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Abstract: Traffic flow prediction is an important part of intelligent transportation system, which aims to accurately esti-
mate the traffic flow of a specific area in a specific time interval in the future. With the increase of vehicles and the com-
plex space-time relationship between different regions in the road network, traditional traffic prediction methods are diffi-
cult to accurately describe the characteristics of traffic data, while deep learning prediction methods can better deal with
complex feature structures. Therefore, deep learning has become a research hotspot in short-term traffic flow prediction.
Firstly, the research status of traditional traffic flow prediction methods and deep learning traffic flow prediction methods
is summarized, and the deep learning architecture of convolutional neural network, autoencoder, recurrent neural network,
graph convolutional neural network, attention mechanism and Transformer as well as deep learning hybrid neural network
is introduced in detail. And the deep learning traffic flow prediction literature, deep learning hyperparameters and scenarios
are summarized and analyzed. Secondly, the paper summarizes the common domestic and foreign public data sets in the
existing literature. Then, the performance of traffic prediction models is compared and analyzed according to previous
model experiments. Finally, the future research direction of traffic prediction based on deep learning is discussed.
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Fig4 LSTM structure diagram
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Table 1 Comparison of traffic prediction literature methods by deep learning
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Fig.8 Comparative analysis of literature models
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Table 2 Hyperparameter configuration and scene impact analysis in traffic flow prediction
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W, & 15 min R — R4 A50E I 10 AT E R

b WA R A R ol A R R S BT
IR B, AE T 200742 H20 HEFE LN
4 000 §Mi I FH 424 KK GPS st o B PmSE 0 R 1 5017
9K & Rp A B, A HE 1D B B) 2R B R SRR
B8] fa)fE 7 1 min,

XC-Trans £ 45 8 ic 5% T AL R T IR IX AE 2021 4E 6
H1HZE 12 H 31 HREIT LR, ¥ & 3 Fhag il s
K HITE AR EMBME . XEEHE R0 THRX
WM 175 AN EARESMN 7 Xk, 4t 7 ERhagiE 7 X
FE X LS [X el B S N 1 O o

XC-speed BB HEA & 2021466 H1 HE 12 H31 H
AU BT PE I X, 3 B I () i, A DX A G B
1) - 35) P R A s DX A

3 SN 2 B
Table 3 Public data sets for traffic prediction

Hln e FERE R 5§ 8] () B /min A A HE%
PeMS T HEE 5 39 0004 https://github.com//Davidham3/ASTGCN
PeMS-BAY R 5 3254 https://github.com/liyaguang/DCRNN
METR-LA R 5 2074 https://github.com//liyaguang/DCRNN
Loop ) 5 3234 https://github.com/lehaifeng/TGCN/A3T
Los-loop ) 5 2074 https://github.com/lehaifeng/ TGCN/A3T
NYC Bike ik 60 13 000 4% https://github.com/lucktroy/DeepST/
TaxiBJ M 30 34 000 4 https:/github.com/lucktroy/DeepST
SZ-taxi T HEE 15 156 4%iH https://github.com/lehaifeng/TGCN/A3T
iR AR AR S 1 4 000 47 https://www.cse.ust.hk/scrg/
XC-Trans i 30 1754 F X3k https://github.com/EternityZY/CCHMM
XC-Speed ) 30 117534 https://github.com/EternityZY/CCHMM
Q-Traffic o 15 12 073 M B https://github.com/JingqingZ/BaiduTraffic#Dataset
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Q-Traffic B EALE T 34 T8 4 . 250 753
$E 20 P T SRR D TR A L X AR R
Mo E b 5 B A B AE20174E4 A1 HE]S A 31
=BG S Tp i

NYC Bike BE5E iR T NALTIRT HIT4 RS
WM BT . HHRELSE T 13 00045 H 174
800 M ZEvhfE B,

4 AW R M g X e

3 56 SR 43 AT, 45 B i N SRR 25 51, AR S,
257 A E PN AR ) PERE , FERTHL T 2N SR AR,
f4% PEMS03 .PEMS04 .PEMS07 .PEMS08 L) %2 METRA -
LA, {H137F &M, f/E METRA-LA 20 b 4% T
A E T E) 5 5 min, BRI 4 FiR

M 4 0] LA H DSTAGNN™ LRI 7 PEMS %
P L HA R R R, DSTAGNN il i F1 FH i %2
JRSJRIN B2 55 ) 3 10 6] 45 ) SRA I 1 i 2 ) 1) 25 T AR A %
R, XS EE IS A I A 25 0] ST A5 B E Bl T HL
BRI TERE . HYK, DCRNN BLZIF] 3 8 U
2% [a) (R P DL B2 P 3t V) e 28 X 4% 4l % I e 3 21
ASTGCN" R T F 1 2 AL A G AR R 1 25 1)
FEL RN I Ta) 424 , STSGCNT AR Fi) ) i 2% [ed] 47 i@ AL
Tl AR5 A 1 J) i 23 #H G . DCRNN L ASTGCN Al
STSGCN #R A 1 B 25 v 4 23 ) 4 A 1, D) MG 7 2 i
T 00 77 1T 26 BAI T 2% R B ] 7 5 F Y VAR .SVM
FC-LSTM7 S (£ 44574 . {H & DCRNN Fl ASTGCN H
557 FE VA AR i ) R S 4 Do) T e 2 A 7 AL Ak
B, AR I SR BOAS [ 5 8] B2 ) i 23 AR S 1, 22
W& T B 2 B A B . AH)S, STSGON BRI B T
A2 B0 A0 S e, DR e b LT B 20 8 TS R HL A B
I PERETE T

AN, AR ALY STGCN RN 1) 8]
WA 525 T AR 4G A R 1 B Ta) T A5 7R LS TM
H GRU , {H HAE PEMS %45 5 F{& T DCRNN #l Graph-
WaveNet, ASTCG"Bi#I%E 4T GRU,CNN L & it &
FIR] , e 1 i Ta) (6 5% 22 2 ) AH G P ) 8, 7

PEMS04 £ 354210 307 A5 A FINAE 55 L, ASTCG 4
1) RMSE {8 A % T STGCN 5 2 [ AI% 4% £, iiF BY
ASTCG #5i 2 5E % 1§ 5 X 22 38 3t I 25 465 I 1) 42 B .
GraphWaveNet #5280 P4 AR PS04 23 ) A
I+ HAEME AR I AL BREHE 25 . RS TE PeMS £ ¥ 45
FROR A {HAE METRA-LA S04 8 I s T 5 hF
M SC IR 45 8 . AH L ASTGCN 45 % | GraphWaveNet 1
MAE FFEAR T 2.17, MAPE FFREIR T 2.31 AN E 43 2L 1E
RMSE LTI T 4.12, STPGNN #5575 i 8 4 412 42 3 i
5 HP ST A O T T | T O B R A AN [ X3
Z ) I 2 AR i 22 . 7E PEMS 4 5 | () SCE6 4% 1R
LR AT ) PERE T T 3R b LA R A
5§ GraphWaveNet , DCRNN Fll STSGCN (¥t #5¢ |, STP-
GNN 7Y K s /b 7 i i 22 . X 3&HH, STPGNN 7£
TG A S5 HA BRI RE IR .

5 KW T
51 TR

BUAE , K 20 E I = e o AT (H Y
TRDRT S 5, AR ot R A S B 2 A5 e, AR Mk
B s . X S EONGFEA 55 1 O B s &
FEAEH IS OL T BN B8N T SR . 4, i T8
ANYR T B 5 J A AN ), 4% 90k T 0 2 i 0 4 5 B AR
K, AR 22 30 T A0 A A B A ) ) R, X XA )
B, AR DR HERS 52 21 i & B & MR F2F
STHEZE  BENS 2 208 N A R3O 38 BARAE . 640, Yao
EUEE BINERS S i R T R 2
B 25 IR 2 A AR | AR A M i e e o R B4 R T O e
2RI ) R, Wei SECNR H 2 BESIE B ) R
SR E G & W3R B R AR IR, AR
T RPRZEFRER A ), AR, DA O TR AR HoAth A B
A SRIFE A AR . AR5 0T LT A& 2 R 5
IEREHELE T AT 55 IR 22 20 07 KRR
PS8  BSEAR Vh RS 21 B PRI, LASR B e 1 Ol
T EE

A4 25 o BERY I PR fiE X b

Table 4 Performance comparison of traffic prediction models

pm PEMS03 PEMS04 PEMSO07 PEMS08 METRA-LA
MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE
DCRNN 18.18 18.91 3031 24.71 17.12 38.12 25.30 11.66 38.58 17.86 11.45 27.83  2.77 7.30 5.38
GraphWaveNet 19.85 19.31 32.94 2545 17.29 39.70 26.85 12.12 42.78 19.13 12.68 31.05 2.69 6.90 5.15
STGCN 17.49 17.15 30.12 22.70 14.59 35.55 2538 11.08 38.78 18.02 11.40 27.83 — — —
ASTGCN(r) 17.69 19.40 29.66 22.93 16.56 35.22 28.05 13.92 42.57 18.61 13.08 28.16 4.86 9.21 9.27
STSGCN 17.48 16.78 29.21 21.19 13.90 33.65 24.26 10.21 39.03 17.13 10.96 26.80 3.01 7.27 —
DSTAGNN 15.57 14.68 27.21 19.30 12.70 31.46 21.42 9.01 34.51 15.67 9.94 2477 — — —
ASTCG — — — 1471 10.84 17.44 — — — 13.13 6.47 17.85 — — —
STPGNN 14.37 14.23 24.62 18.34 12.49 29.64 20.52 8.75 33.38 13.90 9.01 23.05 — — —
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