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Abstract. Despite great research effort over the previous years, accurate registration of thoracic CT scans remains challenging. In particular,
large motion between full inhalation and exhalation leads to unacceptably high alignment errors. We address these challenges by combining
discrete and continuous optimization and have developed a new algorithm which performs accurate sparse-to-dense alignment of thoracic CT
scans. First, a discrete keypoint detection and matching using sparse
graph-based correspondences is performed. Second, a continuous, deformable image registration incorporating dense intensity and the aforementioned correspondence information is employed. A volume change
control mechanism is used that limits local volume change and prohibits
foldings of the deformation grid. The method achieves high accuracy and
very competitive run times of less than 5 minutes per registration.
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Introduction

Since its launch in 2010, the EMPIRE10 challenge [10] has grown into the most
comprehensive comparison study on pulmonary image registration worldwide.
So far 42 algorithms from both academia and industry have been submitted
for public evaluation and comparison. The algorithms are evaluated using four
different criteria: lung boundary alignment, major fissure alignment, distance of
expert-annotated landmarks and deformation field singularities.
In this note, we present a novel lung image registration algorithm as submitted to the EMPIRE10 challenge on September 12th, 2016. The method consists
of two phases: a graph-based matching of a large number of keypoints for the
estimation of robust large-motion correspondences is followed by a continuous,
deformable image registration incorporating both image intensities and keypoint
information. We briefly describe our algorithm and its parameter settings used
for this challenge submission in the following. For more details of the involved
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methods and the quantitative results, we refer to the relevant publications and
the EMPIRE10 website, respectively.

2

Method

We start by describing the initial keypoint detection and keypoint matching
before giving details of the deformable registration step. Let F : R3 → R denote
the fixed (reference) image and M : R3 → R the moving (template) image with
support in domains ΩF ⊆ R3 and ΩM ⊆ R3 , respectively. Image registration is
then commonly defined as finding a transformation y : ΩF → R3 encoding the
spatial correspondence between the two images F and M.

2.1

Preprocessing

Since the organizers of the EMPIRE10 challenge provide lung segmentations for
both fixed and moving scan, we incorporate this information into the registration
model. First, the lung masks are aligned by their centers of gravity, which is
followed by an affine-linear registration. Second, the shape information of the
segmentations is further used within a nonlinear registration of the mask images
(using the same model as described in Section 2.2 and a SSD similarity metric),
which yields a pre-registered moving image M̂. The segmentations are also used
to mask the CT scans to the lung region, thereby in particular removing the rib
cage from the images. This allows to refrain from modeling sliding motion along
the ribs when focusing on the lung region only. In the following, we describe
the accurate alignment of inner-lung structures (vessels, airways and fissures)
using our combination of a sparse discrete correspondence search and a dense
intensity-driven variational approach. Throughout these steps the same contrastinvariant similarity metric Normalized Gradient Fields (NGF) [3] is used, which
is based on edge information. The underlying assumption of NGF states that
corresponding structures are characterized by common change in image intensity.
The choice of NGF within pulmonary image registration is motivated by the
varying parenchyma densities at different breathing phases that violate, e.g., the
intensity constancy assumption. We use the variant


Z
D(F, M(y)) :=

1−
ΩF

h∇M(y(x)), ∇F(x)iη
k∇M(y(x))kη k∇F(x)kη

2
dx

(1)

with
hf, giη :=

3
X

fj gj + η 2

and

kf kη :=

q
hf, f iη

j=1

and short finite differences for image gradient computation, cf. [19]. We fix the
edge parameter to η = 12 for all registrations.
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3

Correspondence search

The estimation of robust correspondence fields closely follows the method presented in [5]4 . Both fixed image F and pre-registered moving image M̂ are
resampled to 1 mm isotropic resolution. We then detect a fairly large number
of keypoints k ∈ K ⊂ R3 (on average 3500) based on the Förstner operator [15]
(and a Gaussian kernel with σ = 1.4) within the lung mask of the fixed scan. A
good dispersion of the locations is achieved by omitting a fixed distinctiveness
threshold and instead performing a non-maximum suppression within a window
of 63 voxels.
A block-matching search (using patches Pk with voxels p, and a side-length of
7) is performed for each keypoint over a large number of potential displacements
d ∈ {0, ±2, ±4, . . . , ±32}3 . A discretized version of the above described NGF
metric is used as similarity metric:
DKP (k, d) =

h∇M̂(p + d), ∇F(p)i2η
1 X
1−
|Pk |
k∇M̂(p + d)k2η k∇F(p)k2η
p∈Pk

Since there might still be many erroneous or ambiguous matches after this calculation, we enforce a certain regularity and find the optimal combination of displacements for all keypoints simultaneously using dynamic programming. The
neighbourhood graph is approximated by a minimum-spanning tree and pairwise displacement differences are penalized with a a diffusion-like regularizer
RKP (dk , dq ) [6]:
RKP (dk , dq ) = p

αKP ||dk − dq ||2
||xk − xq ||2 + |F(k) − F(q)|/σI

The robustness of the estimated correspondence field is further improved using
a symmetric marginal averaging (see [5] for details). In contrast to [5], we omit
a refinement step with higher keypoint density. The sparse correspondence field
yKP is only defined at keypoint locations and employed as keypoint penalty K
in the subsequent dense registration.
Dense Registration Framework The intensity-driven part of our registration approach is based on [16,18]. The chosen model consists of several terms
corresponding to assumptions about the nature of pulmonary image registration.
These are now explained step by step.
The registration is performed within the classical derivative-based optimization framework as described in [9]. In this approach, a joint objective function
typically consisting of a distance measure and a regularization term is minimized using derivative-based numerical optimization schemes such as the GaussNewton algorithm, cf. also [8]. The objective function of our lung registration
4

C++ source code for the estimation of correspondence fields is publicly available at
http://mpheinrich.de/software.html
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model consists of five components. Apart from weighting parameters, the first
four components are identical to the ones proposed in [18]. To keep the description self-contained, they are additionally briefly repeated here. The main
component of the objective function is the NGF distance term D, given in (1),
that describes the employed concept of image similarity.
As a basic requirement for a successful lung registration, the computed deformation shall map tissue within the lung in scan F to tissue within the lung in
scan M, and analogously the area outside the lung in scan F to the area outside
the lung in scan M. To this end, lung boundary information is incorporated
into the model by using an additional penalty term B as proposed in [17]. Let
bF : ΩF → {0, 1} and bM̂ : ΩM → {0, 1} denote binary functions for F and M
that are equal to one inside the lungs and zero otherwise. We define the penalty
term B as
Z 
2

1
bM y(x) − bF (x) dx.
B(y) :=
2 ΩF
Note that B coincides with the sum of squared differences (SSD) of the lung
segmentation masks as binary images.
As non-continuous sliding motion along the rib cage does not have to be
recovered when using lung segmentations, the expected remaining motion is
very smooth. Based on this observation, the curvature regularizer [2]
S(y) :=

1
2

Z

3
X
(∆(yj − yjkern ))2 dx

ΩF j=1

is selected, where y kern is a given transformation and yj , yjkern denote the jth component of y and y kern , respectively. The curvature regularizer penalizes
second order derivatives of the deviation of y from y kern which is typically set
to the result of a pre-registration.
Although the curvature regularizer generates smooth transformations, it cannot safeguard against physically implausible deformations exhibiting large local
volume change or even foldings. To this end, we add an additional term similar to
the approaches presented in [1,14] that directly incorporates change of volume,
Z
V(y) :=
ψ(det ∇y(x)) dx
ΩF

with weighting function
ψ(t) :=

(t − 1)2
t

for t > 0

and

ψ(t) := ∞ else.

We call V volume change control. As ψ(t) = ψ(1/t), deviations of the Jacobian
from 1, i.e. local volume expansion or shrinkage, are symmetrically penalized. In
addition, ψ ensures (local) injectivity of the deformation since ψ(det ∇y) → ∞
as det ∇y → 0. Hence, V(y) = ∞ if the Jacobian becomes negative at any
point. The volume change control therefore fulfills two important functions: It
prevents foldings and ensures that large changes in volume are penalized.
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Integration of Keypoint Information Keypoint information has been successfully used to support intensity-based algorithms for pulmonary image registration, cf., e.g., [4,12,13]. We follow the approach of Han [4] and add the
keypoints as soft constraints to the model, thereby also limiting the influence of
possible erroneous keypoint matches. We wish to minimize the sum of all squared
Euclidean distances for all keypoint locations between our final transformation
y and the sparse keypoint transformation yKP :
K(y) :=

|K|
X

ky(xi ) − yKP (xi )k22

i=1

With weighting parameters α, β, γ, δ > 0, the full model is given by
J (y) = D(F, M(y)) + αS(y) + βB(y) + γV(y) + δK(y).

(2)

Optimization The minimization of the joint objective function (2) is performed
with the limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) quasiNewton optimization method [11]. We employ matrix-free derivative calculation
schemes for all objective function components except the keypoint distance term
to reduce runtime and memory footprint and allow for parallel computation,
cf. [7]. The optimization is performed with a multi-level strategy ranging from
coarse to fine. The multi-level pyramid is generated using Gaussian smoothing
and subsequent downsampling by a factor of two in each dimension. Five levels
are used, with the original image as the finest level.
Additionally, the deformation grid resolution is also embedded into the multilevel strategy. We employ a grid of 128 × 128 × 128 cells on the finest level. For
each coarser level, the deformation grid size is reduced by a factor of two in each
dimension, leaving a deformation resolution of 8×8×8 at the coarsest resolution.
1
, α = 2, β = 1, γ = 0.001 as parameFor all registrations, we used αKP = 45
ters. The weight δ of the keypoint matching term K was adaptively determined
such that D(F, M(y)) = δK(y) at the beginning of the optimization on the
coarsest level of the multilevel scheme. Similarly, we chose β for the lung mask
term adaptively such that D(F, M(y)) = 10βB(y). We reduced the weight by
the factor 10 due to the fact, that the lung masks are aligned quite well after
the preprocessing.

3

Results

The deformable registration, which was performed on a quad-core processor,
achieves very fast runtimes of on average 2:33 minutes. The keypoint search
in its current implementation (on a single core) requires a similar amount of
time, but could easily be speeded up by exploiting its inherent parallelism. For
detailed quantitative results, the reader is referred to the EMPIRE10 website
http://empire10.isi.uu.nl/res_lbeckdisco.php. To summarize, we obtain
very low target registration errors, as well as very good fissure alignments. The
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deformation fields contain no singularities (thus no folding) and the lung masks
are perfectly aligned for most cases. Overall, our algorithm ranks among the best
approaches of the ongoing challenge at the time of submission. Since our method
is computationally much faster than most competing methods, it provides an
excellent choice for general purpose pulmonary image registration.
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18. Rühaak, J., Heldmann, S., Kipshagen, T., Fischer, B.: Highly Accurate Fast
Lung CT Registration. In: SPIE Medical Imaging, Image Processing. pp. 86690Y–
86690Y–9. International Society for Optics and Photonics (2013)
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