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Abstract. In this paper, we propose a robust 3D rigid registration technique for 
detecting cerebral aneurysms, arterial stenosis, and other vascular anomalies in 
a brain CT angiography. Our method is composed of the following four steps. 
First, a set of feature points are selected using a 3D edge detection technique 
within skull base. Second, a locally weighted 3D distance map is constructed 
for leading our similarity measure to robust convergence on the maximum 
value. Third, the similarity measure between feature points is evaluated repeat-
edly by selective cross-correlation. Fourth, bone masking is performed for ef-
fectively removing bones. Experimental results show that the performance of 
our method is very promising compared to conventional methods in the aspects 
of its visual inspection and robustness. In particular, our method is well applied 
to vasculature anatomy of patients with an aneurysm in the region of the skull 
base. 

1   Introduction 

Computed tomography (CT) angiography [1-3] is a useful and noninvasive imaging 
technique for the evaluation of both the intra- and extracranial vasculature. If the 
injection of a bolus of intravenous contrast material is timely controlled, CT scans can 
capture the arterial phase in a large volume of patient anatomy. This makes it possible 
to detect cerebral aneurysms, arterial stenosis, and other vascular anomalies in the 
intra- and extracranial arteries. 

To get an arterial anatomy in three-dimensional views, source images from CT an-
giography are often displayed using volume rendering techniques [4-5]. A drawback 
of the volume rendering techniques is that extensive preprocessing is needed for bone 
removal. Although some software tools are available, the bone removal process is still 
time-consuming and often incomplete. In addition, separating arteries from bone or 
perivascular calcification are difficult particularly in the areas where arteries are con-
tiguous with the bone. As a consequence, aneurysms in the region of the skull base 
are obscured by bone. These difficulties of bone removal limit the clinical application 
of volume rendering techniques. 

A conventional approach of delineating vessels from bone is to subtract enhanced 
images which taken after injecting a contrast material from nonenhanced images. This 
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subtraction technique assumes that tissues surrounding vessels do not change in posi-
tion or density during exposure. However, even minor patient movement results in 
severe distortion or artifacts since the contrast between vessels and surrounding tis-
sues is significantly smaller than that between bone and surrounding tissues. Without 
the proper handling of patient motion artifacts, the clinical application of a subtraction 
method is very limited. Even though the motion of a patient can be minimized by 
taking special precautions of either patient, acquisition system, or both [6], artifacts 
can not be entirely avoided. To reduce patient motion artifacts, we have to use a retro-
spective image processing techniques. 

Several registration techniques have been proposed to reduce patient motion arti-
facts in brain CT angiography. A common registration method used in radiology is a 
manual method which translates and rotates images by interactive but tedious and 
time-consuming user interactions. In addition, this requires the clinical knowledge 
and experience. Pixel shifting [7] provides a solution in the situation where artifacts 
have been caused by gross two-dimensional translational motion. In most cases, pa-
tient motion is more spatial and complex and cannot be modeled by such a simple 
transformation. Yeung et al. [8] proposed a 3D feature detector and a 3D image flow 
computation algorithm for matching feature points between enhanced and nonen-
hanced images of brain CT angiography. The processing time for finding 3D feature 
points takes too much time since the interest index of each voxel position is found by 
comparing variance values in all 13 directions. Venema et al. [9] developed a global 
matching method using gray value correlation of skull bases in two time interval brain 
CT angiography. The alignment by minimizing the difference of intensity values of 
the both skull bases may not be accurate because the same pixel of individual CT 
scans may have different density. For the same purpose, Kwon et al. [10] proposed a 
mutual information-based registration. However, the limited information only using 
the area of skull base for similarity measure does not guarantee the exact alignment. 

These registration methods can minimize patient motion artifacts, however, they 
still need some progress in computational efficiency and robustness for the clear visu-
alization of  cerebral vessels in CT angiography. In this paper, we propose a robust 
3D rigid registration technique for the detection of cerebral aneurysms, arterial steno-
sis, and any other anomalies in brain CT angiography. Our method consists of the 
following four steps. First, a set of feature points is selected using a 3D edge detection 
technique within the skull base. Second, a locally weighted 3D distance map is con-
structed for leading our similarity measure to robust convergence on the maximum 
value. Third, the similarity measure between feature points is evaluated repeatedly by 
selective cross-correlation. Fourth, the bone masking process is performed for 
removing bones. Experimental results show that our method is more robust than the 
conventional methods.  

The organization of the paper is as follows. In Section 2, we discuss how to extract 
and select feature points in an angiographic image. Then we propose a similarity 
measure and the optimization process to find exact geometrical relationship between 
feature points in the enhanced and nonenhanced images. In Section 3, experimental 
results show how the method accurately and robustly extracts the extra- and intracra-
nial vessels from the brain CT angiography. This paper is concluded with a brief dis-
cussion of the results in Section 4. 
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Fig. 1. The pipeline of 3D rigid registration 

 

Fig. 2. Shutter information in brain CT an-
giography image 
 

2   3D Rigid Registration 

Fig. 1 shows the pipeline of our method 
for the registration of enhanced and 
nonenhanced images. To find exact 
geometrical relationship between two 
volumes, one dataset is fixed as mask 
volume whereas other dataset is defined as 
contrast volume which taken after 
injecting a contrast material to mask 
volume. The contrast volume is moved 
during the iterative alignment procedure. 
Interpolating the contrast volume at grid 
positions of the mask volume is required 
for each iteration depending on the 
transformation. Since rigid transformation 
is enough to align the skull base, we use 
three translations and three rotations about 
the x-, y-, z-axis. After transformation, the 
mask is slightly widened by means of 
dilation with 1-pixel to allow partial-
volume effects and acceptable small 
mismatch. Finally, extracted vessels are 
displayed by a conventional volume 
rendering technique. 

2.1   Feature Points Selection 

A traditional approach of finding the 
correspondence between mask and 
contrast volume of brain CT angiography 
requires voxel by voxel correspondence 
test for entire volume. This is 
computationally expensive and cannot 
lead to a clinically accepted technique. 
Since artifacts almost appear in the region 
where strong edges are present in the 
subtracted image, we can accelerate the 
registration procedure by processing 
voxels belonging to image edge area only 
instead of all voxels in the volume. 

Our feature identification uses a 3D operator for utilizing spatial relations in vol-
ume data. At first, in order to align skull base which represents rigid object bounda-
ries in brain CT angiography, we only use pixels with a CT number above a chosen 
threshold. Shutter information of CT angiography shown in Fig. 2 is removed since it 
leads to misalignment by detecting the boundary of the shutter as a feature.  Then 3D 
edge detection technique is applied to the skull base in mask and contrast volume, 
respectively. Just like their two-dimensional counterparts, 3D edges are usually de-
fined as discontinuities of image intensity caused by the transition from one homoge-
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neous 3D region to another 3D region of different mean intensity. The location of 
rigid object boundaries can be computed by detecting local maxima of the gray-level 
gradient magnitude. Since rigid object boundaries are scale-dependent image features, 
they can only be detected by using derivatives which allows finer tuning for detecting 
the required edge scale. Among detected features, algorithm selects a predefined 
number feature points enough to ensure even distribution of feature points in the skull 
base. 

2.2   Locally Weighted 3D Distance Map Generation 

Registration between selected feature points is likely to converge to local optimum 
near to global maximum depending on the initial position. To prevent this occurrence 
we need to find the optimum value of the similarity measure within the global search 
space. However, this approach increases the computation time by the proportion to 
the size of the search space. To minimize the search space and guarantee the conver-
gence to the optimum value, we generate a locally weighted 3D distance map per each 
feature point. This map is generated only for the mask volume. 

For generating 3D distance map, we approximate the global distance computation 
with repeated propagation of local distances within a small neighborhood mask. To 
approximate Euclidean distances, we consider 26-neighbor relations for a chessboard 
distance to be the same distance as 1-distance value. The chessboard distance is ap-
plied to each feature point in the mask volume. Then the weighting factor xyzW  is 

multiplied to the chessboard distance as like Eq. (1). The mask size N of locally 
weighted 3D distance map is fixed as 999 ×× . Largest weighting factor is assigned 
to the center of mask while the smallest weighting factor to boundary of mask.  

|| xxx CMD −= ,   || yyy CMD −= ,   || zzz CMD −=  
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2
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zyxxyz DDDMaxNW −+=  

(1) 

where M  and C  be the current and the center position of locally weighted-3D dis-
tance mask. xD , yD , zD  is the difference of x-, y-, and z-axis between the current and 

the center position in locally weighted 3D distance mask. 
Fig. 3(a) shows the locally weighted 3D distance map when N  is fixed as 

555 ×× . Fig. 3(c) shows the cut plane of the volume of a locally weighted 3D dis-
tance map when the distance map of Fig. 3(a) is applied to feature points as shown in 
Fig. 3(b). Each color shown in Fig. 3(c) represents the distance value of the locally 
weighted distance map. 

2.3   Similarity Measure and Optimization 

The similarity measure is used to determine the degree of resemblance of windows in 
successive frames. Several similarity measures have been devised and applied to an-
giographic images – the sum of squared intensity differences, cross-correlation, and 
the entropy of the difference image. However, most of these similarity measures are 
sensitive to mean gray-level offset and local dissimilarities caused by contrasted ves-
sels. We propose the selective cross-correlation as a similarity measure which only 
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uses feature points near to skull base. Our approach reduces sensitivity to mean gray-
level offset or local dissimilarities by incorporating distance information of a locally 
weighted distance map into the similarity measure. 

As can be seen in Eq. (2), the local weighting factor of a 3D distance map in mask 
volume is multiplied to the distance in contrast volume. We assume that the distances 
of feature points in contrast volume, )(iDC , are all set to 1. Then the selective cross-

correlation SCC  reaches maximum when feature points of mask and contrast volume 
are aligned correctly. 
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where CN  is total number of feature points in contrast volume, )(iPC  is the position 

of i-th feature point in contrast volume.  The weighting factor of the current feature 
point of contrast volume, )(iWM , is obtained from the corresponding locally 

weighted 3D distance map in mask volume. 
To evaluate the selective cross-correlation of large samples from volume dataset, 

we use the Powell’s method. Since the search space of our similarity measure is lim-
ited to the surrounding skull base, we do not need a more powerful optimization algo-
rithm such as simulated annealing. For example, Fig. 4 shows the process of optimiz-
ing the selective cross-correlation. Fig. 4(a) and (b) are feature points selected from 
mask and contrast volume, respectively. In the initial position in Fig. 4(c), the number 
of matching feature points is 6 pixels. Finally, the number of matching feature points 
becomes 12 pixels when the selective cross-correlation reaches the maximum value.  

2.4   Bone Masking 

A traditional approach for enhancing vessels after alignment is to subtract trans-
formed contrast volume to mask volume. However it is very difficult to remove bone 
completely using a traditional subtraction technique since densities between mask and 
transformed contrast volume can be different even in the same pixel position. In addi-
tion, partial-volume effects near to bone area and slight amounts of mismatch make it 
possible to generate artifacts in subtraction images. For the more complete removal of 
bones, we propose a bone masking instead of a traditional subtraction technique.  

    
 (a) (b) (c) 

Fig. 3. A locally weighted 3D distance map 
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Our bone masking process first identifies bone pixels in the mask volume by 
applying the threshold value of 1500HU. The identified bone pixels as mask is then 
slightly widened by means of dilation with 1-pixel to allow for partial-volume effects 
and slight amount of mismatch. Finally, pixels in contrast volume which are corre-
sponding to pixels in mask volume are set to an arbitrarily low value. This results in 
the removal of bones in the volume rendering image of contrast volume.  

   
 (a) (b) 

   
 (c) (d) 

Fig. 4. The process of optimizing the selective cross-correlation (a) feature points in mask 
volume (b) feature points in contrast volume (c) initial position (d) final position 

3   Experimental Results 

All our implementation and test were performed on an Intel Pentimum IV PC contain-
ing 3.0 GHz CPU and 1.0 GBytes of main memory. Our method has been applied to 
nine sets of enhanced and nonenhanced images of brain CT angiography, as described 
in Table 1, obtained from MDCT (Multi-Detector Computed Tomography). We as-
sume that image and pixel sizes are the same in enhanced and nonenhanced images.  

Table 1. Experimental datasets 

Patient # Image size Slice number Pixel size Slice spacing 
1 512 x 512 185 0.30x 0.30 0.3 
2 512 x 512 220 0.32 x 0.32 0.3 
3 512 x 512 98 0.33 x 0.33 0.7 
4 512 x 512 220 0.31 x 0.31 0.3 
5 512 x 512 205 0.31 x 0.31 0.3 
6 512 x 512 37 0.28 x 0.28 1.0 
7 512 x 512 200 0.25 x 0.25 0.3 
8 512 x 512 220 0.34 x 0.34 0.3 
9 512 x 512 201 0.29 x 0.29 0.3 
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The performance of our method is evaluated with the aspects of visual inspection 
and robustness. The average processing time including volume rendering of nine sets 
is less than 60 seconds. Fig. 5 shows the two-dimensional comparison of a regular 
subtraction method and the proposed method. We can see many misalignments in Fig. 
5 (c), whereas brain vessels are clearly depicted in Fig. 5 (d). Note that intracranial 
vessels mingling with bone in the middle part of brain are also well separated from 
skull base. The intracranial vessels in Fig 5 (c) were shrunk by the lack of alignment 
process of enhanced and nonenhanced images. 

   
 (a) (b) 

   
 (c) (d) 

Fig. 5. Comparison of regular subtraction and the proposed method (a) enhanced image (b) 
nonenhanced image (c) regular subtraction (d) proposed method 

Volumetric images resulted from regular subtraction and the proposed method are 
illustrated in Fig. 6. Both regular subtraction and the proposed method can reveal the 
vasculature in the skull base, which are obscured by bone. While the quality of regu-
lar subtraction image was substantially reduced by patient motion artifacts, our 
method can keep the quality of the original image. Our method would be useful for 
the visualization of the vasculature of the patients with an aneurysm in the region of 
the skull base.  

The robustness of the selective cross-correlation (SCC) criterion has been evalu-
ated by comparing SCC measure traces (represented by circle dot line) with cross-
correlation (CC) measure traces (represented by square dot line). As shown in Fig. 7, 
the changes of SCC measure are smooth near to the maximal position, but CC meas-
ure is changed rapidly. This means that the CC measure for similarity evaluation is 
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more likely to converge to the local maximum, whereas the SCC measure is more 
robust in converging to the global maximum. 

  
  (a)  (b) 

Fig. 6. Volume rendering images with an ROI of aneurysm in brain CT angiography (a) regular 
subtraction (b) proposed method 

 
 (a) (b) 

Fig. 7. Comparison of SCC and CC traces (a) for translation in the x-direction (b) for rotation in 
the z-direction. 

4   Conclusion 

To clearly visualize cerebral vessels, we have developed a system for aligning en-
hanced and nonenhanced images of brain CT angiography. Our methods include 3D 
feature point selection within the skull base, the generation of a locally weighted 3D 
distance map of each feature point, iterative 3D rigid registration to maximize the 
similarity measure, the SCC, between feature points, and bone masking. Our method 
has been successfully applied to the enhanced and nonenhanced brain images of nine 
different patients. Experimental results show that our registration is clinically useful 
by the fact that the method is very little influenced by image degradation occurred in 
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bone-vessel interface. For all experimental patients, good visualization of cerebral 
vessels on the volume rendering image can be obtained. In particular, our method has 
been well applied to vasculature anatomy of patients with an aneurysm in the region 
of a skull base.  
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