solid and sub-solid categories. Solid nodules are of-
ten not obscured by the surrounding normal lung pa-
renchyma, whereas sub-solid nodules are often ob-

scured with relatively fuzzy boundary contours. In

addition, the sub-solid nodules can also be classified

© [ K G BT AR AU A
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as either partial-solid ( a nodule with patches of pa-
renchyma that are completely obscured) or nonsolid
(a nodule with no such areas) !, correspond to be
named partial ground-glass opacity ( GGO ) and
completed GGO for performing as GGO density. U-
sually, sub-solid nodules are more likely to be malig-

[6]

nant than solid ones According to Nakata’ s re-

spective statistic'”’ | the malignant rate was 93. 3%
(14 of 15 lesions) for partial GGO and 71.4% (20
of 28 lesions) for completed GGO.

Solid nodules are shown as a kind of circular le-
sions with regular shape, clear edges and high densi-
ty, which is easy to segment, as shown in Fig. 1
(a). Many algorithms have been reported in the lit-
erature for solid nodule segmentation. Kostis et
al. '*! proposed a method based on morphological op-
erators, which mainly aims for solid nodule segmen-
tation. It was tested on 18 nodules, and the overall
performance was penalized by the poor performance
of sub-solid nodules. de Hoop et al. "*/ applied six
commercially available semi-automated segmentation
methods to 214 solid nodules between 3.3 mm and
30 mm in diameter. Sub-solid nodules have blurry
edges and irregular shape (as shown in Fig. 1 (b)
(¢)), which made them more difficult to be seg-
mented. Therefore, the segmentation of sub-solid
nodules faces more challenges than the segmentation
of solid ones. Only a few methods were developed
and tested for segmenting sub-solid nodules. Zhang
et al'" . proposed a Markov random field ( MRF)
method with an adaptive intensity model, tested it on
21 pure or mixed GGNs and achieved an average o-
verlap ratio of 0.69 +0.05. Zhou et al. "'’ applied
a nonparametric density estimation and likelihood
map method for the segmentation of 10 clinical GGO
nodules based on the measured image texture. It of-
ten fails when nodules are irregular and with weak

1. ') studied the indefinite and ir-

edges. Yoo et a
regular boundary of a GGO and developed the de-
formable models to segment it. However, they did
not make a quantitative assessment of the segmenta-
tion performance. Browder'"' developed a proba-

bility model based on nodules density distribution.

When applying it to a test dataset with 20 nonsolid
nodules, the mean overlap ratio between automated

and manual segmentation was only 43% . Tao et

al. '™ proposed a novel multi-level learning-based
framework for automated detection and segmenta-
tion of GGOs in lung CT images. The reported av-
erage overlap rate in 20 nodules was 68% and the
volume similarity was 86. 5% . Meanwhile, more
recent segmentation methods reported in the litera-
ture claimed to be able to handle nodules of differ-
ent density types. Wang et al. \'>' proposed a novel
algorithm for segmenting pulmonary nodules on 3D CT
images to improve the performance of CAD systems.
Kubota et al. '"® developed an algorithm that was ap-
plicable to solid, non-solid and part-solid nodules and
solitary , vascularized, and juxtapleural nodules. Both
algorithms were tested on two datasets selected from
the Lung Imaging Database Consortium ( LIDC) li-
brary ( http://imaging. cancer. gov/programsandre-
sources/informationsystems/lide) and achieved mean

Dehmeshki!'”

presented an efficient algorithm to segment different

overlap ratios of smaller than 69% .

types of pulmonary nodules by performing an adaptive
sphericity oriented contrast region growing on the fuzzy
connectivity map of the object of interest. The study
reported that 84% of the segmented nodules were con-
sidered by the radiologist as acceptable while 16%
segmented nodules were failed. Despite the great re-
search effort, the performance of automated segmenta-
tion of sub-solid nodules in CT images is not satisfying
and many technical challenges still remain.

Among many image segmentation methods, fuzzy
clustering is one of the most commonly used'". Based
on the fuzzy set theory, this data clustering method is
very effective in addressing fuzzy and uncertain prob-
lem in gray images. However, when applied to image
segmentation, only a few of traditional fuzzy clustering
information into ac-

algorithms take the spatial

19210 thus most of those algorithms may lead to

count
unexpected segmentation results. In this study, we pro-
pose an improved weight fuzzy kernel clustering method

(IWKFCM) that considers both the structure and class
information as weights. We then apply this improved

© i [H IR I T AR T A
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data clustering method for the segmentation of sub-solid

nodules, and make a comparative experiment with sev-

‘2

(a) A solid nodule

(b) A partial-solid nodule

24]

Fig. 1 Illustration of three nodules depicted on three CT image slices (as indicated by the white arrows)

B AR RIZRALR S5 (H @E bR

1 Methods

Due to the hazy appearance and the large overlap
of intensity values between the sub-solid nodules and
the surrounding vessels, a single and simple segmenta-
tion method often cannot produce acceptable results for
segmenting sub-solid nodules. To achieve optimal seg-
mentation results, we use a method based on fuzzy
mathematics to cluster pixels involved in the sub-solid
nodules. Specifically, we first investigate and compare
the advantages and limitations of three popular data

clustering methods, namely the fuzzy C-means

(FCM ), ( KFCM ), and
weighed kernel fuzzy C-means ( WKFCM). We then

develop a new method named improved weighed kernel

kernel fuzzy C-means

fuzzy C-means ( IWKFCM ) aiming to optimally seg-
ment sub-solid pulmonary nodules. The new method
considers vessels structure information and nodule
classes’ distribution as weights in the algorithm.
1.1 Related Work
1.1.1 FCM algorithm

In 1973 Bezdek proposed the FCM algorithm'*’
and then FCM had been widely used in segmentation of
gray images. FCM allows each pattern of the image to
be associated with every cluster using a fuzzy member-
ship function. In brief, suppose an image X contains n

vectors, the object of FCM is to partition all vectors x;,

eral conventional fuzzy clustering algorithms' '/ to in-
vestigate its feasibility and performance.

(c) A nonsolid nodule
(1=1,2,-,n) into ¢ fuzzy clusters, and pursue

objective function optimization to enable clustering cen-
ter of each group minimum. ‘According to fuzzy mathe-
matical theory, each given point uses values between 0
and 1 as membership degree to determine the extent
belonging to each group. Under the constraint of nor-
malized provisions, the total sum of membership is

equal to 1, expressing as

Zuijzlvjzl’n'yn (]>
i=1

where u; is the degree of membership of x; in the clus-
ter i, FCM aims to reach the minimization of the fo-

llowing objective function

c c n

Jo= 2 > upd; (2)

i=1 i=1 j=1

J( U9cl [

C) =

where m is a weighting exponent on each fuzzy mem-
bership and determines the amount of fuzziness of the
resulting classification, d; = || ¢; — «; || is the Eu-
clidean distance between x; and ¢;, «; is the jth of the
image data, c; is the center of the ith cluster, and d;
is any norm expressing the similarity between any
measured data and the center. Here, n represents the
number of data and ¢ represents the number of cluste-
ring centers. Fuzzy partitioning is carried out through
an iterative optimization of the objective function
shown above. The update of membership u; and the

clustering centers ¢, can be obtained by Lagrange theo-

ry,c; and u; are shown as

© [ K G BT AR AU A
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¢, = (3)

Uy = d YD (4)
Sy
2 (2]

(t+1) t
i T Wy

This iteration will stop when max | lu b <
&, where g is a termination criterion between 0 and 1,
and ¢ is the iteration step. The classic FCM algorithm
only considers the gray level during clustering process
when using it for image segmentation. Since no spatial
information is taken into account, FCM would lead to
unexpected results of segmentation when dealing with
the images corrupted by noises or complex images with
fuzzy properties. For example, when applying FCM to
pulmonary nodules corrupted by image noises, parts of
the weak edge in some nodules are unable to be cor-
rectly segmented.
1.1.2 KFCM algorithm

To improve the separability or discriminatory po-
wer of the clustering segmentation algorithm on the input
data in different classes (i.e., the sub-solid no- dules
and normal lung structures in this study), a kernel
function is usually applied to classic FCM. The kernel
function can be used to implicitly map the input image
data to a potentially higher dimensional inner product
space without knowing the exact mapping function'’.
KFCM is a fuzzy clustering in high-dimensional feature
space by using an implicit non-linear function. It trans-
forms the nonlinear clustering problem to a linear one.
The objective function of KFCM algorithm is shown as

J= Y SE e ) e )] 5)

ST
where @ is an irilplicit non-linear mapping function. A
Gauss RBF function is commonly selected as kernel
function in this field. For the Gauss RBF kernel func-
tion, the Euclidean distance can be rewritten as

| D(x;) = P(e;) | *=K(x;.5) +K(eine) -

2K(x;,¢;) =2 =2K(x;,c;) (6)

where K( ,) denotes the Gauss RBF kernel function.

We can get the updated values of membership de-

gree and clustering centers by using the Lagrange con-

straint condition. It is easy to achieve this iteration like
FCM.

Compared with the classic FCM, KFCM can de-
tect more complete edge information when it is used in
nodule segmentation. But, KFCM also establishes the
objective function only based on gray information of an
image and neglects the information included in the
pixel position and the distribution about clusters. This
clustering process generally cannot effectively distin-
guish the small object from background in images and
may lead to incomplete segmentation. The interference
from small object may be large. It may lead to errors in
the recognition of vessels in clustering results. Besides
considering the separability of input data in high
dimension feature space on clustering influence, struc-
ture information of the pixels should also be introduced
to the partition process, so as to obtain more accurate
separation of background and object.

1.1.3 WKFCM algorithm

The KFCM algorithm does not include information
about the distribution of clusters. It is still not an optimal
algorithm when the fuzziness level of the input data in the
same class (e. g., pixels inside a sub-solid nodule) is
relatively high. The small class may be misclassified or
merged into big class during KFCM clustering when they
are extremely different. In order to solve this problem, an
improved KFCM was proposed in Xue’s research ™. An
additional weighting factor is assigned to each class in
this algorithm, which represents the importance of the
cluster classes. When the class has dense distribution
with more elements, it is more important and the mem-
berships of its elements are also larger. Additionally,
conversely elements of a smaller class have more sparse
distribution, so it is less important than the former. The

new objective function of WKFCM is expressed as

1= 3 Y @) -0 ()| ()

i) =
where the class weight a; meet constraint conditions;

z a; = 1. Based on this improvement, Xue got bet-
=

ter performance when using the algorithm on general
brain MRI-T1 image segmentation.

However, comparing the segmentation results of

© i [H IR I T AR T A

1023



1024

PEERERF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol. 18 ,No. 8,Aug. 2013

KFCM, and WKFCM to the same no-

the vessels in lung CT images greatly interfered

applying FCM,
dules,
in nodule segmentation and it is one of the primary rea-
sons leading to generate false positive results. Since the
surrounding high-intensity vessels have similar grayscale
to the sub-solid nodules, finding an accurate separation
boundary is difficult and often result in incomplete seg-
mentations. It would be helpful to consider adding the
effective spatial constraints into the objective function.
1.2 Improved weighed kernel fuzzy C-means based
on structure and classes information

Due to hereinbefore consideration, we proposed
IWKFCM based on vessels structure and classes infor-
mation to improve or modify the WKFCM'**' . Specific-
ally, in IWNKFCM algorithm, weight w; associated with

vessel structure is added into the objective function of

the WKFCM algorithm,

Z ijm] I (x) - (c) |* (8)

i =1

Based on the membershlp of the normalization and cat-
egory weight constraints to minimize the objective func-

tion J, we obtain

a,(1 = K(x;,¢,)) """
/"l’lj = ¢ : (9)
S (1= K(xe))

i=1

wa UK< jo l)x

c.

[

(10)
Z w i K(x;c:)

Zw "(1 - K(x;,¢,))
a, (11)

Z Zw/ ’Jn 1 _K(xl’ l))

i=1j=

(a) A section of CT image slice
involving the targeted nodule

(b) Selected ROI covering
the nodule

In Eq. (11) the class weight o, is a dynamic val-
ue and can be adjusted automatically during the cluste-
ring process according to different types of nodules.
For the calculation of vessels weight we adopt Frangi’s
work' >/ that proposed a multi-scale vesselness measure
to assign a value from O to 1 to each pixel of an image.
This assigned value reflects the confidence of a point
being a vessel pixel. In 3D images, for a single scale
o, a response at a point x is calculated as

0 A, =0 or A, =0

Vg(x):{ [\7
(1-em2)e" 2B2(1 -e ZyZ)V else

(12)
A A
whereR, = | 2‘,Rb— [, ,S = Z
‘)\1 ‘ /1AL i<3
e’ uz;kug ,A; s are eigenvalues of the Hessian matrix and

a,f3,y are constant normalization factors. R, differenti-
ates between plate and line like structures, R, accounts
for deviation from a blob like structure, and S differen-
tiates between foreground ( vessel ) and background
(noise). In order to keep the n"-order derivatives of
the vesselness function, a smoothness factor V. is mul-
tiplied with a constant ¢. The vesselness function is
calculated at multiple scales'®’ | and the maximum re-
sponse is selected for vesselness measure calculation.

As shown in Fig. 2 (e¢),

recognize blood vessels.

Frangi’ s method is able to

To introduce vessel weights into our algorithm, w;

is defind as

‘l - V(x]) ‘

w; = —;

D= V() |

j=1

(13)

(c) ROI showing the
identified vessels

Fig.2  An example including the illustration

K2 ROI BRI I AU
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Through this normalization, vessel weight is deter-
mined. As a result, during the image data clustering
process, our algorithm automatically assign smaller
weight values where there are vessels and higher weight
values where there are no vessels. By introducing the
vessel structure information about the pixels, the dis-
turbance of blood vessels in nodule segmentation can

be decreased.

2 Segmentation of sub-solid pulmonary
nodules using IWKFCM

To segment a pulmonary nodule, IWKFCM algo-
rithm consists of the following image processing steps
(as shown in Fig.3). First, a region of interest( ROI)
covering a 3D nodule is manually selected and deter-
mined in the center CT slice where the observer esti-
mates the nodule having the largest section ( size).
Second, IWKFCM is applied to clustering pixels within
the ROIL. Third, the algorithm detects a sub-solid nod-
ule mask through 3D connected component labeling

and morphological post-processing.

Input 3D lung
CT image

Output 3D
segmentation
result

data

-
. Operate .
Select ROI in Post-processin
. IWKFCM on processing
center slice for clustering
ROI for
manually result

classification \_

Fig.3 A flow chart showing the steps of segmenting 3D
pulmonary nodules using the proposed method

B3 WSS 3 Y AR AR
2.1 Select ROI

We first select a ROI with a square in the center
slice of 3D lung CT images. Using the manually
selected ROI as a seed, the computer scheme then
automatically expands it to the adjacent surrounding
slices (in front and behind the selected center slice)
to define a cube volume containing the entire nodule
namely a volume of interest ( VOI). The selection of

ROI helps narrow the data clustering area and reduce

vessels and other tissues interference ( as shown in

Fig.2(b)).
2.2 Clustering using IWKFCM

After determining a data clustering VOI, IWKEF-
CM is applied to conduct data clustering. The key to
run IWKFCM is to decide the predetermined cluste-
ring numbers, which is known to partition the data in-
to several categories. The number of clusters will di-
rectly affect the clustering quality of the image data.

Using the same classes defined by Xiang et al'”’’ |

we
divide lung CT images into three categories namely,
1) nodule and vessel, 2) lung cavity, and 3) back-
ground.
2.3 Post-processing using 3D connected compo-
nent labeling and morphological techniques

After INKFCM data clustering, some small back-
ground elements that have similar grey level distribu-
tion as the nodules remain in each determined VOI,
which may include some interference points of the ves-
sels. Attached vessels can be easily identified and re-
moved through 3D connected component labeling and
basic morphological methods including erosion and di-
lation operations. Morphological methods can remove
noise, and isolate individual elements or join disparate
elements in an image through finding intensity bumps

or holes in an image.

3 Experimental results

3.1 Two testing image datasets

To evaluate the performance of our proposed pul-
monary nodule segmentation method, two datasets are
selected and used in this study. One is selected from a
publically available dataset downloaded from Lung Ima-
ging Database Consortium ( LIDC) library and one is
selected from the CT examinations acquired from a lo-
cal hospital.

LIDC is a cooperative effort launched by the Na-
tional Institutes of Health, USA, in 2000, aiming to
construct a set of annotated lung images, especially
low-dose helical CT scans of adults screened for lung
cancer, and related technical and clinical data, for the
development, testing, and evaluation of different com-

puter-aided cancer screening and diagnosis technolo-
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gies'™ . LIDC library includes two datasets. LIDCI
has 23 sets of CT examination data, while LIDC2 has
accumulated more than 400 CT examinations and these
examination were all blindly read by up to four radiolo-
gists independently who annotated locations and char-
acteristics of nodules and provided manual segmenta-
tions for those that are considered larger than 3 mm in
diameter. The results of the blind reads were collected
and the same radiologists unblindly read the cases
again with segmentations of the other radiologists.
Hence, we use the provided manual segmentation re-
sults as the “truth” or reference to assess the perform-
ance of the automated schemes. We select 36 sub-solid
nodules from LIDC2, including 13 non-solid and 23
partial-solid ones for this study. These nodules depic-
ted on the CT image slices with thickness varying from
0.6 mm to 3mm. The diameters of nodules range from
3 mm to 19 mm, with an average value of 9.75 mm.
Image matrix for all CT slices is 512 x 512 pixels.

The second dataset includes 18 sub-solid pulmo-
nary nodules depicted on the images of clinical CT
examinations conducted in Shanghai Pulmonary Hospi-
tal using a Philips 40-Row spiral CT scanner. All ima-
ges have a matrix of 512 x 512 pixels with 2. 0 mm
slice thickness and 12 bit image depth. The spatial
resolution of CT images ranges from 0. 683 6 mm to
0.799 3 mm. Among the 18 detected nodules, 12 are
identified as non-solid and 6 are partial-solid nodules.
The diameters of nodules range from 6 mm to 26 mm,
with an average value of 12. 5 mm. The boundary of
each nodule is manually segmented and marked by the
radiologists from Shanghai Pulmonary Hospital. All
segmentation results are verified by a senior radiolo-
gist. The recorded manual segmentation results are also
used as the “truth” or the comparison reference in this
study to assess performance of the automated segmenta-
tion schemes.
3.2 Performance evaluation criteria

A number of evaluation methods and criteria have
been previously reported in the literatures for evalua-
ting performance of automated nodule segmentation.
The most popular method is to compare automated seg-

mented nodule boundary contour with the radiologist’ s

manual segmentation which is considered as boundary
ground truth markings of the nodules. For this pur-
pose, an overlap ratio was used as evaluation criteri-
on'""'. In this study, we adopt the definition of overlap

. . 13-16
ratio used in references' ">’

. We compute two overlap
ratios (also named Jaccard Ratio or Jaccard index) of
1) the entire pulmonary nodule volume of all involved
slices ( Overlap, evaluate it in 3D volume structure) ,
2) the pulmonary nodule area depicted on center slice
( Overlap_CS, evaluate it in 2D planar domain). Jac-
card Ratio is a statistic used for comparing the similar-
ity and diversity of sample sets. It measures similarity
between sample sets, and is defined as the size of the
intersection divided by the size of the union of the
sample sets. Assuming § as the area segmented by the
automated schemes, while T representing the refer-
ence area defined by radiologists, the Jaccard Ratio
over the entire pulmonary nodule volume is then ex-

pressed as

_Isnr|
|SUT

In addition to these two overlap ratios, we also

Overlap (14)

compute the other two performance assessment indices
namely False Positive Ratio ( FPR) and False Nega-
tive Ratio (FNR) , as used in pulmonary nodule seg-

mentation result validation'>’.

FPR represents the
rate of false positive area in segmentation results as
comparing to the reference segmentation area provided
by radiologists; similarly FNR is the rate of false neg-
ative area as comparing to the reference area, as
shown in Fig. 4. TN, TP, FN, FP is correspondingly
short for True Negative, True Positive, False Nega-
tive, False Positive. In general, FPR represents over-
segmentation and FNR indicates under-segmentation.
Hence, both FPR and FNR can be useful to evaluate
different types of segmentation errors. They are re-
spectively defined as
s -T|
T
[T-5|
7|

FPR = (15)

FNR = (16)

3.3 Experimental results

Fig. 5 shows a complete example of the segmenta-
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tion process applying to one nodule using FCM,
KFCM, WKFCM, and our proposed IWKFCM meth-
od. From a qualitative point of view we can observe
that using each of the three previously available cluste-
ring methods, the segmentation result can be under-
segmented (incomplete) along weak/fuzzy edges or o-
ver-segmented including disturbances causing by con-
nected vessels, while INKFCM achieves a better seg-
mentation result of the nodule with more complete

edge.
FCM KFCM

Aeareare

! /S I:lTN
@TP
%FN

i m]]]]]]] FP

Fig.4 Illustration of evaluation metrics for region overlapping
K4 BT DX 20 BT Hros 2R
WKFCM IWKFCM

(a) Clustering results

(b) Segmentation results

(¢) The corresponding nodule masks

Fig.5 Demonstration of applying four clustering segmentation algorithms one nodule

area depicted on center slice including

KIS 4 B[R k2

Table 1 summaries and compares the average au-
tomated pulmonary nodule segmentation accuracy when
applying FCM, KFCM, WKFCM and IWKFCM algo-
rithms to the first clinical lung CT image dataset selec-
ted from LIDC. The results show that both average o-
verlap ratios computed based on the entire pulmonary
nodule volume and the nodule area depicted on a single
center slice are gradually increased by taking steps to
modify the classic FCM method. Specifically, the two
computed average overlap ratios of the entire nodule

volume and the nodule area depicted on the center slice

R AR EuR

are substantially increased from 45.75% and 54.87%
to 76.18% and 83.96% when using FCM and IWKF-
CM algorithms, which represents 67% and 53% in-
crease in the agreement between the automated and
manual segmentation of entire pulmonary nodule vo-
lume and nodule area depicted on the center slice, re-
spectively. Comparing with WKFCM, using IWKFCM
also increases the average segmentation accuracy ( or
agreement) by 3. 5% and 4. 0% in computing two
overlap ratios. In addition, Table 1 also shows that

using IWKFCM algorithm yields the highest FPR value
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and smallest FNR value, which indicates that IWKF-
CM has highest discriminatory power in identifying pix-
els belonging to the nodule, during the data clustering
at a cost of slightly increasing the errors of misclassify-
ing other non-nodule pixels into nodule class.

Similar to Table 1, Table 2 summarizes and com-
pares the average automated segmentation results when
applying the four algorithms of FCM, KFCM, WKEF-
CM, and IWKFCM to the second dataset collected from
Shanghai Pulmonary Hospitals. The two computed av-
erage overlap ratios are also substantially increased
from 54.45% and 70.20% to 71.65% and 84. 86%
when using FCM and IWKFCM, which represents 32%
and 21% increase of the computed segmentation accu-
racy on two overlap ratios, respectively. Table 2 also
shows that using IWKFCM yields the highest FPR and
the smallest FNR values. However, in the busy clini-
cal environment due to the large amount of lung CT
images, this high FPR could be accepted in order to

improve the efficient of segmentation.

Table 1 Comparison of average segmentation results
when applying four automated algorithms to 36 sub-solid
pulmonary nodules selected from LIDC datasets

x1 IABEENSBIER

/%

FCM KFCM  WKFCM  IWKFCM
Overlap 45.75 64.05 73.58 76.18
FPR 1.74 5.50 15.41 16.33
FNR 53.30 31.98 12.38 11.55
Overlap_CS 54.87 73.36 80.76 83.96

Table 2 Comparison of average segmentation results when
applying four automated algorithms to 18 sub-solid
pulmonary nodules selected from CT
examinations conducted in a local hospital

R2 IREHEENSEISER

/%
FCM KFCM  WKFCM  IWKFCM
Overlap 54.45 62.22 65.70 71.65
FPR 8.09 7.68 16.17 16.72
FNR 40. 65 32.60 23.49 15.49
Overlap_CS 70.20 76.56 78.13 84.86

4 Discussion

In this study, considering that most currently ex-
isting segmentation methods focus on image intensity,
we propose the IWKFCM method combining the inten-
sity information and spatial structure characteristic of
sub-solid nodules. Based on a similar idea, the
WKFCM method present a weighting idea on general
MRI-T1 image segmentation; however, there is not a
clear detailed formula to define the weights in this seg-
mentation. We choose the vessel measure function as
the segmentation weights, the main reason is that for
sub-solid nodule segmentation, the vessel structures
make an important effect on the final segmentation re-
sult. This point also leads to the failure of most current
segmentation methods on sub-solid nodule segmenta-
tion.

Then, we test our new pulmonary nodule segmen-
tation method using a set of relatively difficult and di-
verse cases collected from two data sources. One is a
public database (LIDC) and one is a private dataset
collected from a local hospital. All nodules involved in
this study are sub-solid nodules. Using these two data-
sets collected from two different sources also has a
number of advantages. First, since performance assess-
ment of any computerized methods depend on the diffi-
cult level of testing datasets, the segmentation results
reported in this study can be objectively compared with
other many previous or future studies conducted by
other researchers using the same dataset ( LIDC).
Second, we are able to test the robustness of the algo-
rithm using the CT images collected from different CT
machines and CT data acquisition protocols. Our ex-
perimental results indicate that the proposed IWKFCM
method enables to obtain more accurate results in seg-
menting these two sets of sub-solid pulmonary nodules
than the other three previously used data clustering
based segmentation methods. Although there is differ-
ence in the detailed level (degree) of performance im-
provement between two datasets, the performance im-
provement and different segmentation error ( FPR and

FNR) trends are consistent in two datasets. Such con-
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sistence indicates not only the improved segmentation
performance but also the robust performance. In addi-

tion, we also report higher overlap ratios than the pre-
10-147

viously reported studies" in segmenting sub-solid

nodules. Although the direct comparison of these
reported overlap ratios is not appropriate due to the use
of different testing datasets in different studies, we
believe that by considering the diverse characteristic of
our two testing datasets, the INKFCM algorithm is able
to achieve higher or very comparable accuracy in seg-
menting pulmonary nodules in particular the sub-solid
nodules depicted on a diverse set of lung CT images
than the existing algorithms applied to pulmonary nod-
ule segmentation.

Comparing to the existing methods, the IWKFCM
method has a number of unique advantages when
applying to segment pulmonary nodules. First, it
considers both the vessels structure information and the
classes’ distribution during segmentation. Second, it
is a semi-automatic segmentation method that can be
used in a busy clinical environment commendably.
Third, due to its effectiveness in addressing fuzzy and
uncertain problem of images, the INKFCM method is
preferable for sub-solid nodule segmentation that was
less studied by scholars.

Despite the encouraging results, this is a prelimi-
nary study with a number of limitations. First, because
medical images contain lots of information about focus
and tissues, we still could use more adequate informa-
tion involving in CT images to develop fuzzy clustering.
Second, though we focus on developing practical utility
segmentation for sub-solid nodules on a CAD system,
the high FPR is still a problem. For these existing
problems we will spend more time in our further re-

search.

5 Conclusion

Although accurate segmentation of pulmonary no-
dules has significantly scientific merit in many clinical
applications including lung cancer diagnosis, manage-
ment of radiation therapy, and evaluation of treatment

efficacy, manual segmentation of 3D pulmonary no-

dules depicted on multiple CT image slices is a difficult
and time-consuming task. As a result, developing au-
tomated pulmonary nodule segmentation schemes ( or
algorithms) has been attracting extensive research in-
terest in medical imaging and biomedical engineering
related fields in the last decade. Despite great research
efforts, accurately and robustly segmenting pulmonary
nodules, in particular the sub-solid nodules, using
computerized schemes remains a technical challenge.
Based on the analysis of sub-solid nodules’ character-
istics, combined with the Hessian matrix eigenvalues,
a 3D connected component labeling and morphological
techniques, we propose and test the INKFCM cluste-
ring method. Our experimental results show that the
proposed method enables to achieve more accurate re-
sult in segmenting sub-solid pulmonary nodules than
the other previously reported clustering methods. Fur-
thermore, it can provide a consultative reference for
more accurately extracting image features and optimal
classification of pulmonary nodules in developing com-

puter-aided detection (CAD) schemes.
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