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Abstract. This paper presents a fast, learning-free registration method
tailored to clinical constraints. While shape registration is fundamental
to medical imaging, existing techniques often force a trade-off between
computational scalability and strict topology preservation. Current dif-
feomorphic methods are either computationally expensive or demand ex-
tensive pre-processing, such as training neural networks on large datasets.
This renders them impractical for clinical studies, which often rely on
limited cohorts. Image-based methods also require large memory banks
to process high-resolution data, while surface-based approaches have re-
ceived less attention in the deep learning era. In this context, we propose
a principled registration algorithm that alternates between a feature-
aware matching scheme, a conjugate gradient solver and a diffeomorphic
shooting step. Our pipeline can handle point clouds, curves and surface
meshes. It is compatible with clinical workflows and can register a pair of
shapes sampled with 10k points each in one second, without landmarks
or supervision. We demonstrate consistent results on several anatomical
structures and showcase the efficiency of our method by computing an
atlas from hundreds of complex vertebral scans in a few minutes. Upon
publication, our code will be released under the permissive MIT license
at: scikit-shapes.github.io.
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1 Introduction and Related Works

Context. Non-rigid shape registration facilitates essential tasks in medical
imaging, including statistical shape modeling [9] and the generation of patient-
specific finite-element structures [31]. Within orthopedic imaging, it enables pre-
cise clinical evaluations of pathologies like idiopathic scoliosis [12]. As clinical
cohorts increasingly scale to include hundreds or thousands of subjects, there is
a need for methods that are both computationally efficient and fully automated.

Trade-offs. Traditional registration methods typically treat non-rigid align-
ment as a non-convex optimization problem [19], whereas the last decade has seen

https://scikit-shapes.github.io
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Fig. 1. Our method can handle both point clouds and meshes. Using an affordable
gaming GPU (Nvidia RTX 3090), we register vertebrae sampled with 10k points each
in 1 s (left) and lung vascular trees sampled with 40k points each in 20 s (right).

a surge in learning-based alternatives [3]. These paradigms offer complementary
advantages: while learning-based methods provide rapid inference and state-of-
the-art accuracy, they necessitate computationally intensive training phases and
may lack robustness when encountering atypical anatomical variations [14].

The selection of a shape encoding format is equally context-dependent. Al-
though anatomical data is primarily acquired in volumetric formats, processing
high-resolution 3D grids poses significant memory constraints. In contrast, point-
based representations such as point clouds, curves, and surface meshes discard
intensity information but are orders of magnitude more efficient, as they lo-
calize samples only on relevant boundary regions [15]. This facilitates precise
morphometry on standard clinical workstations.

While preserving topological integrity is essential to prevent non-physical
artifacts such as self-intersections or mesh folding, providing such a guarantee
at an affordable computational cost remains challenging. Principled frameworks
such as Large Deformation Diffeomorphic Metric Mapping (LDDMM) [4,34] and
repulsive shells [27] offer rigorous guarantees but suffer from high computational
complexity. Consequently, for large-scale clinical studies where high throughput
is critical, researchers often pivot toward more efficient algorithms such as Non-
rigid ICP [1] or functional maps [23]. However, these faster methods frequently
introduce mesh tearing or triangle inversions, which can significantly undermine
the reliability of downstream morphometric analyses.

Contributions. We propose a learning-free registration method that removes
the need for extensive training data or human supervision, while preserving
the topological guarantees of Large Deformation Diffeomorphic Metric Mapping
(LDDMM) [4,34]. Compared to the canonical point-based LDDMM implemen-
tation Deformetrica [5], we achieve a ∼40× speedup and better Chamfer and
Hausdorff distances. This efficiency stems from three ingredients novel to point-
based LDDMM: (i) an alternate minimization scheme inspired by the Majorize-
Minimize framework and the Demons algorithm [33,36] to decouple matching
and regularization, evaluated alongside a normalized kernel matrix (4); (ii) an
analytic 3×3 Block-Jacobi preconditioner with closed-form eigenvectors; and (iii)
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early termination of the inner conjugate gradient loop at tolerance r/10, where
r is the current kernel radius. Combined, these reduce the inner CG loop from
20–30 iterations to 1–5. Our framework couples this fast quadratic step with a
diffeomorphic shooting mechanism [11,17] to ensure topological correctness with-
out the high overhead of traditional LDDMM. The resulting method is robust
and versatile; with default parameters, it accurately registers varied anatomical
geometries (Fig. 1). We demonstrate the scalability of our approach by gener-
ating a statistical shape model from 978 vertebrae in 17 minutes on a typical
workstation. Finally, we provide a portable implementation of our pipeline within
the Scikit-Shapes Python library (scikit-shapes.github.io) under the per-
missive MIT license.

2 Methods

Our method takes as input a source and a target shape identified with 3D point
clouds S = (x1, . . . , xN) and T = (y1, . . . , yM), respectively. We adopt an itera-
tive refinement strategy [1,22] comprising three primary phases:

1. Matching. Identification of point-wise correspondences (xi ↔ yj).
2. Regularization. Integration of correspondences into a globally smooth dis-

placement field.
3. Deformation. Update of the source point positions xi to reduce the residual

distance to the target T .

Matching. While advanced coupling algorithms based on optimal transport
theory [30] or functional maps [23] are becoming increasingly popular, we found
an affordable closest point matching scheme suitable for our purposes. For every
source point xi, we compute a feature vector:

fi = [xi, γ FPFH(xi) ] ∈ R3+33 , (1)

where the Fast Point Feature Histograms (FPFH) [25] denote local descriptors
in dimension 33 which are invariant to rigid transformations, and γ ≥ 0 is a
scaling weight chosen to ensure that the collections of N coordinate vectors xi

and rescaled FPFH vectors have the same standard deviations. Likewise, we use
the same scaling factor γ to compute a feature vector gj in R36 for every target
point yj . Then, we compute the forward correspondence map σ : {1, . . . ,N} →
{1, . . . ,M} and its backward counterpart τ with a nearest-neighbor search:

σ(i) = argmin
j∈{1,...,M}

∥fi − gj∥2 , τ(j) = argmin
i∈{1,...,N}

∥fi − gj∥2 . (2)

For every source point xi, consider the set Ti = {yj ∈ T | τ(j) = i} of target
points whose closest source neighbor is xi. If it is empty, we simply define the
effective target position zi of the point xi as its nearest target point yσ(i). But if
Ti is not empty, we compute its barycenter ti and use an effective target position
zi = (1− κ) yσ(i) + κ ti, where κ = 0.7 is a weight parameter that we choose to
promote a full coverage of the target shape T .

https://scikit-shapes.github.io
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Regularization. Since the closest point projections σ and τ may introduce
topological artifacts, we must regularize the vector field of point displacements
ui = zi − xi. To this end, we solve the optimization problem:

v⋆ = argmin
v∈RN×3

λ · v⊤K−1v︸ ︷︷ ︸
Reg(v)

+
∑N

i=1(vi − ui)
⊤Li(vi − ui)︸ ︷︷ ︸

Loss(x+v)

, (3)

where λ = 1 is a parameter that controls the goodness of fit, L1, . . . , LN are
symmetric, positive-definite 3× 3 matrices that we define in the next paragraph
and K is a symmetric, positive-definite 3N× 3N matrix that is often interpreted
as a covariance matrix or as a cometric in the shape space literature [18,11].
Standard choices for the covariance matrix K include the scale-invariant Thin
Plate Spline kernel matrix [6], or the Gaussian kernel matrix used by the Coher-
ent Point Drift and LDDMM methods [22,5]. Following recent works on diffusion
operators [17], we use a normalized kernel matrix K ∈ R3N×3N made up of 3×3
blocks:

Kij = sisjk(xi, xj) I3 , (4)

where I3 denotes the 3 × 3 identity block, k(xi, xj) = exp(−∥xi − xj∥/r) is an
exponential kernel of radius r > 0 and si = 1/(

∑N
j=1 k(xi, xj))

1/2 is a positive
scaling factor.

Loss Functions. If the source and target shapes correspond to raw 3D point
clouds, we can simply minimize a squared Euclidean error and use identity blocks
Li =

1
NI3. For surface meshes, however, this penalty could promote overfitting

to the specific triangulation of the target surface. Assuming that we have access
to unit point normals ni and mj in R3 for the points xi and yj , respectively, we
thus prefer the plane-to-plane penalty [28] induced by the 3× 3 blocks:

Li =
1
N

[
(nin

⊤
i +mσ(i)m

⊤
σ(i)) + α · (2 I3 − nin

⊤
i −mσ(i)m

⊤
σ(i))

]
(5)

that use a scaling parameter α = 0.1 to penalize normal displacements more
strongly than sliding along the tangential planes of both surfaces. Likewise, we
can use tangent vectors to define curve-to-curve penalties or rely on plane-to-
point losses to match surface meshes onto raw point clouds.

Efficient Linear Solver. If L denotes the block-diagonal matrix obtained by
concatenating the 3× 3 blocks L1, . . . , LN, the solution v⋆ of Eq. (3) then reads:

v⋆ = Kp⋆ , with (K + λL−1) p⋆ = u . (6)

Since (K + λL−1) is symmetric positive-definite, we use a conjugate gradient
solver to compute the optimal vector field p⋆ ∈ RN×3. In order to avoid wasteful
computations, we make two crucial observations. First, since we are working with
deformations at scale r > 0, we may stop the conjugate gradient loop as soon as
the average norm of the residual vector field [(K + λL−1)p− u] is smaller than
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a fixed tolerance r/10. Second, we can use a Block-Jacobi preconditioner P−1

to improve the condition number of the system. We propose to approximate the
kernel matrix K by its diagonal blocks Kii = s2i I3 and invert the 3×3 blocks Li

of L analytically. For the plane-to-plane penalty of Eq. (5), the inverse of each
local preconditioner block Pi = s2i I3 + λL−1

i then reads:

P−1
i =

3∑
k=1

1

µk

eke
⊤
k

∥ek∥2
, (7)

with eigenvectors e1 = ni × mσ(i), e2 = ni + mσ(i), e3 = ni − mσ(i) and
corresponding eigenvalues µ1 = s2i +

λ
2α , µ2 = s2i +

λ
1+α+(1−α)n⊤

i mσ(i)
, and µ3 =

s2i + λ
1+α−(1−α)n⊤

i mσ(i)
. In practice, these two remarks allow us to break the

conjugate gradient loop after 1 to 5 iterations, instead of the 20 to 30 iterations
required by an off-the-shelf solver to reach numerical precision. We rely on the
KeOps library to implement products with the kernel matrix K on the GPU,
with optimized run times and a linear memory footprint [7].

Deformation. While the optimal vector field v⋆ ∈ RN×3 provides a smooth
direction for deformation, updating source point positions via a single step xi ←
xi + v⋆i often leads to folding artifacts and self-intersections. To ensure topology
preservation throughout the registration process, we employ an LDDMM-like
shooting method by integrating the Hamiltonian flow:{

q̇(t) = Kq(t)p(t)

ṗ(t) = − 1
2∇q

(
p(t)⊤Kq(t)p(t)

) (8)

on point clouds q(t) = (q1(t), . . . , qN(t)) ∈ RN×3 and momentum vector fields
p(t) = (p1(t), . . . , pN(t)) ∈ RN×3. We initialize the system at q(0) = (x1, . . . , xN)
and set the initial momentum p(0) = p⋆, corresponding to the solution of Eq. (6).

The final deformed positions are obtained by integrating the flow to time
t = 1, such that xi ← qi(1). Crucially, because the exponential kernel is globally
Lipschitz, the resulting velocity field is uniformly Lipschitz; by the Cauchy-
Lipschitz theorem, this guarantees unique ODE solutions and ensures the defor-
mation is a topology-preserving homeomorphism. To mitigate the contraction-
expansion artifacts inherent in standard LDDMM geodesics [20], we apply a
normalization to the kernel matrix as detailed in [11, Fig. 5.15] or [17, Fig. 5]
and expressed in Eq. (4). This bounds the spectrum of K in [0, 1], strictly con-
trolling the kinetic energy (∥v∥2 = p⊤Kp ≤ ∥p∥2) and ensuring that deformation
velocities do not explode in regions with high sampling density. Furthermore, to
guarantee numerical stability and strict topological consistency, we employ an
adaptive Euler integrator. We strictly constrain the step size dt so that point dis-
placements ∥qi(t+dt)−qi(t)∥ never exceed the local sampling length ℓ, ensuring
each step is too small to invert a source triangle.
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Affine Alignment and Multiscale Heuristics. Our iterative matching, reg-
ularization, and deformation process is designed to drive the source point cloud
S toward the target shape T . To ensure convergence to corresponding anatom-
ical structures, we employ a two-stage initialization strategy: a robust affine
pre-alignment followed by a multiscale annealing heuristic. Both stages are fully
automatic and require no manual landmarks or template-specific tuning.

First, we perform a rigid alignment of S onto T using a RANSAC-ICP (It-
erative Closest Point) algorithm informed by FPFH descriptors. To account for
inter-subject variability, we subsequently apply anisotropic scaling along each
canonical axis, ensuring that the bounding boxes of the source and target ge-
ometries coincide. This normalization procedure effectively mitigates initial pose
and scale discrepancies.

To further refine the registration, we introduce a sequence of four logarith-
mically spaced kernel radii r1 > r2 > r3 > r4, bounded by rinit = r1 (set to the
source shape radius) and rfinal = r4 (set to the sampling length ℓ). Starting from
the affine-registered output, we perform four iterations of the “match-regularize-
deform” registration loop at each scale. During the first two scales (r1, r2), we
leverage FPFH features to guide the matching. At the final two scales (r3, r4),
we transition to a purely spatial matching strategy based on 3D point coordi-
nates, which enhances precision. In total, our approach performs 16 iterations.
The computational complexity of each iteration is governed by the O(N2) run-
time of the matrix-vector products associated with the kernel matrix K within
the conjugate gradient solver and the Hamiltonian flow.

Background. We frame our method as an efficient, Gauss-Newton-like ap-
proach to Large Deformation Diffeomorphic Metric Mapping (LDDMM). While
Gauss-Newton-Krylov schemes have been well-established for diffeomorphic reg-
istration on dense voxel grids [19], current state-of-the-art implementations for
point-based representations typically rely on extensive quasi-Newton iterations
to converge toward optimal deformations [5]. By conducting a rigorous analysis
of the optimization landscape, we have developed a strategy that reduces the
complexity of this fundamental processing step by an order of magnitude, main-
taining high levels of robustness and accuracy while significantly accelerating
the registration pipeline.

3 Experiments

Datasets. To evaluate the robustness and versatility of our method, we conduct
experiments on two distinct medical imaging datasets. First, we perform verte-
bral registration, a task characterized by high morphological variability across
the cervical, thoracic, and lumbar regions. We use the VerSe dataset, a compre-
hensive collection of 374 CT scans from 355 patients, and adhere to the standard-
ized training, validation and test partitions [29]. We process the expert-annotated
Nifti masks through a dedicated pipeline: we apply anisotropic Gaussian smooth-
ing to suppress voxel-based staircasing artifacts, followed by boundary surface
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extraction using the PyVista library [32]. To optimize computational efficiency
for point-based registration methods, we decimate the resulting surfaces from
50k to 10k points using quadric error metrics [13]. As source templates for these
target vertebrae, we use standardized anatomical meshes from the BodyParts3D
database [21], refined with Loop subdivision and uniform remeshing [35].

To demonstrate topological versatility, we also register 54 pairs of lung vas-
cular trees from the Lung250M-4B dataset [10], sampled with around 40k points
each. This experiment shows that our pipeline can handle complex branching
structures without domain-specific heuristics.

General Setup & Baselines. We run all experiments on a Dell worksta-
tion equipped with 64 Gb of RAM, an Intel Xeon W-2255 CPU (3.70GHz) and
an Nvidia RTX 3090 GPU. We benchmark against two established registration
frameworks: the LDDMM-based Deformetrica and the deep-learning architec-
ture VoxelMorph. We exclude the widely-used ANTs toolkit [2], as its SyN
algorithm required over ten minutes per vertebral pair, proving computationally
prohibitive for our cohort. To ensure a fair comparison, all baselines were ini-
tialized with our affine pre-alignment and rigorously tuned on the VerSe dataset
to optimize the trade-off between registration accuracy and topological preser-
vation. More precisely:

– For our method, we used kernel radii ranging from rinit = 10 mm to rfinal =
4 mm, corresponding to the expected scale of the largest displacements and
to the spatial resolution of the coarsest source volumes, respectively.

– VoxelMorph was implemented in PyTorch [24]. Due to architectural and
memory constraints, each vertebra was resampled as a 96× 96× 96 segmen-
tation mask. To optimize boundary alignment, we tested both a Dice loss on
binary masks and a Mean Squared Error loss on exact Euclidean distance
fields. Both struggled with high-fidelity alignment; we report the distance-
field results for their superior gradient stability. The model was trained for
100 epochs (Adam optimizer, learning rate 2 · 10−4) with an ℓ2 spatial gra-
dient penalty to ensure smooth deformations.

– Deformetrica was driven by an L-BFGS optimizer and a varifold loss [8].
The deformation and matching kernel widths were both set to 5 mm, main-
taining consistency with the final scale of our proposed method. The noise
standard deviation was fixed at 0.7.

Evaluation. We evaluate performance using three surface metrics: Chamfer
Distance (CD) for global alignment, 95th percentile Hausdorff Distance
(HD95) for worst-case local misalignment, and the variance of the surface
log-Jacobian for deformation regularity. For the lung registration task, accu-
racy is measured using the 100 landmarks per tree provided in Lung250M-4B.

As shown in Table 1, our framework combines the speed of deep learning
with the precision of classical LDDMM, achieving sub-millimeter surface align-
ment in 1.05±0.10 s. While VoxelMorph provides the fastest inference (15.2 ms),
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(b) Deformetrica(a) Source (d) Target(c) Ours

Fig. 2. Registration of a C7 vertebral template (a) onto a segmented sample (d). Un-
like Deformetrica (b), which induces tangential compression manifesting as excessive
stretching of the mesh triangulation, our method (c) achieves high geometric fidelity
with minimal distortion. By enforcing strict topological constraints, our model pre-
serves the structural integrity of the source, allowing for the accurate localization of
the transverse foramina even in the presence of segmentation errors in the target.

Table 1. Quantitative comparison on 757 vertebrae from the VerSe dataset. Our
method achieves the highest surface alignment accuracy and preserves topological
structures, without requiring access to a training dataset and the related computa-
tional overhead.

Method Chamfer HD95 Log-Jacobian Training Inference
(mm) ↓ (mm) ↓ Variance ↓ Time ↓ Time ↓

VoxelMorph 2.39± 1.20 7.68± 4.58 0.12± 0.10 46 min 15.2± 0.05 ms
Deformetrica 0.24± 0.12 0.74± 1.61 0.38± 0.47 0 s 43.50± 11.6 s
Ours 0.22± 0.08 0.64± 0.40 0.16± 0.14 0 s 1.05± 0.10 s

its low log-Jacobian variance (0.12± 0.10) is a byproduct of under-deformation;
the network struggles to align complex vertebral features (yielding a HD95 of
7.68±4.58 mm) and predicts overly conservative displacements. In contrast, our
method successfully captures these large deformations while maintaining excel-
lent topological integrity (log-Jacobian variance of 0.16±0.14). As illustrated in
Fig. 2, whereas Deformetrica struggles with tangential compression artifacts, our
approach achieves smooth, high-fidelity alignments, strictly outperforming De-
formetrica while operating roughly 40× faster. Crucially, while traditional CPU-
bound frameworks like ANTs SyN would require days of continuous computation
to register our test cohort, our approach requires only a single consumer-grade
GPU (Nvidia RTX 3090) to process the same data in minutes.

Going beyond surface meshes, and as a proof-of-concept, our pipeline success-
fully registered the complex vascular trees of the Lung250M-4B dataset sampled
at 40k points in just 20 seconds per pair, achieving a mean landmark distance of
3.08 mm without any specialized pre-processing or extensive parameter tuning.

Atlas Estimation. We demonstrate our framework’s scalability by computing
a Statistical Shape Model (SSM) from 978 VerSe test vertebrae in just 17 minutes
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on a single workstation. Using the refined BodyParts3D templates introduced
above, we compute mean anatomical vertebrae and their modes of variation.
Because our method strictly regularizes local expansions and compressions, the
resulting atlas preserves high-frequency structural details such as transverse and
spinous processes.

Limitations and Future Works. While our method is orders of magnitude
faster than other topology-preserving baselines, our run times remain quadratic
due to our brute-force implementation of kernel matrix-vector products with
KeOps [7]. Future work will explore approximate schemes like the Fast Gauss
Transform, giga-scale GPU matrix-vector multiplication [16] and other similar
techniques [26] to mitigate quadratic complexity. Additionally, extending this
framework to accommodate partial overlaps, quantifying atlas template bias in
heterogeneous cohorts, and broadening the anatomical scope of our evaluations
remain critical objectives.
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