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Abstract. We propose a novel method to model local regularization of
medical image registration. The regularization model incorporates infor-
mation from two different knowledge sources: 1. statistical aspect, con-
sidering regularization as a machine learning problem and 2. anatomical
aspect, extracting predominant anatomical structures and modeling the
ROI as composition of anatomical objects. Finally a link function is pro-
posed to combine information from above stated knowledge sources. The
method was trained and evaluated on a set of five CT lung scan pairs
and on the EMPIRE10 dataset.
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1 Introduction

Accurate registration of medical images is a key technology to medical im-
age analysis. Many different registration algorithms have been presented in the
last decade, yet accurate and reliable image registration remains a challenging
task [3]. Within intensity based registration algorithm a distinction is made be-
tween parametric (mostly B-Spline based) and non-parametric (PDE based, op-
tic flow like) algorithms. Both approaches has been shown to perform on average
very well and to be versatile as well. Yet both approaches, while being versatile,
have disadvantages and yield insufficient results for certain tasks (certain organs,
inter-intra-patient or multi-modal registration) and at particular image regions.
One way to improve image registration is to develop specialized registration al-
gorithms for each application. That is formulating the core of the registration
algorithm to match particular application requirements [12]. We propose an-
other way of improving image registration using a knowledge driven top down
approach. The rationale of the algorithm framework is based on well-established
versatile PDE algorithms and extends it by a knowledge driven regularization
of the deformation field. The generation of the knowledge model is inspired by
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machine learning approaches, considering regularization as a classification or re-
gression problem. A best set of local regularizers is established and combined
with anatomical knowledge. The method is trained and evaluated on a set of
five CT lung scan pairs, and tested on an independent set of 20 CT lung scan
pairs provided through the MICCAI lung registration workshop [8]. Presented
methods and experiments are preliminary, however results on both datasets are
promising.

2 Materials

The data in this work consists of a set of thoracic computed tomography (CT)
scans which form part of a repository of reference standard data sets of thoracic
4DCT images that were acquired as part of the standard planning process for the
treatment of thoracic malignancies at the University of Texas M. D. Anderson
Cancer Center in Houston, TX. All experiments in this publication are based on
five scan pairs (case 1 to 5 with phase T00 and T50, respectively) which were
publicly available at the time of conducting initial experiments. Each scan pair is
associated with 300 uniformly distributed anatomical landmarks that have been
manually identified and registered by an expert in thoracic imaging. The land-
mark sets serve as a reference for evaluating spatial registration accuracy within
the lung for each case [2]. Detailed descriptions of the available images and land-
mark sets are available at www.dir-lab.com/Templates/ReferenceData.html. In
addition we computed lung masks of each scan by performing an automatic lung
segmentation [4]. Apart from that, 20 CT lung scan pairs along with correspond-
ing lung masks – provided by the MICCAI lung registration workshop – are used
as independent test set. For detailed descriptions of this data as well as the used
evaluation methods see [8].

3 Methods

Registration of a moving image IM (x) : ΩM ⊂ R
D 
→ R to a fixed image

IF (x) : ΩF ⊂ R
D 
→ R, both of dimension D, is the problem of finding a

displacement u(x) that makes IM (x+ u(x)) spatially aligned to IF (x). The
quality of alignment is defined by a distance or similarity measure, such as the
sum of squared differences (SSD).

In this work, the diffeomorphic demons algorithm is employed as represen-
tative of PDE based registration algorithms. The original demons algorithm as
proposed by Thirion [9], is inspired by the optical flow model which is based on
the principle of intensity conservation between images. The demons algorithm
alternates between computation of the forces v and their regularization by a
Gaussian smoothing kernel K.

v =
(IM − IF )∇IF

(∇IF )2 + (IM − IF )2

v ← K ∗ v (1)
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The diffeomorphic demons algorithm as proposed by Vercauteren et.al. [10]
is based on Thirion’s demons algorithm. It can be seen as a computationally
efficient adaptation of the optimization procedure to a space of diffeomorphic
transformations. In addition to being diffeomorphic, the reformulated algorithm
provides transformations that are much smoother and closer to the true ones in
terms of Jacobians [10]. Contrary to the original formulation, the diffeomorphic
demons consists of two different regularization kernels. A fluid-like regularization
Kfluid on the speed vector field, and a diffusion-like regularization Kdiff on the
transformation field.

The regularization kernel K forms the interface to our proposed knowledge
driven regularization of the deformation field. The regularization kernel is by
default implemented as a single regularization on the entire space of displacement
fields. We base our experiments on the diffeomorphic demons implementation of
the Insight Segmentation and Registration Toolkit [5] and adapt the algorithm to
support locally different regularization kernels K(x). The employed registration
framework consists of a multi-resolution strategy of 5 levels with 100 iterations
on each level, including lung masks to limit registration on the ROI. In following
experiments, we consider K ≡ Kdiff, i.e. we focus on diffusion-like regularization
kernels.

3.1 Statistical aspect – a machine learning approach

Inspired by machine learning approaches, one might consider image registration
as a classification problem and consequently think of a regularizer as a classifier
or regressor. While it is common to optimize registration accurarcy by searching
for single fixed regularizer within a range of varying kernel widths as listed
in Table 1, we aim to find a best combination of local regularizers, i.e. per
image region. Registration accuracy is evaluated based on point correspondences
between IF and IM using for each scan pair a set of 300 uniformly distributed
landmarks [2]. Table 2 shows the frequency of which each kernel is found to be
locally superior. The average distribution of relative kernel selections is depict in
Figure 1. Next we approach to find a best combination for a reduced set of k local
regularizers by conducting an exhaustive search on the entire set n of 19 kernels
with

(
n
k

)
. That is, there are 171 possible combinations for a 2-kernel-model and

969 possible 3-kernel-models. Table 3 lists registration accuracies of the found
best combinations and according kernel ratios. Such a best combination of local
regularizers is hypothetical since one assumes spatial independence of voxels.
However, this approach reveals if there is any better mapping achievable by
locally combining regularizers. Statistical modeling of spatial dependencies of
regularizers requires further analysis. However, local dependencies must be also
at least partly related to the anatomy of the ROI. Thus, one way of modeling
a field of local regularizers can be formulated by including spatial information
of anatomical structures. In Section 3.2 we describe the anatomical knowledge
which is employed in the link function described in Section 3.3.
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scan kernel width best kernel
pair 0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7 7.5 8 8.5 9 of each scan

1 9.59 1.89 1.17 1.13 1.10 1.09 1.08 1.09 1.09 1.10 1.12 1.14 1.17 1.21 1.25 1.27 1.32 1.37 1.43 1.08
2 7.21 1.39 1.16 1.12 1.10 1.08 1.07 1.07 1.07 1.08 1.09 1.12 1.15 1.19 1.23 1.25 1.31 1.38 1.45 1.07
3 14.63 1.47 1.27 1.25 1.24 1.25 1.26 1.28 1.32 1.33 1.38 1.44 1.51 1.58 1.68 1.72 1.83 1.94 2.07 1.24
4 12.63 4.71 1.80 1.63 1.53 1.50 1.50 1.52 1.56 1.58 1.66 1.76 1.89 2.03 2.20 2.27 2.47 2.65 2.84 1.50
5 10.28 1.88 1.51 1.49 1.49 1.52 1.56 1.63 1.71 1.75 1.85 1.97 2.12 2.32 2.56 2.66 2.93 3.17 3.42 1.49

avg 10.87 2.27 1.38 1.33 1.29 1.29 1.30 1.32 1.35 1.37 1.42 1.49 1.57 1.67 1.78 1.83 1.97 2.10 2.24 1.28

Table 1. Single regularizer performances, assessed by landmark registration error
(LRE) in [mm]. Italic: best single kernel over all scan pairs. Bold: best kernel on each
scan pair.

scan kernel width hypoth. best
pair 0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7 7.5 8 8.5 9 combination

1 4 42 36 21 22 17 12 15 11 8 12 4 7 10 12 7 5 6 66 0.81
2 6 52 23 35 21 12 13 17 15 25 8 9 11 5 7 5 5 5 42 0.86
3 2 60 28 26 22 20 20 13 5 8 10 8 7 10 14 11 7 7 38 0.98
4 6 41 30 37 22 27 20 18 11 14 18 9 8 4 4 4 2 6 24 1.13
5 13 58 42 26 35 16 13 12 9 5 7 8 12 5 5 3 4 2 29 1.10

avg 6.2 50.6 31.8 29.0 24.4 18.4 15.6 15.0 10.2 12.0 11.0 7.6 9.0 6.8 8.4 6.0 4.6 5.2 39.8 0.98

Table 2. Hypothetical combination of local regularizers and corresponding LRE. Note:
Frequency distribution of local kernel selections appears to be homogeneous and rela-
tively consistent over scan pairs.

Fig. 1. Histogram visualizes the average distribution of regularization kernels contained
in the hypothetical best regularizer combination. The set of different regularization
kernels is established by selecting locally – i.e. for each landmark – the best performing
regularizer.
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scan kernel hypoth. kernel hypoth.
pair 1.5 5 comb. 1 4 9 comb.

1 144 157 0.97 112 94 94 0.88
2 135 165 0.99 112 126 62 0.92
3 155 145 1.12 133 101 66 1.06
4 165 135 1.35 128 130 42 1.29
5 197 104 1.34 175 81 45 1.27

avg 53% 47% 1.15 44% 35% 21% 1.08

Table 3. Hypothetical best accuracy of a 2-kernel and 3-kernel regularizer combination.
Absolute and relative kernel frequencies and corresponding LRE in [mm], respectively.

3.2 Anatomical aspect

The main anatomical structures visible in lung CT are: vessels, airways, fissures
and lung parenchyma. We extract the major lung vessels by a rough vessel tree
segmentation using simple intensity thresholding. We denote the resulting binary
image of IF by BF and compute:

SDT := signed euclidian distance transform of BF . (2)

The global appearance of the lung is correlated with the dominance of ma-
jor vessels (arteries and veins). Airways are accompanied by arteries, and in
Fig. 2 we illustrate that the location of fissures can be roughly approximated
by according distances to major vessels in SDT . Vessels are more rigid than
parenchyma, in particular larger vessels compress normally far less than sur-
rounding parenchyma. Based on the introduced signed distance transform the
ROI can be modeled as composition of objects. This is different from most reg-
istration algorithm that inspect images purely on a voxel basis (e.g. curvature,
compression). We propose a simple 3-compartment model accounting for vessel
surface, vessel body and parenchyma.

(a) (b) (c)

Fig. 2. (a) fixed image (case3 phase0, slice 129), (b) vessel segmentation (thresholding
at -650HU), (c) signed distance transform of vessel segmentation
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3.3 Link function – combining knowledge

In order to connect statistical knowledge from regularization analysis and anatom-
ical knowledge, we propose following link function:

r∑
i=l

hSDT (i) = fkernel, (3)

with fkernel being the relative frequency of a particular kernel previously derived
from statistical regularization analysis. hSDT (i) denotes a histogram of an av-
erage SDT and where an initial kernel border l or r might be selected based
on anatomical priors. The rationale of the link function is further described in
Figure 3.

Fig. 3. Linking of anatomical knowledge and statistical knowledge from regularization
analysis. X-axis: signed distance to segmentation of predominant anatomical structure
(vascularities) in [mm]. Y-axis: Blue: histogram depicting relative frequency distribu-
tion of voxels within the ROI (masked lung volume). The frequency peak at 0 mm is
cut off, it reaches 0.22. Red: Discrete integral of histogram. The area under the red
integral curve between the green lines matches 53% which is the kernel ratio derived
from statistical regularization analysis. The lower kernel border is determined by the
anatomical structure of lung vascularities. From this it follow the positions of the green
lines marking the distance boundaries of regularization regions. Remark: distances of
more than about 7 mm are related to the proximity of fissures.

We establish a simple preliminary 3-compartment-model with localizations
of compartments C determined by proposed link function as follows:

CV.body(x) : SDT (x) ≤ −1 mm

CV.contour(x) : −1 mm < SDT (x) < 2.5 mm

CParenchyma(x) : SDT (x) ≥ 2.5 mm (4)
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and where SDT forms the connection to related kernels by:

K(x) = G(σ=1.5) : −1 mm < SDT (x) < 2.5 mm

= G(σ=5.0) : else. (5)

4 Results

This section consists of two parts: firstly, the proposed method is evaluated based
on our evaluation approach using the described data 2 of the 4DCT repository.
Second part consists of table 5 provided by the workshop organizers listing the
results achieved on the workshop data [8].

In [11, 6] has been concluded that landmark or intensity-based validation
measures alone are not sufficient for the evaluation of image registration. In
conclusion, both a well-distributed set of landmarks and a deformation vector
field analysis are necessary for reliable non-rigid registration accuracy assess-
ment. Irregularities in obtained deformation field and physiological implausible
distortions may cause as well unacceptable registration results.

We assess registration accuracy by means of landmark registration errors us-
ing reference sets of 300 uniformly distributed anatomical point correspondences.
Table 4 lists according landmark measures for each scan pair. In addition, ob-
tained deformation fields are evaluated w.r.t. irregular local volume changes.
For that we compute the determinant of the Jacobian of the transformation
field |J(u)| [7] and check for locations where |J | < 0, i.e. for occurrences of
foldings. In respect to lung physiology, a reasonable deformation field should be
relatively smooth and homogeneous within the lung parenchyma (in a healthy
subject). In Fig. 4 the deformation field characteristics are inspected by means
of visualization of local volume changes.

The proposed method, trained on the 4DCT dataset, was also applied on
the EMPIRE10 dataset and evaluated by the workshop organizers. Table 5 lists
the obtained results. For detailed descriptions of the dataset as well as the used
evaluation methods see [8]. On an Intel Core 2 Quad CPU (2.66GHz) the average
computation time of one registration is about 45 minutes on the EMPIRE10
dataset and 10 minutes on the 4DCT dataset.

scan LRE deform.
pair mean std min max |J | < 0

1 1.03 0.48 0.15 3.20 0
2 1.00 0.46 0.18 2.39 0
3 1.14 0.61 0.14 5.76 0
4 1.37 0.97 0.07 11.46 0
5 1.38 1.19 0.19 15.63 0

avg 1.18 0.74 0.15 7.69 0

Table 4. Assessment of landmark registration error (LRE) in [mm] and local irregu-
larity counts on the deformation field.
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(a) (b)

(c) (d)

Fig. 4. Inspection of deformation field characteristics by means of visualization of lo-
cal volume changes. The pictures show exemplarily a coronal and an axial slice using
standard registration with Kdiff = G(σ=2.5) (a,c) and proposed knowledge driven regu-
larized registration (b,d), respectively. Local volume changes are coded by a full color
map, where light blue depicts volume preservation (|J | = 1), green to brown local con-
traction (|J | < 1) and blue to red local volume expansion (|J | > 1). Remark: in none
of both deformation fields occurs folding.

5 Discussion & Conclusion

The proposed method performs very well on the 4DCT dataset compared to
various registration algorithms of which obtained results are published in [2, 1]
and online at the repository providers website. However, from the results on the
EMPIRE10 dataset it is obvious that the method performed insufficiently on sev-
eral scan pairs. We compared volume ratios of lung scan pairs of the EMPIRE10
workshop with that available in used training dataset and found that proposed
method performed insufficiently only on scan pairs which have significantly larger
volume ratios. Future work will therefore firstly focus on establishing of a more
comprehensive training set of reference data. Secondly, instead of using an av-
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erage set-up of the kernel-compartment-model, we consider supervised learning
to select more specific models based on a similar reference scan pair. Further it
is possible to refine the knowledge model by extending it with e.g. emphysema
regions, which could be included by applying same approach as used on vessels.

Lung Boundaries Fissures Landmarks Singularities

Scan
Pair

Score Rank Score Rank Score Rank Score Rank

01 0.24 25.00 0.04 10.00 2.29 11.00 0.00 23.00

02 0.00 22.00 0.00 15.00 0.39 10.00 0.00 25.00

03 0.00 15.00 0.00 12.50 0.32 2.00 0.00 24.00

04 0.00 29.00 0.00 16.50 1.10 12.00 0.00 14.00

05 0.00 13.00 0.00 16.00 0.00 5.50 0.00 28.00

06 0.00 16.00 0.00 25.00 0.30 8.00 0.00 14.00

07 0.30 25.00 0.36 5.00 2.17 12.00 0.00 23.00

08 0.09 27.00 0.00 8.00 0.81 10.00 0.00 12.50

09 0.00 31.00 0.00 6.50 0.55 8.00 0.00 13.00

10 0.03 25.00 0.00 15.00 3.07 20.00 0.00 13.00

11 0.23 24.00 0.00 6.00 0.95 11.00 0.00 23.00

12 0.08 32.00 0.00 13.50 0.02 9.00 0.00 14.50

13 0.00 30.00 0.06 2.50 0.77 5.00 0.00 13.00

14 0.45 26.00 4.30 18.00 4.23 17.00 0.00 21.00

15 0.01 32.00 0.00 7.00 0.62 5.00 0.00 25.00

16 0.00 27.00 0.00 2.50 0.73 3.00 0.00 13.50

17 0.00 25.00 0.05 16.00 0.69 6.00 0.00 14.00

18 0.33 26.00 1.17 11.00 1.74 6.00 0.00 23.00

19 0.06 32.00 0.00 12.00 0.46 8.00 0.00 14.50

20 0.23 27.00 2.51 14.00 1.21 3.00 0.00 24.00

Avg 0.10 25.45 0.42 11.60 1.12 8.57 0.00 18.75

Average Ranking Overall 16.09

Final Placement 16
Table 5. Results for each scan pair, per category and overall. Rankings and final
placement are from a total of 34 competing algorithms [8].
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