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Abstract— Effective bone fracture reconstruction is crucial
for patient outcomes, yet existing methods struggle with spatial
misalignment and predictive precision. This work leverages
machine learning for surgical planning, applying ideas and
methods of image in-painting to the problem of bone re-
construction. We employ Variational Autoencoders (VAE) to
generate estimated healthy bone structures from fractured CT
scans.

Our Kkey contributions include: i) a novel adaptation of
Spatial Transformer Network (STN) for 3D spatial registration,
enabling robust alignment of CT fragments, ii) a comparative
evaluation of autoencoder architectures for modeling bone CTs,
and iii) an extension of these techniques to masked CT images,
allowing predictive reconstruction of healthy bone structures.

I. INTRODUCTION

Bone fractures are relatively common, and the effec-
tiveness of reconstructive surgery plays a critical role in
determining a patient’s long-term quality of life, given the
limited regenerative capacity of bone tissue [L15], [8], [12].
In this project, we explore the use of machine learning to
aid in bone reconstruction surgery.

To determine the optimal repositioning of the bone frag-
ments, we first need to generate an estimated healthy variant
of the fractures. This problem can be considered related
to image in-painting in the field of computer science. A
commonly adopted approach, as mentioned in Masked Au-
toencoder (MAE) [6], involves using Transformers [[14], [4]]
or Variational Autoencoders (VAE) [9] as encoder-decoder
architectures. By randomly masking parts of the training
data, the model is trained to enhance its ability to re-
construct missing information. Additionally, more efficient
feature extraction modules, such as Fast Fourier Convolution
(FFC) [3l, have been demonstrated in Resolution-Robust
Large Mask Inpainting (LAMA) [13] to enhance the per-
formance of image inpainting.

However, since mainstream image models are primar-
ily based on Convolutional Neural Networks (CNN) [10]
and CNNs only possess translational invariance, naively
applying existing encoder-decoder architectures fails to map
data transformed by special Euclidean group transformations
SE(3) onto the same feature vectors. To address this issue,
a common approach in the medical field is to perform
data registration, which eliminates the special Euclidean
group SE(3) transformations present in the data, allowing
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Fig. 1: Overview of the proposed methods. On the far
left is the dataset of unregistered CT images. Subsequently,
we apply two different registration methods. The first in-
volves optimizing the affine transformation parameters for
each data pair, while the second focuses on optimizing the
neural network parameters. After this step, we obtain (1)
the registered CT images and (2) a reference CT image,
which we refer to as the prototype. Using the registered
data, combined with random masking, we train multiple
Auto-en/decoder. Finally, the registered data, along with the
previously obtained prototype, is used to train a model for
registering masked CT images.

subsequent computations to be conducted within a stan-
dardized coordinate system. Common methods for point-
cloud registration include Iterative Closest Point (ICP) [l]]
and Random Sample Consensus (RANSAC) [S]. However,
since the CT data we use are significantly denser than point
clouds, employing deep learning-based registration methods
designed for tensors is more appropriate. VoxelMorph [2]
leverages Spatial Transformer Networks (STN) [7l], a net-
work capable of computing the partial derivatives of affine
transformations for each voxel. By integrating STN into a
U-Net [[11] architecture, VoxelMorph generates a registration
vector for each voxel in the tensor, eventually producing a
registration field.

Our current research focuses on the development of au-
toencoders to assist in surgical planning. More specifically,
our goal is to develop a system capable of processing raw
CT fragment data, registering it to a standardized coordinate
system, and predicting its healthy variant.

Our novel contributions include: i) the modified STN to
predict the global spatial registration of a 3D image tensor, ii)
a comparison of alternative AE architectures to model bone
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TABLE I: Qualitative comparison of reconstructed Tibia for investigated Registration and Autoencoding methods. 3D models
were generated using a multi-threshold Marching Cubes methods.

CTs, and iii) an extension of both of the above to masked CT
images, enabling the predictive decoding to a healthy bone
in standard coordinates.

II. METHOD
A. Registration for intact Tibia

As shown in [T} our pipeline takes an unnormalized CT as
input, followed by registration modules.

In our experiments, we tested three alternative registration
methods: directly optimizing the registration parameters,
training a Registration Network [7] to predict the registration
parameters, and optimizing deep network parameters with
the input data masked. The data obtained from these three
methods were then used to train the encoder-decoder model.

We further tested three different encoder-decoder models:
traditional PCA, VAE, and the increasingly popular VQVAE.

Tab. [ shows qualitative results for all combinations of
the registration and encoder-decoder methods. We find that
VQVAE performs the best; however, qualitative analysis
indicates that VQVAE tends to overfit the data, leading to
artifacts in the generated results, as shown in the Tab. m

The results indicate that using the trained Registration
Network outperforms the other registration methods, while
also maintaining acceptable error levels when applied to
masked data.

III. CONCLUSION

In this study, we developed a registration method to
eliminate SE(3) transformations present in the dataset, thus
aligning the entire data set with a unified coordinate system.
Subsequently, we compared the impact of two different
registration methods on the performance of an encoder-
decoder model and found that training a registration method

based on a STN yielded better results. Finally, we extend
the registration method to alignment of masked information,
enabling the trained model to be applied to real-world data.

(d)

(b)

Fig. 2: Illustrations of a fractured tibia in 2D and 3D. (a)
and (c) show the 2D and 3D representations, respectively. (b)
and (d) show the corresponding segmentations, with different
colors representing different segmentation.

In the future, based on the results of this study, we
will perform registration on real skeletal fragments and
use the trained encoder-decoder model to reconstruct the
healthy target variant. As shown in Fig. 2} given the large
number of fragments, our next step will be to extend the
problem to address a combinatorial optimization problem in
a continuous 3D space.
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