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Non-Invasive Power Load Decomposition Based on Federated Learning
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Abstract: In view of the flaw of privacy leakage problem in the process of uploading user data by users during
traditional power load decomposition, a scheme has thus been proposed to train the power load model through federated
learning by using the Conditional Generative Adversarial Network (cGAN) model. By using a small amount of data
set from each local user model training, users upload the relevant parameters of the trained model to the server, which
subsequently organizes and aggregates the collected parameters, with the model parameters further distributed to the
users. It is guaranteed that local user data remains private while still enabling model training, with the effectiveness of
this method validated through experiments on the publicly available UK DALE dataset.
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network
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Table 1 Distinguishing the network layer of a network

Layer Discriminator Network

Conv2d, Filters=64, stride=(2, 1),

Layer 1 L

activation = ReLU

Conv2d, Filters=64*2, stride=(2, 1),
Layer 2 R

BatchNorm, activation= ReLU

Conv2d, Filters=64*4, stride=(2, 1),
Layer 3 L

BatchNorm, activation= ReLU

Conv2d, Filters=64*4, stride=(1, 1),
Layer 4 L

BatchNorm, activation= ReLU

Conv2d, Filters=1, stride=(1, 1),
Layer 5

activation=sigmoid
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