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A B S T R A C T

Background and objective: Assessing joint-level loading conditions in vivo is challenging due to invasive mea
surement or complex computation. Inverse bone remodeling (IBR) offers a different approach by recovering the 
loading conditions directly from computed tomography (CT) images of the bone microstructure by finding the 
magnitudes to a set of load cases that load the bone optimally, i.e., maximally homogeneously. An efficient IBR 
method was recently proposed based on homogenized finite element (hFE) models. This study compared the hip 
joint load predictions of hFE-based IBR with clinically feasible CT scans to those obtained with the current gold 
standard, micro-FE-based IBR.
Methods: A set of 20 proximal femora was scanned ex vivo, both with a clinical quantitative CT (QCT) scanner 
(0.3 mm resolution) and an Xtreme CT II (XCT2) scanner (0.03 mm resolution). Finite element (FE) models with 
decreasing complexity were automatically created from those images. Micro-FE (µFE) models based on XCT2 
images served as a baseline. hFE models based on the QCT images were created as clinically feasible models. 
Further intermediate models were created to trace sources of errors. IBR was applied to predict the optimal 
scaling factors of twelve unit load cases distributed over the femoral head.
Results: The predicted loads of the newly developed workflow for QCT images within IBR followed a trend seen 
previously with hFE models created from high-resolution images, such as XCT2. The peak load magnitudes of µFE 
and hFE-based IBR were well correlated (R²=76.8 %), and the overall distribution of the loads was similar. 
However, an additional peak load calibration was required to obtain quantitative agreement (CCC=82.8 %).
Conclusions: A thorough comparison of µFE-based IBR and hFE-based IBR using QCT data was performed for the 
first time. A clinically feasible workflow, including a peak calibration, is presented, allowing for fast prediction of 
physiological peak hip joint loads.

1. Introduction

Knowing the physiological in vivo loading conditions at the joint level 
is crucial for many clinical questions. Safety factors for specific activities 
can be calculated if the physiological peak loads are known [1,2]. Dis
ease onset [3] or progression [4] can be predicted if changes in the 
physiological loads can be measured. Knowing the physiological loading 
conditions also helps develop patient-specific implants [5]. Although the 
loading conditions give valuable information on a patient-specific level, 

the actual measurement of such loadings is invasive and, thus, is typi
cally not performed in healthy individuals [6]. Consequently, other in
direct methods must be used to estimate the loading conditions in vivo. A 
large variety of such methods exists for that purpose. For example, a 
commonly used method is musculoskeletal modeling, which requires 
detailed information about the bones and surrounding soft tissue, such 
as the attaching muscles. Patient-specific models are desirable, but 
obtaining the individualized information to construct them is chal
lenging [7–9]. Therefore, models based on templates or databases in 
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combination with patient data that are easily accessible are used instead 
[10].

Another approach that can be applied individually and circumvents 
the hard-to-obtain information is focusing solely on the bones and their 
internal microstructure. Bones constantly adapt and respond to external 
mechanical stimuli to distribute these loads optimally throughout the 
structure [11]. Consequently, the load leaves an imprint in the micro
structure after prolonged and repeated external loadings due to bone 
(re)modeling [12]. This information can be interpreted using inverse 
bone remodeling (IBR). Briefly, in IBR, it is assumed that during regular 
daily activity, i.e., the activity patterns are similar over a prolonged 
time, the external loads acting on the bone result in a homogeneous 
cumulative daily stimulus at the micro level, as the bone is in homeo
stasis, i.e., no functional adaptation occurs. The daily stimulus is dis
cretized into several load cases, which are applied with a unit force one 
after the other to a finite-element (FE) model of the bone to reconstruct 
the loading conditions from the bone microstructure. These unit loads 
are subsequently scaled by IBR using an optimization function. The 
magnitude of the load cases is then found by the optimization function, 
which scales the unit load cases to obtain a maximally homogeneous 
stimulus distribution. Several variations of the method have been 
developed over the past years regarding the FE model type and the 
optimization function. The FE model type ranged from 2D homogenized 
FE (hFE) models [13,14], over micro-FE (µFE) [15–17], to 3D hFE 
models [18–20]. The target stimulus in the optimization function is 
typically based on strain energy density (SED) or derived quantities such 
as effective strain.

This pool of existing methods allows one to choose a tailored 
approach for different questions. For example, if high-resolution CT data 
is available, one might use a µFE-based approach to get the best pre
diction. However, for clinical studies, such high-resolution images are 
rarely available. Thus, hFE-based approaches have to be used. As 
recently shown, such models offer comparable results with the addi
tional benefit of extremely fast predictions compared to µFE models [18,
19]. Even though the hFE workflow can be performed on clinical CT 
images [21–23], hFE-based IBR has so far only been tested using 
high-resolution images (<100 µm voxel size) rather than clinical CT 
images [18,19]. The usage of clinical CT images adds the following 
impediments over high-resolution CT images: (1) bone volume fraction 
(BV/TV) is not directly available, and only bone mineral density (BMD) 
can reliably be measured using a quantitative CT (QCT) scanner, where 
an additional calibration phantom in the scan is used to reconstruct the 
BMD from the Hounsfield-units. (2) the image resolution is coarser than 
previously used for IBR, typically in the range of a few hundred mi
crometers up to millimeters rather than tens of micrometers. (3) 
Consequently, the cortical bone is not represented by a sharp boundary 

in the image, and separating the cortical volume is more complicated.
Thus, the aim of this study was twofold: (1) to establish a workflow 

for IBR predictions based on clinically feasible QCT data of human 
proximal femora and (2) to use this workflow and compare the predicted 
hFE-based hip joint loads to the current gold standard, which is µFE- 
based IBR on high-resolution CT data, and in vivo peak hip joint loads 
measured with instrumented prostheses. Additional “intermediate” 
models with step-wise decreased levels of detail were created and 
compared to trace the error introduced by the models built upon QCT 
scans.

2. Methods

The overall workflow is shown in Fig. 1. The individual steps are 
described in detail below.

2.1. Image acquisition and processing

A set of 20 images of fresh frozen, cadaveric human proximal femora 
was acquired from a previous study [24], for which both QCT and 
high-resolution scans were available. All subjects had given consent for 
the scientific use of their bodies. Samples were collected for a previous 
study [24] at the anatomy institute of the Lübeck University in accor
dance with the German law (“Gesetz über das Leichen-, Bestattungs- und 
Friedhofswesen des Landes Schleswig-Holstein - Abschnitt II, §9 (Lei
chenöffnung, anatomisch)” from 04.02.2005). No additional scans or 
experiments were conducted on the specimens for this study. Detailed 
information on the samples (sex, age, side) is given in the supplemental 
material. Soft tissues were removed before scanning. For details on the 
sample preparation protocol, refer to Iori et al. [24] and Dall’Ara et al. 
[25].

The proximal femora were scanned ex vivo with a clinical QCT 
scanner (Siemens Somatom 64, Siemens AG Erlangen, Germany) using 
120 kVp, 360 mAs, and a voxel size of 0.293 mm × 0.293 mm × 0.304 
mm, using an established protocol [26–28], also possible in vivo [29]. A 
calibration phantom was included in each scan (QRM Model 3 CT 
Calibration Phantom #2337, QRM GmbH, Möhrendorf, Germany).

High-resolution scans were performed using an XtremeCT II (Scanco 
Medical AG, Brüttisellen, Switzerland), hereafter named XCT2, using 68 
kVp, 1470 μA, and 200 ms integration time with a voxel size of 0.03 mm 
× 0.03 mm × 0.03 mm.

All XCT2 images were resampled to a voxel size of 0.09 mm × 0.09 
mm × 0.09 mm to reduce noise in the images [16] and the computa
tional costs of µFE without compromising the results of IBR [30]. All 
images were aligned to the “implant coordinate system” of the Ortho
Load data (refer to Fig. 1 in Bergmann et al. [6]) to allow subsequent 

Fig. 1. Graphical overview of the study. Image processing workflow from CT image to FE model for XCT2 and QCT images. Additional intermediate models were 
created from the high-resolution images. Finally, inverse bone remodeling (IBR) is applied to the models to get scaling factors for a set of unit load cases.
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comparisons and were cut at the shaft to uniform length. The cut-off 
length was specified to be 3Rhead + 60mm, measured from the most 
superior part of the head (Fig. 2). The images were segmented using an 
individual threshold, calculated by asserting the same bone volume 
fraction (BV/TV) in the head region as for 0.06 mm images used in 
previous studies [16,19]. Labeled masks, separating the trabecular, 
cortical bone volume, and the background, were created as in a previous 
study [19].

The QCT images were rigidly registered to the aligned XCT2 images 
using “negative normalized cross-correlation” as a metric using Sim
pleITK 2.3.1 [31]. This ensured the same size and position as the XCT2 
images. All QCT images were then individually calibrated from Houns
field units (HU) for bone mineral density (BMD) using the calibration 
phantoms included in the scans using the protocol described by Dall’Ara 
et al. [32]. The images were resampled to an isotropic voxel size of 0.3 
mm using linear interpolation for easier processing. Masks separating 
the bone volume from the background were created for the QCT images 
using the “fill” method [33].

2.2. Finite element modeling

As a baseline, µFE models were created in a direct voxel-to-element 
conversion [16,19], where each voxel is transformed into a 1st-order 
hexahedral element. A voxelized cartilage layer was added around the 
femoral head to aid the load transfer on the voxelized surface [16,19]. 
The dimensions of the cartilage layer were determined by the head size 
and are shown in Fig. 2.

Homogenized finite element (hFE) models were created from QCT 
data using a custom CGAL 5.5.1 [34] based mesh generator using 
2nd-order tetrahedral elements. The characteristic mesh size was set to 3 
mm, matching the size of elements used in a previous study but with a 
different mesh generator [19]. A cartilage layer was added using a 
custom gmsh [35] script [19], using 2nd-order tetrahedral elements with 
an upper limit of 1 mm element size. The surfaces of the bone and the 
cartilage layer were connected via a surface-to-surface tie constraint.

Boundary conditions were applied as described in previous studies 
[16,19]. Nodes at the cut surface at the distal part of the shaft were 
constrained in all three degrees of freedom. Unit load cases were applied 
in a circular area of 40 ◦ on the cartilage layer [16,19]. Nodal forces 
were applied in the case of µFE, while a distributed surface pressure with 
the same effective force magnitude was used in the case of hFE models 
[19].

Models with different levels of detail and meshing strategy 

(“intermediate models”) were created additionally to the µFE and hFE 
models described above. These intermediate models were used to 
determine sources of errors due to different hFE material modeling and 
mesh generation strategies. Furthermore, they allowed for the compar
ison of the results to previous studies.

Two models using a separate cortical volume were created, as 
described in a previous study [19]. However, large models, including the 
shaft, were created instead of using only the head region. These models 
use 2nd-order tetrahedral elements for the trabecular volume and 
2nd-order wedge elements for the cortical volume. Both models used the 
same mesh but two different material models for the trabecular volume, 
namely an inhomogeneous orthotropic material (hereafter named “hFE 
XCT2 ORTHO”) and an inhomogeneous isotropic material (hereafter 
named “hFE XCT2 INHOM”). An inhomogeneous isotropic material was 
used for the cortical volume in both cases. Material properties were 
assigned as in a previous study [19]. A third hFE model (hereafter 
named “hFE XCT2”) was created using a similar workflow as with the 
QCT images, i.e., without a separate cortical volume. However, the 
inhomogeneous isotropic material was assigned using BV/TV calculated 
directly from the XCT2 images.

2.3. BV/TV calibration

For the material mapping of the finite element models and hFE-based 
IBR in general, the bone volume fraction (BV/TV) ρ is required. BV/TV 
can be calculated using voxel counting for the segmented XCT2 images, 
but the calculation is not straightforward for the BMD-calibrated QCT 
images. Several calibration models are available in the literature to 
calculate ρ from BMD, for example, using a linear relationship [32] or 
higher-degree polynomials [36]. To ensure direct comparability be
tween XCT2 and QCT images, a BMD-BV/TV relationship was fitted on 
the pooled BMD and BV/TV values of all elements of the hFE QCT and 
hFE XCT2 models using polynomials [36]. The BMD value from QCT and 
BV/TV value from XCT2 images were mapped onto the same mesh for 
each bone using a background grid method [37], the same method for 
material mapping later on. In both cases, the VOI diameter was set to 
DVOI = 3.5 mm, and the grid distance to δgrid = 1.6 mm. Then, the value 
for each mesh-element was collected for each bone and polynomial 
functions with increasing degree were fitted on the full dataset. The 
constant in each function was enforced to be zero to ensure zero BV/TV 
for zero BMD. The residuals were calculated and F-tests were used to 
compare the variances of the residuals to the ones of the previous fit 
[36]. The model with the highest degree was used, where still a signif
icant change (p < 0.05) to the previous polynomial function was 
observed.

2.4. Material law

All material properties are summarized in Table 1. The µFE models 
used a homogeneous isotropic material for bone with E = 12,000MPa 
and a Poisson’s ratio ν = 0.3 [18,19,38]. The hFE models created from 
QCT images used an inhomogeneous isotropic material for bone using a 

Fig. 2. (A) Cut-off length of the femur and size of the ROI used in IBR and (B) 
construction of the cartilage layer.

Table 1 
Material properties for all used FE models. tb: Trabecular volume. ctx: Cortical 
volume.

Model E0 

(MPa)
ν0 

(-)
G0 

(MPa)
k 
(-)

l 
(-)

δgrid 

(mm)
DVOI 

(mm)

µFE XCT2 12,000↱ 0.3 - - - - -
hFE ORTHO - tb 13,758↱ 0.22 4136 2.01 1.2 2.5 5.0
hFE ORTHO - ctx 12,000↱ 0.3 - 2.0 - 2.5 5.0
hFE INHOM - tb 10,905↱ 0.2526 - 2.0 - 2.5 5.0
hFE INHOM - ctx 12,000↱ 0.3 - 2.0 - 2.5 5.0
hFE XCT2 10,905↱ 0.2526 - 2.0 - 1.6 3.5
hFE QCT 10,905↱ 0.2526 - 2.0 - 1.6 3.5
Cartilage 10↱ 0.3 - - - - -
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density-dependent power law for the elastic modulus: E = E0ρk. Material 
properties were taken from literature and matched the homogenous 
material for the µFE models [39]. The material parameters were E0 = 10, 
905MPa, ν = 0.2526, k = 2.0. The material was mapped using a back
ground grid [37] with distance δgrid = 1.6 mm and a spherical VOI with 
diameter of DVOI = 3.5 mm. The VOI size was smaller than previously 
used (DVOI = 5 mm and δgrid = 2.5 mm) as a smaller VOI results in a 
sharper gradient of the density [40,41]. A smaller VOI can be applied if 
no orientation, i.e., anisotropy, is used in the material model, as long as 
the continuum assumption applies [42], and the voxel size is smaller 
than the VOI size. The bone material and mapping parameters of the 
intermediate hFE models (hFE ORTHO, hFE INHOM, and hFE XCT2) 
were consistent with a previous study [19]. Briefly, hFE ORTHO uses a 
Zysset-Curnier-type inhomogeneous, orthotropic material [43] for 
trabecular bone with E0 = 13,758MPa, G0 = 4136MPa, ν0 = 0.22, k =
2.01, l = 1.2 and a power-law-type inhomogeneous material for cortical 
bone with E0 = 12,000MPa, ν = 0.3, k = 2.0. hFE INHOM and hFE XCT2 
use the same material properties for trabecular bone as hFE QCT. The 
cortical bone model for hFE INHOM was the same as for hFE ORTHO.

The cartilage layer was assigned a homogeneous isotropic linear 
elastic material with E = 10MPa and ν = 0.3 for both µFE and hFE 
analysis [16,19], as the µFE solver ParOSol only supports a single 
Poisson’s ratio for the whole mesh [44]. Thus, this simplified cartilage 
material was kept in the homogenized models for comparability.

2.5. Inverse bone remodelling

Details on the inverse bone remodeling (IBR) method can be found in 
Christen et al. [15] for a pure µFE approach and Bachmann et al. [18] for 
an adaptation to homogenized FE models. In brief, the cumulative daily 
mechanical stimulus acting on the bone is discretized into a set of unit 
load cases, Li (Fig. 3), acting for an equal amount of time. The magnitude 
of these discretized loads can be found by applying each unit load case 
subsequently to an FE model of a bone. The strain energy density (SED) 
Uj,i for each element or integration point j is collected for each of the load 
cases i and used in an optimization procedure to find scaling factors αi 
for the load cases that load the bone in an optimal (i.e., homogeneous) 
way, according to remodelling theory. A tissue target stimulus Ũ0 is used 
to define the target value in the optimization function. In a recent 
adaptation of IBR for hFE, an additional density exponent d is used to 
relate the SED at the continuum level to an equivalent SED at the 
micro-level using the BV/TV ρj of each element [18]. Rather than using 
the load scaling factors αi in the optimization function directly, they are 

replaced by a scaling factor for the SED si = α2
i Ni/Ntot instead. Each unit 

load case is applied Ni times per day (load cycles) and Ntot is the total 
number of load cycles for all unit load cases. Here, Ni is set to 1, as it is 
assumed that all unit load cases act an equal amount per day [45], and 
thus Ntot = NLC, the total number of unit load cases. The applied opti
mization function can then be written as the minimization of the re
sidual function r(si): 

min
si∈R+

0

r(si) =
∑NIP

j=1

(

Ũ0 ρd
j −

∑NLC

i=1
si Uj,i

)2

Vj (1) 

where NIP is the total number of integration points and Vj is the volume 
of each integration point.

A total of NLC = 12unit load cases were used to discretize the daily 
stimulus: Four unit load cases in the frontal plane, as described in the 
literature [16,19], and additional four unit load cases anteriorly and 
posteriorly were applied onto each bone. The unit load cases were 
modeled using a 40 ◦ cone, with the tip at the center of the head and a 
resultant force magnitude of Funit = 1kN [16,19]. The optimization was 
then performed using all twelve load cases, and the predicted force 
magnitude of each load case was computed as Fi = αiFunit. Fig. 3 shows 
the applied load cases in a 2D projection and the local coordinate system 
at the proximal femur, which matches the “implant coordinate system” 
from Bergman et al. [6].

The IBR optimization function for homogenized FE models was used 
[18]. The density exponent was set to d = 1.297, according to a previous 
parameter identification [19]. The target stimulus was set to Ũ0 = 0.02 
MPa as reported in literature [15,16,18,19]. Only the elements inside a 
sphere of radius 1.3Rhead around the femoral head center were used for 
the optimization [19].

2.6. Calibration of peak loads

Previous studies showed that hFE-based IBR can capture the overall 
distribution of load cases, but the predicted magnitudes may differ in 
comparison to µFE-based IBR [18,19]. An additional calibration to a 
known load can ensure comparable magnitudes of the predicted loads 
without affecting the load distribution. Such a calibration law has to be 
established only once per model type (i.e., µFE XCT2 or hFE QCT), 
ideally using a representative cohort of samples. Afterwards, it can be 
applied to new individuals without further ado, if the same model type is 
used.

In addition to the unmodified IBR prediction, the predicted load 

Fig. 3. Definition of coordinate system and unit load cases. (A) Alignment of the bone and 3D overview of the load cases. The superior-inferior axis is parallel to the 
shaft axis. The medial-lateral axis is parallel to the neck axis. The unit loads are added in spherical regions of 40 ◦ diameter onto the sphere. (B) Projection of the 
spherical coordinate system into a 2D polar plot, including the load case numbers L1 to L12.
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cases were scaled by an adjustment factor κp that is specific to each 
model variant. It is found by relating the average predicted peak load of 
all samples to a known load of level p. For this study, a reference level 
κ2700 (i.e., p = 2.7kN) was used, as it resembles approximately the 
average patient-specific peak hip joint force for the “daily activities” 
(walking, stairs up, stairs down, stand up, sit down, and stance) [16] 
measured with the OrthoLoad hip-implant system [6].

For each of the tested FE methods, the peak forces are gathered from 
all n models, and the adjustment factors are calculated for each method 
using ordinary least squares as 

κp = p
∑n

i=1Fpeak,i
∑n

i=1F2
peak,i

(2) 

Afterward, the resulting vector of scaling factors predicted by IBR is 
multiplied by the method-specific adjustment factor to get the calibrated 
scaling factors α̂i = κpαi and consequently F̂ i = α̂i Funit.

2.7. Software and hardware

Image processing was performed in medtool 4.7 (Dr. Pahr Ingenieurs 
e.U., Pfaffstätten, Austria, http://www.medtool.at) and SimpleITK 2.3.1 
[31]. All µFE models were solved with ParOSol [44], and the homoge
nized models were solved with ABAQUS V6R2024 (Dassault Systèmes, 
Vélizy-Villacoublay, France). Pre- and post-processing was done using 
Python 3.9.7 (Python Software Foundation, https://www.python.org). 
The inverse bone remodeling algorithm was implemented using scipy 
1.10.0 [46].

All homogenized models were solved on a dual AMD EPYC 7763 
server, using 4 CPU cores. The µFE models were solved on a cluster of 
servers with different hardware configurations, ranging from 52 to 66 
CPUs in parallel.

3. Results

3.1. BMD to BV/TV relation

A total of 588,885 elements from the 20 samples were used to fit the 
polynomial function for BMD and BV/TV. The lowest degree polynomial 
after which no significant decrease in the variance of the residuals was 
observed was of degree 6: 

ρ(x) = 1.6 × 10− 3x + 9.9 × 10− 7x2 − 9.3 × 10− 9x3

+ 1.7 × 10− 11x4 − 1.2 × 10− 14x5 + 3.2 × 10− 18x6 (3) 

With x being the BMD of the QCT image. The BV/TV was clipped to the 
interval [0, 1] after the calculation from BMD. Fig. 4 shows the fitted 
polynomial, including the clipping for higher values than 1 or lower 
than 0.

3.2. FE model runtimes

The µFE models contained between 66,945,796 and 115,910,667 
elements (mean 91,121,390), and the hFE models contained between 
66,273 and 107,733 elements (mean 85,023), both including the carti
lage layer. The number of nodes varied between 88,235,799 and 
150,322,570 (mean 117,322,878) for µFE and 118,118 and 184,596 
(mean 147,105) for hFE.

The mean runtime (wall clock) for the hFE models was 54.9 s 
(standard deviation 9.4 s) using 4 CPUs. The µFE models were solved on 
different servers with different hardware configurations. Thus, no 
standardized runtime can be given. The average runtime (wall clock) 
was 40 h (standard deviation 23.8 h).

3.3. Intermediate model results

The resulting scaled loads (without calibration for peak load) for the 
µFE XCT2 and hFE QCT models and additional intermediate models are 
shown in Fig. 5. A detailed plot containing all individual samples is 
given in the supplemental material. Different patterns can be observed 
for the hFE models. Most prominent is the overall decrease for F2 and 
F10, which follows almost a monotonic trend from µFE XCT2 towards 
hFE QCT. Conversely, F3 and F8 gets larger for all hFE models compared 
to µFE, but decreases until reaching almost the same value as µFE with 
the hFE QCT model. Similarly, F1,F6, F9, and F12 are lower for the hFE 
models and increase in hFE QCT to almost the same level as in µFE XCT2. 
The other load cases do not show a distinct pattern (F4) or are close to 
zero (F5,F7, F11). All samples show a similar pattern with only a few 
outliers (plot in supplemental material).

3.4. Predicted hip joint loads

The resulting peak-calibration factors κ2700 for a reference peak load 
of 2.7kN were 0.514 and 0.685 for µFE XCT2 and hFE QCT, respectively. 
Fig. 6 shows the predicted load cases for the frontal plane as a subset of 
all load cases before and after peak calibration. The peak load was 
predicted as F2 and F̂2 in all models. The pattern of load cases after the 
peak calibration shows that F̂2 and F̂4 are similar but F̂3 is over
estimated and F̂1 is underestimated in hFE QCT.

The distribution of scaled loads as a projection from the sphere is 
shown in Fig. 7 and the numerical values are given in Table 2. In general, 
there was a tendency for load cases to be smaller in hFE than in µFE, with 
the exception of F̂3, which is on average 36 % larger in hFE. Next to the 
peak F̂2, two load cases (F̂9 and F̂10) scaled highest on the anterior side, 
as well as one load case (F̂6) on the posterior side and one in the frontal 
plane (F̂3). All other load cases were scaled below 1kN, with mean 
values less than 0.5kN. The absolute difference between µFE XCT and 
hFE QCT was, on average, 0.1kN. The largest differences were found for 
F̂1, F̂3, F̂10, and F̂12 with absolute differences of up to 0.31kN.

Correlation plots of µFE XCT2 and hFE QCT are shown in Fig. 8, and 
the coefficient of correlation (R²) and concordance correlation coeffi
cient (CCC) are given in Table 2. The highest correlations were found for 
the peak loads. Low correlation was found for load cases farthest away 
from the peak, as these were often zero in µFE XCT2 but have a small 
non-zero value in hFE QCT.

4. Discussion

The aim of this study was to compare predictions of inverse bone 
remodeling based on clinically feasible QCT images with the current 
gold-standard, µFE-based IBR using high-resolution CT images. The 
study provides evidence that QCT images with a ten times lower reso
lution than XCT2 can be used to predict peak hip joint loading using a 
slightly modified IBR workflow, which takes into account the specifics of 

Fig. 4. Plot of polynomial fit over the gathered data and comparison to linear 
calibration law given by Dall’Ara et al. [32]. Only a subsample of 10 % of all 
points is shown to highlight the overall distribution.
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QCT images. The overall distribution of predicted load cases was similar 
between XCT2 and QCT-based IBR. However, the magnitude of the 
prediction of QCT-based IBR was lower on average than those of µFE- 
based IBR, and the µFE-based IBR prediction was higher than the 
measured in vivo peak forces during daily activities measured with 
instrumented prostheses. Calibrating the models for the peak load, based 
on measured in vivo peak forces, resulted in a good qualitative agree
ment in the overall distribution of the loads and a high correlation of the 
peak loads between µFE and hFE-based IBR.

The new workflow for using QCT images within IBR required only 
minor modifications compared to the previously developed workflow 
for high resolution CT images. The main differences were the required 
BMD to BV/TV calibration and optional minor adjustments in the ma
terial mapping. The change in predicted loads followed a trend already 
observed with hFE-based IBR, i.e., lower predicted loads on average 
than with µFE-based IBR [19]. As previously suggested, it is possible to 
scale the predicted loads to a desired range [18]. Such a scaling was 
considered necessary for this dataset, as the hFE-based predicted peak 
loads deviated largely. It should be noted that this scaling, or peak 
calibration, does not affect the distribution of loads as all loads are scales 
with a constant factor.

A high correlation was found for the peak loads. However, load cases 
with lower predicted magnitudes showed only low correlations and a 
trend to be higher in hFE models than in µFE. Conversely, a general trend 
towards lower peak loads can be observed for all hFE model types 
(Fig. 5).

This behavior can partially be explained by a lower overall stiffness 
of the hFE models. This hypothesis was tested by additional evaluation 
of the displacement of the femoral head center for the different models. 
All hFE models showed a larger displacement than observed in µFE 
models, i.e., a softer model response, for all twelve load cases. 
Conversely, a higher stiffness of hFE QCT models compared to µFE was 
reported earlier [47]. However, these models used different material 
mapping and homogenized voxel-FE models instead of smooth meshes. 
The here applied material mapping has a smoothing effect on the elastic 
properties in the lower-resolution images, as the material properties are 
averaged over larger volumes during the material mapping. This 

behavior was also observed in a previous study [18]. Thus, regions with 
a locally low density in µFE may be assigned a slightly higher density in 
hFE. Hence, load cases applied in those regions can propagate loads into 
larger volumes of the hFE models, an effect that causes hFE-based IBR to 
increase the scaling factors for these loads.

Another explanation for this softer model response may be the 
increased volume of the hFE QCT meshes compared to hFE XCT2. The 
resulting mesh volume increased slightly as the cortical boundary is no 
longer depicted by a sharp edge in QCT images. Thus, the measured BV/ 
TV in the cortical shell is lower, and the calculated Young’s modulus 
decreases. Several methods were developed to circumvent these issues 
and may be applied in the future. For example, the cortical shell can be 
found by modeling the density profile of the CT image [48] or by 
increasing the stiffness of the cortical elements by using a “tissue func
tion” [32,40].

The additional anterior and posterior load cases allowed for a better 
spatial prediction of the in vivo load, compared to previous studies where 
only loads in the frontal plane were used [16,19]. For example, the peak 
force during walking measured by OrthoLoad [6] is tilted by approxi
mately 11 ◦ anteriorly in the sagittal plane and approximately 33 ◦

anteriorly in the transverse plane. Likewise, IBR predicts an anterior 
loading in a plausible location (i.e., F̂9 and F̂10) and a band of high load 
cases can be observed in the posterior-anterior direction (F̂6, F̂2, F̂3, F̂9, 
F̂10), similarly to the contact pressure distribution at the hip joint [49].

The additional load cases introduce difficulties when comparing the 
model to the four load cases that were previously used [16,19] as the 
identified peak forces got higher. This behavior can be explained by the 
used optimization function (Eq. (1)). While the SED scaling factors si 
inside the optimization function got lower with more load cases, the load 
scaling factors αi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
si Ntot/Ni

√
for an increasing number of load cases 

Ntot = NLC got higher. For the here used approach, all loads are assumed 
to act an equal amount of time per day (Ni = 1) [45], and thus, all load 
cases contribute with the same amount to the cumulative stimulus, and 
consequently, the SED scaling factor at the peak load gets lower.

Two options are available to solve this issue. Either the number of 
loads per day Ni are known a priori for each load case and thus the loads 

Fig. 5. Progression of load scaling factors (without calibration for peak load) for all models, including intermediate models. Shown is mean ± standard deviation for 
all samples (n = 20). Models marked with an asterisk (*) are the gold standard models (µFE XCT2) and the clinically feasible models (hFE QCT).
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can be individually scaled [15], or the resulting loads are calibrated in 
magnitude to a known value. Calibration for peak load was performed in 
this study. This type of calibration can be applied independently for each 
model type (i.e., µFE or hFE).

However, even with such a calibration, the number of unit load cases 
cannot be increased arbitrarily. Including known improbable loads may 
lead to situations where these loads contribute to the stimulus and 
artificially decrease other load cases. Similarly, the prediction de
generates when overlapping load cases are used [16]. Due to the high 
correlation of the resulting SED distributions to each other, the solution 
to the least-squares problem becomes ambiguous [50].

Thus, in the current form of the optimization function, only plausible 
load cases should be used, keeping implausible load cases to a minimum. 
With the current set of load cases, no unrealistic scaling of unphysio
logical loads (such as L4 and L8, which are close to the fovea capitis) was 
observed, which indicates that a small number of unrealistic loads may 
be acceptable as long as no correlated loads (i.e., overlapping) are 
added. If a set of plausible load cases cannot be defined a priori, another 
approach could be to either add a regularization function to the opti
mization to enforce physiological loads or scale the load cases inde
pendently from each other and avoid a dependency on the number of 
load cases or correlations.

The requirement for proper a priori load cases is an inherent limita
tion of the IBR method. Furthermore, it has to be assumed that the CT 
images were taken when the bone was in homeostasis, i.e., no adapta
tion of the bone was taking place at the time. Additionally, IBR cannot 
distinguish if an adaptation of the bone, visible in the CT image, is due to 
an actual mechanical signal, genetics, pathologies, or something else. It 
was shown for µFE-based IBR on trabecular bone cubes that the resulting 
SED distribution after the optimization was not perfectly homogeneous, 
highlighting that other factors than the pure mechanical stimulus affect 
the bone and are not captured by IBR [51].

The BMD to BV/TV polynomial used in this study yields higher 
values than the linear model from Dall’Ara et al. [32]. This discrepancy 
may be due to different CT scanners and image resolutions for the 
measurement of BV/TV. Here, a resampled resolution of 90 µm was 
used, based on XCT2 scans, while Dall’Ara et al. [32] had a resolution of 
18 µm, imaged with a µCT. Furthermore, Dall’Ara et al. [32] used only a 
few regions in the femur for the comparison, while in this study, BV/TV 
and BMD were compared for each element.

Another study found a similar nonlinear relationship for BMD 
measured with HR-pQCT and BV/TV measured with µCT [36]. However, 
only a 4th-degree polynomial instead of a 6th-degree was required.

The BMD-BV/TV relationship may be simplified, as the curve follows 
a linear relationship until approximately 400 mgHA/cm³. Thus, for 
example, a piecewise linear or polynomial function could be used.

The calibration was performed using the same method and param
eters as in the subsequent material mapping, using a background-grid 
[37]. However, the choice of the parameters will influence the ac
quired calibration curve (see supplemental material): Both BMD and 
BV/TV are not sensitive to the choice of δgrid as long as δgrid ≤ DVOI/2, 
but larger DVOI tend to produce lower BMD and BV/TV, closer to the 
overall mean, as more and more voxels are averaged, while lower DVOI 
resolve the local structure better. This means, that the here given cali
bration is only valid for these background-grid parameters and cali
bration has to be repeated if these parameters are changed.

Limitations of this study are the small sample size and relatively high 
age of the body donors, which are not representative of an entire pop
ulation. The QCT images were created ex vivo with a voxel size of around 
0.3 mm, while clinical routine scans typically use a lower resolution. 
Nevertheless, such high-resolution QCT scans are possible in vivo, not 
only with the applied QCT protocol [29] but especially with modern 
photon-counting detector CT (PCD-CT) [52,53] or by using 
deep-learning methods to enhance the resolution (“super-resolution”) 
[54]. However, a high resolution may not be required for using 
hFE-based IBR. The material properties are computed from averages of 

Fig. 6. Predicted loads in the frontal plane of the raw IBR prediction (left 
column) and the adjusted loads to a reference level κ2700 (right column). Shown 
are the peak loads measured with the OrthoLoad (OL) system [6].

Fig. 7. (A) Distribution of the mean of scaled and peak-calibrated loads for all 
twelve load cases. (B) Mean of pair-wise differences between µFE XCT2 and hFE 
QCT. (C) Overview of load cases for reference.
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BV/TV over larger regions in the currently used hFE models. Artificial 
coarsening of the QCT images suggests that the results of IBR, especially 
the predicted peak force, are only slightly affected. Details on the arti
ficial coarsening are given in the supplemental material.

The QCT and XCT2 scans were performed ex vivo and thus did not 
contain soft tissues. Soft tissue may also influence the scan quality, and 
the scans used here should be viewed as a best-case result. However, it 
should be mentioned that datasets containing both low-resolution in vivo 
and high-resolution scans are very hard to obtain, as they cannot be 
performed in vivo. Thus, comparing low- and high-resolution-based IBR 
can, at the time being, only be performed using ex vivo data.

A limitation from a clinical point of view is the requirement for BMD- 

calibrated images to create the FE models. Adding a calibration phantom 
in the CT scan is not yet routine in clinical practice and thus hinders the 
application of IBR as a retrospective tool. However, even if no calibra
tion phantom was used in the CT scan, phantomless or asynchronous 
calibration may be applied [55] for opportunistic screening or retro
spective analysis.

The FE models used several simplifications. The applied cartilage 
layer used a linear elastic material with the same Poisson’s ratio as bone. 
This simplification was adopted for the hFE models to ensure compa
rability with µFE [19], where only a single Poisson’s ratio can be used for 
the entire mesh. The cartilage layer was initially required only for the 
proper load transfer in the µFE models [16,56] and may not be necessary 

Table 2 
Mean± standard deviation of predicted loads (peak-calibration reference level κ2700), mean ± standard deviation of pair-wise differences, and coefficients of cor
relation and concordance correlation coefficient (CCC) for µFE XCT2 and hFE QCT.

µFE XCT2 (kN) hFE QCT (kN) Difference (kN) R² (%) CCC (%)

F̂1 0.68 ± 0.271 0.36 ± 0.321 0.3125 ± 0.315 19.8 27.7

F̂2 2.63 ± 0.445 2.56 ± 0.608 0.0653 ± 0.306 76.8 82.8

F̂3 0.66 ± 0.528 0.96 ± 0.695 − 0.2955 ± 0.384 70.1 72.0

F̂4 0.40 ± 0.228 0.30 ± 0.235 0.0995 ± 0.265 11.9 31.5

F̂5 0.14 ± 0.280 0.08 ± 0.222 0.0540 ± 0.115 84.9 87.6

F̂6 0.72 ± 0.302 0.70 ± 0.295 0.0129 ± 0.266 36.4 60.3

F̂7 0.13 ± 0.183 0.08 ± 0.146 0.0491 ± 0.215 2.5 14.8

F̂8 0.42 ± 0.203 0.42 ± 0.227 − 0.0064 ± 0.178 43.7 65.7

F̂9 1.38 ± 0.273 1.32 ± 0.286 0.0654 ± 0.267 29.7 52.9

F̂10 1.35 ± 0.317 1.35 ± 0.375 0.0020 ± 0.359 22.4 46.7

F̂11 0.12 ± 0.194 0.06 ± 0.135 0.0559 ± 0.181 19.9 39.5

F̂12 0.39 ± 0.235 0.11 ± 0.242 0.2811 ± 0.238 25.3 29.1

Fig. 8. Correlation of the calibrated load cases.
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for hFE models per se, as the load can be applied in different ways [57]. 
However, it was kept for the hFE models to produce comparable results 
towards µFE, and these restrictions may be lifted in the future for hFE 
models. A sensitivity study on the cartilage layer thickness was per
formed for all hFE models to ensure that the cartilage layer does not 
influence the results. Only a marginal change in predicted loads was 
observed for different cartilage thicknesses. Details regarding the 
sensitivity study can be found in the supplemental material.

The applied boundary conditions for the unit load cases are simpli
fied and only partially reflect the in vivo loading scenario at the hip [58]. 
However, a scan of the full articulation was not available to produce 
proper contact models.

Lastly, the here used peak load calibration was only performed on a 
small data set and would have to be established on a larger cohort and 
possibly also calculated separately for sex and age groups in the future.

This study also lays the foundation for new research. A load pre
diction with hFE-based IBR and the possibility for clinical QCT images 
could be used in many different clinical scenarios. One would be the 
opportunistic screening for pathological loading alterations at the joint 
level. With such an early detection tool, interventions could be initiated 
before osteoarthritis evolves, for example. Previous studies showed that 
µFE-based IBR can be applied to predict different habitual joint loadings 
between primate species at the third metacarpal [59] or different 
loadings of the femoral head between different species [45]. However, 
the sensitivity of hFE-based IBR to changes in habitual activity or 
pathological loading alteration has not been assessed yet.

So far, the application of IBR was limited to small bones, bone seg
ments, or relatively simple joints, such as the hip, where unit loads can 
be applied easily, especially in the case of µFE. However, hFE-based IBR 
also allows for the application in large bones and other joints which 
involve more complex unit load cases (e.g. joint contact).

Finally, other imaging methods could be used to obtain the density 
distribution of the bone to avoid CT scanning. These are, for example, 2D 
to 3D reconstruction from bi-planar X-rays [22] or using magnetic 
resonance imaging (MRI) with specific bone sequences [60]. Applying 
these modalities within the IBR framework would require additional 
studies.

To conclude, the here developed workflow was successfully applied 
to clinically feasible QCT images. The hip joint load predicted by hFE- 
based IBR using such QCT images was compared to µFE-based IBR 
based on high-resolution CT images. The essential steps in the workflow 
were the calibration of BV/TV from BMD and an additional calibration 
step for the predicted peak load magnitude of IBR. Using the peak load 
calibration allows for patient-specific load prediction with a good cor
relation of the peak loads compared to µFE-based IBR. Using hFE-based 
inverse bone remodeling allows for fast prediction and is thus suitable 
for clinical applications.
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S. Saarakkala, J. Niinimäki, Clinical super-resolution computed tomography of 
bone microstructure: application in musculoskeletal and dental imaging, Ann. 
Biomed. Eng. 52 (2024) 1255–1269, https://doi.org/10.1007/s10439-024-03450- 
y.

[55] C.A. Mallio, D. Vertulli, C. Bernetti, M. Stiffi, F. Greco, J. Van Goethem, P. 
M. Parizel, C.C. Quattrocchi, B. Beomonte Zobel, Phantomless computed 
tomography-based quantitative bone mineral density assessment: a literature 
review, Appl. Sci. 14 (2024) 1447, https://doi.org/10.3390/app14041447.

[56] P. Christen, K. Ito, I. Knippels, R. Müller, G.H. Lenthe, B. Rietbergen, Subject- 
specific bone loading estimation in the human distal radius, J. Biomech. 46 (2013) 
759–766, https://doi.org/10.1016/j.jbiomech.2012.11.016.

S. Bachmann et al.                                                                                                                                                                                                                             Computer Methods and Programs in Biomedicine 267 (2025) 108805 

10 

https://doi.org/10.1007/978-3-319-58845-2_1
https://doi.org/10.1007/978-3-319-58845-2_1
https://doi.org/10.1002/ajpa.20371
https://doi.org/10.1002/ajpa.20371
https://doi.org/10.1016/j.jbiomech.2005.01.006
https://doi.org/10.1016/j.jbiomech.2005.01.006
https://doi.org/10.1016/0021-9290(94)00182-4
https://doi.org/10.1007/s10237-011-0327-x
https://doi.org/10.1007/s10237-011-0327-x
https://doi.org/10.1007/s10237-017-0996-1
https://doi.org/10.3389/fbioe.2021.677985
https://doi.org/10.3389/fbioe.2021.677985
https://doi.org/10.1007/s10439-022-03104-x
https://doi.org/10.1016/j.cmpb.2023.107549
https://doi.org/10.1007/s10237-022-01656-4
https://doi.org/10.1016/j.bone.2015.06.025
https://doi.org/10.1016/j.medengphy.2021.05.012
https://doi.org/10.1016/j.medengphy.2021.05.012
https://doi.org/10.3390/biomechanics2010012
https://doi.org/10.1016/j.bone.2018.05.028
https://doi.org/10.1016/j.bone.2018.05.028
https://doi.org/10.1016/j.medengphy.2013.04.008
https://doi.org/10.1016/j.medengphy.2013.04.008
https://doi.org/10.1016/j.bone.2012.10.036
https://doi.org/10.1016/j.bone.2012.10.036
https://doi.org/10.1118/1.4950874
https://doi.org/10.1016/j.bone.2008.08.131
https://doi.org/10.1359/jbmr.070603
https://doi.org/10.1098/rsif.2015.0991
https://doi.org/10.3389/fninf.2013.00045
https://doi.org/10.1016/j.bone.2012.09.006
https://doi.org/10.1016/j.bone.2012.09.006
https://doi.org/10.1080/10255840802144105
http://refhub.elsevier.com/S0169-2607(25)00222-6/sbref0034
https://doi.org/10.1002/nme.2579
https://doi.org/10.1016/j.jmbbm.2014.01.006
https://doi.org/10.1016/j.jbiomech.2008.11.028
https://doi.org/10.1016/j.jbiomech.2008.11.028
https://doi.org/10.1007/s10237-012-0443-2
https://doi.org/10.1007/s10237-012-0443-2
https://doi.org/10.1115/1.4028968
https://doi.org/10.1016/j.bone.2017.01.003
https://doi.org/10.1016/j.bone.2017.01.003
https://doi.org/10.1016/j.jmbbm.2022.105235
https://doi.org/10.1016/0021-9290(88)90257-6
https://doi.org/10.1016/0021-9290(88)90257-6
https://doi.org/10.1016/0167-6636(95)00018-6
https://doi.org/10.1016/0167-6636(95)00018-6
https://doi.org/10.1016/j.parco.2011.08.001
https://doi.org/10.1007/s10237-014-0602-8
https://doi.org/10.1007/s10237-014-0602-8
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1016/j.jbiomech.2005.10.027
https://doi.org/10.1016/j.media.2017.11.006
https://doi.org/10.1016/j.media.2017.11.006
https://doi.org/10.1016/0021-9290(83)90071-4
https://doi.org/10.1016/0021-9290(83)90071-4
https://doi.org/10.1088/1361-6501/ac32ec
https://doi.org/10.1016/j.jbiomech.2012.12.012
https://doi.org/10.1148/radiol.2018172656
https://doi.org/10.1007/s00330-023-09596-y
https://doi.org/10.1007/s00330-023-09596-y
https://doi.org/10.1007/s10439-024-03450-y
https://doi.org/10.1007/s10439-024-03450-y
https://doi.org/10.3390/app14041447
https://doi.org/10.1016/j.jbiomech.2012.11.016


[57] A.Y. Bavil, E. Eghan-Acquah, L.E. Diamond, R. Barrett, C.P. Carty, M. Barzan, 
A. Nasseri, D.G. Lloyd, D.J. Saxby, S. Feih, Effect of different constraining 
boundary conditions on simulated femoral stresses and strains during gait, Sci. 
Rep. 14 (2024) 10808, https://doi.org/10.1038/s41598-024-61305-x.

[58] P. Yang, T.Y. Lin, J.L. Xu, H.Y. Zeng, D. Chen, B.L. Xiong, F.X. Pang, Z.Q. Chen, 
W. He, Q.S. Wei, Q.W. Zhang, Finite element modeling of proximal femur with 
quantifiable weight-bearing area in standing position, J. Orthop. Surg. Res. 15 
(2020) 384, https://doi.org/10.1186/s13018-020-01927-9.

[59] A. Synek, C.J. Dunmore, T.L. Kivell, M.M. Skinner, D.H. Pahr, Inverse remodelling 
algorithm identifies habitual manual activities of primates based on metacarpal 
bone architecture, Biomech. Model. Mechanobiol. 18 (2018) 399–410, https://doi. 
org/10.1007/s10237-018-1091-y.

[60] S. Jerban, S. Alenezi, A.M. Afsahi, Y. Ma, J. Du, C.B. Chung, E.Y. Chang, MRI-based 
mechanical competence assessment of bone using micro finite element analysis 
(micro-FEA): review, Magn. Reson. Imaging 88 (2022) 9–19, https://doi.org/ 
10.1016/j.mri.2022.01.009.

S. Bachmann et al.                                                                                                                                                                                                                             Computer Methods and Programs in Biomedicine 267 (2025) 108805 

11 

https://doi.org/10.1038/s41598-024-61305-x
https://doi.org/10.1186/s13018-020-01927-9
https://doi.org/10.1007/s10237-018-1091-y
https://doi.org/10.1007/s10237-018-1091-y
https://doi.org/10.1016/j.mri.2022.01.009
https://doi.org/10.1016/j.mri.2022.01.009

	Predicting physiological hip joint loads with inverse bone remodeling using clinically available QCT images
	1 Introduction
	2 Methods
	2.1 Image acquisition and processing
	2.2 Finite element modeling
	2.3 BV/TV calibration
	2.4 Material law
	2.5 Inverse bone remodelling
	2.6 Calibration of peak loads
	2.7 Software and hardware

	3 Results
	3.1 BMD to BV/TV relation
	3.2 FE model runtimes
	3.3 Intermediate model results
	3.4 Predicted hip joint loads

	4 Discussion
	Declaration of generative AI and AI-assisted technologies in the writing process
	Ethics statement
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Supplementary materials
	References


