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*intrinsic mode functions

* variational mode decomposition

'* Multi-functional recurrent fuzzy neural network
" Fuzzy neural network
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'Y factorization machine-based neural networks
'™ long short-term memory

'* ensemble empirical mode decomposition

'* Convolutional neural network

" extreme learning machine

Y secondary decomposition
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'* autoregressive integrated moving average
"* Taylor expansion forecasting
' particle swarm optimization
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Algorithm Y: DCT-MFRFNN training algorithm
Input: Input time series D = {x[t!, x[thl} £=\"p X
Output: Predicted signal (y7)

Apply DCT to x to obtain c € R"P¥
ne—|px O=A)/Vee] 40
for i « n to p do

Ci «
end
Apply IDCT to ¢ to obtain x~
Train MFRFNN using x° as input
Predict y~ using MFRFNN model
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Algorithm Y: VMD-MFRFNN training algorithm
Input: Input time series D = {x[t, x[thl}t=\rP K
Output: Predicted signal (¥)

Decompose x to obtain {imf;} i=)"K

for i « ) to K do

Train MFREFNN; using imf; as input

Predict ¥; using MFRFNN; model

end
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