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Abstract

ZHOU Ying-Yue! LI Chuan-Fu'?

Computed tomography (CT) is the primary imaging modality for investigation of lung function and lung diseases.

High resolution CT slice images of chest contain lots of texture information, which provides powerful datasets to research computer
aid-diagnosis (CAD) system. But the extraction of lung tissue textures is a challenge task. In this paper, we introduce a novel
method based on level set to extract lung tissue texture tree, which is automatic and effectual. Firstly, we propose an improved
implicit active contour model driven by local binary fitting energy, and the parameters are dynamic and modulated by image gradient
information. Secondly, a new technique of painting background based on intensity nonlinear mapping is brought forward to remove
the influence of background during the evolution of single level set function. At last, a number of contrast experiments are performed,
and the results of 3D surface reconstruction show our method is efficient and powerful for the segmentation of fine lung tree texture

structures.
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In recent years, active contour model has been widely
used for image segmentation in computer vision. Active
contour model (firstly proposed by Kass!) utilizes high
phase human vision information of image by evolving closed
contour. But it suffers several drawbacks, and the chief one
is that it can not handle the topological changes of evolv-
ing contour so that multi-object images cannot be parti-
tioned easily. Level set method for front propagation is a
powerful means to handle topological changes, and it also
removes the issues of contour parameterization and control
point regriding!®. Level set method was firstly introduced
into active contour model by Caselles®®! and Malladi®! in-
dependently, which was named as geometric active con-
tours. These models fuse level set method and curve evo-
lution theory together. Recently, a large number of image
segmentation methods based on level set have been pro-
posed. According to the model driven information of curve
evolution, the exiting methods can be cursorily classified
into two categories — edge-based model® % and region-
based model" 8!, Edge-based model generally contains two
terms: an edge detection term and a driven force term.
The edge-based model utilizes the grads of image and has
complicated parameter setting, which may make the model
not capable of partitioning the images with weak bound-
ary object or thin tubular object. Region-based model,
such as MumfordShah model” and active contours with-
out edges (C-V model)® uses global region information of
images. The region-based model without grads information
can treat images with weak boundary object. Moreover, it
is less sensitive to the initial contours and gets more ap-
plicability. However, it can hardly segment the intensity
inhomogeneity images. As a progressive development, a
novel implicit active contours driven by local binary fitting
(LBF) energy model was proposed by Li”). The LBF model
is based on local region information of images and able to
segment images with weak object boundaries, vessel-like
structures, and intensity inhomogeneity.

Computed tomography (CT) is the primary imaging
modality for investigation of lung function and lung dis-
eases. It can provide high resolution computed tomogra-
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phy (HRCT) serial images, which reveal the details of lung
structure for clinician. Thoracic HRCT images contain lots
of information about lung textures, which include trachea
tree, lung vein tree, lung artery tree, and pathological tis-
sues likely existing in lungs. Therefore, they are very im-
portant for lung disease diagnoses and researches of correl-
ative computer aid-diagnosis (CAD) system. The existing
automatic lung segmentation methods mainly eliminate the
bones, the other tissues outside lungs, the trachea, and the
main bronchia in thoracic CT images. However, the seg-
mented lung region contains lots of lung textures. If they
are used in diagnoses, wrong results always occur. There
are two main reasons. First, the pathological structures in
lung are very blurry because the segmented regions contain
lots of lung textures. So, errors and misses will increase in
diagnoses. Second, the abundant information in lung tex-
tures is very useful to analyze and orientate diseases. How-
ever, it is very difficult to segment lung textures clearly
because of the structure complexity. During segmentation,
the results are easily influenced by the partial volume effect.

Some articles have reported the segmentation of lung
trachea and blood vessel. The frame of vessel segmentation
is gradually formed %!, However, these methods aim at
the tubular structure and need set parameters alternately
and find the positions of seed points!''~?. So, a novel
automatic segmentation method of lung texture tree based
on level set is developed in this paper. The method does
not need complex parameters and can extract all the lung
textures in only one step of segmentation. The result of 3D
surface reconstruction of segmented lung textures shows a
good isotropy and integrality of segmentation.

1 Method

1.1 LBF model

The LBF model® is based on a mild assumption: the
image can be approximated locally by a binary image. Let
arbitrary grid point x belong to image domain 2:2 — R,
and C be a contour in image I(x) represented by the zero
level set of a Lipschitz function u(z) : u(z) C Q. The total
energy of LBF model, with respect to u(z), is defined by

E(u, fi, f2) = aL(u) + BD(u) + /Q Erpr(z)dz (1)

where o and 3 are nonnegative constants, L(u) is the length
term of the zero level set of u, D(u) is a distance penalizing
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term to ensure stable evolution of level set function with-
out re-initialization!® and Eppr(z) is local binary fitting
energy defined in [9]. To minimize the total LBF energy
function, the gradient descent flow is expressed as

% — — o(u)(gier — goez) + ad(w)div (\VUI) 4
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K, (z) is the Gaussian kernel function with variance o, and
o(x) is Dirac function
1 e

o(z) = e + a2

Heviside function H(z) is defined by

(7)

H(z) = % {1 + %arctan (g)} (8)

In fact, for each point x on contour C', local binary fitting
energy Eppr(z) is defined as®

Fror() =g / o Kol =)~ fi@ay+
o / Ko(@ - g)l) - fo@)[dy  (9)
out(C)

When point z is exactly on the object contour, LBF energy
Ersr(z) achieves a minimization value. Otherwise, curve
C is evolved by the two fitting values fi(z) and f2(x), until
all points of C are exactly on the contours of the object.
Based on local information of images, LBF model can get
accurate object boundaries by optimizing global LBF en-
ergy. Compared with other models, the model shows many
advantages. It is able to partition MRI images with inten-
sity inhomogeneity, which cannot be segmented accurately
by region-based model. It also can partition images with
weak boundary object or vessel-like object, which cannot
be easily segmented by edge-based model. But the set-
ting of LBF model parameters (such as a, 3, g1, and g2)
is an annoying work in application. There are huge dif-
ferences between parameter settings for different images.
In this paper, a dynamic parameter modulation method
is introduced to conquer the drawback according to grad
information of image.

1.2 Dynamic parameter LBF model (DPLBF)

«a and (3 are enacted as positive constants, and region
term parameters g(z) (g1 and g2 have the same formula)
are variable. Dynamic parameter function g(x) is defined

as B
CIV(G  I(z))]?
max(|V(G x I(x))|?)

g(z) = A+ (10)

where A is the basic part of g(z), B and C are dynamic
modulation parameters, G(z) is the Gaussian kernel func-
tion, and max(z) is the maximized value of z. Function
g(z) gains a higher value, where there is lower image grads.
Big region term parameters can promote evolution speed
of curve. Otherwise, function g(x) gains a lower value
at the point of image with higher grads, where it may be
the contour of object. So curve evolution can be balanced
by appropriate parameters of the LBF model. Moreover,
length term acts mainly because of lower values of g(z),
and thereby illusory contours are avoided. After making
improvement, the partial differential equation of DPLBF is
defined by

ou

T o(u)(g1(z)er — g2(w)e2) + ad(u)div (|§“|) -
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Finite difference method is used commonly for discretiza-
tion of partial differential equation (PDE). After n-step
iterations, the first order derivative of level set function
u(zx,t) can be approximately computed by one-sided finite
difference as follows

81}“(1’,7 t) ~ Un+1(l') — Un (1’,) (12)
ot At

By Taylor expansion, n step level set function can be rewrit-
ten as

du(z,t) At = %u(z,t) At?
Ut (@) = un(e) + ZLED B TUBDBE 4 (1g)

Then, truncation error of the first order derivative can be
computed as

_ Unta1(x) —un(z)  Ou(z,t)
Ton = — A o =0y (14)

Truncation error 7., has the same order as At. As we
generally select an exactly small At¢, difference formula
Un+1(2) — un () Ou(z,t)

At
occasions, truncation error 7, , could be very large, when
level set function w(x,t) changes acutely. Large trunca-
tion error can badly reduce the accurateness of lung tex-
ture extraction. Centered finite difference of the first order
derivative can be defined as

is nearly equal to . But in some

Uny1(T) —un—1(z) _ Ou(z,t)
2A¢ ot

+0(At?)  (15)

At this time, truncation error 7 , obviously has the same
order as O(At?). Centered difference has a much smaller
truncation error than one-sided difference. Then, we can
gain the following leapfrog finite difference formula of PDE
of DPLBF model

Unt+1(x) = un—1(x) + 2ALF (un(z)) (16)

where function F(un(x)) is the centered difference formula
of right side of (11). The truncation errors of time do-
main and space domain are much smaller, which make the
evolving level set function accurate and stable.
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2 Image preprocessing

2.1 Lung region extraction

Structure continuity is a marked characteristic of high
resolution CT serial images. It means that the changes be-
tween two adjacent slices are successive. In order to make
full use of the characteristic, a segmentation strategy based
on the structure continuity is employed. Primitively, a slice
is chosen as the template image from the thoracic HRCT
series. We segment the template and get the lung mask.
Then, we segment new images in two directions slice by
slice. Onme direction is from the template to lung apex,
and the other is from the template to lung base. The lung
mask about new image is restricted by the previous lung
mask. When we segment a thoracic slice, the threshold and
morphologic methods are used to get the coarse lung im-
ages. Let M be the current slice. First, we get the mask
of the body region Mb = Bwselect[(M>T1) x SE1]. Th
is —200 HU, which is the lower threshold about other tis-
sue except lung in the thorax. The structure element SFE;
is used to close the holes in the body region. Bwselect
represents the operation of selecting the object in morpho-
logic method. The origin point of Bwselect is the cen-
ter of M. Second, we segment the lung region Mc¢ =
Mbx M >Ts x Mb. Ty is —500 HU, which is the upper
threshold about lung. Third, we modify Mc to get lung
mask Mask = Mc x SE>. The structure element SFE5 is
used to close the small holes and cracks in the lung region.
At last, we get the lung image LungRegion = Mask X M.
In segmented results, there may be some cracks and inden-
tations in lung edges, where vessels come into lung. Vessels
have higher values than other lung tissues, so they could
be removed unconsciously. A rolling ball technique can be
used to remedy the crakes and indentations by making an
opening operation™. Fig. 1 shows the result of lung region
extraction.

Fig. 1

3D surface recognition of lung tissue region (The
images from left to right are the results of 3D surface-rendered
lung in the coronary, top-to-base, and base-to-top view.)

2.2 Technique of painting background

Technique of painting background is derived from human
vision system theory. Simultaneous brightness contrast re-
search by Heinemann!'® indicates that object recognition
of human vision depends on not only the self-saliency fea-
tures of object but also the relative saliency features be-
tween object and background. Therefore, internal details of
object can be enhanced by reducing the contrast between
object and its background. C-V model has been used in
detecting internal contours of object in the observed im-
age by changing the background in image[m]. Technique of
painting background with a linear intensity transformation
is effective for C-V model based on global region informa-
tion, while it is of no effect for DPLBF model based on local
region information. So, nonlinear intensity transformation
is brought in urgently.

Nonlinear intensity transformation is designed to en-
hance the intensities of certain range, by which image infor-
mation is convenient for computer processing. Let p be in-
tensity of pixel before transformation and v be transformed
intensity. In this paper, a nonlinear intensity transforma-
tion formula is defined by

Imax - Imin (17)

v = Imin + &
1+ e Tmean

where Iax is the maximized intensity, Imin is the mini-
mized intensity, and Imean is the mean intensity of object
image region. In Fig.2, certain range intensity is com-
pressed or extended selectively: 1) Region A with a higher
intensity possibly contains intensity of lung texture tree.
The intensities of A are compressed more closely and con-
strictively. Thereby, intensity of lung texture tree achieves
region coherence and is favorable to be segmented. 2) In-
tensities of background and remaining region B are ex-
tended to an extreme from region A. So, the influence of
background is potentially wiped off during the extraction
of lung texture tree.
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Fig.2 Nonlinear intensity transformation curve

3 Results of experiments

3.1 Improvement of dynamic parameter modula-
tion

LBF model can segment the manual image with intensity
inhomogeneity in Fig. 3, while C-V model cannot segment
it accurately®. We select fixed region term parameters and
penalizing term parameters of LBF and DPLBF. By chang-
ing the length term parameters, we show the advantages of
DPLBF. Let g1 = g2 = 2 and =1 in LBF model. In rel-
ative range, let Ay = Ay =1, Bi =By =2, C; =Cs; =1,
and # = 1in DPLBF model. Let @ = a x 255 x 255 in LBF
and DPLBF jointly. From contrast experiments in Fig. 3,
we can draw two conclusions: 1) when parameter a is be-
tween 0.01 and 0.05, both models can segment the image
accurately. But at a = 0.055, LBF achieves local optimiza-
tion, while DPLBF is effective; when LBF is of no effect
at a = 0.09, DPLBF is still able to segment image accu-
rately. 2) DPLBF has a larger region-driven force, where
grads of image is smaller. Thereby, speed of curve evolu-
tion is fast and parameters are easily set using dynamic
parameter modulation method, which makes LBF model
more applicable.

3.2 Segmentation of lung CT slice image

We compare experimental results of each method in
Fig.4. The result of region-based model (C-V model) is
piecewise and broken up without concerning local informa-
tion. The result of edge-based model is locally optimized
and cannot deal with thin texture structures. The result
of DPLBF using intensity linear transformation has many
illusive contours. The method proposed in this paper can
extract thin texture structures accurately and exquisitely.
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Improved results of dynamic parameter modulation (The first row are the results of LBF model and

the second row are the results of DPLBF model.)

(a) Result of CV model

(b) Result of edge-based
(Region-based)

model

(c) Result of DPLBF based on (d) Result of DPLBF based on
painting background with

painting background with
linear intensity

nonlinear intensity
transformation transformation

Fig.4 Comparing results of three category models

3.3 Texture extraction of 3D database

We select a 3D HRCT database with size of 512 x 512 x
297 pixels. Penalizing term makes initial contours flexible
and simple. Level set function is initialized by a region

strategy. Let T be a threshold value. The initial level set
function is defined by

—t, I(x)>T
uo(z) :{ t, 18 <T (18)

where ¢ is a positive constant. For the database, the param-
eters of DPLBF are set as At = 0.1, « = 0.001 x 255 x 255,
ﬁzl, A1:A2:2, Blszzl, Cl = CQ = 1, and
T = —400HU. The section images of segmented database
in three axes directions (3-D coordinate system) are shown

in Fig.5. The results of the method proposed in this pa-
per are coherent and integrated in three axes directions.
3D surface reconstruction result of segmented database is
shown in Fig.6, in which trachea is added by a region
growing segmentation algorithm. The result shows that
lung texture tree is accurately extracted, and the method

is much helpful for lung texture analysis and design of com-
puter aid-diagnosis system.

(a) Lung region section

(b) Lung texture tree
section images

Fig.5 Contrast figures of three direction sections

images
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Fig.6 Lung texture extraction results of 3D surface
reconstruction

4 Conclusion

A novel automatic method based on LBF model is intro-
duced to extract lung texture tree from HRCT images in
this paper. An improved DPLBF model is proposed by us-
ing a dynamic parameter modulation strategy, which makes
LBF model more applicable. A new technique of painting
background based on nonlinear intensity transformation is
used for multi-phase level set segmentation algorithm. Our
method is proved to be more effective in texture extrac-
tion than region-based model and edge-based model by a
number of experiments. The results of 3D database show
that the method will play an important role in tree texture
analysis and design of computer aid-diagnosis system.
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