Cexnus I. UHpopManmoHHbIe TEXHOJIOTHH U MOJETHPOBAHME 143

2. Unified Evaluation Protocol

This study uses a consistent protocol: detection/instance segmentation use mAP
(0.50-0.95 IoU, plus 0.50/0.75 and per-class results); mask quality uses Dice and 95th-
percentile Hausdorff distance (by anatomy/level); level-wise labeling uses Top-1
accuracy/confusion matrix (vertebrae/discs separately). It follows COCO for detection.

Protocol details: patient-level splits (with IDs/seeds), specified preprocessing/aug-
mentation, class imbalance solutions (report per-class/overall results), domain shift quanti-
fication (by vendor/T1-T2), and released metric scripts/model info for reproducibility.

3. Cross-domain generalization: sources and strategies

In multi-center lumbar spine MRI, domain shift stems from acquisition (vendor,
T1/T2, resolution, etc.) and annotation (nomenclature/boundary inconsistencies). Results
should be stratified by vendor/sequence/resolution, with harmonized terminology.

Mitigation: two-stage cascade (high-recall detector + high-fidelity segmenter),
topology-aware postprocessing, class resampling/loss weighting (rare levels), test-time
augmentation. These boost cross-domain stability under unified reporting.

This study proposes a unified lumbar spine MRI evaluation framework using public
multi-center data, employing mAP (IoU 0,50-0,95) for detection/segmentation, Dice and
95 % Hausdorff distance for mask quality, and level accuracy within ROIs to quantify
domain shifts and enhance reproducibility. Future work should implement patient-level
splits, stratified reporting by vendor/sequence, and a two-stage cascade with topology-
constrained postprocessing, augmented by resampling for rare levels and test-time
augmentation. Subsequent studies should target per-class mAP > 0,80 and level accuracy
> 97 % using representative models to ensure clinically applicable results.
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This paper aims to describe a standardized reconstruction process for computational
biomechanical models of the human lumbar spine based on publicly available CT datasets. The
process begins with the geometric and topological information of the publicly available datasets
and proceeds through three sequential stages: data preprocessing, geometric model
reconstruction, and biomechanical modeling and simulation, ultimately generating a patient-
specific model suitable for simulation analysis. This paper systematically discusses the
fundamental role of publicly available datasets as data sources in the reconstruction process, and
proposes a series of methods for reconstructing computational models of the human lumbar spine.
This work provides a clear technical path for the reproducible construction of computational
lumbar spine models.
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Lenvio Oannoii pabomel asnsemca @Gopmaruzayus CcmMaHOapmMusUPOBAHHO20 Npoyecca
PEKOHCMPYKYuUu O 6bIYUCTUMENbHIX — OUOMEXAHUYECKUX Mooenell NOSACHUYHO20 Oomoena
NO360HOYHUKA Yesl08eKa Ha OCHOGe obujedocmynHulix Habopoe oannvix KT. IIpoyecc nauunaemcs c
popmuposanus 2eomempuieckou U MONOI02UYECKOU UHPOpMayuu 00uedoCmynHbvlx Habopos
OAHHBIX U NPOXOOUmM Yepe3 MpUu HOCIe008AMENbHBIX SMANA: Nped8apumenvHylo 00pabomxy
OAHHBIX, PEKOHCMPYKYUIO 2e0MempuyecKoli Moldeiu u Ouomexanuyeckoe MOOeIuposanue u
CUMYTAYUIO, 8 KOHEUHOM umoze co30aeas CheyupuyHyo Oisi nayueHma mooeib, NPUeooHyr O/
CUMYTAYUOHHO20 anausda. B dannoii pabome cucmemamuyecku oocyxcoaemcs GyHOAMeHMAaANbHAS
pob 06Wedocmynublx Habopos OAHHBIX KAK UCOYHUKO8 OAHHbIX 8 Npoyecce PeKOHCMPYKYUU U
npeonazaemcs psao Memoo08 PeKOHCMPYKYUU BbIYUCTUMENbHBIX MOOenell NOACHUYHO20 omoend
no3eonounuxa uenogexa. [auwnas paboma npedocmagisiem YemKull MeXHUYecKuil nymo O
80CNPOU3BOOUMO20 NOCMPOEHUS BLINUCTUMENLHBIX MOOeell NOSICHUYHO20 0MOend NO360HOYHUKA.

KnwoueBbie c10Ba: peKOHCTPYKIMS MOZAEH, BBIYMCIMTENbHAs OMOMEXaHHKa, MyOIUYHBIN
Ha0Op IaHHBIX, MPOLECC, MapaMeTPU3aLH; TPOBEPKA.

In the field of computational biomechanics, constructing a high-fidelity human
lumbar spine model is a prerequisite for any quantitative analysis. However, traditional
model reconstruction processes often rely on in-house, non-public data and methods,
limiting their reproducibility and comparability [1]. The recent release of publicly available
CT datasets with detailed annotations (such as VerSe and CTSpinelK) has provided an
opportunity to address this issue. They provide standardized, auditable input for model
reconstruction.

The current research gap is the lack of a clear, end-to-end standardized reconstruction
process to clearly guide how to systematically generate a model that can be used for
biomechanical calculations from these publicly available data. The core contribution of this
paper is that we define and validate a hierarchical model reconstruction process, and
deeply analyze how the public datasets serve as the foundation of this process, how the
core reconstruction technology (parameterization) plays a role, and how the hierarchical
validation metrics ensure the quality of the final model [2].

Public datasets are the standardized cornerstone of the framework. Our selection
strategy focuses on large, publicly available CT datasets with clear vertebral level
annotations. These datasets play an indispensable role in this framework, and their core
value lies in providing a common starting point for the modeling process.

Standardized source for geometry and annotation provides a stable, unified source of
geometry and annotation for patient-specific modeling. Directly using this pre-annotated
data bypasses the bias introduced by varying segmentation protocols across institutions and
ensures that all models are constructed using the same anatomical definitions [1-3].
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And the large, multi-center sample allows us to stress-test the entire automated
pipeline, from segmentation to simulation. By running the pipeline on data from different
devices, pathologies, and voxel sizes, we can assess its robustness and ensure that the
framework is not limited to a specific type of scan data.

Proposed in this study for reconstructing the computational model of the human
lumbar spine is a sequentially executed, modular pipeline.

Data processing stage: Input the original CT image and preprocess the data, such as
grayscale normalization, which can standardize the grayscale value of the CT image to
ensure the consistency of data under different equipment and different scanning conditions.

1. Geometric model reconstruction: During the model reconstruction phase, an
automated segmentation algorithm (such as a deep learning model) is used to separate each
vertebra from the CT image. Surface mesh reconstruction is then performed, converting the
segmented vertebral regions into a 3D surface mesh model (such as in STL format).
Simultaneously, the generated mesh is smoothed to remove noise and irregularities,
improving model quality. Finally, a 3D spinal model is obtained through segmentation.

2. Based on the generated geometric model, a biomechanical model is established,
combined with the Gibbon toolbox Using tools such as MATLAB, we developed an
automated program to implement lumbar spine finite element meshing, load path and
nucleus pulposus area delineation, and the setting of material properties and boundary
conditions. We also designed a user interface for the automated lumbar spine model processing
program, enabling users to easily load, process, and export lumbar spine model data.

This article details a human lumbar spine reconstruction process based on a public
dataset. Parameterization is the core technical component of the reconstruction, while the
public dataset serves as the starting point and quality assurance for the process. These
components are closely interwoven with this core component, forming a complete, reliable,
and auditable model reconstruction solution.
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Paccmompena npoyedypuas cenepayus xommenma, ancopummvl npoyedypHOU eeHepayui,
npeuMyuwecmsa ux UCNOIb308aHUA 8 pa3pabomKe HPOSPAMMHO20 obecneyeHus, obracmu ux
NPUMEHEHUS, CYujecmayloujue no0xXo0bl U Memoobl UX ONMUMUZAYUU.
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