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Medium and long-term power load forecasting based on
dynamic frequency domain feature decoupling

Luo Pengyang Zhu Wenzhong Wang Wen

(School of Computer Science and Engineering, Sichuan University of Science and Engineering, Yibin 644000, China)

Abstract: Medium and long-term power load forecasting is a core link to ensure the stability and economy of power
system planning and operation. Some studies convert the input data to the frequency domain through Fourier transform
to obtain different signal components, thereby reducing the interference of noise. However, existing studies often
indiscriminately handle all frequency-domain signals, causing the key frequency-domain components and irrelevant
frequency-domain components to mix, which makes it difficult for the model to fully capture the features contained in
the frequency-domain signals. Therefore, a multivariable long-term prediction model FTAformer that integrates
frequency-domain analysis and attention mechanism is proposed. This model integrates time-domain and frequency-
domain information and conducts collaborative modeling to enhance the model s ability to capture global features.
Firstly, the input sequence is transformed into a frequency-domain signal by using the fast Fourier transform. A
hierarchical filtering and isolation strategy is adopted to isolate the key frequency-domain components and suppress the
noise. Then, the correlations among different variables are captured in the time domain through the multi-head
attention mechanism, and the global representation of the sequence is modeled by using layer normalization and the
feedforward network module. The experimental results show that on two public power load datasets. the predictive
performance of this model is significantly higher than that of other benchmark models. Compared with the existing
optimal model iTransformer, the mean square error and mean absolute error of the proposed method are reduced by
15.26% and 8. 76 % respectively in the multi-step prediction scenario, fully verifying the effectiveness and superiority
of the collaborative modeling of frequency domain analysis and multi-head attention mechanism in medium and long-
term power load forecasting.

Keywords: frequency domain; fast Fourier transform; feature fusion; iTransformer model; load forecasting; multi-
step prediction
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Table 2 Comparison of prediction results of each model
e T imj AL iTransformer WDformer FilterTS FilterNet FreTs
# MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
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192 0.283 0.371 0.330 0.407 0.350 0.422 0.438 0.502 0.434 0.503 0.377 0. 464
Bige 1 336 0.314 0.400 0.371 0.444 0.385 0.454 0.476 0.531 0. 476 0.536 0. 404 0. 490
720 0.331 0.423 0.384 0.460 0.385 0.464 0.478 0.53 0.482  0.542  0.401  0.491
Avg 0.290 0.379 0.349 0.425 0.356 0.431 0.445 0.508 0.442 0.511  0.376  0.466
96 0.104 0.216 0.123 0.237 0.126 0.241 0.189 0. 310 0. 180 0. 304 0. 149 0. 268
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Fig. 7 Visual comparison chart of the prediction results
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Fig. 8 Comparison chart of the effects of models with

different backtracking step sizes
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Table 3 Results of ablation experiment

e i‘;ﬁ‘?ﬁl;u M1 M2 M3 M4
LN MSE MAE MSE MAE MSE MAE MSE MAE
96 0.232 0.323 0.237 0. 332 0. 264 0. 345 0. 287 0.363
192 0.283 0.371 0.293 0. 382 0. 304 0.382 0.333 0. 402

R4 1 336 0.314 0. 400 0. 337 0.417 0. 345 0. 420 0. 367 0. 436
720 0.331 0.423 0.383 0. 457 0. 375 0. 443 0. 384 0. 453
Avg 0.290 0.379 0.312 0. 397 0. 322 0.397 0.342 0.417
96 0. 106 0.219 0. 106 0.218 0. 109 0.222 0.119 0.232
192 0.123 0.240 0.131 0. 246 0. 130 0. 246 0.134 0.251

BAEE 2 336 0.121 0.244 0.131 0. 252 0. 137 0. 257 0.143 0. 260
720 0.122 0.251 0.119 0.245 0.132 0.258 0.133 0. 256
Avg 0.118 0.238 0.121 0. 240 0.127 0. 245 0.132 0. 249
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