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ABSTRACT

Liver tumor identification and classification is a
challenging task for radiologists. The Liver parenchyma
must be segmented from the abdomen and the least
variation found in the Liver cells must be accounted as
benign or malignant tumor. CT images still remain one
of the best modality of choice due to its better cross
sectional view, clear spatial resolution, fast interpretation
and high SNR. The other common Liver imaging
modalities are MRI, PET and US. The CT images are
preferred over the competitor MRI due to its low cost.
Computer aided diagnosis (CAD) systems is the area of
medical imaging that serves as the second opinion for
medical practitioner during image interpretation. The
CAD systems are interactive/semi automated and
incorporates the findings of the medical practitioner
before producing the final result. This is in contradictory
with a fully automated system, where all decisions are
taken by the computer software. The CAD systems can
be either based on a single classifier or ensemble/hybrid
model classifier. Ensemble models are preferred over
single classifier models. The unavailability of public
datasets resulted in classifiers which work alone with a
specific dataset. Other CAD systems are also limited to
small private datasets collected from hospitals and
scanning centers. This means that more datasets should
be made public for research and applied for
classification. The different Liver cancer detection
approaches can’t be compared as the performance
measure varies across the CAD systems. But we will
make use of the final performance measure, accuracy
used with the proposed CAD systems to evaluate
classifiers. This paper also emphasis the proposed
methods to improve the accuracy in the existing works.

Key words: CAD system, Computed tomography,
Hepatocellular Carcinoma.
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1.INTRODUCTION

The Liver plays an important role as the detoxification
unit during metabolism, in which the biomolecules are
changed inside the body [1] .It also, has 500 other
different functions and is the only organ that can
completely regenerate itself. A recent database
GLOBOSCAN 2018 estimated the cancer mortality in
185 countries for 36 types of cancer. Liver cancer was
found to be the second in mortality rates of men and
third in mortality rates of women among the
participating countries. There were over 840,000 new
Liver cancer cases worldwide in 2018 [2]. Liver cancer
rates in India increased by 32.2% since 1990 with about
30000 new cases being reported in 2016 [3]. These
surveys show the relevance of Liver cancer detection and
treatment at an earlier stage. Liver diseases are found to
progress from fatty Liver, Fibrosis to Cirrhosis
(Compensated, Decompensated, Cancer) [13]. A
malignant Liver tumor (cancerous) can be classified as
Liver metastatis, Hemangioma or three histological types
of Hepatocellular Carcinoma (HCC) [4]. A Liver cancer
will progress from stage 1 to the final stage 4, if left
untreated. An early detection of Liver cancer, at a
beginning stage using CAD systems is the effective way
to treat the patient.

The CT scanner uses X-ray beams for scanning and
produces DICOM image slices (CT images) of the
scanned area [5]. These CT images are fed to the CAD
system for further analysis, where it is converted to
.PNG, .JPG or .BMP for CAD analysis [22] .Computer
aided diagnosis (CAD) is a [28] semi-automated or
interactive system designed to aid faster diagnosis and
detect false negatives while physicians are interpreting
medical images. [6,14]. CAD systems for any organ are
different from fully automated computerized diagnosis
systems as they aid physician/radiologists to examine
and analyze the results before the final diagnosis [4].
These CAD systems have higher accuracy and are
preffered over fully computerized systems. The Liver
CAD systems has to overcome the challenges such as
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low contrast, high variability in Liver size and shape
across patients[8] and CT image[29] segmentation from
nearby structures such as vertebra ,ribs and abdomen
area. The different techniques used with Liver cancer
detection using CAD systems will be discussed in the
following sections. Our study focuses on Liver cancer
detection, Hepatocellular carcinoma (HCC) the
commonly occurring cancer[20] and is the most critical
stage and might even lead to death of the patient.

2.LIVER CANCER CAD SYSTEMS

The CT scanner scans the abdomen area of the patient
for Liver images. The inputs to a Liver CAD system are
CT image slices. Around 150 DICOM image slices or
more are taken as input to a CAD system. These images
are converted to .PNG, .JPG or .BMP for CAD analysis.
The middle slice is preferred and provides detailed
information [18]. The CT images can be viewed in axial,
coronal or saggital planes as shown in Figure 1. For
example, a 3D CT image can be visualized by three
orthogonal sections: an axial ( z is constant ), coronal (y
is constant ), and sagittal ( x is constant ). [12]

Figure 1 : Liver CT image views(Green appearance) :
Axial, Coronal or Saggital [11]

A simple CAD system for Liver cancer detection is
shown in Figure 2. This system aims to preprocess the
abdomen CT  image, Segment the  Liver
contour/parenchyma, Segment the Liver lesions/ROI —
computerized or medical practioner assisted, ldentify
and select appropriate features of Liver cancer and
classify the tumor as benign or malignant and cancer as
primary or secondary. An optional classification is to
identify the type(Type | to IV) of Liver cancer.
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Figure 2: A simple Liver cancer CAD system

3.PREPROCESSING

The preprocessing step aims to turn off regions not of
interest like suppressing low contrast structural
background [8] or any annotations(film artifacts)[7] ,
enhance signal-to-noise ratio and reduce non-
homogeneity of gray levels [8]. The preprocessing also
aims in contrast enhancement. The preprocessing step
should also aim at minimising the over segmentation
problem [7]. John Stoitsis et al. as well as Vincey Jeba
Malar.VV et al. [10,20] proposed that the structural
background can be suppressed Mean, Laplacian, and
Gaussian filters. Ahmed M. Anter et al. [19] proposed
that Grey scale and Noise removal to focus on Liver
parenchyma can be performed by Adaptive threshold
and morphological operators. Sonali Patil et al. as well
as Ahmed M. Anter et al. [7,19] proposed that Contrast
enhancement can be performed by Histogram
equilization. They also proposed that Film artifacts can
be removed by median filter. Vincey Jeba Malar.V et
al. [20] proposed that Holes can be removed by Dilation
and Erosion. Alaa Salah EI-Din Mohamed et al. [8]
proposed that Blur removal can be performed by Wiener
filter. Aravinda H.L et al. [16] proposed that background
equalization and image enhancement can be done by
Applying threshold and top-hat algorithm. Jayanthi
Muthuswamy et al. [18] proposed that smoothing and
optimal threshold can be obtained using Bilateral filter
and Swarm optimization algorithms such as Mean Grey
Wolf Optimization technique (MGWO). Any appropriate
Linear spatial filtering, Non-linear spatial filtering or
multi resolution filters can even be applied to remove
any further noise. The preprocessing phase should
promote efficiency at both segmenting Liver contour as
well as Liver lesions at later stages.

4. SEGMENTATION OF LIVER CONTOUR
Liver contour or Liver parenchyma segmentation is the

next important step in a CAD system [19]. The major
challenge is to segment adjacent organs such as pancreas
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and stomach as they have similar signal levels compared
to Liver. The time delay in multi-phase CT image slice
acquisition due to respiratory motion of patients also
affects the image quality [14].Liver segmentation
methods can be categorized into two: data-driven
approaches and model-based approaches or region based
and edge based approaches[14,21].In data-driven
approach conventional methods such as thresholding are
used to segment the Liver. Whereas, model-driven
approach makes use of prior knowledge to segment the
Liver. The Liver segmentation problem in CAD systems
mainly performs model driven approach, when multiple
datasets are involved [14]. The edge based approaches
are difficult in Liver segmentation as we don’t finally
end up in a closed loop. Region based approaches work
efficient as they take into account the characteristics of
the nearby pixels. The best methods used here are region
growing, merging/splitting,  watershed  algorithm,
clustering and Level set algorithms [20,21]

Hussein Alahmer et al. [15] models the Liver as the
largest organ in the abdomen CT slice. The Liver
contour is separated by a binary mask as seen in model
driven approach. Then a series of morphological
operations are performed to segment the Liver contour.
Ahmed M. Anter et al[ 19] applied connected
component algorithm to segment the Liver contour. Alaa
Salah EIl-Din Mohamed et al. [8] applied marker-control
watershed transform method to segment the Liver
contour. This transform does edge preservation as well
as non-overlapped regions. Aravinda H.L et al. [16]
proposed segmentation of Liver portion using adaptive
region growing. Jayanthi Muthuswamy et al. [18]
applied Fuzzy C means clustering (FCM) for
segmentation. Vincey Jeba Malar.V et al. as well as
Abdalla Mostafa et. al [20,21] applied region growing
techniques. Huiyan Jiang et al. [9] proposed that
Registration Based Organ Positioning(ROP) serves as an
improvement to the existing methods to identify Liver
contour wherein a float image is taken as the reference
image for image registration. This method will also
account for the difference in physical shape of Liver
images. The commonly used method for liver contour
segmentation are bounding box approaches or depends
on a good reference image to find the largest connected
component.

5.SEGMENTATION OF LIVER LESION /
SELECTION OF ROI

The Liver lesion can now be segmented from the Liver
contour. The segmentation of Liver lesion will be either
automatic or semi-automatic. Here automatic lesion
segmentation doesn’t require human intervention. The
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selection of ROI by a medical practitioner is a guided
process and the lesions generated by the CAD system
will be examined and lead to accurate lesion
segmentation. The algorithms that work with
segmentation of Liver Contour can also be applied to
Liver lesion segmentation. Hussein Alahmer et al. [15]
proposed that the segmented lesion can be divided into
three areas, i.e. inside, outside (surrounding) and
boundary areas. This selection of multiple ROI yields
better results than single ROI selection. As seen in
segmentation of Liver contour, region growing is applied
to segment Liver lesions.The seed pont is selected by
FCM clustering algorithm. Aravinda H.L et al.[16]
proposed Adaptive Region Growing method with Simple
Linear Iterative Clustering for Liver lesion detection.
Jayanthi Muthuswamy et al. as well as Vincey Jeba
Malar.V et al. [18,20] proposed largest connected region
using Label Connected Component (LCC) algorithm to
identify lesions.

6.FEATURE EXTRACTION

The entire image can’t be fed to a classifier or clustering
algorithm as there are plenty of CT image slices and are
having high dimensions. So we select a subset of the CT
image, best features as input to the the classifier for
classifying the Liver Lesions. The commonly taken
features are Shape, Intensity and texture [15][16]. Low-
level features are wusually used for understanding
radiological images [15][17]. John Stoitsis et al. [10]
proposed five texture features based on genetic
algorithms for each tumor. Doron et al. [24] proposed a
combination of texture features and intensity features.
Hussein Alahmer et al. [15] proposed ROI (inside,
boundary, and outside lesion) as the new feature vector.
Aravinda H.L et al. [16] proposed that histogram
features and Gray-Level Co-Occurrence Matrix as the
features. The Liver lesions feature set can also be in
terms of Morphological features like shape, size, edge,
surface roughness, spiculation ; Gray level features like
Contrast, density; and Texture features like Patterns,
homogeneity, gradient, Wavelet features etc.

7.CLASSIFICATION

The features from lesion area can be classified as benign
or a malignant tumor. The next step is to classify the
tumor as primary or secondary tumor [22]. Cancers that
originate in the Liver are called primary Liver cancer.
Others which spread from adjacent organs are called
secondary Liver cancer. [20]. The tumor stage(l to 1V)
and type can also be given as a precise output from the
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classifier. A common type of classification of a hepatic
tissue is into types : Normal, HCC, and Hemangioma
[23]. The comparison on major attributes such as
features, classifier used, dataset, remarks and proposals
from authors, year and accuracy is detailed in Table 1
from the research of recently proposed CAD systems.

Table 1: Comparison of classifier accuracy for Liver

CT images
Author Features Classifier Dataset Remarks and Year Accur
No & Year Proposal acy
(%)
Liver
Tumor Predict
CascadedC Segmentati wh_ethgr
onvolution on Ies!on s
Challenge malignant
alNeuralN .
Nanda Texture etworksan dataset or benign 2019 99.65
N.[26] . 131CT and also %
dGenetical _
N scan other vital
lyOptimise . . !
. images for information
d Classifier e
training about the
and 70 for tumor
testing
Tumor
Spatial segmentatio
Feng Zn d Cascaded 3DIRCAD n accuracy 2019 01.3
X, [27] U-Net dataset needs .
context .
improveme
nt
Liver
Tumor
Segmentati
on
Kakkar Centeroi Atificial Challenge Not applied
P.et d of the Neural dataset to Liver 2018 %11
al. [25] Liver Network( 1s1CT lesions %
’ ANN) scan
images for
training
and 70 for
testing
Hybrid :
Neutrosop
hic sets,
Ahmed Wate_rshed Working
M algorithm, 105 around with
: Intensity and Fast 2018 95%
Anter et samples Complex
al.[19] fuzzy c- datasets
) means
clustering
algorithm
(FFCM)
. Only
Hybrid 20 Patients Contour
FCM and .
Jayanthi Mean Grey - The extracted.
Muthus | Intensity |  Wolf cancer | Comparison | ,1a | gg94
wamy et Ontimizati Imaging with other
Y P Archive optimizatio
al.[18] on
Algorithm (TCIA) n
algorithms
aAravmd More
H.L[16] | Texure | Rough-set 120 number of | 518 | g%
classifier samples disease
classes

8.CONCLUSION

The Liver cancer detection still remains a wide area of
research, with much focus on the commonly occurring
Liver cancer ,Hepatocellular Carcinoma. All research
papers have come up with accuracy as the common
performance evaluation. As we are dealing with medical
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images, ground truth images obtained from medical
practioners must be used for comparisons . Our studies
only considered the classifiers with more than 90%
accuracy. The proposed CAD system is having
segmentation process done as extraction of Liver contour
and Liver tumour done at subsequent steps. The Liver
tumor and lesion classification can either be fully
automated or semi-automated system with manual
intervention. The different levels of classification will
also increase the complexity and selection of the
classifier. The new set of classifiers like CNN, Neuro
fuzzy sets must be focused. A classifier must be chosen
based on accuracy, speed of diagnosis required, time to
train the classifier, robustness in the presence of
noise/outliers and should most importantly work with
varied datasets.
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