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ABSTRACT

For deformable registration of computed tomography

(CT) scans in image guided radiation therapy (IGRT) we ap-

ply Riemannian elasticity regularization. We explore the use

of spatially varying elasticity parameters to encourage bone

rigidity and local tissue volume change only in the gross tu-

mor volume (GTV) and the lungs. We evaluate the method on

the point-validated 4DCT breathing thorax POPI-model and

demonstrate its use and properties in registration of pre- and

post-chemo CT scans for contour propagation in a Hodgkin

lymphoma (HL) case showing significant tumor shrinkage.

For the POPI-model we achieved a total mean target registra-

tion error (TRE) of 0.92± 0.49 mm. Using spatially varying

regularization for the HL case, deformation was limited to

the GTV and lungs.

1. INTRODUCTION

In IGRT, dose distribution is planned based on manual con-

touring of the tumor and critical normal tissues on a pre-

treatment positron emission tomography - computed tomog-

raphy (PET-CT) scan. Conventional radiation therapy (RT)

treatment is fractionated; patients receive a daily fraction of

the total planned dose. Throughout the course of treatment,

spatial changes of the patient may cause residual positional

errors even after translational and rotational image guided

corrections. Such changes include tumor shrinkage [4, 1],

weight loss, organ filling and change in posture, all of which

cause tissue deformation, ultimately disturbing the planned

dose distribution. Hansen et al. [6] concluded that adaptive

replanning is essential for intensity-modulated radiation ther-

apy (IMRT) treatment for head & neck (H&N) cancer to en-

sure proper dose to target volumes and critical tissues.

Manual tumor re-contouring on a daily basis is unfeasi-

ble due to the massive amount of physician time and effort

required. Adaptive RT techniques allow for automatic, but

preferably supervised, correction of these spatial changes on

a daily basis. Contours of the GTV and critical tissues can be

propagated by use of image registration, and the dose distri-

bution can be updated accordingly.

Image registration is the process of determining a spatial

transformation that establishes meaningful correspondence

between all points in a pair or set of images; in this case

between the planning PET-CT and a subsequent CT or cone-

beam CT (CBCT) scan. In general, image registration com-

prises 3 main aspects. 1. Selecting an image transformation

model, T . 2. Selecting an objective function Fobj , includ-

ing an image (dis)similarity measure D and a regularization

term R ensuring a plausible, invertible transformation. 3.
Selecting an optimization strategy for the objective function.

Here, we explore the use of the Riemannian elasticity

model for regularization, proposed by Pennec et al. [11].

Based on a Hounsfield units (HU) threshold segmentation,

Ruan et al. [12] applied spatially varying regularization en-

couraging bone rigidity and Kabus et al. [9] used spatially

varying elasticity. In a similar fashion, we use spatially vary-

ing tissue regularization parameters, enabling us to encourage

local rigidity and volume change. Specifically, we seek to ex-

ploit the a priori knowledge that volume change is likely to

happen in the GTV.

We evaluate spatially varying Riemannian elasticity regu-

larization on the POPI-model, a point-validated 4DCT breath-

ing thorax data set, and further illustrate its use on a HL case

with pre- and post-chemotherapy CT scans.

2. DATA

2.1. POPI-model: 4DCT

The POPI-model is a point-validated 4DCT image data set of

a breathing thorax. The dataset was acquired at the Lon Brard

Cancer Center & CREATIS lab, Lyon, France. It is avail-

able at http://www.creatis.insa-lyon.fr/rio/
popi-model and is described by Vandemeulebroucke et

al. [17]. The data set consists of ten volume images, each

in a different phase of one breathing cycle. The images are

cropped to volumes of 482× 360× 141 voxels at a resolution

of 0.98 × 0.98 × 2.0 mm, including only the thorax. Forty
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landmarks have been manually annotated in each of the im-

ages. Performance is evaluated by calculating the TRE as the

euclidean distance between the points annotated in the target

scan and the deformed points from the reference scan (first

phase). For images downsampled to a resolution of 2× 2× 2
mm, a mean TRE for all scans of 1.24±0.42 was achieved us-

ing a non-parametric Demons method from Sarrut et al. [15],

inspired by Thirion [16]. A mean TRE of 1.04 ± 0.53 mm

was achieved using a parametric, multi-scale implementation

by Delhay et al. [3] of the free-form deformation (FFD) de-

formation model by Rueckert et al. [13]. Glocker et al. [5]

reports a mean TRE of 0.96± 0.57 mm (on the downsampled

data) using a discrete graph-based, multi-scale FFD method.

2.2. Hodgkin lymphoma case: Pre- and post-chemo CT

A HL patient with a very large mediastinal tumor burden was

staged with a fluorodeoxyglucose (FDG) PET-CT scan before

the initiation of chemotherapy. Later, the patient was referred

to RT, where a planning CT scan was acquired. In HL, the RT

target volume is the PET-positive volume as it was defined

on the staging (pre-chemotherapy) scan. However, between

the staging and planning scan, the tumour burden is likely

to have been reduced considerably, the patient is likely to

have lost weight and the posture is likely to vary. Automatic

deformable registration and propagation of the PET-positive

contour to the RT planning CT would be a valuable aid to the

physician, when defining the radiation target volume.

3. METHOD

We applied a sum-of-squared-differences (SSD) driven FFD

B-spline model [13] to register the staging and planning CT

scans allowing for a subsequent mapping of the GTV contour

to the planning CT. The use of the cubic B-spline deforma-

tion model is motivated partly by the existence of direct ana-

lytic continuous derivatives and partly by the inherent dimen-

sionality reduction. We believe that the B-spline deformation

model has enough descriptive power to capture the true un-

derlying deformations between the scans as we are estimating

the mapping between images of the same subject. In a multi-

level framework, an L-BFGS [10] algorithm was applied to

solve the matching problem, i.e.

min
φ

D(R, T ◦ φ) +R(φ), (1)

where D is the SSD (di)similarity measure, R is the reference

(staging CT), T is the target (planning CT), φ is the B-spline

transformation and R is the regularization term.

Biological studies, e.g. [8, 14], show that biological tis-

sue is similar to rubber; nearly incompressible and compliant

to shear. Thus a rubber-like deformation prior is suitable for

same-subject registration when images are acquired tempo-

rally close. However, cancer patients are likely to have sig-

nificant weight loss, have tumor shrinkage and tissue loss in

proximity to the tumor regions which makes the incompress-

ibility constraint invalid. Relaxing the incompressibility con-

straint transforms the rubber prior into a more general elastic-

ity prior.

Linear elasticity matching [2] has been widely used for

spatial normalization but the lack of local rotation invariance

can hinder optimal matching. Especially in H&N imaging,

the neck posture (bending in the neck) may cause the linear

elasticity prior to over-regularize the deformation. We applied

an isotropic Riemannian elasticity prior by Pennec et al. [11],

with spatially varying elasticity parameters as a trade-off be-

tween modelling capability and simplicity. The Riemannian

elasticity prior is a simple weighted quadratic penalty on the

Hencky strain tensor which inherits local rotational invariance

and the infinity energy limit approaches the black-hole de-

formation. While biological tissue is elastically anisotropic,

anisotropic modeling requires many parameters which can-

not be estimated from CT scans alone. Instead, isotropic be-

haviour is assumed, reducing the number of parameters to two

– namely the usual Lamé parameters μ, λ, giving the isotropic

Riemannian elasticity

Rrie(μ, λ;φ) =
μ

4

N∑
i=1

log2 εi +
λ

8

(
N∑
i=1

log εi

)2

, (2)

where μ controls the amount of elastic potential due to shear-

ing, and λ controls the amount of elastic potential due to local

compression or expansion. εi are the principal stretches. In

contrast to linear elasticity and Saint-Vernant Kirchoff elas-

ticity λ is solely related to local volume change [7]. The

Lamé parameters are set experimentally for each tissue type

(bone, soft tissue, lung) which are segmented from the plan-

ning CT using HU intensity thresholding. In addition, the

Lamé parameters are set low in the GTV to allow for consid-

erable shrinkage. The image maps of Lamé parameters are

smoothed to get smooth elastic potential transitions.

4. RESULTS

4.1. POPI-model

For the FFD transformation model, Glocker et al. [5] used

multi-level control point spacing of 40, 20, 10, 5 mm. We

have used two registration levels with 20 and 10 mm spac-

ing. Additional registration levels did not improve perfor-

mance. Level 1 used downsampling to 4 × 4 × 4 mm and

level 2 used downsampling to 2× 2× 2 mm. Table 1 presents

the registration results using both spatially constant and vary-

ing regularization. For spatially varying regularization, the

provided segmentation of the lung was used together with a

HU-based bone segmentation for assigning local Lamé regu-

larization parameters. Rigidity was encouraged only for bone,

by setting μbone � μsoft tissue, μlung. Volume change was en-

couraged only for lung by setting λlung � λsoft tissue, λbone.
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Table 1. POPI-model registration results

#

Initial mean

distance [mm]

mean TRE [mm]

(spatially constant)

mean TRE [mm]

(spatially varying)

1 0.48± 0.54 0.65± 0.33 0.64± 0.31
2 0.49± 0.62 0.65± 0.42 0.63± 0.39
3 2.19± 1.84 1.19± 0.68 1.19± 0.70
4 4.33± 2.54 1.01± 0.50 1.02± 0.50
5 5.75± 2.67 1.08± 0.62 1.08± 0.63
6 6.10± 2.96 0.98± 0.53 1.00± 0.54
7 5.03± 2.36 1.08± 0.50 1.09± 0.53
8 3.68± 1.59 0.80± 0.40 0.77± 0.41
9 2.07± 1.07 0.84± 0.42 0.82± 0.43
All 3.35± 2.82 0.92± 0.49 0.92± 0.49

4.2. Pre- and post-chemo CT

For spatially varying regularization, triangulation-based GTV

segmentation and HU-based segmentation of bone, soft tis-

sue and lung was used for assigning local Lamé regularization

parameters. Rigidity was encouraged only for bone, by set-

ting μbone � μsoft tissue. Volume change was encouraged for

both GTV and lung by setting λGTV, λlung � λsoft tissue, λbone.
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Fig. 1. Overlay of transverse slice of pre-chemo CT and

deformed post-chemo CT. The red, dotted line is the PET-

positive contour.

Figure 1 displays a fusion of a single transverse slice of the

pre-chemo CT and the deformed post-chemo CT. Figure 2

shows the Jacobian determinant of the transformation field,

i.e. the local volume change, in the same slice. The initial tu-

mor volume was 140cm2. Using spatially constant regulariza-

tion, the volume of the propagated contour was 120cm2. Us-

ing spatially varying regularization, the volume of the prop-

agated contour was 99cm2. Comparing segmentations from

the propagated contours to a manual post-chemo GTV seg-

mentation resulted in Dice similarity coefficients of 0.43 in

both cases versus 0.39 using rigid registration.

5. DISCUSSION & CONCLUSION

For the POPI-model we achieved a total mean TRE smaller

than what has been reported in the literature. The standard

deviation is also small. For the breathing phases with low ini-

tial mean distance, deformation resulted in a mean TRE larger

than the initial distance. This was expected as the registration

was based on downsampled images. The standard deviation,

however, was significantly decreased in these cases. There

was no difference between the results obtained using spatially

constant and varying regularization, most likely due to the ab-
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Fig. 2. Volume change in the transverse slice in 1. Values

of 1 indicate no local volume change. The black contour is

gradients extracted from the CT.
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Fig. 3. Post-chemo CT with manually propagated and

adapted contour (red) and contours propagated automatically

using spatially constant (blue) and varying (green) regulariza-

tion.

sence of significant volume changes. In that respect, this data

set is not troublesome. For the HL case we demonstrated that

local volume change can be encouraged in volumes where it is

expected (GTV, lungs, etc.). The Dice similarity coefficients

between the manual post-chemo GTV segmentation and those

based on deformable registration were relatively low, primar-

ily due to the clinician choosing to include a larger area on

the planning scan. Still, the coefficients were higher than that

of the rigid registration, suggesting that this would be a better

starting point for the clinician who is manually propagating

and modifying the contour. By visual inspection it is apparent

that qualitatively, the registration result using spatially vary-

ing regularization is superior. The method could very well be

suitable for registration to low-quality scans with deranged

image gradients, in order to minimize local volume change,

e.g. CBCT scans for daily contour propagation in adaptive

RT. As with all parametric image registration methods, the

main drawback is parameter optimization. In this regard, the

use of spatially varying regularization parameters is a further

encumbrance.
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