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1.1 Computed Tomography

Computed tomography (CT) is the main diagnostic imaging modality in the emergency set-

ting in the majority of hospitals over the world1. CT is an imaging technique that uses X-rays

to visualize the inside of the body. X-ray is electromagnetic radiation that was discovered in

1895 by Wilhelm Conrad Röntgen2. In an X-ray examination, the subject is positioned be-

tween an X-ray source and detector. The source emits X-rays that travel through the subject

and are absorbed by the tissue. Dense tissue, such as bone, absorbs more X-rays than softer

tissue. The detector measures the amount of radiation that travels through the patient and

a two-dimensional (2D) projection of the subject can be reconstructed. A modern CT scan-

ner, as shown in Figure 1.1, may have up to 320 row detectors that are installed in a tube

opposite of the X-ray source which can make a full 360° rotation in just a few tenths of a sec-

ond. In CT, multiple projections can be reconstructed and visualize the density of the tissue,

which is measured in Hounsfield Units (HU) and is calculated using attenuation coefficient,

µ: HU = µ−µwater

µwater−µair
. Here, µwater and µair are the attenuation coefficients of water and air

and have a value of 0 HU and -1000 HU. Dense tissue with a high attenuation coefficient

appears bright on CT, whereas tissue with a low density and attenuation coefficient, such as

air, appears dark.

Figure 1.1: A modern CT scanner with the X-ray source and 320 X-ray detectors installed in a tube
around a table where the patient is positioned on. Copyright: Canon Medical Systems. Source:
https://us.medical.canon/

In the early days of CT, these 2D projections were viewed by radiologists on illumina-

tion boxes, but nowadays these can be viewed on dedicated workstations included with the
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scanners. Multiple 2D projections can be made of different levels of the patient. These can

be merged or reconstructed into a three-dimensional (3D) volumetric scan of the patient. A

radiologist can inspect these 2D slices or 3D volumes for the evaluation of the anatomy and

possible presence of pathology. With improved hardware and shorter acquisition times, it is

now possible to acquire a four-dimensional (4D) acquisition of a patient. This can be seen

as a 3D video over time of the inside of the patient. This 4D acquisition can provide insight

in the movement over time, which can be useful when examining joints over time, or flow

cycles of vessels and organs (i.e. cardiac cycles or blood flow in the brain). The ability to

acquire a 3D or 4D acquisitions within seconds or minutes is important in diseases where a

quick treatment decision in needed, for example in acute cerebral stroke.

1.2 Cerebral Stroke

Acute cerebral stroke is a condition where blood flow to the brain is impaired, that can result

in brain tissue damage and cell death. According to the world health organization (WHO),

stroke is the second leading cause of death and the third leading cause of disability world-

wide. Eleven million people worldwide suffer from a stroke each year. Around 5.7 million

of those cases result in death3,4. In the Netherlands, 43,000 people suffer from a stroke each

year. The Dutch Heart Foundation estimated that in 2017, 9,200 people died and one-third

have become permanently disabled due to an acute stroke5. The symptoms of a stroke may

vary depending on the severity and location of the stroke. Sudden numbness of the face,

arm, or leg, on one side of the body, confusion, impairment of speech, vision loss and loss of

balance are some of the symptoms of a stroke.

Acute cerebral stroke can be divided into two types: Ischemic and hemorrhagic stroke. A

hemorrhagic stroke, or brain bleed, is caused by the rupture of a blood vessel or aneurysm,

causing blood to flow outside the blood vessels and into the brain parenchyma or its sur-

roundings. The rupture of a blood vessel can be caused by elevated blood pressure, a vas-

cular malformation, or by accumulation of proteins in the blood vessels wall, reducing the

elasticity of the vessel walls causing them to tear. Approximately 13% of all acute stroke

cases are hemorrhagic stroke. The vast majority of acute stroke (87%) concerns an ischemic

stroke6. An ischemic stroke is the result of blockage, or occlusion, of an artery supplying

blood to the brain. The brain tissue that depends on blood and nutrients behind the occlu-

sion is deprived from oxygen. If the blockage is not relieved quickly this can result in brain

tissue death. An occlusion can be caused by a blood clot (thrombus), or by calcified vessel

wall releasing small pieces of plaque, which occlude the cerebral vessels as they bifurcate

and become narrower. An illustrative overview of the two different types of acute stroke is

shown in Figure 1.2.
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Figure 1.2: Overview of the different types of stroke. Left: Hemorrhagic stroke with intracerebral hem-
orrhage due to a ruptured vessel. Right: Ischemic stroke with an occluded vessel depriving the brain
tissue of oxygen. Adapted from https://www.strokecenter.org/

1.2.1 Stroke Imaging

Different types of stroke require different imaging protocols. A non-contrast CT (NCCT) is a

straight forward acquisition in which the entire brain of the patient is scanned, as shown in

Figure 1.3. This primary acquisition is used to detect or rule out a hemorrhagic stroke, that is

characterized on CT by a bright appearing hematoma. The NCCT is also used to detect any

signs of vascular occlusions, such as dense vessel signs, or other structural pathology (e.g.

tumor or hydrocephalus). This acquisition is the first acquisition in an emergency setting

as one of the main treatments for ischemic stroke is the administration of blood thinners,

or thrombolytic agents. These thrombolytic agents can have disastrous outcome in patients

with a hemorrhagic stroke. When a hemorrhagic stroke is ruled out, a CT angiography (CTA)

is performed. In CTA, the patient is administered with a radio dense contrast agent into the

vascular system prior to the acquisition of the scan. The contrast agent travels through the

cerebral vasculature where the acquisition is triggered on the arterial phase, resulting in the

arterial blood vessels appearing bright on the images, as shown in Figure 1.4. A radiologist

can then inspect these images looking for abnormalities of the vessels, such as the presence

of an occlusion or stenosis7.

With the introduction of the 4D acquisition, it is now possible to assess the affected region

of the ischemic stroke and its size. This is done by calculating the cerebral blood flow and

cerebral blood volume in the brain using a 4D-CTA, or CT perfusion (CTP) acquisition. In

contrary to standard CTA, which is a static, single-phase acquisition, 4D-CTA is a dynamic
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Figure 1.3: Axial view of a non-contrast CT
image. No bright appearing hematoma visi-
ble in the patient, indicating no hemorrhagic
stroke.

Figure 1.4: Axial view of a CT angiography
image. Vessel appear bright due to the con-
trast agent administered to the patient.

acquisition that acquires multiple 3D volumes over time. This allows the contrast agent that

is injected in the patient to be visualized over time, as shown in Figures 1.5 and 1.6 were ar-

terial and venous arrival is distinguished in early and later scans. Through this dynamic ac-

quisition the flow and perfusion of cerebral vasculature and soft tissue can be followed over

time. The additional temporal information is used to calculate perfusion maps (e.g. cerebral

blood flow, cerebral blood volume and mean transit time), which are shown in Figure 1.7.

These maps are used for detecting cerebral perfusion deficits and for the estimation of tissue

viability, infarct core and the penumbra region8. The penumbra region is salvageable tis-

sue which can be saved if blood supply is restored. The infarct core is already permanently

damaged. Patients with a large penumbra region are most likely to benefit from reperfu-

sion therapies9,10. All of these imaging acquisitions can be used for the treatment decision

making in acute stroke.

1.2.2 Treatment

The current guidelines for the treatment of acute cerebral stroke are based on the time of on-

set, location and severity of stroke11. The faster the correct treatment is initiated, the better

the chance is that a patient preserves brain functionality. Treatment for hemorrhagic stroke

consist mainly of controlling the intracranial pressure, and in some cases relieving this pres-

sure by removing part of the skull in surgery11. The treatment for ischemic stroke begins

with thrombolytic agents if the time from onset of symptoms is less than 4.5 hours. This

treatment should be started as soon as possible after admission to the hospital11. Recently, a

number of large randomized control trials9,12–16 have shown positive outcome for endovas-
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Figure 1.5: Sagittal view of an early time point
in a 4D-CTA. The contrast agent has only filled
the arteries.

Figure 1.6: Sagittal view of a late time point
in a 4D-CTA. The contrast agent has filled the
veins.

Figure 1.7: Perfusion maps calculated from 4D-CTA. Left: Cerebral Blood Volume map, where red and
blue indicate high and low blood volumes in mL/100g. Middle: Cerebral Blood Flow map, where Red
and blue indicate high and low blood flow in mL/100g/min. Right: Mean Transit Time map. Red and
blue indicate low and high transit time in seconds.

cular thrombectomy (EVT) in patients with large proximal vessel occlusions. In EVT, a small

stent retriever is inserted into the body via the groin and guided to the brain. Here, the

occlusion can be removed in order to restore blood flow to the brain resulting in improved

patient outcome. The guidelines for stroke work-up now state that this treatment should be

performed on these patients within 6 hours of symptom onset17. However, these and other

trials10,18,19 have also shown that patients with occlusions in other vessel segments and pa-

tients in an extended time window, up to 24 hours, may also benefit from this treatment

when they are adequately selected based on diagnostic imaging.

All of the treatments in stroke, and in many other diseases, depend on a fast and correct

diagnosis. Diagnostic imaging of the brain is crucial in acute cerebral stroke. Recent trials

have also shown the benefit of the 4D-CTA acquisition additional to the NCCT and CTA in

the detection of stroke20,21. If a proximal vascular occlusion is present, it is possible that the

affected region in the brain is still supplied with blood due to the so-called collateral flow.

Patients with good collateral flow have a better chance of good outcome after treatment22,23.

The evaluation of collateral flow status on 4D-CTA is superior to single-phase CTA, as hemo-

dynamics are better evaluated on a dynamic acquisition consisting of multiple time-points.
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Furthermore, the perfusion maps which can visualize core and penumbra can be used for

patient selection9,10. It is clear that 4D-CTA is of added value and essential in the detection

of ischemic stroke. However, this extra acquisition is yet another image set for the radiologist

to examine in order to make a diagnosis. Moreover, the 4D-CTA generates an overwhelming

amount of data in which sometimes subtle abnormalities need to be detected. Therefore, the

radiologist and clinicians are increasingly supported by machine learning in many medical

fields.

1.3 Machine Learning

Machine learning is a term used within artificial intelligence (AI) where computers are learned

certain tasks in detection, classification or segmentation, rather than programmed to com-

plete these tasks. Traditionally, in medical image analysis, these Computer Aided Detection

(CAD) systems rely on features which represent necessary or useful information to complete

the task at hand. The features are hand-crafted and chosen by a human who designs the

CAD system. This requires the developer to have domain expertise of a specific medical

field. Knowledge of the appearance of a disease or pathology, or the imaging modality, are

crucial in the design of the features for the specific model. Using these image features, the

CAD system is provided with numerous of example cases of the chosen features to solve

the task. In supervised machine learning, each example case has a ground truth label for

being normal or abnormal, or a ground truth map depending of the type of task. During

optimization of the algorithm the decision boundary of a classifier is optimized based on the

combination features and the desired output, this is illustrated in Figure 1.8 (top row). For

instance, if we would like to detect all vessels in a CTA acquisition, we could provide the

model with an intensity feature (the contrast agent in CTA depicts the vessels as bright) and

a morphological feature (vessels are small tubular shaped). Combinations of these features,

together with a provided ground truth map (i.e., an expert who has outlined all the vessels in

the brain), the model may be able to automatically learn and segment the vasculature in the

brain. A downside of the traditional machine learning techniques is that they can be quite

slow and crafting of manual features requires expertise in a certain domain. Both of these

downsides can be circumvented by the use of deep learning.



GENERAL INTRODUCTION 17

1

1.3 Machine Learning 11

Deep Learning

Machine Learning

Input

Input Feature extraction

Feature extraction + Classification

Output

Output

Classification

Figure 1.8: Illustration of the difference between traditional machine learning and deep learning. Top
half : Specific manual features are designed by an expert to best represent the data. Then, a classifier
is optimized on the features set for the desired outcome. Bottom half : The feature representation and
classifier optimization are done by the nodes in the deep learning network.

1.3.1 Deep Learning

In 1980, the concept of deep learning was already proposed24, but it became popular and

widely used in 2012 when a deep learning network (AlexNet)25 surpassed traditional ma-

chine learning techniques in the ImageNet challenge26 by a big margin. The difference with

deep learning and the traditional machine learning approach is that in deep learning the

network learns the relevant information and feature representations directly from the data.

The hand-crafted features by a human developer are no longer required, as illustrated in the

bottom half of Figure 1.8. In deep learning, neural networks consist of a number of layers

each represented by a number of nodes. These nodes process the signal of the input of all

previous nodes. The output is then passed along to all the nodes in the next layer, thus cre-

ating a fully connected structure between all nodes in different layers. Each node calculates

the sum of each input given (xi) with a certain weight (wi) and bias (bi) for that input. The

sum all the nodes is multiplied with a non-linear activation function (f ) which determines

the activation threshold of that node.

Y = f

(
n∑
i

wixi + bi

)
(1.1)

These layers of nodes are usually refrained to as the ”hidden” or ”deep” layers of the net-

work, hence the term deep learning. This structure, or architecture, of a neural network is

illustrated in Figure 1.9. Supervised neural networks are trained in a similar way to the

traditional machine learning algorithms. Numerous examples of cases accompanied by a
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corresponding ground truth are supplied to the network to train the network. During train-

ing the weights and biases for each connection are optimized for the desired outcome. These

neural networks are much faster than the traditional machine learning approach, but are

only capable of processing one-dimensional information. The application of deep learning

to medical images became useful with the introduction of convolutional neural networks.

n

n

n

n

n

n

"Hidden"
layer

Input
layer

Output
layer

Figure 1.9: Schematic overview of one hidden layer with six nodes. Each node receives the input of all
nodes in the previous layer and propagates the output to all nodes in the next layer.

Convolutional neural networks (CNNs) are a different type of neural networks. In a

CNN, the layers consist of multiple convolutional filters and pooling layers which are ap-

plied at each layer. An example of a convolutional neural network is illustrated in Figure

1.10. The convolutional filters allow for contextual information, a certain receptive field, to

be processed. The pooling layers combine a neighborhood of pixels by taking the mean or

maximum of the neighborhood. The architecture of the convolutional filters and the pooling

layers have two benefits. Firstly, the shared weights of the convolution operations make the

network invariant to translations of the image. This reduces the parameters needed to train

the network, thus allowing for deeper networks with more nodes and filters. Secondly, the

pooling layers reduce the input size, but increase the receptive field of deeper layers. The

filters learned from the data may represent image features which were designed by a human

in traditional machine learning, such as shape or gradient filters.
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Figure 1.10: Schematic overview of convolutional neural network. An input patch is processed with
multiple convolutional filters.

In recent years deep learning has outperformed traditional machine learning in many

classification, detection and segmentation tasks. In some tasks, deep learning has even

reached or outperformed humans, showing the potential to aid radiologists in their tasks

of analyzing medical images27–30.

1.4 Aim and Outline of this Thesis

Many studies have shown the added value of 4D-CTA in acute stroke31, either in stroke

detection, treatment decision making or predicting patient outcome. The developments in

the machine learning area, especially the progress with deep learning would be an ideal

match to aid the radiologists and clinicians in automatically analyzing these large data sets.

However, there are limited to no available algorithms for the analysis of 4D-CTA imaging,

besides the calculation of the perfusion map. The aim of this thesis is to aid the analysis of

4D-CTA images, using standard image processing, traditional machine learning and deep

learning techniques, with a focus on acute ischemic cerebral stroke. The chapters of this

thesis are ordered to aid in different parts of 4D-CTA image analysis.

Chapter 2 describes a traditional machine learning approach to automatically segment

the cerebral vasculature in 4D-CTA images of patients suspected of an ischemic stroke.

Chapter 3 describes a deep learning approach to automatically segment and separate the

cerebral vasculature in arterial and venous segments.

In Chapter 4, a temporal visualization method is described, which uses a normalized

color-scale to display the contrast bolus arrival times in the cerebral vasculature. This tech-

nique is evaluated for its merit in detecting arteriovenous fistulas in 4D-CTA.

Chapter 5, presents the color-scale visualization method applied to 4D-CTA images of

acute stroke patients to display hemodynamics in patients with internal carotid artery occlu-

sions.

In Chapter 6, a deep learning approach is described to automatically detect vascular

occlusions that are eligible for EVT.

Chapter 7 provides a general discussion of the work presented in this thesis and an out-

look towards the future in this field.
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Abstract

A robust method is presented for the segmentation of the full cerebral vasculature in 4-

dimensional (4D) computed tomography (CT). The method consists of candidate vessel se-

lection, feature extraction, random forest classification and postprocessing. Image features

include among others the weighted temporal variance image and parameters, including en-

tropy, of an intensity histogram in a local region at different scales. These histogram param-

eters revealed to be a strong feature in the detection of vessels regardless of shape and size.

The method was trained and tested on a large database of 264 patients with suspicion of

acute ischemia who underwent 4D CT in our hospital in the period January 2014 to Decem-

ber 2015. Five subvolumes representing different regions of the cerebral vasculature were

annotated in each image in the training set by medical assistants. The evaluation was done

on 242 patients. A total of 16 (<8%) patients showed severe under- or over-segmentation

and were reported as failures. One out of five subvolumes was randomly annotated in 159

patients and was used for quantitative evaluation. Quantitative evaluation showed a Dice

coefficient of 0.91 ± 0.07 and a modified Hausdorff distance of 0.23 ± 0.22 mm. Therefore,

robust vessel segmentation in 4D CT is feasible with good accuracy.
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2.1 Introduction

Vessel segmentation in medical imaging is the cornerstone of many applications. For ex-

ample, in acute ischemic stroke which is caused by a disturbance of blood supply to the

brain, segmentation of the cerebral vasculature is important for improved visualization and

for the detection and quantification of vessel occlusions, stenoses and for the evaluation of

collateral flow. Vascular occlusions in the proximal segments of the intracranial arteries are

targets for endovascular thrombectomy, that is, the mechanical removal of the clot which has

been shown to improve patient outcome when performed within, or possibly even beyond,

6 hours after onset of symptoms11. Other applications include detection and characteriza-

tion of vascular malformations or aneurysms and local arterial input function selection for

perfusion analysis.

The task of vessel segmentation has led to a vast amount of literature in the past decades32,33.

Related work on cerebral vasculature has focused solely on the accuracy of finding the vessel

boundaries; none have demonstrated that their proposed method works on large number of

patients that are seen in everyday clinical practice. In Table 2.1, an overview is shown of

related work on cerebral vessel segmentation.

Most methods use centerline tracking, active contours or a combination of both34, with

parameters set at a global level to represent both large and small vessels. Tracking based

approaches will have difficulty achieving the desired level of robustness on full brain vessel

segmentation. These methods require some form of initialization, as intensity values vary

along the vessel. In CT angiography (CTA) intensity values naturally drop to the values

of background tissue, which is around 20 to 40 HU for cerebral white and grey matter, at

that point marked as partial volume voxels. However, in the proximal intracranial arteries,

the internal carotid artery (ICA) and vertebral artery, intensity values of 200 to 500 HU and

higher can be measured (Figure 2.1). In addition, nonnatural variations caused by pathology,

such as vessel occlusions and arteriovenous malformations, or imaging artifacts, resulting

from the presence of clips or stents, have a major influence on the continuity of the intensity

along the vessels (Figure 2.2). Therefore, this may even pose a challenge for tracking based

methods with adaptive properties.

Another problem encountered in segmentation of the cerebral vasculature is the area of

the skull base. In this region the ICA, the jugular bulb and soft bone tissue are close to each

other with similar intensities between these structures. Vessel pathologies (e.g. calcifications

and aneurysms) often appear in the skull region compared to other parts in the brain35.

Region based approaches that find the vessel boundaries directly without first centerline

tracking36, may have difficulties in this area as well.

CT is the primary imaging modality in an emergency setting because of its short acquisi-

tion time and because of the fewer contraindications compared to magnetic resonance (MR).

Furthermore, CT has a high diagnostic value in the acute phase of stroke, due to its high

sensitivity to hemorrhages and vascular pathology37–39. Modern CT scanners are capable

of acquiring contrast-enhanced 4D CT images with high spatial and temporal resolution at
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Figure 2.1: Coronal view of a temporal maximum intensity projection visualizing part of the middle
cerebral artery including the M1, M2 and M3 segments. Intensity differences from proximal to distal
in a nonaffected vessel can reach up to 450 HU and higher. Vessel occlusions, vessel wall calcifications,
collateral flow, clip and stent artifacts have a large influence on the continuity of intensity values along
the vessel.

large coverage, enabling visualization of the contrast dynamics at submillimeter resolution

of the full brain. A 4D CT acquisition is less critical concerning timing of the peak arterial

enhancement compared to conventional 3D CTA.

In this work we consider vessel segmentation in 4D CT. Only one related vessel segmen-

tation method was found in 4D CT40, which was based on fixed thresholding of a global

intensity histogram. Another approach towards vessel segmentation is a method based on

pattern recognition. This way local differences of vessel shape and intensity can be learned,

which makes it less prone to discontinuities of the vessels e.g. due to the presence of patholo-

gies or foreign objects. In addition, a pattern recognition method requires no explicit seed

points for initialization, as opposed to tracking based methods.

Figure 2.2: Examples of difficulties encountered in vessel segmentation. From left to right: Skull base
region, arteries and veins surrounded by hyperdens bony structures in their course through the skull
base, which renders difficulties in separating them from each other; patient with coils placed at the
anterior communicating artery; patient with ventricular shunt causing a linear artifact in the left cerebral
hemisphere.
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Pattern recognition based approaches have hardly been used for vessel segmentation.

One reason may be the difficulty of establishing a reliable reference standard. A precise

manual delineation of the tortuous small vessels is difficult and time-consuming. Two re-

lated works have been found based on pattern recognition: on vessel segmentation in MR

angiography (MRA)41 and on vessel segmentation in lung CT42. The latter achieved a top

rank in the VESSEL12 challenge43 demonstrating the potential of such an approach.

In this work, we present a pattern recognition approach for segmentation of the complete

cerebral vasculature in 4D CT. The proposed method emphasizes robustness and should be

capable of handling patient data typically seen in everyday clinical practice. The method

also emphasizes completeness over accuracy in defining the vessel boundaries by including

the segmentation of the smaller vessels more distally in the vascular tree. Obtaining accu-

rate boundary segmentations is easier starting from the complete cerebral vasculature than

the other way around. Furthermore, completeness of the segmentation is more important,

because the desired accuracy of the lumen boundary is dependent on the subsequent appli-

cation.

Table 2.1: Overview of related work on cerebral vessel segmentation and vessel challenges, grouped per
modality. The number of patients indicate the number of patients used in the quantitative evaluation.
†used pattern recognition in their methods.

Author Method Modality N Anatomy Reference

Flasque et al.34 Centerline modeling and tracking MRA 0 full brain n/a

Passat et al.44 Atlas registration and hit-or-miss transform MRA 50 full brain Passat et al.45

Hassouna et al.46 3D markov rand. field and max. pseudo likelihood est. TOF-MRA 1 full brain wooden phantom

Yan et al.47 Capillary geodesic active contour MRA 0 CoW Lorigo et al.48

Law et al.49 Variance-based edge detection TOF-MRA 0 CoW n/a

Gao et al.50 Expectation maximization modeling and curve evaluation TOF-MRA 10 CoW manual

Wang et al.51 Otsu’s threshold and Gumbel distribution based threshold TOF-MRA 10 CoW manual

Robben et al.41† Cascade classifier and directed graph evaluation TOF-MRA 50 CoW Bogunovic et al.52

Manniesing et al.53 Bone masking and levelset CTA 10 CoW manual

Schaap et al.54 Bayesian tracking of tubular model CTA 28 ICA manual

Hernandez et al.55 Non-parametric geodesic active regions CTA, 3DRA 10 CoW manual

Schaap et al.56 Coronary artery centerline extraction (challenge) CTA 24 coronaries manual

Hameeteman et al.57 Carotid bifurcation detection (challenge) CTA 41 ICA manual

Kirişli et al.58 Coronary artery stenosis detection (challenge) CTA 30 coronaries manual

Kiros et al.42† Multiscale dictionary learning (challenge participant) CT 20 lung VESSELS12

Mendrik et al.40 Global threshold on area under intensity curve 4D CT 20 slabs on CoW manual

Our method† Random forest classifier with local histogram features 4D CT 159 full brain manual
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2.2 Methods

We propose a three step approach: first, coarse candidate vessel detection, then application

of a random forest (RF) classifier59 using local and global image features and finally post-

processing to ensure full and smooth connectivity. The RF classifier is a supervised learning

method that enables the learning of the background and the properties of vessels with dif-

ferent sizes and intensities. In addition, RF enables the learning of foreign objects or image

artifacts which may be present in the data through a number of decision trees. The method

was developed using the Insight Segmentation and Registration (ITK)60 library.

Candidate Selection

The candidate vessel voxels were selected from the temporal variance image weighted to

the exposures of the individual time points to maximize the signal to noise ratio. This WTV

image is sensitive to contrast variation and is described in Section Image Features. A threshold

of µ+1.5σ was applied, with mean, µ and standard deviation, σ calculated from the intensity

histogram of the WTV.

Image Features

The image features used to train the classifier were the weighted temporal average (WTA),

WTV, local histogram features, the distance to the intracranial cavity, the eigenvalues of the

Hessian system and T0. Each of these features will be discussed in the following sections.

Weighted Temporal Average

The first image feature is the temporal average image. The image noise differs per time

point, because the volumetric acquisitions are acquired with different exposures settings.

To achieve the highest signal to noise ratio, assuming that quantum noise is the dominating

source of image noise in CT, which is the case for acquisition protocols used in standard clini-

cal practice, the individual time points were weighted according to their individual exposure

(Ei). The resulting feature is called the weighted temporal average61:

WTAx,y,z =
T∑
i=0

ωi · Ix,y,z,i (2.1)

with the weight factor of each time point given by ωi = Ei∑
i Ei

with
∑

iEi the sum of all

exposures over all time points.

Weighted Temporal Variance

Similar as to the WTA, the temporal variance can be calculated with a weighted quadratic

difference to the WTA. The WTV holds the largest contrast between tissue containing con-

trast agent and background tissue (Figure 2.3) and is given by:
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WTVx,y,z =

√√√√ T∑
i=0

ωi · (WTAx,y,z − Ix,y,z,i)2 (2.2)

Figure 2.3: Left to right: First time point of 4D CT acquisition, WTA, and WTV. The WTV is highly
sensitive to contrast changes over time making it a promising feature for vessel segmentation.

Local Histogram Features

To capture local image properties such as varying vessel intensity values, an intensity his-

togram is computed within a 5x5x5 and 9x9x9 neighborhood in the WTV image. The fol-

lowing histogram parameters were included: the mean, standard deviation, mode and the

entropy given by E = −
∑

i pi·log2(pi+ε), with pi the probability of intensity i, and ε = 0.0001

to prevent zero-logarithm calculation.

Distance to Intracranial Cavity

An intracranial cavity mask is calculated and used as distance feature. The cranial cavity

contains all soft tissues and cerebrospinal fluid, including the meninges, cerebrum and ven-

tricles, cerebellum and brain stem. The cavity mask was created by a multi-atlas registration

with label fusion followed by a geodesic active contour levelset refinement of the segmenta-

tion62. The internal carotid arteries and jugular veins are located outside of the intracranial

cavity mask. These will be missed if the cavity mask is added as a binary feature, therefore

the Euclidean distance to the border of the intracranial cavity mask was computed. Distances

from inside the mask to the border were denoted as negative distances, distances from out-

side the mask to the border were denoted as positive distances.

Hessian

The eigenvalues of the Hessian system are calculated on the WTV at four different scales on

an evenly distributed range from 0.5 to 2.0 mm.
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T0

The 4D CT acquisition contains 19 volumetric acquisitions. The first time point volume was

selected to represent the tissue with minimal contrast. This volume was used in the feature

set as T0.

Classifier

An RF classifier is applied to the candidate vessel voxels. The RF classifier was trained with

100 trees and a maximum tree depth of 30.

Postprocessing

After the RF classification two postprocessing steps were applied. First, a connected com-

ponent (26-neighborhood) analysis was carried out, discarding components smaller than 25

voxels to remove background noise. Second, morphological hole filling with a 3x3x3 kernel

size was carried out for 10 iterations to fill the center of some larger vessels such as the ICA

in the event of under segmentation by the classifier.

2.3 Materials

Patient Data

This retrospective study was approved by our local institutional review board and the re-

quirement for informed consent was waived. In total, 264 consecutive patients (age: 68y ±
15.0, male: 149 (55.6%)) with suspicion on acute ischemic stroke who were admitted to the

emergency department of our academic hospital, between January 1st 2014 and December

31st 2015, were retrospectively collected for this study. Exclusion criteria were severe motion

artifacts resulting in loss of diagnostic value (n = 3). This was determined from the radiol-

ogy report provided by the radiologist on call at time of admission. Image acquisition was

done on a 320-row Toshiba Aquilion ONE CT scanner (Toshiba Medical Systems Corpora-

tion, Japan). The protocol consisted of 19 whole brain volume acquisitions starting with a

single high dose acquisition at 200 mAs 5 seconds after contrast injection, followed by 13

scans every 2 seconds at 100 mAs, followed by 5 scans every 5 seconds at 75 mAs. Each vol-

umetric acquisition was made at 80 kV at 0.5 seconds rotation time with 16 cm z-coverage.

A dose of 80 ml Iomeron is injected in the antecubital vein at the start of the first acquisition.

Image reconstruction was done with a smooth reconstruction kernel (FC41), resulting in im-

age sizes of 512x512x320 voxels with voxel sizes of 0.43x0.43x0.5 mm. All temporal volumes

were rigidly registered to the first time point to resolve any patient movement during the

acquisition.
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Volumetric Cluster Annotation and Segmentation Tool (VCAST)

Annotating vessels in 3D is a laborious and difficult task because of their small sizes and

the presence of partial volume voxels, and because vessels meander through the different

orthogonal planes. To facilitate the annotation process, a dedicated 3D annotation tool called

volumetric cluster annotation tool was developed63. VCAST supports interactive region

growing and super voxel grids overlaid on the input image to let the user assign or reject

vessel labels to clusters of voxels at multiple scales. Additional functionalities include the

ability to define subregions confining the region growing algorithm, a 3D rendering of the

topological information of the annotations and a colour map defining connected regions with

the same colour. Annotations were done on the WTA because of its maximal signal to noise

ratio and on the WTV because of its high sensitivity to contrast voxels. Observers were able

to switch between these reconstructions for optimal interaction.

Reference Standard

Annotating the full cerebral vasculature is too labour intensive and not required, because

many vessel segments have similar appearances and intensities. Therefore, annotations were

carried out in five subvolumes representing different parts of the vasculature, as shown in

Figure 2.4.

Figure 2.4: 3D rendering of approximate locations of the five subvolumes. The subvolumes cover the
MCA, CoW and parts of the distal and posterior circulation.

Observers were asked to annotate high confidence vessel voxels in these subvolumes,

thereby focusing more on the completeness of the vasculature and less on the accuracy of the

vessel boundaries at a single voxel level. In the training dataset (n = 19) all five subvolumes

were annotated in each patient. In the testing dataset (n = 159) one of the five subvolumes

was randomly selected per patient for annotation. These annotations were carried out by

two medical assistants, supervised by an experienced neuroradiologist (FJAM).
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Evaluation Measures

The segmentations were compared with the reference standard provided by the annotations

using the following measures: sensitivity, specificity, accuracy, Dice similarity coefficient64

(DSC), Hausdorff distance65 (HD), modified HD66 (MHD), 95 percentile HD (95% HD), con-

tour mean distance (CMD) and absolute volume difference (AVD). The MHD is defined as

the maximum value of the mean distance calculated between two objects. The CMD is de-

fined as the mean distance between the segmentations along their boundary voxels. The

sensitivity, specificity, and accuracy were calculated within the annotated subvolume on

a voxel basis. The mean and standard deviation was taken over all patients for the other

measurements. These evaluation measures are similar to the measures used in some vessel

segmentation challenges56–58.

The goal of our method is to robustly segment a complete cerebral vasculature. To that

end, the focus of the evaluation will not be around the border of vessel lumen. Therefore, the

lumen boundaries are excluded in the final evaluation by dilating the manual annotations

by 1 voxel (3x3x3 kernel). Applying this boundary mask will only boost the specificity of the

algorithm in regions where exact definitions of the vessels border is difficult, but it will not

affect the sensitivity.

2.4 Experiments

A schematic overview of the acquired imaging data and the experiments described below is

shown in Figure 2.5.

Training and Validation

The annotation of the training set provided positive samples from 5 subvolumes within

19 patients. A random subset of 10% of the annotated vessel voxels was used as positive

samples to train the classifier. A dataset of the same size as the positive data set was ran-

domly sampled from all nonannotated voxels within the subvolumes. These voxels served

as background. The RF classifier was optimized using leave-one-out crossvalidation within

the training set. The accuracy of the receiver operator characteristics (ROC) analysis and

visual inspection of the output was used to determine the optimal operating point.

Observer Variability

A subset of 5 patients randomly selected from the training set were annotated by both trained

observers. The same subset was annotated by one observer once again after a waiting period

of two weeks. All evaluation measures described in Section Evaluation Measures were re-

ported for the inter- and intra-observer variability. Quantitative evaluation of observer vari-

ability was performed on the full annotation without excluding boundary voxels. Because
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the annotation sets consisted of five nonconnected subvolumes the distance evaluation mea-

sures were first calculated per subvolume, then combined between subvolumes according

to their measurement. That is, the mean for CMD and the maximum for HD, MHD, and for

95% HD. Finally, the mean and standard deviation per evaluation measure were taken over

all patients and reported.

Qualitative Evaluation

The robustness was verified by imposing minimal exclusion criteria on the test data set,

thus resembling clinical practice. All vessel segmentations were initially inspected to assess

failures. Failure was reported in cases of severe under or over segmentation. In addition, the

entire branch network of the cerebral structure was investigated for completeness.

Quantitative Evaluation

The completeness of vasculature was assessed by quantitatively evaluating different parts

of the cerebral structure in a large number of patients. The quantitative evaluation was per-

formed on one of five randomly annotated subvolumes. These subvolumes were defined

in a similar region as with the training data, described in Section Results under Quantitative
Evaluation.

Figure 2.5: Schematic overview of study data.
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2.5 Results

Observer Variability

Table 2.2 shows the quantitative evaluation of the inter-observer variability, intra-observer

variability and the performance of the method in comparison to each observer for a subset of

five 4D CT images. The DSC for the inter-observer variability was 0.75 ± 0.06. The method

scored higher, although this difference is only significant in observer 1. A boxplot graphical

overview is shown in Figure 2.6 where the center line indicates the median value, the box

edges depict the 25th and 75th percentiles. The whiskers show the extremes at 1.5 inter-

quartile range excluding the outliers, indicated as +.

Table 2.2: Quantitative evaluation of inter-observer variability, intra-observer variability and method
versus each observer independently (n = 5), reported as mean ± standard deviation. p-values were
computed with a paired sample t-test between the inter-observer variability and proposed method for
each evaluation measure. †indicates a significant difference (p-value <0.05, i.e. less than 5% chance that
the samples have identical averages).

Inter-observer

(n = 5)

Intra-observer

(n = 5)

Method

vs. observer 1

(n = 5)

Method

vs. observer 2

(n = 5)

DSC 0.75 ± 0.06 0.88 ± 0.04 0.89 ± 0.02† 0.84 ± 0.09

HD (mm) 17.98 ± 2.01 11.72 ± 2.03 20.34 ± 2.35 16.21 ± 3.80

MHD (mm) 0.61 ± 0.10 0.15 ± 0.03 0.76 ± 0.12 0.28 ± 0.11

95% HD (mm) 7.57 ± 3.07 0.86 ± 0.43 9.41 ± 2.22 5.59 ± 3.45

CMD (mm) 0.78 ± 0.14 0.20 ± 0.03 0.85 ± 0.13 0.35 ± 0.13

AVD (%) 44.49 ± 18.46 4.31 ± 3.50 14.49 ± 3.50† 24.16 ± 26.66
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Figure 2.6: Boxplot of the Dice similarity coefficient calculated for the inter-observer variability, intra-
observer variability and the proposed method versus each observer independently.

Qualitative Evaluation

Visual inspection of all segmentations (n = 242) revealed a total of 16 failures (<8%). In 8

patients this failure was the result of severe motion artifacts in multiple volume acquisitions

unaccounted for by the registration of the 4D CT or due to beam hardening artifacts during

the acquisition. This resulted in a high intensity variation over time leading to erroneous

segmentation. An example of this is shown in Figure 2.7. These 16 failures were not consid-

ered for quantitative evaluation. Smaller movement artifacts outside the cranial cavity (e.g.

eye or jaw movement) posed no problem for the method.

Figure 2.7: Axial view of three consecutive temporal acquisitions in a patient with beam hardening
and motion artifacts in a single 4D CT acquisition and the resulting weighted temporal variance (WTV)
image (right).

The vast majority of the vessel segmentations were evaluated as excellent (Figure 2.8).
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Presence of foreign objects or severe trauma proved no difficulty for the method nor resulted

in over segmentation. Figure 2.9 shows a patient with foreign objects implanted as a result

of surgical intervention. The skull base region is known to be the most difficult region for

vessel segmentation. This region holds the ICA and a network of small veins intertwined

surrounding the ICA, making distinguishment difficult. This region of interest in cerebral

vessel segmentation was segmented in detail (Figure 2.10).

Figure 2.8: Left to right sagittal, coronal and axial view of a 3D rendering of the segmentation of two
different patients.

Figure 2.9: Axial, coronal, sagittal view and 3D
rendering (clock-wise, from top-right) in a pa-
tient with a ventricular shunt. Overlay in red
depicting the vessel segmentation results.

Figure 2.10: Anterior-Posterior view of a 3D
rendering vessel segmentation of the CoW.
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Quantitative Evaluation

The segmentations were compared with the reference standard provided by the manual an-

notations for quantitative evaluation. The same metrics as described in Section Observer
Variability have been used. The results of the quantitative evaluation for 143 4D CT images

are summarized in Table 2.3. The overall results and results per subvolume are presented.

Subvolume 1 included the ICA, the CoW and the middle cerebral artery (MCA), subvolume

2 was defined in the frontal area including the anterior cerebral artery (ACA), subvolume 3

and 4 were defined left and right in the brain including the M2 and M3 vessel segments, and

finally subvolume 5 at the parieto-occipital included the transverse sinus and the superior

sagittal sinus.

Table 2.3: Quantitative evaluation of the segmentation results overall (n = 143) and per subvolume,
reported as mean ± standard deviation. DSC is Dice similarity coefficient, HD is Hausdorff distance,
MHD is modified HD, 95% HD is 95 percentile HD, CMD is contour mean distance and AVD is absolute
volume difference.

Overall

(n = 143)

Subvolume 1

(n = 23)

Subvolume 2

(n = 29)

Subvolume 3

(n = 33)

Subvolume 4

(n = 33)

Subvolume 5

(n = 25)

DSC 0.91 ± 0.07 0.91 ± 0.06 0.91 ± 0.08 0.90 ± 0.08 0.92 ± 0.07 0.93 ± 0.07

HD (mm) 8.05 ± 3.46 8.74 ± 3.20 7.64 ± 2.82 7.20 ± 2.56 7.14 ± 2.81 10.20 ± 4.85

MHD (mm) 0.23 ± 0.22 0.30 ± 0.25 0.22 ± 0.21 0.26 ± 0.24 0.18 ± 0.16 0.20 ± 0.22

95% HD (mm) 1.32 ± 1.67 2.14 ± 2.06 1.33 ± 1.76 1.49 ± 1.73 0.93 ± 1.16 0.82 ± 1.27

CMD (mm) 0.26 ± 0.24 0.37 ± 0.30 0.23 ± 0.21 0.27 ± 0.24 0.20 ± 0.17 0.28 ± 0.27

AVD (%) 14.17 ± 18.90 11.51 ± 13.80 14.96 ± 22.26 19.48 ± 23.06 11.83 ± 13.53 11.76 ± 17.11

Sensitivity 0.938 0.931 0.946 0.941 0.897 0.966

Specificity 0.997 0.995 0.998 0.998 0.998 0.997

Accuracy 0.995 0.992 0.997 0.996 0.994 0.996

A boxplot graphical summary of the DSC score and the MHD is shown in Figure 2.11 and

2.12 respectively. Overall, the sensitivity, specificity, and accuracy of cerebral vasculature

segmentation reported for all 143 patients were 0.938, 0.997 and 0.995 respectively.
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Figure 2.11: Boxplot of the DSC. The overall results are represented by the first bar (n = 143). The
results per subvolume are shown in the remaining bars.
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Figure 2.12: Boxplot of the MHD. The overall results are represented by the first bar (n = 143). The
results per subvolume are shown in the remaining bars.
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2.6 Discussion

In this work we have presented a method for full cerebral vessel segmentation in 4D CT

using a pattern recognition framework with minimal pre- and postprocessing. The results

show that the method correctly handles foreign objects without losing segmentation accu-

racy. Furthermore, our method is able to segment vessels of different sizes at different loca-

tions.

The presented method requires no tracking or active contours as these may be unable to

handle the discontinuities in the vessels due to steno-occlusive disease, vessel wall pathol-

ogy, calcification, or artifacts resulting from foreign objects. In addition, natural intensity

differences throughout the vascular system in the brain may pose problems for these ap-

proaches. Intensity variations limit the application of global parameters and may require

extra user input if the method depends on a manual chosen starting point.

The novelty of our method lies in two distinct features. First, the WTV image, which rep-

resents the intensity variance in temporal direction. This feature reduces the dimensionality

of the image data and is highly sensitive to contrast variation over time. It is therefore very

suitable for the visualization and detection of vessels in 4D CT. In addition, in contrast to ap-

proximated measures as the area under the curve, the WTV is parameter free and indepen-

dent of the temporal distance between the volumetric acquisitions of the 4D CT protocol. The

second feature is the use of the parameters (mean, standard deviation, mode and entropy)

of a local intensity histogram to train the classifier. By analyzing the contrast variation in a

histogram in a subvolume, each vessel, regardless of size, can be detected by the profile rep-

resented in the parameters of the histogram. The local histogram features are preferable to

global thresholds as smaller vessel segments may be under segmented or missed as they fall

below the global threshold dominated by the large vessels. By comparing vessel intensity

to its immediate surrounding this can be avoided, as even the smallest vessels containing

contrast agent have a higher intensity than the environment.

The method used pre- and postprocessing steps. The candidate vessel selection prepro-

cessing step prior to the classification removes voxels which do not show any contrast varia-

tion over time. Removing these voxels reduces the computation time without losing possible

vessel voxels.

One postprocessing step removed small objects from the segmentation result. The com-

ponent size constraint of 25 voxels translates to 2.3 µL. These small objects mainly occurred

outside the cranial cavity around the facial area of the patient, due to noise, or eye or jaw

movement during the acquisition.

Another postprocessing step was applied to compensate for under segmentations in large

vessels. Under segmentation can occur in the main supplying arteries and main draining

veins (e.g. the ICA and the transversus sinus). A reason for this under segmentation is a

high blood flow causing high contrast variations over time. These high flows may not be

captured by the 19 patients in the training set, resulting in holes in the segmentation. Al-

though the classifier was trained with only 19 partially annotated patients, the method al-
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ready performed well with this limited representation of the full population. Extra training

sets can be added from patients with various arterial and venous flow speeds to capture a

wider range in contrast variation to further increase the robustness of the method.

The inter-observer variability demonstrates the difficulty in the definition of the vessel

border. The low inter-observer variability DSC of 0.75 ± 0.06 can be explained by the small

size of the distal intracranial vessels. A vessel in this region can amount to merely two or

three voxels in diameter. With a low component size, the DSC is then easily affected. A

95% HD of 7.57 ± 3.07 mm is reported, which translates to a few voxels on both sides of the

vessel, indicating that there is discrepancy on the definition of the exact border of the vessel.

An exact definition of the vessel boundary is difficult because of the partial volume voxels.

Also, what appears as vessel boundaries in the image is influenced by other factors including

the injection rate of the contrast agent, the CT acquisition protocol, cardiovascular condition

of the patient, and window width and level settings.

The proposed method has proven to be robust by evaluating on a large database com-

prised of 242 patients with foreign objects and image artifacts found in everyday clinical

practice. The failures found were a result of insufficient intra-patient registration or as a re-

sult of acquisition artifacts resulting in loss of diagnostic value. Image artifacts caused by

surgical intervention (e.g. clip, coil or drain) posed no problem for the method and did not

result in under or over segmentation. Only severe movement between temporal acquisitions

that has not been mitigated by the intra-patient registration showed to be a problem for the

method. Smaller movement outside the cranial cavity only proved to be a problem in a small

set of patients. The intra-patient registration registers bone tissue in each time point to the

first time point. Soft tissues as the eyes and nose are not registered and can cause motion

artifacts after the registration. Although our method handles minor soft tissue movements

without any problems, severe movement of the jaw and nose may result in over segmenta-

tion.

Accurate and complete vessel segmentation in different brain regions is shown by the

results in Table 2.3. The different subvolumes contained vessels of varying sizes, both ar-

terial and venous. The DSC score showed similar results regardless of different subvolume

evaluation region, which further supports the claim of independence towards vessel size or

location. The MHD showed a distance similar to or smaller than the voxel spacing of 0.43 mm

for all subvolumes combined as well for individual subvolumes, indicating a segmentation

accurate to or below a single voxel. The method was not explicitly evaluated for topologi-

cal consistencies, instead, we used similar evaluation measures as were used in some of the

larger vessel segmentation challenges56–58.

Temporal information, in combination with contrast agent, is important for vessel seg-

mentation as is reflected by the WTV feature. The added value of 4D CT with improved

evaluation of intracranial hemodynamics comes at a cost, as a 4D CT protocol is associated

with a higher radiation dose. Although 4D CT imaging is not common practice, applications

of 4D CT are expanding31. We expect 4D CT to become a single acquisition for stroke workup

as it contains both noncontrast CT and CTA information67–69. These modalities might be re-
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constructed from a 4D CT acquisition, resulting in a reduction of acquisitions and radiation

dose. In addition, studies suggest that 4D CT can be acquired at half the dose of standard

clinical protocol70, further reducing the radiation dose for the patient.

Although the images for this study were acquired with a high-end 320-row detector scan-

ner, the voxel based classification method is not constrained to a specific image size nor im-

ages from scanners with a different number of detectors.

To the best of our knowledge this is the largest quantitative and qualitative evaluation

reported for vessel segmentation in general. Robust cerebral vessel segmentation in 4D CT

has not been performed on a similar scale.

In conclusion, we presented a method using candidate selection combined with a RF

classifier trained with localized histogram features to segment a full cerebral vasculature.

The method provides accurate and robust vessel segmentation on large amounts of everyday

clinical data and forms the cornerstone of many subsequent applications.





Artery-Vein Segmentation in 4D-CTA

CHAPTER 3

M. Meijs
S.A.H. Pegge

M.H.E. Vos
A. Patel

S.C. van de Leemput
K. Koschmieder

F.J.A. Meijer
M. Prokop

R. Manniesing

Original title: 
Cerebral Artery-Vein Segmentation 

in 4D-CTA using Convolutional 
Neural Networks

Submitted



42 CHAPTER 336 Artery-Vein Segmentation in 4D-CTA

Abstract

Robust and adequate assessment of the cerebral vasculature is crucial for the diagnostic eval-

uation of many neurovascular disorders. Automatic segmentation of the arterial and venous

vascular system in 4D-CTA is of relevance for enhanced diagnostic evaluation. We propose

a deep learning approach for the segmentation of the arterial and venous cerebral vascu-

lature in 4D-CTA. In total, 390 patients that received a 4D-CTA for the suspicion of acute

stroke in 2014 and 2018 were retrospectively collected. One-hundred patients from 2014

were randomly selected and the arteries and veins were manually fully annotated by five

experienced observers. The weighted temporal average and weighted temporal variance

from the 4D-CTA were used as input for a 3D-Dense-U-Net. The network was trained with

the fully annotated cerebral vessel artery-vein maps from 60 patients. Forty patients were

used for quantitative evaluation. We report the relative absolute volume difference (rAVD)

and the Dice similarity coefficient (DSC). Segmentations from 277 patients from 2018 were

qualitatively evaluated using a five-point scale by an experienced neuroradiologist. The av-

erage processing time was less than 90 seconds. The mean DSC in the test set was 0.80 ±
0.04 for the arteries and 0.88 ± 0.03 for the veins. The mean rAVD was 7.3% ± 5.7% for the

arteries and 8.5% ± 4.8% for the veins. The majority of the segmentations (n = 273) were

rated as very good to perfect. The proposed convolutional neural network enables accurate

artery-vein segmentation in 4D-CTA with a processing time of less than 90 seconds.
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3.1 Introduction

Four-dimensional computed tomography angiography (4D-CTA) is of value for the assess-

ment of cerebral vascular disorders31. The dynamic acquisition captures a sequence of 3D

volumes over time, which allows for accurate detection of vascular pathologies and visu-

alization of the cerebral hemodynamics. 4D-CTA is increasingly important in the imaging

workup of suspected stroke patients17 and has shown potential in the detection of other

vascular malformations (e.g. arteriovenous shunts)71. However, the 4D-CTA acquisition

generates a large amount of data, which makes direct interpretation difficult without dedi-

cated analysis software. In acute ischemic stroke, 4D-CTA can be used for the calculation of

perfusion maps and the assessment of collateral flow. The extent of infarct core and penum-

bra based on the perfusion maps and the patient’s collateral status hold important infor-

mation for treatment selection and may predict patient outcome10,18,19,22. The assessment

of the 4D-CTA is therefore important but it is challenging to extract essential information

from the abundant amount of data. Automatic segmentation and separation of the vascula-

ture into arteries and veins may aid with the interpretation and analysis of 4D-CTA. Based

on a complete artery-vein segmentation, an arterial input function (AIF) - usually required

for calculation of the perfusion maps - can be more easily selected and the venous vascula-

ture may be suppressed for improved assessment of the arterial system and collateral status.

Recent related work on artery-vein segmentation has primarily been presented for retinal

imaging72–75 or lung imaging76,77. In the cerebral vasculature, one study was found that fo-

cuses on segmentation and anatomical labeling of the circle of Willis in magnetic resonance

angiography, using graph-cuts41. Only three related works were found using 4D-CTA40,78,79.

These methods use the arrival time or temporal information to distinguish between the ar-

teries and veins. Although these methods would work well in patients without vascular

pathology, most vascular pathologies will affect the contrast bolus arrival times. Therefore,

methods based on only temporal information will most likely result in incorrect artery-vein

labeling for these patients. Deep learning is a powerful technique for segmentation tasks and

has been used for many different applications80, however, the interpretation of temporal in-

formation may be difficult without employing other strategies or complex networks such as

convolutional long short term memory81 or recurrent neural networks82. In this work, we

present a fully convolutional neural network for automatic segmentation of the arteries and

veins in the cerebral vasculature, without depending on temporal information.
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3.2 Materials and Methods

3.2.1 Patient Data

The local institutional review board of our hospital approved this study and, given its retro-

spective nature, informed consent was waived. Patients that received a whole-brain 4D-CTA

for the suspicion of acute stroke in 2014 (January 1 - December 31) and in 2018 (January 1 -

December 31) were collected. Image acquisition was done on a 320-row CT scanner (Aquilion

ONE Canon Medical Systems, Japan). The acquisition protocol consisted of 19 whole-brain

volume acquisitions with 16 cm z-coverage. A dose of 50 mL Iomeron was injected in the

antecubital vein at the start of the first acquisition. The total scan time was approximately

56 seconds. Image reconstruction was done using a smooth reconstruction kernel (FC41),

resulting in images of 512x512x320 voxels with voxel sizes of approximately 0.43x0.43 mm

with a slice thickness of 0.5 mm. All temporal volumes were rigidly registered to the first

time point to resolve any patient movement during the acquisition83. In total, 113 and 277

consecutive patients were retrospectively collected (age: 62.7 ± 17.2, male: 60 and age: 67.6

± 13.8, male: 162, respectively) from 2014 and 2018 respectively. One hundred cases were

randomly selected from 2014 and used for the development of the method and quantitative

evaluation. The training and validation set consisted of 60 cases and the separate testing set

for quantitative evaluation consisted of the remaining 40 cases. The 277 consecutive cases

from 2018 were used for qualitative evaluation.

3.2.2 Reference Standard

The cerebral vasculature of 100 cases used for development and quantitative evaluation,

were manually annotated as artery or vein by five trained observers. The full vascula-

ture was first segmented using a deep learning implementation of a previously published

method83. The segmentation was labeled using a method based on the arrival time of the

contrast agent78. This initial labeling was then corrected by the five observers to the correct

label and over-segmentations were removed.
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3.2.3 Convolutional Neural Network

Many segmentation tasks nowadays are solved using a standard 2D84 or 3D U-Net85. Re-

cently, Dense-U-Nets showed an improvement on the standard U-Net architecture with a re-

duction in amount of parameters in the network and improved speed at prediction time86,87.

Therefore, a 3D-Dense-U-Net was proposed for the segmentation of the arteries and the

veins. This network resembles the original U-Net architecture with some modifications (see

Figure 3.1). In the encode part of the network the convolutions are replaced with dense

blocks (see Figure 3.2).

n = 3

Conv3D, kernel-size = 7 stride = 2

MaxPool, kernel-size = 3, stride = 2

Input volume

Feature
maps

n = 4

n = 12

n = 8
Output

Convolution block
Transition block
Upsample block

f = 192

f = 160

f = 416

f = 96

f = 96

f = 288

f = 32

f = 224

f = 504

f = 192

16 x 128 x 128

f = 96

Conv3D, kernel-size = 1, stride = 1

Upsample, scale-factor = 2

f = 32

3 x 16 x 128 x 128

f = 64

Figure 3.1: Architecture of the 3D-Dense-U-Net. The repetitions (n) of the convolution block is indicated
below the blocks. The number of filters (f ) at the end of each convolution or concatenation is indicated
below the feature or above the concatenations. The convolution, transition and up-sample blocks are
explained in Figure 3.2.

These dense blocks consist of a convolution block where the input is processed by two 3D

convolution filters and concatenated with the original input, and a transition block where the

input is processed by a 3D convolution filter and an average pooling filter. The convolution

block is repeated n times and produces k feature maps, where k is the growth-rate. At the

end of the convolution block the number of filters is then n · k+ k, but in the transition block

the number of output filters returns to k. The same growth-rate as the original paper was

used (k = 32). The decoding part of the network is similar to the original U-Net apart from

the convolution kernel size, which is set to 1. All of the convolution filters used padded

convolution, retaining the spatial input size.
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BatchNorm, ReLu, Conv3D, kernel-size = 1
BatchNorm, ReLu, Conv3D, kernel-size = 3
AvgPool, kernel-size = (1, 2, 2)

Upsample, scale-factor = (1, 2, 2)

n

Dense block

Concatenation

Upsample block

Convolution block Transition
block

Input volume

Feature
maps

# of filters:
k * 4

# of filters:
(n * k) + k

# of filters:
k

# of filters:
k * 4

Figure 3.2: Configuration of the convolution, transition and up-sample block. In the convolution block
the input is processed by a convolution filter with k ∗ 4 filters, where k in the growth-rate, and concate-
nated to the output of the convolution filter. This is repeated n times, after which the output is processed
by the transition block. In the transition block, a convolution filter reduces the number of filters to k and
reduces the size with an average pooling layer. In the up-sample block the input volume from the de-
coding side of the network is up-sampled and concatenated with input from the encoding side of the
network. This concatenated volume is processed by a convolution filter.

3.2.4 Input

A full high-resolution 4D-CTA image is too large to fit the memory of the current state-of-the-

art GPU cards. Therefore, the derived weighted temporal average (WTA)61 and weighted

temporal variance (WTV)83 were used as a 2-channel three-dimensional input. Both of these

images represent essential information from the 4D-CTA that can be used for vascular seg-

mentation and labeling, see Figures 3.3 and 3.4.

Figure 3.3: Weighted temporal average
of the 4D-CTA image. Noise is reduced
while maintaining signal intensity.

Figure 3.4: Weighted temporal variance
of the 4D-CTA image. Skull and soft-
tissue are suppressed and change in con-
trast agent remains.
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The WTA was normalized by scaling the intensity values from -225 and 225 HU to -1 and

1 for the input of the network. Similarly, the WTV was normalized by scaling the intensity

values from 0 and 160 HU to 0 and 1. Image patches of 16x128x128 (Z · Y ·X) were used as

input for the network.

3.2.5 Training and Evaluation

The network was trained to segment the arteries and veins as a three-class problem (back-

ground, artery, and vein). Samples were drawn evenly from 40 different patients from a

training set. To ensure that the network also suppresses the non-vasculature background

and artifacts outside the patient, samples were not only drawn from the vasculature an-

notations, but also from outside the intracranial space and near the borders of the field of

view. The sampling ratios for artery, vein, extracranial space centered patches, and border of

the field of view were 0.48, 0.32, 0.13 and 0.07 respectively. The cross-entropy loss function

was used to train the network together with adaptive momentum optimization (ADAM)88

with an initial learning-rate of 10−5. In order to overcome the severe class imbalance between

background and vasculature in the cerebral cavity, class weights were assigned the loss func-

tion of 0.1, 0.8 and 0.8 to the background, artery and venous class respectively. The network

was trained for 3000 iterations on a NVIDIA TitanX GPU. During each iteration 10 batches

of 12x2x16x128x128 patches were provided to the network. After 1500 iterations selective

sampling was applied, where training patches were only sampled from erroneous regions.

The optimal set of weights for the network was determined by calculating the mean Dice

similarity coefficient (DSC)64 over 20 validation cases.

3.2.6 Quantitative Evaluation

The accuracy of the network was assessed by quantitatively comparing the full cerebral seg-

mentation of arteries and veins with reference annotations from the experienced observers

on a separate test set (n = 40). The DSC score and the relative absolute volume difference

(rAVD) were determined for the arteries and the veins separately.

3.2.7 Qualitative Evaluation

To assess the quality of the network on a larger data set, a radiologist with 7 years of experi-

ence (SP) evaluated all 277 cases from 2018. The observer evaluated the quality of the overall

segmentation and labeling of different vascular regions. Scores were given between 1 and

5, where 5 was defined as a perfect segmentation, 4 was defined as a very good segmenta-

tion with few errors, 3 was defined as an acceptable segmentation, 2 was defined as a poor

segmentation and a score of 1 was defined when the segmentation was diagnostically not

valuable. The vasculature regions that were scored were the circle of Willis, distal arteries,

dural venous sinus, and cortical veins.
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3.3 Results

The network was trained for 60 hours resulting in a mean DSC coefficient of 0.80 ± 0.04 for

the arterial class and 0.88 ± 0.03 for the venous class, in the test set. Average segmentation of

a full case took less than 90 seconds. Figures 3.5 and 3.6 show the box plots of the DSC and

rAVD for the test set.

The mean rAVD for the arteries was 7.3% ± 5.8% and 8.5% ± 4.8% for the veins, which

translates to around 2 and 4 mL respectively. Figures 3.7 and 3.8 show a slab of the segmen-

tation of the arteries and veins overlaid on the WTA in cases with the highest and lowest

DSC score in the test set, respectively. In red and blue are correctly labeled artery and vein,

respectively. In yellow, vessels predicted as vein, but annotated as artery are shown, and

in green vessels predicted as artery, but annotated as vein, compared with the observer an-

notation. Figure 3.9 shows the 3D rendering of the segmentations of the cases presented in

Figures 3.7 and 3.8.
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Figure 3.5: Boxplot of the Dice similar-
ity coefficient score for the artery and vein
segmentation.
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Figure 3.6: Boxplot of the relative abso-
lute volume difference for the artery and
vein segmentation.

Two patients were excluded due to acquisition errors from the qualitative evaluation set.

Figure 3.10 shows the result of the qualitative evaluation of 275 patients by an experienced

radiologist in a histogram. Overall, most of the segmentations were scored as very good with

only a few errors. Some cases scored a perfect segmentation.
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Figure 3.7: Example of the artery vein separation result overlaid on the WTA. In red: Correctly labeled
artery. In blue: Correctly labeled vein. In yellow: Vessels predicted as vein, but annotated as artery. In
green: Vessels predicted as artery, but annotated as vein.

Figure 3.8: Example of the artery vein separation result overlaid on the WTA. In red: Correctly labeled
artery. In blue: Correctly labeled vein. In yellow: Vessels predicted as vein, but annotated as artery. In
green: Vessels predicted as artery, but annotated as vein.

Figure 3.9: Example of the artery vein separation result in a 3D rendering. On the left: the segmentation
presented in Figure 3.7. On the right: the segmentation presented in Figure 3.8.
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Scoring of the different regions shows that the dural venous sinus is perfectly segmented

by the network in almost all cases (n = 229). For the circle of Willis, the distal arteries, and

the cortical veins the network produces a very good segmentation with little to no errors,

apart from a few (n = 21) cases where the observer scores the segmentations as acceptable

(i.e. score = 3).
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Figure 3.10: Histogram of the results of the qualitative evaluation of 275 cases by an experienced ob-
server. 5 = perfect segmentation, 4 = very good segmentation with few errors, 3 = acceptable segmenta-
tion, 2 = poor segmentation and 1 = segmentation was not valuable.

3.4 Discussion

In this work, we have presented a deep learning approach for fast and accurate segmentation

and labeling of the cerebral vasculature into arteries and veins. The method achieves high

overlap with the manually obtained reference standard, and a full cerebral segmentation into

artery and vein was obtained in less than 90 seconds processing time.

The automatic segmentation and labeling of the cerebral vascular has many applications.

These range from automatic detection of vascular pathology, suppressing or enhancing vas-

culature regions for improved visualization, to serve as masks for the calculation of arterial

input functions, or to assess pathways of collateral flow. All of these applications require a

robust method capable of segmenting the arterial and venous branches without relying on

temporal contrast bolus arrival times, as these are often distorted by the presence of vascular

pathology. By using a weighted temporal average and variance image as input, the method

is more robust and independent of the potentially disturbed contrast bolus arrival times.

The proposed Dense-U-Net architecture is a modification of the popular U-Net architec-
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ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.

3.4 Discussion 45

ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.

3.4 Discussion 45

ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.

3.4 Discussion 45

ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.

3.4 Discussion 45

ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.

3.4 Discussion 45

ture. One of the modifications is the increase in filters in the convolution layers, without

increasing the size of the network due to the growth-rate in convolution blocks. As a result

of this, the network is able to learn more filters. The input patch size of 16x128x128 was

chosen to capture a large receptive field in the XY-plane while maintaining some depth per-

ception in the Z-dimension. The use of a large receptive patch size contributes to the spatial

orientation of the network. Parts of the skull or major vessels in the vicinity may provide

valuable information regarding the label of a certain vessel segment. Furthermore, during

test time, the input patch size can be increased to 16x512x512 reducing the processing time

even further and removing the need for additional tiling.

The quantitative evaluation of the full cerebral vasculature with annotations from expe-

rienced observers provide a high DSC score and a low relative absolute volume difference.

Furthermore, the qualitative evaluation of different regions in the cerebral vascular system

by an expert radiologist allows for a good assessment of the value of the segmentation for

clinical practice. Additionally, this provides a more thorough evaluation of a larger data set

without the need for laborious annotations. The observer scored most of the segmentations

overall as very good, with some regions scored as a perfect segmentation with only a few as

acceptable segmentations.

Errors in the segmentation result of the network were mostly found in border regions

where arterial and venous branches run alongside one another. These errors can be seen

near the skull base region (Figure 3.7) and in the distal parts of the vasculature (Figures 3.7

and 3.8). Some of the incorrectly segmented vessel structures might be the cause of incorrect

labeling in the annotations. Future work should include a consensus meeting between the

observers and possibly the output of the algorithm to improve the reference standard.

The data set was collected from patients scanned for the suspicion of acute ischemic

stroke. The network provided good segmentations of the arteries and veins for patients

with vascular occlusions and good collateral flow or severe stenoses. Arteries distal from

occlusions in the M1 branches or stenoses were correctly segmented as arteries, regardless of

the possible late arrival of the contrast agent.

To our knowledge, this is the first deep learning approach to automatically segment and

separate the arteries and veins in 4D-CTA images. Although the full 4D-CTA images are

not directly used as input of the deep learning network, the essential information from the

4D-CTA can be extracted using the lower-dimensional WTA and WTV images. Thus, vessel

morphology and locations are sufficient features for artery and vein segmentation in 4D-

CTA. Furthermore, it circumvents the need for a normalization scheme if the arrival times

would be directly fed to the network.

A similar network and training strategy can be used for segmenting and labeling more

specific branches in the cerebral vasculature, only if more extensive data sets with annota-

tions of different vessel segments are provided. Future work will include vessel segment

labeling and the collection of more patient data from different scanners and hospitals.



52 CHAPTER 346 Artery-Vein Segmentation in 4D-CTA

3.5 Conclusion

We present a deep learning approach to automatically segment and separate the arterial and

venous vasculature in 4D-CTA of patients suspected of acute ischemic stroke.
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Abstract

Four-dimensional CT angiography (4D-CTA) is increasingly used in clinical practice for the

assessment of different neurovascular disorders. Optimized processing of 4D-CTA is crucial

for diagnostic interpretation because of the large amount of data that is generated. A color-

mapping method for 4D-CTA is presented for improved and enhanced visualization of the

cerebral vasculature hemodynamics. This method was applied to detect cranial AVFs. All

patients who underwent both 4D-CTA and DSA in our hospital from 2011 to 2018 for the

clinical suspicion of a cranial AVF or carotid cavernous fistula (CCF) were retrospectively

collected. Temporal information in the cerebral vasculature was visualized using a patient-

specific color-scale. All color-maps were evaluated by three observers for the presence or

absence of an AVF or CCF. The presence or absence of cortical venous reflux was evaluated

as a secondary outcome measure. In total, 31 patients were included, 21 patients with and

10 without an AVF. Arterialization of venous structures in AVFs was accurately visualized

using color-mapping. There was high sensitivity (86-100%) and moderate-to-high specificity

(70-100%) for the detection of AVFs on color-mapping 4D-CTA, even without the availability

of dynamic subtraction rendering. The diagnostic performance of the three observers in

the detection of cortical venous reflux was variable (sensitivity 43-88%, specificity 60-80%).

Arterialization of venous structures can be visualized using color-mapping of 4D-CTA and

proves to be accurate for the detection of cranial AVFs. This finding makes color-mapping a

promising visualization technique for assessing temporal hemodynamics in 4D-CTA.
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4.1 Introduction

Four-dimensional CT angiography (4D-CTA) is increasingly used in clinical practice for the

assessment of different neurovascular disorders as a non-invasive alternative to invasive

digital subtraction angiography (DSA)31. Multiple acquisitions over time enable visualiza-

tion of the cerebral vasculature hemodynamics. Dynamic acquisition during the passage of

a contrast bolus enables accurate detection of arterial-venous shunting, seen as abnormal

early contrast enhancement of a dural sinus or cortical vein, due to an arteriovenous malfor-

mation (AVM) or arteriovenous fistula (AVF)71,89–91. The main arterial feeders of AVFs can

be identified and the pathway of venous drainage can be estimated. Compared with DSA,

4D-CTA is less time consuming, less expensive, and has a lower risk of complications71,92.

In addition, 4D-CTA is less sensitive to the timing of the acquisition relative to the contrast

bolus injection as opposed to static, single-phase CTA.

The high spatial and temporal resolution of 4D-CTA yields large amounts of data, result-

ing in laborious and time-consuming diagnostic evaluation and hampers direct interpreta-

tion, even for experienced observers. The challenge of 4D-CTA lies in comprehensively and

accurately visualizing the essential parts of the imaging data. For example, in the diagnos-

tic work-up of cranial AV-shunts, a continuous 4D-CTA acquisition with high temporal and

spatial resolution is crucial, and hemodynamics is evaluated by creating dynamic CTA sub-

traction images. The evaluation of dynamic CTA requires an accurate evaluation of multiple

individual time points for the detection of arterialized venous structures. In a more sophis-

ticated approach for evaluating the vascular morphology on 4D-CTA, the whole 4D dataset

can be condensed into a 3D dataset using a temporal maximum intensity projection93. How-

ever, this projection has the disadvantage of temporal information being lost.

In this work, a visualization technique for 4D-CTA is proposed that is based on map-

ping the contrast bolus arrival times in the cerebral vasculature to a color-scale. A flow-

window is adjusted specifically for each patient based on the aggregated temporal informa-

tion. The method retains temporal (4D) information in a 3D reconstruction. The 4D-CTA

color-mapping method was evaluated in an observer study for the detection of cranial AVFs.
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4.2 Materials and Methods

4.2.1 Study Design and Study Population

All patients older than 18 years of age who underwent both 4D-CTA and DSA in our hos-

pital (Radboud University Medical Hospital, Nijmegen) from 2011 to 2018 for the clinical

suspicion of a cranial AVF or carotid cavernous fistula (CCF) were retrospectively collected.

Patients with a proven AVM (i.e., the presence of an intervening nidus) were excluded. The

study was approved by the medical ethical committee of our hospital, and informed consent

was waived because of the retrospective collection of the study data. The study was con-

ducted in accordance with the ethical standards of the 1964 Declaration of Helsinki and its

later amendments.

4.2.2 Data Acquisition

All patients underwent whole-brain 4D-CTA on a 320 detector-row Aquilion ONE CT scan-

ner (Canon Medical Systems, Tokyo, Japan). The 4D-CTA scanning protocol consisted of a

10- to 12-second continuous acquisition (80 kV, 115 mAs, 0.5-second rotation speed) recon-

structed at a temporal resolution of 1 volume per second. A 50 mL contrast agent bolus (300

mg iodine/mL, Iomeron; Bracco Milan, Italy) was intravenously injected. A test bolus of 15

mL contrast agent was used for the timing of the acquisition. Image reconstruction was per-

formed with a smooth reconstruction kernel (FC41), resulting in an image matrix of 512x512

with voxel sizes of 0.43x0.43x0.5 mm. The estimated mean radiation dose for the 4D-CTA

examinations was 6.6 mSv (dose-length product, 3176; k-factor, 0.0021).

4.2.3 Color-Mapping

The color-mapping visualization of 4D-CTA consists of four steps (Figure 4.1). First, the

vessels are segmented using a random forest classifier using a weighted temporal average

and variance as the main image features83. The second step is calculation of the contrast

bolus arrival times in the segmented vessels. Gaussian blurring is applied in the temporal

direction with σ = 3 seconds to reduce noise while maintaining spatial resolution. The

tissue attenuation curve per voxel describes contrast changes over time in Hounsfield units

(HU). For each vessel voxel, a point on this curve is searched where the attenuation reaches

a fraction, α, of the maximum signal intensity, corrected for the baseline intensity:

Ithreshold = I + α · (Imax − Imin) (4.1)

Here, Imin and Imax are the minimum and maximum intensity in the temporal direction

for the current voxel. Depending on the application, α may range from 0 to 1, where 1

resulted in the temporal maximum intensity projection and the time-to-peak. In our method,

the parameter, α, was set to 0.2 for optimal evaluation of contrast bolus arrival times. The

TTS is linearly interpolated using Ithreshold and the known acquisition time points as follows:
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TTS = T0 + β · (T1 − T0) (4.2)

With

β =
Ithreshold − I0

I1 − I0
(4.3)

Here, T0, T1, I0 and I1 are the acquisition time points and intensity values around Ithreshold

respectively, as shown in the profile intensity curve plot in Figure 4.1. In the next step, all TTS

values of the vessels are aggregated in a histogram that is used to determine a flow-window

for each patient specifically. The start and end of the flow-window are defined as the first

and last time points that reach 20% of the maximum peak in the histogram, as illustrated

by the TTS histogram in Figure 4.1. In the final step of the method, a color-scale is adjusted

around the flow-window and overlaid on the vessel segmentation to visualize the arrival

times and thus the flow dynamics in the cerebral vasculature.

Figure 4.1: Overview of the proposed method. First, the vessels are segmented in the 4D-CTA acquisi-
tions. Second, time-to-signal is calculated per vessel voxel in the segmentation. Third, the TTS values
are aggregated in a histogram, and the start and end of the flow window are determined. Last, a color
scale is mapped to the flow window, and the colors are overlaid on the vessel segmentation.

4.2.4 Diagnostic Evaluation

Three observers, two neuroradiologists (F.J.A.M., S.A.H.P.) and a neurosurgeon (H.D.B.) with

various levels of experience in reading 4D-CTA, evaluated the color-mapping visualization

datasets. The cases were presented to the observers in a random order, and the observers

were blinded to clinical symptoms, DSA, and patient outcome. Initially, only color-mapping
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processing of 4D-CTA as an overlay on temporal average images of the 4D-CTA was pre-

sented to the observers (method 1). In a second step, dynamic subtraction rendering of

4D-CTA was available in addition to color-mapping (method 2). The primary outcome mea-

sure was the detection of cranial AVFs. In case an AVF or CCF was identified, the location,

dominant arterial feeders and the pattern of venous drainage were assessed. The secondary

outcome measure was the presence or absence of cortical venous reflux, which is of relevance

for grading of the dural AVF and for treatment decision making94. The CCFs were graded

as either direct type (originating from the internal carotid artery) or indirect type (branches

of the external carotid artery serving as arterial feeders).

4.2.5 Reference Standard and Statistical Analysis

DSA was performed in the clinical diagnostic work-up of all cases, was independently eval-

uated by neurovascular interventionalists, and served as the reference standard for the pri-

mary and secondary outcome measures. Measures of diagnostic accuracy for the detection of

AVFs on 4D-CTA color-mapping were calculated per observer. Fleiss kappa statistics95 was

used for assessing agreement for AVF detection among the three observers. The Krippen-

dorff statistical test96 was used for evaluating interobserver agreement on cortical venous

reflux (taking possible missing data points into account). SPSS Statistics (Version 25; IBM,

Armonk, New York) and Python 3.6 were used for data management and data analyses.

4.3 Results

4.3.1 Study Population

A total of 34 patients were included, of whom 3 were excluded due to failure of the vessel

segmentation. The failure was the result of heavy distortion due to metal artifacts and poor

contrast opacification of the vasculature. The remaining study population consisted of 31

patients, 21 with and 10 without a cranial AVF. The group of AVFs consisted of 18 dural AVFs

and 3 CCFs. An overview of the study population demographics and AVF characteristics is

provided in Table 4.1.

4.3.2 Diagnostic Accuracy

The results of the color-mapping evaluation of 4D-CTA per observer are provided in Table

4.2. Overall, there was high sensitivity (86-100%) and moderate-to-high specificity (70-100%)

for the detection of cranial AVFs on color-mapping 4D-CTA. For observer 1, two cases were

rated false negative on 4D-CTA color-mapping, of which 1 (a CCF) was detected with addi-

tional dynamic subtraction rendering. All AVFs were correctly identified on 4D-CTA color-

mapping by observer 2, even before the availability of dynamic subtraction rendering. For

observer 3, 3 cases were read false negative and 3 cases were read false positive. For ob-

servers 2 and 3, there were no changes in the reading before and after the availability of
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Table 4.1: Patient demographics and characteristics of the AVFs.

Cranial AVF Present

(n = 21)

Cranial AVF absent

(n = 10)

Sex (M:F) 13:8 3:7

Mean Age, years (SD) 61 (12) 51 (14)

Presenting with pulsatile tinnitus (n) 8 7

Mean time to DSA in days (SD) 49 (68) 179 (205)

Dural AVF location (n)

Dural sinus 9 -

Posterior fossa 5 -

Anterior skull base 2 -

Supratentorial convexity 2 -

Dural AVF classification (n)

Borden type 1 9 -

Borden type 2 3 -

Borden type 3 6 -

CCF

Direct type 1 -

Indirect type 2 -56 4D-CTA Color-Mapping

dynamic subtraction rendering. In all cases with a true positive evaluation of 4D-CTA, there

was full agreement with DSA for the location of the AVFs for all observers. The interobserver

agreement for the detection of cranial AVFs was substantial (0.619 for method 1 and 0.661 for

method 2).

Figure 4.2: Left image: 4D-CTA color-mapping in a patient with a dural AVF located in the left sigmoid
sinus. Early contrast bolus arrival and arterialization of the left sigmoid sinus is depicted in red (large
arrow). Middle image: Three-dimensional rendering of color-mapping. Right image: Conventional an-
giography. Note the occipital artery branches serving as arterial feeders (small arrows) with anterograde
venous drainage in the jugular vein.
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Figure 4.3: Left image: 4D-CTA color-mapping in a patient with a small dural AVF located at the left
anterior skull base. Middle image: Three-dimensional rendering of color-mapping. Right image: Conven-
tional angiography. Early contrast bolus arrival of the AVF is seen in a prominent red color (arrow).
The ophthalmic artery with ethmoidal branches serving as the arterial feeder and arterialization of a
tortuous cortical draining vein is clearly seen.

The diagnostic performance in the detection of cortical venous reflux was highly variable

among the observers (Table 4.3), ranging from low-to-high sensitivity (43-88%) and moderate

specificity (60-80%) for both methods. Only for observer 3 was there a slight increase in

sensitivity with the availability of dynamic subtraction rendering because cortical venous

reflux was correctly identified in 1 additional case (initial false negative reading on color-

mapping). Regarding the 3 cases with a CCF included in the evaluation, 1 case with an

indirect type of CCF was, as mentioned, initially missed on color-mapping by observer 1 but

was detected with the availability of dynamic subtraction rendering. This case was detected

by observers 2 and 3 but was misclassified as a direct type by observer 2 and could not be

classified by observer 3. The interobserver agreement for the detection of cortical venous

reflux was fair (0.294 for method 1 and 0.372 for method 2).

Figure 4.4: Left image: 4D-CTA color-mapping of 4D-CTA in a patient with dural AVF located in the
left condylar venous plexus (white arrow). Middle image: Three-dimensional rendering of the color-
mapping. Right image: Conventional angiography. The ascending pharyngeal artery serving as the
feeding artery (black arrow), venous drainage into the green colored jugular vein.
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4.4 Discussion

We have presented a visualization technique to represent temporal information of the cere-

bral vasculature in a 4D-CTA acquisition, enabling accurate detection and enhanced visual-

ization of cranial AVFs. The visualization of contrast bolus arrival times using a color-scale

enables temporal information (4D) to be assessed on a 3D volume without losing informa-

tion. The 3 observers were able to accurately detect and localize the AVFs using 4D-CTA

color-mapping, even without the availability of dynamic subtraction rendering. The differ-

ence in the diagnostic performance among the observers is most likely related to the level

of experience in reading 4D-CTA studies and is a reflection of clinical practice. Examples of

AVFs in different locations as detected on 4D-CTA color-mapping are provided in Figures

4.2-4.4.

The detection of cortical venous reflux on 4D-CTA color-mapping, with the availability

of dynamic subtraction rendering, proved challenging. The performance in the detection

of cortical venous reflux was probably also related to the observers’ experience in reading

4D-CTA because observers 1 and 2 were considerably more experienced in reading 4D-CTA

than observer 3. Cortical venous reflux can be depicted on 4D-CTA, as has been reported

previously31,97, but there were discrepancies with DSA in a considerable number of cases.

Although our study population was scanned with a continuous 4D-CTA volume acquisi-

tion, the temporal resolution was set at 1 volume per second based on which color-mapping

was applied. A higher temporal resolution would enable targeted color-mapping in a more

specific time frame during the acquisition, which could improve the evaluation of cortical

venous reflux.

The cerebral vessel segmentation is an important part of the presented method. It allows

the arrival times to be extracted directly from the vascular system, and it reduces the large

amount of 4D-CTA data to the essential parts needed for the diagnostic evaluation and vi-

sualization of the cerebral vasculature hemodynamics. The accuracy of the color-mapping

method is therefore strongly dependent on the quality of the vessel segmentation, which

is especially challenging for small caliber arteries and veins. When combined with vessel

labeling, this method could serve as a base for automated detection of AVFs.

Three patients were excluded due to failed color-mapping, which resulted from insuf-

ficient vessel segmentation. Although only 3 patients were excluded, it is a relatively large

percentage of the small dataset. The vessel segmentation algorithm was primarily developed

for a discontinuous 4D-CTA scanning protocol used in acute ischemic stroke83. This feature

may cause the vessel segmentation algorithm to be less equipped to handle image artifacts

and suboptimal contrast opacification of the vasculature. A vessel segmentation algorithm

optimized for a continuous 4D-CTA scanning protocol might result in a decreased failure

rate of the vessel segmentations.

The α-factor in the TTS calculation of the presented method defines the threshold for the

contrast bolus arrival time in the cerebral vasculature and determines the final visualiza-

tion. A low α-factor is more suited to a detailed distinction in early contrast arrival times,
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making it more sensitive for the detection of arterialized venous structures (ie, AV-shunts).

In other pathologies such as ischemic stroke, a higher α-factor resembles the time-to-peak,

which is beneficial for the evaluation of the collateral vessel status, which is an important

independent predictor of patient outcome98. Preliminary results already showed that the

temporal dynamics of collateral flow in the circle of Willis can be depicted in patients with

a unilateral carotid artery occlusion using the presented method99. It is expected that color-

mapping could also be beneficial for 4D-CTA evaluation of vascular malformations in other

organ systems or in the evaluation of cardiovascular pathology. The visualization of arrival

times using a color-scale has been suggested before in 2D-DSA100–102 and in 4D-CTA103,104,

but none of these methods are adjusted for each patient individually independent from the

cerebral blood flow, heart rate, and cardiac output function. The application of a histogram

to normalize the arrival times for each patient individually is a novel approach that allows

an automatic visualization and comparison among patients with different contrast bolus ar-

rival times. The 20% threshold on the TTS histogram was chosen to ensure the detection of

the contrast bolus arrival at a reasonable signal-to-noise ratio. Relevant arrival times in other

parts of the vasculature that might be outside the flow-window are still visualized as the

flow-window servers as anchor points the color-scale and no arrival times are masked out.

Our study has some limitations. First, our study population was collected retrospectively

with the risk of selection bias. Our findings therefore need validation in a prospective cohort

study. Second, dynamic subtraction rendering of 4D-CTA was not independently evaluated

from color-mapping because we chose to evaluate color-mapping in a manner similar to that

apllied in clinical practice in which both color-mapping and dynamic subtraction rendering

are available. Our goal was not to repeal dynamic subtraction rendering of 4D-CTA but to

provide color-mapping as an initial evaluation tool of 4D-CTA enabling accurate detection

of an AVF, with dynamic subtraction rendering available for further detailed analysis. How-

ever, a direct comparison is of added value, which can be evaluated in a future prospective

study. Third, the role of 4D-CTA in the diagnostic work-up of AVFs is still under debate,

and a direct comparison of the diagnostic accuracy of 4D-CTA with DSA or time-resolved

MR angiography is lacking. MR angiography is preferable to 4D-CTA because the patient

is not exposed to radiation. On the contrary, 4D-CTA is preferable to dynamic MR angiog-

raphy because 4D-CTA is much less limited by the trade-off between temporal and spatial

resolution105. In addition, the radiation dose of 4D-CTA is currently considerable reduced

by advanced noise filtering and registration techniques, though this reduction still strongly

depends on the exact scanning protocol. Last, we did not include subjects with intracra-

nial AVMs in our cohort to have a more homogeneous study population. It is expected that

AVMs can also be detected with high accuracy using 4D-CTA color-mapping because an

AVM is also characterized by AV-shunting. Nevertheless, a follow-up study is needed to

validate this assumption.
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AVMs can also be detected with high accuracy using 4D-CTA color-mapping because an

AVM is also characterized by AV-shunting. Nevertheless, a follow-up study is needed to

validate this assumption.



4D-CTA COLOR-MAPPING 67

4

62 4D-CTA Color-Mapping

4.5 Conclusion

Arterialization of venous structures is visualized by color-mapping of 4D-CTA and proves to

be accurate for the detection of cranial AVFs. This finding makes color-mapping a promising

visualization technique for 4D-CTA.
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Abstract

In case of carotid artery occlusion, the risk and extent of ischemic cerebral damage are highly

dependent on the pathways of collateral flow including the anatomy of the circle of Willis.

In this report, cases are presented to illustrate that 4-dimensional computed tomography an-

giography (4D-CTA) can be considered as a noninvasive alternative to digital subtraction

angiography for the evaluation of circle of Willis collateral flow. Five patients with unilateral

internal carotid artery (ICA) occlusion underwent 4D-CTA for the evaluation of intracranial

hemodynamics. Next to a visual evaluation of 4D-CTA, temporal information was visualized

using a normalized color scale on the cerebral vasculature, which enabled quantification of

the contrast bolus arrival time. In these patients, 4D-CTA demonstrated dominant middle

cerebral artery blood supply on the side of ICA occlusion originating from either the con-

tralateral ICA or posterior circulation via the communicating arteries. Temporal dynamics

of collateral flow in the circle of Willis can be depicted with 4D-CTA in patients with a uni-

lateral carotid artery occlusion.
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5.1 Introduction

In case of carotid artery occlusion, the risk and extent of ischemic cerebral damage is highly

dependent on the pathways of collateral flow, including the anatomy of the circle of Willis.

Adequate evaluation of intracranial hemodynamics is crucial when endovascular or surgi-

cal treatment of a contralateral carotid artery stenosis or bypass surgery is considered106. In

daily clinical practice, a large variety in circle of Willis anatomy is encountered. The most

common variants include aplasia or hypoplasia of the posterior communicating arteries, and

the first segments of the anterior and posterior cerebral arteries107. Less common variants

include persistence of embryologic carotid-vertebral anastomoses, e.g. persistence of the

trigeminal or hypoglossal artery107. These variants of vascular anatomy can be depicted by

conventional CT angiography (CTA) or MR angiography (MRA). Hemodynamics, such as

the direction and delay of blood flow, are difficult to assess by these techniques. For this,

digital subtraction angiography (DSA) can be considered. However, DSA is an invasive

procedure with risk of transient or permanent (neurological) complications, and bears high

costs. In the last decade dynamic CTA, also referred to as 4D-CTA, has become available as

a non-invasive alternative to DSA31. Multiple subsequent CT acquisitions, or a continuous

volume CT acquisition for a period of time, enable the evaluation of intracranial hemody-

namics at both high temporal and spatial resolution.

Here, we illustrate the added value of 4D-CTA for the evaluation of intracranial hemody-

namics by discussing five patients with neurological symptoms related to unilateral internal

carotid artery occlusion.
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Case 1

A 67-year old male presented at our neurology department with complaints of recurrent

weakness and limb shaking of the right leg, indicative of hemodynamic (transient) ischemic

attacks. Brain MRI was performed, which demonstrated small areas of restricted diffusion

in both middle cerebral artery (MCA) territories (Supplementary Figure 5.2). Subsequent

MRA showed an occlusion of the left internal carotid artery (ICA), and an atherosclerotic

plaque with an estimated 70 percent lumen stenosis of the right proximal ICA. There were

no abnormalities in the posterior circulation nor the vertebrobasilar system. The anterior

communicating artery and a left side posterior communicating artery were present, as well

as the first segment of the posterior cerebral arteries on both sides. Based on MRA it was

unclear whether there was dominant blood supply of the left MCA originating from the right

ICA, or from the posterior circulation via the posterior communicating artery. For this, 4D-

CTA was performed which demonstrated dominant left MCA blood supply from the right

ICA via the anterior communicating artery (Figure 5.1). Carotid endarterectomy of the right

proximal ICA was performed, with good clinical outcome and resolution of the neurological

symptoms.

Figure 5.1: Top-down views of 4D-CTA. Color-mapping images: color-mapping of temporal informa-
tion in the 4D-CTA acquisition where early contrast enhancement is shown in red, intermediate in yel-
low, and delayed contrast enhancement in blue. Case 1 with left-side ICA occlusion. Left image, early
arterial contrast phase of 4D-CTA demonstrating dominant left MCA blood supply originating from the
right ICA via the anterior communicating artery. Right image, note the red color of the first segment of
the left anterior cerebral artery and yellow color of the left posterior communicating artery.



4D-CTA COLOR-MAPPING IN STROKE 73

5

5.1 Introduction 69

Figure 5.2: Brain diffusion-weighted magnetic resonance imaging and head-neck contrast magnetic res-
onance angiography of case 1.

Case 2

A 70-year old male presented with recurrent episodes of left sided facial palsy and numb-

ness of the left face. Brain MRI showed a large cortical area of restricted diffusion in the

right frontal lobe, mainly in the dorsal insular and peri-insular region (Supplementary Fig-

ure 5.4). There was an occlusion of the right ICA. The left carotid bulb showed an atheroscle-

rotic plaque resulting in a less than 50 percent stenosis of the vessel lumen. On both sides

a posterior communicating artery and first PCA segment was present. For the evaluation
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of intracranial hemodynamics, a subsequent 4D-CTA was performed which demonstrated

blood supply of the right MCA originating from the left ICA via the anterior communicating

artery (Figure 5.3). It was decided not to perform carotid endarterectomy of the left carotid

bulb, because the grade of luminal stenosis was considered not of hemodynamic significance.

Secondary prophylaxis with platelet-inhibition therapy was initiated and at follow-up the

patient did not experience any new neurological symptoms.

Figure 5.3: Case 2 with right-side ICA occlusion. Left image, early arterial contrast phase of 4D-CTA
demonstrating dominant right MCA blood supply originating from the left ICA via the anterior commu-
nicating artery. Right image, note the red color of the first segments of the anterior cerebral artery and
MCA on the right side and yellow-orange color of the right posterior communicating artery. Also note
the red color of the posterior communicating artery and firstsegment of the posterior cerebral artery on
the left side, consistent with predominant blood supply from the left ICA.

Figure 5.4: Brain diffusion-weighted magnetic resonance imaging of case 2.
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Case 3

A 68-year old male presented with symptoms of minor stroke due to left internal carotid

artery occlusion. The symptoms were most likely of hemodynamic origin as these were

encountered during episodes of hypotension. A 4D-CTA was performed for the evaluation

of circle of Willis collateral flow, which demonstrated predominant left side MCA supply

originating from the posterior circulation via the left posterior communicating artery (Figure

5.5). The right posterior cerebral artery was predominantly supplied from the right ICA, due

to a hypoplastic small first segment of the right posterior cerebral artery. The blood pressure

was regulated and secondary prophylaxis with platelet-inhibition therapy was initiated, and

there was improvement of the neurological symptoms at follow-up.

Figure 5.5: Case 3 with left-side ICA occlusion. 4D-CTA demonstrates left-side MCA supply predomi-
nantly originating from the posterior circulation via the left posterior communicating artery. The right
posterior cerebral artery was predominantly supplied from the right ICA, due to a hypoplastic small
first segment of the right posterior cerebral artery.
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Case 4

A 77-year old male with a known left side internal carotid artery occlusion presented with

transient weakness of the right leg with full recovery, considered a transient ischemic at-

tack. A 4D-CTA was performed for the evaluation of circle of Willis collateral flow, which

demonstrated delayed contrast filling of the left MCA originating both from the right ICA

and posterior circulation via the anterior and posterior communicating arteries (Figure 5.6).

Secondary prophylaxis with platelet-inhibition therapy was initiated and at follow-up the

patient did not experience any new neurological symptoms.

Figure 5.6: Case 4 with left-side ICA occlusion. 4D-CTA demonstrates delayed contrast filling of the
left MCA originating both from the right ICA and posterior circulation via the anterior and posterior
communicating arteries.

Case 5

A 55-year old male presented with ‘limb-shaking’ transient ischemic attacks with weakness

of the arm and leg on the left side. These complaints were considered from hemodynamic

origin as an internal carotid artery occlusion on the right side was found on conventional CT

angiography. For the evaluation of circle of Willis collateral flow, 4D-CTA was performed

which demonstrated delayed contrast filling of the right MCA originating from the left ICA

via the anterior communicating artery (Figure 5.7). There was a focal stenosis of the first seg-

ment of the anterior cerebral artery on the right side and a small caliber of the right posterior

communicating artery, indicating a fragile pathway of collateral flow. In a multidisciplinary

consultation it was decided to perform bypass surgery, with surgical connection of the super-

ficial temporal artery to a main distal MCA branch on the right side. After bypass surgery,

4D-CTA and angiography was performed which demonstrated a patent anastomosis with

adequate early contrast enhancement of the distal MCA via the superficial temporal artery.
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At three-year follow-up, the neurological complaints were improved with disappearance of

the ‘limb-shaking’ transient ischemic attacks.

Figure 5.7: Color-mapping images: color mapping of temporal information in the 4D-CTA acquisi-
tion where early contrast enhancement is shown in red, intermediate in yellow and delayed contrast
enhancement in blue. Upper row. 4D-CTA demonstrates delayed contrast filling of the right MCA
originating from the left ICA via the anterior communicating artery. Lower row. 4D-CTA after bypass
surgery, which demonstrates a patent anastomosis with adequate early contrast enhancement of the
distal MCA via the superficial temporal artery on the right side.

5.2 Discussion

The cases discussed above illustrate that intracranial hemodynamics can be evaluated with

4D-CTA and that circle of Willis collateral flow in case of unilateral internal carotid artery

occlusion can be depicted. This is of added value when the pathway of collateral flow can-
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not be estimated based on conventional CTA or MRA, i.e. in case both anterior and posterior

cerebral and communicating arteries are present on the side of internal carotid artery oc-

clusion. The patients were scanned on a wide-row 320 slice detector CT scanner (Aquilion

ONE; Toshiba Medical Systems, Japan), enabling wide-volume scanning at high temporal

resolution. Volume mode scanning allows complete or partial coverage of the head during

one rotation. Wide detector CT configurations with 16-cm full-head coverage have been im-

plemented as 320x0.5 mm or 256x0.625 mm collimations by 2 major vendors31. Dynamic CT

with full head coverage can also be achieved using smaller CT detector widths by applying a

toggling or shuffling table technique, though at the cost of temporal resolution. The scanning

protocol consisted of a 12 second dynamic volume acquisition after intravenous injection of

a 50 mL contrast agent bolus (300 mg iodine/mL Iomeron; Bracco Imaging, Milan, Italy),

with temporal resolution reconstructed at 1 frame per second. The average radiation dose of

the 4D-CTA acquisitions in our cases was 3 mSv.

A large amount of data is generated by 4D-CTA, depending on the temporal resolution,

number of reconstructed 3D volumes and the scanning range31. Optimized processing of 4D-

CTA is therefore crucial for adequate image evaluation and interpretation. Next to a visual

evaluation of 4D-CTA, temporal information was visualized using a normalized color scale

on the segmented cerebral vasculature83, which enabled quantification of the contrast bo-

lus arrival time. There was slight difference between the intracranial anterior and posterior

circulation contrast bolus arrival times, which is depicted by a color difference. Estimation

of collateral flow through the circle of Willis on 4D-CTA would however be limited in case

there would be simultaneous contrast bolus arrival in the anterior and posterior circulation.

Then, DSA has the advantage of selective vessel injection.

In our cases, we evaluated the pathway of collateral flow via proximal, large caliber ar-

teries of the circle of Willis in a non-acute clinical setting. For adequate evaluation of this

pathway of collateral flow a high temporal resolution is required (at least 1 frame/second).

It has been reported that distinct patterns of smaller vessel collaterals can also be depicted

on 4D-CTA, such as posterior cerebral artery–MCA dominant collateralization, intratentorial

leptomeningeal collaterals, and variability in size, extent, and retrograde filling time in pial

arteries108. Furthermore, in intracranial vessel occlusion dynamic CTA provides a more de-

tailed assessment of collaterals than single-phase CTA, and provides a better estimation of

infarct volume at follow-up109. It should however be noted that estimating tissue viability

using brain CT perfusion relies on brain tissue enhancement, which also depends on path-

ways of distal, small vessel collateral flow. For CT perfusion, a lower temporal resolution of

the dynamic CT acquisition is sufficient, although the time of acquisition should be extended

to a scan duration of 60 to 90 seconds for obtaining adequate tissue enhancement curves. Es-

timation of brain tissue viability in acute ischemic stroke is of relevance for patient selection

to intra-arterial thrombectomy and for prognosis estimation10,18.

It is expected that clinical application of 4D-CTA in the diagnostic work-up of different

neurovascular disorders will increase in the next years.
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5.3 Conclusion

Temporal dynamics of collateral flow in the circle of Willis can be adequately depicted with

4D-CTA in patients with a carotid artery occlusion.
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Abstract

Fast and accurate detection of intracranial vascular occlusions is essential for treatment de-

cisions in acute stroke. Four-dimensional CTA (4D-CTA) imaging is increasingly used for

triage of acute stroke patients. In this work, a deep learning method is presented for the au-

tomated detection of intracranial anterior circulation artery occlusions. In this retrospective

study, vascular occlusions were detected by analyzing a normalized time-to-signal (TTS)

map with a convolutional neural network (CNN). The TTS maps were calculated by seg-

menting the cranial cavity and applying a Gaussian filter to reduce spatial and temporal

noise. The TTS was determined for each voxel as the time point where the signal intensity

reaches a percentage of the maximum signal intensity, corrected for the baseline intensity.

The TTS map was normalized to enable comparison between patients, and down-sized to

68x68x68 voxels as input for the CNN. The CNN consists of three blocks of two 3D convo-

lutions followed by max-pooling. Then, two 3D convolutional filters, followed by two fully

connected filters with drop-out and a softmax layer to obtain a probability for the presence

of a vascular occlusion. Our study setup was to automatically detect vascular occlusions to

assist physicians in acute stroke triage. All patients who received a 4D-CTA for the suspicion

of acute stroke were collected in our hospital between January 2014 and December 2018. Pa-

tients with occlusions in the intracranial anterior circulation arteries were included. Patients

confirmed having no occlusions were included as negative data. Patients between 2014 and

2017 (n = 214) served as training and validation sets. Patients from 2018 (n = 279) were used

as a separate test set. Labeling was done at image-level. The sensitivity, specificity, accuracy,

and area under the receiver operating characteristics (ROC) curve with 95% confidence inter-

vals were reported for the test set. The accuracy, sensitivity, and specificity were 92%, 95%,

and 92%. The area under the ROC curve was 0.98 (95% CI: 0.95–0.99). Deep learning accu-

rately detects intracranial anterior circulation arterial occlusions in high-resolution 4D-CTA

and may aid physicians in acute stroke triage.
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6.1 Introduction

Four-dimensional computed tomography angiography (4D-CTA) is an imaging modality

that enables the visualization of cerebral hemodynamics and plays an increasingly important

role in the diagnostic assessment of different neurovascular disorders including acute cere-

bral stroke31. In 4D-CTA, the vasculature can be assessed, while the derived CT perfusion

maps provide a visualization of the permeability of the brain tissue. Vessel occlusions caused

by an embolus or thrombus are an important cause of cerebral stroke resulting in ischemic

damaged brain tissue. Damaged brain tissue can be differentiated between infarct core and

penumbra, the latter can recover if blood supply is restored in time. Clot removal via en-

dovascular therapy (EVT) has shown to improve patient outcome with proximal large vessel

occlusions within 6 hours after onset of symptoms9,12–16. Follow-up studies10,18,19 showed

that EVT can also be effective in the period 6-24 hours after onset of symptoms when pa-

tients with a large vessel occlusion are selected based on the extent of the infarct core and

penumbra, which can be assessed on perfusion maps calculated from 4D-CTA.

The interpretation of these 4D-CTA images, either directly by visual assessing the vas-

cular morphology and its contrast changes to identify occlusions110 or indirectly by assess-

ing the perfusion maps to identify perfusion deficits caused by these occlusions, is time-

consuming and prone to observer variability21,111. Perfusion maps are also known for their

large variability in itself112 with many factors playing a role, including protocol acquisition

settings and the choice of software package for the calculations113. In this work we therefore

aim to automate the detection of intracranial anterior circulation artery occlusions directly in

4D-CTA.

Only a few related studies were found and those were performed on non-contract CT

(NCCT) or static CTA114,115. In those studies, a semi-automatic thrombus detection method

was presented by manually placing two seed points at the contralateral side which were

used to segment the vasculature. The vasculature was then registered to the affected side

and a region growing algorithm was applied within a generated mask to detect and analyze

the thrombus. A downside of this method is that user interaction is required.

In recent years, medical imaging has seen an increase of deep learning applications80

achieving near human performance in many domains27–30. Only two studies were found us-

ing deep learning for occlusion or thrombus detection. One proposed a convolutional neural

network (CNN) applied to NCCT based on information from the affected and contralateral

side together with atlas information116, and another used 2D maximum intensity projections

(MIPs) with ResNet-50 for case prediction on CTA117. Some deep learning methods were de-

veloped by industry118, but lack methodological and evaluation details. None of the related

work, either using conventional or deep learning method, were developed for 4D-CTA.

In this work, we propose a deep learning approach for the automated detection of in-

tracranial anterior circulation artery occlusions in 4D-CTA.
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6.2 Materials

6.2.1 Study population

The collection of a retrospective cohort of patients was approved by our local medical ethical

committee and informed consent was waived. Scans from all patients that were admitted to

our hospital between January 1st 2014 and December 31st 2018 with the suspicion on acute

ischemic stroke were collected and anonymized. The data collected between January 1st 2014

and December 31st 2017 was used for training and validation of the method. All consecu-

tive patients from 2018 who received a 4D-CTA for the suspicion on acute ischemic stroke

were collected as a separate test set. Patients were included as positive data if they received

a 4D-CTA and if they were diagnosed with an intracranial anterior circulation arterial ves-

sel occlusion (i.e. ICA, MCA or ACA). Vascular occlusions in the posterior circulation (i.e.

vertebral arteries, basilar arteries or PCA) were not included as the level of evidence for per-

forming EVT in these occlusions is not yet based on randomized control trials17. Patients

without vascular occlusions were included as negative data.

6.2.2 Scanning protocol

All patients were scanned on a 320-row detector CT scanner (Aquilion One, Canon Medical

Systems Corporation, Japan). The 4D-CTA acquisition protocol consisted of 19 volumetric

scans. Each scan was made at 80 kV and 0.5 seconds rotation time with 16 cm z-coverage. At

the start of the protocol a single high dose acquisition at 200 mAs was performed, followed

by 13 100 mAs acquisitions at 2 seconds interval, followed by 5 75 mAs acquisitions at 5

seconds interval. A 50 mL contrast agent bolus (300 mg iodine/mL Iomeron, Bracco Imaging,

Italy) was intravenously injected in the antecubital vein at the start of the first acquisition.

Image reconstruction was done using a smooth kernel (FC41) resulting in image sizes of

512x512x320 voxels with voxel sizes of 0.43x0.43x0.5 mm.

6.2.3 Reference standard

The reference standard of the presence of an intracranial vessel occlusion was based on the

radiology report taking into account the patient history and all available imaging data in-

cluding the NCCT, CTA, 4D-CTA and derived perfusion maps. In a previous study21, we

showed that including the 4D-CTA and derived perfusion maps in the evaluation, readers

achieved high accuracy in detecting intracranial vascular occlusions. Labeling was done at

image-level.

6.3 Methods

A deep learning approach based on a convolution neural network (CNN) is proposed. Mem-

ory limitations of the current high-end GPU cards make it impossible to use the full 4D-CTA
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images as input for the network. Therefore, a normalized time-to-signal (nTTS) map of the

4D-CTA was derived capturing the temporal information in a down-sized 3D space. In the

following, each step of the deep learning approach is explained in detail.

6.3.1 Input

The cranial cavity was first segmented62 and then smoothed using a Gaussian filter (kernel

size of 20 voxels and 6 time points) to reduce spatial and temporal noise. The tissue attenua-

tion curve per voxel describes contrast changes over time in Hounsfield Units (HU). For each

voxel in the cranial cavity a point on this curve is searched where the attenuation reaches a

percentage α of the maximum signal intensity, corrected for the baseline intensity (Equation

6.1). In the proposed method α was set to 0.8.

Ithreshold = I + α · (Imax − Imin) (6.1)

Here, Imin and Imax are the minimum and maximum HU in the temporal direction for

the current voxel. The TTS was then found by linearly interpolating the found Ithreshold and

the known acquisition time points as% shown in Equation 6.2

TTS = T0 + β · (T1 − T0), (6.2)

with

β =
Ithreshold − I0

I1 − I0
. (6.3)

Here, T0, T1, I0 and I1 are the acquisition time points and intensity values around Ithreshold

respectively, as shown in the tissue attenuation curve plot in Figure 6.1. The TTS maps were
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Figure 6.1: Example of tissue attenuation curve from which Ithreshold is determined and interpolated
to the time-to-signal. Here, α is set at 0.8 (80% of the maximum intensity, corrected for the baseline
intensity).

normalized for the different absolute arrival times between patients, as follows. The first
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and last time point in the TTS histogram with bin-size = 0.01 s which reached 20% of the

maximum histogram value defined Tmin and Tmax. The TTS values were then normalized to

relative arrival times:

nTTS = TTS · 1

Tmax − Tmin
. (6.4)

An example of the resulting nTTS map overlaid on the 4D-CTA image is shown in Figure

6.2. The nTTS map was finally down-sized to 68x68x68 voxels using nearest neighbor inter-

polation and used as input for the CNN.

Figure 6.2: Example of the nTTS map, colorized, overlaid on the 4D-CTA image. Red indicates an early
arrival time and blue indicates a late arrival time. The late arrival time, compared to the contralateral
side, can be seen in the left hemisphere due to a M2 vascular occlusion. All arrivals times were normal-
ized between 0 and 1.

6.3.2 Convolutional Neural Network

The input size for the CNN were volumes of 68x68x68 voxels. The CNN consisted of three

blocks of two 3D convolutions with batch normalization (BN) and rectified linear unit (ReLU)

activation followed by 2x2x2 max-pooling. Each convolution decreases the spatial resolution

with 2 voxels. After the last block, two 3D convolutional filters were added to reduce the

spatial size to 1 voxel (1x1x1). Two fully connected filters with drop-out (p = 0.5) were added

after the last convolution. Finally, a softmax function was calculated over the final filter

to obtain a classification probability indicating the presence of an occlusion. A schematic

overview of the network architecture is shown in Figure 6.3.
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images as input for the network. Therefore, a normalized time-to-signal (nTTS) map of the

4D-CTA was derived capturing the temporal information in a down-sized 3D space. In the

following, each step of the deep learning approach is explained in detail.

6.3.1 Input

The cranial cavity was first segmented62 and then smoothed using a Gaussian filter (kernel

size of 20 voxels and 6 time points) to reduce spatial and temporal noise. The tissue attenua-

tion curve per voxel describes contrast changes over time in Hounsfield Units (HU). For each

voxel in the cranial cavity a point on this curve is searched where the attenuation reaches a

percentage α of the maximum signal intensity, corrected for the baseline intensity (Equation

6.1). In the proposed method α was set to 0.8.

Ithreshold = I + α · (Imax − Imin) (6.1)

Here, Imin and Imax are the minimum and maximum HU in the temporal direction for

the current voxel. The TTS was then found by linearly interpolating the found Ithreshold and

the known acquisition time points as% shown in Equation 6.2

TTS = T0 + β · (T1 − T0), (6.2)

with

β =
Ithreshold − I0

I1 − I0
. (6.3)

Here, T0, T1, I0 and I1 are the acquisition time points and intensity values around Ithreshold

respectively, as shown in the tissue attenuation curve plot in Figure 6.1. The TTS maps were
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Figure 6.1: Example of tissue attenuation curve from which Ithreshold is determined and interpolated
to the time-to-signal. Here, α is set at 0.8 (80% of the maximum intensity, corrected for the baseline
intensity).

normalized for the different absolute arrival times between patients, as follows. The first
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Conv3D, BatchNorm, ReLu, kernel-size = 3, stride = 1
MaxPool, kernel-size = 2

Fully Connected Layer, Dropout (p = 0.5)
Fully Connected Layer, Softmax
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(128 x 32 x 32 x 32)

(256 x 14 x 14 x 14)
(512 x 5 x 5 x 5) (1024 x 1 x 1 x 1) Probability

Figure 6.3: Network architecture. Input volume of 68x68x68, followed by 3 blocks of two 3D convolu-
tions with batch-normalization (BN) and rectified linear unit (ReLU) activation, and max-pooling, fol-
lowed by two 3D convolution. After the convolutional filters, two fully connected filters and a soft-max
layer. The number of filters is indicated above the convolutions.

6.3.3 Data augmentation

In order to make the network more generalizable and to provide the network with more

training examples, three different types of augmentations were used, which were represen-

tative of variations expected in a larger data set. First, rotation around a randomly chosen

axis in the range of −30° to +30°, second, flipping around the y-axis of the image and third,

intensity scaling by multiplication with a random number between 0.9 and 1.1. The occur-

rence of the augmentations was set to 90%, meaning that when a patch was sampled there

was a 90% chance of augmentation. The prevalence of the different augmentation was evenly

distributed.

6.3.4 Training and Evaluation

The network was trained with an equal amount of positive and negative cases sampled from

the training set. The network was trained for 500 iterations. For each iteration 12 batches of

12x68x68x68 patches were provided to the network. The network was trained on a NVIDIA

GTX1080 GPU. Cross-Entropy was used for the loss calculation and ADAM88 was used to

minimize the loss with an initial learning rate of 10−5.

The best performing network was determined based on 1200 evaluation patches evenly

sampled from the validation set. The evaluation on the test set was done separately after

establishing the best performing network on the validation set. A receiver operating char-

acteristics (ROC) curve, with 95% confidence intervals, was calculated and the sensitivity,

specificity, positive predictive value, and negative predictive value were reported at a spe-

cific operating point.
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6.4 Results

6.4.1 Patient characteristics

In total, 584 patients (age: 66.5 ± 15.0, male: 271) with a 4D-CTA acquisition were collected

of which 166 patients had an intracranial anterior circulation artery occlusion. Patients with

multiple occlusions were categorized to the largest occluded branch (e.g. if a patient was

diagnosed with a M1 and M2 occlusion, it was labeled as M1). Patients were divided into

separate training, validation and test sets. Different locations of the occlusions were dis-

tributed evenly over the training and validation set. From the 198 negative 4D-CTA’s, a

random subset was taken, equal to the positive training and validation set and distributed

over the training and validation set. The separate test set was collected consecutively and

contained 59 patients with an intracranial anterior circulation artery occlusion and 220 with-

out. A schematic overview of the study data is shown in Figure 6.4.

Patients suspected of stroke
with 4D-CTA
2014 - 2018

n = 584

No occlusion
n = 198

Random subset
n = 107

Occlusion
n = 107

M1 Occlusion
n = 36

M2 Occlusion
n = 34

ICA Occlusion
n = 28

ACA Occlusion
n = 2

Training set (n = 184)
ICA = 23, M1 = 31

M2 = 31, M3/M4 = 5
ACA = 2, Negatives = 92

Validation set (n = 30)
ICA = 5, M1 = 5

M2 = 3, M3/M4 = 2
Negatives = 15

2018
n = 279

No occlusion
n = 220

Occlusion
n = 59

M1 Occlusion
n = 26

M2 Occlusion
n = 17

ICA Occlusion
n = 10

M3/M4 Occlusion
n = 5

Test set (n = 279)
ICA = 10, M1 = 26

M2 = 17, M3/M4 = 5
ACA = 1, Negatives = 220

2014 - 2017
n = 305

M3/M4 Occlusion
n = 7

ACA Occlusion
n = 1

Figure 6.4: Overview of study data. Distribution of the training, validation and test sets with different
types of intracranial vessel occlusions and negative data sets.

6.4.2 Detection of patients with arterial occlusions

The optimal accuracy after 5 hours of training was 0.97 over the 1200 validation patches.

Preprocessing of the 4D-CTA image (i.e. Gaussian filtering and nTTS calculation) took less

than 4 minutes per case. Prediction by the CNN took less than half a second. An example

case is shown in Figure 6.5. Figure 6.6 shows the ROC curve, resulting in an area under the

curve of 0.98 (95% CI: 0.95-0.99) for the detection of an anterior circulation vessel occlusion.
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At the selected operating point, the sensitivity was 0.95 (95% CI: 0.86-0.99) and specificity

0.92 (95% CI: 0.87-0.95) translating to 3 false negative cases. The positive and negative pre-

dictive value were 0.76 (95% CI: 0.67-0.83) and 0.99 (95% CI: 0.96-1.00) respectively. The three

false negative cases were patients with an occlusion in the distal ACM, M3, and M4 branch,

respectively.

Figure 6.5: Example of the normalized TTS map, colorized, overlaid on the 4D-CTA image. Red indi-
cates an early arrival time and blue indicates a late arrival time. The late arrival time, compared to the
contralateral side, can be seen in the right hemisphere due to a M1 vascular occlusion. The probability
of the network for the presence of an occlusion for this case was 0.999.
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Figure 6.6: ROC curve on the test set with 95% confidence interval bands.
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6.5 Discussion

In this work, we have presented an image-level labeled deep learning approach for the au-

tomated detection of intracranial anterior circulation artery occlusions on 4D-CTA in acute

stroke. The sensitivity and specificity proved 95% and 92% on an independent consecutive

test set of 279 cases, translating to 3 false negatives and 18 false positives. The overall compu-

tation time was less than 4 minutes per case. The network showed good performance with

an area under the ROC curve of 0.98 (95% CI: 0.95–0.99).

The test set was an independent cohort of all patients from 2018, therefore, the obtained

result is indicative of the performance that could be reached in real clinical practice.

The current endovascular therapy is aimed at removing of anterior circulation large ves-

sel occlusions. Our method is able to detect patients eligible for this treatment and even

patients with proximal and distal occlusions in the M2 and M3 segments. According to the

recently updated guidelines for acute stroke management17, analysis of randomized control

trials have shown that these patients may benefit from EVT as well when carefully selected.

Patients with posterior circulation occlusions have not been included, as the evidence of the

benefit is, at this point, only based on clinical experience of experts.

Although our method does not provide a direct localization of the occlusion, patients

without vascular occlusions are identified with high confidence given the NPV of 0.99. Among

these patients, other findings, such as old ischemic regions or preexisting conditions were

present. Patients classified with vascular occlusions can then be further evaluated for the

exact location of the vessel occlusion on CTA. Furthermore, calculated nTTS maps show an

intuitive representation of the arrival time in the brain, similar to the presentation of the per-

fusion maps. This provides immediate feedback, where the observer’s attention is drawn to

the late arrival caused by the vascular occlusion, as shown in Figures 6.2 and 6.5. As these

images are normalized, a comparison between patients may be more straightforward.

The deep learning method is trained using image-level labeled data. Compared to re-

lated work, e.g. on thrombus detection114 where the hyperdense region on NCCT is being

detected or segmented, our method has the advantage that no manual annotation at voxel-

level is required to develop the system. Acquiring manual annotations at voxel-level is a

time-consuming and labor-intensive procedure prone to observer variability. Moreover, by

using image-level labels we can process an entire case, down-sized to 68x68x68 voxels, with-

out the definition or segmentation of regions-of-interest, affected hemispheres or user inter-

action.

To our knowledge, this is the first method for the detection of intracranial anterior cir-

culation occlusions using 4D-CTA. Most related work is on thrombus detection in NCCT or

CTA and these methods require manual interaction by placing seed points114 or extracting

a region on interest116. Other deep learning approaches117 use ResNet-50 with cropped 2D

CTA orthogonal MIPs as input, but by generating a MIP valuable information may be lost.

Several medical software companies are working on automatic large vessel occlusion detec-

tion118.
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However, most of the companies use NCCT or CTA for the detection and do not specify

methodological details of their method, making a direct comparison difficult.

The nTTS map reduces the size and complexity of the 4D-CTA image while maintaining

relevant temporal information. The reduction of size and complexity allows for fast com-

putation and reduces the need for high-end GPU hardware. The nTTS map was calculated

by applying a Gaussian blurring in all dimensions, thereby reducing spatial and temporal

noise. The contrast bolus arrival time can differ between patients, making generalization

between patients difficult. Here we propose a normalization step by scaling the arrival times

to the beginning of the contrast agent flow for each patient specifically. Doing so, the relative

arrival times can be compared between patients and the network can interpret the temporal

information of the 4D-CTA images between patients, regardless of absolute contrast arrival

time.

The network used was a 3D CNN with a single probability as output. The 3D input and

3D convolutions provide a larger integration of contextual information compared to 2D. This

is beneficial because vascular pathologies can be more difficult to detect in 2D planes without

center multiplanar reconstructions or intensity projections. Other network architectures like

long short-term memory (LSTM) or recurrent neural networks (RNN) could be considered

given the sequential nature of the 4D-CTA. However, a suitable representation of the extra

dimensions would be necessary as these networks require 1D or 2D inputs.

In this study, we focused on the detection of intracranial anterior circulation vessel oc-

clusions in 4D-CTA scans for acute ischemic stroke. A limitation of this work is that there

is no classification or localization of the different types of occlusions. This may be achieved

by adding a segmented vasculature map83,119 over the nTTS map as input for the CNN. Fu-

ture work will include more patient data from different scanners and hospitals to increase

the robustness of the method and include patients with posterior occlusions. Furthermore,

the architecture can be trained to detect other cerebral pathologies that cause a disturbance

of the normal temporal information, such as arteriovenous malformations or brain tumors,

without major changes in network design.

6.6 Conclusion

We present the first deep learning approach to automatically detect intracranial anterior

circulation artery occlusions in 4D-CTA of acute ischemic stroke. The presented method

achieves a sensitivity and specificity of 95% and 92% with an area under the ROC curve of

0.98.
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In this thesis, different image processing methods are presented to aid the analysis of 4D-

CTA imaging. These techniques can be distinguished in three different types (i.e. visualiza-

tion, segmentation and detection) with different applications. First, the segmentation of the

complete cerebral vasculature (i.e. Chapter 2 and Chapter 3), using a random forest classi-

fier, which can be seen as traditional machine learning, and using a 3D-Dense-U-Net, which

is a deep learning approach. Second, the simplified and enhanced visualization of the tem-

poral information (i.e. Chapter 4 and Chapter 5), where the visualization is used to detect

arteriovenous fistulas. The same method, with some modifications, is able to show delayed

contrast arrival in patients with vascular occlusions and collateral flow. Third, the automatic

image-level detection of arterial occlusions eligible for endovascular therapy (EVT), these

were detected using deep learning (Chapter 6). Many of these techniques were initially de-

veloped to improve computer aided diagnosis systems aimed for acute ischemic stroke or

support the radiologists in reading the 4D-CTA. Both of these goals were achieved. The

following sections elaborate more on 4D-CTA for stroke, the implications, limitations and

utilities of the different techniques, and identify possible directions for future research.

Clinical Implementation

The research performed in this thesis was exclusively focused on 4D-CTA imaging. How-

ever, as mentioned before, clinical imaging for acute stroke is not entirely based on 4D-CTA.

This has multiple reasons. One reason is that the standard non-contrast CT and CTA al-

ready provide valuable information for stroke triage, and that 4D-CTA imaging can only be

achieved with high-end scanners. Moreover, the benefit of 4D-CTA for clinical outcome in

stroke and patient treatment selection has only recently been proven in randomized clini-

cal trials10,18,19. One could argue that all information in a static CTA is also present in the

4D-CTA, thus, everywhere both a static CTA and a dynamic CTA are acquired, the 4D-CTA

could suffice. The images acquired for the research in this thesis, were acquired from a high-

end scanner with whole brain coverage. Not many hospitals have access to such a high-end

scanner. However, not all machine learning, deep learning and visualization techniques

developed rely on full brain coverage or other acquisition parameters and can be adapted.

Therefore, there is no fundamental limitation why these methods cannot be implemented at

different hospitals with different scanners. Still, there is a possibility that the deep learning

networks need to be retrained with images from these scanners to reach similar performance.

A different limitation is that the research is concentrated on the intracranial vasculature

using the whole-brain CT scans. Although this covers a large part of the vasculature eligible

for EVT, the ICA running through the neck up to the brain may not be captured completely.

Nevertheless, the presented techniques may also be applied to the vasculature in the neck.

Furthermore, the feasibility of acquiring a full head-neck 4D-CTA has been shown in the

One-Step-Stroke protocol68,69.
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From Machine Learning to Deep Learning

In the last decade, the field of medical image analysis has shifted from traditional machine

learning to deep learning. This shift, and its benefits, is also shown in the chapters of this

thesis. In Chapter 2, the method for vessel segmentation was based on hand-crafted fea-

tures and a random forest classifier, which took around 25 minutes to process a 4D-CTA and

provided the user with a cerebral vessel segmentation. This work was later reproduced in

a deep learning approach119 and an improved implementation was presented in Chapter 3.

This deep learning implementation is not only much faster in processing a full resolution

4D-CTA (with a processing time of less than 90 seconds), but the output generated by the net-

work is also more extensive as the network does not only provide the user with a cerebral

vessel segmentation, but also a separated segmentation of the arterial and venous vascular

systems.

The transition from traditional machine learning to deep learning comes with another

benefit: the elimination of the hand-crafted features. However, this benefit is not fully uti-

lized in Chapter 3 and Chapter 6, because the full size of a 4D-CTA can take up more than

6 GB in memory. The 4D-CTA must then be represented in the deep learning network by

multiple feature maps. Currently, the amount of memory available on graphic cards limits

the use of the 4D-CTA. In Chapter 3, this was dealt with by using two parameterless im-

ages derived from the 4D-CTA. In Chapter 6, this was handled by calculating a normalized

time-to-signal map to interpret the contrast bolus arrival times in the cerebral parenchyma.

Although these can be seen as hand-crafted features, until graphic cards or deep learning

systems are developed which can train a deep learning network with full 4D-CTA images,

these intermediate representations are necessary to distill the essential information needed

from the 4D-CTA.

Implications for Health Care

The implications for health care of the results and outcome of this research can be hypothe-

sized by examining the effect of the methods on the work-flow of the radiologist. One of the

key properties in all CAD systems is that they have been developed with a large amount of

data, for robustness and generality. Similar to training a radiologist, who also needs to learn

and see many scans before confidently giving a diagnosis. In all of the presented chapters

(with the exception of the case study in Chapter 5), the methods have been trained and tested

with data from at least one full year of patients administered to the hospital. As an example,

in Chapter 6, a full year of 279 patients was used as an unseen data set. In all these cases

the system could have aided the radiologist and possibly reduced the time spent looking for

vascular occlusions.

Although the segmentation of the cerebral vasculature from Chapter 2 and Chapter 3

does not provide a diagnosis itself, the output may benefit radiologists or other image pro-

cessing techniques. The assessment of the cerebral vasculature and detection of vascular
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occlusions, stenoses, aneurysms or malformations may be simplified when the observer can

simply follow the segmented vasculature. Moreover, entire branches that are missing of the

vasculature or large tangled vessels can be direct indicators of vascular occlusions or arteri-

ovenous malformations. The attention can then be drawn to that abnormality. The separa-

tion of arteries and veins enables the suppression of veins in the cerebral vasculature, making

the region to evaluate even more narrow, amplifying this effect even more. In arteriovenous

malformations, these segmentations can be used to suppress the arterial branches in order to

assess the venous regions for arterialized structures. Many of these applications will aid the

radiologist until these pathologies can be automatically detected by CAD systems. For the

development of CAD systems or other image processing techniques, these segmentations

can provide valuable prior information to the algorithm, which may facilitate obtaining an

expert-level reference standard, or may serve as a sampling map for a more precise training

strategy.

In this thesis, the 4D-CTA is mostly applied for acute cerebral stroke. However, this

acquisition can also be used for the detection and assessment of other neurovascular dis-

orders31. One of those is further studied in Chapter 4. In Chapter 4, the temporal arrival

information, which makes the 4D-CTA unique compared to static CTA, was extracted and

visualized in a simpler and more comprehensive manner for the detection and assessment

of arteriovenous fistulas. The color-mapping has three important features from which it ob-

tains its value. Firstly, the use of the cerebral vasculature segmentation map. By making use

of this map, the information needed to be processed or analyzed reduces tremendously. Sec-

ondly, the calculation of the time-to-signal, together with the α-factor, allow for usage in a

wider clinical application domain. This is demonstrated in Chapter 5 were the similar tech-

nique with a different α-factor is used to visualize the arrival times in acute stroke patients.

A lower α-factor is specifically useful in the detection arteriovenous malformations, which

are identified by early contrast arrival in venous structures. Thirdly, the definition of the

flow-window which allows for the visualization via a normalized color scale. This normal-

ization, or scaling, ensures that although arrival times may differ between patients, similar

arrival times relative to the flow-window will be visualized with the same color. This allows

for a more homogeneous evaluation between patients. This normalization is later also used

in Chapter 6. One of the important features of the color-mapping, the vessel segmentation,

is also its weakness. If the vessel segmentation fails the result of the color-mapping becomes

unreliable for diagnosis. However, by extending the number of training images or manu-

ally correcting the wrong segmentation and retraining the segmentation algorithm with the

corrected data set as input, the robustness can be increased. The merit of color-mapping to

observers for the detection of vascular occlusions has only been investigated in a small pilot

study. However, it is expected that the normalized visualization of the arrival times will aid

in the localization of vascular occlusions or the assessment of collateral flow, thus aiding the

acute stroke work-up in general.

In Chapter 6 of this thesis, an end-to-end method is presented from 4D-CTA image to au-

tomated detection of arterial occlusions eligible for EVT using deep learning. This method
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was trained and tested on image-level labeled data from patients diagnosed with an intracra-

nial vascular occlusion. The approach in this method shows the power of deep learning. The

results of this method could serve as the second decision moment in acute stroke triage, af-

ter a hemorrhage has been ruled out. The reference and corresponding label at image-level

provides sufficient information for the network to learn and detect vascular occlusions. The

activation from the nodes of the network which lead to the outcome or the intermediate

representation of features may no longer be of interest. As long as the network predicts the

correct outcome the reasoning of the network may be of low concern. This can be seen on one

side as a positive development, but in contrary, there is a danger of an unknown or unfore-

seen bias in the data set which the network is able to pick up on. An example of learned bias

is the urban legend where the army tried to train a neural network to detect enemy tanks120.

However, all the pictures of the enemy tanks were taken in the rain, whereas the pictures of

their own tanks were taken on sunny days. This resulted in a complex brightness detector.

In our method, a potential bias concerns cerebral perfusion deficits associated with vascular

occlusions. These allow radiologist to detect vascular occlusions or disturbance based on

the permeability of the cerebral tissue. This possible bias in the data set was minimized by

including a full consecutive year of patients in our study and by exclusively detecting pa-

tients diagnosed with vascular occlusions. The presence or absence of a perfusion deficits

has not been considered in the collection and partitioning of the data into positive and neg-

ative labels. Any possible bias in the data set would therefore expectantly be exposed in the

test set, however the method performed well on unseen data. This good performance can be

contributed to the generalization capabilities of deep learning, however, as we are restricted

from using the full 4D-CTA, a hand-crafted feature is used. This might undermine the power

of deep learning as, similarly as in Chapter 3, a first step is taken for the network to extract

the temporal information for the problem at hand.

Future Research

The results in this thesis provide a basis for further development of algorithms for auto-

mated analysis of 4D-CTA. As many of the algorithms or applications for 4D-CTA are the

first of their kind, a direct comparison with other approaches or research is not feasible. The

results presented in this thesis are a benchmark for further development. However, future

multi-center studies should prove the robustness of the presented algorithms with differ-

ent scanners. The output of the CAD system presented in Chapter 6 should be tested in

an observer study for its merit for experienced and inexperienced radiologists. Similarly, the

color-mapping method in Chapter 4 and Chapter 5 should be further tested for the detection

of vascular occlusions in an observer study.

Simple improvements can be made, which may already provide a benefit in the diagno-

sis of neurovascular disorders. The results of Chapter 3 can be combined with the color-

mapping provided in Chapter 4 for the automated detection of arteriovenous fistulas or
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malformations. Similarly, the results of Chapter 5 may be added to the method in Chapter

6 to provide a localization and type of the vascular occlusion. Other indicators that are of

importance to acute stroke may also be quantified using methods described in this thesis.

For example, recent studies have shown the importance of collateral flow in patient treat-

ment selection of patient outcome. A combination of cerebral vessel segmentation (Chapter

2 and Chapter 3), together with normalized arrival times (Chapter 4) could provide a quan-

titative score for the collateral status of a patient. Alternatively, this can be directly coupled

to the modified Rankin Scale121–123 or other clinical outcome measures which can be used for

stroke. A deep learning network may then be able to predict the outcome of patients based

on this information.

Improvements and progress to the hardware and GPUs may allow the use of the full

4D-CTA data set. This may lead to full automated diagnosis for patients with arteriovenous

fistulas and acute ischemic stroke. Networks would then be able to detect the presence and

location of an AVF, while simultaneously categorize the angioarchitecture. For acute stroke

patients, networks might be able to locate vascular occlusions, collateral flow, and infarct

core and penumbra. This can all be correlated to a recommended treatment. However, given

the size of the 4D-CTA and the amount of information in it, this requires dedicated effort in

obtaining detailed high-quality reference standard or in case of using weaker labels, a very

large pool of available training data. Furthermore, the manufacturers of scanners are also

improving their product with higher resolutions and more information to process, resulting

in even larger 4D-CTA data sets.

Concluding Remarks

In this thesis, I have presented different approaches for the analysis of 4D-CTA in neurovas-

cular disorders. The work presented in this thesis together with the outlook for future re-

search provides a basis that can be used in research and clinic to further apply, implement,

and develop methods for detection and analysis of neurovascular disorders in 4D-CTA.
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Computed tomography (CT) is an imaging technique widely used for diagnostic evalua-

tion of acute pathology in different organ systems. In recent years, four-dimensional CT

angiography (4D-CTA) has become clinically available for visualization of the cerebral vas-

culature and brain perfusion. This acquisition is of added value for the diagnostic evaluation

and follow-up of neurovascular disorders31, including acute cerebral stroke. Acute stroke is

the second leading cause of death worldwide according to the world health organization

(WHO), with 5.7 million deaths each year3,4. Acute cerebral stroke is a disturbance of blood

flow to the brain that can result in cell death or brain tissue damage. Ischemic stroke is caused

by impaired cerebral blood flow (i.e. a vascular occlusion). Intravenous thrombolysis can re-

store the cerebral blood flow and improve patient outcome up until 4.5 hours after symptom

onset. A new treatment for proximal arterial occlusions, endovascular thrombectomy (EVT),

has shown great improvement in patient outcome if the treatment is started within 6 hours

and in some cases even within 24 hours after symptom onset9,12–16. These patients can be

selected using 4D-CTA, which has also shown to improve the detection of ischemic stroke.

To aid radiologist and clinicians in fast and accurate detection of cerebral stroke, vessel oc-

clusions and other neurovascular disorders in 4D-CTA, computer aided diagnosis (CAD)

systems, based on machine learning, could be of added value. In machine learning, comput-

ers are learned certain image analysis tasks, rather than programmed. This can be achieved

by providing the computers with multiple example data sets of hand-crafted feature images

with both pathology and healthy control cases. The algorithm learns to correlate the differ-

ence in the data sets to the desired outcome and provides a decision boundary. In recent

years, deep learning has shown great results in these image analysis tasks, and has outper-

formed traditional machine learning. The benefit of deep learning over traditional machine

learning is that deep learning does not depend on hand-crafted features, but extracts these

from the data directly. Both of these artificial intelligence techniques show potential for CAD

systems to aid radiologists and clinicians. In this thesis, different image analysis techniques

are proposed to detect cerebral vascular pathology in 4D-CTA scans. These techniques range

from segmentation using machine learning and deep learning to simplified visualization of

the contrast bolus arrival times, and detection of vascular occlusions.

Chapter 2 describes a machine learning approach for the segmentation of the full cere-

bral vasculature in 4D-CTA. The 4D-CTA data sets included patients who were suspected

of acute ischemic stroke. The method was trained using manual annotations from two ob-

serves. The observers annotated five different subvolumes to represent different parts of

the intracranial vasculature. A random forest classifier was trained using different feature

images calculated from the 4D-CTA. The method was evaluated on 242 patients, both quali-

tatively and quantitatively. In the quantitative evaluation, an observer annotated one of the

five subvolumes from the vasculature. The method was capable to accurately segment the

cerebral vasculature with a Dice similarity coefficient (DSC) of 0.91 ± 0.07. The results were

within intra-observer variability and showed a contour mean distance of 0.26 ± 0.24, which

is comparable to the voxel spacing of the images.

Chapter 3 describes a deep learning approach for automated intracranial artery and
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vein segmentation. The weighted temporal average (WTA) and weighted temporal vari-

ance (WTV) were used as image features calculated from the 4D-CTA as input for the deep

learning network. A 3D-Dense-U-Net was trained using data sets from 60 patients, of which

the arterial and venous vasculature was fully annotated by five observers. The network pro-

duced a complete cerebral vasculature segmentation with artery and vein separation in less

than 90 seconds. The architecture was quantitatively evaluated on 40 annotated cerebral

vasculature maps and showed a DSC score of 0.80 ± 0.04 and 0.88 ± 0.03 for the arterial and

venous class, respectively. A qualitative evaluation was done by an experienced radiologist

who evaluated the artery and vein segmentations of 275 patients. The overall segmentation,

and different parts of the vasculature were graded with a score between 1 and 5. The vast

majority of the cases (n = 273) were rated as very good with little errors to perfect (4 or 5).

Chapter 4 presents a visualization and normalization technique to visualize the temporal

information of contrast bolus arrival times in the cerebral vasculature. This method is tested

for the detection and characterization of cranial arteriovenous fistulas (AVFs) in 4D-CTA, by

three different observers with varying levels of experience. The contrast bolus arrival times

were calculated by determining the time-to-signal (TTS), defined as the time for the signal to

reach a percentage, α, of the maximum intensity corrected for the baseline intensity. A flow-

window was defined from the TTS histogram and a color scale was applied as an overlay

over the segmented vasculature. This study showed that arterialization of venous structures

is visualized by color-mapping of 4D-CTA and proves to be accurate for the detection of

cranial AVFs with a sensitivity of 86-100% and a specificity of 70-100% between the different

observers. The detection of cortical venous reflux was variable with a sensitivity of 43-88%

and a specificity of 60-80%.

Chapter 5 describes the same color-mapping visualization technique for 4D-CTA as in

Chapter 4, but with different percentage α for the time-to-signal, and a different application.

The color-mapping technique was applied to 4D-CTA in a case study of patients with an

internal carotid artery occlusion to visualize the temporal hemodynamics of collateral flow

in the circle of Willis. The collateral flow via the circle of Willis was adequately depicted and

enabled simplified image evaluation.

Chapter 6 presents a deep learning network for the detection of vascular occlusions. The

convolutional neural network (CNN) is trained with image-level labeled 4D-CTA data sets

of patients from 2014 to 2017. Patients with occlusions eligible for EVT and patients without

vascular occlusions, scanned for the suspicion of stroke were included in the data sets. The

input of the CNN was a normalized time-to-signal map (nTTS) to visualize the contrast bolus

arrival times in cerebral soft tissue. This nTTS map was downscaled to 68x68x68 voxels and

processed by the network, which predicts the presence of a vascular occlusion. The network

was tested on 279 consecutive patients from 2018 and showed a sensitivity of 0.95 and a

specificity of 0.92 with an area under the receiver operating characteristic curve of 0.98. The

calculation of the nTTS map and prediction of the network took less than 4 minutes per

patient.

Overall, the visualization, machine learning and deep learning algorithms for 4D-CTA
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described in this thesis, and their results, provide a bases for further development of auto-

mated analysis of 4D-CTA to detect cerebral vascular pathology. Full cerebral vasculature

branches can be automatically segmented and labeled, contrast bolus arrival times can be vi-

sualized in a simplified and normalized manner for the evaluation of different neurovascular

disorders, and vascular occlusions can automatically be detected at image-level. These sys-

tems provide the benchmark for future development of algorithms for 4D-CTA and can be of

benefit for radiologists, clinicians and patients in the diagnosis of neurovascular disorders.
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Computertomografie (CT) is een beeldvormende techniek die wereldwijd gebruikt wordt in

ziekenhuizen voor het diagnosticeren van verschillende ziektes. In de laatste jaren heeft vier

dimensionale CT-angiografie (4D-CTA) zijn intrede gedaan in de kliniek, voor het visuali-

seren van de vaten en de doorstroming in de hersenen. Deze beeldvormende techniek is

van toegevoegde waarde bij het beoordelen van vaataandoeningen in de hersenen, zoals een

beroerte. Een beroerte is een verstoring van de bloedtoevoer naar de hersenen wat kan lei-

den tot hersenschade. Volgens de Wereldgezondheidsorganisatie (WHO) zijn beroertes de 2e

doodsoorzaak ter wereld. Jaarlijks overlijden 5,7 miljoen mensen wereldwijd aan de gevol-

gen van een beroerte. In Nederland krijgen 43.000 mensen jaarlijks een beroerte. In 2017 zijn

volgens de Nederlandse Hartstichting naar schatting 9.200 van deze gevallen overleden aan

de beroerte en een derde van alle patiënten heeft een ernstige verminderde kwaliteit van le-

ven. Bij een ischemische beroerte, beter bekend als herseninfarct, is de bloedtoevoer naar de

hersenen verstoord door een verstopping of blokkade in de bloedvaten (occlusie). Dit zorgt

ervoor dat het hersenweefsel wat gevoed wordt door dit bloedvat niet meer wordt voorzien

van vers bloed met zuurstof en voedingsstoffen. Wanneer de blokkade niet snel verholpen

wordt, zal dit resulteren in (permanente) hersenschade. Bloedverdunners die in de bloed-

baan worden toegediend (intraveneuze trombolyse) kunnen de blokkade verhelpen en de

bloedtoevoer naar de hersenen weer herstellen. Hoe eerder de patiënt trombolyse krijgt,

hoe kleiner de kans op permanente hersenschade. Tegenwoordig is er een nieuwe methode

beschikbaar voor het behandelen van deze blokkades: endovasculaire trombectomie (EVT).

Bij deze behandeling wordt een katheter via de bloedvaten naar de occlusie geleid waar de

occlusie vervolgens verwijderd wordt. Verscheidene studies hebben laten zien dat deze be-

handeling voor bepaalde type verstoppingen de uitkomst van de patiënt verbeterd. Deze

behandeling dient, net als de trombolyse, zo snel mogelijk gestart te worden om de kans op

een goed herstel van de patiënt zo groot mogelijk te houden. Deze studies hebben ook laten

zien dat de 4D-CTA scan helpt bij het diagnosticering van een ischemische beroerte en bij het

afstemmen van de juiste behandeling voor elke occlusie.

Om artsen en radiologen bij te staan in het beoordelen van de medische beelden en her-

seninfarcten sneller op te sporen kunnen automatische computeralgoritmes gebruikt wor-

den die gebruik maken van machine learning. Deze computeralgoritmes worden getraind om

bepaalde beeldanalyse taken uit te voeren, zoals het automatisch labelen van structuren of

herkennen van aandoeningen. Dit wordt gedaan door de computer meerdere voorbeelden

van beelden aan te bieden van zowel patiënten met als zonder aandoeningen. Het algo-

ritme leert de verschillen in de beelden te herkennen en te koppelen aan een beslissingsgrens

voor een bepaalde aandoening. In de afgelopen jaren heeft deep learning het beeldverwerking

vakgebied gerevolutionaliseerd en traditionele technieken overtroffen. Eén van de grote ver-

schillen tussen de traditionele technieken en deep learning is dat bij de meeste traditionele

technieken de ontwikkelaar bepaalde kenmerken (features) moet definiëren, zodat het algo-

ritme deze in de gegeven beelden kan detecteren. Bij deep learning leert het algoritme deze

features zelf te herkennen uit de aangeboden data.
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Beide zijn kunstmatige intelligentie technieken en laten mogelijkheden zien om radiologen

en clinici te ondersteunen in hun dagelijkse taken bij het beoordelen van 4D-CTA scans.

In dit proefschrift worden verschillende beeldanalyse methodes gepresenteerd voor het

ondersteunen van de beoordeling van 4D-CTA hersenscans, om vaatafwijkingen te detecte-

ren. Deze methodes omvatten verschillende machine learning en deep learning technieken

voor de segmentatie en het labelen van bloedvaten, maar ook voor een versimpelde weer-

gave van de aankomsttijd van de contrastvloeistof en het automatisch detecteren van blok-

kades in de bloedvaten (vasculaire occlusies).

Hoofdstuk 2 beschrijft een machine learning aanpak voor de vaatsegmentatie in de her-

senen in 4D-CTA. De 4D-CTA beeld data sets zijn verzameld van patiënten die gescand zijn

op verdenking van een herseninfarct. De methode is getraind met beelden waarop de bloed-

vaten handmatig zijn ingetekend door twee verschillende beoordelaars (observers). Vijf ver-

schillende subvolumes, die verschillende delen van de hersencirculatie representeren, zijn

door deze observers ingetekend. Dit diende als referentie voor het algoritme. Dit algoritme

is getraind op verschillende features berekent uit de 4D-CTA. De methode is geëvalueerd op

242 patiënten en hieruit bleek dat de methode goed in staat is om de vaten in de hersenen

nauwkeurig uit de beelden te segmenteren. De variabiliteit van de resultaten was gelijk aan

de verschillen tussen de observers bij het handmatig intekenen.

Hoofdstuk 3 beschrijft de segmentatie en onderscheiding van de vaten die zuurstofrijk

bloed vervoeren (arteriën) en vaten die zuurstofarm bloed vervoeren (venen) in 4D-CTA

waarbij gebruikt wordt gemaakt van een deep learning methode. Twee feature beelden (het

gewogen gemiddelde over de tijd en de gewogen variantie over de tijd) zijn berekend uit de

4D-CTA en dienen als input voor het deep learning netwerk. Het netwerk is getraind op 60

patiënten van wie de arteriële en veneuze vaten volledig zijn gelabeld door vijf verschillende

observers. Het netwerk was in staat om de volledige hersenvatstructuur te segmenteren en

op te delen in arteriële en veneuze systemen in minder dan 90 seconden. De methode is

kwantitatief geëvalueerd op 40 patiënten waarvan de bloedvaten handmatig zijn gelabeld

door de observers. Dit liet zien dat de segmentatie van het deep learning netwerk een goed

resultaat geeft in vergelijking met de observers. Naast de kwantitatieve evaluatie zijn de

arteriële en veneuze segmentaties van 275 patiënten beoordeeld door een ervaren radioloog.

De segmentaties kregen een score tussen 1 en 5, waarbij 1 heel erg slecht was en 5 heel erg

goed tot perfect. De grote meerderheid (n = 273) werd beoordeeld met een score van 4 of 5.

In Hoofdstuk 4 wordt een techniek beschreven voor het visualiseren van aankomsttijden

van de contrastvloeistof in de hersenvaten. Deze techniek is getest voor het detecteren en

karakteriseren van ongebruikelijke verbindingen tussen arteriën en venen (arterioveneuze

fistels (AVF)), door drie verschillende artsen, met verschillende ervaringsniveaus in het be-

oordelen van 4D-CTA scans. De aankomsttijd van de contrastvloeistof is berekend door de

time-to-signal (TTS) te bepalen, die gedefinieerd is als de tijd die het signaal nodig heeft om

een bepaald percentage van de maximale signaalintensiteit te bereiken. Uit alle TTS-waardes

uit het hersenvaatstelsel is vervolgens een histogram opgebouwd waaruit een gebied wordt

bepaald waarin de meeste aankomsttijden liggen, een flow-window. Een kleurenspectrum is
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toegepast op het bereik van dit flow-window en gebruikt om de TTS-waardes te visualiseren

met een bepaalde kleur (color-mapping). Deze studie laat zien dat arterioveneuze structuren

gevisualiseerd en gedetecteerd kunnen worden met deze methode, met een sensitiviteit van

86-100% en een specificiteit van 70-100% tussen de verschillende artsen.

Hoofdstuk 5 beschrijft dezelfde color-mapping techniek voor 4D-CTA als in Hoofdstuk

4, echter toegepast op patiënten met een vasculaire occlusie. Een ander percentage is hier

gebruikt voor het bepalen van de time-to-signal. De color-mapping techniek wordt gebruikt

in een serie gevallen uit de praktijk (casestudie). De occlusie bevindt zich bij deze patiënten

in de belangrijkste slagader van het hoofd en de nek (arteriële interne carotis). Deze case-

studie laat zien dat de verschillen in bloedtoevoer over tijd tussen de vaten met en zonder

occlusie weergegeven kan worden en dat deze techniek hiervoor gelegenheid geeft tot een

versimpelde beeld evaluatie.

In Hoofdstuk 6 wordt een deep learning netwerk beschreven voor het detecteren van

vasculaire occlusies. Het netwerk is getraind en geëvalueerd met, op beeld-niveau gela-

belde, 4D-CTA data sets van patiënten uit 2014 tot en met 2018. De data sets bestonden

uit patiënten met en zonder vasculaire occlusies, die in aanmerking konden komen voor

endovasculaire trombectomie. De input van het netwerk was een genormaliseerde time-to-

signal afbeelding die de aankomsttijd van de contrastvloeistof bolus in het hersenweefsel

visualiseert. Deze afbeelding wordt verkleind tot 68x68x68 voxels en geanalyseerd door het

netwerk, die de aanwezigheid van een occlusie voorspeld. De evaluatie van het netwerk op

279 patiënten resulteerde in een sensitiviteit van 95% en een specificiteit van 92%. Het be-

rekenen van de genormaliseerde time-to-signal afbeelding en de analyse door het netwerk

besloeg gemiddeld minder dan 4 minuten per patiënt.

Samenvattend, vormen de visualisatie, machine learning en deep learning methodes

voor 4D-CTA en hun resultaten, die beschreven zijn in dit proefschrift, een basis voor de

verdere ontwikkeling van beeldanalyse technieken voor 4D-CTA. De volledige vaatstruc-

tuur in de hersenen kan automatisch worden gesegmenteerd en gelabeld in arteriële en ve-

neuze systemen, de aankomsttijden van de contrastvloeistof kunnen worden gevisualiseerd

op een vereenvoudigde en gestandaardiseerde wijze. Dit kan bijdragen aan een verbeterde

detectie en evaluatie van neuro-vasculaire aandoeningen of vasculaire occlusies in 4D-CTA.

De beschreven methodes en algoritmes bieden niet alleen een graadmeter voor de verdere

ontwikkeling van beeldanalyse technieken van 4D-CTA voor de detectie van vasculaire aan-

doeningen in de hersenen, maar kunnen radiologen, artsen en patiënten ook helpen in de

snelle diagnose van neuro-vasculaire aandoening.
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[85] Çiçek Ö., Abdulkadir A., Lienkamp S. S., Brox T., and Ronneberger O. 3D U-Net: Learning dense volu-
metric segmentation from sparse annotation. In Ourselin S., Joskowicz L., Sabuncu M. R., Unal G., and
Wells W., editors, Medical Image Computing and Computer-Assisted Intervention, pages 424–432, Cham, 2016.
Springer International Publishing. ISBN 978-3-319-46723-8.

[86] Huang G., Liu Z., van der Maaten L., and Weinberger K. Q. Densely connected convolutional networks.
In The IEEE Conference on Computer Vision and Pattern Recognition (CVPR), July 2017.

[87] Li X., Chen H., Qi X., Dou Q., Fu C.-W., and Heng P.-A. H-DenseUNet: Hybrid densely connected UNet for
liver and tumor segmentation from CT volumes. IEEE Transactions on Medical Imaging, 37(12):2663–2674,
2018.

[88] Kingma D. and Ba J. Adam: A method for stochastic optimization. CoRR, abs/1412.6980, 2014.

[89] Smit E. J., Vonken E.-J., Meijer F. J. A., Dankbaar J. W., Horsch A. D., van Ginneken B., Velthuis B., van der
Schaaf I., and Prokop M. Timing-invariant CT angiography derived from CT perfusion imaging in acute
stroke: A diagnostic performance study. American Journal of Neuroradiology, 36:1834–1838, 2015.

[90] Campbell B. C. V., Christensen S., Parsons M. W., Churilov L., Desmond P. M., Barber P. A., Butcher K. S.,
Levi C. R., De Silva D. A., Lansberg M. G., Mlynash M., Olivot J.-M., Straka M., Bammer R., Albers G. W.,
Donnan G. A., Davis S. M., E. P. I. T. H. E. T., and Investigators D. E. F. U. S. E. Advanced imaging
improves prediction of hemorrhage after stroke thrombolysis. Annals of Neurology, 73:510–519, 2013.

[91] Kaschka I., Kloska S., Struffert T., Engelhorn T., Gölitz P., Kurka N., Köhrmann M., Schwab S., and Doerfler
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