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Abstract. Photon-counting CT (PCCT) delivers higher spatial resolu-
tion and lower noise than conventional energy-integrating CT (EICT).
However, PCCT scanners are scarce in clinical practice. This scarcity
limits large-scale research and broad deployment. We propose SUMI,
a degradation-to-enhancement method that distills PCCT image quality
into routine EICT scans. The central idea is to model realistic acquisition
degradations that turn high-quality PCCT into low-quality counterparts,
and then learn to invert this process. A board-certified radiologist verified
that the simulated degradations are clinically realistic. This design pro-
vides faithful supervision without paired PCCT and EICT acquisitions.
‘We make three contributions. First, we release an open-source autoen-
coder pretrained on 1,046 PCCT scans and 405,379 EICT scans from 145
hospitals. To our knowledge, this is the largest and most geographically
diverse CT autoencoder released to date. We then train an enhancement
network in this latent space. Second, we release a large-scale dataset
of over 17,316 public EICT scans enhanced to PCCT-like quality. The
dataset includes radiologist-validated voxel-wise annotations of airway
trees, arteries, veins, lungs, and lobes. Third, on external data, SUMI
outperforms state-of-the-art enhancement methods by 15% in SSIM and
20% in PSNR. SUMI preserves anatomical structure and tissue density,
as verified by a radiologist. Applied to off-the-shelf detectors without re-
training, our enhanced scans improve lesion detection sensitivity by up
to 15% and F1 score by up to 10%. Our results show that imaging ad-
vances from specialized hardware can be distilled into routine EICT using
a limited number of high-quality reference scans. All datasets, code, and
models are available at https://github. com/KumaKuma2002/0penVAE.
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1 Introduction

Computed tomography (CT) is a frontline imaging modality for screening, diag-
nosis, and longitudinal monitoring of thoracic diseases. In routine clinical prac-
tice, CT systems with energy-integrating detectors (EICT) suffer from noise and
limited spatial resolution. These limitations introduce artifacts such as partial
volume effects. As a result, small anatomical structures (e.g., distal airways and
fine pulmonary vessels) and subtle pathological findings are often obscured.

Photon-counting CT (PCCT) is a recent hardware innovation that improves
on EICT [23]. PCCT scanners register individual x-ray photons and estimate
their energy. This design provides spectral sensitivity and improves dose effi-
ciency and spatial resolution [3]. These advances enhance the visibility of small
anatomical structures and reduce artifacts. They benefit airway analysis, vascu-
lar assessment, and lesion characterization in chest CT [26]. However, PCCT is
difficult to deploy at scale. PCCT scanners are far more expensive than EICT
scanners. They are concentrated in a small number of well-resourced academic
and tertiary-care centers. This concentration restricts clinical access and dispro-
portionately limits availability in underserved communities [3].

Limited PCCT penetration also impedes large-scale research. High-quality
PCCT scans are not available in the volume or diversity needed for robust pop-
ulation studies, external validation, and development of generalizable models [3].
Most clinical workflows and most public datasets remain dominated by EICT
[11]. This heterogeneity creates a second barrier. Systematic domain shifts be-
tween PCCT and EICT, and across EICT platforms, complicate direct compar-
ison and model transfer. They reduce reproducibility and limit the generaliz-
ability of findings in multi-institutional research [3]. The landscape thus creates
a translational gap. The clinical benefits of PCCT are increasingly recognized,
but no scalable strategy exists to extend comparable image quality to the much
larger population imaged with EICT.

A direct solution would train an enhancement method that maps EICT to
PCCT quality. However, this approach requires paired PCCT and EICT scans
from the same patient. Acquiring such pairs at scale is impractical. It adds cost,
scanner time, and operational complexity. More importantly, two scans introduce
avoidable radiation exposure and raise ethical and regulatory concerns. Purely
data-driven enhancement also risks producing unrealistic textures, misleading
structures, or subtle anatomical distortions. Even minor artifacts are unaccept-
able in clinical imaging and can undermine trust [9,24,18]. We therefore ask a
different question. Can we learn a clinically plausible forward degradation pro-
cess from PCCT, and then train an enhancement method to invert that process
in a controlled and auditable way?

To address these challenges, we introduce SUMI, a degradation-to-enhancement
method that distills PCCT quality into EICT. We use 1,046 PCCT scans as the
high-quality reference and 405,379 EICT scans as examples of routine clinical
data. The central idea is to model realistic acquisition degradations that map
PCCT to a degraded version. These degradations emulate the physical and statis-
tical properties of EICT. A board-certified radiologist verified that the simulated
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degradations reflect authentic acquisition limitations rather than artificial arti-
facts. We then train an enhancement method that maps degraded PCCT back
to high-quality PCCT. Once trained, the same method enhances any EICT scan
toward PCCT-like quality without retraining.

Our contributions are threefold. First, we introduce a PCCT-to-EICT degra-
dation simulator that captures realistic acquisition artifacts (Figure 1). A board-
certified radiologist verified its clinical realism, providing controlled supervision
for enhancement. Second, we release an open-source autoencoder pretrained
on 1,046 PCCT scans and 405,379 EICT scans from 145 hospitals across 19
countries (Figure 1). To our knowledge, this is the largest and most geograph-
ically diverse CT autoencoder released to date. We use it as a backbone for
our enhancement network. Third, we curate a dataset of 17,316 enhanced CT
scans with PCCT-like image quality and radiologist-validated voxel-wise anno-
tations of airway trees, pulmonary arteries, pulmonary veins, lungs, and lobes.
We demonstrate improved image quality (Table 1, Figure 4), higher anatomical
and HU fidelity (Figure 2), and improved off-the-shelf lesion detection across
three external datasets (Table 3, Figure 3).

Overall, this work outlines a pragmatic strategy for distilling imaging gains
from specialized hardware into routine CT workflows using a limited number
of high-quality reference scans. It can facilitate large-scale multi-institutional
research and clinical impact across diverse care settings.

2 Method

Our method has two components. We first pretrain a CT autoencoder on 1,046
PCCT scans and 405,379 EICT scans from 145 hospitals (§2.1). The autoencoder
learns general CT latent features and is released as a reusable backbone for
medical generative tasks [20]. We then train an enhancement network in this
latent space that maps degraded inputs to PCCT-quality outputs (§2.2).

2.1 Awutoencoder Pretraining

We adopt the autoencoder architecture from latent diffusion models [20] and
pretrain it on 405,379 EICT scans and 1,046 PCCT scans from 145 hospitals
across 19 countries. Training uses the standard pixel-wise reconstruction loss
and an adversarial loss as in Rombach et al. [20]. The technical components are
standard. Our contribution at this stage is the scale and geographic diversity of
the pretraining data, which yields a CT backbone that we release for reuse.

2.2 Degradation-to-Enhancement Method

To ensure robust enhancement across heterogeneous CT scans, we design a
degradation-to-enhancement method. The method explicitly models real-world
acquisition artifacts and learns to reverse them in a controlled manner.
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Fig. 1. Overview of SUMI. (1) A CT autoencoder is pretrained on over 400,000 CT
scans from 145 hospitals across 19 countries with pixel-wise loss £, and adversarial loss
Lais. To our knowledge, this is the largest and most geographically diverse open-source
medical CT autoencoder to date, surpassing prior released backbones (LDM [20]: 0,
MedDiff [27]: 2, MONATI [5]: 7, Med3D [6]: 8, MAISI [29]: 10). (2) A radiologist-verified
degradation simulator transforms high-quality PCCT into three realistic low-quality
counterparts: sparse-view (fewer 2D projections), low-dose (fewer photon counts), and
conventional (lower resolution with more noise and artifacts). These cover the primary
sources of EICT degradation. (3) SUMI takes a degraded input Z; from step (2) and
passes it through the autoencoder from step (1) to produce an enhanced output ;.
Training uses the original PCCT =z; as ground truth under four losses: pixel-wise loss
Lpp for structural fidelity; segmentation loss Lsey and HU consistency loss Ly to pre-
serve organ boundaries and tissue densities (such as pancreas, tumor, vessel, and airway
tree) using pre-computed masks SEG(:); and adversarial loss L4;s via discriminator
D(-) for image realism. Once trained, SUMI enhances any EICT scan to PCCT-like
quality without retraining.
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CT Degradation. We degrade high-quality PCCT scans to simulate common
clinical artifacts and generate EICT-like appearances. A board-certified radiol-
ogist with thoracic imaging experience verified the realism of each degradation
type on a sample of PCCT and matched degraded scans. We apply three degra-
dation strategies. Sparse View reduces the number of projections in Radon
space and induces streak artifacts:

Psparse = S(p)a )A(Sparsc = R(psparsc)~

Low Dose decreases photon counts and models signal-dependent Poisson noise
before reconstruction:

p ~ Poisson(ap), Xiow = R(D).

Conventional Degradation applies spatial downsampling with Gaussian and
Poisson noise injection. This mimics reduced resolution and electronic noise in
standard CT scanners.

CT Enhancement. We train an enhancement network in the autoencoder’s
latent space. A degraded input Z is encoded into the latent space, refined by the
network, and decoded into an enhanced output z’. The paired PCCT =z serves
as ground truth (step 3 of Figure 1). After training, the same network enhances
routine EICT toward PCCT-like quality without retraining.

Training uses four losses (Figure 1). The pixel-wise loss £, = ||z’ — x|, en-
courages structural fidelity. The segmentation loss £,., = CE(SEG(z’), SEG(x))
preserves organ boundaries using pre-computed masks SEG(-). The HU con-
sistency loss Lpy = ) ||pe(2’) — pe(z)||1 matches mean Hounsfield units .
within each region c¢. The adversarial loss L4;; = —E[log D(z’)] with discrim-
inator D(-) improves realism.

3 Experiment

Datasets and evaluation. Our autoencoder is pre-trained on 405,379 EICT
scans from 145 hospitals. SUMI is then trained on 1,046 high-quality PCCT
scans. We evaluate image quality (SSIM and PSNR) on 446 held-out private
PCCT cases. We evaluate downstream detection on Lunal6 [22], LNDb19 [19],
and DSB17 [15]. We further release 17,316 public EICT scans enhanced to
PCCT-like quality (Table 2). The release includes radiologist-validated voxel-
wise annotations of airways, arteries, veins, lungs, and lobes.

Baseline and implementation. We select representative methods from four
categories: traditional filtering (NLM [4]), Vision Transformers (Swin2SR [8]),
GAN-based methods (Pix2Pix [14], SRGAN [16]), and diffusion methods (SR3 [21],
NEED [10]). These methods were developed for natural images. We adapt and re-
train each on our PCCT data using their official codebases. Full training scripts
and configurations for all baselines and for SUMI are released in our GitHub
repository. Many advanced medical enhancement methods remain closed-source,
which limits reproducible comparison.
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Table 1. SUMI improves image quality across degradations. On 446 external
patients, SUMI surpasses the second-best method by up to +35.9% SSIM and +19.5%
PSNR under sparse-view, low-dose, conventional, and mixed settings. Baselines are
ordered by ascending average performance.

method sparse view low dose conventional mixed
SSIM PSNR SSIM PSNR SSIM  PSNR SSIM PSNR
SR3 [21] 46.2 8.7 42.0 8.8 44.4 8.6 47.0 8.7
Pix2Pix [14] 43.6 11.9 60.0 22.6 60.8 18.1 62.9 22.7
Swin2SR [8] 62.1 26.7 59.9 28.0 29.0 24.9 66.8 26.4
NLM [4] 73.2 28.4 72.3 30.2 40.9 26.1 76.9 27.0
SRGAN [16] 56.8 23.2 85.5 33.0 82.8 32.4 63.1 26.5
NEED [10] 67.4 27.8 83.1 34.1 80.3 33.1 69.5 28.2
SUMI 91.6 33.0 92.8 37.3 88.2 35.0 90.2 33.7
A +35.9% +18.7% +8.5% +9.4% +6.5% +5.7% +17.3% +19.5%
SUMI NLM Swin2SR Pix2Pix SRGAN SR3 NEED
r=0.99 r=0.96 r=0.96 r=0.95 r=0.96 r=0.82 r=0.97
3
g
°
K e o . . ” ”
a oA P pL 2 ;Y S
/ot |/ / / £ 2 Vs
r=0.95 d r=0.61 r=0.64 r=20.78 r=0.66 o r = 0.46, r=0.71
2 / . ¢ 7 7 7| S
8 K p y
E
o - s .
s~ GTHU ’ 7 A ’ -

Fig. 2. SUMI preserves anatomical structure and tissue density. Pearson cor-
relation (r) between ground truth and enhanced CT measurements across all organs
shows that SUMI maintains anatomical accuracy and HU consistency. Organ masks
are obtained with VISTA3D [13].

Image Quality and Enhancement. We compare SUMI with diverse base-
lines (Table 1). Across sparse-view, low-dose, conventional, and mixed degrada-
tions, SUMI consistently outperforms all competitors. It exceeds the second-best
method by up to +35.9% SSIM and +19.5% PSNR. As shown in Figure 3, SUMI
suppresses noise and streak artifacts. The output is sharp and closely resembles
the ground truth.

Anatomical Fidelity and Tissue Consistency. Medical generative meth-
ods must preserve physical fidelity. Figure 2 reports the Pearson correlation (r)
of organ size and Hounsfield units (HU) between ground truth and enhanced
CT scans. Organ masks come from VISTA3D [12]. The results show that SUMI
preserves anatomical boundaries and tissue densities without structural halluci-
nation.

Downstream Clinical Performance. We test whether enhancement improves
off-the-shelf detectors without modification. We use MONALI [5] for Lunal6 and
LNDDb19, and grt123 [17] for DSB17. Both are released checkpoints pretrained
on regular CT scans. We apply each detector to raw test scans and again to
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Table 2. SUMI processes and enhances a multi-source cohort of 17,316 public
chest CT scans. Cohorts are listed in alphabetical order.

dataset DSB17 [15]  LIDC-IDRI [I]  LNDb19 [19] LTRC [2]
scans (N) 1,596 1,018 324 1,496
dataset Lunal6 [22] MIDRC [28] NLST [25] RSNA-STR [7]
scans (N) 854 10,496 422 1,110

Table 3. SUMI improves off-the-shelf detection across three independent
chest CT cohorts. The detectors (MONAI, grt123) are off-the-shelf models pre-
trained on regular CT scans and applied without any fine-tuning. The “baseline” row
applies each detector to raw test scans. The “+SUMI” row applies the same frozen
detector to the same test scans after SUMI enhancement. Improvements are there-
fore attributable to the input scans, not to the detector. Enhancement consistently
increases performance on Lunal6 [22], LNDb19 [19], and DSB17 [15], with gains up
to +15.2% F1 and +10.5% AUC.

Lunal6 [22] (N=222) LNDb19 [19] (N=224) DSB17 [15] (N=198)
lung nodule, MONAI' [5]  lung nodule, MONAI' [5]  lung tumor, grt123% [17]

method Sen. Spec. F1 AUC Sen. Spec. F1 AUC Sen. Spec. F1 AUC

baseline  75.8 88.4 81.6 88.0 61.5 86.9 55.2 74.0 784 82.1 80.2 87.0
+ SUMI 84.5 88.4 87.2 92.5 75.0 89.2 70.4 84.5 882 86.4 87.3 91.8
A 8.7 +0.0 +5.6 +4.5 +13.5 +2.3 +15.2 +10.5 +9.8 +4.3 +7.1 +4.8

LMONALI: First-place open-source SOTA model for LUNA16/LNDb19 challenges.
2grt123: First-place SOTA model for DSB2017 challenge.

the same scans after SUMI enhancement. As shown in Table 3, enhancement
increases F1 by up to +15.2% and AUC by up to +10.5% without any detector
retraining. Quality score distributions further show a consistent shift toward the
real PCCT standard.

Ablation Study. A leave-one-out ablation study (Table 4) validates our design.
Omitting any single degradation strategy during training causes a clear perfor-
mance drop in the corresponding scenario. All three simulations are essential for
robust clinical generalization.

Table 4. Ablation of degradation simulations in SUMI. Leave-one-out experi-
ments under identical settings show that removing any single degradation simulation
degrades performance on an external test set (446 scans). All three simulations con-
tribute to robust generalization.

method sparse view  low dose conventional mixed
SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

w/o. sparse view 71.9 30.2 90.0 35.2 87.2 353 73.2 30.1
w/o. low dose 72.7 30.2 82.6 28.0 84.3 329 76.2 31.5
w/o. conventional 75.8 27.0 86.0 33.0 85.3 32.0 819 324

all degrades 91.6 33.0 92.8 37.3 88.2 35.0 90.2 33.7
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a. autoencoder reconstruction quality (§2.1)

LNDb19 DSB17
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PCCT2 PCCT1

PCCT3

Fig. 3. SUMI delivers superior generalization and enhancement quality. For
each example, the left image shows the CT slice and the right shows the airway tree
segmentation. (a) Cross-dataset evaluation: compared with autoencoders trained on
limited medical data (LDM, Med3D, MAISI), SUMI better preserves fine airway topol-
ogy under domain shift. (b) PCCT enhancement with ground truth: compared with
strong baselines (NLM [4], SRGAN [16], NEED [10]), SUMI maintains structural in-
tegrity and small airway branches more faithfully.

4 Discussion and Conclusion

Limitation. Our study has three limitations. First, evaluation is limited to chest
CT, though extension to other anatomies is planned; chest CT is prioritized as
its quality degradation is more pronounced than abdominal or pelvic CT. Sec-
ond, the method operates on 2D slices rather than full 3D volumes; z-dimension
continuity was validated across consecutive slices, with full 3D implementation
deferred due to computational constraints. Third, enhancement may suppress
low-contrast cues radiologists rely on to distinguish small nodules from noise.
Segmentation and HU consistency losses partially mitigate this by anchoring
anatomical boundaries and tissue densities to ground-truth PCCT, but a larger
reader study is needed to quantify the risk.

Conclusion. We present an Al method that learns from real PCCT scans to
enhance routine EICT scans toward PCCT-like quality by simulating realistic
degradations and learning to reverse them. Results show substantial improve-
ments in image quality and lesion detection, with a board-certified radiologist
confirming clinical realism and anatomical fidelity. This paradigm distills the
benefits of expensive specialized hardware into routine CT scanners using only
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Fig.4. SUMI improves chest CT quality across datasets. Quality scores on
Lunal6 [22], LNDb19 [19], DSB17 [15], and a private PCCT dataset. The scorer is an
independent CNN-based image-quality classifier trained on radiologist-rated CT scans,
outputs a value in [0,1] (higher is better), and was not used during SUMI training.
On public datasets, enhanced scans consistently shift toward higher scores, indicating
robust quality gains. On PCCT, a controlled degradation-to-enhancement benchmark
shows that SUMI narrows the gap to real high-quality PCCT standards.

a limited number of high-quality reference scans — no costly upgrades required.
Datasets, code, and models will be publicly available.
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