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Abstract

The DDPM Paper[5] effectively demonstrates the Diffu-
sion Model’s capability in denoising images with standard
noise. However, denoising a single image with numerous
layers of random noises and augmentations still remains as
a problem. In cases where random noise such as downsam-
pling is introduced, resulting in a degradation of both image
quality and resolution, completely recovering the distorted
image back to the original image remains as a challeng-
ing task. In this project, we propose a novel approach for
addressing this gap by rearranging the inverse-operation
(denoising) order, by first generating a super-resolution of
the “multi-noised images” to encapsulate the details of the
low-resolution-noised images. This approach leverages the
principles of denoising diffusion models while integrating
additional mechanisms to handle the complexities intro-
duced by multi-noise scenarios.

1. Introduction
Recently, denoising diffusion models have exhibited

high-quality image generation by demonstrating their ca-
pacity to remove random noises from images. However,
the challenge of outputting clean images after applying
combinations of different noises and augmentations (which
we will call as ”multi-noise” for brevity) remains even for
state-of-the-art denoising models. For the simplicity of our
demonstration, we assume that ”downsampling” is always
applied in our multi-noise.

This paper presents a novel approach by first upscaling
the low-resolution multi-noised image to a 4x Super Reso-
lution, to not only resize the image back to its original size
but to also proliferate the distorted image from the multi-
noise. The Super Resolution emphasizes the features of the
image and the noises. We show that the Super Resolution
of multi-noise images enhances the overall quality of the
denoising step for the ”downsampling” step, as well as the
final output image. By using this two-step method, we aim
to improve the resemblance of the processed images to their

Figure 1. Comparison between the results of the resized image and
Super Resolution using images with 4 layers of noises applied.

original forms.
As a whole, we demonstrate that the reordered noise pro-

cessing, by first using Super Resolutions to elevate the im-
age quality before denoising other noises from the stacked
layers of noises, enhances the overall quality of the images
when inversely processing images.

2. Related Work

In the past years, numerous deep-learning methods for
super-resolution have been discovered. Previous meth-
ods for generating Super Resolutions include SRGAN[7],
ESRGAN[9], ESRGAN+[4]. These Super Resolution mod-
els are built upon the framework of generative adversarial
networks (GANs), whereas our approach leverages diffu-
sion, a state-of-the-art technique for image generation.

The Super-Resolution of noise has been researched in
previous works but was not on the scale of numerous layers
of noise. The present work aims to take a step further to
effectively reversing the random image operations applied
to the image while preserving the quality.

3. Methods

for k = 1, 2, . . . ,M : Ik = Tk(Ik−1). (1)
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zT ∼ N (0, I),

for t = T, T − 1, . . . , 1 : zt−1 = pθ(zt−1 | zt, IM ). (2)

Î = F (ÎSR) = F
(
DiffusionSR(IM ; θ)

)
, (3)

where IM = (TM ◦ TM−1 ◦ · · · ◦ T1)(I).

Our paper presents a two-step method using a super-
resolution model, followed by a denoising model. We eval-
uate two prominent models, StabilityAI[2] and OpenAI[8]’s
Diffusion Probabilistic Models (DDPM)[5], as our choices
for the super-resolution models. StabilityAI’s stable diffu-
sion upscaler model produces significantly improved qual-
ity images than DDPM, but also removes all of the noise
that was applied onto the input image. This was problem-
atic as there was no use case for the secondary step which
would be to input the super-resolved image into the denois-
ing model. Therefore, we opted to use DDPM, produc-
ing super-resolution images while preserving the underly-
ing noise applied.

3.1. Applying Noise

In this paper, we sequentially add noise and perform
downscaling to generate the multi-noised images. We apply
the Gaussian Noise by convoluting the Gaussian matrix and
the Poisson noise by using the Wand library[3], with down-
scaling handled by Image.Resampling.LANCZOS
from the Python library Pillow.

3.2. OpenAI Guided Diffusion

OpenAI[8]’s Guided Diffusion Upscaler model features
UNet architecture for diffusion models, and improvements
upon previous models, including BigGAN residual block
usage, and an increase in residual connections. We utilize
this model to perform an upscaled super-resolution of the
multi-noised images.

4. Experiments
The experiment was conducted through hyperparameter

searching from the pre-trained model by OpenAI[8] that
was trained with the ImageNet[6] dataset. We set the model
to have 1000 diffusion steps and 250 timestep respacing to
obtain the image that best enhances the details of the image.
We evaluate our Super Resolution model by comparing the
Fréchet Inception Distance (FID) and Peak Signal-to-Noise
Ratio (PSNR) metrics with the resized original image. pro-
cess.

5. Results
Although there exist denoising models that are trained

with natural noises such as the SIDD dataset[1], the models
were not able to denoise images for our particular scenario.

Image\Metrics FID (↓) PSNR (↑)

Resized (256x256) 84.38 32.92

Ours (Super Resolution) 61.43 30.41

Table 1. Comparison of metrics for Upscaling and Super
Resolution methods.

Figure 2. Final image generated through Nero AI’s online denoiser

As shown in Figure 2, noises are not completely denoised,
however, we anticipate this phenomenon to alleviate with a
model trained specifically with our Super Resolution noises.

6. Future Work

For this paper, for simplicity, we only demonstrated 4
steps of image augmentations (noise1 + downsampling +
noise2 + downsampling). However, ideally, given any com-
binations of noises and augmentations, the model should be
able to give a Super Resolution, and effectively restore it
back to the original image. Given the results of our PSNR
scores, there is still space for more improvements through
hyperparameter searching. In this paper, we employed an
open-source commercial model to denoise our Super Res-
olution Noised image. However, future work will focus on
developing a custom model specifically to address and re-
move such noise effectively.

7. Conclusion

We demonstrate that modifying the order when revers-
ing image operations with multiple layers of noise results
in enhanced quality. This study potentially could be repro-
duced with a variety of different image augmentations and
noises, following with other super-resolution, and denois-
ing models. Although our results did not match the original
image’s quality due to utilizing an online denoiser that was
not specifically trained with our settings, we successfully
demonstrated the feasibility of applying such tools for rapid
image processing and identified areas for future optimiza-
tion.
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