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Abstract

In order to improve the prediction accuracy of short-term traffic volume and make full use of the
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topology and timing information of traffic network, a deterministic prediction of short-term traffic
volume based on GCN-Transformer model is proposed in this paper. Firstly, the traffic flow data in
four directions are read and preprocessed, the network structure adjacency matrix is constructed,
and the data set is divided. Then, GCN is used to extract features and perform graph convolution op-
erations, and the output is used as the input of Transformer model to learn timing information. Fi-
nally, the trained model is used to predict and the evaluation index is calculated. The research re-
sults show that the hybrid prediction model GCN-Transformer proposed in this paper has better re-
sults, and the values of RMSE, MAE, RMSPE and MAPE among the four evaluation indicators are
9.886%, 7.977%, 11.018% and 11.734%, respectively.
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1. 518

BEAE TN DA EIE I, LIRS PO, A RIS AW K [1]. X ARG LS B i 2
WMARGMEIEE LS, WL THEE S SO@EME G, S EOE R AT . E R G
REVA TR 2l A A 30 S 1) R A o A8 B R T 40 g R SR P RS S, AN AT I R IR 2 4R 5 3 15 2
PRI B TR o A2 30 P TN AR £ i — AN IR 8] P 51 £ i @ [ 2] [3], £E AN A 1 SR AR AN R = B4 BRI IS L T
AT TR+ 2R .

HAT, & ER AW I8 fe 20l R A RN, 2 IR SRt B St )T . 2016 45, PR
WS[41RIH BP #4825 5 T 1 AHC N 2% . 2016 4, Yuan Z5[5]45 A KNN Sk TR B K,
PR BP AHEE I 26 A N AR HEAT T T 2017 4, BCERE[6]HEH TR TR A ) N A8
WA . 2018 4F, Tian Z[7]82H T —FiE TR EENCIZ(LSTM) B k. [F4E, % mowss8)4e
TR K- AR (KNN) -5 K 012 (LS TM) R 28 856 78R 45 4 1 4 I A @ I AR Y . 2020 41, ik
WO T P RRAS [F] B E BA 40 22 X 2% (RNIN ) : 5 H1E 42 (LST M) 9 28 F T 145 il 24 B T (GRU) I 2% . 2023
T, FEEEE[L018E T — R AL T G A At 2% et A I 25 Transformer 5 24(ISTTM).

H AT A @ BT 7t AR AR T — St g, (H T 588 B A B R PRI 2 2 Fh R 3 (W R ) R 52
W, I AR PR T 5 SR O5 A R Ak, [RIHEA SC#EEST T GCN-Transformer SR i i 22 il & i AT
i T TN

2. HEF GCN-Transformer B%aE M FUMEHZE
2.1, XFELAREY RO TINI R IR

2.1.1. GCN &8

B 5 FH 4 2 X 2% (Graph Convolutional Network, GCN) & —Fl 3% T~ B B4 iR B 22 > 5 v, A A B4
Ry e T s R () B A S5, Ab BR R AR RS 2 [ R 25 (8] 96 R [11] o B 1) BRI R b 42 I 2% 43 S 1 T 20
RIJFEMZE, W5 R B AR e B RS IE SO AR, TS TR i AT s R, I e SR A R
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Figure 1. Schematic diagram of GCN model network structure

[# 1. GCN #E R &L R ERE

PG 22 2% T B S S AR T At A ST Akt , FL b G ARG 10 H & 20 855 R H =) B 4 4
AL 51 B R 2 RIS IR BRI S H12] . RS R 200 ARSI, B TTN 5 B R
AR 2 AN AR B AP AR IR, BRI ST R AN, BRI R OR B ) AR G I BB RS T
Foyadt, A B I T N AE B 00 AT 5% L

1
H“lzg[ﬁzADZFWNW”] 1)

Horpr, HYRIRE | ZM 8RR, NRE PSR, d 2SR, A= Al 2RSS
B A5 EFREERE 1 1AL, 1 A NN AR RE . D ORI AERE, KD, =Y A - W eR&
B ERIREIERE, d' R+ 1 ZN AR . o (o) FBom s, F H RE0E R E0H ReL U,
sigmoid £ .

GCN MIMLAAE T Retie R B 45 R R S 4R E 5, I LF 2% >4 SRR . Bt R G4
TRHIRHE, GCN Ref & 7515 B2 17 A, R30S S BB R AR OC R [13]. ARG 7k R g
FET S RIS R R B, TIEIR B AR 1) B 45 F R AIE

2.1.2. Transformer &%

245 (Attention Is All You Need, Transformer) & —Fft I T 17 51 G AS (1 18 8 2% ST AR AL, ST el Vaswani
SENT 2017 FEHEH, HAENLASBIIRAT S5 S 1 5K 5% . S5 RGP M 2% (Recurrent Neural Network,
RNN)A[F, Transformer K 7 H R HLE], @8 FEATHHESRGHL T 51 R A FA B, fE2A 2R i
1715 B HAIER i, AT & 1 B (12 2] R AR (] 2)

Transformer 574 i 12 00 25 44 CLFE G L) B RIARED 2% o Sl 2% 01 SUR SN PP S HEAT s, 17 At A 2 01 A=
B Y A [14]. TSGR A8 AR 28 E A 2T R s B LR e 2 RN 2

HVER JIHLE]Z Transformer BB OCEET 5, & REREARAR T 41 i A [F) 6 B 2 [R5 C &R [15] .
AR
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Figure 2. Schematic diagram of Transformer model network structure
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a; =softmax

—Q(X‘\)/:,K(X") Jv )

1E IR AR, Q. KV 7 HIR/RL AR AT B (1) £ ) (query) . B (key) FI{E (value) M & . d, /24F
TEYEFE )07 AR, T 4O AL E . J8 it BV INLH], A REAE AR f N\ 7 FULE AN [RIAr B 2 [A) 7
A HIRIR R R

Bk 7 BERESIHLE], Transformer BEALE 51N T A7 B it ok R 7 5 PN B AR AL EAS B . 4
B — N SRR FE R T8, EE RIS AR T R I B NRE R R, A7 B gD R] LA
RIS R BRI, AR AR

PE 1ps1) = SiN( p0s /100007 et ) )

(pos,2i

PE )= cos( pos /10000 e ) @

(pos,2i+1

EERARE, pos TR E, | AR BTN, o, ForRHELEE . B R B D, B
5 R\ 81 R R R B B £

sasbiesk, Transformer B —Fsi K MIVRIE 2 SIHOH, BT %Mo T % . it Bk
JINURIRBL B D, AU HE SR (0 4 R IR E R, IR SCBLIRATIFBE[16], 3208 T UL AR A% 5]
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2.1.3. Bi-LSTM #&#&!

KAH FHEAZ M 2% (Long Short-Term Memory, LSTM) 2 — Fh &30 4 42 0 2% S5 K4 (R AR 1A, B fF LR 115 A 4l
22 ) 245 R 38 B (R FE R ME ANBE BEVE R M [17] 0 B T] S BN T IR HA 13X = FPRe R I S5 76 LSTM 44
FRAPRE] T OCEAE R, 513 LSTM BESE AR L b A BRI 8] 57 271 B w0 R AN T 8] 5 310 A (9 A DG 14 [18]
LSTM #oy J7 2z H 2 200 20(5)~(10) o :

fo=o (W, [hx]+by) (5)

i, =o(W, [h,x]+b) (6)

o, =c(W,[hx]+h,) @

C, tanh(W_[h_;, % ]+h,) (8)

C, = f,xCy, +i,xtanh (W, [h;,x]+b,) 9)
h, =0, xtanh(C,) (10)

Forr, W W, W, W, 23 RIS T BT TS St T TAICIZ B s AL R AR RS tanh BRI 7< XU
IEVIOE R E; o 3R Sigmoid BR%; by, b, by, b, Fon ki E F & .

2.2. JRATUMAES(GCN-Transformer) ¥ R 12

2.2.1. BHERTARTRM B

FATTE S XTS5 T 0 A2 38 Y 8 A AT e IS TUAR R, X 2y 17 B 3 R AL A2 708 A 2 BT
BRR, FATROZX A FTT A RSl E S E e, DERE DG ISR E SRR R . fF A
b AT DA T R SR AR EAE R, A B RS AT R B X AN [ R T R R B
Ja, BATRIEH TR, R fda k) 2 NIIGREE . AR AL, Jv )5 BRI 25 5 1P il S (80 4% .

2.2.2. HRBVIZMER

TERLALYIZRRY B, FRAT T FH 136 AR 48 (GCN) K 45 1 J5 1 AS I L 2 5080 1A T AR fE S EOORN P 36 AR R A
GCN 5] NAEFRATTRE DS 78 2 HE 8% I P 2 2 R A S MR s [l oe R B S, BATTHE GCN B/
9 Transformer &Y H%I N, FIH Transformer 58K B PR HE 77, 3F— 5 %% o) S i & 25080 vh i
. ERAIZE R, BATRAE UMK R A, Il & B EER R S HOHAT Ak, BASE
PRI B () e KK

2.2.3. {EELTMEH B

SERRE IR G, FAVE FH IR B 0 WS HHs e AT T, k55— RPN e hs, (5
FRIRZ(RMSE). “FI4a%f 1R 2 (MAE) )77 H 77 b iR 2 (RMSPE) FISF- 34 1 43 LU iR 22 (MAPE) . iX26fE
PR AERS 4 TH f MU B FE AT IR IR S TNAT 45 BRI RERIL, NS St S R E S

2.3. IRBFAEE I IERR

T e PE TR PR AE 25 B N SR, 8 I 2 S7 T TR SR SN A e A 4 SR A R o 0 5 R Tt
8 AR IR 45 SR 2 P BRI 2 1Y, BSR4 R A — AT RE R A2 77 K

AL RE I AR, fE A T RN B BUR B (S S AT SR R 3R, e b, AR TRAC DL
S SRR GCN-Transformer R Al T AR oK (4 R I 1) Py 52 38 I ) 4090

B, ASCEEER A UL R VAN 445
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1) “P¥4a%t iR % (Mean Absolute Error, MAE):
1 3 ,
MAE:HXZWi_yJ (11)
i=1

o, n RoRBEARS, v BRI DA SRR,y RS MR B TR
2) ¥377 1% % (Root Mean Squared Error, RMSE):

n

<3 (vi-y)) (12)

i=1

RMSE =

S|

Horb, n RORFEARYEL  y FORE VMEARRIRSAE,  y RN TR R U -
3) “FIaxt B 4y ik % (Mean Absolute Percentage Error, MAPE):

1 &(yi-y)

MAPE ==x T‘ (13)
Hef, nFoRFEAREL y, R I MERMESUE, y RRE | ANFER A .
4) X477 1R 1% % (Root Mean Squared Error Relative, RMSPE):
13 ~ N2
HZ(yi - yi)
RMSRE = 1+—= (14)

y
Hrb, n BoRFEAREG  y BRI EAR IS,y FORER | MR TIINE, Y BRI e
A PR PR AR bR, AT UG RTINS R (0 At AT B L AL DR Al

3. Rz A SR BFnSCFRIEIE
3.1 REEFRRHIEHERMLE

3.1.1. BRI

N T INGRER, A rIAT 1, AT BRI A8 @B 247 70 ok B H R IR X A
T8 8 SR B R B REAT I o MBI () D — 291, GeitIRIRE Y 5 min {E 9 REAKE O HoE 42 .
R B BB SR 1 3101 B EL R > RN ZRER . R, TR

3.1.2. WHETRALTE

AR RS 2 MERESR . BT AR, PR Es b e RS, Bl
AT RE BB R AR TR AL A A 1 2 R M) )25 T B 1) S S 2 TN Py v PR ARG S 1, DR L 5
AT P UL RAIE TN A 7T FE 1 -

FEARSCH, ALK AR G RAGAE FH IR A7 % XM REE T — MR RR B A8
IR e, M A IR R A TSR O HUE . FAR A B P BRI F -

1) .

BEXT AR IR — AL, IR T SRS SR A1 P S5 (SRR H 2 s SR b (R P S R A

2) BRREIEHTE

PR SRR BB L SR RS I ME R AT TS, B DR 1 e B A 1

3) B

378 Ja R R e i — 2 i, JFAE S T TR I R T

TS T PSSR IR AR B RS, e SR RN ZR B2t 1 Skt
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KA BHEH R SRE I A TR 51T, HREW R bR B S AR B AR D A A a S . [FI, £
fEIATE thr] DU 4 I NAN B3 Infinity S57055 KIOME, (R EE T e s, i, HEEEdA L%
B, s BEAL A 0K T e BRI EE R, W B A A FRUE S DL AT RE = GIN
{2255 R, PR, P R AR A LA LA 3 10 5 I B A T 5K

R I A2 S B PR S PR T o, B TR B — A R E M B, BTSSR B S (SR TR 1Y
TREAERAC R RIS, thRES SR M B A A, RIESERE ) S BRI SEE . (HO2, LR
FEPUAL By 0 BRI BARAE S5 ABC R AR AR REAT e 16, DAORTIE SR 28 O TIN5 SR s v 5
32. RPIGRESH

SRS SR P 2 PR A S, AR SRR TN a5 T B e, s TS R B T 1 e
TFVPAtT o S50 AR TR AT AR AR DA R (R TGS BE PPN P A e, AR T ARIRZE L PRI R . BT IR
FIXSIRZE . PIILEXT o LU iR 22 o IX e AR AE T ASERY (ROF i op 3 R OR ELBOAS R B R (g Pk g . B ARt
R ErTER 1.

Table 1. Evaluation index values of different prediction models
= 1. NEFMRB TN IR E

RMSE MAE RMSPE MAPE

GCN 23.246 13.466 18.519 20.417
Transformer 31.587 28.694 57.951 38.346
Bi-LSTM 39.562 37.729 36.739 25.449
GCN-Transformer 9.886 7.977 11.018 11.734

SIS 4E R KB, GCN-Transformer 76 % TitEhr IR H ¢, JLHAE RMSE fl MAE J5ifi, &3
T HARBER, XEH, 4RGN S Transformer IR A R E b FE R 55 AT 55 o B A 4o
.
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Figure 3. Comparison of GCN model prediction results
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Figure 4. Comparison of Transformer model prediction results
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Figure 5. Comparison of Bi-LSTM model prediction results
5. Bi-LSTM #REUFM 25 SR EL &

GCN-Transformer # &4 ({300 25 SR 40 N 6 fros .
3.3. FMLER D

W bR 1. K 4~6, LA E]:

AL HTHEH ) GCN-Transformer JE & TIUIIASE 3 7 Ji i <2 188 5 A 14 0000 PP 4 e ap o 0, 78R A
B VYA AN FE b5 B 2 )8 RMSE = 9.886%. MAE = 7.977%. RMSPE = 11.018%. MAPE = 11.734%,
A 6 A EE R DL E W HE 3] GCN-Transformer Y& & TR R ) T8 5 B S2 Al A B .

5O R R LU GCN AL, A S B2 1y DU IV AN F A RMSE. MAE. RMSPE 1 MAPE
53T 13.36%. 5.489%- 7.501%FH 8.683%. X i HIR VIR A4 T GCN Al Transformer ‘1]
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Figure 6. Comparison of GCN-Transformer model prediction results
[& 6. GCN-Transformer #5870 £ R %t LE (&
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