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Abstract:

Bladder filling during dynamic long-axial field-of-view (FOV)
[18F]Flu0r0de0xyglucose (['®FIFDG) positron emission to-
mography (PET) imaging leads to motion-related misalign-
ment between frames. As a first step toward this misalignment
correction, we track urinary bladder expansion and frame-by-
frame shape changes. Starting from the final PET frame, our
algorithm applies intensity normalization, distribution-based
correction, and region growing to estimate bladder volume
over time. Compared to automated multi-organ segmentation
frameworks, namely TotalSegmentator and MOOSE, the pro-
posed PET-based method provides more accurate and phys-
iologically plausible segmentations. Using our final-frame
masks as reference, Dice-Sgrensen coefficients were 0.40 +
0.37 for TotalSegmentator and 0.70 £ 0.26 for MOOSE. In
21 successfully segmented patients, bladder volume increased
approximately linearly over time (R? = 0.94[0.88,0.97]),
while fractional anisotropy decreased (Spearman’s p =
—0.86[—0.96, —0.61]), indicating a trend toward a more spher-
ical bladder shape during filling. The bladder was typically no
longer traceable at frame 40 (4-4.5 min post-injection).
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1 Introduction

Dynamic PET imaging is typically used for kinetic parameter
estimation, particularly to detect early recurrence or charac-
terize unspecific uptake [1, 2]. Yet, during imaging, the uri-
nary bladder accumulates tracer excreted by the kidneys, re-
sulting in an expansion that displaces adjacent structures, such
as the intestines, prostate, and kidneys. As computed tomog-
raphy (CT) scanning typically occurs after the PET acquisi-
tion, the bladder is often delineated therein at its largest vol-
ume, resulting in positional inconsistencies for other organs
across the PET frames. Reducing this misalignment would re-
quire reliable temporal information about bladder expansion
and shape changes. Therefore, as a first step toward future
motion-correction approaches, we track the urinary bladder
expansion and evaluate its frame-by-frame shape without ad-
ditional interventions such as catheterization.

2 Materials and Methods

2.1 Data

The dataset consists of 23 patients with various primary tu-
mor types who underwent dynamic PET imaging using a
Siemens Biograph Vision Quadra long-field-of-view PET/CT
device. Average injected activity amounted to 235 + 51 MBq
of ['®FJFDG. Dynamic PET lasted 65 minutes for all patients
totaling 62 frames with varying durations: 2 x 10s,30x 2 s, 4
x10s,8x%x30s,4x60s,5x 120 s and 9 x 300 s (Figure 1).

A low-dose CT scan immediately followed the PET ac-
quisition (voltage: 120 kV, tube current: 25 mA). PET and CT
image resolution were 1.65 x 1.65 x 1.65 mm?3, and 1.5 x 1.5
x 1.6 mm?3 respectively. CT and PET frames were resampled
to an isotropic voxel size of 2.5 mm.

2.2 CT-based bladder segmentation

Established multi-organ segmentation frameworks, such as
TotalSegmentator (TS) [3] and MOOSE [4], are widely used
and have shown particularly strong performance in CT. We
therefore first evaluated this approach: the tools were applied

3 Open Access. © 2026 The Author(s), published by De Gruyter. This work is licensed under the Creative Commons Attribution 4.0 License.

255



- V. Kondratyeva et al., Bladder segmentation Dynamic PET/CT

(a)CT (b) PET 40

(c) PET 45 (d) PET 61

Fig. 1: PET coronal views with the urinary bladder mask (red)
at frames 40 (4-4.5 min), 45 (7-8 min), and 61 (60-65 min post-
injection).

to the CT, the resulting mask transferred to the last PET frame
(frame 61), and propagated backwards to the first frame (frame
0).

2.3 PET-based bladder segmentation

(a) MOOSE mask (frame 61). (b) TS mask (frame 61).

Fig. 2: Patient 2, illustrating limited segmentation accuracy. The
bladder mask produced by the tool (red) is overlaid on a PET axial
slice (frame 61, 60—65 min); the high FDG uptake marking the true
bladder (yellow) extends well beyond it.

Because of the low-contrast between the bladder and the
surrounding soft tissue, CT-based segmentation may be unre-
liable (Figure 2). We therefore propose incorporating the PET
information already at the last frame, using the CT-based seg-
mentation only as prompt. Specifically, the bladder masks pro-
duced by TS were used to crop the PET image to an approx-
imate region (cube) in which the bladder is expected be to lie
for any patient.

For this final PET frame, voxel intensities within the
cropped region were normalized to [0, 1] — making the algo-
rithm patient-independent — then thresholded (threshold = 0.1)
and refined by removing high-frequency distribution tails in-
consistent with homogeneous urinary activity (Figure 3a). The
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resulting mask was propagated backwards through the dy-
namic PET frames using confidence-connected region grow-
ing with 6-connectivity, and propagation was stopped once the
bladder was no longer visually traceable.
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(a) PET 61: initial (red) and corrected (green) intensity histograms.

(b) PET 61: initial (red) and corrected (green) masks.

Fig. 3: Patient 2, mask correction applied on last PET image
(frame 61, 60-65 min).

To refine the initial mask, we analyze the histogram of
voxel intensities within it (see Figure 3). The histogram is bi-
modal: a tall, narrow spike at low intensity, corresponding to
background and partial-volume voxels admitted by the permis-
sive 0.1 threshold, and a broad mode at high intensity, cor-
responding to the homogeneous high uptake of the bladder.
We identify the high-intensity mode as the bladder and com-
pute its mean bin frequency jifeq. The low-intensity spike is
then removed: starting from the low-intensity end, we discard
the contiguous bins whose frequency exceeds fifreq/2, retain-
ing the remaining high-intensity voxels as the refined bladder
mask.

The intensity histogram of the last PET frame visually fol-
lows a normal distribution, but this pattern becomes progres-
sively less pronounced in earlier frames, owing to the progres-
sively smaller amount of accumulated tracer. As a result, the
threshold-based mask increasingly underestimates the bladder
volume in earlier frames.

To address this, we apply region growing using the Sim-
pleITK [5] ConfidenceConnectedImageFilter. Starting from
the existing mask as seed voxels, the algorithm computes the
mean (p) and standard deviation (o) of voxel intensities in a
3 x 3 x 3 neighborhood around each seed. A neighboring voxel
x with intensity I(z) is added to the region if it satisfies the in-
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tensity similarity criterion: |I(z) — firegion| < 7 Oregion, Where
Hregion and Oregion are the mean and standard deviation of the
intensities in the current region and m is a frame-specific mul-
tiplier setting the width of the accepted intensity band. We de-
fine m = (Kregion —
minimum intensity in the region. Vicinity is defined by face-

MiNregion)/ Oregion» Where minyegion is the

adjacent (6-) connectivity in 3D.

The algorithm yields one segmentation mask per PET
frame, proceeding backwards from the last frame and stop-
ping once the bladder is no longer visible — typically at frame
40 (4-4.5 min post-injection) in our dataset.

For quantitative evaluation, we studied the dynamics of
the bladder shape and volume over time. The volume is com-
puted by counting the segmented voxels and multiplying by
the voxel volume. We adopt fractional anisotropy (FA) as the
shape descriptor which agreed with standard sphericity and the
principal-axis eigenvalue ratios on our data:

FA = \[\/Al;

where \; are the eigenvalues of a PCA over the coordinates of
all mask voxels and A = (A1 + A2 + A3)/3. Although frac-
tional anisotropy is most familiar from diffusion MRI, here it

T Ow N2t
VA +A3+ 2

+ (A3 = A)? 0

is applied purely as an eigenvalue-based descriptor of shape
anisotropy. The eigenvalues describe the spatial spread of the
bladder along its three principal axes, so FA characterizes how
that spread is distributed: FA = 0 corresponds to equal spread
along all axes (a spherical shape), while values toward 1 indi-
cate increasing elongation or flattening.

3 Results

Expert review indicated good qualitative segmentation perfor-
mance. In 2 of 23 cases, the algorithm failed to segment the
bladder, owing to anomalous uptake in the surrounding region
— specifically, tumor tissue close to the bladder. For the re-
maining 21 patients, temporal trends were evaluated per pa-
tient by correlating each quantitative measure with elapsed ac-
quisition time across that patient’s segmented frames. Bladder
volume showed a strong, approximately linear increase over
time (coefficient of determination R* = 0.94[0.88,0.97]; Fig-
ures 4a, 5a). Fractional anisotropy showed a decreasing trend,
indicating that the bladder became more spherical during fill-
ing, though this trend was not necessarily linear. We there-
fore report two per-patient correlations: Pearson (r) to cap-
ture the linear component, and Spearman (p) to capture mono-
tonic, potentially non-linear behavior; the gap between them
serves as an indicator of non-linearity in the shape evolution.
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(a) Bladder volume increases approximately linearly over time.
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(b) Fractional anisotropy decreases over time.

Fig. 4: Bladder volume (a) and fractional anisotropy (b) over time
for example patient 1.

This yielded r = —0.82[—0.96, —0.39] (Fisher-averaged) and
p = —0.86]—0.96, —0.61] (Figures 4b and 5b).

To assess the existing tools, we computed Dice—Sgrensen
coefficients (DSC) using the masks generated by our method
as the reference segmentation, obtaining 0.40 + 0.37 for TS
and 0.70 £ 0.26 for MOOSE on the last PET frame across all
patients.

4 Discussion

To the best of our knowledge, no previous study has analyzed
changes in bladder shape in the context of dynamic PET. This
is notable, as many radioactive tracers are excreted by the kid-
neys and thus accumulate in the bladder during acquisition.
We found that the established multi-organ tools produced
bladder masks of insufficient accuracy. This may be because
such tools are designed for many organs at once and are there-
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(a) Coefficient of determination R? for volume change (linear
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(b) Spearman correlation p for anisotropy (monotonic relation).

Fig. 5: Per-patient temporal-trend measures across 21 patients:
R? for volume (a) and Spearman p for fractional anisotropy (b).

fore not optimized for a single target, or because the low
bladder—soft-tissue contrast is itself challenging. In our cohort,
TS [3] and MOOSE [4] showed poor agreement with our seg-
mentations (Figure 2).

The algorithm was not applicable to the 2 patients with
tumor uptake close to the bladder. In these cases, FDG accu-
mulates in the cancerous tissue as strongly as in the bladder,
rendering the two inseparable on the PET frames, so the re-
gion growing erroneously merges cancerous regions into the
bladder mask.

The main limitation of our analysis is its semi-quantitative
nature, due to the absence of ground-truth segmentations. Nev-
ertheless, the expert assessment of the masks and the ob-
served trends — approximately linear volume growth and a
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monotonic anisotropy decrease — are consistent with textbook
anatomy and physiology.

In summary, we developed and evaluated a custom algo-
rithm for urinary bladder segmentation in dynamic FDG PET.
Unlike the established multi-organ tools, which showed lim-
ited accuracy for bladder delineation, our method traces the
bladder across multiple PET frames, enabling reliable tracking
of its expansion and thereby reducing potential misalignment
of adjacent organ masks.

Future work will focus on deepening the shape and vol-
ume analysis, exploiting CT information to handle anomalous
uptake near the bladder, and integrating this into motion com-
pensation for kinetic parameter estimation.
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