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Abstract

The main aim of this research is to develop and evaluate a self -supervised learning
model based on Vision Transformers for three-dimensional reconstruction of knee
Magnetic Resonance Imaging. Three-dimensional reconstruction of hard tissues is an
essential procedure for visualization and structural analysis of bones, both in clinical and
research settings. Traditional compressed sensing approaches rely on handcrafted priors
and iterative solvers, while supervised convolutional neural networks require large
datasets of fully sampled Magnetic Resonance Images, which are costly to obtain. To
address these limitations, this paper proposes the self-supervised framework based on
Vision Transformers architecture along with the integrated convolutional neural
network decoder for reconstructing volumetric information from an under-sampled
Magnetic Resonance Imaging data. We propose a self-supervised learning framework
using Vision Transformers for three — dimensional knee magnetic resonance image
reconstruction. Our method leverages masked patch pre-training on a custom dataset of
proton density fat-saturated knee magnetic resonance imaging scans, followed by
volumetric decoding with a lightweight three- dimensional convolutional neural
network. Results demonstrate competitive reconstruction quality with Dice score of 0.87,
IoU of 0.83, and recall of 0.93, showing that self-supervised vision transformers
effectively capture long-range dependencies and volumetric continuity. This study
highlights the potential of Vision transformer-based self — supervised learning
frameworks to overcome the limitations of traditional supervised deep learning
approaches. The proposed method demonstrated that it can reduce dependence on large
fully sampled datasets and support accurate three -dimensional reconstructions for
clinical and research applications.

Keywords: knee joint, Magnetic Resonance Imaging, 3D Imaging, anterior cruciate
ligament, image segmentation, transformers, Artificial Intelligence.
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1. Introduction

Magnetic Resonance Imaging (MRI) of the knee
provides high-resolution, contrast-rich 3D views of
joint tissues, but long scan times pose a major challenge.
While MRI inherently acquires volumetric information,
clinical images are typically examined slice by slice, and
accurate 3D reconstruction is crucial to transform these
slices into volumetric representations that enable
precise diagnosis, surgical planning, and treatment
monitoring. Beyond clinical use, reconstructed volumes
are indispensable in biomechanics simulations, robotic-
assisted surgery, and personalized implant design,
providing quantitative and anatomically faithful
models that 2D imaging alone cannot deliver [1].

Achieving such reconstructions efficiently is
challenging. Accelerating MRI by under-sampling k-
space leads to an ill-posed inverse problem rife with
aliasing artifacts [2]. Traditional compressed sensing
(CS) methods introduced sparsity priors to recover
images but require lengthy iterative solvers and careful

2. Materials and methods

The dataset utilized in this study comprises Proton
Density (PD) fat-saturated MRI scans of the human
knee, acquired in axial, coronal, and sagittal planes, in
NRRD format. Ground truth volumes for training
were obtained through manual 3D reconstruction using
3D Slicer software. The reconstruction process involved
the Grow from Seeds segmentation method, which
allows region-based expansion from annotated seed
points. To refine the anatomical boundaries and ensure
structural completeness, Gaussian smoothing was
applied to reduce noise, followed by morphological
operations such as hole closing to fill discontinuities in
segmented structures. The examples of this
segmentation are illustrated in Figure 1 (A-D), which
show axial, coronal, and sagittal MRI slices overlaid
with the segmentation mask, as well as a 3D rendering
of the reconstructed knee anatomy.

The pre-processing steps include normalization to
[0,1] range, resampling to consistent voxel spacing,
followed by patch-wise cropping and padding. The
augmentation techniques, such as random flipping,

tuning [3]. Since the late 2010s, deep learning has
revolutionized MRI reconstruction by learning inverse
mappings directly from data, achieving faster and
higher-quality results than CS [2,4-10]. Initiatives such
as the NYU fast MRI dataset and SKM-TEA have
spurred numerous approaches. Unlike prior studies
that rely solely on public datasets, this work leverages a
custom high-resolution knee MRI dataset, enabling
evaluation under conditions closer to real-world
practice where heterogeneity and limited fully sampled
scans remain challenges [2].

In this paper, we present a self-supervised
learning framework based on Vils for three-
dimensional knee MRI reconstruction, designed to
capture long-range anatomical dependencies, mitigate
reliance on fully sampled datasets, and move toward
clinically applicable accelerated imaging solutions.

affine warping, Gaussian noise, and cutmix masking,
were applied. Preprocessing included normalization:

I"=I_'u
e

resampling to isotropic voxel spacing, and patch-wise
cropping/padding. Data augmentation included
random flipping, affine warping, Gaussian noise, and
cutmix masking.

After acquiring the annotated dataset, all volumes
were pre-processed before the training procedure.
Scans were resampled to a fixed resolution of 320 x 320
x 36 using bilinear interpolation to ensure consistency
across the dataset.
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Figure 1 — Manual 3D -Reconstruction of knee joint hard tissues in 3D Slicer software

The architecture is a Vision Transformer model
that processes volumetric MRI data as sequences of
embedded 3D patches. Each volume is divided into
non-overlapping patches using a 3D convolutional
embedding layer, and the resulting patch tokens are
passed through a stack of Transformer encoder blocks.
The encoded representations are then projected back to
voxel intensities through a linear decoder, and
reconstructed patches are reassembled into a coherent
3D volume. Model training is performed end-to-end
using mean squared error between the input and
reconstructed volumes, with an optional SSIM-MSE
combined loss.

Patch embedding was implemented through the
3D convolutional layer with kernel and stride equal to
the patch dimensions. Input slices are divided into
patches, projected as:

x, = Flatten(P,)W, + E per
where We. is the learnable embedding matrix and
positional encodings. In its core, ViT relies on self-
attention to capture long-range dependencies across
MRI patches. Given a set of embedded tokens {xi,
x2....xn} queries (Q), keys (K), and values (V) are
generated through learned linear projections. The self-
attention mechanism is defined as:

. QK"
Attention(Q,K,V) = softmax — Vv
v

Multi-head attention extends this mechanism to
multiple representation subspaces, improving the
ability of the network to learn both global and local
features of knee MRI volumes.

The dataset was split into training and validation
subsets with an approximate 80:20 ratio. The model was
trained to minimize reconstruction error using a mean
squared error (MSE) loss between the predicted 3D
volume and the ground-truth MRI volume.

Optimization was performed using Adam with an
initial learning rate of le-4 and weight decay
regularization to prevent overfitting. Training was
conducted over 100 epochs with a batch size tuned to
available GPU memory.

The training and validation loss curves (Figure 2)
show rapid convergence within the first 20 epochs,
followed by gradual improvements in later epochs.
Both curves plateaued at low values (~0.1), indicating
stable generalization without significant overfitting.

Evaluation involved both qualitative and
quantitative analyses:

* Dice coefficient.

® Intersection over Union (IoU).

e Hausdorff Distance (HD95).

¢ Visual overlays comparing predicted masks
with expert annotations (Figure 1).

¢ Training convergence curves.
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3. Results

Quantitative Results

The validation performance of the proposed ViT-
based reconstruction model is summarized in Table 1.
The model demonstrates strong reconstruction accuracy

across all evaluated metrics, indicating its robustness
and reliability on the validation dataset.

Table 1 — Validation Performance Metrics of the ViT-Based Reconstruction Model

Metric

Value

Dice Score

0.8727

IoU

0.8385

F1 Score

0.8727

Recall

0.9290

Training Curves

The evolution of the training and validation loss
over 100 epochs is depicted in Figure 2. The consistent
decline in both curves, along with their convergence
around epoch 50, indicates stable learning and good
generalization. The training and validation loss curves
show rapid convergence within the first 20 epochs,
followed by gradual improvements in later epochs.
Both curves plateaued at low values (~0.1), indicating

stable generalization without significant overfitting.
The absence of significant overfitting confirms the
effectiveness of the model’s self-supervised learning
setup and the adequacy of the applied regularization
and data augmentation strategies.

3D reconstruction ViT model:Training vs Validation Loss
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Figure 2 — Training and Validation Loss Curve of the ViT Model for 3D Reconstruction

Qualitative Results

Following training, the model outputs were
reconstructed into 3D voxel grids. The voxelized
outputs were rendered into surface meshes to visualize
anatomical structures such as femoral and tibial bone

segments (Figure 3). These reconstructions demonstrate
that the ViT model successfully captured volumetric
continuity from 2D MRI slices, yielding plausible
anatomical 3D representations.
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A

Figures 3 — Comparison of the original (A) obtained from MRI images and the predicted (B) STL models of the knee
joint obtained via a self-supervies VIT

Vision Transformer Experiments

Preliminary ViT results demonstrated capacity for
volumetric feature extraction.

Table 2 — Preliminary Vision Transformer performance

The findings are summarized in the Table 2.

Model

Reconstruction Quality

Observations

Baseline ViT

Good spatial consistency

Captures long-range dependencies

Hybrid ViT-CNN

Improved structure recovery

Promising for ACL-focused tasks

4. Discussion

Our experiments demonstrate that ViTs provide a
strong foundation for 3D knee MRI reconstruction,
capturing long-range contextual relationships across
slices that conventional CNNs often fail to model. By
integrating a self-supervised masked patch pretraining
strategy with a lightweight 3D CNN decoder, the
framework effectively balances global attention with
local structural recovery. This combination aligns with
recent findings that hybrid CNN Transformer pipelines
can outperform CNNs alone, offering improved
volumetric continuity without requiring large fully
sampled training datasets.

At the same time, several limitations must be
acknowledged. First, the dataset used in this study,
while carefully curated, remains modest in size and
restricted to proton density fat-saturated sequences. The
absence of external validation across diverse scanners
and institutions limits generalizability. Second, although
quantitative results were competitive, evaluation relied

5. Conclusions

This study introduced a self-supervised Vision
Transformer 3D knee MRI
reconstruction, combining masked patch pretraining

framework for

primarily on Dice, IoU, and Recall metrics. Standard
image quality measures such as PSNR and SSIM, as well
as ablation studies on masking strategies and model
depth, were not explored in this work but could provide
deeper insights. Finally, the computational demands of
ViTs remain a challenge for deployment in clinical
environments, highlighting the need for lightweight
architectures and benchmarking of inference efficiency.

Despite these constraints, the findings underscore
the clinical promise of SSL-based ViTs. By enabling
accurate volumetric reconstructions from undersampled
acquisitions, the method has the potential to accelerate
MRI workflows, reduce patient burden, and support
advanced applications such as biomechanics
simulations and surgical planning. Addressing the
identified limitations through larger multi-institutional
studies, richer benchmarking, and optimized hybrid
architectures will be important steps toward clinical
translation.

with a lightweight 3D convolutional decoder. The

proposed approach demonstrated strong performance,

achieving a Dice score of 0.87, IoU of 0.83, and Recall of
https://doi.org/10.52889/1684-9280-2025-76-6-jt0027
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0.93, while effectively capturing both local and global
dependencies across MRI volumes. These findings
highlight the ability of SSL-ViTs to reduce reliance on
fully sampled datasets, offering a practical pathway
toward  accelerated and  clinically  reliable
reconstructions.

Beyond methodological contributions, the results
underscore the clinical significance of rapid, artifact-
free volumetric reconstructions for diagnosis, surgical
planning, and biomechanics applications. By bridging
efficiency and accuracy, this approach can contribute to
improving diagnostic confidence, reducing patient scan
times, and supporting advanced orthopedic research.

Future directions will focus on expanding
evaluation with additional reconstruction benchmarks,
refining hybrid ViT-CNN architectures to preserve fine

details while reducing computational demands, and
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Oproneansanik OeliHeaeyai )KeTiaaipy: Ti3e OybIHBIHBIH MAaTHUTTi-pe30HAHCTDIK,
ToMorpadusaceiH 3D pekoHCTpyKInsidayFa apHaaAraH ©3iH-031 KagaraaaliTbIH KOpPY

TpaHcdopmMepaepi
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5 KaysiMgacteipbLaral ipodeccop, PobororexHuka >koHe aBTOMaTIKa TEXHIUKAABIK Kypaagdapsl Kadeapacel, ABTOMaTVKa >KoHe aKIlapaTThIK
Texnoaorusiaap uncTutytel, K.V, Corbaes aTbinaarsl Kaszak yATTBIK TeXHUKaAABIK 3epTTey yHUBepcuteTi, Aamarsl, Kaszakcran
¢ KoMnpioTepAik FhIABIMAAp AellapTaMeHTiHiH FeLabIMu KpisMeTKepi, Hasap6aes Yanusepcurerti, Acrana, Kasaxcran

Tyiingeme

bya seprreyain Herisri MaxcaTel — Tize OYBIHBIHBIH ~MAarHUTTi-Pe3OHAHCTHIK, Oeiineaeyin 3D
pexoHcTpyKuMsAayFa apHaaraH Vision Transformers nerisingeri e3airinen 6iaim aay Mogeain a3ipaey >xaHe Oarasay.
Kartel TiHAEpAi YIII ©4111€MA] PEKOHCTPYKIMSACH! KAVHMKAABIK K9He FBLABIMM-3ePTTey MaKcaTTaphl YIIIiH CylieKTepai
OeliHeaey >KoHe KYPBIABIMABIK TaaAayAblH aKblpamac Oeairi 6oasin Tabpiaagel. Compressed Sensing cHsKTBI
A9CTYypAi Taciadep KOAMEH KaAbIITacThHIPBIAATLIH aIllpMOPABIK JAepeKTepre >KoHe WTepalllsABIK IIelIyIiilepre
(Iterative solvers) Herizgeaeai, aa GakblAaHATBIH KOHBOAIOLMOHABI HEMPOHABIK >Kelilep TOABIK TaHaaaraH MPT
AepeKTepiHiH yAKeH KoAeMiH TaJam eTeai, MyHJall AepeKTepai KMHAY aliTapABIKTall IIBIFRIHAB KakeT ereai. Ocpl
IIeKTeyAepai menty yirin 0y Makaaaga Vision Transformers apxmurekrypacsiHa Heri3AeATeH ©34iriHeH OKBITBLAAThIH
OKBITYy YATICiH >KoHe >KeTkiaikci3 TaHgamaanl MPT gepekrtepiHeHn keaeMai Kalita Kypy yuniH edrisiaren CNN
AeKoJepiH ycbiHaAbl. bi3 Tize OyBIHBIHBIH MarHUTTiK-pPe30HaHCTHIK, KecKiHAepiH 3D peKoHCTpyKIusAay yiIiH Vision
Transformers kemeriMeH ©34iriHeH >KaTTBIFy YATICiH yChIHAMBI3. YCBIHBIAFAH 9A4iC IIPOTOHABIK TBIFBI3ABIKIIEH Mail
TiHiH Oacy pexkuMiHgeri Tize OybIHBIHBIH MPT gepekTep >KMBIHTBIFbIHA HeridgeAreH OeTmepaeleHIeH aAAbIH ala
OKBITYABI MaligadaHaabl, OJaH KeliH XeHiadeTiareH 3D KOHBOAIOIMAABIK HEMPOHABIK >KeAi KOMeriMeH KeAeMAiK
AeKOATay >Ky3ere acolpblaadbl. HaTimokeaep peKkOHCTpyKUMs caIlachlHBIH >KOFaphl €KeHiH KepceTegi: Dice
koadPunuenti — 0,87, IoU - 0,83 >xone ToabIKTHIK — 0,93. bya esin-esi GaxeraanTseiH Vision Transformers
MOJeAbJepiHiH y3aK Mep3iMal ToyeaaidiKTepal >KoHe KeAeMAIK Y34iKCi3AiKTi TMiMai Typde MeHrepe aAaTbIHBIH
apaeageniai. bya seprrey gocTypai KagaraaaHaTbhlH TePeH OKBITY 94iCTepiHiH IIeKTeyAepiH eHcepy yIimiH Vision
Transformers HeriziHgeri e3iH-e31 GackapaThlH OKBITY >XYylleAepiHiH a1eyeTiH kepcereai. YCBIHBIAFAH 94iC YAKEH,
TOABIK TaHAAaAFaH AepeKTep >KUbIHbIHA TayeAAiaiKTi asaiiTa aAaTBIHABIFBIH >KoHe KAVHMKAABIK >KOHE 3epTrey
KoaAaHOaAapsl YIIIiH 494 3D peKOHCTpyKIMAAapABl KaMTaMachl3 eTe alaThIHBIH KOpPCeTTi.

TyiiH cesgep: Tize OybIHBI, MarHUTTiK-pe3oHaHCTHI ToMorpadus, 3D BuU3yaamsalNsIChl, aAABIHFBI aliKac
GariaaM, KecKiHAepAl cerMeHTanusAay, TpaHcpopMepaep, >KacaHAbl MHTEAAEKT.

CosepniencTBOBaHIe OpTONeANdecKoi Busyaansaiym: CaMooOy4daronpecs
TpaHc(OpMephl 3peHns A4 3D-peKOHCTPYKIIMY MarHMTHO-pe30HaHCHasi TOMOrpadgpumn
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OCHOBHOI1 11e4BI0 AaHHOTO VICCAeJ0BaHUSA ABASIETCS padpaboTKa 1 OIleHKa MOJeAN CaMOOOYyJIeHNsI Ha OCHOBe
Vision Transformers a5 TpexMepHOI PEKOHCTPYKIIMU MarHUTHO-PE30HaHCHOM ToMorpadpuu KOA€HHOIO CyCTaBa.
TpexmepHass PeKOHCTPYKLMS TBEPABIX TKaHeN sABAsfeTCs HeoThbeMAeMOl IIpollelypoil BU3yaAusaluu U
CTPYKTYPHOIO aHaAM3a KOCTel KakK B KAMHUYEeCKMX, TaK U B MccAel0BaTeAbCKUX 1easaX. TpasulimoHHbIe IT0AXOABI
kak Compressed Sensing ocHOBaHBI Ha PyYHOM CO3JaHUM alIpMOPHBIX AaHHBIX U Iterative solvers (nTepaljoHHBIX
pelareAsx), B TO BpeMs KaKk KOHTPOAMPYeMbIe CBepPTOUHbIe HEIPOHHEIE CeTU TPeOyIOT O0ABIINX HADOPOB AaHHBIX
C TIOAHOM BBIOOPKOI MarHMTHO-PE30HaHCHBIX M300pa’keHUil, IOAydeHUe KOTOPHIX SBASAETCS 3aTpaTHBIM. Jas
yCTpaHeHMsI DTUX OrpaHMYeHMII B JaHHON CTaTbe IIpejJaraeTcsl caMooOydaemas MOAeAb OOy4eHMs Ha OCHOBe
apxuTekTypnl Vision Transformers BMecTe cO BCTpoeHHBIM JekogepoM CNN 4451 peKOHCTPyKIIMM OOBeMHOM
nHpopMan Uy U3 JaHHBIX MarHUTHO-PE30HAHCHON ToMorpaduu C HeJO0CTaTOYHON BBHIOOpKOI. MBI mpessaraem
caMo0o0yuaeMyIo Mogeab OOydeHUs C ucroabsosaHmeM Vision Transformers aas TpexmepHON peKOHCTPYKIIUU
MarHMTHO-PE3OHAHCHBIX MM300pakeHMiI KOJAEHHOIO cycTaBa. Hamr MeToa mCIIOAB3yeT MacKMpOBaHHOE
IIpeABapuUTeAbHOE OOyJYeHNe Ha OCHOBe Habopa JaHHBIX MarHNTHO-Pe30HaHCHOI ToMOoTrpadpuy KOAeHHOTO CyCTaBa C
HaCBIIIIeHNeM SKMPOBOI TKaHU IIPOTOHHOM IAOTHOCTBIO, IIOCAE YerO BBIIIOAHSIETCS OOBEMHOE AeKOAVMPOBAHME C
IIOMOIIBIO  ODJA€T4eHHON  TpexXMepHOI CBepTOYHOI  HeMpOHHON ceTu. PesyabTaThl A4eMOHCTPUPYIOT
KOHKYPEeHTOCIIOCOOHOe KayecTBO peKOHCTpykuum c oueHkoi Aarica 0,87, IoU 0,83 u moanortoir 0,93, uto
CBMAETeABCTBYET O TOM, UTO caMOKOHTpoAupyeMsle Vision Transformers ¢¢peKTMBHO y1aBAMBAIOT 40ATOCPOYHBIE
3aBMCMMOCTM 1 OOBEMHYIO  HeINpephIBHOCTh. /JaHHOe  JcCAeiOBaHNUE  IOAYepKMBaeT  ITOTeHIIaa
CaMOKOHTPOAMPYeMBIX 00yJaromux ppeitMBOpKOB Ha ocHoBe Vision Transformers 4451 mpeoaoaeHns orpaHideHnit
TpaAMIIMIOHHBIX METOJ0B I1yOOKOro o0y4yeHM: ¢ yunTeaeM. I1pea10>KeHHBIN MeTOJ, IIPOAEMOHCTPHPOBal, YTO OH
MOKeT CHU3UTH 3aBUCUMOCTh OT DOABIINX MTOAHOCTBHIO BHIOOPOYHBIX HAOOPOB AaHHBIX U MOAJAEpP>KUBATh TOUYHbIE
TpexMepHble peKOHCTPYKIIUM 4451 KAMHUYECKMUX U 1CCAeA0BaTeAbCKUX ITPUAOKEHNUIA.
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