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Abstract

In this paper we apply the 3D expansion of DP (dynamic programming) to find a
near optimal surface in a 3D matrix. This algorithm can detect boundaries in an image
sequence such as B-mode sonographic images and MRI sequences. We test and modify
this algorithm using real B-mode CCA (common carotid artery) dynamic sonographic
image sequences and FA (femoral artery) MRI sequences. The automated results are
compared with experts’ manual tracing results. The average error of intima detection is
around 0.5 pixel (two sequences, 164 total images) and the relative error rate for vessel
cross-sectional area computation in MRI is 2.8% +2.2% on 6 MRI sequences (300 total
images). The results demonstrate the better qualitative performance than the 2D DP.

1 Introduction

Many image edge detection methods have been proposed in the last two decades [5, 6]. Edge
detection methods allow broken or discontinuous edge lines. Boundary detections, however,
are somehow different, as some applications do not allow discontinuous boundaries. Many
types of methods can handle the vessel extraction problem. Several hundred papers are
surveyed in [3], which consider vessel extraction mainly in two-dimensional images. DP
is an optimization tool often used in boundary detection [4]. The motivation of this study
is raised from the observation that the femoral artery in the cross-sectional view in MRI
sequences without contrast injection is sometimes invisible. The artery is visible if the blood
flow velocity is large enough that it appears in contrast compared to the surrounding tissue. If
the blood flow velocity is small during a short time period, the artery has limited contrast and
is not visible. Under this extreme situation, the 2D DP fails to detect its boundary because it
is hard to obtain a feature, normally the gray-level gradient, to represent the boundary.

To solve this problem, we have found a literature proposed by [2], which is a 3D-
expansion of DP that can seek an optimal surface in a 3D matrix. The significance of this
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paper is two-fold: 1) we modify the cost function in the 3D-expansion of DP so that this al-
gorithm is able to find a closed contour and garantees the start and end points are connected;
2) we test this algorithm on the vessel boundary detection on real medical image sequences,
and its unsigned relative error is reported. The results show that the proposed method is
qualitatively better than the traditional 2D DP.

2 Methods

2.1 2D dynamic programming

DP is suitable for boundary detection in noisy images, including sonography [1, 4] and MRI
vessel segmentation without a contrast injection. However, the drawback of 2D DP is that
it does not consider the relatioship between 2 subsequent images. Therefore, if one or two
images in an image sequence were blurred, 2D DP fails to detect correct boundaries in these
blurred images.

2.2 3D expansion of dynamic programming for closed contour
detection

The real 3D DP needs tremendous computations. This is however not practical. The main
idea of 3D expansion of DP is to use some constraints to limit the computation time. At
the same time, the continuities in 3D are still considered. However, the original paper [2]
does not consider the connection between the start and end points if it processes the closed
contour. In this paper, we modify this drawback and add an extra term in the cost function to
fix this problem.

Let the 3D matrix R have size M x N x P, where M and N are the numbers of rows and
columns, and P denotes its depth. The volumetric matrix contains feature image sequences
of interest. Values in R are normalized, i.e., 0 < R(y,x,z) < 1 where y, x, and z are indices
of the corresponding dimensions. Assume that features are saved in the 3D matrix and the
goal is to find an optimal surface having the shortest path and lowest value summation from
one side on the z-axis to another side with some given constraints. The typical constraint
in DP controls the smoothness or continuity of the sought surface. Assume the searching
direction is from x = 1 to x = N and z = 1 to z = P. Two parameters control the smoothness:
dy > |yx — yx—1| controls the smoothness on the x —y plane N x M, and d» > |y, — y,—1|
controls the smoothness on the x — z plane N x P. The parameters allow the maximum
distance between two connected nodes. The y-coordinate (y(x,z)) denotes the height of the
optimal surface, which can be found via an optimization problem:

N P
y;z:argminZZ{R(yx,z)“SXSNa 1<z< P}, (D

P x=1z=1

subject to some constraints dj > |y, —yx—1| and da > |y, —y,—1];
This optimization problem minimizes the iterative cost functions as such:

. . . Yy +i—yol
Ci(yx,2) = Ci(y+ix—1,
10mz) = min (C+ix—1z)+fili+ 5=

for 1 <x <N, 1 <z<P. The term with a weighting factor yis added to modify the algorithm
so that it garantees the connection between the start and end point if this algorithm processes

) +R(y,x,2), 2
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the closed contour. The weighting factor 7y can be set to 1 for closed contour detection and
Y = 0 for other cases. After C| is fully constructed, C; is constructed afterward as follows:

Cz(y,X,Z): . min (CZ(y—l_i?x'/Z_1>+B2|i|>+cl(y7xaz)a (3)
i€(—dy,dp)
for1 <z<P 1<x<N;
where C; and C, are accumulation matrices of size M x N x P. The initializations of C; and
C, are thus:

Ci(x,1,z) =R(x,1,2) for1 <z< P
Cy(*,x,1) = Cy(*,x,1) for 1 <x<N.

Notably, the accumulation matrices C; and C, are accumulated on y-x plane and y-z
plane, respectively. The matrix C; must be done before C; starts to be computed. We found
that [2] does not explain how to preserve the continuity in the y-x plane. In order to preserve
the constraint d; > |yy — y,—1|, we make a modification: another 3D matrix C3 is built. The
matrix C3 is built backwards from the last y-x plane (z = P) to the first y-x plane (z = 1) and
the near optimal surface is obtained line-by-line sequentially. The iterative cost function C3
is defined as follows:

. . ) i
C3(v,x,2) = min (C3(y+l,x—1,z)+ﬂ1\l|+u

C 4
je(—d.d) N—x+1 ) +C2(y,x,2), @)

subjected to z = P,P—1,---,1. The optimal index i* can be determined by the following
equation:

. : : . i
po=arg  min (Cs(y+l,X—1,z)+[31\z|+U)_

5
le(*dl,dl) N—X+1 ( )

Similarly, the optimal index is stored in a 3D matrix: Y (y,x,z) = y+i*, which is a pointer
indicating the node on its previous column in the y-x plane.

After the process in Eq.(4 and 5) is fully done, the line is obtained via the following
process. The last line (z=P) is obtained first:

Y (x,2) = y,,if = P;

where ¥, = {y1,y2,--,yn };—p is the line on the z-th y-x plane obtained by the backwards
tracing on Y (y, x,z), subject to §, = argmin, Y'¥_, C>(y,x,z). In fact, the line y,—p is obtained
by searching the position where the C3(y*, N, P) has the minimal value among the last (N-th)
column of C3 and then backwards tracing using the 3D matrix Y (y,x,z) from the start point
(", N, P).

To retrieve the rest lines (z < P), the line is obtained by:

Y(x,2) = y.,if 1 <z < P;

where ¥, = {y1,y2, -+ ,yn }1<z<p is the line on the z-th y-x plane obtained by the back-
wards tracing on Y (y,x,z), subject to y, = argminycq YN, Ca(y,x,7), where Q defines the
condition to satisfy: max |§, — 1| < d. Via this structure, the near optimal surface can be
obtained efficiently and the resultant y-coordinate are stored in a 2D matrix ¥ (x,z).
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Figure 1: The intima detection of near (upper line) and far walls of CCA in B-mode sono-
graphic image sequences (S1). (Parameter setting: f; = 0.1, B, =0.05,y=0, d; = 1, and
d, =5).

2.3 System error measurement

To estimate the error of the proposed system, two error measurements are defined as follows.
They are applied for (1) CCA intima detection on B-mode sonographic image sequences
(Eq.(6)) and (2) cross-sectional area of FA in MRI sequences (Eq.(7)).

Assume that the intima coordinates made by the proposed method are stored in a 2D
matrix ¥ (x,z), 1 <x <N and 1 <z<P. The manual drawing performed by experts are
denoted by Y(x,z), therefore, the error of the z-th line is defined by:

1Y -
£Z:NZ|Y<)C’Z)_Y(-X7Z)| (6)
x=1

Assume that the cross-sectional area of the FA measured by the proposed method on the
z-th image is denoted by A;, and the manual measurement by experts is represented by A;.
Then the relative error rate (total N images) is defined by:

1 YR -
e= 5 & Mo ™)

3 Results

Two B-mode sonographic sequences are used to test. The resultant detected intima lines are
shown in Fig. 1. This sequence has a larger IMT (intima-media thickness). Normally the
age is a factor to influence the IMT. When IMT is increased the risk getting stroke is also
increased. IMT is a clinical index in cardiovascular diseases.

Figure 2 shows a patient having a plaque in CCA. This result demonstrates the ability of
the proposed system to detect intima having a plaque. The stenosis resulted from a plaque is
a high risk, which causes the blood flow in a unstable way and causes turbulence.

In order to compare the manual tracing and the automated detection results, the Bland-
Altman plot is modified.

The average errors (in pixel) are given in Table 1. They are around 0.5 pixel. The
proposed method performs very well in detecting the intima in B-mode sonography.

We furthermore apply the method to detect the FA in MRI sequences. Due to page
limitation, we have to ignore the description of MRI protocal. Table 2 shows the vessel
boundary detection results of six MRI sequences. The average error rate is 2.8% =+ 2.2%.
All error rates are under 5%, which is acceptable for clinic measurements.
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(b)

Figure 2: The intima detection of near (upper line) and far walls of CCA in B-mode sono-
graphic image sequences (S2). (Parameter setting: f; = 0.1, B, =0.05, y=0, d; =1, and
dr =5).

Table 1: The average errors in pixel.

Sequence name Wall Average error (pixel):Eq.(6) Quantity of image
S1 Near wall 0.63 86

Far wall  0.54
S2 Near wall 0.41 78

Far wall 0.54

Table 2: The average error rate in percentage.
Sequence No. Mean(%) SD(%)

S1 24 1.8
S2 3.2 2.1
S3 1.4 1.3
S4 3.2 2.7
S5 3.6 2.6
S6 3.1 24
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4 Discussions

The parameter for d; is normally set to 1, which implies that the boundary is smooth and no
jump in an image. However, d> can be larger than d, since it allows the boundary to jump
from image to image. This will happen if the artery wall moves fast especially in the dynamic
B-mode sonography of CCA. However, the user does not know how much the artery wall
moves, therefore, it is crucial to determine d,. If d; is set too large, it might increase the
computation time and more seriously is to affect the result since it might detect the wrong
wall by jumping into the neighboring wall.

Our future goal is to improve this algorithm to be able to detect dual surfaces in a 3D
matrix, so that the dual lines can be detected simultaneously in processing an image se-
quence, such as the application on the intima and adventitia detection on CCA in B-mode
sonography.

5 Conclusion

We provide a modificayion on 3D DP, which garantees the connection of a closed contour.
This was not noticed by the original author. Our modification performs qualitatively bet-
ter than the previously published method on detection of closed contour such as the cross-
sectional view of vessels either in MRI or sonography. Based on the experiments to detect the
vessel boundaries in real medical images (B-mode sonography and MRI), we conclude that
the propose method is able to replace the experts’ manual work in vessel boundary detection.
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