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Abstract

The simulation of spinal cord electrical stimulation using finite element mod-
els requires anatomically coherent three-dimensional geometries, as the dis-
tribution of the electric field depends sensitively on cord morphology and on
the thickness of the perimedullary compartment. In this work, a computa-
tional pipeline was developed for the construction of spinal compartments
from multi-contrast MRI images (T2-weighted and T2*-weighted), applied
to a multicenter open-access dataset. Spinal cord and intramedullary com-
partment segmentation was performed using Spinal Cord Toolbox and inte-
grated with registration to the PAMb0 template, in order to obtain masks
of cord, gray matter, white matter, and cerebrospinal fluid consistent within
the subject’s anatomical space. Vertebral structures were segmented sepa-
rately, generating complete geometric configurations within the same refer-
ence system, ready for use in electrophysiological simulations. In parallel,
a comparative analysis was conducted among three automatic segmentation
toolboxes (SpinePS, TotalSegmentator and TotalSpineSegmentator) applied
to the same T2-weighted images. For each model, geometric parameters de-
rived from the native spinal cord segmentation were computed, including
total volume, cranio-caudal length, mean cross-sectional area, and vertebral
canal-to-cord ratio. The comparison highlights systematic differences in the
definition of anatomical boundaries across frameworks, resulting in varia-
tions in morphometric metrics. The results emphasize that the choice of
segmentation algorithm represents a relevant methodological variable in the
construction of geometries for numerical modeling. The proposed approach
provides a reproducible procedure for generating spinal models intended for
electrical stimulation simulations and, at the same time, a quantitative as-
sessment of the influence of automatic segmentation tools on the geometric
quantities employed in FEM models.
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Chapter 1

Introduction

Spinal cord injury (SCI) encompasses a heterogeneous group of conditions
characterized by structural and functional alterations of spinal cord tissue
[1, 2]. From an epidemiological perspective, the Global Burden of Disease
Study 2021 estimates that approximately 574,000 new cases occurred world-
wide in 2021 alone and that about 15 million people are living with the
consequences of SCI [1, 3]. The average annual incidence generally ranges
between 20 and 30 cases per million inhabitants, with marked geographical
variability related to demographic and socioeconomic factors [3, 4]. Trau-
matic forms, associated with acute mechanical events such as road traffic
accidents or falls, are distinguished from non-traumatic forms related to neo-
plasms, degenerative processes, or inflammatory conditions [5, 3]. Incidence
is higher in males and tends to increase with age [1, 3, 4]. Clinically, injury
severity is classified according to the anatomical level and the degree of neu-
rological impairment based on the International Standards for Neurological
Classification of Spinal Cord Injury (ISNCSCI) [6]. The level determines
the distribution of motor and sensory deficits, whereas the distinction be-
tween complete and incomplete injury depends on the presence of residual
function below the affected segment. In sublesional segments, despite the
absence of suprasegmental control, anatomical structures remain macroscop-
ically present [2], as illustrated in Figure 1.1.

Over the past two decades, neuromodulation strategies such as epidural
and transcutaneous stimulation have demonstrated the possibility of mod-
ulating the excitability of sublesional spinal circuits and partially restoring
motor functions [7, 8, 9, 10, 11]. In these approaches, stimulation efficacy
does not depend exclusively on stimulus parameters and electrode configu-
ration, but also on tissue geometry and on the thickness of the cerebrospinal
fluid layer separating the electrodes from the cord [12]. Computational mod-
els based on the Finite Element Method (FEM) represent a well-established
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Spinal cord

Fractured
vertebra

Figure 1.1: Schematic representation of spinal cord injury (SCI).

tool for estimating extracellular potential distribution and predicting neu-
ral structure activation [13, 14, 15, 16, 17]. In such models, the electric field
distribution is highly sensitive to the geometric definition of anatomical com-
partments and to the conductivity properties assigned to gray matter, white
matter, and cerebrospinal fluid. Variations in spinal cord cross-sectional area
or in the thickness of the perimedullary compartment may lead to significant
changes in the simulated field [13]. Consequently, the quality of anatomi-
cal segmentation constitutes a critical methodological variable in the con-
struction of geometries for numerical modeling. The use of convolutional
neural networks has fostered the development of automatic tools for spinal
cord segmentation on MRI images, integrated into open-source frameworks
[18, 19, 20]. Although such tools show high performance according to spatial
overlap metrics [18], differences in the operational definition of anatomical
boundaries may translate into variations in morphometric quantities relevant
for modeling [21]. The impact of toolbox selection on the geometric metrics
used in spinal electrophysiological models remains, however, insufficiently ex-
plored. In the present study, a reproducible pipeline is developed for the seg-
mentation of the healthy spinal cord from multi-contrast MRI images, aimed
at generating geometrically coherent three-dimensional models for FEM sim-
ulations of stimulation in macroscopically preserved sublesional segments of




SCI. In parallel, a comparative analysis is conducted among three automatic
segmentation toolboxes (SpinePS, TotalSegmentator and TotalSpineSegmen-
tator) to assess variability in the main spinal morphometric metrics derived
from their respective segmentations. The inter-site and inter-scanner vari-
ability of the reference dataset is illustrated in Figure 1.2.

sub_amuO1 sub_barcelona02 sub_brnoceitecO1

Figure 1.2: Example of inter-site variability in T2-weighted spinal cord MRI
acquired at different imaging centers.
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Chapter 2

Materials and Methods

2.1 Dataset

The images used in the present study were obtained from the Spine Generic
Public Database in the Multi-Subject configuration [22], an open-access dataset
acquired according to the Spine Generic protocol and organized according to
the Brain Imaging Data Structure (BIDS) standard [23]. The BIDS structure
defines a subject /session/contrast hierarchy and associates each volume with
JSON files containing acquisition metadata, ensuring image traceability and
reproducibility of the analyses. Only healthy adult subjects not listed in the
official exclude.yml file were included. The exclusion criteria reported in
the aforementioned file include, among the main causes, the presence of mo-
tion artifacts and non-compliance with the acquisition parameters specified
by the Spine Generic protocol. As an example, subject sub-balgrist01 was
excluded due to evident motion artifacts in the T1-weighted images, char-
acterized by distortions and alterations of anatomical contours (Figure 2.1).
Similarly, subject beijingVerio01 was excluded because the acquisition site
did not adhere to the parameters defined in the shared protocol, reporting
non-compliant repetition time (TR = 2 ms) and flip angle (FA = 180°) values
(Figure 2.2).

The dataset was downloaded using git and git-annex, preserving its
original structure in its entirety. For the purposes of this study, structural
T2-weighted (T2w) and T2*-weighted (T2*w) sequences were used. All pro-
cessing steps were performed in the subject’s native T2w space, adopted as
the common anatomical reference, in order to avoid repeated interpolations
and ensure geometric consistency across compartments.
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B: sub-balgristol_Tlw B: sub-balgristol_Tlw B: sub-balgristo1_Tiw

L5: -4.1542mm

Figure 2.2: Non-compliance with protocol in beijingVerio01.
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2.2 Spinal Cord Segmentation and Registra-
tion to PAMS50

Initial spinal cord segmentation was performed using Spinal Cord Toolbox
(SCT, version 7.0) [19]. The cord contour was obtained on T2w images us-
ing the pre-trained model for this contrast (sct_deepseg_sc). The resulting
mask and the associated centerline were used as structural constraints dur-
ing registration to the PAM50 template. In particular, the availability of
the spinal cord segmentation allows the non-linear registration procedure to
constrain alignment along the cranio-caudal axis, reducing local distortions
and improving correspondence between vertebral levels. Gray matter (GM)
was segmented on T2w images using sct_deepseg_gm, exploiting the higher
intramedullary contrast of this sequence. White matter (WM) was com-
puted by logical subtraction from the full spinal cord mask segmented in the
same T2w space, thereby ensuring topological consistency between compart-
ments. The GM and WM masks were subsequently mapped into T2w space
through inter-contrast registration, so that all intramedullary compartments
were expressed within the same geometric reference system (see Figure 2.3).

Figure 2.3: Spinal cord segmentation on T2w images and gray matter seg-
mentation on T2*w images, with white matter derived by logical subtraction.

Registration to the PAM50 template was then performed using
sct_register_to_template, with the T2w image and the spinal cord seg-
mentation provided as inputs. The C2-C3 intervertebral disc was manu-
ally identified to initialize vertebral labeling, a necessary condition to sta-
bilize alignment along the spinal axis. The procedure generated both the




10 Materials and Methods

forward transformation (subject—template) and the inverse transformation
(template—subject). In the present study, the inverse transformation was
used to map the PAM50 template cord and gray matter into the subject’s
native T2w space. The use of the template-derived cord mapped into in-
dividual space enables the reconstruction of a continuous and geometrically
coherent spinal cord along the entire cranio-caudal axis, reducing the impact
of potential local discontinuities in the native segmentation (see Figure 2.4).
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Figure 2.4: Registration of the PAMb0 spinal cord template to the subject
anatomical space.

2.3 Construction of Intramedullary Compart-
ments

Starting from the template-derived cord mapped into subject space, the final
intramedullary compartments were defined. The registered GM was bina-
rized and subjected to light smoothing to ensure volumetric continuity, re-
ducing potential voxel-wise irregularities introduced by the non-linear trans-
formation. WM was then computed as the difference between the template-
warped cord mask and the registered GM. The perimedullary compartment
(CSF) was constructed through three-dimensional morphological dilation of
the cord with a radius of three voxels, followed by subtraction of the original
mask:

CSF = dilate(SC,r =3) — SC

The three-voxel radius was kept constant for all subjects and represents
an operational choice aimed at generating a continuous perimedullary shell
around the cord. This parameter is not intended as a direct anatomical mea-
surement of CSF thickness, but rather as a controlled approximation useful
for constructing a coherent conductive domain for finite element modeling
(see Figure 2.5). The final masks of cord, GM, WM, and CSF were saved in
binary format in the native T2w space.
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Figure 2.5: Construction of the perimedullary compartment by morphologi-
cal dilation of the spinal cord and subtraction of the original mask.

2.4 Vertebral Segmentation and Geometric
Benchmark

Vertebral structures were segmented by applying three different automatic
frameworks to the T2w images in the subject’s native space: TotalSegmen-
tator (v1.5.7) [24], TotalSpineSegmentator (release 20260129) [20, 25], and
SpinePS (development build 1.4.2.post2.dev0+54tb222) [26, 27]. Each soft-
ware package was executed within dedicated conda environments. TotalSeg-
mentator is based on nnU-Net [28]; TotalSpineSegmentator integrates nnU-
Net segmentation with landmark-based vertebral labeling; SpinePS employs
a two-stage pipeline including semantic segmentation and instance segmen-
tation of vertebral levels. In addition to vertebrae, each framework produces
a native spinal cord segmentation. Geometric metrics were computed from
these segmentations in order to quantify inter-toolbox variability. Total vol-
ume was obtained by multiplying the number of segmented voxels by the
voxel volume; cranio-caudal length was estimated as the extent of the mask
along the z-axis; mean cross-sectional area (CSA) was calculated as the ratio
between volume and length; the canal-to-cord ratio was derived from the
respective labels; and the number of connected components was used as an
index of segmentation continuity. All measurements were performed in the
native T2w space.
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Figure 4.1 SpinePS

L:3.2319mm
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L:-3.1681mm

Figure 4.3 TotalSegmentator

Figure 2.6: Vertebral segmentations obtained for subject sub_barcelona02.
Figure 4.1 shows the segmentation generated by SpinePS, Figure 4.2 by To-
talSpineSegmentator, and Figure 4.3 by TotalSegmentator.
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2.5 Integration for Computational Modeling

The benchmarking phase was kept separate from the construction of ge-
ometries for computational modeling. In the latter phase, the spinal cord
segmentation derived from SCT was adopted as a common reference, inde-
pendently of the toolbox used for vertebral segmentation. This choice is
motivated by the documented sensitivity of FEM models to the geometric
definition of anatomical compartments and their boundaries [29, 16].

For each subject, three distinct geometric configurations were therefore
generated by combining the vertebrae segmented with each framework with
the same cord and CSF segmentation derived from SCT. This procedure
makes it possible to isolate the effect of vertebral segmentation on the overall
geometry while keeping the intramedullary compartment constant.

Figure 5.1 SCT + SpinePS
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L: -0.7681mm

Figure 5.3 SCT + TotalSegmentator

Figure 2.7: Hybrid geometric configurations for subject sub_barcelona02.
Each configuration combines the spinal cord and CSF segmentation obtained
with SCT with vertebral structures segmented by a different framework:
SpinePS (Figure 5.1), TotalSpineSegmentator (Figure 5.2), and TotalSeg-
mentator (Figure 5.3).
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Workflow Summary

For methodological clarity, the entire pipeline described in the previous sec-
tions is summarized in the block diagram shown in Figure 2.8. The figure
outlines the operational workflow from dataset selection to the generation of
the three final geometric configurations, highlighting the separation between
the vertebral segmentation benchmarking phase and the integration phase
for computational modeling.
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Figure 2.8: Summary diagram of the methodological pipeline: spinal cord
segmentation with SCT and registration to PAM50 (branch A), vertebral
segmentation with three toolboxes and geometric benchmark (branch B),
and final integration for the generation of three geometric configurations
intended for FEM modeling.




Chapter 3

Results

For each framework, the following parameters were quantified: spinal cord
volume, cord length, number of occupied slices, mean CSA, canal-to-cord
ratio, and number of connected components of the vertebral canal (see Ta-
ble 3.1, 3.2, 3.3, 3.4).

SpinePS produced spinal cord volumes ranging from 12113 mm? to 15976
mm?, with lengths between 177.0 mm and 205.5 mm and a number of occu-
pied slices varying from 236 to 274. The mean CSA ranged from 59.16 mm?
to 78.58 mm?2. The canal-to-cord ratio ranged between 2.39 and 3.04. In all
subjects, a single connected component of the vertebral canal was identified.
TotalSegmentator yielded volumes between 33012 mm? and 39757 mm?3, with
lengths from 183.0 mm to 212.0 mm and a number of occupied slices between
183 and 212. The mean CSA ranged from 160.25 mm? to 217.23 mm?2. The
canal-to-cord ratio was approximately 1.00 in all analyzed subjects. In this
case as well, a single connected component of the canal was identified. Total-
SpineSegmentator produced volumes between 11264 mm? and 14355 mm?3,
with lengths ranging from 190.0 mm to 216.0 mm and a number of occupied
slices between 190 and 216. The mean CSA ranged from 52.15 mm? to 66.77
mm?. The canal-to-cord ratio ranged between 2.03 and 2.67. The number of
connected components of the vertebral canal varied between 3 and 13 across
subjects.

The quantitative comparison among the toolboxes reveals marked dif-
ferences in volumetric and transverse parameters (volume and mean CSA),
whereas longitudinal measures (length and number of occupied slices) show
more limited variability across frameworks. In terms of spinal cord volume,
TotalSegmentator yields significantly higher values than the other tools, with
an average increase of approximately 166% relative to SpinePS. TotalSpine-
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Segmentator, in contrast, shows slightly lower values compared to SpinePS
(-6% on average). The comparison between SpinePS and SCT indicates a
limited mean difference of approximately 3%. A similar trend is observed for
mean CSA. TotalSegmentator presents average values approximately 163%
higher than SpinePS, whereas TotalSpineSegmentator shows an average re-
duction of about 12%. SpinePS and SCT are substantially aligned, with
differences below 5%. Regarding longitudinal measures, spinal cord length
varies on average within 7 across tools, with maximum differences on the or-
der of 10—15 mm in individual subjects. The number of occupied slices follows
the same pattern, showing internal consistency with the segmented length.
The canal-to-cord ratio highlights a marked divergence between TotalSeg-
mentator and the other two toolboxes. SpinePS and TotalSpineSegmentator
exhibit mean values between 2 and 3, whereas TotalSegmentator consistently
remains around 1.00 (-63% relative to SpinePS). Finally, the number of con-
nected components of the vertebral canal clearly differentiates TotalSpine-
Segmentator from the other tools: SpinePS and TotalSegmentator return
a single connected component in all subjects, while TotalSpineSegmentator
shows a mean of 8.75 components, with values ranging from 3 to 13.

Table 3.1: Geometric parameters obtained with SpinePS

Subject vol_cord length slices CSA ratio n_comp
(mm?3)  (mm) (mm?) canal/cord  canal
sub-barcelona02 15975.82  205.5 274 77.74 2.39 1
sub-amu01 13904.24 177.0 236  78.58 3.04 1
sub-brnoCeitec01 12915.79 182.25 243  70.88 2.67 1
sub-beijingPrisma01 12113.89 204.75 273 59.16 2.92 1

Table 3.2: Geometric parameters obtained with TotalSegmentator

Subject vol_cord length slices CSA ratio n_comp
(mm?3)  (mm) (mm?) canal/cord  canal
sub-barcelona02 37438.00 212.0 212 176.59 1.01 1
sub-amu01 39757.00 183.0 183 217.23 1.00 1
sub-brnoCeitec01 35921.29 190.0 190 189.06 1.01 1
sub-beijingPrisma0l 33012.00 206.0 206 160.25 1.00 1
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Table 3.3: Geometric parameters obtained with TotalSpineSegmentator

Subject vol_cord length slices CSA ratio n_comp
(mm?®)  (mm) (mm?) canal/cord  canal
sub-barcelona02 14355.00 215.0 215  66.77 2.03 3
sub-amu01 12647.00 190.0 190  66.56 2.67 13
sub-brnoCeitec01 12891.35 198.0 198  65.11 2.04 11
sub-beijingPrisma0l1 11264.00 216.0 216 52.15 2.40 8

Table 3.4: Geometric and tissue-specific parameters obtained with SCT

Subject vol.cord CSA_cord volgm volwm CSA gm CSAwm gm/wm
(mm?) (mm?)  (mm?®) (mm?®) (mm?) (mm?) ratio
sub-barcelona02 15347 72.12 1345 6296 81.52 307.13 0.21
sub-amu01 13676 73.06 1130 6025 118.95 482.00 0.19
sub-brnoCeitec01 13155 66.85 1242 4826 124.25 321.75 0.26

sub-beijingPrisma0l 11589 54.05 1116 4443 106.31 277.73 0.25
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Chapter 4

Discussion

The results highlight structural differences among the segmentation frame-
works that cannot be attributed to simple numerical variability. The dis-
crepancies observed in volumetric and transverse parameters indicate that
the toolboxes produce substantially different geometric representations of the
spinal cord, rather than marginal variations of the same anatomical entity.
In this context, the agreement between SpinePS and SCT, both in terms
of volume and mean CSA, suggests consistency in the definition of the anatom-
ical boundaries of the spinal cord compartment. Considering that SCT repre-
sents a consolidated tool for quantitative spinal cord analysis, this alignment
reinforces the reliability of the segmentations obtained with SpinePS in the
analyzed sample. In contrast, TotalSegmentator shows a systematic overes-
timation of volume and CSA, associated with a canal-to-cord ratio close to
unity. This configuration reflects a reduced distinction between contiguous
anatomical compartments and a likely inclusion of perimedullary structures
within the cord mask. Notably, the divergence does not concern longitudi-
nal extent, which remains comparable across tools, but rather the transverse
definition of the anatomical section. Consequently, the disagreement among
frameworks appears to originate primarily from the criteria used to delin-
eate the lateral borders of the cord, rather than from the identification of its
cranio-caudal extent. TotalSpineSegmentator occupies an intermediate posi-
tion from a dimensional perspective, showing volumes and CSA values closer
to those of SpinePS and SCT; however, it introduces topological fragmenta-
tion of the vertebral canal, as indicated by the high number of connected com-
ponents. This discontinuity is not evident in purely metric parameters, but
becomes apparent through connectivity analysis, underscoring that dimen-
sional evaluation alone is insufficient to characterize segmentation quality.
Geometric continuity therefore assumes a central role in three-dimensional
modeling and mesh generation processes. Taken together, these results show
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that, starting from the same input images, different tools may produce di-
vergent geometric configurations. The differences are mainly concentrated
in transverse parameters and compartment definition, whereas longitudinal
measures remain relatively stable. This pattern suggests that identification
of the extension along the z-axis represents a more robust task than the
accurate delineation of the lateral surfaces of the spinal cord.

In light of these findings, the choice of segmentation framework cannot
be regarded as a purely technical aspect, but assumes direct methodological
relevance in pipelines requiring geometric coherence and accurate distinc-
tion between anatomical compartments. A further implication concerns the
generation of hybrid geometries, obtained by combining the cord and CSF
segmentation derived from SCT with vertebral structures segmented by the
different toolboxes. The differences observed in geometric parameters trans-
late into distinct spatial configurations within the composite models. In
particular, the volumetric overestimation associated with TotalSegmentator
results in a reduction of the perimedullary space and a modification of the
relative proportions among cord, CSF, and vertebral canal. Conversely, the
canal fragmentation observed with TotalSpineSegmentator introduces dis-
continuities in the internal surface of the bony compartment, requiring post-
processing interventions to restore geometric coherence. SpinePS, owing to
the observed volumetric consistency and topological continuity, generates hy-
brid configurations characterized by more stable spatial relationships along
the cranio-caudal axis. Ultimately, the behavior of the individual toolboxes
affects not only the numerical values of geometric descriptors, but also de-
termines structural differences in the construction of the three-dimensional
geometries employed in subsequent stages of the pipeline. The quality and
coherence of the segmentations are therefore reflected in the stability and
plausibility of the generated hybrid configurations.




Chapter 5

Conclusions

In this work, a computational pipeline was developed and validated for the
generation of three-dimensional spinal cord models from multi-contrast MRI
images. The integration of automatic segmentation, anatomical normal-
ization to the PAMb0 template, and reconstruction of vertebral structures
within a unified spatial reference system enabled the generation of coherent
binary volumes of gray matter, white matter, cerebrospinal fluid, and ver-
tebrae, directly applicable to finite element numerical modeling. The appli-
cation of the pipeline to a heterogeneous multicenter dataset demonstrated
the robustness of the framework with respect to inter-site variability and
acquisition differences. The combined use of T2 and T2* contrasts, verte-
bral initialization during registration, and application of the inverse template
transformation ensured anatomical coherence along the cranio-caudal axis
and geometric continuity across segmented compartments. The resulting ge-
ometries satisfy the consistency requirements necessary for mesh generation
and for the execution of volume conduction simulations. The benchmark
among different segmentation toolboxes further demonstrated that distinct
algorithmic choices may produce substantially divergent geometric configu-
rations from the same input images. In particular, the main discrepancies
are concentrated in transverse parameters and in compartment definition,
with direct implications for the construction of hybrid geometries. This find-
ing highlights the methodological role of segmentation within the pipeline
and the need for critical evaluation of the frameworks employed when the
ultimate goal is electrophysiological modeling.

Among possible future developments, a priority is the systematic quan-
tification of the impact of geometric variations on numerical simulation out-
comes. A sensitivity analysis introducing controlled variations in spinal cord
CSA or CSF thickness would allow assessment of how segmentation dif-
ferences propagate into potential distribution and electric fields estimated
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through FEM. In parallel, further investigation of mesh quality generated
from different geometries would enable direct correlation between segmen-
tation characteristics and numerical parameters such as element regularity,
presence of degenerate elements, and solution stability.

Overall, this work provides a reproducible methodological foundation that
explicitly links anatomical segmentation and electrophysiological modeling,
defining an operational framework for neuromodulation studies in macro-
scopically preserved sublesional segments of Spinal Cord Injury. The formal-
ization of this workflow represents a step toward more systematic integration
between quantitative imaging and numerical simulation in the field of neu-
roengineering.
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