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We propose a novel deep learning based system for vessel segmentation. Existing methods using CNNs
have mostly relied on local appearances learned on the regular image grid, without consideration of the
graphical structure of vessel shape. Effective use of the strong relationship that exists between vessel
neighborhoods can help improve the vessel segmentation accuracy. To this end, we incorporate a graph
neural network into a unified CNN architecture to jointly exploit both local appearances and global vessel
structures. We extensively perform comparative evaluations on four retinal image datasets and a coronary
artery X-ray angiography dataset, showing that the proposed method outperforms or is on par with cur-
rent state-of-the-art methods in terms of the average precision and the area under the receiver operating
characteristic curve. Statistical significance on the performance difference between the proposed method
and each comparable method is suggested by conducting a paired t-test. In addition, ablation studies
support the particular choices of algorithmic detail and hyperparameter values of the proposed method.
The proposed architecture is widely applicable since it can be applied to expand any type of CNN-based
vessel segmentation method to enhance the performance.
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1. Introduction

Observation of blood vessels is crucial in the diagnosis and
intervention of many diseases. Clinicians have mainly relied on
manual inspections, which can be operator-dependent and time-
consuming. Over the years, the demand for efficiency has led to
the development of numerous methods for automatic vessel seg-
mentation.

Most methods are based on image-processing (Frangi et al.,
1998; Soares et al., 2006), optimization (Orlando and Blaschko,
2014; Shin et al., 2016; Zhao et al., 2015; Sun et al., 2014), learn-
ing (Becker et al., 2013; Sironi et al., 2015), or their combina-
tion. Most conventional image-processing-based methods (Frangi
et al., 1998; Soares et al., 2006) either develop or adjust filters
for emphasizing blood vessels in a given image. Many optimiza-
tion methods aim to determine the best global graph structure
based on applied prior knowledge. Diverse cost functions, defined
on a Markov random field (Orlando and Blaschko, 2014; Shin et al.,
2016), an active contour model (Zhao et al., 2015), an arbitrary
graph (Sun et al., 2014), etc., are therein minimized. However, the
prior knowledge often consists of only simple rules such as lo-
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cal smoothness, limiting the modeling capacity. More complex dis-
tributions can be modeled using learning-based methods such as
boosting (Becker et al., 2013) or regression (Sironi et al., 2015).
However, due to the limited model complexity, only local appear-
ances are mostly learned.

Many recent methods being proposed are based on deep learn-
ing (Ganin and Lempitsky, 2015; Khalaf et al., 2016; Li et al.,
2016; Liskowski and Krawiec, 2016; Oliveira et al., 2018; Zhang and
Chung, 2018; Wu et al., 2018; Ventura et al., 2018; Fu et al., 2016b;
2016a; Maninis et al,, 2016; Yan et al,, 2018). In earlier methods,
the output for the whole image was achieved by aggregating the
predictions of local image patches processed independently (Ganin
and Lempitsky, 2015; Khalaf et al., 2016; Li et al., 2016; Liskowski
and Krawiec, 2016; Oliveira et al., 2018; Zhang and Chung, 2018;
Wu et al,, 2018). Ganin and Lempitsky (2015) studied a combina-
tion of nearest neighbor search with convolutional neural networks
(CNNs) to learn complex transforms such as vessel segmentation.
Khalaf et al. (2016) modified the vessel segmentation task as a
three-class classification problem among large vessels, small ves-
sels, and background areas to reduce the intra-class variation. The
task was also re-formulated into another multi-class task by intro-
ducing additional labels on boundary areas of vessels in the work
of Zhang and Chung (2018). In the work of Oliveira et al. (2018),
the stationary wavelet transform by which multi-resolution
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Proposed VGN

Fig. 1. Motivation of the proposed method. The articulated shape and hierarchical patterns of the vessel structures are not likely to be learned in existing CNN-based vessel
segmentation methods. The proposed vessel graph network (VGN) utilizes a graph neural network (GNN), to propagate information along vessel structures, together with a
CNN to address this issue. In the presented example results, VGN clearly enhances the detection of vessels with weak contrast by considering the vessel graph structure,
compared to that of a CNN-only method (Maninis et al., 2016). The resulting vessel probability images are inverted for better visualization. All figures best viewed in color.

information is achieved, was incorporated to enrich the input rep-
resentation for a network. In the work of Wu et al. (2018), the
multiscale network followed network model was proposed to accu-
rately segment capillaries of smaller diameter and lower contrast.

To improve efficiency and effectiveness, more recent meth-
ods (Fu et al, 2016b; 2016a; Maninis et al., 2016; Yan et al.,
2018) take the whole image as input in the manner of the fully
convolutional network method (Shelhamer et al, 2017). In the
works of Fu et al. (2016b,a), a fully-connected conditional ran-
dom field or its neural network implementation (Zheng et al.,
2015) was utilized to take into account long-range interactions
between pixels. Maninis et al. (2016) made use of the pre-
trained VGGNet (Simonyan and Zisserman, 2014) as a base net-
work and specialized it for retinal vessel segmentation, which is
called as deep retinal image understanding (DRIU). In the work
of Yan et al. (2018), a vessel-segment-level loss is jointly utilized
with a conventional pixelwise loss for accurate segmentation of
thin vessels, where the thickness inconsistency of thin vessels is
more penalized than thick vessels to alleviate the severe imbalance
in the numbers of comprising pixels.

The CNN-based methods make use of multi-scale features by
stacking outputs of intermediate layers for final prediction. How-
ever, those features represent only local appearances, with scope
that does not exceed the receptive field. Most CNN-based methods
for vessel segmentation are shallow with small number of layers.
Empirically, just increasing the CNN depth to extend the receptive
field does not improve accuracy (Maninis et al., 2016). While re-
search on CNN structures, which increases the field-of-view (FoV)
for more contextual information, is being conducted (Chen et al.,
2018), it is in regards to the more general problem of semantic
image segmentation. Furthermore, due to the vessel shape com-
prising a hierarchical structure of tubular regions, improvements
for CNN structures that still rely on the square kernels and regular
image grid will most likely have limited impact. We believe an al-
ternative graphical representation is more likely to be effective, by
helping to learn the articulated shape and hierarchical patterns of
the vessel structures (Fig. 1).

Neural network models for irregular domains such as graphs
are rapidly gaining more interest (Scarselli et al., 2009; Bruna et al.,
2014; Henaff et al., 2015; Defferrard et al., 2016; Kipf and Welling,
2017; Niepert et al., 2016; Monti et al., 2017; Hamilton et al., 2017;
Velickovic et al., 2018). The core application of graph neural net-
works (GNN) is vertex classification on generic graphs, for exam-
ple, the classification of articles using citation graphs. Compared
to the fixed eight neighborhood system of the regular image grid,
general graphs can have arbitrary edge connectivity. Within GNNs,
the issue is then how to represent and learn the relational infor-
mation between connected vertices as linear transforms or con-
volutions. In previous works, these operations have been defined
either in the spectral domain of the connectivity matrix, or in the

spatial domain. Our work was motivated with the belief that GNNs
are suitable for our problem of learning the structural representa-
tion of vessels. Here, we are using the term GNN as an umbrella
term for a diverse range of particular methods. We thus provide a
brief review below.

The vertex connectivity is often represented as the adjacency
matrix or Laplacian matrix. Several methods have been so de-
veloped that the connectivity is utilized in the spectral domain
of the Laplacian matrix (Bruna et al., 2014; Henaff et al., 2015;
Defferrard et al, 2016; Kipf and Welling, 2017). Beginning with
the work of Bruna et al. (2014) which proposed a generalized
CNN for a graph using the eigenvectors of its Laplacian, works
by Henaff et al. (2015) and Defferrard et al. (2016), and Kipf and
Welling (2017), have been proposed in order to improve the effi-
ciency by spatially localizing filters using restricted spectral multi-
pliers (Henaff et al., 2015), approximated filters by Chebyshev ex-
pansion of order k (Defferrard et al., 2016) and order one (Kipf and
Welling, 2017). On the other hand, spatial approaches (Niepert
et al., 2016; Monti et al., 2017; Hamilton et al., 2017) directly ap-
ply neural network filters on the graph. This is achieved by fixing
the number of sampled vertices and neighborhoods in the work of
Niepert et al. (2016), by a novel spatial-domain model, the mixture
model network (MoNet) in the work of Monti et al. (2017), and
by another method, called GraphSAGE (SAmple and aggreGatE), in
which features from sampled neighbors are aggregated for each
vertex, in the work of Hamilton et al. (2017). In the graph at-
tention network (GAT) method of Velickovic et al. (2018), an at-
tention mechanism is incorporated in order to selectively attend
over neighbors for each vertex. In the proposed method, we ap-
ply the GAT due to the effectiveness of its attention mechanism.
For a more detailed summary on GNNs, we refer the reader to
Bronstein et al. (2017).

We would like to note that a wide variety of works using GNNs
have already been proposed for various computer vision prob-
lems ranging from semantic segmentation (Qi et al., 2017; Lan-
drieu and Simonovsky, 2018), image recognition (Li et al., 2017),
3D shape analysis (Verma et al, 2018; Litany et al., 2018),
video action recognition (Wang and Gupta, 2018), and person re-
identification (Shen et al., 2018). Several methods for medical
imaging problems have also been proposed (Selvan et al., 2018; Cu-
curull et al., 2018; Li et al., 2018). Selvan et al. (2018) cast airway
tree extraction as a graph refinement task from an over-complete
graph. Cucurull et al. (2018) investigate the usefulness of the GNNs,
by which contextual information can be exploited, in the problem
of cortical mesh segmentation. Li et al. (2018) model whole slide
pathological images as graphs and tried to learn global topological
features for survival prediction.

In this paper, we present a novel CNN architecture, the vessel
graph network (VGN), that jointly exploits the global structure of
vessel shape together with local appearances, as shown in Fig. 1.
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Fig. 2. Overall network architecture of VGN comprising the CNN, GNN, and inference modules. The CNN module generates pixelwise features corresponding to vessel
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probabilities, whereas the GNN module generates features which reflect the vascular connectivity. fj and fj are the input and hidden representations of each vertex v;,
respectively, and p™N(v;) is the corresponding vessel probability prediction in the GNN module. The CNN and GNN modules are respectively devised to extract local/global
evidences for vessels. The CNN and GNN features are then complementarily combined in the inference module to produce the final vessel probability map. The input graph
for the GNN is generated in a separate graph construction module. The resulting vessel probability images are inverted for better visualization. Refer to Fig. 3 for the detailed

network design.

The VGN comprises three components, i) a CNN module for gener-
ating pixelwise features and vessel probabilities, ii) a GNN module
to extract features which reflect the vascular connectivity, and iii)
an inference module to produce the final segmentation. The input
graph for the GNN is generated in an additional graph construction
module. The overall network architecture is described in Fig. 2.

The main contributions of our work are as follows. 1) Our work
is the first, to the best of our knowledge, method to apply GNN to
utilize the graphical structure of blood vessels. 2) We have devel-
oped a comprehensive framework in the VGN, including a scheme
to define semi-regular graph nodes which enables a seamless com-
bination of GNN features with CNN features in the overall architec-
ture, making possible the joint learning of both local appearance
and global structure. We note that the GNN acts as a component
within the VGN that is trained and used much like other compo-
nent modules in complex networks, for instance, the Region Pro-
posal Network (RPN) in the Faster R-CNN method (Ren et al., 2017).
Compared to the RPN which infers region proposals, the GNN in
the VGN infers likely vessel nodes based on the features of neigh-
boring nodes, that ultimately affects the final pixelwise segmen-
tation. 3) The proposed VGN architecture is completely comple-
mentary to CNNs, and can be incorporated with any existing CNN
structure to enhance the performance.

We demonstrate the effectiveness of the VGN through exten-
sive comparative evaluations on four retinal image datasets and a
coronary artery X-ray angiography dataset, which show the state-
of-the-art performance of the VGN.

2. Methods
2.1. Overview of network architecture

The CNN module learns features, on the regular image grid
of size hxw, to infer pixelwise vessel probabilities PNN —
{pNN (xi)}?:1w of input image X = {x,-}?;"". The GNN module learns
features for vertices on an irregular graph, which is constructed
based on an initial inference of PNN. For each vertex v;, hidden
representations that enable accurate inference of the vessel prob-
ability should be learned within the GNN, accounting for the in-

fluence of neighboring vertices. For instance, when a vertex is sur-
rounded by confident vessel vertices, it will become more likely to
be labeled a vessel based on its GNN features. Due to their com-
plementary characteristics, the CNN and GNN features are com-
bined in the inference module to compute the final improved ves-
sel probability map PVCN = {pVN (x;)} v,

As the CNN module, we adopt the network of DRIU
(Maninis et al., 2016), based on the VGG-16 network (Simonyan
and Zisserman, 2014). We note that any other CNN-based vessel
segmentation method can be used. In DRIU, a vessel probability
map is inferred from concatenated multi-scale features from the
VGG-16. Before the concatenation, feature maps are resized to have
identical spatial resolution. In our VGN, we adopt the pixelwise
cross entropy loss Loyy(X) for this CNN module, defined as:

Lo (X) = = i 3 (b (xlog p ()

+(1-p (x)log(1 - pc””(x,-))>, (1)

where p*(x;) and p™N(x;) are the ground-truth (GT) label and
the predicted vessel probability for each pixel x; by the CNN, re-
spectively. The weights for class-balancing are omitted for brevity.
Please refer to Maninis et al. (2016) for more details.

The inference module is designed to combine the respective
features from the CNN and GAT, each encoding a more local and
more global representation, to infer the final vessel probability
map. We adopt the structure of the U-Net (Ronneberger et al.,
2015), but augment it with the GAT features. At each layer in the
expansive portion, the GAT features are combined with the corre-
sponding intermediate CNN features. The detailed network archi-
tecture is as shown in Fig. 3.

2.2. Graph neural network module

A graph must be constructed and given as input for both train-
ing and testing of the GNN module. We assume a CNN has been
pretrained to generate P°N, on which vertex sampling and edge
construction are performed.
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Fig. 3. Detailed network architecture for the proposed VGN. The CNN output layer
and the first layer of the inference module, by which the tensorized GNN features
are compressed, use 1 x 1 kernels while all the others use 3 x 3 kernels. The num-
ber of output channels is denoted on top of each layer. Up/downsampling factor is
also provided at the bottom of each upsampling/pooling layer. The arrows denote
the flow of the operations. Here, the GNN module, also presented in Fig. 2, is sim-
plified for brevity. We note that this presented architecture is one particular version
of the VGN. The numbers of layers in the CNN and inference modules can be varied
respectively according to the datasets and the vertex sampling sparsity 8. Refer to
Section 3.2 for more details.

2.2.1. Vertex sampling

The input image X of size hxw is partitioned into non-
overlapping regions of size 2% x 28. Within each region, the pixel
X with maximum vessel probability & = argmax,, PN (x;) is sam-
pled as a vertex. In regions where there is no unique maximum
vessel probability value, a vertex is randomly sampled among the
pixels with the maximal values. For regions where all pixels have
all zero probabilities, the center pixel is chosen. This process re-
sults in a set of vertices V = {”j}?]:l for the image X. N is the num-

ber of vertices and equal to [h/28] x [w/287. [] gives the smallest
integer equal or larger than its input. We term this vertex sampling
method, the semi-regular vertex sampling (SRVS) process. SRVS en-
ables interaction between vessel-like regions, where the spatial in-
tervals between nodes can be controlled by adjusting 4. In the ex-
treme case where all pixels are nodes, § = 0. With larger § values,
coarser graphs are constructed with possibly longer-range interac-
tions between vertices. Each vertex v; is represented by its origi-
nal image coordinates. An initial feature representation for each v;
is extracted from the intermediate feature map, before inference,
computed from the CNN. This results in a set of vertex features,
f={ fj}’]V:1, f; € RS, where C is initially equal to C™V, the feature
dimension of the CNN.

2.2.2. Edge construction

An undirected edge is assigned between a vertex pair if their
geodesic distance is smaller than a threshold d. The geodesic dis-
tances are defined based on the CNN probabilities PPN, and cal-
culated as the smallest accumulated sum of absolute p™N differ-
ences. This edge construction method is likely to connect vertices
that are located along a high vessel probability path on PNN, Thus,
the vessel structure is reflected in the constructed graph within
which information propagation is enabled. We denote the con-
structed graph from the image X as GX(V, E), where E is a set of
edges.

2.2.3. Graph attention network

We use the GAT (Velickovic et al., 2018) as our GNN module
due to its attention mechanism through which the GAT can se-
lectively attend over neighbors for each vertex. We believe that

concat/avg

(a) (b)

Fig. 4. Illustration of the graph attentional layer of (Velickovic et al., 2018). This
figure was previously presented in (Velickovic et al., 2018) and is reprinted here for
the description. (a) The attention mechanism parameterized by a trainable weight
vector @ € R%, and following LeakyReLU and softmax operations. aj indicates the
normalized importance of vertex k for vertex j. (b) Multiple attention heads (R =3
in this figure) applied on vertex 1, where the aggregated features from each head
are concatenated or averaged to obtain the output feature f: of vertex 1.

the GAT can not only represent the vessel structure given by the
initial graph effectively, but also filter out erroneous vessel neigh-
bors implicitly, by the help of the attention mechanism. The GAT
layer is illustrated in Fig. 4. Given the constructed graph GX(V,
E) as input, A GAT layer produces a new set of vertex features,
f = {f’j}s.v:], f7; € RY, where C' is a new feature dimension, from
an input vertex feature set f. Here, we describe this process in
more detail.

Firstly, each vertex feature fj is linearly transformed by a
shared weight matrix W € R¥>C. Then, attention coefficients ej,
which indicate the importance of vertex k for vertex j, are com-
puted via an attention function for every neighboring vertex pair
as follows:

ej. = LeakyReLU(a” [Wfj|Wf]). (2)

where the attention function is a single-layer neural network pa-
rameterized by a weight vector @ e R2C'. || is the concatenation
operation and the LeakyReLU nonlinearity (negative input slope
o =0.2) is applied according to Velickovic et al. (2018). The coeffi-
cient e is further normalized using the softmax function to make
them comparable across nodes as follows:

exp(ejy)
ZmeNj exp (ejm) '

where N; is a set of neighboring vertices of vertex j in the graph.
The normalized attention coefficients are then used to compute
a weighted sum of the associated features as ZkeNj a W fi, which

will serve as the output features for each node. In Velickovic et al.
(2018), multiple independent instances of this output, termed at-
tention heads, are employed to stabilize the learning process. Here,
we use R number of the attention heads, and concatenate their
outputs to obtain the output features of dimension R x C' as fol-
lows:

aji = softmax (ej) =

3)

- R =
fi= I ELUL Y e Wi ), (4)
r=1 keN;

where a;k and W' are normalized attention coefficients and linear
transformation matrix for the r-th attention head, respectively. ELU
represents the exponential linear unit (ELU) nonlinearity (Clevert
et al,, 2016). The first-order neighbors are considered in a single
GAT layer. Multiple GAT layers can also be used for further inter-
action between neighbors.

The final prediction layer specifically performs averaging, in-
stead of the concatenation, to produce the vessel probability for
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each vertex v; as follows:

R
™ (v)) =o<;22a;kwrﬁ<>, (5)

r=1 keN;

where o denotes the sigmoid function. PSNN — {pG"’N(vj)}?’:1 is the
vector comprising the vessel probabilities for all vertices. Based on
these output probabilities, the GNN module operates on the graph
as a classifier for vertices into vessel or non-vessel.

To train the GAT, we use the mean of the vertex-wise cross en-
tropy loss defined as:

Lonn (G¥) = _|‘17| > (p*(vj)log ™™ (v))
vjeV
+ (1= p(w)log(1 - P ())). (6)

p*(v;) and p®N(v;) are the GT label and the predicted vessel proba-
bility for each vertex v; by the GNN module, respectively. We note
that with a slight abuse in notation, v; denotes its original im-
age coordinates in p*(v;), while it denotes the vertex index within
GX(V, E) for p®“N(v;). The weights for class-balancing are omitted
for brevity.

2.3. Inference module

As mentioned, we adopt the structure of the U-Net
(Ronneberger et al, 2015) to account for the difference in
feature resolution when combining the respective features from
the CNN and GAT. More specifically, we first make a tensor of
dimension [h/2%] x [w/29] x C’ by tensorizing the output features
of the penultimate layer of the GNN module, which consist of
[h/2%] x [w/2%] number of C’-dimensional features as described
in Section 2.2. The SRVS enables the GNN features to be placed
back on a regular grid, even if they were computed assuming an
irregular graph. The tensorized GNN features are then upsampled
by a factor of two, and concatenated with the corresponding CNN
features of the same spatial size. Then, a succeeding convolution
layer is applied to locate the upsampled GNN features based on
the CNN features. We note that, the graph vertex features can be
interpreted as features made sparse by performing max-pooling
based on vessel probability. The resulting features computed
from the learned GNN module enforce global connectivity for the
resulting low resolution vertex grid. Then, the CNN features at
each corresponding scale are used to guide the upsampling of the
GNN features back to full resolution.

Dropout is applied for the CNN features before concatenation to
prevent our inference module from predicting solely from the CNN
features. Based on empirical evaluations, we applied the standard
per-element dropout. The upsampling, concatenation, and subse-
quent convolution are repeated until the spatial size reverts to that
of the input. Thus, the combined features represent both global
and local cues in the inference module. PN is produced by apply-
ing the sigmoid function on the final one channel output features.
We note that the use of different activation functions are based
on corresponding reference methods. Particularly, the ReLU for the
CNN and inference modules follows the structures of the DRIU and
the U-Net, and the LeakyReLU and the ELU for the GAT module
follow that of other methods based on the GAT.

We again use the pixelwise cross entropy loss function, simi-
lar to that for the CNN module, for this combined VGN inference
module, which we denote as Ljyggg.

We note that, without the GNN module, the VGN just reverts
to the CNN, which in our current configuration is the DRIU, since
the inference module to combine GNN and CNN features become

unnecessary. If the sequential upsampling structure of the infer-
ence module is maintained, it basically just becomes a simplified
version of U-Net (Ronneberger et al., 2015).

2.4. Network training

We adopt a sequential training scheme composed of an initial
pretraining of the CNN followed by joint training, including fine-
tuning of the CNN module, of the whole VGN. The P°MN inferred
from the pretrained CNN is used to construct the training graphs
as described in Section 2.2. Since the computational burden would
become prohibitive if a new graph is constructed at each train-
ing iteration, the graph construction is performed only at each Kgc
training iterations. Pre-built graphs are used between the itera-
tions. Compared to when pretraining the CNN, the VGN takes the
corresponding graph GX as well as the image X for jointly train-
ing the CNN and the GAT modules. Based on the capability of the
GAT to implicitly filter erroneous vessel neighbors, the proposed
network learns the graphical structure of the vessels while fine-
tuning the CNN module end-to-end. The total loss function used
for the VGN combines the respective losses of the CNN, GNN, and
combined inference modules as:

Liotat (X) = Lenn (X) + Lonw (GX) + Linper (X). (7)

When applying the VGN for a test image, CNN module feature
generation and inference, graph construction, GNN feature gener-
ation, and final VGN inference are each performed sequentially to
generate the final segmentation results.

3. Results
3.1. Datasets

The proposed method is evaluated on four retinal image
datasets, namely the DRIVE (Staal et al., 2004), STARE (Hoover
et al., 2000), CHASE_DB1 (Fraz et al., 2012), and HRF (Budai et al.,
2013) datasets, and a coronary artery X-ray angiography (CA-XRA)
dataset. We summarize in Table 1 the numbers of images used for
training and test, the image resolution, and the availabilities of FoV
masks and second manual annotations.

For each dataset, we follow previous works to determine the
subsets for training and testing. For DRIVE and STARE sets, we fol-
lowed the configuration in Maninis et al. (2016). Specifically, the
first and last half of images are used for test/training and train-
ing/test in each dataset, respectively. The available second manual
annotations are used for human performance measurement. For
CHASE_DB1 and HRF, we followed Yan et al. (2018) for training/test
set split. For CHASE_DBI1, we use the first 20 images as the train-
ing set and the remaining 8 images as the test set. For HRF, we use
the first 5 images each for three subsets of 15 healthy, 15 diabetic
retinopathy, and 15 glaucomatous images, 15 images in total, as the
training set. The test set comprises the remaining 30 images.

While the whole images are processed for DRIVE, STARE, and
CHASE_DBI, the high resolution prohibits this for images of HRF.
Thus, we process partly overlapping image patches of size 768 x
768, for both training and testing images. At test time, the vessel
probability maps predicted from the patches are aggregated and
probability values in overlapped regions are averaged. Since FoV
masks are provided, evaluation is only conducted for pixels inside
the FoV in all the retinal image datasets.

The CA-XRA set was acquired in a cooperating hospital and
comprises 3137 image frames from 85 X-ray angiography (XRA) se-
quences. All sequences were acquired at 512 x 512 resolution, 8
bit depth, and 15 fps frame rate. We treated each frame as an in-
dependent image, without use of temporal information. Frames of
the first 80, and the last 5 sequences were assigned as training and
test sets comprising 2958 and 179 images, respectively.
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Table 1

Retinal and coronary vessel datasets. For each dataset, the numbers of images used for
training and test, the image resolution (height x width), and the availabilities of field-of-
view (FoV) masks and second manual annotations are presented. We note that: 1) FoV
masks are originally not available for STARE and CHASE_DB1, 2) we used ones generated by
Oliveira et al. (2018) for STARE, and 3) we have generated them for CHASE_DB1 by a simple
thresholding method as in Wu et al. (2018) for comparative evaluation.

Dataset

Retinal Coronary
DRIVE STARE CHASE_DB1 HRF CA-XRA
# of images 40 20 28 45 3137
(train/test) (20/20) (10/10) (20/8) (15/30) (2958/179)
Resolution 584 x 565 605 x 700 960 x 999 2336 x 3504 512 x 512
FoV mask Y Y Y Y N
2nd GT Y Y Y N N

Table 2

Summarization of the hyperparameters related to the graph construction and network training for each dataset.
The provided value of the vertex sampling sparsity § is the optimal one for each dataset based on the relevant
empirical evaluations in Section 3.4. To construct a sufficient number of edges, the geodesic distance threshold d to
be dependent of §. The learning rate (LR) values for the joint training are presented as a pair of learning rate values
for CNN fine-tuning and the remaining module training. Please refer to the text for more details.

Dataset

DRIVE STARE CHASE_DB1 HRF CA-XRA
Vertex sampling sparsity & 2 3 4 5 4
Geodesic distance threshold d 10 20 40 80 40
CNN pretraining LR 102 102 103 103 2x1073
Joint training LR 102/102  0/10~2 5%x1073/5x 1073  1073/103 2x1073/2x 103
Mini-batch size 1 1 1 1 5
Training iteration 50,000 50,000 50,000 50,000 100,000
Graph update period Kg 10,000 10,000 10,000 10,000 20,000
DRIVE STARE
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Fig. 5. Average precisions (AP) scored by the proposed VGN according to the vertex sampling sparsity & for the DRIVE, STARE, CHASE_DB1, HRF and CA-XRA datasets. ‘DRIU*’
represents our own implementation, which was required as a component of the proposed VGN and is also the baseline for the proposed VGN. We note that setting § =5
is allowed only for the HRF set due to the CNN architecture. Also, the tested values of & for the HRF set were restricted to only larger ones, with an observation from the
DRIVE, STARE, and CHASE_DB1 sets that higher resolution images tend to show better performance at larger values, which again shows the same tendency.

3.2. Evaluation details

As noted before, we use the DRIU (Maninis et al., 2016) as
the CNN module in the proposed VGN. We used our own imple-
mentation of DRIU in the VGN since the authors have not made
their training code publicly available. Where available, we pro-
vide a comparison between results from our implementation and
those reported in Maninis et al. (2016) for reference. CNN archi-

tectures are identical to the original DRIU for the DRIVE, STARE,
CHASE_DB1, and CA-XRA datasets (C"NN=64=16 x 4), but slightly
modified to include all five stages of VGG-16 (C‘NN=80=16 x 5) to
handle the wider variance of vessel width for the HRF set.

For CNN pretraining, the settings mostly followed that of the
original DRIU, but we slightly modify the loss function from the
sum to the mean of pixelwise cross entropy, for better combination
with other terms of the whole loss function of the VGN.
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Fig. 6. APs scored by the proposed VGN according to the GNN depth for the STARE
dataset. The score of DRIU*, which is the baseline for the proposed VGN, is also
presented as a dotted line for comparison.

For the graph construction of the GNN module, we set the ver-
tex sampling sparsity § and geodesic distance threshold d as pre-
sented in Table 2. The GNN feature dimension C’' and the number
of the attention heads R are fixed to 16 and 4 for all the datasets,
resulting in the output feature of dimension Rx ('=4 x 16=64.
The GNN depth was also empirically determined, based on the ab-
lation study.

For training the VGN, we use an Adam optimizer (Kingma and
Ba, 2014) and a weight decay of 5 x 10~%. For each convolution
layer, the weights are randomly initialized from a normal distri-

DRIVE Precision-Recall curve

bution and the biases are initialized as zeros while each upsam-
pling layer is initialized as a bilinear filter. The initial learning rates
of the pretrained CNN and the remaining modules are set as pre-
sented in Table 2. We found that not fine-tuning the pretrained
CNN shows better results for STARE due to its small number of
training images. We applied horizontal flipping, random bright-
ness and contrast adjustment for data augmentation. Precomputed
graphs are flipped accordingly. Mean pixel values are subtracted
for each image channel as preprocessing. Dropout with a keep
probability of 0.9 is applied for the CNN features before concate-
nation with upsampled GNN features as described in Section 2.3.
The mini-batch size, number of performed training iterations, and
graph update period Kg for each dataset are also presented in
Table 2.

For comparative evaluation, precision-recall (PR) curves are
computed by computing multiple precision-recall pairs using mul-
tiple vessel probability thresholds. We also present the average
precisions (AP) and the maximum F1 scores as summary measures
of the PR curves. To account for methods where resulting vessel
probability maps are not available and the PR curves cannot be
computed, we also present accuracy, specificity, sensitivity values
calculated using a threshold (0.5) for vessel probabilities and the
area under the receiver operating characteristic (ROC) curve (AUC).
While ‘sensitivity’ and ‘recall’ are identical measures, the terms
will be used based on convention. We note that: 1) AP and AUC
are complementary measures that show the overall performance
behavior throughout multiple thresholds, 2) AP focuses more on
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Fig. 7. Precision-recall curves of the proposed VGN and comparable methods on the DRIVE, STARE, CHASE_DB1, HRF and CA-XRA datasets. Average precision (AP) and max F1
scores, in percentages (%) are also given in the legends. ‘Human’ indicates the performance of the second annotator, which is calculated by comparing the second annotations
with the first, if available. ‘DRIU*' represents our own implementation, which is the baseline for the proposed VGN. Other results are ones that have been kindly provided by
the original authors. We note that provided results that differ in the train/test dataset split have been excluded to ensure fair comparisons. The p-value showing statistical
significance that VGN outperforms DRIU* computed by a paired t-test is also presented for the CA-XRA dataset, which is the largest.
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Table 3

Results of the proposed method with different edge construction methods for the STARE dataset.
‘Geodesic’ and ‘Euclidean’ indicate the performances of using the edge construction methods
based on geodesic and Euclidean distances, repectively. ‘Geodesic’ is our default method de-
scribed in Section 2.2. The Euclidean distance is used instead of the geodesic distance in ‘Eu-
clidean’. ‘Full CXT" represents using fully connected graphs. The score of DRIU*, which is the
baseline for the proposed VGN, is also presented for comparison. We note that the different
edge connection methods are only applied at the test stage, using a model trained using graphs
constructed with the default geodesic distance method.

Edge const. method DRIU* (Maninis et al., 2016)  Geodesic ~ Euclidean  Full CXT

Average precision (%)  91.36

92.67 92.56 90.34

Table 4

Results of different network architectures without the GNN module on the STARE dataset. The net-
works are: 1) DRIU*, which is just our baseline CNN model, 2) simplified version of U-Net, which
is a structure similar to the proposed network except the GNN module, and 3) DRIU + Deformable
convolution, which is a DRIU model with deformable convolutions for variable sampling location of
convolution. The numbers of model parameters for each network are also presented.

Network architecture

Average precision (%)  #params (million)

DRIU* (Maninis et al., 2016)

U-Net (Ronneberger et al., 2015)

DRIU + Deformable convolution (Dai et al., 2017)
Ours

91.36 7.86
92.20 7.89
91.82 7.87
92.67 7.91

Table 5

Accuracy (Acc), specificity (Sp), sensitivity (Se), and the area under the receiver operating characteristic (ROC) curve (AUC) of the proposed
VGN and comparable methods on the DRIVE, STARE, CHASE_DB1, HRF and CA-XRA datasets. P-values that are obtained by conducting
a paired t-test between the AUC values of the proposed VGN and each comparable method are also presented for indicating statistical
significance of improvements. ‘Human’ indicates the performance of the second annotator, which is calculated by comparing the second
annotations with the first if available. ‘DRIU*’ represents our own implementation, which is the baseline for the proposed VGN. The values of
the methods marked with 7 are taken from respective papers. Meanwhile, the other values are calculated from resulting vessel probability
maps provided by the original authors. The bold and underlined values represent the best and second best AUCs, respectively, on each
dataset. The results of Oliveira et al. (2018) for the STARE and CHASE_DB1 datasets marked with § were achieved by performing five- and
four-fold cross-validations respectively, in which more images were used for training.

Dataset Method Acc (%) Sp (%) Se (%) AUC (£STD) (%) p-value
Wavelets (Soares et al., 2006) 93.08 98.98 52.61 94.36 (+1.35) 443 x 10712
DeepVessel (Fu et al., 2016a) 94.52 98.82 65.03 94.04 (+1.26) 2.15x 107
Oliveira et al. (2018)f 95.76 98.04 80.39 98.21 (N/A) N/A

DRIVE SegmentLoss (Yan et al., 2018) 94.81 96.58 82.71 97.13 (+0.68) 2.68 x 10°1
MS-NFN (Wu et al., 2018)f 95.67 98.19 78.44 98.07 (NJA) N/A
Human 94.73 97.25 77.46 N/A N/A
DRIU (Maninis et al., 2016) 91.47 90.98 94.80 97.93 (£0.52) 532 x 1073
DRIU* (Maninis et al., 2016) 91.35 90.88 94.54 97.84 (£0.52) 1.12 x 10-6
Ours 92.71 92.55 93.82 98.02 (:t 0.53) -
Wavelets (Soares et al., 2006) 95.34 98.47 68.95 96.99 (£1.39) 229 x 104
DeepVessel (Fu et al., 2016a) 95.58 98.91 67.53 95.83 (+2.26) 7.94 x 104
Oliveira et al. (2018)t§ 96.94 98.58 83.15 99.05 (N/A) N/A

STARE Human 93.72 93.63 94.51 N/A N/A
DRIU (Maninis et al., 2016) 93.96 93.87 94.69 98.08 (+1.09) 6.01 x 1073
DRIU* (Maninis et al., 2016) 94.95 95.25 92.41 98.54 (+0.58) 1.02 x 1073
Ours 93.78 93.52 95.98 98.77 (+0.50) -
Oliveira et al. (2018)}§ 96.53 98.64 77.79 98.55 (N/A) N/A
SegmentLoss (Yan et al., 2018) 95.13 96.03 86.17 97.42 (4+0.59) 1.87 x 1077

CHASE_DB1 MS-NFN (Wu et al., 2018)f 96.37 98.47 75.38 98.25 (NJA) N/A
Human 96.16 97.46 83.14 N/A N/A
DRIU* (Maninis et al., 2016) 93.39 93.32 94.11 98.10 (+0.54) 2.24 x 1073
Ours 93.73 93.64 94.63 98.30 (£0.53) -
SegmentLoss (Yan et al., 2018)} 94.37 95.92 78.81 N/A N/A

HRF DRIU* (Maninis et al., 2016) 94.59 94.88 91.70 98.22 (4+0.70) 6.15x 1077
Ours 93.49 93.29 95.46 98.38 (+£0.61) -

CA-XRA DRIU* (Maninis et al., 2016) 95.77 95.85 94.21 98.92 (+0.80) 1.46 x 103
Ours 95.17 95.07 97.00 99.14 (+1.30) -

the ability to correctly detect the vessels which comprise relatively
fewer pixels than the background, and 3) AUC gives equal weights
to both the vessel and background regions.

To support the statistical significance of the performance of the
proposed method, we also present the p-values obtained using a
paired t-test with each comparable method.

3.3. Model complexity

For the particular VGN version in Fig. 3, with hyperparameter
values of the vertex sampling sparsity 6 = 4, GNN feature dimen-
sion (' = 16, the number of the attention heads R =4, and GNN
depth=3, the numbers of parameters of the CNN module and the
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&
Fig. 8. Each couple of rows represents qualitative results of two representative samples from the DRIVE dataset. The images in the first row from left to right are, the original
input image, GT, result of DRIU* representing our own implementation of Maninis et al. (2016), result of VGN, and the highlighted difference between binarized vessel masks

of DRIU* and VGN. Refer to Table 7 for color notation of the highlighted difference. The second row in each case is the corresponding zoomed images of the first row. The
GT and vessel probability images are inverted for better visualization.

remaining modules are approximately 7.86M and 0.07M, respec-
tively. Thus, any existing CNN model can be extended to the VGN
model with only small increase in the number of network param-
eters.

Training the above specified VGN model on the STARE set takes
approximately 7 hours including an initial pretraining of the CNN
and intermediate periodic graph updates.

3.4. Ablation study

3.4.1. The effect of vertex sampling density

As described in Section 2.2, the value of § controls the sampling
density of the graph vertices from the image for the GNN module.
The larger the value, the coarser the graph becomes relative to the
pixels. Details might be lost in coarser graphs but longer range in-
teraction may be enabled.

We empirically determine the optimal § value for each dataset,
as shown in Fig. 5. In retinal datasets, datasets with higher reso-
lution images show their best performance at larger §. This is rea-
sonable since smaller § in lower resolution images physically cor-
responds to larger § in higher resolution images. Although these
results might imply that there should be an optimal § value cor-
responding to the image resolution, we found that this cannot be
theoretically determined due to the varying appearance and un-
predictability of the segmentation output for different images. For
applying our method, we believe that empirically determining the
best § value for the given data is the best approach. We note that
different characteristics among the retinal datasets will cause dis-
crepancies in terms of the detailed effects. For instance, HRF im-

ages are centered at the fovea and CHASE_DB1 images are centered
at the optic disc while DRIVE and STARE images are mixed. The
VGN outperforms the baseline with significant margins regardless
of the values of § in the CA-XRA set.

3.4.2. The effect of edge construction methods

Table 3 shows evaluations using different edge connection
methods. ‘Euclidean’ denotes the method where Euclidean distance
is used instead of the aforementioned geodesic distance. ‘Geodesic’
indicates our default method described in Section 2.2. 'Full CXT’
denotes a fully connected graph. We can see that the result of
‘Geodesic’ edge connection outperforms the ‘Euclidean,’” but even
the ‘Euclidean’ result is better than that of the DRIU method. We
believe that while more false positive edges might be included
with the ‘Euclidean’ edge connection, they are likely neglected due
to the attention mechanism of our chosen GNN module, the GAT.
On the other hand, the result of 'Full CXT’ was significantly worse
than all other methods. This is likely to have been caused by the
increased difficulty in learning and estimating the appropriate ves-
sel graph structure from a fully connected graph. We believe that
these results show the necessity for an edge connection method
that represents the actual vessel structure such as our ‘Geodesic’
connection method.

3.4.3. The effect of GNN depth

Fig. 6 shows the results for GNN modules with differing depths.
The measured AP value increases only slightly with depth in-
creased from 2 to 4, but sharply decreases at depth=5. We be-
lieve that these results show the adverse effects of excessively
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Fig. 9. Each couple of rows represents qualitative results of two representative samples from the STARE dataset. The images in the first row from left to right are, the original
input image, GT, result of DRIU* representing our own implementation of (Maninis et al., 2016), result of VGN, and the highlighted difference between binarized vessel masks
of DRIU* and VGN. Refer to Table 7 for color notation of the highlighted difference. The second row in each case is the corresponding zoomed images of the first row. The

GT and vessel probability images are inverted for better visualization.

long-range interactions between vertices, since the n-th order
neighbors might actually be irrelevant.

3.4.4. The effect of network architecture

To show the effectiveness of using the GNN, the results of dif-
ferent network architectures, which are without the GNN module,
are compared in Table 4. A DRIU model with deformable convo-
lutions (Dai et al., 2017), where the spatial sampling location of
the convolution is not fixed and learned together with the kernel
values, is also compared. We can see from the improvement com-
pared to the U-Net that the GNN helps enhance the performance
by incorporating the vessel structure information into the VGN ar-
chitecture. Also, applying the deformable convolution to the DRIU
model only shows a modest improvement in our experiment. We
hypothesize that it is due to an ambiguity by the aperture prob-
lem, which hinders the offset learning. Instead of this more degree
of freedom, we first construct a graph which reflects the vascular
connectivity using the geodesic distance, and the attention mech-
anism of the GAT is utilized to focus on adequate vassel neighbors
in the proposed method. We believe this process might lower the
difficulty.

3.5. Comparison with previous methods

3.5.1. Quantitative evaluation

We provide comparative evaluations in terms of the PR curves
of the proposed VGN and other current state-of-the-art methods,
namely Fu et al. (2016a); Maninis et al. (2016); Yan et al. (2018);
Oliveira et al. (2018) as well as the more conventional approach of
Soares et al. (2006) in Fig. 7. Based on the PR curves, the AP and
maximum F1 scores are also presented. We note that except for
the DRIU*, only the results of methods that we could obtain from

the original authors and also match the evaluation settings, such
as training/test dataset split, are presented.

The proposed method clearly shows better performance than
the baseline ‘DRIU*’, which denotes our implementation of the
DRIU method. The relative improvements compared to the base-
line in terms of AP are 0.90%, 1.43%, 3.01%, 1.92%, and 4.71% for
DRIVE, STARE, CHASE_DB1, HRF, and CA-XRA, respectively.

In Table 5, the segmentation accuracy, specificity, sensitivity,
and AUC values are presented for a direct comparison to the re-
ported quantitative results of the previous methods. We can see
that: 1) the proposed VGN seems to be slightly more focused on
sensitivity in regards to the tradeoff between specificity and sen-
sitivity at the specific threshold of 0.5, and 2) nevertheless, the
proposed VGN outperforms the compared methods of Fu et al.
(2016a); Maninis et al. (2016); Yan et al. (2018) in terms of AUC.
We note that given the increase in sensitivity (recall) compared
to other methods, specificity and accuracy values are relatively
low. For specificity, this is because it has a tradeoff relation-
ship with sensitivity. For accuracy, this is because it over empha-
sizes increases in false positives relative to increases in true pos-
itives for data where foreground and background are unbalanced,
since the direct sum of true positive and true negative pixels are
measured.

When considering the results for the DRIVE, STARE, and
CHASE_DBI1 datasets in Fig. 7 together with those of Table 5, we
can see that the proposed VGN outperforms all methods, except
the methods of Wu et al. (2018); Oliveira et al. (2018). The VGN
is on par with that of Wu et al. (2018), where histogram equaliza-
tion and gamma adjusting algorithms are applied to improve input
images. We note that currently no preprocessing except the mean
subtraction is applied for the results of the proposed VGN, but
may be easily added to the framework. We note that the results
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Fig. 10. Each couple of rows represents qualitative results of two representative samples from the CHASE_DB1 dataset. The images in the first row from left to right are,
the original input image, GT, result of DRIU* representing our own implementation of Maninis et al. (2016), result of VGN, and the highlighted difference between binarized
vessel masks of DRIU* and VGN. Refer to Table 7 for color notation of the highlighted difference. The second row in each case is the corresponding zoomed images of the
first row. The GT and vessel probability images are inverted for better visualization.

Fig. 11. Each couple of rows represents qualitative results of two representative samples from the HRF dataset. The images in the first row from left to right are, the original
input image, GT, result of DRIU* representing our own implementation of Maninis et al. (2016), result of VGN, and the highlighted difference between binarized vessel masks
of DRIU* and VGN. Refer to Table 7 for color notation of the highlighted difference. The second row in each case is the corresponding zoomed images of the first row. The
GT and vessel probability images are inverted for better visualization.
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Fig. 12. Each couple of rows represents qualitative results of two representative samples from the CA-XRA dataset. The images in the first row from left to right are, the
original input image, GT, result of DRIU* representing our own implementation of Maninis et al. (2016), result of VGN, and the highlighted difference between binarized
vessel masks of DRIU* and VGN. Refer to Table 7 for color notation of the highlighted difference. The second row in each case is the corresponding zoomed images of the

first row. The GT and vessel probability images are inverted for better visualization.

Table 6

APs (% points) scored by the proposed VGN for the three subsets of the HRF test set,
each of which contains 10 images from patients that are healthy (H), have diabetic
retinopathy (DR), or are glaucomatous (G), as described in Section 3.1. The score of
DRIU*, which is the baseline for the proposed VGN, is also presented for compari-
son. The improvement in percentage points of the results by VGN compared to that
of DRIU are also presented. We can see that the improvement by the VGN is higher
for images with pathologies.

Method H DR G

DRIU* (Maninis et al., 2016) 93.68 83.01 87.44
Ours 94.17 86.25 89.41
Difference +0.49 +3.24 +1.97

of Oliveira et al. (2018) for the STARE and CHASE_DB1 datasets in
Table 5 do not provide a fair comparison since they were achieved
by five- and four-fold cross-validations, respectively, which are dif-
ferent from the experimental settings of our method as well as all
the other methods. With identical evaluation settings for the DRIVE
dataset, it still outperforms the proposed VGN in terms of both
the PR curve as well as the AUC. The differences will most likely
be due to the following key components of their method, both of
which require increased computation. Namely, 1) the difference in
input data configuration where the output responses of wavelet
transforms are fed into the CNN, and 2) the application of patch-
wise inference on multiple rotations, which makes the method ef-
fectively an ensemble inference method. We note that these com-
ponents can easily be incorporated into the proposed VGN.

In Table 6, the AP values on the three subsets of the HRF test
set, each of which comprises only healthy, diabetic retinopathy,

Table 7
Possible types of difference for vessel segmentation mask comparison. T, F, P, N in
TP, FP, TN, FN denote true, false, positive, and negative, respectively.

Type Ground truth  DRIU* Ours Color in Figs. 8,
9, 10, 11, 12

FN — TP Vessel Background  Vessel Red

FP — TN Background  Vessel Background Green

TP — FN Vessel Vessel Background Blue

TN — FP Background Background  Vessel Yellow

and glaucomatous images, are presented. The improvements com-
pared to DRIU*, which is the baseline for the VGN, in terms of AP
are 0.49, 3.24, and 1.97 percentage points, respectively. The VGN
shows larger improvements in diabetic retinopathy and glaucoma-
tous images than in healthy images. This implies that the VGN is
especially adapt to variances in appearances that may be caused
by various diseases.

3.5.2. Qualitative evaluation

Figs. 8, 9, 10, 11, and 12 show qualitative results for the DRIVE,
STARE, CHASE_DB1, HRF, and CA-XRA datasets, respectively. In all
Figures, the difference maps between binarized segmentation maps
of the DRIU* and the VGN is given in the rightmost column, where
changes in the labels based on the ground truth labels are color
encoded as summarized in Table 7. Compared to DRIU*, VGN en-
hances the detection of weak vessels connected to stronger vessels
by considering the vessel graph structure, and thus reduces false
negatives, which can be observed as red pixels in the difference
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Fig. 13. Example results on challenging cases in the HRF dataset. The top and bot-
tom rows are with lesions and central vessel reflex, respectively. Each row is con-
sisted of an image patch, GT, result of DRIU* representing our own implementation
of Maninis et al. (2016), and result of VGN. The vessel probability images are in-
verted for better visualization.

maps. Furthermore, the VGN can significantly reduce false posi-
tives as well, as represented as the green pixels in the difference
maps. Despite these successes, we also found that the VGN method
can produce quite fattened vessel branches, similar to results of
morphological dilation of the segmentation masks of DRIU*. While
these results can qualitatively seem to be clearer in terms of sep-
arating vessels from background, quantitatively they contribute to
false positives.

Fig. 13 shows example results on challenging cases in the HRF
dataset. The top row shows an example where the VGN is able
to suppress the false positives that occur for DRIU*, which can be
caused by bright lesions. On the other hand, the bottom row shows
an example where the false negative regions for DRIU* in the mid-
dle of the vessels caused by the central vessel reflex are corrected
in the results of the VGN.

4. Conclusion

We have proposed a novel deep-learning-based system for ves-
sel segmentation, which we term the VGN, which elaborately in-
corporates a GNN into a unified CNN architecture to jointly learn
both local appearances and global vessel structures. The proposed
method, which is a novel network architecture augmenting a CNN
with a GNN, is widely applicable since it can be applied to any
existing CNN-based vessel segmentation method to further model
the graphical vessel structure.

Extensive experiments on four retinal image datasets and a
coronary artery X-ray angiography dataset prove the effectiveness
of the proposed VGN. VGN not only enhances the detection of
weak vessels connected to stronger vessels, but also interestingly
suppresses false positives such as catheter tips and ribs around
coronary vessels, by considering the graphical vessel structure.

Compared to previous methods, the proposed VGN suffers from
increased false positives, mainly due to the thickened, or dilated,
vessel branch segmentations. We believe that this may in turn be
due to the diffusion of GNN vertex features in the U-Net inspired
inference module. In future works, we hope to improve upon this
problem. Moreover, we plan to extend the proposed method to 3D
imaging modalities such as the computed tomography angiography
or to use the temporal information of video data, e.g., fluoroscopic
X-ray sequences.
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