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Abstract— This paper presents an approach to the gallbladder 
anomaly analysis using 3D shape modeling and 2D image 
segmentation.  The 3D shape of gallbladder is represented as a 
surface mesh model, which is constructed from the contours 
segmented in CT data by a scheme of propagation based voxel 
classification. To better extract the shape feature, the surface 
mesh is further down-sampled by a decimation filter and 
smoothed by a Taubin algorithm. The curvatures are computed 
on the regularized mesh for the salience region localization on 
the surface.  With a given tolerance the 3D shape can be 
decomposed and represented as 3D ellipsoids, which reveal the 
shape topology and anomaly of a gallbladder. Preliminary 
experiments on 10 sets of gallbladder CT data have shown the 
promising results in the shape structure extraction and shape 
anomaly detection. 

I. INTRODUCTION 

Gallbladder disease is one of the most common 
gastrointestinal disorders in the population. According to 
Federal Citizen Information Center (USA), there are 500,000 
Americans each year undergoing the gallbladder surgery [1], 
which is widely applied for treating cholecystitis. The 
gallbladder disease is largely linked to the prevalence of 
gallstone. In Asia, the incidence of gallstone is 3-15% in the 
population. It is 7.9% for men and 16.6% for women in 
western countries [2]. The incident is higher in adult or aged 
people. 

Gallbladder diseases have varying symptoms, which 
sometimes can be manifested by the shape change of 
gallbladders [3][4]. Although the shape anomaly may not 
always be related to disease, it may cause the stasis that could 
lead to stone formation and inflammation [5]. In this paper we 
present a shape decomposition method for gallbladder shape 
topology analysis. The shape anomaly information can be 
used together with case history to determine whether the 
abnormalities are of pathological importance or not [5]. 

Image based anomaly detection for gallbladder disease has 
been studied by Bodzioch [4] using 2D ultrasound images, to 
detect symptoms such as gallbladder calculi, hydrocele 
(protruding and ellipsoidal shape), folds and turns, polyps, 

and inflammation (thick walls of gallbladder). Measurement 
for wall thickness of gallbladder from CT images has been 
studied by Prasad et al [6], after manually drawing the wall 
contours of a gallbladder. An algorithm of gallstone 
segmentation is proposed by Agnihotri et al [7] by using a set 
of methods to remove the noise, enhance the edge and 
segment the gallstones from ultrasound images.  

In this paper we present an approach for the 3D shape 
analysis of gallbladders from CT images, to extract the shape 
topology for potential gallbladder anomaly detection. 

A 3D shape can be represented by tetrahedral or polyhedral 
mesh. With the mesh, generally, there are two main categories 
of 3D shape analysis. One is based on the mesh patch 
segmentation from the salient points on the surface 
[8][11][17], and the other is based on skeletonization of 3D 
shapes or logical parts decomposition [9][10]. Some methods 
use both saliency of surface and logical components for 3D 
shape decomposition [12][13][14]. Besides, there are some 
other works proposed to use statistical approach to shape 
decomposition and analysis [15][16]. To segment an object 
into meaningful parts, minima rule and part salience [13][10] 
have been used to cut 3D objects. Mortara el al proposed 
Plumber using the interaction of spheres in different scales 
with an object to locate the tubular parts [18]. Lien et al 
proposed an iterative way to decompose and skeletonize a 3D 
object simultaneously using approximate convex 
decomposition [19][20]. Sun et al applied the region 
segmentation using MDS transform [22] to extract the 
skeleton of objects [21]. In medical application, one of the 
works is to represent an object in medial atoms and mesh 
model, which are later used for deformation and segmentation 
[23]. Banegas et al presented a decomposition of volume data 
using based on K-means algorithm using Principal 
Component Analysis (PCA) to get the initial partition. Then 
ellipsoids are fitted and deformed to reconstruct of the object 
form the hierarchical decomposition [24]. 

In gallbladder model, one of the shape features related to 
potential anomaly is the fold and turn from the normal pear-
like shape [3][4]. Thus the ellipsoid decomposition based on 
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the K-means and PCA will not be able to sufficiently 
represent the intrinsic topology of the shape change. The 
skeletonization can be used to find out the existence of 
changes of the shape with turns and folds. However the 
skeleton may be too abstractive to show the surface change of 
a gallbladder. In this paper we present an approach using 
surface salience to locate the possible changes and model 
gallbladders in ellipsoids to represent the topology changes. 

The paper is organized as follows. Section II presents the 
technique to segment the gallbladder from CT images. 
Section III summarizes the mesh generation for the modeling 
of gallbladders from the CT image segmentation. Section IV 
presents the approach to the salience detection and ellipsoid 
fitting for 3D gallbladder representation. Section V shows the 
experiments and discussion. Finally the paper is concluded in 
Section VI. 

II. GALLBLADDER SEGMENTATION 

In this paper we focus on modeling a gallbladder from CT 
images. Three abdominal CT images are shown in Fig. 1. It 
reveals the spatial location of gallbladders and the relationship 
with the neighbouring organs. Although the size, shape and 
location of a normal gallbladder follow a general statistical 
pattern, they vary a lot from person to person. Generally, a 
gallbladder has the lower density appearance than liver and 
duodenum in CT image. For normal healthy gallbladders, the 
density distribution is relatively homogeneous, however high 
density appears inside for gallbladders with gallstones or 
inflammation. For high-resolution images, the gallbladder 
wall can be observed as a thin attenuating rim of soft tissue. 
Pathologically a thick-walled gallbladder can be regarded as a 
feature of many gallbladder-related diseases [6]. 

   

 
 

Fig. 1. a. CT image of a normal gallbladder; b. CT images of an abnormal 
gallbladder; c. CT images of an gallbladder with gallstone. 

 
Few studies have been reported on gallbladder 

segmentation or modeling. Agnihotri et al. developed an 

automated technique to segment gallstones from ultrasound 
images [7]. Prasad et al. reported the Laplacian wall thickness 
measurements of gallbladder from CT slices, however the 
inner and outer boundaries of gallbladder wall were manually 
traced by radiologists [6]. Location of gallbladders is still a 
challenge [4]. For healthy gallbladders, CT image property of 
homogenous hypo-density suggests that region-growing or 
deformable model-based methods such as level-set or snake 
may work well for the segmentation task. However for 
abnormal gallbladders with gallstones or inflammation, these 
methods will achieve poor result due to the mixture of hypo- 
and hyper-densities in the target. Furthermore within the same 
image set, the spatial location of a gallbladder, from neck to 
fundus, may change considerably among 2D images. 
However the transition between neighbouring slices is not 
significant. We adopt a semi-automated, pseudo 3D based 
method which uses tissue classification and inter-slice 
propagation-based learning to segment a gallbladder from 3D 
abdominal CT scans [25]. We introduce the work here. 

A. Segmentation scheme 
Given a stack of 2D CT images, the idea is to segment a 

first desired gallbladder region as a contour from the 2D slice 
at the intermediate part of a gallbladder using a learning-
based voxel classification. The segmented contour, after 
morphological operation, is then mapped to its neighbouring 
slices for automated re-sampling, learning and voxel 
classification. The developed segmentation scheme, 
illustrated in Fig. 2, has three main stages. 

 
Figure 2. Three main stages of the proposed segmentation scheme 

Stage 1 A desired gallbladder region in a 2D slice i at the 
intermediate part of the whole gallbladder is first segmented 
out by supervised learning-based voxel classification. In this 
procedure, samples of the gallbladder and non-gallbladder 
organs/structures are manually selected to train a two-class 
support vector machine (SVM) based classifier. Then the 
trained classifier is imposed to a ROI in the slice i for voxel 
classification such that gallbladder region in the ROI is 
extracted. 
Stage 2 Let Ci be the contour of the extracted gallbladder 
region from slice i, Ci

D and Ci
E be the contours after 

morphological dilation and erosion operations are performed 
on Ci . As CT images with slice thickness of 2-3 mm were 
acquired for this study, it can be assumed with high 
confidence that the desired gallbladder contours and image 
features vary gently among neighbouring slices. Hence both 
Ci

D and Ci
E are projected to slices i-1 and i+1. In slices i-1 

and i+1, voxels enclosed by Ci
E are used for learning to train 

a SVM classifier, then the newly trained SVM classifier is 
imposed to the area enclosed by Ci

D for gallbladder region 

a      Gallbladder b Gallbladder, with fold 

c        Gallstone 

Liver Liver 

Liver 
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extraction in the two propagating slices. This step is the first 
propagation procedure. 
Stage 3 Similarly the whole propagation procedure including 
contour projection, re-sampling, SVM classifier training and 
voxel classification is further applied to the upper and lower 
slices for gallbladder extraction till all gallbladder-bearing 
slices are processed. 

B. Implementation of voxel classification 
The voxel classification at each slice is achieved using a 

SVM classifier. The voxel density (16 bits) and the median of 
the densities in a 3x3 window of the voxel are used as input 
features to the SVM. In addition, a Gaussian radius basis 
function (RBF) 2( , ) ( / )K exp σ= − −x y x y  is adopted as the 
learning kernel in the SVM classifier used, where σ was 
decided by the variation of gallbladder samples. For the initial 
segmentation for slice i in Stage 1, a few gallbladder pixel 
samples are randomly selected manually, non-gallbladder 
samples were selected by defining a rectangular box over the 
non-gallbladder region and the region of interest (ROI) used 
for gallbladder region extraction was manually defined by a 
polygon. 

In Stage 2 after the initial segmentation at slice i (shown in 
Fig.3(a), from a set of CT images, i=109), the gallbladder 
contour iC  in slice i is dilated/eroded by 4-5 pixels (depends 
on slice thickness) as D

iC / E
iC . Both D

iC / E
iC  were projected 

to slices i-1 and i+1, as shown in Figs.3(b) and 3(c). The D
iC , 

which encircles almost the whole desired gallbladder region 
in slices i-1 and i+1 with some minor margin, is used as the 
new ROIs for gallbladder extraction in slices i-1 and i+1. The 
region enclosed by E

iC , which is slightly inside the desired 
gallbladder region in slices i-1 and i+1 but covers the majority 
of the gallbladder, was used as the learning samples of 
gallbladder to train a new SVM classifier. In the training 
procedure, non-gallbladder samples are the same as those 
selected in the initial segmentation stage. Moreover, if the 
amount of gallbladder samples is more than twice of non-
gallbladder samples, a random re-sampling would be 
performed on gallbladder samples to balance sample 
populations, which is important in the training of SVM 
classifiers. After voxel classification for gallbladder region 
extraction, the whole propagation procedure including 
contour projection, SVM classifier training and voxel 
classification is further applied to upper and lower slices till 
all gallbladder-bearing slices are processed (Stage 3). 

 
 
 
 
 
 
 
 
 

In theory, there should be no human intervention in the 
contour propagation procedure. However, if the D

iC  or 
E
iC results in obviously undesired ROI of the gallbladder, re-

selecting the gallbladder samples or re-defining the polygonal 
ROI or both can be applied during the propagation. 
Furthermore, an automated morphological operation is 
applied after voxel classification in each slice to improve the 
segmentation results and a 3D morphological filter using 
Gaussian kernel is employed into the 3D volume for boundary 
smoothness. Some of the segmentation results are shown in 
Fig.4. The segmentation is very close to the ground truth. 

 

 

III. MESH OPTIMIZATION 

The original stack of contours segmented from the CT 
images of a gallbladder, which is abnormal in shape, are 
shown in Fig. 5. The contours are difficult for direct shape 
analysis and they are quite noisy due to the innate discrete 
approximation inherent in the images from CT scan.  

To prepare the 3D models for shape analysis, segmented 
contour data from CT scans were used. An improved version 
of a 3D reconstruction algorithm based on the approach 
proposed by Barequet and Sharir [26] is developed to 
generate a conforming triangle mesh from the contour 
information. The initial reconstructed model contains various 
geometrical artifacts, such as stepped and sharp surfaces. In 
order to reduce such noises which is typical of data extracted 
directly from CT images, the mesh model is subjected to a 
series of post-processing procedures: 

 A decimation filter based on quadric error [27] is 
applied. It is used to reduce the unnecessarily high 
resolution of the initial mesh. 

 A Taubin smoothing algorithm [28] is used to enhance 
the smoothness of the mesh while preserving the 
volume of the original mesh. 

 To further enhance the regularity of the mesh, an 
advancing front algorithm was applied. As there is no 
analytical surface definition for the mesh, a Virtual 

Fig. 4. Gallbladder segmentation using voxel classification and 
semi-automated contour propagation. (a) and (b) are segmentation 

from a normal/healthy gallbladder; (c) and (d) are the 
segmentation from a gallbladder with a gallstone. The red is the 

referenced ground truth and the green is the computerized 
segmentation   

(a)                        (b) 

(c)                        (d) 

   
Fig 3. (a) Segmented gallbladder contour 

iC  (red) in slice 109; (b)-(c) 
D
iC  (green) and E

iC  (blue) projections in slices 108 and 110. 

 (a)                         (b)                         (c) 
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Geometry kernel [29][30] is used in conjunction with 
the advancing front algorithm for accurate 
interpolation. 

 
The shape analysis was performed on the final mesh after 

post-processing. In order to approximate the curvature values 
over the mesh, the direct curvature computing on the discrete 
mesh or based on quadric surface fitting can be applied. 
Shown in Fig. 6 are the smoothed mesh model and the 
curvature visualization generated from the gallbladder 
contours, from Fig.5. 
 

   
 

Fig. 6. Mesh model of a gallbladder (left) and the Gaussian curvature of the 
surface at ring=2 (right). The darker area shows the negative curvature on the 

concave surface. 
 
The mesh and the curvature on the surface are used for 

further 3D shape analysis. 

IV. SHAPE REPRESENTATION OF GALLBLADDER 

A. Gallbladder Shape Forms 
Normally gallbladders are pear shaped. Although they 

follow a general statistical pattern, the shapes vary from 
person to person especially when anomaly happens, being 
congenital or acquired, due to diseases or other reasons. With 
the mesh, the shape can be represented in details. Here we 
present an ellipsoid representation approach based on the 
surface salience and shape topology. Fig.7 shows two of the 
mesh surfaces of gallbladders modeled from CT images after 
the segmentation and mesh optimization. Fig.7(a) shows a 3D 
shape of a normal gallbladder, which can be modeled as an 
ellipsoid, and Fig.7(b) shows a 3D model of a gallbladder 
folded at one end, which can be modeled using two ellipsoids 
– one for the main part of the gallbladder and the other for the 
small fold. Fig. 6 shows a deformed gallbladder, in a 

boomerang-like shape [3]. It can be seen that two ellipsoids 
can be fitted to represent the gallbladder. There exist other 
anomaly forms of gallbladders, such as multi-folds, septa in 
gallbladder, Phrygian cap, dual-gallbladder, thick walls and 
enlarged gallbladder etc. This paper focuses on the detection 
of the folds and to infer the shape topology of a gallbladder. 

B. Surface Salience 
Lee et al showed that the salience could be area with the 

minima of curvature along the surface [13], according to 
cognitive theory that human perception usually segments the 
object into parts along the concave discontinuity of the shape 
[34].  

Surface can be characterized by two principal curvatures – 
maximum and minimum ones. A simple way to compute the 
curvatures from a mesh model is presented in [33] using a 
neighbouring area. Let the two principal curvatures be κ1 and 
κ2, the mean curvature H and Gaussian curvature K are 

H = (κ1 + κ2)/2 
K = κ1κ2 

The H and K can be calculated directly from the mesh. 
Shown in Fig. 8 is a 1-ring neighbour N1(i) of a vertex xi. Let 
the surrounding vertices at 1-ring be xj. The Voronoi area of 
the 1-ring of vertex xi is 

2

1
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With (2), the Gaussian curvature at xi is approximated as 
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Fig. 7. The mesh models of two gallbladders. (a) A normal 
gallbladder. (b) A folded gallbladder. 

  (a)                                    (b) 

Fig.5 Contours in 3D of a gallbladder (One of 
the CT images is shown in Fig.1.b.) 

Fig. 8. The neighbouring vertices of xi. The edge of xixj has two 
opposite angles in the adjacent faces, which is used to compute 

the Voronoi area.  

 xi 

xj 

αij

βij 

  θf 

Concave area with negative 
curvatures 

     (1)
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where ωij is a normalization factor, N

ijk  is seen as the estimate 
of the normal curvature at the edge xi xj,  where 

2
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In (6), n is a unit normal. 
Given (3) and (4), let Δ=H2-K, the principal curvatures can 

be obtained from (1) by 
 )()()(1 iii xxHx Δ+=κ ,                          (7) 

)()()(2 iii xxHx Δ−=κ .                          (8) 
Alternatively, for a more accurate calculation, each vertex 

of the mesh can be processed by fitting a quadric surface over 
a local region around the vertex [31][32]. The extent of this 
local region is determined by the n-ring parameter. In general, 
the smaller the value of n, the more sensitive the method will 
be to the effect of local geometrical variation, such as 
curvature variation and noise. However, if the choice of n is 
too large, the fitted quadric might not be able to capture the 
true geometric variation due to over smoothing. To achieve a 
good estimation of the local curvature for a sufficiently 
smoothed mesh, n is typically kept at 2. In some cases, to 
detect the main concave region of a surface, the value of n can 
be increased further. 

The Gaussian curvature K or the principal curvature κ2 is 
used in the paper to evaluate the surface saliency. Similar to 
[13] using protrusion to validate the cutting curve, we can 
measure concavity to filter the unwanted saliency points. One 
way to define the concavity is using the distance from a 
surface point to the convex hull of a 3D shape, along the 
surface normal direction. It will remove the salience points 
that are too close to the convex hull. 

C. Shape Segmentation by Salience 
The salience points after detection is grouped into 

connected regions, through the mesh connection. For each 
connected salience region, the point with the minimum 
curvature is tested for the concavity.  

For the salience region S, let a salience point be si∈S, and 
the mean of {si} be sc. It is expected that the cutting plane will 
go through the centre sc and is parallel to the main normal of 
the surface on the {si}. Let the normal of the surface at si be ni, 
which can be easily computed from the mesh model. The 
weighted mean normal is adopted as the main normal of {si},  

∑∑=
i

i
i

iic sn ωω /                               (9) 

The weight ωi can be K(xi) (3) or κ2(xi) (8). Assuming the 
continuity of the salience points on the surface, the cutting 
plane will follow the distribution of the salience points. 
Illustrated in Fig. 9, the orthogonal projection of a salience 
point si to a plane crossing at sc with normal nc, is 

cciii nsssp ⋅−+= )( .                      (10) 

A weighted PCA is performed on the projected points {pi} 
to get the main distribution. Let A = ∑ ))(( T

iiii pp ωω = 
∑ )(2 T

iii ppω . The eigen vector of A for the biggest eigenvalue 
represents the distribution orientation of the points on the 
plane, considering the saliency of each points. Let the eigen 
vector be np, the normal of the cutting plane is defined by dp = 
np×nc. Due to the shapes varying greatly, the curvatures on the 
gallbladder surfaces are very different. Let the minimum 
curvature be Km = min(Ki), Ki is the curvature at the i-th 
vertex of a mesh. The saliency points are located as si = mi, if 
Ki <0.5Km.  

Currently, the initial cutting plane selected for mesh 
decomposition is based on the saliency region that contains 
the saliency point with the minimum curvature in the mesh 
model.  The initial cutting plane works well for most of the 
gallbladder data sets we tested. However it is not optimal in 
one data set because the curvatures are computed in a small 
ring, which may not represent the global shape change. In 
such a case we will manually select the next cutting plane for 
the decomposition. 

 
D. Segmentation with Ellipsoid Fitting 

With the cutting plane, the mesh vertices of a gallbladder 
are separated into two sets of data points. One ellipsoid is 
applied to one set of points using the ellipsoid fitting [35]. 
Currently a gallbladder will be modeled by at most two 
ellipsoids. When the minimum curvature on a gallbladder 
mesh model is near to zero, where the exact threshold is 
defined experimentally, there will be no decomposition 
applied. In this case the whole gallbladder is modeled by just 
one ellipsoid.  

V. EXPERIMENTS AND DISCUSSION 

Following the process described above, we tested 10 sets 
with the 3D shapes reconstructed from gallbladder CT images.  

 Fig.10 shows two shape decompositions represented by 
ellipsoids. The original mesh models are shown in Fig.7.  

In the model of Fig.10(a), the gallbladder is measured by 
the radii and the main orientation, and another (Fig.10(b)) is a 
fusion of two ellipsoids, where one ellipsoid forms the basic 
body and the other forms a big fold. Fig.11 shows the shape 
decompositions of the other sets of gallbladders. Most shapes 

Fig. 9. (a) Projection of a salience point si and the distribution direction (np 
by PCA) of the projected points in the surface. The mean normal of the 
surface is nc. The normal of the cutting plane is dp. The arrow from si 

shows the surface normal. (b) A salient area of a gallbladder. The color 
coded lines are the same like the ones in (a). Green dots is the salient point 

on the mesh surface and the red dots are the projected points. 

    nc 

   np 
dp 

si 

 pi 

(a)                                                     (b) 
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are well preserved by the decompositions, except for Fig.11(b) 
and Fig.11(c), where the shapes are very irregular. Fig.11(a) 
shows a boomerang-like shape configuration (anomaly), 
Figs.11(d-f) are shapes with small folds (probably still normal 
shapes), Fig.11(g) is formed by one-ellipsoid (normal shape) 
and Fig.11(h) is a two-ellipsoid structure, the fold is obvious 
(anomaly). In Fig.11(b), one of the saliency regions measured 
with big concavity (pointed by an arrow) is actually not the   

right one for segmentation. Human intervention is needed to 
select the proper saliency region (bigger arrow head). 
Nevertheless, it shows the anomaly due to the big fold 
detected. More works can be done to minimize human 
intervention, such as using the segmentation results to 
evaluate the performance of the decomposition or using multi-
scale curvature analysis to find the proper saliency area. In 
Fig.11.c, the gallbladder is twisted and there exist many ways 
to segment the shape. Thus the two-ellipsoid configuration is 
not enough to represent it, although locally it is segmented 
correctly.  

Another limitation of the current approach is to select the 
cutting plane using the weighted PCA, which works quite 
well for the bend/fold decomposition in gallbladder, but it did 
not generate good result for the protrusion decomposition. 
The reason is that the mean normal of the saliency points can 
not represent the surface normal in such a scenario and there 
might be no dominant orientation in the distribution of the 
saliency points. Thus it is sensitive to the shape of the 
protrusion. 

VI. CONCLUSIONS 

The paper presents an approach to model gallbladder 
shapes. Segmented from the CT images, a gallbladder is 
reconstructed as an optimized mesh surface model, which is 
further analyzed using the saliency detection for segmentation 
and ellipsoid approximation. The preliminary results tested on 
the CT scans show that it works well for most of the 
gallbladders. For more complicated anomaly shapes, further 
improvement can be done in the area of multi-scale curvature 
analysis for saliency area localization, segmentation plane 
detection and multi-part segmentation. 
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