Segmentation of confocal microscopic image of insect brain
Ming-Jin Wu?, Chih-Yang Lin?, Yu-Tai Ching®
®Department of Computer and Information Science, National Chiao-Tung University, Taiwan

ABSTRACT

Accurate analysis of insect brain structuresin digital confocal microscopic images is valuable and important to biology
research needs. The first step is to segment meaningful structures from images.  Active contour model, known as
snakes, is widdly used for segmentation of medical images. A new class of active contour model called gradient
vector flow snake has been introduced in 1998 to overcome some critical problems encountered in the traditional snake.
In this paper, we use gradient vector flow snake to segment the mushroom body and the centra body from the confocal
microscopic insect brain images.  First, an edge map is created from images by some edge filters.  Second, a gradient
vector flow field is calculated from the edge map using a computational diffusion process. Finally, atraditional snake
deformation process starts until it reaches a stable configuration.  User interface is also provided here, allowing users
to edit the snake during deformation process, if desired. Using the gradient vector flow snake as the main
segmentation method and assist with user interface, we can properly segment the confocal microscopic insect brain
image for most of the cases. The identified mushroom and central body can then be used as the preliminary results
toward a 3-D reconstruction process for further biology researches.
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1. INTRODUCTION
Construction of a standard brain plays an important role in the analysis of brain’s anatomy and functions. The first
step is to segment structures in the brain image. Successful anaysis highly depends on the validity of the
segmentation.  Segmentation is one of the most difficult tasks in image processing. The chadlenge is to extract
boundary elements that belong to the same structure and integrates these elements into a coherent and consi stent model
of structure. Traditional low-level techniques such as thresholding and edge detecting which only utilize local
information can make mistakes during integration step dueto lack of global geometry properties of the object.

Alternatively, the active contour model, known as snakes, which has been introduced by Kass, Witkin and Terzopoulos
in 1987 [1], integrates the image feature extraction and representation phase into a single process. A snake is an
energy-minimizing curve defined within an image domain that moves under the influences of internal forces coming
from within the curve itself and externa forces computed from image data. The internal and external forces are
defined such that the snake will be attracted to an object boundary or other features within an image. Snakes are
widely used in many applications, including edge detection [1], shape modding [2], segmentation [3], and motion
tracking [4]. We will adopt active contour model to segment the mushroom body and the central body in insect brain
image.

2. ACTIVE CONTOUR
A traditional active contour model isamapping: Q =[0,1] — R, andS — v(s) = (X(9) , y(9). Here we represent
the position of a snake parametricaly by v(s) = (X(), y(s)). We define the model as a space of admissible deformation
A and afunctional E to be minimized. Thisfunctional representsthe energy of the model and hasthe form

E:A- R
v EW)| By (V9) + Ene (U9)Gs, ®

where E;; represents the internal energy of the snake due to bending, and E. serves as externa force and is derived
from image features. E;; serves to impose smoothness constraint on the snake. Eo: pushes or pulls the snake toward
desired features such as edges. As internal and external energy are formulated, we deform the snake by minimizing
(2). Theinternal energy can be written as:

Medical Imaging 2002: Image Processing, Milan Sonka, J. Michael Fitzpatrick,
Editors, Proceedings of SPIE Vol. 4684 (2002) © 2002 SPIE - 1605-7422/02/$15.00 1563

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 04/28/2014 Terms of Use: http://spiedl.org/terms



Eq = @OV () +BE)V (9))/2 @

whereq (s) and 3 (s) are weighting parameters that control the snake' s dasticity and rigidity, v'(s) and v’ (s) denote the
first and second derivatives of the curve v with respect to's. The first-order terma ()|’ (S)* makes the snake behave
like a string, whereas the second-order term S (V' (9)fF makes it behave like a rod. Position or tangent
discontinuities may be introduced along a snake by setting a (s) or 8 (s) to zero [12].  In order to make snakes useful,
we need energy functions that attract snakes to salient features in images aslong as it takes on its smaller values at these
desired features. External energy can be derived from image, or be user defined. It can also be a weighted

combination of two or more energy functions. If vin (1) is alocal minimum for E, it satisfies the associated Euler-
Lagrange equation:

(a (V' (9) - (BEV'(9) -VEeu(W(s) =0, €)
given v(0), v'(0), v(1), v' (1) as boundary conditions.

Traditional active contour model suffers from the following three key difficulties: Firg,. the evolution of a snake highly
depends on itsinitial state. That means the active contour model has narrow capture range so that the initial contour
must be close to the true boundary or ese it may converge to the wrong boundary. Second, active contour model lacks
the ability to handle boundary concavities. Third, snake has the tendency to become stagnant at a nearby local energy
minimum.  For the first and second problem, Xu and Prince proposed a method called gradient vector flow in 1998 [5]
to solve the problems. For the third problem, the main difficulty is due to noise. Preprocessing of the image can be a
great help. However, if the noise is too strong, it till requires users to manually adjust the snake to get rid of the local
minimum.

3. METHOD
3.1 Gradient Vector Flow Snake

Xu and Prince proposed gradient vector flow (GVF) [5] to solve the firgt two problems encountered in the traditional
active contour model. The method they proposed is a new class of external forces for active contour, a dense vector
fields derived from images by minimizing certain energy functional. The minimization is achieved by solving a pair
of decoupled linear partial differential equations that diffuse the gradient vectors of a gray-level or binary edge map
computed from image. We will call an active contour that uses gradient vector flow as its external force as a GVF
snake. A GVF snake has wide capture range, can progress into concavities, and is insensitive to initidization. Its
initidlization can be indde, outside, or across an object’s boundary. By the diffusion process, capture range is
increased.

Firg, we define an edge map f(x,y) derived from the image 1(x,y) having the property that it is larger near the desired
boundary. We can use any edge-detecting method or any gradient filter. Then, we will extend the gradient map
farther away from edges and into homogeneous regions usng a computationa diffusion process. As an important
benefit, theinherent competition of the diffusion process will aso create vectors that point into boundary concavities.

We define the gradient vector flow field to be the vector fidd p(x,y) = [g(x,y),h(x,y)] that minimize the energy
functional

{:ﬂ,u(gf +g2 +h?2 +h2) +|0f [°|p - Of | dxdy . 4

When |[\/f| is small, the energy is dominated by sum of the squares of the partial derivatives of the vector field, yielding
a dowly varying field. On the other hand, when [\/f| is large, the second term dominates the integrand, and is
minimized by setting p = \/f. This produces the desired effect of keeping p nearly equal to the gradient of the edge
map when it is large, but forcing the field to be slowly-varying in homogeneous regions. The parameter (¢ is a
regularization parameter governing the tradeoff between the first term and the second term in the integrand. This
parameter should be set according to the amount of noise present in theimage. It has been shown that the first term in
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the integrand corresponds to an equal penaty on the divergence and curl of the vector field [6]. Therefore, the vector
field resulting from this minimization can be expected to be neither entirely curl-free nor entirely divergent-free.

Using calculus of variations [7], it can be shown that the GVF field can be found by solving the following Euler
equations:

p0?g-(g- f,)(f7+17)=0, (5a)
p0*g-(g-f,)(f7+ 1) =0, (5b)

where \/?isthe Laplacian operator.

3.2 Reparameterization

When a snake deforms, the distances between vertices of the snake will change. This may result in local variation as
wdl as in global changes in the resolution of the model. Both are undesirable, but dight local variaion in the
resolution is unavoidable. What we can do is to keep this variation between certain limits by periodically resamplethe
snake along its path. We resample the snake according to a user defined parameter lge.  Then we resample the snake
to keep the distance between the neighboring vertices between 0.5l 4 and 1.5l4.  When the distance is less than 0.5l ges,
we merge tow adjacent vertices into a single vertex.  If the digance is longer than 1.5l 4, We insert a vertex between
the vertices [§].

3.3 Numerical Solution

We subsgtitute (2) into (1) to get the following equation:
1
v~ E)= Jé[a(s)|v'(s)|2 + LSV (9|1 + Eee (V(5))ds- (6)
0

We will takea (s) and 8 (s) as a user-defined constant ¢ and 8, and is remained unchanged during the deformation
process. A snakethat minimizes E must satisfy the Euler equation:

av'(9) = A (8) = DEgq = 0. ¢

To find a solution to (7), the snake is made dynamic by treating v as function of timet as well ass. The partial
derivative of v with respect tot is then set equal to the left hand side of (7) asfollows:

vi(st) =av'(st)- /""" (st) - UE,; . (8)
The equation becomes after finite differencesin space (step h) and in time (step 7 ):
(Ig+ TAV'= (V" + T RV, ©)

where A is a pentadiagonal matrix, |4 denotes the identity matrix, V and F denote the vectors of position v; and forces -
VEe (V). Thus, we obtain alinear system and we can easily solve the pentadiagona banded symmetric positive system
by LU decomposition. To solve (4), it can be shown by using the calculus of variations[7] that the GVF field in (4) can
be found by solving the following Euler equations:

HPg=(g- f)(f, +1,%) =0, (10a)
pO%h=(h=f)(f,2+1,%) =0. (10b)
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Equation (10a) and (10b) can be solved by treating g and h as functions of time and solving:

0 (% Yit) =% i) =[x it) = £, (X WIDF, (6 )2 + £, (% )], (11a)

(% Y1) = P00 Y1) =[x Yit) = £ ( I (% )P + £ (% )], (11b)

The equation in (11) are known as generadized diffusion equations, and are known to arise in the fields of heat
conduction, reactor physics and fluid flow [11]. Werewrite (11) asfollows:

0 (%, Yib) = 2g(%, Yit) —l(x Y)g(x, Y) +C' (% V) (123)

(% Y1) = Ph(x, ) —b(x Yh(x, y) +E(x,Y) (12b)

where b(x,y) = f, (x,y)? + f,(x,¥)?, c'(xy) =b(xy) f,(x,y),and c*(xy) =b(x,y)f,(x,y).

To set up theiterative solution, let the indicesi,j and n correspond to X,y and t, and let the spacing between pixels be A x
and Ay and thetime step for each iteration beAt. Then (12) can be approximated by finite differences as follows:

—(9n+1 gir?j) h, = (hn+l hir,]j).

1
g = oy (Gt PO T G i T 48),

1
2h :A—xAy(h”l’j +h g thiog +h g —4h ) (13)

Substituting these approximationsinto (12) gives the iterative solution to GVF as follows:

n+l

gi; =@-b ;A)g’ +r(gie; + 9741+ Oila +gir,]j—1_4gir,]j)+cil,jAt, (14a)

hir,]?-1 =(]-_bi,jAt)hi j +r(h|+lj i j+l+hn—lj hl -1 4hn )+Ci2,jAt1 (14b)

t
where I'= AAXZy Convergence of the above iterative process is guaranteed by a standard result in the theory of

numerical methods[12]. Equation (14) is stable whenever the restriction rsz is maintained.

3.4 Stopping Criterion

When is a snake converged? One usually uses as many iterations as necessary until the snake stops moving. Thisis
equivalent to have the snake reach its lowest possible total energy E, given an initial configuration v(s,0) in the external
force field. This means when the snake reaches a seady state (i.e., vi=0), the snake might traverse along the desired
valley of the external force field. But if the bottom of the valley is not at the same height, some point in the desired
valley might still moving to seek for the nearby local minimum.  In such cases, vertices of the snake will have a strong
tendency to pile up in the deepest pocket of the valley. Gradient vector flow is especially vulnerable to this situation
since it is a neither entiredly divergent-free nor entirely curl-free vector field. Thus using the steady-state criterion is
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inadequate as a sopping criterion.  To solve this problem, we will use global snake geometry properties to define the
stopping criterion.  We will define the stopping criterion as the contour similarity. If the smilarity between two
snakes is within athreshold, we consider these two snakes are the same snake and confirm that the snake is converged.
We will adopt a modified chain code curve encoding method [9] and longest common subsequence techniques to
evaluate the amilarity of curves. Chain code is first proposed by Freeman. The concept is to divide a curve into
fixed length segment and encode the curve according the direction of segments dong the curve. In genera, encoding
method has 4-connectivity (Fig. 1) and 8-connectivity (Fig. 2). We subdivide the plane into 4 (8 respectively) regions
in 4-connectivity (8-connectivity respectively) for encoding. Given astart vertex on a curve, we compute the vector of
adjacent vertices along the curve. Then we encode the curve into a hit string according to each vector’s direction.
Wewill call thebitin abit string asdirection bit. Figure 3 is an examplein 8-connectivity encoding.

B-Connectivity Encoding
in clockwize arder

Figure 3. An chain code encoding example

When two curves are encoded into two bit strings, we find the longest common subsequence (LCS) of these strings
by dynamic programming technique [10]. Suppose that LCS should be larger in two similar curves than that in tow
lesssimilar curves.  We define a amilarity function as follows:

S(v4,v2) = (Len(vl) + Len(v2) —2x LCS(vL, v2)) /(Len(Vd) + Len(v2)) (14)
where Sdenotes the similarity function, v1 and v2 are curves to be matched, Len returns the length of the curve, LCS
returns the length of the longest common subsequence of viandv2. Notethat 0< S(VLVv2) <1. If twocurves
areidentical, Sv1,v2) =0. Moresmaller the Sis, more similar arethe curves.  Given athreshold T, if Sissmaller
than T, we consider that the snake has been converged. However, chain code has the following problem.  In figure 4,
vector A and vector B isin different encoding region. Thusvector A and B is considered pointing in different
direction and are encoded into distinct direction bits. But if theanglein vector A and B issmall, they should be
considered pointing in the same direction. We made a little modification in the longest common subsequence
algorithm to solve thisproblem. Inthe origina longest common subsequence algorithm, a string bit represents
vector’sdirection. Now we let each string bit represents vector itsdlf, not only direction. The comparison of string
bitsis replaced by inner product of the vectors that to be compared.  If the value of the inner product islarger than a
given threshold value @ , we consider these two string bitsare identical.  After the modification, we provide areliable
stopping criterion.
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Figure 4.
3.5 User Interface

Snakes are eadily trap in local minimum or converged to wrong boundary dueto noise or ill initialization. When this
happens, we need user assist to help the snake get rid of bad configuration. The other situation that needs user assist is
topology maintenance. When an object splits or two objects merge, GVF snake can’t handle topology change. We
need user manually add or delete snakes if necessary.
So we provide the following user-interface in the segmentation process:

1. Add anew snakein the image

2. Delete an existing snake in theimage

3. Replace a segment of curve of an existing snake with anew one in order to get rid of local minimum.

4. Change «, [ (interna force coefficients), and e (reparameterization coefficient) of a certain snake during

snake deformation process.
4, EXPERIMENTAL RESULT

We implement the GV F Snake under windows environment on persona PC equipped with AMD K6-2 400MHz CPU
and 128Mb RAM. The confocal microscopic insect brain image datais 512x512 pixel, 256 in gray-level image, total
100 dices. Our god isto semi-automatically segment the mushroom body and the central body intheimage. Figure
5 indicatestheregion of interest.

Figure 5. Red arrow pointsto the central body and white arrow points to mushroom body

We use Canny edge filter to calculate edge maps, 1 =0.1, At=0.18 for adl GVF and l4s=1 for all snakes. Each GVF
iscomputed 512 iterations.  For an N x N pixel image, compute GVF for N iterationsisreasonable sinceit is sufficient
for an edge map to diffuse through the wholeimage. The average time complexity to calculate GVF for one diceis
about 210 seconds.

Wewill choose one dlice asthefirg dlice, and manudly draw initial contours on theimage. Theimagein figure5is
taken asthefirst diceto be segmented. Figure 6 shows seven initial contours given in theimage. Whilethefirst dice
has been segmented, we save the final contours. These contourswill be used astheinitial contours in the adjacent
dices.
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@ (b)
Figure 6.(a) Initial stateFigure, and (b) the results of (a)

Figure 7 show 8 dices of image segmented by using GVF snake and provided user interface assist. Some dices are
wel segmented. But for some image that is fuzzy in the region of interest, the result is not good due to noise and ill
preprocessing of image.

@ (b) (© (d)

(€ () ) (h)
Figure 7. Eight dices of image segmented by using GVF snake.
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5. DISCUSSION
Active contour model as well as GVF snake highly depends on the external force field. In GVF snake, external force
field is computed from edge map. If the original imageis not well preprocessed, we get an ill edge map and the GVF
snake may not well converge to the desired boundary.

Note that the central body in figure 8 and the mushroom body in figure 15 are not satisfactorily locates on the boundary
because the image itself is fuzzy on these regions.  Good preprocessing of image is necessary for better segmentation.
For the confocal microscopic insect brain image, further texture analysis seems to be a feasible way for preprocessing.

In summary, we reviewed the active contour model and discuss its main drawbacks and introduce gradient vector flow
snake that greatly reduces these drawbacks. A new converge criterion is aso proposed. By demonstrating some
examplesin synthetic and clinical images, we showed the power of GVF snake in handling boundary concavities, wide
capture range, and its insengitivity to initidization. Using GVF snake as the main segmentation method and assist
with user interface, we can properly segment the confocal microscopic insect brain image for most of the cases.  For
those images that are ill segmented, we need better preprocessing techniques for more satisfactory result.  For the
others, GVF snakeis an acceptable method for image segmentation.
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