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Abstract
Segmentation is a routine step in PET image analysis, and few automatic tools have been developed for it. However, excluding
supervised methods with their own limitations, they are typically designed for older, small images and the implementations
are no longer publicly available. Here, we test if different commonly used building blocks of the automatic methods work
with large modern total-body PET images. Dynamic total-body images from five different datasets are used for evaluation
purposes, and the tested algorithms cover wide range of different preprocessing approaches and unsupervised segmentation
methods. The validation is done by comparing the obtained segments to manually drawn ones using Jaccard index, Dice score,
precision, and recall as measures of match. Out of the 17 considered segmentation methods, only 6 were computationally
usable and provided enough segments for the needs of this study. Among these six feasible methods, hierarchical clustering
and HDBSCAN had systematically the lowest Jaccard indices with the manual segmentations, whereas both GMM and k-
means had median Jaccards of 0.58 over different organ segments and data sets. GMM outperformed k-means in human data,
but with rat images, the two methods had equally good performance k-means having slightly stronger precision and GMM
recall. We conclude that most of the commonly used unsupervised segmentation methods are computationally infeasible
with the modern PET images, classical clustering algorithms k-means and especially Gaussian mixture model being the
most promising candidates for further method development. Even though preprocessing, particularly denoising, improved the
results, small organs remained difficult to segment.
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Introduction

Segmentation is a routine stepwhen analysing positron emis-
sion tomography (PET) images, and it can be done either
manually, or with supervised or unsupervised automatic
methods. Especially in clinical use, manual segmentation
is still the most common approach. However, it is time-
consuming, subjective, and it makes utilising the time aspect
of nowadays mainstream dynamic images very difficult.

Supervised machine learning (ML) approaches are an
appealing option for segmenting large dynamic human total-
body images. However, PET is not the best-suited imaging

Extended author information available on the last page of the article

modality for ML, because different radiotracers behave
very differently from each other, which makes the images
immensely heterogeneous.Another issue is the availability of
training data. Despite the challenges, several specialisedML-
based methods have been proposed [1–3]. However, none
of them segments the whole image, but focus on certain
areas (tumours, organs, etc.) according to the utilised train-
ing data. Often, PET is combinedwith computer tomography
(CT) images in different ML approaches [4–7], though also
these tools cannot do a complete segmentation, but focus
on certain parts, tumours being the most common applica-
tion. The strength of unsupervised methods as compared to
training data based ML methods is their capability to seg-
ment the whole area of any PET images regardless of the
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scanned area, organism, or used tracer. While the available
deep learning methods are not for general purpose, their
strengths include good performance on their specific goal and
computationally light use from the end-user point of view.
The training phase requires plenty of resources from run-
ning time and hardware perspective, but after that, the actual
use of such methods is typically fast and doable even with
a mediocre computer. Yousefiri et al. provide a great sum-
mary of strengths andweaknesses ofML-based segmentation
methods in the context of PET images [8]. In this study, we
focus on unsupervised methods.

Several studies introducing unsupervised segmentation
approaches designed for dynamic PET images have been
published. Majority of the examples we found are based
on clustering combined with suitable preprocessing of the
data. For example, Zbib et al. [9] introduce a spectral clus-
tering based approach with data projection and automatic
parameter detection, and Kimura et al. [10] normalise time
activity curves (TACs) prior to principal component analy-
sis and clustering in order to reduce noise and simplify the
data. K -means is a popular clusteringmethod for segmenting
dynamic PET images, likely because it is computationally
light and fast compared to many other clustering methods
[11]. Kim et al. [12] combine k-means clustering and region
growing in order to utilise both spatial and temporal infor-
mation in the segmentation, and Wong et al. [13] cluster
total-body images rather than brain regions with tweaked
k-means. Guo et al. [14] take into account the challenges
presented by the huge number of voxels and use coarse
pre-clustering prior to the more intensive clustering to seg-
ment brain regions. Besides clustering-based approaches,
also, contouring has been used for segmenting dynamic PET
images in the literature. Maroy et al. [15] propose a sophis-
ticated approach which first identifies the centre of each
volume of interest (VOI) as a neighbourhood with low noise
variance, and then uses them to segment the whole image
with the minimal energy path active contouring suggested
by Cohen and Kimmel [16]. Their method is designed for
total-body images. Another contouring-based method was
proposed by Shepherd and Owenius [17]. Their approach is
designed for cancer studies and treats TACs as stochastic pro-
cesses. An interesting exception is the study by Cheng-Liao
et al. [18] as their approach is based on level set method.
Notably, these methods are rather old and the implementa-
tions are no longer available. Also, most of these methods
are designed for small-size images and for computational
reasons are not usable with modern dynamic human total-
body images including tens of millions of voxels [11]. The
novel method development has mainly focused on super-
vised training data based methods, and it is unknown if
the previously published unsupervised methods would be
usable on large modern images, if the implementations were
available. The reported performances are not easy to com-

pare due to different evaluation metrics and varying level
of difficulty, but for example Kim et al. report mean Dice
scores of 0.40–0.67 for segmenting white and grey matter
from brain images, whereas Cheng-Liao et al. report Dice
scores of 0.03–0.89 for different organs of mice. In addition,
Weisman et al. have compared different traditional meth-
ods’, such as clustering approaches, thresholding, and region
growing, as well as machine learning approaches’ (e.g. U-
Net and DeepMedic), capability to detect lymphoma lesions
from PET/CT images [19]. The obtained median Dice scores
were typically around 0.6 for the evaluated methods. Similar
third-party comparison was earlier carried out by Dewalle-
Vignion et al. using smaller set of methods providing mean
Jaccard index of 0.45 at best [20]. Notably, the reported
accuracies of these two comparison studies are very sim-
ilar as Jaccard index of 0.45 converted into Dice score is
0.62.

Here, we provide an empirical comparison of basic build-
ing blocks of the previously used segmentation methods
using modern dynamic total-body PET images. To ensure
that our conclusion generalise as well as possible, we test the
methods on three otherwise similar rat datasets, but scanned
with different tracers, namely [18F]F-DPA, [11C]UCB-J, and
[18F]FDG. Our codes are available at https://github.com/
rklen/Preprocessing_and_Segmentation_Evaluation_PET.
We first filter out the basic unsupervised segmentation meth-
ods that cannot be used with large total-body images for
computational reasons. Then, we test the remaining meth-
ods with several preprocessing approaches using a subset of
images fromeach dataset. Among the standard preprocessing
steps, we test different denoising, scaling, and dimensional-
ity reduction methods. Then, we define a suitable number of
segments and use the best pipeline to analyse the remain-
ing images. We also run the best pipelines first for few
dynamic human total-body images scanned using two differ-
ent tracers, and then the feasible approaches for larger human
dataset with manual segments available for comparison. In
addition, we briefly test several related aspects suggested in
the literature or otherwise relevant, such as excluding early
time points, splitting the image into smaller subimages, and
usage of raw intensity data versus standardised uptake values
(SUV).

Materials andMethods

Data

We used three datasets including dynamic total-body 3D
PET images of rats and two datasets containing dynamic
total-body 3D PET images of humans. All rat datasets were
produced at Turku PET centre using PET/CT scanner Inveon
Multimodality Platform by Siemens Molecular Imaging.
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The human subjects were scanned with Siemens’ PET/CT
scanner Vision Quadra Edge and all participants gave their
written consent. Table 1 summarises the utilised datasets,
and Fig. 1 visualises example images from them. The CT
images are not utilised in this study. The main difference
between the rat datasets is that different tracer is used in
each of them. Due to the usage of the same scanner, all rat
images consist of 128·128·159 = 2,605,056 voxels. The spa-
tial dimensions of the human images were 440·440·354 =
68,534,400 voxels, but the [15O]H2O human images were
reduced to 220·220·380 = 18,392,000 voxels prior to this
study. However, in case of clustering algorithms, not all
the voxels were used for segmentation. The voxels with
mean intensity over time below the average were defined
as background and were excluded prior to clustering analy-
ses. Methods designed specifically for image segmentation
required the whole image as input. Notably, for most of the
tests, only clustering methods were usable.

The first dataset includes 36 images of healthy Fischer344
rats scanned using radiotracer [18F]F-DPA [21]. The mean
injected dose was 20.80MBq (standard deviation 0.78MBq)
and the rats weighted 465g on average (standard deviation
125g). The scans were designed to have 51 time frames (30 ·
10 s, 15 · 60 s, 4 · 300 s, 2 · 600 s). The animal study was
approved by the State Provincial Office of Southern Finland
(licence ESAVI-33741-2019). This dataset is further referred
to as F-DPA data.

The second dataset comprises 42 PET images of rats
labelledwith radiotracer [11C]UCB-J [22].Themean injected
dose was 30.36 MBq (standard deviation 3.00 MBq). The
scanned rats belonged to the Fischer344 strain and had an
average weight of 479g (standard deviation 120g). Also,
these scans had 51 time frames (30 · 10 s, 15 · 60 s, 4 · 300
s, 2 · 600 s). This study was done under the same licence
(ESAVI-33741-2019) than the F-DPA data. The abbreviation
used for this dataset is UCB-J data.

The third datasetwas labelledwith radiotracer 2-Deoxy-2-
[18F]fluoroglucose ([18F]FDG), and it contains 43 images of
healthymale Sprague-Dawley rats. Themean tracer dosewas
20.77MBq (standard deviation of 1.16MBq) and the scanned
ratsweighted 487gon average (standard deviation 87g). This
study included 50 time frames (30·10 s, 15·60 s, 5·300 s). The
animal study was approved by the State Provincial Office of
Southern Finland with the licence number of ESAVI-4080-

2019. For the rest of this study, this dataset is called FDG
data.

Our first human dataset included 24 dynamic total-body
PET images of humans, and it is called FDG human data
in this study. All human subjects were healthy according
to routine laboratory tests, oral glucose tolerance test, and
medical examination. The weights of the individuals were
69.7 kg on average, and the mean injected tracer dose was
107.25 MBq. The scan was started immediately after bolus
injection of [18F]FDG. The scans had 13 time frames (1 · 60
s, 6 · 30 s, 1 · 60 s, 3 · 300 s, 2 · 600 s). The reference number
of the ethical committee decision related to the FDG human
data was 14/1801/2022 (Hospital District of South-Western
Finland).

The second human dataset was scanned using radiotracer
[15O]H2O, and here, it is referred to as H2O human data. We
used five images of patients who underwent PETmyocardial
perfusion imaging during adenosine vasodilator stress for
evaluation of suspected or known coronary artery disease.
Two of the subjects were females and threeweremales. Their
weights were 90kg, 94kg, 79kg, 85kg, and 73kg, and the
corresponding tracer doses were 339 MBq, 350 MBq, 353
MBq, 315 MBq, and 321 MBq. The scans consisted of 24
time frames (14 · 5 s, 3 · 10 s, 3 · 20 s, 4 · 30 s), and the
reference number of the relevant ethical committee decision
was 22/1801/2022.

The manual segmentation of the rat images serving as
gold standard for validating the automatic segmentation was
drawn using version 2.10 of Carimas software [23]. The first
step to draw the manual segments was to obtaining train-
ing from a biologist with over 15 years of experience on
rat models and PET image analysis. Then, each rat dataset
was segmented by a different person following the instruc-
tions from the expert. Finally, the expert inspected the ready
segments and possibly suggested corrections, which were
implemented. From F-DPA data PET images, five volumes
of interest (VOIs) were segmented: brain, heart, lungs, pitu-
itary gland, and thyroid glands. From the UCB-J data PET
images, brain, kidneys, and liver were segmented, and from
FDG data, the segmented VOIs were brain, heart, and kid-
neys. These VOIs are heterogeneous considering their size
and tracer uptake. The liver segmented from UCB-J data
was the largest one (34,191 voxels on average), and pituitary
gland and thyroid glands from F-DPA data were the smallest

Table 1 Summary of the
utilised datasets

F-DPA UCB-J FDG FDG human H2O human

Images 36 42 41 24 5

Mean weight 465g 479g 487g 71.5 kg UPDATE 84.2 kg

Tracer [18F]F-DPA [11C]UCB-J [18F]FDG [18F]FDG [15O]H2O

Mean dose 20.80 MBq 30.36 MBq 20.77 MBq 104.73 MBq UPDATE 335.6 MBq

Time frames 51 51 50 13 24
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Fig. 1 Example images from each dataset illustrate sum of activity levels over time and height dimension due to 2D visualisation

ones (23 and 57 voxels on average). The tracer uptake was
particularly high in the liver and the brain in UCB-J data and
in the heart and the thyroid glands in F-DPA data. On the
other hand, the brain was very difficult to detect with visual
inspection from the F-DPA and FDG PET images due to
low tracer uptake. Refer to Section 1 of Supplementary text
for visualisation and further details about the manually seg-
mented VOIs. Among the FDG human dataset, 22 out of 24
images were manually segmented according to instructions
of an expert with a degree on human anatomy. The segmented
organs were the heart, aorta, kidneys, liver, lungs, and brain.
For the H2O human dataset, we do not have manual segmen-
tations, but they serve as test data to evaluate computational
feasibility of the identified bestmethods on very large images
together with three images from the FDG human data.

With all rat datasets, we briefly tested if using standard-
ised uptake values (SUVs) instead of raw intensities affects
the clustering results. As it did not have high impact on the
accuracy of the results (Section 2 of Supplementary text), we
continued our analyses with raw data to minimise the data
processing.

Tested SegmentationMethods

Our selection criteria for methods evaluated in this compari-
son were as follows: (1) there has to be an implementation of
the method freely available, (2) the method should provide
different labels for different segments in the image with-
out considerable manual tweaking or post processing, (3)
the method has to be able to analyse 4D data of grey-scale
images, and (4) themethod should operate in an unsupervised
manner and not be limited to specific organs, biological con-
ditions, or species. We considered 17 methods and 6 out of
them were usable with full size data (Table 2). We claimed a
method as usable, if we managed to run it without errors
and it took less than 2 h to segment one image using a
computer with 16GB of RAM and Intel Pentium Gold pro-
cessor G6405T (CPU3.50GHz). Preprocessing of the image
was not counted towards the two hours cutoff. Notably, this
cutoff was selected based on our patience. Running time
and hardware requirements from clinical point of view are

addressed in section Discussion and conclusions. Clustering
algorithm ‘Density-Based Spatial Clustering of Applications
with Noise’ (DBSCAN) and segmentation method ‘Sim-
ple Linear Iterative Clustering’ (slic) were fast enough to
run with the default parameters, but those did not yield
meaningful results (all voxels were labelled as noise or
all segments were of regular rectangular shape). Different
parameter choices caused our computer to crash (DBSCAN)
or the running time to expand above our cutoff (slic); thus,
we claimed also those methods as computationally infeasi-
ble. The usable methods only included clustering methods.

Test Design

In this study, we first test different preprocessing approaches
using 10 randomly selected images from each rat dataset

Table 2 Segmentation methods considered for this comparison

Method Package Included/excluded

Affinity propagation sklearn Memory error

BIRCH sklearn Memory error

DBSCAN sklearn Computer crashed

Fuzzy c-means fcmeans Included

GMM sklearn Included

HDBSCAN hdbscan Included

Hierarchical fastcluster Included

k-means sklearn Included

Mean shift sklearn Time cutoff

Mini-batch k-means sklearn Included

morphACWE skimage Only 2 segments

morphGAC skimage Only 2 segments

OPTICS sklearn Time cutoff

Random walker skimage Time cutoff

Slic skimage Time cutoff

Spectral sklearn Memory error

Watershed skimage Time cutoff

The first column indicates the method name (abbreviation used in case
of long names), the second column tells the utilised Python package
implementing the method, and the last column states if the method was
used or why it was excluded from this study
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with manual segmentations available. In the preprocessing
tests, all the six segmentation methods listed above, namely
hierarchical clustering, Gaussian mixture model (GMM),
k-means, mini-batch k-means, fuzzy c-means, and hierar-
chical DBSCAN (HDBSCAN), were used with 30 clusters.
Notably, HDBSCAN is fully automatic and does not take
even the number of clusters from the end user. Then, we
evaluate different cluster numbers from interval 15–45. After
this, we segment the remaining images, including the human
data, using the best-performing preprocessing approaches
and cluster number, and compare the performances of differ-
ent segmentation methods in different VOIs. For the human
images, the number of clusters was set to 150 due to the
size difference of the rat and human images. Finally, we
briefly test if the computationally infeasible methods would
be promising if they were usable in practice.

Through this study, we use Jaccard index to measure how
well each VOI was segmented. Jaccard index is a measure
of similarity of two sets, and it is defined as the ratio of their
intersection and their union:

Jaccard(A, B) = |A ∩ B|
|A ∪ B| , (1)

where A is the set of voxels belonging to the cluster(s) rep-
resenting the analysed VOI, and B is the set of voxels in the
manually segmented VOI. Notations |A ∩ B| and |A ∪ B|
indicate the number of voxels in the intersection and union
of A and B, respectively. For each VOI, the cluster or their
combination with the highest Jaccard index was selected
to represent it. A perfect segmentation would yield Jaccard
index 1, and values close to 0 indicate failed segmentation.
However, as using only one validationmeasure can cause bias
to our conclusions, we calculated also Dice scores and pre-
cision and recall between the automatic and manually drawn
segments at validation phase. Following the notation from
the definition of the Jaccard index, Dice score is calculated
as

Dice(A, B) = 2 · |A ∩ B|
|A| + |B| . (2)

Similarly, precision and recall reflecting the proportion of
the overlapping voxels out of all voxels in the automatic and
manual segment, respectively, are formally defined as

Precision(A, B) = |A ∩ B|
|A| (3)

Recall(A, B) = |A ∩ B|
|B| , (4)

where the notation again follows the definition of the Jaccard
index.

At the beginning of the preprocessing tests, we compared
classical denoising approaches to see if some of them are bet-
ter suited for processing PET images prior to segmentation
than others. The used approaches were Wavelet denoising
(wavelet), total variation denoising (tv), non-local means
denoising (nlmeans), median filtering (median), and Gaus-
sian filtering (gaussian). These methods’ implementations
provided in python packages scikit-image (version 0.19.3),
dipy (version 1.6.0), and scipy (version 1.9.1) were used.
Hatt et al. claim Gaussian filtering to improve segmentation
of PET images in case of 3D images containing tumours [24].
In addition to the classic approaches listed here, we consid-
ered two sophisticated and rather new denoising methods
‘Block-matching and 3D filtering’ (BM4D) [25] and simi-
larity filtering [26]. However, BM4D took longer than 2 h
to process one image and the code for similarity filtering is
not publicly available at the time of writing, so we evaluated
these two methods only very briefly using two images from
each rat dataset. The authors of similarity filtering kindly
provided us the filtered data used for clustering in this study.
Section 3 of Supplementary text offers more details about the
usage of these two methods.

The second evaluated preprocessing type was scaling.
Besides z-score and logistic scaling, we wanted to test how
scaling the TACs so that the clustering would be done based
on TACs’ shape rather than their total intensities would affect
the clustering accuracies of different methods. Thus, we
divided each voxel’s intensity at each time point with its sum

over time to obtain the scaled voxel intensities
∗
v. The scaling

for voxel v at time point i is

∗
vi = vi

T∑

t=1
vt

, (5)

where T is the total number of time points in the dynamic
scan. Similar scaling for continuous intensity function
definedwith kinetic parameters has been used for segmenting
dynamic PET images at [10].

After selecting the best denoising approach and scal-
ing, we evaluated if dimensionality reduction would further
improve the results. We tested following dimensional-
ity reduction approaches: truncated singular value decom-
position (t-SVD), principal component analysis (PCA),
independent component analysis (ICA), and pattern PCA
(p-PCA). We implemented the p-PCA to investigate if
incorporating spatial information by using a summary of
each voxels’ neighbourhood intensities over time would
improve the results. It combines principal components of
the immediate neighbourhood of each voxel by concate-
nating them in fixed order. The code implementing p-PCA
is available at https://github.com/rklen/Preprocessing_and_
Segmentation_Evaluation_PET. Technically, ICA is not a

123

https://github.com/rklen/Preprocessing_and_Segmentation_Evaluation_PET
https://github.com/rklen/Preprocessing_and_Segmentation_Evaluation_PET


Journal of Imaging Informatics in Medicine

dimensionality reduction method at all, but it can be used
as one so it is included here. The utilised Python package
was version 1.1.2 of scikit-learn, and the default number of
components to extract was 30, but in Supplementary text, we
evaluated how using 5–45 principal components affects the
results. As p-PCA concatenates the principal components
of a neighbourhood (four per adjacent voxel), it provided
27*4=108 principal components instead of the default 30.
As pattern PCA provides larger input than the other dimen-
sionality reduction methods, also, clustering times are longer
with it. Notably, we also considered dimensionality reduc-
tion approaches factor analysis, kernel PCA, t-distributed
stochastic neighbour embedding, multidimensional scaling,
and isometric mapping, but excluded them due to memory
errors.

Wewanted to evaluate if segmentationmethods not usable
for the large images would perform well if the compu-
tational issues could be solved. Thus, we tested different
methods, including previously unusable ones ‘Balanced Iter-
ative Reducing and Clustering using Hierarchies’ (BIRCH),
mean shift, DBSCAN, spectral clustering, slic, watershed,
and random walker, on small subimages. For this pur-
pose, we extracted five voxels thick part from all F-DPA
data images. The location was chosen so that the pituitary
gland, which is a difficult VOI to segment, fitted within
the selected area. For clustering methods, we used images

preprocessed with denoising, scaling, and dimensionality
reduction, but segmentation methods slic, watershed, and
random walker expect more conventional images. For them,
we used denoised images with all time points summed
together. We did not fine-tune the available parameters (if
any), but briefly tested different compactness values from
logarithmic scale for slic, as recommended in its user instruc-
tions. The bestmean Jaccard index for the pituitary glandwas
achieved with compactness level of 0.001, and the results
with this parameter value are reported in this manuscript.
Random walker has parameter beta, but altering it did not
improve the results, so we used the default value of 130.

Results

Denoising and Filtering

We tested five classical and relatively fast denoising approaches
combined with the four fastest clustering methods. Our
results show that Gaussian filtering and median filtering
outperform the other denoising approaches and their effect
is considerable as compared to segmenting raw images
(Fig. 2). Particularly, segmentation with fuzzy c-means ben-
efited from denoising with these two approaches (Fig. 2D).
The visualised mean Jaccard indices are available in numeric

Fig. 2 Mean Jaccard indices
over images for A GMM, B
k-means, C mini-batch k-means,
and D fuzzy c-means. In all
subfigures rows correspond to
VOIs, columns indicate the
tested denoising approaches,
and the cell colour reflects the
mean Jaccard index. Notably,
GMM did not run with any
Gaussian filtered FDG images;
thus, mean Jaccard indices
cannot be calculated from them
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format at Table S2A in page 12 of Supplementary text. The
smallest VOIs, namely the pituitary glands and the thyroid
glands in F-DPA data, were the hardest ones to segment and
denoising did not improve their Jaccard indices. Notably,
GMM failed to run when applied on about half of F-DPA
images, half of UCB-J images, and all FDG images if Gaus-
sian filtering was used. Despite that, it achieved its highest
mean Jaccards with Gaussian filtering in 5 out of 8 VOIs.
Particularly, the kidneys benefited from Gaussian filtering as
it provided the highest Jaccard indices for all methods in both
UCB-J and FDG data.

To choosebetweenmedianfiltering andGaussianfiltering,
we compared the obtained Jaccard indices with theWilcoxon
signed-rank test. For k-means and mini-batch k-means, the
differences were minor (p-values 0.890, and 0.937, respec-
tively), for fuzzy c-meansGaussianfilteringwas significantly
better (p-value < 0.001), and for GMM Gaussian filtering
provided higher mean Jaccard index than median filtering on
5 out of 8 VOIs, though the difference was not statistically
significant (p-value 0.098). As shown in Section 4 of Supple-
mentary text, we also tested that the performance difference
between Gaussian filtering and median filtering is not due
to different kernel sizes. Thus, we continued our analyses
with Gaussian filtered data. Guo et al. have suggested that
removing the first time points as they tend to be particularly
noisy benefits the automatic segmentation of smaller 3D PET
images [14]. Our results do not support the claim on modern
4D PET images (Section 5 in Supplementary text), and thus,
the remaining analyses were done on images with all mea-
sured time points. In Section 3 of Supplementary text,we also
show with few example images that two new and sophisti-
cated, but slowor restricted access denoisingmethodsBM4D
[25, 27] and similarity filtering [26] provide strong results,
though Gaussian filtering still outperforms them with other
methods than GMM. Section 3 of Supplementary text also
provides visualisation of an example image after prepro-
cessing with each denoising method. Particularly, similarity
filtering provided intuitive results suited for visual inspec-
tion.

Scaling and Dimensionality Reduction

Among the three tested scalings, logistic scaling and espe-
cially sum-to-1 scaling drastically decreased the Jaccard
indices of k-means, mini-batch k-means, and fuzzy c-means
results while z-scoring had small, but consistent positive
effect on them (Fig. 3A–F, Table S2B in Supplementary text).
However, with k-means and mini-batch k-means, there was
one interesting exception to the negative effect of sum-to-
1 scaling: the segmentation for the brain from F-DPA data
improved (Fig. 3C, D). The brain from F-DPA data is rather
difficult VOI to segment as it has low tracer uptake (Section
1 of Supplementary text). For GMM, none of the tested scal-

ing approaches had systematically superior performance, but
sum-to-1 was clearly inferior to the other options. Notably,
when any scaling was used, GMM had stable performance
and it did not throw errors with any of the analysed images.
None of the scalings improved the results from hierarchical
clusteringorHDBSCANto the level of the othermethods, but
HDBSCAN systematically benefited from logistic scaling
(Fig. 3F). We used z-scored data for the remaining analyses.

PCA and t-SVD outperformed ICA and pattern PCA in
mostVOIswith all clusteringmethods (Fig. 3G–L,Table S2C
in Supplementary text). There were two exceptions to this as
GMM identified the heart and the kidneys from FDG data
particularlywell if ICAwas used prior to clustering (Fig. 3H).
On the other hand, pattern PCA increased the running times
of the clustering methods without any positive impact on the
results. While the results from PCA and t-SVD were very
similar and there was no statistically significant difference
between them (p-value > 0.1 in Wilcoxon signed-rank test
for each clustering method), we continue our analyses with
PCA as it has been successfully used in segmenting smaller
PET images [10].

Notably, our results indicate that denoising is the most
important preprocessing step, as it improved the mean Jac-
cards over 50% for all tested methods. Scaling without other
preprocessing steps benefitted mainly k-means and mini-
batch k-mean results by increasing theirmean Jaccard indices
by 14% and 16%, respectively. Dimensionality reduction
alone did not systematically improve the results, though it
is useful for running time (Table S2 in Section 7 of the Sup-
plementary text). If dimensionality reduction is used, scaling
the denoised data is recommended as it improves particularly
k-means results (Fig. S10 in Section 7 of the Supplementary
text). We also tested how the number of utilised principal
components affects the Jaccard indices. Our results suggest
that using 4–6 of them improves the results and reduces the
running times; thus, we used five principal components in the
remaining analyses in this study (Section 8 of Supplementary
text).

Number of Clusters

Next, we evaluated how many clusters should be used at
the actual segmentation step. As hierarchical clustering and
HDBSCAN are slow to run and systematically provided
the weakest results with all tested pre-processings, they are
excluded from further analyses. We tested every five num-
ber of clusters from interval 15–45, and as our initial choice
of 30 clusters turned out to be a decent guess, we evalu-
ated every cluster number from interval 25–35. Notably, as
Jaccard index is calculated using the combination of one or
more clusters with the best match to the VOI, high number
of small clusters is expect to increase the Jaccard indices in
general. However, increasing the number of clusters increase
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Fig. 3 Mean Jaccard indices (indicated by the colour) of each VOI and
segmentation method for A–F different scalings andG–L dimensional-
ity reduction approaches. In A–F, the column labelled as ‘none’ refers
to denoised data without any scaling, and in G–L, it denotes denoised

and scaled data without any dimensionality reduction (i.e. corresponds
to column ‘z-score’ in A–F). Pattern PCA is missing from G,K, and L
because it made the corresponding clustering methods very slow (over
2h per image)
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the running times too, so we aim to identify smallest number
of clusters providing results close to the optimal. For each
VOI, we calculated a plateau point, after which the mean
Jaccard index does not increase more than 0.05 units even if
the number of clusters is increased within our tested range.

While the trend differences between the methods were
minor, the cluster number has weaker effect on the perfor-
mance of fuzzy c-means as compared to the other methods
(Fig. 4). Different tracers did not systematically benefit from
different cluster numbers either (Section 8 of Supplementary
text). Increasing the number of clusters increased the mean
Jaccard indices for most VOIs, and the phenomenonwas par-
ticularly strong for the brain. On the other hand, all methods’
performances for the liver from UCB-J data and the lungs
from F-DPA data stabilised already with 15 or 20 clusters.
For further analyses, we use median plateau point over the
VOIs (excluding the two smallest VOIs in F-DPA data that
are never detected) for each clustering method. This claimed
cluster numbers 28, 26, 27, and 25 for GMM, k-means, mini-
batch k-means, and fuzzy c-means, respectively.

Results with Validation Images

To confirm that the obtained accuracies were not a coinci-
dence, we run the best-performing clusteringmethods for the
remaining validation images preprocessed with the observed
best practices. The results are similar to those obtained with
the 10 test images from each dataset. Overall, the liver from
theUCB-J datawas the easiestVOI to segment, but the results
were also good for the heart from the F-DPA and FDG data
and for the kidneys from the FDG data (Table 3). K -means
had the highest median precision in six out of eleven organs,

whereas GMMoutperformed the other methods in six organs
according to recall values. Despite outperforming the other
methods at segmenting the liver from the UCB-J data, fuzzy
c-means had the least reliable performance as the othermeth-
ods had over three-fold better median Jaccard index for the
brain in the F-DPA data and for the kidneys in the FDG data
(Table 3). In both of these examples, precision and recall of
the fuzzy c-means are clearly inferior to the other methods,
precision being the biggest issue.

GMM significantly outperformed the other methods in
segmenting brain from all datasets (Table 4), yet k-means and
mini-batch k-means had the most stable performance over
different VOIs as they did not have the lowestmedian Jaccard
with p-value< 0.05 in any VOI. K -means also significantly
outperformed the other methods at segmenting the heart and
the kidneys from the FDG data (Table 4).

Notably, often, the heart and thekidneys clusteredpartially
together, particularly in the FDGandUCB-J data (Fig. 5, Sec-
tion 9 of Supplementary text). In the F-DPA example image
in Fig. 5, the thyroid glands also clustered together with the
heart, but this was not a common phenomenon among the
images (see Section 9 of Supplementary text). Whereas in
the FDG data, the heart and the Harderian glands typically
clustered together (Fig. 5, Section 9 of Supplementary text)
with other methods than GMM.

There is no distinct difference in the output clusters of the
four most promising methods, but they all generate remotely
equally sized clusters that tend to form one or more cap-
sule clusters around high intensity areas (Fig. 6). Notably,
the slower methods with lower Jaccard indices, hierarchi-
cal clustering and HDBSCAN, behave drastically differently
(Fig. S14 in Section 10 of Supplementary text).

Fig. 4 Mean Jaccard indices indicated as a function of cluster num-
ber for different methods and VOIs. Every five cluster numbers from
interval 15–45 were initially tested, and as interval 25–35 was the most
promising, each number from it was added to our tests. This explains the

unstable behaviour around 30 clusters present in the figure. A plateau
point after which increasing the number of clusters do not increase the
mean Jaccard more than 0.05 is marked to each curve
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Table 3 Median Jaccard
indices, Dice scores, precision,
and recall values with the
corresponding standard
deviations indicated in the
parenthesis for all VOIs (rows)
and methods (columns) over the
validation images

Jaccard GMM k-means mb k-means Fuzzy c-means

F-DPA brain 0.31 (0.13) 0.27 (0.15) 0.28 (0.14) 0.06 (0.04)

F-DPA heart 0.58 (0.13) 0.72 (0.15) 0.62 (0.18) 0.70 (0.14)

F-DPA lungs 0.58 (0.10) 0.62 (0.10) 0.64 (0.09) 0.57 (0.10)

F-DPA pituitary 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

F-DPA thyroids 0.01 (0.01) 0.01 (0.01) 0.01 (0.01) 0.01 (0.01)

UCB-J brain 0.67 (0.12) 0.58 (0.11) 0.57 (0.12) 0.55 (0.10)

UCB-J kidneys 0.47 (0.16) 0.48 (0.14) 0.43 (0.16) 0.43 (0.16)

UCB-J liver 0.75 (0.05) 0.80 (0.04) 0.80 (0.05) 0.81 (0.04)

FDG brain 0.54 (0.09) 0.37 (0.05) 0.34 (0.07) 0.38 (0.05)

FDG heart 0.67 (0.10) 0.71 (0.08) 0.62 (0.10) 0.60 (0.09)

FDG kidneys 0.60 (0.20) 0.72 (0.14) 0.66 (0.22) 0.20 (0.26)

Dice GMM k-means mb k-means Fuzzy c-means

F-DPA brain 0.48 (0.15) 0.43 (0.21) 0.44 (0.19) 0.10 (0.07)

F-DPA heart 0.73 (0.12) 0.84 (0.13) 0.77 (0.16) 0.82 (0.12)

F-DPA lungs 0.73 (0.09) 0.77 (0.07) 0.78 (0.07) 0.73 (0.08)

F-DPA pituitary 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

F-DPA thyroids 0.01 (0.02) 0.01 (0.01) 0.01 (0.01) 0.01 (0.01)

UCB-J brain 0.80 (0.09) 0.74 (0.10) 0.73 (0.10) 0.71 (0.09)

UCB-J kidneys 0.64 (0.17) 0.64 (0.16) 0.60 (0.17) 0.60 (0.19)

UCB-J liver 0.86 (0.04) 0.89 (0.02) 0.89 (0.03) 0.90 (0.03)

FDG brain 0.70 (0.09) 0.54 (0.05) 0.51 (0.08) 0.55 (0.05)

FDG heart 0.80 (0.07) 0.83 (0.05) 0.77 (0.08) 0.75 (0.07)

FDG kidneys 0.75 (0.19) 0.83 (0.13) 0.79 (0.23) 0.33 (0.27)

Precision GMM k-means mb k-means Fuzzy c-means

F-DPA brain 0.34 (0.14) 0.31 (0.16) 0.33 (0.16) 0.06 (0.04)

F-DPA heart 0.65 (0.20) 0.84 (0.16) 0.72 (0.22) 0.86 (0.17)

F-DPA lungs 0.76 (0.19) 0.81 (0.15) 0.82 (0.14) 0.76 (0.16)

F-DPA pituitary 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

F-DPA thyroids 0.01 (0.01) 0.01 (0.01) 0.01 (0.01) 0.01 (0.01)

UCB-J brain 0.70 (0.13) 0.71 (0.14) 0.66 (0.13) 0.66 (0.15)

UCB-J kidneys 0.62 (0.23) 0.76 (0.24) 0.63 (0.23) 0.60 (0.22)

UCB-J liver 0.85 (0.07) 0.92 (0.04) 0.91 (0.04) 0.90 (0.04)

FDG brain 0.62 (0.16) 0.43 (0.07) 0.42 (0.10) 0.47 (0.07)

FDG heart 0.72 (0.13) 0.85 (0.10) 0.70 (0.10) 0.66 (0.12)

FDG kidneys 0.71 (0.28) 0.91 (0.16) 0.84 (0.29) 0.22 (0.36)

Recall GMM k-means mb k-means Fuzzy c-means

F-DPA brain 0.92 (0.14) 0.79 (0.22) 0.74 (0.19) 0.49 (0.18)

F-DPA heart 0.88 (0.11) 0.86 (0.15) 0.90 (0.14) 0.77 (0.15)

F-DPA lungs 0.92 (0.07) 0.94 (0.06) 0.93 (0.06) 0.95 (0.07)

F-DPA pituitary 0.61 (0.29) 0.73 (0.21) 0.63 (0.21) 0.61 (0.20)

F-DPA thyroids 0.84 (0.12) 0.76 (0.10) 0.79 (0.12) 0.69 (0.12)

UCB-J brain 0.95 (0.14) 0.75 (0.11) 0.75 (0.12) 0.72 (0.13)

UCB-J kidneys 0.90 (0.09) 0.84 (0.09) 0.86 (0.08) 0.83 (0.10)

UCB-J liver 0.88 (0.07) 0.86 (0.04) 0.88 (0.06) 0.89 (0.04)

123



Journal of Imaging Informatics in Medicine

Table 3 continued
FDG brain 0.81 (0.09) 0.74 (0.10) 0.69 (0.12) 0.66 (0.09)

FDG heart 0.89 (0.11) 0.88 (0.10) 0.93 (0.12) 0.91 (0.13)

FDG kidneys 0.85 (0.12) 0.82 (0.08) 0.76 (0.14) 0.74 (0.17)

If a median is significantly higher than obtained with any other method (Table 4), it is bolded. Otherwise,
the highest median is highlighted with italic. One rat from the F-DPA dataset was oddly positioned in the
scanner, and the brain and the pituitary gland were not within the scanned area; thus, those VOIs are missing
from the reported medians and standard deviations

Table 4 p-values indicating the significance level of differences between Jaccard indices, Dice scores, precision, and recall values obtained with
different methods (columns) from different VOIs (rows)

Jaccard GMM vs k-m GMM vs mb GMM vs fuzzy k-m vs mb k-m vs fuzzy mb vs fuzzy

F-DPA brain 0.011 0.034 0.000 0.300 0.000 0.000

F-DPA heart 0.000 0.237 0.002 0.006 0.111 0.033

F-DPA lungs 0.002 0.001 0.227 0.408 0.012 0.001

F-DPA pituitary 0.672 0.751 0.003 0.711 0.005 0.034

F-DPA thyroids 0.617 0.123 0.280 0.053 0.043 0.653

UCB-J brain 0.000 0.000 0.000 0.018 0.000 0.465

UCB-J kidneys 0.124 0.002 0.000 0.008 0.000 0.062

UCB-J liver 0.000 0.000 0.000 0.705 0.045 0.032

FDG brain 0.000 0.000 0.000 0.157 0.568 0.026

FDG heart 0.032 0.152 0.003 0.000 0.000 0.125

FDG kidneys 0.000 0.492 0.000 0.000 0.000 0.000

Dice GMM vs k-m GMM vs mb GMM vs fuzzy k-m vs mb k-m vs fuzzy mb vs fuzzy

F-DPA brain 0.008 0.034 0.000 0.263 0.000 0.000

F-DPA heart 0.001 0.380 0.003 0.006 0.116 0.033

F-DPA lungs 0.002 0.001 0.247 0.380 0.007 0.001

F-DPA pituitary 0.672 0.751 0.003 0.711 0.005 0.034

F-DPA thyroids 0.617 0.123 0.280 0.049 0.043 0.635

UCB-J brain 0.000 0.000 0.000 0.023 0.000 0.477

UCB-J kidneys 0.134 0.003 0.000 0.009 0.000 0.060

UCB-J liver 0.000 0.000 0.000 0.678 0.041 0.028

FDG brain 0.000 0.000 0.000 0.141 0.636 0.025

FDG heart 0.027 0.157 0.003 0.000 0.000 0.130

FDG kidneys 0.000 0.595 0.000 0.000 0.000 0.000

Precision GMM vs k-m GMM vs mb GMM vs fuzzy k-m vs mb k-m vs fuzzy mb vs fuzzy

F-DPA brain 0.012 0.071 0.000 0.164 0.000 0.000

F-DPA heart 0.001 0.483 0.000 0.014 0.053 0.000

F-DPA lungs 0.582 0.258 0.745 0.901 0.452 0.143

F-DPA pituitary 0.692 0.751 0.002 0.711 0.005 0.034

F-DPA thyroids 0.008 0.708 0.084 0.004 0.582 0.002

UCB-J brain 0.172 0.018 0.045 0.217 0.421 0.733

UCB-J kidneys 0.003 0.832 0.379 0.005 0.000 0.217

UCB-J liver 0.000 0.000 0.000 0.561 0.203 0.512

FDG brain 0.000 0.000 0.000 0.608 0.001 0.003

FDG heart 0.063 0.087 0.025 0.000 0.000 0.839

FDG kidneys 0.000 0.146 0.000 0.003 0.000 0.000
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Table 4 continued

Recall GMM vs k-m GMM vs mb GMM vs fuzzy k-m vs mb k-m vs fuzzy mb vs fuzzy

F-DPA brain 0.000 0.000 0.000 0.034 0.000 0.000

F-DPA heart 0.208 0.980 0.024 0.089 0.007 0.001

F-DPA lungs 0.199 0.367 0.063 0.901 0.671 0.565

F-DPA pituitary 0.236 0.563 0.864 0.304 0.037 0.291

F-DPA thyroids 0.006 0.361 0.003 0.040 0.025 0.001

UCB-J brain 0.000 0.000 0.000 0.160 0.071 0.803

UCB-J kidneys 0.000 0.000 0.000 0.057 0.890 0.068

UCB-J liver 0.410 0.890 0.612 0.665 0.027 0.139

FDG brain 0.000 0.000 0.000 0.107 0.000 0.076

FDG heart 0.706 0.272 0.854 0.189 0.750 0.182

FDG kidneys 0.272 0.008 0.001 0.058 0.017 0.608

The p-values are rounded to three decimals. Abbreviations k − m, mb, and f uzzy refer to k-means, mini-batch k-means, and fuzzy c-means,
respectively

To evaluate the performance of wider range of meth-
ods, if they were computationally usable, we tested the
segmentation methods on small images (Section 10 of Sup-
plementary text). With the reduced data, also, clustering
methods BIRCH, mean shift, DBSCAN, and spectral clus-
tering, as well as region-based methods slic, watershed, and
random walker were usable. The results show that among
the computationally demanding methods particularly spec-
tral clustering and slic have potential. Another important
observation from those tests is the improved, but still insuf-
ficient, segmentation of small VOI pituitary gland.

Human Images

To see if the segmentation and preprocessing algorithms are
computationally feasible also with the large human data, we
initially applied the four most promising methods to eight
preprocessed human images (comprising three [18F]FDG
and five [15O]H2O scans). Notably, fuzzy c-means threw
memory errors indicating its unsuitability for segmenting full
human total-body images. The overall segmentation results
are similar to those obtained from the rat data (Figs. 6 and 7).
The phenomenon of high intensity areas having a core seg-
ment surrounded with one or more layers of capsulating
segments was observed already with the rat datasets. In the
human data, it is particularly strongly present in mini-batch
k-means segmentation of the H2O human data (Fig. 7). Sec-
tion 11 of the Supplementary text provides visualisation of
the segmentations of all the analysed human images.

Based on these observations, we applied the three feasi-
ble methods (GMM, k-means, and mini-batch k-means) on
22 human images with manually drawn segments available
for more objective validation. Interestingly, in these results
on human images, GMM outperforms the other two meth-
ods in most cases according to all used evaluation measures

(Table 5). GMM had significantly higher median Jaccard
index, Dice score, precision, and recall than k-means ormini-
batch k-means in almost all organs. Among the evaluated
organs, the aorta was the hardest one to segment due to other
areas segmenting togetherwith it, as suggested by high recall,
but low precision values (Table 5).

Discussion and Conclusions

This study aids further method development for segment-
ing large modern PET images by evaluating different basic
tools coveringmultiple different types ofwidely used prepro-
cessing and segmentation methods. Multiple datasets with
different tracers were used to ensure that the conclusions are
not biased to some type of PET images. Using known seg-
ments of different sizes, shapes, and intensities serves the
same purpose. We also tested several earlier suggestions to
enhance segmentation in smaller PET images or restricted
areas. Our results suggest that preprocessing considerably
improves the segmentation results, denoising being the most
important step. Success of the Gaussian filtering as a denois-
ing approach is not surprising as the noise inPET images have
been reported to be mainly, but not exclusively, Gaussian
noise [28, 29]. Among the tested segmentation methods, k-
means and particularly GMMappear the most robust choices
for further development, but the selection of the suitable num-
ber of clusters remains difficult. Excluding very small VOIs,
the accuracies obtained here are in linewith those of the older
methodology designed for smaller images, as mentioned in
the introduction. However, comparing results from different
studies obtained using different set of images is not recom-
mended.

Despite the improvements preprocessing can bring to the
segmentation, small VOIs cannot be segmented with the
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Fig. 5 Clusters representing different VOIs for different methods
(columns) and datasets (rows). The image representing each tracer is
selected so that the Jaccard indices were within one standard deviation
from the median for all VOIs and methods. If multiple images filled this

criterion, the image was selected randomly among the candidates. The
pituitary gland is excluded from the F-DPA visualisation, as it was part
of a big cluster making the figure difficult to read

Fig. 6 Full segmentation of themiddle slice (sagittal view) for one example image from each tracer (rows) provided by different methods (columns).
The example images are the same ones than in the Fig. 5. The corresponding slice of the original PET image on the left-most column is given for
reference
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tested methods that are computationally feasible even for the
large dynamic total-body images. There are several ways to
tackle the issue: (1) postprocessing the results by for exam-
ple using connected component analysis, (2) using multiple
different segmentation methods and combining the results,
(3) dividing the images into smaller pieces and segmenting
them independently, or (4) iteratively clustering the image
first into coarse segments that are further broken into smaller
pieces independently from each other. Guo et al. have sug-
gested computationally light pre-clustering followedbymore
sophisticated, but intensive second roundof clustering in con-
text of segmenting brain regions [30].

The 2-h cutoff for running time used in this study is overly
generous for clinical applications, as medical doctors often
have very limited time for image analysis. However, the used
computer was a regular office desktop and the implemen-
tations of different clustering methods were not optimised
for efficiency. Using a dedicated powerful analysis computer
can speed up the analyses significantly. Using graphic pro-

cessing unit (GPU) computing for segmentation can also
speed up the process more than ten-fold [31, 32]. Notably,
using GPU computing would require the implementation of
the methods to support it, which is not the case here. Also
field-programmable gate array (FPGA) hardware has been
shown to double the running speed of k-means clustering
in the literature [33]. Even without access to GPU or FGPA
computing, other hardware improvements, such as efficient
multi-thread implementation, have been reported to improve
the running times [34]. Thus, the running speed can be con-
siderably improvedwith different hardware solutions, but the
implementation of the selected algorithmneeds to support the
chosen hardware to get the benefit.

The possibility to combine deep learning with general-
purpose unsupervised segmentation is a tempting oppor-
tunity to obtain the best of both worlds, namely fast and
accurate segmentation of any kind of PET image without
heavy requirement for the used hardware. This has already
been successfully applied to classify prostate cancer form

Fig. 7 Segmentations of the middle slice of a randomly selected image from the FDG human data (top row) and the H2O human data (bottom
row). The left-most panel visualises the corresponding slice of the PET image prior to preprocessing (sum over time points)
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Table 5 Median Jaccard
indices, Dice scores, precision,
and recall values with the
corresponding standard
deviations indicated in the
parenthesis for different
methods

Median (standard deviation) p-value
Jaccard GMM k-means mb k-means GMM vs k-m GMM vs mb k-m vs mb

Brain 0.77 (0.04) 0.74 (0.04) 0.74 (0.04) 0.00 0.00 0.22

Aorta 0.19 (0.04) 0.20 (0.03) 0.20 (0.03) 0.10 0.08 0.52

Kidneys 0.63 (0.04) 0.43 (0.13) 0.48 (0.09) 0.00 0.00 0.19

Liver 0.78 (0.05) 0.74 (0.06) 0.73 (0.06) 0.00 0.00 0.05

Lungs 0.74 (0.05) 0.60 (0.09) 0.67 (0.07) 0.00 0.00 0.00

Heart 0.56 (0.05) 0.52 (0.06) 0.51 (0.04) 0.00 0.00 0.77

Dice GMM k-means mb k-means GMM vs k-m GMM vs mb k-m vs mb

Brain 0.87 (0.03) 0.85 (0.03) 0.85 (0.03) 0.00 0.00 0.23

Aorta 0.33 (0.06) 0.33 (0.05) 0.33 (0.04) 0.10 0.10 0.50

Kidneys 0.77 (0.03) 0.61 (0.13) 0.65 (0.09) 0.00 0.00 0.15

Liver 0.88 (0.03) 0.85 (0.04) 0.84 (0.04) 0.00 0.00 0.04

Lungs 0.85 (0.03) 0.75 (0.07) 0.80 (0.05) 0.00 0.00 0.00

Heart 0.72 (0.04) 0.68 (0.06) 0.68 (0.04) 0.00 0.00 0.75

Precision GMM k-means mb k-means GMM vs k-m GMM vs mb k-m vs mb

Brain 0.85 (0.04) 0.83 (0.04) 0.81 (0.04) 0.10 0.03 0.63

Aorta 0.21 (0.05) 0.21 (0.04) 0.21 (0.04) 0.04 0.05 0.82

Kidneys 0.84 (0.09) 0.76 (0.21) 0.75 (0.16) 0.08 0.01 0.68

Liver 0.92 (0.05) 0.84 (0.06) 0.85 (0.06) 0.00 0.01 1.00

Lungs 0.91 (0.03) 0.78 (0.12) 0.84 (0.06) 0.00 0.02 0.00

Heart 0.71 (0.05) 0.67 (0.05) 0.66 (0.06) 0.24 0.10 0.50

Recall GMM k-means mb k-means GMM vs k-m GMM vs mb k-m vs mb

Brain 0.91 (0.05) 0.88 (0.05) 0.89 (0.05) 0.04 0.00 0.92

Aorta 0.83 (0.17) 0.76 (0.10) 0.73 (0.09) 0.58 0.64 0.63

Kidneys 0.74 (0.07) 0.54 (0.13) 0.54 (0.13) 0.01 0.00 0.34

Liver 0.87 (0.05) 0.87 (0.03) 0.85 (0.04) 0.76 0.37 0.14

Lungs 0.77 (0.07) 0.77 (0.07) 0.73 (0.07) 0.37 0.01 0.15

Heart 0.80 (0.07) 0.70 (0.11) 0.70 (0.04) 0.05 0.02 0.54

The highest median is bolded if the method’s scores (e.g. Jaccard indices) are significantly higher than the
other methods’, as indicated by the p-values reported here. Otherwise, the highest median is highlighted by
italic font

PET/MRI images [35]. Also, combining deep learning onCT
imageswith unsupervised segmentation of PET images could
provide segments that are meaningful both anatomically and
functionally. Good supervised segmentation methods to seg-
ment many diverse tissues and organs from CT images are
already available [36, 37].

All the computationally light enough methods tested here
were different clustering approaches. The main weakness of
clustering as a segmentation tool is its incapability to natu-
rally consider spatial information, which is important in this
application. Thus, either combining clustering with some
region-based approach or giving also voxel coordinates in
some format as a clustering input could improve the results.
According to our tests with the small images, slic was the
most promising candidate among the region-based methods
to be pairedwith clustering. In addition, severalmeans to seg-
ment small VOIs suggested above would enforce location
in the clustering. Namely, splitting the image into smaller

subimages and connected component analysis would force
the clustering to segment together only nearby located voxels.
As the name implies, connected component analysis would
provide strictly connected segments, whereas splitting the
image would allow non-adjacent voxels to segment together
as long as they are within the same sub-image.

PCA has been criticised for capturing mainly filling of
bladder from total-body images [15]. The rat images utilised
in this study covered the area from pelvis upwards and the
bladder did not fit onto the scanned area. However, the human
images did include bladder, yet we did not observe any issues
related to it despite our preprocessing pipeline includingPCA
as one step. One potential explanation is the scanning time
being 40min in the FDG human images and less than 5 min
in the H2O human images. Longer scanning could generate
more issues. The topic needs further research. Other sug-
gestion from the literature unsupported by our results is the
benefits of excluding the first time point due to its particu-
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larly high noise level [14]. Our results did not systematically
benefit from excluding either 1, 3, or 6 first time points. It is
possible that the scanners have improved since the statement
was published in 2003, or the denoising step in our study
improved the data quality so that the first time point is more
informative than noisy.

WhileHDBSCAN resultswere not very accurate, wewere
able to run it without problems. This is surprising as our
attempts to run DBSCAN caused the computer to crash,
yet HDBSCAN is based on DBSCAN. We suspect that the
parameter range HDBSCAN automatically investigates is
unsuitable for our test data, and causes the runs to be com-
putationally feasible, though most of the voxels are labelled
as noise in the results.

This studyhas several limitations. First of all, themanually
segmented clusters serving as gold standard are defined from
sum image over time, so the time aspect is not utilised, which
wastes information and potentially causes us to miss some
interesting distinct subregions. However, manually defining
the VOIs from a video was not feasible. In addition, all the
manual segmentations were done according to the instruc-
tions of a single expert, so subjective bias may occur in
them.Also, ideally all combinations of segmentationmethod,
denoising, scaling, and dimensionality reduction would have
been tested, but this would have yielded 576 combinations
for all three rat datasets and the runs were already very time-
consuming with the chosen setup.

As future work, we propose a method that incorporates
the identified best pipeline and combines it with (1) some
approach to better identify small segments, (2) a way to
utilise spatial information, as discussed above, and (3) deep
learning-based segmentation of CT images. The last point of
combining unsupervised segmentation of PET images with
deep learning-based segmentation of CT images could pro-
vide segments that are meaningful both anatomically and
functionally according to the strengths of the modalities.
Adding a supervised method to the segmentation pipeline
would also ease the interpretation of the results as the CT
segments would have anatomical labels.

Our results provided guidelines for further research, par-
ticularly method development for automatically segmenting
PET images in unsupervised manner. Based on the observa-
tions made here, we believe that the best workflow would
include preprocessing (particularly denoising), clustering
combined with some approach to consider spatial infor-
mation and small structures, and suitable postprocessing.
Such segmentation pipeline could provide good balance
between accuracy, computational usability, and the robust-
ness of unsupervised segmentation. The key conclusions of
this study are listed below:

• Most previously used unsupervised segmentation meth-
ods do not work with large modern PET images.

• Denoising is the most important preprocessing step.
• GMM and k-means are the most promising segmenta-
tion method candidates for further method development,
GMM having the best performance with human images.

• Small segments cannot be detected with the evaluated
approaches.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10278-025-01540-
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