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Abstract. Low-dose computed tomography and low-dose positron emis-
sion tomography reduce examination time and radiation exposure, crucial
for radiation-sensitive patients and repeated exams. However, dose reduc-
tion yields photon-starved measurements that amplify noise and struc-
tured artifacts, undermining reliable lesion segmentation. Although deep
learning advances low-dose reconstruction, most models lack explicit dose
modeling. Some rely on dose metadata, often missing or poorly aligned
with actual degradation, leaving residual dose-dependent distortions. To
address these limitations, we define an observation-driven dose (OD-dose)
as a latent coordinate of task-relevant corruption severity and estimate
it by fusing periodicity degradation cues and mutual information cues
extracted from sinograms. The estimated OD-dose modulates intermedi-
ate features via dose-aware feature-wise polynomial modulation, enabling
nonlinear, task-aligned dose-adaptive restoration. The proposed module
is a lightweight, plug-and-play component that can be attached to diverse
reconstruction backbones. Experimental results confirm that DosePlug
improves reconstruction and lesion segmentation on LDCT and LDPET
benchmarks, while maintaining stable gains on real-world datasets. The
code is available at https://github.com/kikidohyun/DosePlug.git.

Keywords: Low-dose medical image reconstruction and segmentation -
Observation-driven dose estimation - Dose-aware feature-wise polynomial
modulation.

1 Introduction

Computed tomography (CT) provides high-resolution anatomy and positron
emission tomography (PET) captures functional activity, but both rely on ionizing
radiation, motivating the use of low-dose CT (LDCT) and low-dose PET (LDPET)
to reduce exposure and shorten examinations [3,17]. Fig. 1(a) shows low-dose CT
and PET images acquired by reducing exposure parameters. In practice, LDCT
reduces x-ray exposure by adjusting scan protocol parameters such as the tube
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Fig. 1. (a) Illustration of LDCT and LDPET acquisition. Qualitative examples from a
state-of-the-art (SOTA) segmentation model [19] and the average DSC trends across
dose ratios are shown in (b) without reconstruction and in (c¢) with SOTA reconstruction
backbones [1,24].

current-time product (mAs), while LDPET reduces counts via lower injected
activity or shorter acquisition time per bed position [2,12]. Dose reduction
lowers CT photon counts and PET coincidence counts, degrading counting
statistics and elevating relative noise, artifacts, and contrast loss that hinder
lesion segmentation [5,6,10]. Fig. 1(b) shows these degradation effects and the
resulting DSC drop under dose reduction, using the SOTA segmentation model
SAMIHS [19] on the CTICH [9] and AutoPET |[8] datasets, which were simulated
using the method detailed in the experiment section.

Recent deep learning reconstruction backbones improve visual quality under
low-dose conditions, yet many apply similar processing across dose levels without
explicit dose modeling, leaving residual distortions that weaken boundary and
contrast cues for lesion segmentation [1,11, ,23,24]. Fig. 1(c) highlights this
gap with VisNet [24] for CT and RED [1] for PET. Even after reconstruction,
DSC gains remain limited, indicating that these residual distortions persist.

While some methods rely on physical dose metadata (e.g., protocol parame-
ters) [14], such metadata can become inaccessible after data preprocessing and
may not directly reflect degradation relevant to reconstruction and segmentation
[2,20]. Therefore, we define an observation-driven dose (OD-dose), estimated
from sinograms where dose-dependent distortions originate and are most directly
preserved, to directly quantify image degradation. OD-dose is not a physical dose
measure, but can be viewed as a latent coordinate of task-relevant corruption
severity inferred directly from sinograms under Poisson perturbations.

DosePlug inserts a lightweight dose-conditioning module into reconstruction
backbones, estimates OD-dose from sinogram cues, and calibrates intermediate
features to enable OD-dose-adaptive restoration and more robust segmentation.
The main contributions are as follows: (i) We define OD-dose to characterize dose-
dependent degradation linked to task-relevant corruption severity, and estimate
it from sinograms by fusing mutual information (MI) and periodicity degradation
cues. (ii) We propose dose-aware feature-wise polynomial modulation (FwPM),
applying an OD-dose-conditioned second-order polynomial reparameterization for
stable nonlinear modulation, mitigating noise amplification as OD-dose decreases.
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Fig. 2. (a) Overall architecture of the proposed DosePlug. Inserting DosePlug into
diverse reconstruction backbones in (b) sinogram domains and (c) image domains.

(iii) We propose periodicity-aware attention that restores corrupted sinogram
periodicity via a sinogram periodicity library (SPL) and provides periodicity
degradation cues for OD-dose estimation.

2 Methods

DosePlug is a plug-and-play module preserving the reconstruction backbone
(Fig. 2(a)). Given intermediate backbone features and the input sinogram, it
estimates OD-dose and applies OD-dose-conditioned polynomial modulation.
DosePlug supports diverse backbone families and domains. For sinogram-domain
diffusion backbones [1], DosePlug is inserted at the denoising U-Net bottleneck
(Fig. 2(b)). For image-domain CNN and transformer backbones [21] (Fig. 2(c)), the
input image is converted to a sinogram via a real-time Radon transform, embedded
by a CNN-based sinogram embedding layer, and fed into DosePlug for periodicity-
aware attention and OD-dose-conditioned backbone feature modulation.

In CT/PET, each sinogram bin counts detected events, modeled by Poisson
statistics [7,16]. Under this model, the mean count intensity A governs noise,
and the relative noise level scales approximately as 1/ VA, decreasing as physical
dose increases. Using this, the OD-dose is modeled from the input sinogram z
as dop 2 ao(r,)"2, where o(z,) denotes a noise-scale estimate computed as
the standard deviation of a high-frequency/band-pass residual, and a > 0 is a
calibration constant set on the training set to match the numerical scale of the
target dose coordinate. Since A is proportional to the normalized dose ratio, dop
is monotonically related to physical dose (e.g., mAs), serving as a task-aligned
latent degradation coordinate rather than a mere noise proxy.

2.1 Periodicity-aware Attention

As dose decreases, sinogram corruption becomes structured and disrupts periodic
patterns, and the degree of periodicity breakdown provides an informative cue
for OD-dose estimation. To restore these periodic structures while extracting an
OD-dose cue, we introduce periodicity-aware attention. In Fig. 3(a), SPL is a set
of learnable 2D periodic patterns initialized from multi-scale n x n patches, where



Fig. 3. Illustration of (a) the multi-scale initialization of the sinogram periodicity library,
(b) window-based non-local patch matching for patch-matched MI computation, and
(c) the observation-driven dose estimator.

smaller patches capture fine oscillations and larger patches capture coarse trends.
During reconstruction, backbone features are projected to keys K, and values
Vs, and SPL patterns are projected to queries ). Periodicity-aware attention
uses a cross-attention mechanism to inject periodic cues and produce SPL-guided

features x. Additionally, to explicitly capture the structural correlation, the pre-

©
softmax query-to-key similarity defines a periodicity alignment map A = Qj/zi*

(where dj is the query/key embedding dimension), which is retained as a cue for
OD-dose estimation as it directly reflects the degree of periodicity breakdown.

2.2 Patch-matched Mutual Information Computation

MI from an input sinogram x, can provide an internal cue for OD-dose estimation
because dose reduction alters noise statistics and disrupts repeated structures.
However, MI is sensitive to patch pairing. As shown in Fig. 3(b), we improve
robustness via window-based non-local patch matching. Reference patches R; ; of
size s X s are sampled with stride s, where (7, j) denotes the top-left coordinate.
For each reference patch R;;, candidate patches within a 160 x 160 search
window are collected as C; ;, and the matched patch M, ; is selected from C; ; by
minimizing the ¢; distance. The paired patch p; ; is composed of (R ;, M, ;),
and MI is computed only on these paired patches to reduce content-induced
confounding. For each paired patch p; ;, the MI value MI; ; is obtained using
joint and marginal histograms over the discrete bins, and is defined as

ML ;= > > pp,,(x,y) log <pm (p;)pix ?;) + e> ’ M

rzeX yey

where X and Y denote the discrete intensity sets of the reference and matched
patches, p,, ;(x,y) is the joint distribution estimated from the paired patch p; ;
with marginals p,, (x) and p,, (y), and € = 107° ensures stability. MI; ; is
computed at multiple locations and aggregated to form an MI descriptor z. To
compress the dynamic range and stabilize aggregation, each MI; ; is transformed
as log(l + MIi,j). The descriptor z is then defined as z = [log(l + MIZ-,]-)]

where 7 denotes the index set of reference patch locations.

(i,)€T’
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2.3 Observation-driven Dose Estimator

As shown in Fig. 3(c), our OD-dose estimator fuses two complementary cues: the
model-agnostic MI descriptor z (prone to content bias) and the backbone-aware
periodicity alignment map A (sensitive to feature fluctuations). This fusion yields
a more reliable estimate than using either alone.

The estimator consists of two lightweight encoders and a fusion head. The MI
encoder maps the descriptor z to an MI embedding fy using an MIRNet-based
MI feature encoder. The attention encoder maps A to an attention response
embedding fattn using an attention feature encoder. The two embeddings are
concatenated and fed into a fusion block to regress the scalar OD-dose dop. The
intermediate fused feature before the final regression layer is retained as a compact
OD-dose conditioning vector cgose, which summarizes the fused evidence from z
and A. Both dop and cqese are used for downstream dose-aware modulation.

2.4 Dose-aware Feature-wise Polynomial Modulation

Dose induces a conditional distribution shift in intermediate representations. We
introduce FwPM, which formulates dose conditioning as a per-channel polynomial
reparameterization driven by the low-dose degradation level. Using the predicted
OD-dose dop and the conditioning vector cqose, FWPM calibrates the SPL-
guided features = via a dose-indexed second-order polynomial reparameterization,
enabling nonlinear modulation across the degradation continuum. Because dose-
conditioned feature modulation cannot be adequately expressed by a purely
first-order parameterization across the degradation continuum, FwPM adopts a
second-order term to model the resulting nonlinear response. The per-channel
coefficients «, B, and 7 respectively control the quadratic term, linear term,
and offset, and are predicted by MLPs taking [cdose, dop] as input. Given the
SPL-guided features x, the calibrated features & are computed as

t=a0z?+B0x+7, (2)

where ©® denotes channel-wise multiplication. The calibrated features Z are added
to the input features of DosePlug through a residual pathway and re-injected
into the original backbone stream. The subsequent backbone layers then operate
on this result to produce the final reconstruction output.

2.5 Training Objective

DosePlug is trained by optimizing the reconstruction objective of the chosen
backbone together with an OD-dose loss Lop. Since the module is inserted into
a reconstruction backbone, the reconstruction loss Lecon follows the original
backbone design. To stabilize learning over a wide dose range, Lop penalizes
dose errors in the log scale using mean squared error (MSE):

Lop = |log(1 + don) — log(1 + gty)ll3 ®3)
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Table 1. Quantitative comparison of segmentation performance across reconstruction
backbones, w/ and w/o DosePlug, using two representative segmentation methods.

Reconstruction Setting Segmentation | 1% [ 5% [ 10% [ 25% [ 50%
backbone method | DSC_HD95 | DSC_HDY5 | DSC_HDY5 | DSC__HD95 | DSC__HD95
AutoPET Dataset
Tnput SCUNet—+ | 653 80.97 | 10.95 69.62 | 15.06 65.62 | 16.66 59.50 | 23.00 58.67
(low-dose) - SAMIHS | 15.65 76.61 | 17.46 70.21 |20.92 59.23 | 21.62 55.23 | 23.23 51.07

Standard | SCUNet1 1348 64.78 [ 19.78 60.66 | 21.17 58.19 | 22.33 51.36 | 26.02 5199

VisNet SAMIHS | 21.11 58.63 | 2556 56.31 | 26.49 53.16 | 27.14 50.98 | 30.51 46.85
'+ Omrs | SCUNet 1 | 1683 57.66 [ 23.62 56.80 | 2458 53.72 | 25.10 5018 | 2081 45.29

/ SAMIHS | 26.69 55.49 | 20.33 5310 [ 30.15 49.26 | 30.44 46.87 | 33.17 41.18

Standard | SCUNet++ [1410 61.94 [20.73 59.86 | 2171 57.22 [2414 53.14 | 2856 49.81

RED SAMIHS | 23.76 46.51 | 25.67 44.45 |27.91 41.86 | 20.21 40.04 | 30.98 39.39
'+ Omrs | SCUNet 7 [17.02 5231 [23.85 50.13 | 25.01 47.08 | 2732 46.73 | 3040 4414

/ SAMIHS | 27.92 38.96 | 20.13 35.56 | 31.32 33.06 | 32.80 32.04 | 33.46 30.99

CTICH Dataset

Taput SCUNet++ | 623 70.96 | 7.36 6430 | 11.12 61.33 | 1338 60.19 | 16.14 55.17
(low-dose) - SAMIHS | 9.55 55.80 | 15.63 51.20 | 18.20 47.08 | 19.08 45.63 | 21.80 39.55
Standard | SCUNet [ 1343 50.81 | 15.16 47.85 | 1944 30.27 2090 30.44 2216 25.84

VisNet SAMIHS | 14.74 4953 | 21.18 46.06 | 24.02 36.57 | 26.92 20.48 | 20.10 2142
w/ Ours SCUNet++ | 16.11 46.62 | 18.20 41.59 | 23.89 32.18 | 24.07 27.35 | 26.30 22.57

/ SAMIHS | 17.93 4815 | 2621 40.85 | 26.56 32.62 | 2048 25.24 | 33.82 17.92

Standard | SCUNet 1 [1025 56.33 [ 11.70 5257 [ 15.01 45.13 | 16.37 30.13 | 20.85 33.47

RED SAMIHS | 12.64 44.29 | 1953 39.18 | 23.00 36.07 | 23.20 34.75 | 24.67 31.07
o Omre | SCUNetr+ [ 1379 47.03 [ 1542 46.15 [10.62 4427 | 2128 30.20 | 21.96 26.85

/ SAMIHS | 17.94 40.81 | 2254 3455 | 25.73 32.14 | 26.24 28.80 | 27.51 24.33

where || - |3 denotes the squared ¢, norm and gt, denotes the ground truth dose

ratio. Jointly optimizing Ly econ and Lop shapes OD-dose to support dose-adaptive
reconstruction without requiring dose metadata at inference.

3 Experiments

3.1 Experimental Setup

Dataset. CTICH [9] includes head scans from 82 traumatic brain injury patients,
and AutoPET [¢] includes whole-body PET from 900 patients; both datasets
provide annotated lesion masks. For real-world low-dose evaluation, we use
UDPET [21] (500 patients with multiple dose ratios) and the Mayo Clinic LDCT
(hereafter, Mayo LDCT) dataset [13], which provides paired single low-dose and
full-dose CT scans from 299 patients. Lacking lesion masks, these real-world
low-dose datasets are exclusively used to evaluate reconstruction performance.
Since CTICH and AutoPET do not provide paired low-dose scans, low-dose
inputs are synthetically generated from clean slices by injecting noise in the
sinogram domain using a projection noise method [15,25]. Data are split 8:2 for
training and testing. DSC, the 95th-percentile Hausdorff distance (HD95), peak
signal-to-noise ratio (PSNR), region-of-interest PSNR (rPSNR), and structural
similarity index measure (SSIM) are used for evaluation.

Implementation Details. The experiments were conducted on an NVIDIA
RTX 3090 GPU. DosePlug was fine-tuned end-to-end with the reconstruction
backbone for 10 epochs using the Adam optimizer with a learning rate of 1 x 1074,
Training was performed jointly using samples from all dose levels. The MI patch
size was set to s = 32, and the SPL patch sizes were set to (12,15).
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Table 2. Quantitative comparison of reconstruction performance at multiple dose levels
on the AutoPET and CTICH datasets, w/ and w/o DosePlug.

Reconstruction Setting [ 1% [ 5% [ 10% [ 25% [ 50%
backbone '8 |PSNR T+PSNR 1|PSNR 1 rPSNR T|PSNR TrPSNR 1|PSNR 1 rPSNR |PSNR T rPSNR |
AutoPET Dataset [3]
Input (low-dose) - 19.65 17.16 20.29 17.31 21.43 17.82 24.18 19.12 27.24 20.64
VisNet 2] Standard| 24.34 17.57 27.31 19.47 27.87 20.86 29.08 21.83 30.75 22.12
w/ Ours| 28.68 20.52 30.73 22.36 31.07 23.19 33.52 23.94 34.72 24.80
Standard| 25.56 18.05 28.14 20.48 29.85 21.72 31.34 22.02 31.93 22.16
w/ Ours| 27.32 21.91 31.04 23.07 32.41 24.34 33.98 25.16 35.02 25.50
CTICH Dataset [9]
- 11.94 6.73 12.49 6.77 12.99 6.91 13.93 7.48 14.87 8.22
Standard| 23.23 15.22 24.36 16.57 25.21 17.67 28.05 18.85 31.75 20.30
w/ Ours| 27.54 17.35 28.90 18.82 29.88 20.40 32.04 22.00 34.48 22.86
Standard| 15.59 9.50 18.03 11.43 20.28 14.24 23.82 15.81 25.11 17.39
w/ Ours| 19.32 12.62 22.00 14.96 23.37 17.18 25.79 17.76 27.94 18.55

RED [1]

Input (low-dose)
VisNet [21]

RED [1]

Table 3. (a) Ablation study of DosePlug, (b) Sensitivity analysis of the MI patch size
s, (¢) Sensitivity analysis of the patch size n, and (d) Computational complexity of
DosePlug.

s [DSC 1[PSNR 1 n_ [DSCH[PSNRT  — vieNet
Align|, . [FwPM|_DSC { / PSNR { AutoPET AwtoPET Params () | 33822
map | order | AutoPET CTICH 16| 29.01 | 30.99 12 28.70 | 30.62 FLOPs (Q) | |124.91
7 V| 2 [29.96/31.74]26.80/30.57 ZZ ;ggg gizg a 21 "15) ;g;g g??g Latency (ms) 1[300.75
v oY 1 28.03/"29.91 25.95/’28.68 CTICH - CTICH DosePlug (ours)
v 2 [27.81/28.50(25.10/27.38  gTo5.07] 9955 12 25411 2941 Params (K) | | 13.10
v 2 |27.94/28.68|25.67/27.56 32| 26.80 | 30.57 15 25.75 | 29.10 FLOPs (G) | | 1.25
26.16/27.87|23.19/26.52 64| 26.51 | 30.18 (12, 15)| 26.80 | 30.57 Latency (ms) || 2.02
@) (®) © )

3.2 Experimental Results

Tables 1 and 2 summarize the quantitative results on AutoPET and CTICH
across dose ratios from 1% to 50%. Table 1 evaluates lesion segmentation after
reconstruction using two representative segmentation methods, SCUNet++ []
and SAMIHS [19], on two reconstruction backbones, RED [I] and VisNet [24].
DosePlug consistently increases DSC and reduces HD95 for both segmentation
methods on both backbones. Table 2 reports reconstruction quality at multiple
dose levels. DosePlug improves PSNR and rPSNR across doses on both datasets
and backbones. The rPSNR metric was selected in collaboration with nuclear
medicine clinicians to better reflect clinically relevant reconstruction fidelity.
Fig. 4 presents qualitative results with and without DosePlug. In Fig. 4(a),
models trained on CTICH and AutoPET are evaluated at 1% dose on their
respective test sets, and DSC and PSNR are reported. DosePlug improves both
PSNR and DSC, in line with the quantitative results. In particular, for CT,
we observed a tendency to reduce streak artifacts. In Fig. 4(b), cross-dataset
generalization is evaluated by training on CTICH and testing on Mayo LDCT,
and by training on AutoPET and testing on UDPET, with PSNR and SSIM
reported. The results on real-world datasets indicate that the estimated OD-dose
remains reliable beyond synthetic simulation and supports robust reconstruction
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Fig. 4. Qualitative comparisons with and without DosePlug. (a) CTICH and AutoPET
datasets at 1% dose. (b) Cross-dataset results on real-world low-dose UDPET (1% dose)
and Mayo LDCT.

calibration under real acquisition conditions, which suggests potential benefits
for downstream segmentation in real-world low-dose imaging settings.
OD-dose Estimation Accuracy. We evaluate OD-dose estimation accuracy
using MSE on the scalar dose ratio (1-100), rather than a log-transformed scale,
obtaining 0.43 on AutoPET, 1.80 on CTICH, and 0.82 on UDPET (real-world
low-dose), indicating consistent capture of dataset-level relative degradation
without metadata at inference.

Ablation Study. Ablations insert DosePlug into VisNet and evaluate SAMIHS
segmentation, with DSC and PSNR averaged over five dose levels. Table 3(a)
analyzes the contribution of the two internal cues. Using both the alignment
map and MI computation yields the best performance, while removing either
cue degrades reconstruction and segmentation metrics. The polynomial order
study shows that second-order FwPM outperforms first-order under the full-cue
setting. Table 3(b) indicates that an MI patch size of s = 32 yields the best
performance, and Table 3(c) shows that combining multi-scale SPL patch sizes
(12, 15) outperforms using a single patch size. Table 3(d) reports the computational
complexity of DosePlug. Relative to VisNet, DosePlug adds 3.87% parameters,
1.00% FLOPs, and 0.67% latency, while improving DSC and PSNR at the 1% dose
level by 26.74% and 16.80%, respectively. The accuracy-to-complexity trade-off
was qualitatively endorsed by hospital nuclear medicine clinicians.

4 Conclusion

We introduced DosePlug, a lightweight plug-in that enables low-dose adaptation
without dose metadata at inference. By inferring a task-relevant degradation
coordinate from sinogram periodicity and MI cues, DosePlug applies polynomial
feature calibration. Experiments across CT/PET backbones show consistent gains
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with minimal overhead, and the improvements persist on real-world low-dose
datasets. However, OD-dose estimation may become less stable under extreme
domain shifts unrelated to dose, such as scanner-dependent artifacts. Future
work will extend DosePlug to volumetric 3D reconstruction, evaluate real-world
low-dose segmentation, and further study robustness to such non-dose domain
shifts.
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