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ABSTRACT

Segmentation of anatomical structures is fundamental in the development of computer aided diagnosis systems
for cerebral pathologies. Manual annotations are laborious, time consuming and subject to human error and
observer variability. Accurate quantification of cerebrospinal fluid (CSF) can be employed as a morphometric
measure for diagnosis and patient outcome prediction. However, segmenting CSF in non-contrast CT images
is complicated by low soft tissue contrast and image noise. In this paper we propose a state-of-the-art method
using a multi-scale three-dimensional (3D) fully convolutional neural network (CNN) to automatically segment
all CSF within the cranial cavity. The method is trained on a small dataset comprised of four manually annotated
cerebral CT images. Quantitative evaluation of a separate test dataset of four images shows a mean Dice similarity
coefficient of 0.87 ± 0.01 and mean absolute volume difference of 4.77 ± 2.70 %. The average prediction time was
68 seconds. Our method allows for fast and fully automated 3D segmentation of cerebral CSF in non-contrast
CT, and shows promising results despite a limited amount of training data.
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1. INTRODUCTION

Segmentation of anatomical structures forms the basis for computer aided diagnosis (CAD) of cerebral pathologies
in acute stroke. Cerebral anatomy volumes as well as volumes of infarcted or hemorrhagic regions are important
morphometric measures for treatment selection, evaluation of the severity of stroke and outcome prediction. To
obtain such quantitative measures, an accurate differentiation of cerebrospinal fluid (CSF) from surrounding
cerebral soft tissue is necessary. Furthermore, CSF volume itself is a valuable measure that can be used to
estimate the severity of cerebral edema, assess cerebral atrophy in healthy ageing adults and neurodegenerative
diseases, and predict neurocognitive outcome in hydrocephalus.1–3

CSF has intensity values within a specific range in CT, which distinguishes it from surrounding tissue. However,
this contrast is reduced by image noise, intensity variations caused by signal attenuation and beam hardening
effects. As a result, CSF shares intensity values with its surroundings and is not easily segmented in CT images.

Previously, methods have been described that used models or templates to guide the segmentation of CSF in
CT images.4–7 These methods fail to segment extra-ventricular CSF, which constitutes the greatest part of the
total intracranial CSF volume.8

In recent years, convolutional neural networks (CNN) have shown high performance levels in completing image
segmentation tasks.9,10 Previously, most methods consisted of architectures for segmenting two-dimensional (2D)
images. Few architectures for three-dimensional (3D) image segmentation have been proposed. These 3D CNNs
were either efficient by using a fully convolutional approach to predict multiple voxels simultaneously, or accurate
by combining multi-scale information. However, recent work has combined context information integration from
multiple scales with a 3D fully convolutional architecture for fast dense prediction of arbitrary input sizes larger
than a single voxel.11
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In this paper, we propose a state-of-the-art approach using a multi-scale 3D fully convolutional neural network
for the automatic segmentation of CSF in non-contrast CT. The method is compared to a manually annotated
reference standard.

2. METHOD

2.1 Data

This study was approved by the institutional ethics committee, and the requirement for informed consent was
waived. Anonymized data was obtained by retrospectively searching our clinical-research image database for eight
adult patients that received a non-contrast CT of the head of the head at the Radboud University Medical Center,
Nijmegen, the Netherlands between January 1st 2015 and December 31st 2015. All images were acquired using
a 320-row Toshiba Aquilion ONE CT scanner manufactured by Toshiba Medical Systems Corporation, Otawara,
Japan. The CT protocol consisted of one helical head scan at 120 kV. CT image reconstruction was done with a
smooth reconstruction kernel (FC26). The average image size was 512 x 512 x 320 voxels with voxel sizes of 0.43
x 0.43 x 0.5 mm. All images were visually inspected for quality and manually annotated by a trained observer
to delineate all CSF in the cranial cavity. Four images were used to train the method. A separate dataset of
four images was used for quantitative evaluation.

2.2 Network architecture

A 3D fully convolutional neural network inspired by recent work is proposed.11 The method utilizes context
information on multiple scales for the dense prediction of CSF at each voxel location, as shown in Figure 1.
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Figure 1. Architecture of multi-scale 3D fully convolutional neural network. Boxes represent feature maps. Italic numbers
above arrows represent the number of filters used. ReLu represents a rectified linear unit. For each convolution, batch
normalization (BN) is introduced to normalize the layer’s inputs.

A tile of 64 x 64 x 64 voxels is used as input for the CNN which consists of three scales. The first two scales
consist of a left and right pathway. In the left pathway the input tile passes through two convolutions of 3 x 3
x 3 followed by a rectified linear unit (ReLu), succeeded by a 2 x 2 x 2 max pooling with strides of two in each
dimension. The right pathway consists of a 2 x 2 x 2 upscaling with strides of two in each dimension of the
output of the lower scale. This is concatenated with the output of the left pathway, followed by two convolutions
of 3 x 3 x 3 and a ReLu. The final scale consists of two convolutions of 3 x 3 x 3 followed by a ReLu. The
output tile with a dimension of 24 x 24 x 24 passes through a 1 x 1 x 1 convolution followed by a ReLu. For each
convolution, batch normalization (BN) is introduced to normalize the layer’s inputs. Finally, a softmax function
is calculated over the volume to obtain the segmentation class probabilities.



2.3 Training

The cranial cavity is defined as all soft tissues and CSF, including the meninges, cerebrum and ventricles,
cerebellum and brain stem. This is segmented for each CT study using multi-atlas registration and levelset
refinement.12 Within the resulting segmentation all CSF is manually annotated by a trained observer, as shown
in Figure 2. Random coordinates are equally sampled from the annotated cranial cavity mask for CSF and brain
tissue. The coordinates are used as center point to extract tiles of 64 x 64 x 64 voxels in the CT images and tiles
of 24 x 24 x 24 voxels in the annotated binary masks. These tiles are used as input for the CNN during training
and validation. An example of these tiles is shown in Figure 3.

Figure 2. Axial plane shown of CT image (left) and manually annotated reference standard (right). White pixels in the
reference standard represent brain tissue, grey represents CSF.

Figure 3. Multiple axial tiles of CT image (left) and manually annotated reference standard (right). White pixels in
the reference standard represent negative samples, grey represent positive samples. Numbers on axes represent voxel
coordinates within the tiles.

Only voxels present in the cranial cavity are considered for the calculation of the cross-entropy loss function.
Stochastic gradient descent is used to minimize the loss with a learning rate of 10-4 and Nesterov momentum of
0.9. L1-regularization of 10-6, L2-regularization of 10-4 and dropout of 50% before and after the final convolutional
layer are used for regularization. The network was trained for a total of 1000 iterations on an NVIDIA TitanX
GPU, taking approximately 12 hours.

3. RESULTS

Dice similarity coefficient (DSC) and absolute volume difference (AVD) were used as quantitative measures to
evaluate the performance of the method. Measures were calculated in comparison with the reference standard



and reported for each individual test case and the mean taken over the entire dataset. The results are shown
in Table 1. Quantitative evaluation shows a high level of accuracy, with a mean DSC of 0.87 ± 0.01 and mean
AVD of 4.77 ± 2.70 %. The average prediction time was 68 seconds.

Table 1. Quantitative evaluation results in comparison to the reference standard. Dice similarity coefficient (DSC) and
absolute volume difference (AVD) reported for each test case and mean of dataset.

DSC AVD(%)

Case 1 0.86 5.19

Case 2 0.87 8.22

Case 3 0.87 1.77

Case 4 0.87 3.89

Mean 0.87 ± 0.01 4.77 ± 2.70

Visual inspection of the results shows a high degree of detail and high accuracy obtained in the small areas of
CSF in the cerebral sulci, as shown in Figure 4 and Figure 5.

Figure 4. Multiple axial planes shown of CT image (left), final segmentation result (center) and manually annotated
reference standard (right).



Figure 5. Multiple axial planes shown of CT image (left), final segmentation result (center) and manually annotated
reference standard (right).

4. DISCUSSION

We present the first state-of-the-art method using a 3D fully convolutional neural network for automatic 3D
segmentation of intracranial CSF in non-contrast CT images. The architecture provides both speed and multi-
scale accuracy for dense predictions of arbitrary input size images. We demonstrate that the described CNN
architecture shows promising results despite a limited amount of training data.

5. CONCLUSION

The proposed method has shown good results in comparison to the reference standard obtained by manual
annotation. Accurate CSF quantification can be utilized in a variety of clinical and epidemiological studies.
Furthermore, the presented CNN architecture forms a valuable step in the development of methods for CAD
systems for cerebral pathologies.
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