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Real image denoising via separating features
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School of Computer Science and Technology , Chongqing University of Posts and Telecommunications, Chongqing 400065, China

Abstract: Objective Image noise refers to the distortion phenomenon in visual signals caused by random variations or
external interference. This phenomenon often leads to poor performance in various computational tasks. The core goal of
image denoising is to restore clear, accurate, and high-quality images from those affected by noise interference, which
makes them more consistent with human visual perception for subsequent image analysis, processing, or visual presenta-
tion. Currently, restoring damaged high-quality images has become a primary objective in the field of image processing.
Many studies have achieved promising results in dealing with known distributions of noise (such as additive Gaussian white
noise). However, real-world noise differs fundamentally from synthetic noise due to its origins from various factors, such
as changes in lighting conditions, sensor stability, and environmental interference. This complexity leads to poor general-
ization capability of models trained on synthetic noise when faced with real noise, which results in suboptimal denoising

effects. Some deep learning methods directly learn residual images through networks and use differences as constraints to
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realize image denoising. However, real noise exhibits high non-uniformity and complexity, while single-task networks for
pixel-space noise separation often ignores the complexity of noise distribution and the correlation between noise and the
overall structure of the image. Therefore, this approach easily mistakes non-noise information in the image for noise and
removes it. This error leads to loss of image clarity and details, which disrupts the overall structure of the image. Mean-
while, some methods adopt a combination of traditional methods and deep learning, which utilizes prior information to sepa-
rate image data. Compared with traditional direct mapping approaches, these methods are more flexible and can more accu-
rately locate and process noise. Thus, they improve the adaptability to different types of noise to some extent. However,
these techniques have certain limitations in that they tend to ignore the characteristics of the image itself, which may affect
its overall structure during denoising. In addition, such means usually require additional computational and network steps,
which may be limited in practical applications. We propose a noise feature separation network to mitigate the impact of
noise learning bias on the image itself and better balance prior information and image characteristics. Method In this
study, we draw inspiration from the concept of separation and employ a multi-module joint network, which is called the fea-
ture separation and guidance for real image denoising network, to realize feature separation and guidance. This network
comprises a separation module, a guidance module, and a contrastive learning module. Considering that convolutional neu-
ral networks (CNNs) may overlook the global structural information of images when extracting deep semantic features , the
basic architecture network of our network module is implemented using a cross-structure of CNN and Transformer. First,
we designed a symmetric network to constrain the noise separation module without relying on any prior information. The
symmetric network learns the bidirectional mapping relationship of images by mapping noise images to noise-free images,
and vice versa. Subsequently, the separated noise features are used as guidance information for the image denoising mod-
ule, which enables multi-scale guidance for removing noise signal features in the feature space. Finally, based on the idea
of contrastive learning, we further constrain the separation module by leveraging the differences between positive and nega-
tive samples to realize noise feature separation. Given that our model learns the bidirectional mapping relationship between
noisy and noise-free images, the noise separation module is constrained by structural and contrastive losses. This constraint
provides more accurate noise signal features for the image denoising module and enhances the accuracy and generalization
performance of the network denoising. Result Experiments were conducted on the SIDD dataset for training and on three
datasets (smartphone image denoising dataset (SIDD ), darmstadt noise dataset(DND) sRGB, and PolyU-real-world-noisy-
images-dataset (PolyU) ) for testing. Compared with other real image denoising methods, our approach produces more con-
sistent results in peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM). Specifically, on the
PolyU dataset, PSNR improved by 0.25%, and SSIM enhanced by 0. 72%. Several ablation experiments were also con-
ducted, and the effectiveness of each algorithm module was verified through visual demonstrations. Experimental results
demonstrate that our proposed algorithm significantly improves the effect of image denoising and enhances the generaliza-
tion performance of the model to a certain extent. Conclusion This study proposes a feature space separation-guided denois-
ing model. Based on the concept of feature separation, this model effectively transforms between feature space and pixel
space, which enables flexible learning of noise signal features and provides accurate guidance information for the denoising
model. Further adoption of contrastive learning improves the learning of noise signal features. Leveraging the cross-
structure of Transformer and CNN enhances the retention of image features during the denoising process, which reduces the
loss of key information. This network architecture efficiently separates the noise features within the image from its intrinsic
features. As a result, more accurate localization and processing of noise signals is realized while preserving the original
details and structure of the image. By separating and reconstructing noise signals in the feature space, our method mini-
mizes the loss of overall image information during the denoising process, which improves denoising effectiveness and main-
tains image quality. The proposed method exhibits competitive performance when compared with representative state-of-the-
art methods for image denoising.
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Table 1 Results of various methods on different datasets

SIDD DND sRGB PolyU
Tk
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

S 23.66 0.457 29.83 0.701 35.44 0.937
DnCNN(Zhang % ,2017) 23.66 0.583 3243 0.790 - -
FFDNet(Zhang % ,2018) 38.27 0.948 37.61 0.941 38.76 0.970
RIDNet(Zhuo % ,2019) 3871 0.954 39.23 0.953 38.57 0.970
CBDNet(Guo % ,2019) 33.26 0.869 38.06 0.942 37.81 0.956
AINDNet(Kim % ,2020) 38.93 0.952 39.37 0.951 37.33 0.954
CycleISP(Zamir % ,2020) 39.52 0.957 39.56 0.956 37.61 0.955
DeamNet(Ren %5 ,2021) 39.35 0.955 39.63 0.953 37.70 0.958
Resformer(Zamir 2 ,2022) 40.02 0.960 40.03 0.956 37.66 0.956
DRANet(Yang % ,2023) 39.50 0.957 39.64 0.952 38.89 0.964
DCANet(Wu%,2023) 39.27 0.956 39.57 0.953 38.74 0.963
NSNet(4<3) 39.04 0.943 39.49 0.952 38.99 0.977

T I R M RS S B R R B S AL I AR SRR A A e R4 R, =7 FR R X I SR T AR X HZ I AR HEAH DG (R B,

K:;m@
L%

FFDNet CBDNet RIDNet AINDNet DeamNet
DnCNN FFDNet CBDNet  RIDNet AINDNet  DeamNet iy
DnCNN FFDNet CBDNet  RIDNet AINDNet  DeamNet AL
(a) MG (b) XL &G

2 DND sRGB Al SIDD Z:Me45 R A T g4 BTt Xt LE, 55 14524 DND sRGB ¥4 , JLAl A7y SIDD Hodii g
Fig. 2 Visual quality comparison of denosing results on the DND sRGB and SIDD dataset. The first row is from the DND sRGB

dataset, while the others are from the SIDD dataset ((a) noisy images; (b) comparison images)
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(a) MERFIRIR (b) oM & (¢) DCANet
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(d) Resformer
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37.33/0.962

B
VA

38.11/0.969

33.27/0.980
(f) DRANet (g) NSNet

(e) CycleISP

K3 PolyU$itdi 4 AP SEBOR XS LE
Fig. 3 Visual quality comparison of augmentation results on the PolyU dataset

((a) noisy images; (b) noise-free images;(c) DCANet;(d) Resformer; (e) CyclelSP; (f) DRANet; (g) NSNet)
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(a) MEFSIFAIE S B 4 R TR

... : m”‘

(b) Jiil&l
Fig. 4 Noise feature visualization ((a) visualization of noise

K4 WRFERRIE T LA
feature separation results; (b) original images)
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(© JeMrHl
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Fig. 5 Effectiveness of noise feature separation ((a) noisy

images; (b) noise feature images; (c¢) noise-free images)
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51 St e B O R , HFs A A N RN
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Table 2 Ablation experiment

SIDD DND sRGB PolyU
Jrik
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
S Aty o 245 37.44 0.930 37.37 0.923 37.97 0.951
K4y 7 2% 38.40 0.939 39.01 0.931 38.45 0.950
NSNet,, (oo 38.75 0.941 39.23 0.942 38.80 0.963
NSNet(43) 39.04 0.943 39.49 0.952 38.99 0.977

(a) MEFH IR

(b) JEMEFH =5

(OF-ShlES

(d) W53 KM% (e) NSNet, (f) NSNet (430

Leontr

Ko IHRSEEBORXT L

Fig. 6 Comparison of ablation experiment results

((a) noisy images; (b) noise-free images; (c¢) baseNet; (d) dualNet; (e) NSNet,, ,.,..; () ours)
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Fig. 7  Visualization of structural features comparison

((a) noisy images; (b) CNN-Transformer cross-structured network feature maps; (¢) CNN network structure feature maps)
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