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Abstract

Deep denoising models require extensive real-world training
data, which is challenging to acquire. Current noise synthe-
sis techniques struggle to accurately model complex noise
distributions. We propose a novel Realistic Noise Synthe-
sis Diffusor (RNSD) method using diffusion models to ad-
dress these challenges. By encoding camera settings into
a time-aware camera-conditioned affine modulation (TC-
CAM), RNSD generates more realistic noise distributions
under various camera conditions. Additionally, RNSD in-
tegrates a multi-scale content-aware module (MCAM), en-
abling the generation of structured noise with spatial corre-
lations across multiple frequencies. We also introduce Deep
Image Prior Sampling (DIPS), a learnable sampling sequence
based on depth image prior, which significantly accelerates
the sampling process while maintaining the high quality of
synthesized noise. Extensive experiments demonstrate that
our RNSD method significantly outperforms existing tech-
niques in synthesizing realistic noise under multiple metrics
and improving image denoising performance.

Code — https://github.com/wugqi-coder/RNSD

Introduction

In deep learning, image denoising (Wang et al. 2022; Zamir
et al. 2021, 2022; Guo et al. 2019; Zhang, Zuo, and Zhang
2018; Kim et al. 2020) is an ill-posed problem that often
necessitates supervised training with extensive data pairs. A
noisy image y in the RGB domain can be modeled as its
noise-free version s plus noise n after Image Signal Pro-
cessing (ISP) using the following equation:

ey

In contrast to the linearly modelable and spatially in-
dependent noise in RAW, noise in the RGB domain ex-
hibits: Irregular and Diverse Noise Distribution. ISP
post-processing parameters—such as AWB, CCM, and
GAMMA—result in non-uniform noise variations across

y =ISP(s + n).
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Figure 1: Subjective results and AKLD (Yue et al.
2020) of wvarious noise synthesis methods, including
sRGB2Flow (Kousha et al. 2022), DANet (Yue et al. 2020),
and C2N (Jang et al. 2021).

scenes, channels, ISO levels, and pixels, due to their depen-
dence on sensor, ISO, scene, and exposure settings; Struc-
tural and Spatial Correlation of Noise. Spatially depen-
dent ISP operations, including demosaicing, denoising, and
sharpening, introduce local structural patterns to the noise,
which increases its correlation with the signal-to-noise ratio.

Most datasets (Plotz and Roth 2017; Xu et al. 2018; Nam
et al. 2016) rely on multi-frame averaging, which is not
only challenging to obtain but also fails to provide diverse
noise types and cannot address structural noise. Some ap-
proaches (Foi et al. 2008; Foi 2009; Brooks et al. 2019)
model noise as Gaussian white noise, neglecting the spatial
correlations present in real noise. GAN-based methods (Ho,
Jain, and Abbeel 2020; Song, Meng, and Ermon 2020; San-
Roman, Nachmani, and Wolf 2021; Bansal et al. 2022; Chen
et al. 2022) have attempted to model real noise distribu-
tions but often struggle with instability and mode collapse
due to the lack of a rigorous likelihood function, leading to
a mismatch between generated and real noise distributions.
In contrast, diffusion models (Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2020; San-Roman, Nachmani, and
Wolf 2021; Bansal et al. 2022; Chen et al. 2022) offer more
stable and varied image generation due to their rigorous like-
lihood derivations. However, they have yet to be successfully
applied to synthetic noise generation, possibly due to insuf-
ficient conditioning designs for complex noise distributions
with spatial correlations.

In this paper, we introduce Realistic Noise Synthesize



Diffusor (RNSD), a novel method for synthesizing realis-
tic rgb noise data based on the diffusion model. RNSD has
the capability to generate a large amount of noise images
that closely resemble the distribution of real-world noise by
clean images from various public datasets. The augmented
data generated by RNSD significantly enhances the perfor-
mance of existing denoising models, both in terms of noise
reduction and image fidelity.

Specifically, RNSD uses real noisy images y as initial
state x¢ to build Diffusion for noise generation. To effec-
tively accommodate diverse noise distributions, we propose
a time-ware camera conditioned affine modulation, termed
TCCAM. This module encodes varying camera settings and
employs a time-adaptive conditioned affine transformation
during the sampling process, permitting RNSD to synthe-
size diversity and realistic noise.

Additionally, we constructed a multi-scale content-aware
module, MCAM, which integrates multi-scale guidance in-
formation of clean image into the diffusion network. This
module efficiently guides the generation of signal-correlated
and spatial-correlated noise.

Based on the depth image prior that the network first
learns low-frequency components and then high-frequency
components, we developed Deep Image Prior Sampling
(DIPS). Unlike DDIM, DIPS uses a distillation-based
single-step model with decay sampling, reducing a 1000-
step model to just 5 steps with only a 4% accuracy loss,
significantly improving sampling efficiency.

To summarize, our main contributions are as follows:

e We first propose a real noise data synthesis approach
RNSD based on the diffusion model.

* We design a time-ware camera conditioned affine mod-
ulation, TCCAM that can better control the distribution
and level of generated noise.

* By constructing the multi-scale content-aware module
MCAM, the coupling of multi-frequency information
is introduced, enabling the generation of more realistic
noise with spatial correlation.

* Deep Image Prior Sampling (DIPS): Leveraging the
depth image prior that the network learns low-frequency
before high-frequency components, DIPS improves sam-
pling efficiency by reducing a 1000-step model to just 5
steps with only a 4% accuracy loss, compared to DDIM.

* Our approach achieves state-of-the-art results on multi-
ple benchmarks and metrics, significantly enhancing the
performance of denoising models.

Related Work

Noise Models. In digital imaging, noise sources include read
noise, shot noise, fixed-pattern noise and so on. Some meth-
ods (Foi et al. 2008; Foi 2009) use the Gaussian-Poisson
model, where read noise is signal-independent and modeled
as Gaussian, while shot noise, which is signal-dependent, is
modeled as Poisson noise. Shot noise is often approximated
as Gaussian for simplicity (Brooks et al. 2019; Guo et al.
2019). However, complex ISP operations like demosaicing,
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tone mapping, HDR, and sharpening can disrupt noise regu-
larity and introduce complex spatial correlations, complicat-
ing traditional noise modeling.

GAN-based Methods. GANs (Karras et al. 2017; Karras,
Laine, and Aila 2019; Brock, Donahue, and Simonyan 2018;
Shaham, Dekel, and Michaeli 2019) are known for their
strong data distribution fitting in image generation. Real
noise can be viewed as a data distribution, leading to ef-
forts in synthesizing noise with GANs. Jiang et al.(Jang et al.
2021) demonstrated that GANs can synthesize real noise us-
ing Gaussian noise inputs and unsupervised conditions. Cai
et al.(Cai et al. 2021) used a pre-training network to align
generated content and noise domains. Despite their poten-
tial, GANs often face instability and poor convergence due
to the absence of explicit maximum likelihood (Lucic et al.
2018; Mescheder, Geiger, and Nowozin 2018).

Diffusion Methods. Diffusion models (Ho, Jain, and
Abbeel 2020; Song, Meng, and Ermon 2020; San-Roman,
Nachmani, and Wolf 2021; Bansal et al. 2022; Chen et al.
2022) handle the complex and diverse distribution of real
noise, which can be influenced by sensor type, ISO, and ISP.
Unlike GANS, diffusion models avoid mode collapse and
provide more diverse results. However, they have not been
effectively applied to synthetic noise generation, potentially
due to the lack of conditioning designs for handling complex
and varied noise distributions.

Methodology

We propose a novel diffusion-based method for synthesiz-
ing realistic noisy data, termed Real Noise Synthesis via
Diffusion (RNSD) (Fig. 2 (a)). Our method leverages real
noisy images as initial conditions and incorporates a Time-
aware Camera Conditioned Affine Modulation (TCCAM)
(Fig. 2 (b)) to control the results. Additionally, we introduce
a Multi-scale Content-aware Module (MCAM) (Fig. 2 (¢))
to guide the generation of signal-correlated noise. Finally,
we designed a learnable accelerated sampling method based
on depth image prior(DIPS) (Ulyanov, Vedaldi, and Lempit-
sky 2018) as shown in algorithm 2.

Noise Generation via Diffusion

Traditional diffusion models are usually trained on noise-
free style data, which can sample target domain images from
any Gaussian noise distribution. In contrast, we treat images
with real noise distributions as target domain images. As
shown in Fig. 2 (a), by replacing x with real noise distribu-
tion data y and through simple settings, the diffusion model
sample real noise from any Gaussian noise distribution.
Specifically, we adopt the probability model of
DDPM (Ho, Jain, and Abbeel 2020). In the forward
process, a T-step Markov chain is used to minimize the
prior probability g(x7|xo), that is diffusing x( to a pure
Gaussian distribution x7 with a variance noise intensity J3;:

T
q(x7lx0) = [T a(xelxe-1),
t=1

Q(Xt|xt—1) = N(Xt; V1- tht—hﬁtl)a
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Figure 2: (a) the pipeline of noise generation via diffusion. (b) The pipeline of our TCCAM. (c) The architecture of the UNet

with MCAM we designed.

Algorithm 1: RNSD Training

Algorithm 2: RNSD Sampling(DIPS)

1: repeat

20 oy :1—ﬂt,at:r1§=1 a, t ~ Uniform(1,...,T)
3: xo~q(Xp), e~N(0,1)

4: xt:\/a_tx0+\/1—ate

5:  Compute gradient descent step on:

6:  volle — €o(x:, MCAM(s), TCCAM(¢, cs)))||

7: until converged

where I is a unit covariance matrix. For adjacent two steps,
with the help of reparameterization, x; can be viewed as
sampled from the prior distribution ¢(x¢|x;-1), which is re-
garded as a Gaussian distribution formed by x;_1 and f;.

The general sampling process is obtained by inversely
solving a Gaussian Markov chain process, viewed as a joint
probability distribution pg(x¢.7), which can be understood
as gradual denoising from the above Gaussian distribution
X to obtain the sampled result x¢:

T
po(xor) = p(xr) [ [ po(xi-11xs),
=1 3)

Po(Xe-1]x¢) = N (xp-15 o (x4, 1), X¢),

where [ is the mean of the posterior distribution estimated
by the network and ¥, is a variance obtained by 3, forward
calculation. We introduce additional information clean im-
age s and camera settings information cs to make the whole
process more controllable, mathematically, the process is:

Po(Xe-1]x¢) = N (Xp-1; e, ¢ )

Mt = Mo (Xt7 S, CS, t)v
Considering the varying influence of camera settings(cs)
information across different sampling steps and the spatial

correlation of noise in the RGB domain, we formulate en-
hanced conditioning mechanisms TCCAM and MCAM to

“

1: xp ~ N(0,I), maximum steps T, accelerated steps S
2: one-step model 1y, closer initial step N
3: last step tqs¢ = %, density parameter r

4: fori=S,...,1do

(2=l
50 t=tige + (N = tigs) o™t (fl)fl
E=
6: tneat = tiast + (N - tlast)eesv-i_lll
7. if t==N then
8: € = g (x7,t, MCAM(s), TCCAM(t, cs))
Tt = \/dt(w_lf\/%ﬂ) ++/1 - Q€
9: endif

10: € =¢€gp(as,t, MCAM(s), TCCAM(t,cs)))
11:  ifi==1 then

12: tnewt =0

13:  endif _

14: Lt ent :x/dtnezt(mt_li\/%?te)ﬁ‘\/l—dtnezte
15: end for

16: y = Xp

17: return y

achieve tighter coupling between the noise generation mod-
ule and the diffusion-based image sampling framework.

TCCAM: Time-aware Camera Conditioned Affine
Modulation

As shown in algorithm. 1, normal diffusion models learn
network parameters eg to predict the added noise compo-
nent ¢; from x to x; during the forward process. However,
real noise distributions are determined by multiple factors,
including ISO gain, shutter speed, color temperature, bright-
ness, and others. Without distinguishing noise distributions
under different conditions, it is challenging to learn a gen-
eralized distribution from complex noise based on spatial



photometric variations, ISO changes, and sensor variations.
The fundamental issue is that noise distributions vary signif-
icantly under different conditions. For instance, noise across
different sensors can exhibit entirely different distributions.
During learning, the network tends to converge to the overall
expectation of the dataset, leading to fixed-mode noise pat-
terns that cause discrepancies between generated and target
noise. To address this, we introduce five factors as shown in
Algorithm 1:

cs = ¢(iso, ss, st,ct,bm), 5)
where iso is ISO, ss is shutter speed, st is sensor type, ct
is color temperature, and bm is brightness mode. These fac-
tors are embedded using an encoding method (¢) as a feature
vector of camera settings cs to control noise generation. This
explicit prior narrows the learning domain of the network,
enabling it to approximate more complex and variable noise
distributions. The influence of camera settings should vary
with sampling steps. For example, sensor type (st), strongly
correlated with ISP, determines the basic form of noise and
its impact is usually coupled with high-frequency informa-
tion in image content. As ¢ samples from 7" to 0, recover-
ing image content from low to high frequency, the impact of
camera settings gradually increases. To address this, we pro-
pose a TCCAM with a dynamic setting mechanism, where
the weights of different factors vary with sampling steps. As
shown in Fig. 2 (b), the process is:

v, 8 =MLP3(MLP;(sinu_pos(t)) + M LP>(cs))

Foutput =0* Finput + B

(6)

where a Multilayer Perceptron (MLP) is used to encode
camera settings together with sampling steps using sinu-
soidal position encoding (sinu_pos) to generate affine pa-
rameters [ and vy at each layer of UNet. This method enables
a dynamic setting influence mechanism by applying affine
transformations to each layer of features F,,;,,,; in UNet.

MCAM: Multi-scale Content-aware Module

Real noise distribution is inherently linked to image con-
tent, varying across brightness regions due to photon cap-
ture and ISP processing. Inspired by Zhou et al.’s(Zhou et al.
2020) insights on noise’s spatial frequency characteristics,
we propose a Multi-Scale Content-aware Module (MCAM)
(Fig.2(c)) to model noise-image coupling across different
frequencies. Mathematically, our approach is as follows:

Fy, = encoder;(xy),
Fs, = encoder;(s),i=1,2,3,
Fo, = decoder;(Concat(F;,Fs,, Fx, )),

(N

where symmetric but non-shared weight encoders are used
to extract features from both x; and the clean image s at
three downsampling stages of the encoder. Alongside stan-
dard skip connections between F; and F, , we incorporate
multi-scale features of F, in the three upsémpling stages.
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AKLD vs DDPM Steps
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Figure 3: Illustration of the motivation behind DIPS. Upper
figure illustrates the variation of AKLD with respect to the
steps in DDPM. Lower figure presents a selection of images
generated at 0, 100, 500, and 800 steps.

Deep Image Prior Sampling(DIPS)

Based on observations from the depth image prior pa-
per (Ulyanov, Vedaldi, and Lempitsky 2018), where net-
works first learn clean low-frequency components before
high-frequency noise, we noticed a similar pattern during
the DDPM sampling process. The decline of AKLD shows
an increasingly large gradient as sampling progresses from
1000 steps, indicating that RNSD transitions from low-
frequency content to high-frequency noise, as shown in
Fig. 3. Since DDIM uses uniform sampling steps, it doesn’t
align well with our noise estimation task. Consequently, re-
ducing the number of steps leads to a significant perfor-
mance drop, as demonstrated in our experiments.
To address this, we propose a new sampling method:

er(s1) -1
t tlast + (T tlast) er — 1 9

where T is the sampling step of DDPM, and S is the sam-
pling step of DIPS. ¢, is last sampling step before step
0. Boundary effect makes last steps’ generation weak, so
placed in important steps as total sampling steps decrease.
r controls the gradient of sampling density (generally set
as ). For T = 1000 and S = 10, get sampling sequence
[1000, 572, 327, 186, 106, 59, 33, 18, 9, 4, 0], which be-
comes denser as decreases.

Our basic version, DIPS (DIPS-Basic), reduces sampling
steps S to 30 while maintaining quality. Additionally, we
find that low-frequency learning from 1000 to 200 steps
can be effectively replaced by a single-step model, enabling
sampling from a closer truncation step N = 200 instead of T
= 1000. The specific formula for this is:

i=S:1 (&

)

where a single-step model 1)y is distilled from a pre-trained
model €y, enabling us to reduce initial sampling position

volle(zr,tn) —eg(xn,tn)|]



and build deterministic mappings to achieve 5-step sampling
while maintaining quality. As follows in Algorithm 2, this
method is referred to as DIPS-Advanced.

Experiments
Experimental Settings

Datasets. To comprehensively demonstrate the effectiveness
of our work, we adopt the following different datasets:

- SIDD: The SIDD dataset (Abdelhamed, Lin, and Brown
2018), utilized for training and evaluation, includes subsets
such as SIDD small with 160 image pairs from 5 smartphone
cameras, and SIDD medium with double the noise sampling.
The SIDD validation set (1280 patches from unseen sensor
settings) is used to test noise model and denoising models.

- DND: DND benchmark (Plotz and Roth 2017) provides
50 reference images and their realistic noisy counterparts
generated using accurate sensor noise models. We use it to
noise model generalization after RNSD data augmentation.

- LSDIR: LSDIR dataset (Li et al. 2023) contains 84,991
high-quality clean samples.

In all experiments, we train RNSD on SIDD small. We
augment the noise sampling and scene sampling of the de-
noising dataset by using RNSD to generate noisy samples
from the clean samples of SIDD small and 1000 randomly
selected high-quality samples from LSDIR, respectively.
The SIDD validation set and DND benchmark are used to
assess the accuracy of RNSD noise distribution, as well as
the performance and generalization of RNSD-enhanced de-
noising models.

Evaluation and Metrics. We use PGap and AKLD from
(Yue et al. 2020) to assess noise generation. Lower PGap in-
dicates better noise generation, while lower AKLD signifies
more similar distributions. The Peak Signal-to-Noise Ra-
tio (PSNR) and Structural Similarity Index (SSIM) are also
used to evaluate the performance of the denoising model.
Implementation Details. We train the DDPM (Ho, Jain, and
Abbeel 2020) diffusion model of our noise generation sys-
tem with 1000 steps, a gradient accumulation step size of 2,
and Adam optimizer (Ir = 8 x 107°). Training samples are
128x128 crops from original images, with a batch size of
16. Models are trained on an NVIDIA GeForce RTX 2080
Ti GPU for 2 x 10° iterations. For testing, we use Expo-
nential Moving Average Decay (EMA) with decay 0.995.
Our RNSD model achieves an inference time of 0.15 sec-
onds to generate a batch of 16 128x128 image patches us-
ing 5 sampling steps with DIPS on an NVIDIA GeForce
RTX 2080 Ti GPU. Evaluation uses DIPS-Basic 30-step,
matching DDPM’s 1000-step accuracy. When training the
denoising networks from scratch, we largely keep the orig-
inal training hyper-parameters consistent with the baseline
denoising models. For finetuning, we reduced the learning
rate to 1x 1076, maintaining other parameters, and finetuned
for 1 x 100 iterations before evaluation.

Qualitative Comparison

Visual Analysis of Noisy Images.We compare RNSD with
baselines such as C2N (Jang et al. 2021), DANet (Yue et al.
2020), and R2F(sRGB2Flow)(Kousha et al. 2022), as shown
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Metrics | GRDN C2N sRGB2Flow DANet NeCA PNGAN RNSD
AKLD| | 0.443 0.314 0.237 0212 0.156 0.153  0.117
PGap| | 228  6.85 6.3 2.06 097 0.84 0.54

Table 1: The AKLD and PGap performances of various
methods on the SIDD validation set.

Mcthod\ C2N NoiseFlow sRGB2Flow GMDCN NeCA RNSD\ Real
PSNRT | 33.98 33.81 34.74 36.07  37.65 3811 |38.40

Table 2: Denoising performance comparison between
DnCNN trained on purely synthetic noise data and baseline.

in Fig.4. RNSD accurately mimics real-world noise patterns
across sensors and ISO settings, synthesizing realistic noise
while preserving color and tonal accuracy. Fig. 5 shows the
controllability of RNSD in incorporating camera settings
such as ISO level, shutter speed, and smartphone camera
type. The noise intensity in synthesized images increases
with ISO level and decreases with shutter speed. Noise pat-
terns also vary depending on the smartphone camera type,
showcasing RNSD’s ability to modulate noise profiles based
on camera metadata.

Visual Analysis of Denoising Performance. It is evident
from Fig. 6 that the DnCNN (Zhang et al. 2017) trained on
synthetic noise samples generated by RNSD significantly
outperforms other methods in terms of denoising effec-
tiveness, closely matching the performance of the DnCNN
trained with realistic noise data.

Quantitative Comparison

Noise Generation. We assess the realism of noise distri-
butions synthesized by different methods using the public
evaluation metrics AKLD and PGap on the SIDD valida-
tion set. We compare RNSD with baseline techniques in-
cluding GRDN (Kim, Chung, and Jung 2019), C2N (Jang
et al. 2021), sSRGB2Flow (Kousha et al. 2022), DANet (Yue
et al. 2020), PNGAN (Cai et al. 2021) and NeCA (Fu, Guo,
and Wen 2023). As shown in Table 1, our method outper-
forms the state-of-the-art (SOTA) with a PGap reduced by
0.30 and an AKLD improved by 0.036, indicating more re-
alistic and stable noise synthesis.

Additionally, we evaluate our method using another pub-
licly available metric (Jang et al. 2021) by training the
DnCNN network (Zhang et al. 2017) from scratch with syn-
thetic noise generated by RNSD. We compare its perfor-
mance with C2N (Jang et al. 2021), NoiseFlow (Abdel-
hamed, Brubaker, and Brown 2019), sSRGB2Flow (Kousha
et al. 2022), GMDCN (Song et al. 2023), and NeCA (Fu,
Guo, and Wen 2023). As shown in Table 2, our synthetic
noise improves DnCNN’s denoising PSNR by 0.46 dB com-
pared to the SOTA, approaching the performance of real-
data training (38.11 dB vs. 38.40 dB).

Enhance Denoising Performance with Data Augmenta-
tion. In the actual training process of denoising models, the
performance of the model often decreases due to insufficient
noise samples and limited sampling scenarios in the dataset.
Our RNSD method can improve model performance by in-
creasing noise samples and augmenting scene samples, re-
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Figure 4: Noisy synthesis samples from different methods, including C2N, sSRGB2Flow, DANet and RNSD.

SIDD validation set

Method DnCNN-B RIDNet NAFNet
Metric PSNRt SSIM?t | PSNR? SSIM? | PSNRt SSIM?t
SIDD small 37770 0947 | 3820 0.951 | 3895 0.955
SIDD small+C2N 38.00 0950 | 3847 0953 | 39.01 0.956
Increasing noise samples | SIDD small+DANet 38.05 0951 | 3841 0953 | 39.05 0.956
SIDD small+sRGB2flow | 37.79  0.950 | 3828 0952 | 3939 0.957
SIDD small+RNSD 38.27 0952 | 3874 0.954 | 39.56 0.958

Table 3: Denoising performance improvement brought by existing open-source data synthesis methods for data augmentation.

. . PNSR:35.19 I PNSR:35.69 I PNSR:32.31 I PNSR:28.23 |

Smartphone Camera

ISO-level

is0=100 I i50=800 I 150=3200 | i50=6400 | iso=10000| is0=400 I

Figure 5: Noise synthesis results with camera settings.

RIDNet MIRNet NBNet Restormer NAFNet
38.77 39.72  39.75 40.02 40.30
39.29 39.89  39.89 40.03 38.43

RIDNet* NAFNet*
39.10 40.36
39.43 39.05

SIDD
DND

Table 4: PSNR comparison on SIDD and DND, with * indi-
cating fine-tuning using RNSD noise augmentation.

spectively. Therefore, we verify the effectiveness of RNSD
through two experimental setups.

- Increasing noise samples: SIDD Medium has twice
the noise samples of SIDD Small, so we use SIDD Small
to simulate insufficient sampling. RNSD is only trained
on SIDD small. We augment SIDD small with different
noise generation methods to train denoising models from
scratch. As shown in Table. 3, augmenting SIDD Small with
RNSD improves denoising performance, boosting PSNR/S-
SIM by 0.57dB/0.005, 0.54dB/0.003, and 0.61dB/0.003 for
DnCNN-B, RIDNet, and NAFNet, respectively. The results
validate that our synthesized diverse noise by RNSD is ben-
eficial for training denoising models.
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Figure 6: Denoising results on SIDD validation set from
DnCNN trained on noisy images from (d) real noisy of
SIDD Meduim, (¢) RNSD, and (e, f) two of other baselines.

- Augmenting scene samples: We use SIDD Medium for
ample noise sampling, fine-tuning RIDNet and NAFNet pre-
trained on SIDD Medium with 1000 clean samples from
LSDIR to augment scene samples. We evaluate these en-
hanced baselines on the SIDD and DND (Plotz and Roth
2017) datasets. Results in Table 4 show significant perfor-
mance improvements: RIDNet gains 0.33 dB and NAFNet
gains 0.06 dB up to state-of-the-art levels. Notably, NAFNet
shows a 0.62 dB improvement on the DND dataset. Our
model, trained on a small subset of SIDD, demonstrates that
augmenting training data enhances both denoising perfor-
mance and generalization.

In summary, quantitative results demonstrate that RNSD
effectively augments data, boosting denoising performance
and generalization. This validates its ability to enhance
model robustness via increased noise and sample diversity.
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Figure 8: Noise Augmentation results at Different Ratios

Ablation Studies

Performance Evaluation Across Different Camera Set-
tings. In order to evaluate the performance of RNSD across
different camera settings, we consider ISO settings and sen-
sor type as examples. Fig. 7 shows that our noise synthesis
method outperforms SRGB2Flow, C2N, and DANet in terms
of lower AKLD values across all ISO levels and all sensors.
This indicates our method’s capability to effectively capture
significant noise distribution variations and learn a more re-
alistic noise model.

RNSD Performance on Limited Training Data. We as-
sessed RNSD’s performance with limited data firstly, train-
ing models on 10, 20, and 80 pairs from SIDD Small. RNSD
achieved an AKLD close to DANet’s (0.212) with 320 pairs
when trained with fewer than 20 pairs. We used these models
to synthesize additional clean-noisy pairs from SIDD, aug-
menting training data for DnCNN as detailed in Table 5.
Evaluation on the SIDD validation set revealed significant
gains, particularly with fewer than 20 pairs, underscoring
RNSD’s efficacy with minimal data.

Impact of Noise Augmentation Ratios. In Fig. 8, we show
that augmenting noise ratios from SIDD Small through
RNSD progressively improves denoising accuracy. A 4x in-
crease in training samples yields a 0.72 dB PSNR boost,
highlighting RNSD’s effectiveness in diversifying noise dur-
ing training and enhancing model generalizability. Improve-
ments plateau at a 3x augmentation ratio, indicating dimin-
ishing returns. Overall, RNSD’s noise augmentation signifi-
cantly improves real-world denoising performance.
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10 pairs 20 pairs 80 pairs |Total (160 pairs)
Baseline/RNSD|35.49/37.08 36.23/37.45 37.34/37.92| 37.70/38.27
AKLD 0.312 0.213 0.178 0117

Table 5: Performance vs Training Cost

Method AKLD|

Baseline 0.169
+ concat camera settings | 0.137
+ TCCAM 0.126
+ MCAM 0.117

Table 6: Ablation study of the TCCAM and MCAM.

Steps 3 5 10 30 200

DDIM 0.507 0356 0210  0.131 0.117
DIPS-Basic 0466  0.208  0.124  0.117  0.117
DIPS-Advanced | 0.138  0.122  0.121 0.120  0.117

Table 7: Ablation study of DIPS.

RNSD’s Modules. RNSD introduces TCCAM and MCAM
for realistic noise synthesis. As shown in Table 6, TCCAM
encodes camera settings and sampling steps into a condition
tensor, reducing AKLD from 0.169 to 0.0.126, enhancing
controllability. MCAM, combined with TCCAM, further re-
duces AKLD to 0.117, validating its role in decoupling con-
tent and camera representations. In summary, our ablation
studies validate the crucial roles of RNSD’s three modules
in guiding realistic noise synthesis.

Ablation of Deep Prior Sampling (DIPS). We compared
DIPS-Advanced, DIPS-Basic, and DDIM at various step
counts (3, 5, 10, 30, 200) in Table 7. The DIPS-Advanced
demonstrated remarkable efficiency, achieving results in just
5 steps with only a 4% accuracy loss compared to the full
1000-step DDPM. DIPS-Basic, while also effective, showed
a more incremental improvement in accuracy as step counts
increased, placing it second in performance. DDIM, known
for its deterministic approach to sampling, was tested at re-
duced step counts but struggled to maintain the accuracy
levels of DIPS, especially at the lower end of the step spec-
trum.This study shows DIPS’s superior efficiency and accu-
racy, outperforming DDIM and making it ideal for real-time
applications.

Conclusion

In this paper, we first introduce RNSD, a novel real noise
synthesis method based on diffusion models. TCCAM en-
codes camera settings and sampling steps into time-aware
affine transformation parameters, ensuring training stability
and controllability while maintaining result diversity. The
MCAM module uses dual multi-scale visual features to gen-
erate noise with multi-frequency spatial correlations that
match real noise. Additionally, our nearly lossless acceler-
ated sampling method, DIPS, is tailored for synthetic noise
tasks. Our approach achieves state-of-the-art performance
across multiple benchmarks and significantly enhances de-
noising models’ performance and generalization in augmen-
tation experiments.
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