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Color-Consistent Image Super-Resolution
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Abstract

Real-world image super-resolution (SR) aims to recover
high-resolution images from low-resolution inputs degraded
by unknown blur, noise, compression, and sensor processes.
Diffusion-based SR methods can synthesize realistic tex-
tures, but multi-step sampling is expensive. Recent one-
step variants greatly accelerate inference, yet we observe
that they often introduce color drift while hallucinating
high-frequency details, a problem that has received little ex-
plicit attention in one-step SR. We propose CCDIiT, a one-
step Diffusion Transformer framework that adapts Qwen-
Image-Edit to real-world SR with LoRA fine-tuning and
treats color consistency as an explicit restoration objective.
CCDiT further introduces Alpha Mask fusion in the YCbCr
space, preserving the luminance channel of the Qwen SR
output and adaptively mixing chrominance from the Qwen
SR output and the bicubic reference image. Experiments on
RealSR, DRealSR, and DIV2K-Val show that CCDiT im-
proves several reconstruction and perceptual metrics with
one-step inference, while the color-fusion study shows that
the bicubic reference image is useful as a chrominance an-
chor when its colors are reliable.

1. Introduction

Image super-resolution restores high-resolution images
from low-resolution inputs and is used when image detail
must be recovered from limited visual evidence [1], [14], [19].
Real-world SR is challenging because degradations are usu-
ally unknown and may include blur, noise, compression
artifacts, sensor degradation, and missing texture. Diffu-
sion models provide strong restoration priors for this set-
ting [7], [15], [18], [19], [22], [23], but standard diffusion
restoration requires many denoising steps. Recent one-step
methods such as OSEDiff, TSD-SR, and ODTSR reduce
this cost by restoring an image with a single denoising step
4], [5), [27)-

However, we find that this efficiency gain comes with an
overlooked failure mode: color drift. Although one-step dif-
fusion SR substantially accelerates inference, its restored
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images often exhibit chrominance shifts when hallucinat-
ing high-frequency textures. Such shifts are not merely cos-
metic: color can affect scene understanding, sign and text
reading, product inspection, food analysis, and other visu-
ally sensitive tasks [2], [21]. To our knowledge, existing one-
step SR studies mainly optimize speed, texture realism, and
perceptual quality, but have not explicitly formulated color
consistency as the central problem. A practical one-step
SR method should therefore preserve diffusion acceleration
while limiting avoidable color shifts.

We propose CCDIT, a color-aware one-step Diffusion
Transformer framework for real-world SR. CCDiT first
adapts Qwen-Image-Edit to one-step SR through LoRA fine-
tuning. It uses a bicubic reference image as the restora-
tion start point and predicts the Qwen SR output with one
denoising step. CCDiT then freezes the Qwen SR back-
bone and trains Alpha Mask Net, a lightweight module that
performs adaptive YCbCr chrominance fusion between the
Qwen SR output and the bicubic reference image.

The contributions are threefold. First, we identify color
drift as an underexplored failure mode of one-step diffusion
SR and formulate color consistency as an explicit objective.
Second, we adapt Qwen-Image-Edit into a one-step Diffu-
sion Transformer SR backbone and introduce Alpha Mask
fusion, which preserves the luminance of the Qwen SR out-
put and adaptively fuses CbCr chrominance from the Qwen
SR output and the bicubic reference image. Third, we eval-
uate CCDiT on RealSR, DRealSR, and DIV2K-Val and an-
alyze when Alpha Mask fusion improves color consistency
and when unreliable reference colors limit its effect.

2. Proposed Method

2.1 Overview

CCDiT separates detail restoration from color anchoring
in two stages, as summarized in Fig. 1. Given a high-
resolution image Iy gr, we generate a low-resolution input
I g through an online degradation process D(:), and ob-
tain a reference image Iy with bicubic interpolation:

ILR = D(IHR), L«ef = BiCubiC(ILR). (1)

In the first stage, Qwen-Image-Edit is adapted to map the
bicubic reference image to the Qwen SR output I; with one
denoising step. In the second stage, this adapted SR back-
bone is frozen. Alpha Mask Net then predicts a spatial fu-
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Overview of CCDiT. Qwen-Image-Edit is first adapted for one-step SR from a bicu-

bic reference image. The adapted Qwen SR backbone is then frozen, and Alpha
Mask Net learns to fuse chrominance channels from the Qwen SR output and the
bicubic reference image while preserving the restored luminance channel.

sion map that mixes the CbCr channels of I; and I,..y while
retaining the luminance channel of I,. The final image is
denoted as I¢. This single overview figure therefore covers
both the trained SR backbone and the later frozen-backbone

color-fusion stage.

2.2  One-Step Diffusion Transformer SR

The first-stage backbone restores details without itera-
tive sampling. Instead of starting from pure Gaussian noise,
CCDiT starts from the bicubic reference image. This keeps
the low-frequency layout and approximate color distribution
close to the input while asking the Diffusion Transformer to
recover missing high-frequency content. Once this one-step
SR mapping is learned, the backbone is kept fixed for the
color-fusion stage, so subsequent training changes only the
lightweight Alpha Mask Net.

We map the target image and the reference image into the
latent space:

Zgt = EC(I[—IR)7 Zref = E(ITef)7 (2)

where E(-) denotes the VAE encoder. Gaussian noise is

added to the reference latent at a fixed one-step noise level:

3)

selected by
The

Qwen-Image-Edit Diffusion Transformer takes z¢, zper, the

2zt = AddNoise(zyef, €, t), e ~N(0,1).

Following ODTSR [5], we use t 750,
one_step_t_index=250 in a 1000-step scheduler.

text condition ¢, and timestep ¢ as inputs and predicts the
noise term:

(4)

€9 = €0(2t, Zref, C, 1).

The predicted latent is obtained by a one-step update z; =
zt — oreg and decoded as Iq = D(zq). To reduce training
cost and preserve the pretrained generative prior, we ap-
ply LoRA to selected attention projection and MLP-related
layers [9].

The first-stage objective combines a latent reconstruction
loss and a perceptual loss:

Lstager = Azll2q — zgt”g + ApLPIPSqiez (D(2q), D(24t)),

()
where A, = A\p = 1.0.

2.3 Adaptive Chrominance Fusion

The Qwen SR output can contain sharp texture, but its
We there-
fore design Alpha Mask Net as an original lightweight fusion

chrominance may differ from the input scene.

module, motivated by alpha compositing and image matting
[11], [16], spatial attention/gating [26], and the luminance—
chrominance separation in YCbCr color space [17]. Unlike
natural image matting, our alpha map is not a foreground
opacity; it is a spatial reliability gate that decides whether
each region should trust the restored chrominance or the
input-aligned reference chrominance. In this design, the
Qwen SR output supplies structure and detail, while the
bicubic reference provides a low-frequency color anchor. We
perform fusion in the YCbCr color space, preserving the lu-
minance channel of the Qwen SR output:

(Yy,Cbq,Crq) =YCbCr(Iy), (Yr,Cbr,Cry) =YCbCr(Iref),
(6)

(7)
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Fig. 2. Qualitative comparison with existing one-step SR methods on RealSR and DRealSR.

Table 1. Quantitative comparison on RealSR, DRealSR, and DIV2K-Val. CCDiT uses one denoising step. Red indicates the best result,

and blue indicates the second-best result.

Dataset Method Step(s) LPIPS] DISTS]| MUSIQT MANIQAT FID| PSNRf SSIM?T
OSEDiff 1 0.2921 0.2128 69.09 0.6326 123.49 25.15 0.7341
PiSA-SR 1 0.2672 0.2044 70.15 0.6560 124.09 25.50 0.7417
RealSR TSD-SR 1 0.2743 0.2104 71.19 0.6347 114.45 24.81 0.7172
TVT 1 0.2597 0.2061 69.89 0.6232 109.90 25.81 0.7596
ODTSR 1 0.2398 0.1894 68.29 0.6622 101.49 25.07 0.7361
CCDiT 1 0.1949 0.1733 64.76 0.6286 82.13 26.31 0.7553
OSEDiff 1 0.2968 0.2165 64.65 0.5895 135.29 27.92 0.7835
PiSA-SR 1 0.2960 0.2169 66.11 0.6146 130.48 28.32 0.7804
DRealSR. TSD-SR 1 0.2966 0.2136 66.61 0.5850 135.32 27.77 0.7559
TVT 1 0.2899 0.2205 65.56 0.5776 134.28 28.27 0.7899
ODTSR 1 0.2592 0.1926 62.86 0.6227 119.86 28.14 0.7736
CCDiT 1 0.2347 0.1962 60.79 0.5959 109.89 28.67 0.7766
OSEDiff 1 0.2942 0.1975 67.96 0.6147 26.34 23.72 0.6109
PiSA-SR 1 0.2823 0.1934 69.68 0.6401 25.09 23.87 0.6058
DIV2K-Val TSD-SR 1 0.2673 0.1821 71.69 0.6226 23.29 23.02 0.5808
TVT 1 0.2773 0.1860 68.67 0.6060 24.78 24.23 0.6292
ODTSR 1 0.2761 0.1700 67.94 0.6438 21.47  23.92 0.6108
CCDiT 1 0.2648  0.1957 63.78 0.6121 27.14 24.56 0.6178

Table 2. Color fusion ablation and cross-model generalization. The upper part reports results on CCDiT, and the lower part reports

generalization results on OSEDiff outputs. Red indicates the best result within each group.

Backbone Dataset Method LPIPS) DISTS| MUSIQT MANIQA+ FID, PSNR{ SSIMt Mean AE2000 |
Color Fusion Ablation on CCDiT
CCDIiT w/o Fusion 0.1926  0.1777 64.96 0.6323 79.80 24.79 0.7233 4.6296
RealSR  Fixed CbCr Fusion 0.2076 0.1758 63.86 0.6236 92.99 24.64 0.7138 4.7790
CCDiIT CCDiT 0.1949 0.1733 64.76 0.6286 82.13 24.79 0.7195 4.5566
CCDIiT w/o Fusion 0.2271  0.1965 61.51 0.6059 105.28 26.69 0.7360 4.4442
DRealSR Fixed CbCr Fusion 0.2469 0.1996 59.65 0.5818 123.85 26.44 0.7267 4.6888
CCDiT 0.2347 0.1962 60.79 0.5959 109.89 26.65 0.7318 4.4473
Cross-Model Generalization on OSEDiff
OSEDiff 0.2921 0.2128 69.09 0.6335 123.50 23.59 0.6833 5.1556
RealSR  OSEDIff + Fixed CbCr 0.2954 0.2106 68.62 0.6182 140.46 23.54 0.6821 5.0414
OSEDiff OSEDiff + Alpha Mask 0.2888 0.2104 69.25 0.6274 129.16 23.63 0.6851 4.9010
OSEDift 0.2968 0.2165 64.65 0.5899 135.29 25.85 0.7245 4.8380
DRealSR OSEDiff + Fixed CbCr 0.3047 0.2174 63.49 0.5613 148.70 25.78 0.7235 4.8097
OSEDiff + Alpha Mask 0.2977 0.2169 64.38 0.5794 138.98 25.89 0.7260 4.6749
Fixed CbCr replacement is a natural but overly rigid unreliable. In real degradations, this assumption can fail

baseline: it assumes that the bicubic reference is always
color-correct and that the Qwen SR output is always color-

because compression artifacts, sensor noise, or demosaicing
errors may already change the low-resolution color. Alpha
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Mask Net is designed to make this decision locally instead
of globally. The cited alpha blending, matting, and atten-
tion works provide the conceptual basis for soft blending
and spatial gating, while the 10-channel mask predictor and
the chrominance-specific training objective are designed for
CCDiT. It predicts a spatially adaptive fusion weight map:

o= My (Concat(Iy, Iref, | Ig — Iretl, Yq))

(8)
When « is close to 1, the model keeps the Qwen chromi-
nance; when it is close to 0, it uses the reference chromi-
nance. The chrominance channels are fused as

Cby =a©Cbq+ (1 —a)® Ch,, 9)

Cry=0a0Crqg+(1—a)oCry. (10)

The final image is obtained by converting (Yy,Cbs, Cry)
back to RGB. Alpha Mask Net has four convolutional lay-
ers with channel sizes 10 — 32 — 32 — 32 — 1 and
a final sigmoid activation. The 10-channel input contains
Iy, Irey, their absolute difference, and Y;, so the network
can detect local color disagreement while preserving restored
structure. We keep the architecture fully convolutional and
shallow because the target is not to synthesize new texture,
but to estimate local chrominance reliability. Freezing the
Qwen SR backbone further decouples color correction from
detail restoration, making Alpha Mask Net a lightweight
post-restoration color-consistency module.

Only the parameters ¢ of Alpha Mask Net are optimized
in the second stage. Its loss is

‘C’mask = AeLc+ )\T“c'rgb + MvLiv + AmLmean

(11)
+ Auﬁuar + )\tﬁteache'r + Aoﬁoracle'

Here, L. and L4, make the fused result close to the ground
truth in chrominance and RGB space, while L¢, avoids
noisy pixel-level mask changes. The mean and variance con-
straints prevent degenerate masks that always choose only
one source. We further use a luminance-gradient teacher
mask as a region-level prior: flat regions tend to use more
reference chrominance, while edge and texture regions may
trust the Qwen chrominance more. An oracle alpha target
computed from ground-truth chrominance is used only dur-
ing training to guide the best local mixing coefficient. At
inference time, CCDiT requires only one denoising step and
one lightweight CNN forward pass.

3. Experiments

Settings. We train CCDiT on LSDIR [13] with an
OSEDiff/Real-ESRGAN-style 4x high-order degradation
pipeline [24], [27], including blur, resizing, noise, and JPEG
compression. BLIP captions [12] are appended with a
restoration suffix. The first stage fine-tunes Qwen-Image-
Edit with LoRA on 6 GPUs using learning rate 5 x 107°
and rank 16; the second stage trains Alpha Mask Net on
2 GPUs using learning rate 2 x 10™* and 32 hidden chan-

nels. We evaluate on RealSR, DRealSR, and DIV2K-Val,

a e 0,17V,

and report PSNR/SSIM (8], [25], LPIPS/DISTS [3], [29],
MUSIQ/MANIQA [10], [28], FID [6], and Mean AFE2000
[20].

Qualitative comparison. Fig. 2 compares CCDiT with
one-step baselines on examples containing text-like struc-
tures and saturated colors. OSEDiff, TVT, and ODTSR
recover local details but can introduce chrominance changes
around signs and high-contrast boundaries. CCDiT keeps
the restored detail from the Qwen SR backbone while reduc-
ing avoidable color drift through Alpha Mask fusion, which
is most visible in regions where text or object colors should
remain stable.

Main comparison. Table 1 compares CCDiT with re-
cent one-step SR methods. On RealSR, CCDiT reduces
LPIPS to 0.1949 and FID to 82.13, and reaches the highest
PSNR of 26.31. On DRealSR, it obtains the best LPIPS,
FID, and PSNR. On DIV2K-Val, CCDiT obtains the best
LPIPS and PSNR, while ODTSR remains better on some
perceptual /no-reference metrics. Thus, CCDIiT improves
reconstruction and distribution quality without dominating
every metric.

Color fusion study. Table 2 tests whether color anchor-
ing should be fixed or adaptive. Fixed CbCr replacement
worsens several metrics, showing that the bicubic reference
is not always a reliable color source. Alpha Mask fusion
gives a safer alternative: on RealSR, it reduces DISTS from
0.1777 to 0.1733 and Mean AFE2000 from 4.6296 to 4.5566.
It also improves OSEDiff generalization results, reducing
Mean AFE2000 from 5.1556 to 4.9010 on RealSR and from
4.8380 to 4.6749 on DRealSR. The remaining DRealSR lim-
itation suggests that future color-aware SR should estimate
reference reliability jointly with restoration.

4. Conclusion

We presented CCDiT, a one-step Diffusion Transformer
framework for real-world image super-resolution that ad-
dresses color drift, an underexplored failure mode of fast dif-
fusion SR. CCDiT adapts Qwen-Image-Edit through LoRA
fine-tuning and restores images with one denoising step from
a bicubic reference image. It further uses Alpha Mask fu-
sion to preserve the luminance of the Qwen SR output while
adaptively mixing chrominance in the YCbCr space. Exper-
iments show that CCDiT improves several reconstruction
and perceptual metrics with one-step inference. The color-
fusion experiments show a conditional result: Alpha Mask
fusion is better than fixed CbCr replacement and improves
color difference on RealSR, but its benefit is limited when
the bicubic reference image already contains unstable colors.
Overall, CCDiT suggests that one-step diffusion SR should
treat color consistency as an explicit design objective, rather
than as a side effect of perceptual restoration.
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