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ABSTRACT

We present a method for fully automatic registration ofR3iational Angiography (XA) to CT/MR of the liver
for treatment planning in liver interventions. The metloperates through a shape-based approach to registration and
does not require specification of landmarks nor is it prtoncal minima like intensity based registration methods.
Through the use of vessel characteristics, we achiexgate registration even in the presence of deformaiifuced
by catheters and respiratory motion.

Results for registration of 9 pairs of multiphase CT&TA) and Rotational Digital Angiography (3D XA)
datasets are presented. A quantitative validation of @bestration accuracy using vessel landmarks is pegdron
these 9 datasets. The validation study showed that the methud t® aecover mis-registrations of as large as 120 mm
to within 10 mm. In addition, the computation time is welldpeb0 sec making it attractive for clinical application.
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1. INTRODUCTION

A majority of the methods for image registration, indespread use operate primarily on the image intensities.
These methods have been shown to have a tendency tostgd by local optima. Their limitations are further aifigod
when one is presented with images from different modalitiés aifferent Field of Views (FOV’s) (as is typicah i
interventional applications). In such scenarios, registratging existing algorithms is challenging. The inadequacy of
these algorithms can be attributed to the lack of anatbimiedigence or shape priors in these algorithms.

Intensity based algorithms such as mutual informatiomiéJin widespread use. These algorithms have been shown
to have limitations for image pairs with partial oegrland FOV differences [2]. Moreover, they do not take spatial
information into account. These undesirable characteristics be offset through the incorporation of anatomical
intelligence through shape priors. Landmark based algoritomshe other hand can be very cumbersome from the
workflow perspective, as the user has to manually speaifgntark correspondences. In several situations, such as
interventional applications, this may be infeasible. Theas been precedence of shape models being used in
segmentation. However, we do not know of shape models being msegjistration. Further, existing approaches
(landmark, PCA based) are highly time-consuming and requireiyaint correspondence.

It is desirable that a method for performing image redfisin be provided that does not require explicit spedifina
of landmarks, but uses shape information of target anatomyptmve registration quality. There is an especially strong
case for shape priors in medical imaging, as thersvisadth of clinical knowledge of anatomy (e.g., organs andele$s
that goes un-used in current registration algorithms. Shdqerniation also allows us to focus on the anatomy oféste
in situations where interventional devices (cathetersheteg caused changes to the treatment site, as is typioar
interventions.

2. METHODS

The general registration formulation can be statedvendwo images (scans), a source (fixed) image andyettar
(moving) image, and a similarity measure (cost-functiéfind the best transformation that maximizes the sirjlari
measure between the source and the target image. As ajeense, any point on the source image can be associated
with its corresponding point on the target image by apglyive transformation. The novelty of our method lies in the
use of shape priors within this existing registratiamfi@lation in the following manner:



2.1 Vessel Mask Generation

A binary mask delineating the structure of interest (eegsel tree) is first generated. This mask can be dgedera
using existing segmentation methods or through the use of traapha@ning software[5] applied on the fixed image
(source image). Alternatively, the mask can be geneflayedveraging representations of the target structuresscr
several scans (digital atlas). We then compute the distarap of the mask image using either the Euclidean distance
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metric or the city block distance metric.

Figure 1: lllustration of the ability of the disamap to capture global shape characteristiceriigglocal variations.
Notice how the two writings of the numeral 5 (leflumn) are different geometrically and in connétyj but their
distance map transforms (right column) are veryilaim

An iso-value (lambda in figure 2) is selected on the digtamap such that the level curves (or surface)
corresponding to this iso-value appropriately capture the deaistics of the desired shape. This level curve allomes
to increase the capture range of the cost-function figeee 1). In addition it also allows for a multi-restdun
registration where one can tune the algorithm to capfiotgal-local shape variations.
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Figure 2: Effect of the parameter Lambda on theslad the modified mask used for similarity metr@nputation.
Increasing Lambda allows one to focus on localuggdobal shape characteristics. Increasing laralstaincreases
the capture range of the similarity metric.

2.2 Shape similarity metrics

Formally, given a mask X and its distance map EDT({§,riew maskV can be generated by picking an iso-vdlue
for which:

w={EDT(X) </} @)

A similarity metric (cost-function) is computed cap®nding to the region of overlap of the level-curve (orasa)f
extracted in step 3 and the target image. The level carna&ufface) serves as an effective way to constrain computati
and to speed up the registration. If the mask region be efhgtW, and fixed or source image &s The moving or
target image as M, then the similarity metric dendtg®(F,M) can be any of the following



Product of intensities: This metric captures co-occurreatbsight pixels and is applicable to objects with
contrast injection. It is defined as:
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Where, P (F:M. X)) ang P-(F.M. X are the marginal probability distribution ard~ (F-M-X)is the joint
probability distribution.

Medial axis based: In this metric the medial axis of tiepe is given highest preference for alignment. The
paramete@a controls the weightage given to the medial axis. High wabiealpha disregard pixels that do
not belong to the medial axis.
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An optimization algorithm is used to iteratively maximize ¢ainimize) the cost function by changing the

parameters of the transformation (fig 3). This trans&drom can be a rigid transform (affine) or a non-rigid
transformation (eg. B-Spline).
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Figure 3: Process diagram for shape-based regstrdthe source image can be generated either &rsegmentation

algorithm applied on an image or from a digitaastl

The result of this optimization algorithm is a transfatiorathat allows one to align a source shape (mask)tbeto

target image.



Moving Image Fixed Image

Lambda =0 Lambda = 10 Lambda = 100
(Original Mask)

ri Metric Response Surface
Metric Response Surface p Metric Response Surface

Figure 4: Metric response surface for a translatior30, 30 mm along X and Y axes. This figure shdwww the shape-
based registration is accurately able to positr@nbinima at (0,0) which the optimal location foe tshape used.
Increasing the lambda parameter helps increaseafiterre range of the similarity metric.

3. EXPERIMENTS AND RESULTS

CTA and Rotational Angiography studies of the liver ofaignts planned for chemoembolization for hepatocellular
carcinoma were obtained. All CT examinations were aeduiwith a 4-slice multidetector-row CT (pixel size:
0.3x0.3mm, thickness 0.625mm). Rotational Angiographglies had been acquired intra-operatively with the Flat Panel
Digital Angiography system (pixel size 0.3x0.3mm). Coregt®ons of the CT and Rotational Angiography studies of
each patient were automatically performed using the shapedbregistration algorithm. The distance between 4
corresponding landmarks on the CTA and Rotational Angiographytiessmanually determined. The mean of these
errors was calculated to give an overall indication efrdgistration error.

Fig 5: Assesment of Vessel based Registration ukingVIP’s: (Left) CTA (Arterial injected) pre-opcan (bottom left)
and 3D XA before registration. (Right) CTA (Artdrinjected) registered to 3D XA using the vessealdzhregistration
algorithm. Cursor location shows corresponding {soim hepatic system.



Visually, the algorithm effectively registers CT to 3R based on vascular landmarks. Quantitative evaluation is
presented in the next section.

4. VALIDATION

Validation of the non-rigid registration was through conggar of vascular landmarks between the CT/MR and the
3D XR. The following landmarks were selected on both the fixellragistered image: Celiac — hepatic intersection
(optional), Left Hepatic — Right Hepatic Intersection, A paintLeft Hepatic, A point on Left Hepatic, A point on Right
Hepatic, A point on Right Hepatic
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Figure 6: Validation of the shape based registnatio 9 cases using vascular landmarks; LRE redivoed120mm to 12.7
mm (mean)

In the group of 9 patients, the CRE at vessels wasanom of 1.6 mm and maximum of 13.2 mm (see figure 6).
The computation of the registration took less than 60 seavaadully automatic.

5. DISCUSSION

The novelty of the approach lies in its utilization of shbpeed features to effectively register scans. It doés n
depend on intensity or gradient alone. It has tremendoustiab@s it allows one to use a wealth of clinical knowledge
of anatomy explicitly in an image registration algorithm.

Automated co-registration of CTA to Rotational Angiogragtydies of the liver can be performed allowing
multimodality fusion of anatomic structures during imaggded interventions. This allows maximal utilization o th
best features of multiple imaging modalities. For exampltegration of angiography with MRI during a liver
embolization can leverage the real-time, high spatial uésal of angiography with the three-dimensionality and high
contrast resolution of MRI. Integration with PET/CT ssa&an identify viable portions of tumors within a largess
seen on CT. Lastly, it is likely that less contrast eadiation dose may be necessary when using previous contrast-
enhanced studies integrated during an intervention.
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