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DTFNet: Time Series Forecasting Based on Time-frequency Cooperative Decomposition Network

WEI Xiang-Qi, GU Jing-Jing

(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211 166, China)
Abstract: Time series forecasting finds widespread applications in such fields as weatherforecasting, power load
forecasting, and financial management. In recent years, deep learning has made remarkable progress in these tasks.
However, existing models still have limitations in struggling with ﬁQH—stationarity and heterogeneous pattern modeling,
which is mainly represented by homogenized modeling of trends and seasonal components, and modal aliasing during
decomposition. To this end, this study proposes a time-frequency cooperative decomposition network, termed as DTFNet,
which designs a heterogeneous architecture with parallel time and frequency domains. In the time domain, an MLP
network with strong noise resistance is employed to model the long-term evolution characteristics of trends, while in the
frequency domain, fast Fourier transform is adopted to extract periodic seasonal components, with multi-scale convolution
operations employed to capture spatial correlations between time-frequency characteristics. Meanwhile, this study
introduces a decomposition method based on discrete wavelet transformation (DWT) to replace conventional moving
average decomposition, effectively mitigating boundary effects and modal aliasing. Experiments on six public datasets
demonstrate that DTFNet outperforms the current mainstream models in both accuracy and robustness. Ablation
experiments show the notable effectiveness of the proposed DWT-based decomposition module and dual-domain time-

frequency modeling architecture. Featuring sound generalization ability, DTFNet is applicable to multiple time series
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forecasting tasks, offering powerful support for real-world applications such as power load forecasting and weather

forecasting.

Key words: time series decomposition; wavelet transformation; non-stationary; multi-scale analysis
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Exchange 1 day 8 (4879, 425, 1182) ez
Weather 10 min 21 (36792,5271,10540) K<

ETT #0445 4 v 7 6 A A AR T 38 v I, MAFR
FR T S [ 1 [X SRS, I 1) B B N 46 BE SR
AT, e S TE] AR 1 h )RS ETTh
ETTh2 AR 8] (8] %A 15 min (4R 4 ETTml. ETTm2.

Weather UR4E: 615 T 21 ANk KA 48%7, 4075
PRI W U K A IR 82020 4
WA LAE 10 min pOAZARSE.

Exchange $0R4%: 5B 4#% T 8 MEZK 1990
2016 4 (84 H H) B Ml 2 AR EE, I 1R #5 520 26 4.
32 XWIEE

A TimeMixer. PatchTST 253t 6 AMERY{E
R FEAERE Y A SO R K LA B 3548 B PyTorch #E
s, A8 AMD Ryzen 7 7500F 4 ¥ %, NVIDIA
3060Ti GPU F T sk A5 284 o 28 Fp Il 2 A i

TEMBIR /R R 1 Frow, HAPREARR] i
3 AR RN NGRS AR ERNREE, AT
Ky 96, T FF BB A7 7 96 192, 336, 720.
T ARIE B SEY S S B AN EE b s R s S,
H, Adam LA #HATSH AL, MER NG —KEH
16, Y25 A A [ 5E 9 10.
3.3 iFNIERR

SEIOAH FH 4 77 1% 2 (mean squared error, MSE) F1-F-
B4 %% % (mean absolute error, MAE) 1E NPT 4R bR
R T 5 e 2 1 22 5, M0 R T
I R i}fﬁﬁﬁﬁi@ﬁfﬁﬁuﬁ (22). = (23):

T
. )
/ MSE = — ; (x;— &)? (22)
1 T
MAE = Z x; — &l (23)
i=1

Forb, TONTRIN R FUAC L, xq MTR; 23 7000 L35 i I 2] )
SEAE AN AR
34 ZRERSHH

N AR ST 5556 bl Bk () T 45 R AT L, 45
B 2 ME 4 Fros. 3£ 2 RN 7R R R RE R AR
AR &5 UL T R TR, B 4 B AR AR R R B 42
TR B, AR R IR MAE $U{A. ¢

2 BAEREAS [FEHR A T T & .

" T DTFNet TimeXer TimeMixer PatchTST TimesNet FEDformer Autoformer
S HK MSE MAE MSE MAE MSE MAE MSE MAE | MSE' MAE MSE MAE MSE MAE
96 0.372  0.393 0.385 0.402 0.378  0.400 0.377 % 0.397 0.401 0.421 0378 0417 0.439 0455
192 0.422 0.423 0.434 0438 0.428 0.433 0.428 ©0.432 0.470  0.458 0425 0.446 0.497  0.490
ETThl 336 0.464 0.444 0.481 0454 0.500 . 0.455° 0.472 0.459 0.512 0.484 0469 0.468 0.498  0.487
720 0.473 0.470 0.511 0487 0.500 0.481 0.522  0.504 0.536  0.508 0487 0.494 0.508 0.511
] 0.433 0.432 0.453  0.445 0.451 0.442 0.450 0.448 0.480 0.468 0.440 0456 0.486 0.486
96 0.285 0.334 sm" 0.340 0.297 0.344 0.301 0.353 0.323  0.365 0.336  0.383 0.357 0.398
192 0.369 . 0.386 " 0.369 0.393 0.379  0.401 0.381 0.403 0.422 0422 0422 0434 0.454  0.451
ETTh2 336 0.404  0.418 0.433 0435 0417 0430 0.424 0.436 0.453  0.455 0471 0475 0.476 0478
720 0.425 0.440 0.440 0.451 0.429 0445 0.434 0452 0.450 0.458 0.485 0.492 0.477  0.491
T 0371 0394 0383 0405 0381 0405 0385 0411 0412 0425 0428 0446 0441 0454
96 0.315  0.353 0.321 0.358 0.318 0.356 0.323  0.364 0.321  0.365 0.380 0.421 0.558  0.500
192 0.366 0.382 0.365 0.386 0.369  0.387 0.371 0.391 0.374 0.395 0.401 0.431 0.628  0.522
ETTml1 336 0.391  0.400 0.395 0.409 0.396  0.407 0.397 0.407 0.412 0417 0.463 0.467 0.665 0.545
720 0.421 0.428 0454 0.442 0.463  0.450 0.462 0.448 0.481 0.456 0.513  0.491 0.544 0.512
85 0.373  0.391 0.384 0.399 0.386  0.400 0.388 0.402 0.397 0.408 0.439 0.453 0.599  0.520
96 0.168 0.248 0.172  0.258 0.177  0.260 0.185 0.268 0.183  0.265 0.200 0.287 0.384 0.398
192 0.237 0.293 0.238 0.299 0.240 0.302 0.247 0.307 0.247 0.304 0.263 0.324 0.421 0.421
ETTm2 336 0.295 0.330 0.299 0.341 0.299 0.340 0.307 0.347 0.318 0.348 0.330 0.367 0.447  0.441
720 0.392 0.388 0.399 0.398 0.396 0.396 0.411 0.405 0.417 0.403 0.423 0423 0.463 0477
T 0.273 0.315 0.277 0.324 0.278  0.325 0.287 0.332 0.291 0.330 0.304 0.350 0.429 0434
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F 2 BREARFEIRE N AITINAE R (5

" ) T DTFNet TimeXer TimeMixer PatchTST TimesNet FEDformer Autoformer
Atk HK MSE  MAE MSE  MAE MSE  MAE MSE  MAE MSE  MAE MSE  MAE MSE MAE
96 0.085 0.204 0.095 0.214 0.089 0.207 0.085 0.202 0.110 0.238 0.168 0.295 0.147  0.277
192 0.183 0304 0.197 0314 0.174 0.297 0.185 0.305 0.229 0.344 0.280 0.385 0.281 0.386
Exchange 336 0.335 0414 0.340 0.422 0.352  0.428 0.330 0416 0.378 0.443 0.464 0.500 0.486 0.519
720 0.842 0.696 0.865 0.702  0.890 0.709 0.895 0.713 0.968 0.749 1.203  0.846 1.084  0.808
T 0361 0406 0374 0413 0376 0410 0374 0409 0421 0444 0529 0507 0499 0.497
96 0.155 0.198 0.158 0.206 0.162 0.209 0.175 0.216 0.166 0.214 0.197  0.259 0.340  0.375
192 0.201  0.241 0.204 0.248 0.207 0.251 0.227 0.262 0.238 0.276 0.236 0.294 0.302  0.359
Weather 336 0.261 0.283 0.262 0.291 0.264 0.293 0.281 0.299 0.285 0.306 0.282 0.332 0.360 0.394
720 0.339 0337 0.342 0341 0344 0.344 0.356  0.348 0.360 0.354 0.347 ‘0.3§4 0.437 0.442
T 0239 0265 0241 0271 0244 0274 0260 0281 0262 0287 0266 0317 0360 0393
FHME 0.342  0.367 0.352  0.376 0.353 0.376 0.357 0.381 0.377 0.394 0.401 0.422 0.469 0.464

1fE] 4 FF%, K SCHR L ) DTFNet B2 7 4750
PSR AU K 004 25 PR UL T 747 S A
Y37 2, A SCHURE BT # IR AE % LT 5B )
0.342, V¥ MAE 4 0.367, ik B Helt. HBF IR
TimeXer BH, A SCBURHEF 2 MSE MF 4 MAE k-

%%%ﬁ?%;M%%msw&EE%%%ﬁ%ﬁ%
LRI MR R 5510 Autoformer L, 7 SCHUE
P35 MSE T MAE B#AIK T 29 27.08% F120.91%. iX 78
SYUER T DTFNet 75 b 38 AR [7) 25 B RUKE A 10 B 18] /52 %)
BRI 1 AP e

0.52 0.50 —~
050 | U 05 |
0.48 S e e—emnn
046 | 045 1
L 04
o 044 “ “
S 042 | T 040 |y S
g 0.40 —»— TimeXer g “ —e— TimeXer E —e— TimeXer
! - - TimeMixer ’ - «- TimeMixer 03 - «- TimeMixer
0.38 | —v -~ PatchTST 035 —v - PatchTST —= - PatchTST
036 | —#-- TimesNet . B —«-- TimesNet —«-- TimesNet
. -~ FEDformer - = - FEDformer -~ - FEDformer
0.34 + ~»- Autoformer —-»-- Autoformer 02 r —-»-- Autoformer
0.32 L L L L L L L 0.30 L L L L L L L L L L L L L L
0 100 200 300 400 500 600 700 800 0 100 200 300 400 500 600 700 800 0 100 200 300 4‘10 500 600 700 800
g 12/ R \‘
EeiE SRS EeE SRS | AR
(a) ETThl (b) ETTh2 $ “(c) ETTml
05 ’
. - 0‘8 [ 0 4 -
04 | pornr P _ 0.7 : . " -
S S . g
I 03 I 0.5 | —s— Ours I
§ —s— TimeXer E O’X —e— TimeXer E —e— TimeXer
- «- TimeMixer L3 b - «- TimeMixer 0.2 - «- TimeMixer
—v - PatchTST | 03 —v— PatchTST —v— PatchTST
02 ¢ —4- - TimesNet ~F —e-- TimesNet —+-- TimesNet
- =+ FEDformer 0.2 = - FEDformer -~ - FEDformer
¥ ~»- Autoformer eor —-»-- Autoformer 0.1 -+ Autoformer
0.1 L . | L L 0.1 L L L L L L L L L L L L L L
0 100 200 300 400 500 600 700 800 0 100 200 300 400 500 600 700 800 0 100 200 300 400 500 600 700 800
EveiiE SRS et SRS Eveite SUV/IRS)S
(d) ETTm2 (e) Exchange (f) Weather

K4 AFEEIEET RS E R

AT F, £ R A B E- AR E R ETTh] %4
£ b, AR SRR TimeXer AH b, AR
R MSE VY BEAK T 3.99%, MAE TV ¥IRE T
2.26%, BAL G AU A R A TimesNet & 22 R /> T
9.79%, 5 HAMRE AU AH LL, A SCIEAL ) MSE {13 FEAIR

T 4.41%-10.9%. 7E = AUCRFER) ETTm] 5 4E, 43¢
TR H)F- 15 MSE 543 & FEDformer [%{% 15.0%,
B A 25 AR AR RO RO I8 B R AE B IR 35 DL |
S &5 SRR B AR SCHR HH R B ARO[ AL R A R4
il o AT D B I 8L, RS 1) 2 7 A B R g A7 s B ) AR

Special Issue Eige4Eik 59

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2026 4F 55354 55 11

R FA T e T B i R U AR AR BE 7. A, B LR
B4 LRI R e YERE. /a1 R ) Weather
HARAR, AR BEZBAR AR FRIH O, LT BT A 2
YRR AR TR TimeXer, AN SCHAT )45 MAE
PR T 29 2.21%. X R A SR GR8AG AL BEAN [F]
FRUE ] 7 ) ST, AR E T A 2 AR
() FRAH ELAE . 7EAH XS 4% 1) Exchange #(#l S, A<
L E PatchTST PERER IR, A SCHLA 1) ¥y
MSE % PatchTST F#MIK T 4 3.48%, “F-¥J MAE B#(KT
23 0.73%. FHEFHANRETY, AT NI E, 5 FEDformer
1 Autoformer AH L, ASCIERL)F-3) MSE 55 2 (&K T
2] 31.8%. IXUGE T A SCRERYAE A [F) 3 40 B 4 11
ZALEE IR RR e . X
SIS, DTFNet G818 7E 2 Fh £l s 48 A Tioill K 52
B . S 4 O R 5 e T, B
Y Rt B 4 TH) Hb PR AR IS B) R 2 1 2 2 45 4, SE I EE R
W 15 KR, T A 208 ST R e 43 A i o 2
Pk, 4 72 75 AL BE HL ) 47 7 SO0 ) SAR A R A
PIZE T AR, IX R [RIE AR AT G B .

3.5 JHRASEIE

9 T WATE /NI B SRR S A R e
SCHE, IR AT Py 38500 2L P TR 25 SR ) LA
FUk, ASCTE 4 MBS EHEAT T R . LR
3 R A PR g

o ML 1 (R IR AL A, B BRI
PRI, DT L2 B AR, B 1A B AR R I
I 0 32 R O 44 R 9 0 R
B Y ",,

o MR 2: (R R T S FOR A, B IR IR %
JE SRR I 2%, TP A U2 AR AR TR A 45
S AN AR T RSt 9 e 1

o HUT 3: B /NSRRI S5 3 T 43 i
WO DR T DALIE B 56 HE 1 5 4 A R I 8 39
TR LT

F 3R T SR SRR AR b M A L
45 SRR A ST 51N 1048 e R AT A8 AR 4 i 1 e 91
SO STV A, LT A SR A K 1) )
1F 55 e 4 R PE AR

R3OS R

et T DTFNet il [ERitY) L sitk]
" BK MSE MAE MSE MAE MSE MAE MSE MAE
96 0372 0.393 0391 0.400 0.418 0.427 0390 0.406
192 0.422 0.423 0.454 0.439 0.468 0.456 1 0.436 0.433
ETThI 336 0.464 0.444 0.496 0.462 0.491 0473 “0.460 0.449
720 0.473 0.47 0.515 0.501 0.512 T 0513 0483 0.476
1 0.433 0.432 0.464 0451 o 0472 T 0467 0.442 0.441
96 0.285 0.334 0.304 0.347 0.320 0.361 0.290 0.340
192 0.369 0.386 0.391 0.401 0.405 0411 0377 0392
ETTh2 336 0.404 0.418 0.428 ' 0.435 0.440 0.444 0.426 0.435
720 0.425 0.44 0.439 0.449 0.446 0.455 0.433 0.446
4 0.371 L0394 0390 0.408 0.403 0.418 0.381 0.403
96 0315 0353 0329 0.358 0.360 0387 0323 0359
192 o366 0.382 0375 0.385 0391 0.404 0.360 0378
ETTml 336 0.391 0.400 0.428 0.424 0.495 0.459 0.401 0.406
720 0.421 0.428 0.521 0473 0.501 0.470 0.465 0.443
1 0373 0.391 0413 0.410 0437 0.430 0.387 0397
96 0.168 0.248 0.186 0.262 0.188 0.263 0.165 0.247
192 0.237 0.293 0.245 0.298 0250 0.301 0.240 0297
ETTm2 336 0.295 0.33 0309 0.338 0317 0.346 0.288 0328
720 0.392 0.388 0414 0.398 0414 0.399 0.410 0397
T 0273 0.315 0.288 0324 0.292 0327 0.276 0317
96 0.085 0.204 0.103 0.227 0.122 0.250 0.121 0.248
192 0.183 0.304 0218 0334 0.242 0353 0.239 0351
Exchange 336 0.335 0.414 0412 0.467 0.425 0.476 0.423 0475
720 0.842 0.696 1.061 0.790 1.052 0.787 1.072 0.795
1 0.361 0.406 0.448 0.455 0.460 0.467 0.464 0.467
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3 RS R (8)
el T DTFNet R [Tty (ERitK]
K MSE MAE MSE MAE MSE MAE MSE MAE
96 0.155 0.198 0.174 0.223 0.183 0.232 0.180 0.229
192 0.201 0.241 0.226 0.265 0.233 0.271 0.231 0.268
Weather 336 0.261 0.283 0.279 0.301 0.286 0.307 0.284 0.304
720 0.339 0.337 0.357 0.349 0.363 0.354 0.360 0.351
T 0.239 0.265 0.259 0.284 0.266 0.291 0.264 0.288
FEE 0.342 0.367 0.377 0.389 0.388 0.400 0.369 0.386

BAKT S, B BRI s ey 2 5 30 R E
PEAETEN. M7 | 7€ ETTh1 $dE 4 720 AN K 1 o
MSE Xt DTFNet 344 8.88%, 3 HF e 34 J0i if 4u5 fE B
TE 5 I AR AN . AR AT 75 T S DS
FEAF A BN A S TN 22 5C 5 22 15 2 7E ETTml

B 720 B KIONAT S5 o MSE ¥40 23.8%, K. |

ZET U R fi B G b R 1 RN R S QR T A
Sy, SRR VR SRR A AL, 1 AR
383 A %o v A B4 SR Y DR A .

PN R B NS B T A AR IR 3 [RIRER
WA, JEHAE Exchange F1 Weather £(#i 42 I, MR
B JC M 2. Exchange #0884 10734 MSE 1 0.361 -
T2 0.464, 38 /N 53 i AE A0 B2 4 Fl BoH 25 3R A7
HIIE B ELAR A, o B N o SR A S B Al E R S
TR NS 8 W SR A 5 N 7 T ) S A
PHEAEH.

CEA R, 56 B A AR 3 3 B 3 AT AT P 3 ] 2
>, SEBLTORFB [] P A RRAE B A TR 4. AR OB St
TR RE AN G L&, I 80 A A5 2%

b = I == Y

AR BRI A, Oy T e i — AR

Fl 95 LR 2 T2 A L B M 2 22 b
S FE 0 P 5 P2 R 2. S AR B
AR 40 A i S B 4T T R
L KU 6 R o O R
3.6 NEDEESHIN

AT NI MBI RS MO0 5 B RIS B
W, A0 ETTh SR £ BUK B K 96 FUREA, 5
BISHS T GBI 25) HEATRT L, [ 2E AN
WO A [ 52 BE/NEE A Daubechies-4 (db4), 43 % B
SMRIEECH 1 20 3 2, S RE S R,

WEEL S (95 L P T BB B LML B R 1 A
2 5. BT (B 5(a)) AR 38R 7E P 31 5
A5 50 (630 ALA7 5 W) 5 W RS FE T 0 0 AL, R

PSRBT M H 2 T, N O AR AT 3 B A S Ik
SRS, SO AR T LTI, (F WIS e i 3
AT Rl B RO, R, B TRk
T KR IR R Pl 55 A UL RSO S 2 5 1
PR 5 R B 570 136 2 M AN S A8 T — o
RN, RS 2, S S R O T U R R
BRI

- ==Trend Seasonal
- L
1oL emmee—e 1l P # ‘,I'
// 10 l,'-_n,-‘ A
/’ 1] ]
§ 5 pTm=~r % 5 _\,"l, roar!
0t ol
0 50 0 50
(a) Moving avg (k=25) (b) Wavelet db4, level=1
10 O N\ 10 | ,"\\,'H\,;w{
! v ]
A ) - I
E 5 -";\w-f-'\l'r iD—I] 5 .’n\‘_,z
0t ol
El
0 50 0 50
BS S

(c) Wavelet db4, level=2
K5 /NS i S s K

Zx BRTIR, BTN AR e (1K) 43 fif D7 R AT DA 0
BB MR AT 8. 53,
WAL Gy T — P RS B4 R DT, OB RS H
SEA L e NI AN A A 510 A e & B Tl A 6 X AN
AR Be % T AU A PR AR A S, TR R & A T R

A BN A FIEE AR A I [ 2 7).

(d) Wavelet db4, level=3

4 ot
zllljh élil

AR ST X DA B 18] e 51 S50 5 VA AR AR T A 1k A
AN S SRS 2 AR T A AE B R PR, 32 M 17— ARl A

4
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XU R[] WX 28 (DTENet). 1% 77 7% 38 i A4 2 i ik 5 43k
HATHI A AL R, S T A 5 FET ' E
SR, [R5 N BE T B 8N B AR 4 1) P 51 3 A
B, B AGENR T ARS8 BT 38 5 A0 3 T sk N AR
VRS 7 THI ) I L. A 2 AN A TF R AR B I SEUE I FE R
B, DTFNet 7£-K A FROIINAS B2 A1 A & it 7 3t T
DA TR, Boag RAFHE A AN HE T Be

J$4 DTFNet 01§ 7 W2 A, EAAESRER
(LR J7 ). B, AR R A R o AT O
AT AL B, TS A O] BEAE LR BhAS AR FLRZ . SRk
FRIE T2 RT R 2R 9 & 18] (1 Bl 2 22 EALH, 0 an 5] N 1142
B R AL, AR T e AR 5 00 AR Ak 1 3 1 b 1Y
B0 R TR AR, AT B L SIS B I [ 471
PITE AL, FLUR, BT e 2 1 a FOUNAE 5 L
Pl A, %00 18 T T R AS 7] AT S8 ] ) B3l oA 22 S
BES s 7. [k, 35 B L 7 3 5% DTFNet 1147
W& N RE T, e A AR s N AR T
PS 3

25 b, KRR RIATH I — PR R @B 5
oy &2 (A B A8 AL, BLACK DTFNet §7J& 2 1%
B FE 0T 55, DLk — DR AR E S R
(13 i e 71 5 fg e

SE 3k
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