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Abstract 

This paper presents a fully automatic tool to recognize the liver region from CT images based on a deep 

learning model, namely Multiple Filter U-net, MFUnet. The advantages of both U-net and Multiple Filters 

were utilized to construct an autoencoder model, called MFUnet for segmenting the liver region from 

computed tomograph. The MFUnet architecture includes the autoencoding model which is used for 

regenerating the liver region, the backbone model for extracting features which is trained on ImageNet, and 

the predicting model used for liver segmentation. The LiTS dataset and Chaos dataset were used for the 

evaluation of our research. This result shows that the integration of Multiple Filter to U-net improves the 

performance of liver segmentation and it opens up many research directions in medical imaging processing 

field. 
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I. INTRODUCTION 

 

Understanding the necessary preconditions of 

complicated medical procedures poses a challenge 

for physicians in the success of human 

health-related activities. As a result, many methods 

have been proposed to support physicians, such as 

extraction of the region of interest from DICOM 

images as advanced tools for three-dimensional 

visualization. Accordingly, the accurate of the 

segmentation of abdominal organs such as liver, 

kidney, etc is essential for several clinical 

procedures including to pre-evaluation of the liver 

before liver transplant surgery based on a living 

donor or a detailed analysis of abdominal organs to 

determine the exact position of graft before 

abdominal aortic surgery. This encourages ongoing 

research to achieve better segmentation 

performance and overcoming numerous challenges 

stemming from both the flexible anatomical 

properties of the abdomen and restriction of the 

reflecting image characteristics. 

In our body, the largest internal organ is the liver. It 

plays an important role in the natural metabolism of 

the body. Its mission is that storing glycogen, 

synthesizing plasma protein, participating in 

nutrients metabolic, and detoxify. Besides that, it 

also incorporates clotting-factor concentrates, 

fibrinogen, thrombin. 

According to the problem of identifying organs in 

the body, we initially interested in the liver. We used 

computed tomography (CT) data sets for 

approaching the liver segmentation problem. The CT 

datasets were collected after the injection of 

contrast agents for pre-evaluation. Therefore, there 

is the low-intensity contrast between the liver and 

other nearby organs. This makes the automatic liver 

segmentation becomes a challenging task. 

To solve this pervasive problem, we proposed the 

simple but effective architecture named MFUnet. By 

building Multiple Filter into the classical U-net 

model, the intermediate feature maps are desired to 

be used more effectively. Multiple filters focus on 
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the target structure to learn automatically. In this 

way, using an external organ localization module can 

be discarded while retaining prediction performance 

highly. U-net models with Multiple filters can be 

trained from scratch in the same training way with 

fully convolutional network models. In this paper, we 

generalize this design to recognize local regions. 

We demonstrated the performance of Multiple 

Filter in CT liver segmentation in 2 liver 

segmentation datasets, which got from 2 challenges: 

Liver tumor segmentation challenge (LiTS dataset) 

and Combined Healthy Abdominal Organ 

Segmentation - Chaos dataset. We combined 

multiple filters into a variant of U-net, termed 

MFUnet, to prove that it can automatically localize 

the interest of the regionand improves the general 

segmentation performance. The experiments show 

that Multiple filters can improve predictive accuracy 

across different training datasets and sizes while 

reaching modern performance without demanding 

multiple CNN models. 

The paper is divided into five sections, with each 

section devoted to a different aspect of experiments 

as follows: section II describes related works on 

which our results are founded. Then, we present our 

method and the experimental results in section III 

and section IV. Finally, we discuss and summarize 

our method in section V with some further research. 

 

II. RELATED WORK 

 

2.1 Deep learning in medical image analysis 

It seems undeniable that convolutional neural 

networks - CNNs are promoting progress in the 

medical image segmentation area, resulting in 

superior performances in many applications. Most 

existing medical image segmentation architectures 

are proposed and inspired by the fully convolutional 

neural network (FCN) [1]. It has achieved great 

success in a large field of recognition and 

segmentation problems. FCN uses convolutional 

layers instead of the fully connected layers to obtain 

dense pixel prediction at one step forward. They are 

then upsampling the prediction to restore the original 

resolution of the input image. Besides, using 

intermediate feature maps, skip connections are 

embedded in the network to improve the 

predictability. There are two architectures of FCN 

known as well as U-net [2] and Feature Pyramid 

Network – FPN [3]. U-net uses skip connection to 

concatenate the features from the contractive path to 

the expansive path, which are two important paths of 

U-net architecture. They were created by a stack of 

convolutional layers with pooling and up-sampling 

layers. While U-net is useful for segmentation [4], 

the feature pyramids network FPN is useful for 

detecting objects at different scales as the 

fundamental component in recongnition systems. 

Like U-net, FPN has a lateral connection between 

the bottom-up pyramid in the left and the top-down 

pyramid in the right. Later on, the Inception [5] 

were introduced to use the varying kernel sizes 

of convolutional layers in parallel, to inspect the 

points of interest in images from different 

scales. These features were combined together 

and transmitted on deeper into the network. 

Inspired by this success, MultiResUNet [6] has 

included multi-filter in the network for medical 

image segmentation. The MultiRes block 

replaces the sequence of two convolution 

layers at each level in the original U-net. They 

 

  
 

  

Fig. 2. The blurred edges of the liver region on 

the Chaos dataset 

 

  
 

  

Fig. 1. The complexity contrast on the LiTS 

dataset 
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started with a simple Inception-like block by 

using three convolutional filters 3×3, 5×5 and 

7×7  in parallel, to reconcile spatial features 

from different context size. Then they 

established the MultiRes block, by increasing 

the number of filters in the three consecutive 

layers and adding a residual connection, along 

with 1×1 filters for preserving dimensions. 

There are more than 95 medical imaging 

benchmarks have been organized from 2010 to 2019. 

They concentrated on segmentation, detection, 

classification, and prediction tasks of organs in the 

human body. In particular, the whole heart 

segmentation used multiple modalities [7], prostate 

segmentation [8] and whole-body segmentation in 

3D medical images [9]. The others focus on brain 

tumor segmentation, Alzheimer’s disease detection 

[10] and skin lesion analysis [11]. 

For liver and liver tumor task, there are two related 

benchmarks. The first benchmark, which was 

introduced in the International Conference on 

Medical Image Computing and Computer - Assisted 

Intervention (MICCAI) 2007, is the liver 

segmentation Sliver’07. This dataset included 30 

CT volumes [12]. The second benchmark is The 

Liver Tumor Segmentation Challenge (LTSC’08), 

which was organized in conjunction with MICCAI 

2008 workshop [6]. There were 30 CT volumes 

used for this liver tumor segmentation. 

2.2 Liver segmentation in CT image 

Because the liver is a regular organ of primary 

tumor growth, the first and necessary step to liver 

tumor diagnosis as well as the liver transplantation 

system and 3D liver volume rendering is the 

automatic liver analysis. Manual liver segmentation 

is feasible, but it is time-consuming and 

cost-intensive and also depends on the 

changeability of the operator. Image processing and 

machine learning techniques provide several 

semi-automatics and automatic methods for liver 

image segmentation more quickly and save time. 

Nevertheless, the liver segmentation from the 

abdominal images is a laborious task owing to three 

main reasons. The first is that the contrast between 

the liver and the surrounding area is low and 

complexity, as shown in Figure 1, and the edges of 

the liver are blurred as Figure 2. Second, the 

intensity of pixels in the liver region is similar to 

tissues in the abdominal image. Thirdly, the liver is 

variant and complicated in shape and position. 

Therefore, the various researcher has proposed 

semi-automatic or automated methods to solve 

these problems. 

Graph-cut segmentation algorithms [13,14] and 

live wire algorithm [15] are based on a boundary 

term and region terms to collect the region of the 

liver. Beck and Aurich [16] proposed a 

region-growing algorithm that takes advantage of a 

close pixel/ voxel share common gray values. The 

Level set is another approach [17,18] when 

requesting the user draw a rough contour outside or 

inside the object and then the contour will 

shrink/extend. When the contour meets the 

boundary of the object, the procedure will be ended. 

These approaches are suitable for a small dataset. 

Therefore, Salemolen [19] built an atlas matching 

with 20 training images- a large number of 

anatomical images than previous methods to 

segment the liver. 

Lamecker et al. [20], Kainme et al 2007 [21] 

combine a statistical shape model with the principal 

component analysis (PCA). Another automatic 

method is region-growing [22,23]  and the 

gray-level [24] they used histogram of intensities 

to analyze the distribution of the liver as well as 

combining with clustering, voxel classification, EM 

algorithm to segment the liver. 

Since the challenging datasets were released such 

as SLIVER07, LiTS, etc. many studies on these 

datasets were proposed based on deep learning 

methods[25,26]. 

With performance and robustness advantages in 

particular segmentation tasks, U-net architecture, 

introduced by Ronneberger et al. [27], has asserted 

its especially role in the biomedical image 

segmentation task. Like U-net, other approaches 

used 2D CNN without cross-connections, showed 

good results in resolving the low contrast problem 

between the nearby organs and the liver region, 

especially on SLIVER07 [25]. 

H-dense U-net [28] is a novel hybrid densely 

connected U-net. H-dense U-net includes two 

parts. The first part is a 2D DenseUNet, which is 

efficient in extracting intra-slice features. Another 

part is a 3D counterpart, which is hierarchical on 

aggregating volumetric contexts. Even though with a 

single model, the H-dense U-net method surpassed 

other state-of-the-art on the segmentation results 

of liver lesions and achieved competitive 

performance for liver segmentation tasks. 
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Recently, in a single model case, using transfer 

Learning for 3D Medical Image Analysis (Med3D) 

[29] on state-the-of-art DenseASPP 

segmentation network achieved 94.6% Dice 

coefficient, which approached the competitive result 

on the LiTS challenge for liver segmentation task. 

Yading Yuan [30] also introduced the hierarchical 

convolutional-Deconvolutional Neural Networks for 

Automatic Liver and Tumor segmentation and 

gained the mean dice score of 0.963 for liver 

segmentation. 

In this paper, we are considering primarily 

automatic segmentation techniques to propose the 

multiple filter U-net for accessing the first step on 

the liver segmentation task then for the medical area. 

Our model trained on the LiTS dataset and Chaos 

dataset for comparing the performance mainly 

between MFUnet and Unet as well as other methods. 

 

III. PROPOSED METHOD 

3.1 Convolutional neural network 

3.1.1 Advantages of U-net 

We build MFUnet on the standard U-net by 

combining multiple filter block. Firstly, the purpose 

of the down-sampling path of U-net is to catch the 

context of the input image to extract essential 

features by composing of two 3×3 convolution 

layers and activation function (with batch 

normalization and 2×2 max pooling) [2]. Then, this 

coarse contextual information was transferred to the 

up-sampling path through skip connections. 

Secondly, the up-sampling path of U-net includes 

feature map from the down-sampling path by 

concatenating via deconvolution with two 3×3 

convolution layer and activation function (with batch 

normalization). The objective of this path is to enable 

precise localization combined with contextual 

information from the down-sampling path. 

Thirdly, the following advantage comes from the 

location information combination between the 

down-sampling path and the contextual information 

in the up-sampling path . 

This is necessary to have a good segmentation  

 

 

Fig. 3. The Multi Filter block (MF block) in MFUnet  

 

 

Fig. 4. The MFUnet architecture. The MF block is short of Multi Filter block 
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prediction based on obtaining a localization and 

context, combining general information in all image. 

3.1.2 Advantages of Multiple Filter 

There are many kinds of features in the input image, 

such as edge, arch, color, etc. The network can be 

confident about the input image if it can recognize a 

whole variety of different shapes and patterns of the 

object in the image. The filter is shifted several 

times and then applied at different image positions 

until the general image has been detailed. However, 

each filter is going to learn precisely one pattern or 

feature that will excite it. A single filter cannot be 

equally excited by a horizontal and a vertical line. For 

informally, the filter size is how many neighbor 

information you can see when processing the 

current layer. For example, when the filter size is 

3×3, that means each neuron can observe 

information from a total of 8 neighborhoods like that 

upper, down, left, right, upper left, upper right, lower 

left, lower right. In another case, some filter learns 

the same features. Therefore, one filter is not 

enough for segmentation problems. 

The weights of the filters are randomly initialized. 

A filter is represented by a weight vector that we 

combine with the input. The filter provides a 

measure of closing an input patch that resembles a 

feature. The filters are applied similarly, but the cell 

value in the matrix is different from each other filters. 

So, they extract different features from the image. 

3.2 Multiple filter U-net 

In this study, we construct our multiple filter model 

on a standard U-net architecture. Our goal is to 

leverage the advantages of Multiple Filter as a 

filtering hierarchy, which has semantics from low to 

high levels and concatenate all of them into a feature 

pyramid with high-level semantics all through. After 

that, we apply Multiple Filter to U-net to improve 

the performance of U-net. The architecture of 

MFUnet is shown in Figure 4. 

The model of our method departs from a 

single-scale layer of optional size as input and 

constitute corresponding sized feature maps at 

multiple levels filter as output. The concept of 

mounted is the bond between the different size of the 

convolution filter integral with the convoluted image. 

We call Multiple Filter block as MF block, which is 

shown in Figure 3. 

MFUnet applied three filters of different sizes 1x1, 

3x3, 5x5 with the same speed directly on the original 

layer instead of using the same filter to the one input 

layer. Therefore, the multi-filter block is used to 

deal with the issue by upscaling the filter size instead 

of iteratively alleviating the image size. 

The multi-filter block is interleaved three times in 

our architecture, a choice made through extensive 

experimentation. The first layer has a filter size 1×1, 

while the next layer raises the filter size of 3×3 and 

a down-sampling size of 2, accompanied by the last 

layer, which size is 5×5 and a down-sampling size 

of 2 to extract features. 

After that, we join on concatenating all of them into 

the Relu activation function, as seen (1). 

  

   

  

 

 
   

   
 

Raw image Ground truth   MFUnet   U-net 

 Fig. 5. The last feature maps visualization of MFUnet and U-net 
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It is noteworthy that the spatial resolution alleviates 

when we go up. And not surprising that the semantic 

value for each layer increases while more high-level 

structures are discovered. 

The multi-filter block puts forward a view to 

detecting from multiple feature sizes. To arrive at 

these features, we experimented with fewer or more 

size convolution filter. With the motivation of 

splitting up regularly into smaller 1×1, 3×3, 5×5 

square sub-regions, this retains essential spatial 

information. For each subregion, we explore a few 

plain features. After training under 50 epochs, we 

visualized the last features map of each network in 

Figure 5. It showed that the MFUnet recognize the 

local region better. 

 

IV. EXPERIMENT AND RESULTS 

 

The proposed MFUnet model is modular and 

separated from any application so that it can be 

easily adjusted for image scale segmentation tasks. 

To illustrate its suitability to image segmentation, we 

proposed the multiple filters based FCN models on 

challenging Liver tumor segmentation task 1 and 

Chaos challenge task 2. 

4.1 Evaluation datasets 

In the evaluation section, we introduce the image 

datasets used in segmentation experiments. The 

liver segmentation from computed tomography (CT) 

data sets, which were collected at the portal stage 

after contrast injection, was given to the 

pre-evaluation of living donated liver transplantation 

donors. 

4.1.1 LiTS dataset 

This data derives from several clinical sites, 

including the Ludwig Maximilian University of 

Munich, Radboud University Medical Center of 

Nijmegen, Poly-technique & CHUM Research 

Center Montreal, Tel Aviv University, Sheba Medical 

Center, IRCAD Institute Strasbourg and Hebrew 

University of Jerusalem. This dataset is publicly 

available on the LiTS challenge, which is organized in 

conjunction with ISBI 2017 and MICCAI 2017 [27]. 

There are 201 contrast-enhanced CT volume 

scans of liver, and manual tumor annotations 

performed slice by slice without the same number of 

slices in each volume. Each image from the dataset is 

captured at 512×512 resolution. This dataset 

already divides two parts: a training set and a test 

set. In the training data, it contains 131 CT scans, 

and the test data have 70 CT scans. 

The image data is very various in terms of 

resolution and image quality as shown in Figure 1 

because they were acquired with different CT 

scanners and acquisition protocols. In particular, the 

image resolution ranges from 0.56 mm to 1.0 mm in 

axial and 0.45 mm to 6.0 mm in the z-direction. In 

addition, the number of slices in z ranges from 42 to 

1026. 

4.1.2 Chaos dataset 

The datasets were collected from the PACS of DEU 

Hospital. It contains CT images of40different 

patients, where the orientation and alignment of all 

patients are the same. These patients are potential 

liver donors, who have a healthy liver. In other 

words, the liver has no tumors, lesions, or any other 

diseases. 

Each data set contains 512×512 resolution DICOM 

images. The x-y distance within the range of 

0.7-0.8 mm and having 3 to 3.2 mm inter-slice 

distance (ISD) (i.e., smaller ISD cannot be used for 

these acquisitions due to routine clinical procedures). 

This corresponds to an average of 90 slices per data 

set (i.e., minimum 77, maximum 105 slices). In total, 

there are 2874 slices for training, and 3533 slices 

for private testing. 

These CT images were taken from the upper 

abdomen of a patient after contrast agent injection. 

During the injection period, the hepatic parenchyma 

of the liver and liver vein are also enhanced and 

maximized oversupplying the blood by the portal 

vein. Portal veins are well increased, also helping 

some enhancement of the hepatic veins to be seen 

during this phase. Consequently, this phase is 

broadly applied for the liver and vascular 

segmentation before surgery. 

Although this dataset only contains a healthy liver, 

the enhanced vascular structures due to the contrast 

injection make the adjacent organ has a similar 

Hounsfield value range, which are the challenge of 

this task as Figure 2. In addition to the same with the 

LiTS dataset, this dataset includes irregular liver 

shapes (i.e., various size or orientation) and has the 

substantial shape disparities of anatomical 

structures among patients. 

4.2 Model training and implementation details 

The dataset used contains an imbalance issue that 

(1) 
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needs to be addressed. With these CT datasets, HU 

value clipping and data albumentation was used. 

With CT scans, the most common procedure is 

HU-value clipping to calculate some values relative 

to the liver. It helps to concentrate on the important 

aspect of an image for the segmentation task. 

Another technique is also used to simplify the 

network learning task, which is data normalization. 

Therefore, with an input CT image , 

we denote function , which means Hounsfield, to 

remove the unrelated organs and tissues. In this 

case, the image was normalized to a range of 0.0 to 

1.0 using Hounsfield units under float64 type. 

We recognize that the heterogeneity in liver 

contrast is extensive among slices. As shown in 

Figure 1 and Figure 2, the contrast, brightness, size, 

and shape of the liver are different a lot among 

images. Therefore, the next step is standardization. 

Given an input , we define the 

transform function  with some parameters α, β, 

γ includes basic linear transform and grammar 

correction. The threshold (selected through 

experimentation) was used to balance grammar and 

contrast among volumes. This normalization stage is 

useful for alleviating the effect of contrast and 

illumination condition while scanning the histological 

slides via  function. The processing stage is 

performed as (2). 

 

    

(2) 

 

 

Where  is the mean of the image matrix as 

threshold to apply for all images in dataset. The 

value of α and β are used to scale input. The value 

of γ is to adjust contrast, brightness illumination of 

the image.  is the pixel value for each point. All 

of them are set in our experiments empirically. 

Data albumentation [31] is the library of providing 

more data samples from the available data through 

transformation methods that preserve or alter the 

properties of data. It is robust than data 

augmentation. Like data albumentation, data 

augmentation has widespread use in a deep 

learningnetwork since the model required a large 

amount of data to serving for training. In here, we 

considered three albumentation techniques. The first 

was transformation operation through rotation of the 

image in limiting 15 degrees, in addition to flip/ 

mirror the image along vertical or horizontal axes. 

The second technique applied a component analysis 

gramma. Data albumentation was done in real-time 

on the fly during training. No testing time 

augmentation was applied. 

In the proposed model, we have used Python 3 

programming language to conduct the experiments. 

The network models have been implemented using 

Keras with Tensorflow backend. We have minimized 

the dice loss and the models have been trained for 50 

epochs using Adam optimizer with learning rates 

0.001. 

4.3 Liver segmentation results 

The goal of this experiment is to demonstrate the 

ability of automated to identify the liver region by 

using multi-filter sizes on U-net networks. The 

experimental results are carried out in a sequence of 

effectively steps as follows:  

  We evaluate the performance of deep learning 

models based on their ability to discriminate 

against the liver region. 

 We assess the effort of multi-feature sizes. 

The evaluation for the liver segmentation method is 

done by comparing the predicted results with the 

ground-truth image, which is provided by a 

radiologist. The common evaluation measurements 

are discussed: Dice score, Jaccard index, RVD. 

Given A as the truee image and B as the predicted 

image, we perform the term of the above 

measurements as (3). Dice Score [32] is used to 

quantify the performance of the image segmentation 

method. It calculates the relevance between truth 

image and predicted image. The term dice score is 

described as (3). 

                (3) 

Jaccard index, which is also known as IOU, is the 

   
 

   

Fig. 6. There are some sample figures which 

were predicted by MFUnet  
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same as the Dice score. However, there are some 

differences. The IOU tends to penalize single 

instances of bad classification more than the Dice 

score quantitatively even when they can both agree 

that this one instance is bad. 

We discuss and analyze the computed tomography 

CT scan dataset to evaluate the performance of the 

proposed architecture. There is some predicted 

image, which is shown in Figure 6, by MFUnet. The 

red line indicated for predicting by MFUnet. The 

green line showed the ground truth. And the yellow 

line is the overlap line. The overall accuracy is 

reported in Table 1 and Table 2. The accuracy 

ranged from 94.0% to 96% for the Dice score. The 

MFUnet model achieved the higher Dice score 

(range 95.5% - 96.0%) than FPN and U-net 

Baseline. That means the MFUnet can segment the 

region of interest a little better. Additionally, the 

Jaccard index of FPN is 86.7%, which is quite lower 

than U-net and MFUnet with 90.8% and 90.4%. 

Therefore, Multiple Filter has a better performance 

when combining with U-net than the feature 

pyramid in FPN architecture. 

Comparing with state of the art methods, Li and 

Yuan methods reached 96.5 and 96.5 dice score, 

respectively. While our model was trained end to end 

to get final result, Yuan et al. [30] proposed two 

models for liver segmentation. A first simple CDNN 

model is used for the coarse liver segmentation of 

the entire CT volume. Then the another CDNN is 

trained to the liver region for fine liver segmentation. 

The 2D DenseUNet [28] model was still not trained 

end-to-end from start to finish.  They used Resnet 

to get the coarse liver segmentation in the first stage. 

Then they trained 2D dense U-net and 3D dense 

Unet with the fine-tuning technique for getting the 

result. The H-denseUNet is a complex network. 

Table 2 shows the number of layers of our proposed 

method MFUnet and H-denseUNet. The number of 

layers of Hdense Unet is 199, which is more than 2 

times the MFUnet with 87 layers. The MFUnet is 

efficient to train than H-denseUNet for getting the 

competitive result. 

Additionally, we also show our experiments on the 

Chaos dataset in Table 3. We consider the effort of 

multiple filter sizes by comparing the performance of 

U-net and MFUnet under training from the scratch 

method. The dice score via U-net is 74.75%, while 

the dice score via MFUnet is 93.87% under the same 

environment. Therefore, in this case, the effect is 

most evident. In the next step, when changing the 

batch size from 16 to 8, the dice score increased 

from 93.87% to 94.92%. We recognized that the 

batch size of 8 is appropriate for our model. The best 

result is 94.92% dice score in this experiment on this 

dataset. It shows that MFUnet helps to improve the 

performance of U-net architecture. 

For instance, in Figure 7, the U-net and MFUnet 

model segment a liver with a provided boundary. 

Figure 7a, 7b shows the raw images with ground 

truth from the LiTS dataset. Figure 7c, 7d shows the 

output from the original U-net and MFUnet 

respectively. In some complicated cases,  while the 

U-net model is either over-segmented or 

under-segmented in Figure 7e, our proposed 

MFUnet performed considerably better in Figure 7f. 

Our proposed model performs better, although only 

slightly. We suppose that multiple filter block allows 

MFUnet to perform better pixel classification. 

 

  

Table 1. The comparison of the proposed method 

(MFUnet) with other state-of-the-art 

architectures on LiTS dataset 

Model  Dice Jaccard 

U-net [2] 95.2 90.8 

FPN [3] 90.9 86.7 

MFUnet 96.0 90.4 

Li et al. [28] 96.5 92.6 

Yuan et al. [30] 96.7 92.9 

Table 2. The number of layers 

Method Number of Layers 

U-net [2] 39 
Proposed - MFUnet 87 
H-denseUNet [28] 199 

 

Table 3. Ablation study on different proposed 

method on the Chaos dataset 

Method 
Size 

image 
Batch 
size 

Dice 
Score 

U-net [2] 512x512 16 74.75 
Proposed - MFUnet 512x512 16 93.87 
Proposed - MFUnet 512x512 8 94.92 
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a) Raw 

   

b) 

Groundtruth 

   

c) Output 

from U-net 

   

d) Output 

from 

MFUnet 

   

e) 

Comparison 

(Groundtruth 

& U-net) 

   

f) 

Comparison 

(Groundtruth 

& MFUnet) 

   

Fig. 7. Segmenting a liver. Both models seem to segment the liver close to the ground truth. The 

red line indicates for ground-truth. The green line indicates for output of U-net or MFUnet. And 

the yellow color shows overlapping 
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V. DISCUSSIONS AND CONCLUSION 

 

In this research, we considered multiple filter 

mechanism and examined how to incorporate this 

idea into segmentation to exploit the local features in 

the CT abdominal image. We empirically observed 

and found that multi-filter blocks help network 

learning more local features than the standard 

network. Our model is the end to end model from 

start to finish. It is not only efficient to train but also  

competitive in the result with other methods. As 

demonstrated in the segmentation framework, we 

noted that training was slightly more complex than 

the standard U-net architecture. Specifically, it 

generates 4.832.713 parameters more than the 

original structure with 485.673 parameters. 

In this regard, future research will focus more and 

more on exploiting tumors, and the performance of 

MFUnet can be further enhanced by utilizing fine 

resolution input batches without any additional 

heuristics. 
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