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Abstract

Purpose: Vessel segmentation from volumetric medical images is becoming an essential pre-step in aiding
the diagnosis, guiding the therapy and patient management for vascular-related diseases. Deep
learning-based methods have drawn many attentions, but most of them did not fully utilize the multi-scale
spatial information of vessels. To address this shortcoming, we propose a multi-scale network similar to the

well-known multi-scale DeepMedic. It also includes a double-pathway architecture and a class-balanced
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loss at the voxel level (MDNet-Vb) to achieve both the computation efficiency and segmentation accuracy.
Methods: The proposed network consists two parallel pathways to learn the multi-scale vessel morphology.
Specifically, the pathway with a normal resolution uses three-dimensional (3D) U-Net fed with small inputs
to learn the local details with relatively small storage and time consumption. The pathway with a low
resolution employs 3D fully convolutional network (FCN) fed with down-sampled large inputs to learn the
overall spatial relationships between vessels and adjacent tissues, and the morphological information of
large vessels. To cope with the class-imbalanced issue in vessel segmentation, we propose a class-balanced
loss at the voxel level with uniform sampling strategy. The class-balanced loss at the voxel level
re-balances the loss function with a coefficient that is inversely proportional to the normalized effective
number at the voxel level of each class. The uniform sampling strategy extracts training data by sampling
uniformly from two classes in every epoch.

Results: Our MDNet-Vb outperforms several state-of-the-art methods including ResNet, DenseNet, 3D
U-Net, V-Net and DeepMedic with the highest dice coefficients of 72.91% and 69.32% on cardiac
computed tomography angiography (CTA) dataset and cerebral magnetic resonance angiography (MRA)
dataset, respectively. Amongst four different double-pathway networks, our network (3D U-Net+3D FCN)
not only has the fewest training parameters and shortest training time, but also gets competitive dice
coefficients on both the CTA and MRA datasets. Compared with classical losses, our class-balanced focal
loss (FL-Vb) and dice coefficient loss at the voxel level (Dsc-Vb) alleviates class imbalanced issue by
improving both the sensitivity and dice coefficient on the CTA and MRA datasets. Moreover,
simultaneously training on two datasets shows that our method has the highest dice coefficient of 73.06%
and 65.40% on CTA and MRA datasets respectively, outperforming the commonly used methods, such as
U-Net and DeepMedic, which demonstrates the generalization potential of our network for segmenting

different blood vessels.
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Conclusions: Our MDNet-Vb method demonstrates its superiority over other state-of-the-art methods, on
both cardiac CTA and cerebral MRA datasets. For the network architecture, the MDNet-Vb combined the
3D U-Net and 3D FCN, which dramatically reduces the network parameters yet maintains the segmentation
accuracy. The class-balanced loss at the voxel level further improves accuracy by properly alleviating the
class-imbalanced issue between different classes. In summary, MDNet-Vb is promising for vessel

segmentation from various volumetric medical images.

Keywords: Vessel segmentation, deep leaning, fully convolutional network, computed tomography

angiography, magnetic resonance angiography

1. Introduction

Precise segmentation of blood vessels from volumetric medical images has an important role in examining vascular
morphology, calculating hemodynamics, and diagnosing vascular-related diseases.! Manual delineation of blood
vessels is a tedious and time-consuming process during which experts need to mark tiny vessels slice by slice. Over
the last decade, a number of automatic methods have been proposed to segment vessels from volumetric medical
images. These procedures can be categorized into rule-based methods and machine-learning-based methods.>* The
rule-based methods mainly include the Hessian matrix,’-® mathematical morphology,’!' and minimal cost path,'?-13
etc. The learning-based methods consist of conventional machine learning approaches,!®!® such as support vector
machines (SVM) and random forests, and deep learning methods. It is well known that most rule-based methods and
conventional machine learning methods require the exquisite design of rule sets or quantitative features, which heavily
depend on the user’s domain knowledge.

Compared with conventional methods, deep learning methods can directly extract vessel features from raw
medical images due to the efficient representation of complex image features through multiple layers of learning. For

example, Kitrungrotsakul et al. ' proposed a multi-view convolutional neural network (CNN) for hepatic vessel
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segmentation. Haft-Javaherian et al. 20 proposed a CNN with a fully connected layer to segment 3D vessels within
volumetric in vivo images acquired by multiphoton microscopy. Xu et al. 2! developed a stage-wise three-dimensional
(3D) fully convolutional network (FCN) for accurate pulmonary vessel segmentation. However, all these methods do
not consider multi-scale information to provide additional guidance for vessel segmentation.

The well-known DeepMedic,” a classical deep learning method for brain lesion segmentation, feeds input
images of different scales into two parallel FCNs, allowing simultaneous learning of morphological details and the
overall context information. However, the FCNs used in DeepMedic only includes the encoding module, which
consists of convolutional layers, pooling layers, activation function and batch normalization. The size of outputs is
smaller than that of inputs. The U-Net 23 encompasses both the encoding module and decoding module in the
architecture to generate the output with the same size as the input, which could dramatically reduce the storage and
time consumption compared to FCN. Based on these observations, in this study, we proposed a novel multi-scale
double-pathway network to segment blood vessels from volumetric medical images (Figure 1). For the pathway with
a normal resolution, a typical 3D U-Net fed with smaller-size images is used to learn the local vascular morphological
details and reduce storage and time consumption. For the pathway with a low resolution, a 3D FCN fed with
down-sampled larger-size images is employed to learn not only the overall spatial relationships between vessels and
adjacent tissues, but also the morphological information of large vessels.

In addition to the network architecture, the performance of deep learning is vulnerable to the class-imbalance
issue between different classes. Data re-sampling strategy (sample training data uniformly from each class) has been
used to alleviate this issue??; yet, this method may lead to over-sampling from the minor class and under-sampling
from the major class. Besides, loss re-balance strategy is also widely used to alleviate class-imbalance in
classification,?*2” object detection,?® and semantic segmentation,?*-3® which assigns a weight to loss function in order
to match a given data distribution.

For vessel segmentation, each voxel has to be classified as vessels or backgrounds, which causes a severe
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class-imbalanced issue at the voxel level due to the sparse and thin vessel structures. To solve this issue, we integrated
a class-balanced loss function at the voxel level with a uniform sampling strategy during the training process of the
network. Inspired by the class-balanced loss at the image level,?’ the class-balanced loss function at the voxel level
re-balanced loss functions based on the normalized effective number at the voxel level of each class during network
training. For the sampling strategy, we sample training data uniformly from two classes in every epoch, instead of
sampling only once as the traditional training process. This strategy efficiently increases the amount of training data,
and ensures that the number of each class is almost balanced during each training epoch.

In summary, in this study, we proposed a novel multi-scale double-pathway network with class-balanced loss at
the voxel level (MDNet-Vb) to segment blood vessels from volumetric medical images. The contributions of the
present study are the following: (1) the proposed multi-scale double-pathway architecture can learn both the local
vascular morphological details and overall context information and reduce the storage and time consumption. (2) To
cope with the severe class-imbalanced issue at the voxel level in vessel segmentation, this new network is effectively
trained end-to-end from scratch by using the proposed class-balanced loss function at the voxel level and uniform
sampling strategy. (3) Experimental results on two datasets (cerebral magnetic resonance angiography (MRA) and
cardiac computed tomography angiography (CTA) images) demonstrate the performance of the proposed method
compared with several state-of-the-art methods. (4) Simultaneously training on the two datasets (MRA and CTA)
shows that our method has the potential to be generalized to the segmentation of blood vessels from different

volumetric images.

2. Materials and Methods

2.1 Materials

Two volumetric medical images datasets were included in this study as follows.

(1) Cerebral vessels segmentation from magnetic resonance angiography (MRA) images. Twenty-nine publicly
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available MRA images from the MIDAS platform 3° were recruited for this task. The resolution of each image is
0.5%0.5x0.8 mm?, and the size of them is 448x448x128. The provided vessel centerline and radius were used to
generate the ground truth cerebral vessel (or label) for each MRA data 4°. We randomly partitioned this dataset into 12
training data, 3 validation data, and 14 testing data.

(2) Coronary arteries segmentation from cardiac computed tomography angiography (CTA) images.
Twenty-seven cardiac CTA images were acquired with 120 KVp tube voltage and 55 mAs tube current from the
Chinese PLA General Hospital. All the images were resampled to the same voxel size of 0.5x0.5%0.5 mm?. Ground
truth of coronary arteries were annotated by two experienced cardiologists with medical software MITK 2015.5.0.

This dataset was randomly partitioned into 12 training data, 3 validation data, and 12 testing data.

2.2 Methods

2.2.1 Network architecture

Figure 1 depicts the architecture of the proposed MDNet-Vb network, which consists of two parallel pathways (i.e.,
3D U-Net and FCN), followed by a fusion module (with two convolutional layers). Specifically, the pathway with the
normal resolution follows the framework of 3D U-Net, encompassing an encoding module and a decoding module. In
the encoding module, we first perform 3x3x3 convolution with the stride of 1 and zero padding, and then calculate the
rectified linear unit (ReLU) activations and batch normalization (BN). Besides, successive 2x2x%2 max pooling with
the stride of 2 are performed to enlarge receptive fields after 3x3x3 convolution with the stride of 1 and zero padding.
It can be observed that the inputs of this pathway are down-sampled two times to capture the global contextual
information of vessels.

Symmetric to the encoding module, the feature maps of subsequent decoding module are up-sampled two times
with de-convolutions to recovery spatial details. Specifically, the 2x2x2 de-convolutions are performed with the stride

of 2, and then the same convolutional operations as those in the encoding module are performed. Furthermore, skip
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connections are deployed to fuse the up-sampled feature maps with the feature maps of the same level obtained from
the encoding module, and to complementarily combine global contextual information with spatial details.

The pathway with a low resolution adopts the architecture of the 3D FCN, consisting of a series of convolutional
layers and an up-sampling layer. We first perform 3x3x3 convolution with the stride of 1 without zero padding, and
then calculate ReLU and BN. Note that the inputs of this pathway are down-sampled to low resolution, so at the end
of this pathway, an up-sampling operation implemented by nearest neighbor interpolation is used to restore the
resolution of output feature maps.

The multi-scale features extracted from the two pathways are fused by two convolutional layers with the stride of
1, in which kernel size are 3x3x3 and 1x1x1, respectively. The first 3x3x3 convolutional layer helps combining the
multi-scale features smoother ?2. The fully connected layer is replaced by a 1x1x1 convolutional layer to generate
dense predictions. Finally, it is connected to a softmax function with temperature parameter to obtain the final

segmentation results.

2.2.2 Multi-scale feature learning

As illustrated in Figure 1, our MDNet-Vb network simultaneously extracts multi-scale features from the multi-scale
inputs in two pathways. For the normal-resolution pathway, the smaller-size inputs I are fed to 3D U-Net to capture
the local vascular morphological details. If this pathway adopts FCN instead of U-Net, it will need larger inputs under
the same output size because of the lack of up-sampled decoding module in the FCN, and lead to greater storage and
time consumption.

When the inputs of U-Net are part of the whole volumetric images, the spatial context information learned by
lager inputs is important for being able to discriminate voxels that otherwise appear very similar. Therefore, in order

to learn the overall spatial relationships between vessels and adjacent tissues, the larger-size inputs /, underwent

down-sampling are fed to low-resolution pathway. For this pathway, a series of convolutional layers of FCN reduce
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the spatial dimension of larger input to ensure that the size of output feature maps of two pathways are matched. To
ensure that the output features of two pathways correspond to the same area of the volumetric image, the multi-scale
inputs of two pathways should be extracted centered on the same image location. Moreover, according to the network
architectures of two pathways, the relationship between the size of I/, and I, can be formulated as:

size(1,) = F x[Lx(K —1)+size(l;)/F] (1)
where Lx(K —1) indicates the reduced size by the convolutional operations of FCN. L and K denote the total
number of convolutional layers and kernel size of those layers, respectively. F' is the down-sampled factor used to

reduce the resolution of the input in the low-resolution pathway.

2.2.3 class-balanced loss at the voxel level

Cui et al. 37 proposed an image-level class-balanced loss function to address the problem of long-tailed data
distribution in natural image classification, in which they rebalanced the loss functions with a coefficient that was
inversely proportional to the effective number of each class. The effective number of each class was calculated by the
number of images belonging to each class based on random covering theory 4'. However, in this study, we have to
classify each voxel instead of an image as vessels or backgrounds, which therefore will cause severe class-imbalanced
issue at the voxel level due to the sparse and thin vessel structures (e.g., the ratio of the average number of background
voxels to vessel voxels exceeds 900:1 on the CTA dataset). Therefore, inspired by the image-level class-balanced loss,
we propose a class-balanced loss function at the voxel level to re-balance losses with a coefficient that is the inversely
proportional to the effective number at the voxel level of each class. The effective number at the voxel level for class v

can be written as:

_1=B
E. =14 @
N, -1
== 3)
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where n, is the average number of voxels for class v in every mini batch, which reflects the distribution of the class

v in the actual training process after data re-sampling. N, is the number of all possible data in the feature space of

the class v. Similar to the image-level class-balanced loss, we assume that for all classes in the dataset, N, is a fixed

number. According to the total number of voxels in each mini batch, N, and f, can be estimated as:

N,=N=TxN, 4
N -1
ﬂvzﬁ=T (5)

where N, denotes the total number of voxels in each mini batch. 7' is a non-zero hyper-parameter, which is utilized to

bridge the gap between N, and Nj. Moreover, to ensure the total loss roughly in the same scale when applying E, ,

we introduce «, that is equal to the normalized effective number at the voxel level of class v:

En 1 - " 1 -
P S )/1-p) ©
By Y [a=pmia-p]
The class-balanced loss at the voxel level (Vb) can be written as:
L, = LLO (7

o

v

In practice, we choose the focal loss 2 and dice coefficient loss 3* as L, to build our class-balanced loss

function at the voxel level in the coronary artery and cerebral vessel segmentation task, respectively. Specifically, we

assume y is the ground truth, J is the vessel probability map. The class-balanced cross-entropy loss at the voxel

level is:

1 ~
_a_ZLZO log(yv) yv = 1
LbecrossEnrrapy = ! (8)

| A
- = o log(1=3) », =0

The class-balanced focal loss at the voxel level is:

| .
—a—z'v:o(l—yv)‘ log(3,) », =1

LVb—fucul = Vl (9)

v
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where J7 or (1-3,)” is the modulating factor to automatically assign low weights to easy examples during
training; y adjusts the rate of the modulating factor.?

The class-balanced dice loss at the voxel level is:

L __Lzl 2.yv'yv (10)

Vb-dice V= ~
a, Yoty
2.2.4 Uniform sampling strategy

In addition, we further integrate the uniform sampling strategy to correct the severe class-imbalanced issue. Instead of
sampling only once in the training phase, we sample the training data uniformly from two classes in every epoch. This
strategy can efficiently increase the number of training data, and ensure that the number of vascular and background
voxels is balanced in every training epoch. Specifically, in every epoch, we randomly selected every voxel from
vessels with equal probability, and a pair of cubes (normal- and low-resolution inputs) with this voxel as the center are
extracted as the positive training data. Repeating this process M/2 times, we obtained M/2 pairs of positive training
data. Similarly, an equal number of background training data are generated. After training with N epochs, a total of
NM pairs of normal- and low-resolution inputs were generated from the volumetric medical images. Note that these
training data are randomly sampled with replacement. In this study, referring to the DeepMedic??, M was set to 1000

and N was set to 700 in the training phase. Therefore, the total number of input pairs is NM =700,000.
2.2.5 Implementation

The proposed method was implemented using Python language and TensorFlow package 4> on the workstation with
single graphics processing unit (NVIDIA GeForce GTX TITAN V). As mentioned in 2.2.2, the normal- and
low-resolution inputs were concentric with the size of 36x36x36 and 84x84x84, respectively. The number of
convolutional layers L and kernel size K were set to 8 and 3, respectively. The down-sampled factor F was set to 3. L,

and L, regularization was employed to alleviate over-fitting. The batch size in each epoch was 8. The network was
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trained by the RMSProp #* optimizer with rho of 0.9 and e of 0.0001. The initial learning rate was set to 0.001. The
search space of hyper-parameter 7" was T € {0.01, 0.1, 1, 10, 100} , and the search space of parameter y was
Yy € {0.5, 1, 2} . The total number of voxels in each mini batch N, was equal to 8x36x36x36. Note that we used both
the training set and validation set to develop the proposed loss function. In the testing phase, we extracted
non-overlapped multi-scale inputs from each testing image in order, and fed them into the trained network to generate
the concentric 36x36x36 likelihood maps. Then we mosaicked those likelihood maps to form the segmentation result
for each test image. To alleviate the impact of random initialization during network training, we ran our MDNet-Vb

network and other methods three times, and took the average value as the final results.

2.2.6 Evaluation Metrics

Using manual annotations as ground truth, the segmentation performance of our method was quantitatively evaluated
with the following four metrics: (1) sensitivity (SEN), (2) specificity (SPE), (3) dice coefficient (DSC) and (4)

Hausdorff distance (HD), defined as

SEN =TP/(TP+ FN) (11)

SPE =TN/(TN + FP) (12)

DSC =2TP/(2TP+ FP+ FN) (13)
HD = max {c;HD(A,B),c;HD (B, A)} (14)
(4, B) = ma [ min {d (.} (15)

where TP and FP denote the numbers of true positives and false positives respectively, while 7N and FN are the
numbers of true negatives and false negatives respectively. HD is maximum distance between two voxel sets, in which
1

d,;,(4,B) is the directed Hausdorff distance of ground truth 4 and prediction B, where d(x,y) represents the

Euclidean distance between two voxels.
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To compare the statistical difference between two groups, we first calculated the p-values of all experiments
using two-tailed paired t-test, and then used Holm-Bonferroni Method** (also called Holm’s Sequential Bonferroni
Procedure) for correcting the p-values. Specifically, the Holm-Bonferroni Method first sorts the original p-values from
small to large, and then multiplies the original p-values by the corresponding order. Finally, the corrected p-values of
the adjacent sequences are equal to the larger one between them. When the corrected p-values are less than 0.05, it

represents there is a statistical difference between two groups.

3. Results

3.1 Comparison to state-of-the-art methods

The segmentation results on both the CTA and MRA dataset obtained by our method using the MDNet-Vb network,
and the other five state-of-the-art methods including ResNet 4°, DenseNet 46, 3D U-Net 23, V-Net 34, and DeepMedic 2
are shown in Figure 2 and 3, and Table 1 and 2. According to the experimental results of the validation set, the
hyper-parameters 7 and y of our loss function were set to 0.01 and 1, respectively. As can be seen from visualization
results, the automatic segmentations obtained by the proposed MDNet-Vb were more consistent with the manual
ground truth in these examples, especially for the relatively low-contrast blood vessels.

From Table 1 and 2, we concluded the following: firstly, compared with state-of-the-art methods, the proposed
MDNet-Vb had the highest dice coefficients (72.91% and 69.32% on CTA and MRA datasets, respectively), which
was significantly higher than others (p<0.05) excepted for DeepMedic (p>0.05) on the CTA dataset, and significantly
higher than others (p<0.05) excepted for DeepMedic and 3D U-Net (p>0.05) on the MRA dataset. Secondly, the
proposed MDNet-Vb efficiently reduced the Hausdorff distance to 17.52 voxels on the CTA dataset. Thirdly,
compared with the well-known DeepMedic, our MDNet-Vb improved the sensitivity and dice coefficient on
CTA/MRA dataset by 0.99% (p>0.05) /3.14% (p<0.05) and 0.27% (p>0.05) /0.68% (p>0.05), respectively, and

reduced Hausdorff distance by 1.63 (p>0.05) /0.01 (p>0.05) voxels.
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To evaluate the generalization ability, we simultaneously trained the MDNet-Vb with both MRA and CTA
datasets. DeepMedic and 3D U-Net are two widely used segmentation networks, and had good performance in Table
1 and 2. Therefore, to reduce the time consumption, we only compared the proposed network with DeepMedic and 3D
U-Net in this part. Compared to DeepMedic and 3D U-Net, our MDNet-Vb had a good performance in the
segmentation of thick blood vessels on CTA and MRA (Figure 4). As indicated in Table 3 and 4, compared with 3D
U-Net and DeepMedic, our MDNet-Vb had the highest dice coefficient values (73.06% and 65.40% on CTA and
MRA datasets, respectively), which was significantly higher than others (p<0.05) on the CTA dataset, and
significantly higher than others (p<0.05) excepted for DeepMedic (p>0.05) on the MRA dataset. It also achieved the
significant lowest Hausdorff distance (21.02 voxels, p<0.05) on the CTA dataset and the significant highest sensitivity
(59.37%, p<0.05) on the MRA dataset. These data suggest that the new MDNet-Vb may potentially a generalized 3D

vessel segmentation approach.

3.2 Evaluation of network architectures

To assess the effectiveness of our multi-scale double-pathway network (MDNet-Vb) architecture, we performed the
four possible combinations of the 3D FCN and 3D U-Net. The setting and the number of training parameters of the
four architectures are shown in Table 5. The visualization results on two datasets are presented in Figure 5, and the
corresponding quantitative results are shown in Table 6 and 7. After evaluating the results, we concluded the
following: (1) compared with other models, our architecture (U-Net+FCN) had the fewest training parameters (~1.53
million) and the shortest training time (~42.22 hours and ~33.06 hours on CTA and MRA datasets, respectively). (2)
The performance of our architecture was similar to (»p>0.05) that of the architecture of the DeepMedic (FCN+FCN),
but we reduced the parameters by ~0.15 million and saved the computation time by ~18.69 hours and ~11.08 hours on
CTA and MRA datasets, respectively. (3) It can be seen from the visualization results, the architecture of FCN+U-Net

was difficult to segment thin coronary blood vessels of the arteries and it also tended to generate dotted false positive
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predictions on the MRA dataset. From Table 6 and 7, the architecture of FCN+U-Net had the significant lowest
sensitivity (p<0.05), and significant highest dice coefficient (p<0.05) and the longest time consumption.

To further evaluate whether it would be beneficial to increase the amount of down-sampling, we compared the
double-pathway networks with different down-sampling factors (F=3, 5, 7), and the results are given in Table 8 and 9.
It is observed from the results that the larger down-sampling factors led the lower dice coefficients (F=5, 7), compared
to smaller down-sampling factor (F=3). This may be due to that the larger F results in lower resolution, and the

morphological information of medium to large vessels is weakened.

3.3 Evaluation of different loss functions

We compared class-balanced loss functions at the voxel level including cross-entropy (CE-Vb), focal loss (FL-Vb),
and dice coefficient loss (Dsc-Vb) with their corresponding classical loss, i.e., CE, FL?8, and Dsc 3* (Table 10 and 11).
The quantitative results indicated that our class-balanced loss functions at the voxel level consistently improved the
sensitivity (p>0.05 and p<0.05 on CTA and MRA dataset, respectively) and dice coefficient (p>0.05 on both datasets)
compared with three corresponding classical loss functions on both CTA and MRA datasets and decreased the
Hausdorff distance (p>0.05) on the CTA dataset. Moreover, FL-Vb had the significant highest sensitivity (76.46%,
p<0.05) and highest dice coefficient (72.58%, p>0.05) on the CTA dataset, while Dsc-Vb had the highest sensitivity
(65.28%) and dice coefficient (69.06%) on the MRA dataset, which were significantly higher than others (p<0.05)
excepted for CE-VDb (p>0.05). According to the dice coefficient, we chose FL-Vb and Dsc-Vb as our training losses

on CTA and MRA datasets, respectively.

3.4 Evaluation of different sampling strategies

We evaluated the proposed sampling strategy, which uniformly extracted training data in every epoch, and compared
these data with the traditional sampling strategy that uniformly extracted training data only once. As shown in Table

12 and 13, our sampling strategy significant outperformed the traditional strategy in terms of dice coefficient and
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Hausdorff distance on both CTA and MRA dataset (p<0.05). Compared with the traditional strategy, our sampling
strategy increased the dice coefficient by 4.05% and dramatically decreased Hausdorff distance by 11.38 voxels on the
CTA dataset, and improved the dice coefficient by 2.91% and reduced Hausdorff distance by 0.18 voxels on the MRA

dataset.

3.5 Evaluation of data augmentation

Both rotation and flipping are common data augmentation tricks during the training phase of deep neural networks.
Therefore, we rotated and flipped the training data with a probability of 0.5, and the rotation angles were 45, 90, 180
and 270, respectively; the flip direction was along the first dimension of the images. After data augmentation, the
cubic bilinear interpolation was used. We evaluated the effectiveness of rotation and flipping on CAT and MRA
datasets (Table 14 and 15). Compared to the results without data augmentation, the results with data augmentation
significantly improved the sensitivity by 5.36% and 2.32% on CTA and MRA datasets respectively (p<0.05), but
reduced the specificity on both datasets. It also increased the Hausdorff distance by 9.95 and 0.35 voxels on CTA and
MRA datasets, respectively. According to the dice coefficient, we adopted the data augmentation on the MRA dataset,

but we directly used the non-augmented data to train the proposed network on the CTA dataset.

4. Discussion

Our MDNet-Vb simultaneously learns both local morphological details and overall context information from
multi-scale inputs. The results presented in Table 1 and 2 have shown that our method has higher dice coefficient
compared with single input networks (ResNet, DenseNet, 3D U-Net, V-Net). Amongst different multi-scale networks,
our network has the fewest parameters and the shortest training time without sacrificing segmentation accuracy. The
reason is that we use 3D U-Net to minimize the input size of the normal-resolution pathway, and use 3D FCN to
minimize the output size of the low-resolution pathway (Table 5), which reduces the number of double-pathway

parameters and training time.
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Our class-imbalanced loss at the voxel level assigns higher weights to vessel voxels according to data distribution
during the training process, and makes the loss higher when the vessel voxels are misclassified, thus it achieves higher
sensitivity and dice coefficient compared with the classical loss function (Table 10 and 11). We also observe that the
highest dice coefficients on the CTA and MRA datasets are obtained by FL-Vb and Dsc-Vb losses, respectively.
Correspondingly, amongst the three classical losses, the highest dice coefficients on CTA and MRA datasets are
obtained by FL and Dsc losses, respectively. These consistent experimental results may indicate that there are hard
and easy examples in the CTA dataset, while there may not be obvious hard and easy examples in the MRA dataset. In
theory, the FL loss studies the hard example mining, and automatically assigns higher weights to hard examples
during training?®, while the Dsc loss directly optimizes dice coefficient metric and do not establishes the right balance
between hard and easy examples. 3

The data augmentation (rotation and flipping) improves dice coefficient on the MRA dataset, but it does not
apply to the CTA dataset. The possible reason of this inconsistent results may be the morphological difference
between two datasets. Zhang et al. 47 mentioned that data augmentation is dataset-dependent, and Cubuk et al. 48
indicated that horizontal flipping of images improved the performance on CIFAR-10, but it is not the case on MNIST
due to the different symmetries present in these datasets. The segmentation tasks are actually to classify pixels
according to the neighborhood information of each pixel, and the rotation and flipping may change the neighborhood
information of pixels. From the visual observation of CTA and MRA, we find that cerebral vessels are approximately
symmetrical layout, and coronary arteries are not.

The experimental results of generalizability have shown that our method obtains highest dice coefficients on two
datasets, compared with well-known 3D U-Net and DeepMedic (Table 3 and 4). This may benefit from the
combination of our multi-scale feature learning and class-balanced loss at the voxel level. Firstly, our double-pathway
network can effectively learn multi-scale features from the different scales of cerebral vessel and coronary artery. It

can also be seen from Table 4 that the dice coefficients of DeepMedic and our network are both nearly 7% higher
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than single-pathway 3D U-Net. Secondly, class-balanced loss at the voxel level further improves the performance of
our method by alleviating class-imbalance. From the Table 6 and 1, we can find that our method improves the dice
coefficient after adding class-balanced loss at the voxel level, so that it performs better than DeepMedic on the CTA
dataset in Table 1.

Although the proposed MDNet-Vb obtained competitive segmentation performance compared with several
state-of-the-art methods, there are still some shortcomings that need to be improved. (1) The proposed method has
lower dice coefficient on finer cerebral vessel segmentation task. One direct way to overcome such difficulty is to
combine more advanced blocks (attention blocks, dilated dense blocks and so on) with current network to pay more
attention to these small objects. (2) The proposed method may produce some false positive predictions that do not
connect with other blood vessels. We may need to add some connectivity constrains to guide the training of our
network. (3) The rotation and flipping are not suitable for CTA dataset. We may need to find a generalized
automatically learned data-augmentation methods, or develop our method to a semi-supervised method to improve
accuracy further. (4) The performance of our method may not be sufficient for clinical application because of the
relatively low metrics. This may be caused by the small datasets in this study, where the CTA and MRA datasets only
contain 27 and 29 images, respectively. We need to collect more data to further improve the accuracy of our method

and to evaluate it more comprehensively in the future.

5. Conclusions

In this study, we have proposed a multi-scale double-pathway network with class-balanced loss at the voxel level
(MDNet-Vb) to automatically segment blood vessels from volumetric medical images. The double-pathway network
can learn both the local morphological details and the overall context information from multi-scale inputs, while the
class-balanced loss function at the voxel level alleviates the severe class-imbalanced issue at the voxel level between

different classes. The results demonstrate that the proposed method outperforms state-of-the-arts with highest dice
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coefficients on two datasets. Moreover, simultaneously training on two datasets shows that our method has potential

to be generalized to segment different blood vessels.
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Figure Legends

Fig. 1. MDNet consists of two parallel pathways. The pathway with the normal resolution is a 3D U-Net, for illustration to omit the
short cuts (from max pooling to the de-conv layers) in the figure. The pathway with the low resolution is a 3D FCN with four
5x5x5 convolutional layers without zero-padding (for illustration to reduce the number of layers in the figure, in practice, the

kernel size is 3x3x3).

Fig. 2. Cerebral vessel segmentation results on the MRA dataset obtained using six different methods. Second row zooms in the
white box in the first row. The green arrows indicate low-contrast blood vessels and background voxels, which are easily
misclassified on the original image and ground truth, and can be effectively segmented by the proposed MDNet-Vb. The white

arrows indicate the wrong segmentation on the same region using the other five state-of-the-art methods.

Fig. 3. Coronary artery segmentation results on the CTA dataset obtained using six different methods. The yellow arrows in the
first row indicate background voxels that are easily misclassified on the original image and ground truth, and can be effectively
segmented by the proposed MDNet-Vb. The white arrows indicate the wrong segmentation on the same region using the other five

state-of-the-art methods.

Fig. 4. 3D segmentation results on MRA (first row) and CTA (second row) images, respectively. The results achieved by the three

methods simultaneously trained on both two datasets.

Fig. 5. Coronary artery (first row) and cerebral vessel (second row) segmentation results on two datasets obtained using four

combinations of FCN and U-Net networks.
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Table 1. Performance on the testing set with different segmentation methods on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
ResNet 78.06 99.91 59.41 46.52
DenseNet 76.92 99.92 61.59 42.69
3D U-Net 70.63 99.97 69.20 24.87
V-Net 70.85 99.96 67.92 27.54
DeepMedic 75.47 99.97 72.64 19.15
Ours 76.46 99.96 72.91 17.52
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Table 2. Performance on the testing set with different segmentation methods on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
ResNet 69.92 99.84 60.98 4.80
DenseNet 45.15 99.90 49.62 4.83
3D U-Net 61.01 99.95 68.22 1.73
V-Net 64.46 99.94 69.21 1.90
DeepMedic 64.46 99.94 68.64 2.48
Ours 67.60 99.92 69.32 2.47
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Table 3. Performance on the testing set by simultaneously training with both MRA and CTA images on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
3D U-Net 72.27 99.96 70.10 31.25
DeepMedic 79.79 99.95 70.06 27.76
ours 75.50 99.97 73.06 21.02
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Table 4. Performance on the testing set by simultaneously training with both MRA and CTA images on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
3D U-Net 43.96 99.96 58.35 2.42
DeepMedic 55.89 99.96 65.22 251
Ours 59.37 99.94 65.40 2.58
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Table 5. The setting of four double-pathway networks

S(ls) S(Os) S(1L) S(0y) #Parameters
FCN+FCN 52 36 28 12 1,679,427
U-Net+U-Net 36 36 28 28 2,233,024
FCN+U-Net 52 36 28 28 1,865,374
U-Net+FCN
36 36 28 12 1,530,524
(ours)

Note: S(Is), S(I.) denote the sizes of inputs of normal- and low-resolution pathways described in 11.A, respectively. S(Os),

S(O,) are the sizes of outputs of normal- and low-resolution pathways, respectively.
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Table 6. Performance on the testing set with four double-pathway networks on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel) Time (s)
FCN+FCN 75.47 99.97 72.64 19.15 219,175
U-Net+U-Net 72.12 99.96 68.36 28.22 176,144
FCN+U-Net 55.93 99.96 58.25 19.02 220,287
U-Net+FCN
72.56 99.97 71.82 19.95 151,840
(ours)
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Table 7. Performance on the testing set with four double-pathway networks on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel) Time (s)
FCN+FCN 64.46 99.94 68.64 2.48 158,756
U-Net+U-Net 58.42 99.96 67.75 1.76 119,714
FCN+U-Net 31.90 99.64 23.95 8.25 159,938
U-Net+FCN
63.20 99.95 68.92 1.92 118,870
(ours)
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Table 8. Performance on the testing set with different down-sampling factors on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
3 (ours) 76.46 99.96 72.91 17.52
5 74.75 99.97 72.84 18.68
7 74.80 99.97 72.68 19.74
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Table 9. Performance on the testing set with different down-sampling factors on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
3 (ours) 67.60 99.92 69.32 2.47
5 67.42 99.93 69.09 2.50
7 65.31 99.94 69.06 2.48

This article is protected by copyright. All rights reserved



Table 10. Performance on the testing set with different loss functions on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
CE 72.56 99.97 71.82 19.95
FL 72.62 99.97 72.29 17.64
Dsc 70.99 99.97 71.56 17.39
CE-Vb 72.66 99.97 72.48 18.29
FL-Vb 76.46 99.96 72.58 1752
Dsc-Vb 71.01 99.97 72.14 16.60
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Table 11. Performance on the testing set with different loss functions on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
CE 63.20 99.95 68.92 1.92
FL 62.30 99.94 67.84 1.97
Dsc 63.55 99.95 69.03 1.72
CE-Vb 65.06 99.94 68.94 2.10
FL-Vb 65.01 99.93 68.35 2.21
Dsc-Vb 65.28 99.94 69.06 2.12

Note: CE denotes cross-entropy, and FL denotes focal loss, and Dsc denotes dice coefficient loss. CE-Vb, FL-Vb, Dsc-Vb

denote our class-balanced cross-entropy, focal loss, and dice coefficient loss at the voxel level, respectively.
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Table 12. Performance on the testing set with different sampling strategies on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
traditional 76.61 99.95 67.77 31.33
ours 72.56 99.97 71.82 19.95
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Table 13. Performance on the testing set with different sampling strategies on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
traditional 59.04 99.95 66.01 2.10
ours 63.20 99.95 68.92 1.92
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Table 14. Performance on the testing set with/without augment on the CTA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
Without 76.46 99.96 72.91 1752
With 81.82 99.95 71.02 27.47
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Table 15. Performance on the testing set with/without augment on the MRA dataset

SEN (%) SPE (%) DSC (%) HD (voxel)
Without 65.28 99.94 69.06 2.12
With 67.60 99.92 69.32 2.47
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