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ABSTRACT

Knowledge about the location of the diaphragm dome surface, which separates the lungs and the heart from
the abdominal cavity, is of vital importance for applications like automated segmentation of adjacent organs
(e.g., liver) or functional analysis of the respiratory cycle. We present a new 3D Active Appearance Model
(AAM) approach to segmentation of the top layer of the diaphragm dome. The 3D AAM consists of three
parts: a 2D closed curve (reference curve), an elevation image and texture layers. The �rst two parts combined
represent 3D shape information and the third part image intensity of the diaphragm dome and the surrounding
layers. Di�erences in height between dome voxels and a reference plane are stored in the elevation image.
The reference curve is generated by a parallel projection of the diaphragm dome outline in the axial direction.
Landmark point placement is only done on the (2D) reference curve, which can be seen as the bounding curve
of the elevation image. Matching is based on a gradient-descent optimization process and uses image intensity
appearance around the actual dome shape. Results achieved in 60 computer generated phantom data sets show
a high degree of accuracy (positioning error �0:07� 1:29 mm). Validation using real CT data sets yielded a
positioning error of �0:16� 2:95 mm. Additional training and testing on in-vivo CT image data is ongoing.
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1. INTRODUCTION

Computer-aided and highly automated segmentation algorithms are needed to fully utilize the structural and
functional analysis possibilities of modern three-dimensional (3D) image modalities like X-ray computed tomog-
raphy (CT) or magnetic resonance imaging (MRI). This is especially true for large anatomical structures which
would require a considerable amount of time if segmented manually. Segmentation of the diaphragm dome
surface� (Fig. 1) is such an application where a highly automated segmentation is of bene�t for applications
like diaphragm motion analysis/modeling, mechanical analysis, functional analysis of the respiratory cycle and
planning of lung volume reduction surgery.

Another not so obvious application is to support automated segmentation of neighboring organs like the
liver, where leakage into the heart region is one of the main problems.1 Obstacles like this have been mainly
solved by the development of semiautomatic approaches for liver segmentation.2, 3 A solution for separating
heart and liver has been presented in.4 Points from a lung segmentation which are adjacent to the diaphragm
are used to interpolate the gap in the region of the heart-liver transition. The method is prone to error and
additional interactively-de�ned points may be needed for the interpolation.4 Another shortcoming of this
approach is that no gray value based evidence is used to support the segmentation process.
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�We distinguish between two parts of the diaphragm: the dome and the area of apposition to the rib cage and
abdominal side walls.
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Figure 1. Coronal (a) and sagittal (b) views of the diaphragm dome surface marked with white color. The arrows are
pointing towards the location of the dome surface.

Active Appearance Models (AAMs) have been successfully used for di�erent medical applications.5{8 We
propose a new three-dimensional (3D) Active Appearance Model (AAM) approach for segmenting the upper
top layer of the diaphragm dome. In this way a priori knowledge of the diaphragm dome shape and appearance
are used in combination with gray value based evidence found in the application data set, avoiding the problems
discovered in.4 By using a two component representation of the 3D dome surfaces, the process of generating
learning samples for the model building step is simpli�ed. Our approach mainly aims to facilitate automated
liver segmentation, but is also suitable for other applications mentioned above.

2. ACTIVE APPEARANCE MODEL BASED 3D SURFACE SEGMENTATION

Robust segmentation of medical images can be challenging due to low contrast, partial volume e�ect or noise.
Active Appearance Models (AAMs), a top-down segmentation approach developed by Cootes and Taylor,9, 10

are capable to solve this problems by utilizing a priori knowledge of anatomy. Using a statistical model, the AAM
describes appearance and shape of an object class previously learned from a set of samples. Image segmentation
is achieved by minimizing the di�erence between the model and an image considering statistically plausible
shape and intensity variations. The diaphragm dome surface typically shows a consistent shape pattern and is
therefore well suited for an AAM based segmentation approach. We have extended the 2D AAM to segment
3D surfaces which can be represented by an elevation image.

2.1. Extension to 3D

One of the main problems in building 3D AAMs is the representation of 3D shapes, due to the need of �nding key
landmark points on the 3D dome surface. A manual landmark point placement in 3D is time consuming, error
prone, and also presents visualization challenges. Our approach transforms the 3D landmark point placement
problem to a 2D problem and therefore substantially reduces the amount of necessary user interaction .

2.2. 3D shape representation

The 3D diaphragm shape representation can be divided in two parts: a 2D closed curve (reference curve) and
an elevation image in which elevation is coded using gray values. Both parts refer to an axial image plane,
which will be denoted as reference plane. The reference plane is placed in each sample data set on the top of
the diaphragm dome. The reference curve represents the outline of the axial projection of the diaphragm dome
(Fig. 2). Di�erences in height between dome voxels and the reference plane are stored in the elevation image.
Combined, the chosen 3D shape representation can be viewed as a 2D AAM in which the gray levels represent
shape. Landmark points are only needed for the 2D reference curve.
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Figure 2: Axial projection of the 3D diaphragm dome surface. The reference curve is shown in white.

Using the landmark points of each data set, a statistical model of reference curve shape variations can be
generated by means of a Principal Component Analysis (PCA). The linear model

x = �x+Pxbx (1)

can be used to approximate examples of the learned class of reference curves, where �x denotes the mean
reference curve, Px the reference curve eigenvector matrix and bx the reference curve parameters. By warping
the elevation images to the mean reference curve shape and sampling them into elevation vectors, a linear model
can be build

h = �h+Phbh ; (2)

where �h is the mean elevation vector, Ph the elevation eigenvector matrix and bh the elevation parameters.
Thus, the diaphragm dome shape can be represented by the parameter vectors bx and bh. The two parts of
the shape model are linked together via the warping function.

2.3. 3D appearance representation

To describe the 3D appearance, gray values are collected from layers parallel to the diaphragm dome voxel
surface. Each texture layer is represented by an image. All layers are then warped to the average reference
curve. The warped layers are expressed as an intensity vector g by concatenating the intensity vectors from
each layer. Then, an intensity-normalization to the average intensity of 0 and a variance of 1 is carried out.
Applying PCA to the normalized data, a linear model

g = �g+Pgbg (3)

can be obtained for the intensity vector g, where �g denotes the mean intensity, Pg the intensity eigenvector
matrix and bg the intensity parameters.

It is important to provide additional appearance information of the surrounding non-diaphragm voxels
to assist the matching process. This can be done by generating a fringe around the diaphragm dome using
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additional landmark points. For the extension of the elevation image in the fringe area, an extrapolation or a
nearest neighbor approach can be used.

2.4. Building a 3D AAM

To build a 3D Model, the two shape coeÆcient vectors (bx, bh) and the gray-level intensity coeÆcient vector
(bg) are concatenated in the following manner

b =

2
4 Wxbx
Whbh
bg

3
5 =

2
4 WxP

T
x (x� x)

WhP
T
h (h� h)

PT
g (g � g)

3
5 ; (4)

where Wx and Wh are diagonal matrices relating to di�erent units of shape, elevation information and
intensity. A PCA is applied to the sample set of all b vectors, yielding the model

b = Pcc ; (5)

where Pc is a matrix consisting of eigenvectors and c are the resulting appearance model coeÆcients. Applying
this procedure to a set of 3D training objects results in an `average object' and its characteristic variations in
3D shape and surrounding intensity layers. The three basic components of the 3D AAM can be expressed as
functions of model coeÆcients c:

x = x+PxW
�1
x Pcxc ; (6)

h = h+PhW
�1
h Pchc ; (7)

g = g+PgPcgc ; (8)

and

Pc =

2
4 Pcx

Pch

Pcg

3
5 : (9)

Given a model coeÆcient vector c and a reference plane position, a corresponding diaphragm dome shape
and surrounding gray value layers in the volume data frame can be generated as follows:

1. Generate a new reference curve shape x and elevation vector h by using Equations (6) and (7), respectively.

2. Transform the reference curve shape x to the x; y-coordinate system of the volume data set by applying
the similarity transformation

x̂ = At(x) =

�
1 + a �b
b 1 + a

�
x+

�
tx
ty

�
(10)

using the pose parameter vector t = (a; b; tx; ty)
T where a = s cos � � 1 and b = s sin �.

3. Calculate a new diaphragm dome shape by converting h to an image, multiply it by the height scaling
factor �, which corresponds to the maximal di�erence in height between the diaphragm dome shape and
reference plane, and warp it according to x̂.

4. Generate a new intensity vector g by using Equation (8), transform the intensity values (texture) to the
volume frame by gv = Bu(g) = (1 + u1)g + u2i

y using the intensity parameter vector u = (u1; u2)
T and

split it up into layer intensity vectors.

5. Convert the layer intensity vectors to images, warp them according to x̂ and translate the gray values in
elevation according to the elevation image and relative layer position.

yi denotes the unit vector.
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2.5. Matching the 3D AAM to volumetric images

The AAM of the diaphragm dome can be used for segmentation by minimizing the di�erence between the 3D
model appearance and a target volume data set by using a gradient descent minimization. The actual dome
shape in the volume frame is de�ned by the model parameters c, pose parameters t and the height scaling
factor �. The surrounding gray value layers are sampled into images, converted to an intensity vector and
transformed by B�1

u
into an intensity vector gtarget in the model frame. The actual gray value appearance

of the model gmodel can be calculated from c by using Equation (8). During the matching process the error
jÆgj2 = jgtarget � gmodelj

2 is minimized by varying the parameter vector pT = (cT jtT juT) consisting of model
parameters c, pose parameters t and global intensity parameters u.

For an e�ective update of the parameter vector p, the linear relations Æc = RcÆg, Æt = RtÆg and Æu = RuÆg,
predicting the necessary change of parameter values given an observed gray value di�erence vector Æg, have to
be found in a training process before the matching process is started. This can be done by a method based
on a �rst order Taylor expansion as described by Cootes in.10, 11 For matching, the reference plane is placed
at the top of the diaphragm dome, the 3D AAM is roughly moved the a good starting position and the height
scaling factor � is determined. Then, starting from an initial estimate of the current model parameters (e.g.,
'mean model'), the following steps are repeated as long as the error jÆgj2 improves:

1. Evaluate the error vector Æg = gtarget � gmodel

2. Compute the current error E = jÆgj2

3. Set k = 1

4. Update the model parameters: ~c = c� kÆc , ~t = t� kÆt and ~u = u� kÆu

5. Calculate a new error vector Æ~g using the updated parameters ~c, ~t and ~u

6. If jÆ~gj2 < E then accept the new estimates: c = ~c, t = ~t and u = ~u

7. Else try at k = 1:5, k = 0:5, k = 0:25 etc.

Note that compared to a conventional 2D AAM matching procedure, the error jÆgj2 is calculated using the
gray value layers in 3D space.

3. EVALUATION ON PHANTOM DATA

To fully validate the basic concept of this new AAM approach, 100 computer generated diaphragm phantom
data sets were generated. Figure 3 depicts one of them. The phantom simulated the following structures by
randomly selected 8 bit gray values out of the range speci�ed within brackets: lungs (30-60), spine (200-255),
side walls (70-85), abdomen (85-130), heart (130-200) and a region of transition between heart and abdomen
(100-160). The diaphragm dome surface was represented by the top layer of the abdominal region. The number
of slices ranged between 36 and 49. Each slice consisted of 256 � 256 voxels. All phantom data sets had the
same voxel size of 0:65� 0:65� 2:0 mm3. The phantom body was placed around the axial image center with a
randomly selected displacement in the axial plane of up to 10% of the mean object size in x�direction. Ground
truth data were provided directly by the generation process.

The data sets were divided in a training set consisting of 40 cases and a test data set of 60 cases. When
building the model, �ve texture layers were considered, two located above and two below the actual diaphragm
dome surface. An extrapolation was used to generate height values in the fringe area. For matching the 3D
AAM was placed in the axial image center. The corresponding reference plane positions and the height scaling
factors � were provided.

For border positioning error calculation the signed error between all voxels of the reference surface (ground
truth) and the closest voxels of the model dome surface were determined. A negative error value indicates that
the voxel was below the reference surface. The signed error is given as mean � standard deviation. On the
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Figure 3. Example for a computer generated diaphragm phantom data set. The top slice is shown in the upper left
corner. The slices are ordered from the left to the right.
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(a) (b)

Figure 4. Visualization of the matching progress of the 3D Active Appearance Model applied to a phantom volume
data set. (a) Start position of the 3D surface. (b) Final match.

40 test cases, the overall border positioning error was �0:07�1:29 mm, showing almost no bias. Figure 4 shows
the initial and end stages of the 3D model applied to a phantom data set. The region of transition between
heart and abdominal region (diaphragm) was correctly separated by the model (Fig. 4.b).

4. EXPERIMENTS WITH CT DATA SETS

For experiments, 14 routinely acquired contrast-enhanced spiral CT liver scans were available. Images were
acquired using a standard protocol for liver tumor screening. Each slice consisted of 512 � 512 voxels and
between 47 and 109 slices. In-plane voxel dimension ranged between 0.55 to 0.78 mm with most of the voxel
sizes falling between 0.6 and 0.7 mm. Therefore no resampling of the data sets was performed. The dimension
along the z-direction was 2, 2.5, 4, and 5 mm, respectively. Di�erent z-dimension values were taken into account
during the calculation of the di�erences in height between the dome voxels and reference plane. The CT scans
were acquired during end expiration, no volume controller was used. In 2 cases, a small part of the top of the
diaphragm dome was not completely imaged. Only the available portion of the captured diaphragm was used
for building the AAM in those cases and a value of �700 Houns�eld units (HU) was assumed for missing lung
tissue above the diaphragm dome.

Ground truth data were generated manually by an expert. Since an average diaphragm dome surface consists
of approximately 70,000 voxels, an interpolation scheme was used. Diaphragm dome surface voxels were only
identi�ed at a 16�16 sampling grid. Near the border to the side walls, additional voxels were added to preserve
a precise shape representation. The dome surface was generated by thin-plate spline interpolation.

To increase the number of samples available for the pilot work reported here, 14 additional data sets were
generated by applying a nonlinear geometric transformation to the axial slices of the existing CT scans. The
transformation was chosen so that the new 3D dome shapes generated, were plausible enough to descend from
the original sample population (Fig. 5). The relation between coordinates in axial plane (x; y) of the newly
generated data sets and the coordinates (~x; ~y) of the source data sets can be described by

(~x; ~y) = (f(x); f(y)) (11)

using  = 256 and

f(a) =

�
(1 + (a= � 1)1:2) : a � 0

�(1 + (�a= � 1)1:2) : a < 0
: (12)
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(a) (b)

Figure 5: Slice of a volume data set before (a) and after (b) application of the nonlinear geometric transformation.

For gray-level interpolation a nearest neighbor interpolation was used. Ground truth data for the newly
generated data sets were also transformed according to Equation 11. Gray-level appearance was not changed.

Texture was captured in 9 layers where 4 of them were placed above and 4 placed below the model shape.
Height values in the fringe area were set to the value of the nearest voxel of the dome shape. For testing, 8 cases,
consisting of 6 original and 2 newly generated data sets, were selected. The remaining 20 cases were used for
training. Selection of the reference plane position, the height scaling factor � and the starting x- and y-positions
were de�ned interactively. In all cases the mean model was scaled by s = 1:15.

Errors were measured and reported as outlined in Section 3. The border positioning error on the complete
test data set was �0:16� 2:95 mm. Figure 6 depicts two examples out of the test data set where the matched
model is shown in coronal and sagittal slices of the CT volumes. The �rst example (Figs. 6.a and 6.b)
shows a good match between the AAM-detected dome surface and reality with the border positioning error
of 0:048� 1:29 mm. Matching errors in the region of apposition led to a somewhat higher border positioning
error of 0:50� 3:50 mm on the second example (Figs. 6.c and 6.d). In this case the appearance pattern of the
abdominal region was inuenced by a uid accumulation in the abdomen (ascites) compared to other data sets.

5. DISCUSSION AND CONCLUSIONS

A new 3D AAM for the segmentation of the diaphragm dome surface was presented. On the 60 phantom
test cases the method showed good matching results with low bias and variance. Results on CT data sets
were promising and full-scale evaluation on CT data is underway. Problems of the model to fully match
the dome surface in local regions show the need for further re�nements of the developed method. Adding
a semi- or fully automatic initialization method that places the model close to the dome surface before the
matching/minimization process is started, would be one example. A good initialization would also reduce the
risk that the model converges to an undesired local minima.

A very important issue for AAMs in general is to have a representative learning set of the target popu-
lation, since the ability of the AAM to match to new data is closely linked to the samples used for model
building/training. Here, clearly a larger learning set is needed where frequent pathologically �ndings are also
included. Usage of a lung volume controller would help to increase the quality of the training sets.
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(a) (b)

(c) (d)

Figure 6. Examples for matching results of the 3D AAM on CT data (see text). (a) Coronal and (b) sagittal view of
the �rst example. (c) Coronal and (d) sagittal view of the second example. The model surface is shown in white.
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