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Abstract. In this work, we try to develop a fast converging method for
segmentation assisted deformable registration. The segmentation step
consists of a piece-wise constant Mumford-Shah energy model while reg-
istration is driven by the sum of squared distances of both initial images
and segmented mask with a diffusion regularization. In order to solve
this energy minimization problem, a second order Gauss-Newton opti-
mization method is used. For the numerical experiments we used CT
data sets from the EMPIRE10 challenge. In this preliminary study, we
show high accuracy of our algorithm.
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1 Introduction

Deformable image registration is an important image processing method in ra-
diotherapy. In case of image guided radiotherapy, registration helps to improve
precision and accuracy of the delivery of the radiation. It tries to correct for
the movement of the patient and for the natural deformation of the human
anatomy, for example lung deformation during breathing or weight loss. Since
the real anatomical movements come from complex internal forces within and
between organs as well as forces applied to the body from outside, we try to
simulate forces by simplified models. In order to build these models, registration
algorithms estimate the forces from the deformations observed in the images.
We can separate deformable registration methods to those that estimate forces
at each image point at each voxel and those that estimate forces on some specific
locations from which they interpolate forces to the remainder of the image [1] [2].
Both of these methods in their original papers are based only on the intensities
of images. A large number of methods are developed based on these two meth-
ods that try to increase accuracy by the extraction of features from the images



such as edges, gradients [3], high dimensional descriptors [4] or even high-level
methods for segmentation of the specific anatomical locations [5]. Most of these
methods require preprocessing step to extract targeting features.

Our work present solution for the simultaneous segmentation and registration in
order to avoid spending time for feature extraction. The important contribution
of our work is the introduction of the second order Gauss-Newton optimization
method for minimization of the joint segmentation and registration energy in
comparison to the variational method [6].

2 Gauss-Newton optimization

Gauss-Newton method belongs to the second order optimization methods be-
cause it approximates the second order derivative of the energy. It deals with
the least squares problem of the form
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where 7; is a smooth function from R™ to R and we assume that m > n. The goal

of the method is to find minima of the function f. We proceed first by building
a vector r from individual functions r;
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Now we can rewrite function f in a form f(z) = i|r(z)|3. The derivatives of
function f(x) can be expressed with Jacobian J(x)
or;
Jji(x) = 52 (3)
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The standard Newton optimization method tends to solve (1) using an iterative
method

Tpi1 = Tk + arpr; V2f(2)pe = =V f(k) (4)

where the positive scalar ay is called the step length. Since 4 include the calcu-

lation of second derivatives of functions r; which can be computationally expen-
sive, we use a Gauss-Newton approximation for the Hessian of function

VA f(a) = J(x)"J (x). ()

which leads to
J(x)" J(x)pr = —J(x)r (). (6)

2.1 Segmentation

Segmentation is one of the most fundamental image processing methods. It tries
to separate regions of interest in the images. Our approach include energy min-
imization segmentation based on Mumford-Shah energy [7] of the form

E(Cina Cout s H) = Z(Czn - UO)QH + Z(Cout - UO)Q(I - H) (7)
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where ¢;,, is average value inside contoured object, c,,; is average value outside
the contoured object,) . , is image space and H is a Heaviside function that has
value 1 inside object and 0 outside object.

Gauss-Newton Segmentation In order to use Gauss-Newton approach which
deals with least-squared type of problems, we introduced the energy function SG

SG =5 3 (Nimle,0) — MPdz +a|VoP + AK(9)?) ®
2

where m(c, ¢) is the modelling image M is the modelled image. ¢ is defined by

and represent the masking image, where each region {2; represents a different
integer value i. The modelling image is defined by the masking image and by an
average value inside the region:
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Next to the regularization term «|V¢|? we introduce another regularization term
K (¢). This term has the task of penalizing non-integer values of ¢:

K(¢)=]](¢-1) (11)

(a) Axial view

(b) Sagital view (c) Coronal view

Fig. 1: This figure shows an overlap of the segmentation mask (green line) gen-
erated during the segmentation assisted registration



(b) Sagital view (c) Coronal view

Fig. 2: This figure shows an overlap of the segmentation mask (green line) gen-
erated during the segmentation assisted registration with ground truth masks
(purple) from EMPIREI10 data set

2.2 Registration

As already mentioned, deformable registration can be seen as an optimization
method of an appropriate energy function. The mathematical formulation of the
registration problem [8] is

Ereg(x,u) = S(x,u) + aR(u) (12)

where S is the similarity measure and R is the regularization term. If we take
the assumption that the similar objects in two images have the same intensity
value, we can use the sum of squared distances as a similarity measure. Our
similarity measure is therefore given by

S(x,u) = %Z(Il(:c—lg(az—i—u))z (13)
Q

For regularization term we use sum of squares of deformation field component
gradient, known as diffusion regularization [9]
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where u; is ith component of the deformation field.

3 Segmentation assisted Registration

The main problem consist of setting the correct energy function. If we start with
a problem where we do not have any prior information about the images and no
prior segmentation masks, we need to choose the energy function that simultane-
ously segments both images. In this case, the joint segmentation and registration



energy function Ejun: consists of the diffusion registration E,.q4,the segmenta-
tion of fixed image SG(F')the segmentation of moving image SG(M) and an
extra similarity term in form of sum of squared distances between segmented
masks ¢F (u) and ¢y

Ejoins = Freg + SG(F) + SG(M) + 3 " (61(w) — 90 (15)
]

(a) before registration (b) after registration

Fig.3: An example of inhale and exhale subtracted volumes in axial view before
and after registration

4 Experiments

For the numerical experiments we used publicly available EMPIRE10 data set
[10]. This data set contains 30 inhale and exhale pairs of the pulmonary computed
tomography scans (CT). This data set contains also ground truth segmentation
mask for the each CT volume. These masks are used to asses registration accu-
racy. We have randomly selected 10 pairs for our experiments with the initial
dice score ranging from 0.598 until 0.940. In table 1 we show the dice scores
for selected data pair ordered by the dice score before deformable registration.
From this table we can notice that after the registration in each case the dice
score is above 89%. Surprisingly the highest dice score after registration does
not come for data pair 17, which has high initial overlap, it is data pair 22 with
the highest dice score of 98.3%.

Concerning the parameters and the initial configuration of the iterative method,
we used a zeros initial deformation field, an all ones initial segmentation masks
for both ¢,,, and ¢¢, and we used for the constants values o = 0.05, A = 0.1 and
n = 2 selected to achieve the highest dice scores.



Table 1: Dice score accuracy of DIR
Pair 21 16 28 30 7 10 11 22 23 17
Before| 0.598 | 0.702 | 0.733 | 0.756 | 0.776 | 0.829 | 0.847 | 0.877 | 0.890 | 0.940
After | 0.896 | 0.962 | 0.956 | 0.976 | 0.958 | 0.935 | 0.963 | 0.983 | 0.970 | 0.980

(a) before registration (b) after registration

Fig. 4: An example of inhale and exhale subtracted volumes in sagital view before
and after registration

5 Notes and Comments

We have presented preliminary work on implementation of Gauss-Newton opti-
mization method for segmentation assisted registration. This method has a high
accuracy for the pulmonary data registration using a dice score as an accuracy
measure. Segmentations created during the deformable registration have high
overlap (only visual inspection) with the ground truth segmentation masks from
the data set. The main difference from the standard segmentation methods is
that the segmentation in our case is not targeted at the specific organ. It targets
a homogeneous areas. In the case of the lung CT, our segmentation tends to
separate the tissue from the air. If we take a look at the Figures 1 and 2, we
can notice that our segmentation selects also some big vessels inside the lung.
Even though, it would be interesting to connect this approach to the recent work
for sliding organ motion [11], where authors use lung masks to predict location
of discontinuities in the deformation field. It would be also interesting for the
future work to apply this segmentation method to the anatomical site without



large air volumes, like pelvic area and to check can the algorithm distinguish be-
tween the different tissues. Unfortunately our work did not include comparison
to the other methods, but by using publicly available data and by publishing
results with the pair numbers (see table 1), we try to overcome this shortcoming
of the presented research. While our validation was focused on CT of the pul-
monary data, we believe that our approach can be used also for CT to CBCT
registration which is an important task in the radiotherapy environment. We
also believe that the coupling segmentation and registration can gain not only
in the accuracy, but also in the robustness of the registration, specially in the
case of larger deformations like at data pair 21. Our future work will include
validation of our deformable registration method with landmark distance error,
application to other anatomical sites, as well as application to registration of the
other imaging modalities.
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