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Abstract
The construction of a powerful statistical shape model (SSM) requires a rich training dataset that includes the large variety 
of complex anatomical topologies. The lack of real data causes most SSMs unable to generalize possible unseen instances. 
Artificial enrichment of training data is one of the methods proposed to address this issue. In this paper, we introduce a 
novel technique called constrained cage-based deformation (CCBD), which has the ability to produce unlimited artificial 
data that promises to enrich variability within the training dataset. The proposed method is a two-step algorithm: in the 
first step, it moves a few handles together, and in the second step transfers the displacements of these handles to the base 
mesh vertices to generate a real new instance. The evaluation of statistical characteristics of the CCBD confirms that our 
proposed technique outperforms notable data-generating methods quantitatively, in terms of the generalization ability, and 
with respect to specificity.

Keywords  Statistical shape model · Training dataset · Artificial data · Constrained cage-based deformation · Generalization 
ability · Specificity

Introduction

Statistical shape models (SSM) are the solution for a vari-
ety of biomedical applications such as image analysis [1, 
2] registration [3, 4] and shape deformation [5]. Further, 
segmentation is one of the other interesting applications 
of SSMs in parts of the body such as the spine [6], femur 

and pelvis [7], liver [8, 9], prostate [10], hip [11], and heart 
[12–14]. SSMs are constructed by learning the variations 
in the training dataset. Consequently, their performance is 
highly influenced by the richness of the training data.

Generally, the over-constraining problem restricts 
SSMs from generalizing the possible new, real, and unseen 
instances. Various researchers, who have used SSMs with 
different applications, have noted this issue and the corre-
sponding negative impact on their performances. Mitchell 
et al. constructed an Active Appearance model (AAM) using 
55 subjects and realized that their AAM fails to consider 
local appearance variations owing to the limited number of 
the training set [15]. Davatzikos et al. found that although 
using 50 samples is sufficient for constructing an Active 
Shape model for simple structures, this data size is insuffi-
cient for complex ones [16]. Global characteristics could be 
captured by lower bands, and higher bands are responsible 
for the local shape variations; the wavelet transform was 
utilized to benefit from this feature. Chung et al. announced 
that by using statistical methods, the results of the segmen-
tation of the lower limb bones in MRI images is improved 
when the number of the training datasets is increased [17]. 
Ordas et al. concluded that SSMs that take advantage of the 
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large variation of shape information are able to represent a 
larger number of flexible instances [18].

Different methods of solution have been proposed to 
improve SSMs. One such method is based on the idea that 
each complex structure comprises several simpler compo-
nents that can be modeled separately with fewer training 
data. De Bruijne et al. used a shape model to consider the 
general structures, and an intensity model to capture the 
local elegant variations in order to segment aortic aneu-
rysms accurately [19]. Hu et al. proposed a new method 
based on non-uniform rational B-spline to generate large 
datasets from the limited number of cone-beam computed 
tomography images to derive real variables in SSM con-
struction that can be used in adaptive radiotherapy pur-
poses [20]. A recent research [21, 22] merging pre-existing 
SSM properties without the need for the original data has 
been published. The authors claim that their model is 
capable of representing global and local features of com-
plex objects. Using a patch-based technique, Ehrhardt 
et al. overcame the restricted access to the training data in 
SSM construction. Their proposed approach uses a low-
rank matrix completion method and makes it possible to 
learn a large number of details from the small amount of 
training data available [23].

Besides the researchers who tried to use existing real 
data, other research groups attempted to enrich the statistical 
model’s training dataset in a different manner: by produc-
ing artificial real appearance data. For example, Cootes and 
Taylor expanded the vibration modes via the finite element 
method and generated new modified instances even in the 
absence of the adequate number of datasets [24]. Lötjönen 
et al. proposed several methods to artificially enlarge the 
data and evaluated their methods by comparing the segmen-
tation results of the 3D cardiac MRI data [13]. They claim 
that enlargement based on the non-rigid movement method 
delivered the best results. Koikkalainen et al. developed a 
method to enlarge the data artificially and made a model 
of a four-chamber heart [25]. They evaluated their method 
through SSM-based segmentation and concluded that the 
increased number of vibration modes could improve the 
segmentation result.

Cage-based deformation (CBD) is a method for artificial 
data generating in computer graphics applications [26, 27]. 
This method was first used to impart smooth motion to ani-
mated characters. For this purpose, some handles that make 
a cage were located in different positions of the object by 
the user. Figure 1 shows an example of such a cage com-
prising a number of handles, shown as yellow dots, inside 
and outside the body of an animation character. A weighted 
linear combination of these handles’ affine transformations 
then results in the deformation of the object. CBD has two 
main capabilities: realistic convenient deformation that can 
preserve high-frequency details [26, 27], and using arbitrary 

irregular control points based on the demanded deformation 
by considering a large and small number of control points in 
high detailed and smooth regions, respectively. Preserving 
the details of the topology and smoothness during deforma-
tion is the most important issue considered by researchers in 
various computer graphics applications, such as the positive 
mean value [28] and harmonic coordinates [29].

To the best of our knowledge, this is the first time that the 
concept of animation object morphing has been improved 
and is intended to enlarge the training set of SSMs for use 
in biomedical applications. Additional constraints have also 
been applied to the handles in the proposed CCBD method 
to make a global deformation in each handle movement and 
to prevent unreal data generating. The proposed approach 
can be repeated to any number desired by the user. The sta-
tistical characteristics of the enlarged SSM of the CCBD, 
have been compared with other methods for enlargement 
of the training dataset, such as non-rigid movement (NRM) 
[13, 25], principal component analysis–finite element model 
(PCA–FEM) [24], blind covariance matrix editing [30, 31], 
and standard PCA. The remainder of this paper is organ-
ized as follows: section “Materials and methods” provides 
information regarding the dataset and describes the pro-
posed method, cage generation, CCBD, and the enhanced 
SSM. Section “Results” shows the evaluation results of 
generalization ability, specificity and the repeatability. The 
final sections of the paper contain the “Discussion” and 
“Conclusion”.

Materials and methods

Dataset

In this study, 3D CT images of 50 livers [32] used acquired 
by the Siemen scanner with in-slice resolution ranges from 
0.97 to 1.36 mm and the slice thickness between 3.37 and 
5 mm. In addition, 3D CT images of 42 femurs used with 
in-slice resolution ranging from 0.46 to 0.88 mm and slice 

Fig. 1   Deformation of an animated character by the linear combina-
tion of the affine transformations of the handles inside and outside the 
object [26]



575Australasian Physical & Engineering Sciences in Medicine (2019) 42:573–584	

1 3

thickness of 1.00 to 2.00 mm. The femur dataset acquired by 
Toshiba and GE CT scanners in Imam Khomeini Hospital, 
Tehran, Iran.

Method

Strengthening the statistical model via artificial data gen-
eration commences with providing a small amount of real 
data. Here the available data are 3D CT images of the liver 
and femur. 3D models of these images are constructed using 
their segmentation and meshing. The vertices and faces of 
the 3D model generated by applying a technique proposed 
by Fang et al. [33]. This powerful method creates a sur-
face or volumetric mesh from binary or gray-scale medical 
images and can mesh challenging structures such as volumes 
of multiple regions and opened surfaces, robustly. These 
3D meshes are considered to be the base models, and their 
deformation using handles creates artificial data. Finally, the 
enlarged SSM is constructed using real and artificial data, 
and its statistics are compared with those of the model made 
only from the primary real data. Once the 3D base models 
are made, cage generation, CBD and lastly, constraining the 
CBD, as described below, are carried out in order to build 
an optimized SSM.

Cage generation

The cage is made by placing handles inside or outside of the 
3D model of the real data. However, it has been heuristically 
observed that a smoother warped model can be created using 
an internal cage. Since the 3D model is deformed by its 
cage, they should have a similar topology. To achieve this, a 
decimated version of the base model creates the cage. [34]. 
Building the decimated version is easy and prevents from 
manually locating the handles around the base model.

Figure 2a depicts the 3D model of a liver with its deci-
mated version as the cage, which is depicted as red dots on 
the surface. The low-resolution version of the base model 

is created using a mesh decimation algorithm [34]. The 
smart point selection of this algorithm preserves the overall 
shape of the mesh by retaining the points that are visually 
important. Next, the selected vertices move normal to the 
surface as indicated by the black arrow. The new positions, 
shown with blue dots in Fig. 2a and b, make the cage. The 
movement in the normal direction prevents the shape from 
collapsing.

CBD

To create a deformation in the base model using cage han-
dles, we need to explain the relationship between them using 
computer graphics theories.

In CBD, an object is warped based on the handles’ trans-
formations. In this way, the following equation defines the 
new position of the object vertices after warping [35, 36]:

where pi is the initial position of the base model vertex, 
Th is a deformation transform for handle h (which will be 
explained later), wh

i
 is the blending coefficient, and ṕi is the 

transformed point.
Blending coefficients are a set of real coefficients with two 

main constraints: (1) they are positive, and (2) the sum of the 
coefficients is normalized to 1 with respect to pi . These coef-
ficients help to describe the coordinates of each point of the 
mesh based on the other points. The bounded bi-harmonic 
blending method [26] has been selected here to calculate the 
blending coefficients among the available methods, such as 
mean value coordinate [37], green coordinate [38], positive 
mean value coordinate [28] and harmonic coordinate [29], 
owing to making smooth and intuitive morphing [26]. These 
coefficients are calculated only once; therefore, fast warp-
ing is accessible owing to the linear blending computation 

(1)ṕi =

H
∑

h=1

wh
i
⋅ Th ⋅

(

pi
1

)

Fig. 2   3D model of the liver 
and its internal cage. Red and 
blue dots represent the vertices 
of the decimated 
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V
i

)

 and 
cage 

(
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i

)

 models of the liver, 
respectively
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during deformation through Eq. 1. Considering the above 
equation, each model vertex pi is warped to ṕi ; hence, the 
entire shape will be warped. Figure 3 depicts the typical 
warping of a femur model by displacing one of the cage 
handles.

Constrained CBD

Equation 1 describes how the handles transform back 
to the mesh and deform it. Transforming the handles is 
explained in the following equation.

Linear differential coordinates [39] is defined based on 
the weighted sum of the difference between the absolute 
coordinates of a handle and its direct neighbors.

(2)�i =
∑

j∈N(i)

sij
(

vi − vj
)

vj are the direct neighbors of the handle vi , and sij , the stiff-
ness parameter, is the connecting weight of the handles vi 
and vj . Some of the common stiffness parameter choices are 
uniform and cotangent-weights [40]. In fact, the stiffness 
parameter determines the locality impact of the movement 
of each handle on other handles. Figure 4 shows only the 
internal cage of the liver that was previously depicted in 
Fig. 2. As can be seen, sij is the connecting weight of the 
vi and one of its direct neighborhood handles vj , which are 
depicted as blue dots.

The Laplace–Beltrami equation describes the above con-
cept for all cage handles as follows:

where δ denotes the differential coordinates [39], L is the 
Laplace–Beltrami matrix of the handles, and x is the abso-
lute position of the handle. Establishing this relation between 
handles causes the movement of each handle to affect others; 
therefore, by shifting only one handle, all the handles are 
moved. The new location of all the handles after moving one 
of them is the unknown that we are looking for. This can be 
solved by adding the new position of the selected handle as a 
soft constraint to the equation. The soft constraint is a subset 
of linear constraints in the form of q = Cx.

In this way, the answer needs to approximately satisfy the 
constraint and the equation will change as follows:

A solution for the above equation to find the new position 
of all the handles could be fined by the minimization of this 
equation:

(3)� = Lx

(4)
(

�

q

)

=

(

L

C

)

x

(5)argmin
{

∥ Lx − � ∥2 + ∥ Cx − q ∥2
}

Fig. 3   Typical warping of medical data via the CBD through the dis-
placement of a cage handle. a A femur-triangulated mesh. b Warped 
femur model after handle displacement (The blue handle shows the 
new position of the original black handle). c Color-coded graphical 
illustration of the blending coefficients of the black handle

Fig. 4   Internal cage of the liver shown in Fig. 2. One sample handle 
and its direct neighbors with a connecting weight
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In summary, the proposed algorithm can be seen in the form 
of a seven-step deformation algorithm as the block diagram 
illustrated in Fig. 5. First of all, the Laplacian matrix “L” 
of the cage handles calculates. Then one of the cage han-
dles is randomly selected and displaced to a new position, 
randomly. In this step, the stiffness parameters sij are cho-
sen randomly. Next, the new position of the selected handle 
adds to the Laplace–Beltrami equation as a constraint, and 
the new position of all the cage handles estimated. Here 
the transformation between the old and new positions of 
the selected handle, Th can be calculated. In this point, the 
new position of all the points on the mesh could be calcu-
lated solving the linear equation of (1), and therefore the 
new deformed shape will be obtained very fast. At the final 
step, the validity of the result checks by an expert and the 
unrealistic auxiliary generated data will be excluded. So, 
through a 7-step algorithm (Fig. 5), the new artificial models 
are created and help to enrich the SSM.

Figure 6 shows artificial models of the liver and femur 
using the proposed CCBD method. For a better intuitive 
understanding of the difference between the artificial 

model created and the base model, the color coding has 
been used. As can be seen, the proposed method is able 
to change the shapes to create a variety of real instances. 
The difference between the instances created is more vis-
ible in femoral images, particularly in the femoral head, 
trochanter, and the epicondyle in the lower femur.

Enhanced SSM (ESSM)

As described in the previous section, using the proposed 
two-step algorithm with the steps mentioned, new artifi-
cial instances will be generated. The data generated are 
checked out in the last step to exclude those that are not 
looking good out of the dataset. Data exclusion criteria 
include the presence of sharp edges or deformation in such 
a way that the artificial data’s overall shape is destroyed 
such as examples shown in Fig. 7. The ESSM will be cre-
ated using the remaining data.

One of the most critical steps hereafter in constructing 
SSMs is to find the corresponding vertices of the training 
data that is done here using a non-rigid iterative closest 

Fig. 5   Block diagram for the proposed two-step algorithm. The first and second steps are represented by green and pink blocks, respectively
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point (ICP) algorithm [41]. Dimensionality reduction as 
the next step is accomplished using principal component 
analysis (PCA) [42] and finally, averaging over all the 
data, generates the enhanced statistical mean model.

Result

In this section, the statistical benefits of the axillary dataset 
have been studied. It must be emphasized that the warped 
models were randomly generated according to the details 
discussed in the previous section and no user interaction has 
been done in model warping. In addition to evaluating the 
generalization ability [43], the specificity [43] assessment 
has been conducted. The generalization ability expresses the 
model prediction error of unseen instances, and the specific-
ity indicates the model’s ability to generate instances similar 
to those presented in the training set.

Generalization ability

The most important SSM characteristic to be analyzed is the 
generalization ability, which measures an algorithm’s ability 
to predict previously unseen instances through a leave one out 
approach. To quantitatively assess the performance of the pro-
posed technique, we compared it with some notable existing 

methods in this field, such as NRM [13, 25], PCA–FEM [24], 
blind covariance matrix editing [30, 31] and standard PCA. 
The process of training the SSM is conducted using real data 
with the artificial data created by the proposed algorithm. In 
the dimensionality reduction step [42], only a few of the modes 
were used. Finally, the evaluations were performed using the 
following equation [43].

where ntest is the number of test data, M�
i
(L) is the recon-

structed model of Mi using L dominant eigenvector and 
D(., .) indicates the distance computed between the shapes.

Figure 8 compares the generalization ability of our pro-
posed method with other methods mentioned before for 
liver and femur. In this figure, 10 and 30 real data have been 
merged with more than 80 artificial data, and the generaliza-
tion ability assessment has been conducted out with respect 
to the number of modes. Each of the shapes individually 
indicates that regardless of the actual number of real data 
used, the proposed method has a better generalization ability 
than other methods.

(6)G(L) =
1

ntest

ntest
∑

i=1

(

D
(

Mi,M
�
i
(L)

))

Fig. 6   Randomly generated artificial liver (left images) and femur (right images) models using the proposed CCBD method. The color coding 
indicates the deformation compared with the original model
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Specificity

Another evaluation performed on the ESSM model is that 
of specificity, which measures the similarity of the artificial 
data generated with real data, according to the following 
equation [43].

where M�
i
(L) is the set of N artificial data generated. A value 

of N = 10,000 is used for evaluation in this paper.
The results are shown in Fig. 9 for the liver and femur. 

The graph indicates that the constructed CBD SSM has 
better specificity than other data-generating methods.

(7)S(L) =
1

ntest

ntest
∑

j=1

min

N
∑

i=1

(D
(

Mj,M
�
i
(L)

)

Repeatability

To support the claim that the CCBD algorithm can be 
repeated to any number desired by the user, a test was 
arranged starting with 20 real data. Then 100 artificial 
models were generated for each of the real data sepa-
rately. All 2000 created artificial data were divided into 
four groups of 500, randomly and finally, 20 real data was 
added to all the groups and the generalization ability and 
robustness of the entire process evaluated. The results are 
shown in the following figure and table (Fig. 10; Table 1). 

As can be seen, there is no significant difference between 
the four groups which indicates the robustness of the 
algorithm.

Fig. 7   Examples of sharpness and data deformity for auxiliary generated femur (a, b, c) and and liver (d, e, f)
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Fig. 8   Generalization ability and standard deviation of ESSM based on 10 (a and b) and 30 (c and d) real data according to the number of 
modes for liver (left column) and femur (right column)

Fig. 9   Specificity comparison of standard PCA, NRM and proposed method using 15 real data with respect to the number of modes for liver 
(left) and femur (right) models
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Discussion

The introduced workflow, constrained cage-based deforma-
tion, which is a constraint version of the CBD in the bio-
medical field, contributes to the enrichment of the statistical 
model by generating artificial data. The statistical character-
istics of the CCBD were evaluated quantitatively by com-
paring them with other well-known techniques in terms of 
the parameters such as generalization ability and specificity.

The liver generalization assessment demonstrates a 64% 
average improvement over the worst cases, standard PCA 
and blind covariance, for ten real data numbers and in the 
presence of 80 modes. The improvements compared with 
the PCA–FEM and non-rigid movements are 28% and 
16%, respectively, in the same situation. When the real data 

number increases to 30, the improvement is approximately 
50% for standard PCA and blind covariance and 15% and 8% 
for the PCA–FEM and NRM, respectively.

The generalization assessment for 10 femoral data shows 
a betterment of approximately 34% compared with stand-
ard PCA and blind covariance, and approximately 5% and 
1% compared with the PCA–FEM and NRM, respectively. 
Improvement with 30 femoral data is approximately 25% 
relative to both standard PCA and blind covariance and 
approximately 6% and 3% compared with the PCA–FEM 
and NRM, respectively.

Regarding specificity, the outcomes represent a 6% and 
8% improvement for the liver and femur, respectively.

The numbers mentioned above indicate that the method 
presented here makes a remarkable improvement over the 

Fig. 10   The reconstruction error for real along with the artifitial data with respect to the number of modes

Table 1   Numeical generalization error with different training datasets with respect to the number of modes

Generalization error (mean ± Std)
Number of real data: 20

Number of Modes

4 8 10 15 20 25 30 35 40

Only real data 7.43 ± 0.57 5.91 ± 0.43 5.41 ± 0.38 4.59 ± 0.34 4.43 ± 0.39 4.05 ± 0.30 3.98 ± 0.29 4.00 ± 0.38 4.10 ± 0.33
Real data + set 1 of arti-

ficial
7.35 ± 0.56 5.78 ± 0.41 5.23 ± 0.36 4.43 ± 0.32 4.13 ± 0.33 3.54 ± 0.25 3.12 ± 0.23 2.68 ± 0.23 2.35 ± 0.16

Real data + set 2 of arti-
ficial

7.35 ± 0.56 5.74 ± 0.40 5.24 ± 0.35 4.43 ± 0.32 4.13 ± 0.33 3.53 ± 0.25 3.10 ± 0.23 2.66 ± 0.24 2.33 ± 0.16

Real data + set 3 of arti-
ficial

7.36 ± 0.55 5.79 ± 0.41 5.22 ± 0.35 4.42 ± 0.32 4.12 ± 0.33 3.54 ± 0.25 3.11 ± 0.23 2.67 ± 0.24 2.34 ± 0.16

Real data + set 4 of arti-
ficial

7.37 ± 0.56 5.75 ± 0.40 5.23 ± 0.35 4.44 ± 0.32 4.14 ± 0.34 3.53 ± 0.25 3.11 ± 0.23 2.68 ± 0.24 2.34 ± 0.16
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standard PCA and blind covariance while being comparable 
with PCA–FEM and NRM. In addition, comparing sections 
(a) and (b) for the liver and (c) and (d) for the femur data 
shows that more real data yields better results. Although 
this rational result is expected, when faced with the lack 
of real data, the proposed method can cover this issue to a 
large extent.

When the CCBD is compared with other methods, it can 
be claimed that a local deformation scheme with a global 
effect is proposed in contrast to the NRM. However, when 
compared with the PCA–FEM method, the proposed method 
can make controllable deformation by considering different 
local and global deformations. In addition, we can easily 
warp a high-resolution model with more than 10 K verti-
ces with cost-effective computation thanks to two linear 
computations: CBD and Laplace–Beltrami equation. Fur-
thermore, the mesh decimation algorithm, which reduces 
the number of mesh vertices to reach fewer cage handles, 
helps to implement this linear computation. Comparing 
the data enlargement in CCBD with methods like focused 
shape models proposed by the Chandra et al. shows that the 
focused shape approach has been proposed for the applica-
tions with a desired anatomical structure or region of clini-
cal interest [11]. In contrast, the CCBD models complete 
organs, so the SSM should provide variations in the entire 
structure in addition to the maintaining local disparities. 
In such cases, enlarging the training datasets can solve the 
problem, although it may not be the only solution.

The created models through the CCBD have real appear-
ances as shown in Fig. 6. In addition, the amount of changes 
made is displayed in color code. For example, the highest 
change, which is indicated by red, is related to the femoral 
head. However, in the two lower cases, most changes are 
related to the lower femur. The same is true for the liver. 
There are three reasons for this.

First, various handles are chosen as the main handle. 
Therefore, the points that are closest to the selected handle 
have the most amount of variation. This has been shown 
in Fig. 6 in red areas. Connecting different handles to each 
other, one of the other reasons, causes a local displacement 
of a handle to lead to a general shape deformation. Finally, 
selecting different stiffness for handles results in different 
degrees of deformation in each part of the mesh. These rea-
sons make it possible to create different artificial instances 
by choosing different starting handles.

To reduce the data exclusion rate via human filtering, 
the parameters influence the generation of artificial data 
such as stiffness and handle movement, experimentally are 
bounded to make a reasonable result. So, most of the gener-
ated data are rational from an expert point of view, and only 
the extraordinary outliers are eliminated. The results prove 
that if the number of outliers compared to the all generated 
data be negligible, data elimination is not a vital step. By 

the way, this step is proposed to improve the generalization 
ability of the proposed algorithm.

In conclusion, using the CCBD gives more control over 
morphing the mesh, which makes it possible to produce real 
samples and increases computational speed. It also helps 
to enrich the SSMs ability, especially in predicting unseen 
instances and in the case of data shortage.

Conclusion

Although the SSMs are of great interest in many medical 
applications for image analysis [1, 2] such as segmentation 
[6, 12, 44, 45], registration [3, 4] and shape deformation [5], 
their access to sufficient data is the key point in their success 
rate. In this paper, we proposed a new approach using CBD 
and linear Laplace–Beltrami equation to address this problem. 
To the best of our knowledge, this is the first time that the CBD 
accompanying the Laplace–Beltrami equation has been used to 
construct SSM. By the proposed two-step deforming approach, 
once a handle is selected as an initial point of the deformation, 
the constraints affect the deformation and have an impact on 
both the local and global deformations.

Using the proposed CCBD in SSM data enrichment has two 
major advantages; first, by calculating the blending coefficients 
via the bounded bi-harmonic blending method, real appear-
ance is preserved during the deformation [26, 27]. Therefore, 
obtained instances can be very close to the natural ones. Sec-
ond, the limited number of handles, which resulted from the 
mesh decimation algorithm, compared with the number of 
base model vertices, makes the warping possible with cost-
effective computation.

In the evaluating step, we compared our method with other 
well-known artificial data enlargement applications. The 
results of the generalization ability test show a promising pro-
motion over other methods. In addition, the specificity of the 
CCBD shows a relative improvement for the liver and femur.

As the next step, we are going to apply our method in other 
parts of the body, such as the spine. The similarity of the spine 
vertebrae, despite the differences between them, can promise 
the application of our proposed method for the Enhanced SSM 
generation of the spine, particularly in partial observations and 
data limitation condition.

Similarly, the idea of using the handles around the 3D 
model of medical data can be utilized as a new paradigm in 
applications such as segmentation and registration.
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