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Abstract. Three-dimensional femoral reconstruction from radiographs
supports surgical planning, implant sizing, and post-operative follow-up,
but remains ill-posed as X-ray projections discard depth information.
Existing methods often incorporate a 3D statistical shape model (SSM)
as a shape prior to guide reconstructions toward anatomically plausible
shapes, relying on iterative 3D-to-2D projection matching. Yet, these ap-
proaches are computationally expensive and constrain their SSM to a sin-
gle dimensionality, leaving the statistical relationship between 2D obser-
vations and 3D geometry largely unexploited and unexplored. We instead
propose a joint 2D-3D SSM that explicitly captures the co-variation be-
tween 2D and 3D segmentations in a shared latent space. During train-
ing, 2D and 3D segmentations are registered to a common 3D template
and its corresponding 2D projections, and the resulting stationary ve-
locity fields are jointly decomposed using principal component analysis
(PCA). This joint modeling allows the 2D-t0-3D mapping to be learned
directly from data rather than computing correspondences at inference
time. For unseen subjects, the 3D shape is recovered directly by lifting
the 2D latent coordinates to the 3D PCA subspace, thereby eliminat-
ing the need for iterative 3D-to-2D projection. Experiments on NMDID
demonstrate that the proposed joint 2D-3D SSM outperforms a widely-
used 3D-only SSM baseline while achieving inference approximately 4
times faster, at under 3 seconds per subject. The code is available at:
https://github.com /florence-dellaniello- picard /joint2d3d-ssm.
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1 Introduction

Fast and accurate patient-specific three-dimensional (3D) femoral reconstruction
is highly sought in knee arthroplasty for pre-operative planning, implant sizing,
and post-operative follow-up [13,15,19]. Radiographs are widely accessible and
routinely acquired in clinical practice, making them a practical imaging modality
for reconstruction. However, reconstructing 3D geometry from two-dimensional
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(2D) X-ray images is fundamentally ill-posed: depth information is irreversibly
lost during the 3D-to-2D projection, such that multiple distinct shapes can pro-
duce nearly identical radiographs [9]. Although computed tomography (CT) and
magnetic resonance imaging (MRI) resolve this ambiguity by providing volumet-
ric data, they entail higher clinical burden, including radiation exposure for CT
and longer acquisition times for MRI [9,14]. The development of methods that
rapidly and accurately recover 3D geometry from radiographs alone is therefore
of clinical interest.

To regularize the underdetermined 2D-to-3D reconstruction, existing meth-
ods mostly rely on statistical shape models (SSMs), which encode a priori
knowledge of population-level anatomical variation [8,12,21]. By capturing a
mean shape and its principal modes of variation, SSMs guide reconstructions to
anatomically plausible configurations. SSMs are based on a single geometric di-
mensionality, for example, 2D-only or 3D-only, and built either from anatomical
landmarks [1,6], or deformation fields [7,22]. The former defines explicit corre-
spondences across subjects, while the latter describes how each patient differs
from a common template [21]. Although the landmark-based approach is usually
preferred for its simplicity and interpretability, deformation-based SSMs estab-
lish denser correspondences and offer a richer, more continuous representation of
shape variation across a population [22,26]. A popular choice is to parameterize
the deformations as stationary velocity fields (SVFs), which can be exponenti-
ated to produce smooth, invertible deformations and are well-suited for principal
component analysis (PCA)-based modeling due to their linearity in the Lie al-
gebra [7]. For these reasons, this work adopts deformation-based SSMs, though
the proposed method could be extended to landmark-based representations.

Conventionally, the 2D-to-3D reconstruction problem is formulated as an
optimization problem: SSM parameters are iteratively adjusted to minimize a
discrepancy between 3D projections onto 2D planes and observed radiographs.
Features such as anatomical landmarks [3], contours [4], or pixel intensities [18]
are used, with at least two views required to constrain the 3D shape [4,21,27].
Each iteration requires projecting 3D features into 2D, which is computationally
inefficient. Repeated across multiple iterations and views, this renders 2D-to-3D
reconstruction time-consuming [15]. However, beyond this practical cost lies an
even more fundamental limitation: existing SSMs are constructed in a single geo-
metric dimensionality, e.g., either 2D or 3D, and lack an intrinsic representation
of the statistical relationship between 2D observations and 3D geometry. Each
reconstruction relies on an explicit 3D-to-2D projection at every iteration, and
the mapping from 2D to 3D must be recovered anew for each subject rather than
learned once from data [4,15,22,27].

To address both the computational cost of iterative optimization and the
single-dimensionality of existing SSMs, we propose a joint 2D-3D SSM that
learns the co-variation between 2D and 3D SVFs directly from data. For each
subject, biplanar projections are simulated from CT-derived segmentations, pro-
ducing paired 2D and 3D shapes. Anatomical variation across three views — an-
teroposterior (AP), mediolateral (ML), and 3D — is represented as SVFs [24],
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Fig. 1. Overview of the proposed joint 2D-3D statistical shape model for patient-
specific 2D-to-3D reconstruction. We learn a joint 2D-3D statistical shape model that
captures co-variation between 2D and 3D images in a shared latent space, enabling fast
and accurate 3D reconstruction from 2D images alone.

and PCA is applied to their concatenation [17]. Since the 2D-to-3D relationship
is encoded in a joint latent space, 3D reconstruction of unseen shapes reduces
to inferring 2D latent coordinates from 2D observations, followed by a simple
projection onto the 3D subspace, without per-subject optimization or explicit
3D-to-2D projection. This is well-suited for orthopedics, where radiographs are
routinely acquired, and fast 3D reconstruction benefits surgical planning. We
evaluate the proposed framework on femur reconstruction using the New Mex-
ico Decedent Image Database (NMDID) [10]. Our contributions are as follows:

— We propose a joint 2D-3D SSM over paired SVFs that explicitly encodes the
co-variation between 2D and 3D segmentations in a shared latent space.

— We formulate 2D-to-3D reconstruction as a closed-form inference problem:
estimating latent coordinates from 2D observations and projecting them onto
the 3D subspace, eliminating per-subject iterative optimization.

— We validate on femoral data from NMDID [10], demonstrating that our joint
2D-3D SSM outperforms a widely-used traditional 3D SSM baseline.
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2 Methods

Let us consider a dataset D = {S?P, 537 }j\’:l of N paired 2D and 3D segmen-
tations, all rigidly registered to an arbitrarily selected reference frame. For each
subject j, SJ?D = {S](-l), ceey S;P)} is a set of P 2D segmentations from different

imaging views, while SJ‘?’D denotes the corresponding 3D segmentation. In our
experiments, we use a standard clinical setting with P = 2, and the views are
the standard AP and ML projections. Our goal is to learn a joint 2D-3D SSM
that couples 2D and 3D anatomical variation in a shared latent space, enabling
direct estimation of $3P from unseen S22 at inference time. Figure 1 illustrates
the proposed framework, detailed below.

2.1 Joint 2D-3D Statistical Shape Model

To capture patient-specific anatomical variations, we first define a common 3D
reference template 732, which can be any representative shape. In our exper-
iments, we use the voxel-wise average of the 3D shapes in D. We then diffeo-
morphically register each S;’D to T3P, and each 2D segmentation SJ(»p ) to the
corresponding 2D projection of the template, for p = 1,..., P. Each registration
produces a deformation field, which we parameterize as an SVF, that maps the
input 2D or 3D segmentations to their corresponding templates. As elements of a
Lie algebra, SVFs exponentiate to diffeomorphic deformations, ensuring that any
linear combination in latent space produces anatomically plausible shapes [2].
() (P) 3D

For each subject j, we obtain a collection of SVFs: ViV VT where

V](-p) is the SVF for the p-th 2D view and V?D is the SVF for the 3D view.

To construct the joint model, we flatten each SVF into a vector. For each
view m € M, where M = {1,..., P,3D} denotes the set of all 2D and 3D views,
we independently z-score normalize the flattened SVF and scale it by the inverse
square root of its dimensionality:

~m __ V;’n — MK

\z =D m € M. (1)
In this expression, u,, and o,, are the per-voxel mean and standard deviation
of view m computed over D, and D,, is the dimensionality of the flattened SVF
of view m. The z-score normalization standardizes the distribution of each voxel
across subjects, while dividing by v/D,, prevents higher-dimensional views from
dominating the covariance, ensuring that each view contributes equally to the
total variance of the joint representation.

We then stack all views of every subject into a shared data matrix X € RN*P,
where D = 25:1 D, + D3p, such that the first dimensions of the paired SVF
correspond to the 2D velocity fields, and the last dimensions to the 3D velocity
fields. The j-th row of X corresponds to:

~(1 ~(P ~
xj = [V | P 9] (2)
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We apply PCA to X, yielding principal components u; and associated vari-
ances \,. Each component is partitioned as:

we = [uf [+ [ul” [Pl (3)

Any new multi-view shape can be approximated using the first K principal
components:

K
Xj ~ szkuk, (4)
k=1

where z;j, is the latent coordinate of subject j along the k-th principal compo-
nent, and K is chosen to retain a desired percentage of the total variance.

2.2 Patient-Specific Shape Reconstruction

Given the 2D segmentations S2P of an unseen subject i, we aim to recover the
corresponding 3D shape 3D We register each Si(p ) to their 2D projection of the
template, obtaining SVFs vgl), e ,VZ(»P), which are flattened, normalized and
scaled following Eq. (1) and concatenated into a 2D observation vector:

Xions = [V |-+ | 9(7)]. (5)

We seek the latent coordinates z that best explain the 2D observations while
remaining close to the training distribution. Specifically, we minimize:

2 _
L(z) = ||xi70bS — UZszH +azlA 1z, (6)
where Uy = [uiD}le with w2l = [ug) [ -] u,(cp)} is the submatrix of prin-
cipal components corresponding to the 2D views, A = diag(A1,...,Ak) is the

diagonal matrix of explained variances, and o > 0 is a scalar controlling the
strength of the regularization. Setting the gradient of £ to zero yields the fol-
lowing closed-form linear system:

(UobsUg;)s + 04/171) z = Uobs Xi,0bs (7)

which is solved directly using Cholesky decomposition.
Once z is obtained, we reconstruct the 3D velocity field in the normalized and
scaled space by projecting onto the 3D subspace of the principal components:

‘QISD = USTDZ7 (8>

K . .
where Usp = [u%D ] x—1- The result is then rescaled and denormalized to recover,

in the original SVF space, the velocity field to be applied to the 3D template:

VP = (\/ Dsp \2’3D> ®osp + psp, 9)
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where ® denotes element-wise multiplication.

Finally, v3P is exponentiated to a diffeomorphic deformation field using scal-
ing and squaring [24]. Since the deformation is estimated in the direction of the
template, the inverse SVF is applied to 7P to recover the predicted 3D shape:

3P — 8P 4 exp(—\73D) , (10)

where exp(-) is the exponential map, and o spatial composition. Our entire ap-
proach thus requires only the 2D segmentations S?P as input to estimate S37.

3 Results

Our experiments evaluate our proposed 2D-3D SSM for the reconstruction of 3D
femoral shapes from DRRs of two standard biplanar clinical views, AP and ML.
We first demonstrate that our method outperforms a standard 3D SSM baseline
in reconstruction accuracy while achieving substantially reduced inference time.
We further validate that the learned joint latent space captures meaningful and
geometrically consistent modes of anatomical variation.

3.1 Dataset and Preprocessing

We use 1,368 CT scans of the lower limb from NMDID [10]. The cohort comprises
781 individuals aged 7-97 years, of whom 230 are female and 551 are male.
The dataset is randomly partitioned into four disjoint subsets: a registration
set (65%), used to train VoxelMorph [5] for deformable registration; a shape-
model set (15%), used to build the template and fit the joint 2D-3D SSM; a
validation set (10%), used to select hyperparameters; and a held-out test set
(10%), used solely for evaluation. When both femurs are available for the same
individual, they are assigned to the same subset to prevent data leakage. To
ensure consistency across the dataset, all CT scans are resampled to an isotropic
spacing of (1,1,1) mm.

2D and 3D Segmentations. 3D femoral segmentations are automatically
obtained using TotalSegmentator [25], removing the need for manual annotation.
To establish a common coordinate frame for statistical shape modeling, right
femurs are mirrored to the left side, and all segmentations are rigidly aligned to
a reference femur using ANTs [23]. The reference is selected as the first femur in
the dataset. The aligned femurs are cropped to 180 mm to ensure comparable
length across subjects, and padded to a fixed volume size of 128 x 256 x 256 vx.
For each 3D segmentation, we simulate two standard clinical views (P = 2), AP
and ML, as DRRs of size 1024 x 1024 px using diffdrr [11]. DRRs are generated
with a source-to-detector distance of 1800 mm, a pixel spacing of 0.304 mm, and
a camera offset of [0, 1350, 0] mm. We refer to this configuration as the projection
setup, and reuse it for all DRRs in this work. To obtain the 2D segmentations,
DRRs are binarized.
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3.2 Experimental Setup

We implement our method in PyTorch [20] and run all experiments on a single
NVIDIA RTX PRO 6000 Blackwell GPU.

Registration Models. Three VoxelMorph models [5] are trained on the reg-
istration set for pairwise registration, one per view (AP, ML, and 3D), as each
view operates in a different image space. Each model uses a U-Net encoder with
[32, 64,128, 256] features and produces a diffeomorphic deformation via SVF in-
tegration (5 steps). Training minimizes a symmetric objective that combines a
Dice loss between the two images being registered and a spatial gradient penalty
on the velocity field, weighted by 0.2. All models are optimized with Adam [16]
using a learning rate of 10~* for 5,000 iterations with a batch size of 8.

Reference Templates. The 3D template 737 is constructed as the average of
the shape-model set segmentations. Its 2D counterparts are obtained by project-
ing 73P using the AP and ML projection setup and binarizing the result. This
ensures that all three views are consistent projections of the same anatomy.

Joint 2D—-3D SSM. Each femur in the shape-model set is registered across all
three views (3D, AP, and ML) to its respective template using the corresponding
frozen VoxelMorph model. The resulting per-view SVFs are jointly decomposed
using PCA, retaining components explaining 95% of the variance (K = 38). The
regularization weight o = 107° is selected empirically on the validation set.

Baselines. We compare our proposed method against a standard 3D SSM base-
line that recovers the 3D femoral shape through iterative optimization [4,15,22,27].
This baseline is built by applying PCA to the same 3D SVFs used in our joint
2D-3D model, the only difference being that no 2D information is incorporated
during training. We retain components explaining 95% of the variance (K = 39).
At inference, the SSM shape parameters z are optimized with Adam [16] to align
the soft-binarized DRR of the estimated shape with the signed distance field of
the input AP and ML segmentations. A regularization term penalizes latent co-
ordinates that deviate from the training distribution, encouraging anatomically
plausible reconstructions. We use the projection setup from the joint model, with
an optimization step size of 1072 and a regularization weight of o = 0.2.

As alower bound, we additionally report the mean shape, i.e. the 3D template
T3P returned regardless of input, reflecting the accuracy achievable without
leveraging any 2D observations.

Evaluation Metrics Reconstruction quality is assessed on the held-out test
set using Dice similarity coefficient (DSC), 95th percentile Hausdorff distance
(HD95), and mean surface distance (MSD) between the reconstructed and ground
truth 3D femurs. We also report the average 2D-to-3D reconstruction time as a
measure of computational efficiency.
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Table 1. Quantitative performance of the joint 2D-3D SSM (ours), the 3D SSM (stan-
dard), and the Mean Shape (lower bound) on 3D femur reconstruction. Results indicate
average scores and standard deviations within the test set. Bold indicates best results.

Method DSC (%) 1+ |MSD (mm) J|HD95 (mm) || Time (s) |

Mean Shape (lower bound)| 91.25 &+ 5.50 | 1,51 + 1,03 | 3.81 & 3,46 | 0.00 =+ 0.00
3D SSM (standard) 94.96 + 2.06 | 0.89 £ 0.35 | 2.24 + 1.22 |11.08 £ 0,90
Joint 2D-3D SSM (ours) |96.15 + 1.65/0.70 + 0.281.72 + 1.00 |2.76 + 0.09

Surface Error (vs. Ground Truth) [mm]

(a) Ground Truth

(b) Mean Shape (lower bound) (c) 3D SSM (standard) (d) Joint 2D-3D SSM (ours)

Fig. 2. Surface reconstruction error for three representative test femurs, one per row.
Colours indicate absolute surface distance to the ground truth (a) for the mean
shape (lower bound) (b), the 3D SSM (standard) (c), and the proposed joint 2D-

3D SSM (ours) (d). Values near zero indicate accurate reconstruction.

3.3 3D Reconstruction Evaluation

We assess whether the co-variation learned by the joint 2D-3D SSM translates
into fast and accurate 3D reconstructions at inference. Table 1 reports quanti-
tative results on the held-out test set. The joint 2D-3D SSM outperforms both
the mean shape (lower bound) and the 3D SSM (standard) on every metric. It
achieves a DSC of 96.1541.65%, compared to 94.96+2.06% for the 3D SSM and
91.25 £+ 5.50% for the mean shape, the latter confirming that the 2D segmenta-
tions contribute meaningful subject-specific information. Surface-based metrics
follow the same trend: MSD drops to 0.70 + 0.28 mm versus 0.89 + 0.35 mm
for the 3D SSM baseline, and HD95 to 1.72 4+ 1.00 mm versus 2.24 4+ 1.22 mm.
Beyond accuracy, our method completes inference in 2.76 £ 0.09 s, roughly four
times faster than the 3D SSM (11.08 £ 0.90 s), as the reconstruction is obtained
in a single closed-form step rather than through iterative optimization. The re-
maining runtime is dominated by VoxelMorph registration and SVF integration.

To further analyze performance, Figure 2 presents the achieved reconstruc-
tions for three representative test femurs, each coloured by its surface distance
to the ground truth. Our joint 2D-3D SSM consistently outperforms the 3D SSM
baseline and the mean shape. The mean shape exhibits large errors throughout,
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Fig. 3. First three modes of variation of the 3D SSM (a) and the proposed joint 2D-3D
SSM (b). Colours represent the local displacement magnitude (mm) at +20 from the
mean shape, mapped on the mean geometry. Each mode is shown from three 3D ori-
entations; for (b), AP and ML projection views are also included. The percentage of
variance explained by each mode is reported at the bottom for both models.

reflecting its inability to adapt to individual anatomy. The 3D SSM substantially
reduces these errors, yet they persist along the shaft and around the condyles.
Our joint 2D-3D SSM produces reconstructions that are predominantly within
1 mm of the ground truth surface, with most pronounced gains at the condyles,
which serve as key anatomical references for surgical planning [13,15].

3.4 Qualitative Analysis of the Latent Space.

To validate that the learned latent spaces capture meaningful and coherent
anatomical variation, we visualize and compare the modes of variation of the
3D SSM and the proposed joint 2D-3D SSM. For each mode, we colour the
mean shape by local displacement magnitude at +2¢ from the mean, providing
an intuitive visualization of the regions most affected by each mode. Figure 3
presents three of these modes.

Mode 1 captures variation predominantly at the distal end of the shaft and
condyles, with large displacement magnitudes visible across all views for both
the 3D SSM and the joint 2D-3D SSM. The consistent pattern across AP and ML
views confirms that the joint 2D-3D SSM coherently captures this main source
of variation. Mode 2 captures a more distributed variation along the shaft of the
femur, with relatively high displacement magnitudes visible across all three 3D
views. For the joint 2D-3D SSM, the ML view shows more pronounced defor-
mation than the AP view, suggesting this mode primarily encodes mediolateral
shape changes along the shaft. Mode 3 captures a more localized variation along
the shaft and condyles, with deformation appearing more pronounced in the 3D
SSM than in the joint 2D-3D SSM. This is reflected in the 2D projections, with
the AP view presenting stronger displacements than the ML view.
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Compared to the 3D SSM, the modes of the joint 2D-3D SSM are visu-
ally similar in 3D, suggesting that incorporating 2D views does not distort the
learned 3D shape space. Furthermore, both models present a similar variance
distribution: the first three modes account for 31.0, 17.5, and 9.1% of the total
variance for the 3D SSM, and 30.3, 20.9, and 10.8% for the joint 2D-3D SSM.
In total, 39 and 38 components are needed to explain 95% of the total variance
for the 3D SSM and the joint 2D-3D SSM, respectively, confirming that the
joint model preserves the compactness of the 3D shape space while enriching
it with a 2D-consistent structure. These results demonstrate that the proposed
joint 2D-3D SSM learns a meaningful and compact latent space that coherently
captures anatomical variation across both 2D and 3D representations.

4 Conclusion

We proposed a joint 2D-3D SSM that explicitly encodes the co-variation be-
tween 2D and 3D segmentations in a shared latent space. By coupling 2D and
3D segmentations at training time, 3D shape can be recovered from 2D segmen-
tations alone through closed-form inference, requiring no iterative optimization.
Experiments on NMDID demonstrate that our method outperforms a widely-
used traditional 3D SSM on all metrics for 3D femur reconstruction: DSC im-
proves from 94.96% to 96.15%, HD95 from 2.24 mm to 1.72 mm, and MSD from
0.89 mm to 0.70 mm. Inference completes in 2.76 s, roughly four times faster
than the iterative 3D SSM baseline. Qualitative results show improvements at
the condyles, a region of particular importance for surgical planning. Analysis of
the learned latent space further confirms that the joint model captures meaning-
ful and compact modes of anatomical variation, extending the 3D shape space
with a 2D-consistent structure.

Our method currently assumes a known and fixed calibration. This assump-
tion enables the simple and efficient linear reconstruction scheme we propose.
Extending it to uncalibrated settings, for instance by jointly estimating imaging
pose parameters alongside the shape latent variables, is a promising direction
for future work that would broaden applicability to scenarios where calibration
data is unavailable or patient positioning varies significantly. More broadly, the
proposed 2D-3D SSM is not specific to femoral reconstruction. The underlying
principle, learning a joint latent space from 2D projections and 3D volumes, can
apply to any anatomical structure where paired 2D and 3D data are available,
such as the hip, spine or cardiac imaging with fluoroscopy.
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