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Introduction: Biomechanical simulations can enhance our understanding of spinal disorders. Applied to large cohorts, they can reveal complex mechanisms beyond conventional imaging. Therefore, automating the patient-specific modeling process is essential.Methods: We developed an automated and robust pipeline that generates and simulates biofidelic vertebrae and intervertebral disc finite element method (FEM) models based on automated magnetic resonance imaging (MRI) segmentations. In a first step, anatomically-constrained smoothing approaches were implemented to ensure seamless contact surfaces between vertebrae and discs with shared nodes. Subsequently, surface meshes were filled isotropically with tetrahedral elements. Lastly, simulations were executed. The performance of our pipeline was evaluated using a set of 30 patients from an in-house dataset that comprised an overall of 637 vertebrae and 600 intervertebral discs. We rated mesh quality metrics and processing times.Results: With an average number of 21 vertebrae and 20 IVDs per subject, the average processing time was 4.4 min for a vertebra and 31 s for an IVD. The average percentage of poor quality elements stayed below 2% in all generated FEM models, measured by their aspect ratio. Ten vertebra and seven IVD FE simulations failed to converge.Discussion: The main goal of our work was to automate the modeling and FEM simulation of both patient-specific vertebrae and intervertebral discs with shared-node surfaces directly from MRI segmentations. The biofidelity, robustness and time-efficacy of our pipeline marks an important step towards investigating large patient cohorts for statistically relevant, biomechanical insight.Keywords: patient-specific, MRI, FEM, automated, spine, vertebra, intervertebral disc, meshing
1 INTRODUCTION
Diagnosing spinal disorders and their underlying causes has long posed a substantial challenge, as recently evidenced again by a study that revealed significant discrepancies in diagnoses from different MRI centers based on one single MRI (Herzog et al., 2017). To offer individual prevention strategies, estimate personal risks or plan patient-specific therapies, more information needs to be derived from medical images. One important step in this process is the analysis of spinal biomechanics, which can, for instance, be done by experimental measurements or numerical simulations such as multi-body simulation (MBS) and the finite element method (FEM). While experimental setups are often limited to few subjects, numerical simulations can more easily be realized patient-specifically, as well as in large datasets. The latter aspect bears the potential to deliver new pathophysiologic insights (Lerchl et al., 2024), for instance, relating certain spine characteristics to IVD degeneration. This could eventually result in better prediction of disease progression. However, analyzing large datasets requires two key components: patient-specificity and automation.
During the last decade, valuable achievements have been made towards this goal. Automated medical image segmentations have profited from the rise of machine learning (Sekuboyina et al., 2021; Moeller et al., 2024) and started to serve as a basic prerequisite for numerical models. Considering MBS, Lerchl et al. published an automated pipeline for the calculation of compression and shear forces between vertebrae in musculoskeletal models, including individualized body weight, spinal alignment, and the attachment points of ligaments and muscles (Lerchl et al., 2022). Geometries were derived from computed tomography (CT) images using machine learning (Lerchl et al., 2022; Sekuboyina et al., 2021). In contrast to the surface meshes defining rigid bodies in the MBS, FEM meshes require solid 3D meshes to calculate the inner stress and strain in vertebrae or intervertebral discs (IVD). The methods to derive patient-specific FEM meshes from medical imaging data can broadly be divided into voxel-based mesh generation, mesh morphing or surface mesh filling. Multiple approaches have been presented in the past decade, which apply one of these methods in conjunction with different grades of automation (Castro-Mateos et al., 2015; Castro-Mateos et al., 2016; Malandrino et al., 2015; Clouthier et al., 2023; Campbell and Petrella, 2015; Campbell et al., 2016; Caprara et al., 2021; Lavecchia et al., 2018).
In voxel-based models, segmented voxels directly serve as hexahedral elements of an FEM mesh (Castro-Mateos et al., 2016).
Mesh morphing is based on the deformation of an FE template mesh towards landmarks (Campbell and Petrella, 2015; Lavecchia et al., 2018; Caprara et al., 2021; Fasser et al., 2022) or complete surface meshes (Castro-Mateos et al., 2015; Caprara et al., 2021; Fasser et al., 2022) that were identified in individual medical images. The morphing process inherently involves striking a balance between accuracy and mesh quality. Non-conforming anatomies of IVDs and vertebrae can only be adapted by template meshes through large deformations. However, large deformations result in poor mesh quality, likely leading to convergence issues during the final FEM simulation (Malandrino et al., 2015). To minimize the displacements between a template and target mesh, recent approaches used statistical shape modeling (SSM) for their generation (Clouthier et al., 2023; Campbell and Petrella, 2015; Caprara et al., 2021; Castro-Mateos et al., 2015). However, ensuring sufficient mesh quality remains one of the main challenges in morphed patient-specific spine models.
These limitations do not apply to the filling approach, in which surface meshes are derived directly from segmentations in an initial step, which is often done by applying the marching cubes algorithm (Lorensen and Cline, 1987). Acquiring MRI scans involves capturing multiple slices of one to 3 mm thickness from various perspectives, partly leading to limited spatial resolution and voxels with heterogeneous properties. This inherent characteristic is translated directly to the generated surface meshes, limiting their accuracy and demanding subsequent smoothing (Molinari and Falcinelli, 2021). In the literature, limited information is provided on applied smoothing protocols. However, low resolution or artifacts like stair steps have been compensated using overall vertebra smoothing (Mönch et al., 2010; Mönch et al., 2013). This results in a loss of detail, whereby features like vertebra edges or osteophytes are smoothed to the point of disappearance, which we here refer to as oversmoothing. Consequently, calculated FEM stresses might underestimate actual stresses, potentially leading to the overlooking of wedge fracture predictions (Nispel et al., 2024). To avoid over-smoothing and enable accurate biomechanical results, selective smoothing algorithms have been introduced in recent studies (Nispel et al., 2024). Once smoothed, surface meshes are filled with volume elements, which is usually done manually and involves computer-aided design (CAD) software (El Bojairami et al., 2020; Lavecchia et al., 2018; Zadpoor and Weinans, 2015). Although for the morphing approach, efforts have been made towards automated, patient-specific model generation, no algorithm has yet been published to automate the filling approach.
With MRI images being more challenging to segment automatically, inter alia due to their subtle contrast variations, automatically generated spine FE models are mainly based on CT. They thus often include an approximation of the IVD shapes, neglecting anatomical characteristics such as bulge (Campbell and Petrella, 2015; Lavecchia et al., 2018; Caprara et al., 2021). In addition, material parameters for the IVD, which vary significantly depending on the degree of degeneration, cannot be extracted from CT images. Recent achievements in fully automated MRI segmentations opened the door to geometrically accurate patient-specific FEM models for vertebrae and IVDs including varying material definitions for soft tissue (Moeller et al., 2024; Graf et al., 2023).
However, the derivation of both IVDs and vertebrae poses another challenge: Contact modeling becomes more complex if the contact surfaces of both bodies are not equivalent or do not share nodes. This diminishes computational efficiency, potentially resulting in less accurate outcomes (Papadopoulos and Taylor, 1992) and hinders coupled MBS and FEM simulations (Nispel et al., 2023). To better understand the challenges of realizing shared contact surfaces, it is important to note that smoothing typically involves specific node translations for each body and can only be applied to bodies separately. Thus, smoothing steps need to be implemented in a specific order and with respect to the preservation of the adjacent body’s node positions (El Bojairami et al., 2020).
In summary, methods either automate the process using the morphing approach or rely on the filling approach in combination with a manual procedure. To the best of our knowledge, there is currently no existing approach that automates the filling approach.
Addressing the need for automated approaches to realize large dataset investigations, we here present the first pipeline to create and simulate patient-specific FEM models of vertebrae and IVDs with shared-node contact surfaces from MRI segmentations in a completely automated manner. Note that the focus of this work is on methodological development, particularly in automating model creation. As such, complex material models or biologically related parameters such as varying loading conditions or patient-specific weights are deliberately excluded from this study. The FEM simulation presented here serves solely to verify that the pipeline produces models capable of converging under simplified conditions, laying the groundwork for future biological model validation.
2 METHODS
We implemented an automated pipeline that takes segmented MRI images of the spine as an input and provides FEM simulation results as an output (Figure 1). All steps were automated using Python as a baseline programming language. We used an in-house dataset that included 30 patients. The data contains MRI images of a 1 × 1 mm resolution in the sagittal plane and a 2.5–3.5 mm slice thickness. The implemented pipeline can broadly be divided into the following substeps: Generation of surface meshes from MRI segmentations, smoothing, mesh filling, volume meshing, FEM modeling and FEM simulation (Figure 2). FE models can be used in a plug-and-play manner to simulate either single bodies, functional spinal units (FSU) or complete spine models. To demonstrate the functionality of the FEM models, we included the automated execution of FEM simulations as the final substep. Therefore, we defined an exemplary load and material model. Note that this work focused on the automation aspect and the resulting FEM stresses and displacements were not interpreted biomechanically. Given that a manual approach would not significantly affect the key pipeline steps—mesh smoothing, volume body creation, or FEM meshing—and that the manual process is highly user-dependent, making precise time comparisons challenging, we chose not to include a traditional manual control group in this study. In what follows, we present a detailed description of the substeps.
[image: Figure 1]FIGURE 1 | Flow chart of the developed pipeline, starting at the MRI scan and resulting in FEM models of the patients’ IVDs and vertebrae. In between, the following substeps are carried out: two distinct smoothing algorithms, surface mesh filling, volume meshing, and the inclusion of interface nodes in implementing an FEM model of the vertebra and IVD, respectively.
[image: Figure 2]FIGURE 2 | Visualized processing steps in the presented pipeline. (A) Exemplary MRI scan. (B) Segmentation derived from the SPINEPS network (Moeller et al., 2024). (C) 3D representation of the segmentation including a highlighted FSU to demonstrate the initial surface mesh result (D), the smoothed surface meshes (E), and the FEM results of vertebra (F) and IVD (G).
2.1 MRI to surface mesh
The MRI image segmentation masks were created using SPINEPS, an open-source deep learning approach. Refer to Moeller et al. for details on the segmentation approach (Moeller et al., 2024). In brief, the network segments 14 spinal structures, including vertebrae and IVDs with a dice score above 0.9, respectively. The resulting segmentation masks are visualized in Figures 2B, C. The masks were subsequently edited by removing partial volume segmentations, which were classified by a threshold number of four linked voxels. Segmented partial volumes often lead to sharp edges in the derived surface meshes during smoothing. In vertebrae and IVDs, they were identified by their voxel volume and subsequently removed.
To convert the segmented geometries into a surface mesh, we applied the marching cubes algorithm (van der Walt et al., 2014) with an ascending gradient direction and a step size of 1. Note that for the scope of this work, we considered the segmented endplates to be part of the IVDs by combining their labels during the application of the marching cubes algorithm. As a result, we gained a triangulated mesh of each vertebra and IVD. The resulting meshes of two vertebrae and one IVD (FSU T10-T11) are exemplary shown from the transverse and sagittal view, as well as in an isoparametric angle in Figure 2D.
2.2 Smoothing
To eliminate inaccuracies such as stair steps, we applied anatomically constrained smoothing algorithms to the surface meshes of vertebrae and IVDs. Vertebrae were smoothed with a focus on preserving anatomical edges and geometrical characteristics like osteophytes. Shared-node contact surfaces of adjacent vertebrae and IVDs were realized by adaptively smoothing IVDs in a subsequent step. However, both approaches can be divided into three parts: preprocessing, main smoothing and postprocessing.
For vertebrae, preprocessing consisted of mesh repairing steps such as closing holes and concatenating nodes, which were executed using the trimesh Python package. Those steps were required due to inaccuracies in the marching cubes algorithm.
For the selective smoothing step, the mesh vertices of the vertebra were compared to the mesh vertices of the two adjacent IVDs to determine those located on the contact surface, which we here refer to as interface vertices. Contact was assumed for distances below a certain threshold, which was iteratively defined by optical observation. Thresholds ranged between 0.6 and 0.8, depending on the spinal level.
Subsequently, selected interface vertices of the vertebra mesh were smoothed separately using the Laplacian smoothing algorithm (Sorkine, 2005). The smoothed selected vertices are returned to the vertebra mesh before the Taubin smoothing algorithm (Taubin, 1995) was applied to the whole vertebra mesh in a postprocessing step using PyMeshLab (Cignoni et al., 2008). Refer to Nispel et al. for detailed information on the development process and the performance of the smoothing protocol (Nispel et al., 2024).
For the IVDs, preprocessing included Taubin smoothing, Laplace smoothing and mesh repairing steps, which were equal to the ones applied to vertebrae meshes mentioned above. A final dilation step was included to compensate for the volume loss that typically occurs when using Laplace smoothing filters. The subsequent, adaptive smoothing process was aimed at positioning the vertices of the IVD contact surface equivalently to the vertebrae vertices of the contact surface. Simultaneous to the selective smoothing, interface vertices of the IVD were determined using the smoothed, adjacent vertebrae meshes and the above-mentioned distance thresholds. Each interface vertex in the IVD mesh was then replaced with the respectively nearest vertex of the adjacent vertebra mesh. Arisen edges at the borders of the contact area were smoothed in a postprocessing step, which consisted of a Taubin filter and mesh repairing functions. Figure 2E visualizes the final smoothing results for the exemplary FSU.
Note that through this approach, the selected interface vertices represented the anatomical contact surfaces in both IVDs and vertebrae (Figure 3).
[image: Figure 3]FIGURE 3 | (A) Gray, solid vertebra and adjacent IVD displayed as a turquoise grid mesh. (B) The respective, selected interface nodes of the IVD model are highlighted. A section without interface points at the left side of the IVD indicates that the adjacent vertebra is not in contact with the disc in this area. The remaining stair step artifacts are still included in the non-contact areas of the model due to the limited spatial resolution of the MR image dataset in the left-right direction.
2.3 Mesh filling
To convert the surface meshes into solid volumes, we applied a surface reconstruction algorithm that transformed the vertices and faces of the triangulated mesh to a continuous surface using the FreeCAD Python interface (Riegel et al., 2024). During this step, a CAD file was created from the meshes. Subsequently, reconstructed surfaces were converted into solid models. In this solid representation, the coordinates of the surface mesh vertices were retained. This step was carried out equivalently for vertebrae and IVDs.
2.4 Volume meshing
The resulting solid CAD geometries were subsequently processed using the ABAQUS Python interface. Two equal subprocesses, one for the vertebrae and one for the IVDs, were carried out. The subprocesses primarily involved the consecutive, homogeneous meshing of the generated CAD geometries. We used tetrahedral elements (C3D10), as they are able to represent the vertex positions of the initial surface mesh. Geometries were seeded with a global seed size of 1 mm, along with a deviation factor and a minimum element size, both set to 0.1 mm. The created, meshed part was stored in an ABAQUS input file, including the name of the respective vertebra or IVD.
2.5 Volume mesh to FEM model
To accurately represent the anatomical loading situation within a simulation framework, load should be distributed only among the nodes that are in contact with the adjacent body. To realize this, we included the definition of node sets in the generation of the FEM models. Each part, vertebra or IVD, therefore contained two node sets, one for the superior surface and one for the inferior surface, respectively. To define the node sets for the vertebrae, we first parsed the volume nodes that were generated in the volume meshing step. Note that the indices of the vertices changed during the conversion of the surface mesh to the volume mesh. Iterating through the interface nodes defined in the smoothing step allowed us to find the respective nodes in the volume mesh by a comparison of their rounded coordinates. The corresponding volume node indices were appended to the respective node set.
For both, vertebrae and IVDs, we additionally included two node sets containing one superior and inferior reference node, respectively. The reference node was defined by averaging all surface nodes and determining the closest node to the resulting average.
To finalize the simulation definition of the FEM parts, we implemented an automatic inclusion of the remaining simulation parameters, namely material parameters, boundary conditions, loading and constraints.
For each standalone FEM model of either a vertebra or an IVD, a kinematic coupling constraint was implemented to create a rigid body at the superior surface. The coupled surface was defined using the superior surface node set, which represented the biological contact area of the vertebra or IVD and its respective adjacent IVD or vertebra, respectively. The reference node was taken from the previously defined reference node set. For all vertebrae and IVDs, we simulated a flexion moment of 7.5 Nm (Dreischarf et al., 2014). The moment was applied to the reference node of the superior endplate surface. As a boundary condition, the inferior node set was restrained in all six degrees of freedom (DoF). Figures 4A, B show the FEM simulation models including boundary conditions, constraints and load cases for an exemplary vertebra and IVD.
[image: Figure 4]FIGURE 4 | FEM simulation model of an exemplary vertebra (A) and IVD (B). The kinematic coupling constraint on the superior endplate surface is indicated with the yellow lines pointing towards a reference node at the center of the surface. A flexion moment was applied at the center of the surface. The inferior surface is constrained in all six DoF, indicated by the orange and blue symbols. (C, D) display the same two models after simulation, which is complemented by the color grading indicating the von Mises stress.
Since this work focused on the automation methodology in the first place, simplified material definitions were employed for the FEM simulation. Unlike the complex IVD physiology, which includes a gel-like core and multiple layers of concentric fibers, all parts were meshed uniformly in this work, including a uniform material definition. Linear elastic, isotropic material parameters were calculated based on the literature, both for vertebrae (Bouzakis et al., 2004; Zhou et al., 2000; Bruno et al., 2014) and IVDs (El Bojairami et al., 2020).
To finalize the FEM simulations, we defined a static analysis and appended the simulation files as separate entities to a batch file for automatic execution. Simulation results (Figures 4C, D) were visually inspected.
2.6 Evaluation of the pipeline
The whole pipeline was executed on an i7 CPU machine with 8 cores, 64 GB RAM and a Windows operating system. We utilized Python versions 3.8 and 3.10, the latter in an Anaconda environment, as well as ABAQUS for the FEM simulation. The pipeline execution was limited to running on a single core to standardize the computational process.
To quantify the performance of our pipeline, we analyzed the mesh quality of the generated FEM meshes. This was done by parsing the tetrahedral elements of the meshes and querying their aspect ratio. We considered the aspect ratio to be the relation of the elements’ maximum and minimum edge lengths. Elements with an aspect ratio >5 were considered of poor quality (Campbell and Petrella, 2015; Lavecchia et al., 2018). Note that, as a guideline, FEM meshes are typically aimed at less than 10% poor-quality elements to minimize the potential impact on simulation accuracy and convergence (Neves et al., 2018). For each generated FEM part, the percentage of poor quality elements was calculated. For the processed dataset of 30 patients, we averaged the percentage of poor quality elements for each vertebra and IVD, respectively.
For further performance evaluation, we reviewed the number of FEM models for which solver convergence was achieved during simulation, contrasting successful attempts with those that failed. In addition, we visually evaluated the reasons for the failed attempts.
Finally, we compared the calculation time needed for each part of the pipeline: MRI to surface mesh, smoothing, filling, volume meshing, volume mesh to FEM Model, and lastly, the FEM simulation. We thereby distinguished between the duration needed for the vertebrae and the IVDs. The resulting durations were statistically evaluated across the 30 subjects that were analyzed. We addressed failures in the pipeline by identifying and registering the respective vertebra or IVD and subsequently conducting visual analysis to determine the cause of failure.
3 RESULTS
We implemented a pipeline that is able to automatically calculate FEM results of vertebrae and IVDs in large cohorts. The pipeline is based on an automated segmentation of vertebrae and IVDs in MRI images (Moeller et al., 2024). From this, surface meshes were derived and selectively smoothed to mimic the biological endplate shapes, compensating for image resolution inaccuracies. Hereby, we take advantage of the MRI segmentations by including both bone and soft tissue. Smoothed surface meshes were then automatically transformed to FEM volume meshes, which contain individual node sets of the superior and inferior contact surface to the adjacent vertebra or IVD, respectively. FEM models were available as a combination of nodes and elements. In our study, these models were supplemented with boundary conditions, loading and material definition to create and simulate FEM models. Using this pipeline, we processed all 30 patient MRI scans, resulting in a total of 637 vertebrae FEM simulations and 600 IVD FEM simulations.
3.1 Mesh quality
Vertebrae and IVD meshes differed significantly in their numbers of nodes and elements (Table 1). On average, vertebrae meshes contained approximately 229.500 elements, 4.5 times more than the average IVD mesh.
TABLE 1 | Number of nodes and elements for all IVD and vertebra FEM meshes generated by the pipeline.
[image: Table 1]Across all created FEM models, both vertebrae and IVDs, the average percentage of poor quality elements remained below 2%, well within the 10% guideline defining a good quality mesh (Figure 5). Evaluations were conducted label-wise across the entire dataset, with each label corresponding to a specific spine level. Consequently, vertebra labels ranged from 4 to 25, while IVD labels ranged from 4-5 to 24-25.
[image: Figure 5]FIGURE 5 | Mesh statistics for the generated vertebrae (A) and IVD FEM meshes (B). Black points represent the percentage of poor quality elements in single FEM models, with poor quality being defined as an aspect ratio >5. The blue beams indicate the average percentage of poor quality elements in all models of the specific label. Failed vertebrae models were excluded from the plot. For vertebrae meshes (A), the maximum share of poor quality elements was 13% in a C5 vertebrae. The average percentage of poor quality elements was never below 2% in both, vertebrae and IVDs. For IVDs (B), the average percentage of poor quality elements was never even below 0.5%. The lowest mesh quality was generated in the cervical spine.
Specifically for vertebrae meshes (Figure 5A), 98.6% of models contained even less than 5% elements of poor quality. The highest proportion of poor quality elements, reaching 13%, was observed in a label 5 vertebra (C5). It is represented as the highest outlier in Figure 5A.
Regarding IVDs (Figure 5B), the average percentage of poor quality elements never dropped below 0.5%. This indicates a good mesh quality, well within the defined guideline for mesh quality (10%). In the whole dataset, six IVD labels even contained no elements with poor quality, which were 5-6, 8-9, 10-11, 14-15, 15-16, as well as 24-25. For another six labels, namely 9-10, 11-12, 16-17, 17-18, 18-19 and 19-20, only one IVD model was generated which contained elements of poor quality.
For both vertebra and IVD models, the lowest mesh quality was consistently found in the cervical spine. The best results considering mesh quality were achieved in the higher labels, namely the lumbar spine.
3.2 Failed attempts
Among all 637 vertebra and 600 IVD simulations, ten vertebrae and seven IVDs raised an error within the process, which led to the incompletion of the FEM simulation. Errors were either caused by the poor quality of the segmentation mask of the respective body, or arose during the smoothing process. Smoothing errors were caused by a low surface mesh quality, including either non-manifold edges or holes, which was mainly the case for IVDs. Segmentation errors appeared when disconnected volumes were present, which was only the case for vertebrae.
3.3 Calculation times
With an average number of 21 vertebrae and 20 IVDs per subject, the average processing time was 4.4 min for a vertebra and 31 s for an IVD. For one subject, the average duration to process and simulate all vertebrae was 93.3 min. For all IVDs, the average calculation time per subject was 10.4 min.
With significant distance, vertebrae smoothing and their FEM simulation make up the most costly parts of the pipeline considering processing times (Figure 6). Note that especially for the smoothing process, the selective smoothing of vertebrae takes an average time of 35 min per subject, while the adaptive IVD smoothing algorithm only takes less than a minute (Table 2). With approximately 13 min per subject, meshing the vertebrae volumes is still among the most time-consuming parts of the pipeline. Note that the MRI to surface mesh process includes the complete processing and segmentation of the MRI file, as well as alignment and the determination of points of interest.
[image: Figure 6]FIGURE 6 | Statistical evaluation of the duration needed for the different parts of the pipeline when processing a single subject, displayed in a box plot. Whisker boundaries are drawn at 1.5 times the interquartile range (IQR). Outliers are marked by single points. Each part’s duration is given for the vertebrae and the IVDs, respectively. Note that with considerable margin, the vertebrae smoothing and FEM simulation take the most time in the automated pipeline.
TABLE 2 | Quantitative statistical values for the durations of different pipeline parts. The averages refer to the duration needed to process one subject.
[image: Table 2]Finally, the developed pipeline is automated to a point where only the MRI image paths of the patients and the FEM simulation parameters need to be defined as input. The latter includes loading and material parameters. As output, an ABAQUS output database is created, containing deformation and stress values as requested. No manual steps were required.
4 DISCUSSION
637 vertebrae and 600 IVDs were modeled and simulated using our automated pipeline, with an average duration of 4.4 min per vertebra and 31 s per IVD. We evaluated the quality and performance of the pipeline by investigating the quality of generated meshes, failed attempts and processing times.
With the predefined mesh quality criteria, more than 98% of generated models achieved good quality. This was also reflected in the low amount of failed attempts - only ten vertebrae and seven IVDs raised an error within the modeling and simulation process. A detailed analysis of these failed attempts revealed insights into the failure mechanisms in our pipeline. For all cervical IVDs, errors were due to self-intersecting faces or non-manifold edges in the surface mesh, which occurred in regions of small segmentation volumes. Failure mechanisms in thoracic IVDs were connected either to a hole in the raw mesh or small segmentation volumes. In one case, a hole led to a T-vertex in the presmoothed mesh, which caused the self-intersection of faces in the adaptively smoothed IVD. In the only failed lumbar IVD, T-vertices were created for an unidentified reason regarding the good quality of the raw mesh. We additionally monitored all failed vertebrae for apparent quality issues, and found similar failure mechanisms as in the IVDs. In six of the ten vertebrae, self-intersecting faces were found, which led to failing FEM mesh generation. In the remaining cases, mostly cervical vertebrae, the segmentation mask contained two disconnected volumes. Our pipeline was able to generate two disconnected surface mesh parts from these segmentation masks. However, only one volume was converted to a solid mesh. We consider this an issue of the segmentation mask and not primarily a limitation of the here presented pipeline.
The processing time for the FEM simulation of vertebrae was approximately tenfold higher compared to that for IVDs. It is worth noting that meshing and smoothing times are directly proportional to the number of elements in the mesh, which is roughly 4.5 times greater in vertebrae models than in IVD models.
Assessing the efficiency of our approach versus traditional manual methods is challenging due to the lack of qualitative literature data on the time required for manual implementation. Manual processes typically involve segmentation software for surface mesh derivation, followed by volumetric model generation and FEM simulations using separate tools, a process that can take up to several days (Caprara et al., 2021). In contrast, our automated pipeline drastically reduces this timeframe. With no user interaction and reliance solely on an MRI image, our method achieves biomechanical analysis of a vertebra or IVD within just about 4.3 min or 27 s, respectively. In addition, it is insusceptible to variability due to manual steps.
One limitation of our pipeline is the homogeneous, isotropic modeling approach, that is in conflict with recent IVD and vertebra models, which contain anisotropic material definitions in the case of vertebrae (Molinari and Falcinelli, 2021; Fleps and Morgan, 2022), and biphasic, hyperelastic or fiber-reinforced components in the case of the IVD (Gruber et al., 2024; Dreischarf et al., 2014).
For the IVD, these more complex modeling approaches go hand in hand with anisotropic meshing that comprises, in the best case, hexahedral elements (Dreischarf et al., 2014). The presented approach does not enable a structured mesh including multiple phases, such as e.g. a nucleus pulposus cavity or annulus fibrosus fibers. Besides the lack of detail this brings to the resulting mechanics, calculation times would likely increase when using a more realistic material definition. However, experiments indicate that already in mildly degenerated discs, fluid content decreases significantly (Galbusera et al., 2014; Iatridis et al., 1998; Iatridis et al., 1997; Johannessen and Elliott, 2005). As a result, tissue behaved almost linearly and a change from anisotropic to isotropic nature was reported (Iatridis et al., 1998). For lumbar IVDs, a slowly increasing loss of flexibility correlates with an increasing grade of degeneration (Kettler et al., 2011). Interestingly, studies have found an abrupt decrease in flexibility for mildly degenerated thoracic discs with Pfirrmann grade (Pfirrmann et al., 2001) of 1 (Liebsch and Wilke, 2022) as opposed to healthy discs. Precisely, the tetrahedral representation of IVDs, as it results from our pipeline, might be sufficient for analyzing further degenerated IVDs with the advantage of low complexity and comparably short computation time. In addition, biomechanical FEM studies of multiple FSUs that investigate the holistic behavior of the spine, like the one conducted by El Bojairami et al. (2020), may profit from the reduced complexity of the IVD mesh. To particularly investigate the advantages of a more complex IVD model in their use case, El Bojairami et al. implemented an additional two-phase fluid-structure model besides their isotropic one. And extracted the hydrostatic pressure from an enclosed, hydrostatic pressure element within the nucleus pulposus cavity (El Bojairami et al., 2020). The comparison between the two modeling approaches (isotropic vs. complex) showed that both methods produced results that overlapped to a great extent, with a maximum discrepancy of approximately 4% at certain flexion angles. Moreover, tetrahedral elements allow for a more straightforward implementation of shared-node contact surfaces, which is beneficial for computation times and numerical stability (El Bojairami et al., 2020). A recent observation in FEM simulations of degenerated discs even found that tetrahedral elements were more stable and accurate in the results (Fasser et al., 2022). Altogether, these findings may support employing tetrahedral elements and isotropic material properties for the IVD in limited circumstances, particularly when considering factors such as computational efficiency and simplicity of implementation. However, multiple studies have analyzed the benefits of biphasic or fiber-reinforced material models for the IVD (Gruber et al., 2024; Stadelmann et al., 2018; Knapik et al., 2022; Sciortino et al., 2023). A differentiated consideration of modeling approaches is crucial, and their application should be carefully selected depending on the specific research question.
Apart from the IVD model complexity, vertebrae models in our pipeline are also limited to isotropic, tetrahedral meshes, which lack the distinction between cortical and cancellous bone. However, the inclusion of shell elements could easily be realized similarly to the approach of Imai et al., who attached a 0.4 mm thick layer of shell elements to the outer surface of the tetrahedra (Imai, 2015). Nevertheless, the application of modeling approaches should also be carefully selected based on the specific research question. By providing the pipeline to the public and ensuring the output of a standardized mesh representation as an .inp file, research groups are enabled to further process and adapt meshes of their own datasets towards their requirement.
In comparison to morphing approaches for FEM model generation (Campbell and Petrella, 2015; Lavecchia et al., 2018; Caprara et al., 2021; Fasser et al., 2022; Castro-Mateos et al., 2015; Caprara et al., 2021; Fasser et al., 2022), the here presented filling approach represents more details of the segmentation, which unfortunately includes low-resolution features like stair steps as well. To counter this, we implemented a tailored smoothing algorithm Nispel et al. (2024). However, since the focus was placed on smoothing the interface surfaces, the circumferential surfaces of vertebrae and IVDs were only considered during the pre- and postprocessing of smoothing, resulting in stair-step artifacts in the final meshes. This may be viewed as a limiting factor of our approach. With advancements in faster MRI scanning methods, higher-resolution scans will become more readily available, potentially reducing these stair-step artifacts in the circumferential surfaces. Considering the final FEM mesh quality, we do not expect any improvement in the FEM mesh with the enhancement of MRI resolution, as the size of the FEM elements is much smaller than the stair-step artifacts.
Finally, given the MRI segmentation in our pipeline, hard tissue prediction is not as stable as in CT image segmentation. Potential errors in correctly predicting detailed vertebrae characteristics like osteophytes could be propagated to the FEM results and may affect the result quality negatively.
5 CONCLUSION AND OUTLOOK
The goal of this work was to advance the automated generation of patient-specific FEM models derived directly from MRI segmentations. In comparison to recent approaches, our approach is based on the MRI image itself and does not rely on templates like SSMs. The process of morphing a mesh is thereby obsolete, which constitutes the advantage of having fewer processing steps and higher flexibility in representing geometries that do not fit into statistical norms, like osteophytes, strongly deformed vertebrae or extreme bulges in IVDs.
By realizing surfaces with shared nodes and elements for adjacent vertebrae and IVDs, we spare the time-consuming and unstable process of implementing penalties during contact modeling. In addition, shared interface nodes are advantageous in the framework of exchanging load and displacement data in coupled MBS and FEM simulations.
Manual implementations of full spine models may be subject to automation efforts in the future. Constitutive models of the IVD and vertebrae can be advanced by including locally varying, individualized MRI- or CT-derived material parameters. To include both detailed bone geometries with, e.g., osteophytes and IVD deformities such as bulges, a co-registration of MRI and available CT data could be beneficial.
For the IVD, a differentiation between nucleus pulposus and annulus fibrosus, together with a fiber-reinforced or biphasic implementation could be beneficial in answering specific research questions. Vertebrae might benefit from a differentiation between cortical shell and trabecular bone. Prospectively, combining our pipeline with validated models, as demonstrated in our group’s recent work Gruber et al. (2024), will enable large cohort studies to gain insight into the causes of spinal disorders such as degeneration or back pain.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
ETHICS STATEMENT
The studies involving humans were approved by the ethics committee of the Technical University Munich (593/21 S-NP), TUM School of Medicine and Health, Ismaninger Straße 22, 81675 Munich (Germany). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
KN: Conceptualization, Formal Analysis, Methodology, Visualization, Writing–original draft, Writing–review and editing. TL: Conceptualization, Formal Analysis, Methodology, Writing–review and editing. GG: Conceptualization, Formal Analysis, Methodology, Writing–review and editing. HM: Formal Analysis, Methodology, Writing–review and editing. RG: Methodology, Writing–review and editing. VS: Supervision, Writing–review and editing. JK: Conceptualization, Formal Analysis, Funding acquisition, Methodology, Project administration, Resources, Supervision, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was funded by the European Research Council (ERC) under the European 530 Union’s Horizon 2020 research and innovation programme. Grant-Nr.: 101045128 — iBack-epic — 531 ERC-2021-COG.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Bouzakis, K. D., Mitsi, S., Michailidis, N., Mirisidis, I., Mesomeris, G., Maliaris, G., et al. (2004). Loading simulation of lumbar spine vertebrae during a compression test using the finite elements method and trabecular bone strength properties, determined by means of nanoindentations. J. Musculoskelet. Neuronal Interact. 4, 152–158.
 Bruno, A. G., Broe, K. E., Zhang, X., Samelson, E. J., Meng, C. A., Manoharan, R., et al. (2014). Vertebral size, bone density, and strength in men and women matched for age and areal spine bmd. J. Bone Min. Res. 29, 562–569. doi:10.1002/jbmr.2067
 Campbell, J. Q., Coombs, D. J., Rao, M., Rullkoetter, P. J., and Petrella, A. J. (2016). Automated finite element meshing of the lumbar spine: verification and validation with 18 specimen-specific models. J. Biomechanics 49, 2669–2676. doi:10.1016/j.jbiomech.2016.05.025
 Campbell, J. Q., and Petrella, A. J. (2015). An automated method for landmark identification and finite-element modeling of the lumbar spine. Ieee Trans. Biomed. Eng. 62, 2709–2716. doi:10.1109/tbme.2015.2444811
 Caprara, S., Carrillo, F., Snedeker, J. G., Farshad, M., and Senteler, M. (2021). Automated pipeline to generate anatomically accurate patient-specific biomechanical models of healthy and pathological fsus. Front. Bioeng. Biotechnol. 9, 636953. doi:10.3389/fbioe.2021.636953
 Castro-Mateos, I., Pozo, J., Lazáry, A., and Frangi, A. (2016). Automatic construction of patient-specific finite-element mesh of the spine from IVDs and vertebra segmentations. Proc. SPIE 9788, 97881. doi:10.1117/12.2217343
 Castro-Mateos, I., Pozo, J. M., Pereañez, M., Lekadir, K., Lazary, A., and Frangi, A. F. (2015). Statistical interspace models (sims): application to robust 3d spine segmentation. IEEE Trans. Med. Imaging 34, 1663–1675. doi:10.1109/tmi.2015.2443912
 Cignoni, P., Callieri, M., Corsini, M., Dellepiane, M., Ganovelli, F., and Ranzuglia, G. (2008). MeshLab: an open-source mesh processing tool. doi:10.2312/LocalChapterEvents/ItalChap/ItalianChapConf2008/129-136
 Clouthier, A. L., Wenghofer, J., Wai, E. K., and Graham, R. B. (2023). Morphable models of the lumbar spine to vary geometry based on pathology, demographics, and anatomical measurements. J. Biomechanics 146, 111421. doi:10.1016/j.jbiomech.2022.111421
 Dreischarf, M., Zander, T., Shirazi-Adl, A., Puttlitz, C. M., Adam, C. J., Chen, C. S., et al. (2014). Comparison of eight published static finite element models of the intact lumbar spine: predictive power of models improves when combined together. J. Biomechanics 47, 1757–1766. doi:10.1016/j.jbiomech.2014.04.002
 El Bojairami, I., El-Monajjed, K., and Driscoll, M. (2020). Development and validation of a timely and representative finite element human spine model for biomechanical simulations. Sci. Rep. 10, 21519. doi:10.1038/s41598-020-77469-1
 Fasser, M.-R., Kuravi, R., Bulla, M., Snedeker, J. G., Farshad, M., and Widmer, J. (2022). A novel approach for tetrahedral-element-based finite element simulations of anisotropic hyperelastic intervertebral disc behavior. Front. Bioeng. Biotechnol. 10, 1034441. doi:10.3389/fbioe.2022.1034441
 Fleps, I., and Morgan, E. F. (2022). A review of ct-based fracture risk assessment with finite element modeling and machine learning. Curr. Osteoporos. Rep. 20, 309–319. doi:10.1007/s11914-022-00743-w
 Galbusera, F., van Rijsbergen, M., Ito, K., Huyghe, J. M., Brayda-Bruno, M., and Wilke, H.-J. (2014). Ageing and degenerative changes of the intervertebral disc and their impact on spinal flexibility. Eur. Spine J. 23, 324–332. doi:10.1007/s00586-014-3203-4
 Graf, R., Schmitt, J., Schlaeger, S., Möller, H. K., Sideri-Lampretsa, V., Sekuboyina, A., et al. (2023). Denoising diffusion-based mri to ct image translation enables automated spinal segmentation. Eur. Radiol. Exp. 7, 70. doi:10.1186/s41747-023-00385-2
 Gruber, G., Nicolini, L. F., Ribeiro, M., Lerchl, T., Wilke, H.-J., Jaramillo, H. E., et al. (2024). Comparative fem study on intervertebral disc modeling: holzapfel-gasser-ogden vs. structural rebars. Front. Bioeng. Biotechnol. 12, 1391957. doi:10.3389/fbioe.2024.1391957
 Herzog, R., Elgort, D. R., Flanders, A. E., and Moley, P. J. (2017). Variability in diagnostic error rates of 10 mri centers performing lumbar spine mri examinations on the same patient within a 3-week period. Spine J. 17, 554–561. doi:10.1016/j.spinee.2016.11.009
 Iatridis, J. C., Setton, L. A., Foster, R. J., Rawlins, B. A., Weidenbaum, M., and Mow, V. (1998). Degeneration affects the anisotropic and nonlinear behaviors of human anulus fibrosus in compression. J. Biomechanics 31, 535–544. doi:10.1016/s0021-9290(98)00046-3
 Iatridis, J. C., Setton, L. A., Weidenbaum, M., and Mow, V. C. (1997). Alterations in the mechanical behavior of the human lumbar nucleus pulposus with degeneration and aging. J. Orthop. Res. 15, 318–322. doi:10.1002/jor.1100150224
 Imai, K. (2015). Analysis of vertebral bone strength, fracture pattern, and fracture location: a validation study using a computed tomography-based nonlinear finite element analysis. Aging Dis. 6, 180–187. doi:10.14336/ad.2014.0621
 Johannessen, W., and Elliott, D. M. (2005). Effects of degeneration on the biphasic material properties of human nucleus pulposus in confined compression. Spine 30, E724–E729. doi:10.1097/01.brs.0000192236.92867.15
 Kettler, A., Rohlmann, F., Ring, C., Mack, C., and Wilke, H. J. (2011). Do early stages of lumbar intervertebral disc degeneration really cause instability? evaluation of an in vitro database. Eur. Spine J. 20, 578–584. doi:10.1007/s00586-010-1635-z
 Knapik, G., Mendel, E., Bourekas, E., and Marras, W. S. (2022). Computational lumbar spine models: a literature review. Clin. Biomech. 100, 105816. doi:10.1016/j.clinbiomech.2022.105816
 Lavecchia, C. E., Espino, D. M., Moerman, K. M., Tse, K. M., Robinson, D., Lee, P. V. S., et al. (2018). Lumbar model generator: a tool for the automated generation of a parametric scalable model of the lumbar spine. J. R. Soc. Interface 15, 20170829. doi:10.1098/rsif.2017.0829
 Lerchl, T., El Husseini, M., Bayat, A., Sekuboyina, A., Hermann, L., Nispel, K., et al. (2022). Validation of a patient-specific musculoskeletal model for lumbar load estimation generated by an automated pipeline from whole body ct. Front. Bioeng. Biotechnol. 10, 862804. doi:10.3389/fbioe.2022.862804
 Lerchl, T., Nispel, K., Bodden, J., Sekuboyina, A., El Husseini, M., Frizsche, C., et al. (2024). Musculoskeletal spine modeling in large patient cohorts: how morphological individualization affects lumbar load estimation. Front. Bioeng. Biotechnol. 12, 1363081. doi:10.3389/fbioe.2024.1363081
 Liebsch, C., and Wilke, H.-J. (2022). Even mild intervertebral disc degeneration reduces the flexibility of the thoracic spine: an experimental study on 95 human specimens. Spine J. 22, 1913–1921. doi:10.1016/j.spinee.2022.06.010
 Lorensen, W. E., and Cline, H. E. (1987). Marching cubes: a high resolution 3d surface construction algorithm. SIGGRAPH Comput. Graph. 21, 163–169. doi:10.1145/37402.37422
 Malandrino, A., Pozo, J. M., Castro-Mateos, I., Frangi, A. F., van Rijsbergen, M. M., Ito, K., et al. (2015). On the relative relevance of subject-specific geometries and degeneration-specific mechanical properties for the study of cell death in human intervertebral disk models. Front. Bioeng. Biotechnol. 3, 5. doi:10.3389/fbioe.2015.00005
 Moeller, H., Graf, R., Schmitt, J., Keinert, B., Atad, M., Sekuboyina, A., et al. (2024). Spineps - automatic whole spine segmentation of t2-weighted mr images using a two-phase approach to multi-class semantic and instance segmentation. Eur. Radiol . doi:10.1007/s00330-024-11155-y
 Molinari, L., and Falcinelli, C. (2021). On the human vertebra computational modeling: a literature review. Meccanica 57, 599–622. doi:10.1007/s11012-021-01452-x
 Mönch, T., Adler, S., and Preim, B. (2010). “Staircase-aware smoothing of medical surface meshes,” in Proceedings of the eurographics workshop on visual computing for biomedicine (VCBM) , 83–90. doi:10.2312/VCBM/VCBM10/083-090
 Mönch, T., Lawonn, K., Kubisch, C., Westermann, R., and Preim, B. (2013). Interactive mesh smoothing for medical applications. Comput. Graph. Forum 32, 110–121. doi:10.1111/cgf.12165
 Neves, L. A., Machado, J. M., Momente, J. C., Donegá Zafalon, G. F., Nogueira da Cruz, M., Zanchetta do Nascimento, M., et al. (2018). Exploring mesh generation and quality enhancement with open source codes. J. Comput. Sci. 14, 1000–1028. doi:10.3844/jcssp.2018.1000.1028
 Nispel, K., Lerchl, T., Senner, V., and Kirschke, J. S. (2023). Recent advances in coupled mbs and fem models of the spine-a review. Bioeng. (Basel) 10, 315. doi:10.3390/bioengineering10030315
 Nispel, K., Scherzberger, A.-M., Lerchl, T., Gruber, G., Moeller, H., Graf, R., et al. (2024). Creating bio-fidelic vertebra and disc models from segmentation with selective smoothing. Comput. Biol. Med.
 Papadopoulos, P., and Taylor, R. L. (1992). A mixed formulation for the finite element solution of contact problems. Comput. Methods Appl. Mech. Eng. 94, 373–389. doi:10.1016/0045-7825(92)90061-N
 Pfirrmann, C. W. A., Metzdorf, A., Zanetti, M., Hodler, J., and Boos, N. (2001). Magnetic resonance classification of lumbar intervertebral disc degeneration. Spine 26, 1873–1878. doi:10.1097/00007632-200109010-00011
 Riegel, J., Mayer, W., and van Havre, Y. (2024). Freecad, version 0.21.1. 
 Sciortino, V., Pasta, S., Ingrassia, T., and Cerniglia, D. (2023). On the finite element modeling of the lumbar spine: a schematic review. Appl. Sci. 13, 958. doi:10.3390/app13020958
 Sekuboyina, A., Husseini, M. E., Bayat, A., Loffler, M., Liebl, H., Li, H. W., et al. (2021). Verse: a vertebrae labelling and segmentation benchmark for multi-detector ct images. Med. Image Anal. 73, 102166. doi:10.1016/j.media.2021.102166
 Sorkine, O. (2005). Laplacian mesh processing. Netherlands: The Eurographics Association. doi:10.2312/egst.20051044
 Stadelmann, M. A., Maquer, G., Voumard, B., Grant, A., Hackney, D. B., Vermathen, P., et al. (2018). Integrating mri-based geometry, composition and fiber architecture in a finite element model of the human intervertebral disc. J. Mech. Behav. Biomed. Mater. 85, 37–42. doi:10.1016/j.jmbbm.2018.05.005
 Taubin, G. (1995). “A signal processing approach to fair surface design,” in SIGGRAPH '95: Proceedings of the 22nd annual conference on Computer graphics and interactive techniques (New York, NY: Association for Computing Machinery), 351–358. doi:10.1145/218380.218473
 van der Walt, S., Schönberger, J. L., Nunez-Iglesias, J., Boulogne, F., Warner, J. D., Yager, N., et al. (2014). scikit-image: image processing in python. PeerJ 2, e453. doi:10.7717/peerj.453
 Zadpoor, A. A., and Weinans, H. (2015). Patient-specific bone modeling and analysis: the role of integration and automation in clinical adoption. J. Biomech. 48, 750–760. doi:10.1016/j.jbiomech.2014.12.018
 Zhou, S. H., McCarthy, I. D., McGregor, A. H., Coombs, R. R., and Hughes, S. P. (2000). Geometrical dimensions of the lower lumbar vertebrae–analysis of data from digitised ct images. Eur. Spine J. 9, 242–248. doi:10.1007/s005860000140
Conflict of interest: JK is co-founder of Bonescreen GmbH.
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2025 Nispel, Lerchl, Gruber, Moeller, Graf, Senner and Kirschke. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fbioe-12-1485115-g005.gif
LPoer Qualtty Slamants In the Vestetwes PEM Meshes

pocr Quatty Elements nthe VD FeM eshes.

P ]
L
1 .
: i L

T T I TR R SRR T TR R TR S SR T





OPS/images/fbioe-12-1485115-g006.gif





OPS/images/fbioe-12-1485115-g003.gif
ha






OPS/images/fbioe-12-1485115-g004.gif





OPS/images/fbioe-12-1485115-t001.jpg
Nodes Elements

mean max min mean max min

IVDs (n = 593) 9811 36494 939 ‘ 50.414 ‘ 196357

Vertebrae (n=637) =~ 43.848  98.884 1.646‘ 228757 | 529.102





OPS/images/fbioe-12-1485115-t002.jpg
Pipeline pal

Average d

tion [s]

Min duration [s]

Max duration [s]

MRI — Surf Mesh 17815 144.34 272.09
Vert Smoothing 2,19524 138107 3,050.03
IVD Smoothing 423 347 5.53
Vert Surface Mesh — Volume Mesh 25359 176.69 330.53
IVD Surface Mesh — Volume Mesh 3832 2915 58.22
Vert Volume Mesh — inp file part 79139 602.23 970.29
IVD Volume Mesh — inp file part 17882 14076 24329
Vert inp file part — inp file model 22497 139.18 293.58
IVD inp file part — inp file model 5081 3746 79.82
Vet FEM Simulation 204673 145235 3,358.66
IVD FEM simulation 265,57 219.22 368.09






OPS/xhtml/nav.xhtml
Contents

		Cover

		From MRI to FEM: an automated pipeline for biomechanical simulations of vertebrae and intervertebral discs		Introduction

		Methods

		Results

		Discussion

		1 Introduction

		2 Methods		2.1 MRI to surface mesh

		2.2 Smoothing

		2.3 Mesh filling

		2.4 Volume meshing

		2.5 Volume mesh to FEM model

		2.6 Evaluation of the pipeline





		3 Results		3.1 Mesh quality

		3.2 Failed attempts

		3.3 Calculation times





		4 Discussion

		5 Conclusion and outlook

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Publisher’s note

		References









OPS/images/cover.jpg
’ frontiers | Frontiersin Bioengineering and Biotechnology

From MRI to FEM: an automated
pipeline for biomechanical
simulations of vertebrae and
intervertebral discs





OPS/images/fbioe-12-1485115-g001.gif
[





OPS/images/fbioe-12-1485115-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers i

Bioengineering and Biotechnology





