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Abstract: Medical image registration, encompassing both
rigid and non-rigid transformations, plays a fundamental role
in medical image analysis. Applications such as therapy plan-
ning, longitudinal disease analyses, and model-based segmen-
tation benefit from the use of registration. While rigid registra-
tion suffices for applications like bone imaging, where motion
is constrained by joints and bone stiffness, non-rigid registra-
tion becomes necessary to accommodate tissue deformation
from interventions, temporal changes, and substantial anatom-
ical variability across individuals. However, non-rigid regis-
tration comes at the cost of overfitting, implying the potential
loss of anatomical plausibility.
This work presents a hybrid framework that combines Statis-
tical Shape Models (SSM) and Active Shape Models (ASM)
with kernel-based Principal Components Analysis (kPCA) to
derive statistics of vertebral joint poses, setting a foundation
to constrain joint pose changes in a registration setup. Using
Computed Tomography (CT)-derived vertebral meshes, the
pipeline generates mesh correspondence via Coherent Point
Drift (CPD), shape variability using SSM and ASM, and
estimates orientation through Principal Component Analysis
(PCA)-based coordinate frames. The resulting model captures
non-linear anatomical variation while maintaining geometric
consistency across samples.
Experimental results demonstrate that the proposed approach
can reconstruct vertebral shapes with mean reconstruction er-
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rors of 7.55±2.25 mm, while robustly estimating intervertebral
orientations and distances. The study highlights the feasibility
of extracting anatomical priors with the possibility of integra-
tion into non-rigid registration frameworks to improve both
accuracy and biomechanical realism.
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1 Introduction

Medical image analysis has become an indispensable tool for
modern medicine. It can support application cases, such as
therapy planning, disease monitoring, combinations of data in
preoperative and intra-operative imaging settings, or longitudi-
nal image analysis [1]. For two images taken at different times,
rigid registration can be useful when analyzing movement-
constrained regions, such as bones. However, when soft tissue
or joints should be analyzed, unconstrained, non-rigid registra-
tion is used at the cost of a possible overfit, risking unrealistic
anatomical deformation of structures [1].

Standard intensity-based registration methods do not ex-
plicitly encode complex biomechanical constraints present in
the spine. Tissue-differentiation approaches [2] and stiffness-
regularization frameworks [3] partially address this, but rely
on predefined physical priors that may not generalize across
patients with pathological deformations. Learning-based de-
formation models offer flexibility but require large anno-
tated datasets and offer limited interpretability of learned con-
straints. In contrast, SSMs offer a data-driven way to learn
anatomical variability directly from CT-derived shapes, en-
forcing plausibility during reconstruction without requiring
explicit physical priors. We propose a pipeline combining
SSM and ASM with kPCA to estimate the relative pose be-
tween vertebrae, providing a principled, anatomy-aware foun-
dation for joint-constrained spine registration.
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Fig. 1: Workflow chart describing the process of anatomical vari-
ability in the spine.

2 Methods

The following chapter proposes a workflow for constraining
non-rigid registration based on anatomical variability as pre-
sented in Figure 1.

2.1 Dataset and Preprocessing

In this work, the VerSe dataset [4] is used. Its high-quality
semi-manually annotated vertebrae segmentations ensure bet-
ter model performance in later reconstruction steps. We incor-
porated a total of 2,627 vertebrae from 234 patients, randomly
splitting all vertebrae into 80 % training data and 20 % test
data. In the next step, the segmentation masks were converted
into polyhedral data including a Laplacian smoothing step over
10 iterations correcting implausible surface shapes caused by
the low resolution of the CT.

2.2 Alignment and Landmarking

The meshes were prepared for the SSM by normalizing the
scale and position, followed by Iterative Closest Point (ICP)
registration between the extracted mesh and a reference mesh
used as atlas per vertebra group (C1, C2, ..., L5), and sampling
of corresponding points for each group.

The position of all meshes’ vertices was normalized, com-
puting the mean position of all vertices and translating all
the shapes to a mean point. We then defined the scale of the

meshes as the mean Euclidean distance of each vertex to its
centroid and correspondingly rescaled them to a scale of one.

Lastly, 500 corresponding points were predicted per
mesh, using one uniformly sampled mesh as a reference and
applying CPD as described by Myronenko et al. [5]. Each ver-
tebral group has their own set of corresponding points. CPD
was selected over alternative non-rigid point-set methods due
to its probabilistic formulation, which provides robustness to
noise and outliers without requiring manually defined land-
marks — properties critical given CT segmentation artifacts.

2.3 Statistical Shape Modeling and
Shape Reconstruction

With the aligned shapes and corresponding points, firstly, a
mean shape can be modeled using Generalized Procrustes
Analysis (GPA), calculating the mean position for each point
group [6, 7]. The mean shape helps us in later shape recon-
struction steps. Reconstruction is meant as the process of map-
ping the shape of a vertebra using ASM compared to the sur-
face of the annotated label map. Due to the complex surface
structure of the vertebra, we applied kPCA with a Radial Ba-
sis Function (RBF) kernel, which has been shown to better
capture the non-linear variation of the vertebrae surface than
the linear PCA [8], allowing the modeling of the non-linear
variation in the data.

Alternative approaches, such as mesh-based variational
autoencoders have demonstrated superior non-linear modeling
capacity but require training sets an order of magnitude larger
than the 2,627 vertebrae available here [9].

New shapes are reconstructed by projecting into the kPCA
space and inverting the learned transformation, followed by re-
application of the saved rigid registration and scaling.

2.4 Estimation of Orientation

For each vertebra, a local coordinate frame was established
based on its principal axes of variation. The centroid of the
vertebra surface points was computed as the mean of all vertex
coordinates, and the corresponding covariance matrix was de-
rived from the centered points. The eigenvalue-decomposition
of this covariance matrix yielded three orthonormal eigenvec-
tors representing the major, intermediate, and minor anatom-
ical axes of the vertebra. These vectors were ordered by de-
scending eigenvalues to define the 𝑥−, 𝑦−, and 𝑧−axes of the
vertebral principal component frame.

To ensure consistent axis orientation and ordering across
all vertebrae, a frame alignment procedure was applied. Using
the first vertebra as a reference, each subsequent vertebra’s lo-
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Fig. 2: Comparison of the lumbar section of the reference spine
(left in each pair) and the reconstructed spine (right in each pair)
visualized in the sagittal plane (first pair) and coronal plane (sec-
ond pair). Solid surfaces represent the ground-truth vertebrae,
while point clouds indicate the reconstructed shapes obtained
from the SSM. The figure demonstrates that the reconstruction
preserves vertebral orientation, ordering and global geometry
while maintaining the original Neuroimaging Informatics Technol-
ogy Initiative (NIfTI), world-space coordinate system.

cal coordinate system was compared through all possible per-
mutations of its axes. The permutation maximizing the align-
ment score, computed as the sum of absolute dot products be-
tween corresponding axes, was selected. Sign inversions were
corrected to maintain consistent axis directionality, and the de-
terminant of each transformation matrix was verified to pre-
serve a right-handed coordinate system. This process ensured
globally consistent PCA-based coordinate frames for all ver-
tebrae, allowing coherent orientation analysis across the spine
model.

2.5 Intervertebral Statistics

Distance measures for registration and reconstruction error
and intervertebral distances were calculated as Euclidean dis-
tance. Rotation between two angles was calculated returning
the rotation as Euler angle for all three axes.

3 Results

3.1 Alignment

To quantitatively confirm the benefit of scale normalization,
an ablation analysis of variance was performed using the non-
parametric Wilcoxon signed-rank test. This test was chosen,
due to the non-parametric distribution of the data. The mean
improvement was 0.83 ± 1.75 mm, and all vertebral groups
demonstrated statistically significant difference (p<0.05).

3.2 Sampling

Achieving consistent point correspondence across all vertebral
meshes forms the foundation for reliable statistical shape mod-
eling. Following Dupej et al. [10], each vertebra was registered
to its reference shape using the CPD algorithm. Subsequently,
for each point on the reference mesh, the closest point on the
registered target mesh was identified, establishing a one-to-one
point correspondence. Each mesh was then uniformly resam-
pled to 500 points, balancing computational cost and geomet-
ric fidelity, compared to sampling to 250 and 1000 landmarks.

Comparing reconstruction results across 250-, 500-, and
1000-point sampling, a consistent improvement was observed
in nearly all vertebrae with increasing point density. Quanti-
tative analysis demonstrated a significant improvement (mean
(𝑝 < 0.05)), with the mean Mean Absolute Error (MAE) de-
creasing from 8.50 mm (250 points) to 7.75 mm (500 points)
and further to 6.93 mm (1000 points). This corresponds to
an overall improvement of about 1.57 mm from 250 to 1000
points, with an average standard deviation of 0.11–0.14 mm
across all configurations.

This procedure ensures that corresponding vertices repre-
sent homologous anatomical locations across subjects, which
is critical for valid covariance estimation in PCA and its
nonlinear extensions. Although in highly deformed vertebrae
some local deviations remained, quantitative and qualitative
analysis confirmed overall coherence of correspondences, pro-
viding a robust basis for subsequent shape analysis.

3.3 Reconstruction

Reconstruction of the vertebral shape using ASM provided
anatomically consistent result that were robust to local seg-
mentation artifacts, calcification and structural deformations.
Quantitative analysis revealed that the mean reconstruction er-
ror varied between 4.82 mm (vertebra T2) and 17.51 mm (ver-
tebra L5) over all used subjects. The weighted global mean
reconstruction error on the test-set was 7.55 ± 2.25 mm, indi-
cating overall stability.

3.4 Orientation

While the vertebral orientation can be extracted directly from
the mesh, we demonstrate that reconstructing the mesh has
a minimal but significant impact on the results. Comparing
the angles extracted from the mesh against those from the
reconstructed model using a Wilcoxon signed-rank test, sig-
nificant differences were found for the x-axis (mean differ-
ence 1.52°±9.21°, 𝑝 < 0.001) and y-axis (1.16°±11.20°,
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𝑝 = 0.008), but not for the z-axis (−0.13°±10.71°, 𝑝 = 0.404).
The centroid angle showed a small but significant difference of
−0.79°±12.77° (𝑝 < 0.001), consistent with centroids being
robust to reconstruction. The variation of orientation amounts
to 6.767°±7.943° in the x-axis, 7.884°±9.207° for the y-axis,
and 7.381°±11.161° for the z-axis.

4 Discussion

This work presented a data-driven framework that com-
bines SSM and ASM to learn plausible vertebral morphology
from CT data. The preprocessing pipeline successfully gen-
erated consistent meshes, established dense point correspon-
dences, and produced stable non-linear kPCA-based models
for each vertebra. Reconstruction experiments showed that the
ASM approach preserved global shape characteristics with a
weighted mean error of 7.55 ± 2.25 mm. The per-vertebra
range (4.82 mm at T2 to 17.51 mm at L5) reflects the increas-
ing geometric complexity of lower lumbar vertebrae, where
larger transverse processes and more variable morphology re-
duce reconstruction fidelity, suggesting the model is more re-
liable as a pose prior for thoracic than lower lumbar levels.
While this error magnitude is higher than reported by Clogen-
son et al. [11] or Day et al. [12], the ASM prioritizes landmark
prediction constrained by anatomical variability, making it ro-
bust to segmentation errors, pathological deformations, and
other surface artifacts.

Orientation estimation using PCA-based coordinate
frames showed axis-dependent reconstruction impact, as de-
tailed in 2.4. Given the reported inter-observer variability of
Cobb angle measurement is typically on the order of (3–5°),
this level of error may be acceptable for spinal curve analy-
sis [13]. However, the large standard deviations across all axes
indicate that the spread reflects inherent anatomical variabil-
ity in the dataset rather than reconstruction error. For down-
stream joint-constrained registration, x- and y-axis estimates
should be interpreted with awareness of this variability, and
supplemented by additional anatomical constraints where pre-
cision is critical. The approach provides a foundation for re-
ducing deformation overfitting and improving the biological
interpretability of longitudinal CT registration.
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