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Multi-scale fusion prediction method of dissolved gas in power transformer
oil considering spatio-temporal coupling relationship
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Abstract: Multi-scale mining of the spatio-temporal coupling relationship of dissolved gases in oil is helpful to improve the
prediction accuracy of dissolved gases in oil and provide a reliable theoretical basis for transformer operation and
maintenance decisions. Thereby, a multi-scale fusion prediction method for dissolved gases in transformer oil considering
spatio-temporal coupling information was proposed in this study. Firstly, the Res2Net was used to extract the multi-scale
time characteristics of the dissolved gas data in oil, and the periodic time feature information of the characteristic gas under
different frequencies was captured. Secondly, the implicit relationship between characteristic gases was captured by
calculating mutual information, the correlation between different gases was described in the form of topological graphs, and
the spatial information features were extracted by using graph convolutional neural network (GCN). Finally, multi-scale
temporal information and spatial information were fused and spliced, and temporal convolution network (TCN) was used to
predict the dissolved gas in oil. The proposed method was validated using online oil chromatography monitoring data from a
500 kV transformer. The results show that compared with the traditional prediction method, the Res2Net-GCN-TCN model
can effectively improve the prediction accuracy of dissolved gas content in oil, and the average prediction accuracy is
98.68%.
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Table 1 Comparison on the effects of different

prediction methods

TR R/ (LL/L) R 1%
Res2Net-GCN-TCN 0.092 4 0.9575 98.68
SMA-VMD-GRU 0.176 4 0.866 9 93.74
LSTM 04725 0.635 6 91.17
GRU 0.456 0 0.651 4 91.33

*2 HAASLIRAER

Table 2 Results of ablation experiments

(e Rye/(WL/IL) — M,,./% R 1%
T 0.2572 6.81 0.7125 93.19
R-T 0.204 6 5.66 0.828 3 94.34
G-T 0.164 6 3.75 0.884 9 96.25
R-G-T 0.1283 1.46 0.946 2 98.54
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Fig.11 Comparison on prediction performance of different

spatiotemporal feature extraction models
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