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a b s t r a c t

Current vertebral fracture prevention measures use Dual-energy X-ray Absorptiometry (DXA) to quantify
the density of the vertebrae and subsequently determine the risk of fracture. This modality however only
provides information about the projected Bone Mineral Density (BMD) while the shape and spatial dis-
tribution of the bone determines the strength of the vertebrae. Quantitative Computed Tomography
(QCT) allows for the measurement of the vertebral dimensions and volumetric densities, which have been
shown to be able to determine the fracture risk more reliably than DXA. However, for the high cost and
high radiation dose, QCT is not used in clinical routine for fracture risk assessment. In this work, we there-
fore propose a method to reconstruct the 3D shape and density volume of lumbar vertebrae from an
anteroposterior (AP) and lateral DXA image used in clinical routine. The method is evaluated for the
L2, L3 and L4 vertebra. Of these vertebrae a statistical model of the vertebral shape and density distribu-
tion is first constructed from a large dataset of QCT scans. All three models are then simultaneously reg-
istered onto both AP and lateral DXA image. The shape and volumetric BMD at several regions of the
reconstructed vertebrae is then evaluated with respect to the ground truth QCT volumes. For the L2,
L3 and L4 vertebrae respectively the shape was reconstructed with a mean (2RMS) point-to-surface dis-
tance of 1.00 (2.64) mm, 0.93(2.52) mm and 1.34(3.72) mm and a strong correlation (r > 0.82) was found
between the trabecular volumetric BMD extracted from the reconstructions and from the same subject
QCT scans. These results indicate that the proposed method is able to accurately reconstruct the 3D shape
and density volume of the lumbar vertebrae from AP and lateral DXA, which can potentially improve the
fracture risk estimation accuracy with respect to the currently used DXA derived areal BMD
measurements.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

Approximately 25% of all postmenopausal women in the United
States experience a vertebral compression fracture (Melton, 1997),
which is the most common type of osteoporotic fracture. The frac-
ture incidence increases with age due to the progression of osteo-
porosis, which is characterized by the deterioration of the bone
tissue, resulting in a more fragile bone. Although vertebral frac-
tures often remain undiagnosed, they can potentially result in
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great discomfort and a diminished quality of life, and women with
a vertebral fracture have a 15% higher mortality rate compared to
those without (Cooper et al., 1993).

Clinical measures for fracture prevention quantify the areal
Bone Mineral Density (BMD) of the vertebrae from DXA to deter-
mine the level of bone degradation. DXA provides an estimate of
the projected density (g/cm2), which does not take into account
the thickness of the bone. This causes the BMD to be underesti-
mated in individuals with smaller bones. Furthermore, in the AP
DXA images, the vertebrae are superimposed by the spinous pro-
cesses, thereby reducing the accuracy of the BMD measurements.

The vBMD extracted from QCT has been shown to be able to
reliably evaluate levels of osteoporosis (Genant et al., 1987).
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However, because of the high cost and high radiation dose, QCT is
not used for such analysis in clinical routine.

Several methods to estimate the volumetric BMD (vBMD) from
AP or lateral DXA have been proposed by assuming a cubic or cylin-
drical shape (Carter et al., 1992; Braillon, 1999; Jergas et al., 1995b;
Schreuder et al., 1998). This so-called Bone Mineral Apparent Den-
sity (BMAD) has been shown to correlate well with the true volu-
metric density, but does not describe the bone spatial distribution
and is not able to discriminate between the trabecular and cortical
components.

During aging and in particular when affected by osteoporosis,
the trabecular bone structure within the vertebral body undergoes
a process of degradation. It is the vBMD within this trabecular re-
gion that has been shown to be a strong determinant of the verte-
bral strength (Hayes et al., 1991; Myers and Wilson, 1997;
Mosekilde et al., 1989) and is a reliable fracture risk predictor
(Cann et al., 1985; Guglielmi et al., 1994).

While QCT can measure the trabecular and cortical BMD sepa-
rately, BMAD cannot. Furthermore, also the 3D shape largely deter-
mines the vertebral strength and should be taken into account
when evaluating the risk of fracture. In particular the size of the
vertebra has been shown to be significantly smaller for fracture pa-
tients than controls (Duan et al., 1999) and the vertebral body
Cross-Sectional Area (CSA), has been found to be smaller in woman
with fractures than for controls (Gilsanz et al., 1995). Again, these
measurements can be taken from CT images but are not used in
standard clinical practice.

There is already some previous work in reconstructing the 3D
shape from planar radiographs. Some reconstruct the 3D shape
by deforming a generic or parametric model (Mitton et al., 2000;
Delorme et al., 2003; Le Bras et al., 2003; Kolta et al., 2008; Hum-
bert et al., 2009), which requires the annotation of several land-
marks on the radiographs. Several other approaches use a 3D
statistical model to reconstruct the shape from planar X-ray
images (Benameur et al., 2005; Zheng et al., 2010). These methods
use the bone contours on the planar images to register and recon-
struct the 3D shape whereby the silhouette of the model is
matched with the edges extracted from the radiographs. These
methods, however, only reconstruct the 3D shape and do not con-
sider the bone mineral densities and the bone spatial distribution.

In de Bruijne et al. (2007) a statistical shape model was pro-
posed for the analysis of the vertebral bone contours from X-ray
images, which in other work was used to semi-automatically seg-
ment the vertebrae from X-ray images (Iglesias and de Bruijne,
2007). Roberts et al. included the appearance in the statistical
model and used the resulting model for determining the vertebral
shape in DXA (Roberts et al., 2010) and regular X-ray images (Rob-
erts et al., 2012). These works, however, use the statistical model
only to extract the two-dimensional shapes from planar
radiographs.

Some methods have already been proposed to reconstruct both
the 3D shape and the density distribution of the proximal femur
from DXA by the deformation of a template (Väänänen et al.,
2011) or by incorporating a statistical model in an intensity-based
registration process (Ahmad et al., 2010; Whitmarsh et al., 2011a).
However, these methods have not yet been applied to the
vertebrae.

Thus, in this work we propose a method to reconstruct the 3D
shape as well as the density volume of the vertebra from DXA
images used in clinical routine. A statistical model of the shape
and a model of the spatial distribution of the vertebral bones are
first constructed from a large database of QCT scans. These models
are registered onto an AP and lateral DXA image in an intensity
based registration process, which, after convergence, results in
the 3D reconstructions. The reconstructions are evaluated by a
comparison with the same subject QCT volumes, which are
considered the ground truth. The reconstruction accuracy of the
shape is determined by the point-to-surface distances as well as
comparing the CSA of the reconstruction with the CSA acquired
from the ground truth QCT scans. In addition, the global vBMD,
the vBMD of the vertebral body and the trabecular vBMD is evalu-
ated with respect to the ground truth QCT. Finally, also the spatial
distribution of the bone is evaluated by a voxel-to-voxel
comparison.
2. Materials and methods

2.1. Data

A dataset of 96 spinal CT scans was collected at the CETIR Med-
ical Center (Barcelona, Spain) using the Philips Gemini GXL 16 sys-
tem (Philips Healthcare, Best, The Netherlands). All subjects were
female and scans were rejected in case of the presence of arthritis,
abnormal bone growth or the detection of apparent vertebral frac-
tures. The CT scans had a pixel spacing ranging between 0.47 and
1.04 mm and a slice thickness of 0.5 mm. All volumes were cali-
brated using the Mindways calibration phantom (Mindways Soft-
ware Inc., Austin, TX, United States) to convert the Hounsfield
units to density values.

The Mindways phantom calibrates the volumes to K2HPO4 den-
sity values while the DXA images in this work are converted to
standardized BMD, which relates to CaHA density values. For the
densities to be reconstructed correctly, we therefore first need to
convert the volumes to CaHA density values. Previous research
shows that one calibration material is highly correlated to another
and can be converted using a linear transformation (Suzuki et al.,
1991). To get the conversion formula from K2HPO4 to CaHA we
scanned both the Mindways phantom and the European forearm
phantom (Ruegsegger and Kalender, 1993), which relates to CaHA,
in a single pass. In this way, all QCT volumes were converted to
CaHA density values.

In addition to the CT scan, for 30 subjects also an AP and lateral
DXA image of the lumbar spine was acquired using the GE Health-
care’s Lunar iDXA scanner (GE Healthcare, Madison, WI, USA). For
the AP direction, the patient was in a standard supine position,
while for the lateral DXA image acquisition the patient was reposi-
tioned to a lateral recumbent position. The AP DXA image has a
resolution of 0.3 � 0.25 mm2 and the Lateral DXA image a resolu-
tion of 0.6 � 0.25 mm2. These DXA images were subsequently con-
verted to correspond to standardized BMD (Genant et al., 1994).

These 30 subjects, with an average age of 55 ± 11 years, were
used for the evaluation of the reconstruction method, whereby the
reconstructions from the DXA images were compared with the
vertebral shapes and the volumetric densities acquired from
the same subject CT scans. The remaining 66 CT scans, of which
the subjects had an average age of 54 ± 11 years, were used for the
construction of the statistical models used in the reconstruction
method. For each of the vertebrae in the CT scans, 24 anatomical
landmark locations (Fig. 1a) are required to initialize the registration
process, as explained in Section 2.2, which were identified in the
volumes by a graphical user interface.

Ethical approval was granted for all data acquisitions by the
Institutional Review Board and written informed consent was
provided by all the subjects included in this study.
2.2. Statistical modeling

In previous work, a statistical model of shape and BMD distribu-
tion was presented for the proximal femur, together with the
method for its construction (Whitmarsh et al., 2011b). The
statistical model of the vertebrae is of the same form. However,



Fig. 1. The 24 landmarks locations for initializing the registration process (a) and the decimated reference mesh whereby the vertices define the control points for the TPS
registration and the edges define a regularization term in the similarity measure (b).
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the more complicated shape requires a change to be made to the
construction method in the form of an initialization using manu-
ally defined landmark locations.

The pipeline for the vertebral model construction is depicted in
Fig. 2. First, a reference subject is selected based on its regular
shape. The vertebral bone in this reference volume is subsequently
segmented using ITK-SNAP (Yushkevich et al., 2006), which pro-
vides a semi-automatic segmentation using active contour meth-
ods. A surface mesh is subsequently extracted from the
segmentation, which is smoothed using a volume constrained
Laplacian smoothing to remove the stair-step artifacts and re-
meshed to generate a regular triangle mesh consisting of 28,586
vertices.

All CT volumes are first registered onto this reference by a rigid
transformation defined by the 24 landmark locations. The rigid
transformation is computed according to Horn (1987), which gives
the optimal mapping of the landmarks in a least squares sense.
This is followed by an intensity based Thin Plate Spline (TPS) reg-
istration (Brooks and Arbel, 2007) using the vertices from the dec-
imated reference mesh (Fig. 1b) as the control points. Here, the 24
manually defined landmarks define a TPS transformation, which is
used to initialize the TPS registration process. The mesh decima-
tion algorithm incorporates the quadric error metric outlined in
Hoppe (1999) and results in a mesh with 300 vertices.

For the intensity based TPS registrations, the L-BFGS-B optimizer
(Zhu et al., 1997) was used in conjunction with Mattes Mutual
Information similarity metric (Mattes et al., 2003). The similarity
measure was extended by a regularization term to prevent the con-
trol points from drifting and to maintain a smooth regular mesh.
The regularization term is derived from the displacements d of
Fig. 2. Model constr
the vertices in the decimated reference mesh M whereby the mag-
nitude of the stretching or compression of all edges e 2M defines an
energy E as such:

EðdÞ ¼
X
e2M

k
keðdÞk � kek

kek

� �2

ð1Þ

Here, kek denotes the length of edge e, ke(d)k the length of the
edge resulting from the displacements d and k a weight factor.
In this work, k is given a value of 6 with the distances expressed
in millimeters. This energy is subsequently added to the Mutual
Information measure MI as a penalty value. The optimization
problem to find the point displacements d, which defines the
TPS transformation T that maximizes the similarity between the
reference volume Vref and the target volume Vtarget, can now be for-
mulated as:

arg min
d
ð�MIðVref ;Vtarget � TðdÞÞ þ EðdÞÞ ð2Þ

To constrain the similarity measure to the region of interest and to
reduce the computation time, a mask is defined of the bone bound-
ary (Fig. 2) by dilating the segmentation and subtracting an image
mask of the erosion.

The transformations resulting from the registration process are
finally applied to the detailed reference mesh, which results in the
detailed surface mesh of the vertebra for all QCT volumes. These
meshes are subsequently averaged and the reference volume and
mask are then deformed to this mean shape using a TPS transfor-
mation defined by 300 vertices of the reference mesh and the cor-
responding vertices in the mean mesh. The registration process is
performed once more onto this updated reference, which removes
uction pipeline.



Fig. 3. The mean and the first three modes of variation, described by +3 and �3
standard deviations (r) from the mean, of the shape model of the L3 vertebra in the
longitudinal, lateral and AP direction.
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some of the reference selection bias and results in the aligned
patient specific surface meshes with a vertex correspondence be-
tween them.

2.2.1. Shape model
To generate the statistical model of the vertebral shape, princi-

pal component analysis (PCA) is applied to the vertices of the
resulting surface meshes. Each ith shape can be expressed by the
set of vertex coordinates si ¼ xi

1; . . . ;xi
a

� �T 2 R3a, where a is the
number of vertices. The mean s ¼ ð�x1; . . . ; �xaÞT is subsequently
computed and the covariance matrix Cshape can thus be expressed
as:

Cshape ¼
1

k� 1

Xk

i¼1

ðsi � sÞðsi � sÞT ð3Þ

Here k is the number of subjects included in the analysis. Singular
Value Decomposition (SVD) applied to this matrix retrieves the
eigenvectors sorted by their associated eigenvalues. A new shape
instance s can now be expressed as the mean shape and a linear
combination of the first m eigenvectors corresponding to the main
modes of variation:

s ¼ ðx1; . . . ; xaÞT ¼ �sþ
Xm

j¼1

pjaj: ð4Þ

Here pj is the jth eigenvector and aj the corresponding scalar coef-
ficient, referred to here as the shape model parameter. In Fig. 3 the
first three modes of variation of the shape model of the L3 vertebra
is depicted in the longitudinal, lateral and anteroposterior view.

2.2.2. Density model
For generating the density model, the registration process is

performed one more time which deforms each QCT volume to
the mean shape, whereby the reference space is defined by
0.5 mm cubic voxels. This results in the shape normalized volumes
with a voxel correspondence between them, and PCA is subse-
quently applied to the density values of the voxels inside the bone
shape. For each ith volume the density values of the voxels are cap-
tured by vector vi ¼ di

1; d
i
2; . . . ; di

b

� �T
2 Rb, where b is the number

of voxels. The average �v is subsequently computed as well as the
covariance matrix Cdensity:

Cdensity ¼
1

k� 1

Xk

i¼1

ðvi � �vÞðvi � �vÞT ð5Þ

Again SVD decomposes the covariance matrix into the eigenvectors
and corresponding eigenvalues. A new volume v can now be ex-
pressed as the average volume �v and the first n eigenvectors, which
describes the changes in the density distribution:

v ¼ �v þ
Xn

j¼1

qjbj ð6Þ

Here qj is the jth eigenvector with the corresponding density model
parameter bj. A new instance of the density model thus describes
the spatial distribution of the bone within the mean shape. The first
three modes of variation of the density model of the L3 vertebra are
depicted in Fig. 4.

In this way, a statistical model of shape and density distribution
is generated for the L2, L3 and L4 vertebrae using the dataset of 66
QCT volumes previously described. Cattell’s scree test (Cattell,
1966) was subsequently used to determined the number of modes
of variation that should be used in the statistical models, resulting
in m = 13 shape model parameters and n = 5 density model param-
eters (Fig. 5).
2.2.3. Model instance
A new instance of the statistical model is defined by the shape

and density model parameters. The density model parameters bj

define a new density model instance v and the shape model
parameters aj define the new shape onto which the volume is



Fig. 4. Projections of the mean and the first three modes of variation, described by
+3 and �3 standard deviations (r) from the mean, of the density model of the L3
vertebra in the longitudinal, lateral and AP direction.
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deformed. The densities of the density model instance are first
implicitly rearranged to form a volume V:
v # V ð7Þ
The density volume is defined in the space of the mean shape �s and
is deformed to the new shape model instance s using a subset S of
the vertex correspondences:

S � fð�x1;x1Þ; . . . ; ð�xa;xaÞg ð8Þ

In this work a subset of 200 vertex pairs are used. This subset is
determined by decimating the shape model and for each vertex of
the decimation finding the nearest vertex on the shape model. From
set S a TPS transformation T is defined which maps the vertices of
the new shape (source vertices) to the corresponding vertices of
the mean shape (target vertices):

xtarget ¼ TðxsourceÞ8ðxtarget;xsourceÞ 2 S ð9Þ

The TPS transformation is subsequently applied to the volume of
the density model instance V to acquire the shape deformed density
model instance V0:

V 0 ¼ V � T ð10Þ
2.3. Reconstruction

Similar to the reconstruction method presented in Whitmarsh
et al. (2011a) the vertebrae are reconstructed from DXA in an
intensity based 3D-2D registration process. A multi-object ap-
proach was used by incorporating the L2, L3 and L4 vertebra simul-
taneously to deal with the overlap between the consecutive
vertebra. In the 3D-2D registration process, the model parameters
are searched to find the instance of the shape and density models
so that the projections of the shape deformed density model in-
stances, referred to here as the Digitally Reconstructed Radio-
graphs (DRRs), matches the anteroposterior and lateral DXA
image (Fig. 6). For a detailed description of the generation of the
DRRs we refer the reader to Whitmarsh et al. (2011a). The shape
and density model parameters are constrained to three standard
deviations from the mean, thereby guaranteeing ‘‘valid’’ vertebral
models throughout the registration process.

In addition to the model parameters, also the rigid transforma-
tion for both views has to be found, which is defined by a rotation
about all three axes and a translation parallel to the image plane.
Separate rigid transformations are required for both views since
the patient is repositioned for the lateral DXA acquisition, which
changes the spinal position and intervertebral orientations.

The reconstruction is initialized by a coarse manual alignment
of the mean vertebral shapes in both views. This is followed by a
registration process optimizing the rigid transformation together
with initially only the first mode of variation of the shape model,
corresponding to the size of the vertebrae, and the first mode of
variation of the density model, which describes the global density.
This is followed by the full registration incorporating all 13 shape
model parameters and five density model parameters.

The parameter set is optimized using an evolutionary algorithm
based on Styner et al. (2000) in conjunction with the Mean Squared
Error (MSE) similarity measure. The objective function can be de-
scribed as follows:

min MSE IAP
DXA; I

AP
DRR

� �
þMSE Ilateral

DXA ; Ilateral
DRR

� �� �
ð11Þ

where the summation of the MSE over the AP DXA image IAP
DXA and

the DRR of the model instance in the AP direction IAP
DRR and the

MSE computed over the lateral DXA image ILateral
DXA and the DRR in

the lateral direction ILateral
DRR is minimized. The DRR is generated by

applying an isometric projection P over the three vertebral model
instances (V 0L2;V

0
L3 and V 0L4) whereby for each vertebra first a rigid

transformation is applied for both the AP DRR (RAP) and the lateral
DRR (RLateral):
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Fig. 6. An illustration of the reconstruction process whereby the statistical model of
the L2, L3 and L4 vertebra are registered onto the AP and lateral DXA images. The
instance of the models are found so that their projections match the DXA images.
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IAP
DRR ¼ PðV 0L2 � RAP

L2 Þ þ PðV 0L3 � RAP
L3 Þ þ PðV 0L4 � RAP

L4 Þ ð12Þ
Ilateral
DRR ¼ P V 0L2 � Rlateral

L2

� �
þ P V 0L3 � Rlateral

L3

� �
þ P V 0L4 � Rlateral

L4

� �
ð13Þ

A mask is manually defined on both the AP and lateral DXA
images to constrain the registration process to the region of inter-
est (Fig. 7). In the lateral projection of the lumbar spine, the L4 ver-
tebra is often overlapped by the pelvic bone (Jergas et al., 1995a).
To prevent the pelvic area from influencing the reconstructions,
this overlapping region is removed from the mask and thus does
not contribute to the similarity measure in the reconstruction pro-
cess. By using an approach using a statistical model, however, still
a statistically probable vertebral shape and density distribution is
estimated in the region outside of the mask.
2.4. Evaluation

A statistical model was constructed of the L2, L3 and L4 vertebra
using the dataset of 66 QCT scans. A specificity analysis was
performed as described in Davies (2002) and Styner et al. (2003)
where the specificity of the shape model as a function of the num-
ber of model parameters m is described as:

SshapeðmÞ ¼
1
l

Xl

k¼1

min
i
kskðmÞ � sik ð14Þ

and the specificity of the density model (as a function of the number
of density model parameters n) as:

SdensityðnÞ ¼
1
l

Xl

k¼1

min
i
kvkðnÞ � vik ð15Þ

Here sk and vk are the shape and density model instances generated
by uniform random parameters within a three standard deviation
range and si and vi the nearest respective member in the training
set. For the shape model, the distance is defined as the mean ver-
tex-to-vertex distance while for the density model the mean abso-
lute voxel density difference is used. The standard error is defined
as rffi

l
p where r is the sample standard deviation and l is the number

of samples taken (l = 1000 in this work). The specificity graphs of
the shape and density model going up to 20 model parameters
are shown in Fig. 8 where the error bars indicate one standard error
above and below the measured error.

For the evaluation of the reconstruction accuracy, the dataset of
30 vertebral QCT scans with corresponding DXA images was used.
The L2, L3 and L4 vertebral models were registered onto the AP and
lateral DXA images simultaneously, resulting in the reconstructed
vertebral shape and the density volume for all three vertebrae.
The reconstruction accuracy of the shapes and the volumetric den-
sities were evaluated by a comparison with the same subject QCT
scans. For this evaluation, all QCT scans were manually segmented
(again using ITK-SNAP) and a detailed surface mesh was con-
structed from the segmentations in the same way as for the refer-
ence used in the model construction.

The reconstruction accuracy of the shape was evaluated by first
aligning the reconstructed shape with the ground truth surface
mesh using the iterative closest point algorithm. Subsequently,
the point-to-surface distances from the vertices in the model to
the surface mesh were computed. Since the vertebral body is the
region of interest with respect to vertebral fractures, this region
was identified on the vertebral shape, and the point-to-surface dis-
tances of this region were evaluated separately. Also the Hausdorff
distances (Gerig et al., 2001) were computed for both the global
and the vertebral body region.



Fig. 7. The manually defined mask (in red) on the Lateral and AP DXA image used for constraining the reconstruction process to the region of interest.
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In addition to the point-to-surface and Hausdorff distances, the
reconstruction accuracy of the more clinically relevant CSA was
evaluated. The CSA was defined in the mid vertebral body, as de-
picted in Fig. 9, whereby the vertebral body region was isolated
by a line parallel to the transverse processes (Link et al., 2000).
For all subjects, this region, which contains the trabecular as well
as the cortical bone, was extracted in both the reconstructed vol-
ume and the ground truth QCT volume, which were subsequently
compared by a linear regression analysis.

The ability of the method to reconstruct the volumetric densities
was evaluated by comparing the global vBMD, the vertebral body
vBMD and the trabecular vBMD extracted from the reconstructions
with the same measurements from the ground truth QCT volumes.
The corresponding regions are illustrated in Fig. 10. The global vBMD
Fig. 9. The location of the mid vertebral body cross-section (left) a
is acquired by computing the average density in the whole vertebra.
The vertebral body vBMD is determined by considering only the
densities in the vertebral body, which includes the cortical bone. Fi-
nally, the region for the trabecular vBMD is determined by eroding
the region of the vertebral body by 6 mm to guarantee the exclusion
of the cortical component.

To make a comparison with the current standard method of
estimating the volumetric BMD of the vertebral body from DXA,
the BMAD is extracted from the AP DXA images using the equation
BMAD = BMC/area3/2 as originally proposed by Carter et al. (1992).
These measurements are subsequently correlated with the verte-
bral body vBMD extracted from the QCT volumes.

A voxel-wise comparison with the ground truth QCT volumes
was used to evaluate the density distribution of the reconstructions.
nd the region for computing the CSA indicated in red (right).



Fig. 10. From left to right: the global region, the vertebral body and the trabecular region within the vertebra for the vBMD measurements.

Table 1
The shape errors expressed as point-to-surface distances (mm).

Global Vertebral body

Mean 2RMSa Max Mean 2RMSa Max

L2 1.00 2.64 11.28 0.84 2.14 5.03
L3 0.93 2.52 11.89 0.73 1.89 4.36
L4 1.34 3.72 14.16 1.12 3.02 8.41

a 95% Confidence interval.

Table 2
The Hausdorff distances between the reconstructed shapes and the QCT-derived
surfaces (mm).
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First the L2, L3 and L4 vertebrae in the QCT volumes of the 30 valida-
tion subjects are deformed to the mean of their respective shape
model. This is done in the same way as for the alignment of the
volumes for the density model construction as described in
Section 2.2.2. The density model instances resulting from the recon-
structions are then taken prior to the deformation by the shape
model. The reconstructions thus remain within the mean shape as
well as the same subject ground truth QCT volumes. A voxel-to-
voxel comparison can then be performed to quantify the
reconstruction error of the density distribution, which can then be
averaged to form a volume of the mean errors for the L2, L3 and L4
vertebrae. To aid in the interpretation of the voxel errors, a percent-
age is also given relating the density errors to the range of densities
in the corresponding region.
Global Vertebral body

Mean SD Mean SD

L2 6.36 1.63 3.53 0.85
L3 7.08 2.45 3.61 0.46
L4 8.35 2.66 4.47 3.02

Fig. 11. The color-coded point-to-surface distances (mm) between the recon-
structed shapes and the QCT-derived surfaces averaged over the 30 subjects.
3. Results

In Fig. 3 we can see that the first mode of variation of the shape
model describes the overall size of the vertebra. This can more
quantitatively be described by the CSA, which, constrained by
three standard deviations, varies between 787 and 1286 mm2 for
the L2 vertebra, between 971 and 1277 mm2 for the L3 vertebra
and between 1028 and 1348 mm2 for the L4 vertebral model. Fur-
thermore, in the longitudinal view we can see that the second
mode of variation describes the angle of the transverse and articu-
lar processes, and in the lateral view we can see that the third
mode describes the shape of the spinous process for the L3 verte-
bral model. The L2 and L4 vertebral models, although differing
somewhat in shape, show similar deformations.

For the density model we can see that the first mode of varia-
tion describes the overall change in density (Fig. 4), which is also
apparent in the L2 and L4 vertebral models. Constrained by 3 stan-
dard deviations the mean density varies between 99.2 and
438.3 mg/cm3 for the L2 model, between 96.4 and 434.2 mg/cm3

for the L3 model and between 87.0 and 440.1 mg/cm3 for the L4
vertebral model.

The shape of the L2 vertebra was reconstructed with a mean
(2RMS) point-to-surface distance of 1.00(2.64) mm globally and
0.84(2.15) mm for the vertebral body. The L3 vertebrae were
reconstructed with a slightly better accuracy of 0.93(2.52) mm
and 0.73(1.89) mm for the global vertebral shape and the vertebral
body, respectively. The reconstruction accuracy of the shape of the
L4 vertebrae, however, was somewhat lower with a mean (2RMS)
point-to-surface distance of 1.34(3.72) mm for the global shape
and 1.12(3.02) mm for the vertebral body. The full set of measure-
ments are presented in Table 1 while in Table 2 the Hausdorff dis-
tances are given for the corresponding regions. In Fig. 11 the
average point-to-surface distances are visualized on the mean
shapes, which show the distribution of the shape errors.

For the L2 and L3 vertebrae, strong correlations (r > 0.85) were
found between the vBMD measurements extracted from the recon-
structions and the vBMD measurements extracted from the same
subject QCT volumes. In particular the trabecular vBMD was recon-
structed with a mean (2RMS) error of 22.6(52.1) mg/cm3 and
19.8(47.9) mg/cm3 and a correlation coefficient of 0.90 and 0.85
for the L2 and L3 vertebrae, respectively. Again the L4 vertebra
showed a slightly less accurate reconstruction with a correlation
coefficient of 0.80 and 0.82 for the vertebral body and trabecular
region, respectively. In Fig. 12, the linear regressions are shown
for all vBMD measurements.

Fig. 13 shows the mid vertebral body slices of the reconstructed
L3 vertebra and the same subject QCT scans of three subjects. Per-
forming the regression analysis on the CSA of the reconstructions
with respect to the CSA of the same subject QCT scans resulted
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Fig. 12. The linear regressions between the vBMD measurements extracted from the reconstructions and the ground truth QCT volumes.

Fig. 13. The L3 mid vertebral body slices of three subjects (rows) extracted from QCT (left) and the reconstructions from the DXA images of the same subjects (right).
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Table 3
The reconstruction errors and correlation values for the vBMD and CSA measurements.

Mean 2RMSa Max r Offset Slope Rangeb

L2
vBMD global (mg/cm3) 13.3 35.4 65.9 0.93 �11.7 1.05 [174.1–327.4]
vBMD vertebral body (mg/cm3) 20.6 49.3 46.8 0.89 �24.7 1.04 [118.2–237.8]
vBMD trabecular (mg/cm3) 22.6 52.1 55.9 0.90 �21.4 1.02 [32.4–168.3]
CSA (mm2) 65.8 165.9 189 0.70 319.3 0.71 [832–1184]

L3
vBMD global (mg/cm3) 20.2 52.3 69.2 0.92 �23.4 1.17 [176.4–324.5]
vBMD vertebral body (mg/cm3) 16.6 41.2 44.9 0.87 �27.4 1.17 [113.3–246.1]
vBMD trabecular (mg/cm3) 19.8 47.9 59.7 0.85 �12.2 1.05 [30.2–171.5]
CSA (mm2) 80.5 187.1 189 0.69 282.9 0.78 [948–1286]

L4
vBMD global (mg/cm3) 22.6 59.7 84.4 0.86 �11.6 1.10 [173.4–328.2]
vBMD vertebral body (mg/cm3) 21.2 53.8 64.2 0.80 0.2 1.00 [111.0–251.9]
vBMD trabecular (mg/cm3) 21.5 50.8 62.6 0.82 4.9 0.93 [38.9–180.4]
CSA (mm2) 71.1 178.5 210 0.53 574.9 0.50 [1003–1368]

The vBMD and CSA error expressed as absolute differences.
a 95% Confidence interval.
b The range [min–max] of the measurements taken from the ground truth QCT data.

0 100 200 300 400
0

50

100

150

200

250

300

350

400
Offset = 7.69
Slope = 0.60
r = 0.82

L2

BMAD (mg/cm3)

Ve
rte

br
al

 b
od

y 
vB

M
D

 Q
C

T 
(m

g/
cm

3 )

0 100 200 300 400
0

50

100

150

200

250

300

350

400
Offset = 13.54
Slope = 0.58
r = 0.80

L3

BMAD (mg/cm3)

Ve
rte

br
al

 b
od

y 
vB

M
D

 Q
C

T 
(m

g/
cm

3 )

0 100 200 300 400
0

50

100

150

200

250

300

350

400
Offset = 43.63
Slope = 0.52
r = 0.64

L4

BMAD (mg/cm3)

Ve
rte

br
al

 b
od

y 
vB

M
D

 Q
C

T 
(m

g/
cm

3 )

Fig. 14. The linear regressions between the BMAD computed from DXA and the vertebral body vBMD measured from the same subject QCT volumes.
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in a correlation coefficient of 0.70, 0.69 and 0.53 for the L2, L3 and
L4 vertebrae respectively (Table 3).

The full set of vBMD and CSA reconstruction errors and correla-
tion values are given in Table 3. A least squares fit method was
used for the linear regressions and all reported correlations are sta-
tistically significant (p < 0.01).
Table 4
The density distribution errors expressed as the absolute voxel-to-voxel density
differences (mg/cm3). The percentages indicate the error with respect to the full range
of bone densities in the corresponding region.

Mean 2RMSa Max

L2
Global 99.4 (5.8%) 277.7 (16.4%) 1272.7 (78.2%)
Body 70.8 (4.2%) 186.4 (11.0%) 872.6 (66.2%)
Trab. 57.8 (3.4%) 144.5 (8.5%) 538.1 (25.5%)

L3
Global 95.2 (5.5%) 268.3 (15.6%) 1382.1 (85.3%)
Body 68.4 (4.0%) 183.2 (10.6%) 815.4 (53.6%)
Trab. 54.4 (3.2%) 137.3 (7.9%) 406.2 (20.8%)

L4
Global 134.0 (7.3%) 372.9 (20.0%) 1445.5 (80.1%)
Body 99.4 (5.4%) 262.2 (14.0%) 980.2 (58.6%)
Trab. 79.0 (4.3%) 199.4 (10.5%) 411.2 (23.0%)

a 95% Confidence interval.
The scatter plots of the BMAD values set against the vBMD mea-
surements from QCT are presented in Fig. 14 as well as the regres-
sion lines and associated correlation values.

For the evaluation of the density distributions we can again see
that the L4 vertebrae show larger errors than the L2 and L3 verte-
brae (Table 4). Moreover, in Fig. 15 we can see that the errors are
predominantly located at the posterior part of the vertebrae, which
has a relatively complex shape compared to the vertebral body.
The voxel density error is therefore greater in the global region
than the vertebral body region, while the trabecular region, by hav-
ing no cortical bone, shows the smallest errors.
4. Discussion

Various method have been proposed to reconstruct the shape of
the vertebrae. In Humbert et al. (2009), the 3D shape of the verte-
brae were reconstructed from biplanar X-ray images with a mean
(2RMS) point-to-surface distance of 1.0(2.7) mm. In Le Bras et al.
(2003), the 3D shape of the lumbar vertebra were reconstructed
from low-dose digital stereoradiography of specimen with a mean
(2RMS) point-to-surface distance of 0.9(2.4) mm for the global re-
gion and a mean (2RMS) of 0.8(2.2) mm for the vertebral body.

In comparison, our method reconstructed the L2 and L3 lumbar
vertebra with a similar mean (2RMS) point-to-surface distance of
1.00(2.64) mm and 0.93(2.52) mm for the global region and



Fig. 15. The sagittal and axial slice of the voxel density errors for the L2, L3 and L4 vertebra averaged over the 30 subjects.
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0.84(2.14) mm and 0.73(1.89) mm for the vertebral body. Our
method, however, performs reconstructions on in vivo low radia-
tion dose DXA images, which is a considerably more challenging
task due to the relatively high level of noise present in these
images.

Our results are also comparable to segmentation results from
CT using a shape and intensity prior model (Hanaoka et al., 2011)
where a mean distance of 0.939 ± 0.410 mm is reported for the
lumbar vertebrae. In particular the relatively large Hausdorff dis-
tance in our work (Table 2) can also be seen in the work of Hanaoka
et al. (2011) (10.175 ± 3.184 mm), which locates the large errors at
the tips of the processes.

In Fig. 11, one can see that the point-to-surface distances are
disproportionately large at the tips of the transverse processes.
These segments, of which the low density bone contours are diffi-
cult to distinguish from the soft tissue structures on the DXA
images, contribute a great deal to the global shape error. This ana-
tomical region, however, is of little importance with respect to the
diagnosis of pathologies on the vertebral column.

Both the vBMD measurements from QCT and the estimates of
volumetric BMD (BMAD) have been shown to be stronger associ-
ated with vertebral fractures than standard projected BMD mea-
surements (Jergas et al., 1995b). Comparing the vBMD correlation
coefficients of our reconstruction method (Table 3) with the corre-
lation coefficients of the BMAD (Fig. 14), indicates that our method
gives a better assessment of the vBMD than BMAD does. Further-
more, in the anteroposterior DXA image, the posterior part of the
vertebrae partially overlap with the body of the vertebrae, which
results in the overestimation of the volumetric BMD as can be seen
in Fig. 14. Moreover, our method is able to measure also the trabec-
ular vBMD, which is a measurement that cannot be extracted
directly from DXA.
The trabecular vBMD measurements from QCT have previously
been shown to provide a better measure for the risk of fracture
than areal BMD measurements from DXA. In Guglielmi et al.
(1994) a comparison between the fracture discrimination ability
of QCT derived trabecular vBMD and regular areal BMD measure-
ments from lateral and AP DXA resulted in an Area Under the Re-
ceiver Operating Curve (AUROC) of 0.9518 ± 0.0228 for QCT, with
respect to an AUROC of 0.8741 ± 0.0332 and 0.7931 ± 0.0446 for
the lateral and AP DXA, respectively.

Strong and significant (p < 0.01) correlations were found be-
tween the reconstructed trabecular vBMD and the trabecular
vBMD extracted from QCT with a correlation coefficient of 0.90,
0.85 and 0.82 for the L2, L3 and L4 vertebra, respectively. Consid-
ering it is the trabecular region that is predominantly affected by
osteoporosis and is recognized as the main cause of compression
fractures, this indicates the potential of the method to improve
the fracture risk estimation accuracy from DXA. Furthermore, the
method is able to accurately reconstruct the shape with
respect to the vertebral body CSA (mean (2RMS) error of
65.8(165.9) mm2, 80.5(187.1) mm2 and 71.1(178.5) mm2 for the
L2, L3 and L4 vertebra respectively), which is a structural measure-
ment related to the vertebral body compressive strength.

Whether the reconstructions are sufficiently accurate to allow
for an improvement of the fracture risk assessment over current
clinical practice measurements remains to be investigated. Previ-
ous work on using the proposed method to reconstruct the proxi-
mal femur, however, shows an improvement in the hip fracture
discrimination ability over areal BMD measurements alone by
using the reconstructions from DXA (Whitmarsh et al., 2012).

The L4 vertebra is reconstructed with the least amount of accu-
racy as can also be seen in Fig. 11. For the shape, a mean (2RMS)
point-to-surface distance of 1.34(3.72) mm was measured for the
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global vertebral shape and 1.12(3.02) mm for the vertebral body
and a correlation coefficient of 0.53 was found for the evaluation
of the CSA. This can be explained by the fact that, for many sub-
jects, on the lateral DXA image a large part of the L4 vertebra did
not contribute to the registration process due to the overlap with
the pelvic bone. It can also be partly explained by the L4 shape
and density model being less specific than the L2 and L3 vertebral
models (Fig. 8). The decrease in accuracy, however, is relatively
low, which shows the ability of the statistical model to reconstruct
anatomical regions from partial information.

Although there might be some overlapping rib structures for the
L2 and L3 vertebrae, these vertebrae can be reconstructed more
consistently. Moreover, the reconstruction accuracy of the L2 ver-
tebrae is expected to improve further by including the L1 vertebra
in the reconstruction process, thereby also taking into account the
overlapping regions with the L1 vertebra. The CT scans used in this
work, however, did not include the L1 vertebrae and this structure
could therefore not be modeled.

All developed algorithms were implemented in C++ using the
Insight Segmentation and Registration Toolkit (Ibanez et al.,
2005) and The Visualization ToolKit (Schroeder et al., 2003). The
construction of the three vertebral models using 66 CT scans took
approximate 290 h using an Intel� Core™ i7 CPU 920 @ 2.67 GHz
processor. This, however, has no influence on the computation
time within practical operation since the model has to be built only
once. All reconstructions converged in approximately 10,000 itera-
tions and the full set of 30 reconstructions took approximately
130 h to complete using the same processor. The current imple-
mentation, however, has not been optimized for run-time and sev-
eral techniques, such as a graphics processing unit (GPU)
acceleration for the DRR generation (Dorgham and Laycock,
2012), can be implemented to improve upon this.

To determine the modes of variation to retain in the model,
commonly the main modes of variation which together describe
95% of the total variation are used. This, however, often leads to
an overestimation of the number of modes, which can lead to an
over fitting of the model. In this work we therefore use Cattel’s
scree test, whereby the user determines the cutoff point by
inspecting the scree graph of the modes of variation. This however
remains a somewhat subjective measure since there is no clear cri-
teria where to define the ‘‘elbow’’.

In previous work the shape and density model of the proxi-
mal femur was combined into a single model to perform a 3D
reconstruction from a single DXA image. Combining the shape
and density model was important here since the use of a single
DXA image can result in the overestimation of the thickness of
the bone while at the same time underestimating the density.
Although including statistical information on the relationship be-
tween the shape and density distribution can reduce this effect,
this also constrains the model. Reconstructing the vertebrae from
two near-orthogonal DXA images allows for a more accurate
shape reconstruction and consequently a more accurate estima-
tion of the bone density. Thus, the shape and density model
can remain disconnected to allow the parameters of both models
to optimize freely.

It is, however, reasonable to assume that the shape and den-
sity model are statistically dependent as well as the consecutive
vertebrae and can thus be combined into a single model. This
will make the model more compact and reduces the number
of modes of variation and thus the number of parameters to
be optimized, which will subsequently reduce the computation
time. Future work will put a strong focus on the time constraints
with respect to clinical practice where this improvement in the
computation time will be assessed with respect to its effect on
the reconstruction accuracy, as well as exploring other optimiza-
tion techniques.
5. Conclusions

In this work a method was presented to reconstruct the lumbar
vertebra from an AP and lateral DXA image. A statistical model of
the shape and density distribution of the L2, L3 and L4 vertebra
was first constructed from a large dataset of QCT scans. The models
were simultaneously registered onto the two DXA images by an
intensity based 3D–2D registration process. The method is distinct
from previous work by incorporating statistical information about
the density distribution. Thereby, apart from the shape, also the
spatial distribution of the bone is reconstructed. This allows us to
extract the vBMD of the trabecular bone, which has a better frac-
ture prediction ability than regular areal BMD used in clinical rou-
tine. The proposed method does not administer the patient to a
high radiation dose as QCT does and, by using standard DXA imag-
ing devices, is fully compliant with clinical practice in osteoporosis
diagnosis and fracture risk estimation. Thus, our method has the
potential to improve the fracture risk estimation while maintain-
ing the low cost and low radiation dose DXA images as the stan-
dard modality used in clinical routine.
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