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Abstract: Building accurate traffic flow prediction models is crucial for optimizing traffic system management, alle-
viating urban congestion, and enhancing road network operational efficiency. However, real-world traffic flow exhibits sig-
nificant non-stationary characteristics and complex spatio-temporal dependencies. In particular, the distribution shifts
caused by unexpected events, rush hours, and holidays, coupled with the delayed propagation of traffic congestion across
the network, pose severe challenges to traditional forecasting methods. Most existing models, relying on stationary assump-

tions or static spatio-temporal modeling, struggle to effectively capture the dynamic evolution patterns and heterogeneous

Wik H 11 :2025-07-03 5 5% FH H 8 :2025-11-03; 54T S - TPA4R
HE M TR



4036 H, F O Eihd

delayed dependencies within traffic data, leading to limited prediction accuracy and insufficient practical applicability. To
address these limitations, this paper proposes a non-stationary time series traffic flow forecasting model based on delayed
spatio-temporal dependencies (NSFM), designed to deeply characterize the dynamic evolution mechanisms of traffic flow
from both frequency and spatial domains. The model first employs Fourier Transform to decompose the non-stationary time
series into time-varying and time-invariant components, capturing local dynamic fluctuations and global steady-state trends
respectively, with orthogonality proven to ensure the independence between the two components, laying a theoretical foun-
dation for subsequent differentiated modeling. Furthermore, the model constructs a feature fusion module with a delay fea-
ture extraction mechanism, integrating traffic flow, spatial adjacency relationships, temporal periodic information, and delay
propagation features through pointwise convolution and positional encoding, thereby accurately capturing the spatio-tempo-
ral evolution and lagged response patterns of traffic states between stations. To model the spatial autocorrelation structure
among discrete stations, this paper introduces the Moran operator to build a function-on-function regression prediction
framework. Through basis function expansion and orthogonalization processing, a consistent mapping between the continu-
ous function space and discrete observation stations is achieved, effectively quantifying the spatial dependency strength be-
tween regions and enhancing the model’s prediction robustness in complex road networks. To validate the effectiveness and
generalization capability of the NSFM model, systematic experiments are conducted on four real-world traffic flow datasets
(PEMS03, PEMS04, PEMSO07, PEMS08). Experimental results demonstrate that NSFM significantly outperforms existing
mainstream models across multiple evaluation metrics. Specifically, the mean absolute percentage error (MAPE) is reduced
by 7.48%, 9.86%, 3.20%, and 1.73% respectively compared to SOTA models, demonstrating superior prediction accuracy
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and stability in non-stationary scenarios.
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H=FConv(E,|E|E; 6,) (13)
Hop H e RV || RO IEHARAE 0, 483K FConv 1] %7 2]
3.2.3 EF Moran EFH[E 1375
U A e P 4 3% 42 S22 (FC) A 00 S A~ I [1] 254
BB R
Y,=FC(H; 0,) (14)
Hr, v, e RSMC 0 fRFFCHY A 24> S5
2 R 22 ) T A 1) 25 TRDAE DG | PPAS AN ] DX 8
il 1 2 (A () 7S (AR AR O 2R, #4185 Moran 8.5 1, 4
PR [R] RRAEAE Y 42 Jey F ARG HE . Hor
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o Bl R s A LA o, 2 L 2
(B () 2 ()AL 5 W 2 T AT 5 (DA |9 5 AT 5 1) Moran’ s/
Giitit, Efr i TARMEAE R 2 R s ) A AESCHE . andk g
FMEHEIE T 1, 0 B AR AR AR 25 [A] 2R T B ARG
PECRIREE ), an SR T E T -1, W& I ARRE (7 25
fi] B 170 A SPE (RS0, an SR T {4235 T 0,
TN W RRAE A 7E 2 0] B B HL A

3K Moran 557 Rl pRECT R RNEHESE | H-fif o
2L [B) (R TT ) 55 B ffas ] ol sOU N ) 22 8] 1)
WS — PR R, FRATT 5 ABE R BURIT S5 IE S ik . )k
A SR RO (] B Y, (0, X, (), 3
Wt r e QOSR]I . 38 5 QR 43 i 7 i X ik pR R
HEATIE SE Ak, 45 45 pRERS 5 i I O OC T 1E 58 55 pR 4R
B hiene QR ), yve TG LPEA G, AR SR
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Y, 0= v )
k=1

X, )= S xb, ()
g=1 (16)

W= 3 w0

e, 0= 3 e

(T £ SR LE M R L B R 8
STy 22 BRI TR, A58 2 B O
S S AL A AR IE S R R
SO MR W PO R ] A
o A 0 22 L 2R BRI T S K
ST BUES 5]

[ scov.ai= [ 6,0 [ poox, earar
Q Q v (17)
« [ ouow,0a+ [ 4,06, 0

FCHT (g () o F— TR T 50 PR K, WA S 1 i 5
L ,Ll¢k O, (Ode 7T LISy

[s:0%, ae= [ 4,0 ( > vidy (r)) d

= Sl [o.0,00) = S

Kol i, 15 30 5 X i B —ai . PR, A FR &

{9 32 BRI K G ORI L 3R 1 T B b e TP, e
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oS IR 22 L , 15

Y=Xy+W+é (19)
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TR IS 2 B O D . ORI AL 1,y ooty T

NG T P LP(Q) — RY K sR L Ry ol o5 0000 -
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Ho 2 R LA G WRFAE 18] & . M Moran 55T fllA
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W=Pé+ny (22)
Hr, P e RV HBGEHEFE , H Moran 5. 1T PMRHIE
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R UE I % 2 5 oR 85 2 (3] 5 B H Moran %5 8] 22 [R] Bt
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AT X8 g WA B, 005K 7 DXL T 5 A 568 i A T 2 Ay
(ELE F AL A5 7 B AR . UDULIN Ry, T 7R A
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P=AM e RV (24)
TR ST DN IZE B A% 2 () 1) 5 15k A5 2 (R) Y
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I PR BRI R 05 2 L AR 43 B R A8 = I AR
38 A JE (R P A 5 Moran BEAE 7] 50 4 M 2219 %
SR P, GBS ST T 25 pRER A () 1) 25 G A 2 (R Y
—EPEm G, PR UE T 3K (25) By LA R
AR [ )3 51 PO vk o A Pl An el 4 s
ELWL R T 46 H 0 NSFM AT 2 A5 4 - 0% i by | ZE
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4.1 XWEE
4.1.1 #iFEE
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AU PEBEHEAT T 900k . T S S i A1 4 Je 2 N 52 38
FRT A s A m i B 4 PEMS e 5 T U4
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TAEH 5 E ARSI 0. 3 R 55 A R 3 4540 558
AT NI 2RV ik SRS AR S B R 12 A e 1 PEAG
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B 12 B[] L (= AN 1T 38 A ot DAl A5 A (1
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SRt ) | > ( TEACHEAE Y e
AT i IR AR s
fatt H H U £ B u . SR
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FRatk f (R T
4 FikmRE
R1 BIREHRR F2 HEBESH
IR [TRVE 2 1
Hmak ) i | BHEZERK o ] 31
B 5] % 1107
PEMS03 358 866 26208 | 2018.09.01—2018.11.30 LK/ 64
PEMS04 307 680 16992 | 2018.01.01—2018.02.28 EEERY I/ 100
PEMSO07 883 340 28224 | 2017.05.01—2017.08.31 JE 3R s 8] 0.001
PEMS08 170 548 17856 | 2016.07.01—2016.08.31 B 2 %% 3
" s . N . \ S 2 4 5 512
ZIN U0 ] T 15 2 80N BRI ROR AT . Wy, (I <n< =
R e . ) . i AHERL 5(PEMS04,PEMS08),3(PEMS03,PEMS07)
NYFIP, (1 <n<N)/5IRRNE n A ESAE M TE , n R RN =

IR FPREA I AR 23U SR

1 & .
MAE= — - 26
NZ Vo= (26)
RMSE = li(y -9,) (27)
N,,:1 n n
MAPE = ii In=In | 100% (28)
Nn:l n

4.1.3 HARE

A SRR B[] F7 1 AR A g S AL R 5 S 80k
BUE . SR (D EBdEE BRREPER sy M — 15
RV R 11 4 BUZ I T3 S B R 5 (2) 7RI ]
FEAESREGHS 43, T 1 A2k 2 BB “ A H /NS
E AT 1 A2k 2 3 B 4 5 H 300 A REAOE , fH 1
N R ey G T e I S T e 2 12 ) | N
IR 5 (3) 7625 A R AE R BGHR 43, (i FH — A2 bE 2
— AN TS PRB; (4) TERRAE B A ER ) ] — A 4
FUZE R b A BB T A S AL B e —i 5 (5) 7 FT R
A3 A8 A i R N 4 2 S B IN . SH05EE K PEMS 4L
PEAEFE 6:2: 2 (W LU BRI o0 M 25 B0 UE AR At . 3%
FUREE 2% 2] PEA s I 2555780 {f ] Ranger21 fLAEAR1
S8, 2 2 P8 Jy 0.001, 4R/ E 64, {8
MAE 0N ZRRR . EAAR BRI 2B B a3 2 TR

NSFM A5 5 f B[] 52 4% B ] DLl B 203155 0 (B x

NX(TXF+NxD+Dx output_len)),ﬁ\:':':' , B R K
NN R R TR IR A, F oA A CRRfIE 2
J¥, D A BSEUR GRS | e 2RO 2575 2 B F 2 B
BT ZM 150 s.
4.2 IREREHN

SHAIE ISR AT O E FERA P , AR SCHE NSFM AR A
5P 10 R 8 B0 07 2 EAT 0 L, B 3 R SEint
[E) J57 ) F9U00 5 v Lh B 7 R 3 2 20 T30 7 i : VAR
SVR'" [LSTM*'  Graph WaveNet*' STG2Seq*' .STTN
(Spatial-Temporal Transformer Networks) ** | DGCRN
(Dynamic Graph Convolutional Recurrent Network ) 2 |
CCHMM"™ MC-STTM"’ Cycle LLH"'.

ORI HE B T30 1 2 - 3 i A AR L f T AR
[F) A RCHE SR BEA T 5 e R ik . i A A e A
HCAE A ], AR 5 A [R) 45 8 i 8 1) B8l s =Xtk A T 1A
NEE)JEEE K]S 7R T B % NSFM AR Y 73 il 7 i 3% 1
Fis i 4Kt EUNZRryilesia R, o i (o sSe
Y5451 2% (Training Loss ) , 21 {0 HE £k R 56 UL 2% (Valida-
tion Loss). ] LIAE H, BT a AULE A JLAS epoch [N iU i
TR, HLBA BRI 5l , 2R MR R RE L 1 R s 1 JF
PR . I FLBEE Epoch BRI, YN 25451 2% FHEGTE 5
R TIRE , HE Z B 22 0N R T RIA A
A RAFHz AL RE
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dicted Flow). 7] LLFE H , TN A9 52 18 7 2 i 2k 5 S PR

R A R S FEA — B AR 2 A I L S 2]
TR R 50 1t A 412 5 18 U e ) AR P AR A AR AL T HE s

PN 2547 19 NSFM AR BYAE 4 N5 46 it AT T 1
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AR RIMEARR T LA NSEM BRI 5/73A  FR(MAE RMSE \MAPE ) 7£ Ir A AR 7Y | A 5 B — 3
10 FpASE AL 8 XF He , Horp g B 2 e TRl — R4 B bAT Pk, HLARSCHR HE A9 NSFM RS R AE 3 i o 25 T AR A
10 RSEER A2 25 5 . WSR3 3 I3 4 1 2 3 Fh - 45 T He ARy T g5

£3 ATREEBITE PEMS03 1 PEMS04 #14E & LI EL 8

- PEMS03 PEMS04
MAE RMSE MAPE/% MAE RMSE MAPE/%
VAR(2015) 23.65 38.26 24.51 23.75 36.66 18.09
SVR(2020, Neurocomputing) 21.97 35.31 21.97 28.71 44.57 19.21
LSTM(2023, EAAI) 21.57 35.61 27.56 27.34 41.80 18.60
Graph WaveNet(2019, IJCAI) 19.88 33.12 19.90 25.48 39.74 17.53
STG2Seq(2019, IJCAI) 19.54 30.25 21.55 25.65 38.98 19.62
STTN(2023, Inf. Sci.) 24.39 35.94 23.01 26.80 39.98 20.39
DGCRN (2023, KDD) 19.54 30.97 18.79 24.25 36.86 17.20
CCHMM(2023, AAAI) 23.10 36.61 13.14 2571 38.29 11.52
MC-STTM(2024, Inf. Sci.) 22.30 33.26 17.88 25.63 37.59 20.90
Cycle LLH(2024, 15354124 4) 19.71 31.39 11.21 24.72 36.66 11.08
NSFM 18.28 29.33 10.40 24.64 36.45 11.04
F4 TREEBITE PEMSOT7 F1 PEMSO08 #1#E & L HIEL 8
- PEMS07 PEMS08
MAE RMSE MAPE/% MAE RMSE MAPE/%

VAR(2015) 75.63 115.24 3222 23.46 36.33 15.42
SVR(2020, Neurocomputing) 32.49 50.23 14.29 23.26 36.18 14.75
LSTM(2023, EAAI) 30.40 46.41 13.73 2238 34.38 14.69
Graph WaveNet(2019, IJCAI) 26.90 42.85 12.53 21.21 31.12 12.68
STG2Seq(2019, IJCAI) 35.98 50.82 24.52 21.66 31.32 16.32
STTN(2023, Inf. Sci.) 3224 46.14 14.65 22.60 33.47 12.92
DGCRN (2023, KDD) 28.73 45.73 13.27 19.70 30.13 11.70
CCHMM(2023, AAAI) 33.01 54.61 10.55 2451 37.31 10.51
MC-STTM(2024, Inf. Sci.) 28.18 42.07 12.31 20.11 25.98 10.04
Cycle LLH(2024, i3 HL2#4R) 32.96 50.29 10.54 21.70 31.24 9.31
NSFM 28.50 43.89 9.11 19.38 28.01 8.31

NEE ST DU W AR G RL, 41 VAR AT SVR, H
T S B SR PR DGR A SO AR IX 3 ) £ 2 1]
HH A A6 S o T30 00 B e L2 1 912 0 AR AN ] IX 3
Z A R AE AL, 3 SO0 R5OR I RN BEAR, L H R A
PEMSO7 $0 5 4 I+, VAR () MAE Fl RMSE 4 51| & i
75.63 1 115.24 , 3% WL G B U7 b B 55 2 bof 28 ARl
A7 TR 5 KR B . A% G0 4 25 I 28 LSTM I £6% # 7E Ab
BRI (] 7 50 Bl A — e O (R LA A 5 SR ]
MG R E 0, 1T 2401 2 6] 248 B8 A 15 8, (6 A5 1 %o
82 AR AS B R BR T, P TRORAYIR 22

AH Bz IR B 2E 2 A AL 40 Graph WaveNet Fl1
STG2Seq P #7525 R G 1 IR 8BS 78 F T T %48
BRI J B, A U B B T B E R T MR T
JE AR R 2 A AL Gt 22 45 05 1 LSTM, ‘B {11 RE B8 4f-4tb

T B 2 AR O 28, AT A B P T 0 . I B 7Y
4 MC-STTM F1 Cycle LLH 75 K 2 808045 4 - R I
£, JuH 27 PEMSO7 #1 PEMSO8 %048 4 |, 2 W e 7
AR Kb B AR SRR ] 3 271 RN A 2% i 2 A6 1 T
AT wERT.

AR SCHE ) NSFM AR | 7R 255 25 R 25 A OGP 1)
Fenh b T R T SR SRS R . AR 3
F Al LUA H NSFM A AL E 4 N 45 B ARl T
2 B REAL $, U2 AE PEMSO03 A1 PEMS04 £ i £
b, H:MAE .RMSE Fl MAPE 845 ¥4 08 T HAt o FAR Y
W 2 fr7R , 76 PEMS03 245 4E I, NSFM 1) MAE .RMSE
HIMAPE 73 %124 18.28 .29.33 F1110.4% , ‘i % T HiAth A5
Y, 40 A FH R 4546 # Graph WaveNet Fl DGCRN A&, i}
715 HY NSFM 754 $2 J5) 38 14 J5y ) 25 4 AF J7 T80 i p 3
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SER ARG R, A /N T 5 22 . DA TR 8 ] LA
WA, HARZEHO) BB B E R IR0
I, 2 THC12 B, NSFM SR AR A5 45 4- T 00l 14 g
4.4 SRS

Sy iffy 5 {8 L I it v AR 4 O Y B A A A T L
(HP KA BERE) AN BT T4 BE BRS040 . RATISR A
R A O s e KAE WU SREE T A R 5 Y
AT R B HEAT I — Ak, TR KRR R AR R
Lt > SRR 1k B 0 [ (P e KA. FRATT 40 S
K T 10%.20% . 30% . 40% P4 Fl K {E ~ NSFM 5 54 7
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TE 10 s .
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BEAUXT S SRR AP RE Ty . PRIHAS SO KL 20%
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4.5 HEBR

R T SR AEAS SCHRE HS A AN [ A B B A5 4 15 R A 28
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PEMS04 Node 261 - Error Distribution by 7'
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M5 Al LU Y, 7E PEMS03 \PEMS04 \PEMS07 R 3l , 8 5% Moran 35+ V1Al 25 [a] AH M 5, PFA 46 Fn
A1 PEMSOS DU~ K08 5 b, B2 B AN [a) A B i U (g 2 MAE M 18.279 2 | T % 20.607 3, RMSE M 29.330 9 |-
PERESA A T T % . DL PEMSO7 048 52 0 ), B2 BRI ) F+ % 31.889 5, MAPE M 10.40% I F+ % 11.72%. X Uit
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PEMS04 Node 261 - Error Distribution by K and Time

40.0% -

30.0% [
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Time
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%5 K%, NSFM RE fif B 4 [ b 45 5 3l 3 4k 19 2 A5 78
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RS HBMLBER

) MR
EYEITES HAY
MAE RMSE MAPE/%
w/o TDM 19.1505 | 30.953 6 10.90
w/o Moran 20.607 3 | 31.8895 11.72
PEMSO03
w/o DSTFE 21.5014 | 33.5469 12.23
NSFM 18.2792 | 29.3309 10.40
w/o TDM 25.0036 | 37.0670 11.21
w/o Moran 25.8865 | 38.4152 11.60
PEMS04
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w/o Moran 21.069 8 | 31.1418 9.04
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NSFM 19.3829 | 28.009 6 8.31
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