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Abstract. Follow-up assessment of pleural thickenings requires the com-
parison of information from different points in time. The investigated
image regions must be precisely registered to acquire this information.
Since the thickenings’ growth is the target value, this growth should not
be compensated by the registration process. We therefore present a non-
rigid registration method, which preserves the shape of the thickenings.
The deformation of the volume image is carried out using B-splines. With
focus on the image regions located around the lung surface, an efficient
way of calculating corresponding points combined with the reuse of in-
formation from different scale levels leads to the non-rigid registration,
which can be performed within a short computation time.

1 Introduction

Inhaled carcinogenic asbestos fibers can cause pleural thickenings which may
evolve to pleural mesothelioma. To reduce the mortality, an early stage diag-
nosis is essential. Hence high-risk patients undergo a regular medical check-up
including CT imaging. Manual analysis of CT data is time consuming and subject
to strong inter- and intra-reader variability [1]. The application of a computer
assisted diagnosis system reduces the workload and provides objective analysis.
Within this framework a non-rigid registration is required to compare informa-
tion from multiple points in time. The system is designed for the clinical routine.
Therefore all algorithms are designed with respect to their computation time.

B-spline registration utilizes different methods to determine the mesh, con-
trolling the deformation. Rueckert et al. [2] use mutual information while Loeckx
et al. [3] use conditional mutual information to iteratively optimize the mesh.
Faster methods like Chui et al. [4] or Kwon et al. [5] utilize features to calculate
the deformation, but are still based on iterative optimization schemes. These
methods however are not capable to protect the thickening growth from being
undesirably compensated. We explicitly address this problem and additionally
calculate the transformed mesh from matched points non-iteratively.
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2 Materials and Methods

The images G
(0)
t , t ∈ {0, 1} from the same patient at two different points in time

consist of the voxels G
(0)
t (r), with the image coordinates R(0) = {(x, y, z)T :

0 ≤ x < X(0), 0 ≤ y < Y (0), 0 ≤ z < Z(0)}. The superscripts (0) address the

scaling level and can be ignored for the first step. The lung masks R
(0)
L,t ⊂ R

(0)

and the associated surfaces ∂R
(0)
L,t are extracted using two-step supervised range-

constrained Otsu thresholding [6]. The thickenings R
(0)
T,t=0 ⊂ R

(0) for t = 0 are
segmented by the comparison of the actual lung with a healthy lung model [6].

With the known mask data R
(0)
L,t, the rigid transformation T r can be determined

using e.g. a Gibbs-Markov random field based approach from Faltin et al. [7].

transverse plane coronal plane sagittal plane

Fig. 1. A pleural thickening shown in different planes.

We present here an efficient method for the non-rigid part of the registration.
First, the surface of interests (SOI) is extracted. The local registration for each
included point is identified and the image is deformed accordingly. Offsets and
deformations are determined for each scaling level of an image pyramid.

2.1 Extracting the Surface of Interest

As shown in fig. 1, it is hard to distinguish between the healthy lung boundary
and the boundary implied by a pleural thickening. Therefore the thickening
growth can easily been misinterpreted as a deformation. The critical thickening

regions R
(0)
T,t ⊂ R

(0) are first increased by a dilation with a sphere W of radius 5

(voxels) and then masked in the point-set approximating the lung surface ∂R
(0)
L,t.

This leads to the discrete SOI

R
(0)
SOI,t = ∂R

(0)
L,t \ (R

(0)
T,t ⊕W ), (1)

which contains the voxel coordinates at lung surface excluding regions close to
thickenings.
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2.2 Applying the Image Pyramid

The unregistered and downsampled images of the lungs are determined itera-

tively applying G
(q)
t = B↓2{G(q−1)

t }, where q, 0 < q < Q, denotes the scaling

level and R(q) its image domain for each of the Q scaling levels. B↓2 includes
downsampling of factor 2 and a previous smoothing with an appropriate Gaus-
sian kernel. Analogue to the Gaussian kernel which prevents aliasing in the image,
a rounding operation is applied, when downsampling the point-set of the SOI,
to keep all surface information

R
(q)
SOI,t =

{⌊
r(q−1)

2

⌋
: r(q−1) ∈ R(q−1)

SOI,t

}
, 0 < q < Q. (2)

2.3 Determining the Local Displacements

The data obtained from the image pyramid at level q is modified considering the
results from the previous level (q + 1), which is denoted by a tilde on top of the
identifiers and described in section 2.4. The deformation is determined at each
level q in the SOI by 3D block matching. As an error metric the sum of absolute
differences is calculated

SAD(q)(d, r) =
∑

‖r′−r‖∞≤b,r′∈Z3

∣∣∣G̃(q)

t=0(r′ + d)−G(q)
t=1(r′)

∣∣∣ , r ∈ R̃(q)

SOI,t=0, (3)

for each displacement d, with the block size b. For densely sampled surfaces and
large block dimensions (2b + 1)3, overlapping of the blocks results in multiple
calculation of the absolute differences. An more efficient way is to separately
create an error image and summing up the differences. An error image

E(q)(d, r) =
∣∣∣G̃(q)

t=0(r + d)−G(q)
t=1(r)

∣∣∣ , r ∈ R(q), (4)

is created for each displacement d ∈ {s;∀s ∈ Z3, ‖(0, 0, 0)T − s‖∞ ≤ 1}, which
includes all 27 combinations of displacements {−1, 0, 1} per dimension. Calcu-
lating the error for the full image domain R(q) in parallel can be faster than
to determine which voxels are required for the block-wise calculation and indi-
vidually addressing them. Larger displacements are implicitly considered due to
the image pyramid. The computationally intensive summation is only applied
for the SOI, resulting in the SAD for each displacement d,

SAD(q)(d, r) =
∑

‖r′−r‖∞≤b,r′∈Z3

E(q)(d, r′), r ∈ R̃
(q)

SOI,t=0. (5)

Finally for each feature point the displacement D is determined choosing the
displacement, which minimizes the SAD

D(q)(r) = arg min
d

SAD(q)(d, r), r ∈ R̃
(q)

SOI,t=0. (6)
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2.4 Deforming the Images

The deformed image G
(q)
t=0 can be interpolated using B-splines, which are con-

trolled by a mesh of Nx × Ny × Nz points Φ̃
(q)

µ,ν,ε, with the uniform spacing δ.
The positions of these control points are determined by the B-spline approxima-

tion (BA) of Lee et al. [8], which utilizes the SOI R
(q)
SOI,t=0 and the associated

displacements D(q)(r). The deformation for each image point is given by

T (q)
nr (r) =


3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)Φ̃
(q)

i+l,j+m,k+n 0 < q < Q− 1

r q = Q− 1

, (7)

with i = b xNx
c+ 1, j = b yNy

c+ 1, k = b zNz
c+ 1, u = x

Nx
−b xNx

c, v = y
Ny
−b yNy

c,
w = z

Nz
−b zNz

c. Bc(s) is the c-th basis function of the cubic and uniform B-spline
[2]. To avoid iterative interpolations for the following scale levels we adapt the
control points using

Φ̃
(q)

µ,ν,ε = 2 · T (q+1)
nr

(
Φ(q)
µ,ν,ε

2

)
. (8)

Therefore the transformed image data and SOI from the first point in time
(t = 0) are given by

G̃
(q)

t=0(r) = G
(q)
t=0

(
2 · T (q+1)

nr

(r
2

))
, r ∈ R(q) (9)

and

R̃
(q)

SOI,t=0 =
{⌊

2 · T (q+1)
nr

(r
2

)
+ (0.5, 0.5, 0.5)T

⌋
: r ∈ R(q)

SOI,t=0

}
. (10)

3 Results

The presented method is applied to CT datasets from 4 different patients. For
each patient 2 CT scans from different points in time are non-rigidly registered.
The CT scans for the patients I - III consist of 400-700 slices, while the the CT
scans from patient IV consist of approx. 60 slices. The SAD within a lung surface
proximity RP,t=1 is used as an indicator to evaluate the registration quality.
After dilation with a sphere W of radius 10 (voxels) on the lungs surface ∂Rt=1

the proximity RP,t=1 = ∂Rt=1⊕W is created. Additionally the average surface

distance (ASD), from each point of the lung surface R̃
(0)

SOI,t=0 to the closest point

in R
(0)
SOI,t=1 is determined.

First we investigate the results using varying block size b (fixed δ = 8) then
mesh spacing δ (fixed b = 4). The resulting SAD are shown in fig. 2.

Finally we compare the performance of our method to the implementation
from Kroon (MATLAB central file ID: #20057). SAD and ASD are compared
in fig. 3 for both methods and all patients. We chose for patient I - III δ = 8,
b = 8 and for patient IV with the low slice count δ = 4, b = 4.
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Fig. 2. SAD using different parameters.
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Fig. 3. Comparison of the Kroon implementation and our approach.

4 Discussion

Fig. 2 shows that our method does not optimally perform for patient IV, which
is a consequence of the low slice count. For higher slice count the method shows
a stable and low SAD for the parameter δ = 8, b = 8. Visual examples of
the results are shown as difference images in fig. 5. The rigid registration 5(a)
performs an overall optimization and is not optimal for each individual part
of the lung surface. The visualizations of the non-rigid results both 5(b) show
5(c) good performance in the surface regions. While our approach 5(b) shows
weaknesses in the disregarded image regions, the Kroon approach 5(c) performs
well for whole image.

Comparing our approach to the Kroon implementation in fig. 3 reveals that
the SAD values are in a similar range. As expected our implementation performs

(a) our aproach (b) Kroon (c) our approach (d) Kroon

Fig. 4. Visible thickening growth influenced by non-rigid registration comparing CT
image data (a),(b) and difference images (c),(d).
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(a) rigid registration (b) our aproach (c) Kroon

Fig. 5. Visual comparison of registrations by regarding the difference image.

for SAD slightly worse, because it intentionally does not compensate thickening
deformations, as shown in figure 4. For ASD our algorithm performs slightly
better except for patient IV. The method of Kroon fails for patient III.

For clinical routine, computation time is an important aspect. Both Kroon’s
and our algorithm are realized as MATLAB and C hybrid implementations and
tested on a standard Desktop Computer (2.67 GHz Core i5, 8GB memory). The
iterative Kroon implementation takes several days for the registration process,
while our approach takes at maximum 2.5 minutes.

For future work we plan to use the obtained registration for a consistent
segmentation of the thickenings at both points in time.
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