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a b s t r a c t 

The triage of acute stroke patients is increasingly dependent on four-dimensional CTA (4D-CTA) imaging. 

In this work, we present a convolutional neural network (CNN) for image-level detection of intracranial 

anterior circulation artery occlusions in 4D-CTA. The method uses a normalized 3D time-to-signal (TTS) 

representation of the input image, which is sensitive to differences in the global arrival times caused by 

the potential presence of vascular pathologies. The TTS map presents the time within the cranial cavity at 

which the signal reaches a percentage of the maximum signal intensity, corrected for the baseline inten- 

sity. The method was trained and validated on ( n = 214 ) patient images and tested on an independent set 

of ( n = 279 ) patient images. This test set included all consecutive suspected-stroke patients admitted to 

our hospital in 2018. The accuracy, sensitivity, and specificity were 92%, 95%, and 92%. The area under the 

receiver operating characteristics curve was 0.98 (95% CI: 0.95- 0.99). These results show the feasibility 

of automated stroke triage in 4D-CTA. 

© 2020 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Four-dimensional computed tomography angiography (4D-CTA) 

s an imaging modality that enables the visualization of cerebral

emodynamics and plays an increasingly important role in the di-

gnostic assessment of different neurovascular disorders including

cute cerebral stroke ( Kortman et al., 2015 ). In 4D-CTA, the vascu-

ature can be assessed, while the derived CT perfusion maps pro-

ide a visualization of the permeability of the brain tissue. Vessel

cclusions caused by an embolus or thrombus are an important

ause of cerebral stroke resulting in ischemic damaged brain tis-

ue. Damaged brain tissue can be differentiated between infarct

ore and penumbra, the latter can recover if blood supply is re-

tored in time. Clot removal via endovascular therapy (EVT) has

hown to improve patient outcome with proximal large vessel oc-

lusions within 6 hours after onset of symptoms ( Campbell et al.,

015; Berkhemer et al., 2015; Saver et al., 2015; Goyal et al., 2015;

ovin et al., 2015; Bracard et al., 2016 ). Follow-up studies ( Albers

t al., 2018; Nogueira et al., 2018; Ma et al., 2019 ) showed that

VT can also be effective in the period 6-24 hours after onset of
∗ Corresponding author. 
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ymptoms when patients with a large vessel occlusion are selected

ased on the extent of the infarct core and penumbra, which can

e assessed on perfusion maps calculated from 4D-CTA. 

The interpretation of these 4D-CTA images, either directly by vi-

ual assessing the vascular morphology and its contrast changes to

dentify occlusions ( Meijer et al., 2019 ) or indirectly by assessing

he perfusion maps to identify perfusion deficits caused by these

cclusions, is time-consuming and prone to observer variability

 Shankar et al., 2016; Becks et al., 2019 ). Perfusion maps are also

nown for their large variability in itself ( Goyal et al., 2013 ) with

any factors playing a role, including protocol acquisition settings

nd the choice of software package for the calculations ( Kudo et al.,

013 ). In this work we therefore aim to automate the detection

f intracranial anterior circulation artery occlusions directly in 4D-

TA. 

Only a few related studies were found and those were per-

ormed on non-contract CT (NCCT) or static CTA ( Santos et al.,

014; 2016 ). In those studies, a semi-automatic thrombus detec-

ion method was presented by manually placing two seed points

t the contralateral side which were used to segment the vascula-

ure. The vasculature was then registered to the affected side and

 region growing algorithm was applied within a generated mask

o detect and analyze the thrombus. A downside of this method is

hat user interaction is required. 
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In recent years, medical imaging has seen an increase of deep

learning applications ( Litjens et al., 2017 ) achieving near human

performance in many domains ( Gulshan et al., 2016; Esteva et al.,

2017; Ehteshami Bejnordi et al., 2017; Lakhani and Sundaram,

2017 ). Only two studies were found using deep learning for oc-

clusion or thrombus detection. One proposed a convolutional neu-

ral network (CNN) applied to NCCT based on information from

the affected and contralateral side together with atlas informa-

tion ( Lisowska et al., 2017 ), and another used 2D maximum inten-

sity projections (MIPs) with ResNet-50 for case prediction on CTA

( Stib et al., 2018 ). Some deep learning methods were developed by

industry ( Chatterjee et al., 2019 ), but lack methodological and eval-

uation 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 au-

tomated detection of intracranial anterior circulation artery occlu-

sions in 4D-CTA. 

2. Materials 

2.1. Study population 

The collection of a retrospective cohort of patients was ap-

proved by our local medical ethical committee and informed con-

sent was waived. Scans from all patients that were admitted to

our hospital between January 1 st 2014 and December 31 st 2018

with the suspicion on acute ischemic stroke were collected and

anonymized. The data collected between January 1 st 2014 and

December 31 st 2017 was used for training and validation of the

method. All consecutive 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 intracra-

nial anterior circulation arterial vessel 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 performing EVT in these occlusions is not yet based

on randomized control trials ( Powers et al., 2018 ). Patients without

vascular occlusions were included as negative data. 

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 acquisi-

tion at 200 mAs was performed, followed by 13 100 mAs acquisi-

tions 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 recon-

struction was done using a smooth kernel (FC41) resulting in im-

age sizes of 512x512x320 voxels with voxel sizes of 0.43x0.43x0.5

mm. 

2.3. Reference standard 

The reference standard of the presence of an intracranial ves-

sel occlusion was based on the radiology report taking into ac-

count the patient history and all available imaging data including

the NCCT, CTA, 4D-CTA and derived perfusion maps. In a previous

study ( Becks et al., 2019 ), we showed that including the 4D-CTA

and derived perfusion maps in the evaluation, readers achieved

high accuracy in detecting intracranial vascular occlusions. Label-

ing was done at image-level. 
. Methods 

A deep learning approach based on a convolution neural net-

ork (CNN) is proposed. Memory limitations of the current high-

nd GPU cards make it impossible to use the full 4D-CTA images

s input for the network. Therefore, a normalized time-to-signal

nTTS) map of the 4D-CTA was derived capturing the temporal in-

ormation in a down-sized 3D space. In the following, each step of

he deep learning approach is explained in detail. 

.1. Input 

The cranial cavity was first segmented ( Patel et al., 2017 ) and

hen smoothed using a Gaussian filter (kernel size of 20 voxels and

 time points) to reduce spatial and temporal noise. The tissue at-

enuation curve per voxel describes contrast changes over time in

ounsfield Units (HU). For each voxel in the cranial cavity a point

n this curve is searched where the attenuation reaches a percent-

ge α of the maximum signal intensity, corrected for the baseline

ntensity ( Eq. (1) ). In the proposed method α was set to 0.8. 

 threshold = I + α · (I max − I min ) (1)

Here, I min and I max are the minimum and maximum HU in the

emporal direction for the current voxel. The TTS was then found

y linearly interpolating the found I threshold and the known acquisi-

ion time points as 

 T S = T 0 + β · (T 1 − T 0 ) , (2)

ith 

= 

I threshold − I 0 
I 1 − I 0 

. (3)

Here, T 0 , T 1 , I 0 and I 1 are the acquisition time points and in-

ensity values around I threshold respectively, as shown in the tissue

ttenuation curve plot in Fig. 1 . 

The TTS maps were normalized for the different absolute arrival

imes between patients, as follows. The first and last time point in

he TTS histogram with bin-size = 0.01 s which reached 20% of the

aximum histogram value defined T min and T max . The TTS values

ere then normalized to relative arrival times: 

T T S = T T S · 1 

T max − T min 

. (4)

n example of the resulting nTTS map overlaid on the 4D-CTA im-

ge is shown in Fig. 2 . The nTTS map was finally down-sized to

 8x6 8x6 8 voxels using nearest neighbor interpolation and used as

nput for the CNN. 

.2. Convolutional neural network 

The input size for the CNN were volumes of 6 8x6 8x6 8 voxels.

he CNN consisted of three blocks of two 3D convolutions with

atch normalization (BN) and rectified linear unit (ReLU) activation

ollowed by 2x2x2 max-pooling. Each convolution decreases the

patial resolution with 2 voxels. After the last block, two 3D con-

olutional filters were added to reduce the spatial size to 1 voxel

1x1x1). Two fully connected filters with drop-out ( p = 0 . 5 ) were

dded after the last convolution. Finally, a softmax function was

alculated over the final filter to obtain a classification probability

ndicating the presence of an occlusion. A schematic overview of

he network architecture is shown in Fig. 3 . 

.3. Data augmentation 

In order to make the network more generalizable and to pro-

ide the network with more training examples, three different

ypes of augmentations were used, which were representative of
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Fig. 1. Example of tissue attenuation curve from which I threshold 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). 

Fig. 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 normalized between 0 and 1. 
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ariations expected in a larger data set. First, rotation around a

andomly chosen axis in the range of −30 circ to +30 ◦, second, flip-

ing around the y-axis of the image and third, intensity scaling by

ultiplication with a random number between 0.9 and 1.1. The oc-

urrence of the augmentations was set to 90%.This means that each

ample individually has a 90% chance of being augmented. Only

ne augmentation was applied to a sample, meaning multiple aug-

entations were not combined (e.g. rotation and flipping were not

pplied at the same time). The prevalence of the different augmen-

ations was evenly distributed. 

.4. Training and evaluation 

The network was trained with an equal amount of positive

nd negative cases sampled from the training set. The network
as trained for 500 iterations. For each iteration 5 batches of

2x6 8x6 8x6 8 patches were provided to the network. The net-

ork was trained on a NVIDIA GTX1080 GPU. Cross-Entropy was

sed for the loss calculation and ADAM ( Kingma and Ba, 2014 )

as used to minimize the loss with an initial learning rate

f 10 −5 . 

The best performing network was determined based on 1200

valuation patches evenly sampled from the 30 images from the

alidation set. These patches were augmented similar to the train-

ng set, resulting in 400 different augmentation per images. The

valuation on the test set was done separately after establishing

he best performing network on the validation set. A receiver op-

rating characteristics (ROC) curve, with 95% confidence intervals,

as calculated and the sensitivity, specificity, positive predictive

alue, and negative predictive value were reported at a specific op-

rating point. 

.5. Additional experiments 

In order to compare the value of the nTTS maps, a baseline

xperiment was conducted using the Time-to-Peak as input for

he CNN. The same network architecture and training strategy de-

cribed in Sections 3.2 to 3.4 was used, but with the TTP as input

mage. The TTP was calculated and cropped in a similar manner as

he nTTS, using Formula 1 with α = 1 . 0 . 

. Results 

.1. Patient characteristics 

In total, 584 patients (age: 66.5 ± 15.0, male: 271) with a

D-CTA acquisition were collected of which 166 patients had an

ntracranial anterior circulation artery occlusion. Patients with oc-

lusions extending into other branches were labeled as the most

roximal branch (e.g. a patient with an M1 occlusion that ex-

ended into the M2 branch was labeled as M1). Patients were di-

ided into separate training, validation and test sets. Different lo-

ations of the occlusions were distributed evenly over the train-

ng and validation set. From the 198 negative 4D-CTAs, a ran-

om subset was taken, equal to the positive training and valida-

ion set and distributed over the training and validation set. The

eparate test set was collected consecutively and contained 59 pa-

ients with an intracranial anterior circulation artery occlusion and

20 without. A schematic overview of the study data is shown

n Fig. 4 . 
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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

64 128 256128 512256 1024512 10241024 2

68 x 68 x 68
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

Fig. 3. Network architecture. Input volume of 6 8x6 8x6 8, followed by 3 blocks of two 3D convolutions with batch-normalization (BN) and rectified linear unit (ReLU) acti- 

vation, and max-pooling, followed 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. 

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

Fig. 4. Overview of study data. Distribution of the training, validation and test sets with different types of intracranial vessel occlusions and negative data. 
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4.2. Image-level detection of 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 Fig. 5 . Fig. 6 shows a tri-planar view of

additional cases, including false positive and false negative results.

Fig. 7 shows the ROC curves for the experiment using the nTTS

map and the TTP map in green and red, respectively. This results

in an area under the curve of 0.98 for the detection of an anterior

circulation vessel occlusion using the nTTS map and an area un-

der the curve of 0.76 using the TTP map. At the selected operating

point, the sensitivity was 0.95 and specificity 0.92 translating to 3

false negative cases for experiment 1 using the nTTS map. For ex-
eriment 2, using the TTP maps, an operating point at a sensitivity

f 0.71 is chosen resulting a specificity of 0.66, 17 false negatives

nd 74 false positives. The positive and negative predictive values

s well as the 95% confidence intervals can be found in Table 1 .

he three false negative cases in experiment 1 were patients with

n occlusion in the distal MCA, M3, and M4 branch, respectively. 

. Discussion 

In this work, we have presented an image-level labeled deep

earning approach for the automated detection of intracranial an-

erior circulation artery occlusions on 4D-CTA in acute stroke. The

ensitivity and specificity proved 95% and 92% on an independent

onsecutive test set of 279 cases, translating to 3 false negatives

nd 18 false positives. The overall computation time was less than
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Table 1 

Diagnostic accuracy of convolutional neural networks trained with nTTS maps ( Experiment 1 ) and 

TTP ( Experiment 2 ) as input. The 95% confidence interval is shown within brackets. 

Experiment 1 ( nTTS map ) Experiment 2 ( TTP map ) 

Sensitivity (95% CI) 0.95 (0.86–0.99) 0.71 (0.58–0.82) 

Specificity (95% CI) 0.92 (0.87–0.95) 0.66 (0.60–0.73) 

Positive Predictive Value (95% CI) 0.76 (0.67–0.83) 0.36 (0.31–0.42) 

Negative Predictive Value (95% CI) 0.99 (0.96–1.00) 0.90 (0.85–0.93) 

Area under curve (AUC) (95% CI) 0.98 (0.95–0.99) 0.76 (0.68–0.83) 

Fig. 5. Example of the normalized TTS map, colorized, overlaid on the 4D-CTA im- 

age. 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 right hemi- 

sphere due to a M1 M1 segment vessel occlusion. The probability estimated by the 

network of an occlusion being present for this case was 0.999. 
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Fig. 6. Examples of correctly and incorrectly classified cases. Red indicates an early 

arrival time and blue indicates a late arrival time. Top left: true positive with a M1 

segment vessel occlusion. Bottom left: false negative with a distal MCA occlusion 

on the left side. Top and bottom right: true negative and false positive cases, re- 

spectively. 
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 minutes per case. The network showed good performance with

n 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

018, therefore, the obtained result is indicative of the perfor-

ance that could be reached in real clinical practice. 

The current endovascular therapy is aimed at removing of an-

erior circulation large vessel occlusions. Our method is able to

etect patients eligible for this treatment and even patients with

roximal and distal occlusions in the M2 and M3 segments. Ac-

ording to the recently updated guidelines for acute stroke man-

gement ( Powers et al., 2018 ), analysis of randomized control tri-

ls have shown that these patients may benefit from EVT as well

hen carefully selected. Patients with posterior circulation occlu-

ions have not been included, as the evidence of the benefit is, at

his point, only based on clinical experience of experts. 

Although our method does not provide a direct localization of

he occlusion, patients without vascular occlusions are identified

ith high confidence given the NPV of 0.99. Among these patients,

ther findings, such as old ischemic regions or preexisting condi-

ions were present. Patients classified with vascular occlusions can

hen be further evaluated for the exact location of the vessel oc-

lusion on CTA. Furthermore, calculated nTTS maps show an intu-

tive representation of the arrival time in the brain, similar to the

resentation of the perfusion maps. This provides immediate feed-
ack, where the observers attention is drawn to the late arrival

aused by the vascular occlusion, as shown in Figs. 2 and 5 . Fur-

her tissue viability estimation may be done using perfusion maps,

ut this was beyond the scope of our method. As these images are

ormalized, a comparison between patients may be more straight-

orward. Additionally, Fig. 6 shows the difficulty remaining analyz-

ng these images, where in the bottom row the network misses the

istal occlusion present in the left bottom image and incorrectly

abels the right bottom image as an occlusion. 

The deep learning method is trained using image-level la-

eled data. Compared to related work, e.g. on thrombus detection

 Santos et al., 2014 ) where the hyperdense region on NCCT is be-

ng detected or segmented, our method has the advantage that no

anual annotation at voxel-level is required to develop the system.

cquiring manual annotations at voxel-level is a time-consuming

nd labor-intensive procedure prone to observer variability. More-

ver, by using image-level labels we can process an entire case,

own-sized to 6 8x6 8x6 8 voxels, without the definition or segmen-

ation of regions-of-interest, affected hemispheres or user interac-

ion. 

To our knowledge, this is the first method for the detec-

ion of intracranial anterior circulation occlusions using 4D-CTA.

ost related work is on thrombus detection in NCCT or CTA

nd these methods require manual interaction by placing seed

oints ( Santos et al., 2014 ) or extracting a region on interest
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Fig. 7. ROC curves on the test set with 95% confidence interval bands. In green, 

experiment 1 using the nTTS map as input. In red, experiment 2 using the TTP map 

as input. 
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( Lisowska et al., 2017 ). Other deep learning approaches ( Stib et al.,

2018 ) use ResNet-50 with cropped 2D CTA orthogonal MIPs as in-

put, but by generating a MIP valuable information may be lost.

Several medical software companies are working on automatic

large vessel occlusion detection ( Chatterjee et al., 2019 ). 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.As the

nTTS is interpolated between the acquisition time point of the

imaging protocol, it has a higher precision with respect to the ar-

rival times. This is also shown in the results of the TTP experiment

in Fig. 7 . 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 con-

trast bolus arrival time can differ between patients, making gener-

alization between patients difficult. Here we propose a normaliza-

tion step by scaling the arrival times to the beginning of the con-

trast 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 be-

tween 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 inte-

gration of contextual information compared to 2D. This is bene-

ficial because vascular pathologies can be more difficult to detect

in 2D planes without center multiplanar reconstructions or inten-

sity projections. Other network architectures like long short-term

memory (LSTM) or recurrent neural networks (RNN) could be con-

sidered given the sequential nature of the 4D-CTA. However, a suit-

able 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 an-

terior circulation vessel occlusions in 4D-CTA scans for acute is-

chemic stroke. A limitation of this work is that there is no classifi-

cation or localization of the different types of occlusions. This may

be achieved by adding a segmented vasculature map ( Meijs et al.,

2017; 2018 ) over the nTTS map as input for the CNN. Also, no pa-

tients with bilateral vessel occlusions were present in the data set.

Furthermore, all cases were scanned on the same type of scanner
t a single center, therefore, future work will include more patient

ata from different CT scanners and hospitals to increase the ro-

ustness and generalizability of the method and include patients

ith posterior occlusions. The architecture can also be trained to

etect other cerebral pathologies that cause a disturbance of the

ormal temporal information, such as arteriovenous malformations

r brain tumors, without major changes in network design. The re-

ults presented show the feasibility of automated stroke triage in

D-CTA. Although the method could provide a first-line detection,

n observer study is necessary to assess its value in clinical prac-

ice. 

. Conclusion 

We present the first deep learning approach to automatically

etect intracranial anterior circulation artery occlusions in 4D-CTA

f acute ischemic stroke at image-level. The presented method

chieves a sensitivity and specificity of 95% and 92% with an area

nder the ROC curve of 0.98. 
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