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Fig.1 Power series decomposition process
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Fig.2 Process of photovoltaic power forecasting
based on Q-Learning
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Table 1 The performance comparison of two feature
selection models
A MAE MSE R
T Pearsontl & 2241
G 0.714 4 0.758 4 0.862 3
SR LR 1% 0.638 4 0.618 8 0.887 6
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KA, [ 2 83 25 AR SR 15 S, $2 vy XA Be
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Table 2 Parameter settings of the four network models

FHgoT ik

FiA JZH A F Rt R
BP A2 2B 802 Hi 2 128,64 64 Adam
BiLSTM AR+ 2WMLSTMZHiH)E 64,64 64  Adam
GRU i A JZ+2GRUJZ +Hii i )2 64,64 64 Adam

TCN WA ZRER R E 64,64 64  Adam
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Fig.5 Model combination process based on Q-Learning
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MSE. #JJ7 R 12 2= (root mean squared error, RMSE)
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Fig.7 Relationship between input step size and MSE
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Fig.8 Validation of the VMD algorithm effectiveness
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Fig.9 Forecasting errors of the VMD algorithm
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Diffusion characteristics of multi-component gases in gas to liquid

insulating oil via molecular dynamics analysis

LIU Jinfeng', CHEN Beibei', ZHANG Wengqian', LI Xiacohan’, ZHANG Xiang’, JIANG Jun'

(1. Nanjing University of Aeronautics and Astronautics (Jiangsu Key Laboratory of New Energy Generation and Power
Conversion), Nanjing 211106, China; 2. State Grid Jiangsu Electric Power Co., Ltd. Research Institute, Nanjing 211103,
China; 3. Manchester Metropolitan University, Manchester M15GD, United Kingdom)

Abstract: In power transformers, insulating oil deteriorates continuously due to aging, overheating, discharge, and other
factors, accompanied by the production of characteristic gases such as H,, CH,, C,H,, C,H,, C,H,, and varying degrees of
diffusion within the oil. However, due to differences in gas structure and insulation systems, the diffusion characteristics of
characteristic gases in gas to liquid (GTL) insulating oil are not yet clear, and the interactions among multiple gas molecules
remain unclear. In order to elucidate this diffusion mechanism, this study employs molecular dynamics methods to investigate
the diffusion behavior of mixed gases in stationary GTL insulating oil at the microscopic level. By comparing the diffusion
coefficients, trajectories, free volume fractions, and interaction energies of single-component, binary, and multicomponent gas
systems, the influence of mixed gas addition on diffusion is analyzed. The results indicate that for single-component diffusion
systems, the diffusion coefficients of gases in GTL insulating oil exhibit the order: H, > hydrocarbon gases, and the diffusion
coefficients of hydrocarbon gases are inversely proportional to molecular mass, with diffusion of different gases conforming to
the "vacancy jump diffusion theory". For binary diffusion systems, the diffusion of gas molecules in mixed gas systems exhibits
a synergistic effect, manifested by repulsive interactions between different gas molecules. Moreover, the addition of mixed
gases reduces the interaction energy of CH, with GTL insulating oil by 9.21 kJ/mol and that of H, by 3.76 kJ/mol, respectively;
the free volume fractions of H, and CH, increase by 27.5% and 113.7%, respectively, expanding gas movement space,
weakening GTL's binding effect on gases, and increasing gas diffusion coefficients. Clarifying the diffusion characteristics of

gases in GTL insulating oil will effectively serve the fault diagnosis of power transformers.
Keywords: gas to liquid (GTL); characteristic gases; molecular dynamics simulation; diffusion coefficient; interaction energy;

free volume
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Multi-modal adaptive photovoltaic power optimization and
combination forecasting based on Q-Learning

WEI Zhichu'?, YANG Ping'?, ZHOU Qianyufan', CHEN Wenhao', WAN Siyang', CUI Jiayan'

(1. School of Electric Power Engineering, South China University of Technology, Guangzhou 510640, China; 2. Guangdong
Key Laboratory of Green Energy Technology, South China University of Technology, Guangzhou 510640, China)
Abstract: To address the challenges of high volatility and stochasticity in photovoltaic (PV) power series, a multi-modal
adaptive PV power optimization forecasting model based on Q-Learning is proposed. The original PV power series are first
decomposed into different submodalities using the variational mode decomposition algorithm optimized by the whale
optimization algorithm. An integrated feature selection model is then employed to identify the most sensitive meteorological
features for each submodal series. Four basic forecasting models: back propagation neural network, bidirectional long short-
term memory, gated recurrent unit and temporal convolutional network, are constructed to predict the power sub-series. Given
that different models exhibit varying forecasting abilities for sub-series with different frequency characteristics, Q-Learning is
utilized to adaptively select the optimal combination of forecasting models for each modality. The final forecasting result is
obtained by superimposing and reconstructing the forecasts of the different submodalities. The proposed model is validated
using a high-resolution PV meteorological power dataset. The results demonstrate that the proposed multi-modal adaptive
photovoltaic power optimization and combination forecasting based on Q-Learning achieved a 16.18% reduction in mean

absolute error and a 17.00% reduction in mean squared error compared to the single model.
Keywords: whale optimization algorithm; variational mode decomposition; Q-Learning; power forecasting; combination

model; photovoltaic (PV) power generation
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