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ARTICLE INFO ABSTRACT
Keywords: Background and Objective: Accurate reconstruction of trabecular bone microstructure is essential for un-
Trabecular bone reconstruction derstanding bone health and mechanical competence. Low-resolution computed tomography images, however,

Robust topology optimization lack the detailed information that is needed to depict fine trabecular architecture. This study aims to develop a

computational framework that reconstructs subject-specific trabecular microstructure with improved accuracy
and stability by incorporating mechanical and biological variability inherent in bone adaptation.

Methods: A robust topology optimization framework was developed to predict trabecular morphology from
low-resolution images. The method incorporates uncertainty in loading and biological response during bone
remodeling. To reduce sensitivity to variations in boundary forces, a superposition strategy was used to estimate
local mechanical stimuli within each volume of interest. The predicted microstructure was compared against
high-resolution images of rabbit bone for validation, and subsequently applied to human lower-limb bone
images. Quantitative assessments included geometric similarity and evaluation of mechanical anisotropy.
Results: The reconstructed trabecular regions showed close agreement with high-resolution microstructural
images in the animal validation study, capturing fine branching and connectivity patterns. In human bone,
the predicted morphology was consistent with expected statistical distributions of trabecular thickness,
spacing, and orientation. The framework demonstrated high computational precision and stability, producing
anisotropic mechanical properties aligned with physiological loading patterns.

Conclusions: This computational approach enables patient-specific reconstruction of trabecular microstructure
from low-resolution imaging with improved robustness and reduced computational cost. The framework shows
potential for supporting clinical assessment and for advancing multi-scale investigations of bone mechanics.

Biomechanics-driven image processing
Gait load uncertainty

1. Introduction microstructure [2]. In light of this, the trabecular bone microstructure
has garnered extensive attention in clinical diagnosis, artificial implant

The study of trabecular bone microstructure is one of the focuses design, and multi-level bone mechanics research. A deep understanding

of orthopedic mechanics research. The determination of trabecular of local variations in trabecular bone microstructure is essential for
bone microstructure in addition to its mineral density via Computed evaluating patterns of bone loss associated with aging and skeletal

Tomography (CT) or other high-resolution imaging techniques plays
an increasingly important role in the clinical diagnosis of bone-related
diseases, e.g., osteoporosis, hyperostosis, and osteoarthritis. Previous
studies have shown that the density of cancellous bone material, named
bone mineral density (BMD) only determines 60% ~ 80% of bone
strength [1], whereas more than 90% of the mechanical response of
bone tissue and its anisotropy property depends on the trabecular

disorders, offering valuable insights into osteoporosis and fracture risk
prediction [3].

Current methods for bone assessment primarily rely on medical
imaging techniques. Dual-energy X-ray absorptiometry (DXA), the clin-
ical standard for diagnosing osteoporosis, offers limited imaging infor-
mation for bone strength assessment, as it measures only the average
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bone mineral density (BMD) within each volume of interest [4]. Com-
puted tomography (CT) is extensively used for its ability to produce
detailed 3D bone information and effectively visualize central skeletal
regions, such as the proximal femur and lumbar spine, making it a
valuable tool for bone health diagnosis [5]. However, clinical CT scans
typically operate at relatively low resolution (300 pm ~ 600 pm) to
minimize radiation exposure, making it challenging to capture the fine
structures of trabecular branches, which typically range from 100 pm ~
200 pm in thickness. This resolution limitation significantly hampers the
accurate diagnosis of osteoporosis, hyperplasia, and other bone-related
conditions.

High-resolution imaging modalities, such as high-resolution periph-
eral quantitative computed tomography (HR-pQCT), micro-computed
tomography (micro-CT), and magnetic resonance imaging (MRI), have
advanced the assessment of bone microstructure by providing detailed
information into geometry, trabecular connectivity, structural indices,
and anisotropy [6,7]. HR-pQCT provides detailed imaging but is limited
to peripheral skeletal regions, such as the wrist and ankle, while MRI
can image central sites like the proximal femur, albeit with lower
spatial resolution [6]. Micro-computed tomography (micro-CT) offers
even higher resolution but involves significant radiation exposure,
limiting its clinical applicability. Recent advancements in imaging have
improved MRI’s capability to evaluate bone strength and osteoporo-
sis, particularly at critical sites like the proximal femur [7]. How-
ever, limitations such as lower spatial resolution, extended acquisition
times, high costs, and, in some cases, excessive radiation exposure con-
tinue to hinder the widespread clinical adoptions of these HR imaging
techniques [7,8].

Early approaches to enhancing low-resolution CT (LR-CT) images
primarily used standard image sharpening techniques [9,10]. How-
ever, these methods offered limited accuracy and adaptability, as they
often lacked patient-specific information essential for accurate bone
health assessment [11]. In recent years, the advancements in com-
puter science, particularly in artificial intelligence and deep learning,
have also significantly improved the processing and analysis of med-
ical images. With this, researchers have successfully generated super-
resolution (SR) images with remarkable details (10 pm ~ 50 pm) for
biomedical tissues [12,13]. These deep learning-based approaches have
demonstrated the ability to reconstruct trabecular bone microstruc-
ture from low-resolution (LR) CT images, offering clearer visualiza-
tion and improved diagnostic potential. Despite these advancements,
significant challenges remain. Deep learning methods often require
extensive training datasets and depend on high initial CT resolution
(approximately 100 pm) to achieve accurate results. Additionally, the
computational costs and hardware demands are considerable, which
hinders their integration into routine clinical workflows. To address
these limitations, there remains ongoing demands to develop efficient,
lightweight, and cost-effective image refinement techniques that can
deliver high-quality results while meeting practical requirements for
clinical applications.

Inspired by the biomechanical principles and self-optimization char-
acteristics of bone tissues, researchers have explored structural topol-
ogy optimization (TO) methods for providing a new paradigm to re-
construct trabecular bone microstructure in clinical practice [4,7,14].
According to Wolff’s law, trabecular bone dynamically adjust its archi-
tecture to better affording external loads through bone remodeling pro-
cesses [15-17]. This adaptability closely resembles the optimal compli-
ance solutions provided by a topology optimization process [4]. Jang’s
early work [5] demonstrated the potential of 2D topology optimization
for reconstructing trabecular bone in the proximal femur, produc-
ing numerical results that closely aligned with the natural trabecular
orientation and anisotropic properties. Afterwards, Kim et al. [4,14]
advanced TO methods to improve the representation of local trabecular
branches while achieving high spatial accuracy and structural fidelity.
Compared to neural network-based image processing, TO-based meth-
ods are computationally efficient, do not require extensive training
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datasets, and are more suitable for patient-specific bone configurations
in routine clinical applications. These advantages position the TO-based
method as a promising technique for precise and practical trabecular
bone assessment in clinical applications.

Despite its potential, the use of TO-based methods for trabecular
bone microstructure reconstruction remains in its early stages. For
instance, the current TO-based methods do not adequately account for
physiological stochasticity and other sources of uncertainty, e.g., gait
force error, patient-disease error. While the analogy between bone re-
modeling and structural topology optimization is well-established [18],
the bone remodeling process is also regulated by diverse cellular activi-
ties influenced by mechanical and biological uncertainties [19,20]. Re-
constructing trabecular bone simply as a stiffness-optimized structure
using deterministic single-objective TO, as demonstrated in previous
studies [4,7,14], may fail to fully align with Wolff’s law, omitting crit-
ical patient-specific features. Incorporating the stochastic nature of bi-
ological activities into TO algorithms could yield more physiologically
realistic trabecular structures [21].

According to Wolff’s law, bone remodels itself to adapt to external
loads. Bone adaptation to applied load conditions [19,22] underscores
the significance of boundary forces in influencing the quality and
accuracy of reconstructed trabecular microstructure. Previous studies
typically extracted 2 ~ 3 representative loads from gait cycles based
on biomechanical experience, using weighted arithmetic means to ap-
proximate boundary forces [23-25]. While this approach reduces com-
putational demands, it lacks the precision required to capture detailed
trabecular refinement. Moreover, gait abnormalities in orthopedic pa-
tients often deviate significantly from normal patterns, introducing
large errors into such weighted averages. This highlights the pressing
need for more robust methods to define dynamic bone boundary loads.
From this perspective, bone reconstruction that accounts for “uncertain
factors” may achieve greater physiological authenticity compared to
traditional “maximum stiffness" topology optimization-based methods.

In this work, we introduce a biomechanical computational frame-
work based on robust topology optimization (RTO) to reconstruct
trabecular bone microstructures from low-resolution CT images. Unlike
traditional reconstruction techniques that rely on image-based bone
data processing, this RTO-based approach directly optimizes struc-
tural performance under uncertainty by minimizing both the expected
value and variance of the performance. Integrating RTO into bone
reconstruction enables the systematic consideration of patient-specific
uncertainties, such as variations in gait force statistics and disease-
induced defects. As a result, the reconstructed bone structures not only
achieve accurate overall stiffness and morphology but also demon-
strate enhanced stability under varying loading conditions. This feature
aligns with the natural adaptability of biological tissues to complex
mechanical environments, making the model closer to the geometric
characteristics of real bones. This efficient RTO-based computational
framework demonstrates strong potential for integration into clini-
cal practice as a lightweight plugin for personalized diagnosis and
treatment. Furthermore, its stochastic foundation provides a scalable
computational framework for incorporating a broader range of mechan-
ical and biological uncertainties, supporting the development of more
reliable and adaptable bone reconstruction models in future studies.

2. Methods

Based on robust topology optimization (RTO) methods [26-29], the
proposed computational method extends its capability beyond the ex-
isting typical TO-based bone reconstruction from low-resolution CT im-
ages [14]. It further incorporates a range of biomechanical conditions
and uncertainties, particularly those arising from the stochastic nature
of bone remodeling and variations in gait loading patterns. Through
accounting for these uncertain factors, the framework provides a more
accurate and reliable approach to trabecular microstructure recon-
struction. The detailed workflow for this computational framework is
outlined in three key steps, as illustrated in Fig. 1.
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Fig. 1. Bone reconstruction workflow: The topological units are selected and developed based on the macro FE model constructed from the low resolution CT
scan as step (a). Then, the corresponding loading conditions and uncertainty for the VOI are evaluated as step (b). Step (c) proposes the reconstruction process
of high resolution bone geometry by the robust topology optimization, coupled with multiple local volume constraints referring to the original CT images. The

final refined bone geometry is demonstrated with a sectional view at its corner.

+ STEP 1: Construction of Macroscale Femoral Mesh. Firstly, a
macroscale femoral mesh model is developed from the proximal
segment of low resolution computerized tomography (LR CT)
images of a clinical bone sample (as shown in Appendix A). The
mesh size and multi-resolution bone mineral density (BMD) are
determined using patient-specific factors, including age, gender,
health status, and CT scanning parameters such as pixel values
and Hounsfield units. Based on this data, elemental material
properties are calculated and assigned to each element in the
mesh. To simulate the physiological loading conditions in the

finite element (FE) model, gait patterns are analyzed to estimate
the forces acting on the femur. A finite element (FE) analysis is
then performed to compute the resulting displacement and stress
fields. To reduce computational cost, volumes of interest (VOIs)
— where are clinically concerned regions such as the femoral
head - are selected instead of modeling the entire femur. The
displacement field within each VOI is extracted for use in the
subsequent steps of the modeling and analysis.

STEP 2: VOI Refinement and Boundary Force Estimation. Each
VOI is further refined and re-meshed into smaller topological
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elements for the purpose of detailed bone reconstruction. The
effective boundary forces acting on the outer surface of the re-
fined VOI are re-computed and updated based on the results from
the original FEM model. The updated forces are then applied
in the subsequent topology optimization process. Additionally,
potential errors arising from uncertainties in gait-induced loading
are accounted for during this step to enhance the robustness of the
optimization.

STEP 3: Bone Microstructure Reconstruction via Robust Topology
Optimization (RTO). A robust topology optimization (RTO) pro-
cedure, which incorporates local volume constraints and accounts
for uncertainties in gait-induced loading, is applied to recon-
struct the trabecular bone microstructure within each refined
VOI. This multi-objective RTO process minimizes a weighted
sum of compliance and its variation to simulate the natural self-
adaptive behavior of bone in maintaining mechanical stability
under varying loads. Through an iterative process, the RTO-based
biomechanical model generates a microstructural morphology
that closely matches the original CT-derived structure, ensuring
both mechanical efficiency and biomechanical reliability.

2.1. Construction of local VOI FE models

Following a series of pre-processing operations, CT images of a bone
structure are transformed into a 3D FE model consisting of a large
number of topological units. Each unit represents the relative density
p within a localized finite volume. In this study, a volume of interest
from the femoral head (FH), a region of high diagnostic significance,
was selected to analyze the detailed bone trabecular microstructure.
As illustrated in Fig. 1, a cubic model was extracted from each VOI,
with voxel dimensions matching the CT image resolution (0.6 mm X
0.6 mm X 0.6 mm). The bone mineral density (BMD) map of each
VOI was calibrated using a reference bar and then converted into a
relative density map through linear scaling between the minimum and
maximum values. For each voxel, its grayscale intensity is correlated
with the corresponding Hounsfield unit of the CT image. To capture
the detailed trabecular branches and plate structures, the original VOI
model was further refined by subdividing each voxel into smaller child
voxels. These child voxels directly inherited the relative density of their
parent and were subsequently optimized to reproduce the intricate fea-
tures of the trabecular microstructure. This refinement process enabled
the reconstruction of a higher-resolution VOI model, while preserving
the morphological details of the original trabecular bone structure.

For consistency, the FE model employs a type of structural Hexahe-
dron elements to compute mechanical objectives in the later stages of
the analysis. Each element is assigned a homogeneous material prop-
erty, with the Young’s modulus calculated based on its bone mineral
density, following the empirical relationships established by Verhulp
et al. [30], as follows:

E; = 6850p)*°, when p; < 1.64 g cm™

(€H)
E; = 4293p>%° when p; > 1.64 g cm™

where E;, p; represent effective Young’s modulus and the BMD of
element i, respectively. Based on this formulation, a cubic VOI-FEM
model is established from the femoral head region of the macroscale
FE model for subsequent microstructural reconstruction, as illustrated
in Fig. 1(a).

2.2. The boundary conditions for local VOI FE model

The boundary loads applied to the VOI model play a critical role
in determining the resulting trabecular architecture during the topol-
ogy optimization process. To simulate physiologically realistic loading
conditions, we derive a modified boundary load vector F for the local
VOI model from the macro-scale femur FE model subjected to daily gait
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loading vector F™. This computation of boundary loads follows the gen-
eral framework proposed by Kim et al. [31], under the assumption that
the displacement field along the VOI surface in the local model closely
approximates that of the corresponding region in the macro-scale femur
model. The overall boundary processing workflow is illustrated in
Fig. 1(b). Specifically, the applied loads are reconstructed from three
principal musculoskeletal force groups acting on the proximal femur
model during gait, as described by Heller et al. [32]: the hip contact
force (F™!), the abductor force (F”2), and the vastus lateralis force
(F™3).
Regarding the macro femur model, the mechanical response of bone
structure is governed by the following equilibrium equation as:
Koo K K[ [F
K"'U"=F" < |K! Kj K;’; U | =¥/ 2)
K? K" K" ||U" F7
gs gl gg g g

where K™ and U™ represent the global stiffness matrix and the nodal
displacement vector of the macro-scale femur model, respectively. To
facilitate the information extraction of the local VOI model, the global
system is partitioned based on nodal location into three categories: (1)
nodes on the outer surface surrounding the VOI (denoted by subscript
s), (2) internal nodes within the VOI (subscript /), and (3) all other
nodes in the femur model (subscript g). This block-wise decomposition
of the stiffness matrix and corresponding vectors facilitates the effective
extraction of the mechanical state at the VOI interface.

For each local VOI model, which is independently constructed
for topology-based bone reconstruction, the mechanical behavior is
described by:

-1
U K K, F
—Kk-! s| = SSs sl s 3
v=rTE e [U/] [KI: Kn] [FI] ©

where K, U, and F represent the local stiffness matrix, nodal displace-
ment vector, and applied load vector of the VOI model, respectively. To
ensure consistency with the macro-scale response, we assume that the
displacement field on the VOI surface approximates that of the macro
model [31], as such:

U, ~ U =R,U" C))

where R; is a Boolean selection matrix that extracts the degrees of free-
dom corresponding to VOI surface nodes from the global displacement
vector. Moreover, no external loads are applied to the internal nodes
of the VOI model, so the work imposes: F, = 0 in Eq. (3). In this way,
the equivalent desired loading boundary F, acting on the VOI surface
is derived from Egs. (3) and (4), as follows:

Fs = KssUs + KsIUl

-1 6))
~ KssUs - Kle][ KIsUs

However, the displacement field U inherited from the macro-scale
model includes rigid-body motion components that are not compatible
with standalone VOI simulations. In the global femur model, such
motions are constrained by surrounding anatomical structures and
tissues. In contrast, the independent VOI model must explicitly con-
strain at least six degrees of freedom to eliminate rigid-body motion
and maintain numerical stability during optimization. Applying the
boundary force vector F, directly, without adjustment, may result
in artificial drift, unbalanced reaction forces, and inaccurate internal
stress resultants.

To resolve this inconsistency, the rigid-body components are re-
moved from the surface displacement field. A reference corner node
on the VOI boundary is selected, and all its translational degrees of
freedom are fixed to eliminate rigid-body translation. The correspond-
ing rigid translation vector, denoted by Uy,, is used to compute the
corrected displacement and force boundary conditions as follows:

U, =U" - Ug, = A-R,)U”,

-1 m ©
F, ~ (K, - Ky K;;'K )T - R )R, U
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where R is a projection matrix, which extracts the displacement of
a specific reference node from U, and replicates this displacement
across all surface degrees of freedom to match the original length of
U,, enabling consistent matrix operations. I denotes an identity matrix.
Although this correction leads to boundary forces that differ from
those in the original macro model, it provides a more physiologically
accurate representation of the internal stress and strain distributions
within the VOI under in vivo conditions. These corrected mechanical
states are essential for accurately simulating biological processes such
as bone remodeling, mechano-regulated adaptation, and structural re-
inforcement. As demonstrated in previous studies [17,21,33-35], this
approach enhances both the reliability and physiological relevance of
the simulation outcomes.

2.3. Uncertainty error transfer from ‘Macro Femur’ model to ‘Local VOI’
model

It is widely acknowledged that loading conditions in the muscu-
loskeletal system are subject to significant uncertainty due to individual
variability in daily activities, pathological conditions, aging, and other
individual factors [36,37]. Therefore, it is necessary to explore effec-
tive approaches to account for these uncertainties in bone geometry,
mechanical loading, and structural analysis. In this work, the external
load vector applied to the ‘Macro Femur’ model, denoted by F", is no
longer treated as a fixed deterministic quantity, but is instead modeled
as a random variable F to better represent the stochastic nature of in
vivo physiological loading. As such, it is expressed as follows:

where E[4;] = |
i=1 i=1 %)
" = B[] = Z E[A,]F™ = F"

i=1
where F”/ represents the random external force vector associated with
the ith musculoskeletal force group. In this study, we consider that F-
may vary in magnitude from its nominal (static) value, due to inherent
uncertainties in physiological loading conditions. To capture this vari-
ation, each F' is modeled as a product of a scalar random variable A4,
and its corresponding deterministic reference vector F™. The scaling
factors A; are assumed to be statistically independent and have unit
expectation, ensuring that the expected total force vector F” remains
equal to the original deterministic force F™. This formulation preserves
the physical fidelity of the loading conditions defined in [32], while
incorporating realistic variability representative of actual physiological
conditions.

By substituting the stochastic terms into the loading transfer equa-
tions for VOI FE model, namely Egs. (4)-(6), the equivalent VOI sur-
face displacement and loading vectors under uncertain musculoskeletal
dynamics can be derived as:

U, =(1-R)RU"

F, ~ (K, - K K;,'K;)d - R )R, 0"
5 (8

= Y AK, - K K"K )T - R )R KF™
i=1

where U, and F, denote the VOI surface displacement and loading
vector, respectively. The above equation can be further simplified by
expressing the boundary force vector F, as a linear combination of
three deterministic basis vectors F, each scaled by a scalar random
coefficient A; as follows:

i s ©)
F. = (K,, - K K;,'K; )1 - R )R K™'F™,

This formulation enables effective propagation of input uncertainties
from musculoskeletal dynamics to the boundary conditions of the VOI
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FE model, using only three independent random variables A, and a set
of precomputed deterministic vectors F.. Overall, this approach not
only accounts for gait-induced uncertainties but also removes rigid-
body motion components from the displacement field—an improve-
ment over conventional boundary load estimation methods such as
those discussed in [31]. As a result, the proposed method provides a
more physically meaningful and numerically stable boundary condition
for the VOI model, enhancing both the convergence and physiological
fidelity of the subsequent simulations.

2.4. Patient-specific trabecular bone reconstruction

Trabecular bone continuously remodels in response to mechanical
stimuli, gradually aligning its structure along principal stress direc-
tions and increasing trabecular thickness to enhance load-bearing ca-
pacity [38]. Interestingly, this biological adaptation process bears a
strong resemblance to structural topology optimization. As highlighted
in [18], bone remodeling — often modeled using strain energy density
(SED) as the regulatory stimulus — is conceptually and algorithmically
aligned with the mathematical framework of compliance-based topol-
ogy optimization. Notably, SED-driven bone remodeling algorithms
have been shown to produce structural patterns remarkably similar
to those generated through topology optimization across a variety of
scenarios [18]. Furthermore, the relationship between bone density
and stiffness follows a power-law formulation that closely mirrors the
SIMP (Solid Isotropic Material with Penalization) model commonly
used in topology optimization [19,39]. These analogies support the in-
terpretation of bone as a self-optimizing system and provide a rigorous
foundation for using topology optimization to reconstruct trabecular
bone microarchitecture.

In this study, we employ a robust topology optimization (RTO)
framework that incorporates uncertainties arising from biological vari-
ability, such as individual differences in gait patterns and daily activity
levels. Unlike conventional compliance-based formulations that seek
the stiffest structure under fixed loads, our approach aims to obtain
a mechanically-reliable and biologically-reasonable structure that re-
mains effective under a range of physiological conditions. This shift
in objective better reflects how real trabecular bone adapts—not by
achieving extreme stiffness, but by maintaining sufficient structural
integrity across diverse mechanical demands, as illustrated in Fig.
1(c). The proposed RTO strategy prioritizes consistency of structural
stiffness under a range of musculoskeletal forces, aligning more closely
with the inherently robust nature of bone remodeling. Building upon
this bio-mechanically motivated perspective, we establish the follow-
ing optimization framework to guide the reconstruction of trabecular
architecture under uncertain loading conditions:

2

min G, =w,; - C+w, o,

Pe
k k
st g =1V - v,

Nj » Py (10)
k k)|P1
(B rea-vep | <
j=1

N
&(p) = % Z(p,- —0.9)0.05—p;) <0

where C, denotes the total objective function consisting of the expected
structural compliance C and its variance aé. The weights w; and w,
control the trade-off between optimal stiffness and robustness. This for-
mulation enables the optimization process to account for the variability
in external forces while maintaining a stable mechanical response. In
this work, w; = 1 and w, = 0.5 are selected via systematic parametric
testing based on the baseline topology optimization solution. With
these values, the objective ratio between mean compliance terms and
variance terms almost falls within a practical range of about 5:1 to 10:1
for all cases.
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Fig. 2. The demonstration of local volume fraction constraint g, in the bone
reconstruction computation. In this way, the volume difference between initial
CT VOI model block (¥, ,) and refined VOI model block (V,(p;)) at level k is
limited during the optimization.

To ensure anatomical plausibility and numerical stability, several
constraints are integrated into the optimization process. The volume
constraint g,(p) enforces consistency between the optimized and ref-
erence density distributions. Specifically, the average relative density
Vj(k)(p) in each block region must remain close to the reference value
Vj(";), extracted from the original low-resolution CT data, as illustrated
in Fig. 2. Herein, k indicates the subdivision level, and N; is the number
of block regions in the VOI model. This constraint preserves patient-
specific bone distribution characteristics. It is implemented using a
global p-norm aggregation with p; = 16 and a tolerance threshold ¢, =
0.01, reflecting the typical 1% error margin in clinical CT acquisition.
Additionally, a penalization term g,(p) is introduced to promote the
convergence of the optimization process, towards realistic bone mate-
rial distribution. Herein, N denotes the total number of the elements
in the refined topological VOI model, as illustrated in Fig. 2.

The robust topology optimization (RTO)-based trabecular recon-
struction process is implemented in MATLAB (version 2023b), utilizing
the Method of Moving Asymptotes (MMA) as the optimization solver,
following the framework in [40]. In particular, the sensitivities of
the objective and constraint functions are calculated analytically. For
brevity, we denote the random variables 4; in Eq. (9) as A, throughout
the following derivations, unless otherwise specified. The compliance
of the VOI FE model can be expressed as a second-order function with
respect to the random variables:

3
(g (3)
j=1
3
ZA A - (FHY' KW @11
o

3
ZA Aje,

1j=

]
M- £

= FYTK W

Il
Mw

with ¢;;

Accordingly, considering A; are independent from each other and each
of its expected value E(4;) = 1, the expectation of the objective and
sensitivity can be expressed as:
3
C=EC) = Z E[A;A/lc;; = FTU = UTKU,
iJ 12)
6C 7 0K
_yr&
ap ap
where U, F and K represent the global displacement vector, external
force, and stiffness matrix of the VOI model under standard determin-
istic loading, as given by Eq. (3) in Section 2.2.
Following the Solid Isotropic Material with Penalization (SIMP)
method [39,40], the above expressions can be reformulated in terms
of element-wise forms. For clarity, we denote the element index by e,
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replacing i in Eq. (10) in the following formulas. Accordingly, for the
eth element, we have:

ke = E()pzk()’

o ok (13)
9« _ —ul —u, = -3Eyp2u’ku,
op, 0p,

where E; is the Young’s modulus of compact bone. k, represents
the reference elemental stiffness matrix and constitutive matrix with
unit modulus E = 1, respectively [40]. k, and u, denoted elemental
stiffness matrix and elemental displacement vector. On the other hand,
the variance term of the compliance, o2 is formulated using the full

C
fourth-order function expansion of coefficients 4;, as follows:

=E[C?] - (C)*
2
= 2 EIAAAA] - ¢;60 = <ZE[AfAﬂ ' cz-j) a4
ik, ij
= Y (E[A,A;AcA] - E[A A IE[ALA)]) - ¢y
ij.k,l

This formulation enables precise propagation of gait-induced uncer-
tainty in cases with a small number of independent musculoskeletal
force components. Furthermore, it can be simplified as:

5
2 2
Z( § - )'Cti

i=1
3 -

+ Z [(O‘ [ +z7 + o0 )(c +c”c“)+ﬂgl) 'C[icij] (15)
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where Giz is the variance of the 4;. ygi), yf() are the third- and forth-order
central moments of the independent random variable A;. In particular,
for a uniform distribution A; ~ U[a;,b;] as used in this work, we
have:
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Regarding the sensitivities of the variation term with respect to p,, it
can be expressed using Einstein summation notation:
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where the sensitivity of the compliance sub-term ¢;; with respect to the
design variable p, is computed as:

dej; B

)T ok,
ap,

—(u! u/

e

where u/ denotes the element-wise displacement vector at element e,
extracted from the global displacement solution field U’ = K~'F under
the ith individual loading case. Based on above, the final gradient
information need for objective problem in Eq. (10) can be calculated
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as follow:
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Finally, the sensitivities of the constraint functions are expressed as:
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where N, is the total scalar number of block regions in the whole
VOI domain with respect to k level. Based on above, the corresponding
gradient optimization procedure can be completed to reconstructed the
final bone geometry.

Statistical analysis was performed to evaluate differences in primary
trabecular morphometric parameters, including bone volume fraction
(% , trabecular thickness (Tb.Th), trabecular number (7T5.N), and tra-
becular spacing (Tb.Sp). Multivariate analysis of variance (MANOVA)
was applied to assess overall differences among the five individual sam-
ples and between the conventional topology optimization (TO) and the
proposed robust topology optimization (RTO) methods, respectively.
Subsequent uni-variate comparisons were conducted using paired t-
tests to identify significant differences in individual parameters. Ad-
ditional structural metrics, including connectivity density (Conn.D),
degree of anisotropy (DA), and structure model index (SMI), were
analyzed for completeness and included in Appendix for supplemen-
tary reference. All statistical procedures were implemented in Origin
(OriginLab Corporation, Northampton, USA). A significance level of
p < 0.05 was adopted for all statistical evaluations.

3. Results

To demonstrate the effectiveness of the proposed method, two
examples are firstly studied in this section: one is based on a rabbit
femur and the other is based on a human femur.

3.1. Rabbit femur example

To verify the proposed method, we first applied the RTO-based com-
putational framework to reconstruct high-resolution trabecular struc-
tures of a rabbit femur. Since only high-resolution CT scans of the rabbit
femur were available, we artificially generated low-resolution (LR)
images from those HR CT scans through a numerical process, which
applies an averaging and blurring method combined with additional
random perturbations.

To further validate the proposed method, we processed the ar-
tificially generated low-resolution images using the RTO-based com-
putational framework, with minor parameter adjustments to account
for anatomical and biomechanical differences between rabbits and hu-
mans. Notably, rabbits exhibit a jumping-dominant locomotion pattern,
resulting in different loading modes compared to humans. Accordingly,
two compressive forces were applied as macro-level loading conditions
in the finite element model, targeting the femoral head and the greater
trochanter regions. These forces were aligned with the femoral neck
axis, as described in [41]. Based on typical jumping mechanics, the
force magnitudes were set to 240% and 60% of a standard rabbit
body weight (3.2 kg) for the femoral head and trochanter, respec-
tively. To account for variability and enhance robustness, the force
amplitudes were perturbed using uniform random distributions: 4; ~
U'[0.8,1.2] and A, ~ U'[0.9, 1.1] for the femoral head and the trochanter,
respectively.

The VOI model for this rabbit femur sample was defined as a cube
with a side length of 10.8 mm. The mesh resolution was refined from
an initial element size of 0.9 mm to 0.225 mm, matching the resolution
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of the standard high-resolution CT scans. For the CT-based volume
constraint g;, we applied two scale levels: kK = 1.8 mm and k = 10.8 mm,
with a threshold of ¢y = 2%. Although the original CT resolution
is 0.9 mm, using a slightly relaxed constraint at 1.8 mm, preventing
convergence issues during optimization. In addition, the larger scale
k = 10.8 mm serves as a global constraint to regulate the overall volume
distribution.

The imaging workflow and final reconstruction results are shown in
Fig. 3. Fig. 3(a) presents the original CT scan of the rabbit femur, with
the volume of interest (VOI) highlighted in the femoral head region.
Figs. 3(b) and 3(c) display the artificially generated LR image and the
original HR CT scan within the VOI, respectively. Fig. 3(d) shows the
3D reconstruction of the trabecular bone structures within the VOI, and
Fig. 3(e) provides a sectional view extracted from this 3D model. As
illustrated in Fig. 3(f), the reconstructed model successfully captures
key internal features — such as cavities located in the upper-left and
lower-central regions — with strong spatial agreement to the HR CT
data. Quantitative evaluations further confirm the reconstruction ac-
curacy. The global bone volume fraction (BV/TV) in the reconstructed
VOI is 39.5%, closely matching the 39.0% obtained from the HR CT,
with a relative error of less than 2%. The reconstructed trabecular
thickness (Th.Th) and trabecular spacing (Tb.Sp) are 0.121 mm and
0.175 mm, respectively, compared to 0.118 mm and 0.199 mm in the
HR CT, indicating high morphological consistency. Additionally, the
feature similarity index (FSIM) [42] between the reconstructed VOI and
the HR CT reaches 0.94 (FSIM = 1 denotes perfect similarity). These
results demonstrate that the proposed method can reliably reproduce
trabecular microstructures with high fidelity. This provides preliminary
validation of the computational framework and highlights its potential
for future applications in clinical diagnosis and decision support.

3.2. Human-being femur example

Given that the typical trabecular thickness in the human femur is
approximately 0.2 mm [43,44], a model resolution of around 0.05 mm
is recommended to accurately replicate the intricate trabecular geome-
try. However, such ultra-high-resolution CT data at that scale were not
available for this study. Instead, we selected a zoomed-in volume of
interest (VOI), where higher-resolution bone mineral density patterns
are reconstructed from lower-resolution input data. In this context, the
accuracy of the proposed RTO-based bone reconstruction method relies
primarily on the relative refinement between the original and target
element sizes, and is independent from the absolute resolution of the
CT scans.

To this end, a 24 x 24 x 24mm?> volume of interest (VOI) was
segmented from low-resolution (LR) CT images and used for the con-
struction. In detail, the work selects femur head region with distinct
characteristics for the effective verification, as shown in Fig. 4(a). The
mesh resolution was refined from 1.2 mm to 0.3 mm, representing
a transition from LR data to a higher-resolution reconstruction. As
in the rabbit femur case, two scale levels were used for the volume
constraint g;: k = 24mm and k = 24mm, respectively. Boundary
conditions were applied following the settings described in Section 2,
where three typical musculoskeletal force groups shown in Fig. 1 are
set in the macro proximal femur model. The distal side of the femur
bone are clamped in all directions. In addition, regrading the robustness
of external loading, the hip contact force F™! and abductor force
F™? were assigned uniform random amplitudes 1°[0.8, 1.2]. The vastus
lateralis force F-3, which is generally subject to greater variability, was
modeled using a broader distribution U°[0.6, 1.4] in this work [45,46].
The final reconstruction result is presented in Fig. 4. Fig. 4(b) and (c)
suggest the low resolution CT and high resolution CT corresponding
the VOI region in the initial CT scanning (Fig. 4(a)). Fig. 4(d) and
(e) are the reconstructed 3D VOI model and corresponding centering
sectional face. Fig. 4(f) suggest the direct geometry comparison for
real high resolution CT and predicted image. The comparison image
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Comparison

VOI Section

Fig. 3. Bone reconstruction verification for the rabbit femur. (a) Typical rabbit femur model with VOI region. (b) and (c) are the corresponding low resolution and
high resolution CT scanning for the VOI region. (d) and (e) are corresponding reconstructed result and high resolution middle plane section. (f) is the comparison

view of image (c) matrix and image (e) boundary edges.

Human Femur Model

Reconstructed Result

'{ﬁ?j. A

VOI Section

Fig. 4. Bone reconstruction verification for the Zoomed human-being femur VOI region. (a) Typical femur model with VOI region. (b) and (c) are the corresponding
low resolution and high resolution CT scanning for the femur region. (d) and (e) are the reconstructed result and corresponding, high resolution middle plane
section. (f) is the comparison view of image (c) matrix and image (e) boundary edges.

in Fig. 4(f) highlights local consistencies in key structural regions, such
as the blank area in the bottom-left corner, the dense arc of principal
tensile trabecular in the mid-region, and the upper-right region [47].
Under the influence of compliance performance and local volume
constraints by LR CT, the predicted image can not only construct
bone network along the diagonal hip contact force direction (following
macro mechanic regularity), but also keeps patient-specific spares or
pores features under individual error. The feature similarity index
(FSIM) between the reconstructed model and the HR CT image reaches
approximately 0.94, which further approves the method’s accuracy and
robustness.

3.3. Human femoral VOI reconstruction

In this section, age 50 ~ 65 femur bone samples through air-drying
method [48] of 6 x 6 x 6 mm® VOIs located at the femoral head,
as illustrated in Fig. 4, are reconstructed using the proposed method.
The VOI is still selected at femoral head, while its pixel size is refined
from an initial element size of 0.3 mm to 0.06 mm, enabling sufficient
resolution for capturing trabecular branching patterns. Accordingly, the

mesh resolution increases from 20 x 20 x 20 to 100 x 100 x 100.
To avoid high computational efficiency, only a 0.6 mm thick middle
layer is designated as the active region during optimization, while
the surrounding layers are treated as topological passive elements in
the optimization-based reconstruction process [40]. This setup can
adequately reconstruct the detailed trabecular architecture for clinical
evaluation, while greatly reducing computational time from 3 days to
less 20 min per case (300 iterations) on a Dell workstation (AMD Ryzen
7980X CPU, 128 GB RAM, A4000 16 GB GPU).

Fig. 5 compares the reconstructed trabecular structures obtained
from conventional topology optimization (TO) and the proposed robust
topology optimization (RTO) method. The TO results are generated by
setting the objective weight w, = 0. While both approaches qualita-
tively align with the low-resolution CT (LR-CT) data, the RTO method
yields structures with notably improved connectivity and branching of
the trabecular network. This enhancement is particularly evident in
Case-5, where RTO produces slender, well-connected trabecular struts
with a more homogeneous spatial distribution, in contrast to the local
voids seen in the TO results.
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Fig. 5. The bone reconstruction solutions for 5 standard femoral head VOIs based on 0.3 mm initial resolution, by either topology or robust topology optimization

method.

Conventional topology optimization (TO) methods typically do not
generate isolated elements, as they contribute the material mass but
have no influence on the stiffness performance. However, in the context
of trabecular bone reconstruction, such as in this study and in [14], the
enforcement of local volume constraints (g;) can lead to the appearance
of isolated pixels in void regions, as observed in most TO results
in Fig. 5. These isolated bone fragments not only reduce the visual
quality of the reconstructed image but also lack anatomical plausibility,
given that suspended bone mass within the marrow is unrealistic. In
contrast, the proposed RTO-based bone reconstruction method inte-
grates these dense regions into the surrounding trabecular network,
promoting branching along multiple principal stress trajectories. This
leads to significantly improved directional connectivity and structural
realism, offering clear advantages for both biomechanical accuracy and
image-based bone structure modeling.

Correspondingly, the average FSIM index for the TO and RTO pre-
dictions with respect to LR images are of 92.4% and 93.6%, evidencing
the overall structural feature similarity for the both predicted images
compared to initial coarsen CT structure; Typically for Case-5, the FSIM
is measured to be improved from 91.2% to 93.4% by robust technique

consideration. From engineering perspective, above data reveals the
reinforce isotropic elasticity of the RTO structure by lower the error
influence, suggesting enhanced mechanical performance of structure
by facilitating stress transfer across multiple directions, thus improving
the stability of the structure under variable loading conditions [29,49].
Although the FSIM index indicates a high degree of visual similarity
in the overall alignment of the trabecular networks produced by both
TO and RTO, it does not fully capture the statistical differences in
their trabecular properties. To quantitatively assess these differences
— especially those relevant to clinical diagnosis — four key trabecular
parameters were extracted using ImageJ (ver. 1.53): bone volume frac-
tion (BV /TV), trabecular thickness (Tb.Th), trabecular number (Tb.N),
and trabecular spacing (Tb.Sp). These standard bone quality metrics
are summarized in Table 1. Additionally, Fig. 6 presents error bar
plots showing the mean values and ranges across five representative
cases for both TO and RTO results. More detailed FEM verifications for
mecchanical performance of the optimal solutions are provided in the
Appendix C.

From the perspective of these 5 different samples, the proposed
RTO method maintains the patient-specific characteristics of trabecular
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The corresponding trabecular parameters, i.e. bone/total volume fraction, trabecular thickness, number and spacing, of the five

bone reconstructed cases.

Case BV/TV (%) Tb.Th (mm) Tb.N (mm™!) Tb.Sp (mm)
TO RTO TO RTO TO RTO TO RTO
1 41.333 38.203 0.155 0.193 1.581 1.527 0.483 0.505
2 62.197 55.366 0.058 0.083 1.632 1.701 0.463 0.438
3 53.682 49.809 0.104 0.102 1.388 1.685 0.57 0.443
4 53.584 49.252 0.101 0.096 1.686 1.792 0.443 0.408
5 54.477 45.299 0.134 0.118 1.152 1.760 0.718 0.418
(a) (b) (©) (d)
65 0.08 1.5 0.75
60
A0.06 - 1.4 0.65
$ 55 = ‘TE T
s g g &
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Fig. 6. The statistical comparison of five bone reconstruction cases for bone/total volume fraction, trabecular thickness, number and spacing. The error bar plot
showing the mean values as the central markers, with the upper and lower limits representing the range of variation.

Fig. A.1. Five femur bone samples used in the work.

structures across different samples, despite incorporating robustness
into the optimization. A multivariate analysis of variance (MANOVA)
confirms that sample identity significantly influences the combined set
of trabecular parameters (Wilks’ 4 < 0.001, F,; > 1000, p < 0.001),
providing statistical evidence for the distinctiveness and individuality
of the five reconstructed volumes of interest (VOIs).

From a methodological perspective, multivariate analysis of vari-
ance (MANOVA) further identified a significant overall difference be-
tween the conventional TO and proposed RTO methods across the
full set of trabecular parameters (Wilks’ A = 0.015, F,; = 112, p =
0.0043). Consistently, paired t-tests reveal notable differences in key
trabecular parameters, particularly in bone volume fraction (%, p=
0.008) and trabecular number (Th.N, p ~ 1.5 x 107°). The trabecular
thickness (Tb.Th, p = 0.472) and spacing (Tb.Sp, p = 0.179) do
not show statistically significant differences likely due to the limited
sample size (n < 5). Despite, a large absolute error at 0.03 mm level
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is still observed in Sample 2, corresponding approximately 12.5% of
the standard trabecular thickness 0.2 mm [44]. These results clearly
demonstrate significant differences between the conventional TO and
the proposed RTO computations, supporting the effectiveness of the
newly developed method. Besides, in line with the observations dis-
cussed in Fig. 5, the RTO results also demonstrate a marked reduction
in variability. For instance, the standard deviation of Tb.Sp in the RTO
group is reduced by 66% compared to the TO group.

These improvements in consistency are further illustrated by the
narrower error bars shown in Fig. 6. For the RTO method, the corre-
sponding range of the terms, especially Tb.N and Th.Sp are obviously
smaller than that of the existing TO methods. This can be explained by
the error elimination effect of RTO method, which greatly decreases
the influence of diverse error, e.g., machine detect, patient body, and
surgeons operation through the robust sensitivity mechanism.

In overview, the above findings indicate that the RTO method
not only preserves patient-specific morphological features but also
produces more accurate trabecular micro-architectures relevant for
clinical diagnosis. While TO reconstructions exhibit large and unpre-
dictable variability across different cases, RTO consistently delivers
more controlled and clinically interpretable outcomes. For clarity,
we mainly focus on the primary trabecular geometric parameters
i.e., BV/TV,Tb.Th,Tb.N,Tbh.Sp in this section, while other supple-
mentary structural parameters including connectivity density (Conn.D),
degree of anisotropy (DA), and structure model index (SMI), also ex-
hibit consistent and favorable trends in the proposed RTO framework.
Further details regarding these parameters please refer to Appendix B.

4. Discussion

Many conventional image processing methods aim for absolute
clarity in their outputs, often producing binary (0-1) representations
of structures such as bone tissue. This thresholding strategy assumes
sharply defined material boundaries, which simplifies segmentation but
fails to capture the physiological complexity of trabecular bone. In real-
ity, trabecular bone exhibits continuous, gradient-density distributions.
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Fig. A.2. CT scan image machine and scanning process.

In this study, intermediate-density elements (i.e., grayscale units) are
retained throughout the optimization process. This modeling choice
provides two key advantages. First, it better reflects the biological
nature of trabecular bone, where even seemingly solid regions are
composed of porous, multi-scale substructures such as osteons and
Haversian canals. Second, it improves algorithmic flexibility, enabling
the model to better accommodate complex imaging constraints and sup-
porting more stable convergence during the reconstruction of intricate
bone morphologies.

Beyond the use of grayscale density values, the proposed method
also represents a conceptual and practical departure from both tra-
ditional clinical image processing techniques and contemporary data-
driven models. Unlike machine learning-based approaches that rely
on large training datasets and external supervision, our method is
fully grounded in mechanical principles and biological rules—most
notably Wolff’s law, which governs bone remodeling in response to
mechanical loading. This biologically-informed framework is not only
data-independent and computationally efficient, but also highly inter-
pretable, making it particularly well-suited for lightweight, low-cost
clinical applications such as plugin software for diagnostic imaging.

Compared to previous TO-based studies [14,21,50], the RTO-based
approach introduces a novel interpretation of Wolff’s law that ac-
counts for biological uncertainty. Traditional TO methods often equate
Wolff’s law with maximizing structural stiffness under muscle loading.
This view is relatively static and engineering-centric. It neglects the
multi-functional requirements of biological tissue, such as adaptability,
energy absorption, and robustness under varying loads. Our method
incorporates robustness directly into the optimization process and em-
phasizes structural stability in response to load variation. We offer a
biomechanically grounded reinterpretation of Wolff’s law as a balance
between acceptable stiffness and enhanced load-bearing stability that
more closely aligns with the natural behavior of bone. The improved
accuracy of RTO-based reconstructions compared with conventional TO
supports this revised understanding. Minimizing compliance variance
serves as a mechanically rigorous proxy for biological robustness sup-
ported by both computational simulations and experimental evidence.
Bone adaptation prioritizes stable mechanical performance under vari-
able physiological loads rather than optimal stiffness under a single
load condition [19,21]. Reduced variability in trabecular mechanical
response is directly linked to enhanced structural stability, fracture
resistance, and lower heterogeneity in experimental tests and micro-
finite element studies [51-53]. Our definition of robustness aligns
with the physiological need for consistent load-bearing behavior under
real-world loading uncertainty.

The VOI sizes in this work for rabbit and human femurs were de-
termined based on CT voxel resolution, trabecular representativeness,
and computational feasibility. For rabbit femurs (0.225 mm voxel size)
and standard human femurs (0.6 mm voxel size), we used VOI side
lengths of 10.8 mm (48 x 48x48 FE grid) and 24 mm (40 x 40x40 FE
grid), respectively, to ensure consistent structural representation across
species. For high-resolution femoral head trabecular reconstruction, a
6 mm cubic VOI with a 100 x 100x100 discretization (0.06 mm unit
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Table B.2
Structural parameters (Conn.D, DA, SMI) for each sample by TO
and RTO reconstruction.

Sample Method Conn.D (I/mm?) DA SMI
1 TO 0.152 1.56 2.06
1 RTO 0.145 1.50 2.01
2 TO 0.171 1.63 2.15
2 RTO 0.163 1.57 2.10
3 TO 0.148 1.54 2.00
3 RTO 0.141 1.49 1.96
4 TO 0.165 1.60 2.08
4 RTO 0.157 1.54 2.03
5 TO 0.163 1.59 2.05
5 RTO 0.155 1.53 2.00

length) was adopted to accurately resolve fine trabecular morphology
(0.2 mm thickness [44]) while maintaining computational efficiency.
Overall, all VOI dimensions were selected to balance microstructural
fidelity, statistical representativeness, and numerical tractability, with
the proposed RTO framework remaining scalable to larger domains
given additional computational resources.

The assumption of statistically independent scaling factors A; is a
practical and well-supported simplification for robust topology opti-
mization, justified by the distinct anatomical origins and relatively low
physiological correlation among the three hip load components [32,
46]. This treatment greatly improves computational feasibility for un-
certainty propagation and moment expansion, while only slightly and
conservatively overestimating load variability [36]. The ranges A, ~
U[0.8,1.2], A, ~ U[0.8,1.2], and A; ~ UJ[0.6,1.4] are rigorously based
on in vivo hip load measurements and musculoskeletal uncertainty
studies, with uniform distributions selected to avoid subjective bias and
maintain numerical efficiency [36,45,46].

High-resolution trabecular reconstruction involves heavily
constrained optimization that can pose convergence challenges. To
address this issue, the regularization term g, is introduced to stabilize
the MMA solution and improve efficiency, while the SIMP penalty
factor 3 is used to promote binary convergence. Both parameters are
selected to balance numerical performance and physical consistency.
With these settings, the RTO framework converges reliably within
300 + 50 iterations, and g, reduces the total number of iterations by
approximately 33%. Numerical tests confirm that the initial density
field affects convergence speed but has negligible influence on the final
architecture, indicating stable and robust optimization performance.

In summary, the proposed mechanically driven and biologically
informed framework offers a new perspective for clinical image pro-
cessing that explicitly incorporates biological loading uncertainty. It
delivers interpretable results, aligns with established biomechanical
principles, and scales efficiently for both research and clinical use.
Meanwhile, several limitations also point to opportunities for further
strengthening the approach. First, the current uncertainty setting is
based on perturbations of a small set of representative load components
under simplified assumptions; incorporating rich time-varying patterns
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Fig. C.1. Performance comparison between RTO and TO reconstruction
models for five human femur samples. Red points represent the expected
compliance values, while black points denote individual compliance results
from 50 random perturbed load cases.

and rare events would broaden its coverage of real-world loading.
Second, reconstruction is performed on selected VOIs with boundary
conditions transferred from a macro-scale femur model, and further
refinement of the load-transfer procedure and macro-micro scale con-
sistency is expected to improve local fidelity. Third, the present vali-
dation focuses on healthy and single anatomical coverage; extending
the study to larger datasets and additional regions (e.g., osteoporosis
sample, femoral neck and intertrochanteric area) will be beneficial to
consolidate generalizability for proposed method.

5. Conclusions

In this work, we propose a novel, lightweight, biomechanics-driven
image processing method for reconstructing high-resolution, patient-
specific CT images from low-resolution clinical scans. The approach
is grounded in the principles of Wolff’s law and the bone remodeling
process, capturing the underlying trabecular architecture of the femur.
It assumes that a physiologically realistic bone structure should exhibit
both high global stiffness and adequate mechanical stability. Accord-
ingly, the method formulates an optimization problem that balances
the minimization of compliance (i.e., maximized stiffness) with the
incorporation of biological loading uncertainties, while simultaneously
respecting local constraints imposed by the low-resolution CT data. The
result is a refined and clinically interpretable trabecular structure.

Validation using a rabbit model and a large-scale femoral head re-
gion confirms the reliability and effectiveness of the proposed method.
In practical, clinical-scale applications, the approach reconstructs de-
tailed and biologically plausible trabecular networks, with a high fea-
ture similarity index of 93.6% with respect to the corresponding origi-
nal CT images.

Compared to conventional topology optimization (TO) approaches,
our method preserves more patient-specific morphological characteris-
tics and significantly reduces the influence of imaging errors on key
bone parameters. In contrast to data-driven image processing methods,
it eliminates the need for pre-training and reliance on large datasets,
thereby enhancing computational efficiency and improving practical
applicability.

Overall, the integration of a robustness term helps to mitigate
the effects of imaging artifacts, making the method particularly well-
suited for clinical diagnostic settings. With its high efficiency and
interpretability, the proposed framework holds promise for future de-
ployment as a lightweight plugin tool for clinical use.
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Appendix A. CT scan images collection and processing

In the experimental procedure, five femur specimens (Fig. A.1) were
selected and scanned using the CurveBeam 4003 CT imaging system,
as shown in Fig. A.2(a) and (b). Prior to scanning, the specimens
were carefully cleaned and visually inspected to ensure there were no
fractures or artifacts that could affect the reconstruction process. Each
specimen was placed together in the scanner chamber, supported with
low-density foam to minimize movement and avoid beam hardening
artifacts during the scanning.

Since the samples were positioned manually, they were not aligned
with the standard anatomical reference frame. This misalignment can
lead to inconsistent slice orientation and complicate downstream mod-
eling, which is then modified by the re-sliced by the MIMICS software
in this work.
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Table C.3

Mean value and variance of compliance for RTO and TO reconstructions across five samples.
Cases RTO1 TO1 RTO2 TO2 RTO3 TO3 RTO4 TO4 RTOS5 TO5
Mean Compliance (mJ) 4.73 3.16 2.01 1.21 1.34 0.40 2.26 1.43 4.58 8.76
Variance 0.68 2.39 0.19 0.34 0.08 0.04 0.26 0.73 0.99 4.02

Appendix B. Supplementary trabecular structural parameters

Additional structural parameters were quantified to provide a more
comprehensive characterization, including connectivity density

(Conn.D), degree of anisotropy (DA), and structure model index (SM I).

Values for TO and RTO reconstructions across all samples are summa-
rized in Table B.2. Consistent with the primary morphometric param-
eters, these supplementary metrics also reveal distinct patient-specific
differences among samples, while demonstrating improved stability and
reduced variability in the proposed RTO framework relative to con-
ventional TO (paired comparisons confirm an average 28% reduction
in overall variability). Notably, RTO exhibits more complex branch
network, slightly lower anisotropy, and a structure closer to plate-like
trabecular bone compared to conventional TO

Appendix C. FEM mechanical validation of reconstructed trabec-
ulae

To verify the biomechanical reproducibility and mechanical perfor-
mance of the reconstructed trabeculae, finite element (FE) analysis was
performed on RTO and conventional TO reconstructed structures (five
human femur samples) under 50 randomly perturbed gait loads (scaling
factors A; sampled from uniform distributions in Eqgs. (7)-(9)).

FE validation results (as shown in Fig. C.1, Table C.3) confirm that
RTO-reconstructed trabeculae exhibit superior mechanical robustness
compared to TO (a low variation of compliance response under differ-
ent loadings), while maintaining global stiffness relatively comparable
to the level of TO ones. This biomechanical reproducibility of RTO con-
firms that the proposed RTO method effectively improves mechanical
robustness metrics of trabecular structures.
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