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Abstract

Accurate tumor segmentation in Positron Emission Tomography/Computed Tomography
(PET/CT) is essential for clinical diagnosis, staging, and treatment planning. However, the
reliance on time-consuming pixel-level annotations limits the practical deployment of deep
learning-based segmentation methods. Weakly supervised segmentation using image-level
classification labels provides a promising alternative, yet generating accurate supervision
remains highly challenging. Specifically, PET provides critical metabolic information but
is susceptible to physiological hypermetabolism and background noise, while CT offers
anatomical structure but suffers from low soft-tissue contrast and boundary uncertainty.
Consequently, static or single-modality pseudo-labels derived from Class Activation Maps
(CAMs) often suffer from boundary ambiguity and false-positive activations, failing to reliably
guide segmentation. To address the core problem of dynamically evaluating and correcting
supervision reliability, we propose a Progressive Reliability-Guided Refinement (PRGR) frame-
work. Specifically, pixel-level supervision reliability is modeled by integrating PET metabolic
consistency and CT structural gradients, leveraging complementary cross-modal information
without introducing additional trainable parameters. Based on the estimated reliability, the
image domain is adaptively partitioned into regions with different supervision credibility lev-
els, enabling progressive optimization with differentiated learning constraints. Furthermore,
pseudo-labels are iteratively updated using reliability estimates and segmentation predictions
to progressively correct erroneous supervision. Experiments on two public PET/CT datasets
demonstrate that our method effectively suppresses false positives and improves boundary
delineation. Quantitatively, the proposed PRGR achieves Dice scores of 0.673 and 0.596 on the
STS and HeadNeck datasets, respectively, yielding absolute improvements of 1.8% and 8.4%
over the second-best baseline. Furthermore, it achieves superior Precision scores of 0.776 and
0.684, demonstrating its effectiveness in narrowing the performance gap between weakly and
fully supervised segmentation while reducing the dependence on pixel-level annotations.

Keywords: biomedical segmentation; PET/CT; weakly supervised segmentation; reliability
modeling

MSC: 92C50

1. Introduction
Positron Emission Tomography/Computed Tomography (PET/CT), as a representa-

tive multimodal medical imaging modality, provides an essential foundation for accurate

Mathematics 2026, 14, 3903 https://doi.org/10.3390/math14213903

https://crossmark.crossref.org/dialog?doi=10.3390/math14213903&domain=pdf&date_stamp=2026-10-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-3956-4124
https://orcid.org/0000-0002-1428-8776
https://doi.org/10.3390/math14213903


Mathematics 2026, 14, 3903 2 of 17

tumor localization and quantitative analysis by integrating functional metabolic infor-
mation from PET with anatomical structural information from CT. Specifically, PET cap-
tures the abnormal metabolic activity associated with tumor tissues, whereas CT pro-
vides high-resolution anatomical details for precise spatial delineation [1,2]. Owing to
this complementary nature, PET/CT has been widely applied in various clinical tasks,
including tumor detection, staging, treatment response evaluation, and radiotherapy plan-
ning. Among these applications, accurate tumor segmentation plays a fundamental role
in PET/CT-based quantitative analysis, as it directly determines the reliability of critical
imaging biomarkers, such as metabolic tumor volume (MTV) and standardized uptake
value (SUV), and consequently affects subsequent clinical decision-making processes. How-
ever, in high-throughput clinical environments, manual delineation of tumor boundaries
is highly susceptible to inter-observer variability, which can lead to biased diagnostic
outcomes. Therefore, reliable automated segmentation is of great clinical significance.

In recent years, with the rapid development of deep learning techniques, automated
segmentation methods based on Convolutional Neural Networks and Transformer ar-
chitectures have attracted increasing attention in PET/CT tumor analysis. Most existing
approaches formulate tumor segmentation as a pixel-wise prediction task, employing en-
coder–decoder architectures to learn discriminative representations and multimodal fusion
strategies to integrate PET metabolic information with CT anatomical structures. For ex-
ample, multi-branch networks extract modality-specific features and enhance cross-modal
interaction through fusion modules, while attention-based and Transformer-based methods
further improve long-range dependency modeling for complex tumor regions [3–5]. How-
ever, these fully supervised methods rely heavily on large-scale pixel-level annotations,
which are difficult to obtain due to the time-consuming annotation process, ambiguous
tumor boundaries, heterogeneous lesion characteristics, and inter-observer variability [6].
In contrast, weakly supervised learning methods utilize low-cost supervision signals, such
as image-level labels, point annotations, or coarse regional annotations, and optimize
segmentation models through strategies including pseudo-label generation and consis-
tency regularization. Therefore, weakly supervised learning has emerged as a promising
solution to alleviate annotation dependency and enhance the scalability of medical image
segmentation [7].

However, compared with fully supervised learning, weakly supervised PET/CT tu-
mor segmentation remains highly challenging due to the limited and indirect nature of
supervisory signals. Most weakly supervised approaches rely on Class Activation Maps
(CAMs) or their variants to generate initial pseudo-labels from image-level annotations.
However, since classification models tend to highlight only the most discriminative re-
gions rather than the complete tumor areas, the generated pseudo-labels often suffer from
incomplete coverage, inaccurate boundaries, and false-positive activations. Moreover,
the metabolic heterogeneity of PET images and the structural similarity of CT images
further increase the uncertainty of pseudo-labels, resulting in spatially varying supervision
reliability. Therefore, effectively characterizing pseudo-label reliability and developing
robust optimization strategies to alleviate noise propagation under limited supervision
conditions remain critical mathematical challenges in weakly supervised PET/CT tumor
segmentation. Solving these challenges is not only a mathematical necessity but also a
prerequisite for ensuring the robustness and trustworthiness of AI-based diagnostic tools
in clinical settings.

To address the aforementioned challenges, this study re-examines weakly supervised
PET/CT tumor segmentation from the perspectives of reliability modeling and progressive
refinement. Unlike existing approaches that treat pseudo-labels as fixed and uniformly reli-
able supervision, we observe that pseudo-labels generated from image-level classification
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signals exhibit substantial spatial heterogeneity, with varying levels of reliability across
different tumor regions. Based on this observation, we propose a Progressive Reliability-
Guided Refinement (PRGR) framework, which formulates weakly supervised PET/CT
tumor segmentation as a closed-loop optimization process consisting of reliability estima-
tion, adaptive region partitioning, and iterative pseudo-label refinement.

Specifically, this study first exploits PET metabolic information, CT anatomical fea-
tures, and pseudo-label representations to construct a reliability modeling module, which
generates pixel-level reliability maps to quantify the credibility of supervisory signals
across different spatial locations. Based on the statistical distribution of reliability scores,
an adaptive reliability partition strategy is further introduced to automatically determine
optimization regions without manually defined thresholds, separating reliable, moder-
ately reliable, and global regions through inter-class variance maximization. Subsequently,
a reliability-aware progressive optimization strategy is developed to incorporate supervi-
sion information from different regions according to their reliability levels, enabling the
model to learn robust tumor representations from highly reliable regions before gradu-
ally adapting to ambiguous and low-reliability areas. In addition, a reliability-guided
pseudo-label refinement strategy is proposed to formulate pseudo-label updating as a
reliability-constrained optimization process by jointly considering current predictions,
historical pseudo-labels, and reliability maps. Through these mechanisms, the proposed
framework reformulates pseudo-label noise mitigation as a reliability-aware optimization
problem, allowing progressive improvement of supervision quality and segmentation
performance without pixel-level annotations.

The main contributions of this study are summarized as follows:

(1) A progressive reliability-guided refinement framework is proposed for weakly su-
pervised PET/CT tumor segmentation. The proposed framework transforms the
conventional pseudo-label-based training paradigm into a reliability-driven itera-
tive optimization process, improving robustness against the noise and uncertainty
introduced by weak supervision.

(2) A multimodal reliability modeling method is developed by jointly incorporating PET
metabolic information, CT anatomical features, and pseudo-label priors to estimate
pixel-level supervision reliability. In addition, an adaptive region partition strategy
based on reliability distributions is introduced to achieve automatic supervision
quality assessment without manually defined thresholds.

(3) A reliability-guided progressive learning and pseudo-label refinement mechanism is
designed to optimize supervision signals in a coarse-to-fine manner. By progressively
incorporating information from high-reliability regions to low-reliability regions and
updating pseudo-labels under reliability constraints, the proposed mechanism improves
tumor region completeness and boundary delineation in weakly supervised settings.

2. Related Work
2.1. Deep Learning-Based PET/CT Tumor Segmentation

In recent years, deep learning methods have become the mainstream approach for
PET/CT tumor segmentation due to their strong feature representation capabilities. Com-
pared with traditional methods based on handcrafted features, deep neural networks
can automatically extract metabolic and anatomical representations from PET and CT
images through end-to-end learning. Early CNN-based approaches mainly employed
encoder–decoder architectures with multi-scale feature extraction and skip connections to
integrate semantic and spatial information.

With the development of multimodal learning, researchers have focused on exploit-
ing the complementary information between PET and CT through dual-branch networks,
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feature interaction modules, and attention-based fusion strategies. For example, SCL-Net
enhances cross-modal feature interaction through structural collaborative learning, while
H2ASeg improves multimodal fusion through hierarchical adaptive interaction and modal-
ity weighting mechanisms [3,8]. Recently, Transformer-based approaches, such as Swin-
Cross, have further improved segmentation performance by capturing long-range depen-
dencies between multimodal features [5]. In addition, self-supervised learning, transfer
learning, and foundation model-based methods have been explored to improve model
generalization across diverse datasets [9–11].

Despite these advances, existing deep learning methods still rely heavily on accurate
pixel-level annotations, which are expensive to obtain and affected by tumor heterogeneity
and inter-observer variability. Therefore, reducing annotation dependency while maintain-
ing segmentation performance remains a critical challenge in PET/CT tumor segmentation.

2.2. Classification Label-Based Weakly Supervised Medical Image Segmentation

Since pixel-level annotation requires extensive clinical expertise, Classification Label-
Based Weakly Supervised Segmentation (CL-WSSS) has been widely studied to reduce
annotation costs. These methods typically employ classification networks and Class Acti-
vation Maps (CAMs) to generate pixel-level pseudo-labels from image-level supervision.
Early studies focused on improving CAM localization, such as GradCAM with gradient-
based response estimation [12] and WILDCAT with weighted spatial pooling [13]. Sub-
sequent approaches further enhanced activation completeness and pseudo-label quality
through consistency learning, regularization, multi-scale enhancement, self-organizing
learning, and region reactivation strategies, including SEAM [14], Belharbi et al. [15],
WSS_CMER [16], ESOL_WSSS [17], and ReCAM [18].

In medical image analysis, recent advancements in weakly supervised methods have
specifically addressed boundary ambiguity and pseudo-label noise through advanced re-
finement strategies. For instance, recent approaches have improved activation completeness
via region consistency constraints [19] and alleviated background interference using feature
decoupling [20]. Furthermore, state-of-the-art studies have increasingly focused on dynamic
pseudo-label refinement; UM-CAM enhances pseudo-label reliability via uncertainty-guided
fusion [21], and DMSPS improves training stability through dynamic soft pseudo-labeling and
uncertainty constraints [22]. The recent literature has also explored boundary-aware iterative
correction and cross-modal progressive regeneration to further refine initial CAMs [23,24].
For PET/CT tumor segmentation, our previous UCWS-Net introduced uncertainty-guided
collaborative learning with a dual-branch architecture to optimize pseudo-labels under clas-
sification supervision [25]. However, despite these recent advances, most existing methods
either treat pseudo-label reliability as a static property or rely on single-stage refinement,
largely ignoring the dynamic spatial variation in supervision reliability during the training
process. Therefore, dynamic reliability-driven progressive refinement remains a key challenge
in weakly supervised PET/CT tumor segmentation.

3. Method
3.1. Problem Definition

This study investigates weakly supervised PET/CT tumor segmentation under image-level
classification supervision. Given a training datasetD = {(Xpet

i , Xct
i , ci)}N

i=1, where Xpet
i and Xct

i
denote the PET and CT images, respectively, and ci represents the corresponding classification
label. Unlike fully supervised segmentation, pixel-level annotations Y∗i are unavailable during
training. Therefore, the model learns a segmentation function based only on image-level
supervision: Pi = fθseg(X

pet
i , Xct

i ), where Pi ∈ [0, 1]H×W denotes the predicted tumor probability
map and fθseg(·) denotes the segmentation network (e.g., U-Net in this paper).
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Since classification labels provide limited spatial constraints, the reliability of supervi-
sion varies across different regions. Accordingly, this study formulates weakly supervised
PET/CT segmentation as a reliability-driven optimization problem by learning the segmen-
tation prediction P based on the pixel-level reliability representation R:

P = arg min
θseg
L(P, R|D), (1)

where R ∈ [0, 1]H×W represents the spatial reliability of supervisory signals. The objective
is to progressively improve tumor segmentation performance under limited supervision by
exploiting reliability modeling and optimization strategies.

The overall architecture of the proposed method is illustrated in Figure 1, which
consists of four main components: Weak Supervision and Pseudo Label Construction,
Reliability Modeling, Reliability-Aware Progressive Optimization, and Reliability-Guided
Pseudo Label Refinement. Each component is detailed below.
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CT  Image
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Figure 1. Overview of the proposed Progressive Reliability-Guided Refinement framework for
weakly supervised PET/CT tumor segmentation.

3.2. Weak Supervision and Pseudo-Label Construction

In classification label-based weakly supervised segmentation, only image-level cate-
gory labels are available, while pixel-level tumor annotations are absent. Therefore, a clas-
sification network is first utilized to generate initial pseudo-labels, providing preliminary
supervision for subsequent reliability modeling and progressive refinement.

Given an input PET/CT image pair Xi = (Xpet
i , Xct

i ), the classification network fθcls(·)
predicts the image-level category probability: pi = fθcls(Xi), where pi denotes the predicted
category probability. The Class Activation Map (CAM) is then generated to identify
category-related spatial regions:

Mcam
i = Φ( fθcls(Xi)), (2)

where Φ(·) represents the CAM generation function and Mcam
i ∈ [0, 1]H×W denotes the

activation map. Following standard protocols in weakly supervised learning, the initial
pseudo-label Y(0)i is obtained by thresholding the CAM map with an empirical value
of 0.5 to provide a coarse initial seed. This thresholding serves only as a rough initialization,
as the subsequent reliability modeling will dynamically correct the inherent noise:

Y(0)i =

⎧⎨⎩1, Mcam
i ≥ 0.5,

0, Mcam
i < 0.5.

(3)

3.3. Reliability Modeling

The initial pseudo-label Y(0)i provides preliminary spatial supervision; however,
its reliability is affected by tumor metabolic heterogeneity, anatomical complexity, and
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boundary ambiguity due to the indirect nature of image-level supervision. Therefore,
a reliability modeling module is proposed to construct a pixel-level reliability map without
additional network training. Theoretically, in PET/CT oncology imaging, statistical consis-
tency serves as a robust surrogate for supervision reliability. Tumors typically exhibit highly
homogeneous metabolic hyper-uptake in PET; therefore, pixels deviating significantly from
the statistical core distribution are highly likely to be background noise. For PET images,
based on the initial pseudo-label Y(0)i, we compute the mean µ

pet
i and standard deviation

σ
pet
i of PET intensities within the pseudo-label region. The metabolic reliability at pixel p is

defined as Rpet
i (p) = exp

(︂
−|Xpet

i (p)− µ
pet
i |/(σ

pet
i + ϵ)

)︂
.

For CT images, the theoretical objective is to identify abrupt anatomical boundaries to
prevent pseudo-labels from erroneously spreading across distinct tissues. Structural informa-

tion is characterized by the local gradient magnitude Gct
i (p) =

√︂
(∂xXct

i (p))2 + (∂yXct
i (p))2.

Because the magnitude is strictly directionless, it reliably highlights structural edges re-
gardless of the inconsistent gradient directions of internal organs. We compute the mean
µG and standard deviation σG of the gradient distribution within the pseudo-label region,
yielding the structural reliability Rct

i (p) = exp
(︁
−|Gct

i (p)− µG|/(σG + ϵ)
)︁
. A cross-modal

reliability term is further introduced as Rcm
i (p) = 1− |Rpet

i (p) − Rct
i (p)|, where higher

values indicate stronger agreement between PET and CT. Finally, the overall pixel-level
reliability map is obtained by integrating the three components:

R(0)i(p) = Rpet
i (p) · Rct

i (p) · Rcm
i (p), (4)

where R(0)i(p) ∈ [0, 1] represents the reliability of the supervisory signal at pixel location p.
This design directly estimates supervision reliability without introducing additional learn-
able parameters or extra annotations, providing an interpretable reliability representation.

3.4. Reliability-Aware Progressive Optimization
3.4.1. Adaptive Reliability Partition

After obtaining the reliability map R(0), an adaptive reliability partition strategy
is introduced to divide pixels according to their supervision reliability. Since reliability
distributions vary across patients due to differences in tumor characteristics and imaging
conditions, manually predefined thresholds may result in inaccurate region assignment.
Therefore, the region boundaries are adaptively determined based on the statistical distri-
bution of the current reliability map.

Let the reliability map be denoted as R(0) = {r1, r2, · · · , rN}, where ri represents
the reliability value of the i-th pixel. The reliability space is divided into three regions:
Ω = ΩR ∪ΩM ∪ΩL, where ΩR, ΩM, and ΩL represent the reliable, moderately reliable,
and low-reliability regions, respectively. To avoid dependence on empirical thresholds,
the partition problem is formulated as a three-class clustering problem on the reliability
distribution, where two adaptive boundaries are obtained by maximizing the separability
among different reliability groups:

(λ∗R, λ∗M) = arg max
σ2

between
σ2

within
, (5)

where σ2
between and σ2

within denote the inter-class and intra-class variances of reliability values,
respectively. Based on the optimized thresholds, the pixel regions are defined as:

ΩR = {p|R(0)(p) ≥ λ∗R}, ΩM = {p|λ∗M ≤ R(0)(p) < λ∗R}, ΩL = {p|R(0)(p) < λ∗M}. (6)
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The reliable region ΩR contains pixels with stable supervisory information and pro-
vides strong optimization constraints. The moderately reliable region ΩM mainly in-
cludes ambiguous boundaries and uncertain tumor regions, which require joint optimiza-
tion with model predictions. The low-reliability region ΩL contains highly uncertain or
noisy pseudo-label regions and is mainly involved in weak constraints and subsequent
pseudo-label refinement.

3.4.2. Progressive Optimization with Differentiated Supervision

For the reliable region ΩR, the supervision signals exhibit high credibility; there-
fore, the corresponding pseudo-labels are directly utilized to impose strong optimization
constraints. The reliable region loss is defined as:

LR =
1
|ΩR| ∑

p∈ΩR

ℓ(P(p), Y(0)(p)), (7)

where ℓ(·) denotes the segmentation loss function. In this study, to ensure full methodolog-
ical reproducibility, we clarify that the base loss function ℓ(·) is strictly formulated as the
standard Binary Cross-Entropy (BCE) loss.

For the moderately reliable region ΩM, pseudo-labels generally contain uncertainty
due to ambiguous boundaries and low-response regions. Instead of directly applying
the original pseudo-labels, a progressive supervision strategy is introduced by combining
historical pseudo-labels with current model predictions:

Ŷ(0)(p) = αY(0)(p) + (1− α)sg[P(0)(p)], p ∈ ΩM, (8)

where α is a weighting coefficient. Here, P(0)(p) represents the initial probability prediction
output by the unrefined segmentation network. To prevent the “cycle of supervision” where
the prediction acts as both the optimization variable and the target, a stop-gradient opera-
tion, denoted as sg[·], is strictly applied to P(0)(p) when constructing the target Ŷ(0)(p).
This ensures that gradients are only backpropagated through the active prediction network.
The corresponding loss is:

LM =
1
|ΩM| ∑

p∈ΩM

ℓ(P(0)(p), Ŷ(0)(p)). (9)

Although low-reliability regions contain noisy supervision, completely discarding
global constraints can cause the network to overfit local high-confidence regions, leading to
excessive boundary shrinkage and catastrophic forgetting of the initial lesion localization.
Therefore, LG serves as a weak global regularization anchor. The overall reliability-aware
progressive optimization loss integrates the regional and global objectives:

LG =
1
|Ω| ∑

p∈Ω
ℓ(P(0)(p), Y(0)(p)). (10)

The overall reliability-aware progressive optimization loss integrates the regional and
global objectives:

LPRGR = LR + λMLM + λGLG, (11)

where λM and λG are weighting coefficients. This strategy progressively incorporates
supervision from reliable regions to uncertain regions and from local constraints to global
consistency, thereby improving segmentation stability.
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3.5. Reliability-Guided Pseudo-Label Refinement

After reliability-aware progressive optimization, the model obtains the current pre-
diction P(0). However, in classification label-based weakly supervised segmentation,
pseudo-label quality remains a key factor affecting segmentation performance. Since initial
pseudo-labels generally cover only discriminative tumor regions while missing boundaries
and low-response areas, and inaccurate pseudo-labels may accumulate during iterative
optimization, a reliability-guided pseudo-label refinement strategy is introduced to progres-
sively update pseudo-labels by integrating prediction results and reliability information.

At the t-th iteration, the model obtains the current pseudo-label Y(t), prediction
map P(t), and reliability map R(t). Theoretically, this refinement process can be formulated
as a reliability-constrained Exponential Moving Average (EMA) update in the label space.
Instead of applying a uniform replacement, the update process dynamically adjusts the
contribution of historical supervision and current model predictions according to the
pixel-level spatial reliability:

Y(t + 1) = R(t)⊙Y(t) + (1− R(t))⊙ P(t), (12)

where ⊙ denotes element-wise multiplication. The reliability map R(t) acts as a spatial
weighting factor: high-reliability regions retain more original supervisory information,
while low-reliability regions rely more on model predictions for correction. This enables
adaptive pseudo-label evolution.

To prevent excessive iterations, the process is terminated when the pseudo-labels
become stable between consecutive iteration steps:

∥Y(t)−Y(t− 1)∥1

|Ω| < ϵ, (13)

where ϵ is a predefined convergence threshold. Once satisfied, the final prediction is output.
The overall algorithmic procedure is summarized in Algorithm 1.

Algorithm 1 Progressive Reliability-Guided Refinement (PRGR)

Require: Training dataset D, hyperparameters α, λM, λG, convergence threshold ϵ.
Ensure: Segmentation network fθseg and final prediction P.

Stage 1: Weak Supervision & Initialization
1: Generate CAM Mcam = Φ( fθcls(X))
2: Initialize pseudo-label Y(0) = I(Mcam ≥ 0.5)
3: Set iteration t← 1
4: repeat

Stage 2: Reliability Modeling
5: Compute reliability map R(t− 1) as in Equation (4)

Stage 3: Reliability-Aware Progressive Optimization
6: Compute adaptive boundaries (λ∗R, λ∗M) via Equation (5)
7: Partition space into ΩR, ΩM, ΩL using Equation (6)
8: Formulate progressive supervision Ŷ(t− 1) for region ΩM using Equation (8)
9: Optimize fθseg using LPRGR in Equation (11)

10: Obtain current prediction P(t− 1) = fθseg(Xpet, Xct)
Stage 4: Reliability-Guided Pseudo Label Refinement

11: Update pseudo-label via Equation (12): Y(t) = R(t− 1)⊙Y(t− 1) + (1− R(t− 1))⊙
P(t− 1)

12: t← t + 1
13: until ∥Y(t−1)−Y(t−2)∥1

|Ω| < ϵ

14: return Final segmentation prediction P← P(t− 1)
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4. Experiments
4.1. Datasets

In this paper, we conduct experiments using two publicly available PET/CT imaging
datasets: the Soft Tissue Sarcoma (STS) dataset and the Head and Neck (HeadNeck) tumor
dataset. Detailed descriptions of each dataset are provided below.

STS: The STS dataset, originally introduced by Vallières et al. [26], contains PET/CT
scans from 51 patients with soft tissue sarcoma. The PET images have a spatial resolution
of 128× 128, while the corresponding CT images are acquired at a resolution of 512× 512.
Tumor annotations are obtained using the publicly available radiomics processing pipeline
provided by the original authors.

HeadNeck: The HeadNeck dataset, originally introduced by Vallières et al. [27], con-
tains PET/CT scans from 400 patients with head-and-neck tumors collected from four
medical centers. Following the evaluation protocol of Andrearczyk et al. [28], 202 patients
with oropharyngeal cancer are selected for experiments. The ground-truth tumor annota-
tions are obtained from expert-delineated radiotherapy contours.

For the STS dataset, 36 cases are used for training, 5 cases for validation, and 10 cases
for testing. For the HeadNeck dataset, 141 cases are used for training, 10 cases for val-
idation, and 41 cases for testing. During training, pixel-level segmentation annotations
are not utilized; instead, only image-level classification labels indicating tumor presence
are adopted for weakly supervised learning. The ground-truth segmentation masks are
exclusively used for quantitative evaluation on the test set.

4.2. Implementation Details

In the proposed Progressive Reliability-Guided Refinement framework, two backbone
networks are employed for classification and segmentation tasks, respectively. In the weak
supervision and pseudo-label construction stage, ResNet is utilized as the classification
backbone to extract image-level representations and generate initial Class Activation Maps.
Subsequently, a standard U-Net is adopted as the segmentation backbone to perform
dense prediction during the reliability-aware progressive optimization and pseudo-label
refinement stages.

During preprocessing, the 3D PET and CT volumes are decomposed into 2D axial slices.
These 2D slices are then resized to a unified spatial resolution of 512× 512 pixels using
bilinear interpolation to ensure voxel-level alignment between modalities. Although in-
terpolation introduces slight spatial smoothing, the macroscopic anatomical boundaries
in CT inherently possess high Hounsfield Unit (HU) contrast. Consequently, the gradient
magnitude at these critical structural boundaries remains dominant, ensuring that the CT
gradient-based reliability calculation is not invalidated. The PET Standardized Uptake Val-
ues and CT Hounsfield Units are then normalized using standard normalization strategies.

The proposed framework is implemented with the PyTorch 2.14.1 framework. All
experiments are conducted on a server equipped with an Intel Core E7-2680 CPU and
two NVIDIA GeForce RTX 2080 Ti GPUs. The networks are optimized using the Adam
optimizer with a weight decay of 1× 10−4. The initial learning rate is set to 1× 10−4 and
adjusted using a cosine annealing scheduler. Due to GPU memory limitations, the batch
size is set to 16, and the models are trained for 200 epochs.

For the reliability-aware progressive optimization, the loss weights λM and λG are
set to 0.5 and 1.0, respectively. The progressive supervision coefficient α in the moderately
reliable region optimization is set to 0.5. The convergence threshold for pseudo-label
refinement is set to ϵ = 0.05.
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4.3. Evaluation Metrics

To quantitatively evaluate the segmentation performance of the proposed PRGR
framework, four commonly used metrics are adopted: the Dice, Recall, Precision, and the
95th percentile Hausdorff Distance (HD95). Let P ∈ {0, 1}H×W denote the predicted
binary segmentation mask and Y ∈ {0, 1}H×W represent the ground-truth annotation.
The Dice coefficient is defined as 2|P ∩Y|/(|P|+ |Y|), Recall as |P ∩Y|/|Y|, and Precision
as |P ∩Y|/|P|. While Dice, Recall, and Precision evaluate regional overlap and detection
accuracy, HD95 rigorously evaluates the spatial distance between the predicted and ground-
truth boundaries, providing a strict penalty for local over-segmentation and boundary
anomalies. All metrics are computed for each test case, and the final performance is
reported as the average value over the entire test set. Furthermore, to rigorously assess the
statistical significance of the performance improvements, a paired Wilcoxon signed-rank
test was conducted between the proposed PRGR framework and the baseline models.
A p-value of less than 0.05 is considered statistically significant, demonstrating that the
segmentation improvements are consistent across the test cohort

4.4. Results
4.4.1. Comparison Experiment

To evaluate the effectiveness of the proposed PRGR framework, we comprehensively
compare it with several mainstream weakly supervised segmentation approaches, in-
cluding WILDCAT [13], ESOL_WSSS [17], ReCAM [18], Belharbi et al. [15], SEAM [14],
WSS_CMER [16], and UCWS-Net [25]. Among these selected baselines, WILDCAT directly
utilizes classification networks to obtain the initial CAMs for object localization. Building
upon this foundation, SEAM incorporates rotation consistency constraints to enhance the
activation regions. Approaches including ESOL_WSSS, ReCAM, and Belharbi et al. employ
multi-step iterative optimization strategies to progressively refine the CAMs and improve
pseudo-label quality. Specifically designed for multimodal medical images, WSS_CMER
and UCWS-Net introduce cross-modality consistency constraints to guide weakly super-
vised segmentation. In addition to the aforementioned weakly supervised methods, we
also train a standard U-Net using fully supervised pixel-level annotations to serve as the
theoretical performance upper bound for this task. The quantitative comparative results of
all methods are summarized in Table 1.

As shown in the results, PRGR achieves Dice similarity coefficients of 0.673 on the
STS dataset and 0.596 on the HeadNeck dataset. Compared to the second-best performing
baseline, UCWS-Net, this method yields a Dice improvement of 1.8% on the STS dataset,
which is statistically significant (p = 4.89× 10−3 < 0.05) based on the paired Wilcoxon
signed-rank test. On the HeadNeck dataset (N = 41), the method achieves an 8.4%
margin over UCWS-Net, which is also statistically significant (p = 2.69× 10−2 < 0.05).
Furthermore, the segmentation performance of PRGR narrows the gap with the fully
supervised U-Net upper bound. On the STS dataset, the Dice score difference between
the weakly supervised framework score of 0.673 and the fully supervised model score of
0.684 is 1.1%, indicating the capacity of the method to learn tumor representations using
image-level classification labels. Furthermore, regarding the computational complexity, it
is important to note that the additional computational overhead introduced by the PRGR
framework (including reliability modeling and iterative pseudo-label refinement) is strictly
confined to the training phase. During the inference phase, the classification network and
refinement modules are completely discarded, and segmentation is performed solely by
the trained U-Net backbone. Consequently, the inference time and computational cost of
our method are exactly identical to those of a standard U-Net, ensuring that the substantial

https://doi.org/10.3390/math14213903

https://doi.org/10.3390/math14213903


Mathematics 2026, 14, 3903 11 of 17

performance improvements do not entail any extra computational burden during practical
clinical deployment.

Table 1. Comparison of Weakly Supervised Segmentation Results on STS and HeadNeck Dataset.

Dataset Method Dice Recall Precision HD95 p-Value

STS

WILDCAT 0.255 0.697 0.173 19.236 6.10× 10−5

ESOL_WSSS 0.310 0.853 0.207 18.818 3.52× 10−5

ReCAM 0.249 0.851 0.152 12.632 5.63× 10−5

Belharbi et al. [15] 0.365 0.731 0.262 12.105 5.61× 10−5

SEAM 0.575 0.725 0.524 9.832 7.20× 10−3

WSS_CMER 0.391 0.284 0.720 15.31 1.22× 10−4

UCWS-Net 0.655 0.631 0.724 8.602 4.89× 10−3

PRGR (Ours) 0.673 0.656 0.776 8.321 -
U-Net (Upper bound) 0.684 0.797 0.643 7.668 -

HeadNeck

WILDCAT 0.450 0.609 0.433 14.946 1.22× 10−2

ESOL_WSSS 0.284 0.925 0.172 18.167 4.88× 10−4

ReCAM 0.294 0.922 0.180 17.918 2.81× 10−4

Belharbi et al. [15] 0.156 0.921 0.086 21.562 2.50× 10−4

SEAM 0.371 0.772 0.258 26.038 1.46× 10−3

WSS_CMER 0.354 0.786 0.243 18.935 4.85× 10−4

UCWS-Net 0.512 0.560 0.515 10.961 2.69× 10−2

PRGR (Ours) 0.596 0.609 0.684 10.593 -
U-Net (Upper bound) 0.625 0.726 0.618 8.220 -

Analysis of the Precision and Recall metrics provides information on the character-
istics of PRGR regarding over-segmentation and pseudo-label noise. Multi-step iterative
methods, such as ESOL_WSSS and ReCAM, achieve Recall scores exceeding 0.85 on STS
and 0.92 on HeadNeck, alongside Precision scores below 0.21 on both datasets. This metric
imbalance suggests that these baseline methods activate a broader range of background
tissues, leading to false positives. In contrast, PRGR achieves a Precision of 0.776 on STS
and 0.684 on HeadNeck. The Precision of this weakly supervised method surpasses that
of the fully supervised U-Net, which scores 0.643 and 0.618 respectively. These precision
scores indicate that the reliability modeling and progressive optimization mechanisms
penalize uncertain background regions and restrict the network focus to confident tumor
areas, yielding precise anatomical boundaries.

Furthermore, in terms of boundary-sensitive evaluation, the PRGR framework demon-
strates clear superiority. As shown in Table 1, PRGR achieves the lowest HD95 scores
among all weakly supervised methods, yielding 8.321 on the STS dataset and 10.593 on the
HeadNeck dataset. This significant reduction in boundary distance compared to baselines
like ESOL_WSSS and ReCAM mathematically validates our claim that the reliability-guided
refinement mechanism effectively suppresses false-positive boundary leakage and refines
anatomical tumor delineation.

4.4.2. Ablation Experiment

To deeply investigate the functional necessity of each module within the PRGR frame-
work, we conduct exhaustive ablation studies dissecting the loss components, the reliability
formulations, and the refinement mechanism. The comprehensive results on the STS and
HeadNeck datasets are summarized in Table 2.
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Table 2. Ablation Study of the Proposed PRGR Framework on STS and HeadNeck Datasets.

Dataset Method Dice Recall Precision

STS

CAM-Baseline 0.261 0.756 0.164
S2C 0.514 0.533 0.607
PRGR-Single 0.555 0.542 0.632
PRGR-Single w/o LM + LG 0.435 0.305 0.791
PRGR-Single w/o LG 0.510 0.406 0.685
PRGR-Single w/o LM 0.515 0.545 0.590
PRGR-Single w/o Rct + Rcm 0.477 0.726 0.436
PRGR-Single w/o Rcm 0.542 0.598 0.486
PRGR-Full (Ours) 0.673 0.656 0.776

HeadNeck

CAM-Baseline 0.273 0.933 0.185
S2C 0.452 0.499 0.628
PRGR-Single 0.482 0.490 0.655
PRGR-Single w/o LM + LG 0.327 0.398 0.732
PRGR-Single w/o LG 0.419 0.374 0.690
PRGR-Single w/o LM 0.455 0.539 0.453
PRGR-Single w/o Rct + Rcm 0.410 0.773 0.368
PRGR-Single w/o Rcm 0.465 0.704 0.437
PRGR-Full (Ours) 0.596 0.609 0.684

We sequentially evaluate the impact of the regional loss components. When relying
solely on the reliable region loss (LR, denoted as PRGR-Single w/o LM + LG), the model
achieves exceptionally high Precision (0.791 on STS and 0.732 on HeadNeck) but suffers
from severe boundary shrinkage, resulting in poor Recall scores. Integrating the moderately
reliable region loss (PRGR-Single w/o LG) improves the Dice score to 0.510 on STS. How-
ever, without the global regularization loss (LG), the model occasionally suffers from local
overfitting. The complete single-stage optimization (LR + LM + LG, denoted as PRGR-
Single) achieves a balanced Recall and Precision, demonstrating that LG is indispensable
as a structural anchor to prevent catastrophic lesion forgetting.

We further validate the multimodal reliability modeling. Using only PET metabolic
reliability (PRGR-Single w/o Rct + Rcm) yields a high Recall but low Precision (0.436 on
STS), as physiological uptake introduces false positives. Multiplying by CT structural
reliability (PRGR-Single w/o Rcm) filters out background noise by enforcing anatomical
boundaries, improving Precision. Finally, the full formulation incorporating the cross-
modal consistency term yields the optimal PRGR-Single performance, proving that mul-
timodal alignment provides mathematically superior supervision quality compared to
single-modality estimations.

To validate the superiority of our dynamic pseudo-label refinement against external
approaches, we replaced our refinement module with S2C [29], a recent state-of-the-art
pseudo-label refinement approach leveraging the Segment Anything Model (SAM) for
weakly supervised segmentation. As shown in Table 2, while S2C improves upon the
CAM-Baseline, it struggles to fully resolve the complex metabolic-structural mismatches
in PET/CT, achieving Dice scores of 0.514 and 0.452 on the STS and HeadNeck datasets,
respectively. In contrast, our complete iterative framework (PRGR-Full) dynamically
updates the reliability map in a closed-loop EMA manner, achieving the highest overall
Dice scores of 0.673 and 0.596 by effectively suppressing cross-boundary leakage while
recovering uncertain tumor areas.
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4.4.3. Qualitative Evaluation

To visually demonstrate the segmentation performance of the proposed PRGR frame-
work, Figure 2 presents a qualitative comparison of partial slice segmentation results. Slices
a and b represent cases from the STS dataset, while slices c and d correspond to cases
from the HeadNeck dataset. In the visual representations, the green areas indicate true
positives, the blue areas represent false positives, and the red areas denote false negatives.
The visualization reveals a common limitation among the baseline weakly supervised
methods, which frequently fail to balance activation coverage and boundary restriction,
resulting in either extensive false positive regions or severe missing tumor activations.
The PRGR framework delineates tumor boundaries more accurately, producing fewer false
positive and false negative pixels across both datasets.

The segmentation results on the STS dataset in slices a and b illustrate the suscep-
tibility of baseline methods to severe over-segmentation. In slice a, methods including
ESOL_WSSS, ReCAM, and UCWS-Net exhibit extensive blue regions. This visual pattern in-
dicates a severe precision degradation where the models mistakenly classify a large portion
of the surrounding normal tissues as tumors, despite successfully covering the main tumor
body. The proposed PRGR method effectively suppresses these false activations, main-
taining a tight and accurate boundary around the target lesion. This over-segmentation
issue among the baselines is even more pronounced in slice b, where the majority of the
evaluated baseline methods show massive false positive areas spreading widely across the
background. In contrast, the PRGR framework eliminates background noise almost entirely,
maximizing the green true positive regions while minimizing the blue false positive areas.

The visualizations for the HeadNeck dataset in slices c and d further validate the
stability of the proposed method in complex anatomical regions. In slice c, methods like
ESOL_WSSS and ReCAM continue to suffer from severe over-segmentation, characterized
by prominent blue regions. Conversely, WSS_CMER fails to activate the target region
almost completely, resulting in extensive red false negative areas, which indicates a severe
under-segmentation problem. The PRGR framework successfully maintains structural
integrity, accurately covering the tumor with minimal red or blue regions. Similarly,
in slice d, methods such as Belharbi et al., ESOL_WSSS, and ReCAM exhibit a tendency
to aggressively expand the predicted boundaries, leading to significant false positive
predictions. The PRGR model outputs a highly balanced prediction, successfully localizing
the tumor boundaries without erroneously activating the adjacent healthy tissues. These
purely qualitative results confirm that the progressive optimization strategy effectively
constrains pseudo-label expansion and preserves anatomical details.

PET CT Label WILDCAT ESOL_WSSS ReCAM Belharbi et al. SEAM WSS_CMER UCWS-Net PRGR(Ours)

(a)

(b)

(c)

(d)

Figure 2. Comparison of partial slice segmentation results, (a–d) represent four slices. Green area
indicates true positive, blue area indicates false positive, red area indicates false negative.
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5. Discussion
The experimental results on the STS and HeadNeck datasets provide several

key insights into the behavior of weakly supervised learning in multimodal PET/CT
imaging. A prominent phenomenon observed in our comparative experiments is the
severe Recall–Precision imbalance among conventional iterative CAM-based methods
(e.g., ESOL_WSSS and ReCAM), which yield high Recall (>0.85) but extremely low
Precision (<0.21) alongside large HD95 errors. This occurs because image-level classi-
fication signals inherently encourage activation expansion into surrounding background
tissues when lacking explicit spatial boundary constraints. In contrast, the proposed PRGR
framework achieves substantial improvements in Precision (0.776 on STS and 0.684 on
HeadNeck) and the lowest HD95 distances (8.321 and 10.593, respectively), even surpassing
the Precision of the fully supervised U-Net upper bound. This empirical advantage stems
from two core mechanisms. First, our parameter-free reliability modeling integrates PET
metabolic consistency (Rpet) with CT structural gradients (Rct) and cross-modal agreement
(Rcm), creating an anatomical barrier that penalizes pseudo-label spillover across sharp
tissue interfaces. Second, rather than treating noisy pseudo-labels uniformly, the adaptive
variance-maximization partitioning decomposes the supervision space into reliable (ΩR),
moderately reliable (ΩM), and low-reliability (ΩL) regions. By applying stop-gradient-
constrained progressive supervision in ΩM and closed-loop EMA refinement, the network
steadily recovers under-segmented tumor regions while suppressing false-positive noise
propagation. Furthermore, the ablation comparison against the SAM-based refinement
method (S2C) reveals that general-purpose visual foundation models struggle to resolve
the unique metabolic-structural discrepancies in PET/CT, underscoring the necessity of
domain-specific cross-modal reliability modeling.

From a clinical and practical perspective, the findings of this study hold several mean-
ingful implications for automated PET/CT image analysis. First, manual pixel-level tumor
delineation across multimodal volumes is highly labor-intensive and prone to inter-observer
variability, which restricts the construction of large-scale training cohorts. By narrowing the
performance gap to within 1.1% Dice of the fully supervised U-Net on the STS dataset using
only image-level labels, PRGR offers a cost-effective paradigm for leveraging retrospective
clinical archives without exhaustive voxel-wise annotation. Second, in quantitative oncol-
ogy imaging, false-positive boundary leakage into adjacent normal structures can severely
distort critical biomarkers such as Metabolic Tumor Volume (MTV) and Total Lesion Glycol-
ysis (TLG). The high Precision and reduced HD95 achieved by PRGR indicate its potential
to provide tighter and more anatomically plausible contour initializations for quantitative
biomarker extraction and radiotherapy target volume definition. Third, a critical advantage
for practical deployment is the decoupling of training complexity from inference efficiency.
Because the classification backbone, reliability estimation, and iterative refinement modules
are exclusively executed during the training phase, the final deployed model is a standard
U-Net architecture. This guarantees that the improved boundary delineation is achieved
with zero additional computational overhead or latency during inference.

Despite the promising performance of the proposed PRGR framework, several lim-
itations remain. First, the reliability modeling heavily depends on cross-modal consis-
tency, which could be compromised by severe imaging artifacts such as patient motion
or metal interference. Second, although the model is trained on all slices, weakly su-
pervised segmentation in PET/CT remains challenged by physiological hypermetabolic
regions (e.g., brain, heart, or bladder), which can occasionally induce false positive acti-
vations due to the lack of pixel-level negative constraints. Third, the current framework
processes 2D axial slices independently, which overlooks inter-slice spatial consistency
along the z-axis. Furthermore, the multi-stage iterative pseudo-label refinement introduces
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additional computational overhead compared to single-stage methods. Future work will
focus on developing robust reliability estimation strategies resilient to single-modality
degradation, integrating anatomical priors to suppress benign high-uptake regions, explor-
ing 2.5D or full 3D network architectures to incorporate volumetric context, and exploring
lightweight progressive optimization algorithms to accelerate the training process.

6. Conclusions
In this paper, we proposed a Progressive Reliability-Guided Refinement framework,

denoted as PRGR, to address the challenges of pseudo-label noise and spatially varying
supervision quality in weakly supervised PET/CT tumor segmentation. By integrating PET
metabolic distribution and CT structural features, a reliability modeling module constructs
spatial reliability maps to evaluate the credibility of initial pseudo-labels without requiring
additional learnable parameters. Based on adaptive reliability partitioning, a progressive
optimization strategy combined with iterative pseudo-label refinement iteratively updates
pseudo-labels to improve segmentation performance and enforce anatomical boundary
constraints. Experiments on the STS and HeadNeck datasets demonstrate that the proposed
framework achieves higher Dice and Precision scores compared to existing weakly super-
vised segmentation methods. Specifically, PRGR achieves Dice scores of 0.673 on the STS
dataset and 0.596 on the HeadNeck dataset, representing absolute improvements of 1.8%
and 8.4% over the second-best baseline methods, alongside remarkable Precision scores
of 0.776 and 0.684. The quantitative and qualitative results confirm that PRGR effectively
mitigates over-segmentation, reduces false positive activations, and generates precise tu-
mor boundaries, thereby narrowing the performance gap with fully supervised approaches.
By achieving high-precision segmentation with minimal annotation requirements, the pro-
posed PRGR framework provides a promising technical approach for weakly supervised
PET/CT tumor segmentation. Future work will focus on conducting prospective clinical
validation and workflow studies to further evaluate its practical applicability in assisting
clinical image analysis.
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