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Abstract

Traffic flow prediction is a focal point in the field of intelligent transportation, aiming to enhance
the rationality of traffic resource allocation and the effectiveness of travel policy formulation. The
outbreak of the novel coronavirus has significantly disrupted the normal order of traffic move-
ments. To mitigate the impact of data discreteness on traffic flow prediction caused by policies re-
stricting resident mobility during the pandemic, this study employs Discrete Wavelet Transform
(DWT) to decompose traffic flow data into discrete components, trend variations, and discrete
baselines. To improve the accuracy of predicting high discrepancy traffic data, two distinct models
are designed to forecast trend variations and discrete components separately. Due to restricted
travel areas, the traffic conditions during the pandemic exhibit small-scale clustering. The con-
ventional node adjacency calculation method of Graph Convolutional Neural Networks (GCNN) is
suitable for graph structures with nodes randomly and uniformly distributed, but it performs
poorly for graph structures with nodes exhibiting small-scale clustering. This paper proposes a
Tree Convolutional Network (TreeCN) to analyze the spatial correlations of the traffic network
and utilizes a Temporal Convolutional Network to analyze the temporal correlations of traffic da-
ta. To address the high discreteness issue in traffic flow data, a Discrete Prediction Module (DPM)
is introduced to transform the discrete components extracted by the discrete wavelet transform
into high-dimensional discrete features. Finally, the study utilizes discrete wavelet transform to
segment the predicted traffic data, and then combines the newly segmented traffic trends and dis-
crete baselines with the discrete model predicted by the Discrete Prediction Module through in-
verse discrete wavelet transform, yielding the ultimate traffic flow prediction results. Compara-
tive experiments demonstrate that the proposed model outperforms existing advanced baseline
models.
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1. 51§
1.1. ZBEMMESHHRES

K& 2020 87 AL AR 7 (COVID-19) M R RS R K, 4 BRE T K e 32 3 ™ B0 . COVID-19 231
AR A etk B NBE — N RHR s K, o i AR i 370,000 S T BRI #E 1K 1%
Pk, VFZ BRI T REE R BT IR S . EIXEH AT, & R AT 1R H 47 B
28 2 I B AN AT S 5002 17 30010 11 Sl e A S B R v 1 B AP 1] (2] [3]. A
YR 1) v S O A 1 A T AL e R 7 T IR P 2 B 22 R R P s K Bk N [4] 5] B A 1)
o S UM A A B U T 45 5 R 1 BRI . A TO0 2 185 A B) 1) A8 @ o s s T DA B A AT
BEAGE AT R, PR, B n] DUNEUR RIS NG R0 T s i e fh vl S 4 . SR, i8R
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RIS 5 2 BN P R T H06] [7] [8]. Sena Sl i S AR AL I A SR m R s A AR 2 0, 51 e
. RAMTEHESE. Yasin 5 A0 0T 7215 R SO@R LA . BT R A, 5 2019 4 4 AK4
BRIE PR A B (RTC)BE A EL, 2020 4F 4 H 423k RTC KIEE TR, EiHEMIEH 36 MEK G, 324
E Kl s KRS N o, 12 MEFRMAC AR T 50% L . 14 ANEZK A @R E TR 25%
£ 49%. 6 NERMAZIEAE TR 25% LT o ARk e A A i E B (iR T R R, R R IR
Mk A R A E B 2R R A . T DAFE Bh AT A BB AT I (R), /D TRAE, KR R R A 5 1 A%
&I EE[9] [10] [12] [22].

25 (B A S 48 10 A2 28 308 I 4% AN [ 4 st 22 1] P A SR g 2 00 A EL S o A2 388 D) 295 b K 1 s 2
AN RS E—ANEE AT SOERE[13] [14]0 45838 W25 H F2747 s (128 3@ L s 3G N, 5 FHAH 4R A
PIAS B R N[15] [16]. F£4500 RNNs Joiki B A G, B0 N A1 2% e R SRR & N 4%
(CNN)SRHEHUAS I8 4 4 ¥ 25 [RI4FAE[17] [18]. CNN “H#H F EUG A 18 IRAEATS, kR
AR RR L) (128 18 ) 465 1 2[RI RFAIE . Mlicha@l 55 A3 IR S AR 28 I 2% (GCN) & — Fl iy F Tt AR BR X
KA e L ) B . ARSI TGN i) R, GCN 4 FH T B HUS 18 X 28 0 N5 40 () 2 I A DG RFAIE, JF K
Wi P4 v 7 A 0] A RR X S M3 5 T AT IR 2 5000 T ey A B2 [19] [20] [21]. {HZ, #E COVID-19 1)
SR, 3T R T B OGP, A I R4 R R I P PR . GCN 3&E FH TR EYT s A ¥ 5 Hoe s PR
e PR A 30 X 2% 2 (R RFAIE[22] [23] [24]0 1740 RO R B, lan B35, GCN ANRE 7R 4343 B H 2 1]
FHIGHE[25] [26]. K2 %0 GCN A5 ALK FH G ) B RAT AL S G X 265, s> 77 6 A8 388 ) % v 4 i o D D J2
AT PER AT dhAh, TEREIE BRI R, AC I a0 5 0t B R O AN B M o XA S
R T BRIk [27] [28].

1.2. Tk

(1) fEASCH, R T —Rhdk T B HUN AR H AR I B AR, B DeepTSTM, M Tl ik HA e
HICPEE A 30 I B ) T

(2) ASSCHREALAE P 8 S/ N AR o] SO i AR AT IR ), 15 BSCE R B AR I B AU . O 1 5E o
BHCRAOHE TN, ASCHRE T — S BRI, 2 R i R A B HICBUE L 0 v 4 B IR AR K
€ RIS HCRR A T

(3) ASSTHR MY T — b A A I 4 SR H H S 388 ] 4% 1) 2 TR R A o 52 308 I 246 PR g — A4 s T BUR sl — >
TR AR, S B A 1 s A1 TR R R REAT 42 7 BN ORA B s T R R o A TR B R L8 1 AR 45
e 8] 1R 25 8] 73 AT R 2R o

(4) AT A RAEAE AN F R LSRR R BT TIONE, IR 5 JUANERBE S I B2 AT T L,
ZERARW], DeepTSTM £ TN =y 5 5 M) A2 it Al T 00+ BUA 262K

2. HXI1E

XA 1 e R 3 e S M A D 7 A ERL 3R AR 404 s (1 S SR DL AN AT — BUR R R AR DL, BIAE
T 1) 7 A1 AH PR (B AH DG [29] [30] [31]. Yu S8 AFRH T — ik T = 4B AR 2% 1 2238 it & TR
W& (TF-3DNet). 1Z3CE R 17— MA 2 3D CNN HIZLH, (] 3D & AR R SR HUAS i it S 4 14
[RVRFAEANR (B RS AE . URAh, ZSCESR T — Mk RGN, D8t TR P RE . Bk
JHE R LSS A TB B AT, (2 CNN & — R a5 4 25 (R I TS5 3, ek 7 7 e AR IR a4k
I 23 [ARFAE[33] . 127 IR ANBETE 20 53 A A it B 500 10 2 AL A OGP AN TRl A OG- Miichagl 35 A B )
GCN A LA 7w 43 SR BRI A4 20405 1R 25 T RFAIE . GO 38 I &1 44 B P 71 200 4% B 56 & iy A2 285,
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SRIG RIS R T 5 1 28 AVRFAE[32] . K17, GCN AXFRENAC PR AHE 1) 23 [MVRRAE, S = %o 20 il i S 404 1)
I TEAFAE 0BT o Yu S8 NBRH T — ik 25 BB AR R 28 (STGCN),  iZ AR AR K GCN SR i B A8 I8 #35
M AVREAE, IF EAEH T — Pt [a] 142 B AR S B @ HE 1 S [ARFE . Guo 48 A7E STGCN [k
fih EOMN T B2 = U], PR T R R TR R I B SR N 45 (ASTGCN). ASTGCN  F|
FH B 253 3 AL 5% HA A S HE B 25 REAE R FH B 2 LA LR 48 X 28 Sk 70 4 M A8 S8 B 4500 () sf
(R P A2 R AR OGP o A PR A s T A B A 1 28 R RO 80R, (RLIASCBR T 1B A0 R 52
IR B MR, 2SI R AR S0 A ) B [33] . DRI AT A Y TG v vH fff o T 2% 1 44
] () A I FE[34] -

3. ARTE
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TR ¥ A i R R A I 8] AR AN BRI AR AL, 2 FECR O HE B T AT DU R i T 45 R S S
M EREE . AL T BB AR 58 B BB PRI 55 SR, FEH 2 op R I B 80 N e 22
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Figure 1. DeepTSTM model
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Figure 2. Basic process of Temporal Convolution Layer, The d is the dilation factor
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Figure 3. TCN convloutuoional residual block
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Figure 8. Quantitative analysis results comparison experiment figures. (2) MAE evaluation results; (b) RMSE evaluation re-
sults
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Figure 9. Comparison of experimental results on the PeMS140 dataset between the model proposed in this paper and four
models incorporating graph convolutional neural networks
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