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Table 1 Comparison of multivariate long-term sequence prediction results of different models
FDTCNLinear OLinear! Softs?” iTransformer!'"! DLinear!'? PatchTST!"! TimesNet>”
Model Prediction (Ours) (2025) (2024) (2024) (2023) (2023) (2023)

metric length MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETThl 96 0.370 0.392 0.360 0.382 0.381 0.399 0.386 0.405 0.379  0.403 0.377 0.397 0.389 0412
192 0.404 0.409 0416 0.414 0.435 0.431 0.424 0.440 0.408 0.419 0.409 0425 0.440  0.443
336 0.429 0.433 0.457 0.438 0.480 0.452 0.449 0.460 0.440 0.440 0.441 0.444 0.523 0.487
720 0.431 0.463 0.463 0.462 0.499 0.488 0.495 0.487 0.471  0.493 0.467 0477 0.521 0.495
ETTh2 96 0.280 0.322 0.284 0329 0.297 0.347 0.297 0.348 0.300 0.364 0.292 0.342 0.334 0370
192 0.357 0.370 0.360 0.379 0.373 0.394 0.372 0.403 0.387 0.423 0.348 0384 0.404  0.413
336 0.400 0.410 0.409 0415 0410 0.426 0.388 0.417 0.490 0.487 0.377 0.416 0.389  0.435
720 0.410 0.424 0415 0.431 0.411 0.433 0.424 0.444 0.704  0.597 0.406  0.441 0.434  0.448
ETTml1 96 0.296 0.337 0.302 0.334 0.325 0.361 0.300 0.353 0.300 0.345 0.329 0.367 0.340 0378
192 0.333 0.357 0.357 0.363 0.375 0.389 0.341 0.380 0.336  0.366 0367  0.385 0392  0.404
336 0.367 0.379 0.387 0385 0.405 0.412 0.374 0.396 0.367 0.386 0.399 0.410 0.423 0.426
720 0.427 0.419 0452  0.426 0.466 0.447 0.429 0.430 0.419 0.416 0.454  0.439 0475  0.453
ETTm2 96 0.164 0.250 0.169 0.249 0.180 0.261 0.175 0.266 0.164  0.255 0.175 0.259 0.189  0.265
192 0.221 0.289 0232 0.290 0.246 0.306 0.242 0.312 0.224  0.304 0.241 0.302 0.254  0.310
336 0.279 0.333 0.291 0.328 0.319 0.352 0.282 0.337 0.277 0337 0.305 0.343 0.313 0.345
720 0.388 0.409 0.389 0.387 0.405 0.401 0.375 0.394 0.371  0.401 0.402  0.400 0413 0.402
Exchange 96 0.082 0.200 0.082  0.200 0.089 0.209 0.086 0.205 0.080 0.202 0.087 0.204 0.112  0.242
192 0.167 0.298 0.171  0.293 0.204 0.323 0.177 0.299 0.182  0.321 0.177  0.300 0209 0.334
336 0.300 0.409 0.331 0.414 0.358 0.434 0.331 0.417 0.327 0.434 0.297 0.399 0.358  0.435
720 0.643 0.601 0.837 0.688 1.195 0.805 0.846 0.693 0.578 0.605 0.843  0.692 0.944  0.736
Weather 96 0.175 0.217 0.153  0.190 0.166 0.208 0.157 0.207 0.170  0.230 0.150 0.200 0.168  0.214
192 0.215 0.257 0.200 0.235 0.217 0.253 0.200 0.248 0216 0.273 0.191 0.239 0219  0.262
336 0.259 0.297 0.258 0.280 0.282 0.300 0.252 0.287 0.258  0.307 0.242 0.279 0.278  0.302
720 0.330 0.363 0.337 0.333  0.356 0.351 0.320 0.336 0.323  0.362 0312  0.330 0353  0.351
Electricity 96 0.141 0.235 0.131 0.221 0.143 0.233 0.134 0.230 0.140  0.237 0.143 0.247 0.169  0.271
192 0.154 0.247 0.150 0.238 0.158 0.248 0.154 0.250 0.154  0.251 0.158  0.260 0.180  0.280
336 0.170 0.263 0.165 0.254 0.178 0.269 0.169 0.265 0.169  0.268 0.168 0.267 0.204 0304
720 0.204 0.294 0.191  0.279 0.218 0.305 0.194 0.288 0.204  0.301 0214 0307 0205  0.304
Traffic 96 0.416 0.431 0.398  0.226 0.376 0.251 0.363 0.265 0.395 0.275 0.370 0.262 0.595 0.312
192 0.438 0.272 0.439 0.241 0.398 0.261 0.384 0.273 0.407  0.280 0.386  0.269 0.613  0.322
336 0.504 0.502 0.464 0.250 0.415 0.269 0.396 0.277 0.417 0.286 0.396 0.275 0.626  0.332
720 0.621 0.581 0.502  0.270 0.447 0.287 0.445 0.308 0.454  0.308 0435 0295 0.635  0.340
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Table 2 Results of FDTCNLinear ablation experiment
Original model Add TCN Add DWHL FDTCNLinear
Model metric Prediction length
MSE MAE MSE MAE MSE MAE MSE MAE
96 0.375 0.400 0.375 0.399 0.372 0.397 0.370 0.392
192 0.412 0.419 0.405 0.416 0.411 0.418 0.404 0.409
ETTh1
336 0.439 0.443 0.430 0.435 0.431 0.434 0.429 0.433
720 0.472 0.490 0.439 0.456 0.445 0.460 0.431 0.433
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Fig. 4 Relative improvement rates of different modules under ablation experiments on the ETTh1 dataset
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Time Series Prediction Model Combining Temporal Convolutional
Network and Fourier Decomposition

LI Chenhao, ZHENG Hong, ZHANG lJiaxin, XU Xian
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: To tackle the high computational complexity and noise sensitivity of complex nonlinear models for time
series forecasting, this paper proposes FDTCNLinear, a model integrating Temporal Convolutional Network (TCN) and
the Fourier decomposition. The model first leverages the Fourier transform to decompose time-series signals into long-
term trends and seasonal-cyclic components. It then adopts a linear layer for efficient extrapolation of long-term trends,
and employs a multi-scale TCN to mine long- and short-term temporal dependencies hidden within seasonal
components. In addition, this study designs an adaptive Dynamic Weighted Hybrid Loss (DWHL) function. By
dynamically balancing the weights of Mean Squared Error (MSE) and Mean Absolute Error (MAE), this loss alleviates
disturbances caused by outliers. Experiments on multiple public benchmark datasets verify that the proposed model
achieves remarkably higher prediction accuracy than state-of-the-art Transformer-based models and linear baselines
across all prediction horizons.

Key words: long-term time series prediction; Fourier decomposition; temporal convolutional network; deep

learning; hybrid model
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