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Abstract. Pixel-level Artery/Vein (A/V) classification of retinal blood
vessels is important in diagnosing and understanding a wide spectrum of
diseases. Deep learning-based methods have achieved promising results,
but manual image annotation is a labor-intensive and time-consuming
process and annotations between different datasets cannot be fully uti-
lized. The model performance might be significantly decreased when
training on one dataset but testing on another. Some unsupervised do-
main adaptation (UDA) methods can alleviate this problem. However,
annotating a few target samples is usually very manageable and worth-
while especially if it improves the adaptation performance substantially.
Consequently, we propose a novel semi-supervised retinal A/V classifica-
tion method where a few labeled target samples and the labeled publicly-
accessible source dataset are available. We first employ the teacher-
student framework to achieve semi-supervised learning. Then, a new
regional mixing method is proposed to reduce the domain gap at the
region level, which takes into account the topological features of reti-
nal vasculature. Furthermore, we combine spatial transformation with
regional mixing to generate additional synthetic images, thus improving
the generalization ability of the model. We evaluate the proposed method
on a publicly accessible (DRIVE-AV) dataset and a private dataset, and
the results show that the proposed method achieves state-of-the-art per-
formance for A/V classification.

Keywords: A/V classification - domain-shift - semi-supervision.

1 Introduction

Several studies have shown that the morphological changes of retinal vasculature
are associated with many eye and systemic diseases [I[213]. For example, retinal
venular widening is closely related to the development and progression of diabetic
retinopathy [I] and risk of stroke [3]. In particular, the Arteriolar-to-Venular
diameter Ratio (AVR) is an important metric to the performance of the methods
that usually degrades when directly taking a trained model of one dataset to
process another dataset, caused by data discrepancy of different imaging devices.
In clinical practice, the arteries and veins are usually manually annotated by
ophthalmologists. However, this process is time consuming and prone to human
errors [4]. Therefore, it is indispensable to develop a fully automatic and accurate
retinal arteries and veins (A/V) classification method.
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Fig. 1. Illustrations of the domain-shift issue. Both were obtained using U-Net trained
on DRIVE-AV dataset. (a) Result of source domain (DRIVE-AV); (b) Result of target
domain (private dataset). Blue indicates veins and red indicates arteries.

In the last decade, several A/V classification methods have been proposed
and can be categorised into two types: graph-based [BJ67] and learning-based
approaches [SI9UT0ITI]. The former uses vessel topology to reconstruct the vessel
tree and classify them into artery and vein. However, they require vessel seg-
mentation as a primary step. The latter, especially the deep learning models,
has achieved state-of-the-art classification performance.

However, there are still two main problems: 1) It is unrealistic to label all the
images. 2) Labeled samples can only improve the performance on images with
similar characteristics because of domain-shift [I2]. For the first problem, manual
labeling is very expensive. We hope to make full use of existing annotations even
if they come from different datasets. However, it may lead to the second problem.
More specifically, different characteristics between datasets will result in reduced
performance. It may be caused by the physical properties of different imaging
devices [13]. Fig. [I|shows that the model trained on a publicly-accessible dataset
(DRIVE-AV [14]) performs poorly on a private dataset. As mentioned above, we
focus on training a model that performs well on the new dataset by using only
a few annotations of the new dataset and full annotations of other datasets.

The semi-supervised learning is a strategy to alleviate the domain-shift and
over-fitting problems based on limited labeled data with the aid of unlabeled
data [IBUT6JI7]. For example, Li et al. [12] introduced a semi-supervised learning
method for the cross-domain A/V classification. They regularized a model to
deal with the data perturbations of the mixed image inputs from two different
retinal fundus devices, by imposing consistent posterior distributions of arteries
and veins. However, this method ignores the vessel topological features, and
vessels are frequently disconnected at the edge of the mixed areas.

In this paper, we focus on minimizing the inter-domain discrepancy for the
A/V classification task through the training on a source dataset with complete
annotation and a target dataset with a small number of annotations. The pro-
posed method mainly consists of a spatial transformation module and a regional
mixing module, where the former aims to address the lack of sufficient manual
annotation in the new dataset, and the latter regularizes the model to give topo-
logical consistency in vessel-mixing samples. The underlying topology helps the
mixing module produce vessel-mixing samples with consistent posterior distri-
bution, and preserve the overlooked topology in the existing mixup method [12].
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We summarise our contributions as follows: 1) We develop semi-supervised
cross domain A/V classification with consistency regularization. We make full
use of the existing labeled data and unlabeled data, and solve the inconsistency
introduced between the two streams of the teacher-student model from spa-
tial transformation with different parameters. 2) A regional mixing method is
proposed to ensure the integrity of vessels by considering the topological char-
acteristics of vessels in the mixed images, thus improving the cross-domain gen-
eralization ability for pixel-wise classification.

2 Method

2.1 Overview

In this paper, we use a fully annotated dataset and a new dataset with a few
annotations to train a semi-supervised model that fits the new data. Unlike
unsupervised domain adaptation, which focuses on using as little annotation
as possible, we are more concerned with fully using the existing annotations
to improve performance on new data. Considering the domain shift between the
datasets, we define the fully annotated dataset as the source domain x4, and new
dataset with a few annotations as target domain x;. To make full use of the exist-
ing label, we introduce a semi-supervised framework based on a teacher-student
network, which contains two regularization modules: the spatial transformation
module and the regional mixing module. Then we train the proposed model by
using the target domain images x; and the source domain images =5 to improve
the cross-domain classification performance. In this paper, the Mean-teacher
framework [I5] is applied as the backbone. The teacher and student models are
defined as f(z,0) and f(z,0’), respectively, where x is the input data and 6 is
the parameters of the model to be learned. The architecture of the proposed
method is shown in Fig[2]

2.2 Spatial transformation module

A/V classification can be considered as a pixel-level multi-class classification
task. The data augmentation techniques have been shown to be useful in semi-
supervised image-level classification. However, they are not always suitable for
dense outputs in semi-supervised learning [I8]. In pixel-wise classification tasks,
spatial transformation such as flipping, rotation, scaling, and cropping, may
result in alterations in both images and labels [18]. As a result, the transformed
inputs of the student and teacher models may correspond to different labels,
which is undesirable in semi-supervised learning. For example, if we cut out a
blood vessel in the input of the student model, the same operation will be applied
only on the student label without affecting the teacher label. Different student
and teacher labels will make it impossible to carry out consistency constraint.
To solve this issue, a spatial transformation module g(z;¢) is proposed in
this work, where x is the input data and ¢ is the parameters of the transforma-
tion. Transformation includes random scaling, rotate, flip, crop and color jitter.
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Fig. 2. The architecture of the proposed method. The spatial transformation contains
flip, rotation, scale, and crop, the exponential moving average (EMA) of the student
model’s weights are transferred to the teacher model’s weights [15].
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Fig. 3. The description of the mixing strategy. (a) Generation method of topology-
aware mask; (b) Mixing performance comparison with the method proposed in [12];

Specifically, a random image transformation is applied to the input images of
the teacher model and the prediction of the student model, respectively. Then,
the two outputs that come from the student and teacher models are supposed
to be similar pixel by pixel. To this end, the mean-squared error (MSE) loss is
applied to minimize the distribution distance between these two streams, which
can be formulated as:

Rer = Lmse(9(f(2;0'), ), fg(w; 0);0)). (1)

2.3 Regional mixing module

Cutmix shows great potential in semi-supervised pixel-wise A/V classification
[19]. This method generates a new training sample (Z,y) by mixing the regions
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of two training samples (z4,y4) and (zp,yp) according to a random mask M.
The combining operation is defined as:

T=MOra+(1-M)Ozp

y=Moya+(1-M)oys @
where M € {0, 1} denotes a binary mask indicating which sample is selected
to fill the pixels of the new sample.

Mask generated by Gaussian random matrix causes frequent vessel interrup-
tions in the mixed images, as shown in Fig b). This may disrupt the topology
of the vessel. Even worse, the topology of images can affect the result of the
segmentation. For example, TA-Net [20] completes the gland segmentation task
using the topology of the gland. ClDice [2I] proposes a topology-preserving loss
function. They all demonstrate that the topology in images plays an important
role in the segmentation task. Therefore, the topology of the data should be
preserved as much as possible when using data augmentation.

Algorithm 1 Regional mixing

Input: The image to be mixed and the prediction of the teacher model from the source
domain Ds = (:cf,yf)fil and the target domain D; = (xﬁ,yﬁ)il, where N is the
batch size. Optic disc segmentation model fseq().

1: fori=1,2,..., N do

2: generate a random fan mask Myqn

3 segment optic disc area by model fseq(25),fseq(h)

4: circle® = cv2.minEnclosingCircle( fseq(x§))

5: circle® = cv2.minEnclosingCircle(fseq(?))

6.

7

8

align circle®.center and Mgy, .center to circle®.center
crop all images according to the boundary of x}
: XMized — gt s Mpan + 2§ X (1 — Man)
9: VMo = yb ¢ Myan +y§ X (1= Myan)
10: end for
11: return (

i=1

X,L'NIZZEd, Y;Mzzed)N

In this section, we consider fully the fact that vessel flows start at the optic
cup and thus propose a new mask generation method to preserve the topology
of retinal vessels. The flow of mask generation can be divided into four steps,
as shown in Fig. a). Firstly, a random fan mask is generated (@ in Fig. a)),
whose size is two times of the fundus image. Then, the optic disc (OD) is seg-
mented by applying open source method [22], which achieves 95% dice on mul-
tiple datasets. And we find a circle of the minimum area enclosing optic disc
area by OpenCV minEnclosingCircle function (@ in Fig. [3|(a)). Next, we align
the center of the circles of the two samples with the center of the mask(® in
Fig. a)). Finally, the mask is obtained by cropping one of the fundus image
window from the standard fan-shape (® in Fig. [3(a)). As shown in Fig. 3|(b),
mixing the source domain image z and target domain image z; before spatial
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transformation, the mixed image can be obtained by:
Xmized(Ts, xt, M, ¢) = g(M © x5 + (1 = M) © z¢; §). (3)
Similarly, the mixed prediction Y;,;zcq can be formulated as:
Yiized(Ts, T4, M, ¢,0) = g(M © f(x5;0) + (1 = M) © f(z1;0);0),  (4)

where ©® represents Hadamard product. By minimizing the MSE loss among the
mixture of the prediction Y, izea(zs, xt, M, ¢, 0) of the origin input images, and
the prediction of their mixed variant X,,;ped(xs, t, M, @), the topology-aware
regional mixing regularization can be formulated as:

RC’Z = Emse(f(Xmiz(mm Tt M7 (b)a 9I))a Ymix(xsa T, Ma ¢7 9)) (5)

2.4 Loss function

For this specific task, binary cross-entropy (BCE) loss is applied to calculate the
supervised A/V classification loss Lg, which can be formulated as:

ES = Egce(f(ms)a ysvaosa) +£Zce(f(x8)7ysawp08“) +£Il;ce(f('rs)’ y87wposb)7 (6)

where a, v and b represent arteries, veins and background. The wy,s is the
positive weight to mitigate class imbalances, and are set as 1, 1, 0.1 for arteries,
veins and background, respectively. As a result, The total loss in our proposed
framework can be represented as:

L=Ls+ MRci1+ ARee, (7)

where A\; and Ay are weights that control the proportion of regularization terms
defined above.

3 Experimental results

3.1 Datasets

Two retinal color fundus image datasets acquired by two different devices were
used in our experiments. DRIVE-AV[I4] is a publicly-accessible dataset with
A/V manual annotations. It contains 40 images with a resolution of 584x565
pixels. All images were acquired by Canon CR5 nonmydriatic 3CCD camera.
The images of our in-house dataset were collected from a local hospital, and it
contains 5,336 color fundus with a resolution of 3608x3608 pixels. All images
were captured by Zeiss camera. Three clinicians were invited to label all the
vessels into arteries and veins manually from 98 images, and their consensus was
finally used as ground truth.



-

Abbreviated paper title

—
SN

N

N

AN

7#
I
A

B NI

FE KT

>3
N

<7 &

=
A\
—
A

X
.

Ground truth

Fig. 4. The results of different methods in A/V classification tasks on two datasets.
3.2 Implementation details

U-Net [23] was applied as the backbone in the mean teacher framework, the
parameters of the teacher model were updated from the student model by using
the exponential moving average (EMA). In our experiments, we set the EMA
decay a to 0.99 in the first 50 epochs and 0.999 in the subsequent epochs. All the
images were scaled and cropped to 512 x 512 pixels. The pre-processing method
proposed in [24] was utilized to enhance image contrast, and the non-signal
area was masked out. The batch size of both source and target domain inputs
was set to 2. The initial weights A\; and Ao in the total loss were set to 0.8 and
0.7, respectively. A sigmoid ramp-up [15], formulated as A = 56_5(1_"‘)2, was
utilized to update the weights A\; and Ao, where (8 is the initial weight and m
represents the ratio between current epoch and the total ramp-up epochs which
were set to 80 empirically.

3.3 Artery/Vein classification performance

In this subsection, we evaluate the artery/vein classification performance on
the DRIVE-AV and private datasets. To show the superiority of the proposed
method, the following methods were compared: (1) Semi-superivised segmenta-
tion methods: cross-pseudo supervision (CPS) [25] and uncertainty-aware self-



8 No Author Given

Table 1. Performance comparison of A/V classification using different approaches on
two datasets. Source-only indicates only the source-domain dataset was applied to train
the model.

DRIVE-AV — Private dataset

Methods Acc Se Sp F1 G-mean | Dice | Kappa | FDR
Source-only || 82.72 | 80.36 | 84.64 | 80.66 82.47 80.66 | 78.41 19.02
UA-MT [26] || 81.28 | 79.89 | 82.42 | 79.29 81.15 79.29 | 76.48 | 21.29
CPS [25] 85.52 | 84.24 | 86.57 | 83.92 85.39 83.92 | 81.84 | 16.38
VM-CR [12] || 85.51 | 84.22 | 86.56 | 83.91 85.38 83.91 | 81.83 | 16.40
ST-CR [27] 86.86 | 86.39 | 87.25 | 85.51 86.82 85.51 | 83.47 | 15.35

Ours 88.98 | 86.54 | 90.96 | 87.57 88.72 87.57 | 86.29 |11.37
Private dataset — DRIVE-AV
Methods Acc Se Sp F1 | G-mean | Dice | Kappa | FDR

Source-only || 70.44 | 68.91 | 71.74 | 68.11 70.31 68.11 | 62.36 | 32.67
UA-MT [26] || 74.42 | 69.05 | 78.96 | 71.21 73.84 71.21 | 68.14 | 26.49
CPS [25] 73.87 | 70.57 | 76.66 | 71.21 73.55 71.21 | 67.09 | 28.12
VM-CR [12] || 73.35 | 68.54 | 77.41 | 70.20 72.84 70.20 | 66.69 | 28.05
ST-CR [27] 76.41 | 71.33 | 80.70 | 73.48 75.87 73.48 | 70.60 | 24.24
Ours T7.19 | 74.52 | 79.44 | 74.95 | 76.94 |74.95| 71.22 | 24.60

ensembling mean teacher (UA-MT) [26]; (2) Unsupervised domain adaptation
segmentation method: spatial transformation based consistency regularization
(ST-CR) [27]; (3) Semi-superivised domain adaptation segmentation method:
VM-CR [12]. The ablation study was also performed to evaluate the proposed
two components. Following the standard performance assessment protocol for
Artey/Vein classification, the accuracy (Acc), sensitivity (Se), specificity (Sp),
F1-score (F1), G-mean score (G-mean) [28], Dice coefficient (Dice) [29], Kappa [30]
and False Discovery Rate (FDR) [31] were utilized for quantitative evaluation.

Table 2. Ablation study of different modules in the proposed method.

A/V classification
ST  Mixing Acc Se Sp F1 Dice Kappa | FDR
81.25 82.75 80.03 79.83 79.83 76.09 22.88
v 85.86 83.29 87.94 84.08 84.08 82.38 15.10
v 85.90 | 86.58 | 85.34 84.64 84.64 82.14 17.22
v v 88.98 86.54 90.96 | 87.57 | 87.57 86.29 11.37

Comparison with the state-of-the-art methods. In DRIVE-AV — Pri-
vate dataset experiment, the DRIVE-AV dataset was considered as the source
domain, and the private dataset was defined as the target domain. 40 labeled
images from DRIVE-AV, 4,950 unlabeled and 10 labeled images from the private
datasets were involved in the training phase. The rest of the labeled images (88
images) in the private dataset were utilized for testing.
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Fig. [ shows the classification results of different methods for training. Com-
pared to other methods, the proposed model shows better performance in pre-
serving vessel continuity. To further prove the effectiveness of our method, we
report the quantitative results in Table [Il We can observe that the proposed
method achieves the best performance. More specifically, the classification per-
formance of source-only is severely degraded compared to our method. There
are significant decreases in ACC (88.98% to 82.72%), Se (86.54% to 80.36%), Sp
(90.96% to 84.64%), F1 (87.57% to 80.66%), G-mean (88.72% to 82.47%), Dice
(87.57% to 80.66%), Kappa (86.29% to 78.41%) and FDR (11.37% to 19.02%)
between source-only and the proposed method. It is worth noting that when
compared with ST-CR, our method outperforms it in all metrics. Meanwhile,
ACC improves by 2.12%, Se improves by 0.15%, Sp improves by 3.71%, F1 im-
proves by 2.06%, G-mean improves by 1.9%, Dice improves by 2.06%, Kappa
improves by 2.82% and FDR improves by 3.98%, respectively. This confirms
our argument that the model can have significant improvement by adding a few
target domain information. Compared with VM-CR, our method achieves sig-
nificant improvements in all metrics, with 3.47% higher on ACC, 2.32% higher
on Se, 4.4% higher on Sp, 3.66% higher on F1, 3.34% higher on G-mean, 3.66%
higher on Dice, 4.46% higher on Kappa and 5.03% higher on FDR, respectively.
This is because the regional mixing module plays a key role. Compared to the
crude mixing method, the proposed module preserves the topological informa-
tion of the vessels and can enhance the generalization performance of the A/V
classification model.

Similarly, we evaluated our method in the Private dataset — DRIVE-AV
experiments, where 98 labeled images in the private dataset, 20 unlabeled and
10 labeled images in the DRIVE-AV dataset were used for training. The rest
(10 images) were utilized for testing. The result also shows that the proposed
method has great success in semi-supervised A/V classification.

Ablation study. To better reveal the contribution of two modules in our
network, the ablation experiments were added into the DRIVE-AV — Private
dataset experiment. We removed each module to verify the effectiveness of utiliz-
ing all the proposed modules and compared their results in Table. 2] Compared
to the backbone, our method achieves the higher performance, where the Acc
increases from 81.25% to 88.98%, F1 from 79.83% to 87.57%, Dice from 76.09%
to 87.57%, Kappa from 76.09% to 86.29%, FDR from 22.88% to 11.37%. The
performance of the model improves significantly when we integrate all the mod-
ules together. These results further confirm that every module in our proposed
method is essential for the semi-supervised cross-domain A/V classification.

4 Conclusion

In this paper, we proposed a novel topology-aware artery/vein classification
method, which contains two novel modules: the spatial transformation and the
topology-aware regional mixing, to mitigate the data discrepancy problem in
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semi-supervised cross-domain artery/vein classification. The advantages of our
method can be summarized in two parts. Firstly, it uses a mean teacher frame-
work to train a semi-supervised domain adaptation model where a target dataset
with few annotations and a labeled public dataset are available. Second, the
proposed method takes into account the vessel topology and generates a more
realistic mixed vessel structure for learning. The experimental results and abla-
tion study show that the proposed framework is effective in improving the A/V
classification performance. In our future work, other medical images will be used
for validation. In particular, image segmentation with structural topology infor-
mation, such as OCTA A/V classification or vessel segmentation.
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