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Abstract. The skull segmentation from CT scans can be seen as an
already solved problem. However, in MR this task has a significantly
greater complexity due to the presence of soft tissues rather than bones.
Capturing the bone structures from MR images of the head, where the
main visualization objective is the brain, is very demanding. The at-
tempts that make use of skull stripping seem to not be well suited for
this task and fail to work in many cases. On the other hand, super-
vised approaches require costly and time-consuming skull annotations.
To overcome the difficulties we propose a fully unsupervised approach,
where we do not perform the segmentation directly on MR images, but
we rather perform a synthetic CT data generation via MR-to-CT trans-
lation and perform the segmentation there. We claim that translating
the process to the CT modality is essential, as it significantly simplifies
the overall procedure by transforming the complex segmentation in MR
into a more straightforward segmentation in CT. We address many issues
associated with unsupervised skull segmentation including the unpaired
nature of MR and CT datasets (contrastive learning), low resolution
and poor quality (super-resolution), and generalization capabilities. We
demonstrate the effectiveness of our methodology through a quantitative
analysis using Dice and Surface Dice metrics on the validation dataset,
as well as on the test set to highlight its adaptability to new datasets.
The research has a significant value for downstream tasks requiring skull
segmentation from MR volumes such as craniectomy or surgery planning
and can be seen as an important step towards the utilization of synthetic
data in medical imaging.

Keywords: Deep Learning - Generative Al - Modality Translation -
Contrastive Learning - Super-Resolution - Synthetic Data - CT Synthesis

1 Introduction
Skull segmentation is a common objective of many medical imaging studies, as

it is usually the first step in processing pipelines and plays a crucial role in var-
ious diagnostic solutions. Among them, it is safe to mention: dental planning,
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Fig. 1: Inference with the use of the proposed solution. Firstly, the generator from the
CUT framework is applied. This is followed by a super-resolution module. Next, we
perform histogram matching using a different CT sample from the dataset, which does
not need to be correlated with the input MR image. After this, Hounsfield thresholding
is applied, followed by binary operations, to achieve the final skull segmentation re-
sults. The entire process leverages synthetic CT for skull segmentation via MR-to-CT
modality translation.

patient positioning, or cranial implants design [39]. On one hand, this process in
computed tomography (CT) may seem straightforward, as it commonly utilizes
the thresholding in the Hounsfield scale [33], while on the other hand, when it
comes to magnetic resonance (MR) modality, this procedure gets more compli-
cated. The reason behind this is that the main strength of MR lies in providing
detailed images of soft tissues rather than bone structures. Hence, the prob-
lem becomes highly complex, but also indispensable, as many challenges require
working on the skull (or in general bone) data, while only MR images are avail-
able or the acquisition of CT is undesired. As an example, one can mention
the case of pediatric imaging where MR is favored over CT to avoid of ionizing
radiation [2].

Among the techniques used for the separation of skull and brain structures,
skull stripping [7}/12L[35] seem to be standard solutions. Skull stripping is a tech-
nique that involves removing non-brain tissues, such as the skull and extracranial
structures. This is typically achieved through a wide range of different methods
such as classical morphological operations, or novel deep neural network archi-
tectures. Among the most widely used skull stripping methods, we find highlight
Bet [35] which is the most classic approach and relies on deformable surface mod-
els, DeepBet |7] which can be seen as a deep learning-based extension of Bet and
benefits from modifying the U-Net [32] and applying bias correction and nor-
malization, and finally SynthStrip [12] which uses a 3-D U-Net and is trained on
synthetic data. Then, to obtain a skull segmentation mask, one, can perform a
subtraction between the input MR image and output of skull stripping and apply
binary masking on top of it. However, it should be kept in mind that skull strip-
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ping methods are not directly dedicated to skull segmentation, and they may
produce some artifacts. Various supervised segmentation models have been pro-
posed in the literature to address different medical tasks. One notable solution
is the SwinUNETR |10, suited for tasks such as brain tumor segmentation from
MR images and lung tumor segmentation from CT images. However, the applica-
tion of SwWinUNETR for skull segmentation has not been explored, primarily due
to the lack of annotated datasets that include MR images of the head along with
corresponding skull segmentation masks. Additionally, supervised segmentation
methods trained on specific tasks often exhibit poor generalization capabilities,
struggling not only with different anatomical structures but also with the same
anatomical structures represented in different datasets. Finally, an approach that
can be seen as a potential go-to solution is the utilization of foundation models,
specifically Segment Anything Model |18] and to be precise, its medical variant,
MedSAM |21]. Due to the robust MedSAM training routine which also involves
training on a large-scale dataset that can handle diverse segmentation tasks, seg-
menting the skull from an MR image should also be possible. Finally, the skull
segmentation models could be trained in a supervised manner, however, such an
approach would require a significant number of annotated volumes from various
medical centers and acquisition protocols.

The concept of modality translation has already emerged in the field of gen-
erative Al, as a very wide range of models and architectures have been devel-
oped. The general concept of image-to-image translation is to find a mapping
between images from the source and target domains. The popular techniques
include GAN-based approaches [13}/41], contrastive learning [25], or diffusion
models [34]. Many of these solutions are applied in the medical image analysis
to translate between modalities, where the most important one from the per-
spective of this work is MR~to-CT [24,40]. Existing solutions in this field yield
satisfying outcomes. Nevertheless, their limitation lies in their inability to gen-
eralize effectively due to a fact of training on relatively homogeneous datasets.
This causes a challenge for skull segmentation, especially in the context of clinical
treatments, where data sources vary considerably. To take the matter further we
find two major bottlenecks of contemporary strategies. Firstly, many approaches
use solely 2-D data [20,40] rather than fully adopting a 3-D perspective, which
is computationally cheaper, however limits inference performance in real-life sce-
narios with volumetric data, particularly when considering information between
volumes. Secondly, various models are trained in the paired manner [24] which
means that there is a direct label and alignment between images from both do-
mains in the dataset, and in most of the clinical cases, the data is available only in
one modality. One more concept that should also be mentioned in terms of work-
ing on MR-to-CT translation is the resolution of these imaging techniques. Most
commonly, MR data has a lower resolution than CT data, and high-resolution
CT is desired in surgical procedures, such as craniectomy. Hence, in translation
works it is important to further target obtained synthetic CT images and upsam-
ple them into higher-resolution, with the use of classic interpolation techniques
or more robust, super-resolution networks.

162



4 K. Kwarciak et al.

Contribution: In this study, we aim to explore the emerging field of syn-
thetic data generation for medical imaging, specifically focusing on the applica-
tion of modality translation in cranioplasty to achieve unsupervised skull segmen-
tation in MR images. We solve the previously mentioned dilemmas by designing
a pipeline that enables the training on highly diverse datasets of MR and CT
images in a fully volumetric and unpaired manner with the use of contrastive
learning. We additionally provide a super-resolution module to further address
opportunities in clinical use cases, and finally, we experiment with downstream
tasks, such as the generation of synthetic CT skulls of children, and modality
translation on defective skulls. We compare the proposed approach to state-of-
the-art skull stripping methods with postprocessing and medical segmentation
foundation model, MedSAM. Importantly, our model does not require any anno-
tations during training. We would also like to emphasize the difference between
skull segmentation and skull stripping. The primary goal of skull stripping is to
separate the brain from non-brain elements, including the skull. If the final out-
put needs to include the skull, additional postprocessing steps will be required.
In contrast, the goal of skull segmentation is to specifically extract the cranial
bone, making non-bone structures unimportant. The tasks are entirely different
and face distinct challenges.

2 Methods

2.1 Pipeline Overview

The two main components of our solution are the Contrastive Unpaired Transla-
tion (CUT) [25] module and the Laplacian Pyramid Super-Resolution Network
(LapSRN) [19] module, both utilized for 3-D volumetric data processing. They
work separately and use different techniques for sampling the data from the
whole space of gathered datasets. CUT is responsible for the MR-to-CT trans-
lation in an unpaired manner, it takes unpaired samples and tries to generate a
synthetic CT image for the corresponding MR image without a vision of a direct
mapping. LapSRN is trained directly and only on high-resolution CT images to
create a pyramidal structure of increasing resolutions, with the usage of extreme
data augmentation (which we discuss further) to enhance the generalization ca-
pabilities of the model. The full architecture is presented in Figure [2 and the
inference process is presented in Figure

2.2 Preprocessing

For MR data we simply perform min-max normalization for every instance sep-
arately to obtain values in the range of [0,1] with preservation of the local dy-
namics. For CT data, we perform Hounsfield rescaling to remove the structures
that have values below -500 HU (air/background), as it enhances the training
process, and has been found to be the most efficient for the whole dataset. After
that, we also apply min-max scaling to values in the [0,1] range.
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Fig. 2: The overview of the pipeline for the Contrastive Unpaired Translation and
Laplacian Pyramid Super-Resolution Network. Note that we work on 3-D tensors, the
2-D representations are used only for visualization simplicity.

2.3 Contrastive Unpaired Translation

The CUT component of the pipeline is heavily inspired by the original work ,
however, we add several updates to address the domain specificity. The CUT
framework consists of three networks, generator GG, discriminator D, and fea-
ture extractor F', where each of them is implemented to operate on 3-D data
representations. G in the context of this work is a ResNet-like encoder-decoder
network, D is a PatchGAN discriminator [13|, and F' is a shallow multilayer
perceptron. In general, G and D follow a classic GAN minimax game, where
G aims to produce realistic CT data to fool a D network, while the D aims to
distinguish between real and generated CT data:

Laan(D, G, MR, CT) = Byer or [108 D(yren)] M
+ By i [log (1 - D(Glxpea))]

Where G as input takes a real MR image xM} and produces synthetic CT image
ySyn by learning a mapping G : xME — ybyrl The second component of the

CUT training objective is the use of noise contrastive estimation (NCE) [22].
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Fig. 3: Sampling procedure for patchwise contrastive estimation of real MR < syn-
thetic CT, and real CT < identity CT. We show a 2-D view for better visualization.

Specifically, it employs the InfoNCE loss to maximize mutual information by
distinguishing the positive sample from a set of unrelated noise samples. How-
ever, an important aspect of the CUT framework, in comparison to the original
InfoNCE work, is that the comparison is not performed between a positive sam-
ple and noise samples. Instead, it is done by comparing patches sampled from
different spatial locations. The source MR image xreal, together with its corre-
sponding synthetic CT image yg,rfl, are passed through the encoding component
of the generator Gepc, followed by the feature extractor F', to generate latent
feature vector representations in a shared embedding space. Next, a reference

patch zscyl;l(re ) is extracted from the intermediate representation of ySyrl and com-

R(+)

real  extracted from the intermediate representation

of xrea1 at the same spatial location, as well as to N — 1 negative samples zreg(_)
also taken from the intermediate representation of xM%, but taken from different
spatial locations. This setup yields the following formulation of InfoNCE loss,

with the dot product used as a similarity measure:

pared to a positive patch 2

MR MR(—
MR = LnfoNCE|MRyea1,CTayn (Zscyfl(rd), Zreal(H, Zreal( )) (2)
OT(ref) ,MR(+)
—_ log exp ( B Zreal )
CT(ref) _MR(¥ CT(ref) _MR(—) "
exp (Zsyn(re ) real( )) + Z; exp (zsy (ref) Zreal( ))

The CUT methodology also incorporates the concept of identity mapping
and utilizes InfoNCE in this setup to stabilize training, functioning similarly
to an 1dent1ty loss. These identity CT mappings are obtained via G : y$I, —
yST a2 yCT . The latent representation generation process is applied in a similar
manner: the data is passed through the encoding part of the generator Gy, and
then through the feature extractor F. This process results in the following set

of patches z?t:(wf) which is a reference patch from identity CT, and ereZl(H,

z° belng positive and negative samples from real CT, this provides a second

real
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InfoNCE formulation as:

CT(ref CT(+ CT(—
ECT = ‘cIIlfONCE\CTreal,CTidt (Zidt (re )7 Zreal( )’ Zreal( )) (3)
CT(ref) CT(+)
_ IOg exp ( Zid e Zrcal )
CT( f) CT (+) CT(ref) CT(—)\ ~
exp ( * Zyeal ) + Z =1 eXp( Zid e real )

The idea of comparison behind Equation [2] and [3]is presented in Figure[3] More-
over, the CUT methodology broadens the mentioned InfoNCE loss components
to the intermediate outputs of Gepc layers. This ensures that the features learned
at multiple levels are aligned and collectively enhance the quality and consis-
tency of the final generated output. If we denote the layers of the encoding part
of G (Genc) as L, then at the I-th layer, we obtain a set of features for the
real MR and real CT images as follows: {Zi\gg(z)}fa = {F(GL.(xM}))} and
{zC real(l o ={RG Le(ySIN)} L. If we also address the synthetic and identity
representations we obtain the following sets: {Zsyn(l)}L {F(GL L (GMEY) L,
and {Zldt(l)}L {F(GL(G(YSE)))} 1. Now, as we take S; patches at layer [ we

have a set of S/s negative patches (—) and s positive patch (+), and we are able
to formulate PatchNCE loss in two setups, the first one as the main training
objective of synthesizing CT images from MR inputs:

Lpatennce(G, F,MR) (4)
L s

CT(ref)(s) _MR(+)(s) _MR(—)(S/s)
- E MR OMR Z Z gMR syn ) ’ zreal(l) ’ Zreal(l) )’

Xrecal
=1 s=1

and the second being a stabilization term between real CT and its identity CT
(real CT passed through the generator):

Lpatennce (G, F, CT) (5)
L S

CT(ref)(s) _CT(+)(s) _CT(—)(S/s)
=E Yrem~CT Z Z ECT 1dt ) ) Zreal(l) ) zreal(l) )
=1 s=1

To conclude, for CUT in terms of MR-to-CT translation PatchNCE loss is
computed in two manners, firstly by comparmg xreal with ygyn as a main training
objective, and secondly by comparing y$1 with y§T for training stabilization
and regularization. Finally, we can formulate the final objective of CUT training
as:

Lcut = AganLean(G, D, MR, CT) (6)
+ AsynLpatenncE (G, F, MR) + Mgt Lpatennce (G, F, CT)
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2.4 Laplacian Pyramid Super-Resolution

The second component of the designed pipeline is the modification of the orig-
inal LapSRN [19] used for super-resolution of 3-D CT volumes. It uses two
sub-networks: feature extractor and image reconstructor, which progressively
generate images at higher resolutions from the low-resolution ones. The feature
extractor is responsible for extracting the features at a coarse (lower) level and
generating feature maps at a finer (higher) level. It enhances the representation
of the input by capturing important details. The image reconstructor upsamples
the lower-resolution input and then via element-wise summation with residu-
als obtained from the feature extractor creates a higher-resolution output with
improved visual quality. By its nature, progressive reconstruction provides task-
dependent flexibility and adjustability, as by bypassing the pyramid at certain
levels we can obtain representations at the resolution required for a given task.
Furthermore, to address the requirement of high generalization capabilities, our
LapSRN uses not only a set of diverse data augmentations (flipping, affine trans-
formations, motion artifacts, blurriness, contrast), but is also trained on over-
lapping chunks of input tensors (see Figure . This configuration enhances the
model’s generalization capabilities, enabling it to effectively super-resolve single
chunks and capture inconsistencies in various skulls, such as those with defects.
Additionally, it significantly reduces memory requirements during training, as
the chunks can be processed individually or combined into small micro-batches
within the mini-batch. LapSRN uses Charbonnier loss, where for M chunks of
the input tensor, and pyramid of L levels, the Charbonnier loss is defined as:

M L
1
ﬁCharbonnier(Yv X, I‘) = M Z Z \/(ys — X5 — rs)2 + 627 (7)

m=1s=1

where for layer s, chunk residual is denoted as rg, upsampled lower-resolution
chunk as x, and ground truth higher-resolution chunk y, and € (set to small
value like 1073) controls similarity to L; loss while staying differentiable.

2.5 Postprocessing

Synthetic CT and high-resolution CT obtained from pipeline components are in
the [0, 1] range and it is desired to have them in the Hounsfield scale, to perform
threshold-based skull segmentation. This can be easily achieved by performing
a histogram matching with one of the real CTs from the train set for CUT, and
low-resolution CT for LapSRN. Furthermore, it was experimentally found that
following Hounsfield-based thresholding with binary opening and binary closing
is beneficial for artifacts removal. It is also important to note, that training both
modules, CUT and LapSRN on the original Hounsfield scale can yield training
instabilities due to the wide range of values and potential outliers, which can
lead to gradient issues and slow convergence.
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3 Experiments

3.1 Datasets

To address the generalization possibilities we create a huge dataset of 1,521 MR
and 879 CT 3-D images from publicly available datasets |1,3H6l 81|19, 14H16} 23]
271311136L[37] (See Supplementary materials for more information). Importantly,
we extract a portion of the dataset from the SynthRAD 2023 Challenge [37] for
validation purposes (25 images), as it is the only dataset that includes paired
MR and CT samples, hence it can be used for evaluation with metrics like Dice
coefficient. We also utilize the Han-Seg Dataset 28| for testing purposes (42
images), as it includes images of heads in both MR and CT formats. However, it
is important to note that the images in this dataset are not registered. Therefore,
we perform image registration before using this dataset for testing. The Han-Seg
dataset demonstrates the generalization capabilities of the proposed method.
To fully address the requirements of generalization, we construct the dataset
of skull segmentation by including also other anatomical structures, such as
the pelvis, aorta, or kidneys. This setup enables a more robust capturing of
style rather than context, as commonly different institutions use various imaging
devices, making single-institution models hard to generalize. To address this,
we combined datasets with images of different anatomical structures to enhance
cross-institution generalizability via different anatomical structures and different
acquisition settings. We train CUT with the use of all datasets, and for LapSRN
we only use a dataset of high-resolution CT skulls, namely CQ500 [4] (300 images
for training and 50 images for testing).

3.2 Networks

We implement the proposed networks with the use of PyTorch library [26]. CUT
and LapSRN subnetworks use 3-D convolutional layers. What’s important, for
the CUT model we use instance normalization |38| as it prevents instance-specific
mean and covariance shifts, hence it is highly beneficial for modality translation
tasks. CUT’s generator is a 9-layer ResNet-based network, with residual connec-
tions between downsampling and upsampling blocks, it uses instance normaliza-
tion and ReLU nonlinearity besides the decision layer for which we use hyperbolic
tangent. The discriminator is a 3-layer convolutional network with Leaky ReLU
and instance normalization (like PatchGAN discriminator [13]). CUT’s feature
extractor is a simple 2-layer multilayer perceptron with ReLU which operates
on 64 patches of features extracted from the generator’s flow. Hence, regarding
Equation [4] and Equation [5} we operate on a fixed amount of patches equal to
64, and a fixed amount of Gy layers equal to 9. LapSRN’s image reconstruc-
tor is a 2-layer convolution/deconvolution network and the feature extractor is
an 8-layer convolution/deconvolution network with Leaky ReLU nonlinearities.
LapSRN’s convolutional layers use 3x3x3 kernels with 64 filters with He initial-
ization |11], deconvolutions use the kernel of 4x4x4 (upsampling by a factor of
2) and weights are initialized from a trilinear filter, as suggested in the original
implementation [19].
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Table 1: Comparison of methods with DSC and SDSC, evaluated on the subset of
SynthRAD 2023 training dataset |37], extracted for a test set in this work.

Method DSC 1 SDSC 1
SynthStrip [12] 4 subtraction 0.281  0.580
Bet [35] + subtraction 0.273  0.563
DeepBet |7] + subtraction 0.298 0.606
MedSAM [21] - -
Ours 0.512 0.770

3.3 Setup

We resize the data to 128 x 128 x 128 for training both the CUT and LapSRN
models. We train CUT using ADAM optimizer [17] with §; = 0.5 and 5y =
0.999. We set the initial learning rate to 2 - 10~* and decrease it linearly every
50 epochs if the loss doesn’t decrease. We set Agan, Asyn and Aig¢ all equal
to 1 and train CUT with the real batch size of 1 (batch size of 8 distributed
across 8 GPUs). LapSRN is trained using SGD with momentum term set to 0.9
and weight decay of 10~*. The learning rate is initialized to 10~° and decreases
linearly every 5 epochs if the loss doesn’t decrease. The chunk size for splitting
the inputs is set to 8 with 8 voxels overlapping (128% — 8 x 64(+8)?), the batch
size is 1 and we accumulate gradients every 16 batches. Models were trained
until convergence, with the use of 8 NVIDIA A100 40GB GPUs.

4 Results

We evaluate the proposed method on the subset of samples extracted from the
training dataset from SynthRAD 2023 Challenge |37] as it consists of paired
MR and CT images. We present the Dice coefficient (DSC) and surface Dice
coefficient (SDSC) results, calculated from segmentation masks obtained using
Hounsfield scale thresholding in Table [I} Importantly, it should be noted that,
as previously mentioned, skull stripping differs from skull segmentation. The re-
sults of skull stripping methods were followed by postprocessing, which involved
manual thresholding for skull subtraction. Furthermore, we demonstrate that the
medical imaging foundation model, MedSAM [21], fails to perform the complex
task of skull segmentation from MR images. The failed results are presented in
Figure [4a] for the bounding box approach and Figure [4b] for the experimental
point prompt approach. We investigate the quality of generated synthetic CT
via a small set of ablation studies which are presented in Figure [f] They show-
case the following settings: (i) the performance of LapSRN using a test sample
from the CUT module, (i) generalization capabilities to the downstream task of
translation on the MR image of the child’s skull, and (4i7) the translation of the
MR image of a defected (and reconstructed) skull. Finally, to demonstrate the
generalization potential of the proposed solution from a quantitative perspective,
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we investigate additionally the MR subset of the HaN-Seg dataset [28] which was
not present in the original training dataset. As the availability of paired MR and
CT datasets is highly limited, besides SynthRAD 2023 dataset |37], we find HaN-
Seg to be the most suitable option for this evaluation. Importantly, additional
preprocessing in the form of image registration between CT and MR samples in
this dataset was required to enable the quantitative evaluation. For comparison,
we decided to train a state-of-the-art segmentation network, SwinUNETR [10],
on the SynthRAD 2023 dataset [37], where the input was an MR image and the
target was a skull mask derived from Hounsfield thresholding of its paired CT
image. We also trained the model as a standard paired MR-to-CT translation
and applied the same Hounsfield thresholding on the resulting synthetic CTs for
consistency with the pipeline from Figure [T} Table [2] shows that the proposed
solution presents superior results in terms of the generalization capabilities in
comparison to both SwinUNETR setups.

5 Discussion

Quantitative analysis of the CUT method shows that it can provide better re-
sults in terms of DSC and SDSC than the combination of skull stripping with
subtraction and masking as shown in Table [I] Importantly, we find out that
MedSAM [21] struggles with the skull segmentation in MR images and fails
to propagate the segmentation mask in both bounding-box and point-prompt
(experimental) approaches. This can be potentially solved via task-specific fine-
tuning (as the authors mention this MedSAM capability in their work). Good
results of our method suggest that it is a promising direction for designing a
fully unsupervised framework of skull segmentation from MR images, that can
be used for downstream tasks (such as defect segmentation), and with the use of
super-resolution LapSRN module, the requirement of high-resolution CT images
for tasks like craniectomy or surgery planning is also met. What’s more, both
CUT and LapSRN are relatively simple in terms of architectural design and also
their learning objectives, hence they can be adapted to other translation tasks,
or fine-tuned for other anatomical structures. With CUT we were able to obtain
good generalization capabilities due to the very high diversity of the used dataset.
Importantly, we also note several limitations of our methodology and leave it as
a potential direction for further work. First of all, produced results sometimes
include some blurriness; this can be attributed to using convolutional networks
with a relatively small number of filters and a shallow network depth. This issue

Table 2: Evaluation of the generalization capabilities on the HaN-Seg dataset |28] in
terms of DSC and SDSC.

Method DSC 1 SDSC 1
SwinUNETR (MR-Mask) 0.084 0.135
SwinUNETR (MR-CT) 0.113 0.149
Ours 0.310 0.396
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stems from the challenges of designing large networks for high-resolution volu-
metric data. Even the latest GPUs struggle with VRAM capacities when trying
to fit large tensors and extensive 3-D networks. Nevertheless, we are able to
partially reduce this issue as the whole pipeline (presented in Figure [1)) employs
postprocessing in the form of morphological operations which diminishes this
effect in the task of segmentation. Secondly, while DSC results are better than
other methods, they still require improvement to meet the demands of potential
real-world medical applications. Finally, the primary motivation of this work
was to achieve generalization capabilities for the segmentation task in an unsu-
pervised and unpaired manner. Therefore, we do not compare our results with
other methods used in MR-to-CT translation, as these are not primarily focused
on segmentation. Nevertheless, we acknowledge that some existing translation
methods may be more effective than CUT, and other super-resolution modules
could outperform LapSRN. We consider this a potential area for further im-
provement, research, and investigation.

(b) Point prompt approach

Fig. 4: Results of skull segmentation from MR images with the use of MedSAM: @
bounding box and @ point prompt approaches. Bounding box approach failure stems
from a fact that segmented skull structure is not propagated through the whole image,
and only small parts are captured. For point prompt, the model is unable to identify
the skull and propagates segmentation into brain.
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Fig. 5: Top: Results of translation and segmentation on defected skulls (from left to
right: input MR, matched CT mask, synthetic CT mask, synthetic CT mask with
removed implant area). Bottom left: Super-resolution of synthetic skull. Bottom right:
MR-to-CT translation on child’s skull.

6 Conclusion

In conclusion, we presented a novel generative Al-based methodology for syn-
thetic CT generation, specifically designed for skull segmentation from MR im-
ages. Our approach operates on 3-D data, is trained in an unsupervised manner,
and demonstrates strong generalization capabilities while also super-resolving
into higher resolutions. We analyze its performance utilizing quantitative met-
rics on two separate datasets to present its performance and generalization. We
believe this opens up new research opportunities in this field, and we plan to
further enhance the proposed solution.
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