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ABSTRACT

The detection of cerebrovascular diseases such as unruptured aneurysm, stenosis, and occlusion is a major
application of magnetic resonance angiography (MRA). However, their accurate detection is often difficult for
radiologists. Therefore, several computer-aided diagnosis (CAD) schemes have been developed in order to assist
radiologists with image interpretation. The purpose of this study was to develop a computerized method for
segmenting cerebral arteries, which is an essential component of CAD schemes. For the segmentation of vessel
regions, we first used a gray level transformation to calibrate voxel values. To adjust for variations in the
positioning of patients, registration was subsequently employed to maximize the overlapping of the vessel regions
in the target image and reference image. The vessel regions were then segmented from the background using gray-
level thresholding and region growing techniques. Finally, rule-based schemes with features such as size, shape,
and anatomical location were employed to distinguish between vessel regions and false positives. Our method
was applied to 854 clinical cases obtained from two different hospitals. The segmentation of cerebral arteries in
97.1% (829/854) of the MRA studies was attained as an acceptable result. Therefore, our computerized method
would be useful in CAD schemes for the detection of cerebrovascular diseases in MRA images.
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1. INTRODUCTION

Before the 1980’s cerebrovascular diseases were first leading cause of death in Japan (Fig.1).! However, because
of the progress in the medical treatment of hypertension, the number of cerebrovascular diseases has gradually
decreased over the years. They are now the third leading cause of death in Japan. As shown in Fig.1(b), the
main cause of this decrease in the number of cerebrovascular diseases is a reduction in cerebral hemorrhages.
However, it should be noted that the numbers of cerebral infarctions and subarachnoid hemorrhages are increas-
ing. Therefore, it is important to reduce the incidence of cerebral infarctions and subarachnoid hemorrhage.
For the early detection of cerebral and cerebrovascular diseases, a screening system, called the Brain Dock or
Brain Check-up, is widely employed in Japan. In this screening system, magnetic resonance imaging (MRI) is
normally utilized. Because of recent developments in MRI, various types of cerebral diseases can be detected.
Therefore, we developed computer-aided diagnosis (CAD) schemes for the detection of lacunar infarcts on T1-
and T2-weighted images,?® leukoaraiosis on T1- and T2-weighted images,® unruptured aneurysms in magnetic
resonance angiography (MRA),”” and occlusions in MRA images.!°

Unruptured aneurysms are frequently identified by the abovementioned screening system. The detection and
management of unruptured aneurysms are important because aneurysm rupture is the main cause of subarachnoid
hemorrhage. However, it is difficult to detect small aneurysms in MRA images because of the overlap between
the aneurysms and the adjacent vessels in a maximum-intensity projection (MIP) image. Therefore, several CAD
schemes for the detection of unruptured aneurysms have been reported.”® 1714 Since an automatic segmentation
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Figure 1. (a) Trend in leading causes of death in Japan. Cerebrovascular diseases are the third leading cause of death in
Japan. (b) Trend in deaths from cerebrovascular diseases in Japan. The numbers of cerebral infarctions and subarachnoid
hemorrhages are increasing.

method for cerebral arteries is an essential component of these CAD scheme, several methods have been reported
so far. However, these methods have problems, i.e., (1) they are time consuming and (2) their performance were
evaluated using small image datasets.

This paper describes a practical method for the segmentation of cerebral arteries in MRA images based on
thresholding and region growing techniques. In addition, we evaluated our method using a large image dataset.

2. MATERIAL

A database consisting of 854 MRA studies was obtained from two different hospitals. 372 of these MRA studies
were acquired on a 1.5 T magnetic image scanner (a Signa Excite Twin Speed 1.5 T; GE Medical Systems) at the
Kizawa Memorial Hospital (Minogamo, Japan). Each of these MRA studies included 76 to 100 slice images. The
axial slice images had a fixed size of 256 x 256 pixels, and the size of the pixels ranged from 0.469 mm to 0.625
mm. The thickness of each slice was in the range of 0.6 mm to 0.8 mm. The remaining 482 MRA studies were
performed using a 1.5 T magnetic image scanner (Symphony; SIEMENS) at Gero Hot Springs Hospital (Gero,
Japan). Each of these MRA studies involved 72 to 80 slice images. The axial slice images had a size of either
256 x 192 or 256 x 176 pixels. The slice thickness of each slice was in the range of 0.7 mm to 1 mm. All of the
MRA studies were conducted using a 3D time-of-flight technique. The acquired MRA data were subsequently
converted to isotropic volume data by using linear interpolation. The size of the converted 3D volume data was
400 x 400 x 200 voxels, and the size of each voxel was 0.5 x 0.5 x 0.5 mm?3. The obtained isotropic volume
data were employed in this study.

3. METHOD
3.1 Gray scale transformation

Our dataset was comprised of MRA images obtained from two different hospitals. These images were acquired
under different conditions. Therefore, the signal intensities of the vessel regions were different in each of the MRA
images. Fig.2 shows two images obtained from the two hospitals. As shown in the histograms of these images,
it is difficult to segment the vessel regions using a fixed threshold value. To overcome this issue, a gray-level
transformation was applied to the 3D MRA image so that the minimum voxel value became zero, and voxels
with values greater than the 99% margin depicted in a cumulative histogram were assigned a maximum value of
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Figure 2. Examples of MRA images obtained from two hospitals. (a) and (b) are MIP images of 3D MRA images. (c)
and (d) are the histograms of (a) and (b), respectively. As shown in these histograms, the signal intensities are different
in the two MRA images. (e) and (f) are the histograms obtained by using a gray scale transformation, respectively.

1024. The gray scale transformation was defined by

{ rap= 22005 -0),  for flig) <C
f'(i,7) = 1024, for C < f(i,7)

where f(i,7) and f'(4,j) are an original image and a new image, respectively. C is the pixel value of 99% in the
cumulative histogram obtained from the original image. As shown in the histograms of Fig.2(e) and Fig.2(f),
the extraction of vessel regions was made easy by using a simple thresholding technique.

3.2 Adjustment of variations in the patient positioning

Fig.3 shows two MRA images acquired at the Gero Hot Springs Hospital and Kizawa Memorial Hospital. As
shown in these figures, there was a difference due to variations in the positioning of the patients. The location
information is a useful feature for the segmentation of cerebral arteries. Thus, we adjusted the location by using
an image registration technique. To reduce the computation time, we made 2D MIP images from the 3D MRA
images and determined a translation vector T'(z,y) in the 2D MIP image. We first selected a reference image
from our database and manually cut out a rectangular region that included vessel regions in the 2D MIP image.
The rectangular image was used as a template. By using the 2D template image and a 2D MIP image of the
target 3D MRA image, we calculated a corresponding point for the image registration. The similarity between
the vessel regions in a template image and the vessel regions in a target image was obtained by

m—1n—1

D(z,y) = Y > Ifelirj) = fuli+ 2,5 +y)l,

=0 7=0

where  =0,---,M —m+1and y =0,---, N —n + 1 when the template is m x n pixels. The image isM x N
pixels, f; shows the template, and f,, is the window in the target image being matched to the template. Position
(z,y) shows the position of the template in the target image. By changing x and y, the template is shifted in
the image and at each shift position the sum of the absolute differences between the corresponding pixels in
the template and window is determined. This metric actually measures the dissimilarity between the template
and the window. The smaller the D, the more similar will be the template and window. We used a sequential
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Figure 3. (a) Example of MRA image acquired at Gero Hot Springs Hospital. (b) Example of MRA image acquired at
Kizawa Memorial Hospital. These images are MIP images of 3D MRA. The differences due to variations in the positioning
of the patients are shown in these images.

similarity detection algorithm (SSDA).!® This method reduced the computation time by stopping the process
when the sum reached a value larger than a previously reached value, since the search was for the smallest sum.
By using the corresponding point, the target MRA images were shifted into a common coordinate. The adjusted
locations in a common coordinate were a useful feature for the segmentation of vessel regions.

3.3 Extraction of the vessel regions

After the gray-level transformation, the vessel regions were segmented from the background by using a gray-
level thresholding method with a threshold level of 700, which was selected empirically. Using this method,
large vessels regions were successfully segmented. However, it was difficult to segment small vessels using this
method because the voxel values in the small vessel regions were low. Therefore, a region growing technique was
subsequently applied to segment the small vessel regions. In this region growing technique, initial seed points
were given as the segmented large vessel regions. The region was grown by appending to each seed point those
neighboring voxels that had a value greater than 500. The growth of the region was stopped when no more
voxels satisfied the criteria.

3.4 Elimination of false positives

Using the techniques described in the previous section, most of the vessel regions were segmented accurately.
However, the candidate regions initially selected also included many false positives (FPs). To eliminate these,
we determined the x and y locations and the volume of each candidate region.

Location. - The x and y locations were defined based on the center of gravity in a candidate region. By using
the method described in Section 3.2, cerebral arteries were located at the central region. Thus, candidates on the
periphery of the cerebral regions had a strong possibility of being FPs. Based on the location, these candidates
could be eliminated as FPs.

Volume. - The volume was defined by the number of voxels in a candidate region, because vessel regions have
a large volume. Therefore, candidates that had a small volume could be eliminated as FPs.

The rule-based scheme with 3 features was employed for the elimination of FPs. Fig.4 shows the result
of eliminating FPs. As shown in these figures, image features related to the location and size were useful for
eliminating FPs.
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Figure 4. Example of elimination of FPs. (a) The resulting image from a region growing technique. Some over segmented
regions are shown in this image. (b) The resulting image from the elimination of FPs. The dotted lines indicate the
thresholds for the x and y locations. By using three features, e.g., the x and y locations, and the size, many FPs can be
eliminated.

3.5 Performance evaluation

It was difficult to identify the voxels of vessel regions in each slice of a 3D MRA image, because the signal
intensities within small vessel regions had low values. Therefore, we evaluated the results by using 2D MIP images.
The performance of the segmentation algorithm could be assessed by comparing the computer-segmented regions
to regions drawn by human observers. The overlap between the computer segmentation and manual segmentation
was given by

_ Area(M (N O)

~ Area(M N C)’

where M is the manually segmented regions and C' is the computer-segmented regions. The overlap ranged
between zero and one, being zero in the case of no overlap and one in the case of an exact overlap.

It was difficult to manually segment the vessel regions in all 854 cases. We also employed a subjective rating
using the MIP image. We used a three-point scale as described in the following. (1) Poor: most of the cerebral
arteries were not well segmented, (2) Fair: most of the vessel regions were well segmented but with some minor
errors, and (3) Good: all of the vessel regions were perfectly segmented.

4. RESULTS AND DISCUSSIONS

We selected 25 cases from the image datasets acquired at Kizawa Memorial Hospital (Kizawa DB), and 25 cases
from the image datasets acquired at Gero Hot Springs Hospital (Gero DB). We manually segmented vessel regions
in a total of 50 cases. The performance of the segmentation algorithm was assessed by using the overlap values
described in Section 3.5. The overlap results for the Kizawa DB and Gero DB were 0.878 and 0.859, respectively.
The overlap result for the 50 datasets was 0.869.

For the subjective evaluation, the proposed method was applied to 854 clinical cases obtained from two
different hospitals. Table 1 shows the subjective rating results for the entire image database. The results
obtained for the Kizawa DB showed that 197 (40.9%) cases were rated good, 267 (55.4%) cases were rated fair,
and 18 (3.7%) cases were rated poor, respectively. On the other hand, the results obtained for the Gero DB
showed that 134 (36.0%) cases were rated good, 231 (62.1%) cases were rated fair, and 7 (1.9%) cases were rated
poor. Fig.5 shows examples of the good, fair, and poor segmentation results. In a fair segmentation result, some
small vessel regions were not segmented accurately. However, this posed no problem for the application to the
automatic detection of unruptured aneurysms in MRA images, because unruptured aneurysms cannot be found
in such small vessel regions. The results rated good or fair were considered acceptable and would be adequate
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Good Fair Poor Sum

197 267 18

KizawaDB (40 99%)  (55.4%)  (3.7%)

482

134 231 7

Gero DB (36.0%)  (621%)  (1.9%)

372

Table 1. The results for the automatic segmentation of vessel regions for the entire image database.

Figure 5. The images and results of vessel segmentation. The upper images are the original images. The bottom images
are the result images. (a) Good segmentation result. (b) Fair segmentation result. (c) Poor segmentation result.

for clinical use. Overall, the segmentation of vessel regions in 97.1% (829/854) of the MRA studies attained a
clinically acceptable result.

5. CONCLUSIONS

We developed a computerized method for segmenting cerebral arteries in MRA images. The results of experiment
that used a large image database indicated that 97.1% (829/854) of the MRA studies achieved acceptable
segmentation results. Therefore, our computerized method would be useful for the segmentation of vessel regions
in MRA images.
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