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Finite element (FE) models based on quantitative computed tomography (CT) images are better predic-
tors of bone strength than conventional areal bone mineral density measurements. However, FE models
require manual segmentation of the femur, which is not clinically applicable. This study developed a
method for automated FE analyses from clinical CT images. Clinical in-vivo CT images of 13 elderly fe-
male subjects were collected to evaluate the method. Secondly, proximal cadaver femurs were harvested
and imaged with clinical CT (N=17). Of these femurs, 14 were imaged with pCT and three had earlier
been tested experimentally in stance-loading, while collecting surface deformations with digital image
correlation. Femurs were segmented from clinical CT images using an automated method, based on the
segmentation tool Stradwin. The method automatically distinguishes trabecular and cortical bone, cor-
rects partial volume effect and generates input for FE analysis. The manual and automatic segmentations
agreed within about one voxel for in-vivo subjects (0.99 +0.23 mm) and cadaver femurs (0.21 + 0.07 mm).
The strains from the FE predictions closely matched with the experimentally measured strains (R? = 0.89).
The method can automatically generate meshes suitable for FE analysis. The method may bring us one

step closer to enable clinical usage of patient-specific FE analyses.

© 2019 IPEM. Published by Elsevier Ltd. All rights reserved.

1. Introduction

Osteoporosis is characterized by reduced bone mineral den-
sity (BMD) and inferior bone quality, thereby leading to an in-
creased bone fracture risk [1,2]. Osteoporosis is typically diagnosed
by measuring BMD of the hip or lumbar spine using dual-energy
X-ray absorptiometry (DXA) [3]. BMD is most commonly used
alone or in combination with epidemiological risk factors to pre-
dict the fracture risk of a patient. However, only less than one third

List of abbreviations: BMD, Bone mineral density; CPM, Cortical profile mod-
elling; DIC, Digital image correlation; DSC, Dice similarity coefficient; DXA, Dual-
energy X-ray absorptiometry; FEM, Finite element modeling; HU, Hounsfield unit.
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of all low-trauma fractures are explained solely by BMD [4]. This is
partly because 3D geometry and internal architecture of the bone
are not fully accounted for in BMD measurements from DXA im-
ages. Subject-specific finite element (FE) models from CT images
can explain at least 20% more of the total strength of the femur [5].
However, CT-based FE analyses usually need manual intervention
from a trained engineer, especially during the image processing
phase [6]. Therefore, prediction of fracture risk based on subject-
specific FE models is not yet applicable in current clinical practice.

Automatic methods to extract the femoral shape from clinical
images have been developed [7-10] with the aim to increase the
automation level of the FE modelling procedure. These solutions
allow to automatically extract the periosteal surface of the femur
with an error in the order of the pixel size. The majority of these
methods rely on a statistical model of shape and density distri-
bution. They require extensive training set to ensure generality in
case of large variability of femoral anatomy as a function of age
[11] and ethnicity [12]. Besides, all these methods can identify the
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periosteal surface of the femur, but do not identify the endocortical
surface, i.e., they cannot calculate the cortical thickness.

Recent studies showed that the cortical bone plays a crucial
role in the fracture resistance of the proximal femur [13,14]. In
addition, cortical and trabecular bone both contribute to proximal
femur failure load [15], whilst deficits in trabecular and cortical
bone density and structure independently contribute to fracture
risk [16]. Therefore, the inclusion of separate contributions of tra-
becular and cortical bone to fracture resistance is one of the key
areas where FE models can perform better than current clinical
methods. However, the cortical thickness in the proximal femur
is typically in the order of the pixel size of clinical CT images.
Thus, extracting the cortical thickness with conventional manual
segmentation is not feasible. Therefore, computational approaches
based on image deblurring [17,18] or Cortical Profile Modelling
(CPM) [19-21] have been proposed. The latter allows to identify
periosteal and endocortical surfaces with sub-voxel accuracy by
correcting the imprecision arising from the bone boundary blur-
ring effect due to the moderate image resolution, known as “par-
tial volume effect”. While recent studies presented how to auto-
mate the CPM technique [22,23], a manual initialization is still
needed.

The aim of the current study is to present a method for au-
tomated segmentation of the proximal femur including generation
of FE meshes that are directly suitable for bone strength analysis.
Specifically, we aim to ensure that the method can:

- Distinguish the periosteal and endocortical surfaces with sub-
pixel accuracy

- Provide isotopological meshes for easy boundary condition def-
inition and creation of statistical models

- Directly generate volume meshes for FE simulations of bone
mechanics.

Finally, we validate the accuracy of the automatic segmentation,
as well as the accuracy of the generated FE models against previ-
ously collected experimental measurements [24].

2. Material and methods

A method to automatically segment proximal femurs from clin-
ical CT images and generate FE models for analysis of femoral me-
chanics was developed. The method pre-processes the images if
needed, separates the femur from the pelvis, obtains the periosteal
and endocortical surfaces of the femur, and warps a FE mesh to
the obtained result (Fig. 1).

The validation was performed both using in-vivo and ex-vivo
dataset, as depicted in Fig. 2. The segmentation accuracy was
evaluated with an in-vivo dataset by comparing the outcome of
the proposed automatic method with conventional semi-automatic
segmentation. The ex-vivo dataset consisted of a set of cadaver
femurs imaged both with clinical CT and pCT. pCT images were
used as gold standard when segmentation accuracy of clinical
CT was evaluated. Lastly, a second ex-vivo dataset comprised
three femurs, for which experimental measurements were avail-
able from a previous study [24]. These were used to evaluate the
actual accuracy of the generated FE models in predicting femoral
strains.

2.1. Material

2.1.1. In-vivo dataset

The hips of 13 female patients (age range 69-78, 74.5+2.7
years) were imaged with a clinical CT system (Philips Precedence
6P, in-plane resolution between 0.7 and 0.8 mm, slice separation
2.0mm, tube voltage 120kV and tube current 100 mAs) [25,26].
Five of the patients had a previous hip fracture on one side, of

which two had intramedullary nails. Right femurs were analyzed,
with the exception that left femurs were analyzed for two subjects
with intramedullary nails on right side. The study was approved
by the local ethics committee (Kuopio University Hospital Ethical
Committee, permission 80/2008).

2.1.2. Ex-vivo dataset

Cadaver proximal femurs from 17 donors were collected (14 fe-
males, age 70 + 17 (range 22-88), 3 males, ages 22, 58 and 58). The
use of cadaveric tissue was approved by the National Authority for
Medicolegal Affairs (TEO, 5783/04/044/07). None of the cadavers
had any pre-existing conditions known to affect bone metabolism.
All the 17 femurs were imaged with Siemens Somatom AS clinical
CT-scanner (pixel size of 0.4-0.5mm, slice separation of 0.6 mm,
tube voltage 120kV, tube current 210 mAs and CIDI,, ~16). The
14 female femurs were additionally imaged with a puCT system
(Nikon XT H 225 scanner, 200 mAs, 100 kVp isotropic voxel size of
0.052-0.060 mm). The 3 male femurs lacked pCT images, as they
had earlier been tested mechanically until failure in stance-loading
configuration, and the deformations at the anterior surface were
recorded and analyzed using digital image correlation technique
(DIC) [24].

2.2. Methods

2.2.1. Pre-processing of the CT images

Based on our experience, CPM [20] performs best with images
which are reconstructed using medium or soft (neutral or low-
pass) kernels. However, the CT images of the 3 male femurs in the
ex-vivo dataset were reconstructed only with hard kernel, while
the original sinograms were no longer available at the time of the
study. Thus, we processed these three images with a Gaussian fil-
ter, which transformed the images reconstructed using a hard ker-
nel into images reconstructed with a soft kernel, i.e., from high-
pass filtered images to low-pass filtered images. We determined
Gaussian filter parameters, i.e., filter size and filter's standard de-
viation based on the other 14 femurs of the ex-vivo dataset, for
which reconstructions using both types of kernels were available.
The parameters were determined using a genetic algorithm, which
minimized the sum of absolute difference between the images
reconstructed with soft kernel and Gaussian filtered hard kernel
images.

Additionally, the three male cadaver femurs in the ex-vivo
dataset have been imaged in air, whereas CPM assumes close-to-
soft tissue Hounsfield unit (HU) values around bone. This was ad-
dressed by setting the minimum HU value to —107, based on the
average HU value of ice (in which the rest of our samples were
imaged) in the other subset of cadaver femurs.

2.2.2. Template surface mesh and template volume mesh

One cadaver femur from another bone set [26] having an
average size and shape, as based on visual evaluation and ge-
ometrical measurements, was chosen as the template femur. A
triangular surface mesh was generated from the periosteal surface
using Stradwin software (version 5.3, University of Cambridge,
UK), which implements CPM [20,21]. Thereafter, Stradwin analysis
captured both the periosteal and endocortical surfaces. The result-
ing periosteal surface and cortical thickness were corrected using
the algorithm described in section 2.2.4. The generated periosteal
and endocortical surfaces and cortical thickness were combined
to form a template surface mesh (27,543 vertices and 55,082
triangle elements). The template tetrahedral volume mesh (25,958
vertices and 138,794 elements resulting in average edge length of
2.18 +£0.51 mm) was obtained based on the template surface mesh
using Abaqus (v6.14, Dassault Systémes, Providence, RI, USA).
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Fig. 1. Flowchart of the presented automatic segmentation and FE model creation from clinical CT images.

2.2.3. Separation of femur from pelvis and surface mesh warping
The first step to process the clinical images was to exclude the
pelvis from the images. This was achieved by first roughly seg-
menting the CT images with multi Otsu’s method [27]. The hip
and femur from desired side was determined from the most infe-
rior CT slice. Objects in the 3D binary image that were not con-
nected to the femur in this slice were excluded. The first axial
slice superior to the femoral neck was then determined by find-
ing the first axial slice, going from distal to proximal, where the
femoral neck is no longer visible and two distinct bony parts (i.e.,
the femoral head and the greater trochanter) were visible in the
axial slice [28]. The center of the femoral head and its radius were

determined from this slice [28]. The hip joint space location and
the surface of the femoral head were determined from 17 radial
intensity curves starting from the center of the head and directed
towards the acetabulum, and towards lateral, inferior and posterior
directions with even distribution. The intensity curves were gener-
ated similarly as done in CPM by using an in-house Matlab code.
Joint space was determined from the derivative of these curves by
finding the local minimum before the highest ascent, which local-
ized the acetabular cortex, and the femoral head surface by find-
ing the highest descent at lateral, inferior and posterior directions.
A sphere was fitted to the points determined from the joint space
and from femoral surface. The objects medially and superiorly from
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Fig. 2. Flowchart of the validation of the automated segmentation pipeline. CT scans of in-vivo subjects were used to directly compare the performance of manual and
automated segmentation within the same clinical datasets. Ex-vivo cadaver femurs were used to compare the results of the automated segmentations from CT with the
manual segmentation from uCT, as well as to validate the strain prediction accuracy against previously collected experimental measurements [24].

this sphere were excluded, which resulted in a CT image that only
included the femur.

The femoral surfaces were then segmented from the CT image,
which was filtered using cubic Gaussian filter having standard de-
viation 1, by applying the multi Otsu’s method. The largest object
(i.e., the femur) was chosen and it was closed with a spherical
mask of 5 voxels, thus filling the bone marrow cavity and other
holes. An initial surface mesh was generated using marching cubes
algorithm.

The template mesh was then registered to the target femur in
a multi-step procedure. First, the template surface mesh was reg-
istered to the initial surface mesh using affine registration [29,30].
Second, the minor trochanter, whose orientation can vary greatly
from subject to subject [31], was aligned to target bone as follows.
The minor trochanter region of the template bone was affinely reg-
istered to the target bone [29,30]. Then, the template bone was
deformed non-linearly using thin-plate splines (TPS) by adjusting
the tip of minor trochanter, while constraining the rest of the bone
with 30 predefined automatically set landmarks [26]. Thirdly, non-
rigid ICP algorithm with 7 iterations [32,33] was used to align
the surface of template bone non-linearly on target bone. Fourthly,
2000 randomly distributed corresponding surface vertex points be-
tween target and template were used to define TPS, which warped
the template surface mesh onto the target bone. This resulted in
the warped template surface mesh.

2.2.4. Segmentation of the periosteal and endocortical surfaces of
femur

The segmentation of periosteal and endocortical bone was per-
formed automatically via the scripting interface of Stradwin. This
process was performed by calling Stradwin in two consecutive it-
erations. The first iteration projected the warped template surface
mesh accurately to the target femur’s periosteum. This was aimed
at accurately detecting bone surface in the acetabular region. The
second iteration performed the actual CPM to detect periosteal and
endodocortical surfaces. Before the second iteration, the surface
normals were adjusted at the diaphysis to point towards the center
of the bone, i.e., to intersect with the femur’s 3D skeleton image
[34], since the endocortical surface mesh may distort at regions
where the diaphysis shape diverges from a cylindrical shape, such
as at the linea aspera (as illustrated in Fig. 4(b) of the work by
Zhang et al. [22]). Periosteal and endocortical surfaces were then
identified. Since CPM results depend on the chosen search length,
Stradwin was run with three different search line lengths: 10, 19

and 22 mm. This reduced the number of cases where the search
resulted in errors. The width of each search line was set to 4 pix-
els (corresponding to ~4 mm).

The resulting output of the three analyses were then post-
processed and re-assembled in Matlab. The analysis outcome from
the search line length of 10 mm was used for the femoral head re-
gion. In the other regions, the estimation of the cortex was consid-
ered successful if the estimated standard deviation of the cortical
thickness was < 10 mm. The two most similar successful analyses
were chosen, and among them the one with the smallest standard
deviation was used. Finally, the code looked for any residual irreg-
ularities in the obtained mesh. These were identified as vertices
where cortical thickness differed over one mm from the neighbor-
ing vertices, and were smoothed by adjusting them to the median
thickness of their neighborhood.

2.2.5. Generation of isotopological volume meshes

The template volume mesh was warped to the shape of the tar-
get bone by using TPS according to the detected periosteal and en-
docortical surfaces meshes. Distorted elements, if any (<100 in all
subjects, as identified by an automatic script that calls Abaqus to
check element quality), were corrected iteratively. The correction
was done for each element by determining the vertex whose dis-
tance to the opposing face was smallest. This vertex was moved
towards opposing face’s negative normal by a distance 1/3 of the
distance between the vertex and its neighboring elements’ vertices.
This was repeated until no element had insufficient quality accord-
ing to Abaqus. The final element quality parameters were calcu-
lated and reported.

2.2.6. Validation

The validation of the method described above was performed
according to the scheme depicted in Fig. 2. The automatic segmen-
tation method was performed on the clinical CT images for both
the in-vivo and the ex-vivo datasets.

Then, for the in-vivo dataset, the automatic segmentation of the
clinical CT images was compared to the segmentation of the same
clinical CT images as performed via conventional semi-automatic
segmentation using Mimics (version 15.1, Materialize, Belgium).
Differences in the periosteal surfaces and cortex thicknesses were
compared by calculating mean absolute surface differences, dice
similarity coefficient (DSC) [35], sensitivity and specificity for seg-
mented whole bone, cortical bone, and trabecular bone regions.

For the ex-vivo dataset, the automatic segmentation of the
clinical CT images for the 14 female femurs was compared to the
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Table 1
Agreement between manually and automatically segmented femoral CT images of clinical subjects. The data presents mean =+ standard deviation of 13 clinical subjects.
Average surface distance (mm) Volume difference (cm?) Dice similarity coefficient Sensitivity Specificity
Whole Femur 0.99+0.23 -16.5+5.8 0.93+0.02 0.88+0.28 0.99+0.01
Trabecular 0.99+0.20 —-89+5.8 0.91+£0.02 0.88+0.04 0.96 +0.04
Table 2

Agreement between automatically segmented clinical CT images and manually segmented puCT images of femoral cadaver samples. The data presents mean + standard

deviation of 14 cadaver femur samples.

Average surface distance (mm) Volume difference (cm?) Dice Similarity coefficient Sensitivity Specificity
Whole Femur 0.21+0.07 -1.68+2.99 0.98 +0.01 0.98 +0.02 0.99+0.01
Trabecular 0.35+0.05 -1.43+1.82 0.97 £0.01 0.97 +0.01 0.98+£0.01

manual segmentation of the corresponding nCT-images. This was
in order to evaluate the level of sub-pixel accuracy achieved by
the proposed automatic segmentation method. The same accuracy
metric as for the in-vivo dataset was used for the comparison.

As for the 3 male femurs in the ex-vivo dataset, finite element
analyses mimicking stance load were automatically formed from
the automatically generated FE models [36]. Briefly, a BMD phan-
tom (Model 3CT, Mindways Inc.) was imaged together with the
bones, which enabled us to convert HU values into BMD values.
BMD values were converted to Young’s modulus using the rela-
tionships proposed by Schileo et al. [37]. We used density-elasticity
relation E(GPa) = 6.850 *péﬁ%(ﬁ) from Morgan et al. [38], and
Poisson’s ratio 0.3. The code to generate the FE analyses, which is
also automatic, adjusted boundary conditions patient-specifically,
i.e,, it adjusted the force magnitude and direction on the femoral
head and the set of constrained nodes on the shaft. The code
also generated input files for Abaqus and launched the Abaqus
solver. These three male femurs were earlier tested experimen-
tally in single-leg-stance loading until failure [24], with simultane-
ous recording of the surface deformations using the DIC technique
with high temporal and spatial resolution. The predicted surface
strains from the FE analyses were thus compared via robust linear
regression analysis to the experimental measurements to evaluate
the accuracy of the automatically generated FE models.

3. Results
3.1. In-vivo dataset

The surface and DSC difference between the automatic and
manual segmentation of clinical CT images for the in-vivo dataset
were 0.99+0.23mm and 0.93 £0.02, respectively (Table 1). The
segmentation was the most accurate at the femoral neck and
trochanteric areas, and less accurate at regions where the femur
overlaps with the acetabulum (Fig. 3).

3.2. Ex-vivo dataset

When automatic segmentation of clinical CT images of the
ex-vivo dataset was compared to manual segmentation of their
corresponding pCT images, the surface difference decreased to
0.21 £0.07 mm, while the DSC agreement increased to 0.97 +0.01
(Table 2). The agreement between segmentation techniques was
equally high at all anatomical locations (Fig. 4).

As for the three male femurs in the ex-vivo dataset, the mesh
quality parameters were adequate, and all elements were within
acceptance limit of Abaqus (Table 3) with only few elements in-
dicating suboptimal element quality. The correlation between the
calculated surface strains and the experimentally measured strains
for the femurs was R2=0.89 for first principal strains in three
bones pooled (Fig. 5). This agreement is compared with agreement

Table 3

Mesh quality parameters calculated in Abaqus for the three automatically generated
FE meshes. Table reports the average, 95% and 99% limits and the worst parameter
value. Abaqus accepts elements within the acceptance limit.

Shape metric Model Acceptance limit in
Abaqus
Bone #1 Bone #2 Bone #3
Shape factor Average 0.66 0.65 0.65 > 0.0001
95% 0.36 0.34 0.35
99% 0.22 0.20 0.20
Worst  0.007 0.006 0.006
Min tetra angle Average 38.0 375 37.8 >5
95% 27.0 26.1 26.6
99% 19.7 19.0 19.3
Worst 7.1 7.7 7.0
Max tetra angle Average 88.8 89.3 89.1 < 170
95% 107.4 108.5 108.1
99% 117.8 119.4 118.8
Worst  158.2 156.1 158.8
Aspect ratio Average 1.7 1.7 1.7 < 10
95% 2.2 2.2 2.2
99% 2.9 3.0 2.9
Worst 6.9 7.0 6.9

between the manual FE model from our previous study [36] and
the experiment (Table 4). Anatomical locations of the strains loci
agreed well between simulations and experiments both in tensile
and compressive regions (Figs. 6 and 7).

4. Discussion

We developed an automated pipeline to segment cortical and
trabecular bone from in-vivo clinical CT images of the human fe-
mur, and to generate FE models for simulation of femur mechanics.
The automated segmentations agreed well with manual segmen-
tations on the in-vivo dataset (DSC=0.93), especially in regions
which are of highest interest for analysis of fracture mechanics,
i.e.,, femoral neck and trochanter regions (Fig. 3). The segmenta-
tion accuracy was lower in the region of the acetabulum, since the
narrow joint space between the femur and the pelvis was partly
blurred due to the resolution of clinical CT images. This problem
seems to be common to most segmentation methods [8,9,22]. Yet,
the segmentation accuracy was sufficient for FE model generation
also in that region and did not in any case affect the ability of the
models to accurately predict the mechanical behaviour of bone, as
indicated by the validation against experimentally measured prin-
cipal strains. It has been proposed that most of the load is trans-
ferred through the centre of the femoral head [39,40], which may
explain why the lower segmentation accuracy did not significantly
affect our results. Besides, the most fracture-prone regions are lo-
cated at the femoral neck, which was segmented with high accu-
racy (Fig. 3).
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glr);;;ison of the strain prediction accuracy obtained using manually derived FE models [36] and using the automatically generated FE models proposed in this study.
Experimental data vs manually derived FE models (all data is from [36]) Experimental data vs new automatically derived FE models
R? slope intercept (pe) NRMSE (%) R? slope intercept (pe) NRMSE (%)
Bone 1 0.92 0.92 144 10 0.87 0.91 174 9
Bone 2 0.94 0.97 174 11 0.89 0.93 90

7
Bone 3 0.95 1.01 79 11 0.90 1.06 86 7
Pooled 3 bones 0.94 0.96 133 9 0.89 0.96 121 6
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collected from our previous study [24].
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Fig. 7. Third principal strain fields under a load four times the body weight for FE simulation and experimentally measured strains (N=3). The experimental results are

collected from our previous study [24].

When the same automated segmentation pipeline was tested
with cadaver femurs and compared to manual segmentation of
1CT images, the DSC agreement between segmentations increased
to 0.98. This indicates that the most significant error sources in
segmentation of in-vivo CT images are the hip joint region, and if
present in the image and in the used method, moderate image res-
olution and manual segmentation process.

Specificity was higher than sensitivity (0.99vs. 0.88) for the in-
vivo dataset. This suggests that manually segmented clinical CT
images are enlarged compared to automatically segmented im-
ages, most likely since conventional manual segmentation lacks
correction of partial volume artefacts. This speculation is corrob-
orated by the fact that the specificity was as high as the sensitiv-
ity (0.98vs. 0.99) when the automatic segmentation of clinical CT
images was compared to pCT-based segmentation. Thus, the pro-
posed automatic segmentation method can reach a sub-pixel accu-
racy in femoral shape extraction, both for the periosteal and the
endocortical surface. Previous studies showed that the adopted de-
blurring technique is robust against changes in imaging parameters
[20]. Besides, the present study tested the automatic segmentation
algorithm on two datasets (in-vivo and ex-vivo) which were ac-
quired using different CT scanners and with different scanning pa-
rameters, thus corroborating the robustness of the method against
changes in imaging parameters.

The ability to distinguish between cortical and trabecular bone
is advantageous, since it allows to independently model the me-
chanical behavior of the two components during FE simulations. It
has been shown that both cortical and trabecular bone significantly
contribute to the failure load of the proximal femur [13,15,41]. In
addition, deficits in trabecular and cortical bone density and struc-
ture independently contribute to fracture risk [16]. A number of
studies have already been presented where the cortical and tra-
becular bone are modelled as separate compartments [42-44]. By
providing an automatic identification of these compartments, the
proposed method allows to perform this kind of analysis in an au-
tomatic fashion.

The automatically generated FE models predicted femoral
strains with high correlation (R?=0.89, NRMSE=6%), although
slightly lower than that obtained by manually generated mod-
els (R? =0.94, NRMSE = 9% [36]) (Table 4). This result may appear
counterintuitive, since the automatic segmentation replicated the

real femoral anatomy more closely than the manual segmenta-
tion. However, the relationship used in the FE analyses to convert
bone density to elastic modulus was nonlinear [36] and obtained
for trabecular bone only at the femoral neck region [38]. Such
relationship has proven to be successful in traditional subject-
specific FE models from clinical CT images [36,45], where par-
tial volume effects were not addressed during model creation. It
is likely that these new, more accurate geometrical models with
cortical-trabecular separation would benefit from having dedicated
density-elasticity relationships where CPM correction in FE models
is accounted for. However, we chose to retain the same density-
elasticity relationship for the models as in the previous study,
as this study focuses on presenting an automated segmentation
algorithm and automated FE modelling pipeline. The effects of
choosing different density-elasticity relationships for FE models for
different models and boundary conditions have been previously
treated in literature [46,47], and finding the optimal one for these
FE models remains as a scope for future studies.

The proposed method extracted the periosteal surface of the fe-
murs with an accuracy comparable to previously published studies
[7-10]. Thus, the single template morphing followed by surface ex-
traction with the CPM algorithm was able to successfully capture
the anatomical variability within our subjects of elderly females.
Both in our current approach and in previous studies using sta-
tistical approaches [7-10], the femoral joint region has the lowest
accuracy and the remaining parts of the femur show an accuracy
of about half a voxel [48].

The proposed methodology is the first that allows to take a
clinical CT scan and automatically perform all the steps required
to obtain a FE model with the separation of cortical and trabec-
ular bone, mapping of the material properties and isotopologi-
cal meshes. The isotopology also means that it is suitable to cre-
ate statistical models of variations, which further enables to iden-
tify boundary conditions at similar anatomical locations, including
muscle contact forces. To the authors’ best knowledge, only one
study proposed a similar automatic pipeline including all these fea-
tures [22]; however, that study validated the method only using
ex-vivo images from cadavers, and no validation of the strain ac-
curacy of the generated FE models was provided. The presented
method was extensively validated in all its steps. The accuracy of
the obtained femoral shape, both periosteal and endocortical, has
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been validated first against semi-automatic segmentation of the
same in-vivo clinical CT images. Second, the ability of reaching sub-
pixel resolution was verified using the ex-vivo CT images, against
pCT images. Finally, the ability of the FE models to effectively and
accurately predict the mechanical behavior of bone was assessed
by comparing the model predictions to an extensive set of experi-
mental strain measurement collected using DIC [24].

The main limitation with this study is that a relatively low
number (N=13) of in-vivo clinical CT images was available. While
the authors are open to anyone who wants to try the presented
method on their set of clinical images, it has to be said that the
CT images we collected for this study represented a quite chal-
lenging benchmark for the algorithm. This is due to our subjects
being elder female with shown osteoporosis (several of them had
a fractured contralateral femur), decreasing bone appearance, rel-
atively low radiation dose (i.e., reduced signal-to-noise ratio) and
relatively thick slices (2 mm), which results in blurring (especially
at joint space). As a second limitation, the strain prediction accu-
racy achieved with the proposed automated segmentation and FE
generation pipeline was slightly lower than the accuracy obtained
by manually generated FE models on the same validation dataset
(Table 4). We believe, however, that this aspect is greatly compen-
sated by the benefit of the complete automation of the process.

In conclusion, the presented fully automatic segmentation
method was able to segment proximal femurs from clinical low-
dose CT images and generate finite element models for mechani-
cal analysis. These FE models agreed with experimental measure-
ments, showing similar accuracy as the current state-of-the-art FE
models generated from a labor-intensive manual procedure. In a
real clinical scenario, the method has potential for use in fracture
risk prediction from hip CT images.
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