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ABSTRACT Successful liver resection relies on accurate estimation of future liver remnant volume (FLRV).
According to Couinaud’s scheme, a liver is composed of eight functionally independent segments, each of
which has its own vascular in- and out-flow tracks. Segmenting a liver by this scheme is vital to postoperative
regeneration and hence prognosis outcome. Conventionally, estimation of liver segments was often done
by hand on 3D computed tomography. The process is generally tedious, time consuming, and prone to
observer variability. Alternatively, computerized methods had been proposed but impeded by anatomically
irrelevant approximation and manually specified markers. To resolve the issues, this paper presents a novel
method for functional liver segmentation. Its main contribution was performing analyses of differential
geometry directly on a liver surface and interior venous system. Except for a few points being placed
on major vessels, anatomical references required for defining all separating surfaces were automatically
identified. To demonstrate its merits, virtual liver resection was implemented on the standard MICCAI
SLIVER07 dataset, and the resultant segments were benchmarked against four most related works. Visual
and numerical assessments reported herein indicated that our method could faithfully label all Couinaud’s
segments, especially the caudate, with lesser degree of user interaction. The preliminary findings suggested
that it can be integrated into augmented surgical planning and intervention.

INDEX TERMS Computed tomography, Couinaud, differential geometry, hepatic vascular system, liver
resection.

I. INTRODUCTION
Liver resection has shown great outcomes in therapeutic inter-
vention of various hepatic diseases. For example, patients
suffered from hepatocellular carcinoma, mass-forming
cholangiocarcinoma, and hepatic metastasis, have signifi-
cantly improved prognosis, after underwent the procedure.
Nonetheless, its success particularly depends on preoperative
assessment of liver volume. When making surgical decision,
care must be taken to ensure that remaining liver is adequate
to maintain its normal function, otherwise the patient would
be put at great risks of liver failure. A number of techniques
have been proposed to determine postoperative liver suffi-
ciency. In particular, future liver remnant volume (FLRV)
can be estimated and employed as standardized determi-
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nant of postoperative outcome. Research by Kishi [1] and
Abdalla [2] et al., reported that this ratio correlates well with
risks of liver failure, morbidity, and death. Resection has
also been found operated on both donors and recipients in
liver transplantation, for treating a patient with chronic liver
diseases. In this surgical procedure, the size of a transplanted
liver must fit to that of the recipient’s body. As general cri-
terion, the graft weight (GF) threshold must be 0.8-1.0% [3]
of recipient’s weight. On the other hand, postoperative com-
plications are likely when the ratio exceeds 4.0% [4], [5],
or falls below 0.8%. GF percentage is also applied in other
contexts, e.g., preoperative portal vein embolization and
post-transplantation assessment of graft regeneration, etc.

Traditionally, estimation of liver volume and functional
segmentation were done manually on preoperative imaging,
such as computed tomography (CT) [6]. Hand delineation
of anatomical structure on medical images is tedious, time
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consuming, and prone to inter- and intra-observer variabil-
ity [7]. Therefore, developing automated computer software
to assist the maneuver could be beneficial in clinical usages.

Liver functions as an active filter by excreting wastes and
toxin from oxygen and nutrition from the gastrointestinal
circulatory system to the kidneys [8]. Contacting with exces-
sive toxin carried via portal vein (PV) usually causes liver
diseases, such as cirrhosis, fibrosis, and cancer. Unlike some
other abdominal organs, a deteriorated liver cannot be substi-
tuted by any artificial prosthesis, but graft and regeneration
of liver remnant. It is well received that a crucial part in
successful clinical diagnosis, surgical planning, preoperative
resection, and postoperative monitoring is played by under-
standing of subject specific functional structure of the liver
and major hepatic vasculature.

As the standardized language among radiologists and sur-
geons, external shape of a liver is divided into two hemi-
livers, i.e., left, and right lobes, by hepatic vein (HV).
Anatomically, Couinaud’s work indicated that a liver com-
prises of eight functionally independent segments, each of
which has its own vascular in- and out-flow, biliary drainage,
and lymphatic drainage [9], [10]. With Couinaud’s scheme,
the subdivisions are based on the distribution of the two
internal venous systems, i.e., three HVs and two PVs. Par-
ticularly, the right (RHV), middle (MHV) and left (LHV)
hepatic veins divided a liver into the right posterior, right
anterior, left medial and left lateral sections, respectively.
These segments are further separated into interior and supe-
rior parts, by the left (LPV) and right (RPV) portal veins.
Eight functional segments of a liver are labeled accordingly
as follow: The anterosuperior and posteroinferior sectors of
the right lobes which contain the segments V, VI, VII, and
VIII are demarcated by RHV. This plane runs from inferior
vena cava (IVC) to the gallbladder fossa, also called Cantlie’s
line. The falciform ligament separates the left lobe into media
(the segment IV) and lateral parts (the segments II and III).
Finally, the segment I, also referred to as caudate, is bounded
posterior laterally by the fossa for the inferior vena cava,
anteriorly by the ligamentum venosum, and inferiorly by
porta hepatis.

Generally, functional comprehension and corresponding
classification enable successful surgical procedures, such as
accurate removal of only damaged section without causing
risks to healthy ones. As such, with self-recovery, an operated
liver may be able to regenerate within 3-12 months after a
major resection surgery [11].

With the recent advances in computerized translational
medicine, especially computer assisted diagnosis (CAD) and
intervention (CAI), a number of methods were proposed to
reduce time consuming and tedious traditional preoperative
planning by means of anatomical models and virtual real-
ity [12]–[15]. Thus far, existing techniques remained yet to
be enhanced. Therefore, this paper proposes a novel method
that is able to localize the hepatic vascular networks more
accurately and efficiently, and to effectively delineate all
functional segments (I-VIII) of a liver on its reconstructed

3D surface, prior to resection surgery. These are in order to
better reduce adverse effects on patients and complications,
thus extending their life expectancy.

The remainder of this paper is organized as follow:
Section II surveys recent literature on major approaches to
liver segmentations and annotations. Section III describes the
proposed scheme, which was based on subject specific hep-
atic vascular network and by using differentiable geometry
computing. The experimental results on a public dataset are
reported and discussed in sections IV and V, respectively.
Finally, section VI gives concluding remarks and future
works.

II. LITERATURE REVIEW
A liver, extracted from 3D tomography, may be described by
either a set of binary interior voxels

(
R3
)
or a 2-manifold

(
R2
)

of enclosing ones. Accordingly, classifying its element into
one of Couinaud’s segments can be categorized, by these 3D
descriptors, into those based on geometric functions on the
respective domains, i.e., voxel and surface-based approaches.
Reviews on the state-of-the-art liver functional segmentation
are made in the next subsections.

A. VOXEL-BASED APPROACH
With this approach, liver voxels are assigned to these
segments based on the distances between their locations
to a specific branch in the venous network. For exam-
ple, Selle et al. [16], determined memberships of a segment,
in reference to LPV and RPV. Therein, region growing was
first applied to find a suitable threshold to extract the hepatic
vascular network from the images. Thinning algorithm was
then applied to skeletonize the extracted vessels, to define
the network geometry, from which a vascular tree was cre-
ated. After having HV removed from this tree using directed
graph, a voxel was labeled by Laplacian (LSA) or near-
est neighbor (NNSA) segment approximation. Nevertheless,
computing the Laplacian on a voxel domain was intensive.
A simpler and more straightforward method was proposed
by Huang et al. [17], where both vessels and liver itself were
projected onto planes. Firstly, three principal vectors were
each defined by the intersection of the three major HV
branches and the nearest point along the respective one.
On labeling segments on both hemi-livers, two additional
planes were each defined by separate normal vector. The
one on the left plane was the average of the three principal
vectors, while the right one was that of MHV and RHV. Evi-
dently, vessel extractionwas the key element in bothmethods.
Yang, et al. [18] improved over Selle’s one. In Yang’s work,
region growing was similarly applied to intensity images, but
up to six Gaussian mixture models (GMM) were estimated.
Among these GMM, the most suitable threshold interval was
chosen to extract venous tree, whose major branches were
then identified by using local searching. Couinaud segments
of the liver were finally labeled following [16]. In addi-
tion to categorical search, Voronoi algorithm was adopted
by Debarba [19] and Chen [20], et al., to classify voxels
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with their segments. Their difference was in calculating a
Voronoi diagram. The first method used the distance from
a voxel to seed points, handpicked on HV and PV, whereas
the other considered only PV, when building eight vascular
trees, from which distances to each voxel were measured.
Zhang et al. [21], adopted similar strategy, but focused on
enhancing vessel segmentations.

B. SURFACE-BASED APPROACH
Unlike voxel-based ones, methods in this group classify hep-
atic segments directly on a reconstructed 3D liver surface,
by various geometric elements, mostly ordinary planes. Sim-
ilar to the previous approach, however, these elements were
typically derived from main vascular branches. As one of
a few exceptions, Boltcheva et al. [22] defined Couinaud’s
regions based on six landmarks, automatically detected on
a liver, instead of its vascular network. Differential geom-
etry was employed to detect two points on vena cava, two
others on gallbladder bed, and two more points on inferior
liver border of the left lobe. A total of five planes were
constructed from these points and finally used to separate the
liver volume. In other similar works, a liver was separated by
using four [23] and three [24] planes. The former fitted the
planes to three major HVs and PV, while the latter defined
the planes from seven manually specified points on RHV,
MHV, and LHV. In [24], superior and inferior regions were
divided by another plane on an imaging slice, where PV
was most visible. On this plane, caudate lobe (segment I)
was also cut by a Bézier curve, whose four control points
were manually defined by a user. Specifying these landmarks
on a liver is, however, subjective, and dependent on user’s
experience. More consistent approach is to do so on salient
features, e.g., those on main vascular networks. Provided
skeletonized HVs and PV, but with their small branches
removed, Lebre et al. [25] computed four corresponding
directional vectors. The first three vectors originated from
HV root and pointed along respective hepatic veins, within
close proximity to their root. The last one was computed
from the longest chain of vertical points along Z-axis. Liver
subdividing planes were created from these vectors. Instead
of cutting a liver by planes, some studies performed sub-
division directly on an extracted liver surface into patches,
corresponding to Couinaud’s regions. For instance, Pamula-
pati et al. [26] first segmented hepatic vessels, from which
undirected graph was then built, by using graph cuts and
skeletonization, respectively. Vessel sections were labeled
with either RHV, MHV, LHV, PV, or RPV, depending on
their positions and orientations. Surface patches were traced
from root to ends, via respective branching points in the sub-
trees. Much straightforward interactive method was proposed
by Rusko et al. [27], where B-spline surfaces were interpo-
lated from user defined control points on 2D slices. These
control points were placed on the venous traces, provided
that: 1) Each surface must be interpolated by at least three
traces, each of which contained at least three points. 2) There
was no self-intersection in any trace. 3) The view on which

a trace was drawn must be consistent, i.e., either axial, coro-
nal, or sagittal. In 2020, the most recent study by Alirr and
Rahni [28], connected the vena cava with HV centerlines,
defined on individual slices, to build three hepatic planes,
while the portal plane was defined by a selected image slice.
Therein, the veins bifurcations were located by deforming
statistically trained atlas tomatch extracted vasculature onCT
images.

C. SUMMARY OF LATEST ALGORITHMS
Some remarks may be drawn from the above surveys. The
methods in the former group [16]–[21] partitioned a liver
based on membership values associated with interior voxels.
Thus, their major hinderance was evaluation of membership
function for each voxel with respect to relevant features,
such as vascular structures, was computationally intensive.
In addition, no topological violation of any resulted segment
was asserted either on individual voxels or their aggrega-
tion. Nor did they consider exterior anatomical landmarks,
such as falciform ligament and gallbladder fossa, or liver
appearance in general [16]. Although Zhang et al. [21]
specifically followed Couinaud’s theory, but their empirical
assumptions on vasculature were not adequate to completely
avoid post-process correction by an expert. With much less
data involved, when only extracted liver surface and vascu-
lar outlines were considered, even greater user interaction
was inevitable for methods in the second group [22]–[27].
Take Butdee’s and Rusko’s method [24], [27] for examples.
Segmenting required at least ten user defined points, and at
least three traces, each with at least three points, for cre-
ating sectional planes and B-spline surfaces, respectively.
These subjective processes caused not only fatigue during
batch analyses, but also significant observer variability. A
deformable statistical atlas [28] could help elevating manual
intervention, provided that sufficiently large training set was
available. Unlike other methods in its group, the one, sug-
gested by Boltcheva et al. [22], relied solely on the shape of
liver, while neglecting its interior vasculature. Lastly, most of
works in both groups, except [20]–[22], [24], did not report
any annotation of caudate lobe (segment I).

III. PROPOSED METHOD
To remedy these issues, this paper proposes an integration of
salient features of a liver surface and concise representation
of its vascular networks, both automatically reconstructed
from 3DCT. This informationwas incorporated, as functional
definitions and constraints, into segmenting a liver, strictly
according to Couinaud’s scheme. Compared to the works pre-
viously discussed, our method was able to completely label
all eight functional segments, including caudate, at greater
precision, but with minimal user interaction involved.

Overview of the proposed scheme is depicted in Fig. 1.
Given volumetric CT images of a 3D liver scan, the liver
and interior vasculature were first extracted automatically by
using a CAD software written in our laboratory, based on
off-the-shelf algorithms. Next, centerlines traversing through
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FIGURE 1. Diagram showing the key steps in the proposed functional
liver segmenting scheme.

the vascular networks were reconstructed, while differential
geometric properties were computed on the extracted liver
surface, simultaneously. Subsequently, the surface properties
would be analyses and used to characterize key anatomical
landmarks, i.e., gallbladder fossa and inferior ridge sections.
Later, a set of cutting planes were defined, based on vascu-
lar passages and landmarks. Finally, functional Couinaud’s
segments of the liver (I–VIII) were determined, by means of
combinatorial operations on the liver surface and geometric
descriptors.

A. LIVER AND VESSELS SEGMENTATION
Segmenting a liver and its interior vascular network from
volumetric CT is a challenging task due to inhomogeneous
intensity and ambiguous boundaries in some areas. Several
methods have been proposed in the literature [29], [30].
However, since their detailed treatment and analyses fell out
of scope of this paper, we adopted generic yet efficient off-
the-shelf algorithms and implemented in-house software to
perform these tasks. Firstly, multivariatemixturemodels [31],
was applied to these CT images, to assign an individual
voxel to abdominal tissue, vessel, and background classes,
with associated probabilities. Subsequently, to enhance the
fidelity of multi-class labelling, relaxation labeling (RL) was
performed to regularize the initial probabilities, based on con-
textual information [32]. Graph cut [33] algorithm was then
used to extract the liver and enclosed vessels, based on their

spatial relationship. The corresponding 3D surface meshes
were finally reconstructed by the Marching Cubes [34] and
later used as inputs to the subsequent steps in the proposed
segmentation pipeline.

B. TRACING VASCULAR CENTERLINES
Referring parts of a liver to respective functional segments
required not only its morphological cue but also accurate
localization and measurement of enclosed vascular branches.
To this end, skeletonization was a viable tool for consolidat-
ing voxelate data, while maintaining precise geometry and
valid topology of the underlying network. Therefore, in this
work, a method proposed by Antiga et al., [35] was adopted.
Once skeletonized, all but major branches were trimmed
off, based on their regional radii. Subsequently, a user was
asked to specify the starting and end points of the HV and
PV. Generally, the former was located at the root, while the
latter was at the first bifurcation point toward the end of a
respective vein, as illustrated in Fig. 2. It is worth noted that
since their definitions were quite explicit, the criteria could
be embedded in a computer program and hence having the
markers specified automatically. That said, detailed imple-
mentation fell out of scope of this study but may be found
elsewhere [21], [30]. Apart from this minimal intervention,
the remaining of segmentation process was fully automatic.

FIGURE 2. The extracted venous system with overlaid centerlines. Seven
manually specified stating (blue) and end (yellow) points on HV and PV
are shown in an interior (a) and posterior views (b), respectively.

Given the extracted centerlines and respective markers on
the primary venous system, their approximating vectors were
next determined by principal component analysis (PCA) [36]
of all points within the corresponding vascular section.

C. FUNCTIONAL SEGMENTATION
Unlike existing methods, a main contribution of the proposed
scheme is that, from this step onward, virtual resection was
performed directly and automatically, by referring only to the
specified interior vascular markers and differential geome-
tries evaluated on the surface. This process was divided into
five modules, whose details are explained as follow:

1) DIFFERENTIAL GEOMETRY OF THE FEATURES
While other studies relied the separations of anterior
from posterior segments and of left from right lobes on
some approximating planes that were either inferred from
distance functions and additional markers, or manually
defined, the proposed method aimed at detecting discernible
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anatomical features, which were gallbladder fossa and infe-
rior ridge. Topologically, the gallbladder fossa appears as a
narrow surface that spreads from the top of falciform ligament
to the bottom of gallbladder area. The inferior ridge lies at
the bottom of the liver, and extends from left to right lobe,
passing under gallbladder fossa. Geometrically, the former
may be characterized by the most concave partial surface
on the posterior liver. Likewise, the latter corresponds to the
most convex path along the inferior fringe. These features
were identified accordingly by mean curvature expression,
described as follow:

Let ψ be a 2-manifold embedded on 3D Euclidean space,
and dψ be its derivative, locally defined at a point, p,
by an infinitesimal plane, whose tangent and normal along
the direction θ ∈ [0, 2π ], are defined by unit vectors, Xθ
and n, respectively. The plane curvature, denoted by k( )θ ,
is then measured by that of the curve, formed by intersection
between ψ and dψ . The mean of these curvature is therefore
an average over all directional curvatures [37], i.e.

k( ) =

2π∫
0
k( )θdθ

2π
(1)

Euler’s theorem stated that the mean curvature can also be
computed by an average of principal curvatures, i.e.,

k(p) =
k( )θ1 + k( )θ2

2
(2)

where the principal curvatures, k(.)θ1, k(.)θ2, are the maxi-
mum and minimum curvatures, evaluated at specific location
and corresponding to directions, θ1 and θ2, respectively.

The mean curvature is one of the most important intrinsic
properties of a surface and is invariant to geometric transfor-
mation. It has been utilized in a range of applications, from
computational science, medicine, and engineering [38]–[40].
In this study, it was evaluated on discrete triangular mesh
of the extracted liver [41], [42] and then employed as a
determinant for anatomical feature classification.

Let V =
{
v1, v2, . . . , vN |vi ∈ R3, 0 ≤ i ≤ N

}
, be a set of

N vertices constituting a whole liver surface, and k(vi) be the
mean curvature at a vertex vi. Assume further that the distri-
bution of these curvatures over the surface is Gaussian, with
mean and standard deviation (SD), µk and σk , respectively.
Example of typical mean curvature distribution overlaid on a
liver surface is shown in Fig. 3a and 3b.

Firstly, to determine gallbladder fossa, let Vc ⊂ V, be a
set of concave vertices, whose mean curvatures are lower
than a threshold, given by a real positive constant a, and the
Gaussian parameters, i.e.,

V c (a) = {v ∈ V |k (v) ≤ µk + a ∗ σk} (3)

A concave set satisfying the above criterion (rendered in
red) may consist of multiple connected regions (patches),
each of which is denoted by vj, i.e., V c (a) =

⋃
j vj. As it

appears in Fig. 3b, the gallbladder fossa is a narrow and
highly concave strip, located approximately between left and

FIGURE 3. An example of mean curvature distribution (a) on a liver
surface (b), the corresponding extraction (c) of gallbladder fossa (red)
and inferior ridge (blue) based on the thresholding and those based on
anatomical criteria.

right lobes. The geometrical appearance of a jth patch vj
is characterized by a function of its normalized width and
curvature, that is,

E
(
vj
)
=

1∥∥Lj∥∥ • |V |∣∣vj∣∣ ∑v∈vj d⊥
(
v,Lj

)
· e
−

(
k(v)
σk

)2
(4)

where Lj and ||Lj|| are the principal axis passing through the
centroid of vj, and its length, respectively. The norms, | V |
and | vj| are the numbers of total vertices and those of the
jth connected patch, respectively. In addition, the distance
function d⊥(p, L) is the shortest distance from a point p to
a line L. The lower the E value, the more likely the patch is
of gallbladder fossa. To further ensure accurate identification
of the structure, additional location constraint was imposed
on its centroid being closest to that of the whole liver, that is,

d
(
v̄j, V̄

)
=
∥∥v̄j − V̄∥∥2 (5)

where v̄j and , V̄ are centroids of the respective surfaces and
d (·, ·) is a Euclidean distance between two points.
For given a and hence V c (a) in Eq. (3), the surface patch,

jth that has both the lowest E
(
vj
)
and d

(
v̄j, V̄

)
was chosen

as a candidate. A grid search was run for a ∈ [–0.5, 0].
And once completed, the best candidate, whose costs were
the lowest, was identified. Particularly, if vj ⊂ V c

(
aj
)
and

vi ⊂ V c (ai) be the running candidates found at rounds j and
i, with constants, aj and ai, respectively, then a patch vj would
be identified as gallbladder fossa, denoted by vgal, only if, for
i 6= j, they simultaneously satisfied the following conditions:

E
(
vj
)
< E (vi) (6)

d
(
v̄j, V̄

)
< d

(
v̄i, V̄

)
(7)

Secondly, the inferior ridge (rendered in blue), denoted by
vird, is simply defined as all connected regions, that are more
convex than a specified threshold, given by a real positive
constant b and the Gaussian parameters, i.e.,

V x (b) = {v ∈ V |k (v) ≥ µk + b ∗ σk} (8)

Unlike vgal that is defined as a singly connected region, vird,
is all the regions, vk , that satisfy Eq. (8), that is, V x =

⋃
k
vk .
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However, similar to identifying gallbladder fossa, an optimal
value of b and hence respective set V x (b) were determined
for b ∈ [0, 0.5], by grid searching. In this case, the best
candidate for the inferior ridge was that with the least number
of vertices but the largest bounding box.

In our preliminary trials, it was found that the optimal
constants, a and b in Eq. (3) and (8), in a shape instance
as shown in Fig. 3c, were –0.3 and +0.3 (∼38.21% at both
ends), respectively. Likewise, the constants were computed
automatically for the remaining of the dataset.

2) LOCATING PRIMARY FUNCTIONAL LANDMARKS
Once the gallbladder fossa (vgal) and inferior ridge (vird)
were extracted from the liver surface, these cloud points
were skeletonized by using global center technique [43]. The
resulted curves, i.e., Cgal and Cird, respectively, consisted of
ordered vertices, outlining the anatomical features, shown
in Fig. 4a.

FIGURE 4. Examples of four functional landmarks on gallbladder fossa
(T, P) and inferior ridge curves (G, F) (a), and three principal vectors,
approximating MHV, RHV, and RPV (b).

A falciform ligament marker, denoted by a point T, was
first placed at the tip of Cgal. Then, the entry point to the main
PV, denoted by a point P, was placed on the same curve, but
closest to the liver centroid. The latter, identified as hepatic
hilum, featured as an inferior margin of the caudate segment.
On the Cird curve, a corner point G was placed closest to the
bottom end of the Cgal. Finally, a point F was defined as the
one that lied within a spherical neighbor of radius to G
and with minimal exterior angle. Anatomically, it was located
on the same side as T and at the fissure on inferior surface
between right and left lobes. The points T and Fmarked both
ends of falciform ligaments that attaches the liver to the front
body wall and acts like a natural plane separating the left lobe
into medial and lateral sections [44], [45].

3) LABELING VESSELS AND EXTRACTING THEIR PRINCIPAL
VECTORS
Subsequently, the primary landmarks located in the previous
module were used to label five major branches from the vas-
cular network, extracted earlier. They were LHV,MHV, RHV,
LPV andRPV. To this end, first let pSHV and pSPV be the starting
points of hepatic and portal veins, respectively. In addition, let
d(P, pSHV ) and d(P, p

S
PV ) be their Euclidean distances to the

entry point of main portal vein,P. Then, the HV and PV could
be distinguished by their distances to this entry point, that is,

d
(
P, pSHV

)
> d

(
P, pSPV

)
. Likewise, three and two branches

of HV and PV could be labeled according to relative distances
from their midpoints to the falciform ligament markers, T and
F, following to Eq. (9) and (10), respectively.

d
(
T , C̄LHV

)
< d

(
T , C̄MHV

)
< d

(
T , C̄RHV

)
(9)

d
(
F, C̄LPV

)
< d

(
F, C̄MPV

)
(10)

where C̄V were the center points of a respective vein, V ,
i.e., LHV, MHV, RHV, LPV, and MPV.

Vascular geometries markedly differ across subjects but
conformed to gross anatomy of the organ [21]. Therefore,
to ensure adaption to these variations, while maintaining
gradual surface resection trajectory, and hence realistic pre-
operative simulation, these hepatic and portal branches were
simplified by approximating vectors. Unfortunately, due to
dissensions in the literature regarding characterization of
the lateral segments, only MHV, RHV, and RPV were thus
approximated, by using generic PCA, as illustrated in Fig. 4b.
This statistical operation is useful in spanning orthogonal
bases that best describes underlying data points with respect
to their spatial variances. That being said, unlike other resec-
tion methods, there was no cutting hyperplane reconstructed
at this stage as yet, due to limited degrees of freedoms (DOF)
of the vessels and their incurvate paths. Instead, in this paper,
these principal vectors, each of which approximated a major
branch, were jointly considered with the previously labeled
landmarks to better andmore robustly determine the resection
planes.

4) DETERMINING THE RESECTIONS PLANES
One of the most crucial modules is determining the
planes that separate the liver volumetry into functional seg-
ments according to Couinaud’s classification. This mod-
ule began with constructing three vertical planes, namely,
5MHV ,5RHV , and 5LHV . These planes divided a liver into
posterior, anterior, medial, and lateral sections. Unlike the
other sections, the lateral one was a part of the left lobe
and was separated by falciform ligament. Both LHV and
falciform ligament were thus used to create the left ventricular
plane (5LHV ). Subsequently, the left and right horizontal
planes, namely 5RPV and 5LPV , were used to separate the
inferior from superior parts. Examples of these planes are
illustrated in Fig. 5.

FIGURE 5. Illustration of three vertical and two horizontal planes,
initially defined on a liver surface.
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TABLE 1. Expressions of MHV, RHV, and RPV planes.

Assume that a resection plane is defined, either by orthog-
onal5n

(
En(.), p

)
or tangent5t

(
Eh(.), p

)
expressions. The for-

mer is a plane, defined by a normal vector En and a point p,
while the latter is that containing both tangential vector Eh and
point p.
Firstly, let EhMHV , EhRHV , and EhRPV be the principal vectors,

corresponding to MHV, RHV, and RPV, respectively. Let EhTF
be the vector pointing from point T toward F, along the
falciform ligament. Accordingly, the vertical planes, defined
by these veins are expressed in Table 1.

where q is an arbitrary point on LHV, chosen so that the
area of a 3D closed curve formed by intersection between
5LHV and liver volume is minimized.

Secondly, for the horizontal planes, let EnMHV and EnRHV be
the normal vectors of MHV and RHV planes, respectively,
EnRPV be a normal vector perpendicular to a plane defined
by EhRPV and an average between let EnMHV and EnRHV , and
also, r be a point on EhRPV . Accordingly, the RPV plane is
expressed by5n

RPV (EnRPV , r). Finally, the LPV plane,5LPV ,
was defined such that it was initially perpendicular to 5LHV
and then rotated iteratively about EnLHV axis, until it was also
normal to a principal plane (5P), in which projections of
points on the left branch of PV had greatest variance (well
distributed).

Another contribution of this paper is accurate labeling
of caudate segment, separated from left and right lobes,
by anatomical boundaries. Oxygenated and nutrient blood
flow enters this segment via PV, before directly draining
into IVC. Accurate localization of the segment plays a cru-
cial role in diagnosing and surgical intervention of hep-
atic diseases [46], particularly, Hepatocellular carcinoma
(HCC) [47].

Nonetheless, computer assisted extraction of caudate seg-
ment from nearby sections remained problematic, because of
its morphological variants and ambiguous boundaries, espe-
cially on CT images. However, a radiologist could identify
caudate segment by its general appearance, i.e., rectangle,
piriform or irregular form [48]. From posterior perspective,
it is positioned behind the hepatic helium and in front of LPV.
Its upper end is bounded by HV. To its left is ligamentum
venosum, whereas its right margin is unclear [47]–[50]. As a
result, this structure had so far been disregarded by most
CAD studies. To reiterate the survey on this issue, Cheng
et al. [20] adopted Sell’s NNSA technique [16] and labeled
caudate voxels, while Boltcheva [22] located this segment by
extending MHV and RHV planes, and hence extrapolating

their intersections with the liver. Lastly, Butdee et al. [24]
interpolated the structure by manually delineated Bézier
curves. Implying caudate segment solely by geometrical ele-
ments, these techniques discarded its morphological contexts
as well as surrounding vascular and other hepatic structures,
and hence were not sufficiently accurate.

It was suggested in [50], that IVC can be considered as the
right margin of caudate segment. Unfortunately, IVC is not
always discernable on CT images nor on a liver surface. With
the proposed method, IVCwas hence approximated by a line.
It was observed that IVC is almost parallel to falciform lig-
ament, which is commonly characterized by concave region
in the middle of the liver surface (C.2). Therefore, to simplify
the IVC, it was defined by a segment AP, as shown in Fig. 6.

FIGURE 6. Configuration of five bounding planes and a surface of the
caudate segment. Figures (a) depicts left and right planes, while
(b) depicts and top, bottom, and posterior planes, respectively.

In this figure, P was the entry point to the main portal vein
(C.3), while A is an intersection between the liver and a line
passing P and parallel to EhTF (C.4). Then, the caudate seg-
ment is that bounded by the liver exterior and the following
planes, as listed in Table 2.

To define the top plane, assuming C be a curve segment
that was formed by the intersection between the liver surface
and bounded by points P and A. Then, B was a point on
this curve that had the highest curvature. The normal vector
and point associated with the top plane was EnT = A − B,
and the starting point of MHV, psMHV , respectively. Similarly,
the posterior plane was defined by an orthogonal vector EnP =
EnT × EnLHV and the starting point of LPV, psLPV .
Finally, provided these planes were defined as such, resec-

tions of all eight functional segments as per Couinaud’s
scheme could be performed virtually by tracing along their
intersecting curves with the extracted liver surface.

IV. EXPERIMENTS
This section presents experimental process on public dataset,
functional liver resections, validations and benchmarking,
and relevant discussions. However, while visual assess-
ment was straightforward, due to thorough documented
liver anatomy, numerical comparison was not quite the
case. This was primarily because there have not been
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TABLE 2. Expressions of the bounding planes and surface of the caudate
segment.

many studies, presenting entire functional liver segmentation,
and there were even fewer, validating on the common
datasets. Take for instance, Oliveira et al. [23] demon-
strated their method on 7 CT images. In that work, the
method was evaluated for consistency of a specialist’s per-
ception. Similarly, Boltcheva et al. [22] analyzed 7 images
but of a different dataset and measured the errors between
the resultant resection planes and those defined by experts.
Pamulapati et al. [26] studied 13 CT images. In their exper-
iments, 20 points were randomly placed inside a liver,
within 2 cm. from its edge. Their (automatically) labeled
segments were validated against those identified by a radiol-
ogist. There were few studies analyzing standard references.
Rusko et al. [27], for example, used 14 out of total 20 CT
images fromMICCAI dataset. Their methodwas validated by
comparing averaged volume of each segment from three test
runs against those reported in the literature. Other works [21],
[25], [28] employed some samples from public liver images,
but lacking ground truth for functional segments has led to
direct comparison being problematic.

To elevate standardize issues, a benchmarking framework
was designed, in this study. Firstly, segmented livers were
assessed visually, by an experienced radiologist. Objective
evaluations were made by measuring and comparing relative
hepatic sub-volumes, at three different levels, i.e., lobes (left
and right), sections (lateral, medial, anterior, and posterior),
and functional segments (I-VIII), respectively.

A. LIVER DATASET
The recent needs for common ground truth for validating liver
segmentation, and particularly the grand challenges called
for MICCAI SLIVER07 initiative [51]. This study analyzed
this MICCAI dataset, which consisted of 20 volumetric CT
images, acquired at the resolution of 512 × 512 pixels by
machines with 4, 16, and 64 detectors. Each volume consisted
of 64 to 394 slices. Since these data were intended for
general purposes liver analyses, and due to limited visibil-
ity of the vascular networks in some subjects, they were
hence discarded. Accordingly, only 12 out of 20 volumes
were considered in the subsequent experiments. Apart from
that of liver volume, ground truth of neither its vessels nor
functional segment annotations was available. Another liver
database worth mentioned here is 3DIRCADb [52]. This CT

database contains abdominal images of the same resolution
as SLIVER07. It includes not only liver contours, but also
vascular and tumor annotations. Nonetheless, 3DIRCADb
does not specifically provided any references for Couinaud’s
segments. In a few instances, their locations were partially
inferred from those of tumors, when and only if present.
These inferences were exploited in [25], where diseased
segments in few volumes (i.e., 5 out of 20) could be validated.
To the best of our knowledge, there has yet no quantitative
report on Couinaud’s segmentation from 3DIRCADb images,
against which we could compare our results. Moreover,
to ensure robustness of the proposed algorithm, hepatic vas-
culature extracted (II, A. and B.) were firstly approximated
by principal vectors (III, C.3), which were then mutually con-
sideredwith anatomical landmarks, to estimate liver resection
planes. Consequently, detailed information on these vessels,
especially at smaller scale, were not imperative. In the fol-
lowing experiments, SLIVER07 data were thus acceptable.

B. SYSTEM ENVIRONMENT AND SETTINGS
This study used open-source libraries, called Visualiza-
tion Toolkit (VTK) [53] and Vascular Modeling Toolkit
(VMTK) [54]. The first library has been widely used in
many medical imaging studies, thanks to its ability to parse
standard DICOM image and its meta data. It also allows
intuitive graphical manipulations of a 3D object, e.g., geomet-
rical operations, material processing, representing a model in
points, wireframes, or surfaces forms, slicing, and clipping,
etc. The VMTK was typically used to perform 3D vascu-
lar segmentation, centerline detection, mesh generation, and
geometrical analyses. Due to their cross-platform implemen-
tation, all of the remaining processes were written in C/ C++
and Python languages and compiled to Linux x86 architec-
ture. The implemented software was executed on a laptop
personal computer (PC) of moderate specifications. It was
equipped with an Intel
CPU clocked at 2.4 GHz, and 8 GB
DDR3 RAM.

V. RESULTS AND DISCUSSIONS
This section reports both visual and numerical assessment,
of the proposed automated Couinaud’s functional segmen-
tation. Critical comparisons against state-of-the-art methods
and critical discussion on the findings were also given.

A. VISUAL ASSESSMENT
To ensure functional independence among eight segments
and thus rapid recovery, for instance, after graft transplant,
a liver should be resected into segments, each of which has
sufficient inflow and outflow blood passages. Since not only
interior venous network, but also differential surface exte-
rior, were considered, the resection paths appear natural, yet
attuned well to the overall shape and anatomical landmarks,
as shown in Fig. 7. As also clearly noticed on axial and
sagittal views, each segment has at least a pair of in- and
out flows. Furthermore, the smallest caudate segment was
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FIGURE 7. Example of the distribution of in- and out blood flows within each functional segment.

FIGURE 8. Localization of a caudate segment in 2D (top row) and 3D
(bottom row) on axial (left column) and sagittal views (right column),
showing the natural anatomical margins.

correctly localized by HV, IVC, entrances to MHV and PV,
and LPV, as shown in Fig. 8.

B. NUMERICAL ASSESSMENT
In addition to sufficient blood flows, there are other factors
that determine the likelihood of postoperative recovery, such
as minimal volume of FLRV, patient’s age, their diabetes
conditions, chemotherapy associated injury, blood loss during
surgical procedure, and cholestasis, etc.

Among these determinants, FLRV is generally accepted as
the most prevailing for postoperative outcome [55]. There-
fore, to increase patient’s survival rate, this factor must be

meticulously observed when planning a liver surgery. For
example, to ensure regeneration capacity of a liver after tumor
removal, the average FLRV is 25% (15-40%) of a total liver
volume. This ratio increases up to 50% (25-90%) in cirrhotic,
depending on the stage of the disease and patient’s age. For
transplant surgery, minimal FLRV for the living donor is 40%
on average (30-50%), while the accepted graft per recipient’s
weight ratio is 0.8% (0.8-1.0% [3] or, as indicated in more
recent studies, 0.6-1.2% [56]–[58]).

It may be concluded that accurate calculation of relative
liver volume as well as localization of its segments are critical
for resection planning. Nevertheless, due to lack of common
ground truth, and approximation of major vascular vectors,
instead of dice similarity coefficient (DSC) or volume overlap
error (VOE), this study introduced multi-level quantifica-
tion, based on percentage of segmented volumes over total
liver. By this approach, we were able to validate our resultant
functional segments, against those obtained by four related
methods, proposed in the literature. It is hypothesized that
any misclassified (or contradicted) areas would manifest not
only in anatomical violation, but also in adjacent partial
volume deviation from its general cluster, at corresponding
hierarchical levels.

1) OVERVIEW OF FUNCTIONAL SEGMENTS
Unlike other whole liver extraction studies, where focused
was placed on its shape boundaries, 12 out of 20 subjects were
selected from the SLIVER07 dataset, based on the clarity
of vessel appearance. Volumes of all annotated functional
segments per subject are listed in Table 3 and summarized
in Fig. 9.

Since the liver volumes were subject specific, and hence
varied in both size and shape, their percentage values, relative
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FIGURE 9. Box-Whisker (a) and tree plots (b) of functional segments
(I – VIII) volumes and their averages, respectively.

to individual whole liver volume and corresponding averages
are presented here. It can be noted from the table that, segment
VI covered large portion of posterior section and has the most
volumes (25.08%), while segment I was the smallest (2.86%).

Furthermore, besides the shape of exterior surface, hepatic
venous networks played an equally important role in defining
and localizing these segments. Accordingly, there existed
noticeable cross-subject variability in the resulted resections.
Especially, thanks to distributed vascular branches, the seg-
ment VIII exhibited the highest variability (6.5%), followed
by segment IV (6.3%), whereas segment I did the lowest
(0.6%).

An example of these variations is demonstrated in Fig. 10,
where segment VIII was compared between subjects 10 (top)
and 12 (bottom). It is clear that segment VIII in the former
case was about one third (31.9%), while that in the latter one
was only one tenth (10.9%), of the respective whole liver
volume.

2) BENCHMARKING
To compare the proposed liver resection methods with recent
related works, we performed relative volume evaluation,
at three detail levels, i.e., lobes (left and right), sections (lat-
eral, medial, anterior, and posterior), and functional segments
(I-VIII), respectively. The benchmarking was made among
Huang [17], Rusko [27], Cheng [20], Butdee [24] et al., and
our methods. Unfortunately, in [17], where venous tree was
projected onto a plane, by which these liver segments were
separated, segment I was thus missed out due to occlusion.
Likewise, despite high degree of user interaction involved,

FIGURE 10. An example illustrating inter-subject functional segments
variation between two subjects (top and bottom). Segment VIII, bounded
by MHV, RHV, and RPV (solid, dashed, and dash-dotted yellow lines), was
drawn on a respective liver surface (solid blue lines).

in [27], this segmented was merged with segment IV.
In Cheng et al.’s work [20], only portal vein was considered,
inflow and outflow blood to and from each segment was not
guaranteed. Finally, segment I was explicitly estimated by
Bézier curves, which required experienced judgment from
an operator, unlike ours where the automated process relied
on extracted anatomical landmarks. Since different labeling
schemes were presented in those works, we decided to follow
the most closely related one [27] and compared segments I
and IV in merging, in the following analyses.

3) EVALUATION AT LOBE-LEVEL
Fig. 11 compares the averaged lobe volumes on both side
among different methods. It is evident that, regardless of the
methods used, the right hemi-liver was always larger than
the left one. Particularly, our results were most similar to
those by Rusko et al., i.e., left: right volumes of 67.50: 32.50.
This was not only because we analyzed the same dataset,
but these findings also implied that the proposed resection
yielded results, that were closely resemble to those obtained
by that intervened by an experienced operator.

4) EVALUATION AT SECTION-LEVEL
Table 4 presents averaged proportions of volume sizes in 4
sections, i.e., lateral, medial, anterior, and posterior. It can
be noted that our segmentations concurred with Butdee’s for
anterior section (30.0 vs. 29.4%) and with Rusko’s for both
lateral (13.3 vs 12.2%) and medial (19.2 vs. 20.0) sections.

To gain better insights into differential characteristics, PCA
was applied to these relative volumes (by column) over these
methods (by row). Their respective projections onto the prin-
cipal 2D (eigen) space are plotted in Fig. 12. It is evident
from the figure that, our method yielded similar sectional
proportions to the semi-automatic methods [24], [27] (dotted
arrows), within 2.0σ radius. It is also worth emphasizing
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TABLE 3. Percentage of functional segment volumes, with respec to that of an individual whole liver.

FIGURE 11. Comparisons of relative segment volumes at lobe-level. Our
results closely resembled to those obtained by Rusko’s method. Dotted
lines are the average volumes of left and right lobes, for all methods.

TABLE 4. Averaged proportions (in %) of volume sizes in four sections,
i.e., lateral, medial, anterior, and posterior.

here that, in this analysis, section I was merged with IV, and
associated with medial section.

5) EVALUATION AT FUNCTIONAL SECTION-LEVEL
Similar to the previous level, Table 5 presents the averaged
proportions of volume sizes in all functional segments.

The above results indicated that our results were most
consistent with Butdee’s, for four out of seven segments,
i.e., II, V, VI, and VII. This is mainly because we
took the same approach in constructing the HV plane.

FIGURE 12. The distributions of volume sizes evaluated at section level
by five methods and projected onto a 2D principal plane.

TABLE 5. Averaged proportions (in %) of volume sizes in seven
functional segments, i.e., II, III, I & IV, and V – VIII.

For segments II, I & IV, and VIII, our results were compa-
rable to those by Cheng, Rusko, and Huang et al.’s works,
respectively. Likewise, these are because for these segments
we referred to the similar markers as did those works.

PCA was also applied to these relational data, similar to
those evaluated at the section-level, and the corresponding
projections are plotted in Fig. 13, where individual subjects,
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FIGURE 13. The distributions of volume sizes evaluated at segment level
by five methods and projected onto a 2D principal plane. The projections
of individual samples analyzed by our method are included.

analyzed by our method are also shown. Contradicted seg-
ment is manifest in partial deviation from its general cluster.

Unlike Fig. 12, however, due to higher dimension (8) than
methods (5), PCA was applied to all 12 subjects and aver-
ages of compared methods (12 + 4 = 16 > 8). Based on
Mahalanobis’s distance, all instances but Huang’s average,
lied within 2.4σ radius (bounded by subject 10) around our
average. Apart from that, our sample average was closest
to Butdee’s (d = 1.0σ ), followed by Rukso’s (2.1σ ), and
Cheng’s (2.4σ ). Despite similar volumes ratios, the proposed
method outperformed these semi-automatic ones, especially
in terms of the extent of user interaction and expertise
involved, and hence inter- and intra-observer variability [7].
Take Rukso’s method, for instance, between three trial runs,
the volume variations ranged 2.8–5.6%, which is roughly
at similar significance levels as those among five methods,
presented in Table 5.

In addition to state-of-the-art methods, a range of
computer software has also been developed based on
Couinaud’s definition. They are widely applied in clini-
cal practice and worth mentioned here [59], e.g., MeVis
LiverAnalyzerTM(MeVis Medical Solution, Germany), and
Synapse VincentTM(Fujifilm, Japan), etc. While the for-
mer requires its user to submit CT images and then wait
for full report, the latter is interactive and thus depends
greatly on user’s expertise, e.g., significant manual adjust-
ment is required for regions with poor vascular clearance, etc.
Therefore, to resolve these limitations, algorithmic enhance-
ment has still remained vital and been an active area of
research [18], [20], [21], [24], [25], [28].

VI. CONCLUSION
This paper presented a novel scheme for labeling functional
segments of a liver mass and tracing on its surface virtual sur-
gical paths for preoperative liver resection. This scheme took
into account liver morphology, its interior vascular network,
and anatomical landmarks. Given a liver and its vascular

surfaces extracted from 3D CT, we divided a liver into eight
functional segments, according to Couinaud’s definition.
Among key hepatic markers, our method was able to identify
and localize gallbladder fossa and falciform ligaments on the
liver surface, by means of differential geometry operations.
Unlike existing methods, these and other markers considered
herein were practical and much faithful to hepatic anatomy
than manually specified cutting planes or curves. Besides
only a few markers being placed by a user on major vessels,
the rest of our process was automatic. Accordingly, this
significantly reduced observer variability, user fatigue, and
needs of radiological expertise.

To the best of our knowledge, existing schemes estimated
the caudate lobe (segment I), based primarily on a portal vein
or manually drawn parametric curves, or more often than
not neglected this segment all together. To resolve this issue,
the proposed method meticulously defined caudate bound-
aries based on surrounding segments and local planes. Partic-
ularly the extracted gallbladder fossa and falciform ligament
forms natural landmarks that enabled its separation from
lateral, medial, and right sections. Moreover, the principal
vectors approximating main HV and PV branches ensured
necessary blood passages in and out of each segment.

To demonstrate its merits, the proposed scheme was val-
idated both visually and numerically on standard public
liver dataset, called SLIVER07. A Total of twelve subjects
were undergone virtual preoperative resection. The resulted
functional segments were subsequently validated and bench-
marked against four related methods. Numerical evaluations
at three volumetric levels were performed and discussed.

One of our main contributions was well motivated by a
previous work presented in [22], where gallbladder fossa
and falciform ligament were both considered. However, with
our work, the structures of interest were automatically iden-
tified, by optimizing parametric curvatures, based on their
two-manifold distribution. Another key contribution was that,
in addition to referring to these structures and the centroid
of liver mass, our method also detected and analyzed its
vasculature and other salient anatomical markers, in build-
ing resection planes. Unfortunately, numerical measurements
were not reported in [22], we were thus unable to compare
ours results with theirs. That said, our methods corresponded
well to other counterparts, particularly to those depending on
fair amount of interaction from an experienced user.

To summarize, successful liver resection procedure is
characterized by accurate calculation of postoperative FLRV
and functional independence of affected regions. Thus, it is
anticipated that the proposed virtual resection method will
benefit both preoperative planning and surgical interven-
tion. Future directions worth considered are much precise
extraction of vessels and their centerlines [21], [30] and
building statistical atlas [39] of functional segments model.
Empirical results reported herein have also confirmed large
variations of vascular structures (especially HVs) [60] and
related segments. It is thus worth further explore and correlate
these resections with, for examples, biliary tree, by using
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CT-MRCP (MR cholangiopancreatography) perfusion and
functional parenchyma, by using particular contrast material.
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