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VASCULAR TOPOLOGY RECTIFICATION NETWORK FOR AUTOMATED RETINAL
ARTERY/VEIN SEGMENTATION

Zhan Heng, Maurice Pagnucco, Erik Meijering, Yang Song

School of Computer Science and Engineering, University of New South Wales, Australia

ABSTRACT

Retinal artery/vein (A/V) segmentation is an important step
in screening various diseases. However, accurate retinal A/V
segmentation is still a challenging task, and even state-of-
the-art methods often fail to respect the correct topology of
the vascular structure, which is crucial for clinical applica-
tion. For better preservation of topology and connectivity in
fully automated A/V segmentation, we propose a two-stage
deep learning framework that consists of a multi-task U-Net
with a customized vessel aggregation module for initial A/V
segmentation, and a vascular topology rectification network
based on persistent homology. Extensive experiments on pub-
lic DRIVE-AV and HRF-AV datasets show that the proposed
method delivers competitive pixel-level accuracy and the best
topology-level accuracy against state-of-the-art methods.

Index Terms— retinal artery/vein segmentation, fundus
image, persistent homology

1. INTRODUCTION

Retinal imaging enables non-invasive observation of hu-
man fundi. Particularly, morphological changes in retinal
artery/vein (A/V) could be indicators of various pathologi-
cal conditions. For example, retinal A/V fractal dimension
(FD) is linked to lower visual acuity [1]; diabetic retinopa-
thy often leads to narrowing of retinal veins, quantifiable
as the arteriolar-to-venous ratio (AVR) [2]. Since manual
A/V annotations can be prohibitively time-consuming while
requiring expertise of ophthalmologists, accurate automated
segmentation could be highly beneficial for computer-aided
diagnosis and large-scale screening of relevant diseases.
With recent advances in deep learning, methods based
on fully convolutional networks (FCN) have attained decent
pixel-level performance in A/V segmentation [3, 4]. How-
ever, these earlier works typically restrict a pixel to have a
single label [3], or treat pixels at A/V crossings as “uncer-
tain” class [4], prohibiting the identification of A/V crossings,
in which case the vascular topology could still be misrepre-
sented despite achieving good pixel-wise accuracies. More
recent studies on A/V segmentation tend to focus more on
the preservation of vascular topology. [5] integrates domain
knowledge of ophthalmology by adopting a multi-input mod-

ule and a spatial activiation mechanism. [6, 7, 8, 9] use adver-
sarial learning to guide the networks to focus on topological
information of A/V. Among others, TW-GAN [9], the state-
of-the-art method on A/V segmentation, includes a topology
ranking discriminator to rank the topology correctness of the
ground truth mask, the generated A/V segmentation mask and
an intentionally shuffled mask. Besides, methods have also
been proposed for the problem of curvilinear structure seg-
mentation, though their applications have not been explored
extensively in retinal A/V segmentation. For instance, [10]
leverages both spatial attention and channel attention to im-
prove curvilinear structure segmentation. In [11, 12], persis-
tent homology is incorporated into deep neural networks to
promote correct topology in segmentation results. [13] pro-
poses clDice loss which demonstrates that a loss function ap-
plied along an object’s centerline improve the topology cor-
rectness. However, capturing the curvilinear nature of blood
vessels remains a challenge for neural networks, and intra-
segment errors and broken segmentation (Fig. 2b), can still
be found in segmentation results.

To obtain topologically correct retinal A/V segmentation,
we introduce a two-stage deep learning framework (Fig. 1)
that aims to make pixel-wise-accurate A/V segmentation in
Stage 1, and rectify the topological errors in Stage 2. More
specifically, Stage 1 of the framework consists of a multi-task
U-Net with a vessel aggregation module that focuses on pro-
cessing the visual information of fundus images. Stage 2 of
the framework is a U-Net with dual decoders that incorpo-
rates persistent homology [14], a topological feature extrac-
tion method in computational topology, to improve the con-
nectivity of the initial A/V segmentation result. Extensive ex-
periments are conducted to evaluate the proposed method on
the public DRIVE-AV[15] and HRF-AV[3] datasets. The pro-
posed method achieves state-of-the-art performance in both
pixel-level and topology-level metrics.

2. METHODS

2.1. Multi-Task U-Net with Vessel Aggregation Module

The objective of Stage 1 is to perform an initial A/V seg-
mentation on the input fundus image. While the U-Net ar-
chitecture [16] has been widely adopted for image segmenta-
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Fig. 1: An overview of the proposed method. (a) Stage 1 - multi-task U-Net with vessel aggregation module for initial A/V
segmentation; (b) Stage 2 - Vascular topology rectification network that rectifies the topological errors in results from Stage 1.

tion, including retinal vessel segmentation and A/V segmen-
tation, we propose to adopt a multi-task U-Net facilitated by
the proposed vessel aggregation module (VAM) for better re-
sults. Besides the main task of A/V segmentation, an auxil-
iary task of “vessel segmentation” is set up, where pixels are
simply classified into vessel/non-vessel without distinguish-
ing between artery and vein. In this way, the easier auxiliary
task will act as additional supervision by joint training, and
also assist the main task of A/V segmentation directly by pro-
viding an a priori vessel segmentation map.

In VAM, the feature map from the final layer of the U-
Net goes through different branches of 1 x 1 convolution lay-
ers, batch normalization and ReLU to obtain the vessel seg-
mentation map and A/V segmentation maps. The vessel seg-
mentation map is concatenated with the intermediate feature
maps to generate the A/V segmentation maps. Since the seg-
mentation task is highly imbalanced, a binary cross entropy
(BCE)-Dice loss is calculated to represent the vessel segmen-
tation loss. Similarly, the A/V segmentation loss is the BCE-
Dice loss averaged over artery and vein probability maps.
Moreover, we apply a weight map to the A/V segmentation
loss function, so foreground (A/V) pixels, background (non-
vessel) pixels and uncertain pixels (see Section 2.3) would
have weights of 1, 0.1 and O respectively. Therefore, uncer-
tain pixels will not intervene with training, and more focus is
given to foreground pixels.

2.2. Vascular Topology Rectification Network with Ex-
panded Topological Focal Loss

The initial A/V segmentation maps generated in Stage 1 still
contain broken segments and intra-segment errors due to the
sole focus on pixel-level accuracy. The vascular topology
rectification network, i.e., Stage 2 of the proposed frame-
work, takes the initial vessel and A/V segmentation probabil-
ity maps from Stage 1 as input, and attempts to further refine
them with a focus on rectifying topological errors. For this,

we adopt a U-Net with dual decoders that output arteries and
veins probability maps separately. It is important to carefully
design a loss function that can pinpoint the pixels that would
affect the vascular topology. Therefore, we refer to the con-
cept of persistent homology in computational topology.

Persistent Homology. We use S, to denote the binary
segmentation mask obtained from a segmentation probability
map X given a real-valued threshold p. Sweeping p from 1
to0 (1 > p; > pe > --- > 0) will result in a sequence of
segmentation masks that have monotonically growing fore-
ground pixels:

ggslgsplgspQQ"'gSO (1)

As p varies, foreground pixels in S, will collectively form
different structures, giving rise to new topological structures
and causing existing ones to disappear. Based on the idea of
persistent homology [14], we record the 1-dimensional Betti
number [, i.e. the number of holes, in the binary segmen-
tation masks after padding the borders with foreground pix-
els. When (3; changes, we record the pixels that caused the
change in the topological structures as the “critical pixels”.
To account for noise, critical pixels with probabilities that
are too close to adjacent pixels (where the maximal differ-
ence is no more than 0.03) are filtered out. A loss function
based on these critical pixels essentially guides the network to
perform better at topologically critical locations [11]. How-
ever, these critical pixels are usually isolated pixels, which
can make training inefficient. To improve on this, we propose
an expanded topological focal loss for A/V segmentation.
Expanded Topological Focal Loss for A/V Segmenta-
tion. It is observed that in the initial A/V prediction map gen-
erated in Stage 1, the broken areas (e.g. A/V crossings) are
usually relatively small in size, but larger than a single pixel.
Therefore, it could be argued that the small neighborhoods
around critical pixels are important for correct connectivity
as well. In order to speed up training and make better use of
the relatively computationally expensive persistent homology,



Table 1: Left: A/V segmentation performance on DRIVE-AV and HRF-AV datasets compared with state-of-the-art methods.
Right: Ablation study results of the proposed method on DRIVE-AV dataset. Best performance marked in bold.

Datasets DRIVE-AV HRF-AV Dataset DRIVE-AV
Methods Sen F1 PR  Betti | Sen F1 PR  Betti Modules Sen F1 PR  Betti
U-Net [16] 536 656 659 169 | 634 671 722 11.7 U-Net 53.6 656 659 169
CS-Net [10] 520 63.6 63.0 - 62.5 66.1 69.2 - +VAM 59.7 698 852 162
MNNSA [5] 59.8 61.8 654 - 62.8 643 69.1 - Trained with

TR-GAN [6] | 67.8 656 674 - 63.1 675 725 - complete G.T. 32 620 762 188
BMEN [7] 699 700 712 145 | 67.7 71.7 740 8.8 +U-NetDD 773 728 862 128
TW-GAN[9] | 782 663 656 133 | 76.4 1757 82.0 4.7 +TopoLoss [11] | 79.4 709 82.1 123
Proposed 80.3 760 84.7 119 | 80.1 750 81.1 3.1 +ETFL 80.3 76.0 847 119

we expand the critical pixel set to the union of k-hop neigh-
borhoods of all critical pixels. Here & is empirically set to 2,
resulting in 5 x 5 pixels critical patches. A focal loss L.; is
computed over the expanded set of critical pixels C to focus
even more on the hard-to-classify critical pixels.
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#H(%9) denotes the BCE loss between ground truth segmenta-
tion labels and output segmentation probability map, at posi-
tion (%, j). In practice, the expanded topological loss is calcu-
lated on non-overlapping patches, separately for arteries and
veins and their average is used for training, with « and +y set at
1 and 0.5 empirically. The A/V segmentation BCE-Dice loss
in Stage 1 is also used in combination to ensure the overall
pixel-level correctness of the result.

2.3. Modified A/V Ground Truth for Training

It is observed that a standard U-Net, or even the improved U-
Net proposed in Section 2.1, tends to perform poorly when
trained with the A/V ground truth with all the A/V crossings
properly labelled. This is expected, as pixels at vessel cross-
ings present visual features of the vessel type on top, but an-
notations would suggest they should be labelled as both artery
and vein, which could confuse the model. To solve this prob-
lem, when training Stage 1 we modify the A/V crossing la-
bels in ground truth to the uncertain class, which are omitted
in loss calculation. This encourages Stage 1 to focus more on
visual information and classify pixels at vessel crossings into
the type of vessel on top (Fig. 2). For Stage 2 we train with
the complete ground truth to improve vascular connectivity.
In this way, visual information and topological information
are disentangled to an even greater extent.

3. EXPERIMENTS

Datasets and Implementation. The proposed method is
tested on two publicly available datasets. DRIVE-AV[15]
contains 40 fundus images with a resolution of 565 x 584

pixels with a 45° field of view (FOV). The 40 images are
equally divided into a training set and a testing set. The origi-
nal split is used to ensure comparability. HRF-AV[3] contains
45 fundus images with a resolution of 3504 x 2336 pixels
and a 60° FOV, including 15 images of healthy subjects, 15
images of diabetic retinopathy and 15 images of glaucoma.
As encouraged by [3], the first five images from each sub-
category are used for evaluation, and the rest are used for
training. We use the A/V ground truth provided by [9] for
correct annotations around vessel crossings.

For training, 384 x 384 pixels patches are randomly ex-
tracted from images. Random rotations, flippings, and Con-
trast Limited Adaptive Histogram Equalization (CLAHE) are
applied. Our implementation uses PyTorch 1.9 and GUDHIL.
Both stages are optimized with the Adam optimizer and a
batch size of 4, with a learning rate of 0.005. When training
Stage 2, the proposed expanded topological focal loss takes
effect from the 30th epoch. Training typically converges af-
ter 1,500 epochs for Stage 1 and 100 epochs for Stage 2. At
the inference phase, 384 x 384 pixels patches are extracted
with a stride of 192 pixels, which are stitched together and
the averages are taken for overlaps.

Evaluation Metrics. For evaluation, we follow the evalu-
ation scheme in [7] and calculate the sensitivity, F1-score and
Area Under the Curve of the Precision-Recall Curve (PR) sep-
arately for arteries and veins, and report the weighted scores
based on pixel counts. Furthermore, to assess the topologi-
cal correctness of the results, we also report the Betti number
error [11] of the proposed method, which measures the topo-
logical consistency between the ground truth and prediction.

Experimental Results. Table 1 (left) summarizes the
quantitative evaluation results of our proposed method, com-
pared with existing methods. The competing methods in-
cludes recent methods achieving state-of-the-art pixel-level
performance [5, 6, 7, 9]. We report the results in [7] where
available, and perform evaluation on the other methods if
pretrained models are publicly released. On the DRIVE-AV
dataset, our proposed method outperforms competing meth-
ods in all metrics, some by a large margin. On the HRF-AV
dataset, our proposed method achieves the highest sensitivity
in our comparison, improving the second place by nearly 4%.
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Fig. 2: Tllustration of different training strategies. (a) Ground
truth A/V annotations; (b) Initial A/V segmentation trained
with complete labels (including vessel crossings); (c) Initial
A/V segmentation if trained with modified labels (excluding
vessel crossings); (d) Rectified result from Stage 2.

TW-GAN [9] still obtained the best F1 and AUC-PR, but the
advantage over our method is limited. The proposed method
achieves the lowest Betti number error on both datasets,
which corresponds to the best ability to preserve the correct
vascular topology and connectivity.

Fig. 2 shows some visualization of results produced by
the proposed method. As can be seen in (b), when trained
with complete A/V ground truth, the initial A/V segmenta-
tion identifies some vessel crossings, but struggles to gener-
ate continuous vessel segments. If vessel crossing pixels are
excluded from training, the output in (c) is significantly im-
proved except for the false negatives around vessel crossings.
Fig. 2(d) demonstrates that the proposed topology rectifica-
tion network in Stage 2 improves vascular topology and elim-
inates noisy artifacts.

Ablation Study. We investigate the individual influence
and effectiveness of the proposed modules. As listed in Ta-
ble 1 (right), the inclusion of VAM brings a consistent im-
provement in all metrics compared to a baseline U-Net. When
trained with the complete ground truth labels, almost all met-
rics drop considerably. While attaching a U-Net with dual de-
coders (U-NetDD) as described in Section 2.1 improves the
performance, the proposed expanded topological focal loss
(ETFL) for A/V segmentation further enhances both pixel-
wise and topological correctness, outperforming the Topo loss
[11] which is also based on persistent homology.

4. CONCLUSION

This paper proposes a novel method for retinal A/V segmenta-
tion that focuses on visual information and vascular topolog-
ical information in two cascaded stages. Experiments on two
public datasets have verified the proposed method’s state-of-
the-art performance, showing accurate pixel-level segmenta-
tion and more topologically correct retinal vascular topology.
In future work, we will work on enforcing explicit topological
constraints for A/V classification, and explore the possibility
of extending the application to other segmentation tasks.
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