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Abstract. PET super-resolution is highly under-constrained because
paired multi-resolution scans from the same subject are rarely avail-
able, and effective resolution is determined by scanner-specific physics
(e.g., PSF, detector geometry, and acquisition settings). This limits su-
pervised end-to-end training and makes purely image-domain generative
restoration prone to physically inconsistent structures when anatomical
and physical constraints are weak. We formulate PET super-resolution
as posterior inference under heterogeneous system configurations and
propose a CT-conditioned diffusion framework with physics-constrained
sampling. During training, a conditional diffusion prior is learned from
high-quality PET/CT pairs using cross-attention for anatomical guid-
ance, without requiring paired LR-HR PET data. During inference,
measurement consistency is enforced through a scanner-aware forward
model with explicit PSF effects and gradient-based data-consistency re-
finement. Under both standard and OOD settings, the proposed method
consistently improves experimental metrics and lesion-level clinical rel-
evance indicators over strong baselines, while improving measurement
consistency and structural fidelity.

Keywords: PET Super-resolution - Diffusion models - Inverse problems.

1 Introduction

Positron emission tomography (PET) is essential for functional imaging in on-
cology, neurology, and cardiology, but image quality is fundamentally limited
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Fig. 1. Conceptual motivation and method positioning for PET super-resolution. (a)
PET super-resolution is ill-posed due to scanner-dependent degradation and limited
paired data. (b) Supervised CNN mapping depends on paired LR-HR data and tends
to over-smooth details. (¢) Image-domain diffusion can recover texture but may intro-
duce physically inconsistent structures without structural /physics constraints. (d) Our
method combines CT-conditioned priors with scanner-aware, PSF-aware consistency
for faithful and physically consistent reconstruction.

by counting statistics, detector response, and acquisition geometry [14, 15, 3].
Increasing resolution or reducing dose/time amplifies noise and blur, yielding a
persistent sensitivity-—resolution trade-off [15, 3].

PET super-resolution is highly ill-posed because degradation is scanner de-
pendent (e.g., PSF and acquisition configuration), not a fixed downsampling
rule. Paired multi-resolution scans are therefore scarce, especially across het-
erogeneous systems, making supervised LR—HR mapping difficult to general-
ize. Classical and iterative reconstruction methods enforce physics and Poisson
statistics [15, 13], while supervised deep models improve appearance but remain
sensitive to domain shift and hallucination under mismatch [12, 11, 21].

Diffusion-based PET reconstruction combines learned priors with data con-
sistency [10, 18,4, 17,20, 1, 9], but three gaps remain for PET super-resolution:
limited cross-modal anatomical guidance, weak modeling of heterogeneous scan-
ner operators, and predominantly image-domain restoration with limited mea-
surement domain guarantees [11,21]. Because reconstructed appearance entan-
gles system response and post-processing, robust PET super-resolution should
be constrained by the low-quality measurement and its scanner-specific forward
model. To address these limitations, we reformulate PET super-resolution as
posterior inference under heterogeneous scanner configurations. The proposed
framework combines a CT-conditioned diffusion prior with physics-constrained
sampling: CT cross-attention provides anatomical guidance to mitigate physi-
cally inconsistent restoration artifacts, while PSF-aware measurement-domain
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Fig. 2. Overview of the proposed CT-guided diffusion framework. Pretraining (a):
learn a CT-conditioned diffusion prior from high-quality PET/CT. Inference (b):
start from noisy PET, iteratively denoise, and apply measurement-domain data-
consistency updates. Progressive Physics-Constrained Refinement (PPCR):
progressively enforces physics constraints (late activation and coarse-to-fine PSF) to
produce a scanner-consistent high-resolution PET output.

data consistency constrains samples to scanner-consistent solutions. This de-
sign targets the key failure modes of prior methods by jointly improving struc-
tural fidelity, physical plausibility, and robustness across standard and out-of-
distribution degradation settings.

The main contributions of this work are summarized as follows:

— We formulate PET super-resolution as a posterior inference problem that
progressively constrains the solution space using a CT-conditional diffusion
prior and PSF-based data consistency.

— We highlight the distinction between underlying activity estimation and re-
constructed image appearance, enabling physically consistent reconstruction
without paired multi-resolution datasets.

— We demonstrate that the proposed framework outperforms supervised end-
to-end models and image-domain diffusion approaches in both structural
fidelity and quantitative accuracy.

2 Methods

2.1 Problem Formulation

Let z € RY denote the tracer activity distribution in physical units. For scanner
configuration k, PET measurements follow:
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yi ~ Poisson(Ayz + by), (1)

where Ay, denotes the scanner-specific forward operator and by represents back-
ground contributions (e.g., random and scatter events). In the following, the
low-quality acquisition is denoted by ¥, and its forward operator by Aj,.

Rather than learning an explicit mapping between resolutions, we formulate
PET super-resolution as posterior inference:

p(2 | Y, ¢) < py(2 | €) p(yn | 2), (2)

where py (2 | ¢) is a learned structural prior, with ¢ denoting the co-registered
CT anatomy used for conditioning; and p(y), | z) is defined by scanner-specific
physics (including PSF effects, projection geometry, and Poisson noise statistics).

2.2 Score-Based CT-Conditional Prior

We model py(z | ¢) using a conditional diffusion model [10, 18]. Diffusion models
learn the score function V, logpy(x | ¢) of the data distribution in a normalized
image space.

Given a physical activity map z, we map it to model space via an arcsinh
transform:

o asmh(z/s). (3)
K

Here, k is a scaling constant. The arcsinh transform stabilizes PET’s high
dynamic range: it behaves approximately logarithmically at high uptake while
remaining well behaved near zero.

During training, Gaussian noise is added to x, and a neural network e4(z+, ¢, ¢)
is trained to predict the injected noise. This is equivalent to learning the condi-
tional score under the diffusion framework [18].

CT conditioning is incorporated via cross-attention in a Transformer-style
formulation [19]. CT is encoded into a feature pyramid; cross-attention at the
8x-downsampled encoder, bottleneck, and decoder blocks uses PET features as
queries and resolution-matched CT features as keys/values, adding the attended
context residually. The prior is learned exclusively from high-quality PET/CT
pairs, without requiring degradation modeling.

2.3 Physics-Constrained Likelihood Modeling
We separate the linear measurement operator from the expected measurement:

Alr = gerv er(z) = Alrz + blr = glr (HZ) + b1r7 (4)

Here, H is the PSF operator, G, is the LR measurement operator, and by,
models random/scatter background. As the PSF enters only inference-time DC,
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measured scanner-specific or spatially varying PSFs and their adjoints can be
substituted without retraining.

Under a Poisson measurement model, the negative log-likelihood (up to con-
stants) is:

Lrois(2) = Y _ (e(2)i — yirilog (Ge(2)i + €)) , (5)

(2

where € > 0 is a small numerical constant. Its gradient is computed analyti-
cally as:

v AT N T e
V.Lpois(2) = Ay, (1 g (2) + 6) " G <1 e (2) + 6) . ©

Since the background is constant, it does not enter the gradient; this explicit
adjoint form matches the implementation.

2.4 Tweedie-Guided Sampling and Progressive Physics-Constrained
Refinement (PPCR)

Reverse diffusion sampling can be interpreted as approximate posterior sampling
under a learned score prior [18,4].

At timestep t, the diffusion model predicts noise, from which a denoised
estimate can be obtained via Tweedie’s formula [6]:

. xy — 1 —ageg(ae,t,c)
Ty = — .
VOt
The quantity g serves as a Tweedie’s estimate of the clean image under the
learned prior.
To incorporate measurement information, we refine this Tweedie estimate
using likelihood-gradient descent in activity space:

(7)

Zreﬁned _ ZTweedie . ntvzﬁPois(szeedie)- (8)

We combine the Tweedie update with Progressive Physics-Constrained Re-
finement (PPCR), which schedules no-PSF to full-PSF data consistency (DC),
increases inner iterations, and uses Nesterov acceleration with warm-start |7,
2]. The prior proposes HR candidates; PSF-aware DC matches their degraded
predictions to the LR PET rather than creating resolution itself.

Formally, let m; denote the number of inner DC iterations and let H; denote
the scheduled PSF operator (identity in early steps, full PSF in late steps). The
DC update at timestep ¢ is:

ZI‘FkJrl) = Zt(k) — Nt vzﬁﬂt (ka))v k= 15"'amt7 (9)

Pois

with m; increasing over ¢t. Early no-PSF DC stabilizes coarse uptake, whereas
late full-PSF DC enforces measurement-faithful HR refinement [18,4,17].
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Table 1. Degradation settings for standard and out-of-distribution (OOD) evaluation.

Setting FWHM Dose Angular Radial Target Spacing SR Factor

Standard 8 mm 10% X2 X2 8 mm x4
OOD 12 mm 5% x3 X2 12 mm x6

3 Experiments

3.1 Experimental Setup

Dataset Experiments were conducted on the FDG-PET-CT-Lesions dataset
[8] (TCIA). For this study, 120 cases were randomly split into 100/10/10 for
training/validation/testing. For supervised comparison methods, paired LR-HR
training data are generated using simulated LR data from the training split.
Our method is trained without simulated LR-HR PET pairs. All methods are
then evaluated on the same unified simulated test settings for fair comparison.
Detailed simulation settings are described in Degradation Protocol.

Degradation Protocol LR measurements were generated by a physics-based
pipeline, rather than plain downsampling, with Gaussian PSF blur, projection
geometry, angular/radial rebinning, and dose reduction. Table 1 defines stan-
dard SRx4 and OOD SR x6 settings. Their 8/12 mm values are effective image-
domain degradations, not intrinsic detector resolutions.

Implementation Details A 2D CT-conditioned diffusion UNet was pretrained
as the PET prior. DDIM used 50 steps: no-PSF DC at 1-35, full-PSF DC at 36—
50, 220 linearly ramped inner iterations, Nesterov p = 0.9, warm-start o = 0.3,
and DC step size 0.05. Code and configurations are available at:
https://github.com/yan4243/CT-Conditioned-Diffusion-PET.

3.2 Comparison with State-of-the-Art

Compared Methods The proposed method was compared against representa-
tive supervised and unsupervised PET super-resolution approaches. Supervised
methods include UNet [16], SRCNN [5], and DeepSR [12]. Unsupervised
methods include ScorePET [17], PETDM [11], and SRDPM |[21]. ScorePET
uses a PET score prior with likelihood DC; our posterior targets heterogeneous
scanner-dependent LR observations using CT conditioning, PSF-aware degra-
dation, and PPCR. All supervised models were retrained on the same training
split. We implemented the unsupervised and diffusion-based methods using the
configurations in their respective publications.
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Table 2. Quantitative comparison under standard (8 mm, SRx4) and OOD (12 mm,
SR x6) settings. Best results are bolded; second-best are underlined.

8 mm (SR x4) \ 12mm (SR x6)
Method PSNRt SSIM 1t NMSE{ | PSNRt SSIM 1t NMSE]}
LR 36.63+4.56" 0.887+0.04% 0.0940.05"|34.98+3.75" 0.84940.05" 0.09+£0.05*
DeepSR [12]  42.494+3.70* 0.95740.02* 0.034+0.03*|37.2743.31* 0.896+0.04* 0.06+-0.05*
UNet [16] 39.5044.55% 0.92940.05* 0.0640.07%36.3543.81* 0.877+0.07* 0.09+0.10*

SRCNN [5] 42.75+3.70* 0.960+0.02* 0.03£0.03" [37.33+3.32* 0.89940.04* 0.06+0.05*
SRDPM [21] 40.30+3.29" 0.9234+0.03" 0.04+0.05" |36.74+3.08" 0.877+0.05" 0.08+0.05"
PETDM [11] 41.32+3.27* 0.92440.03" 0.04+0.05" |36.84+3.13* 0.8794+0.05" 0.08+0.05"
ScorePET [17] 43.97+3.84" 0.97040.02 0.0240.02"|37.85+3.35" 0.91240.04" 0.054+0.04"

Ours 46.84+3.08 0.980+0.01 0.01+0.01|40.66+2.86 0.945+0.03 0.03+0.03

8mm SR x4

srdpm ScorePET

S s

it

Fig. 3. Qualitative comparison under the standard setting (8 mm, SR x4).

Quantitative and Qualitative Evaluation Reconstruction performance was
evaluated using PSNR, SSIM, and NMSE. Quantitative results for both standard
and OOD settings are summarized in Table 2. Under standard (8 mm, SR x4),
ScorePET is the strongest baseline, while under OOD (12mm, SRx6) all base-
lines degrade, especially supervised methods. Our method remains best in both
settings, indicating stronger fidelity and robustness under increased degradation.
Qualitative examples are shown only for the standard setting in Fig. 3, while
OOD comparisons are reported in Table 2. CNN-based methods over-smooth le-
sion boundaries, and diffusion baselines recover texture but show less structural
stability; in contrast, our method preserves finer details with better quantitative
consistency.

Clinical Relevance Analysis To assess clinical relevance beyond whole-image
metrics, we further performed lesion-level analysis (Fig. 4) on two lung cancer
cases. Across both lesions, our method shows the smallest SUVmax/SUVmean



8 L. Yang et al.

Table 3. Ablation study under the standard degradation setting (8 mm, SRx4). “CT
cond.” indicates the conditioning strategy. Best results are bolded.

Components Metrics
Variant CT cond. DC PSF Sched. PSNR?t SSIMt NMSE|
w/o DC  CrossAttn 43.92+3.45 0.9624+0.02 0.018+0.02

w/o PSF  CrossAttn v/ v 45.1143.26  0.971+£0.02 0.01440.01
w/o PPCR CrossAttn v v 45.784+3.18 0.975+0.01 0.012+0.01
CT Concat Concat vV v' 45.9443.15 0.976+0.01 0.01140.01
Ours CrossAttn v v v’ 46.84+3.08 0.980+0.01 0.010£0.01
[ Lesion Area Comparison ]

LR| Lesion1 ScorePET

Fig. 4. Lesion-level quantitative comparison on two lung cancer cases. Each lesion
reports ASUVmax, ASUVmean, and lesion NMSE within the lesion mask; lower values
indicate better consistency.

deviations and the lowest lesion NMSE among compared methods, indicating
improved lesion-specific quantitative fidelity beyond visual enhancement.

3.3 Ablation Study

We conducted ablation experiments under the standard setting (8 mm, SRx4)
to evaluate the contributions of DC, PSF modeling, PPCR, and CT conditioning
(Table 3). Evaluated variants include w/o DC (remove physics-based data con-
sistency), w/o PSF (keep DC but remove explicit PSF modeling), w/o PPCR
(keep DC/PSF but disable progressive scheduling), and CT Concat (replace
cross-attention with feature concatenation).

Removing DC causes the largest drop, showing that measurement consistency
is the dominant factor. Removing PSF or PPCR further degrades performance,
confirming the importance of physically accurate blur modeling and progressive
enforcement. Replacing cross-attention with concatenation also reduces perfor-
mance, indicating that cross-attention provides stronger CT-guided structural
conditioning.
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4 Conclusion

We proposed physics-constrained diffusion sampling with a CT-conditioned PET
prior for PET super-resolution. The method improves over supervised and dif-
fusion baselines under standard and OOD degradations. Ablations confirm the
roles of data consistency, PSF modeling, and CT cross-attention. As a methods
paper, the study focuses on the operator-based framework under controlled 2D
evaluation; validation with measured scanner PSFs and fully 3D clinical pipelines
is outside the current scope.
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