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Abstract. Detailed automated artery and vein segmentation on brain
CT angiography (CTA) enables the use of standardized quantitative col-
lateral scores for prognosticating outcomes to support treatment deci-
sions in acute ischemic stroke. However, current deep learning methods
for vessel segmentation are inaccurate for small vessels, fail to separate
arteries and veins, do not account for variations in contrast bolus tim-
ing, and require laborious manual annotations. To address these issues,
we developed a deep learning method to separate intracranial artery
and vein segmentation from semi-automatically annotated thin-slice CT
perfusion (CTP) source data. These CTPs were used to simulate CTAs
with variable contrast timing, thereby enabling contrast-phase augmen-
tation during training. We compared models trained with and without
contrast-phase augmentation and evaluated replicability across models
trained from scratch and fine-tuned foundation models. Segmentation
volumes in either hemisphere were used to automatically measure arte-
rial and venous quantitative collateral scores (aQCS/vQCS) that were
compared to expert-rated Tan scores (0-3) and cortical vein opacifica-
tion scores (COVES; 0-6). Across external test sets of simulated and real
CTAs, contrast-phase augmentation improved artery and vein segmen-
tation performance for models trained from scratch, but yielded only a
limited or no gain for foundation models. Models trained from scratch
outperformed fine-tuned foundation models. aQCS and vQCS showed
high agreement with expert rater scores. Our results demonstrate the
quantitative benefits and clinical utility of contrast-phase augmentation
for deep-learning-based artery and vein segmentation.
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1 Introduction

Automated segmentation of intracranial arteries and veins on brain single-phase
CT angiography (CTA) can improve the diagnosis, characterization, and prog-
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nosis of neurovascular diseases [8, 3, 12]. In acute ischemic stroke, arterial and ve-
nous collaterals indicate distortions in blood inflow and outflow and are therefore
prognostic for infarct expansion and patient outcomes [12, 1]. Radiologist-based
ordinal ratings of the Tan score for arteries and the cortical vein opacification
score (COVES) for veins on brain CTA are considered for prognostication and
treatment decisions, but have suboptimal interrater agreement [24,1]. To en-
able objective quantification of the collateral circulation, quantitative collateral
scores (QCS, arterial: aQCS, venous: vQCS) compare the volume of vessel seg-
mentations between the infarcted and contralateral hemispheres|3,24]. As QCS
relies on vessel segmentations, there is a strong need for accurate automated
distal artery and vein segmentation methods.

Supervised deep learning has improved automated vessel segmentation methods
for various imaging modalities and organs [4, 8]. However, due to the lack of labo-
rious reference segmentations, separate artery and vein segmentation on brain
CTA remains challenging. Most brain CTA vessel segmentation methods and
public datasets focus on segmenting arteries only [5,9,26], do not distinguish
between arteries and veins [5,9,17,19, 18], or limit evaluation to larger vessels,
and neglect smaller distal vessels [5,9,26]. Furthermore, variations in vascular
contrast opacification across CTAs significantly affect the performance of ves-
sel segmentation methods but are not accounted for in model development. In
contrast to CTA, detailed artery and vein segmentations can be acquired using
CT perfusion (CTP) source data [13]. CTP consists of a temporal sequence of
low-dose CTAs acquired while contrast is flowing through the brain. Meijs et al.
exploited the spatiotemporal characteristics of CTP for detailed deep learning-
based artery and vein segmentation [13|. These gains in CTP source data have
not been translated into improved artery and vein segmentation on brain CTA.
Image augmentation techniques are used during training to obtain feature rep-
resentations of deep learning models that are robust to variations in image ori-
entation and quality [7]. Conventional augmentation procedures that improve
performance on CT and MR imaging tasks include filtering techniques, such
as blurring and sharpening, adding noise, rotation, and flipping [7,20]. More
recently, generative deep learning methods have been proposed to generate or
augment input training data to enhance deep learning tasks [23, 7]. Conventional
and generative deep learning augmentation techniques have improved vessel seg-
mentation on a variety of modalities and organs [7,20, 23], but these methods
may not fully represent realistic variations in CTAs. Provided that intravascular
contrast attenuation differences between CTAs can be considerable and affect
the quality of separate artery and vein segmentation, contrast-phase augmenta-
tion may improve deep learning-based segmentation of arteries and veins.

To mitigate the effects of brain CTA contrast-phase timing differences on artery
and vein segmentation, we propose training segmentation models using contrast-
phase-augmented CTAs. We achieve contrast-phase augmentation by simulating
CTAs with varying acquisition timings from CTP source data. Additionally,
the use of simulated CTAs improves manual reference segmentation quality and
reduces the annotation burden by enabling semi-automated artery and vein seg-
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mentation techniques available for CTP [13].

The contributions of this study are as follows: 1) We present the first deep learn-
ing model for separate artery and vein segmentation on brain CTA. 2) We prove
that vessel segmentation models trained on CTAs simulated from CTP source
data also result in high-quality artery and vein segmentations on real CTAs. 3)
We show that contrast-phase augmentation based on simulated CTAs improves
artery and vein segmentation performance. 4) We show that our segmentations
result in high agreement of aQCS with Tan and vQCS with COVES. 5) We
present our vQCS as the first automated brain CTA venous outflow scoring
method. Our models’ artery and vein segmentation performances are validated
on external datasets of simulated CTAs and real CTAs. QCSs are evaluated in
a reader study conducted on a large external retrospective cohort.

2 Methods

Our method leverages the similarity between CTP and CTA and assumes that
deep learning segmentation models trained on CTP-simulated CTAs can be di-
rectly transferred to real CTAs. Traditionally, CTP has been used to compute
perfusion maps of brain tissue using singular value decomposition of changes in
tissue contrast attenuation relative to an arterial input function (AIF) of a large
intracranial artery [6]. For this study, we focus on CTP source data for simulat-
ing multi-phase CTA sequences and do not consider perfusion maps. Figure 1
visually describes our methods.

A: CTP source data D: Input simulated CTA
DXWXHXT pre-segmentation model

C: Simulated CTA Standard E- Presegmentation
- Mean(T) : UNet
First CTP DxWxHXx(T-2) deviation(T) nnUNe
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i8edl - Manual refinement
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Fig. 1. Graphical methods description. Spatiotemporal CTP source data (A) is con-
verted by taking three-frame exposure weighted means (B) to generate simulated CTAs
(C). Temporal mean and standard deviation images of the spatiotemporal sequence (D)
serve as input for an nnUNet artery-vein pre-segmentation model (E), segmentations
are manually refined (F). Simulated CTAs are randomly sampled (G) to train a CTA
segmentation model (H) for artery-vein segmentation (I).
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2.1 Simulating CTA from CTP source data

CTP source data consists of a four-dimensional spatiotemporal sequence — depth:
D, height: H, width: W, time: T' — of low-dose CTAs acquired while intravenously
injected contrast fluid is flowing through arteries and veins (Figure 1A). Due to
the lower-dose exposure of CTP frames, quantum noise levels are higher than
those of higher-exposure real CTAs, resulting in lower signal-to-noise levels [14].
To alleviate this CTP-CTA discrepancy and account for exposure variations
across frames, we apply an exposure-weighted filter to each CTP frame () using
the preceding (i — 1) and subsequent (i + 1) frames to simulate CTAs. Following
[14], exposures of current E;, preceding E;_;, and subsequent F;;, frames are
used to obtain a frame specific exposure weight w; = m Exposure
weights w; are applied to each 3D CTP frame in the temporal sequence Ip v, fr ;-
Simulated CTAs I, D,w,H,i; are acquired by summing three subsequent exposure
weighted frames I, = 232—1 wj I;, thereby acquiring an exposure weighted
mean (Figure 1B). As a result of using preceding and subsequent frames for
exposure weighted filtering, the first and last CTP frames are not considered for
generating simulated CTAs and thus the total length of the sequence becomes
shorter T' — 2. The simulated CTAs are linearly interpolated across time to
generate a sequence with 2-second intervals that closely matches the original
CTP acquisition protocol (Figure 1C).

2.2 Semi-automated CTP reference segmentation

As the simulated CTA sequence incorporates temporal contrast attenuation, it
becomes easier to distinguish vessels from dense tissues such as bone and car-
tilage. Furthermore, temporal contrast attenuation changes enhance the sepa-
ration of arteries and veins. We exploit these temporal attenuation changes by
using the mean and standard deviation of contrast density across time (Figure
1D). Manual artery-vein reference segmentations are refined by inspecting con-
trast attenuation changes in varying simulated CTA timeframes. To expedite
the annotation process, we train an nnUNet [11] on 10 manually annotated sim-
ulated CTA sequences for automated artery and vein segmentation (Figure 1E).
The nnUNet achieves a mean 5-fold cross-validation Dice of 0.81. This model is
used to acquire presegmentations for all simulated CTA sequences. Presegmen-
tations are subsequently manually refined by inspecting consecutive simulated
CTA frames (Figure 1F).

2.3 Contrast-phase augmentation

Using our simulated CTA sequence, we can determine the ’true’ peak arterial
phase and iteratively select frames at varying time intervals relative to the peak
to train segmentation models. We refer to this iterative sampling of simulated
CTAs relative to the 'true’ peak arterial phase as contrast-phase augmentation.
To determine the arterial peak in the simulated CTA sequence, we analyze the
contrast attenuation curve of a seed point — sized 3x3x3 voxels — in the terminal
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internal carotid artery or the M1 segment of the middle cerebral artery. The
simulated peak arterial CTA (¢ = 0) is determined 2 seconds after the seed
points’ attenuation peak, as distal arteries and veins exhibit a delay in peak
attenuation relative to proximal large arteries. For contrast-phase augmentation,
we randomly selected simulated CTAs between -6 and +6 seconds from the
arterial peak with 2-second intervals (Figure 1G) to train deep learning models
trained for artery and vein segmentation (Figure 1H-I). Models trained without
contrast-phase augmentation receive only the simulated peak arterial CTA (¢t =
0).

3 Experiments and Results

3.1 Datasets and evaluation metrics

We retrospectively collected 44 CTP source scans for training from a single
center (male/female: 24/20, age median[IQR]: 79(68;83] years, baseline NIHSS
median[IQR] : 9[6;14], Tan collateral score 0/1 or 2/3: 15/10/19, occlusion loca-
tion M1/M2/ PCA/ACA /no occlusion: 14/5/13/7/5). Between June and July
2024, we prospectively collected 17 CTP source data scans from a second insti-
tution to convert into simulated CTAs for external testing (male/female: 9/8,
age median [IQR]: 56[50;67], diagnosis no acute ischemic/chronic ischemia/small
infarct /ICA occlusion/intercranial hemorrhage: 10/2/2/2/1). 20 real CTAs from
patients with a large vessel occlusion were retrospectively included from a mul-
ticenter cohort study [25] male/female: 11/9, (age median[IQR]: 74[61;81] years,
baseline NITHSS median[IQR]: 14[9;19], Tan collateral score 0/1/2/3:2/7/7/4, oc-
clusion location M1/M2/ICA/M3 or ACA: 11/4/3/2). Arteries and veins were
annotated in the simulated CTA sequence (section 2.2). For Real CTAs, arter-
ies and veins were manually annotated using 3D Slicer. Manual refinement of
automated simulated CTA segmentations and manual from-scratch segmenta-
tion of real CTAs were performed by one trained rater (2 years of experience),
refined by a second experienced rater (6 years of experience), and finalized by
a board-certified interventional neuroradiologist (15+ years of experience). We
only included CTPs and real CTAs with a slice thickness of < 1mm. For evalua-
tion, we considered only intracranial arteries and veins selected using a manually
adjusted brain and skull mask [22], beginning at the brainstem. Artery and vein
segmentation performance was evaluated qualitatively by inspecting 3D segmen-
tation renderings and quantitatively using the voxelwise Dice coefficient (Dice)
and centerline Dice (clDice), reporting mean with standard errors (mean + se).
Simulated CTAs performance represents the mean performance of 7 frames rang-
ing from -6 to +6 seconds.

3.2 Implementation details

We adapted the nnUNet (version 2.4.1) framework to train artery and vein
segmentation models, with and without contrast-phase augmentation, using 5-
fold cross-validation. Default nnUNet image augmentations were used for all
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experiments: rotation, scaling, elastic deformation, flipping, cropping, and vari-
ous intensity changes [11]. The following model architectures were trained from
scratch: the original nnUNet implementation (nnUNet-org) [11], nnUNet with
residual skip connections (nnUNet-RencL, nnUNet large setting) [10], and Med-
NeXt [16] (nnUNet large kernel setting). To leverage rich feature representations
available from large-scale pretrained foundation models, we additionally evalu-
ate fine-tuned foundation models: Merlin [2], CTFM [15], vessel segmentation
foundation model (VFM) [23], and the Segment Anything Model for 3D medical
imaging (SAM3D) [21]. We compare our methods with a previously reported su-
pervised artery segmentation method by Canals et al. [5], which was trained on
162 CTAs from an independent uni-centric dataset and focused on large cerebral
arteries. All models used identically splitted folds and were optimized for equally
weighted cross-entropy and dice-loss. We used fixed patch sizes of 128x128x128
with a resampled spacing of 0.43, 0.43, 0.5 (HxWxD), corresponding to the me-
dian spacing of the training data scans, and a batch size of 2. Models that were
trained with randomly initialized weights (from scratch) used a starting learning
rate of 0.01 that was linearly decreased to le-5 over 1000 epochs with a stochastic
gradient descent optimizer (Betas: 0.9 and 0.999, weight decay 3e-5). Foundation
models were fine-tuned with an initial learning rate of 3e-5, reduced to le-5 over
500 epochs using a cosine annealing schedule with an AdamW optimizer (weight
decay=0.01). Source code is available: github.com/anonymized.

3.3 Contrast-phase augmentation across models

Table 1 describes the Dice and clDice performance on two external test sets of
3 models trained from scratch and 4 fine-tuned foundation models trained with
(w) and without (w/o0) contrast-phase augmentation. Contrast-phase augmen-
tation improved artery and vein segmentation performance, with greater effects
in the models with the highest performance (nnUNet-org and nnUNet-RencL)
and less benefits for foundation models (Merlin, VEM). Models trained from
scratch outperform fine-tuned foundation models. The performance of CTFM
and SAM3D was considerably lower than that of other models and did not
benefit from contrast-phase augmentation. Figure 2 visualizes accurate and in-
accurate segmentation predictions from nnUNet-org, trained with and without
contrast-phase augmentation. Visual inspection of segmentation errors shows
that contrast-phase augmentation improved segmentation of the internal carotid
artery near the skull, in areas with low contrast opacification such as venous si-
nuses, and in more distal arteries and veins. Most segmentation errors were due
to a limited degree of undersegmentation of large vessels and incorrect assign-
ments of arteries as veins, or vice versa.

3.4 Ablation study: contrast-phase augmentation protocols

We evaluated the effect of variations in contrast-phase augmentation protocols
during training on segmentation performance using the nnUNet-org method.



Artery and vein segmentation on brain CTA

7

Table 1. Artery and vein segmentation performance for models trained with (w) and
without (w/o0) contrast-phase augmentation.

Task Model Simulated CTA Real CTA
Dice clDice Dice clDice

w |w/o| w w/o w |w/o| w |[w/o
ArterynnUNet-org 69 +2(64 +2|71 +2|66 £2 |77 £1|71 £1(80 +£1|76 +1
nnUNet-RencL 68 +2 (64 +2(71 +2|65 £2 |77 £1|72 +1|80 +1|76 +1
MedNeXt 63 +2 |61 £2|67 +2 |65 £1 |69 £1 [68 £2|74 £2 |72 £2
Merlin 59 £2 (56 +2(62 +2 |56 £2 |73 £1 |72 £1|78 £1 |75 *1
VFM 64 +£2 (62 +£2(68 +2 |64 £2 |71 £1 |71 £1|76 +1 |75 £1
CTFM 60 £2 |63 £2|65 £2 |64 £2 (68 £1 |73 £1|75 £1 |76 %1
SAM3D 54 £2 58 +2(54 +2 |56 £2 |60 £1 |66 £1|62 £2 (65 1
Canals et al. (2023)|[NA 37 £2|NA 29 +£1 INA 44 +£1|NA 39 £1
Vein [nnUNet-org 71 £3|67 £3(68 £2 |70 +2(85 +1|81 +2|77 +2|75 £3
nnUNet-RencL 70 +3 |67 £3|68 £2 |69 +2 (85 +1|82 +2|77 £2|75 £2
MedNeXt 69 +£3 |65 £3|67 £2 |67 £2 |82 £2 (74 £3|75 £3 |67 £3
Merlin 59 £3 [56 +3[56 +3 |54 £3|83 £1 |83 £1|76 £2 (74 +2
VFM 69 +£3 (66 3|66 +2 |65 £2|82 £2 |81 +2|75 +2 (74 +3
CTFM 65 +£3 |66 £3|67 £2 |66 £2 |71 £4 (81 £2|69 +4 |75 £3
SAM3D 61 £2 (64 +2(50 +2 |55 £2|70 £3 |78 £1|56 £3 [63 +2
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Fig. 2. Segmentation performance with and without contrast-phase augmentation.
Contrast-phase augmentation-trained models visually improve artery and vein segmen-
tation quality (fewer false negatives) near the skull (Left) and improve the separation of
arteries from veins (Right). Red: true positive artery, Blue: true positive vein. Orange:
false negative. Yellow: vein predicted as artery. Green: artery predicted as vein.
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Figure 3 A/B show the Dice for artery and vein segmentation in the Real CTA
test set using the standard protocol without (w/o) contrast-phase augmenta-
tion and protocols using additional simulated CTAs separate or combined 2,
4, and 6 seconds before and after the peak arterial phase. Any contrast-phase
augmentation improved performance compared to w/o. The use of more extreme
time differences to the arterial peak and combinations of time differences further
enhanced Dice.

Real CTA Artery segmentation Real CTA Vein segmentation Arterial: Reader vs QCS Venous: Reader vs QCS
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Fig. 3. A/B: Artery and vein segmentation performance for contrast-phase augmen-
tation ablation study. C/D: Agreement of reader-based evaluation with arterial and
venous quantitative collateral scores (aQCS/vQCS)

3.5 Quantitative Collateral Scoring

To evaluate the potential clinical use of artery and vein segmentations, we com-
pare the agreement between quantitative collateral scores (QCS) and expert
reader-based scores (Tan and COVES), which play a pivotal role in outcome
prognostication in acute ischemic stroke. Reader-based arterial (Tan) and ve-
nous (COVES) scores assess specific vascular regions affected by ischemic stroke,
while our segmentations cover the entire brain. For fair comparison, we restricted
artery-vein segmentations for calculating arterial and venous quantitative collat-
eral scores (aQCS/vQCS) to the corresponding Tan and COVES regions using
atlas-based masks. We evaluate agreement using Spearman’s correlation and test
its significance using the Jonckheere-Terpstra test (JT). Figure 3 C/D shows the
agreement QCS with reader-based scores for CTAs from 309 patients included
from a multicenter prospective cohort. QCS below one indicates fewer vessels
compared to the contralateral hemisphere; QCS above one indicates more vessels
compared to the contralateral hemisphere. We observed a Spearman correlation
between aQCS and Tan of 0.65 (JT-p<le-5) and between vQCS and COVES of
0.57 (JT-p<le-5).

4 Conclusion

In this study, we present a framework for contrast-phase augmentation to im-
prove the training of deep learning segmentation models for intracranial artery
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and vein segmentation on brain CTAs. Our contrast-phase augmentation method
uses CTP source data to simulate CTAs with varying acquisition times relative to
the peak arterial phase. Besides gains in deep learning-based segmentation qual-
ity, the use of simulated CTAs further improves and expedites detailed segmen-
tation of arteries and veins. Due to semi-automated acquisition of reference seg-
mentations, the proposed method scales well to larger datasets. On two external
test sets of simulated and real CTAs, we show that contrast-phase augmentation
improves segmentation quality across a variety of models trained from scratch
but has a less profound impact on worse-performing fine-tuned foundation mod-
els. This study presents the first automated method for separating artery and
vein segmentation on brain CTA. Although direct comparisons with other meth-
ods are complicated by dataset-specific variations, the Dice and clDice scores of
our models trained with contrast-phase augmentation suggest that we approach
state-of-the-art vessel segmentation performance [17,9,19,18,8,4|. Lastly, we
demonstrate that quantitative collateral scores derived from automated artery
and vein segmentations show agreement comparable to expert-based scoring,
reaching levels similar to interrater agreement among human raters [24]. Thus,
we show the clinical utility of separate artery and vein segmentation using deep
learning.

Disclosure of Interests. Henk van Voorst received funds from the Dutch
Research Council (NWO-ZonMw) to conduct this research. Jeremy Heit is a
consultant for Medtronic and Microvention. He is an advisory board member for
MicroVention and iSchemaView.
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