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Abstract. Nonlinear image registration is a prerequisite for a variety
of medical image analysis tasks. A frequently used registration method
is based on manually or automatically derived point landmarks leading
to a sparse displacement �eld which is densi�ed in a thin-plate s pline
(TPS) framework. A large problem of TPS interpolation/approximation
is the requirement for evenly distributed landmark corresponden ces over
the data set which can rarely be guaranteed by landmark matching al-
gorithms. We propose to overcome this problem by combining the sparse
correspondences with intensity-based registration in a generic nonlinear
registration scheme based on the calculus of variations. Missing landmark
information is compensated by a stronger intensity term, thus combin ing
the strengths of both approaches. An explicit formulation of the generic
framework is derived that constrains an intra-modality intensity dat a
term with a regularization term from the corresponding landmarks and
an anisotropic image-driven displacement regularization term. An eval-
uation of this algorithm is performed comparing it to an intensity- and
a landmark-based method. Results on four synthetically deformed and
four clinical thorax CT data sets at di�erent breathing states are show n.

1 Introduction

A large number of medical image analysis applications require nonlinear (de-
formable) registration of data sets acquired at di�erent points in time. E specially
when dealing with soft tissue organs, like the lung or the liver during breathing,
motion di�erences have to be compensated for further analysis steps. Surveys on
nonlinear registration methods in medical imaging can be found in Maintz and
Viergever [1] or Crum et al. [2]. The literature distinguishes between intensity-
and feature-based nonlinear registration methods. Often feature-based methods
are more accurate as long as the feature extraction or segmentation steps are
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reliable. Due to the reduction of the problem space, feature-based methods are
also signi�cantly faster to compute. However, inaccuracies from the often di�-
cult feature extraction step have severe e�ects on the registration performance,
making the intensity based methods perform better in many practical applica-
tions. Feature-based registration often uses manually or automatically derived
point landmarks [3]. After matching the resulting sparse displacement �eld from
the point correspondences is interpolated/approximated in the TPS [4, 3] frame-
work which crucially depends on an even distribution of point correspondences
over the data set. However, this even distribution can rarely be guaranteed by
automatic matching algorithms. Building upon our previous work on automatic
point landmark extraction, matching and registration [5] the goal of thi s work
is to replace the TPS displacement �eld estimation by intensity-based registra-
tion, thus establishing a hybrid nonlinear registration scheme. The assumption
that the coupling of landmark- and intensity-based registration is more powerful
than the individual steps has already been investigated by other authors. Gee et
al. [6] proposed a Bayesian framework to unify these approaches. Johnson and
Christensen [7] combined landmark thin-plate spline registration with intensity
registration using a viscous 
uid regularization in a consistent manner. In Li et
al. [8] consistent intensity registration was combined with airway tree branch
point matching for deformable lung registration. Fan and Chen [9] initialized
an optical 
ow based intensity registration method with a semi-automatic air-
way tree and lung segmentation. Hellier and Barillot [10] proposed a uni�ed
brain registration framework combining a global intensity approach with sparse
landmark constraints. Liu et al. [11] showed a combined volumetric and surface
matching approach for inter-subject brain registration. Papademetris et al. [12]
recently proposed a hybrid registration combining B-Spline free-form deforma-
tion intensity registration with the Robust Point Matching algorithm . Many of
these hybrid schemes need a large computational e�ort during registration or
during automated segmentation. Others require manual landmark selection or
tedious semi-automatic segmentation methods for pre-processing. In this work
we present a novel fully-automatic hybrid nonlinear registration framework that
is both e�cient and does not require pre-processing. This framework uses a 
ex-
ible variational formulation [13] where di�erent data and regularization terms
can be used and the corresponding landmarks from the automatic landmark
matching [5] act as an additional regularization constraint.

2 Landmark-Based Registration

In [5] an automatic landmark extraction, matching and registration approach
consisting of a four-stage pipeline was constructed, inspired by state of the art
computer vision matching techniques [14]. First, a robust and reproducible point
landmark extraction step based on 3D F•orstner corner detection [3] is used which
produces a large number of landmark candidates. Second, for each landmark can-
didate a local and a global descriptor is calculated. The local descriptor is a 3D
extension of the widely-used SIFT descriptor representation [15], which can be



interpreted as a local gradient location and orientation histogram. To capture
global correspondence information an approximated 3D shape context descrip-
tor [16] is computed. For each point landmark shape context can be interpreted
as a quantized distribution of relative distances to all other points in the set of
landmark candidates. Given these two descriptors a cost function is formed in
the third stage and a robust, conservative forward-backward matching approach
is applied to �nd a set of sparse correspondences. Each correspondence is as-
signed a matching uncertainty value derived from the matching cost function.
The �nal stage of the registration pipeline is a dense displacement �eld estima-
tion in a TPS framework [4], where ideas from Rohr [3] are used to approximate
the interpolation condition and to incorporate the matching cost uncertainti es.
A k-d tree based approximation of the TPS model is proposed to save compu-
tation time. However, the algorithm, while being very e�cient in the �rst three
stages, still needs large computational e�ort for the �nal dense displacement �eld
estimation and shows a crucial dependence on the even distribution of matched
landmarks over the input volume.

3 Intensity-Based Registration

The general nonlinear registration problem can be formulated as a minimiza-
tion process of a cost functional that depends on a similarity functionS and a
regularization constraint P [13]. Reference imageR and 
oating image F are
considered as intensity functionsR : 
 R ! R and F : 
 F ! R over the do-
mains 
 R ; 
 F � R3. The formalized registration problem is now stated as the
problem of �nding a displacement �eld ( u; v; w)T : 
 R ! 
 F that minimizes
(for a weight � > 0) the continuous cost functional

J [u; v; w] =
ZZZ

S[u; v; w] + � P[u; v; w] dxdydz:

A widely used choice for a similarity measureS is the L 2 � norm of the in-
tensity di�erences in intra-modality applications. With a regularization term P
that minimizes the norm of the displacement �eld gradients in an image-driven
anisotropic fashion [17] an optical 
ow registration scheme can be derived[9,
10]. Minimization can be achieved by solving the Euler-Lagrange equations e.g.
using a Gauss-Seidel �xed-point iteration scheme.

4 Hybrid Landmark and Intensity Registration

The landmark-based registration approach [5] works well as long as an evenly
distributed set of correspondences can be found. To avoid this shortcoming and
to properly combine the advantages of landmark- and intensity-based registra-
tion such that both approaches concurrently contribute to the optimal solution,
we propose to use the sparse set of matched landmarks as an additional regular-
ization constraint Q in the general nonlinear registration functional. This leads



to the continuous cost functional (for weights � > 0; � > 0)

J [u; v; w] =
ZZZ

S[u; v; w] + � P[u; v; w] + � Q[u; v; w] dxdydz:

The L 2 � norm data term is de�ned as

S[u; v; w] = (1 � W (x; y; z))( R(x; y; z) � F (x + u; y + v; z + w))2;

where the factor (1� W (x; y; z)) penalizes the data term near landmark corre-
spondences. Anisotropic image-driven regularization is given as

P[u; v; w] = r uT D(r F )r u + r vT D(r F )r v + r wT D(r F )r w;

where D(r F ) is the di�usion tensor that creates a dependency between the
estimated displacement �eld and the image boundaries of the 
oating image such
that regularization across image boundaries is penalized. Finally the landmark
matching constraint is

Q[u; v; w] = W (x; y; z)
�
�
�
�(u; v; w)T � (uf ; vf ; wf )T

�
�
�
�2

:

W (x; y; z) is a weighting function incorporating landmark correspondences and
their matching uncertainties and (uf (x; y; z); vf (x; y; z); wf (x; y; z))T is the sparse
displacement �eld from the automatic landmark matching step. Note that the
additional landmark matching regularization term is independent of the explicit
choice of data or regularization terms.

Minimization of the cost functional J is achieved by setting the functional
derivatives of J equal to 0 resulting in a coupled system of Euler-Lagrange
partial di�erential equations. The �rst equation reads

(1 � W (x; y; z))( R � F (u; v; w))
@F
@x

+ �div (D (r F )u) � �W (x; y; z)(u � uf ) = 0

with the other two showing the same basic structure. A semi-implicit scheme for
solving the Euler-Lagrange equation makes use of a �rst-order Taylor approxima-
tion of F (x + u; y + v; z+ w). After discretization using standard �nite di�erence
stencils a huge but sparse system of linear equations has to be solved. For this
purpose the iterative Gauss-Seidel algorithm is utilized. The whole registration
algorithm is performed in a multi-resolution manner to speed-up computation
and to avoid local minima.

5 Experiments & Results

To assess the validity of the hybrid registration approach qualitative and quan-
titative evaluations were performed on synthetically transformed and clinical
thorax CT data sets showing breathing motion. All experiments were done on a
standard Windows notebook computer with 2GHz and 2GB RAM.



Fig. 1. Simulated breathing deformation. a) original data set A, b) the small and c )
the large deformation.

5.1 Synthetic Deformations

Synthetic experiments were performed on four test data sets (A,B,C,D) taken
at inspiration, each of them having a volume size of 256x256x256 voxels. The
applied transformation intends to model a simple displacement �eld similar to
exhalation. A synthetic nonlinear transformation d(x; y; z) : R 3 ! R 3 that
simulates diaphragm and rib cage movement has been presented by the authors
in [5], due to space limitations the detailed derivation is omitted here. d is
de�ned using two parameters tvertical and t inplane . The four test data sets were
synthetically transformed with a small ( tvertical = 25mm, t inplane = 10mm) and
a large (tvertical = 55mm, t inplane = 25mm) deformation. Fig. 1 a)-c) shows
the e�ects of these deformations on data set A. Table 1 gives the results of
these experiments by comparing the hybrid approach ("hyb") with the landmark-
based approach ("lm") from Section 2 and the optical 
ow intensity registration
(" of ") from Section 3. All comparisons are always performed only on those
regions which are present in both registered data sets. The RMS of the intensity
di�erences INT rms before ("init ") and after registration are calculated, as well
as the di�erence of the resulting and the synthetic displacement �elds in terms
of the RMS of the whole displacement vector �eld DF rms and the maximum of
the displacement di�erence vector componentsDF max . Qualitative results are
shown in terms of di�erence images of data set D in Fig. 3 a)-c).

5.2 Clinical Data

The algorithm was also evaluated on four clinical thoracic data sets (A,B,C,D),
each of them consisting of two scans at di�erent breathing states. The data sets
show di�erent problem characteristics. Data sets A and D di�er by small breath-
ing deformations. Data sets B and C di�er by large breathing deformations and
also show intensity variations due to diseases making them very hard to register.
For the clinical data no gold standard displacement was available for comparison,
therefore solely the decrease in the RMS of the intensity di�erences before and
after registration are calculated and presented in Fig. 2. For qualitative results
di�erence images are shown in Fig. 3 d)-e) for data sets C and D.



Simulated Breathing 25-10 Simulated Breathing 55-25
Measure A B C D A B C D

init [HU] 373.85 313.70 291.08 348.11 539.98 468.57 438.07 513.42
of [HU] 77.045 75.084 64.972 75.529 123.43 106.01 102.27 116.022
lm [HU] 61.888 61.891 55.351 69.595 149.69 137.94 105.22 178.82

IN
T

rm
s

hyb [HU] 57.719 45.187 48.769 44.441 111.47 103.32 101.64 108.74
of [mm] 4.4201 6.0393 4.1328 4.6852 9.4332 12.428 8.3835 10.039
lm [mm] 1.2700 1.6068 1.2759 1.3829 4.3041 4.7178 3.9078 4.6794

D
F

rm
s

hyb [mm] 1.6826 2.4241 1.7129 2.1525 4.7948 5.7478 5.0956 5.7385
of [mm] 19.926 22.976 16.925 18.366 40.826 48.667 40.868 43.429
lm [mm] 22.712 21.981 21.586 22.219 49.008 50.426 47.969 49.375

D
F

m
ax

hyb [mm] 17.488 19.770 16.489 17.909 35.090 36.737 32.985 41.322

Table 1. Simulated breathing transformation. Registration results in terms of the RMS
of the intensity di�erences INT rms , the RMS of the displacement �eld DF rms and the
maximum of the displacement di�erence vector components DF max .

Fig. 2. Result chart showing the RMS of the intensity di�erences on the c linical data.

6 Discussion & Outlook

The quantitative evaluation on the simulated data shows that the presented hy-
brid approach is an e�ective way to combine the advantages of landmark- and
intensity-based registration. The RMS of the intensity di�erences on the small
deformation data is slightly better than the individual methods, however all
three methods are able to register these deformations very well. The displace-
ment �eld outliers ( DF max ) are also improved while the RMS of the displacement
�eld ( DF rms ) is slightly worse due to the in
uence of the intensity registration.
However with an absolute value ofDF rms lying around 2mm this is already a
very accurate result. The large deformation data is more demanding to regis-
ter. Here the landmark-based approach has problems generating a dense set of
correspondences. On the other hand, due to the large imposed deformation, the
intensity-based registration has problems to align small vascular structures. With
the hybrid approach the best of both approaches is achieved which can be seen in
the decrease ofINT rms and on the qualitative results in Fig. 3 a)-c). The RMS
of the displacement �elds again decrease to a similar level as in the landmark



Fig. 3. Selected Results. a)-c) Simulated Breathing results for the large deformation on
data set D. a) shows di�erence images after optical 
ow, b) after landmar k-based and
c) after hybrid registration. d) depicts di�erence images of clinic al data set C before
and after hybrid registration, e) shows clinical data set D before and af ter hybrid
registration. (Image contrast was enhanced to improve visibility.)

registration and the displacement �eld outliers are reduced. The large absolute
values of the displacement �eld outliers are due to problems at the border of the
data sets. The clinical data also shows good correspondence after registration.
However, registration of the vascular structures still can be improved. An im-
portant thing to consider is the proper choice of the algorithm parameters in the
hybrid approach. Careful choice of parameters� and � are crucial. In our ex-
periments, after appropriate pre-normalization of data and regularization terms,
suitable values were determined empirically in a set of initial experiments and
remained �xed during the evaluations. In our case we chose� = 0 :05 and � = 2.
For solving the Euler-Lagrange equations the linearizing Taylor approximation
leads to the choice of a number of outer iterations. A trade-o� of computation
time and accuracy leads to more iterations on coarser resolutions compared to



the �ner ones. For the Gauss-Seidel stage three internal iterations were chosen.
Concerning algorithm runtime, as expected, the landmark-based approach per-
formed fastest (around 1000s), while the intensity- and the hybrid approaches
take around 1900s. The overhead of incorporating the landmark correspondences
only slightly increased the runtime. Intended future work will investigate meth-
ods to speed-up the time consuming stages, e.g. by a multi-grid approach. Fur-
ther, di�erent data and displacement regularization terms will be investigated
in combination with the landmark-matching constraint.
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