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Abstract . Due to the poor quality of ultrasound images. fully automatic segmentation methods are not
feasible. This arrticle describes a novel approach w the semiznutomatic segmentation of ultrascund images.
Although user interaction is not required much. it is used as an important factar end incorporated mto the tradi-
tional B-spline snake models. The modified model is called an interactive B snake model becaase the movement of
the active contour is canstrained through user interaction. By introducing a set of moving rules, B-spline
scgments are moved to the desired boundary directly. The statistical models are trained on-the-fly by observing
boundaries accepted by the user. The resulting algorithm is especially useful when dealing with successive <lices
and provides fast, reliable and verifiable segmentation in ultrascund images. The algorithm has heen used
successfully on the Liver Tumor Surgical Simulation System.
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Image scgmentation plays an essential role in ultrasound image analyses. An accurate extraction of ¢linical
information from ultrasound images promises reliability for clinical applicalions and it is the basis of 3-D model
reconstruction. Due to the complex nature of ultrasound images, which mainly results from factors such as signal
processing » image formation, interpolation, tissue property, interference and so on, perfeet image scgmentation is
very difficult in practicel (Fig. 1), Currently. {fully autometic technigues for ultrasound image segmentation are
not likely to be robust. Most clinical ultresound image systems require manual intervention. A variety of interac-
tive segmentation methods have been developed. These methods range from totally manual drawing of object
boundaries . to the detection of object boundaries with minimal user interaction.

Active contour models (commonly calted snakes ), were first introduced by Kass ez ai. '™, and have proved to
be a powerlul interactive toal for image segmentation. However. becanse snakes use strict local information. the

implementation of the original snake model is vulnerable to its initial position and image noise. Varied approaches
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have been proposed to alleviate these problems. Cohen et al. introduced an internal pressure by considering the
curve as a balloon which is inflated™®). Xu et al. presented a new external force for active contours to solve
problems associated with initialization and poor convergence to boundary concavities'’. The snake model is also
developed into a more general technique, deformable model'®’.

In Fig. 1, the liver tumor boundaries in ultrasound images are not always prominent. Both segmentations
satisfy the image force. Fully automatic techniques for ultrasound image segmentation are not likely to be robust.

Instead we produce fast and reliable segmentations with the minimal amount of manual intervention.

Fig. 1

All the semiautomatic image segmentation techniques require manual intervention, but manual intervention is
usually used as a remediation. Especially, some ultrasound images, such as that of the liver tumor, are so complex
that only experienced clinicians can recognize the boundary of the special object with the integrated knowledge of
experiences, gray level and texture features. When those techniques are used in ultrasound image segmentation,
manual intervention is still required a lot.

In this article, a novel semi-automatic segmentation approach of ultrasound images is presented to simulate
the segmentation process of human and learn from the user interaction on-the-fly. We combine the advantages of
B-spline snakes and the technique of spline-fitting for segmentation of general ultrasound images. The key ideas of
the proposed snake model are to incorporate the user interaction as an important factor and train the B-spline snake
model on-the-fly. We also incorporate the techniques of spline-fitting and on-the-fly statistical learning of
boundary models following user interaction. Finally, we illustrate the Liver Tumor Surgical Simulation System.

the application of our algorithm.
1 Interactive B-Spline Snake

A cubic B-spline is specified by m+1 control points pos 4. .. s pn and comprises m— 2 cubic polynomial curve

segments, The equation of each segment is

r(s)= ;Ef,(s)p,. 0<s<1, 3L
where f; are the spline basis functions.

As a B-spline snake is linearly combined by a set of basic functions, and determined by the coefficients of the
basic functions, compared with the piecewise linear snake models, B-spline snakes have several attractive features
which make them more efficient and convenient in many applications.

1) Regularization of the shape is implicit through the fewer degrees of freedom available in the deformation,
therefore the internal forces are no longer required.

2) The representation of the control points is much more compact than the long list of vertices in piecewise

linear formulations.
3) The active contour composed of B-spline segments is more flexible. Through the approaches of adding and

moving multiple hinges and control points, it is easy to obtain some special shapes.
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4) The most useful feature for segmentation is the local control property of B-spline snakes. Madifying the
position of one contrcl point, only a small par: of the curve changes. What'’s more. each B-spline segment may
have parameters caleulated locally. T'his feature iz especially useful in local searching. and has more advantages in
the images that have different properties alnng the boundaries.

The image force of the ultrasound image is so weak that it can’t attract the snake to the idea boundary. An
ordinary B-spline snake may be easily trzpped by false edges and similar textures, so segmentations need user
inreraction.

When the snake deviates the desired boundary, the operator simply deposites a point where the boundary is
lost, indicating the correct place of the desired boundary. This point is called a fixed point because the snake must
be moved to cater for this restraint.

Here, we modify the iraditional B-spline snakes with the informa-
tion of user interaction. The modified mode!l was called an interactive
B-spline snake hecause the snake’s movement is constrainted hy all the
fixed points. Whenever the snake moves, the contour keeps passing
through al! the fixed points. It will still find its best place under the
image force, at the same time satisfying the user’s request.

For convenience, we define a control point v and a hinge r,(the

joining points between two spline segment) are correspondent if 5 is
the head hinge of the B-spline segment decided by the control points

Fig. 2 An interactive B-spline snake Yicys ¥is Mieir Yerpr A hinge’s location 18 usually decided by three

model with three fixed points successive control points. When a hinge »; becomes fixed, the three

control points v, y,» w4 should be moved under the constraint Eq. (2).

%(}'.’ Ayt oy @)

-

As the definition describes, wherever the snuke changes its location. it must salisly all the constrain
equations. So when a fixed point emerges, we modify the snake model and make it pass all the fixed points which
user specified. To accomplish this, we use every {ixed point as a fixed hinge of the B-spline segments and every
fixed hinge carresponds to one constraint equation.

Different fram the tradirional B-spline snake, the interactive B-spline snake need to judge the possibility of
every position before calculating the location’s energy during the iterative searching proress. A lacation is possible
only when it satisfies all the constraint equations, otherwise the searching process jumps te another location
directly. Obviously the searching scope is smaller than before. Although additional operation of judging possible
location is added into the searching process, its time is much less than the energy calculation of every location. By
this way, the intcractive B spline snake speeds up its searching progress.

During the process of segmentation, user can specify the place of model by minimal fixed point recursively.
And the snake will adjust its location under the image force. It is a kind of compensation to weak image force. and
it provides a convenient interactive tool to echieve the special forms and locations specified by the user. What's
more, the ioteractive B-spline snakes sensibly combine the strengths of human recognition and computer
algorithms. By the direction of user interaction. the interactive B-spline snake solves the problem of mutiple
segmentation results. This kind of semi-automatic approach is especially useful 10 images with poor qualities, such
as ultrasound images. Under the restriction of fixed points, the snake can combine broken edges and can

disringuish false edges much easier.
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2 Moving Rules

I the snzke’s location is deviated from the desired boundary and a fixed point emerges, it is clear that several
nearby B-spline segments shonld he moved 16 pass the fized point. If we just move one or two control points to
accomplish this, the local shape of the B-spline segments may be greatly changed and it will cost the snake a4 long
time to converge to the desired houndary. Thercfore when a fixed point emerges, we produce a new [orce field
around the fixed point such thar it pulls the nearby Bspline seguents quickly to the desired boundary. The force
field acts on not only one or two points of the B-spline segments, but also a part of or the entire contours. A
control point mezy be inserted during the fitting process.

From the location of the fixed point, we can only esti-
mate the direction and maximum value of the forece field.
On the premise of keeping previous snake’s basic shapes,
the objeztive of the force field design is to let the forre ari

gradually on several nezrest B-spline segments. The maxi-

mum force occurs at the location of the [ixed point. and the n n & & rs
force fades away as the distance grows. The function of the

force field can be ignored beyond the four nearest B-spline Fig.3 From the fixed proint F, a force
segments.  Actually the [orce should act directly on the field is produced and wades away

points of the B-spline segmenis, but this will be computationally expersive. Here we propose an extremely
straightiorward method. We let the force field act on the control peints with some approximate hypothesis, When
another fixed hinge lies heside, the control point corresponding to that fixed hinge will not be moved and we use
the function of leverage to extend the foree field far away. When twa successive hinges are hoth fixed, the force
will be truncated here. The direction of the force 1o the control point corresponding to the nearest hinge is defined
as along the direction of the nearest hinge to the fixed point. The directions of other conditions are simply defined
as along the normal line of the corresponding hinge on the B-spline segiients.

According to the conditions of the two nearest hinges of point . there are four kinds of cases. Refer to
Fig. ¢+ r; is the nearest hinge to the fixed point Fu and ry is the sccond nearest hinge. Tn general, when we move a
control peint, four B-spline segments change their shapes. We restrict our foree field upon the control points y. ..
s+ s0 that only a part of the active contour is moved. (When the number of the control points ‘s relatively small,
mayhe the entire active contour is moved. ) When ry or r, is also a f{ixed hinge. or hoth. we use the leverage to
exterd the farce field 10 act on the control point 3, or vs. An upward force on ane side of the level produces a
downwezrd force on the other side.

Case 1. The two nearest hinges are both free hinges. We move the control points ys. .. 3, which correspond 1o
the three nearest hinges according to the distribution of the force field s so that the necarest hinge ry is moved to F
and becomes a fixed hinge.

{ase 2. The ncarest hinge is free and the second nearcet hinge is fixed. We move 3.3, and y; according to the
distr:bution of the force field. After the movement, r; and r, are both fixed hinges.

Case 3. The nearest hinge is lixed and the second nesrest hinge is free. We add a new control point yi,
hetween y; and y, and a new hinge », ; emerged. We move yo, v, and y,. After the movement, »; and r; ; are fixed
hinges.

Case 4. The two nearest hinges are both lixed hinges. We add two new control points y. 5 and yi 5 between
and y, and two new hinges ry;and r,, emerged. We move yu, yoysya; and v After the movements #;.7: 5 and r,

are fixed hinges.
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On the whole, aur strategy is o add a new fixed hinge and move :he B-spline segments most close to the
desired boundary, This location is also the “best”™ initial contours for the next search process. The number of
control points added in cach step may be varied according to the complexity of object’s boundary. Multiple control

points provide more flexibility and can be used to achieve special shapes.
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ri... rs: hinges of the B-spline; yi... ys: control points: F : fixed point

Fig. 4 The four cases
3 [Image Segmentation

Image force is one of the major forces that can guide a snake to corverge to the desired houndary. The
difficulty in the segmentation of nlirasound images arises from the need 1o identify both types of edges at the same
time, grey edge and texture edge. Here two potential functions based on grey edge and texture edge detection are
tried respectively to guide the interactive B-spline snakes.

Conventionally, rthe dencising processes will be operated hefore implementing the image forces on snakes.
However, an improper denoising may shift an edge, smeart the desired edge and destroy the textures. Therefore we
attempt segmentation based on the two [ollowing properties directly.

3.1 Edge detection

On the ulrrasound images, a large amount of edges are very indistinct even disappeared and many false edges
exist. According to this feature, we present a weighted edge detection approach.

The edge detection is exerted upon every sample point along the B-spline snake’s normal lines. At every
search scope, we record the maximum and minimum of the edge detection function. The location of the minimum is
set as the cdge point. The difference between the maximum and the minimum value is stored as the weight of the
edge point. Obviously, the weight of the clear edges is much bigger than that of the indistinct edges. so that the
clearer edge point has more function on the convergence of the snake. The result is that part of the clear edges can

attract the entire B-spline snake 1o reach the ideal segmentation.
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3.2 Texture detection

Usually the object of ultrasound image has different texture features along its boundary. When a fixed point
exist, adjacent contour must be trapped by a minimum local value. We revise the pararueters of adjacent spline
segment according to the information around the fixed point.

From the current location of B-spline segment, texture statistics are gathered from both sides of the boundary
and an optimal discriminator is derived between inside and outside (or equivalently, for open splines. left and
right). Texture statistics information is colleeted from the little patches distributed beside the boundary . then the
mean value and covariance matrix of the “inside” and “outside™ classes are calculated respectively. Because rexture
statistics are usually different along an object’s boundaries, every B-spline segment has its own four parameters.

When part of the contours deviates from the desired boundary and the user deposits a [ixed point, we specify
the inside and outside region around the fixed point by the tangent direction of the spline segment and gather
samples for inside and outside region respectively. The parameters of the adjacent B-spline segments are modified
by product of sample data and a distance function. In the next search process, the snakes will be more closed to the
desired boundary which the user preferred. It can speed-up the convergence process and is especially useful when
image properties are different along the boundaries. Such training is to magnify the local effect around the fixed
point. Whet’s more, as the boundary statistics generally change slowly from one slice to the next, such training

can greatly speed-up the process of segmenting many slices through a 3D data ser.
4 Liver Tumor Surgical Simulation (LTSS) System

The LTSS system pruvides a convenient user ioteraction approach. In the first slice, the user clicks on two
points of the image to roughly identify the rectangle region of the interested object. Because the shape of liver
temer is usually rounded or elliptical, we use the four points of the rectangle region as the initial control points of
the B-spline in the first slice. The LTSS systern displays in real time the “hest” contour of the interested object. Tf
the “best” contour deviates from the desired houndary. the user simply deposits a point at the location where the
boundary is lost. The process continues until acceptable contour emerges. Accurate segmentation can he achieved
much quicker compared 1o manual delineation time. Further, the LTSS system can be trained on-the-{ly to favour
different types of boundaries™,

Ultrasound-guided microwave for the treatment of liver cancer "*!is effective in coagulating deep tumor and
protecting normal tissues. The 1TSS system recomstruers the liver tumor’s 3D surface model by the contours
extracted [rom successive slices. An ellipse sphere surface model is reconstructed to simuiate a water drop shape of
coagulation region. We use the cutting operation between the tumor model and scalpel model to simulate the result
of coagulation. What is cut out represenis the coagulation region and what is left represents the tumeor region.
When the cutting operation is finished, surgical operation parameters are given out and the operation is evaluated
by statistics. Figure 5 shows the organzation graph of the LTSS system.

Figure 6 shows the segmentation process and results. In the first slice the user drops two points to roughly
specily the interested region and the system searches the boundary of tumor in the region. As the boundary is not
always well characterized . the B-spline snake is trapped by false edges. The user simply deposits a point where the
boundary is lost. The system now refits the B-spline snake and studies from the fixed points so that a more
accurate bourdary is achieved. The user continues to deposit points on the boundary until the snake achieves a
satislying result. Then the B-spline snake is propagated into the next slice and the searches are repeated. This time
the snake gives an acceptable segmentation without any user interaction. Segmentation of the first slice by Sobel

and Log edge operators are given out for comparison,

© HIERRESSAHIIFTR  http:/ www. jos. org. cn



1766

Journal of Software H fFFH  2001,12(12)

initial data

m

slice image segmentation

2d system

|

contour tumor model scalpel model

5

surgical plan
parameters @}4

evaluation

T_ yes

N

3d system

tumor left cut out

Fig. 5 Live turmor surgical simulation system

(a) initial contour (b) segmentation result of .
_ _ (c) after the first fixed point
specified by the user B-spline snake

(d) after the second fixed point  (e) after the third fixed point (f) propagation into the next slice

(g) segmentation result on slice 2 (h) Sobel operator exerted (i) LOG operator exerted
on slicel on slicel

Fig. 6 Segmentation result
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The segmentation system is not compurationally expensive and runs [ast enough [or comfortable interaction,
Little user interaction is required after several first slices, because zdaptive models are able to track slow changes
in the boundary statistics. Even when the user interaction is required, the scgmentation is usually considerably

better than before.
5 Conclusions

The LTSS system has shown that the user interaction could be incorporated into the traditional B-spline
snakes and exploited thoroughly to accelerate segmentations. The technique of spline fitting has been used in
various ways but has rarcly been applied to B-spline active contours. In this paper, we combine different tech-
niques of active contour models, spline fitting and on-the-fly learning into a fast and reliable semi-automatic image
segmentation algorithm, which have not been achieved with previous algorithms. Further wark wonld lnok inte
exploiting prior knowledge to further improve resilience to noise. investigzte other sorts of force field to describe
the function of user interaction. and combine the insertion of control points with the iterative searching process of

the Form Force Field into & unified scheme.

References:

[1j Chen, Chung-ming, L.u, Henry Horng-Shing, Lin, Yu-chen. An carly vision-based snake medel for ultrascund image seg-
mentation. Ultrasound in Medical & Biology. 2000.26(2).273~ 285,

[2] Kass, M., Witkins, A. , Terzopoulos, D. Snakes-aclive contour models. International Journal of Computer Vision, 1987,
104):321~330.

3] Laurent I). C. . lsaac, C. Finite-element metheds for active contour models and balloons for 2-D and 3-D images. IEEE
Trausuctions vn Pattern Analysis and Machine Tnelligences 1953,15¢11):1131-~1141.

[4] Xu, C., Prince, J. L. Snakes, shapes and gradieat vector flow. TEEE Transactions an Image Processing, 1998.7(3) 359~
369,

[5] Anil, K.].+ Yu, Zhong. Marie-Pierre Dubuisson-Jolly. Deformable template madels: a review. Signal Proccssing, 1998,
71 169~129. '

[8] Berbara. lLevicnaise-Obadia. Andrew. Gee. Adaptive segmentation of ultrasound images. Image and Vision Cemputing,
1599,17: 583~ 588

[7] Dong, Bao-wei. General principles for ultrasound-guided interventional treatmer ol liver cancer. National Medical Journal of
China. 1995,76(2):83~84. (in Chinese}.

{8] Dong, Bac wei, Liang: Pings et ali US guided microwave in the treatment of liver cancer; experimental study and prelimi

nary clincal application. Natienal Medical Journal of China, 1996,76(2):87~91 (in Chinese).

W s % rw.
7] EEF BAEG S TR ABBTH—REN. FEEERE.1996,76(2):83~84.
[8] #53% PW. 4 HF S THESTFITEAOERITT KL SR, PRESFSE.1996.76(2).87~91.

BF B HFEDHERBNIESEHERH S E
g1k, B L BE%R EBZ

FERY HELRFSHERR LR 100084}

RE: RARR G TREIHREAS SR LGN SHFT . BT A HYBARGEGF oS s H Ik EF &R
RPREHA -+ SR ASLHGANBHEEIRABMY P SR LAHGLHFTRRE S TR FLE,

© rhIEREE

CRAEFTTE  hitp/ www. jos. org. cn




1768 Journal of Software HAEFH 2001,12012)

BERABANPRE AN EEHEERY HA U RGBS BR A LE I ANOANE BHEE SN
REBHHAPFRAHERSRL; HEEARNERAF B LG BR Rt 580, A FE 2~ RE Y
REERASUFE AREATHE S INMARFABROLT RCAARENNTRB TR RAARY P
KW BAFESGEEY AR AL E RERE ARGA

FEESES, TP SLHEARIAE . A

© HEEREESLETSUN hitp:/ www. jos. org. cn



