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Construction of 3D geometric surface models of human knee joint is always a challenge in biomedical
engineering. This study introduced an improved statistical shape model (SSM) method that only uses
2D images of a joint to predict the 3D joint surface model. The SSM was constructed using 40 distal
Keywords: femur models of human knees. In this paper, a series validation and parametric analysis suggested that
Statistical shape model more than 25 distal femur models are needed to construct the SSM; each distal femur should be
Knee described using at least 3000 nodes in space; and two 2D fluoroscopic images taken in 45° directions
3D knee de?l should be used for the 3D surface shape prediction. Using this SSM method, ten independent distal
Fluoroscopic images femurs from 10 independent living subjects were predicted using their 2D plane fluoroscopic images.
The predicted models were compared to their native 3D distal femur models constructed using their 3D
MR images. The results demonstrated that using two fluoroscopic images of the knee, the overall
difference between the predicted distal femur surface and the MR image-based surface was
0.16 + 1.16 mm. These data indicated that the SSM method could be a powerful method for
construction of 3D surface geometries of the distal femur.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Three-dimensional (3D) surface models of the knee have been
extensively utilized in orthopedic surgery and biomechanics
research (Barratt et al., 2008; DeFrate et al., 2004; Kobayashi
et al.,, 2009). These included the application in navigation sur-
geries (Delp et al., 1998), patient-specific implantation and cut-
ting tool designs in knee arthroplasty (Fitz, 2009), as well as
in-vivo knee joint motion analysis using the imaging technique
(Anderst et al., 2009; DeFrate et al., 2004). In these applications,
the joint is usually scanned using CT or MR imaging to acquire a
set of 3D images of the joint. The images are then segmented
either manually (DeFrate et al.,, 2004) or automatically (Fripp
et al., 2006; Heinze et al., 2002) to construct 3D joint models. In
general, construction of the 3D knee joint model is not a trivial
procedure. CT imaging needs to expose the subject to radiation
and the soft tissue structures are usually not observable. It is
difficult to automatically segment MR images and it is always a
time-consuming procedure using manual segmentation. A con-
venient, accurate method for construction of 3D knee joint model
is yet to be developed.
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Recently, statistical shape model (SSM) method has been
established as a useful tool for reconstruction of patient-specific
3D surface models of bony structures, such as the hip or proximal
femur using a single radiographic image of the joint (Zheng
and Schumann, 2009a; Zheng et al., 2007), or using bi-planar
images (Lamecker et al., 2004; Tang and Ellis, 2005; Zheng and
Schumann, 2009b), or multi-plane images (SadowsKky et al., 2007;
Tang and Ellis, 2005; Zheng et al., 2009c¢). In this method, a joint
database is constructed first using a group of joint shapes to
extract the characteristic factors of their surface geometry and
construct a deformable training joint shape model. Using the SSM
and plane images of a target joint, the training joint model can
deform through an optimization procedure until its projection
outlines on the image planes of the target joint can match that of
the target joint so as to re-create the surface shape model of the
target joint (Heimann and Meinzer, 2009). There are few studies
that have reconstructed patient-specific 3D models of the knee
joint with an accuracy around 1 mm (Barratt et al., 2008; Laporte
et al., 2003; Tang and Ellis, 2005). The feasibility and accuracy of
this method for construction of 3D human knee joint has not been
well defined.

Therefore, in this paper, we propose to utilize the 2D knee joint
fluoroscopic images to predict the 3D human distal femur shape
using an improved SSM method. The SSM database was con-
structed first using the femurs of normal subjects. Surface
models of 10 independent femurs of normal subjects were then
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constructed using the SSM method. The predicted distal femur
models were compared to the native 3D femur models con-
structed using their 3D MR images. The objective is to examine
the feasibility and accuracy of using 2D fluoroscopic images to
predict 3D surface shape models of the human distal femur.

2. Material and methods
2.1. Statistical shape model (SSM) of human distal femurs

Forty normal adults were recruited for construction of the SSM of the distal
femur with IRB approved. The demographic data of this group subjects is shown in
Table 1. One knee of each subject was MR image scanned in sagittal plane using a
3-T MR scanner (MAGNETOM Trio, Siemens, Malvern, PA) and a double-echo
water excitation sequence with a surface coil. The MR scans generated sagittal
plane images of the knee (512 x 512 pixels) with a field view of 16 cm x 16 cm
and slice thickness of 1 mm. The MR images of each knee was input into a solid
modeling program (Rhinoceros®™, Robert McNeel & Associates, Seattle, WA) for
construction of a 3D knee joint model (Li et al., 2008). After the bony contour of
the knee joint was manually digitized from the MR images, additional points along
the bony surface were created using 3D Spatial Interpolation method implemen-
ted in MATLAB2010a™ software in the transverse planes with 1 mm increments so
that the surfaces of all joints in the SSM can be consistently described. A typical
procedure to create a mesh model of the distal femur that was constructed from
MR images is shown in Fig. 1.

An average distal femur model was constructed using the 40 knees in the SSM.
The models of all knee joints were automatically aligned by the method of the
iterative closest points (Besl and McKay, 1992). This method determines the best
possible alignment between two models by minimizing the distance between
their surfaces. A cubic bounding box was used to decide a local coordinate system
of the femur (Fig. 2). The posterior tangent joining the medial and lateral condyles
in the transverse view was horizontal; meanwhile each femur’s distal tangent was
horizontal in the coronal view. We use the method of building 3D point pair to

Table 1
The demographic data of the 40 subjects used to construct the SSM.

Subjects Sex
(male/female)

Age (Yrs) Weight (Ibs) Height (in.) Femur
(right/left)

Avg 24M/16F 29.9 171.7 69.5
Std 9.7 32.0 3.2

22R/18L

calculate the average shape after aligning all models (Zheng et al., 2006). Due to
the complicated femoral geometry, each femur model was separated into 3 por-
tions (Fig. 1). A half sphere was fitted into each portion of the femur. The location
of the sphere was in the geometric center of the cubic bounding box of the portion.
The paired points of all bone models at each portion were found by vectors from
the center of sphere to fixed points on the spherical surface. Each vector passed
though a femoral surface and found several points on the surface that were close
to the vector. One intersection was calculated by the vector and a curved surface
fitted using these points. The number of points to present each femur model was
therefore the same using the template sphere method. Meanwhile, the intersec-
tions along any one radial direction were grouped as paired, corresponding points.

After all the surface points (x;y;z;) were paired, the shape information of all
knees was acquired and was used as a learning sample set (S;), which is also called
point distribution model in literature (Zheng et al., 2006). To build a SSM, the
method of principal component analysis (PCA) was used to find the variation in
the positions of the paired points of the subject (Cootes et al., 1995) through a
covariance matrix. The sample set (S;) was used to build a covariance matrix (Cov)

p _ o - 1 .
{ Cov = ﬁE(Si—S)(Si—S)TW1th Si=(X1,Y1,21-- X0, YmZn) .S = Ez:ls,-, i=1:p,
1= 1=

1)

where p is the number of knees in the sample set and n is the nodal number of
each model. The eigen values and eigen vectors of the Cov are then calculated

@)

eigen value = (11,43,...4s),41 = 25... 24 >0
eigen vector = (Py,P,,...Ps) :

The PCA for distal femur models captures geometric features of the models
using the eigen values and eigen vectors. The first principal component stands for
the largest variation depending on the direction and location of all models. Using
the eigen-analysis, a new SSM surface S’ can be obtained (Cootes et al., 1995)

S
S =MS+M_f()P;

=1

fep= aj\/fj : (€]

where P; is an eigen vector and the dimension of P; is 1 x (3n), g; is a vector of
weights that is used to generate a new shape model (SSM) and M; is a
transformation matrix that transforms the ith knee model in the SSM from its
local coordinate system to the global coordinate system.
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Fig. 1. Each femur model was interpolated with more points in the transverse plane (a) and separated into 3 portions (b) to find the points (c) on the surface along the

radial direction of the template sphere.
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Fig. 2. A typical distal femur model of one subject’s left knee in the sagittal (a), coronal (b) and transverse (c) views.

2.2. 2D/3D reconstruction

A SSM surface S’ can be deformed based on the average model (S) and an
additional deformation information (f(4;)) (see Eq. (3)). Before predicting
the surface shape of a specific joint, an important step is to determine
the initial position of the average model in space. To decide the vector of
weights a; using the outline information of the joint on its 2D projected
images, a 2D-3D registration procedure is used, which is similar to the 2D-3D
image automatic matching procedure that was described previously (Bingham and

Li, 2006).

To do this, a knee is imaged using a dual fluoroscopic system. The dual
fluoroscopic images are input into the solid software Rhinoceros to construct a
virtual fluoroscopic system (Bingham and Li, 2006). Since there is no 3D femoral
model corresponding to the actual femur in the fluoroscopic images, it is difficult
to define the accurate position of the average model in space. To estimate this
position, each model S; of the SSM training set is projected in the virtual
fluoroscopic system to find a position M; (Bingham and Li, 2006). In this paper,
all positions of the models are decided using the dual fluoroscopic techniques. The
average of all the optimized positions, M, is defined as a position to place the
average model. The SSM surface model S’ was then placed in the virtual system
and is projected onto the virtual image intensifier (Fig. 3). An objective function (F)
is established to minimize the distance between the outline (L;) of the SSM surface
S’ and the outline (Ly) of the actual joint projection on the image intensifier (Fig. 3)

as described in Bingham and Li (2006)

F= min(\h —L, ‘),
{a;}

“4)

Fig. 3. Projection of the SSM model on the fluoroscopic image intensifier and the
deformation of the model when compared to the projection of the actual joint.

where {q;} are optimization variables. If more than one 2D fluoroscopic image is

used for the model prediction, the above optimization procedure is then for-

mulated as

n
mi k_yk
F*%}P(éﬂ“ LZ‘)'

where n is the number of 2D images and k represents the kth 2D image. At each
step of the optimization, the set of weights (a;) will be used to obtain a new SSM
surface ' through Eq. (3). Therefore, the converged 3D SSM surface S’ can be used

to represent the actual knee joint model.

)

2.3. Accuracy validation

The predicted SSM surface S’ through the optimization procedure was
compared to the corresponding native 3D knee joint model constructed using its
3D MR images, which was considered as the ground truth in this paper. In order to
calculate the differences between the predicted model and the MRI model (termed
as error in this paper), the SSM was re-meshed and set the distance between any
two neighboring nodes as 1 mm. The closest distance from each node of the re-
meshed model to the surface of the MRI model was calculated as the surface error.
The points outside of MRI model were defined as positive error and inside were
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Fig. 4. Process of deformation by the SSMs: (a) to automatically locate the SSM and deformation by minimizing the distance between the outline of the SSM model
projection and the outline of the actual joint on the fluoroscopic image. Yellow points are the ground truth MRI model; (b) after the SSM deformation, the SSM is expanded
or shrinked to predict the target joint model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

negative (Fig. 4). The average (Avg) errors, standard deviation (Std), the maximum
(Max) errors, and the average of the absolute values of the errors (ABS Avg) were
reported. In order to present the distribution of all errors of each predicted model,
we also reported the histogram of error distribution along the predicted surfaces.
Finally, the validation was done by analyzing the overall average errors of the 10
independent living subjects.

2.3.1. Effect of the nodal points of SSMs

When using the SSM method to predict the joint surface, there are several
parameters in the algorithms that have to be determined first. We first determined
the effect of the nodal numbers that are used to describe each femoral model. An
independent target mesh model as a ground truth was projected on the virtual
fluoroscopic intensifier to get the virtual 2D fluoroscopic images. The ground truth
model was projected at every 10° from 0 (lateral view) to 180° (medial view)
when rotated along the long axis of the femur. The reconstruction of this model
was then processed by the SSM method. The test included a single image test
using the 19 images one by one and a dual image test from any two orthogonal
images of the 19 images.

To examine the effect of nodal numbers of the SSM models, the distal femur
models in the SSM were described using 1000-10,000 nodes with 1000 increment.
The above tests were performed using each definition of the nodal numbers in the
SSM models. We analyzed and compared the overall error from the tests to
determine how many points would be needed to describe a SSM.

2.3.2. Effect of the model number in the SSM

The prediction of a surface model may be affected by the number of surface
models used to construct the SSM training model. No study has examined
the effect of the number of models in the SSM on the predicted surfaces.
In this paper, various numbers of SSM sample set from 10 to 40 with 5 increment
were investigated independently to reconstruct a new model. The error
of the surface model predicted using either single or dual images as a function
of the model number in the SSM was analyzed using an independent distal
femur.

2.3.3. The effect of the number of images in 2D/3D reconstruction

An independent subject femur model was used to test the appropriate number
of 2D images for prediction of the femur surfaces. The subject was imaged at every
10° from O (lateral view) to 180° (medial view) when rotated along the long axis of
the femur. We tested using one single image up to 19 images set up for prediction
of the distal femur surface of the subject.

2.34. Prediction of distal femur surfaces of subjects

In this paper, we tested the feasibility and accuracy of the SSM technique
using 10 independent 3D knee joint models under IRB guidance. After establishing
the SSM method, we constructed 10 independent human distal femur models
(Table 2). These subjects were fluoroscopically imaged from 2 directions
(~45° anterior-medially and anterior-laterally). The 2D images were used to
construct the distal femur surface models using the optimization procedure
described in Eq. (5). To validate the surface models, the knees of the subjects
were imaged using 3D MR scanner in a similar way as done for the above 40

Table 2
The demographic data of the 10 subjects recruited to predict their distal femurs
using the SSM.

Subjects Sex (male/ Age Weight Height BMI (kg/ Femur
female) (Yrs) (Ibs) (in.) m?) (right/left)

Avg 5M/5F 38.3 171.9 68.6 25.73 5R/5L

StD 8.9 19.3 33 2.1

subjects of the SSM. The surface models were similarly constructed using the
Rhinoceros software (Li et al., 2008).

All optimizations were performed using a PC (Intel(R) Core(TM) i7 processor:
2.67 GHz, 9 GB RAM) on the MATLAB platform. The average time for predicting a
femur surface was provided.

3. Results

Using different nodal numbers to describe the femur surface
models in the SSM, the average error and standard deviation
of the predicted surface were shown in Table 3, where the
femoral surfaces were predicted using both one and two 2D
images. The model of 3000 nodes has similar average error and
standard deviation compared to those models having more
nodes. Therefore, we selected 3000 nodes for all the following
calculations.

Using different numbers of knee models in the SSM to
construct the distal femur model, the average error and standard
deviation of the predicted distal femur were shown in Table 4.
The prediction is affected by the number of surface models
in the SSM. If 10 models are used in the SSM, the accuracy
of the predicted model is —0.30+ 1.28 mm in the single plane
test and —0.13 +0.88 mm in the dual planes test. When the
number of models is above 25, the predicted surface modes
are similar.

Different numbers of 2D images were used to predict the distal
femoral surface model of one subject (Table 5). Using a single
image, the average accuracy of the predicted model is
0.27 + 1.1 mm and the average of the absolute error (ABS Avg)
is 0.84 mm. The accuracy obtained using two 2D images was
—0.03+0.61 mm and the average of the absolute error is
0.46 mm, which was similar to those obtained using more than
two images. Therefore, two 2D images were used to predict the
distal femur of the 10 subjects in this paper.
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The average error and standard deviation of the predicted distal femur models using different nodal numbers in the SSM.

Accuracy (mm) Using single image

Using dual images

Points Avg Std Max Min ABS Avg Time (s) Avg Std Max Min ABS Avg Time (s)
1000 0.08 0.96 2.96 —2.80 0.72 15 0.03 0.66 2.00 -1.95 0.50 32
2000 0.10 0.91 2.83 —2.64 0.69 20 0.03 0.66 2.00 -1.95 0.49 44
3000 0.10 0.96 2.97 -2.77 0.73 25 0.03 0.64 1.95 -1.90 0.48 58
4000 0.06 0.93 2.84 -2.73 0.71 34 0.02 0.65 1.98 -1.94 0.50 71
5000 0.09 0.90 2.80 —2.63 0.69 39 0.05 0.65 1.98 -1.89 0.49 89
6000 0.09 0.91 2.81 —2.63 0.69 46 0.05 0.63 1.95 -1.85 0.48 105
7000 0.10 0.92 2.85 —2.65 0.70 54 0.05 0.64 1.96 -1.86 0.49 118
8000 0.07 0.91 2.79 —2.66 0.70 61 0.01 0.64 1.93 -1.90 0.48 130
9000 0.07 0.92 2.82 —2.68 0.70 84 0.05 0.63 1.95 -1.85 0.48 174

10,000 0.06 0.93 2.84 —2.72 0.70 97 0.02 0.65 1.96 -1.92 0.49 200

Table 4
The average error and standard deviation of the predicted distal femur using different sample numbers in the SSM.

Accuracy (mm) Using single image Using dual images

SSM sample set Avg Std Max Min ABS Avg Time (s) Avg Std Max Min ABS Avg Time (s)

10 -0.30 1.28 3.53 —4.14 0.94 8 -0.13 0.88 2.50 -2.76 0.69 13

15 -0.20 1.08 3.04 —345 0.80 12 -0.14 0.85 2.40 —2.68 0.68 19

20 —-0.18 1.09 3.10 —3.46 0.81 20 -0.12 0.86 2.46 —2.69 0.69 31

25 -0.13 1.04 2.98 —-3.24 0.78 22 -0.14 0.87 247 -2.74 0.67 55

30 -0.19 1.06 2.98 -3.36 0.80 29 -0.10 0.81 2.34 —2.54 0.65 53

35 -0.17 1.02 2.89 -3.22 0.77 34 —0.06 0.77 2.27 —2.38 0.60 47

40 -0.17 1.00 2.82 -3.15 0.75 34 0.00 0.78 2.32 —2.33 0.60 74

Table 5 4. Discussion

The average error and standard deviation of the
different numbers of 2D fluoroscopic images.

predicted distal femur using

Images Accuracy (mm) Time (s)
Avg Std Max Min ABS Avg
1 0.27 1.10 3.58 -3.04 0.84 108
2 —0.03 0.61 1.81 -1.87 0.46 101
3 —0.04 0.52 1.52 -1.61 0.39 194
4 0.01 0.67 2.02 -2.01 0.50 189
5 0.01 0.45 1.35 -134 0.33 364
6 0.06 0.47 1.48 -1.36 0.37 399
7 0.02 0.43 1.30 -1.26 0.31 343
8 0.00 0.36 1.07 —1.08 0.27 382
9 0.07 0.42 1.33 -1.19 0.32 521
10 0.01 0.45 1.35 -1.33 0.33 430
11 0.03 0.44 1.36 -1.29 0.34 440
12 0.04 0.37 1.14 —-1.06 0.28 520
13 0.05 0.40 1.25 -1.14 0.30 656
14 0.06 0.39 1.24 -1.11 0.30 856
15 0.03 0.39 1.19 -1.14 0.30 817
16 0.03 0.44 1.35 -1.29 0.34 757
17 0.07 0.38 1.22 —1.08 0.30 1025
18 0.08 0.40 1.28 -1.13 0.31 1087
19 0.06 0.39 1.22 -1.10 0.30 1196

The error distribution of one typical subject was shown in the
Fig. 5. It is in a Gaussian distribution with a mean error of 0.2 mm
and standard deviation of 0.66 mm. In all these 10 femurs, the
average errors between the MRI model and the predicted distal
femur using the SSM model were less than 1.0 mm and standard
deviation within 1.5 mm (Table 6). Using a weighted mean
method, the overall average error of the 10 knees was 0.16 mm
and standard deviation is 1.16 mm. The overall average of the
absolute error is 0.90 mm. The average computation time of all
femur models was 178 s.

Construction of 3D bony surface models of the human knee
joint is an important step for many navigation surgeries and
image-based in-vivo knee kinematics studies (Anderst et al.,
2009; DeFrate et al., 2004; Delp et al., 1998). Although, CT and
MR image scanning techniques have been widely used, it is
always a time-consuming and technically challenging problem
in biomedical engineering. This study introduced a numeric
technique to predict the 3D surface models of human distal
femurs. The average differences between the predicted surface
shapes and the surface shapes constructed from MR images of 10
human distal femurs was less than 0.2 mm.

Prediction of bony surface models has been extensively investi-
gated in literature (Buchaillard et al., 2007; Luthi et al, 2009;
Rajamani et al., 2007; Sadowsky et al., 2007; Styner et al.,, 2003). In
prediction of human vertebral shapes, Zheng et al. (2010) used one
lateral fluoroscopic image to predict the vertebral shape with the
mean reconstruction error between 0.7 and 1.6 mm and the standard
deviation between 0.6 and 1.4 mm in a validation using cadaveric
bones. In application to human pelvic, Sadowsky et al. (2007) predict
the surface shape with an accuracy between 1.42 and 2.17 mm and
maximum error between 7.73 and 12.37 mm in the leave-one-out
test. Few studies have also predicted the distal femoral end shape
(Fleute et al., 1999; Laporte et al., 2003; Tang and Ellis, 2005). Laporte
et al. (2003) utilized two orthogonal images of the knee and a SSM
constructed using 8 CT knee models to reconstruct the target femur
shape with an accuracy of 1.0 mm and RMS 1.3 mm. Compared with
the published data, our results showed improved accuracy on the
surface shape prediction of human distal femur (0.16 + 1.16 mm).

The prediction of the distal femur surface is affected by the
number of surface models used to construct the SSM training model.
In literature, various numbers of models have been used to construct
the SSMs. For example, Schumann et al. (2010) used 30 proximal
femoral CT models; Tang and Ellis (2005) used 20 femoral CT models;



Z. Zhu, G. Li / Journal of Biomechanics 44 (2011) 2362-2368 2367

) b

-L. |
~ ,
A P d

05 |

1.5

1
Y
05 } - .-

5

Q0

£

E]

o

©

=]

o

=

! y
! e
R

f
| 4
(L
|

Fig. 5. Error distribution of a typical right femur (No. 3) in the anterior (a), posterior (b), medial (c), lateral (d) and axial (e) view.

Table 6
The error and standard deviation of the distal femoral surface models of the 10
subjects predicted using two 2D fluoroscopic images and the SSM.

Subjects Accuracy (mm) Time (s)
Avg Std Max  Min ABS Avg
1 082 153 541 -3.77 1.28 218
2 -010 130 380 -399 098 164
3 020 066 217 -1.77 054 126
4 055 147 497 -386 1.22 200
5 006 126 384 -372 085 131
6 -014 118 340 -3.68 0.88 299
7 006 095 290 -2.78 0.71 154
8 -035 114 3.08 -3.78 0.90 141
9 017 096 3.05 -271 0.72 238
10 030 1.10 3.61 -3.01 0.89 108
Weighted mean 016 1.16 3.62 -331 090 178

Buchaillard et al. (2007) used 22 teeth micro-CT models; Sadowsky
et al. (2007) used 110 pelvis CT models to construct the SSM. We
used 40 MR image-based human femur models to construct the SSM
in this paper. Theoretically, more the models in the SSM, more
complete the geometric features to be captured in the SSM of the
joint. Our data indicated that when the number of models is above
25, the predicted surface modes are similar.

We predicted the joint surfaces using ordinary fluoroscopic
images. Osseous outlines on the 2D fluoroscopic images are used
as guidelines for joint shape prediction through an optimization
procedure. No specific landmarks on the joint are necessary.
Therefore, the application of this method is rather simple.
Although, various numbers of 2D images have been used in
literature, our data indicated that using two 2D fluoroscopic
images can provide similar accuracy on the surface models when

compared to those using more than 2 images. However, the
validation of the surface prediction was done by comparing the
predicted surface model to that constructed from MR images of
the joint since a gold standard joint surface model is not available
for living subjects. Therefore, the data should be explained as the
differences between the predicted surface and the MR image-
based surface, not as an absolute accuracy of the method.

Fluoroscopic images were used for optimization to predict the
distal femur shape in this study. A limitation that should be noted
is that this method can only be used to predict joint surface
model. It cannot predict the 3D bony density model such as those
used by You et al. (2001). The human knee models in the SSM
were obtained through manual segmentation of the MR images of
the knee. In future, a database using CT image models should be
established. Different radiographic techniques, such as X-rays,
should be evaluated to examine the effect of 2D image modalities
on the predicted surface knee joint shape. Another limitation is
that there are not enough models to build the SSM based on
gender differences. There were previous studies that found
the differences between the male and female distal femurs
(Mahfouz et al., 2007; Yue et al., 2010). In this paper we are
aimed to reconstruct general distal femoral models and evaluate
the corresponding errors.

In summary, this study applied an improved SSM method and
2D fluoroscopic images to predict the 3D surface shape models of
the knee. The overall average accuracy of the method is within
0.2 mm when 2 fluoroscopic images are used. This method does
not require 3D CT or MR imaging of the target joint, thus does
not need to involve the image segmentation, which is always a
challenge in biomedical engineering. Therefore, the SSM method
could be a useful tool for construction of a subject knee joint
model using 2D fluoroscopic images. Future studies should
extend this method to other bony surfaces such as the tibia,
patella.
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