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ABSTRACT

A method is proposed to segment anatomical regions of the brain from 4D computer tomography (CT) patient
data. The method consists of a three step voxel classification scheme, each step focusing on structures that are
increasingly difficult to segment. The first step classifies air and bone, the second step classifies vessels and the
third step classifies white matter, gray matter and cerebrospinal fluid. As features the time averaged intensity
value and the temporal intensity change value were used. In each step, a k-Nearest-Neighbor classifier was used
to classify the voxels. Training data was obtained by placing regions of interest in reconstructed 3D image data.
The method has been applied to ten 4D CT cerebral patient data. A leave-one-out experiment showed consistent
and accurate segmentation results.

1. DESCRIPTION OF PURPOSE

Automatic segmentation of the anatomical structures of the brain is an important step for further analysis and
clinical applications. Segmentations can be used for visualization, quantification or for the development of com-
puter aided detection (CAD) systems. Examples of CAD applications include white matter (WM) and gray
matter (GM) volume quantification and the automated detection of vessel pathology, like stenoses, calcifications
and aneurysms.
During a 4D CT acquisition, also called dynamic CT or perfusion CT acquisition, multiple 3D CT scans are made
over time usually right after contrast fluid injection. A typical acquisition spans 20 to 40 seconds depending on
the clinical application. In case of a suspected stroke for example, a dynamic acquisition of the head will contain
the same information as can be acquired from a standard 3D head protocol, including non-contrast CT and
CT angiography (CTA), and in addition, will provide valuable timing information of the in-flow and out-flow of
contrast agent which can be used e.g. to determine perfusion values such as the cerebral blood flow, cerebral
blood volume and mean transit time and can be used as feature in image post-processing applications to segment
anatomical structures.
In this work we focus on the segmentation of air, bone, vessels, WM, GM and cerebrospinal fluid (CSF) using
image intensity and timing information by proposing an integral segmentation method. Segmentation of the
anatomical structures in the brain in CT and CTA has mainly been focused on each individual structure sepa-
rately, and in particular the cerebral vasculature has been the focus of intensive research in the last decades.1

Soft tissue segmentation has almost exclusively been the domain of Magnetic Resonance Imaging (MRI) because
of its far superior soft tissue differentiation.2–4 Some exceptions can be found, in which methods are proposed to
segment the ventricles from CT.5,6 Other methods segment the whole brain by combining modalities.7 Latest
advances in CT technology enables multiple volumetric acquisition with very short rotation time and we think
the acquired timing information of the contrast fluid dynamics brings soft tissue segmentation into the realm
of CT imaging. To our knowledge this work is the first in which a method has been presented for the full
segmentation of the anatomical structures in the brain in 4D CT.
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2. METHOD

A three step classification scheme was used to classify voxels into one of the following labels: air, bone, WM,
GM, vessels and CSF. The 4D CT image data was processed and training data was obtained by placing regions
of interest (ROIs) in the processed images. This training data was used to train the classifiers.

Patient data CT perfusion data sets from ten patients with suspicion of stroke from the Dutch Acute Stroke
Trial (DUST) were included and were acquired at the department of Radiology of Leiden University Medical
Center on the Aquilion ONE CT scanner from Toshiba Medical System Corporation (TMSC, Japan). A dynamic
scan was acquired by scanning 24 3D volumes. Each volume was scanned at 0.75 seconds rotation time, with
80 kV tube voltage setting and field-of-view of 16 cm and resulted in 512×512×320 voxels resolution. The total
scanning time was 202 seconds and the total tube current was 3397.5 mAs.

Image reconstruction Reconstruction starts with image registration to compensate for possible patient
movement during scanning. In each 3D volume the skull was extracted by thresholding the image at 600
Hounsfield units (HU) and extracting the largest connected component of the remaining voxels. All the 24 3D
volumes are registered affine (only rotation and translation) to the first 3D volume using using Elastix.8

Next we extract 3D images from the registered 4D volume to obtain higher signal-to-noise ratio images than each
time frame individually. The following images are reconstructed: the temporal average (TA), the non contrast
CT (NCCT), the timing invariant CTA (CTATI) and the temporal intensity change (TIC) image.

(a) Individual time frame (b) NCCT (c) TA

(d) CTATI (e) TIC

Figure 1. Reconstructed 3D images from a 4D CT acquisition are shown: a) an individual time frame, b) non contrast CT
image, c) the temporal average image, d) the timing invariant CTA image and e) the temporal intensity change image.
These images are all maximum intensity projections over a slab of 5 mm. Window width/level a-c: 100/80 HU, d-e:
2000/800 HU.

The non contrast CT (NCCT) image is reconstructed by taking a temporal average of only the first three
time points. The CTATI is reconstructed by first applying a temporal Gaussian filter (σ 3 voxels) to the 4D
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data. The CTATI is the maximum value of the smoothed curve and can be used to highlight the vessels in the
brain.9

The TIC is calculated as the area under the curves of the absolute Gaussian temporal derivative (σ 3 voxels).10

The TIC is a measure for the total intensity variation in a voxel throughout the passage of contrast material.
Using this information vessels can be distinguished from structures with a constant intensity like bone.
Examples of an individual time frame and the reconstructed images are shown in Figures 1(a-c) and examples of
the CTATI and the TIC are shown in Figures 1(d-e). The large white circle enclosing the head in the TIC image
indicated the scanner bore and is exactly on the boundary between voxels that are measured with an intensity
value of -1024 HU (air) and the default voxels, with an intensity value of -2048 HU. The high TIC in these voxels
is due to small registration errors.

Training data The TA, NCCT and CTATI images were used for obtaining training data. Small ROIs were
placed in these data sets by one expert observer in areas with full certainty they belong to one particular label.
Examples of the annotated ROI’s are shown in Figure 2. The voxels inside these regions of interest were used as
training data for the classification.
We used the CTATI for the annotation of vessel structures, the TA was used to annotate air, bone, WM, GM
and CSF. The CTATI was used for the annotation of vessels rather than the TIC, because this image shows a
good representation of the vessels in the image, while at the same time containing the anatomical information
about other high intensity structures, like bone.

(a) White matter (b) Gray matter (c) Cerebrospinal fluid (d) Air

Figure 2. Examples of annotations on TA images. Window width/level 100/80 HU.

Three step classification A k-Nearest-Neighbor (kNN) classification has been adopted using two image
features, the TA and TIC. The TIC was used rather than the CTATI, because the TIC highlights only the
vessels, where the CTATI highlights all structures that have a high intensity value. Classification was done in
three steps, focusing on structures that are increasingly difficult to segment. A scheme of these steps is shown in
Figure 3. In the first step, all the voxels were classified into three parts: air, bone and the all remaining labels
(subset A), using only TA as feature. In the second step the vessels were classified using only the TIC. The
voxels that were classified as subset A in step one, are now separated into two new labels: vessels and remaining
labels (subset B). In step three, the voxels classified as subset B are classified as one of the following labels: WM,
GM or CSF, using TA to train a classifier.
In each of the three classification steps, a kNN classifier was used with k set to 5. Before each step the training
data was subsampled to approximately 300 training samples per label in order to reduce computation time. In
each step probabilities are calculated for each voxel for each label. In step one and three, the voxel was assigned
to the label with the highest probability, but only if this probability was larger than 50%. In step two, the voxel
was assigned to the label with the highest probability, but only if this probability was larger than 80%. This
difference is made because in step two the voxels are divided into two labels, in step one and three the voxels
are divided into three labels.
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Figure 3. Classification of voxels in three subsequent steps, using the TA image, the TIC image and finally the TA image
again.

3. RESULTS

Ten data sets were used to test the method using a leave-one-out manner. For each experiment data for one
patient was classified by a classifier trained using the ROIs annotated on the remaining nine patient data. Results
are shown in Figure 4, together with the corresponding TA images. The black voxels in these images are the
voxels where the probability was too low to classify (<50%), these voxels were not classified.
The voxels inside the annotated ROIs are used to validate the results of the classification. The label that was
given to each voxel in the annotation was compared with the label found after classification. Results are shown in
Table 1. The high numbers on the diagonal indicate that for the majority of labels the classification correspond
to the ROIs.

Table 1. Quantitative results of classification, based on the voxels inside the annotated ROIs
Ground truth

WM GM Bone Vessel CSF Air

Classification results

WM 64380 780 0 0 0 0
GM 0 12050 10 0 0 0
Bone 0 0 14610 0 0 90
Vessel 0 0 0 2010 0 0
CSF 250 0 0 0 9020 10
Air 0 0 0 0 0 163310

Unlabeled 1020 1940 0 0 0 0

4. CONCLUSION AND DISCUSSIONS

An approach to segmentation of anatomical structures from 4D CT brain has been presented using kNN voxel
classification with timing average and temporal intensity change as image features. Preliminary results indicate
the feasibility of our approach to segment anatomical structures from 4D CT data.
This work has some limitations. The observer only annotated ROIs at positions having full certainty the un-
derlying voxels belonged to a certain label, which explains the high correspondence of the values in Table 1.
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Figure 4. Classification results of the proposed method for ten data sets. Labels: WM (yellow), GM (green), CSF (blue),
vessels (red), bone (pink) and air(gray). Each result is shown together with the corresponding TA images (Window
width/level: 100/80 HU).
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Further research is warranted on the use of more complicated classifiers using an extended range of features,
including spatial features e.g. obtained from pre-segmented MR brain atlases. Furthermore the reference stan-
dard obtained should be improved by annotating in particular boundaries between tissues using multiple expert
observers. Second, we did not take reconstruction artifacts into account and especially cupping artifacts11 at the
bone-brain interface may have a large influence on the accuracy of the segmentation results, because the CSF
near the bone will display too high CT numbers. Results in Table 1 do not reflect this, because these are only
the results of the annotated regions. Most annotations of the CSF were made in the ventricles rather than in
the CSF near the bone.
Finally, by using a hierarchical approach for segmentation of anatomical structures, errors may propagate in
subsequent steps of the method which cannot be corrected. Depending on the (clinical) application a further
refinement of the segmentation results is required, by considering an iterative segmentation process and by taken
into account that the structures have closed-form boundaries.

ACKNOWLEDGMENTS

We would like to thank Dr. Marianne van Walderveen from Leiden University Medical Center and Drs. Tom
van Seeters from University Medical Center Utrecht, the Netherlands for their cooperation in providing data sets
from the DUST study. This work was supported by a grant from Toshiba Medical Systems Corporation, Japan.

REFERENCES

[1] Lesage, D., Angelini, E. D., Bloch, I., and Funka-Lea, G., “A review of 3d vessel lumen segmentation
techniques: models, features and extraction schemes,” Medical Image Analysis 13, 819–845 (2009).

[2] Anbeek, P., Vincken, K. L., van Bochove, G. S., van Osch, M. J. P., and van der Grond, J., “Probabilistic
segmentation of brain tissue in MR imaging,” Neuroimage 27, 795–804 (2005).

[3] Artzi, M., Aizenstein, O., Hendler, T., and Bashat, D. B., “Unsupervised multiparametric classification of
dynamic susceptibility contrast imaging: study of the healthy brain,” Neuroimage 56, 858–864 (2011).

[4] Bezdek, J. C., Hall, L. O., and Clarke, L. P., “Review of MR image segmentation techniques using pattern
recognition,” Medical Physics 20, 1033–1048 (1993).

[5] Liu, J., Huang, S., Ihar, V., Ambrosius, W., Lee, L. C., and Nowinski, W. L., “Automatic model-guided
segmentation of the human brain ventricular system from CT images,” Academic Radiology 17, 718–726
(2010).

[6] Chen, W., Smith, R., Ji, S.-Y., Ward, K. R., and Najarian, K., “Automated ventricular systems segmen-
tation in brain CT images by combining low-level segmentation and high-level template matching,” BMC
Medical Informatics and Decision Making 9, S4 (2009).

[7] Xia, Y., Eberl, S., Wen, L., Fulham, M., and Feng, D. D., “Dual-modality brain PET-CT image segmenta-
tion based on adaptive use of functional and anatomical information,” Computerized Medical Imaging and
Graphics (2011).

[8] Klein, S., Staring, M., Murphy, K., Viergever, M. A., and Pluim, J. P. W., “elastix: a toolbox for intensity-
based medical image registration,” IEEE Transactions on Medical Imaging 29, 196–205 (2010).

[9] Smit, E., Vonken, E., van der Schaaf, I., Mendrik, A., Dankbaar, J., Horsch, A., van Seeters, T., van Gin-
neken, B., and Prokop, M., “Timing-invariant reconstruction for deriving high-quality computed tomography
angiography from cerebral CT-perfusion data,” Radiology (2012). Article in press.

[10] Mendrik, A., Vonken, E., van Ginneken, B., Smit, E. J., Waaijer, A., Bertolini, G., Viergever, M. A., and
Prokop, M., “Automatic segmentation of intracranial arteries and veins in four-dimensional cerebral CT
perfusion scans,” Medical Physics 37, 2956–2966 (2010).

[11] Barrett, J. F. and Keat, N., “Artifacts in CT: recognition and avoidance,” Radiographics 24, 1679–1691
(2004).

Proc. of SPIE Vol. 8314  83144B-6


	SPIE Proceedings
	MAIN MENU
	Contents
	Search
	Close


