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Abstract. Cranial implant design for cranioplasty remains a time-intensive
task requiring specialized expertise, often leading to delays in treating
traumatic brain injuries (TBI). While automating the implant design
shows promise, there is a scarcity of diverse, annotated surgical datasets
and models that generalize across different clinical domains (different
acquitision machines and image processing techniques). We propose a
pipeline to bridge this gap by enabling the generation of a low compu-
tational cost and large-scale, surgical training data from standard, non-
defective CT scans. We introduce Craniolmplnp, an end-to-end frame-
work for Al-assisted implant inpainting in surgical planning. The pipeline
starts with raw CT scans, which are segmented using the open-weights
TotalSegmentator model. To address data scarcity, we developed a de-
fect generation algorithm that injects realistic, diverse defects into bi-
narized skulls, serving as a reproducible research resource for dataset-
centric community building. Augmented datasets were used to train a 3D
Conditional Wavelet Diffusion Model (¢(WDM), which leverages wavelet
transforms for computationally efficient 3D inpainting without the need
for intensive GPU-based latent space training. Our model was trained
using the augmented CQ500 dataset and evaluated against the Skull-
Break benchmark. The model SBCQ10 achieved a Dice Similarity Coef-
ficient (DSC) of 90.3% and a 95th percentile Hausdorff Distance (HD95)
of 2.15mm on the SkullBreak test set. Crucially, the data augmenta-
tion pipeline enabled superior generalization to out-of-distribution data,
achieving 92.7% DSC and 6.31mm HD95 on the CQ500 test set, where
the non-augmented baseline performed worse. Qualitative evaluation on
three real clinical TBI cases demonstrated high-quality surgical planning
proposals. This work provides a scalable framework for the usability of
non-defective head CT data. By providing a method to transform public
CT datasets into robust training resources, we move toward generaliz-
able Al software that deceases the heavy workload in cranioplasty surgery
planning.

Keywords: cranioplasty - surgical planning - dataset augmentation -
image inpainting - conditional diffusion models - wavelet transform.
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1 Introduction

Cranioplasty is a surgical procedure that repairs a defective segment of the pa-
tient’s skull [1]. It is used to protect the brain’s structure and function. After
a decompressive craniotomy (DC), neuro-motor or cognitive impacts are con-
sequences of the trephined syndrome. The probability of occurrence increases
with the waiting time for cranioplasty. Cranioplasty prevents this by normaliz-
ing the cerebral blood flow and protecting the region of the brain where the skull
segment was removed.

Materials used for cranioplasty can be categorized into biological and syn-
thetic types. The biological materials are usually obtained from cadavers of an-
imals (xenografts), cadavers of humans (allografts) or from your own body (au-
tografts). Methyl methacylate and polyether ether ketone (PEEK) are popular
materials for implants nowadays. PEEK is lightweight and does not interfere
with image acquisition on the patient, for example, such as CT scans or MRI
scans. These materials can be 3D-printed, allowing for increased speed in sur-
gical planning when compared to other types of manufactoring [6]. Despite the
advantages, designing implants using these materials still demands several hours
from a trained doctor or biomedical engineer; therefore, using of artificial intel-
ligence to generate implants could reduce the time devoted to implant design.
The task of automatically creating the implants became popular with the Au-
tolmplant 2021 challenge [10]. The challenge introduced binary skull volumes
with defects and the goal was to generate the implant needed for each defect.
Among the best entries in the challenge, the techniques used were based on the
U-Net architecture, deep learning networks, or generative adversarial networks
(GANs) for inpainting. In the area of image generation, diffusion models be-
came increasingly popular due to their advantages over GANs, including higher
image quality and diversity, and greater training stability,|[7]. Despite their ad-
vantages, diffusion models are notoriously more computationally expensive to
train and slower and GANS, especially when using 3D data. To solve this issue
there are several approaches, such as dividing the input into smaller 3D patches,
Variational Auto-Encoders (VAE) that transform the input space into its la-
tent feature space [11], or Wavelet Diffusion Models (WDM) that apply Wavelet
Transforms to the input [12] before feeding it to a diffusion model.

Although several models achieve promising performances on the automatic
inpainting task, they cannot be applied to other datasets due to a lack of gen-
eralization arising from the scarse quantity of data. Our proposal is designed
around this problem since it can create new defective skull samples from any
CT dataset, moving the field towards a dataset and generalizable models for
skull inpainting.

In this work, we present a complete pipeline that starts with a CT scan
dataset containing the patient’s head region. The cranium is segmented using
an open-weight and open-source model called TotalSegmentator [14]. Using an al-
gorithm that injects defects into the binarized cranium, we build several datasets
with varying numbers of defects per patient that can be used to augment the
training of a conditional WDM (¢cWDM) [4].
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The contributions of the work are the following: competitive performance in
the leaderboard of the Autolmplant2021 challenge and with recent published
works on the topic; an end-to-end pipeline of CT scan to implant generation is
proposed; a defect generation algorithm that can be used in any binarized skull
dataset and allows the creation of multiple defects in the same skull; and, a
qualitative and quantitative clinical evaluation of the implants generated using
the proposed methodologies.

Acknowledgement: This work was financially supported by the Werner
Siemens Foundation through the MIRACLE II project.

2 Related Work

The first edition of the Autolmplant Challenge in 2020 drew attention to the
clinical application of computer vision in generating implants for defective skulls.
Later, the follow-up challenge, AutoImplant 2021, introduced two datasets, Skull-
Break and SkullFix [8, 10|, which encouraged the development of deep learning
solutions for the skull inpainting problem. The submission that came in first
place used a 3D U-Net [15], trained with the SkullBreak and SkullFix datasets
and achieved a performance of 87% DSC, in subsequent works [16,17] the au-
thors use the baseline of the first work and perform dataset augmentation using
cross-case image registration and using the new training cases from the image
registration to train a Variational Auto-Encoder (VAE) that would generate
new 100.000 training samples. In their latest work [17], a detailed exploration of
augmentation techniques is performed, adding GAN, Vector Quantisized-VAE,
and a Latent Diffusion Model to the image registration and traditional VAE
augmentation methods. The combination of all augmentation techniques cul-
minated in a performance of 95% DSC and 1.13 mm HD95 in the SkullBreak
dataset. Although the combination of these techniques performs well, the time
required for training and sampling the new training samples might not be prac-
tical if, in the end, the model does not generalize to a different domain or clinical
setting. The work of [5] explored a point-cloud diffusion model, achieving com-
petitive of 87% DSC. Friedrich’s algorithm avoided GPU memory limitations
of 3d diffusion models by shifting the skull inpainting task from the voxel to
wavelet domain. In [18], two 3D encoder-decoder networks are used to inpaint
defective skulls. The first network is used to generate the implant in a lower
resolution, and the second network increases the voxel resolution of the implant,
making it more finer-grained. A clinical assessment compared geometric proper-
ties between of Al-generated and the manually generated implants, concluding
that Al-generated implants exhibited greater skull symmetry than the manual
implants and saved the clinician time in implant design. The work of [9] uses
a private dataset comprising 167 healthy skulls and 9 different injection defects
applied to each skull, resulting in 1503 defective skulls. The paired sets of healthy
and defective skulls are used to train an encoder-decoder deep learning model
that achieved a Dice Score of 77% in the implant region. The clinical applica-
bility of these implants is studied and compared with that of implants created
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using commercial software. In quantitative terms, the implants created by the
model had higher DSC, precision, and recall than the manually-made implants.
It is important to note that these metrics only measure the overlap and similar-
ity between the implant and the original part of the healthy skull, and do not
consider the clinical applicability of thinner implants or the implant’s ability to
fit within the skull.

3 Background and Methods

3.1 Datasets and Defect Generation Algorithm

The SkullBreak private dataset [8] consists of data derived from the CQ500
dataset [2]. The dataset includes 114 skulls, and, for each skull, five different
synthetic defects: a unilateral defect in the parieto-temporal area, a unilateral
defect in the fronto-orbital area, a bilateral defect, and two random defects. This
resulted in 570 training cases. Each sample has dimensions of 512x512x512 and
a voxel size of 0.4 mm. Pre-processing involved acquisition-geometry regulariza-
tion and rigid alignment using landmarks that define the Frankfort horizontal
plane. Skull segmentation from CT was performed using a convolutional neural
network followed by a graph-cut refinement. The defect generation process in-
volves subtracting a binary defect shape from the complete skull, followed by
border smoothing using morphological operations. However, the precise algo-
rithm is not publicly documented, and the corresponding code is not available.

The CQ500 dataset is publicly available and contains 491 head CT scans.
Most of the scans are from patients with head trauma or stroke symptoms,
such as different types of intracranial hemorrhages. Scans are in DICOM format
and were collected from multiple CT scanner models with varying protocols,
representing real-world diversity. Due to severe artifacts, registration failures,
resolution discrepancies, or incomplete skull coverage, only 200 of the 500 scans
were used for our experiments. We will refer to this dataset as the CQ dataset
from now on. The SkullBreak dataset was also generated from the CQ500 but
the binarization of the skulls, the patient selection and the implant generation
is different, therefore, we assume these two datasets as if two different domains.

The CQ dataset was binarized by using the TotalSegmentator (an open-
weights model that can segment several structures in CT and MRI scans) [14]
to segment the skulls of all of the patients, as depicted in Figure 1. After skull
segmentation, the defect-generation algorithm was applied to produce various
defective versions of each skull.

The defects were generated by randomly sampling locations within the seg-
mented skull; the randomly sampled voxels served as the defect centers. Two
types of defects were used: spheres and rectangular blocks. Spherical defects
were defined by a center and radius, while center coordinates and random di-
mensions defined rectangular defects. Defect masks were smoothed using a bi-
nary morphological opening and elastically deformed to emulate realistic defect
boundaries.
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To increase geometric variability, up to three additional border defects were
sequentially added at randomly sampled points along the border of the initial
defect. Each defect followed the same generation and smoothing process and
was merged with the existing defects. To summarize, each skull had different
defective versions; in each defective version, the skull could have up to n defects;
and, finally, each of these defects could have smaller k defects on its borders.

The final defect volume was subtracted from the original binary skull volume
to produce a defective skull, and the difference between the original skull and
the defective one constituted the implant used for evaluation. For each patient,
multiple defective volumes were created and saved along with the corresponding
implant volumes and a CSV file containing detailed defect metadata.

m W

CT scan Skull Segmentation CT scan w/ E Binary skull Binary skull
w/ TotalSegmentator segmentation ! w/ defects

Fig.1: CT scan to binarized image with defect generation.

The selection of patients from the CQ500 and generation algorithm can be
found in our GitHub repository: https://github.com/RicardoCQB/bc-wdm-3d.

3.2 Conditional Wavelet Diffusion Model (cWDM)

Our framework utilizes a Conditional Wavelet Diffusion Model (cWDM)
[4], a generative approach that produces data by reversing a progressive Gaussian
noising process. Unlike Latent Diffusion Models [13] that rely on computationally
expensive pre-trained autoencoders, the cWDM uses a 3D discrete Haar wavelet
transform (DWT) to achieve dimensionality reduction without additional train-
ing. Let yo € RPXH>XW denote the original binary skull and ¢y the defective
condition. Both are decomposed via DWT into representations g = DWT (yq)
and ¢ = DWT(cg) in R¥*DP/2XH/2xW/2 gionificantly lowering GPU memory
requirements for 3D processing. The model learns a reverse Markovian process
where a neural network ¢y is trained to estimate the noise added at each step
of the forward diffusion process [3]. During inference, a noise vector zp is sam-
pled from a standard normal distribution and iteratively denoised; at each step,
the current sample is concatenated with the wavelet-transformed condition ¢
to guide the inpainting. The final predicted wavelet coefficients z§ are mapped
back to the spatial domain using the inverse discrete wavelet transform (IDWT)
as yg = IDWT(xf) to produce the completed 3D skull volume.
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4 Results and Discussion

In Figure 2 and Figure 3, we present the average Dice Similarity Coefficient
(DSC) and 95th percentile Hausdorff Distance (HD95) values, respectively, for
each trained model evaluated on the SkullBreak (SB) and CQ test sets. The
models compared are: (i) SB, trained only on the SkullBreak dataset; (ii) SBCQ3,
trained on SkullBreak and the CQ dataset where each patient had three different
defective skulls generated; (iii) SBCQ5 (5 defects); (iv) SBCQ10 (10 defects); and
(v) SBCQ20 (20 defects).

It is clear from the figures that the baseline SB model fails to generalize to the
CQ test set, achieving a very low mean DSC of 0.305 and a very high mean HD95
of 105.66 £+ 29.88 mm. In contrast, augmenting the training data with synthet-
ically generated defects from the CQ dataset greatly improved performance on
the CQ test set. As more defect examples are added (from SBCQ3 to SBCQ20),
the mean DSC on the CQ test set increases significantly from 0.862 to 0.927,
while the mean HD95 simultaneously decreased from 18.56 mm to 6.31 mm. The
performance on the SB test set remained high across all models, with the mean
DSC peaking at 0.903 for the SBCQ10 model. The performance of the final
model, SBCQ20, appeared to stabilize on both test sets, achieving a DSC on the
SB test set (0.889) similar to that of the SBCQ10 model (0.903), suggesting a
point of diminishing returns with additional data augmentation.

The increments on the average DSC value in the CQ test set demonstrate
the benefit of increasing the number of training cases using the defect generation
algorithm. Relative to the SBCQ3 model, the mean DSC increased by approx-
imately 3.4% for SBCQ5 to 0.891, 6.6% for SBCQ10 to 0.919, and 7.6% for
SBCQ20 to 0.927. The benefits of increasing the number of training cases in our
experiments appear to stabilize at around 10-20 defects per patient skull.
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Fig. 2: Boxplot of the DSC performance distribution for each model on the Skull-
Break (yellow) and CQ (blue) test sets.
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Fig.3: Boxplot of the HD95 performance distribution for each model on the
SkullBreak (yellow) and CQ (blue) test sets. The HD95 values for the baseline
(SB) model were so high that we omitted them from the visualization.

In Figure 4, we observe that most models generate high-quality implants for
the SkullBreak test set; the red and green circles indicate the greatest changes
in implants for the CQ test set (blue implants). The SB model in the CQ test
set erroneously filled skull cavities that should have remained open, such as the
eye socket (orbita) and nose cavity. This proves that a model trained on the SB
dataset alone does not generalize well enough to other datasets and that training
a model with a small amount of newly generated data on a similar distribution
can improve the implant generation greatly, as seen in the generated implants of
the CQ test set obtained using the SBCQ3 model with only minor extra data.

Figure 5 demonstrates the use of our suggested pipeline in three patients
who had part of their skull removed. The CT scans of the patients underwent
TotalSegmentator segmentation for the cranium, and the binarized skull was
then used as input to the SBCQ20 model to produce the resulting implants.
The implants of Patient 1 and 3 show promising results for clinical usage as it
fills the defect completely, thus providing the implant designer with a reasonable
starting point towards the final implant. Alternatevily, the defect in the skull of
Patient 2 is recognized but the inpainting model fails to completely fill the area
of the defect.

5 Conclusions

This work presents CraniolmpInp, an end-to-end framework that receives raw
CT data, uses TotalSegmentator to do bone segmentation of the dataset’s pop-
ulation and introduces new synthetic defects to the patient’s skulls aiming to
augment the training data and, finally, it trains a cWDM to generate skull im-
plants that can help speed up the design process and thus, the surgical planning
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Fig.4: Visualization of defective skulls with the generated implant from each
trained model. The yellow implants correspond to the SB test set, and the blue
implants to the CQ test set.

of cranioplasty. Results show higher generalization to out-of-distribution test
sets. The SBCQ20 model achieved a DSC of 92.7% on the CQ test set, proving
that a rule-based and inexpensive augmentation algorithm can improve perfor-
mance in new clinical data, even if that data has no defected samples. While the
current framework provides a logical solution for automatic implant generation,
future work should focus on refining the low-cost synthetic data augmentation
based on clinician recommendations and TBI defect statistics to further enhance
surgical precision. By providing a scalable method to generate reproducible re-
search resources, this work moves the field toward generalizable solutions that
can significantly decrease the time and resources required for patient-specific
implant design.
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