





ing the central pixel. Various other works propose alter-
native masking schemes, either mask the input [11, 36, 40]
or mask the network [2, 19, 20, 34, 48, 52]. Noise2Void
struggles with real-world noise, which often exhibits spa-
tial correlation. Therefore, subsequent research endeavors
to break the noise spatial correlation [8, 21, 23, 41, 47, 57].
There are also some methods that amalgamate frameworks
established by both Noise2Noise and Noise2Void [15, 32]
or get rid of frameworks established by Noise2Noise and
Noise2Void [5, 16, 17, 30, 56], but these methods are usu-
ally less developed due to the complexity.

2.2. Single Image based Methods

Single image based methods represent the most challeng-
ing situation for denoising and the least demanding require-
ments for data. These methods learn to denoise from a
given single noisy image without any dependence on paired
noisy-clean or noisy datasets. As a result, single image
based methods are less developed due to the inherent dif-
ficulty, only gaining attention in the past two years.

DIP [38] is the earliest self-supervised image denoising
method. DIP [38] learns to map random noise to a given
noisy image and employs early stopping to prevent over-
fitting. Self2Self [36] uses dropout to create two Bernoulli-
sampled observations of a noisy image. R2R [33] constructs
noisy images by adding new Gaussian noise and applying
reciprocal coefficients. ScoreDVI [9] performs real denois-
ing using a pre-trained Gaussian denoiser and an estimated
noise model. ZS-N2N [27] extend Noise2Noise [22] to a
single image version by downsampling. MASH [11] em-
ploys masking and local pixel shuffling to break the noise
spatial correlation. Recently, DMID stimulates the diffu-
sion model for self-supervised single image denoising [24].

In this paper, we propose Positive2Negative, a new self-
supervised single image denoising paradigm, to break the
information-lossy barrier.

3. Positive2Negative

In this section, we first demonstrate the motivation of Posi-
tive2Negative in Section 3.1. After that, we present the two
critical steps of Positive2Negative: RDC and DCS, respec-
tively in Section 3.2 and Section 3.3. Finally, we provide an
analysis and proof of Positive2Negative in Section 3.4.

3.1. Motivation

Our inspiration stems from the widely recognized assump-
tions that the noise distribution is zero-mean and approxi-
mately symmetrical [18, 22], which is consistent with our
observation. In our observation experiment, we calculate
the noise distribution of a fixed pixel across multiple obser-
vations of the same scene. Specifically, following SIDD [1],
ELD [42] and PMN [12], we collect noisy image y and
clean image c. Then we calculate the noise value n at each

Figure 3. Noise distribution is zero-mean and approximately
symmetrical. (a) shows a noisy image. (b) and (c) show the noise
distributions, which are calculated at the center pixels marked by
the and the red circle in the noisy image, respectively.
It is evident that the noise distribution is zero-mean and approxi-
mately symmetrical.
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Figure 4. The opposite noise —n is similar to the original noise n.
The opposite noise —n approximately follows the original noise’s
distribution, which is zero-mean and approximately symmetrical.

spatial location (7, ). Additionally, we compute the fre-
quency of n; ; cross noisy images of the same scene. The
results are shown in Figure 3, which demonstrates the noise
distribution is zero-mean and approximately symmetrical.

Based on this observation, an intuitive insight is that the
opposite noise —n also follows the same distribution as that
of the original noise n. This intuitive idea inspires us to
construct the opposite noise n,, and correspoding opposite
noisy image y,:

np = —n, 6]

Yn

rT+n, =x—n. 2)

The opposite noise n,, and opposite noisy image ¥, are sim-
ilar to the original noise n and original noisy image y, re-
spectively, as shown in Figure 4.
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