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ABSTRACT

Pleural thickenings, which are an indicator for pleural me-
sothelioma, can be detected and analyzed using thoracic CT-
data. At an early stage they are flat, but may cover a large
area on the pleura surface and can have complex morpholo-
gies. In combination with the limited image resolution, small
segmentation errors at voxel-level can lead to large errors in
volumetric estimation. Image noise, small deformations and
especially the unclear boundary can significantly influence
the segmentation process. Furthermore, two independent seg-
mentations from two points in time might independently suf-
fer from these influences. As a consequence they cannot be
combined for a reliable growth rate extraction. Since there
is no guarantee for error free segmentations, we suggest a
method to introduce consistency by transferring one of the
segmentations to another point in time. The method is care-
fully designed to estimate small growth from low resolution
structures with complex morphologies.

Index Terms— segmentation, follow-up, triangular mesh

1. INTRODUCTION

The inhalation of asbestos fibers can cause pleural mesotheli-
oma, which is an aggressive form of cancer. High risk patients
undergo a regular medical checkup, due to a long latency pe-
riod of 20-50 years and short life expectation of 18 month
after onset of the disease. Pleural thickenings can act as an
indicator for this form of cancer and they are observable in
CT scans of the lung, as shown in Fig. 1. The low resolution
compared to their size leads to inaccuracies in quantification.
Thus, a precise follow-up assessment with consistent quan-
tification is of great importance for growth rate estimation.

2. METHODS

Potential thickenings are extracted and binarily segmented,
by applying lung segmentation, generation of a patient in-
dividual lung model, and tissue classification, as described
by Chaisaowong et al. [1]. Furthermore, transferring image
knowledge between the different points in time and analyzing
the thickening growth requires a non-rigid registration, e.g.
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Fig. 1. A pleural thickening: (a) shown in a CT slice. Challenges
in quantification, because of small thickness (indicated by yellow
lines), and unclear boundaries (indicated by orange lines). (b) ex-
tracted refined segmentation.

the method proposed by Rueckert et al. [2]. Both non-rigid
registration as well as binary segmentation of the thickenings
are not part of this publication and are accomplished using
existing methods. In this work, we will first extract a refined
mesh-based segmentation from a single point in time, consid-
ering segmentation confidence. In a second step, the segmen-
tation is transferred to the other point in time. Both steps are
only applied on the surface front, where the thickening has
contact to the lung tissue. Its back side is extracted using a
healthy lung model [1] and assumed to be identical for both
points in time.

2.1. Single segmentation surface

The initial mesh is extracted from the binary segmentation us-
ing the cuberille method, which generates a triangular mesh
at the discrete voxel surface. A segmentation confidence λ(i)
for each vertex i of the mesh is determined by the average
attenuation difference of the voxels, separated by the con-
nected faces. Its absolute value in the range [amin, amax]
is linearly mapped to the final confidence λ(i) ∈ [0, λmax].
Manual corrections of the binary segmentation by a medical
expert, can be considered e.g. by setting the confidence of
affected vertices to λmax. In the subsequent process, strong
displacements are therefore only allowed for surface regions
not clearly evident from the image data or proven by medical
experts.

For the segmentation refinement, we extend an approach
proposed by Liu et al. [3], which iteratively smooths patches



(a) Interpolation of the search rays, in direction of
surface normals, with anisotropic smoothing.

(b) Available interpolation orientations to approximate
the optimal interpolation kernel.

Fig. 2. Anisotropic Gaussian filter kernels, visualized by orange spheroids, are used to interpolate image values.

of the mesh and guarantees local volume preservation. Each
patch Bg is defined by an edge g = (i, j), comprising
the vertices i and j, and the surrounding neighbor vertices
N(i)

⋃
N(j), where N(i) is the set of all 1st order neigh-

bors of a vertex i. Beside the volume preservation in [3], our
modified approach also takes the segmentation confidence
and estimated partial volume into account.

The main idea is to maximize the smoothness of each
patch, which is described using the umbrella operator [4], de-
fined on a single patchBg ,

Lg(m) =
1

|Ng(m)|
∑

n∈Ng(m)

(p(n)− p(m)) (1)

= ωm,mp(m) +
∑

n∈Ng(m)

ωm,np(m), (2)

whereNg(m) ⊆ Bg are the neighbors of the vertexm inside
the patch Bg . This problem can be solved analytically [3]
for each patch and forces the vertex positions p0(m) to new
positions p1(m). In the next step, each edge g is corrected
by a vectorwg , to exactly preserve the volume and still keep-
ing the patch smooth. The final vertex positions are given by
P 2(g) = P 1(g) + [wg wg], where P τ (g) = [pτ (i) pτ (j)],
τ ∈ {0, 1, 2}. Our extended formulation results in the mini-
mization problem

min
{

1
2

∥∥∥K̃gwg
T − Q̃g

∥∥∥2
+ 1

2 λ(i)
∥∥p1(i) +wg − p0(i)

∥∥2
+ 1

2 λ(j)
∥∥p1(j) +wg − p0(j)

∥∥2},

subject to ngTwg = Ω(P 0)− Ω(P 1) + Ωg . (3)

The first term is identical to the formulation of Liu et al. [3].
The two following terms minimize the difference between the
initial and refined vertex positions, depending on the confi-
dence λ(i). The variables in the first term are defined as in
the paper from Liu et al. [3]: K̃g = ki + kj , where the col-
umn vectors ki and kj contain the entries kν ,b = ων,b,∀ν ∈

{i, j}, b ∈ Bg . Q̃g =
(
Qg − [ki kj ]P

2(g)
)

and the rows

of Qg are defined as qg ,b =
(
ωb,ip

0
i

T
+ ωb,jp

0
j

T − Lg(b)
)

,
∀b ∈ Bg . The constraint is defined by the volume function
Ω(P ), which determines the volume each patch is contribut-
ing to the whole mesh. The vector ng separates the induced
volume change in the current patch multiplicative from wg .
The exact definitions can be found in the paper of Liu et al.
[3]. Additionally, the estimated partial volume Ωg per patch is
included. It is extracted with a method proposed by Kuhnigk
et al. [5]. The analytic solution of Problem 3 is

wg =
1

α

(
Q̃g

T
K̃g − λ(g)− βng

)
,

α = K̃g
T
K̃g + λ(i) + λ(j),

β =
1

‖ng‖2
(
ng

T
(
Q̃g

T
K̃g − λ(g)

)
−α

(
Ω(P 0)− Ω(P 1) + 6 · Ωg

))
,

where λ(g) = λ(i)(p1(i)− p0(i)) + λ(j)(p1(j)− p0(j)).

2.2. Segmentation transfer

The refined mesh from Sec. 2.1, extracted at one point in
time, is placed in the registered image of the other point in
time and the changes are tracked. As the mesh extraction is
more reliable for larger volumes, the transfer is performed
backwards from the possibly larger thickening at the second
point in time (t = 1) to the first point in time (t = 0). The
transfer is realized by matching the 3D edges, located in the
proximity of each vertex i in the imageA0, to the position of
this edge in the image A1. Occurrences of vessels or calci-
fications obstruct the definition of a global edge model. Due
to the aperture problem, reliable information can only be ex-
tracted in normal direction. Therefore, we suggest a match-
ing of the mesh along a search ray in normal direction n(i) at
each vertex i (onwards referred to as ray i). The normals are
calculated from the faces, as proposed by [6]. To reduce the
influence of image noise, the interpolation at the non-discrete
search ray positions, should be carried out by a smoothing fil-



ter. A preservation of the edge information can be achieved
during smoothing, by an anisotropic filter kernel, smoothing
mainly along the surface. The suggested interpolation of the
values applying a Gaussian kernel is shown in Fig. 2(a).

The interpolation of each single point, using different ker-
nels, is computational expensive. Therefore, we use the fol-
lowing approximation: For each search ray i the covariance
matrix Σ(i) of a Gaussian kernel is constructed by a set of or-
thogonal vectors n(i),ur1(i),ur2(i) and the corresponding
eigenvalues σn(i) and σr1(i) = σr1(i) = σr(i). The eigen-
values are chosen as σn(i) < σr(i), to strongly smooth along
the surface and restrainedly smooth orthogonal to it. The vec-
tors ur1(i) and ur2(i) are ambiguous, while n(i) is given as
the surface normal. The smoothing is applied in the frequency
spectrum. In this process the images are resized by a factor
of L, using zero-padding, resulting in filtered and upsampled
versions of the imagesAt, t ∈ {0, 1}.

To reduce the number of filtering operations, only a lim-
ited number of orientations are used. These orientations are
chosen by 66 unit vectors with equidistant angles, as shown in
Fig. 2(b). Considering symmetries only 41 vectors vf , f =
0...40 have to be considered. The resulting filters are applied
on the images At, resulting in the filtered images At,f . For
the normal n(i) of each ray i the best matching filter fbest(i)
is chosen, by

fbest(i) = arg

{
max

f=0...41

∣∣vfT · n(i)
∣∣} . (4)

At the second point in time (t = 1), the edge positions
p2(i) are determined as described in Sec. 2.1. The regions
of interest (ROIs) around these points are interpolated from
the corresponding images A0,fbest(i) and A1,fbest(i). At the
first point in time (t = 0) the edge positions are not known,
large ROIs have to be extracted, which have to cover the size
of the fitting window (2F + 1) and the search range S, given
by a set of possible locations. At the second point in time
only the fitting windows have to be covered by the ROIs. The
precise matching of the ROIs is carried out by phase corre-
lation within the fitting windows. If the rays are strongly
misaligned, the non-overlapping parts introduce noise in the
phase correlation [7]. Therefore we initialize the matching
using a simple registration based on the summed absolute dif-
ferences (SAD).

Phase correlation based methods can be used for sub-
voxel precise registration. While the method of Ojansivu
and Heikkil [8] is applicable on signals affected by different,
but symmetric blurring, it is limited to an adjustable discrete
precision. The method of Foroosh et al. [7] is not limited
to a discrete precision, but is theoretically only applicable on
signal affected by identical blurring. As the partial volume
effect and possible motion artifacts may result in different
and unsymmetrical blurring at different points in time, the
preconditions for both methods are only satisfied approxi-
mately. The results will reveal that they can still be applied to

enhance the matching quality.

3. EVALUATION

Evaluating the presented method for non-simulated growth is
not easily possible, as the manual diagnosis is subject to intra-
and inter-reader variability [9]. Therefore, we evaluate the
presented method by generating artificial growth, or to be ex-
act we artificially shrink a thickening from the second point
in time (t = 1). For this purpose, we apply a B-spline based
deformation [2], with a very dense control-point (CP) grid.
At every voxel position one CP is placed and only CPs not in-
fluencing the image region, outside of the healthy lung model
[1], are moved into the direction of the thickening center. The
direction is randomly distorted by an angle of up to±45◦ and
the length is randomly chosen between 0 and 4 voxels. To
account for attenuation changes, simplex noise [10], which
creates natural noisy textures, is scaled to a range of [−η, η]
and added to the thickening tissue. Additionally white noise
with an amplitude of [−η, η] is added to the images to ac-
count for noise caused by the image acquisition. An example
of simulated thickening growth is shown in Fig. 3.

(a) Deformed CT-image with
shrunken thickening and additive
white noise.

(b) Original CT-image with addi-
tive white noise and additive sim-
plex noise inside the thickening.

Fig. 3. Exemplary result of simulated thickening growth.

4. RESULTS

The proposed approach was applied to 8 different thicken-
ings. For each of the thickenings growth was simulated as
described in Sec. 3 and the proposed algorithm of Sec. 2
was applied. The experiments were carried out with different
noise levels η = 50 HU and η = 200 HU to test the sensitivity
to noise. Different methods were tested for the critical part of
the search ray matching: A simple matching using SAD and
three different phase correlation methods, initialized with the
SAD based matching, were carried out. The basic method
[11] (POC) was compared to the one suggested by Ojansivu
and Heikkil [8], and the one suggested by Foroosh et al. [7].

Reasonable values for the non-discussed parameters were
empirically determined: The range for the confidence calcula-
tion [amin, amax] was chosen as the available range of attenua-
tion values [−1024, 3071] HU and the target range maximum
λmax = 1. For segmentation transfer the upsampling factor
L = 2, the fitting radius F = 6, the search range S = [−4, 1],
and the eigenvalues σr = 4 and σz = 1 were chosen.



measurement noise level matching
thickening

#1 #2 #3 #4 #5 #6 #7 #8

avg. surface
error [voxel]

η = 50 HU

SAD 0.052 0.315 0.093 0.123 0.151 0.047 0.241 0.169
SAD + POC 0.046 0.293 0.094 0.117 0.149 0.047 0.215 0.169
SAD + Ojansivu 0.046 0.293 0.094 0.118 0.149 0.047 0.215 0.169
SAD + Foroosh 0.046 0.288 0.094 0.118 0.149 0.048 0.214 0.170

η = 200 HU

SAD 0.155 0.402 0.141 0.169 0.196 0.086 0.323 0.189
SAD + POC 0.153 0.311 0.133 0.156 0.190 0.078 0.323 0.183
SAD + Ojansivu 0.153 0.311 0.133 0.156 0.189 0.078 0.323 0.183
SAD + Foroosh 0.151 0.303 0.135 0.156 0.189 0.079 0.316 0.184

sim. vol. growth 13.03% 54.67% 8.38% 13.56% 14.56% 1.10% 55.73% 19.66%

extracted
volume growth

η = 50 HU

SAD 5.08% 25.18% 3.54% 7.85% 6.95% 0.14% 41.01% 20.16%
SAD + POC 4.41% 27.03% 3.49% 7.72% 7.51% 0.18% 40.47% 20.75%
SAD + Ojansivu 4.41% 27.03% 3.49% 7.92% 7.51% 0.15% 40.73% 20.75%
SAD + Foroosh 5.01% 29.01% 4.05% 8.02% 7.91% 0.43% 42.45% 21.25%

η = 200 HU

SAD 5.98% 19.79% 3.02% 8.71% 8.67% 0.13% 27.79% 18.21%
SAD + POC 4.59% 29.20% 4.36% 8.45% 8.40% -0.03% 27.01% 18.04%
SAD + Ojansivu 4.59% 29.20% 4.27% 8.45% 8.26% 0.03% 27.01% 18.04%
SAD + Foroosh 5.39% 31.64% 4.66% 9.05% 8.68% 0.49% 28.53% 18.78%

Table 1. Results from applying the presented method to 8 different thickenings.

To evaluate the tracking of thickening growth, the mesh
from the first point in time (t = 0) is deformed in the same
manner, as the simulated growth was generated and then com-
pared to the refined mesh (t = 1). In Tab. 1 the mean of their
forward and backward distance is given. The main point of
interest is how precise the algorithm can measure thickening
growth. The simulated thickening growth and the growth es-
timated from the extracted surfaces are shown in Tab. 1.

The surface error proves a very precise positioning of
the segmentation surface, with an average surface error sig-
nificantly smaller than 0.3 voxels for most test scenarios.
Because of the low resolution and therefore thicknesses of
merely one or two voxels, this precise positioning leads to
only indicative results regarding the growth rate estimation.
The method was proven to be relatively insensitive to noise
and changes in the thickening tissue, as the estimated growth
rates are comparable. In conclusion, a growth tendency can
be reliably extracted, which is important for the follow-up
assessment. Only very small growth, as simulated for thick-
ening #6 cannot be stably identified. All phase correlation
based methods show an improvement of the precision. The
best performance was achieved by the method from Foroosh
et al. [7]. The algorithm was also tested on image data
from two real different points in time and yields plausible
results. Due to the high inter- and intra-reader variability [9]
in quantification, these results are not presented.

5. CONCLUSIONS AND OUTLOOK

We proposed a method to extract consistent segmentations of
small, low resolution objects at different points in time. The
results indicate that the achieved high precision is essential to
extract meaningful growth rates. The healthy lung model [1]
was in this paper assumed to be identical for both points in

time. In future work it might be determined differently, but
consistently over time.
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