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A denoising method of a power line signal based on an improved Noise2Noise algorithm

HU Zhengwei, WANG Zhihong, CHANG Ruixin, CHEN Weiyin, XIE Zhiyuan
(School of Electrical & Electronic Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: Since power line channel noise interference is large, noise modeling is complicated, and it is difficult to
reconstruct noiseless signal samples. A Noise2Noise neural network optimization model for a one-dimensional time series
is proposed, and the feasibility of Noise2Noise algorithm to suppress power line noise is verified and analyzed. First, the
principle of the Noise2Noise algorithm is analyzed and theoretically deduced. Second, by selecting the appropriate
network structure and improving network input and output, the neural network is suitable for processing experimental
data. Sine wave data is used to test the network and verify the model. Then, by building an orthogonal frequency division
multi-plexing (OFDM) modulation model, OFDM symbols are generated, and specific noise is added to form noisy
samples. Finally, based on the improved network structure, the noise sample test of an OFDM leader sequence of power
line received signals is realized. This enhances the feasibility and effectiveness of Noise2Noise method and has good
practicability.
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Table 1 Parameters of each layer of U-Net model

X 2k B
% RHfEE) K 35 Bk
convl_1 3/64 1 1 ReLU
1 convl 2 3/64 1 1 ReLU
pooll 2/— 2 — —
conv2 1 3/128 1 1 ReLU
2 conv2 2 3/128 1 1 ReLU
B4 pool2 2/— 2 — —
SRS conv3 1 3/256 1 1 ReLU
3 conv3_2 3/256 1 1 ReLU
pool3 2/— 2 — —
conv4 1 3/512 1 1 ReLU
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pool4 2/— 2 — —
conv5_5 3/1024 1 1 ReLU
opE S
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up6 2/512 2 1 ReLU
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7 conv7_1 3/256 1 1 ReLU
i conv7 2 3/256 1 1 ReLU
s up8 2/128 2 1 ReLU
8 conv8_1 3/128 1 1 ReLU
conv8 2 3/128 1 1 ReLU
up9 2/64 2 1 ReLU
9 conv9 1 3/64 1 1 ReLU
conv9_2 3/64 1 1 ReLU
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Fig. 1 Flow chart of sine wave data denoising verification
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Fig. 2 Schematic diagram of training samples
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Fig. 4 Loss and signal-to-noise ratio of denoising verification
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Table 2 Noise reduction results of different noises
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Table 3 Correlation relative error of different noises
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Table 6 Correlation average relative error under

different sample differences
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Table 7 Correlation average relative error under

different sample differences
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Fig. 21 Output signal-to-noise ratio under different

signal-to-noise ratios
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Table 8 Correlation average relative error under
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