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ABSTRACT

Knowing about anatomical deformations in patient images is crucial for adaptive image-guided radiation
therapy. Biomechanical models ensure biofidelity in deformable image registration, but manual contour-
ing limits their clinical use. We investigate the application of automatically generated contours for a
biomechanical registration model in head and neck cancer treatment. For that, we automatically gen-
erate individual bone segmentations on planning CT scans examining a custom-trained nnU-Net model
and the ready-trained TotalSegmentator model. Both sets of segmentations are evaluated using DICE,
Hausdorff Distance and surface DICE. We investigate their impact on the build-up of the biomechanical
articulated skeleton model by deviations in joint positioning and CT-CT registration accuracy using target

ARTICLE HISTORY
Received 6 September 2024
Accepted 14 January 2025

KEYWORDS
Biomechanical modelling;
biofidelity; image
registration; head and neck
cancer; medical image
segmentation

registration error (TRE). The custom-trained model achieves 1.51 +0.26 mm TRE, with no significant
difference in registration accuracy. While the TotalSegmentator does not provide all structures needed
for the complete biomechanical model build-up. Overall, deep learning-based automatic bone segmen-
tation can replace manual contouring in this model, matching its performance.

1. Introduction

Adaptive image-guided radiation therapy for cancer patients
relies on image registration to assess motion and correct dosi-
metric consequences in the patient’s body. To capture natural
anatomical deformations, deformable image registration (DIR)
is necessary. Intensity-based DIR algorithms are computation-
ally efficient and easy to implement, but sensitive to image
artefacts and experience issues optimising cases with large
deformations (Kirby et al. 2011). Recently, deep learning-
based DIR algorithms have been developed to predict defor-
mation fields (Balakrishnan et al. 2015), though they still experi-
ence issues with large deformations, non-constrained
registration and typically require large computational overhead
when training (Zou et al. 2022). The lack of ground truth data
can be an additional challenge as the correct transformation for
real-world data is typically unknown (Fu et al. 2023).

In contrast, biomechanical models, offer accurate and biofi-
delic registration results (Brock et al. 2005; Bauer et al. 2023),
but require segmentations of regions of interest (ROIs), a
labour-intensive and slow process when done manually

(Vaassen et al. 2020). Automatic segmentation generation has
been extensively studied and remains an active area of
research. For example, atlas-based segmentation, which regis-
ters a prior contoured reference image (the atlas) onto a new
image, has sped up skeleton-based registration but has diffi-
culties to represent the variation and details in skeleton anat-
omy (Yip et al. 2014).

Recently, deep learning-based image segmentation showed
acceptable accuracy for many applications (Van Dijk et al.
2020). Although computationally demanding during training,
deep learning methods offer adaptability and generalisation,
handling artefacts and structure absence better than atlas-
based methods. Artificial neural networks have successfully
segmented individual bones, distinguishing instances of similar
shape (Belal et al. 2019).

The variety of deep learning methods and datasets in the
realm of medical image segmentation is vast (Campello et al.
2021, Liu et al. 2021,Magadza and Viriri 2021).
Hyperparameter tuning is a demanding process, requiring
significant time and resources due to the need for repeated
model training (Arnold et al. 2023, Bergstra and Bengio 2012,
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Stergiopoulos et al. 2022). The nnU-Net framework (Isensee
et al. 2021) is a self-configuring tool for medical image seg-
mentation based on the U-Net architecture (Ronneberger et
al. 2015), requiring no task-specific hyperparameter tuning.
Based on this framework, the ready-trained open-access
TotalSegmentator (TS) toolkit provides segmentation for
104 anatomical structures in the whole body, including multi-
ple individual bones (Wasserthal et al. 2023).

In this study, we investigate the applicability and accuracy of
deep learning-based bone segmentations for automating a
biomechanically articulated skeleton registration model for
application in head and neck cancer radiotherapy (Teske et al.
2017; Bauer et al. 2023). We trained a custom nnU-Net model
and used the pre-trained TotalSegmentator framework to gen-
erate bone segmentations, analysing their capability for build-
ing up the articulated skeleton model and their impact on the
biomechanical registration accuracy.

2. Material and methods
2.1. Data cohort

2.1.1. Image scans

This retrospective study included imaging data from 22
patients receiving curative radiotherapy between 1 January
2000, and 30 November 2022. Seventeen patients were treated
in-house at the Heidelberg University Hospital (Stoiber et al.
2009, Stoiber et al. 2011, Stoiber et al. 2017) or at the clinical
cooperation unit of the German Cancer Research Center (Giske
et al. 2011), primarily for head and neck cancer or included
same scanned body region. To increase the diversity of image
features for training a deep-learning model, four imaging data-
sets from The Cancer Imaging Archive (Clark et al. 2013,
Bejarano et al. 2018, Bosch et al. 2015) were added. These
datasets, accessed on 1 November 2017, varied in device, pro-
tocol, treatment positioning, and patient age (Clark et al. 2013,
Bejarano et al. 2018, Bosch et al. 2015, Zuley et al. 2016,
Bejarano et al. 2019, Kiser et al. 2019, Ang et al. 2014). All
scans were planning CTs of diagnostic quality, cropped to the
necessary field of view for head and neck cancer treatment,
including the skull base cranially and at least vertebra T3 caud-
ally. Table A1 in the Appendix, summarises the source and
specifications of the imaging data. No identifiable patient infor-
mation was accessible to the authors.

Fourteen of these 22 datasets were used to train the
custom nnU-Net model i.e. 7 in-house HNC patients, 2
open-access HNC datasets, 2 diagnostic scans with arms-up
positioning, 2 in-house non-HNC patients, and one child
anatomy. The test dataset contained the remaining 8 scans
from the mentioned in-house cohorts. Three patients within
the test dataset were accompanied by daily fraction CTs
meeting the requirements for the biomechanical DIR model.
In the following, these patients are referred to as fraction-
patients i.e. patients 15-17 in Table A1. For each fraction-
patient, 6 fraction CTs were used for the evaluation of the
biomechanical DIR.

The CT scans had voxel sizes ranging from 0.98 x 0.98 x 2 mm?
to 1.37 x 1.37 x 3.3 mm?, with an in-plane matrix size of 512 x 512
and 97 to 198 slices. Voxels outside the semi-manually delineated

patient skin were set to —1024. Study-specific patient consent was
waived by ethics committee due to retrospective nature of the
study. The ethics committee of the Medical Faculty of University
Heidelberg approved the study under #5-660/2022.

2.1.2. Manual labels

For all CT scans, bones were manually delineated by different
observers and refined by one observer. One scan was re-deli-
neated by an independent observer to assess inter-observer
variability. Figure 1 shows all contoured bones for a represen-
tative patient dataset. The standard operation procedure for
delineation and refinement included: (a) Segmentation in the
CT bone window (centre: 300 hU, width: 2000 hU), (b) synchro-
nized 2D (5,3) Difference of Gaussians (DoG) filtered scans for
visual guidance (centre: 0 hU, width: 100 hU), (c) skull and
mandible contours excluding the teeth, (d) rib contours includ-
ing the corresponding costal cartilages, (e) final shape refine-
ments, especially edges of vertebral bodies, via sagittal view.

2.1.3. Pairs of landmarks for TRE

For the 3 patient datasets with daily fraction CTs (i.e. patient
15-17 in Table A1), a trained observer localised landmarks on
the bones in the planning CT scans and six respective fraction
CT scans (Bauer et al. 2023). Patient 15 had 161 landmarks,
while patients 16 and 17 had 63-70 landmarks depending on
visibility in the fraction CT scans.

The accuracy and robustness of the biomechanical DIR
approach were evaluated quantitatively using corresponding
pairs of landmarks on different (fraction) CT scans of the same
patient. The evaluation was based on the target registration
error (TRE), defined as the distance between corresponding
landmarks (Maurer et al. 1993). Lower TRE indicates better
local alignment of anatomical structures at the landmark posi-
tion. In Bauer et al (2023), inter-observer variability for landmark
identification ranged from 0.1 to 2.9 mm with a median of
1.1 mm (Bauer et al. 2023). This indicates the baseline of achiev-
able landmark-based accuracy by a registration algorithm.

2.2. Automatically predicted labels

2.2.1. Generation and evaluation of predicted labels

The custom nnU-Net model was trained to predict 24 bone
labels. The training used the nnU-Net's default hyperpara-
meters and default preprocessing. Training and predictions
were executed on a computer with an AMD Ryzen™ 9 3900X
Processor, 128 GB RAM, a NVIDIA GeForce RTX 3090, and 24 GB
VRAM. The TotalSegmentator Version 1 was originally trained
on 1204 radiological CT scans from various sequences
(Wasserthal et al. 2023) and was used as a Python library for
prediction, on a computer with an Intel® Core™ i7 Processor, 64
GB RAM, a NVIDIA GeForce RTX 2070, and 8 GB VRAM. CT scans
were split into three parts. Details about the training proce-
dures, training parameters and network architecture are pro-
vided in the supplementary material.

The similarity of two different labels of the same structure
was quantified by (a) their volumetric overlap using the
Serensen — Dice coefficient (DICE) (Dice 1945; Serensen 1948),
(b) their Hausdorff Distance (Rockafellar and Wets 2009), and (c)
the proportion of the surfaces deviating more than 2 mm using
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Figure 1. Visualization of the contouring data for a representative patient dataset from the training cohort. Upper row: rendering of the resulting individual bones
required for the biomechanical model. Lower row: sagittal and transversal slices of the planning CT scan in bone window (300HU:2000HU) and the synchronized 2D

(5,3) DoG filtered scan in the pre-defined window (OHU:100HU).

the surface DICE (sDICE) (Nikolov et al. 2021). Supported by the
research of Wagenaar et al (2021) (Wagenaar et al. 2021), the
threshold of 2 mm was chosen for the sDICE metric.

2.2.2. Post-processing of predicted labels

Post-processing the nnU-Net predictions, left and right
instances of the clavicles, humeri, and scapulae were recom-
bined, and a 3D volume grower was applied to separate the
two largest connected components. All ribs were combined
into a general rib label, with individual ribs extracted using
connected components. Left and right rib instances were
paired by comparing the cranio-caudal position of each cen-
troid. No post-processing of the TotalSegmentator predictions
was necessary.

The transformation of volume maps predicted by deep-
learning models into contours necessary for the model build-
up of the biomechanical model was performed with an in-
house algorithm in VIRTUOS (Bendl 2006). Its integrity was
verified by back-and-forth transformation between contours
and volume maps.

2.3. Biomechanical DIR model and registration
evaluation

The biomechanical DIR approach, previously published and
applied to CT-CT registration with manual bone delineations
(Bauer et al. 2023), uses an articulated biomechanical model
build-up from individual bone segmentations to create a
patient-specific static geometry. Joints are modelled as 3-
degree-of-freedom ball-and-socket joints, positioned by near-
est-neighbour or joint-specific rules (Teske et al. 2017, 2017).
Inverse kinematics are solved using Simbody toolkit (Seth et al.

2010; Sherman et al. 2011), and bone positioning is optimised
hierarchically using kinematic constraints and a Nelder-Mead-
Simplex approach (Nelder and Mead 1965). Figure 2 shows the
schematic approach of the biomechanical model registration
including model build-up from the segmentations.

The accuracy of the joint positioning was measured as the
Euclidean distance of the joint’s centre point to the ground
truth centre point acquired by the model build-up on the
manual reference segmentations (Section 2.1.2). In the follow-
ing, this metric is called the joint distance. Small values indicate
consistent position of the joints.

The similarity metric that is optimised in the biomechanical
DIR is calculated as the overlap of bones in the model and
bones in the target image (areas above 120 hU in the CT). A
displacement vector field (DVF) is generated for the full image
space by applying motion propagation of the soft tissue via a
modified chainmail deformation model and the skeletal input
from the biomechanical model (Aguilera et al. 2015; Teske et al.
2017). This approach provides accurate and robust image regis-
tration comparable to standard intensity-based DIR algorithms
while ensuring bone rigidity and articulation in the DVF (Bauer
et al. 2023).

3. Results
3.1. Evaluation results of segmentations

3.1.1. Analysis of the generated labels

The TotalSegmentator lacks some critical labels, including the
skull, mandible, hyoid bone, and sternum, which are neces-
sary for building the biomechanical model. Additionally, the
TotalSegmentator version 1 has systematic omissions, such as
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Figure 2. Representation of the biomechanical model (a) static skeleton geometry based on segmentations. (b) Build-up of the articulated biomechanical model by
automatically positioning the involved joints (red points) and connections (green) of rigid bodies). (c) Model motion during optimization. (d) Resulting displacement

vector field. Figure recreated from (Bauer et al. 2023).

missing cranial parts of the scapulae and sections of ribs at
their junction with vertebrae, as shown in Figure 3. These
omissions are consistently present in TotalSegmentator pre-
dictions and are detailed in (Wasserthal et al. 2023). Another
deviation from our manual segmentation is the exclusion of
costal cartilage, which is necessary for accurate costosternal
joint positioning. Since the nnU-Net is trained on custom
data, none of the aforementioned shortcomings holds for
those predictions.

3.1.2. Comparison between manual labels and predictions
Table 1 shows the mean similarity metrics (DICE, HD, sDICE)
for manual versus predicted labels from the custom-trained
nnU-Net and the TotalSegmentator over all test patients, as
well as DICE values found in the literature. Our custom nnU-
Net generally shows better alignment with manual labels
across all metrics. The nnU-Net’s mean DICE, HD, and sDICE
are 0.89 +0.05, 2.95 + 1.97, and 0.95 + 0.04, respectively, com-
pared to the TS's 0.83+0.08, 7.62+7.43, and 0.91 £ 0.05.
Significant improvements are seen with the nnU-Net for ribs
and scapulae, with average gains of 0.09, 5.91, and 0.08 in
DICE, HD, and sDICE. Except for an outlier in the right rib 1
caused by an error in post-processing, the variance in the

TotalSegmentator labels

mean DICE is low for all structures indicating consistent
segmentation quality.

3.2. Evaluation of the biomechanical model and the
biomechanical registration

3.2.1. Model build-up and joint positioning

The model build-up performance based on different segmenta-
tions is assessed by comparing distances of joint positioning.
For patient 15, we evaluate the impact of inter-observer varia-
bility on joint positioning. Figure 4 shows the distances
between the joints grouped into inter-vertebral joints, costos-
ternal joints, costovertebral joints, and joints involving the
scapula. Compared to manual labels, the nnU-Net and
TotalSegmentator results show median joint distances of
2.6 mm and 2.2 mm for vertebral bodies, respectively, which is
about 1 mm larger than the inter-observer variability (1.4 mm,
blue boxplots in Figure 4).

For costosternal joints, nnU-Net achieves 4.0 mm compared
to 19.2 mm with the TotalSegmentator and 5.5 mm inter-obser-
ver variability. Costovertebral joints results in 2.9 mm, 13.6 mm
and 1.5mm, respectively. Similarly, nnU-Net outperforms
TotalSegmentator for scapulae-related joints with a median

nnU-Net labels

Figure 3. Comparison of manual labels (contours) and predicted labels (area) by the TotalSegmentator (left) and the custom trained nnU-net (right) on the CT scan
(upper) and solely (lower). Pronounced deviations of the TotalSegmentator labels are between the ribs and the vertebra (white arrows) as well as in the segmentation

of the scapulae (grey arrows). Different colors indicate different bones.



COMPUTER METHODS IN BIOMECHANICS AND BIOMEDICAL ENGINEERING: IMAGING & VISUALIZATION e 5

Table 1. The mean of the DICE, HD (95%) and sDICE with 2 mm tolerance between manual labels and the predictions of the nnU-Net and the TotalSegmentator over all

8 test patients. DICE values found in the literature are added in brackets.

sDICE (2 mm
DICE HD (95%) [mm] tol.)

manual vs. nnU-Net TS nnU-Net TS nnU-Net TS
Skull 0.88 - 2.85 - 0.94 -
Mandible 0.91 (0.86-0.99) (Bendl 2006; Seth et al. 2010; Sherman et al. 2011; Teske et al. 2017; Vaassen et al. 2020) - 439 - 0.96 -
Scapula (R) 0.93 (0.92) (Bendl 2006) 0.83 0.98 6.89 0.99 0.90
Scapula (L) 0.93 (0.92) (Bendl 2006) 0.82 0.98 10.91 0.99 0.89
Humerus (R) 0.98 0.92 0.86 12.96 0.99 0.90
Humerus (L) 0.97 0.91 0.98 6.40 0.99 0.92
Clavicle (R) 0.94 0.89 1.08 2.84 0.99 0.93
Clavicle (L) 0.94 0.91 1.03 1.82 0.99 0.97
Sternum 0.93 (0.83) (Yip et al. 2014) - 1.54 - 0.98 -
Hyoid 0.83 - 4.21 - 0.95 -
C1 0.88 0.84 2.81 2.89 0.94 0.93
2 0.90 (0.82) (Nelder and Mead 1965) 0.87 2.24 2.90 0.95 0.94
a 0.88 0.83 2.60 3.26 0.94 0.91
c4 0.87 0.83 2.89 2.68 0.93 0.92
5 0.83 0.83 3.82 3.32 0.91 0.92
c6 0.84 0.83 3.12 2.78 0.91 0.93
c7 0.88 0.85 2.62 2.77 0.93 0.93
T 0.91 (0.84) (Nelder and Mead 1965) 0.89 2.00 241 0.96 0.95
Rib 1 (R) 0.73 0.66 8.91 16.17 0.80 0.80
Rib 1 (L) 0.86 0.66 5.37 16.61 0.95 0.80
T2 0.91 0.89 1.74 2.29 0.97 0.96
Rib 2 (R) 0.85 0.73 6.84 26.25 0.94 0.85
Rib 2 (L) 0.88 0.72 4.79 24.06 0.97 0.85
T3 0.90 0.89 2.24 232 0.96 0.96

Abbreviations: L left, R right, TS TotalSegmentator, tol. Tolerance.

distance of 3.4 mm versus 8.7 mm for TotalSegmentator and
2.0 mm inter-observer variability.

3.2.2. Performance of biomechanical registration

The build-up of biomechanical skeleton model can be per-
formed with a subset of bones in the head and neck area, but
biomechanical registration requires all bones listed in Table 1.
Since the TotalSegmentator does not segment the skull, mand-
ible, hyoid bone, and sternum, it cannot be used for biomecha-
nical registration. For manual and nnU-Net-predicted labels the

biomechanical registration is tested on three patients with each
six fraction CT scans. The distance between landmarks (TRE) is
summarised in Figure 5 for each patient and fraction CT.
Median TRE is 1.44 +£0.25 mm using manual segmentations
and 1.51 +0.26 mm using nnU-Net segmentations. No signifi-
cant difference in accuracy is observed among patients. The
TRE distributions are similar for both methods, with no clear
trend in registration quality throughout the treatment. Before
deformable image registration, the median TRE ranges from 3.4
to 6.6 mm.

40 T T T T
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Figure 4. Boxplot of the distance in joint positioning between manual bone contours in comparison to a second set of manual contours (blue), the TotalSegmentator
(ts)-generated contours (orange) and the custom-nnU-net-generated contours (green) grouped by joint types. Manual segmentations of two observers align well in
their joint positioning (median distance <2 mm) for most joints on patient 15 reflecting inter-observer variability. The TotalSegmentator framework and the custom
nnU-net cumulated over all three patients result in small joint position differences for the inter-vertebral joints, but larger distances for the other joint types.
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4. Discussion
4.1. Accuracy of automatic segmentations

We analysed the biomechanical model build-up based on bone
segmentations generated by a custom-trained nnU-Net model
and the TotalSegmentator, an open-source pre-trained nnU-
Net model. A 3D U-Net architecture for bone segmentation
that is not based on the nnU-Net framework was investigated
by Yawson et al. (2024) who found comparable segmentation
accuracies for all bones if left and right instances were not
confused. A postprocessing step allowed us to resolve this
confusion (Yawson et al. 2024). For its public availability, we
conducted this research using the nnU-Net and the
TotalSegmentator.

In accordance with Maier-Hein et al. (2024), DICE, HD, and
sDICE were chosen as evaluation metrics for the segmentation
task (Maier-Hein et al. 2024). DICE and HD are often used
together, combining volume-based and distance-based infor-
mation. We chose sDICE as a second distance-based metric,
reflecting changes at structure’s surfaces, where most relevant
changes of dose gradients appear. Comparing manual labels
with predictions, all metrics showed that our custom-trained
nnU-Net predictions aligned better than the TotalSegmentator
predictions for most bones. The latter only showed slightly
better alignment for C4, C5 and C6 in HD, and C5 in sDICE.
Especially, for ribs and scapulae, our custom nnU-Net predic-
tions aligned better with manual labels than TotalSegmentator

predictions due to systematic deviations in the training labels
and our on-purpose definition of the ribs including costal
cartilage. With custom definitions, custom training intrinsically
represents one’s own data better but TotalSegmentator’s
extensive training on 1204 datasets could reasonably outweigh
this advantage. Differences arose from the quality of bone
labels in the training datasets. On their own dataset, the DICE
values achieved using the TotalSegmentator by Wasserthal
et al. (2022) exceeded the results achieved on our test dataset.

When compared to other custom-trained networks, the
mean DICE between the manual labels and the predicted labels
of individual bones on CT scans in this study were similar or
better than previously published results (Buerger et al. 2020;
Yip et al. 2014; lbragimov and Xing 2017; Taghizadeh
et al. 2019; Van der Veen et al. 2019; Van Dijk et al. 2020;
Watkins et al. 2022), indicating the increasing advances of
deep learning-based approaches and specifically the self-con-
figuring nnU-Net framework as presented in Table 1.

4.2. Performance of the biomechanical model

Both models’ automatic segmentations were sufficient for the
automated build-up of the static skeleton model and joint
positioning. While a DICE-based analysis showed comparable
results, joint positioning varied considerably, implying the posi-
tioning of joints was sensitive to small changes in the segmen-
tation. As a baseline, the median distance for overall joint
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positioning between two observers was less than 2 mm. Only
the costosternal joints showed more than 5 mm distance cause
by nearest- neighbour positioning strategy and the wide range
of slices where the costal cartilage and sternum are closely
connected.

When considering the impact of automatic segmentations
on the joint positioning, the largest deviation was also seen for
joints that are positioned using a nearest-neighbour approach.
These joints were impacted by small inaccuracies at the surface
of the segmentation. Deviations could be seen in the scapula
region and the costosternal joints. Due to the relative stiffness
of the rib cage and immobilisation techniques in radiotherapy,
this did not affect the quality of the biomechanical registration
result.

Intervertebral joints that are crucial for the articulation of the
motion did not deviate significantly in the automatic segmen-
tations. Since the presented biomechanical model positions
inter-vertebral joint via the centre of mass of the vertebral
bodies, the joint positioning was consistent between all seg-
mentations and enabled accurate motion modelling in the
registration task.

In contrast to our custom-trained nnU-Net model, the
TotalSegmentator framework did not provide all required
bones, so no registration was possible. The registration accu-
racy was therefore only analysed for the model build-up from
nnU-Net predicted labels. For three patients (18 CT-CT pairs),
the registration accuracy was equivalent to manual segmenta-
tions. The observed deviations in the positioning of joints had
limited impact on the biomechanical registration and did not
affect registration accuracy. For manual and automatic seg-
mentation, the median TRE after registration was less than
0.5 mm above the median inter-observer variability indicating
that the registration results were close to the best achievable
accuracy. Thus, we showed that the labour-intensive manual
segmentation process can be replaced by automatic segmen-
tation for this head and neck biomechanical skeleton model in
radiotherapy.

In a previous study, the biomechanical registration outper-
formed typical intensity-based approaches using B-splines
using standard parameter settings and showed comparable
results with the finest grid settings (Bauer et al. 2023). In com-
bination, this underlines the competitive nature of biomecha-
nical registration in the head and neck region based on
automatic segmentations.

4.3. General comments

Although our custom-trained nnU-Net model outperformed
TotalSegmentator predictions, it was trained on a limited
amount of data which might seem restrictive. Other segmenta-
tion tasks showed that the nnU-Net framework also excels in
challenges with small dataset sizes when compared to specia-
lised models, for example, ranking first of 25 participants for a
dataset of size 20 (heart dataset) [17, Supplementary
Information]. This emphasises label quality over quantity.
TotalSegmentator’s systematic mislabelling of the ribs-verte-
bra-interface highlights training label quality issues.

Small datasets necessitate mirroring in data augmentation,
causing frequent right-left misclassification. A rule-based

algorithm successfully separated affected classes in our test
set, but more complex post-processing may be needed for
scans with larger slice thickness or smaller patient bodies.

5. Conclusion

We evaluated the capability of state-of-the-art deep-learning
strategies to fully automate the contouring of individual bones
in CT scans for motion simulation. Our study found that the
application of a biomechanical skeleton model for image regis-
tration in the context of radiation therapy of the head and neck
region is as accurate with deep-learning-generated contours as
with manual ones. A custom nnU-Net, trained on self-curated
data, provided the necessary quality of bone segmentations for
automatic initialisation and model-based registration in adap-
tive radiotherapy workflows, even with a small number of
labelled training cases.

The TotalSegmentator toolkit generally achieved similar
segmentation quality but lacked the variety and specificities
of bone segmentations needed to enable the articulated ske-
leton registration model, making it unsuitable for our biome-
chanical DIR.
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