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Abstract

Positron Emission Tomography (PET) is a powerful molec-
ular imaging tool that plays a crucial role in modern med-
ical diagnostics by visualizing radio-tracer distribution to
reveal physiological processes. Accurate organ segmenta-
tion from PET images is essential for comprehensive multi-
systemic analysis of interactions between different organs
and pathologies. Existing segmentation methods are lim-
ited by insufficient annotation data and varying levels of
annotation, resulting in weak generalization ability and dif-
ficulty in clinical application. Recent developments in seg-
mentation foundation models have shown superior versatil-
ity across diverse segmentation tasks. Despite the efforts of
medical adaptations, these works primarily focus on struc-
tural medical images with detailed physiological structural
information and exhibit limited generalization performance
on molecular PET imaging. In this paper, we collect and
construct PETS-5k, the largest PET segmentation dataset to
date, comprising 5,731 three-dimensional whole-body PET
images and encompassing over 1.3M 2D images. Based on
the established dataset, we develop SegAnyPET, a modality-
specific 3D foundation model for universal promptable seg-
mentation from PET images. To issue the challenge of
discrepant annotation quality, we adopt a cross prompt-
ing confident learning (CPCL) strategy with an uncertainty-
guided self-rectification process to robustly learn segmen-
tation from high-quality labeled data and low-quality noisy
labeled data for promptable segmentation. Experimental
results demonstrate that SegAnyPET can segment seen and
unseen target organs using only one or a few prompt points,
outperforming state-of-the-art foundation models and task-
specific fully supervised models with higher accuracy and
strong generalization ability for universal segmentation. As
the first foundation model for PET images, we believe that
SegAnyPET will advance the applications to various down-
stream tasks for molecular imaging. '

!'The model and code will be publicly available at the project page.

Figure 1. Visual comparison of an example case between molecu-
lar PET image and structural CT image.

1. Introduction

Medical imaging technology has become an indispensable
tool in modern clinical diagnosis [13, 18]. The steady de-
velopment of increasingly sophisticated imaging techniques
has led to a dramatic increase in patient treatment out-
comes, especially when diseases can only be observed in-
ternally within the patient’s body [17]. In addition to com-
monly used medical modalities such as computed tomog-
raphy (CT) and magnetic resonance imaging (MRI), which
can provide detailed physiological structural information,
positron emission tomography (PET) has also been widely
applied in medical examinations as an emerging molecu-
lar imaging modality [29]. The purpose of PET imaging is
to reveal the ongoing metabolic processes within the body
of a patient. The radioactive decay of injected tracer emits
positrons, leading to gamma photons, which are produced
by annihilation and captured by detectors surrounding the
patient to create a 3D map of metabolic activity. As the most
widely used tracer, fluorodeoxyglucose (FDG) is used to as-
sess local glucose uptake and evaluate organ metabolism
[27] and presence of tumor metastasis [4], so as to moni-
tor progress during the treatment process. Accurate organ
segmentation from PET images is essential for comprehen-
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sive multi-systemic analysis of interactions between differ-
ent organs and pathologies [31, 33, 43]. However, due to the
low resolution nature and the partial volume effects, PET
images exhibit lower image quality and have less distinct
boundaries compared to other structural images like CT (see
Fig. 1), which presents a significant challenge for accurate
segmentation.

With the unprecedented developments in deep learn-
ing, deep neural networks have been widely applied and
achieved great success in many medical image segmenta-
tion tasks [9, 28]. However, the availability of PET images
and annotations is far behind that of CT and MRI [10, 19].
A significant obstacle lies in the high costs associated with
acquisition and annotation of PET images, and the varying
levels of annotation due to the low image quality and the
presence of partial volume effects. Although there are a few
publicly available PET datasets [4, 25], they only focus on
limited targets and do not cover these clinically important
anatomic structures. In addition, existing deep models are
often tailored for specific tasks, which require task-specific
training data for model development and lack the capacity
for generalization across different tasks. When adapted to
new segmentation task, additional training with annotated
data is required.

The emergence of pre-trained foundation models has
sparked a new era due to their remarkable generalization
abilities across a wide range of downstream tasks [23, 35].
For image segmentation, the introduction of the Segment
Anything Model (SAM) [14] has gained massive attention
as a promptable foundation model capable of generating
fine-grade segmentation masks to unseen targets using po-
sitional prompts like points or bounding boxes. However,
the original SAM is trained on natural images character-
ized by strong edge information, which differs significantly
from medical images. When directly applying SAM with-
out any adaptation, its performance significantly left behind
task-specific segmentation models [22, 41]. Despite the at-
tempts of fine-tuning and adapting SAM for medical images
[5, 20], these works mainly focus on modalities like CT
and MRI with detailed physiological structural information,
while struggling to generalize to molecular PET imaging.

To bridge this gap, we collect and construct a large-scale
PET dataset named PETS-5k with voxel-level multi-organ
annotation. The dataset consists of 5,731 three-dimensional
whole-body PET images, encompassing over 1.3M 2D im-
ages, which is the largest PET dataset to date. Based
on the empirical analysis, we found that existing foun-
dation models show poor generalization performance on
PET images. To enable universal promptable segmentation
from PET images, we present SegAnyPET, a modality-
specific foundation model that can be efficiently and ro-
bustly adapted for universal promptable segmentation from
PET images. Other than the original 2D architecture of

SAM, SegAnyPET utilizes a 3D architecture to fully uti-
lize the inter-slice context information of 3D PET volumes.
To issue the challenge of discrepant annotation quality, we
adopt a cross prompting confident learning (CPCL) strategy
with an uncertainty-guided self-rectification process to effi-
ciently learn from dataset with varying annotation quality
for model training. The strategy does not require network
modification and can be easily adapted to other promptable
foundation models. Extensive experiments demonstrate that
SegAnyPET can correctly segment both seen and unseen
targets using only one or few prompt points and outper-
form state-of-the-art foundation models and task-specific
fully supervised models by a large margin, underpinning its
general-purpose segmentation ability. Our contribution can
be summarized as follows:

* The up-to-date largest 3D PET segmentation dataset
PETS-5k, with 5,731 three-dimensional PET images, en-
compassing over 1.3M 2D images, that are significantly
larger than existing datasets.

* A modality-specific foundational model SegAnyPET
for universal promptable segmentation from PET im-
ages, demonstrating superior performance compared with
state-of-the-art methods and strong generalization ability.

* A cross prompting confident learning (CPCL) strategy
for noisy-robust learning to efficiently learn from high-
quality labeled data and low-quality noisy labeled data.

2. Related Work

Vision Foundation Models. Foundation models represent
a rapidly expanding field in artificial intelligence research,
focusing on developing large-scale, general-purpose models
with capabilities applicable across various domains and ap-
plications. Pioneering vision foundation models have been
primarily based on pre-training methods such as CLIP [26]
and ALIGN [11] leverage contrastive learning techniques to
train both text and image encoders. However, these models
primarily excel in tasks that involve mapping images to text,
such as classification. For foundation model of image seg-
mentation, the Segment Anything Model (SAM) [14] repre-
sents a new paradigm of image segmentation with universal
segmentation ability across different tasks and demonstrates
strong potential in addressing a wide range of downstream
tasks such as medical image analysis [23, 38].

Foundation Models for Medical Image Segmentation.
As a crucial branch of image segmentation, recent studies
have explored the generalization ability of SAM to biomed-
ical image segmentation tasks of different modalities and
targets [7, 21, 22], while some research also focuses on fine-
tuning SAM [20] or adapting SAM-like foundation models
[3, 32, 36] on large-scale medical datasets. These studies
indicate that SAM has limited generalization ability when
directly applied to medical image segmentation due to the
significant distribution gap, and fine-tuning SAM or train-
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Data: PETS-5Kk, the Largest PET Segmentation Dataset
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Figure 2. An overview of our work for PET segmentation foundation model. Firstly, we collect and construct PETS-5k, a large-scale PET
segmentation dataset for developing the foundation model. Based on the principle of promptable segmentation, we develop SegAnyPET,
a modality-specific 3D segmentation foundation model that can be efficiently adapted for universal segmentation of any target organs or

lesions based on positional prompting from 3D PET images.

ing promptable segmentation foundation models on med-
ical datasets can improve the unsatisfactory performance
[41]. Other than developing promptable foundation mod-
els for medical imaging, another line of research aims to
extend the promptable interactive segmentation manner into
end-to-end fully automatic segmentation by auto-prompting
[15, 39] or synergy in training supervised segmentation
models [16, 42]. However, due to the scarcity of public
datasets, existing adaptions mostly focus on structural med-
ical images, while ignoring molecular PET images.

Annotation-Efficient Learning. Despite the outstand-
ing performance in many medical image segmentation tasks
[9, 34], the success of existing deep neural networks heav-
ily relies on the massive radiologist-examined labeled data.
Obtaining pixel-wise annotation is time-consuming and
expertise-demanding, which motivates annotation-efficient
learning strategies to train deep models with limited an-
notations [2, 12, 30]. Despite recent efforts of large-scale
medical datasets [1, 37], these datasets are the integration
of existing public datasets with different annotation quality.
While some labels may be noisy with mistakes and could
potentially hinder the learning procedure, it is important to
develop noise-robust learning strategies to issue this chal-
lenge.

3. Methodology

In this paper, we aim to develop a modality-specific foun-
dation model for universal segmentation from PET images.
An overview of our work is shown in Fig. 2. Building upon
the proposed large-scale PETS-5k dataset, we design a 3D
promptable segmentation framework and introduce a cross
prompting confident learning strategy to facilitate model
training with different annotation quality. The details are
elaborated in the following sections.

3.1. Dataset Construction

To develop a foundation model for universal segmentation
from PET images, we collect and construct a large-scale
PET dataset with 5,731 three-dimensional whole-body PET
images, which is the largest PET dataset to date. In contrast
to existing PET datasets with limited annotated targets, our
work focuses on addressing a broader spectrum of multi-
organ segmentation from whole-body images to facilitate
representation learning for universal segmentation. All im-
ages are preliminarily annotated by Al and junior annotators
to form the LQ set. A subset is then checked and refined by
senior experts with quality control, serving as the HQ set.
More information of the dataset are shown in the Appendix.
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Figure 3. Illustration of the proposed cross prompting confident learning (CPCL) strategy for developing promptable segmentation foun-

dation model based on both high quality and low quality annotations.

3.2. Network Architecture

Motivated by the recent advance of segmentation founda-
tion models for natural images [14], we reformulate a holis-
tic 3D structure in SegAnyPET to capture the spatial infor-
mation directly from volumetric images for universal seg-
mentation. Specifically, SegAnyPET consists of three main
components, including an image encoder F;g, a prompt
encoder Fpp, and a mask decoder Fp. The image en-
coder aims to transform input images into discrete embed-
dings, and the prompt encoder converts input prompts into
compact embeddings by combining fixed positional encod-
ing and adaptable prompt-specific embeddings. After that,
the mask decoder receives the extracted information from
both the image encoder and the prompt encoder, which is
then up-sampled and passes through a multi-layer percep-
tion to generate the output segmentation masks. The pro-
cessed feature map is then up-sampled and passes through a
multi-layer perception to generate the output segmentation
masks. Details of the network components are shown in the
Appendix. Given an input image X and spatial prompt p,
the output segmentation mask Y can be formally expressed
as follows:

I
o

OH><W><D7 {

:t<>
I

R ()
Fp(Fre(X), Fre(pi,Yi—1)), i>1

where Oy xwxp is an all-zero matrix as the pre-defined
initial segmentation mask. p; represents the ¢;, prompt
point in the training loop, where new point prompts are gen-
erated from error regions based on the previous segmenta-
tion mask to simulate the manual interactive segmentation
workflow.

3.3. Cross Prompting Confident Learning

Due to the dependency of domain knowledge for annotating
medical images, acquiring large amounts of high-quality la-
beled data is infeasible. A prevalent approach to mitigating
this issue is collecting additional labeled data with varying
annotation qualities like crowdsourcing from non-experts
or using model-generated labels. Given that some anno-
tations may be fraught with noise or inaccuracies, which
could impede the learning process, it is imperative to de-
vise noise-robust learning strategies to efficiently learn from
both HQ Set containing expert-examined high-quality an-
notations and LQ Set containing low-quality annotations
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Method Prompt . Qrgan SegmenFation DSC performance [%]
Liver Kidney-L Kidney-R Heart Spleen Avg
SAM [14] N points 26.55 9.38 9.10 14.44 6.30 13.15
MedSAM [20] N points 0.25 0.19 1.32 0.27 0.27 0.46
SAM-Med3D [32] 1 point 51.63 21.01 19.17 60.11 25.41 35.46
SAM-Med3D-organ 1 point 80.25 44.70 35.76 74.00 69.23 60.79
SAM-Med3D-turbo 1 point 79.46 66.95 72.81 73.03 68.19 72.09
SegAnyPET 1 point 93.06 89.84 90.61 88.29 90.67 90.49
SAM [14] 3N points 43.85 23.21 22.16 29.09 11.83 26.03
MedSAM [20] 3N points 26.59 28.86 28.98 18.82 32.96 27.24
SAM-Med3D [32] 3 points 62.15 28.21 31.19 61.44 27.07 42.01
SAM-Med3D-organ 3 points 84.82 47.33 48.57 75.85 74.60 66.23
SAM-Med3D-turbo 3 points 84.11 74.05 76.17 75.24 73.34 76.58
SegAnyPET 3 points 93.36 90.25 90.95 88.86 91.10 90.90
SAM [14] 5N points 54.49 47.16 37.42 42.19 18.79 40.01
MedSAM [20] 5N points 36.53 37.53 39.22 24.71 41.30 35.86
SAM-Med3D [32] 5 points 61.05 31.05 31.98 61.88 29.75 43.14
SAM-Med3D-organ 5 points 85.52 49.56 54.40 76.30 75.13 68.18
SAM-Med3D-turbo 5 points 85.56 76.74 78.08 76.16 75.20 78.35
SegAnyPET 5 points 93.42 90.39 91.24 88.95 91.22 91.05
SegResNet (HQ) [24] Auto 92.28 85.56 82.94 88.21 86.55 87.11
SwinUNETR (HQ) [6] Auto 93.03 89.23 83.62 89.03 87.93 88.57
nnUNet (HQ) [9] Auto 93.16 90.12 86.60 90.96 88.32 89.83
STUNet (HQ) [8] Auto 93.15 90.11 85.60 90.38 88.83 89.61
SegResNet (All) [24] Auto 91.43 86.29 85.73 88.88 86.45 87.76
SwinUNETR (All) [6] Auto 91.15 84.98 84.32 88.13 84.89 86.69
nnUNet (All) [9] Auto 93.74 88.21 88.26 90.50 88.30 89.80
STUNet (All) [8] Auto 93.45 87.97 87.67 90.21 88.06 89.47

Table 1. Comparison of DSC performance with state-of-the-art general-propose foundation models for interactive segmentation and
trainable task-specific models for automatic segmentation from PET images. N denotes the count of slices containing the target object

(N ranges from 20 to 50 in our task).

with possible mistakes. This challenge is particularly pro-
nounced for PET images due to the presence of partial vol-
ume artifacts and low image quality, and directly learning
from these low-quality annotations may provide undesir-
able guidance. To issue the challenge of discrepant annota-
tion quality, we adopt a cross prompting confident learning
(CPCL) strategy. Figure 3 depicts the workflow of CPCL.
The utilization of LQ set can be mainly divided into the fol-
lowing two parts.

Exploit Knowledge Inside the Images. Given that LQ
labels could be the encumbrance for model training, it is
natural to adopt the semi-supervised learning setting that
casts LQ labels away and exploits the knowledge inside the
image data alone. For promptable segmentation settings,
the output heavily relies on the input prompts, and differ-

21111

ent prompts may cause variances in the segmentation results
even when they refer to the same object given the same im-
age. This phenomenon underscores the imperative to bol-
ster the invariance of segmentation outputs across differ-
ent prompts, which could be utilized as unsupervised reg-
ularization for training. Based on this motivation, we har-
ness the capabilities inherent to the prompting mechanism
and develop a cross prompting consistency strategy to learn
from unlabeled data. Within each training loop, we estimate
the unsupervised regularization loss as follows:

2



Algorithm 1 The training procedure of SegAnyPET.

Input: Training data Dy = {X(;), Yar(s)} 2L, with high-
quality annotations, and Dy, = {X(;), Yz ;) with
low-quality annotations

Output: SegAnyPET model parameters: Image Encoder
Frg, Prompt Encoder Fpg, Mask Decoder Fp

1: Initialize training details
2: fort < 1tot,,q, do
3. Extract image embeddings fing = Fre(X)

4 Initialize }A/'O as all zero matrix O.

5. fori < 1ton, do

6: Input prompt p; <= PromptGenerate(Y, Yi_1)
7 Update mask Vi = Fp(fimg, Fre(pi, Yi-1))
8 end for

9 —

Average prediction Y = a2 Y;
fi=1
2. p(

10:  Estimate uncertainty U = — |X) log p(Y|X)

11:  if Xin Dy then

12: Supervised loss £ < (Y;,Y)

13:  else if X in Dy, then

14: Label rectification Y < (Y, U)

15: Supervised loss LL, | < (Vi, Y, Yree)

16: Regularization loss L.,s < (Y, {vi, ..., Ynm})
17:  end if

18:  Totalloss £ = LI + NLeps + BLL,)

19:  Update model parameters (Fig, Fpr, Fp) < L
20: end for
21: return model

Npt

Leps =Y YV =Y 3)
=1

where n,; represents the setting of prompt point number in
each training loop and Y represents the averaged segmenta-
tion result in the loop.

Self-Rectification Towards Effective Guidance. In ad-
dition to image-based information, effectively leveraging
concomitant noisy labels inherent in LQ set is crucial to fur-
ther improve the performance. To this end, we further pro-
pose an uncertainty-based self-rectification process to alle-
viate the potential misleading caused by label noises. Un-
certainty estimation refers to the process of predicting the
uncertainty or confidence of model predictions by assigning
a probability value that represents the self-confidence asso-
ciated with the prediction, so as to quantify the reliability of
the output and to identify when the network may not be per-
forming well. For image segmentation, the model assigns a
probability value that represents the self-confidence associ-
ated with each pixel’s prediction, and lower confidence (i.e.
higher uncertainty) can be a heuristic likelihood of being
mislabeled pixels.

Building upon the foundation of promptable segmen-
tation, instead of adding perturbations to input images or
models, we leverage the advantage of the prompting mech-
anism and approximate the segmentation uncertainty with
different input prompts in the training loop. Following [40],
we select the predictive entropy to approximate the uncer-
tainty since it has a fixed range. The aleatoric uncertainty
of a given image is formulated as follows:

U= 7Zp(Y|X) log p(Y|X) 4

To exploit informative knowledge from LQ labels, we
perform an uncertainty-based self-rectification process for
noisy label refinement. With the guidance of estimated
uncertainty, we filter out relatively unreliable regions with
higher uncertainty as potential error maps. Then the rectifi-
cation operation is formulated as:

Ui = yi +L(u; > H) - (—1)¥ )

where [(.) is the indicator function, y; and u; are the
initial annotation and estimated uncertainty at i-th voxel.
Then the rectified label of the whole volume Y is {§} €
{0,1} pxw« p. For LQ set, we utilize rectified label for su-
pervised training instead of the original noisy label. With
the help of the label rectification process, the negative ef-
fects brought by label noises can be eliminated to some ex-
tent and provide more rewarding guidance.

3.4. Overall Training Procedure

Algorithm 1 presents the overall training procedure of
SegAnyPET. The total loss for model training is weighted
combination of the supervised loss Ei g on HQ set, the un-
supervised regularization loss L.,s on LQ set, and the rec-
tified supervised loss L£L on LQ set, calculated by:

seg

‘C = ‘Cig + A(ECPS + 6££eg) (6)

where (3 is a fixed weighting coefficient, and ) is a ramp-
up trade-off weighting coefficient to avoid domination by
misleading targets at the early training stage.

4. Experiment & Results

4.1. Experimental Setup

The proposed PETS-5k dataset consists of 5,731 three-
dimensional whole-body PET images is used for training
and internal validation. Among the dataset, a subset of 100
images is with high-quality annotations verified by domain
experts, which is split into 40 cases serving as HQ training
set and 60 cases serving as internal test set. The remaining
images with possible mislabeled or unlabeled pixels serving
as the LQ training set. To evaluate the generalization ability
for universal segmentation, we annotate 7 additional train-
ing invisible organs from the internal test set. We further
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Training Invisible Organ Segmentation DSC Performance [%]
Method Prompt

Aorta Lung-LL. Lung-LR Lung-UL Lung-UR Lung-MR Prostate | Avg
SAM [14] N points | 2.55 9.60 12.24 11.17 15.23 9.75 8.01 9.79
MedSAM [20] N points | 0.10 0.89 0.70 0.97 1.70 2.57 0.51 1.06
SAM-Med3D [32] 1 point | 11.29  25.60 45.95 37.94 47.15 31.64 9.93 29.93
SAM-Med3D-organ | 1point | 24.12  45.71 42.16 56.32 61.71 37.85 32.25 | 42.87
SAM-Med3D-turbo | 1point | 21.28  31.55 37.82 44.36 53.56 39.34 25.46 | 36.20
SegAnyPET 1 point | 82.99  88.32 89.76 89.47 91.91 89.17 91.67 | 89.04
SAM [14] 3N points | 6.45 13.91 16.88 16.40 22.04 15.45 19.30 | 15.78
MedSAM [20] 3N points | 17.95  24.85 20.18 18.29 21.23 23.86 25.82 | 21.74
SAM-Med3D [32] | 3 points | 13.38  29.77 46.62 45.46 50.50 36.93 13.73 | 33.77
SAM-Med3D-organ | 3 points | 28.76  48.77 50.06 64.17 69.10 51.05 33.84 | 49.39
SAM-Med3D-turbo | 3 points | 27.37  36.55 47.00 57.91 66.17 57.66 31.21 | 46.27
SegAnyPET 3 points | 84.51 89.09 90.54 90.26 92.52 89.72 92.19 | 89.83
SAM [14] 5N points | 14.58 19.37 23.37 22.97 31.62 24.88 41.03 | 25.40
MedSAM [20] SNpoints | 21.73  27.45 25.55 23.05 2791 28.24 37.69 | 27.37
SAM-Med3D [32] | 5points | 14.07  37.54 48.46 50.68 51.01 38.43 13.37 | 36.23
SAM-Med3D-organ | 5points | 29.95  53.12 54.02 65.87 71.35 52.55 35.25 | 51.73
SAM-Med3D-turbo | 5points | 31.92  42.05 48.36 64.34 69.65 61.15 32.77 | 50.03
SegAnyPET Spoints | 84.63  89.21 90.69 90.34 92.63 89.80 92.57 | 89.98

Table 2. Generalization performance to training invisible organs with comparison to state-of-the-art state-of-the-art general-propose

foundation models for interactive segmentation from PET images.

annotate a small subset of 100 cases with all 12 testing or-
gans from the AutoPET dataset [4] for external validation,
entitled AutoPET-Organ. Following the setting for prompt-
able segmentation, the input prompts are simulated based on
the ground truth mask with random perturbations. We com-
pare proposed SegAnyPET with state-of-the-art segmenta-
tion foundation models [ 14, 20, 32] and training-based task-
specific models [6, 8, 9, 24]. More information of the im-
plementation details are shown in the Appendix.

4.2. Experimental Results

Comparison with Universal Foundation Models. The
original SAM [14] and MedSAM [20] are designed for 2D
segmentation tasks and cannot handle 3D inputs directly,
necessitating input prompts for each 2D slice containing the
target to conduct slice-by-slice segmentation. In contrast,
SegAnyPET and other 3D SAM medical adaptions [32] can
be directly utilized to segment the target organs from in-
put volume with one or few prompts. Table | presents the
performance of SegAnyPET with state-of-the-art founda-
tion models on our internal test set under different prompt
settings. We can observe that 2D models exhibit lower per-
formance due to the lack of volumetric spatial information.
In contrast, 3D models can achieve better performance with
less manual prompting effort. However, all these existing

foundation models show poor generalization performance
on PET segmentation task. Compared with state-of-the-
art methods, SegAnyPET exhibits significantly better seg-
mentation performance and outperforms the second-ranked
method by a significant improvement up to 18.40% on av-
erage DSC. Besides, we visualize the segmentation results
of SegAnyPET and other segmentation foundation models
for organ segmentation in Fig. 4, which intuitively show
that SegAnyPET performs more precise segmentation with
higher DSC using the same or fewer manual efforts.

Comparison with Task-Specific Models. In addition to
foundation models, we also compare with state-of-the-art
task-specific models in Tab. 1. These task-specific mod-
els are trained for the segmentation of target organs. When
adapting to training invisible organs, additional annotation
and training are required. We conduct two experimental set-
tings, including training on HQ data alone and training with
the combination of HQ and LQ data. Our observations show
that incorporating additional LQ data does not consistently
enhance model performance and may even degrade the per-
formance in some scenarios. Despite the efforts of prompt-
ing, SegAnyPET demonstrates superior performance while
retaining generalization capability to unseen targets.

Generalization to Unseen Organs. To validate the
generalization performance of SegAnyPET, we conduct
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Figure 4. Visual comparison of segmentation results of different promptable segmentation foundation models for PET organ segmentation.

additional experiments of foundation models for prompt-
able segmentation of training invisible organs. As shown
in Tab. 2, we observe SegAnyPET also exhibits strong
generalization performance and outperforms state-of-the-
art segmentation foundation models. The experimental re-
sults demonstrate that by efficiently learning representa-
tions from large-scale PET images, SegAnyPET exhibits
comparable performance for training invisible organs. We
further evaluate SegAnyPET on training invisible AutoPET
and AutoPET-Organ dataset with significant distribution
gap compared with PETS-5k dataset.

Ablation Analysis. We conduct ablation experiments
to evaluate the effectiveness of proposed training strategy.
Three different training strategies are conducted including
fine-tuning with mixed HQ and LQ, training with additional
unsupervised consistency regularization, and the proposed
CPCL strategy. Experimental results show that the pro-
posed strategy can achieve better performance on both seen
and unseen targets. More detailed experimental results and
analysis are shown in the Appendix.

5. Discussion & Conclusion

In this work, we propose SegAnyPET, a modality-specific
foundation model for universal promptable segmentation
from 3D PET images. To this end, we collect and construct
a large-scale PET segmentation dataset, PETS-5k, which
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consists of 5,731 three-dimensional whole-body PET im-
ages, encompassing over 1.3M 2D images to train the foun-
dation model. To facilitate the model training with different
annotation quality, we design a cross prompting confident
learning strategy building on the foundation of promptable
segmentation for noise-robust learning. Our model shows
substantial capabilities in segmenting both training visible
and invisible target organs using only one or few prompt
points. Its performance significantly exceeds both state-
of-the-art segmentation foundation models and task-specific
fully supervised models.

While SegAnyPET boasts strong capabilities, there are
still inherent limitations due to manual efforts for prompt-
able segmentation, which could potentially reduce the us-
ability of the model compared with fully automatic segmen-
tation. We aim to incorporate semantic information together
with positional prompts as additional support to enable ef-
ficient and precise auto-prompting for automatic segmen-
tation in the future. We also aim to enlarge existing data
and task to more comprehensive scenarios including differ-
ent tracers and tumor lesion segmentation. In conclusion,
as the first foundation model for PET images, we believe
that SegAnyPET will advance the developments of univer-
sal segmentation and serve as a powerful pre-trained model
to facilitate the applications to various downstream tasks for
molecular imaging.
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