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Abstract

Recently, deep learning-based denoising approaches have been actively studied. In particular, with the advances of blind denoising
techniques, it become possible to train a deep learning-based denoising model only with noisy images in an image domain where
it is impossible to obtain a clean image. We no longer require pairs of a clean image and a noisy image to obtain a restored clean
image from the observation. However, it is difficult to recover the target using a deep learning-based denoising model trained by
only noisy images if the distribution of the noisy image is far from the distribution of the clean image. To address this limitation,
unpaired image denoising approaches have recently been studied that can learn the denoising model from unpaired data of the
noisy image and the clean image. ISCL showed comparable performance close to that of supervised learning-based models based
on pairs of clean and noisy images. In this study, we propose suitable normalization techniques for each purpose of architectures
(e.g., generator, discriminator, and extractor) of ISCL. We demonstrate that the proposed method outperforms state-of-the-art

unpaired image denoising approaches including ISCL.
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Charge noise

Film noise

Figure 1: Examples of heterogeneous charge noise and film noise reported by Lee and Jeong [1]
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Discriminator (Spectral Normalization)

Extractor (Switchable Normalization)

Figure 2: A modified architecture of ISCL [1] in which a suitable
regularization technique is applied for the purpose of each model.
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Table 2: P.S.: Paired Supervision and U.S.: Unpaired Supervision. Quantitative PSNR and SSIM results on case 1 and 2. The first and

Table 1: Specifications for our EM experiment cases.

Case | Noise-Free Images | Noise Types Noisy Images (Scenario)
1 TEMzp Charge TEMyzp + Charge (Synthetic)
2 TEMpgs Film T EMpgs + Film (Synthetic)
3 TEMgzp Charge SEMzp (Real)
4 TEMpgs Film TEMppc (Real)

second best results of unpaired supervision methods are highlighted in red and blue, respectively.

Charge noise Film noise
Type Method
PSNR | SSIM | PSNR | SSIM
DnCNN [6] 2827 | 09172 | 27.55 | 0.8964
PS. RED-CNN [27] 28.61 0.9230 | 28.02 | 0.9049
CaGAN [7] 28.60 | 09186 | 28.03 | 0.9020
Quan ez al. [5] 2232 | 0.8785 | 23.44 | 0.8288
UIDNet [28] 23.11 0.8592 | 21.34 | 0.7826
ADN [17] 25.67 | 0.8686 | 24.37 | 0.8535
ISCL [1] + Batch Normalization [11] 24.62 0.8969 20.63 0.7568
U.S. ISCL [1] + Layer Normalization [22] 24.61 0.8945 23.99 0.8829
ISCL [1] + Group Normalization [29] 24.86 | 09016 | 24.74 | 0.8879
ISCL [1] + Switchable Normalization [21] | 25.12 | 0.9044 | 26.80 | 0.8948
ISCL [1] + Batch-Instance Norm [19] 27.12 | 09054 | 27.06 | 0.8915
Proposed 27.11 0.9076 | 27.86 | 0.8992
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Up = NHWZ Z anzgk @) (8) _ Tnijk — (Wplk + Wity + Wiknk) v 8 (13)
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o= NI}IWE;;(IMM k) (8) where wy, + w; +w; = 1 and wy, + w] + w; = 1. (14)
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RED CNN

Proposed

Figure 3: Qualitative results of RED-CNN [27], ISCL [1]+SN (switchable normalization) [21], ISCL [1]+BIN (batch-instance normal-
ization) [19], and proposed method. First and third row indicate the result of case 1 (charge noise) and case 2 (film noise), respectively.
Second and fourth rows are the heat maps of error compared to ground truth.
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ISCL*BIN

Proposed Error map

“
_;gi:’:‘-—: ’M" HER

Figure 4: Qualitative assessment on real EM images corrupted by charge noise and film noise which are specified in Table 1. We compare
the proposed method with ISCL+BIN which is the state-of-the-art unpaired image denoising method as a baseline. Error map represents
the proportion of error between the baseline and the proposed method.
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