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Abstract: [Objective] With the rapid development of modern
power grids, power quality issues have become significant
concerns in power systems. These issues, including voltage
fluctuations, harmonics, transient pulses, and voltage
interruptions, not only affect the safe operation of power
systems but can also lead to equipment damage and energy
waste. To address the limitations of traditional power quality
classification methods, which suffer from poor recognition
performance, high computational complexity, and data privacy
concerns, this paper proposed a federated weighted resampling
and hybrid optimization ( FedWRHO ) algorithm, which
leverages federated learning and edge computing. [Method ]
First, a hybrid model integrating convolutional neural network
(CNN) and long short-term memory (LSTM) network was
designed to efficiently extract spatiotemporal features of power
quality signals, with local training performed on edge devices.
Subsequently, a distributed federated learning framework was
established by integrating edge computing with federated
learning, allowing edge nodes to utilize local data for training
while aggregating models in the cloud to improve overall model

performance. Finally, detailed experimental validation was
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conducted to assess the effectiveness of the proposed
FedWRHO algorithm and its hybrid CNN-LSTM model.
[Results] The findings indicated that the model achieved high
classification accuracy for 14 types of power signals, with most
categories reaching or exceeding 95% accuracy. Additionally,
the data transmission volume and storage requirements for edge
training were significantly lower than those for centralized
training. [Conclusion] The method proposed in this paper not
only demonstrates superior classification performance and data
privacy protection but also effectively addresses issues related
to computational resource allocation and adaptability,
indicating broad application potential.

Key words: power quality; edge computing; federated
learning; convolutional neural network; long short-term

memory network
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Fig.2 Training process of federated learning algorithms
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Fig. 6 Classification results of the CNN-LSTM model
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# 2 CNN-LSTM R4y F 45 1
Tab.2 Classification results of the CNN-LSTM model

e IYREER %
Pre Rec F1

C1 97.50 95.00 96.23
C2 95.40 94.20 94.80
C3 98.20 97.00 97.59
C4 96.70 96.20 96.45
C5 97.10 95.60 96.34
Co6 99.00 98.50 98.75
Cc7 96.00 94.50 95.24
C8 95.80 95.00 95.39
C9 96.20 95.50 95.84
C10 97.80 96.90 97.34
Cl11 94.50 93.00 93.74
C12 95.60 94.80 95.19
C13 96.10 95.50 95.79
C14 97.50 96.50 97.00
Cl1+C2 95.60 94.80 95.19
C1+C3 96.00 95.00 95.49
Cl1+C4 95.40 94.20 94.80
C1+C5 97.20 95.80 96.49
C1+C6 98.00 97.50 97.75
C2+C3 95.50 94.70 95.09
C2+C4 95.80 95.00 95.39
C2+C5 97.10 95.60 96.34
C2+C6 99.00 98.50 98.75
C3+C4 96.00 94.50 95.24
C3+C5 97.50 95.50 96.49
C3+Co6 98.00 97.50 97.75
C4+C5 95.60 94.80 95.19
C4+C6 99.00 98.50 98.75
C5+Co6 98.20 97.00 97.59
C1+C7 96.20 95.50 95.84
C2+C7 94.50 93.00 93.74
C3+C7 95.60 94.80 95.19
C4+C7 97.50 96.50 97.00
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Fig.7 Classification accuracy of different models under

different training sample proportions
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With the rapid development and widespread
application of modern power grids, power quality
issues such as voltage fluctuations, harmonics,
transient pulses, and voltage interruptions have
become significant concerns in power systems. These
power quality problems not only affect the safe
operation of power systems but can also lead to
equipment damage and energy waste. Traditional
power quality classification methods have limitations
in terms of recognition accuracy, computational
complexity, and data privacy.

To address these issues, this paper proposed a

hybrid

optimization algorithm, which integrated federated

federated  weighted  resampling  and
learning with edge computing. The algorithm was
combined with convolutional neural network and long
short-term memory network to efficiently extract
spatiotemporal features of power quality signals, with

A

was

local training performed on edge devices.

distributed  federated learning framework
designed by combining edge computing and federated
Edge

utilization by reducing cloud storage requirements

learning. computing optimized resource

and data transmission for model updates. Federated

S4

learning  ensures that data remained local,

significantly reducing data transmission volume and
mitigating privacy risks, while maintaining high
classification accuracy.

The

simulated data generated by power system simulation

method was further validated using
software and real-world data collected by power
quality monitoring devices. Experimental results
showed that the method achieved high classification
accuracy for various power quality disturbances, with
most or exceeding 95%

categories  reaching

recognition accuracy. The results confirmed the
effectiveness and superiority of the proposed method
in terms of classification performance and data
privacy protection.

This study provides an effective approach for
classifying power quality disturbances in modern
power grids, addressing the challenges of data

privacy, computational resource allocation, and

adaptability associated with traditional centralized
methods. Future research can further optimize the
algorithm and model to improve classification
performance and explore applications in larger and

more diverse power systems.
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