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Abstract

3D Active Net, which is a 3D extension of Snakes, is an energy-minimizing surface

model which can extract a volume of interest from 3D volume data. It is deformable and

evolves in 3D space to be attracted to salient features, according to its internal and image

energy. The net can be �tted to the contour of a target object by the de�nition of the

image energy suitable for the contour property. It is an alternative way to the extraction

of a desired 3D object by manual segmentation or by using a slice by slice approach.

We present testing results of the extraction of a muscle from the Visible Human Data

by two methods: manual segmentation and the application of 3D Active Net. We apply

principal component analysis, which utilizes the color information of the 3D volume data

to emphasize an ill-de�ned contour of the muscle, and then apply 3D Active Net. We

recognize that the extracted object has a smooth and natural contour in contrast with a

comparable manual segmentation, proving an advantage of our approach.
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1 Introduction

A tissue or organ of the human body can be shown in three dimension (3D), using sequences of
two dimensional (2D) slices obtained by medical diagnostic equipment such as Computed Tomog-
raphy(CT) and Magnetic Resonance Imagery(MRI). This technique makes it possible to simulate a
complicated surgical procedure, educate medical students, and visualize the condition of a patient.
As the data of CT or MRI forms volumetric data from a sequence of cross-sections, it is necessary for
the e�ectiveness of the simulated medical procedure to create a 3D model for each object using the
volumetric data, thus allowing it to be manipulated [Chen92, Clyne96, Koch96, Keeve96, Nielsen96].

Many researchers have extracted 3D models for surgical simulation manually, using image pro-

cessing software [Quackenbush96]. This requires medical knowledge and experience, and it too time
consuming. Also, most of these simulations are imprecise due to the use of simpli�ed surface data.
To make them more accurate, a detailed model and automatic segmentation are required. Objects
- like bone, skin, respiratory organs, or the colon [Hong96] - are relatively easy to classify through
di�erences of intensity from the volumetric data, since they are in contact with air or because of
their prominent intensity. Marching Cubes [Lorensen87] and region growing [Lorensen95] are e�ec-
tive techniques for extracting such kinds of areas, but they fail when applied to muscles or other
soft tissues whose contours are ill-de�ned in their neighborhoods.

Snakes [Kass88] has been developed as an extraction method of an ill-de�ned contour in a 2D

image. Snakes is an energy-minimizing spline guided by external constraint forces and inuenced
by image forces that pull it toward features such as lines and edges. Sakaue et al. proposed Active

Net [Sakaue91, Sakaue96], the 2D extension of Snakes by using two parameters. Active Net is a
surface model that conforms directly to wrap a speci�c texture according to its internal energy and
image force calculations, and then extracts the region itself. This makes it possible to segment a
variety of target objects from 2D images. In this paper we extend Active Net into 3D and present
our technique called 3D Active Net as a volume extraction method in 3D space. We employ this
technique to extract muscles from Visible Human Data [VHD97] for physically-based simulations

of human body movement [Chen92] and surgical simulations.
In Section 2, we de�ne 3D Active Net. Section 3 addresses the implementation and speedup

method. In Section 4, we present pre-processing methods of the Visible Human Data and show the
experimental results of 3D Active Net.

2 3D Active Net

In this paper, we extend Snakes [Kass88] from a one dimensional (1D) contour model to a 3D
surface model to extract a closed volume from 3D volume data. The 2D extension of Snakes has
been proposed by Sakaue et al. [Sakaue91, Sakaue96] as the Active Net . Snakes can be considered
a contour model which is controlled by a single parameter, while Active Net can be considered as

a surface model de�ned by using two parameters. However, in Sakaue et al. [Sakaue91], from 2D
images, Active Net was used to extract 2D closed areas, having salient texture features. Cohen
et al. independently proposed the 2D extension of Snakes, Balloons, and applied it to extract a
portion of facial skin surface from MRI volume data under some restrictions of boundary conditions
[Cohen93]. They used the Finite Element Method (FEM) to reduce the number of nodes of the
Balloon model to improve the computation time. In this paper, we do not use any node reduction
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for speedup; instead, we simply extend Snakes into 3D with a method similar to Active Net. To
extract a closed volume from volume data, we deform the topology of an active net from a 2D

open surface to a 3D closed surface, i.e., 3D Active Net. With this closed topology, we do not need
to worry about the boundary conditions used in Balloons, and we can apply this technique to a
variety of segmentation processes. Further, we can reduce the computation time by using parallel
processors without using any node reduction.

By using 2D parameters, p and q, a point on the active net is de�ned in 3D space as follows:

v(p; q) = (x(p; q); y(p; q); z(p; q)); 0 � p � 1; 0 � q � 1: (1)

Three kinds of energy functions, Eint, Eimage, and Econ, can be de�ned for the net. Eint represents
the internal energy; reducing Eint shrinks and smoothes the net. The image energy, Eimage, gives
rise to the image forces which move the net to salient features in volume data. Econ generates the
external constraint force applied by the user, if necessary. Therefore, the total energy of the net is
de�ned by integrating the linear combination of these energy functions over two parameters p and
q as

Enet =

Z 1

0

Z 1

0
fEint(v(p; q)) + Eimage(v(p; q)) + Econ(v(p; q))gdpdq: (2)

Since the purpose of this paper is to present basic research on the region extraction by using 3D

Active Net, we will not consider Econ, which needs complicated interactive user interfaces. So let
us proceed to de�ne Eint as :
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The �rst term of the right hand side of Equation 3 is called the membrane spline, which results
in the force to shrink the net. The second term is called the thin plate spline, which in turn gives
rise to the force smoothening the net shape. The � and � of Equation 3 are parameters to control
the strength of these two forces. Next, we de�ne Eimage. With a proper de�nition of Eimage, image
features such as lines or edges can be extracted. The simplest example of Eimage is as follows.

Eimage = �wI(x; y; z) (9)

I(x; y; z) is an intensity of a volume data at a point (x; y; z) while Eimage supplies the force for
drawing the net to the area whose intensity level is locally highest if w > 0. The parameter w
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Figure 1: Node points of 3D Active Net.

controls the strength of the force. To extract a closed region from the volume data by using 3D
Active Net, we need to locate 3D edges belonging to the region boundary; the image energy is
rewritten as:

Eimage = �wjrI(x; y; z)j (10)

where rI(x; y; z) means the gradient of the volume data at a point (x; y; z). However, the force

generated by Equation 10 acts only around the edges in the volume data. This means that a
portion of the 3D active net far from the edges can not be inuenced by this force. Therefore, we
use Gaussian �lter to spatially smooth the edges. The �nal form of Eimage is written as:

Eimage = �wG� � jrI(x; y; z)j (11)

where G� is a 3D Gaussian of standard deviation �.

3 Implementation

As a practical computation, the 3D active net is approximated by an (n+ 1)�m mesh,

v(p; q) = v(ik; jl) = (xi;j; yi;j; zi;j); 0 � i � n; 0 � j � m� 1; (12)

where k = 1

n
and l = 1

m�1
. The arrangement of nodes is shown in Figure 1(a). Each node of the

mesh has 4-neighbors, i.e., (p; q) is connected with v(p; q� l), v(p�k; q), v(p+k; q), and v(p; q+ l).
Since our purpose is to extract closed regions from volume data, we deform the square mesh and
create an ellipsoidal surface net. First, each row of the net is circularly closed as shown in Figure
1(b) by using the boundary conditions:

v(1; q) = v(0; q):
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Then, a pair of columns (p and �p), which are opposite to each other, are connected as shown in
Figure 1(c) by using the boundary conditions:

v(p;�l) = v(�p; l);

v(p; 1 + l) = v(�p; 1� l);

where

�p =

(
p + nk=2 if (p+ nk=2) � 1
p � nk=2 otherwise

This requires n to be an even number. At the initial state, each node is arranged on an elliptical
surface whose direction and size are determined by the user. Figure 2(a) is an example of the initial
state of the 3D active net (n = m = 80). To show the connections of nodes, the area surrounded by
four nodes is alternately colored. This closed topology di�erentiates 3D Active Net from Balloons
[Cohen93].

We implement an iteration method to conform the net while minimizing Equation 2. Three
independent Euler-Lagrange di�erential equations are obtained as the necessary condition for the
minimization of Equation 2:

��(xpp + xqq) + �(xpppp + 2xppqq + xqqqq) + @Eimage=@x = 0 (13)

��(ypp + yqq) + �(ypppp + 2yppqq + yqqqq) + @Eimage=@y = 0 (14)

��(zpp + zqq) + �(zpppp + 2zppqq + zqqqq) + @Eimage=@z = 0 (15)

We discretize the partial derivatives of x component with the �nite di�erences as follows:

xpp = @2x=@p2

� (xi�1;j � 2xi;j + xi+1;j)=k
2

xqq = @2x=@q2

� (xi;j�1 � 2xi;j + xi;j+1)=l
2

xpppp = @4x=@p4

� (xi�2;j � 4xi�1;j + 6xi;j � 4xi+1;j + xi+2;j)=k
4

xppqq = @4x=@p2@q2

� (xi�1;j�1 � 2xi;j�1 + xi+1;j�1 � 2xi�1;j

+4xi;j � 2xi+1;j + xi�1;j+1 � 2xi;j+1

+xi+1;j+1)=(k
2l2)

xqqqq = @4x=@q4

� (xi;j�2 � 4xi;j�1 + 6xi;j � 4xi;j+1 + xi;j+2)=l
4

For y and z components, similar discretizations are also used. Substituting these discretizations
into Equations 13, 14 and 15 results in 3�n�m equations. One example of such an equation (for
xi;j) is as follows:

��f(xi�1;j � 2xi;j + xi+1;j)=k
2 + (xi;j�1 � 2xi;j + xi;j+1)=l

2
g (16)

+�f(xi�2;j � 4xi�1;j + 6xi;j � 4xi+1;j + xi+2;j)=k
4

+(xi�1;j�1 � 2xi;j�1 + xi+1;j�1 � 2xi�1;j
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+4xi;j � 2xi+1;j + xi�1;j+1 � 2xi;j+1

+xi+1;j+1)=(k
2l2)

+(xi;j�2 � 4xi;j�1 + 6xi;j � 4xi;j+1 + xi;j+2)=l
4
g

= �
@Eimage

@x
(xi;j; yi;j; zi;j):

In these equations, the gradient of the Eimage at (xi;j; yi;j; zi;j) is included. However, each node of
the 3D active net moves freely inside the volume data - its location does not always occur on the
discrete grid points. To get the gradient value of the image energy, we use trilinear interpolation.
The equations, like Equation 16, comprise huge simultaneous equations, and are written in matrix
form as:

Ax = b (17)

Matrix A is divided into the sum of the diagonal matrix D; the left lower triangle matrix E and
right upper matrix F appear as:

A = D+E+ F (18)

The iterative method to solve the simultaneous equation 17 can be expressed as follows:

�(k+1) = D�1(b� (E+ F)x(k)) (19)

x(k+1) = x(k) + (�(k+1) � x(k)) (20)

These equations indicate the iteration to acquire the approximate solution of x at the (k + 1)th
step, x(k+1), from the (k)th approximate solution, x(k). We set x(0) as the x components of the
position of the nodes for the initial net, and obtain x(1) by substituting it into Equations 19 and 20.
We then iterate these steps and converge x(k) to the solution. This operation can be performed for
each node, xi;j, in parallel. The  in Equation 20 is a parameter to control the convergence speed.
If Equation 17 is a linear system, this parameter corresponds to the overrelaxation parameter of the

successive overrelaxation method (SOR) [Num92]. However, it is not linear since b includes the �rst
derivative of Eimage at (xi;j; yi;j; zi;j) as in Equation 16, and is not always guaranteed to converge to
a solution. Accordingly, we use  as a control parameter to slow down the convergence by keeping
the value less than one. The user also needs to set the values of the parameters �, � and w. Further,
the initial geometry of the net must be determined by assigning the number of nodes, the center
position, size, and direction of the ellipsoid, according to the salient features of the area of interest.
Because 3D Active Net is a local energy-minimizing model, like Snakes, it searches a local rather
than global minima at a distance from it. It is apt to converge to a local minima placed nearby,

even if there is the global minima far from it. Therefore, the proper de�nition of parameters and
the initial shape of the net are critical for the smooth convergence to the target area.

We tested this technique by using a binary volume of a human head (1283 voxels) which was
generated from a range image of Cyberware laser range scanner. Figures 2(a), 2(b) and 2(c) show
the convergence from the initial net to the surface of the head. To obtain the image energy of
Equation 11, we used 3D Sobel edge operator and Gaussian �lter of � = 2. The other parameters
we used were, n = m = 80, � = � = 0:3,  = 0:5 and w = 5. (w is included in the image energy.
See Equation 11.)
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(a) (b) (c)
Figure 2: Deformation of a 3D active net to extract a human head.

(a) (b)
Figure 3: (a) Cross-section of the arm from the Visible Human Data. (b) Anatomical atlas image of the arm [Anat59].

(a) (b) (c) (d) (e) (f)
Figure 4: Application of principal component analysis: (a) Original image. (b) Area including muscles separated

from (a) by the �rst principal component. (c) Area including muscles separated from (b) by the second principal

component. (d) The �rst principal component of (c). (e) The second principal component of (c). (f) The third

principal component of (c).
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4 Experiments and Results

4.1 Manual segmentation using color data

In the previous section, we showed that 3D Active Net can e�ectively extract a closed region from
a binary volume data whose contour is clear. However, the goal of our research is to extract from
the Visible Human Data (VHD) soft tissue objects, such as muscles, whose contours are not easily
distinguished. First, we explain the di�culty of this problem.

The Visible Human Project was started by the National Library of Medicine (NLM) in 1989. It
created a digital atlas of the human anatomy. It contains data sets of frozen CT data, fresh CT

data, MRI data, and axial anatomical atlas images for a male and a female [VHD97]. Extracting
edges of bones or skins from these data is relatively easy because there are distinct intensity changes
around these tissues; however the ill-de�ned contours between muscles are very di�cult to extricate
because they share borders with other muscles similar in color. Accordingly, we use axial anatomical
atlas images of the Visible Male data. Since this data has three channels, Red, Green, and Blue of
the original color of the body, it is easier to detect the contour between the muscles as compared
to images of CT or MRI. We show in Figure 3(a) an example of the data, which is a part of a slice
around the elbow. We can see that the contours between the muscles of this image are much less

clear in comparison to the anatomical atlas image of the human's arm shown in Figure 3(b).
Previously, the areas of interest were manually extracted in 2D space along the contour of a

muscle from this kind of data, using image processing software [Quackenbush96]. However, it is
di�cult to smoothly connect a set of contour points in a sequence of 2D slices, since we can not
con�rm the continuity between slices when the extraction is done in 2D space and holes or branches
are consequently generated. Several algorithms, which can combine the regions extracted from 2D
slices, have been developed to create a 3D model for parts of the human body [Christiansen78,
Fuchs77, Keppel75]. Yet, there are problems when discrepancies occur between the slices.

To demonstrate how inaccurate the manual segmentation is, and also to later estimate the

segmentation ability of our novel method, we manually extracted a muscle using image processing
software. In the next subsection, we will appraise the result of our 3D Active Net method by
comparing it to the shape of this manually extracted muscle. At �rst, we tried to extract a large
and long muscles, e.g., biceps and triceps [Anat59], from the data. However, it was very di�cult
to detect their contours. Instead, we chose the anconeus which is a small and short muscle outside
of the elbow joint [Anat59] (see Figure 3). We manually extracted 2D regions of the anconeus
from 76 slice images by using an image processing software (Adobe Photo Shop 3.0). Even though
this muscle was easier to segment than the other muscles, the extracted volumetric data had many
discrepancies between slices. In order to smooth it, we were compelled to modify the regions of a

number of slices to be extracted in 2D, and visualize them in 3D repeatedly. However, there was a
limitation to the smoothness that could be manually achieved. We show the resulting 3D volumetric
data in Figure 8(a). It was rendered using VolVis [VolVis94] employing 3D texture mapping with
the body's original color. The result is similar to the shape of the anconeus, but the contour is not
smooth.
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Figure 5: A slice of image energy for 3D Active Net.

4.2 Applying Active Net for the Visible Human Data

Next, we applied 3D Active Net to extract the anconeus from the Visible Human Data. Although 3D
Active Net made it possible to extract a smooth region from a volumetric data, it was still di�cult

to extract a particular muscle, since it was impossible to distinguish the edges of the muscle from
the surroundings, i.e., other muscles or fat, using Equation 11. Therefore, we applied principal
component analysis (PCA) [PCA86] both to extract muscle area and to make intermuscular septa
distinguishable.

PCA is a methodology renowned for locating a set of ordered orthogonal basis vectors that
express the directions of progressively smaller variance in a given data set [Morrison76]. The
dimensionality of correlated data sets can be reduced in this manner while retaining variation in
the data described by the �rst principal vectors. We have used PCA and have acquired the principal

components which best express the di�erentiation of colors in the color space of the Visible Human
Data. Using PCA makes it easier to classify each tissue with simple thresholding operations.

A 3D volume data of 140�210�76 voxels including the anconeus was generated. Figure 4(a)
is the 40th slice of the volume data which consists of 76 slices. Then, three principle component
volumes were obtained by applying PCA to this volume data. First, we extracted a reddish area
by using thresholding operations for the �rst and second principle components as shown in Figures
4(b) and 4(c). Next, we applied PCA again to the extracted reddish area and found a principle
component vector which best emphasized the intermuscular septa. We show the classi�ed images
using each principal component: see Figures 4(d), 4(e) and 4(f), which show the obtained slice

image of the volume data that are the �rst, second and third principal components of the reddish
area shown in Figure 4(c). As can be seen, the third principal component gives the most distinct
muscle contour. Subsequently, we used the third principal component volume, which includes the
slice, such as in Figure 4(f), as input to 3D Active Net. Figure 5 shows the image energy of a slice
of the volume data obtained by applying the gradient calculation and the Gaussian �ltering as in
Equation 11.

An ellipsoidal net was arranged to cover the anconeus by adjusting the position, the size and
the direction of the ellipsoid. It was �tted to the contour of the anconeus by minimizing the energy
of Equation 2. Figure 6 shows the initial and �nal shape of the net when it �ts to the contour

of the anconeus. The parameters we used were, � = 0:75, n = m = 80, � = � = 1:0,  = 0:5 and
w = 2. The computation times for 5000 iterations on SGI Power Challenge GR (R10000 195MHz
� 16cpu) were 313.9s with a single processor and 53.7s with 16 processors.

9



(a) (b)
Figure 6: Deformation of a 3D active net to extract the anconeus: (a) Initial net. (b) Final net.

Figure 7: Extracted anconeus slice, using 3D Active Net.

(a) (b)
Figure 8: Rendered image of the anconeus volume data: (a) Manual segmentation. (b) 3D Active Net extraction.
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Note that 3D Active Net is only a surface model. Therefore, to get the volumetric data, we have
to convert the surface model to a volumetric representation. By scan conversion, we can get the

volumetric data for the extracted model of 3D Active Net. A slice of the converted data is shown in
Figure 7. We also show the volume rendering of the muscle in Figure 8(b). Compared with Figure
8(a), one can recognize the smoothness of the boundary, showing the advantage of our approach.

5 Conclusions

We extended 2D Active Net technique into 3D space and developed a technique called 3D Active
Net. We applied this technique to extract a muscle from the Visible Human Data; yet, the contours
between the muscles were ill-de�ned making it very di�cult to distinguish between them. Therefore,
we used principal component analysis as a pre-processing method and succeeded in emphasizing
those edges, and then applied 3D Active Net. The muscle we extricated with 3D Active Net matched

well with the manual segmented muscle in its shape, having a smoother and more natural surface.
Using our technique, we extracted the target object in less than 1 minute, in comparison to an
arduous and time consuming manual segmentation. The process was expedited by parallelizing the
algorithm on a parallel machine.

Despite our progress, we anticipate meeting the following challenges. The convergence result of
the net is dependent on the initial position and the values of many parameters. For example, we
can use Econ in Equation 2, which supplies the external constraint force applied by the user with an
interactive user interface. It would be very helpful if the user could both control the initial position
or parameters of the net, using interactive interface, and experiment through trial and error. We

are currently developing such an interface.
There are several other directions for future work. We foresee extending the image energy for

the extraction of other organs, attempting more exible segmentations. Although we have used
the image energy which conforms the net to the edges, the image energy which �ts to a variety of
features or a texture could be considered. Since the conditions for �tting a target can be changed
between nodes, we can make a speci�c position of the net to conform to a speci�c image feature.
It is expected to be more adaptable for various segmentations. In addition, if two identical 3D
active nets (values of n, m of the two nets are the same) were �tted to two di�erent objects, we
could perform 3D morphing [He94] easily, since the correspondence of nodes between two nets have

been established already. Additionally, we intend to investigate a precise surgical simulation, using
volumetric data of extracted muscles and other organs.
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