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Abstract The span of modern medical imaging provides new and efficient tech-
niques for segmentation of liver that are used by the clinicians to view in order to
diagnose, monitor and treat liver diseases. Liver cancer is one of the most prominent
diseases which cause death. Extraction of liver in different modalities is a difficult
task because of its varying shape, similarity between organ intensities and variability
in liver region intensities. In this review paper, a study has been carried out on liver
segmentation in CT andMRI images with different methodologies and datasets. The
observation has beenmade to highlight the merits, demerits and performancemetrics
of different works published.

Keywords Liver segmentation · Computed Tomography (CT) · Magnetic
Resonance Imagining (MRI)

1 Introduction

Liver is the only body’s largest vascular glandular solid organ found in all vertebrates.
Some of its functions are regulation of glycogen storage, decomposition of red blood
cells, plasma protein synthesis, hormone production and detoxification. In human
beings, it is located in the right upper quadrant of the abdomen, below the diaphragm.
Normally, liver is divided into eight lobes, but from outside it is divided into a larger
right lobe and smaller left lobe [1]. Liver is the only organ capable of regenerating
the lost tissues. Resection of liver lobes will not regrow the lobes; instead, growth
will be with respect to the function restoration not original form.

Tracing of liver is important in medical imaging for obtaining qualitative mea-
surements such as the location finding the region of interest and quantitative mea-
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surements like area, volume or the behavioral analysis of structure anatomy over
time. This provides a good computer-aided diagnosis for feature extraction and char-
acterization of lesions. Accuracy in liver segmentation plays an important role in
diagnosing the liver diseases, liver transplantation and liver resection which help the
patients to survive. Hence, fully automated approaches to segment liver are being
designed which help radiologists to diagnose different types of lesions accurately
with less amount of time. Liver segmentation is still a challenge in diseased liver due
to distortion in liver shape, complexities in liver pathologies, blurred edges and the
presence of hypodense or hyperdense lesions [2].

Diagnosis of liver diseases can be made using various noninvasive imaging
modalities like computed tomography (CT), magnetic resonance imaging (MRI),
ultrasound (US), positron emission tomography (PET) and positron emission
tomography-computed tomography (PET-CT). CT is a noninvasive imaging modal-
ity which combines X-rays and computer technology to produce horizontal images
of the body parts [3]. CT scanners result with thousands of image slices which will
be tedious and time-consuming for radiologists to perform accurate diagnosis [4].
Computed tomography is much preferred by the diagnosticians because of its accu-
rate anatomical information about the structures which are visualized. Supporting
arguments of CT are highly sensitive to distinguish tissue density differences and
get accurate anatomical data. Opposing arguments of CT are less sensitive to patho-
logical information. MRI modality uses strong magnetic field, radio waves and field
gradient to form anatomical pictures and physiological processes of the body in both
health wise and disease wise. Reason to support MRI is that it is highly effective in
showing the difference between healthy and diseased soft tissues in the body, and
reasons to oppose MRI include high cost, long procedure time and patient need to
hold breathe for a longer time.

Various methodologies observed in the study include SLIC super-pixel with
AdaBoost algorithm, graph cutmethod, fully convolution networkwith deeper bottle-
neck architecture, hybrid densely connectedU-Net, statistical shapemodel, Bayesian
probability atlas model with adaptive thresholding, level set method, active contour,
Laplacian mesh optimization method, 3D active surface model used in computed
tomography and magnetic resonance imaging modalities.

2 Literature Review

Many of the computer-aided diagnosis systems developed are semiautomatic and
fully automatic systems using CT and MRI modalities which are observed through
the study discussed in the following section.
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2.1 Liver Segmentation Using Computed Tomography (CT)
Images

Barstugan et al. [5] have put forward an automatic technique for splitting up of liver
on CT images using SLIC super-pixel and AdaBoost algorithm, which uses two
AdaBoost algorithms to train spinal cord and liver with image clustering performed
using SLIC super-pixel algorithm. A fully automatic method (except initial slice
selection) is proposed by Liao et al. [6] using graph cut and border marching to
split up the liver. A fully automatic approach to segment liver from 3D CT scans
based on fully convolution networkwith deeper bottleneck architecture (DBA)which
decreases the number of parameters in the network and increases network depth is
proposed by Jin et al. [7]. Zhang et al. [8] recommended a cascaded structure to
section the liver by utilizing a fully convolution neural network with postprocessing
which refines the liver. Liver segmentation in CT images is developed by Li et al. in
[9] using hybrid densely connected U-Net which produces a coarse segmentation of
liver quickly by training simple ResNet architecture [10] which reduces computation
time. Zheng et al. in [11] projected a methodology to fragment liver in 2D CT images
using statistical shapemodel (SSM)with enforced local statistical features. Farzaneh
et al. [12] put forward a Bayesian probability atlas model with adaptive thresholding
and super-pixel algorithm to segment liver by creating two Bayesian probability
atlases for intensity and location of liver using adaptive thresholding and incorporate
anatomical information with super-pixel algorithm to find final ROI. A noninvasive
approach to segment liver is projected by Saito et al. by [13] using level set method
for multiphase CT images.

2.2 Liver Segmentation Using Magnetic Resonance Imaging
(MRI) Images

Christ et al. [14] submitted algorithm to segment liver with hepatic lesions in MR
images using the cascaded fully convolutional neural network, where preprocessing
is done usingN4Bias Correction algorithm [15], and several data augmentation steps
are included to increase the training set like elastic deformation, translation, rotation,
addition of Gaussian noise with standard deviation. Fully automated approach for
breaking up the liver is preferred by Mohamed et al. [16] which uses active contours
by considering image enhancement phase, liver localizationphase, liver segmentation
phase and segmented result enhancement phase. Liver fragmentation usingLaplacian
mesh optimization which is a semiautomatic model is suggested by Chartrand et al.
[17]. Bereciartua et al. [18] proposed a novel approach to segment liver using compact
descriptor integrated into 3D active surfaces inmultiple sequenceMRI images which
use multi-sequential spatial descriptor, namely axial gap, axial arterial, axial venous,
late axial (VIBE sequences) and blade which comprises of spatial variation.



634 T. M. Geethanjali and Minavathi

3 Methodologies

Observations made in the study for segmentation of liver based on techniques are dis-
cussed in the following section using computed tomography andmagnetic resonance
imaging modalities.

3.1 Liver Segmentation Methods Using Computed
Tomography Images

Ecabert et al. [4] use AdaBoost classifier constructed using decision trees and trained
on patches of 3 × 3, 5 × 5, 7 × 7, 9 × 9. It is used to train liver and spinal cord
which consist of base learners which were taken as 100, and classification result was
based on weight voting given in Eq. (1)

H (x) � sign
T∑

t�1

(atht(x)) (1)

where at, ht are referred as weight and base learner, respectively. SLIC super-pixel
algorithm used in [19] is faster and efficient compared to existing super-pixel algo-
rithmwhich adapts k-meansmethod for super-pixel algorithmwhich is used to cluster
the image.

Liao et al. of [6] come up with an unsupervised method for selecting a initial slice
and segmented using density peak clustering technique [20] which divides it into
three clusters. Author uses minimization energy function in Eq. (2) using graph cut
method [21] which integrates intensity model, PCA-based appearance model and
location constrained used to iteratively recognize liver in the remaining slices.

E(f ) �
∑

p∈P

(
α · Fintensity

(
fp

)
+ β · FPCA

(
fp

)) · flocation
(
fp

)
+

∑

p∈P,q∈Np
B(fp, fq) (2)

where P is the set of pixels of image f ,Np is the set of neighborhood pixels, α and
β are the weights of the intensity and appearance penalties, and α + β � 1. Lastly,
under-segmented vessels are compensated using marching of liver border.

Jin et al. [7] build a new FCN-based liver segmentation U-Net referring to the
classical deep convolutional U-Netmodel proposed byRonneberger et al. [22]. FCN-
based liver segmentation U-Net is build along with three DBAs (deeper bottleneck
architectures) to decrease the number of network parameters and increase the hidden
layer, which varies with height, width and number of channels with 53 convolution
layers called as U-Net-53. The data augmentation (move, rotation, mirror, noise, cut)
is also done in this method to increase the performance compared to Ben-Cohen et al.
[23] and Christ et al. [24] who use fully convolution neural network.
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Zhang et al. [8] build 21 layers of fully convolutional neural network, i.e., 15
convolution layers, 3 pooling layers and 3 deconvolutional layers followed by ReLU
[25], inspired by the U-Net of [22] to segment liver and generate probability map.
Batch is normalized after convolution using mean and standard deviation [26]. To
balance class, weighting factor ω is introduced in the cross-entropy loss function F�

of the FCN, which is given in Eq. (3)

F� � −1

n

N∑

i�1

ωi
[
p̂i log pi +

(
1 − p̂i

)
log(1 − pi)

]
(3)

where pi is the probability of foreground pixel and p̂i is ground truth. Three post-
processing models level set based, graph cut based and conditional random field are
used for comparison with the probability map to increase the accuracy.

Li et al. [9] proposed a hybrid densely connected U-Net which includes both
2D Dense U-Net f2d extracts intra-slice features and 3D Dense U-Net f3d extracts
volumetric inter-slice features, and optimized using hybrid feature fusion (HFF) layer
for segmentation of both liver and its lesions; 2D Dense U-Net follows the structure
of Dense-Net-161 [27], which is extended to 167 layers called 2DDense U-Net-167.
The feature maps and score maps of 2D Dense U-Net are given in Eq. (4) as follows:

X2d � f2d (I2d ; θd );X2d ∈ R12nX 224X 224X 64

Ŷ2d � f2dcls(X2d ; θ2dcls); Ŷ2d ∈ R12nX 224X 224X 3 (4)

where X2d is feature map, Ŷ2d is predicted pixel-wise probabilities corresponding to
the input three adjacent slices and I2d input samples of 2D Dense U-Net. The feature
maps and score maps of 2D Dense U-Net transformed to volumetric are given in
Eq. (5) as follows:

X ′
2d � f −1(X2d ) ;X

′
2d ∈ Rnx224X 224X 12X 64

Ŷ ′
2d � f −1

(
Ŷ2d

)
; Ŷ ′

2d ∈ RnX 224X 224X 12X 3 (5)

The learning process of 3D Dense U-Net is described in Eq. (6)

X3d � f3d (I , Ŷ
′
2d ; θ3d ),

Z � X3d + X ′
2d (6)

where X3d denotes the feature volume from layer in 3D Dense U-Net-65 and Z
denotes the hybrid feature. Features are learned and optimized using HFF layer as
shown in Eq. (7)

H � fHFF (Z ; θHFF )

ŷh � fHFFcls(H ; θHFFcls) (7)
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where H denotes the optimized hybrid features and ŷh denotes pixel-wise probabil-
ities generated from HFF layer.

Zheng et al. in [11] project a segmentation model (F) based on statistical shape
prior model by applying PCA on signed distance function (SDF), global Gaussian
fitting energy (FG) in Eq. (9) and local statistical consistency energy (FL) in Eq. (10)
to move the contour toward the liver boundary which is given in Eq. (8)

F(α;XT ; f1; f2) � w1FG + w2FL (8)

FG �
2∑

i�1

λiAi

2
log(

∫

Ω1

(AiI(x) − ∫Ω1 I(x)dx)
2

A3
i

dx) (9)

FL � v1

∫

Ω1

|F(x) − f 1|2dx + v2

∫

Ω2

|F(x) − f 2|2dx (10)

whereAi represents number of pixels in background and foreground, f1 and f2 denote
representative features, w1, w2, λ1, λ2, v1, v2 are parameters to balance inside and

outside local and global energy, Ω1 �
{
x : Φ̂T (x) > 0

}
,Ω2 �

{
x : Φ̂T (x) < 0

}

and XT is parameter vector of geometric transformation.
Farzaneh et al. [12] use the Bayesian-based method [28] for liver segmentation

creating two atlases, where one atlas based on location and the other atlas based on
intensity. The overall probability of the liver pixel is defined in Eq. (11)

P(L|(i, j), I ) � P(I , (i, j)|L)P(L)

P(I , (i, j)|L)P(L) + P(I , (i, j)|L′)P(L′)
(11)

where P(L|(i, j)) is location probability and P(L|I) is the intensity probability. New
intensity probability atlas P(I|L)new is created, where probability of the pixel is cal-
culated as Eq. (12)

Pnew(L|I , (i, j)) ∝ P(L|I )newP(L|i, j) (12)

Authors propose adaptive thresholding for each slice with cut-off value t which
is calculated using Eq. (13) and optimum threshold value th with step wise 
.

f (t) � ||Pnew ≥ t − 
||0 − ||Pnew ≥ t||0
||Pnew ≥ t||0

th � argmin(f (t)) (13)

where Pnew ≥ t is a binary image with the pixel value of 1 and ||.|| 0 denotes the
norm zero.

Saito et al. [13] proposed a level set based method to segment liver in multiple
phases (non-contrast, early arterial phase, portal phase, equilibrium phase of CT
images). In non-contrast phase bone is detected and used as a predefined template in
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contrast phases for bone detection. For segmenting the liver, Chan–Vese-based [29]
level set method is applied with the following Eq. (14)

F(c+, c−,C) � μlength(C) + vArea(Inside(c)) + λ+
∫

inside(c)

∣∣u0(x, y) − c+
∣∣2dx dy

+ λ−
∫

outside(c)

∣∣u0(x, y) − c−∣∣2dx dy (14)

where μ0 is a pixel value of image, C is the boundary of a closed set and c+, c− are
the values of u respectively inside and outside of C.

3.2 Liver Segmentation Methods Using Magnetic Resonance
Imaging Images

Christ et al. [14] proposed a cascaded fully convolutional neural network to segment
liver and its lesion for both CT and MRI volumes which is the extension of [30].
U-Net architecture [22] is used to find soft label probability maps by combining
spatial and contextual information which consists of 19 convolution layers. With
reference to [31], class balancing is important in training the network to segment
small structures like lesions, so additional weighting factor ωclass is introduced in
cross-entropy loss function L Eq. (15) of FCN

L � −1

n

N∑

i�1

ωclass
i [P̂i logPi + (1 − P̂i) log(1 − Pi) (15)

where Pi is the probability of voxel i belonging to the foreground, P̂i is the ground
truth. It also uses pretrained U-Net models provided by Ronneberger et al. [22], who
were trained on cell image segmentation data; 3D dense conditional random field
(CRFs) is used as a postprocessing technique proposed by [32] to get final segmented
volume.

Mohamed et al. [16] use the active contour to automatically segment liver in MRI
images. The first active contour model was developed by Kass et al. [33]. In active
contour, initialization of curve is done by user and snake moves and deforms toward
boundary. Snake is derived from the three energy functions given in Eq. (16)

Esnake � Eint + Eext + Econs (16)

Eint � Eelastic + Ebending �
∫

s

1

2
(α|vs|2 + β|vss|2) (17)
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Eext �
∫

s

Eimage(V(s))ds (18)

where Eint, Eext , Econs are internal energy mentioned in Eq. (17), external energy cal-
culated using Eq. (18) and constrained energy, respectively, and α, β are the weights.

Chartrand et al. [17] developed Laplacian mesh optimization framework, a semi-
automatic method to segment liver in both MRI and CT images. Initial shape was
generated by a few contours carried out by users. Preserving the smoothness of the
shape by using discrete Laplacian operator discussed by Nealen et al. [34] set to a
target value of 0. The Laplacian energy function which is to be minimized is given
in Eq. (19)

EL
(
V ′) �∝

n∑

i�1

w2
i (ti − v′

i)
2 +

∥∥LV ′∥∥2
(19)

where V′, vi, ti, wi, L are new vertex, target, weight and Laplacian matrix which
represents delta coordinates obtained by applying discrete Laplace operator on the
previously introduced mesh, respectively.

Bereciartua et al. [18] put forward 3D active surface model which takes the work
of Bresson and Chan [35] to segment liver which combines active contours without
edges (ACWE) introduced byChan et al. [36] and the geodesic active contours (GAC)
developed by Caselles et al. [37]. Chan and Vese [38] stated the energy functional
model of ACWE to minimize is expressed in Eq. (20) as follows:

EACWE(Ωc, c1, c2, λ) � Per(Ωc) + λ

∫

Ωc

(c1−I(x, y))2dx dy

+ λ

∫

Ω\Ωc

(c2−I(x, y))2dx dy (20)

where I(x, y) is the image, Ωc is a subset of the image domain bounded by closed
contour, Per Ωc is the perimeter of the set Ωc, λ is a positive parameter, c1 and c2
∈ R. The energy functional model of GAC is expressed in Eq. (21) as follows:

EGAC(c) �
∫

s

g ds (21)

where g is an edge detecting function, and s is the arc length parameter along the
contour C.
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4 Discussion

Table 1 furnishes the digest of different liver slicing that confers about the litera-
ture survey along with techniques, year, datasets, outcomes, merits and demerits for
each work carried on computed tomography volumes. Each of the study discussed
uses different metrics used to measure the performance and varying datasets. The
different approaches used by authors to segment liver CT images pose certain diffi-
culties to analyze the performance. These difficulties are due to the use of different
datasets, assumptions, different metrics to measure performance, image dimensions
with different phases and ground truth marking done manually by radiologists.

The literature review in Table 2 presents with a digest consisting of diverse tech-
nologies, results with advantages and drawbacks of the whole lot on MRI Images for
division of liver. Similar to CT images, performance analysis is also difficult mainly
due to non-availability of public dataset, non-identical methodologies, assumptions
made, varying datasets, ground truth marking done by various radiologists and dif-
ferent performance metrics used.

In this paper, observations have been made on different methods to segment liver
and planning to develop a cascaded structure using fully convolution neural network
one for liver and another for lesion segmentation using both computed tomography
and magnetic resonance imaging volumes with multiple phases (both with contrast
andwithout contrast). The factors decided to be consideredwhile designing the struc-
ture includes reducing the computational cost, increasing the depth of the network,
improving the accuracy of segmentation, decreasing number of parameters used in
the network, reducing the training time by using pretrainedmodels, considering leaky
problem when the liver contour is not clear, decreasing the number of assumptions
and work on huge datasets (both public and clinical datasets).

5 Conclusion

Liver segmentation used for lesion classification is difficult because of its shape
and appearance which varies from person to person and similar intensities reside
with liver and other organs surrounded it. From the discussion, we can observe that
few algorithms are semiautomatic which have user interactions, very few methods
worked for both CT and MRI images, leakage problem when liver boundary is not
clear, less work onmultiple sequences inMRI images, worked using limited datasets,
abnormalities in tissues, training time and computationally time are high. Due to all
these factors, there is still scope for developing fully automatic methods on larger
datasets (both public and clinical) to segment liver and lesion accurately in bothMRI
and CT images.



640 T. M. Geethanjali and Minavathi

Ta
bl
e
1

O
ve
rv
ie
w
of

liv
er

sl
ic
in
g
in

C
T
im

ag
es

R
ef
.N

o.
Y
ea
r

M
et
ho
ds

D
at
as
et
s

O
ut
co
m
es

M
er
its

D
em

er
its

[5
]

20
18

SL
IC

su
pe
r-
pi
xe
l

al
go
ri
th
m
s,
A
da
B
oo
st

cl
as
si
fie

r

R
ad
io
lo
gy

D
ep
ar
tm

en
t

in
Se

lc
uk

U
ni
ve
rs
ity

(1
6
im

ag
es
)

Fo
r
3

×
3
pa
tc
h

Se
n-

95
.3
6

±
4.
6

Sp
e-

98
.2
9

±
1.
6

A
cc
-
97
.8
5

±
1.
5

Pr
e-

89
.8
4

±
9.
4

D
ic
e-

92
.1
3
±

5.
2

Ja
cc
ar
d-

85
.8

±
8.
6

SS
IM

-
94
.3

±
2.
1

1.
A
ut
om

at
io
n
of

lo
ca
tin

g
se
ed

po
in
t

in
liv

er
re
gi
on

2.
Fa
st
er

an
d
ef
fic
ie
nt

co
m
pa
re
d
to

ex
is
tin

g
su
pe
r-
pi
xe
l

al
go

ri
th
m

1.
W
or
ke
d
on

lim
ite

d
da
ta
se
ta
nd

no
t

ge
ne
ra
liz

ed

[6
]

20
17

G
ra
ph

cu
tw

ith
bo
rd
er

m
ar
ch
in
g

Si
lv
er

07
,M

IC
C
A
I

20
07
,X

H
C
SU

14
(l
oc
al
da
ta
ba
se
)

Si
lv
er

07
V
O
E
-
5.
8

±
3.
2%

R
V
D
-
−0

.1
±

4.
1%

A
SD

-
1.
0

±
0.
5
m
m

R
M
SD

-
2.
0

±
1.
2
m
m

M
SD

-
21
.2

±
9.
3

T
im

e-
4.
7
m
in

1.
W
or
ks

w
ith

lo
w

co
nt
ra
st
,v
ar
yi
ng

in
te
ns
iti
es

an
d

ty
pi
ca
ls
ha
pe
s

2.
A
cc
ur
at
e

se
gm

en
ta
tio

n
w
he
n

liv
er

an
d
its

ve
ss
el
s

ar
e
he
te
ro
ge
ne
ou
s

1.
Po

or
re
su
lts

w
ith

se
ri
ou
s
pa
th
ol
og
ic
al

ch
an
ge
s
in

liv
er

2.
Se

m
ia
ut
om

at
ic
du

e
to

m
an
ua
ls
el
ec
tio

n
of

in
iti
al
sl
ic
e

[7
]

20
17

Fu
lly

co
nv
ol
ut
io
n

ne
tw
or
k
w
ith

de
ep
er

bo
ttl
en
ec
k
ar
ch
ite

ct
ur
e

3D
-I
R
C
A
D
b

(2
0
im

ag
es
)

D
ic
e-

95
.7
%

V
O
E
-
6.
5

R
V
D
-
1.
0

A
SD

-
1.
2

M
SD

-
18
.3

1.
N
um

be
r
of

ne
tw
or
k

pa
ra
m
et
er
s
is

de
cr
ea
se
d

2.
L
es
s
de
pe
nd
en
to

n
ap
pe
ar
an
ce

an
d

m
or
e
ad
ap
tiv

e
to

di
ff
er
en
tt
yp
es

of
liv

er

1.
D
B
A
us
ed

in
FC

N
to

in
cr
ea
se

th
e

pe
rf
or
m
an
ce

in
tu
rn

in
cr
ea
se
s
th
e

co
m
pu
ta
tio

na
lc
os
t

(c
on
tin

ue
d)



Review on Recent Methods for Segmentation of Liver … 641

Ta
bl
e
1

(c
on
tin

ue
d)

R
ef
.N

o.
Y
ea
r

M
et
ho
ds

D
at
as
et
s

O
ut
co
m
es

M
er
its

D
em

er
its

[8
]

20
17

Fu
lly

co
nv
ol
ut
io
n

ne
tw
or
k
w
ith

po
st
pr
oc
es
si
ng

3D
-I
R
C
A
D
b

(1
5
tr
ai
ni
ng
,5

te
st
in
g)

F
C
N
+
C
R
F

V
O
E
-
5.
93

R
V
D
-
1.
34

A
SD

-
0.
77

M
SD

-
6.
97

D
ic
e-

96
.2
6%

F
C
N
+
L
S

V
O
E
-
6.
16

R
V
D
-
1.
05

A
SD

-
0.
72

M
SD

-
5.
84

D
ic
e-

96
.1
0%

F
C
N
+
G
C

V
O
E
-
6.
72

R
V
D
-
−0

.0
2

A
SD

-
0.
83

M
SD

-
8.
69

D
ic
e-

95
.4
1

1.
G
oo
d
se
gm

en
ta
tio

n
ac
cu
ra
cy

1.
Pr
ed
efi
ne
d
sh
ap
e

pr
io
rs

[9
]

20
17

H
yb
ri
d
de
ns
el
y

co
nn
ec
te
d
U
-N

et
M
IC
C
A
I

20
17

L
iT
S
C
ha
lle
ng
e

D
ic
e-

96
.5
%

1.
G
en
er
al
iz
ed

ne
ur
al

ne
tw
or
k

ar
ch
ite

ct
ur
e
ca
n
be

us
ed

fo
r
ot
he
r

ap
pl
ic
at
io
n

2.
Pe
rf
or
m
an
ce

in
cr
ea
se
s
du

e
to

us
e

of
pr
et
ra
in
ed

m
od
el

1.
H
ug
e
tr
ai
ni
ng

tim
e

fo
r
H
-D

en
se

U
-N

et
(3
0
ho
ur
s)

2.
U
se

of
pr
et
ra
in
ed

m
od
el

(c
on
tin

ue
d)



642 T. M. Geethanjali and Minavathi

Ta
bl
e
1

(c
on
tin

ue
d)

R
ef
.N

o.
Y
ea
r

M
et
ho
ds

D
at
as
et
s

O
ut
co
m
es

M
er
its

D
em

er
its

[1
1]

20
17

St
at
is
tic

al
sh
ap
e
m
od

el
(S
SM

)
w
ith

en
fo
rc
ed

lo
ca
ls
ta
tis
tic

al
fe
at
ur
e

3D
-I
R
C
A
D
b

SL
IV

E
R
07

(o
nl
y
tr
ai
ni
ng

pa
rt
)

SI
LV

E
R
07

V
O
E
-
7.
6

R
V
D
-
−0

.1
A
SD

-
0.
8

R
M
SD

-
1.
5

M
SD

-
20
.8

3D
-I
R
C
A
D
b

V
O
E
-
6.
5

R
V
D
-
4.
1

A
SD

-
1.
9

R
M
SD

-
2.
1

M
SD

-
18
.9

1.
L
es
s
us
er

in
te
ra
ct
io
n

2.
le
ss

tr
ai
ni
ng

da
ta
se
t

3.
L
iv
er

ex
tr
ac
tio

n
fr
om

am
bi
gu
ou
s

bo
un
da
ri
es
,l
ar
ge

in
te
ns
ity

an
d
sh
ap
e

va
ri
at
io
n,

an
d

ha
nd

le
pa
th
ol
og

ic
al

liv
er

1.
Sh

ap
e
pr
io
r
an
d

st
at
is
tic

al
im

ag
e

in
te
ns
ity

in
fo
rm

at
io
n
ar
e

de
fin

ed
2.

Se
m
ia
ut
om

at
ic

ap
pr
oa
ch

3.
L
iv
er

sh
ou
ld

ha
ve

on
ly

on
e
co
nn
ec
te
d

co
m
po
ne
nt

[1
2]

20
17

B
ay
es
ia
n
pr
ob

ab
ili
ty

at
la
s
m
od

el
w
ith

ad
ap
tiv

e
th
re
sh
ol
di
ng

an
d
su
pe
r-
pi
xe
ls

8
pa
tie

nt
s
to
ta
l3

32
C
T

im
ag
es

us
ed

to
cr
ea
te

tw
o
at
la
se
s.
Te
st
ed

on
50
3
sl
ic
es

fr
om

10
pa
tie

nt
s

7
se
ts
fr
om

U
ni
ve
rs
ity

of
M
ic
hi
ga
n
H
os
pi
ta
l

an
d

3
se
ts
fr
om

V
ir
gi
ni
a

C
om

m
on

W
ea
lth

U
ni
ve
rs
ity

H
os
pi
ta
l

D
ic
e-

93
.5
%

Ja
cc
ar
d-

87
.9
%

Se
n-

90
.6
%

Sp
e-

99
.5
%

1.
W
or
ke
d
on

liv
er

in
ju
re
d
by

tr
au
m
a

2.
Fu

lly
au
to
m
at
ed

1.
A
tla
s
do
es

no
t

ca
pt
ur
e
fu
ll

va
ri
ab
ili
ty

2.
G
eo
m
et
ri
ca
l

st
ru
ct
ur
e
an
d

lo
ca
tio

n
ar
e

as
su
m
ed

to
be

sa
m
e

fo
r
al
lp

at
ie
nt
s

(c
on
tin

ue
d)



Review on Recent Methods for Segmentation of Liver … 643

Ta
bl
e
1

(c
on
tin

ue
d)

R
ef
.N

o.
Y
ea
r

M
et
ho
ds

D
at
as
et
s

O
ut
co
m
es

M
er
its

D
em

er
its

[1
3]

20
17

L
ev
el
se
tm

et
ho
d
fo
r

m
ul
tip

ha
se

C
T
im

ag
es

R
ea
ld

at
a

N
on

-c
on

tr
as
t

Ja
cc
ar
d-

86
.6
%

A
PT

-
1.
80

s/
sl
ic
e

E
ar
ly

ar
te
ri
al

ph
as
e

Ja
cc
ar
d-

84
.8
%

A
PT

-
1.
97

s/
sl
ic
e

P
or
ta
lp

ha
se

Ja
cc
ar
d-

83
.8
%

A
PT

-
2.
02

s/
sl
ic
e

E
qu

ili
br

iu
m

ph
as
e

Ja
cc
ar
d-

84
.0
%

A
PT

-
1.
98

s/
sl
ic
e

1.
A
pp

lie
d
on

m
ul
tip

le
ph
as
es

of
C
T

im
ag
es

2.
E
ac
h
ph

as
e
is

in
de
pe
nd
en
to

n
ot
he
r
ph
as
es

in
th
is

m
et
ho
d

3.
M
et
ho
d
is
ro
bu
st

be
ca
us
e

pr
ep
ro
ce
ss
in
g
is

do
ne

ba
se
d
on

an
at
om

y

1.
L
ow

co
nv
er
ge
nc
e
to

co
nv
ex

pa
rt
of

liv
er

re
gi
on

be
ca
us
e
of

co
ns
ta
nt

si
ze

of
m
or
ph
ol
og
ic
al

fil
te
rs

Se
ns
iti
vi
ty

(S
en
),
Sp

ec
ifi
ci
ty

(S
pe
),
A
cc
ur
ac
y
(A

cc
),
Pr
ec
is
io
n
(P
re
),
D
ic
e
C
o-
ef
fic
ie
nt

(D
ic
e)
,
Ja
cc
ar
d
In
de
x
(J
ac
ca
rd
),
St
ru
ct
ur
al

Si
m
ila

ri
ty

In
de
x
M
et
ri
c

(S
SI
M
),
V
ol
um

et
ri
c
O
ve
rl
ap

E
rr
or

(V
O
E
),
R
el
at
iv
e
V
ol
um

e
D
if
fe
re
nc
e
(R
V
D
),
A
ve
ra
ge

Sy
m
m
et
ri
c
Su

rf
ac
e
D
is
ta
nc
e
(A

SD
),
R
oo
t
M
ea
n
Sq

ua
re

Sy
m
m
et
ri
c

Su
rf
ac
e
D
is
ta
nc
e
(R
M
SD

),
M
ax
im

um
Sy

m
m
et
ri
c
Su

rf
ac
e
D
is
ta
nc
e
(M

SD
),
A
ve
ra
ge

R
un
ni
ng

T
im

e
(T
im

e)
,A

ve
ra
ge

Pr
oc
es
si
ng

T
im

e
(A
T
P)
,S

im
ila
ri
ty

In
de
x

(S
I)



644 T. M. Geethanjali and Minavathi

Ta
bl
e
2

O
ut
lin

e
of

liv
er

di
vi
si
on

in
M
R
I
im

ag
es

R
ef
.n
o.

Y
ea
r

M
et
ho
ds

D
at
as
et
s

R
es
ul
ts

M
er
its

D
em

er
its

[1
4]

20
17

C
as
ca
de
d
fu
lly

co
nv
ol
ut
io
n
ne
tw
or
k

M
R
I-
D
W

C
or
on
al
T
2W

an
d
ax
ia
l

T
1W

V
O
E
-
23

R
V
D
-
14

A
SD

-
5.
2

M
SD

-
13
5.
3

D
ic
e-

87
%

1.
W
or
k
is
ca
rr
ie
d
on

he
te
ro
ge
ne
ou
s
lo
w

co
nt
ra
st
vo
lu
m
es

2.
D
at
a
au
gm

en
ta
tio

n
on

tr
ai
ni
ng

da
ta
to

le
ar
n
m
or
e

in
va
ri
ab
ili
tie

s
of

liv
er

3.
N
et
w
or
k
ut
ili
ze
s

bo
th

se
m
an
tic

an
d

sp
at
ia
li
nf
or
m
at
io
n

4.
U
til
iz
es

pr
et
ra
in
ed

m
od
el
pr
ov
id
ed

by
R
on

ne
be
rg
er

et
al
.

tr
ai
ne
d
on

ce
ll

se
gm

en
ta
tio

n
5.

T
ra
in
in
g
m
od
el
is

re
le
as
ed

w
hi
ch

ca
n

be
ut
ili
ze
d
by

ot
he
r

re
se
ar
ch
er
s

1.
Fi
nd
in
g
pa
ra
m
et
er
s

of
C
R
F
in

he
te
ro
ge
ne
ou
s

sh
ap
e
st
ru
ct
ur
e
an
d

ap
pe
ar
an
ce

fo
r

le
si
on

s
is

tim
e-
co
ns
um

in
g
an
d

ha
rd

2.
L
es
io
n

se
gm

en
ta
tio

n
ac
cu
ra
cy

is
lo
w

co
m
pa
re
d
w
ith

liv
er

se
gm

en
ta
tio

n

[1
6]

20
17

A
ct
iv
e
co
nt
ou
r

M
R
I
w
ith

ty
pe

T
1
of

21
pa
tie

nt
s

is
co
lle

ct
ed

fr
om

va
ri
ou
s
C
en
te
rs

D
ic
e-

95
%

1.
D
et
ec
tio

n
of

liv
er

is
ba
se
d
on

an
at
om

ic
al

fe
at
ur
es

ra
th
er

th
an

se
tti
ng

m
an
ua
ls
ee
d

po
in
ts

2.
Fu

lly
au
to
m
at
ic

1.
L
ea
k
pr
ob
le
m

w
he
re

liv
er

co
nt
ou
r
is
no
t

cl
ea
r

(c
on
tin

ue
d)



Review on Recent Methods for Segmentation of Liver … 645

Ta
bl
e
2

(c
on
tin

ue
d)

R
ef
.n
o.

Y
ea
r

M
et
ho
ds

D
at
as
et
s

R
es
ul
ts

M
er
its

D
em

er
its

[1
7]

20
16

L
ap
la
ci
an

m
es
h

op
tim

iz
at
io
n

20
M
R
da
ta
se
tw

ith
G
ra
di
en
tr
ec
al
le
d
ec
ho

(G
R
E
)
se
qu

en
ce

w
ith

co
nt
ra
st
co
lle

ct
ed

fr
om

M
on
tr
ea
lu

ni
ve
rs
ity

H
os
pi
ta
lc
en
te
r

V
O
E
-
7.
6

R
V
D
-
1.
6

A
SD

-
1.
5

1.
G
oo
d
re
su
lt
on

M
R

vo
lu
m
es

w
ith

in
te
ns
ity

in
ho
m
og
en
ei
ty

2.
Fr
ee

fr
om

tr
ai
ni
ng

1.
L
iv
er

co
nt
ou
r

dr
aw

in
g
of

us
er
s

us
ed

in
3D

m
od
el

2.
Se

m
ia
ut
om

at
ic

3.
Pe
rf
or
m
an
ce

de
cr
ea
se
s
du

e
to

br
ea
th
in
g
ar
tif
ac
ts
,

ar
tif
ac
ts
of

m
et
al

an
d
ai
r/
tis
su
es

an
d

th
ic
kn

es
s
of

sl
ic
e

[1
8]

20
16

3D
ac
tiv

e
su
rf
ac
e

m
od
el

R
ad
io
lo
gy

D
ep
ar
tm

en
t

of
C
lín

ic
a
V
ic
en
te
Sa

n
Se
ba
st
iá
n
(I
M
Q
)

Se
qu

en
ce

ar
e
T
2
B
la
de
,

V
IB

E
:a
xi
al
ga
p,

V
IB

E
:a
xi
al
A
rt
er
ia
l,

V
IB
E
:a
xi
al
V
en
ou
s,

V
IB

E
:l
at
e
ax
ia
l

V
O
E
-
2.
08

±
1.
83

R
V
D
-
2.
11

±
1.
93

A
SD

-
0.
93

±
0.
77

R
M
SD

-
2.
29

±
1.
69

M
SD

-
10
.7
2

±
7.
61

A
cc
-
99
.8
0

±
0.
19

D
ic
e-

98
.5
9

±
0.
01

1.
E
xe
cu
te
s
ov
er

vo
lu
m
e
in

st
at
is
tic

al
m
od
el

2.
M
ul
tip

le
se
qu
en
ce
s

ar
e
em

be
dd
ed

in
a

co
m
pa
ct
fr
am

ew
or
k

w
he
re

di
m
en
si
on

al
ity

w
ill

no
ti
nc
re
as
ed
,w

hi
ch

im
pr
ov
es

se
gm

en
ta
tio

n
ac
cu
ra
cy

1.
M
ul
tip

le
se
qu

en
ce
s

us
ed

at
th
e
sa
m
e

tim
e
ne
ed

ex
tr
a
sc
an

tim
e
an
d
ne
ed

ne
ce
ss
ar
y
im

ag
e

al
ig
nm

en
t



646 T. M. Geethanjali and Minavathi

References

1. Skandalakis JE, Skandalakis LJ, Skandalakis PN, Mirilas P (2004) Hepatic surgical anatomy.
Surg Clin North Am 84:413–435

2. Lu D, Wu Y, Harris G, Cai W (2015) Iterative mesh transformation for 3D segmentation of
livers with cancers in CT images. Comput Med Imaging Graph 43:1–14

3. Abdelwaha R, Abdallah Y, Hayder A, Wagiallah E (2014) Application of texture analysis
algorithm for data extraction in dental X-ray images. Int J Sci Res (IJSR) 3(10):1934–1939

4. Ecabert O et al (2008) Automatic model-based segmentation of the heart in CT images. IEEE
Trans Med Imag 27(9):1189–1201

5. Barstugan M, Ceylan R, Sivri M, Erdogan H (2018) Automatic liver segmentation in abdomen
CT images using SLIC and AdaBoost algorithms. ICBBB, Tokyo, Japan, 18–20 Jan 2018

6. Liao M et al (2017) Automatic liver segmentation from abdominal CT volumes using graph
cuts and border marching. Comput Methods Programs Biomed

7. Jin X, Ye H, Li L, Xia Q (2017) Image segmentation of liver CT based on fully convolutional
network. In: 10th international symposium on computational intelligence and design

8. Zhang Y, Zhiqiang H, Zhong C, Zhang Y, Shi Z (2017) Fully convolutional neural network
with post-processing methods for automatic liver segmentation from CT. IEEE

9. Li X, Chen H, Qi X, Dou Q, Fu C-W, Heng P-A (2018) H-DenseUNet: hybrid densely con-
nectedUNet for liver and tumor segmentation fromCT volumes. arXiv:1709.07330v2 [cs.CV].
Accessed 22 Nov 2017

10. Han X (2017) Automatic liver lesion segmentation using a deep convolutional neural network
method. arXiv:1704.07239

11. Zheng S, Fang B, Li L, Gao M, Zhang H, Chen H, Wang Y (2017) A novel variational method
for liver segmentation based on statistical shape model prior and enforced local statistical
feature. IEEE

12. Farzaneh N, Habbo-Gavin S, Reza Soroushmehr SM, Patel H, Fessell DP, Ward KR, Najar-
ian K (2017) Atlas based 3D liver segmentation using adaptive thresholding and superpixel
approaches. In: ICASSP 2017

13. Saito K, Lu H, Tan JK, Kim H, Yamamoto A, Kido S, Tanabe M (2017) Automatic liver
segmentation from multiphase CT images by using level set method. In: 17th international
conference on control, automation and systems (ICCAS)

14. Christ PF et al (2017) Automatic liver and tumor segmentation of CT and MRI volumes using
cascaded fully convolutional neural networks. arXiv:1702.05970v2 [cs.CV]

15. Tustison NJ, Avants BB, Cook PA, Zheng Y, Egan A, Yushkevich PA, Gee JC, N4ITK (2010)
Improved N3 bias correction. IEEE Transactions on Medical Imaging 1310{1320. https://doi.
org/10.1109/tmi.2010.2046908

16. Mohamed RG, Seada NA, Hamdy S, Mostafa GM (2017) Automatic liver segmentation from
Abdominal MRI images using active contours. Int J Comput Appl 176(1), (0975-8887)

17. Chartrand G, Cresson T, Chav R, Gotra A, Tang A, De Guise JA (2016) Liver segmentation on
CT and MR using Laplacian mesh optimization. Trans Biomed Eng

18. Bereciartua A, Picon A, Galdran A, Iriondo P (2016) 3D active surfaces for liver segmentation
in multisequence MRI images. In: Computer methods and programs in biomedicine. Elsevier

19. Radhakrishna A, Appu S, Kevin S, Aurelien L, Pascal F, Sabine S (2012) SLIC superpix-
els compared to state-of-the-art superpixel methods. IEEE Trans Pattern Anal Mach Intell
34:2274–2282. https://doi.org/10.1109/tpami.2012.120

20. Rodriguez A, Laio A (2014) Clustering by fast search and find of density peaks. Sci
344(6191):1492–1496. https://doi.org/10.1126/science.1242072

21. Boykov YY, Jolly MP (2001) Interactive graph cuts for optimal boundary and region segmen-
tation of objects in N-D images. In: IEEE international conference on computer vision, vol 1,
pp 105–112. https://doi.org/10.1109/iccv.2001.937505

22. Ronneberger O, Fischer P, Brox T (2015) U-Net: convolutional networks for biomedical image
segmentation. In: International conference onmedical image computing and computer-assisted
intervention. Springer, pp 234–241

http://arxiv.org/abs/1709.07330v2
http://arxiv.org/abs/1704.07239
http://arxiv.org/abs/1702.05970v2
https://doi.org/10.1109/tmi.2010.2046908
https://doi.org/10.1109/tpami.2012.120
https://doi.org/10.1126/science.1242072
https://doi.org/10.1109/iccv.2001.937505


Review on Recent Methods for Segmentation of Liver … 647

23. Ben-Cohen A, Diamant I, Klang E, Amitai M, Greenspan H (2016) Fully convolutional net-
work for liver segmentation and lesions detection. In: International workshop on large-scale
annotation of biomedical data and expert label synthesis. Springer, pp 77–85

24. Christ PF, Elshaer MEA, Ettlinger F et al (2016) Automatic liver and lesion segmentation
in CT using cascaded fully convolutional neural networks and 3D conditional random fields.
In: International conference on medical image computing and computer-assisted intervention.
Springer, pp 415–423

25. Glorot X, Bordes A, Bengio Y (2011) Deep sparse rectifier neural networks. In: International
conference on artificial intelligence and statistics

26. Ioffe S, Szegedy C (2015) Batch normalization: accelerating deep network training by reducing
internal covariate shift. arXiv:1502.03167

27. Huang G, Liu Z, van der Maaten L, Weinberger KQ (2017) Densely connected convolutional
networks. In: Proceedings of the IEEE conference on computer vision and pattern recognition

28. Farzaneh N, Samavi S, Soroushmehr SMR, Patel H, Habbo-Gavin S, Fessell D, Ward K,
Najarian K (2016) Liver segmentation using location and intensity probabilistic atlases. In:
International conference of the IEEE engineering in medicine and biology society (EMBC).
IEEE

29. Chan TF, Vese LA (1999) An active contour model without edges. Lecture notes in computer
science, vol 1682, pp 141–151

30. Christ PF, Elshaer MEA, Ettlinger F, Tatavarty S, Bickel M, Bilic P, Remper M, Armbruster
M, Hofmann F, D’Anastasi M, Sommer WH, Ahmadi S-A, Menze BH (2016) Automatic liver
and lesion segmentation in CT using cascaded fully convolutional neural networks and 3D
conditional random fields. MICCAI, Cham

31. Long J, Shelhamer E (2015) Darrell T Fully convolutional networks for semantic segmentation.
In: CVPR

32. Krähenbühl P, Koltun V (2011) Efficient inference in fully connected CRFs with gaussian edge
potentials. In: Advances in neural information processing systems, pp 109–117

33. Kass M, Witkin A, Terzopoulos D (1988) Snakes: active contour models. Int J Comput Vision
1(4):321–331

34. Nealen A, Igarashi T et al (2006) Laplacian mesh optimization. In: Proceedings of the 4th
international conference on computer graphics and interactive techniques in Australasia and
Southeast Asia—GRAPHITE ’06. ACM Press, New York, USA, p 381

35. Bresson X, Chan T (2007) Active contours based on Chambolle’s mean curvature motion. In:
IEEE international conference on image process. In: ICIP. http://ieeexplore.ieee.org/xpls/abs_
all.jsp?arnumber=4378884. Accessed 14 May 2014

36. Chan TF, Sandberg BY, Vese LA (2011) Active contours without edges for vector-valued
images. J Vis Commun Image Represent 130–141. http://dx.doi.org/10.1006/jvci.1999.0442

37. Caselles V, Kimmel R, Sapiro G (1997) Geodesic active contours. Int J Comput Vis 61–79.
http://dx.doi.org/10.1109/83.951533

38. Chan TF, Vese LA (2001) Active contour without edges. IEEE Trans Image Process
10(2):266–277

http://arxiv.org/abs/1502.03167
http://ieeexplore.ieee.org/xpls/abs_all.jsp%3farnumber%3d4378884
http://dx.doi.org/10.1006/jvci.1999.0442
http://dx.doi.org/10.1109/83.951533

	Review on Recent Methods for Segmentation of Liver Using Computed Tomography and Magnetic Resonance Imaging Modalities
	1 Introduction
	2 Literature Review
	2.1 Liver Segmentation Using Computed Tomography (CT) Images
	2.2 Liver Segmentation Using Magnetic Resonance Imaging (MRI) Images

	3 Methodologies
	3.1 Liver Segmentation Methods Using Computed Tomography Images
	3.2 Liver Segmentation Methods Using Magnetic Resonance Imaging Images

	4 Discussion
	5 Conclusion
	References




