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a b s t r a c t 

Three-dimensional reconstruction of the femur is important for surgical planning in patients with cere- 

bral palsy. This study aimed to reconstruct the three-dimensional femur shape from un-calibrated bi- 

planar radiographic images using self-calibration to allow for low-dose preoperative planning. The exist- 

ing self-calibration techniques require anatomical landmarks that are clearly visible on bi-planar images, 

which are not available on the femur. In our newly developed method, the self-calibration is performed 

so that the contour of the statistical shape matches the image contour while the statistical shape is con- 

comitantly optimized. The proposed approach uses conventional radiograph systems and can be easily 

incorporated into existing clinical protocols, as compared to other reconstruction methods. 

© 2017 IPEM. Published by Elsevier Ltd. All rights reserved. 
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. Introduction 

Cerebral palsy (CP) is a group of permanent developmental dis-

rders caused by non-progressive disturbances occurring in the im-

ature brain of a developing fetus or infant. Increased femoral an-

eversion and coxa valga are common proximal femoral conditions

n patients with CP. Clinicians often use three-dimensional (3D) re-

onstructed computed tomography (CT) images to accurately mea-

ure the femoral anteversion when planning femoral derotation os-

eotomy [1,2] . However, the high radiation dose of CT remains a

oncern, especially for children, who are more vulnerable to radia-

ion compared to adults. 

As an alternative to CT, the EOS® system [3] has been pro-

osed to reconstruct 3D bony shapes from calibrated bi-planar X-

ay images as a means to reduce the radiation exposure [4–6] . The

amera alignment in EOS® is predetermined; thus, it acquires two

rthogonal head-to-feet calibrated radiographic images. However,

his system requires another apparatus in addition to the conven-

ional radiographic system, and the cost for the device installa-

ion is high and the space occupied is substantial. Other exist-

ng methods use conventional radiographic systems but require a
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igid calibration object such as a metal marker to obtain clearly

isible stereo points on the radiographs [7–14] . However, position-

ng the calibration object is often cumbersome and inconvenient,

ecause it disturbs the existing clinical routines. Thus, studies us-

ng anatomical landmarks as an alternative calibration object have

een increasingly conducted. This kind of approach is called ‘self-

alibration’ and has been shown to be successful with spinal re-

onstruction, in which the bony shapes of the vertebrae provide a

ich set of anatomical landmarks [15,16] . However, for the femur,

he use of self-calibration is challenging, owing to the ambiguous

andmarks. In the present study, we hypothesized that the contour

f the femur on images can be used for the calibration instead of

etal markers or anatomical landmarks. 

Accordingly, the purposes of this study were: 1) to develop a

ew 3D reconstruction method of the femur from un-calibrated

i-planar radiographic images, which uses the conventional radio-

raphic systems and does not require any calibration object; and

) to validate this newly developed method. 

. Materials and methods 

This study was approved by the institutional review board of

eoul National University Bundang Hospital (IRB No. B-1502/288-

04) and the procedures followed were in accordance with the

elsinki Declaration of 1975, as revised in 20 0 0. The need for
struction of the femur from un-calibrated 2D radiographic images, 

engphy.2017.08.016 

http://dx.doi.org/10.1016/j.medengphy.2017.08.016
http://www.ScienceDirect.com
http://www.elsevier.com/locate/medengphy
mailto:pmsmed@gmail.com
mailto:jehee@mrl.snu.ac.kr
http://dx.doi.org/10.1016/j.medengphy.2017.08.016
http://dx.doi.org/10.1016/j.medengphy.2017.08.016


2 K. Youn et al. / Medical Engineering and Physics 0 0 0 (2017) 1–7 

ARTICLE IN PRESS 

JID: JJBE [m5G; September 19, 2017;2:58 ] 

Fig. 1. Anterior–posterior (AP) and lateral (LAT) imaging protocols. In the LAT view, the pelvis is rotated slightly posteriorly to prevent overlap with the femur head. 

Fig 2. System overview: the anterior–posterior (AP) and lateral (LAT) views are initially pose-estimated using user inputted six points and its 3D correspondences. The image 

contour is segmented based on the projected contour of the 3D femur. The AP and LAT views are calibrated more accurately using contour correspondences. The shape is 

optimized so that it projected contour to match the segmented contour. These steps are iteratively performed until convergence. 
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informed consent was waived due to the retrospective nature of

this study. A total of 80 patients with CP were enrolled. CT data of

54 children were used for constructing the statistical shape model

(SSM). CT data of two children were used for the generation of 37

digitally reconstructed radiographs (DRRs) to test the calibration

error. Finally, anterior–posterior (AP) and lateral (LAT) radiographs

and CT data of 24 children were used for the validation of shape

reconstruction. 

2.1. System overview 

The input of our system comprises AP- and LAT-view radio-

graphs, which are not necessarily orthogonal, that is, they are un-

calibrated. Fig. 1 shows the patient posture in the supine position.

For the LAT radiographs, the pelvis is rotated slightly to the back so

that it does not overlap with the femur head. If the length of the

femur is longer than the plate length, the shaft axis of the femur

is positioned diagonally to the image plate; otherwise, it is aligned

with the longitudinal axis. 

The user chooses six points on each radiograph manually based

on rough estimation. These inputs act as landmarks for the initial

calibration and contour extraction. The overall process consists of

the following steps ( Fig. 2 ): 1) Initial pose estimation is performed

using the mean of the SSM and the six user-inputted points. 2) It-

eratively, the following steps are solved until convergence: a) the

image contour is segmented based on the projected contour of the

SSM, b) contour-based pose estimation between the SSM and ra-
Please cite this article as: K. Youn et al., Iterative approach for 3D recon
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iographic images is performed, and c) the 3D shape is deformed

o match the projected AP and LAT contours of the 3D shape in the

iven views with segmented contours from the images. 

.2. Statistical shape model 

Our dataset and SSM come from the previous research of Park

t al. [17] . The dataset consists of CT data of the femurs of 54

atients with CP. The femurs exhibit a wide variety of shape

eformities, and the dataset thus covers a wide range of subject

ariance. The mean femoral anteversion angle was 35.1 ° and the

tandard deviation (SD) was 12.1 °. They validated the SSM using

eave-one-out cross test. Clinical measurements of CT image and

econstructed SSM showed high Intraclass Correlation Coefficient

ICC). The reconstructed shape models from CT were processed to

ave an identical structure and the same number of vertices using

he algorithm proposed by Ferrarini et al. [18] . In this method,

he shape correspondences were obtained by iteratively adapting

he reference shape to the other shapes. The shape is represented

s the sum of the mean and linear combination of the principle

omponents with coefficients, using principal component analysis,

s follows: 

 i = 

( 

M i + 

n ∑ 

j=1 

V i [ j ] · c j 

) 

(1)

here M i is the position of the ith vertex of the mean shape; V i [ j ]

s the three dimensional sub-rows of the jth principal component
struction of the femur from un-calibrated 2D radiographic images, 
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Fig. 3. a) In the AP view, the most proximal and medial points of the femur head, 

most lateral point of the greater trochanter and most medial point of the lesser 

trochanter, and most distal points of the condyles are selected along the shaft axis. 

b) In the LAT view, the most proximal point of the femur head, most lateral point 

of the greater trochanters, and most posterior and distal points of the condyles are 

selected along the shaft axis. 
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ector corresponding to the ith vertex of the mesh; and c j is the

oefficient of the jth principal component. The principal compo-

ents are the shape offset vectors, which represent major variance

n shape. The first principle component shows a close relation

ith the neck-shaft angle, and the second component relates with

he femoral anteversion angle. The remaining components have

ixed influence. 

.3. Initial pose estimation 

The calibration starts from the orthogonal positions of the AP

nd LAT views as an initial guess. The pose estimation is solved by

he Perspective-n-Point (PnP) method using six 2D–3D correspond-

ng points [19] . The user inputs them to indicate the anatomical

oundaries of the subject’s femur ( Fig. 3 ). The corresponding 3D

oints on the shape are searched from the vertices of the statisti-

al shape. 

.4. Iterative approach 

The contour segmentation, contour-based pose estimation, and

tatistical shape optimization are iteratively performed to refine

he calibration and shape. The contour is segmented by selecting

rdered points whose path is conformal to the contour of a 3D ob-

ect in a given view. First, the image is canny-edge detected, and

he detected points are Delaunay triangulated. The contour and

urface normal vectors of the SSM are projected onto the image.

he Delaunay triangulated edges form edges of a graph and their

eights are given by the conformity to the projected contour of

he SSM. Finally, the image contour is obtained by the graph short-

st path algorithm. 

W = W N × W D 

 N = a+ 

| 0 . 5 π − ∠ ( q 1 − q 2 , n ( p 1 ) + n ( p 2 ) ) | 
b 

, W D = d ‖ 

q 1 − q 2 ‖
(2)

here W is the weight of a graph edge between image points q 1 
nd q 2 ; n denotes a projected surface normal vector; p 1 and p 2 
re a closest distance points of q 1 and q 2 respectively; and a , b ,

 are adjustable parameters depending on image quality. We set

 = 0 . 5 , b = 

π
6 , d = 1 for our test set. The parameters were adjusted

anually by observing the segmentation results of test set. In the

P view, all six points lie on the contour. In the LAT view, the two

ontours are segmented separately to distinguish overlapped con-

ours ( Fig. 4 ). 
Please cite this article as: K. Youn et al., Iterative approach for 3D recon
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For the calibration, contour-based pose estimation is performed

sing the segmented image contour and the projected contour of

he femur. The projected contour is also refined to have the same

tructure as the segmented 2D contour by means of the graph

hortest path formulation, which is introduced at segmentation.

he difference is that the projected 3D points are used instead of

he edge-detected points of the image. Having obtained the con-

ours of the 3D object and the image, we match the closest pair-

ngs from the projected 3D contour to the image contour. We used

 KD-tree structure for the image contour pixels to query the clos-

st point in order to reduce computation. The user-inputted six

oints and matched 3D points are given a high weight and joined

ith the contour matching pairs for pose-estimation. We used the

nP method iteratively to estimate the AP and LAT views using the

bove pairs [19] . Given the calibrated views, we optimized the sta-

istical shape to fit with the segmented contours of the AP and

AT planes. The statistical shape parameters, that is, the coefficient

f 10 principle components to minimize the sum of the projection

rror at the AP and LAT views, are optimized. Subsequently, the

hape coefficient is updated from the current value to minimize

he following error term: 

 ( c + �c ) = 

∑ 

i ∈ C 

∥∥∥∥∥p i − (P | zi + ε) ×
[ 

m i + 

10 ∑ 

j=1 

V i [ j ] ·
(
c j +�c j 

)] 

∥∥∥∥∥
2 

 ( c + �c ) = ‖ 

A�c + b ‖ 

2 + ε

where A i = P | zi V i , b i = p i − P | zi 

( 

m i + 

10 ∑ 

j=1 

V i [ j ] · c j 

) 

(3) 

Here, the subscript i represents the sub-rows, which correspond

o the ith vertex of the shape mesh; C is the index set of vertices

hich lie on the contour; P| zi is the perspective projection matrix,

hich depends on the z coordinate of the vertex to be projected;

 i is the closest point of the segmented image contour; b i is the

ifference vector between the image point and the projected ver-

ex of the femur contour; and A i is a matrix with projections of the

rincipal components as columns. An incremental modification of

 results in a small change of the projection matrix, which can be

gnored. Given the projection matrix fixed, the delta of the shape

oefficients is optimized by the least-square fitting method. 

.5. Validation 

To validate our self-calibration method, we synthesized 37 bi-

lanar imaging environments using digitally reconstructed radio-

raphs extracted from the CT images of two patients with CP. The

otation of each plane from its orthogonal position was decom-

osed by Euler angles. We measured the element-wise difference

etween the ground-truth Euler angles and calibrated Euler angles.

he test set covers a range of ±35 ° variation in the Y axis and > 0 °
n the X axis for the AP view. For the LAT view, ranges of ±35 °
n both the Y and X axes were covered. An angle in the X axis

f > 0 ° means that the distal femur is heading forward relative to

he proximal femur. In cases of angles < 0 ° in the X axis, the AP

iews cannot identify distal femur shapes; thus, we excluded these

ases. The Y axis corresponds to shaft axis of femur and the rota-

ion of Y axis corresponds to the rotation of hip. 

We first estimated the accuracy of the contour pose-estimation

ith prior shapes constructed from CT images using Mimics soft-

are [20] as a means to exclude shape-reconstruction error. The

ccuracy with these prior shapes indicates the maximum accuracy

hat can be achieved by our method. We excluded cases of transla-

ion errors, because translation is related to the absolute scale of a

hape, which cannot be decided without a calibration object. Next,
struction of the femur from un-calibrated 2D radiographic images, 
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Fig. 4. Segmentation overview. a) Canny-edge detection. b) The canny-edge detected points are Delaunay triangulated to extract the possible path connections. c) The 

triangulated edge is given a weight of conformity according to how well the edge aligns with the projected contour of statistical shape model (SSM). d) The shortest path, 

in which the sum of the weight is minimized while passing through the manually inputted 6 points, is selected. 
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we estimated the accuracy of the contour pose-estimation with our

SSM to show the effects of shape optimization on calibration. 

To assess the shape reconstruction accuracy, we collected the

AP and LAT radiographic images and CT data of 24 children with

CP. Subsequently, we reconstructed 24 femurs using our method,

and measured the distance from the vertex point of the SSM to

the closest point on the ground-truth surface. The shape difference

is presented as the Hausdorff distance and point-to-surface root

mean squared (PS-RMS) between the ground-truth shape and op-

timized SSM. The SSM was scaled to have the same length as the

ground-truth shape and was registered by iterative closest point

algorithm for shape comparison. 

2.6. Statistical method 

For statistical independence, we used separate data sets for

building the SSM and for testing the calibration and reconstruc-

tion errors. The calibration error was measured by the difference

between the ground-truth angle of the DRR and the calibrated an-

gles. The mean, standard deviation, 95% confidence interval (CI),

and maximum value of the calibration error were used for vali-

dation. The reconstruction errors were measured by the Hausdorff

distance and PS-RMS (in mm) between the optimized shape and

ground-truth shape obtained from CT. The mean, standard devia-

tion, 95% CI, and maximum values were used for validation. 

3. Results 

We used 37 bi-planar DRRs of CT of patients with CP for the

validation of the calibration. The calibration errors with ground-

truth vs. SSM were compared for each AP and LAT view ( Table 1 ). 

AP and LAT radiographic images and CT data of 24 children

with CP were used for the validation of the shape reconstruc-

tion. The femoral anteversion angle of the test subjects ranged

from 7–61 °, with a mean of 31 ° and standard deviation of 15 °
The mean error was 2.03 mm (SD 0.60 mm, 95% CI 1.79–2.27 mm)

by the means of PS-RMS. The mean PS-RMS error was 1.84 mm
Please cite this article as: K. Youn et al., Iterative approach for 3D recon

Medical Engineering and Physics (2017), http://dx.doi.org/10.1016/j.med
SD 0.32 mm, 95% CI 1.74–1.95 mm) using a known calibration en-

ironment with DRR. The mean PS-RMS error was 1.93 mm (SD

.43 mm, 95% CI 1.79–2.06 mm) when the calibration process was

nvolved with DRR ( Table 2 ). 

Fig. 5 shows a surface heat map of the SSM to demonstrate

here the maximum reconstruction errors occur. The maximum of

4 distances between the SSM and ground-truth shape for each

ertex is indicated by a color scale, where blue indicates a 0-

m error and red indicates a 10-mm error. The mean Hausdorff

istance from the SSM to ground-truth shape was 4.85 mm (SD

.35 mm, 95% CI 4.30–5.39 mm). 

. Discussion 

Using our newly developed protocol, the femur was success-

ully reconstructed in 3D by performing simultaneous calibration

nd shape optimization processes. The mean error of reconstruc-

ion, determined by means of the Hausdorff distance from the SSM

o the ground-truth shape, was approximately 5 mm. 

Our study has some limitations that should be addressed. First,

ur method was designed to perform femur reconstruction, which

ses a smooth contour instead of sharp anatomical landmarks. The

emur is a single bone, and further studies for bones comprising

ultiple parts, such as the foot or tibia, are required. Second, the

egmentation algorithm uses a canny-edge detector; however, for

lurry images and overlapped regions, the detector often fails. For

emur segmentation, our algorithm worked well for recovering un-

etected edge points. However, for more complex and overlapping

ones like the pelvis or foot, further refinement may be required. 

The use of 3D reconstruction from un-calibrated 2D images

as been reported in the field of computer vision. Azevedo et al.

21] described methods based on feature point matching. How-

ver, these methods require multiple views and good feature

oint matching for 3D reconstruction, and are hence not suitable

or limited views of radiography and for smooth-shaped bones.

econstructing 3D shapes of smooth bones from only two 2D ra-

iographic images has no unique intrinsic solution. For example,
struction of the femur from un-calibrated 2D radiographic images, 
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Table 1 

Rotation angle errors when digitally reconstructed radiograph images are calibrated using the 

ground-truth shape and statistical shape model compared to the Euler angles of ground-truth 

orientation. 

Rotation axis View + Shape Mean Standard deviation 95% CI Maximum 

Y AP + GT 1.67 1.09 1.32 ∼ 2.03 4.00 

AP + SSM 2.74 2.03 2.08 ∼ 3.40 7.82 

LAT + GT 1.33 1.08 0.99 ∼ 1.68 3.66 

LAT + SSM 2.29 1.69 1.74 ∼ 2.83 5.46 

X AP + GT 3.15 2.47 2.35 ∼ 3.95 8.98 

AP + SSM 4.30 3.24 3.25 ∼ 5.34 11.82 

LAT + GT 4.32 2.91 3.38 ∼ 5.26 13.00 

LAT + SSM 4.74 3.63 3.57 ∼ 5.91 11.91 

The data are presented as the number of degrees ( °). 
Abbreviations : CI, confidence interval; AP, anterior–posterior; GT, ground-truth; 

SSM, statistical shape model; LAT, lateral. 

Table 2 

Effects of calibration and shape optimization on the shape reconstruction error. 

Test set Mean Standard deviation 95% CI Maximum 

Clinical radiographs + 2.03 0.60 1.79 ∼2.27 4.14 

calibration + shape 

optimization 1.84 0.32 1.74 ∼1.95 2.98 

DRR + shape 

optimization 

DRR + calibration 1.93 0.43 1.79 ∼2.06 3.34 

+ shape optimization 

The data are presented in mm. 

Abbreviations : CI, confidence interval; DRR, digitally reconstructed radiographs. 

Fig. 5. A heat map depicting maximum errors of 24 reconstructions. Blue indicates a 0-mm error and red indicates a 10-mm error. (For interpretation of the references to 

color in this figure legend, the reader is referred to the web version of this article.) 
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E  
he 2D projection of a cylinder and cube appear as identical rect-

ngles in the AP and LAT views. Therefore, prior knowledge of

D shapes in terms of whether the 2D rectangle comes from a

ylinder or cube can help resolve this ambiguity. Furthermore,

f the possible variations of a 3D shape are known, we can se-

ect a unique solution matching the image; The SSM contains a

ean vector and most variant shape offset vectors, which repre-

ent the training dataset. The statistical model is useful for ex-

ressing the shape variations that it is built from, but does not

rovide useful information about the shapes not included in the

raining data. Chaibi et al. [5] proposed an SSM for normal sub-

ects, and this SSM will hence work for most normal individuals.

owever, on the other hand, patients with CP have a very large

ariance in the femoral anteversion and coxa valga compared to

ormal subjects. In the present study, we built our SSM using the

emurs of 54 CP patients. Therefore, our method is expected to

e more accurate than those of other studies for 3D femur recon-

truction of the femur in CP patients. The maximum errors iden-

ified by the heat map ( Fig. 5 ) were the highest in the greater

rochanter, lesser trochanter, and medial distal condyle. However,

he effects of such errors on clinical measurements, such as of

he femoral anteversion and neck shaft angle, are considered to be

olerable. 
Please cite this article as: K. Youn et al., Iterative approach for 3D recon

Medical Engineering and Physics (2017), http://dx.doi.org/10.1016/j.med
Three-dimensional reconstruction is the process of obtaining

 shape that matches the 2D images when it is projected onto

P and LAT views. Therefore, locating the positions where the

i-planar radiographic images are obtained is important. This

rocess is called calibration. The easiest way to obtain calibrated

adiographic images is by fixing two radiographic systems and ac-

uiring bi-planar images simultaneously, which is known as a pre-

alibrated system. For example, the pre-calibrated EOS® system

omprises two orthogonally fixed X-ray imaging devices and ac-

uires two orthogonal head-to-feet calibrated X-ray images simul-

aneously, with the patient in a weight-bearing standing pose [3] .

owever, this system requires a large installation space and addi-

ional expensive apparatus. Purchasing an EOS® system only for 3D

econstruction may hence not be appropriate in some hospitals or

ountries. In cases where using a pre-calibrated system is not feasi-

le, algorithms that perform post-calibration using metal markers

ave been proposed. The earlier approaches used direct linear

ransformation, which requires a rigid object with attached metal

arkers whose 3D positions are known [22] . André et al. [23] pro-

osed spine reconstruction based on such direct linear transforma-

ion calibration. Subsequently, explicit calibration was proposed,

llowing the positions of the metal makers to remain unknown.

xplicit calibration optimizes the calibration parameters so that
struction of the femur from un-calibrated 2D radiographic images, 
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the estimated metal marker position from their stereo points on

images fit to those points when re-projected onto the images.

Cheriet et al. [8] proposed spine and rib cage reconstruction using

explicit calibration. Because the positioning of large objects is

cumbersome, Moura et al. [24] and Kadoury et al. [15] proposed

a small calibration object to minimize the impact of the cali-

bration object. However, positioning a small object with metal

makers still restricts its practical use, because this usually requires

modification to the existing clinical routine. Therefore, studies cal-

ibrating without the use of metal markers have been performed.

Kadoury et al. [16] proposed self-calibration, which uses anatom-

ical landmarks instead of metal markers, for explicit calibration

and showed that using the vertebrae as landmarks can be used

as an alternative to metal markers for spine reconstruction, with

no significant increase in error. The reason this approach works is

that each vertebra has plenty of sharp landmark points that can

be identified on both AP and LAT views. However, self-calibration

is not applicable to the femur, because it has a smooth surface

and there are thus no landmarks that can be identified on both

views. 

The parameters of radiographic system calibration consist of 1)

the X-ray source to image-receptor distance (SID); 2) the 2D coor-

dinate of the X-ray source when it is orthogonally projected onto

an image, called the principal point; and 3) the orientation and

position of the image plane in the object reference frame (equiva-

lently, the orientation and position of the object in the image ref-

erence frame). Moura et al. [25] described the radiographic cali-

bration parameters in detail. These parameters form a view of the

radiographic system, and we use the terms ‘view’ and ‘orienta-

tion and position of the image plane’ interchangeably when the

SID and principal point are known. Herein, we observed that the

SID and principal point can be determined without calibration us-

ing conventional radiographic systems. In practice, the radiologic

technologist aims the X-ray source tube at the center of the de-

tection plane, which moves the principle points to the center. The

SID is usually fixed according to the clinical routines, and some

digital radiograph devices record and save these parameters au-

tomatically. Hence, we only need to estimate the third parameter

to obtain calibrated radiographic images for conventional systems.

Estimating the third parameter, assuming the others are known,

is called a pose-estimation problem. The PnP method is an effi-

cient algorithm for solving pose-estimation based on known 3D

points and their 2D projection on images. The PnP method deter-

mines the view so that the 3D points matches their 2D coordi-

nates when they are projected onto an image from a given view.

Zheng and Zhang [26] proposed to use PnP for estimating the pose

of the pelvis by matching the landmarks of their SSM to the land-

marks of 2D images. However, as mentioned above, the femur has

no such landmarks. The PnP method is also used in other areas

such as augmented reality for positioning 3D objects on an image

[27] and for manipulating 2D images of a 3D object [28] . How-

ever, the work relies on known 3D objects, and without this, accu-

rate calibration is difficult. In other words, we need an exact 3D

model to obtain accurate orientation and position of the image.

However, to achieve this, accurate orientation and position of the

image are first required. Thus, these two problems become depen-

dent and have to be solved jointly. Our contribution is pose esti-

mating from these uncertainties using the contours of an SSM and

images. 

The prerequisite of contour-based pose-estimation is a con-

tour segmentation. There are many segmentation methods for pho-

tographs. However, projective radiographic images are associated

with different characteristics and segmentation difficulties com-

pared to photographic images. First, transparency results in over-

lapped boundaries of the bones. Second, the intensity varies pro-

portionally to the thickness, thus showing smooth gradations at
Please cite this article as: K. Youn et al., Iterative approach for 3D recon
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oundaries. Photographic segmentation methods, which use only

ixel intensities, fail to catch the overlapped and blurred bound-

ries on medical images. Accordingly, segmentation methods for

rojective radiographic images often utilize a-priori knowledge of

he region of interest. Lindner et al. [29] used random forest re-

ression trained from manually labeled proximal femur images for

egmentation. Dong and Zheng [30] segmented the proximal femur

ontour using a pose-estimated 3D SSM. Xie et al. [31] segmented

he proximal femur by fitting a 2D SSM built from manually seg-

ented radiographs. However, their work concentrated on proxi-

al femur segmentation and did not address the diverse pose of

he entire shape. Recently, deep learning medical image analysis

as attracted more attention, with Cernazanu-Glavan and Holban

32] proposing a convolution neural network for bone segmenta-

ion. However, deep learning requires a lot of training data for its

erformance, and obtaining the ground-truth training data is time-

onsuming and currently unavailable. 

The radiographs of patients with CP are often not standardized

ecause these patients cannot pose like normal subjects, owing to

uscle contracture, spasticity, and bony deformities. Osteoporosis

s also common in CP, resulting in the bones appearing blurry on

maging. Therefore, we used a pose-estimated 3D SSM as the ref-

rence contour to deal with the various poses of CP patients in

he present study. For undetected points due to blurred images,

e can predict their existence by drawing all possible lines be-

ween the detected points. However, this would be intractable, and

e thus used Delaunay triangulation to connect the closest edge

oints while taking care not to overlap the other prediction lines.

riginally, Delaunay triangulation was described as a method for

ividing images into triangles so that the minimum angle of the

riangles would be maximized [33] . In our work, Delaunay trian-

ulation was used to keep the number of prediction lines within a

easonable range. To resolve the issue of overlapping boundaries,

e constrained the extracted contour to pass six user-inputted

oints while aligning well with the reference contour, because the

ix points are guaranteed to be on the contour by the user. This

pproach worked for the femur and segmented contours success-

ully. 

The contour-based pose estimation is a process of searching the

iew so that the contour projection of the shape fits with the seg-

ented contour of the image. The contour of the 3D femur and its

orrespondence to the image contour change as the view changes;

hus, we cannot use the PnP method directly, because it assumes

xed 3D–2D correspondences. Herein, we first updated the view

sing the iterative PnP method [19] , assuming that the contour in

he current view is fixed. Subsequently, we updated the contour

nd its correspondence from the given view. These steps are iter-

tively performed until convergence. Generally, the accuracy of it-

rative approaches depends on the initial condition because of the

rocess may fall into local optima. We speculated that the initial

rientation of the view has an impact on the accuracy. We evalu-

ted calibration errors as factors of the AP and LAT viewing direc-

ions, and viewing angles along the X and Y axes ( Table 1 ). We ob-

erved that the angles along the X axis were calibrated less accu-

ately than those along the Y axis. Adjusting the angles along the Y

xis can correct the mismatch associated with the femur head and

istal condyles, while the angles along the X axis aligns the shaft

f the femur. That explains why the calibration errors along the X

xis are larger than the errors along the Y axis. We also observed

hat the largest errors occurred in LAT views, which were used to

enerate DRRs with the patient’s posture midway between the lat-

ral recumbent and prone positions. We found that our method

orks better if the patient’s femur is positioned in a way such

hat it is not inclined to X-ray detection plane and the patient’s

osture is midway between the lateral recumbent and supine po-

itions. Since some patients with CP cannot assume the standard
struction of the femur from un-calibrated 2D radiographic images, 
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upine position, further improvement is required with respect to

he X-angle pose estimation. 

Our iterative approach can be summarized as computing the

est value for the calibration parameters given a shape and sub-

equently using the computed calibration values to optimize the

hape iteratively. We formulated shape optimization as a least

quare fitting problem and solved it analytically. The calibration

as solved based on contour by updating the view and the cor-

espondence between the contours simultaneously using the iter-

tive PnP method. Shape reconstruction from uncalibrated radio-

raphs inherently involves such nonlinear functional components

s deforming and fitting 3D shape meshes to 2D contours and

erspective projection for viewing transformation. Handling of the

on-linear functions is the key to the successful reconstruction and

ast computation. Our method separates nonlinear effects, caused

y the iterative refinement of parameters, from the linear part to

llow for least square fitting. This separation achieved not only an

rder of magnitude speedup but improvements in reconstruction

ccuracy. 

In conclusion, in this study, we proposed a method to recon-

truct the 3D femur shape from un-calibrated bi-planar radio-

raphic images. This method can be applied without disturbing the

xisting clinical routine and without the need for large or costly

evices. 
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