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Visual Geometry Group based on U-Shaped
Model for Liver Tumor Segmentation

Javaria Amin, Muhammad Almas Anjum, Muhammad Sharif, Seifedine Kadry, Ruben Gonzalez

Crespo

Abstract— Liver cancer is the primary reason of death around
the globe. Manually detecting the infected tissues is a challenging
and time-consuming task. The computerized methods help make
accurate decisions and therapy processes. The segmentation
accuracy might be increased to reduce the loss rate. Semantic
segmentation performs a vital role in infected liver region
segmentation. This article proposes a method that consists of two
major steps; first, the local Laplacian filter is applied to improve the
image quality. The second is the proposed semantic segmentation
model in which features are extracted to the pre-trained VGG16
model and passed to the U-shaped network. This model consists of
51 layers: input, 23 convolutional, 4 max pooling, 4 transpose
convolutional, 4 concatenated, 8 activation, and 7 batch-
normalization. The proposed segmentation framework is trained on
the selected hyperparameters that reduce the loss rate and increase
the segmentation accuracy. The proposed approach more precisely
segments the infected liver region. The proposed approach
performance is accessed on two datasets such as 3DIRCADB and
LiTS17. The proposed framework provides an average dice score of
0.98, which is far better compared to the existing works.

Index Terms— Convolutional Neural Network, Segmentation,
Datasets, Liver.

I. INTRODUCTION

he liver regularly purifies the blood that flows through the

body, transforming substances ingested through the
digestive tract into chemicals ready for use. Other crucial tasks
carried out by the liver include clearing poisons and harmful
chemical products in blood and preparing them for disposal.
The liver is particularly susceptible to cancer cells moving
through the bloodstream since it is the organ through which all
blood in the body passes. Primary liver cancer, which develops
in the liver, and cancer that begins in further regions of the body
and extent to the liver, can both impact the liver [1, 2].
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A significant number of people worldwide die from liver
cancer each year. It is a notably prevalent cancer. Early
identification, diagnosis, and treatment are essential to increase
the survival chance and overall quality of life for individuals
with liver cancer. Computed tomography (CT), which has a
good signal-to-noise ratio, excellent spatial resolution, rapid
scanning speed, and a relatively inexpensive cost, is frequently
utilized in clinical practice to detect hepatic malignancy [3]. For
disease diagnosis and therapy planning, segmented liver tumor
pixels using CT scans is a crucial and critical stage. It can offer
exact details, such as the shape, and location size of tumors, to
assist clinicians in selecting the best course of therapy. But
segmentation is often carried out manually by skilled
radiologists, which 1is time-consuming and exhausting.
Therefore, there is a critical need for and growing interest in
developing automatic or semi-automatic systems for
segmenting liver tumors. Because of variations in the
anatomical structure of the tumor, shape, and size (1), (2)
irregular boundaries among surrounding liver tissues, and the
tumor (3) noise appearance caused through CT, robust and
accurate tumor segmentation is still a challenge. Only low-level
visual characteristics, such as gradient, intensity, and texture,
which can be directly deduced from the image, are used to
accomplish segmentation through image-based algorithms,
which primarily include thresholding, region growth, and
clustering. These techniques readily result in the leakage of
boundaries on ambiguous boundaries because of the minimal
information used. Some model-based approaches, such as level
sets and graph cuts, use the information of low and high-level
to increase the accuracy. The techniques often succeed in
producing appropriate segmentations for tumors with
homogenous intensities and solid borders, but they fall short
with appearance variability and poor contrast.

Furthermore, the model and image techniques might not
provide fully automated segmentation because of a lack of prior
knowledge [4]. Therefore, the attention scale model is utilized
for the segmentation, giving a dice score of 0.844 [5]. The three-
dimensional U-net is used for segmentation with a 0.59 F1 score
[6]. The liver region is extracted using 3D-Unet and divided the
region of liver into similar superpixels through the LI-SLIC
method. It recursively decomposed superpixels based on the
intensity and boundaries of the tumor pixels.

Moreover, SVM is used to classify the normal/abnormal
slices based on texture and intensity features [7]. Adaptive
histogram equalization improves the image quality, and Otsu is
used to segment the liver tumor using ultrasound images with
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0.99 accuracy [8]. The pre-trained ResNet is used behind the U-
net for segmentation. This method is evaluated on the
IRCADBO1 dataset and gives 0.99 accuracy [9]. The four-
dimensional DL model with LSTM for lesion segmentation
with 0.82 dice score [10]. The edge-based localization model is
applied to localize the tumor region. This model performance is
evaluated on the local dataset that contains 215 subjects and
provides 0.90 accuracy [11]. In literature, much work is done
for segmentation. However, there is still a gap in this domain
because liver images of CT are complex, where contrast among
tissues and organs is low, and feature extraction is a challenging
task [12]. Therefore, it is essential to adopt a technique carried
out to model global spatial information effectively and
efficiently [44][45] [46] [47]. In this research attenuation-
based, U-network is proposed, which is trained on the selected
learning parameters for segmentation.

[ A visual geometry group based on a U-Shaped model is
proposed for the segmentation. The proposed segmentation
framework is trained on the selected hyperparameters that
significantly reduce the loss rate and increase the segmentation
accuracy.

[1 The proposed segmentation model results are also
compared to the traditional semantic segmentation models such
as FCN, SegNet, and U-network. The experimental
investigation reveals that the results are far better than those of
traditional segmentation models.

II. RELATED WORKS

The cascaded model is developed for the segmentation. This
method fuses features at distinct levels and combines with the
attention method to concentrate the significant information. The
spatial atrous pyramid attention pooling block is utilized to
extract multiple features. These features are fused fully at every
network layer. The results are computed on 3DIRCADbD and
LiTS datasets with a 0.81 dice score [13-16]. The pyramid-
decoupled correlation model is used for segmentation. This
model performance is accessed on the MICCAI-2017 dataset,
giving dice of 0.76 [17]. The scale attention axis (SAA) model
is proposed for segmentation, and results are computed on the
LiTS2017 dataset that provides a 0.84 dice score [5]. The u-
network is modified skip pathways based on locally
reconstructed features and fusion of the features representing
contextual detailed high-level features information for tumor
segmentation [18, 19]. The results are evaluated on 3DIRCADb
and LiTS datasets with average dice score of 0.77 [20]. The
residual path is added in activation and deconvolution
operations. The skip connection is avoided where low-
resolution feature information is duplicated in U-net. Therefore,
an improved U-net is suggested for segmentation using the
LiTS-2017 dataset that provided a DSC of 0.89 [21]. FCN
model is modified for segmentation based on CT images and
the results are computed on JDRD and 3Dircadb datasets that
provided VOE of 8.1 £ 4.5 and 15.6 + 4.3, respectively [22].
The hybrid densely U-network is proposed for segmentation
that consists of a three-dimensional counterpart for aggregating
hierarchically volumetric features and performing end-to-end
learning. The results of this method are computed on
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3DIRCADDb and MICCAI-1017 datasets [23]. The deeplabv3 is
used for segmentation in which the Pix2pix model is used as the
generation of the adversarial. This model is trained on the multi-
scale cross-entropy loss that provided a 0.97 dice score at the
testing phase [24]. The deep network with the addition of dense-
Unet and pyramid mapping of the features is used for the
segmentation [25]. The two-dimensional E~2-Network is
designed for segmentation [26]. The handcrafted contextual,
range and variance features are extracted from CT liver slices
and fed to the SVM, random forest, and AdaBoost, which
provided 80.06% =+ 1.63% dice score, 82.67% =+ 1.43%
precision, and recall of 84.34% + 1.61% [27]. The deep hybrid
model is used for segmentation using CT images, and results
are computed on 3D-IRCADDb and LiTS datasets that give 0.94
and 0.73 dice score [28]. The hybrid attention connection model
is designed by combining hard and soft attention and short/long
connections of the skip. The cascaded model is also used with
improved loss function for more accurate segmentation of the
infected liver region. The results are computed on two datasets,
such as 3DIRCADDb, with a dice score of 0.95 liver/0.73 tumor
[29]. Watershed and graph-cut methods are used for
segmentation [30]. The two-dimensional U-network is used
with a random forest for segmentation [31]. The U"3 and U"2
networks are used for segmentation. The results are computed
on 3DIRCADD and LiTS datasets that provided liver/tumor
with 0.964/0.733 and 0.963/0.736 dice score [32].

The most recent related works have a gap to improve the
results in terms of accuracy and dice score. Some methods only
calculate the accuracy while dice score is also an important
measure that is not computed. Few articles computed accuracy
and dice score but these results can also be improved by
proposing new method. Therefore, the method is proposed for
segmentation of liver that consists of Local Laplacian Filter to
improve the image quality and Vgg-16 is used with U-net which
is trained on the selected hyperparameters to segment the tumor
more accurately.

III. PROPOSED METHODOLOGY

The semantic segmentation architecture is designed for
segmentation using CT images as illustrated in Figure 1. In the
proposed segmentation model features are derived from the pre-
trained VGG-16 model and provided as input to the U-shaped
model that consists of 51 layers. The proposed model is trained
on the selected hyperparameters such as sgdm optimizer solver,
32 batch-size, and 100 training epochs.
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Original Image

Segmentation

Fig. 1. Proposed semantic segmentation model.

A. Noise Reduction

Local Laplacian filters (LPF) is an operator of edge-aware
where the output of the image O is defined by constructing
{L[O]} coefficient [33]. The coefficient computation is
independent of others. The Laplacian coefficient L,[0](x,y) is
used to estimate the £ level and (X, y) position. Finally, (£,%,y)
coefficient of the pyramid is utilized as the value output of
L,[0](x,y). First, the original image performed point-wise non-
linearity r (.), which relies upon g = G,[I](x,y) pyramid of
Gaussian coefficient at £ level and position (X, y). For example,
when to maximize the detail information, S local U-shaped
curve on g centered that makes values of I near to the g farther
from it leaves distant unchanged values. The results are
combined on different values of g and achieve the outcome. The
LPF is applied on the CT slices as presented in Figure 2.

(a) (b)

Fig. 2. Results of the LPF (a) original CT slice (b) noise reduction.

The LPF parameters are depicted in Table 1.

Table I
Parameters of LPF
Symbol  Values
z 0.2
a 0.2

Table 1 depicts the LPF parameters in which 2=0.2, « = 0.2
values are selected after extensive experiments that provide
better results for noise reduction.

B. Proposed Semantic Segmentation Model

In the proposed model features are extracted from VGG-16 [34]
and passed input to the U-net model [35] as visualized in the
Figure 3. The U-shaped network consists of encoder/decoder
network. The network depth computes the time of the

downsampled/upsampled input image for processing. The
encoder net down samples input through 2P factor, D denotes
the depth of the encoder module. The decoder module up-
sampled the encoder module output through 2P factor.
height — Y2, 2i(c;, — 1) (1)
width — 32, 2i(c,, — 1) )

Here cy, and c,, present height/width of 2D-Conv kernel and
D=3 depth of encoder.

Original

Images U-shaped

7

Segmentation

Fig. 3. Proposed steps of the segmentation model.

The proposed VGG-16-U-Shaped model contains 51 layers,
such as 23 convolutional, 4 max pooling, 4 transposes
convolutional, 4 concatenated, 8 activations, and 7 batch-
normalization as mentioned in Table 2.

Table II
Structure of VGG-16-U-Shaped model
InputLayer None, 224,224,3  Transpo-2D- None, 28,
Conv 28,512
2D-Conv None, 224, 224, Concatenate None, 28,
64 28,1024
2D-Conv None, 224, 224, 2D-Conv None, 28,
64 28,512
2D- None, 112, BatchNorma None, 28,
MaxPooling 112, 64 28,512
2D-Conv None, 112, Activation None,
112,128 28,128,512
2D- None, 56, 56, 2D-Conv None,
MaxPooling 128 28, 28,512
2D-Conv None, 56, 56, BatchNorma None,
256 28,128,512
2D-Conv None, 56, 56, Transpo-2D- None,
256 Conv 56, 56,256
2D- None, 28, 28, Concatenate None,
MaxPooling 256 56, 56, 512
2D-Conv None, 28, 28, 2D-Conv None,
512 56, 56,256
2D-Conv None, 28, 28, BatchNorma None,
512 56, 56,256
2D-Conv None, 28, 28, Activation None,
512 56, 56,256
2D- None, 14, 14, 2D-Conv None,
MaxPooling 512 56, 56, 256
2D-Conv None, 14, 14, Activation None,
512 56, 56,256
2D-Conv None, 14, 14, Transpo-2D- None,
512 Conv 112, 112,
128
2D-Conv None, 14, 14, Concatenate None,
512 112, 112,
256
2D-Conv None, 112, Activation None,
112,128 112, 112,
128
BatchNorma None, 112, 2D-Conv None,
112,128 112, 112,
128
BatchNorma None, 112, Activation None,
112,128 112, 112,
128
Transpo-2D- None, 224,  Concatenate None,
Conv 224, 64 224, 224,
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128
2D-Conv None, 224, 224, BatchNorma None, 224,
64 224, 64
Activation None, 224, 224, 2D-Conv None, 224,
64 224,64
BatchNorma None, 224, 224, Activation None, 224,
64 224, 64
2D-Conv None, 224, 224, 1

Table 3 presents the hyperparameters of proposed VGG-16-
U-Shaped model.

Table II
Hyperparameters of the proposed VGG-16-U-Shaped model
Optimizer solver Sgdm
Epochs 100
Batch size 32

Table 3 depicts the hyperparameters that are used for model
training which provide accurate outcomes for segmentation.

IV. RESULTS

The proposed method segmentation results are validated using
3D-IRCADDb and LiTS datasets. The liver segmentation is
performed using FCN, SegNet, U-net and VGG-16-U-net
models in term of average accuracy, loss rate and dice score.

A. Experiment Design

The proposed method results are evaluated on two publicly
benchmark datasets such as 3D-IRCADb [36] and LiTS [37].
The LiTS17 dataset contains 131 cases of CT images having
512 x 512. 3D-IRCADBD has 20 cases of which 10 are female
and 10 are male. In this dataset 1353 training images with the
corresponding binary masks are included.

The segmentation of liver and liver tumor results are computed
numerically in term of accuracy and DSC.

A B x +d
Y = o+t +w
2(anb
DSC = ( )
a+b

Where o, 0, T, w denotes true positive/negative and false
positive/negative respectively. The achieved segmentation
results are also visually shown with ground masks.

The experiment is performed on Python, Jupyter Notebook,
CORE-17, Nvidia Graphic Card with 2071 RTX GPU, windows
11, operating system.

B. Experiment 1: Segmentation of the Liver and Liver Tumor

In this experiment, the performance of the segmentation
method is accessed using different measures such as IoU, dice
score, and accuracy. The graphical presentation of the presented
model performance is visualized in Figure 4.
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Fig. 4. Graphical presentation of results (a) accuracy (b) dice (c) loss rate.

In this research FCN [38], SegNet [39], U-network, and
proposed method results are implemented to compute the

segmentation results in different iterations as depicted in Table

4.
Table IV
Segmentation of liver in terms of dice using 3D-IRCADb

Iterations FCN SegNet U-net VGG-16-U-Shaped
1-20 0.80 0.79 0.89 0.92
21-40 0.82 0.78 0.90 0.98
41-60 0.83 0.77 0.88 0.98
61-80 0.81 0.70 0.80 0.99
81-100 0.85 0.76 0.86 0.99
101-120 0.86 0.73 0.85 0.99
121-140 0.85 0.71 0.92 0.99
141-160 0.87 0.78 0.91 0.99
161-180 0.84 0.75 0.90 0.99
181-200 0.87 0.71 0.89 0.99

In Table 4 segmentation of the liver is computed using FCN,
SegNet, U-net, and the proposed VGG-16-U-Shaped model. In
this experiment, we achieved maximum dice score of 0.87 on
FCN, 0.79 on SegNet, 0.92 on U-net, and 0.99 on the proposed
segmentation model. The outcomes demonstrate that the
proposed model accurately segments the liver as compared to
traditional segmentation models. The proposed segmentation
model results are also compared to the existing segmentation
model for segmentation of the liver tumor in Table 5.

Table V
Segmentation of liver tumor in term of dice using 3D-IRCADb

Iterations FCN SegNet U-net  VGG-16-U-Shaped
1-20 0.70 0.75 0.88 0.90
21-40 0.83 0.72 0.93 0.97
41-60 0.81 0.79 0.87 0.96
61-80 0.82 0.71 0.89 0.98
81-100 0.87 0.73 0.84 0.95
101-120 0.89 0.79 0.82 0.94
121-140 0.82 0.75 0.90 0.93
141-160 0.81 0.78 0.89 0.92
161-180 0.86 0.72 0.88 091
181-200 0.89 0.79 0.84 0.97

In Table 5, segmentation of liver tumor results are presented
in which we achieved maximum dice score of 0.89 on FCN,
0.79 on SegNet, 0.93 on U-net, and 0.98 on segmentation of the
liver tumor.

The proposed segmentation outcomes on the LiTS17 dataset
are mentioned in Table 6.



AMIN et al.: VISUAL GEOMETRY GROUP BASED ON U-SHAPED MODEL 561

Table VI
Results of segmentation of liver in terms of dice using LiTS17

Iterations FCN SegNet U-net  Proposed VGG-16-U-
Shaped
1-20 0.79 0.78 0.88 091
21-40 0.80 0.77 0.89 0.99
41-60 0.81 0.73 0.87 0.98
61-80 0.80 0.72 0.85 0.95
81-100 0.84 0.71 0.84 0.93
101-120 0.83 0.70 0.83 0.96
121-140 0.82 0.73 091 0.96
141-160 0.86 0.76 0.90 0.99
161-180 0.82 0.77 0.89 0.92
181-200 0.85 0.78 0.82 0.94

Table 6 depicts the segmentation of the liver based on
LiTS17 dataset results in which we achieved a maximum dice
score of 0.86 on FCN, 0.78 on SegNet, 0.91 on U-net, and 0.99
on the Proposed VGG16-U-Shaped model. Table 7 presents the
segmentation of liver tumor outcomes on the LiTS17 dataset.

(@) (b)

Fig. 5. Outcomes of segmentation (a) original CT images (b) segmented

region.

Segmentation outcomes using the 3D-IRCADb dataset are
mentioned in Table 9.

Table IX
Proposed method results of liver tumor segmentation in terms of loss rate
and accuracy based on LiTS17

Table VII
Segmentation of liver tumor results on LiTS17 dataset
Iterations FCN SegNet U-net VGG-16-U-Shaped
1-20 0.68 0.74 0.87 0.92
21-40 0.81 0.71 0.91 0.95
41-60 0.79 0.78 0.85 0.98
61-80 0.79 0.73 0.88 0.99
81-100 0.76 0.75 0.83 0.92
101-120 0.74 0.77 0.81 0.95
121-140 0.73 0.78 0.89 0.96
141-160 0.76 0.79 0.82 0.97
161-180 0.81 0.71 0.86 0.98
181-200 0.85 0.76 0.83 0.99

Table 7 depicts the liver tumor segmentation on the LiTS17
dataset in which the proposed VGG-16-U-Shaped model
performed better compared to FCN, SegNet, and U-net models.
The segmentation results are also computed in terms of binary
accuracy concerning loss rate on benchmark datasets mentioned
in Tables 8 and 9.

Table VIII
roposed method results of segmentation in terms o
f loss rate and accuracy based on 3D-IRCADb

Loss rate Binary Accuracy
0.1388 0.9701
0.0271 0.9861
0.0200 0.9863
0.0186 0.9853
0.0171 0.9858
0.0165 0.9855
0.0160 0.9856
0.0154 0.9859
0.0149 0.9861
0.0152 0.9856

Average 0.98+0.004

Accuracy

Table 8 depicts the segmentation outcomes, in which the
proposed method performance is validated on 100 slices of CT
in terms of binary accuracy and loss rate. The achieved average
accuracy is 0.98+0.004. Figure 5 depicts the segmentation
results.

Loss rate Binary Accuracy
0.1289 0.9801
0.0108 0.9961
0.021 0.9753
0.0159 0.9883
0.0181 0.9808
0.0138 0.9842
0.018 0.9815
0.0163 0.9810
0.0183 0.9820
0.0149 0.9810
Average accuracy 0.9846

Table 9 depicts the segmentation method performance on CT
of the LiTS17 dataset. In this experiment achieved average
accuracy is 0.9846. The proposed method segmentation results
are also mapped on the original images, as presented in Figure

(a) (b) (c) (d)
Fig. 6. Segmentation results (a) original CT slice (b) segmentation (c)
localization (d) mapped segmentation outcomes on input image.

B. Liver Segmentation Results Comparison

Table 10 presents the proposed segmentation method results
in comparison.
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Table X
Proposed segmentation results in comparison to the existing methods

Ref  Years Datasets Methods Results
(Dice)
[7] 2022 3DIRCADb 3D U-Net, superpixel, 0.71+0.07
SVM
[40] 2021 3DIRCADb  Encoder and decoder 0.65
CNN model
[17] 2022 LiTS-2017 Pyramid decoupledco  0.96
rrelation model
[41] 2022 LiTS-2017 Unet, GAN, GLCM 0.67
[42] 2022 3DIRCAD Hybrid residual model ~ 0.72
LiTS-2017
[20] 2022 3DIRCAD HFRU-Net 0.61
LiTS-2017
[43] 2021 3Dircadb Graph cut, region 0.85+0.05
growing, and adaptive
region
Proposed Model  3DIRCADb  VGG-16-U-Shaped 0.99
LiTS-2017 model 0.98

Table 10 contrasts the findings of the proposed method with
existing techniques, including [7] [40] [17] [41] [42] [20] [43].
The three-dimensional U-net model is used with superpixel
SLIC and SVM to segment the 3DIRCADb dataset with
0.71 £ 0.07 dice score [7]. The CNN model based on an encoder
and decoder is presented for segmentation with 0.65 dice [40].
The pyramid decoupled correlation model is used to detect liver
tumors, providing 0.96 dice [17]. The U-net-based generator
and discriminator model are employed with GLCM for liver
tumor detection. This method is tested on the LiTS-2017 dataset
with 0.67 dice scores. The hybrid residual model provides 0.72
dice for liver tumor [42]. The HFRU-Net is designed and
validated on 3DIRCADD and LiTS-2017 datasets that provide
a global DSC of 0.61 [20]. The graph cut, region growing, and
adaptive region methods are used for segmentation. The results
are computed on the 3Dircadb dataset, and it provides a
0.85+0.05 dice score [43].

Compared to existing works, the method proposed for liver
segmentation consists of Local Laplacian Filter to improve the
image quality, and Vgg-16 is used with U-net, which is trained
on the selected hyperparameters to segment the tumor more
accurately.

V. CONCLUSION

Segmentation of the liver is challenging because of its
irregular structure and fuzzy boundaries. Therefore, in this
research semantic segmentation model is proposed by the
combination of VGG16 and U-network. The proposed
segmentation network is trained on selected hyperparameters
that provide more precise segmentation results. The proposed
segmentation approach performance is calculated on two
datasets such as 3DIRCADband LiTS-2017. On the
3DIRCADD dataset, the proposed method provides a 0.99 dice
score on the liver and 0.98 on liver tumor segmentation.
Similarly, the LiTS-2017 proposed method gives a 0.97 dice
score on the liver and 0.98 on the liver tumor. Compared to the
current existing works, the proposed method performed better.
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VI. FUTURE WORK

This work can be deployed in hospitals, and the results can
benefit the radiologists' time analysis and diagnostic accuracy
at an early stage to save the time and cost of treatment. In
addition, the proposed method segments the 2D tumor region.
Future research work might be extended/improved for tumor
3D liver segmentation.

VII. ABBREVIATIONS

All abbreviations used in this work can be indentified in table
11.

Table XI
Abbreviations Table
FCN Fully Convolutional Neural Network
CT Computed Tomography
LI-SLIC Local information based SLIC
SVM Support Vector Machine
LSTM Long Short-Term Memory
DL Deep Learning
SAA Scale Attention Axis
DSC Dice Similarity Coefficient
3D-IRCADb 3D Image Reconstruction for
Comparison of Algorithm Database
VOE Volumetric Overlap Error
MICCALI Medical Image Computing and
Computer-Assisted Intervention
AdaBoost Adaptive Boosting
LPF Local Laplacian Filter
GLCM Gray-Level Co-Occurrence Matrix
HFRU-Net High-Level Feature Fusion and
Recalibration UNet
SLIC Simple Linear Iterative Clustering
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