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Abstract. The reconstruction kernel of a CT scan governs its spatial
resolution and noise texture, and mismatched kernels degrade quantita-
tive and downstream analysis. We present a method to convert an image
of any reconstruction kernel to a single reference kernel (any-to-one) –
spanning both intra-vendor and cross-vendor kernels – while requiring
only images reconstructed with that reference kernel to build the model.
Instead of paired multi-kernel scans or any source-kernel data, we synthe-
size (soft input, sharp target) training pairs by applying a radial spectral
degradation to reference-kernel images: a frequency-domain radial low-
pass that reshapes the noise power spectrum to follow real soft kernels
more closely than a Gaussian blur. Concentrating the synthetic severity
on the regime of clinically used soft kernels (hard-biased sampling) yields
a single generator that maps a broad range of input softness to the refer-
ence kernel. On a paired Br40f→Br60f chest-CT test set of 238 volumes,
the model reaches SSIM 0.929 / RMSE 58.2 HU, competitive with the
strongest unpaired baseline that additionally uses source-kernel images;
an ablation isolates the contribution of each design choice. By removing
the per-kernel data requirement, the method offers a practical route to
kernel harmonization when only reference-kernel images are available.

Keywords: CT kernel conversion · Image harmonization · Frequency-
domain degradation · Noise power spectrum · Generative adversarial
network.

1 Introduction

The reconstruction kernel sets a resolution–noise trade-off: sharp kernels resolve
fine structures but amplify noise, whereas soft kernels suppress noise at the cost
of resolution [4, 5]. Because the kernel varies across institutions, scanners, and
vendors, identical anatomy appears with different texture—a known confounder
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Radial spectral degradation: synthesize a soft input from a reference (sharp) image

Fig. 1. Radial spectral degradation pipeline. A reference (sharp) Br60f image is mul-
tiplied in the frequency domain by a radial low-pass window H(R) and inverse-
transformed to a soft synthetic input; the sampled cutoff strength m and edge-shape
ρ set the keep/fade/cut boundaries c1, c2 (bottom).

for radiomics and longitudinal comparison, where features track the kernel rather
than the patient [1]. Harmonizing images to a common reference kernel is there-
fore a prerequisite for reproducible analysis [1, 10].

Most kernel-conversion methods cast the problem as image-to-image transla-
tion [7, 17], in paired [1, 14, 11] or, increasingly, unpaired formulations [16, 3, 10].
Regardless of formulation, they require training data of every kernel to be con-
verted: a new input kernel—especially from another vendor—needs new images
and retraining, so these methods cannot realize any-to-one conversion.

We avoid this data dependence by treating the kernel not as an unknown
mapping to be learned from data, but through its known physical effect. In
filtered back-projection, the kernel acts as an apodization window on spatial
frequency, setting how much high-frequency content—of both signal and noise—
enters the image [4, 5]. We model this effect with a radial spectral degradation—a
frequency-domain low-pass—which, unlike a spatial Gaussian blur, attenuates
signal and noise jointly and therefore reshapes the noise power spectrum (NPS)
as well as the resolution (MTF), keeping the synthetic inputs closer to real soft-
kernel images.

Because the synthesis uses reference-kernel images alone, training needs no
paired scans and no source-kernel data. A single generator trained on such pairs
maps any input kernel onto the reference in one forward pass. Since no source
kernel or vendor is ever seen during training, the model is not tied to any source
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domain; we evaluate intra-vendor conversion with full-reference metrics, and
cross-vendor conversion with an NPS-based measure.

Although much prior work converts toward soft kernels, we deliberately
choose a sharp reference (Br60f): soft-to-sharp conversion must restore high-
frequency detail and noise texture that the input lacks, and we adopt this most
demanding direction as the strongest test of our method.
Contributions.

1. Physics-grounded synthesis: a radial spectral degradation that attenu-
ates signal and noise jointly, reshaping both MTF and NPS with a kernel-like
spectral shape that a spatial Gaussian blur does not provide.

2. Reference-kernel-only training: the converter is built from target-kernel
images alone—no paired multi-kernel scans and no source-kernel data.

3. Any-to-one conversion with a single model, evaluated with full-reference
metrics on intra-vendor Br40f→Br60f and with an NPS-based measure on
cross-vendor kernels.

2 Method

2.1 Overview

We address any-to-one reconstruction-kernel conversion: given a chest CT image
reconstructed with an arbitrary kernel, produce its appearance under a single
fixed reference kernel (Br60f). Our central design choice is that training uses
only reference-kernel images. As illustrated in Fig. 1, from each reference
image we synthesize a degraded counterpart with a physically-motivated radial
spectral degradation (Sec. 2.2), drawing its severity from a hard-biased distri-
bution (Sec. 2.3); the resulting (degraded input, reference target) pairs train a
single feed-forward generator adversarially (Sec. 2.4). At inference the generator
maps an image directly, with no kernel identification and no paired data; inputs
sharper than the reference are first brought into the trained range by the same
radial low-pass (Sec. 2.5), so one model spans the full range of input kernels,
including other vendors (Sec. 3.4).

All images are 512×512 axial slices, clipped to [−1000, 1000] HU and rescaled
to [−1, 1]; the in-plane pixel spacing ∆ (mm/pixel), read from DICOM, converts
pixel frequencies to cyc/mm.

2.2 Radial Spectral Degradation

A softer kernel attenuates high frequencies of both the anatomical signal and
the correlated noise. We approximate this with an isotropic low-pass window
applied in the 2-D Fourier domain to the entire image, so signal and noise are
attenuated jointly; directional anisotropy of the true kernel is ignored.

Let x ∈ R512×512 be a reference-kernel image and X = F{x} its 2-D DFT.
Define per-axis frequencies fi = fftfreq(N,∆) (cyc/mm) with N = 512, and the
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radial frequency R(u, v) =
√
f2
u + f2

v (cyc/mm). The degradation is parameter-
ized by a cutoff strength m (cyc/mm)—the frequency at which the window has
faded to half—and a roll-off shape parameter ρ ∈ (0, 1). We set the transition
band [c1, c2] as

c2 =
2m

1 + ρ
, c1 = ρ c2, (1)

so that the window equals 1
2 at the midpoint c1+c2

2 = m; a smaller m removes
more high-frequency content (a softer result). The radial window is a raised-
cosine (Hann) low-pass:

H(R) =


1, R < c1,

1

2

[
1 + cos

(
π
R− c1
c2 − c1

)]
, c1 ≤ R < c2,

0, R ≥ c2.

(2)

The degraded image is x̃ = ReF−1{X ⊙ H}. Because H multiplies the spec-
trum of the full image, the degraded noise power spectrum satisfies NPSx̃ =
|H|2 NPSx, so the noise texture is shaped by the same window as the resolution.
A spatial Gaussian blur is also a low-pass but with a fixed roll-off; our window
instead lets (m, ρ) control the cutoff and edge shape to better follow a real soft
kernel (Sec. 3.3).

2.3 Hard-Biased Severity Sampling

While the degradation operator is physically motivated, the severity distribution
is a design choice for input coverage. For every training sample we draw the
severity independently:

m ∼ max
(
N (µ=0.25, σ=0.125), 0.02

)
cyc/mm, ρ ∼ U(0.10, 0.60). (3)

The mean µ = 0.25 cyc/mm lies toward the strong-softening end, so most sam-
ples are heavily degraded (hard) inputs, focusing capacity on the information-
poor regime, while the unclipped upper tail (m > 0.5) still covers mild, near-
identity cases. The lower clip at 0.02 avoids a blank image, and randomizing ρ
prevents overfitting a single roll-off shape.

2.4 Restoration Network and Training Objective

Network. Because our degradation yields exactly-aligned (soft, sharp) pairs,
we train a single generator G and PatchGAN discriminator D [7] as a paired
translator (conditional-GAN, not cycle-consistency; Fig. 2). For G we reuse the
adaptive-normalization residual U-Net of the strongest baseline (Sec. 3.2) [16]
unchanged; its invertible polyphase downsampling discards no high frequencies
and its adaptive-normalization decoder reproduces kernel-specific texture well
[6, 8, 13]. The conditional-GAN translator itself is well established—pix2pix-style
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Only reference-kernel (Br60f) images are used; the soft input is synthesized on-the-fly by radial spectral degradation.

Method: reference-only training pipeline

Fig. 2. Reference-only training. A Br60f slice x is degraded to a soft input x̃ (Sec. 2.2)
and restored by G; training uses an L1 loss (red) and a PatchGAN adversarial loss.

networks have been applied to kernel conversion before [14, 11]—and our focus
is instead the frequency-domain synthesis of the training pairs.
Objective. With degraded input x̃, target x, and x̂ = G(x̃), we use a least-
squares GAN [12] with a pixel-wise L1 term:

LG =
∥∥D(x̂)− 1

∥∥2
2
+ λrec

∥∥x̂− x
∥∥
1
, LD =

∥∥D(x)− 1
∥∥2
2
+
∥∥D(x̂)− 0

∥∥2
2
.

(4)

We optimize with Adam (β1=0.5, β2=0.999, constant lr 1 × 10−5, batch size
48, λrec = 10), updating G and D alternately with x̂ detached for D. Each
epoch draws one random axial slice from each of the 4,157 reference volumes
and degrades it on-the-fly; we train from scratch for 100 epochs. Every model
in this paper follows this identical protocol, so comparisons isolate the studied
design choice.

2.5 Inference

At test time an image is mapped in a single forward pass, x̂ = G(xin), and
rescaled to HU. Because training only ever exposes the generator to inputs at
or below the reference resolution, inputs sharper than the reference are out-
of-distribution. We handle them with a single fixed pre-filter: the same radial
low-pass (Sec. 2.2) with m = 0.37 cyc/mm and ρ = 0.13, applied once before
the generator. These values were fixed once by fitting the operator to the NPS
of real Br40f images in CT-RATE. As a low-pass only removes high frequencies,
it caps a sharper input at the trained resolution while leaving already-softer
inputs essentially unchanged, so the same pre-filter can be applied uniformly.
Inference thus requires no knowledge of the input kernel, no severity estimation,
no conditioning input, and no paired data—the same generator handles any
input kernel, realizing any-to-one conversion.
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Table 1. Comparison with unpaired methods on the paired Br40f→Br60f test set (238
volumes; mean± std over volumes). Our model trains on Br60f only.

Method Train data SSIM ↑ PSNR ↑ RMSE (HU) ↓

Switchable CycleGAN [16] Br40f/Br60f 0.937± 0.037 37.97± 1.78 53.2± 27.3
Multipath CycleGAN [10] Br40f/Br60f 0.912± 0.037 35.99± 1.52 66.2± 26.4
GGCL [3] Br40f/Br60f 0.690± 0.057 29.75± 1.23 134.1± 26.2

Ours Br60f only 0.929± 0.035 37.14± 1.54 58.2± 26.7

3 Experiments

3.1 Dataset and Evaluation Protocol

We use chest CT from CT-RATE with two Siemens kernels, Br40f (input) and
Br60f (reference), reconstructed from the same acquisition, hence spatially regis-
tered and allowing per-pixel comparison against a ground-truth reference. Train-
ing uses all Br60f volumes of the official CT-RATE training split (4,157 volumes
from 3,715 patients); no other kernel or split is seen during training. The test
set is the 238 validation-split acquisitions that provide both a Br40f and a Br60f
reconstruction of the same chest scan. The CT-RATE splits are patient-level, so
no patient appears in both training and test. We report 3-D SSIM, PSNR, and
RMSE (HU) on lung slices, identified with TotalSegmentator lung labels [15].
Crucially, our model is trained on Br60f only, whereas the compared methods
use both Br40f and Br60f.

3.2 Comparison with Prior Methods

We compare against the publicly-available unpaired kernel-conversion methods
Switchable CycleGAN [16], GGCL [3], and Multipath CycleGAN [10] (authors’
public implementation [9]), each trained on Br40f/Br60f under its own protocol.
Our emphasis is on the frequency-domain synthesis rather than the network
itself: Switchable CycleGAN is the strongest (Table 1), so we adopt its generator,
retrained as a paired conditional GAN to fit our setting (Sec. 2.4). Even so,
our model—using Br60f alone and never seeing the source domain—matches it
(SSIM 0.929 vs. 0.937, RMSE 58.2 vs. 53.2 HU) and clearly surpasses the others
(Table 1, Fig. 3).

3.3 Ablation Study

We ablate the degradation design with the network architecture and training
protocol held fixed, varying only how the soft input is synthesized. The blur
baseline uses a 2σ Gaussian blur in place of our radial operator (trained as
blur(Br60f)→Br60f); we then swap in the radial spectral degradation (Sec. 2.2);
and finally add hard-biased sampling (Sec. 2.3), giving our full model. Table 2
and Fig. 3 show that both changes help: replacing the Gaussian blur with the
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Fig. 3. Qualitative results (Cases 1–2). Rows: axial with a lung zoom (WL/WW =
−700/1500 HU), error map (0–500 HU), coronal view. Columns: prior methods (Switch-
able/Multipath/GGCL) and ablation (Blur/Radial/Ours); error is |GT−prediction|
(GT column: |input−GT|, the difference to remove). Ours has the smallest error and
no z-banding.

radial operator—so that the synthesized noise texture (NPS), not just resolution,
matches a real kernel—gives by far the largest gain (SSIM 0.735→ 0.902), and
hard-biased sampling instead of uniform sampling adds a further improvement
(→ 0.929). Although the generator runs per axial slice, the coronal views in Fig. 3
show no z-direction banding.

3.4 Cross-Vendor Generalization

Since training never sees any other vendor, we ask whether the same model
converts other-vendor kernels toward Br60f. As no paired reference exists, we
evaluate the noise power spectrum (NPS), an anatomy-independent kernel de-
scriptor [10]: from radially-averaged NPS [4] on soft-tissue patches we take its
centroid f̄ (cyc/mm; higher= sharper) and compare to the full Br60f test set
(f̄ = 0.218 ± 0.043). On two soft kernels from other vendors—Philips “B” and
PNMS “SA” (30 volumes each), each passed through the inference pre-filter
(Sec. 2.5)—the converter restores the Br60f noise level: f̄ 0.094→0.198 (B) and
0.097→0.237 (SA), both close to the 0.218 target (Table 3).

B and SA are both soft kernels. Kernels sharper than Br60f exist in CT-RATE
(e.g. Siemens Bl64f/Br64f, PNMS LungB) but are almost all reconstructed at
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Table 2. Ablation of the degradation design (same architecture and training protocol;
238-volume test set, mean± std).

Configuration SSIM ↑ PSNR ↑ RMSE (HU) ↓

Gaussian blur (2σ) 0.735± 0.065 31.56± 1.41 109.4± 27.2
Radial (uniform) 0.902± 0.039 35.69± 1.53 68.5± 26.4
Radial + hard sampling (Ours) 0.929± 0.035 37.14± 1.54 58.2± 26.7

1024× 1024, leaving fewer than seven 512× 512 volumes per kernel—too few for
the distributional analysis, so we check them qualitatively on the few 512× 512
Siemens Bl64f. Figure 4 shows one representative conversion per source kernel
next to a real Br60f case. Owing to this dataset constraint, a broader cross-
vendor validation is left to future work.

4 Conclusion

We presented an any-to-one CT kernel converter trained on reference-kernel
images alone, using a physically-motivated radial spectral degradation to syn-
thesize soft inputs from Br60f. Without source-kernel or paired data it matches
the strongest unpaired baseline (SSIM 0.929, RMSE 58.2 HU) and, seeing no
source domain in training, also converts other-vendor kernels toward the Br60f
noise level.
Limitations and future work. (i) Cross-vendor conversion matches the Br60f
noise level (f̄) but not the full NPS shape, and the restored noise texture was not
evaluated at scale. (ii) We report image- and noise-level metrics (SSIM, RMSE,
NPS), not downstream tasks; downstream clinical evaluation [2, 1] is planned as
future work. (iii) Results are limited to chest CT, one dataset, one target kernel,
and few cross-vendor kernels; broader validation is planned as future work, and
per-vendor kernel conditioning is a natural extension.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Table 3. Cross-vendor conversion by NPS centroid f̄ (cyc/mm, mean±std); no paired
GT. Target Br60f: f̄ = 0.218± 0.043 (238 vol); each source 30 vol.

Source Vendor f̄ source f̄ converted (target 0.218± 0.043)

B Philips 0.094± 0.009 0.198± 0.042
SA PNMS 0.097± 0.015 0.237± 0.043

Fig. 4. Cross-vendor conversion. For each source kernel, the source and its conversion
are boxed together; the rightmost panel is a real Br60f case (GT) for reference. B and
SA reach the Br60f centroid, and the sharper-than-Br60f Bl64f is softened toward it.
Soft-tissue window with a lung zoom inset (gold), as in Fig. 3.
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