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ABSTRACT   

Extraction of blood vessels of the organ is a challenging task in the area of medical image processing. It is really difficult 
to get accurate vessel segmentation results even with manually labeling by human being. The difficulty of vessels 
segmentation is the complicated structure of blood vessels and its large variations that make them hard to recognize. In 
this paper, we present deep artificial neural network architecture to automatically segment the hepatic vessels from 
computed tomography (CT) image. We proposed novel deep neural network (DNN) architecture for vessel segmentation 
from a medical CT volume, which consists of three deep convolution neural networks to extract features from difference 
planes of CT data. The three networks have share features at the first convolution layer but will separately learn their 
own features in the second layer. All three networks will join again at the top layer. To validate effectiveness and 
efficiency of our proposed method, we conduct experiments on 12 CT volumes which training data are randomly 
generate from 5 CT volumes and 7 using for test. Our network can yield an average dice coefficient 0.830, while 3D 
deep convolution neural network can yield around 0.7 and multi-scale can yield only 0.6. 
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1. INTRODUCTION  

It is important to understand the vessel structure in pre-surgical planning and computer-aided diagnostics. [1]. Vessel 
segmentation methods and techniques vary depending on the image modality, application domain, and other specific 
factors. Due to the variety dependency, many vessel segmentation methods have been proposed. 

Region growing is a well-known semi-automatic pixel/voxel based segmentation method that depends on intensity 
similarity and spatial proximity. Region growing approach segments images by incrementally recruiting pixels/voxels to 
a region based on the pre-designed criteria [2,3,4]. This method requires user to supply seed information before it 
perform segmentation. Due to the variations in noise, intensity and the complicated vessel structure, region growing 
usually over- or under- segment a target results. 

A multi-scale filter approach has been widely used for vessel segmentation in various cases. This approach is a three 
dimensional efficient automatic method for vessel segmentation that can be used in multiple scans and has better result 
with a thinner slice. A line enhancement filter with different orientations and scales, for emphasizing cylindrical structure 
of the vessel are uses in multi-scale approach [5], and then works with other image processing operations like threshold, 
component analysis, and connected component to complete the segmentation [6].  Y. Sato et al [7] introduced a three-
dimensional multi-scale line filter for segmentation and visualization of curvilinear structures in medical images. The 
method is based on the second derivative of the image using Gaussian kernel that is applied on multi-scale with an 
adaptive orientation selection using the Hessian matrix.  

More numerous methods and techniques have been proposed for vessel extraction, such as intensity ridge traversal [8], 
tubular filter [9], skeletonization [10], and active contours [11]. Some review can be found in [12]. 
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Figure 1. The architecture of our liver vessel segmentation, which separately trains lower feature for each type of input 
vector and then merges into a higher level features. The first convolutional layer shares the same parameters for all input 
vectors, while the second layer separately learns parameters. 

 

Recently, deep learning architecture has been demonstrated the powerful ability in computer vision tasks by 
automatically learn hierarchies of relevant feature directly from the input data. Deep convolutional neural network has 
been successfully applied for image classification and object detection applications, especially for ImageNet 
classification competition, which is the most successful network for image classification since 2012 [13].  

Motivated by the deep learning development, we propose a deep learning approach for the automated segmentation of 
liver vessel. The vessel segmentation can be considered as a classification problem. Unlike the conventional 2D image 
classification, the vessel segmentation from CT volumes is a 3D image classification problem. We need to extract 3D 
image features in order to improve the segmentation accuracy. Our contribution is that we propose a novel deep neural 
network (DNN) architecture for vessel segmentation from a medical CT volume, which consists of three deep 
convolutions neural network to extract features of sagittal plane, coronal plane and transvers (axial) plane, respectively. 
This paper is organized as follows. In section 2, we describe our proposed architecture of the network. Experimental 
results of the proposed architecture and conclusion are described in sections 3 and 4, respectively. 

 

2. ARCHITECTURE OF THE NETWORK 

The proposed network architecture is manifested in Figure 1. The network consists of three deep convolution neural 
networks to extract features of sagittal plane, coronal plane and transverse plane, respectively. The three features 
(outputs) of convolutional neural networks are merged into a fully connected network. The lowest layers are specific to 
each type of input vector and aim to detect representation features. The first convolutional layer shares the same 
parameter for all input vector and the second convolutional layer will separately learn parameter. The representation 
features are learnt by 2D convolution and pooling layers. At a higher layer of our network, the representation features are 
merged into a higher level features, which capture complex correlations across the different input vectors which are 
learnt with fully connected layers. 

 

2.1 Convolutional, and activation function 

The aim of convolutional layers is to detect local features at different position in an image. The parameters of the layer 
consist of a set of learnable kernels, which have small receptive field. In the other hand, a kernel in a given convolutional 
layer depends only on a spatial contiguous set of the layer inputs. Therefore, each kernel learns a particular local feature 
specific to its receptive field. The output of kernel k of layer l is then given by  
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where lr
kW  is the weight matrix for kernel r of layer l and kernel k of layer l-1. The scalar bias of the kernel k of layer l is 

represent as l
rb .  

The activation function denote as φ  which we used the same rectifier linear unit (RELU) function for all the neurons of 

the network except the top layer, the RELU function defined by 

 

 ),0max()( xx =φ  (2) 

 
RELU function is less prone to the vanishing gradient problem than sigmoid or tanh functions [14]. While the most of 
neurons in our network use RELU function, the top layer uses a softmax activation function. The softmax function maps 
the inputs z into [0,1] and the output can be interpreted as probabilities which we select the output with highest 
probability as a label of a voxel. 
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2.2 Pooling layers 

After the convolution layers, max-pooling layers are used to reduce the size of the feature by merging group of neurons. 
A max pooling layer shifts a 2 × 2 over the feature map result and select only the highest value over each position of the 
pooling window. The local information is important in vessels segmentation. We design to use only small windows to 
avoid lost necessary vessel information, but still can reduce over-fitting problem. 

 

2.3 Learning Algorithm 

Suppose xi is the data vector in the training dataset, Dtrain = {(xi, yi) | i ϵ [1, n]}, where for each data i, yi is the known 
design output of xi. The performance of the designed network is evaluated using negative log-likelihood error function 
between the network’s result and the design output, which is defined as follows: 
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Where x and y is a network output and designed label, respectively. θ  represents all the parameter of the network. The 
training data is trained by mini-batch method which was carried out by stochastic gradient decent algorithm (SGD) [15]. 
A momentum term is added into the update function of our network, which can help accelerate SGD in the relevant 
direction and less oscillations. The update function with momentum m and learning rate α  at iteration I is given by 

 

 )1()( −∆+
∂

∂
−=∆ Iwm

w

E
tw

lr
ilr

i

lr
i α  (5) 

Proc. of SPIE Vol. 10137  1013711-3

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 04/10/2017 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



to
-r

 
 

 

 

 

 

a.                      b.                           c.                           d.                                      e. 

Figure 2. Performance comparison between two CNN networks, our three of 2D orthogonal network and 3D patch CNN. 
Row indicates different data samples (dataset number 4 and 6). Five columns:  a. CT intensity images; b and c. the 
segmentation results from our network, and 3D patch CNN, respectively. Column d. and e. show the 3D visualization results 
of both network. Red color voxels denote correct vessel result while green are difference between the ground-truth vessel 
and the segmented vessel. 

 

3. EXPERIMENTAL RESULTS 

We evaluate our method using 12 CT volumes, where most CT image have tumors, liver abnormalities, and different 
intensity ranges as shown in Figure 2. All computations had to be run in NVIDIA GeForce GTX TITAN X GPU with 
12GB memory. The training set has randomly extracted from the voxel that have value more than designed threshold T = 
mean - variance in vesselness image without liver’s boundary while the test set will use all voxel that contain vesselness 
value (T > 0) but still eliminate the boundary of liver. The total of training set has a total of 250k voxels from 5 CT 
volumes. Each voxel, we extracted a 2523 dimensional input vector consisting of three patches of 2D orthogonal patches 
of 29 × 29 voxels. The size of convolution kernels was set to 5 × 5 and the pooling windows were set to 2 × 2. The 
learning rate and momentum were set to 0.0005 and 0.5, respectively. We used a batch size of 400 data points. We 
applied patch connectivity as a post processing to remove noise voxel and connect the fragment vessel. 

We compare vessel segmentation result generated by our deep learning network by feeding inputs as three of 2D 
orthogonal with 3D patch CNN. We also compare all result with and conventional multi-scale filter. The size of 2D 
patch was set to 29 × 29, while 3D patch was set to 15 × 15 × 15. The evaluation measures used in this experiment is the 
mean performance curve (DICE coefficient) which given by  
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Figure 3 show that three of 2D patch uses a few parameters than 3D patch. but can give us better results. Our network 
can yield an average dice coefficient 0.830, while 3D deep convolution neural network can yield around 0.7. The main 
problem of 3D patch is lack of global information while increase the size of patch will affect the size of model and 
computation time. More comparison detail with conventional multi-scale filter, the best result can achieve only 0.68, and 
lowest result is 0.48. Our best network of three patch 2D CNN can reaches better result in all best and lowest result 
which is 0.88, and 0.76, respectively.    
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Figure 3. Result comparison between our proposed networks with 3D CNN and multi-scale method. 

 
 

4. CONCLUSION 

In this work we proposed the design of deep convolutional neural network for automatic vessel segmentation in liver 
region image. The proposed network consists of three input vectors from each patch (sagittal, coronal and transversal 
plane). The separated deep network of each patch are combine at the top layer. This concept can reduce the size of 
network and get more accurate result than 3D CNN. The effectiveness of the proposed network is illustrated by 12 
medical data; 5 for training phase and 7 for testing phase.  

Robust intensity and full image segmentation are our future researches. The network still not support a robust to intensity 
change which our network will fail to segment a data that have difference intensity range than trained model. The 
network currently working based on patch based method that take much computation time than using whole image 
segmentation.  
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