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Reconstructing the 3D Shape and Bone Mineral
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Abstract—The accurate diagnosis of osteoporosis has gained in-
creasing importance due to the aging of our society. Areal bone
mineral density (BMD) measured by dual-energy X-ray absorp-
tiometry (DXA) is an established criterion in the diagnosis of os-
teoporosis. This measure, however, is limited by its two-dimen-
sionality. This work presents a method to reconstruct both the 3D
bone shape and 3DBMDdistribution of the proximal femur from a
single DXA image used in clinical routine. A statistical model of the
combined shape and BMD distribution is presented, together with
a method for its construction from a set of quantitative computed
tomography (QCT) scans. A reconstruction is acquired in an inten-
sity based 3D-2D registration process whereby an instance of the
model is found that maximizes the similarity between its projection
and the DXA image. Reconstruction experiments were performed
on the DXA images of 30 subjects, with a model constructed from
a database of QCT scans of 85 subjects. The accuracy was evalu-
ated by comparing the reconstructions with the same subject QCT
scans. The method presented here can potentially improve the di-
agnosis of osteoporosis and fracture risk assessment from the low
radiation dose and low cost DXA devices currently used in clinical
routine.

Index Terms—Active appearance model, active shape model, de-
formable models, image reconstruction, image registration.
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I. INTRODUCTION

F EMUR fractures due to osteoporosis account for sig-
nificant morbidity, disability, decreased quality of life,

mortality, and high economic cost for society. Up to 20% of pa-
tients die in the first year following hip fracture and in the USA
approximately 20% of hip fracture patients require long-term
care in a nursing home [1]. The lifetime risk of hip fracture lies
between 14% and 20% for caucasian women in Europe and the
USA [1]. Osteoporosis predominantly affects postmenopause
women and thus in most countries the fracture rates among men
are substantially lower. Due to the increasing life expectancy,
the World Health Organization (WHO) estimated that the
number of osteoporotic femur fractures in the world will have
increased from 1.3–1.7 million in 1999 to almost 3 million by
2025 [1]. This indicates the importance of an accurate diagnosis
of osteoporosis and fracture risk assessment.
Osteoporosis is currently diagnosed from dual-energy X-ray

absorptiometry (DXA), which results in an image of the pro-
jected bonemineral density (BMD) . To provide a diag-
nosis, a T-score is computed relating to the number of standard
deviations above or below the mean for a population of healthy
adults of the same sex and ethnicity as the patient. Currently
the FRAXtool [2] is in development by the WHO to evaluate
the fracture risk of patients by combining clinical risk factors
with the BMD at the femoral neck. However, in current clinical
practice, DXA derived BMD remains the common measure for
diagnosis.
Although DXA gives an accurate planar representation of

the BMD, it is limited by its two-dimensionality, and therefore
does not represent the 3D shape or spatial distribution of the
BMD. To overcome this limitation, a 3D representation of the
femur bone with BMD distribution can be acquired by quan-
titative computed tomography (QCT). For QCT, a calibration
phantom is used to relate the Hounsfield unit of the CT scan to
a BMD . Several parameters derived fromQCT, such
as trabecular and cortical BMD, the volumetric BMD (vBMD)
at specific regions, the neck axis length and the cortical thick-
ness, have been shown to be strongly correlated with the femur
strength [3], [4] and may better explain failure load variance
[5] and improve the fracture risk estimation over DXA derived
areal BMD alone [6]. This medical imaging technique, however,
is associated with high financial costs, a high radiation dose for
the patient and consequently is not used in clinical routine for
osteoporosis diagnosis or fracture risk assessment. Therefore,
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recent work has focused on acquiring a 3D reconstruction from
planar images by incorporating a priori information in the form
of a statistical model. This could potentially improve upon cur-
rent standards in osteoporosis diagnosis and fracture risk assess-
ment while keeping DXA as the standard modality.
Already a lot of research has been done in reconstructing the

shape of bones from planar X-ray images [7], [8]. Few, however,
take on the challenge of performing a reconstruction from the
rather noisy DXA images. In Kolta et al. [9], a generic model is
deformed to match the contours of two DXA images. Langton
et al. [10] proposed a similar method, reconstructing the shape
from a single DXA image by deforming an average template
model.
Other approaches incorporate a statistical model describing

the 3D shape variations of a population in order to get a proba-
bilistic reconstruction. A contour matching method can then be
incorporated to reconstruct the femoral shape from a sparse set
of projections [11]–[15]. These methods, however, are limited
to the reconstruction of the shape, without addressing the recon-
struction of the BMD distribution.
Various authors proposed models containing information

about the BMD distribution. Yao and Taylor [16] proposed a
statistical model described by a tetrahedral mesh with Bern-
stein polynomial density functions in the tetrahedrals. Both
Belenguer–Querol et al. [17] and Fritscher et al. [18] devel-
oped a combined shape and density model where a statistical
analysis was performed onto the intensities in the volumes and
the displacement fields resulting from nonrigid registrations.
The work of Fritscher et al. [18] was later adapted by Schuler
et al. [19] by performing nonrigid registrations on Euclidean
distance maps, thereby maintaining the spatial density distribu-
tion inside the bone.
In Steininger et al. [20], this model was used in a registration

process to extract the contour from a single X-ray image. A
similar model was used by Hurvitz et al. [21] to reconstruct the
full shape of the proximal femur. Here, the advantage of using
the density distribution is in establishing correspondences on
other places than only the contours. But, still no attempt was
made to reconstruct the BMD distribution from a DXA image.
Using a statistical model containing information about the

spacial distribution of the bone densities, a reconstruction from
DXA can be acquired by an intensity based registration process,
given the fact that DXA represents a projection of the bone min-
eral densities. For an overview of intensity based 3D-2D regis-
tration techniques we would like to refer the reader to Markelj
et al. [22].
In Ahmad et al. [23], a volumetric image of the bone densi-

ties is reconstructed from fourDXA images. An average tetrahe-
dral femur model containing shape and density information was
constructed from a set of manually segmented QCT scans. De-
formation fields were then calculated from this average femur
model to each subject’s tetrahedral model and principal compo-
nent analysis was performed on the deformation fields to cal-
culate the principal modes of variation. Following the work of
Yao and Taylor [24] and Sadowsky et al. [25], in an iterative
registration process, the resulting statistical model is registered
onto four DXA images. At each iteration, the pose (location and
orientation in space), scale, and modes of variation of the sta-

tistical model are varied to minimize the difference between the
simulated DXA images from projections of the model and the
real DXA images.Mutual information was used as the similarity
measure and the resulting volume is therefore adjusted in a post-
processing according to the densities of one of the DXA images.
The issues concerning the use of in vivo data, in particular with
regards to the overlap of the pelvis with the femur head in the
DXA images, remain unaddressed in this paper. More impor-
tantly, this work relies on multiple views generated by a C-arm
DXA device. These devices are still not widely used in clinical
routine as opposed to single view devices.
This work therefore presents and evaluates a method to auto-

matically reconstruct both the 3D shape and BMD distribution
of the proximal femur from a single 2D DXA image. In earlier
work [26], this methodwas evaluated on simulatedDXA images
using an in vitro QCT dataset. This work extends the method to
an in vivo context using true DXA images. A statistical model
of the combined 3D shape and BMD distribution is first con-
structed from an in vivo database of QCT scans of the proximal
femur. In an intensity based 3D-2D registration process, an in-
stance of the model is found whereby the similarity between its
projection and the DXA image is maximized. Finally, the ac-
curacy of the method is evaluated in vivo by performing recon-
struction experiments on a set of DXA images of patients, and
comparing the reconstructed shape and BMD distribution with
the same subject QCT scans.

II. METHODS

The reconstruction method proposed here uses a statistical
model of the combined shape and density distribution. This
model is first constructed from a large dataset of QCT scans
(Section II-A). The reconstruction method then incorporates an
automatic intensity based 3D-2D registration process whereby
an instance of the model is found that maximizes the similarity
between the DXA image and the projection of the model in-
stance (Section II-B). The reconstruction accuracy is evaluated
by comparing the reconstructions from 30 DXA images with
the same subject QCT scans (Section II-C).

A. Statistical Model

The statistical model is based on active appearance models
developed by Cootes et al. [27] and combines statistical infor-
mation about the shape and BMD distribution. First, a shape
model is built following the work of Frangi et al. [28] using
non-rigid registrations of the QCT volumes onto a segmented
reference subject (Section II-A3). The individual QCT volumes
are then deformed to the mean shape and a density model is built
from the resulting volumes (Section II-A4). Finally, to capture
the relation between the shape and density distribution, both are
combined into a single statistical model (Section II-A5). This
combined model encodes the variations of shape and BMD dis-
tribution of the input population to be used in the reconstruction
process.
1) Data: Adatabase of CT scans of 115 patients (42male and

73 female) with an average age of 55 12 years was collected
at CETIR Grup Mèdic (CDP Unit Esplugues, Esplugues de Llo-
bregat, Barcelona, Spain). The patients consisted of volunteers
which required densitometry scans for body composition anal-
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Fig. 1. Preprocessing of the QCT volumes. Slice of the QCT volume with the
manually defined sphere and cone shape defining the region of the pelvis to be
removed from the volume (left), and the same slice with the pelvis area removed
and a thresholding applied to remove the soft tissue structures (right).

ysis. Subjects were only rejected in case the scans were unus-
able, for instance due to the presence of an implant, to ensure
the largest possible dataset to construct the statistical model.
The CT scans were obtained using the Philips Gemini GXL

16 system (Philips Healthcare, Best, The Netherlands) with a
pixel spacing ranging from 0.68 0.68 mm to 0.96 0.96 mm
and a slice thickness between 0.5 and 1.0 mm. A calibration
phantom (Mindways Software Inc., Austin, TX) was placed un-
derneath the patient to relate the Hounsfield units of the CT scan
to a BMD. The linear regression between the known phantom
densities and the intensities of the phantom in the CT scan gives
an average correlation coefficient of 0.9998 indicating an accu-
rate calibration.
Together with the CT scan, a DXA image was acquired of

every subject using the GE Healthcare’s Lunar iDXA scanner
(GE Healthcare, Madison, WI), which generates an image
with a pixel spacing of 0.3 0.25 mm. In addition, the femur
neck areal BMD was extracted from the DXA image to assess
the bone quality. Each subject was subsequently classified
as normal, osteopenic or osteoporotic using the T-score of
the femur neck areal BMD conform the WHO criteria. This
classifies patients as healthy when the T-score is greater than
1, osteopenic when the T-score is between 1 and 2.5 and

osteoporotic when it is less than 2.5. Thus, our dataset con-
tains 65 healthy, 43 osteopenic and seven osteoporotic subjects
with an average femur neck areal BMD of
ranging between 0.7 and 1.4 .
2) Data Preprocessing: The model proposed in this work

is constructed by an intensity based registration process using
QCT scans of the proximal femur. Performing registrations of
the proximal femur is a particularly difficult task because of the
close proximity of the femur head with the pelvis [29]. This
can result in faulty registration whereby the femur head regis-
ters onto the acetabulum. To overcome this problem, a prepro-
cessing step is introduced which removes the pelvis from the
volume by taking advantage of the spherical characteristic of
the femur head (Fig. 1).
The point in the center of the femur head and another point

on the surface of the femur head lying in the extension of the
femur neck are manually determined. These two points define
the center and radius of a sphere. In addition, the same points,

Fig. 2. Shape model construction pipeline.

together with a predefined angle, define the apex and axis of a
cone. Using these two regions, the pelvis area can be removed.
To prevent the soft tissue structures from interfering with the

registration process, a thresholding set to 60 is applied
to all volumes resulting in an image containing only the bone.
3) Shape Model Construction: The intensity based registra-

tion process to construct the shape model is depicted in Fig. 2.
All registration algorithms used in this work were implemented
using the Insight Segmentation and Registration Toolkit (ITK)
[30]. The registrations are performed on the preprocessed
volumes where the pelvis area and soft tissue structures are re-
moved (Section II-A2). A reference volume is chosen manually
based on the smoothness of its bone surface, i.e., not having
any unusual bumps or dents. The femur bone in this reference
volume is subsequently segmented using ITK-SNAP [31],
which provides a semi-automatic segmentation using active
contour methods.
To reduce the computation load of the registrations, a mask is

generated of the bone boundary (boundary mask) by dilating the
segmentation and subtracting an image mask of the erosion. In
addition, a mesh is extracted from the segmentation onto which
some additional processing is done to generate a smooth regular
surface mesh consisting of 7147 vertices.
Every volume in the dataset is first registered onto the refer-

ence volume by a similarity registration (translation, rotation,
and uniform scaling). This uses an intensity based registration
process where the mutual information (MI) similarity measure
is optimized using Powell’s multi-dimensional optimization
method [32].
This is followed by a multi-scale intensity based thin plate

spline registration where the landmarks on the reference volume
are defined by the corresponding surface mesh. In an intensity
based registration process, the positions of the landmarks on the
target volume are found which defines a TPS transformation
that, when applied to the target volume, maximized the simi-
larity with the reference. This part of the registration process is
similar to Meyer et al. [33] where a probabilistic atlas of a brain
is constructed by mapping a magnetic resonance imaging scan
of each subject to an atlas using TPS registrations.
The TPS registration is incorporated in a multi-scale registra-

tion scheme whereby the result of each registration initializes
the registration of the higher resolution. The different resolu-
tions are generated by decimating the reference mesh. Here the
number of triangles are reduced using the quadric error metric
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outlined in Hoppe [34]. Three levels of detail of approximately
50, 100, and 200 control points were used. The final registra-
tion using the decimation of 200 control points was applied to
the original detailed surface mesh. This results in a detailed sur-
face mesh for all similarity-aligned volumes with a point corre-
spondence between them (individual shapes), which are used to
generate the shape model.
In this work an implementation of the TPS transformation is

used, which allows for the computation of the derivative [35]
and can thus be used in conjunction with the L-BFGS-B op-
timizer [36]. For the similarity measure MI is used, which is
extended by a regularization term as explained in the following
paragraph.

a) Similarity measure for TPS registration: Without con-
straining the movement of the TPS control points, they can drift
(e.g., along the shaft) and altogether reduce the correspondence
accuracy between subjects. To avoid this, Mattes Mutual Infor-
mation metric [37] was extended by a regularization term. The
mesh is modeled as a spring system whereby each edge of the
mesh is defined as a spring [38]. The landmark displacements
will result in a stretching or compression for each edge of the
mesh , which defines a spring energy E

(1)

Here, is the number of edges, denotes the length (mm)
of the edge in the reference mesh and the length (mm)
of the corresponding edge resulting from the displacements .
In addition, a weight factor determines the stiffness of the
springs, which is given a value of 5. This energy E is added
to the Mutual Information measure MI as a penalty value.
The optimization problem to find the landmark displacements
, which defines the TPS transformation that maximizes the
similarity between the reference image and the target image

, can now be formulated as

(2)

b) Iterative update: In order to remove some of the bias
introduced through the manual reference selection, this registra-
tion process is iterated whereby in each iteration the reference
volume (together with the mask) is deformed to the mean shape
by means of a TPS transformation (Fig. 2).
Some previous work on statistical model construction pro-

pose an iterative update of the reference by averaging the dis-
placement fields resulting from the individual registrations [28],
[39]. Non-rigid registrations, however, are subject to foldings,
making it necessary to employ strategies incorporating diffeo-
morphic registrations and averaging displacement fields using
logarithms [40].
By only averaging the surface meshes to generate a mean

shape, these complex operations are avoided. On the other hand,
this averaging can potentially result in self intersections. Even
though they have not occurred in our experiments, these can be
detected and resolved easily [41].
In Fig. 3, the convergence of the reference shape change in

the iterative model construction process is shown. The displace-
ment of the reference shape vertices resulting from the iterative

Fig. 3. Boxplot of the displacements of the reference shape vertices resulting
from the iterative updating process in the model construction pipeline for five
iterations. Each iteration, the average shape was calculated and for each vertex
the displacement with respect to the previous reference shape was calculated.

updating process is shown for five iterations. Each iteration the
average shape was calculated and for each vertex the displace-
ment with respect to the previous reference shape was calcu-
lated. The boxplot of the displacements for all vertices is given
for each respective iteration.
The boxplot shows that this process has converged at the third

iteration. This is consistent with the results presented in similar
work [28], [42]. The model used in the experiments is thus built
after three iterations. Do note that this refers to the currently
used dataset only and does not indicate that the model construc-
tion process using a different dataset or different reference con-
verges in the same way.

c) Statistical analysis: Using the groupwise point corre-
spondence of the individual shapes, the statistical model of the
shape is built. The th shape can be represented by a shape vector

defined by the ver-
tices. Principal component analysis (PCA) is then applied to the
data matrix where is
the number of shapes and the average shape. PCA computes an
orthonormal basis, aligning the axes with the maximum varia-
tion in the data. The axes are given by the eigenvectors (ordered
by their importance) of the covariance matrix of , which
are also referred to as the modes of variation. Now, a new shape
can be represented as follows:

(3)

where denotes the matrix of ordered eigenvectors and the
shape model parameters.
The mean and first three modes of variation of the shape

model are shown in Fig. 4. From this we can see that the first
mode of variation describes the neck-shaft angle, while the
second mode of variation extends or compresses the femur
neck.
4) Density Model Construction: To capture the density vari-

ations irrespective of the shape, all unprocessed QCT volumes
(without thresholding applied) are deformed to the same av-
erage shape. This process is depicted in Fig. 5.
The registration process has resulted in the patient-specific

shape for each similarity-aligned volume. From these individual
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Fig. 4. The mean shape and the first three modes of variation of the shape
model, varying between 3 and 3 standard deviations .

Fig. 5. Density model construction pipeline.

shapes, the mean shape is computed. To deform all the QCT vol-
umes to this mean shape, first the similarity transform resulting
from the registration process (Section II-A3) is applied to the
QCT volume of the respective subject. The QCT volumes are
now aligned but still need to be deformed to the mean shape.
For each similarity-aligned subject we have the individual shape
of the bone, which has a vertex correspondence with the av-
erage shape. Using this vertex correspondence a thin plate spline
transform is computed, which deforms the similarity aligned
QCT volume to the mean shape.
All volumes were deformed to the same reference volume

with a cubic voxel size of 1 mm, which showed to be a good
compromise between describing anatomical variations and
computational complexity. By using only the points on the
bone surfaces for the TPS transformations, the spatial dis-
tributions of the BMD inside of the bones is preserved. The
deformed QCT volumes now have a voxel correspondence be-
tween them and a statistical analysis can be performed over the
density values of the voxels to capture the statistical variations
of the BMD distribution.

Fig. 6. Projections of the mean and the first three modes of variation of the
density model, varying between 3 and 3 standard deviations .

Statistical analysis: The voxel densities in the th volume
can be represented as a vector
where is the number of voxels inside the shape and the
density of the th voxel. PCA is then applied to the data matrix

where is the
number of volumes and the average volume. A new volume
can now be represented as follows:

(4)

where denotes the matrix of ordered eigenvectors and the
density model parameters.
The mean and first three modes of variation of the density

model are shown in Fig. 6. Since no normalization was applied
to the volume densities, the first mode of variation of the density
model describes the global density change while the rest of the
modes describe the distribution of the bone in various ways.
5) Combined Model Construction: The relation between the

shape and density model is captured, in the same way as Cootes
et al. [27], by combining them into a single statistical model.
Assuming a correlation between the shape and density distribu-
tion, this will result in a more compact model. It is reasonable
to assume a relationship between the shape and BMD distri-
bution of the proximal femur since a different shape requires
a different internal BMD distribution to maintain a certain re-
sistance. Moreover, some combinations of the shape and BMD
distribution can be said to be invalid based on the input dataset.
By combining the shape and appearance into a single model, the
combined model can constrain the shape and BMD distribution
to statistically valid combinations.
In our particular application (reconstructing from a single

view), we have no information about the thickness of the bone
in the direction of the projection. This might cause the density
model instance to overestimate the density where after the shape
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Fig. 7. The mean and first three modes of variation of the combined model,
varying between 3 and 3 standard deviations. The model instances are
clipped at the coronal cross-section, showing the BMD distribution variation
inside of the shapes.

model instance would underestimate the thickness. By com-
bining the shape and density model, more statistical informa-
tion about the relation between the shape and density distribu-
tion is captured, which reduces these faulty combinations. For
this same reason, no normalization was applied to the densities
in the QCT volumes so as to capture the relation between the
shape and the true densities.

a) Statistical analysis: For each subject in the model, the
shape model parameters and density model parameters
are concatenated into a single vector

(5)

where is a diagonal matrix of weights to match the shape
parameter variance to the variance of the density model param-
eters. PCA is then applied over these vectors, which results in
a parameter set describing the combined shape and density
distribution

(6)

whereby is the matrix of ordered eigenvectors.
In Fig. 7, the mean and first three modes of variation of the

combined model used for the reconstruction experiments is il-
lustrated by clipping the surface mesh of the shape model to
show the BMD distribution inside of the surface mesh. Here we
can see that the extension of the femur neck (Mode 1) and in-
crease of the neck-shaft angle (Mode 2) both results in a BMD
increase.
A scree plot is generated where the relative variance is set

against their corresponding principal components (Fig. 8). At

Fig. 8. The scree plot of eigenvalues associated with the principal compo-
nents of the combined model. The “elbow” is identified at the twelfth principal
component.

Fig. 9. The location of the femur neck and intertrochanteric cross-sections.

the twelfth principal component, the decrease of eigenvalues
appears to have leveled off to the right of the plot. Following
Cattell’s scree test [43], the principal components beyond this
“elbow” are discarded. Thus, only the first 12 principal compo-
nents are used in the reconstruction experiments.
By truncating the model parameters beyond the twelfth

principal component, the original subjects in the model are not
fully represented. For each subject in the model, the vertex
displacements and density distribution change of the remaining
modes of variation determine the residual error resulting from
discarding these modes of variation. These vertex displace-
ments are averaged over all subjects and presented as a color
map on the mean shape in Fig. 10, where also the average
residual densities are given for the coronal cross-section, the
femur neck and the intertrochanter (Fig. 9). The full range
of vertex displacements has a mean of 1.1 mm and 2 root
mean square (2RMS) of 2.4 mm and the residual densities
over all subjects gives a mean of 44.4 and 2RMS of
122.5 .
6) Model Instance: A new instance of the model is described

by the combined model parameters , which gives the parame-
ters of the shape model and density model as such

(7)

(8)

where

(9)
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Fig. 10. The residual vertex displacement (top) and density differences
(bottom) resulting from using 12 modes of variation, averaged over all subjects
in the model.

Subsequently substituting these shape and density model pa-
rameters into (3) and (4), respectively, gives the new shape
and new density values .
Similar to Cootes et al. [27] the instance of the density model

is deformed to the new shape. Here, the deformation is defined
by a TPS transformation where the shape model determines the
control points. The vertices of the average shape define the
target points and the vertices of the new shape model instance
define the source points. Since the shape model is built from a
dense surface mesh, a subset of the vertices is used. This subset
is found by applying the previously mentioned decimation algo-
rithm (Section II-A3) on the average shape model resulting in
200 control points and finding the closest points to the vertices
of this decimation.
We implicitly reordered the vector of densities corre-

sponding to the density model instance to form a volume
according to the dimensions of the reference space all volumes
were deformed to

(10)

The TPS transformation to deform this volume is defined
by the displacements resulting from the shape model param-
eters (3)

(11)

Besides the deformation, a pose and a uniform scale factor is
applied to the density model instance, which is represented as a
similarity transform.
Thus, the new instance of the combined model is the com-

position of the density model instance with the TPS transfor-
mation defined by the shape displacement and a similarity
transform as such

(12)

Fig. 11. Flow chart of the iterative registration process.

B. Reconstruction

Our 3D reconstruction method is based on the registration of
the combined model onto a DXA image. This is achieved by an
intensity based 3D-2D registration process whereby an instance
of the model, together with a pose and a uniform scale factor
is found that maximizes the similarity between the DXA image
and the projection of the model. Since only one projection is
used, the pose is defined by three rotation values and only two
translation values perpendicular to the projection direction.
In Fig. 11, the flow chart of the model registration process

is depicted. At each iteration, a projection of the model is gen-
erated commonly referred to as a digitally reconstructed radio-
graph (DRR). How this DRR is generated is explained in de-
tail in Section II-B1. The similarity is evaluated with respect to
the DXA image using the mean squared error (MSE) similarity
measure. If the registration process has not yet converged ac-
cording to this similarity measure, a new set of model and pose
parameters and a new scale factor is estimated using Powell’s
multi-dimensional optimization method. A new model instance
is generated using the new parameter set and the registration
process is continued.
Although MI is a commonly used similarity measure in med-

ical image registration, it makes no assumptions about the rela-
tion between the values. This makes it especially useful for reg-
istering different modalities. However, in our application, the
values of both the projection and DXA image are of the same
unit . The registration process should therefore result in
the same values in the DRR as in the DXA image. Although the
final DRR might have a high MI similarity with the DXA image
after a MI based registration process, the individual densities
might not correspond at all and a reconstruction of the BMD
distribution is not guaranteed. Therefore, the MSE is used in the
registrations process, resulting in more accurate BMD values in
the resulting volume.
A mask is defined to take into account only the region of in-

terest in the registration process (Fig. 12). A thresholding is ap-
plied to the DXA image to generate an initial mask, which is
grown to include area around the bone boundary. In the DXA
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Fig. 12. The mask (right) generated from the DXA image (left) to be used in
the registration process, whereby the area overlapping with the pelvis and the
bottom part of the shaft is manually removed.

images, the femur head is partially overlapped by the pelvis.
In an intensity based registration process, this region will in-
troduce an error to the similarity measure and thus to the final
reconstruction accuracy. To overcome this, the part where the
pelvis is overlapping with the femur head is manually removed
from the mask. In addition, the bottom part of the femur shaft is
removed from the mask where the model can not reach.
Since the femur is always in the same general orientation (pa-

tient lying on a table with straight legs and the foot positioned in
a 60 angle), no manual initialization of the rotation is required.
Furthermore, the model is initialized by the average instance
i.e., all model parameters set to 0. The model is automatically
centered onto the mask and a first registration process is per-
formed on the rotation, translation and scale parameters only.
This results in an initial alignment of the model onto the DXA
image. This is followed by the full registration process, opti-
mizing all model parameters.
Throughout the registration process, the model instance is

constrained to three times the standard deviation from the mean
to maintain a valid femur throughout the registration process.
This means that at each iteration, the model parameters are
checked and corrected accordingly.
The resulting final model instance, with the corresponding

surface mesh and volume containing the BMD distribution, is
then considered the patient-specific reconstruction.
1) Digitally Reconstructed Radiograph: DXA works by

passing two X-ray beams, one of a high energy and the other of
a low energy, through a tissue region. The amount of absorption
by the bone can be calculated and can be converted to a measure
of the bone mineral content. Thus, by performing such scan
over a region of interest, an image of the projected BMD is
computed.
The narrow-angle fan beam used by GE Healthcare’s Lunar

iDXA device results in a DXA image that is essentially without
magnification. This is accomplished by overlapping the narrow-
angle fan-beam sweep line images by which the distance of the
object to the plane can be measured (Fig. 13). Thus, the DRR
can be approximated by an isometric projection, removing the
necessity for camera calibration.
The DRR is generated using a ray casting technique [44] re-

sulting in a 2D image representing the areal BMD . For
each position in the DRR, a ray is cast through the volume in
the direction of the projection perpendicular to the plane of the

Fig. 13. DXA image acquisition and processing. From left to right: An illus-
tration of the narrow-angle fan-beam, the overlapping image strips resulting
from the sweeps of the fan beam device for one of the two energies and the
DXA image after combining the strips and calculating the BMD from the two
energies.

DXA image. The projected density value is then defined as the
integral of the new model instance (12) for every point
lying on the ray . The areal BMD at position of the DRR
can thus be formulated as

(13)

Here, an approximation is made by taking a set of sample points
at regular intervals of length along the ray .
In [45], the QCT derived areal BMD was

shown to be systematically lower than the areal BMD from
DXA because of the difference in the techniques
and standards. It also showed that it is possible to correct for
these absolute differences by a linear conversion equation.
We performed a rigid 3D-2D intensity based registration of

a subset of 30 segmented QCT volumes onto the same subject
DXA images and the projected values were regressed against
the DXA values. The linear regression gave us the following
conversion equation:

(14)

This equation was subsequently used to correct the simulated
DXA image values.

C. Evaluation

For the method evaluation experiments, the left proximal
femur was chosen. 30 QCT-DXA pairs were selected for the
validation of the reconstruction method (mean age of 55 13
years, 15 male, and 15 female). They consists of four osteo-
porotic, 13 osteopenic, and 13 healthy subjects with an average
femur neck BMD of ranging between 0.7 and
1.2 . Of the remaining 85 QCT volumes, consisting of
27 men and 58 women with a mean age of 55 12 years, the
model was constructed. This set includes three osteoporotic, 30
osteopenic, and 52 healthy subjects with average femur neck
BMD of ranging between 0.7 and 1.4 .
Prior to analyzing the reconstruction accuracy, each QCT

volume of the validation dataset was rigidly aligned with the
corresponding DXA image by means of an intensity based
3D-2D registration process using the MSE similarity metric
and Powell’s multi-dimensional optimization method. This
results in the correct patient-specific pose of the ground truth
QCT volume to be used in further analysis and allowed us
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Fig. 14. The regions on the DXA image as defined by the software of GE
Healthcare (left) and the same regions shown on the manually segmented sur-
face mesh of the same subject QCT scan (right), which, in a 3D-2D intensity
based registration process, was aligned with the DXA image.

to extract the regions as defined in the GE Lunar’s software
platform, enCORE.
Three regions were defined: the femur neck, trochanter and

shaft. The region of the femur head was deduced from these re-
gions. In Fig. 14, the DXA image with the regions as defined in
the enCore software is shown together with the regions on the
segmented surface mesh of the aligned QCT volume. In addi-
tion, a global region was defined, which consists of the femur
neck, trochanter and shaft together.
The model was constructed of the entire proximal femur, in-

cluding the whole femur head. Thus, although the part of the
femur head overlapping with the pelvis was removed from the
mask, the entire femur head was reconstructed and evaluated to-
gether with the other regions.
To evaluate the shape reconstruction accuracy, every bone in

the QCT volumes (which were previously aligned with the same
subject DXA images) of the validation dataset was segmented
(again using ITK-SNAP) and for each segmentation the surface
mesh was constructed. These were then considered the ground
truth for the individual shapes.
Eachmesh resulting from the reconstruction process was then

registered with the corresponding ground truth surface mesh
by an iterative closest point (ICP) algorithm, taking into con-
sideration only the global region. The reconstruction error in
terms of shape for each of the regions was then defined by the
point-to-surface distances of the vertices in the reconstructed
shape mesh to the ground truth surface mesh.
Since only a single view is used in the reconstruction process,

there is little information about the actual orientation of the
bone. Not estimating the orientation properly might consider-
ably affect the reconstruction accuracy. To examine the accu-
racy of the orientations resulting from the reconstructions, also
the rotations (coronal, axial and sagittal) following from the pre-
viously described ICP registrations are evaluated.
To evaluate the reconstruction accuracy of the BMD distribu-

tion, the point correspondences computed to evaluate the shape
accuracy were used to deform the reconstructed volume to the
ground truth volume by means of a TPS transformation (using
a subset of 200 control points). This way, the BMD distribution

Fig. 15. Results of three of the reconstructions with the contours of the masks
used in the registration process. From top to bottom: the reconstructed shape,
the ground truth surface mesh, the DRR generated by projecting the resulting
model instance and the DXA image.

accuracy can be evaluated without taking into account the error
introduced by the reconstructed shape.
Each voxel within the bone of the TPS deformed reconstruc-

tion was subsequently compared with the corresponding voxel
in the ground truth volume and the voxel-by-voxel differences
then determined the BMD distribution reconstruction error. In
addition, the error was compared to the entire range of densi-
ties in the corresponding region, giving a percentage error of
the BMD distribution reconstruction.
Apart from the reconstructed shape and BMD distribution,

also the more clinically relevant volumetric BMD (vBMD, the
average voxel density in a given region) was evaluated. For each
region, the vBMDwas comparedwith the vBMDextracted from
the registered ground truth QCT volume. In addition, a regres-
sion was computed to analyze the linear statistical relationship.

III. RESULTS

The results of the reconstructions of three subjects with
varying shape and BMD quality are shown in Fig. 15. In
Fig. 16, for three subjects, the cross-sections of the ground truth
QCT volume at the intertrochanter and the femur neck (Fig. 9)
as well as the coronal section are shown together with the same
cross-sections from the reconstructed volumes. These figures
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Fig. 16. The cross sections at three regions for three subjects (each column
represents a single subject) of the segmented ground truth QCT volumes (top)
and the corresponding reconstructed volume (bottom). All image have the same
window level.

illustrate the capacity of the model to successfully reconstruct
these large variations in shape and BMD distribution from a
single DXA image.
In Table I, the results of the shape reconstruction accuracy for

the selected regions is given. The best accuracy can be seen at
both the femur neck and the trochanter area with both having an
average point to surface distance of 1.0 mm and 2RMS error

TABLE I
ACCURACY OF THE RECONSTRUCTIONS OF THE SHAPES,
GIVEN AS THE POINT TO SURFACE DISTANCES (mm)

95% confidence interval.

Fig. 17. The color-coded point to surface distances (mm) between the recon-
structed shapes and the QCT-derived surfaces (top) and the BMD reconstruction
errors presented with respect to the mean shape (bottom), averaged over the 30
subjects.

of 2.6 mm. The femur head gives the least accurate point to
surface distances with a mean error of 2.0 mm and 2RMS error
of 4.9 mm.
In Fig. 17, an error map illustrates the point-to-surface dis-

tances for every vertex of the shape model averaged over all 30
subjects. From this, we can see that the lesser trochanter imposes
a lot of error in the shaft region, which explains the relative large
error compared to the other regions.
The ICP registrations aligning the reconstructed shapes with

the ground truth surface meshes resulted in a mean rotation error
of 3.0 (2RMS of 7.8 ) coronal, 2.4 (2RMS of 6.3 ) axial and
0.4 (2RMS of 1.1 ) sagittal.
Analyzing the reconstruction accuracy of the BMD distribu-

tion, we found the average voxel-by-voxel error to be below 85
for all regions. The error relative to the whole range

of BMD values was around the 5% for all regions, with a slight
increase at the shaft of 5.7%. In Table II, the error of the BMD
distribution is given for each of the regions.
To visualize the distribution of the BMD errors, the volumes

representing the BMD errors were aligned to the mean shape
and averaged over all 30 subjects. Subsequently, the femur neck,
intertrochanter and coronal cross-sections are shown in Fig. 17.
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TABLE II
BMD DISTRIBUTION RECONSTRUCTION ERROR FOR THE

DIFFERENT REGIONS. PERCENTAGES INDICATE THE ERROR WITH RESPECT
TO THE FULL RANGE OF BONE DENSITIES IN THE CORRESPONDING REGION

95% confidence interval.

Fig. 18. Scatter plots and regression lines for all the regions visualizing the
correlation between the QCT derived vBMD (vBMD QCT) and the vBMD re-
sulting from the reconstructions (Reconstructed vBMD). The correlation coef-
ficient, offset and slope values are given in Table III.

TABLE III
ERROR AND CORRELATION VALUES BETWEEN THE
QCT DERIVED VBMD AND THE VBMD RESULTING FROM

THE RECONSTRUCTIONS FOR ALL REGIONS

Mean Absolute Error.
95% confidence interval.

In Fig. 18 the scatter plots of the vBMD acquired from QCT,
set against the vBMD from the reconstructions are shown. In
Table III the correlation coefficient ( ), the offset and slope is

Fig. 19. One-dimensional scatter plots of the mean shape errors (top), mean
BMD distribution errors (center), and volumetric BMD errors (bottom) of the
30 subjects.

given. All regions, apart from the femur head, show a strong
correlation and are all statistically significant

.
The one-dimensional scatter plots of the mean shape errors,

the mean BMD distribution errors and the volumetric BMD er-
rors for all 30 subjects are shown in Fig. 19. This gives an indi-
cation of the distribution of the errors over the validation set.
Regarding the computation time, one iteration of the model

construction process using 85 volumes took approximately 21 h
and one reconstruction takes approximately one hour on an In-
telCore i7 CPU 920 2.67-GHz processor. At this point, no effort
was put into improving the computation time using multipro-
cessor or GPU acceleration.

IV. DISCUSSION

For the global shape accuracy, which excludes the femur
head, we obtained a average error of 1.1 mm and a 2RMS
error of 2.6 mm, whereas in Zheng et al. [12] an average
mean reconstruction error of 1.2 mm was reported using two
views for each femur. These reconstructions, however, were
performed on X-ray images while a reconstruction from DXA
is a considerably more challenging task due to the high level of
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noise present in DXA images. On the other hand, by using a
model of the BMD distribution, our method can take advantage
of the density information in the DXA images.
In Kolta et al. [9], where the proximal femur shape was re-

constructed from two DXA images (frontal and sagittal), a mean
point to surface distance of 0.8 mm and a 2RMS error of 2.1
mm was reported. This method and the method of Zheng et al.,
however, rely on two projections and are limited to the shape re-
construction only, whereas the reconstruction method presented
in this work requires only one DXA image and results in a re-
construction of the shape as well as the BMD distribution.
The comparably large error in the femur head can be ex-

plained due to the fact that a large part of this region was not
considered in the reconstruction process, and thus was merely
estimated. The reconstruction of the BMD distribution on the
other hand shows a larger accuracy at the femur head compared
to the other regions. This in turn can be explained by the thin
layer of cortical bone in this region, which gives a rather small
error in comparison to the other regions.
The mean rotation error in the coronal 3.0 (2RMS of 7.8 )

and axial 2.4 (2RMS of 6.3 ) direction suggests an improve-
ment in the reconstruction accuracy is possible if this part is
properly addressed.
Analyzing the BMD distribution reconstruction accuracy in

the global region, a mean error of 72.0 corresponding
to 4.9% of the range of bone densities in this region was mea-
sured with a 95% confidence interval of 217.2 corre-
sponding to 14.8% of the total range of bone densities. A volume
reconstruction accuracy of the whole proximal femur is given in
Fritscher et al. [46] whereby the error corresponds to 3.6% of
the whole intensity range. This however was the result of the
registration of a statistical model onto a volume, as opposed to
our reconstruction method from a single projection.
A comparison of the BMD distribution error can be made

with the residual error, which represents the expected error as-
suming a perfect reconstruction. The closeness of the range of
density errors (considering the densities range between 150
and 1300 approximately) is thus an indication of the
accuracy in which the BMD distribution is reconstructed.
In Ahmad et al. [23], similar results are presented regarding

the reconstruction of the vBMD. Here, a correlation coefficient
of 0.81 is reported for the narrow neck and 0.89 for the in-
tertrochanter. In comparison, our method resulted in a corre-
lation coefficient of 0.92 and 0.94 for the femur neck and the
trochanter region, respectively.
Volumetric BMD has been shown to be strongly related to the

bone strength [4], [5] and has been shown to highly correlate
with fracture incidence [47], [48]. The accurate vBMD recon-
struction therefore shows the clinical relevance of this work and
the potential to improve the fracture risk estimation from DXA
over current methods.
The statistical model presented in this work is distinct from

most proposed models in the way that the variations in the BMD
distribution is captured by the density model only, whereas other
methods use the shape [16] or deformation field [18] to also de-
scribe the internal structure. This will allow us to examine the
BMD distribution independent from the shape which can poten-
tially be useful for diagnosing patients, considering osteoporosis

affects only the BMD distribution and not the shape of the bone.
Furthermore, to determine which type of model performs best
with respect to the reconstruction accuracy, the evaluations need
to be performed on the same patient population. The fact that no
standard dataset was used in our and previous work should be
taken into consideration when examining the results in compar-
ison with other research.
Although the model construction method is still not fully au-

tomatic due to the manual removal of the pelvis area, this can
potentially be automated by incorporating a Hough filter for de-
tecting spherical objects in the volume [49].
Regarding the reconstruction process, the method is auto-

matic and nonsupervised, except for the manual removal of the
pelvis region from the DXA mask. This too, however, can be
automated as is done by the software of GE Healthcare to de-
fine the regions of interest.
One limitation in this study is the relative young population

and, subsequently, the limited number of osteoporotic patients
used for the model construction. Although emphasis is put on
the reconstruction accuracy and not pathology detection, bone
loss due to osteoporosis might result in a more varied BMD
distribution and bone restructuring, which might have an effect
on the reconstruction accuracy. The evaluations, however, were
performed on healthy subjects as well as osteoporotic and os-
teopenic patients, and the results therefore represent the possi-
bility to reconstruct also these pathological cases.
Although in this work we have presented a method that can

reconstruct the 3D shape and BMD distribution from a single
DXA image, the method can as well be applied to a multi-
view reconstruction. Although a multi-view reconstruction is
expected to increase the reconstruction accuracy, the devices ca-
pable of multi-view DXA acquisitions are still expensive and
not as widely used in clinics as single-view devices.
Some preliminary experiments have been performed on sim-

ulated DXA images of specimen to evaluate to what extent using
multi-view DXA improves the reconstruction accuracy over a
single-view [50]. However, by using specimen data, these ex-
periments do not take into account the pelvis overlap which
limits the view angles that can be used when reconstructing the
femur from real DXA images.

V. CONCLUSION

This work presents a method to reconstruct both the 3D shape
and BMD distribution from a single DXA image by the regis-
tration of a statistical model. A statistical model of the com-
bined shape and BMD distribution is introduced, together with
a method for its construction. An iterative updating of the ref-
erence shape and volume is incorporated to remove any bias in
the reference selection and to increase the accuracy of the in-
dividual registrations. In an intensity based 3D-2D registration
process, an instance of the model is found, which maximizes
the similarity between the DXA image and the projection of the
model. By using statistics on the combined 3D shape and BMD
distribution of a large population, the limitations of a single 2D
DXA image can be overcome. Comparisons between the recon-
structed femur and ground truth show that this method results
in accurate and realistic reconstructions.
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This method is fully compliant with clinical routine since
clinically deployed DXA scanners are mostly limited to the ac-
quisition of a single view. This opens the way for better diag-
nosis of osteoporosis by providing a detailed 3D analysis of the
femur from routine, low cost, and low radiation dose 2D DXA
imaging devices.
Although this work has put the focus on the proximal femur,

vertebral fractures are in fact the most common type of osteo-
porotic fractures, and although many vertebral fractures remain
undiagnosed, they can have a severe impact on the quality of life
and are accompanied by increased mortality [51]. The method
presented in this work will therefore be extended to allow the
reconstruction of the lumbar vertebrae from DXA images.
Our future work aims at improving fracture risk assessment

from DXA by using accurate information of the 3D shape and
BMD distribution obtained by the presented reconstruction
method. Statistical models of the proximal femur have already
been used successfully to predict biomechanical parameters
[46] and to analyze the trabecular bone of the proximal femur
[52]. Although we have shown to be able to successfully and
accurately reconstruct the 3D shape and BMD distribution from
DXA, additional effort to improve the accuracy is expected to
be necessary for this complex analysis.
Including older subjects in the statistical model might im-

prove the reconstruction accuracy of the targeted population.
However, older people have a greater incidence of arthritis and
other conditions that can affect the shape of the bone. This might
negatively affect the statistical model unless a large population
is used. Towards this end, a more extensive database will be
collected. In addition this will allow the construction of a sep-
arate model for male and female subjects and containing more
pathological cases. This is expected to improve the reconstruc-
tion accuracy for a specific pathology and gender.
Efforts are also being put forth to allow finite element analysis

on the reconstructed femurs with the aim of providing a measure
of the femur strength.
We aim to eventually demonstrate that the advantages of a

3D analysis on fracture risk assessment accuracy can be im-
plemented in clinical practice, maintaining DXA as the current
standard modality.
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