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Abstract

Introduction: Spondyloarthritis (SpA) belongs to the chronic inflammatory rheumatic diseases, and
primarily affects the axial skeleton. Quantitative ®F-NaF PET/CT is a new imaging approach that shows
promise for accurate diagnosis and treatment assessment. Manual segmentation of low-dose
computed tomography (LDCT) for quantitative feature extraction is time-consuming and subjective,
and can be replaced by automatic methods. This study aims to develop and validate an automatic
algorithm for the segmentation of the spinal joints and intervertebral disks (IVD’s) on LDCT using two
different approaches.

Methods: Two methods for spinal structure segmentation were developed and compared. Both
methods used segmentations of bony structures obtained from the TotalSegmentator algorithm. The
first method employed morphological dilation and erosion operations to localise the joints and IVD’s,
while the second method used a multi-atlas-based method approach with partial atlases and
corresponding manually segmented labelmaps. The performance of the methods was assessed on ten
manually segmented LDCT’s using sensitivity, and maximum and average Hausdorff distance (HD) for
IVD’s and the sacroiliac joints (SIJ) and mean error distance for the smaller joints. The reproducibility
of the methods was evaluated using a set of 20 LDCT test-retest images.

Results: The atlas-based method achieved significantly better maximum HD (8.45 (1.80) vs. 9.64 (5.83)
(p =0.002)) and sensitivity (0.79 (0.22) vs. 0.61 (0.30) (p < 0.001)) for all IVD’s combined compared to
the morphological method. The atlas-based method also outperformed the morphological method for
the facet joints, costovertebral joints and costotransverse joints with a mean error distance of 4.71 mm
(2.72) vs 6.90 mm (4.80) (p < 0.001). For the thoracic IVD’s the morphological method showed
significantly better average HD (1.48 (1.03) vs. 1.72 (0.53) (p = 0.018)) and maximum HD (6.97 (3.36)
vs. 8.22 (1.66) (p < 0.001)) than the atlas-based method. In the reproducibility assessment on the test-
retest scans, the atlas-based method outperformed the morphological method for all metrics and
structures, with average HD’s well below the voxel resolution (< 2 mm).

Conclusion: We present the first methods for automatic segmentation of the spinal structures on LDCT.
The atlas-based method seems to be the most suitable algorithm, achieving average HD’s below the
voxel size, and maximum errors below one centimetre. However, it is dependent on accurate
segmentation by the TotalSegmentator algorithm. Further research is warranted to investigate the
influence of the segmentation results on the extraction of quantitative PET information.

Keywords: Low-Dose Computed Tomography, Automatic Segmentation, Spinal joints, Intervertebral
Disks, Spondyloarthritis



1. Introduction

Spondyloarthritis (SpA) such as ankylosing spondylitis (AS) and psoriatic arthritis (PsA) belongs to a
group of chronic inflammatory rheumatic diseases that primarily affect the axial skeleton and
peripheral entheses, leading to significant morbidity and impairment of the quality of life (1). However,
diagnosis of SpA can be a time-consuming process, taking years to establish an accurate diagnosis (2).
Early diagnosis of SpA is crucial as it enables an earlier initiation of effective treatment, ultimately
improving patient outcomes (3). In addition, early efficacy assessment of treatment is needed to
prevent prolongation of ineffective treatment with potential side-effects and increased risk of
progression of structural damage.

Positron emission tomography (PET), combined with computed tomography (CT) is a powerful
diagnostic and monitoring tool widely used for the detection of malignant and benign diseases
including inflammatory pathologies (4-6). By providing information on tissue molecular activity and
characteristics, PET imaging plays a crucial role in assessing disease activity, treatment response and
patient prognosis. In the case of axial SpA, ®F-NaF PET/CT can effectively detect molecular bone
formation activity that matches typical disease locations which are known for SpA, anatomically
corresponding to e.g. enthesopathy, syndesmophytes and sacroiliitis (7, 8). Moreover, In PsA patients,
18F-NaF-PET-avid lesions are commonly observed in the cervical facet joints, as well as the anterior
thoracic and lumbar vertebrae (9, 10).

Although visual interpretation of PET images by nuclear medicine specialists is informative, it is time-
consuming, subjective and prone to inter- and intra-observer variability (11-13). Consequently, there is
a growing interest in developing automatic methods that can enhance efficiency and consistency in the
guantitative analysis of spinal PET-images (14-19). Extracting various quantitative parameters from PET
images, such as standardized uptake value (SUV), total lesion glycolysis (TLG), and texture or histogram
features, provides valuable insights into disease characteristics, heterogeneity and treatment response,
enabling clinicians to make more informed decisions (20). For automatic extraction of the quantitative
PET features within a specific anatomical structure, segmentation of the low-dose CT (LDCT) scan
acquired concurrently with the PET is required (21, 22). The LDCT scan offers more anatomical
information than the PET image, and can be employed for more reliable segmentation.

While numerous algorithms for automatic segmentation of the bony spinal structures on LDCT have
been described (23-26), automatic segmentation of the spinal joints and intervertebral disks (IVD’s)
remains a relatively new research area. Piri et al. developed a method for segmenting lumbar joints
and IVD’s on diagnostic CT scans of patients with lower back pain (27). Their approach utilized a pre-
existent UNet-based (28) segmentation network RECOMIA (24) for initial segmentation of the
vertebrae, followed by morphological dilation and erosion operations to segment the lumbar IVD’s and
facet joints (F)'s). However, there are currently no algorithms for automatic segmentation of all spinal
structures on LDCT images.

In this paper, we present and compare two automatic methods for segmenting IVD’s and spinal joints
on LDCT scans. Our primary objective is to develop robust algorithms that can accurately segment key
anatomical components, including the IVD’s, FJ’s, costovertebral joints (CVJ), costotransverse joints
(CTJ), and sacroiliac joints (SlJ) (29). The optimal method should be accurate, robust, more time-
efficient than manual segmentation and require minimal user interaction.



2. Methods
Data acquisition

18F-NaF PET/CT images of PsA and AS patients were retrospectively analysed. Patients underwent 8F-
NaF PET/CT if they met (in the case of PsA) the Classification criteria for Psoriatic arthritis (CASPAR) (30)
or were diagnosed with PsA by the treating rheumatologist, and had enthesis of at least one site
according to the Maastricht Ankylosing Spondylitis Enthesitis Score (MASES)(31) and/or the
Spondyoloarthritis Research Consortium of Canada (SPARCC) enthesis index (32). AS patients were
included if they fulfilled the modified New York criteria (33) and had a high disease activity with a
BASDAI (34) score greater than or equal to 4. More information about the patient group has been
described in previous publications (8-10). PET/LDCT images were acquired using either Gemini TF or
Ingenuity TF (Philips Healthcare, Best, The Netherlands), or Biograph mCT Flow VG70A (Siemens
Healthineers, Erlangen, Germany) PET/CT-scanners. Patients received a mean radioactivity dose of 101
MBg, with a standard deviation of 4 MBg. 45 minutes after dose injection whole-body scans were
acquired. The PET scan was preceded by a LDCT (30 mAs, 120 kVp). The PET images were normalised
and corrected for attenuation using the LDCT. All scans were reconstructed to a resolution of 4 x 4 x 4

mm?3.

Image Processing

The segmentation of the bony structures of the spine was performed using the TotalSegmentator (25)
network, which is based on the nn-UNet architecture (35). This algorithm had been trained and
validated for the segmentation of 104 structures on diagnostic CT and LDCT scans. The relevant
structures for joint segmentation included individual vertebrae, ribs, sacrum and pelvis. These
structures where extracted from the original segmentation of the 104 structures.

The structures that were segmented in this study included 24 IVD’s, 48 FJ’s, 44 CV)’s, 20 CTJ)’s. and 2
SI)’s. Since the main application for the joint segmentation algorithm would be quantification of PET
images, and the exact determination of the VOI depends on the specific clinical question, the F)’s, CVJ’s
and CTJ’s were not segmented as volumes, but as one point representing the centre of the joint. To
create an appropriate VOI, a spherical dilation operation could be applied to this point. Two methods
were developed for the segmentation of the spinal structures on LDCT and compared using manual
segmentations as gold standard.

Morphological operations

For the first method, the segmented vertebrae were separated into an anterior and two posterior parts
using Matlab R2017b with a variation of the method developed by Piri et al (27). The vertebral body
was separated from the transverse processes by applying a 8 mm radius spherical erosion operation to
the initial bone segmentation. The largest remaining component was dilated by 12 mm, to obtain the
segmentation of the vertebral body (VB). The dilation radius was larger than the erosion radius to
ensure accurate segmentation of all voxels of the anterior vertebra. Voxels that were not initially
included in the bone segmentation were removed from the dilated volume. The remaining part of the
initial segmentation was classified as the posterior vertebra. The posterior vertebrae were further
divided into left and right parts, using the center of mass (COM) of the original vertebra segmentation.
Voxels to the left of the sagittal plane of the COM were classified as the left posterior vertebra (LPV),
while voxels to the right were classified as the right posterior vertebra (RPV) This division resulted in
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Figure 1: Vertebra Segmentation. Using morphological operations the vertebra was divided into three parts: The
vertebral body (green), the right posterior vertebra (blue) and the left posterior vertebra (brown).

three parts for each vertebra (Figure 1). The IVD’s and joints were segmented using these three bone
segmentations.

For each IVD, the two adjacent VB’s were progressively dilated with a 4 mm radius spherical structuring
element, until an overlap between the bodies occured. The overlapping dilated voxels were classified
as IVD. The same dilation procedure was applied to the LPV and RPV for the FJ segmentation, as well
as to the ribs for the CVJ’s and CTJ’s. To precisely locate the small joints (all joints except for the SI)’s),
a single voxel was chosen to be the center of the joint. This location was determined by calculating the
COM of the overlapping dilated voxels. This approach ensured accurate localization of the joint centers
for further analysis and quantification.

Atlas-based

The atlas-based method involved manually segmenting five LDCT scans to be used as atlases. Co-
registration of the atlases with the target scan was performed to obtain spinal structure segmentations,
as will be explained later. For appropriate atlas selection the distance between the COM’s of C1 and
the sacrum in the bone segmentations was calculated for all available LDCT scans, providing an estimate
of the spinal length. To ensure diversity, the LDCT scans of the patients that represented the 10%, 30,
50, 70, and 90™ percentile of the spinal length were used as atlases. These images were further
processed using 3D slicer v5.0.2 (36) and Matlab R2017b. To optimise co-registration of all structures,
the atlases were divided into smaller volumes containing sets of adjacent vertebrae. These volumes
were extracted from the bone segmentations using the minimum bounding box of two adjacent
vertebrae. The same bounding boxes were applied to the manually segmented labelmaps, resulting in
26 partial atlases and labelmaps (figure 2).
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Figure 2: Atlas creation. The atlas LDCT was segmented using TotalSegmentator for the vertebrae, and manually
for the spinal joints and intervertebral disks. The minimum bounding box for each set of adjacent vertebrae was
extracted from the bone segmentation and saved as atlas. The same bounding box was applied to the manual
segmentation, and saved as the labelmap.

Co-registration

To segment the structures on a target LDCT scan, the bone segmentation was obtained using
TotalSegmentator. This segmentation was cropped into bounding boxes containing combinations of
adjacent vertebrae, similar to the creation of the atlases. To ensure optimal co-registration, a volume
of ten voxels with a value of 0 was added around the edges of these cropped images. For each vertebral
level, the five corresponding atlases were co-registered onto the target images using the Elastix toolbox
(37) (Figure 3). A similarity transform was applied to the atlases, optimized through 100 iterations using
stochastic gradient descent as the optimizer and advanced mean squares as the metric. The step size
for each iteration was determined adaptively, with a maximum step size of 0.1. The final transform of
each atlas was applied to the corresponding labelmap. Majority voting was employed for IVD and SIJ
segmentation, assigning a label to a voxel if at least three of the atlases agreed on that label. For the
localization of FJ, CVJ, and CTJ, the mean coordinates of the five estimated locations were calculated
and classified accordingly (Figure 4). The bounding boxes containing the final segmentations were
integrated back into the target image.
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Figure 3: Atlas-based segmentation. The bone segmentation of the target LDCT was cropped, resulting in binary
images of each set of two adjacent vertebrae. To improve co-registration performance an extra edge was added
around the mask. Five atlases were co-registered to the target images, after which the same transformation was
applied to the corresponding labelmaps. The final segmentation was determined using majority voting for
intervertebral disks and sacroiliac joints, and the mean location for the facet joints and rib joints.
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Figure 4: Facet joint localisation. For the segmentation of the facet joints and rib joints the mean estimated
location of the five atlases was calculated.

Validation

The validation of the segmentation methods involved several assessments to evaluate the performance
and reproducibility. To assess the performance, ten random LDCT scans from the SpA cohort were
automatically segmented using both automatic methods, and manually segmented for ground truth
definition. The evaluation metrics included the maximum and average Hausdorff distance (HD) and
sensitivity for the IVD’s and SlJ’s, as well as the distance between the estimated point and the manually
segmented point for the F)’s and rib joints.
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The HD metric was chosen due to the small volume of the segmentations. In contrast to other metrics
that only consider the overlap between segmentation and ground truth, the HD calculates the closest
distance between each point in the segmentation and the ground truth. The maximum HD (Equation
1) represents the largest distance between two sets of points, in this case the segmentation (seg) and
ground truth (tr) (38).

HDpax(seg, tr) = max(d(seg, tr), d(tr,seg)) with d(seg,tr) = max (min |a — b|)

a€seg betr

Equation 1: Maximum Hausdorff distance

Since the maximum HD can be sensitive to outliers, the average HD was calculated as well. The average
HD is defined as the average shortest distance of each point in the segmentation to the ground truth,
and the average shortest distance of each point in the ground truth to the segmentation (Equation 2)
(39).

1 _ 1 _
HDg,4(seg, tr) = @ Z gnelg d(a,b) + p aneléggd(b, a) |/2

a € seg betr
Equation 2: Average Hausdorff distance
Reproducibility

To asses reproducibility, the segmentation methods were applied on 20 test-retest LDCT scans of ten
lung cancer patients with no spinal metastases (40). These patients underwent ®F-FDG PET/LDCT scans
twice within a 3 day time interval. The spine segmentations from the second scan were co-registered
onto the spine from the first scan using a rigid transformation. The same transformation was applied
to the labelmap, and the similarity between the results was assessed using maximum and average HD,
and mean error distance.

Statistical analysis

The performance metrics of both methods were compared using a two-tailed paired sample t-test.
Differences in performance were considered significant when the p-value was lower than 0.05. The
metrics were calculated for all IVD’s and all small joints combined, as well as for each individual group
separately. This analysis helped determine the differences in performance between the two
segmentation methods.

3. Results

Thirty-eight baseline (prior to initiation or switch of treatment) scans of SpA patients, who underwent
1BE-NaF PET/CT, were analysed. All images underwent segmentation by the TotalSegmentator
algorithm. The mean vertical distance between the COM of the sacrum the COM of C1 was 58.07 cm
with a standard deviation (SD) of 3.77 cm. All lengths were sorted from small to large, and the lengths
at the 5™, 13% 20™, 27™ and 34 indexes were selected as the atlases.
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Figure 5: Segmentation results. A: original LDCT. B: Manual segmentation. C: Atlas-based segmentation. D:
Morphological segmentation.

The results of the IVD segmentation are visualized in figure 5. In the atlas-based method, the estimated
IVD volumes are too large in most cases (Figure 5c), whereas the morphological method (Figure 5d)
leads to smaller volumes compared to the manual segmentation (Figure 5b). The segmentation
performance for the IVD’s and SI)’s is presented in table 1 and figure 6. The atlas-based method
(method A) achieved an average HD of 1.98 (SD 1.00) for all IVD’s, compared to 2.24 (SD 2.28) for the
morphological method (method B). However, the difference was not statistically significant (p = 0.086).
Method A demonstrated superior performance for all IVD’s when the maximum HD (8.45 (1.80) vs 9.64
(5.83), p = 0.002) and the sensitivity (0.79 (0.22) vs 0.61 (0.30), p <0.001) were considered. For
individual groups, method A showed better performance than method B in the cervical IVD'’s, lumbar
IVD’s and SlJ’s. However, for thoracic IVD’s Method B achieved a significantly better average HD (1.48
(1.03) vs 1.72 (0.53), p = 0.018) and maximum HD (6.97 (3.36) vs 8.22 (1.66), p <0.001) than method A.
The morphological method showed higher SD’s in the average and maximum HD’s compared to the
atlas-based method, indicating greater variability in segmentation performance between patients and
structures. The atlas-based segmentation reached significantly higher sensitivity for all structures,
compared to the morphological method, particularly for the SIJ’s (0.75 (0.13) vs 0.36 (0.09), p<0.001)
and the cervical IVD’s (0.59 (0.26) vs 0.24 (0.14), p <0.001).

12
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Figure 6: Boxplots showing the average HD for the intervertebral disk and sacroiliac joint segmentation compared
to the manual segmented ground truth. Method A is the atlas-based method and Method B is the morphological
method. HD: Hausdorff distance, IVD: Intervertebral disk, SlJ: Sacroiliac joint. *Better performance for method B

compared to method A.

Average HD (SD) (mm)

Maximum HD (SD) (mm)

Sensitivity (SD)

Method A Method B p Method A Method B p Method A | Method B p
All IVD’s 1.98 (1.00) 2.24 (2.28) | 0.086 8.45 (1.80) 9.64 (5.83) 0.002 0.79(0.22) | 0.61(0.30) | <0.001
Cervical 2.74 (1.33) | 4.00(3.32) | 0.006 8.38 (1.94) 12.46 (6.03) | <0.001 | 0.59(0.26) | 0.24(0.14) | <0.001
Thoracic 1.72 (0.53) 1.48 (1.03) | 0.018 8.22 (1.66) 6.97 (3.36) <0.001 | 0.86(0.14) | 0.74(0.20) | <0.001
Lumbar 1.53 (0.68) 1.60(0.59) | 0.673 9.09 (1.75) 12.12(7.13) | 0.003 0.90 (0.13) | 0.84(0.16) | 0.025
SlJ 2.14 (0.66) 2.90(0.45) | <0.001 | 12.59(2.35) | 13.64(4.03) | 0.315 0.75(0.13) | 0.36(0.09) | <0.001

Table 1: Performance metrics for intervertebral disk and sacroiliac joint segmentation quality compared to manual
segmented ground truth. Method A is the atlas-based method and Method B is the morphological method. HD:
Hausdorff distance, IVD: Intervertebral disk, SlJ: Sacroiliac joint.

For FJ’s, CVT’s and CVR’s the mean error distance between the estimated centre and the manually

localised centre of the joints were calculated (Figure 7). The atlas-based method consistently
outperformed the morphological method for all joints combined (4.71 (2.72) vs 6.90 (4.80), p <0.001)
as well as for the individual joint types, with a mean error close to the image resolution of 4 x 4 x 4

mm?3. Similar to the IVD segmentation, the morphological method exhibited higher SD’s suggesting

more variability in segmentation performance.
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Figure 7: Boxplots showing the error distance between the location estimated by both automatic methods and
the manually localised ground truth. The top 1% of all data points are individually visualized. Method A: atlas-
based method. Method B: Morphological method. CVJ: Costovertebral joints, CTJ Costotransverse joints.

Reproducibility

Two out of the ten test-retest LDCT pairs were excluded because of substantial differences in spinal
shape between the LDCT acquired on day 1 and day 2. In the day 2 scans the upper cervical spines were
bent in a different way, possibly as a result of different head positions. Due to this difference no correct
alignment could be achieved with rigid co-registration, invalidating the performance metrics. For the
remaining 16 scans, both methods were used for segmentation, and the reproducibility metrics are
presented in table 2 and figure 8. The atlas-based method achieved significantly better performance
for all structures and metrics. The average HD for all IVD’s combined was 1.06 (0.76) for the atlas-based
method compared to 2.37 (2.43) for the morphological method (p < 0.001). For the combination of
the FJ’s, CVJ’s and CTJ's the atlas-based method yielded a mean error distance of 3.87 (2.79), which is
below the voxel spacing. In contrast, the morphological method showed poorer performance with a
mean error distance of 5.63 (4.13) (p < 0.001) (Figure 9).
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Figure 8: Boxplots showing the average HD for the intervertebral disk and sacroiliac joint segmentation in the test-
retest group.. Method A is the atlas-based method and Method B is the morphological method. HD: Hausdorff
distance, IVD: Intervertebral disk, SlJ: Sacroiliac joint.

Average HD (SD) (mm) Maximum HD (SD) (mm)

Method A Method B p Method A Method B p
All IVD’s 1.06 (0.76) | 2.37(2.43) | <0.001 | 5.94 (1.68) 8.27 (4.15) <0.001
Cervical 1.73 (1.00) | 4.45(3.52) | <0.001 | 6.76(2.23) 10.50 (5.93) | <0.001
Thoracic 0.91 (0.40) 1.79 (0.89) | <0.001 | 5.72(1.30) 7.51(2.94) <0.001
Lumbar 0.53(0.22) | 0.86(0.26) | <0.001 | 5.36(1.11) 6.97 (1.61) <0.001
Sl 0.96 (0.25) 1.70 (0.45) | <0.001 | 7.22(1.68) 9.79 (2.87) 0.015

Table 2: Performance metrics for joint segmentation quality on test-retest LDCT scans that were acquired with a
time interval of one day. Method A is the atlas-based method and Method B is the morphological method. HD:
Hausdorff distance, IVD: Intervertebral disk, SlJ: Sacroiliac joint.
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Figure 9: Boxplot of the distance between the location estimated by both automatic methods on the test and
retest LDCT. The top 1% of all data points are individually visualized. Method A: atlas-based method. Method B:
Morphological method. CVJ: Costovertebral joints, CTJ: Costotransverse joints.

4. Discussion

The atlas-based method demonstrated superior performance compared to the morphological method
in most cases when compared with manual segmented ground truths. It was particularly accurate in
localizing the F)’s, CVJ)’s and CTJ’s, and achieved higher sensitivities for the IVD’s and Sl)’s. The atlas-
based method also showed superior reproducibility for all structures and metrics.

However, in the segmentation of the thoracic IVD’s, the morphological method exhibited significantly
better HD metrics compared to the atlas-based method. This discrepancy can be attributed to the
spherical dilation operation that is applied to the segmented vertebra. The fixed radius of the dilation,
which is a multiple of 4 mm due to the image resolution, roughly approximates the thoracic IVD height.
The dilation radius may be too large for cervical IVD’s and require additional dilations for lumbar IVD’s,
leading to larger errors. The segmentation performance for cervical and lumbar IVD’s may improve
with higher-resolution CT scans where the dilation radius can be chosen more freely.

In most cases the estimated IVD segmentation by the atlas-based method is larger than the manual
segmentation. Considering F-NaF PET quantification in SpA patients, a small oversegmentation of the
IVD’s might be beneficial for the reliability. Since specific ¥F-NaF uptake commonly occurs around the
edges of the IVD, the oversegmentation around the ground truth IVD’s could help assessing these
lesions. In other PET tracers or pathologies, where more specificity is required, the algorithm could be
modified for better results. If the PET quantification should only be performed outside the bony spinal
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structures, the bone segmentation can be subtracted from the estimated IVD segmentation. However,
in certain cases where there is no space between two vertebrae, which especially might occur in the
cervical spine, this will lead to VOIs with extremely small volumes. Another approach to reduce the
volume is to modify the majority voting algorithm, requiring a higher number of predictions to assign
a certain label to a voxel. The optimal volume for the spherical VOI of the joints should also be subject
to further analysis.

One major issue with the atlas-based method is the inaccuracy in bone segmentations, which affects
the co-registration performance and structure segmentation. The method relies on the initial bone
segmentation obtained from the TotalSegmentator algorithm. Errors in the bone segmentation result
in poor performance in the segmentation of the other structures. Manual correction of the bone
segmentation is a solution to improve accuracy, but reduces the time-effectiveness and reproducibility
of the method. Another approach to reduce dependency on the bone segmentation is to train a
convolutional neural network (CNN) specifically for spinal IVD and joint segmentation. However, this
requires more training data, initially segmented by the atlas-based method, followed by manual
correction.

The LDCT data that were used in this study to test the performance on the manually segmented scans
were acquired in SpA patients, which can introduce challenges in co-registration when pathological
vertebrae in the atlases are aligned with healthy vertebrae in the test group, and vice versa. For better
performance the atlases should be created using CT’s of patients with healthy spines. This will lead to
easier manual segmentation, which can be rescaled to the desired resolution.

5. Conclusion

To the best of our knowledge, we present the first automatic methods for segmentation of all spinal
IVD’s and joints on LDCT. The atlas-based method emerges as the most promising approach, exhibiting
lower mean error distances, better maximum and average HD performance and higher sensitivity
compared to the morphological method. The automatic segmentation algorithms have various
potential applications, such as texture analysis on LDCT and diagnostic CT as well as automatic PET
image quantification. Further research is needed after the influence of both segmentation methods on
automatic PET quantification.
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